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ABSTRACT 

International capital flows have big impacts on financial stability, yet the dynamics and 

determinants of gross flows are still under debate. In this paper, I explore the nonlinear behavior 

of different types of gross capital flows and key capital flow drivers during normal and crisis times 

using threshold autoregressive models. I find that the dynamics of gross flows are more unstable 

after extreme capital flow episodes and in high risk environments. A simulation reveals that 

negative shocks preceded by a capital flow bust period tend to have larger and longer impacts, 

although significant country heterogeneity exists. I also find that both push and pull factors have 

larger impacts in crisis times, although push factors tend to be more significant than pull factors 

overall. The results of this paper suggest that when evaluating the effect of a capital flow shock, 

policy makers should take both the current economic state and the direction of the shock into 

consideration, and be aware that key capital flow drivers could vary across time and flow types. 
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I. INTRODUCTION 

International capital flows have been through major upheaval in the past two decades. Both gross 

inflows and outflows rose significantly since the mid-1990s, only to see a large setback during the 

2007-2008 global financial crisis. This pattern is true for both emerging markets and advanced 

economies despite the relative stability of net capital flows in advanced economies2. The large 

volume and volatility of gross capital flows have caused concerns about financial stability and 

served as motivation to better understand the dynamics and determinants of international capital 

flows. 

This paper looks into the dynamics and determinants of different types of gross capital 

flows through a nonlinear approach. Nonlinearity could be an important element of gross capital 

flows in light of recurring extreme flow episodes observed in the recent decades. Previous 

literature has also noted that the behaviors of capital flows change from normal times to crisis 

times3. Moreover, gross capital flows rather than net flows are studied in this paper since the former 

is much larger and more volatile as illustrated above, thus could be more disruptive to the economy. 

Additionally, using relatively long time series data (quarterly from 1970Q1 to 2015Q2) for each 

individual components of gross flows (mainly FDI flows, bank flows, and portfolio flows), I am 

able to conduct time series analysis on each type of gross flows for individual countries, which is 

                                                        
2 Recent studies such as Broner et al. (2013) and Schmidt and Zwick (2014) have documented these stylized facts of 

gross capital flows such as the comovement of gross inflows and outflows, and the much larger volume and 

volatility of gross flows compared with net flows. 
3 For example, a large amount of literature is devoted to studying large “waves” in capital flows, like capital flow 

surge or “bonanza” (Reinhart and Reinhart 2008, Agosin and Huaita 2012, Cardarelli et al. 2010), and “sudden stops” 
(Calvo 1998, Calvo et al. 2004, Calderón and Kubota 2013). Theoretical works indicate that such extreme flow 

episodes may happen through special channels such as a self-fulfilling shift in risk (risk panic) triggered by a weak 

macro variable (Bacchetta and Wincoop 2010), time-varying risk and heterogeneous exposure to that risk (Gourio et 

al. 2013), financial liberalization and innovation that lead to a decline in lending standards (Brunnermeier 2009, 

Giannetti 2007). 
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important since significant heterogeneity across countries and flow types may exist according to 

previous studies4. 

In this paper, I estimate threshold autoregressive models (TAR) which augment the 

standard AR models with a nonlinear term capturing different economic states (Tong 1978, Tong 

1983, Hansen 2000, Bradley and Jansen 2004, 1997). This type of model generates state-dependent 

dynamics, allowing responses to a certain capital flow shock, as well as the effects of capital flow 

determinants, to vary across states. Two types of TAR models are estimated: a self-exciting TAR 

(SETAR) using lags of the dependent variable as the threshold variable, and a standard TAR using 

the market risk indicator VIX as the threshold variable (TAR-VIX). Since a heightened VIX is 

usually related to crises, the TAR-VIX model enables us to differentiate between normal times and 

crisis times in a more traditional sense, while the SETAR model enables us to study the impacts 

of past capital flow boom and bust episodes and is especially interesting for analyzing the flow 

dynamics. Considering the volatilities of capital flows tend to cluster, the variance of the TAR 

model error term is modeled as a GARCH(1,1) process wherever heteroskedasticity is detected. 

Simple impulse response analysis based on the estimated TAR models shows that gross capital 

flows tend to have unstable dynamics in abnormal times (i.e., high market risk periods or periods 

following a capital flow bust) and stable dynamics in normal times. This is true for nearly all types 

of flows, although the asymmetry is less pronounced for capital outflows than for inflows.  

However, as illustrated in Koop et al. (1996), impulse response analysis in a nonlinear 

setting should take both previous histories and future shocks into consideration. I thus conduct a 

generalized impulse response function (GIRF) analysis by forecasting the impacts of a positive 

                                                        
4 Both the dynamics (Contessi, De Pace, and Francis 2013) and drivers of gross flows (Guichard 2017, Koepke 2015) 

may vary across flow types and country types. 
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and a negative shock, in a capital flow boom scenario and a capital flow bust scenario respectively, 

allowing random shocks in future periods. I find that negative shocks have larger impacts most of 

the times, although the asymmetry is insignificant for France and Italy. Comparing between boom 

and bust scenarios, negative shocks have much larger effects for Germany and the U.K. in the bust 

scenario than in the boom scenario. For the U.S., short run volatility is much larger in the bust 

scenario despite small long run effects. The long run effects of shocks are small for France and 

Italy in the bust scenario, which is likely due to their relatively smaller involvement in the global 

banking industry than countries like the U.K. 

The TAR models also show that the effects of capital determinants vary across regimes. 

Global push factors such as VIX are more significant and have larger effects in crisis times, 

although VIX also matters in normal times for some countries like the U.S. and Germany. The 

negative effect of VIX is especially strong for bank flows, meaning bank flows are sensitive to 

changes in market risk appetites. In contrast, although domestic pull factors such as real GDP 

growth rates have positive effects on FDI flows and bank flows, the effect on portfolio flows tends 

to be small. Also, comparing between normal and crisis times, pull factors matter more in crisis 

times than in normal times, although push factors are more significant overall. 

The findings of this paper contribute to the debates presented in several strands of literature. 

First, the literature of capital flow dynamics. Claessens et al. (1995) finds low autocorrelation in 

net capital flows and shocks to the series tend to have a short half-life. Sarno and Taylor (1999) 

also finds net flows to be volatile except for bank flows and FDI flows. In contrast, Becker and 

Noone (2008) finds that total net flows exhibit a high degree of persistence in industrial countries. 

Broner and Rigobon (2006) also finds that capital flows among developed countries are more 

stable. Studies on the dynamics of gross flows such as Bluedorn et al. (2013) find gross flow series 
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to be non-persistent for both advanced and emerging economies, while Contessi et al. (2013) 

shows that the volatilities of gross flows vary across flow types with debt flows are most volatile 

type and FDI flows the least volatile. Milesi-Ferretti and Tille (2011) finds that international capital 

flow retrenchment is short-lived for emerging economies than for advanced economies. This paper 

shows that gross capital flows in advanced economies can be volatile as well, although the extent 

of volatility depends on the current economic states and flow types. Also, the effect of a capital 

flow shock is heterogeneous even within the group of advanced economies, i.e., a negative capital 

inflow shock has little impact in normal times for the U.K. and Germany, small impact for the 

U.S., but relatively large long-run impacts for France and Italy.  

This paper also contributes to the literature of capital flow determinants. The push and pull 

framework, adopted in the early 1990s to explain the movement of capital flows, is widely used in 

this literature (Fernandez-Arias 1996, Calvo et al. 1993). While many studies highlight the role of 

global push factors (Milesi-Ferretti and Tille 2011, Tille and Van Wincoop 2010, Forbes and 

Warnock 2012), others find domestic pull factors to be more important (Förster et al. 2014). 

Fratzscher (2012) notes that the effects of global factors are heterogeneous among countries: 

although global factors have large effects especially in crisis times, countries with higher sovereign 

ratings and better institutions are less negatively affected. Similar country heterogeneity is found 

in Converse et al. (2018), which shows that portfolio flows are especially sensitive to global factors 

in emerging market countries where exchange-traded funds (ETFs) have a larger share of market 

capitalization. This ETF channel amplifies the effects of the global financial cycle and the role of 

global push factors (Converse, Levy-Yeyati, and Williams 2018). The effects of push and pull 

factors are also found to vary over time. An IRC Task Force report documents that pull factors 

tend to dominate in tranquil times while push factors tend to dominate in periods of global stress 
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(Broos et al. 2016). Friedrich and Guérin (2016) also finds that VIX has a particularly strong 

negative impact in times of high uncertainty. The drivers of capital flows may vary across flow 

types as well, with push factors more important for portfolio flows and pull factors more important 

for bank flows and FDI flows (Guichard 2017, Koepke 2015). A more detailed summary of 

specific push and pull factors commonly used in the literature is documented in Appendix A. 

Findings in this paper are largely in line with studies that allow the effects of capital flow 

determinants to vary across economic states and flow types. The effects of push factors are found 

to be stronger in crisis and high uncertainty times, and pull factors tend to have small effects on 

portfolio flows. But this paper also shows that the effects of pull factors are significant in normal 

times only for several countries, different from previous studies which find pull factors to be 

dominant in normal times. Moreover, push factors tend to be more important in both normal and 

crisis times than pull factors notwithstanding the existence of significant country heterogeneity. 

The rest of the paper is organized as follows. Section II describes the methodology used in 

this paper; section III documents the data source and provides a summary data description; section 

IV discusses the main empirical results of this paper; section V concludes. 

II. METHODOLOGY 

To study the nonlinear dynamics of capital flows, I use a threshold autoregressive model 

(TAR) introduced by Howell Tong. The idea of TAR was presented to the Royal Statistical Society 

in 1977 (Tong 1977a, 1977b) and formally established in the seminal work of Tong (1978).  

Subsequent works such as Tong (1983, 1990) discussed the TAR model more in detail. Tsay (1989) 

contribted to the testing and estimation of the TAR model, and Hansen (2000) further developed 

the statistical theory for TAR. Tong (2011, 2015) and Hansen (2011) provide excellent reviews on 

the recent development and application of the TAR framework.  
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Threshold models build on the idea of piecewise linearity and have maintained popularity 

in the nonlinear time series literature. Comparing with Markov switching models where regimes 

evolve exogenously of the underlying series, threshold models are able to present endogenous 

regimes when a lag of the dependent variable serves as the threshold variable (the self-exciting 

TAR). This endogenous switching could be an important feature of the capital flow series (and 

other financial series alike) since a capital flow crisis could be self-fulfilling: a previous period 

capital flow downturn could trigger panic and a regime change when it crosses a certain threshold. 

Moreover, unlike Markov switching models where the underlying switching series is latent, the 

threshold variable is known in TAR 5 . Previous literatures focusing on extreme capital flow 

episodes and crisis times have provided hints on what might be causing regime changes. By 

adopting the TAR framework, it is straightforward to compare our results with results from these 

works. As a result, although the Markov switching model could be a useful alternative, this paper 

primarily uses the TAR framework to model the nonlinearity in the gross capital flow series.    

I first perform a linearity test to see if nonlinearity exists in the data and if nonlinear models 

are suitable. The test method was introduced in Terasvirta and Anderson (1992) and widely used 

in subsequent works on the testing and modeling of nonlinearity. See also Bradley and Jansen 

(2011). This Lagrange multiplier (LM) type test of linearity is shown in the following equation: 

𝑓𝑡 = 𝛽0 + ∑ 𝛽1,𝑖𝑓𝑡−𝑖

𝑝

𝑖=1

+ ∑ 𝛽2,𝑖𝑓𝑡−𝑖𝑧𝑡−𝑑

𝑝

𝑖=1

+ ∑ 𝛽3,𝑖𝑓𝑡−𝑖

𝑝

𝑖=1

𝑧𝑡−𝑑
2 + ∑ 𝛽4,𝑖𝑓𝑡−𝑖

𝑝

𝑖=1

𝑧𝑡−𝑑
3 + 𝜷𝟓𝐱𝒕−𝟏

′

+ 𝜷𝟔𝐱𝒕−𝟏
′ 𝑧𝑡−𝑑 + 𝜷𝟕𝐱𝒕−𝟏

′ 𝑧𝑡−𝑑
2 + 𝜷𝟖𝐱𝒕−𝟏

′ 𝑧𝑡−𝑑
3 + 휀𝑡 

                                                        
5 In fact, as pointed out in Tong (2011), the Markov switching model introduced to the economics community by 

Hamilton (1989) is a special case of a general TAR model. For the TAR model in its general form, the threshold 

variable or the indicator series can be hidden, and the switching can be either Markovian or non-Markovian. 
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where 𝑓𝑡 is the current period gross capital flow, which is first-differenced to ensure stationarity, 

𝑧𝑡−𝑑 is the threshold variable, 𝒙𝐭−𝟏 is a vector of lagged exogenous capital flow determinants. The 

null hypothesis of the linearity test assumes 𝛽2𝑖 = 𝛽3𝑖 = 𝛽4𝑖 = 𝜷𝟔 = 𝜷𝟕 = 𝜷𝟖 = 0. The test is 

carried out for each value of the delay parameter 𝑑 (𝑑𝑚𝑎𝑥 = 8), and when linearity is rejected for 

multiple 𝑑 , the one with the smallest 𝑝 value is selected. Note that we are not specifying the 

functional form of the desirable nonlinear model here, but selecting the proper delay parameter 𝑑 

is still important here since it affects the power of the test (Terasvirta and Anderson 1992).   

When this linearity hypothesis is rejected, nonlinear threshold autoregressive (TAR) 

models of the following form are constructed6:  

 𝑓𝑡 = 𝑎0 + 𝛿𝑡𝑎1 + ∑ 𝛼1𝑖𝑓𝑡−𝑖
𝑝
𝑖=1 + 𝛿𝑡 ∑ 𝛽1𝑖𝑓𝑡−𝑖

𝑝
𝑖=1 + 𝜶𝟐𝒊𝐱𝒕−𝟏

′ + 𝛿𝑡𝜷𝟐𝒊𝐱𝒕−𝟏
′ + 𝜖𝑡 (1) 

  𝛿𝑡 = {
0 𝑖𝑓 𝑧𝑡−𝑑 < 𝑐

1 𝑖𝑓 𝑧𝑡−𝑑 ≥ 𝑐
  , 

where 𝑧𝑡−𝑑 is the threshold variable, and c is the critical value. Since the focus of this paper 

is the difference between crisis times and normal times, it is assumed that there are just two regimes 

for simplicity7.  

Exogenous capital flow determinants in this paper include global factors such as VIX and 

U.S. real interest rate, as well as domestic factors such as real GDP growth rate and the current 

account to GDP ratio following the push and pull factor framework. VIX is a market risk appetite 

                                                        
6 Lundbergh and Teräsvirta (1999) points out that the rejection of the null hypothesis can be either due to 

nonlinearity in the conditional mean equation or the existence of a GARCH effect. However, their analysis shows 

that a robust version of the test may remove most of the power so that any nonlinearity in the mean equation may 
remain undetected. For this reason, they do not recommend robustification at this stage. 
7 We also fit a STAR model allowing for a gradual transition between regimes. However, the fitness is not as good 

as a TAR model. Namely, the estimated parameter representing the adjustment speed of the transition function, 

either the logistic transition function (LSTAR) or the exponential transition function (ESTAR), is so large that the 

transition function becomes binary – the transition is abrupt rather than smooth. 
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indicator, reflecting uncertainty and investment risk. When VIX is high, the higher risk and 

uncertainty level discourage cross-border lending and reduce gross capital flows. A lower U.S. 

interest rate reflects a looser global liquidity environment, which leads to more cross-border capital 

flows. The effect of the current account surplus is ambiguous: on the one hand, a large surplus 

means less need for foreign borrowing; on the other hand, it loosens borrowing constraints for a 

country, therefore may actually increase foreign borrowing. A higher domestic economic growth 

rate usually indicates lower credit risk and higher investment potential of a borrowing country, 

thus affecting gross capital flows positively.  

Here, I estimate a self-exciting threshold autoregressive (SETAR) model and a TAR with 

exogenous threshold. In the SETAR model, previous period capital flows determine the current 

period economic state, and the threshold value is estimated endogenously by the model. Here, the 

threshold variable used is the moving average of 𝑓𝑡 in the previous four quarters. For the TAR 

model with an exogenous threshold variable, VIX is used as the threshold variable since it is 

generally recognized as a good indicator of market uncertainty and risk appetite, separating crisis 

and normal times. The main messages are the same when real GDP growth rate is used. 

The lag length p of the (SE)TAR model is automatically selected based on the Akaike 

information criterion (AIC); the estimated optimal lag length for each country and flow type is 

summarized in Table 1. 
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TABLE 1 

Summary of optimal lag length in the threshold autoregressive models 

  FR GE IT UK US 

Total_in SETAR 8 7 4 7 8 

TAR_VIX 7 8 3 8 3 

Total_out SETAR 7 8 4 8 8 

TAR_VIX 7 8 3 8 8 

FDI_in SETAR 8 8 6 8 5 

TAR_VIX 4 8 8 3 3 

FDI_out SETAR 6 8 8 8 8 

TAR_VIX 6 8 3 8 8 

Other_in SETAR 8 8 7 8 7 

TAR_VIX 7 7 5 8 7 

Other_out SETAR 7 7 7 8 8 

TAR_VIX 7 8 7 8 8 

Portfolio_in SETAR 6 8 5 4 5 

TAR_VIX 7 8 5 3 8 

Portfolio_out SETAR 8 7 8 2 7 

TAR_VIX 8 3 6 5 7 

 

Furthermore, since we observe from data that the volatility of capital flows tends to cluster, 

I test for the GARCH effect (Bollerslev 1986) to account for potential heteroskedasticity in the 

variance of the error term8. Like stock markets, where the interaction between investors causes 

volatility clustering (Todea and Pleşoianu 2013), the same can be said for international capital 

flows. Hamilton (2008) points out that even when the primary interest lies with the conditional 

mean, it can still be important to correctly specify the conditional variance equation: first, 

hypothesis testing will be invalid when the variance is misspecified; second, the efficiency gain 

can be large when heteroskedasticity is properly incorporated in the model. He also illustrates 

pitfalls of replying on the “robust” statistics such as using White or Newey-West standard errors.  

The variance equation of the (SE)TAR model is then specified as follows when the 

GARCH effect is detected: 

ℎ𝑡 = 𝜔 +  𝛼1𝜖𝑡−1
2  +  𝛽1 ℎ𝑡−1, 

                                                        
8 I also test for serial independence of the error term of the threshold model as a test for model adequacy. No 

autocorrelation is detected in the estimated (SE)TAR model.  
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where ℎ𝑡  is the predicted variance of the error term 𝜖𝑡. 

In order to see the implication of nonlinear dynamics, I calculate the generalized impulse 

response function (GIRF) of a capital flow shock in two scenarios: a capital flow boom scenario 

and a capital flow bust scenario. The GIRF method was proposed in Koop et al. (1996) to measure 

the response of y at horizon n to a shock 𝑣𝑡 in the following form: 

 GIy(𝑛, 𝑣𝑡, 𝛺𝑡−1) = E(𝑌𝑡+𝑛 |𝛺𝑡−1,  𝑣𝑡) − E(𝑌𝑡+𝑛 |𝛺𝑡−1)  

where 𝛺𝑡−1 is the information set, or a set of initial histories at time t-1.  

GIRF allows future shocks and takes initial conditions into consideration, and thus is more 

realistic than a simple IRF. Without future shocks, the threshold effect will be active only for the 

current shock period but inactive for all future periods. This means a small difference in the initial 

shock can cause the series to go down different paths and generate significantly different responses. 

A small difference in the initial condition may cause similar results. In GIRF, future shocks happen 

and are then averaged out; as stated in Koop et al. (1996), the response is “an average of what 

might happen given the present and past.” Note the GI equation shown above is the difference 

between two conditional expectations and there are various ways to set up the history or 

information set 𝛺𝑡−1 and the initial shock 𝑣𝑡. In this paper, I set one initial shock to happen in 

2005Q1 (the capital flow boom scenario), and the other initial shock to happen in 2009Q1 (the 

capital flow bust scenario). The shocks can be either negative or positive. I then bootstrap a series 

of future shocks 𝑣𝑡+𝑗, j=1 to n, from error terms of the estimated threshold models. The next step 

is to calculate impulse responses based on the initial conditions of each scenario. This process is 

repeated 100,000 times and an average is calculated for each horizon. The difference between the 
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shocked series and the baseline series would be a realization of the generalized impulse response 

GI in a certain scenario.  

For the exogenous determinants of capital flows, I summarize signs and significance of 

push and pull factors respectively from the threshold models estimated, comparing across types of 

flows and with results from the previous literature. As a robustness check, I also estimate a factor 

model similar to Fratzscher (2012); the specifications are as follows: 

𝑓𝑖,𝑡 = 𝐸𝑡−1[𝑓𝑖,𝑡] + 𝛽𝑖,𝑡−1𝑆𝑡
′ + 𝑒𝑖,𝑡 

𝛽𝑖,𝑡−1 = 𝛽𝑖,0 + 𝛾𝑖,0𝐷𝑡 

where 𝑓𝑖,𝑡 is the capital flow of country i at time t, 𝐸𝑡−1[𝑓𝑖,𝑡] the expected flows are measured as a 

function of previous period flows, 𝑆𝑡
′ is a vector of global and domestic factors, 𝐷𝑡 is the financial 

crisis dummy which is set to be 1 during the 2007-2009 global financial crisis. The factor loading 

will increase by 𝛾𝑖,0 during the crisis time, allowing us to compare with results from the threshold 

autoregressive model. 

III. DATA 

The gross capital flow data is from the IMF Balance of Payments (BOP) database, ranging 

from 1970Q1 to 2015Q2. The countries in the sample are G7 countries, for although capital flows 

to emerging market have received most of the attention, capital flows to advanced economies is 

just the other side of the same coin and a better understanding of advanced economy capital flows 

will enhance our understanding of international capital flow patterns. Among advanced economies, 

the heterogeneity among G7 countries is relatively small comparing with differences between G7 

and other advanced economies, thus allowing for a meaningful comparison. Moreover, private 
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capital inflows and outflows of G7 countries are especially large comparing with other advanced 

economies. This can be shown clearly from the capital flow dataset in IMF WEO 2018 and the 

corresponding graphs are presented in Figure 1.  

FIGURE 1 

Private inflows and outflows excluding FDI of the world 

 

This shows the central role the G7 countries play in the global financial system, 

highlighting the importance of better understanding their capital flow behaviors. Unfortunately, 
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due to data restriction, Japan is excluded from the final sample since the length of its quarterly 

capital flow series is not long enough. Later in the paper I will show that linearity is not rejected 

for Canada9, therefore Canada is also excluded from the final sample since it does not fit into the 

nonlinear framework of this paper. Figure 2 presents the capital flow series and shows that gross 

inflows and outflows tend to be larger and more volatile than net flows for advanced economies 

in the sample. 

FIGURE 2 

Volatile gross capital flows in major advanced economies 
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Both gross total flows and the individual components (FDI, bank, and portfolio flows) are 

studied in this paper. Gross capital flows are normalized using nominal GDP of each country. I 

                                                        
9 Foreign direct investments account for a larger share of GDP in Canada than in other G7 countries, and its largest 

counterparty is the U.S. In 2006, foreign direct investment accounts for over 30% of Canada’s GDP, while the G7 
average is about 20% for G7 average. Moreover, in 2007, about 58% of Canada’s foreign direct investment is from 

the U.S., and the U.S. is also the destination of about 44% of Canadian outward foreign direct investment. Most of 

the investment goes to the finance and energy sector. Considering the stable economic and political relationship 

between the two countries and the stable nature of FDI, it is likely that gross capital flows in Canada subject to less 

regime switching than other G7 countries. 
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first test for unit root using Augmented Dickey-Fuller (ADF)10 test on the level of capital flows 

(as percentage of GDP); when unit root is detected, the tests are applied again on the first-

differenced series. The unit root test shows that capital flow series are integrated of order one for 

most countries and flow types. This means using the level of capital flows in a regression can be 

problematic: the unit root process is nonstationary, and for two nonstationary series, the regression 

can be spurious (for example, regressing one random walk onto another random walk results in 

significant t-statistics and high R-squared even when the relationship does not truly exist). 

Therefore, I use first-differenced capital flow series in the regression to ensure stationarity; 

covariance stationarity is also crucial for forecasting. The descriptive statistics of the dependent 

variable are shown below. 

  

                                                        
10 KPSS method (unlike the ADF test, the null hypothesis for KPSS is trend-stationary) and the Phillips-Perron (PP) 

test which controls for serial correlation are also used and the results are similar. 
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TABLE 2  

Descriptive statistics of the first-differenced capital flow series 

 

  FR GE IT UK US 

Mean TOTAL_IN -0.04 -0.08  0.01 -0.05  0.01 

 TOTAL_OUT -0.05 -0.02  0.03 -0.17  0.00 

 FDI_IN  0.01  0.01 -0.00 -0.05  0.01 

 FDI_OUT  0.01  0.01  0.00 -0.02  0.01 

 OTHER_IN -0.04 -0.06 -0.00 -0.08 -0.03 

 OTHER_OUT -0.07 -0.05 -0.01 -0.09 -0.03 

 PORT_IN -0.01 -0.02  0.01  0.07  0.03 

 PORT_OUT  0.01  0.02  0.04 -0.07  0.02 

Max TOTAL_IN  46.01  45.62  39.94  100.20  10.37 

 TOTAL_OUT  43.07  45.16  33.06  107.10  13.17 

 FDI_IN  5.38  24.08  9.14  21.52  4.75 

 FDI_OUT  13.98  9.69  12.12  41.34  4.93 

 OTHER_IN  38.53  39.11  20.80  108.01  9.70 

 OTHER_OUT  27.26  37.54  20.37  105.24  9.89 

 PORT_IN  21.55  32.10  19.70  38.69  6.77 

 
PORT_OUT  23.01  14.25  9.95  41.19  6.50 

Min TOTAL_IN -44.57 -38.77 -26.00 -172.49 -12.88 

 TOTAL_OUT -39.42 -34.40 -27.70 -162.57 -11.60 

 FDI_IN -6.45 -23.30 -7.72 -21.51 -4.47 

 FDI_OUT -10.77 -8.17 -11.71 -37.27 -2.21 

 OTHER_IN -31.53 -33.10 -25.05 -169.54 -11.98 

 OTHER_OUT -30.15 -33.74 -27.63 -169.84 -10.49 

 PORT_IN -20.04 -24.07 -15.78 -32.33 -8.90 

 
PORT_OUT -20.81 -14.75 -15.31 -33.34 -4.20 

S.d. TOTAL_IN  12.65  10.15  9.27  32.70  3.69 

 TOTAL_OUT  12.70  9.58  8.94  33.47  3.57 

 FDI_IN  1.50  3.16  1.28  5.11  1.03 

 FDI_OUT  2.57  2.00  1.81  7.06  0.92 

 OTHER_IN  11.14  9.03  8.04  30.95  3.10 

 OTHER_OUT  9.58  8.13  7.98  30.75  3.05 

 PORT_IN  5.09  4.71  4.80  8.20  1.95 

 PORT_OUT  5.25  3.25  3.08  8.80  1.24 

 

The real GDP growth rates and current account balance data are from the IMF IFS dataset. 

VIX data is from Chicago Board of Options Exchange (CBOE)11. Real short-term interest rate of 

the U.S. is from Fred.  

As noted in the previous literature, total inflows and outflows tend to have positive 

skewness and large kurtosis, meaning large outliers are common in the series. This is also true 

                                                        
11 Note that pre-1986 data is not available so actual monthly return volatilities are calculated using the monthly 

standard deviation of the daily S&P500 index, normalized to the same mean and variance as the VIX index when 

they overlap from 1986 onward. This method was used by Bloom (Bloom 2009). 
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with FDI flows which are usually viewed as stable. For example, FDI inflows are particularly large 

in 2000 Q1 for Germany, which is due to a major telecom sector acquisition happened in February 

200012. This shows that FDI flows are largely affected by individual events. 

Among FDI flows, bank flows, and portfolio flows, bank flows tend to be the largest in all 

countries. FDI flows have the smallest correlation across countries while the correlation among 

bank flows is the largest. 

IV. RESULTS 

First of all, linearity tests are conducted for each country and all capital flow types. In 

general, linearity hypothesis is strongly rejected in all cases. There are minor exceptions such as 

portfolio flows of Germany and the U.K. The linearity test results suggest that nonlinearity 

commonly exists in the gross flow data. Table 3 shows the summary of the test results.

                                                        
12 This large FDI inflow comes mainly from one acquisition between German telecom operator Mannesmann and 

Britain's Vodafone. See the news here: http://money.cnn.com/2000/02/04/europe/vodafone/. 
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TABLE 3 

Results of linearity test chi-squared statistics (p-value) 

 FR GE IT UK US 

Flow Type SETAR TAR-VIX SETAR TAR-VIX SETAR TAR-VIX SETAR TAR-VIX SETAR TAR-VIX 

TOTAL_IN 153.55*** 47.06** 127.53*** 65.80*** 91.76*** 75.53*** 92.96*** 62.25*** 122.06*** 45.19** 

TOTAL_IN (0.00) (0.02) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.04) 

TOTAL_OUT 123.95*** 53.32*** 96.02*** 60.24*** 40.83*** 49.20*** 99.95*** 68.40*** 88.28*** 45.71*** 

TOTAL_OUT (0.00) (0.01) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) 

FDI_IN 44.45** 48.57** 677.54*** 113.45*** 251.22*** 142.17*** 114.88*** 101.37*** 36.46*** 37.52*** 

FDI_IN (0.04) (0.02) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.00) 

FDI_OUT 112.36*** 35.30*** 196.96*** 95.89*** 145.61*** 45.59*** 106.81*** 89.08*** 169.61*** 64.46*** 

FDI_OUT (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00) (0.00) 

OTHER_IN 117.71*** 55.43*** 179.99*** 93.68*** 29.06** 49.96*** 132.52*** 87.81*** 71.50*** 40.13** 

OTHER_IN (0.00) (0.00) (0.00) (0.00) (0.02) (0.00) (0.00) (0.00) (0.00) (0.05) 

OTHER_OUT 73.85*** 47.83*** 45.73** 78.50*** 31.72*** 41.45*** 157.97*** 82.24*** 67.04*** 40.00** 

OTHER_OUT (0.00) (0.01) (0.03) (0.00) (0.01) (0.00) (0.00) (0.00) (0.00) (0.05) 

PORT_IN 107.91*** 54.93*** 38.13 67.00*** 44.05*** 45.81*** 38.03*** 15.63 89.11*** 88.23*** 

PORT_IN (0.00) (0.00) (0.15) (0.00) (0.01) (0.00) (0.00) (0.41) (0.00) (0.00) 

PORT_OUT 111.52*** 31.61*** 22.13 41.22*** 104.54*** 23.77* 43.21*** 56.00*** 177.83*** 97.74*** 

PORT_OUT (0.00) (0.01) (0.23) (0.00) (0.00) (0.07) (0.00) (0.00) (0.00) (0.00) 

* significant at 10% level, ** at 5% level, *** at 1% level. 



19 

 

Next, threshold autoregressive models are estimated for all except where linearity is failed 

to be rejected. Self-exciting TAR model uses lagged dependent variables as the threshold since 

current period capital flows can be greatly affected by market sentiments influenced by previous-

period flows. TAR models with VIX as the threshold variable enable us to consider crisis and quiet 

periods separately. The estimated threshold values are shown in the table below. 

TABLE 4 

Summary of threshold values 

Type of flow 
 

FR GE IT UK US 

TOTAL_IN SETAR -1.38 -1.26 -1.72 -2.97 -0.34 

TAR_VIX 24.25 26.17 25.31 23.26 21.31 

TOTAL_OUT SETAR -1.13 -1.35 -0.34 -3.27 -0.64 

TAR_VIX 23.33 26.17 15.67 23.26 21.62 

FDI_IN SETAR - 0.29 -0.11 -0.47 0.12 

TAR_VIX 22.93 24.25 26.17 13.20 13.13 

FDI_OUT SETAR 0.21 0.32 -0.22 -0.40 -0.12 

TAR_VIX 26.17 24.59 20.98 23.85 13.13 

OTHER_IN SETAR -1.62 -0.99 1.41  -3.25 0.66 

TAR_VIX 23.96 26.17 15.72 23.26 18.81 

OTHER_OUT SETAR -0.81 -1.13 -1.30 -3.36 0.60 

TAR_VIX 13.68 24.02 19.91 21.24 14.92 

PORTFOLIO_IN SETAR 0.41 - - -0.79 -0.33 

TAR_VIX 21.33 24.25 15.72 - 17.64 

PORTFOLIO_OUT SETAR 0.68 - 1.02 1.73 -0.14 
 

TAR_VIX 20.81 26.17 14.53 25.72 24.32 

For SETAR models, threshold values are negative for total inflows and outflows in all 

countries. The negative threshold means that a regime shift can be caused by a capital flow reversal. 

Comparing with descriptive statistics in Table 2, we can see that for countries with negative 

thresholds, the threshold values are below the mean but the differences are within one standard 

deviation. Regime shifts in total inflows and outflows usually happen when there were capital flow 

reversal in the previous year with relatively large up and downs in a certain quarter of that year. 

Interestingly, the reversal does not need to be so large as to fit the usual definition of a capital flow 

stop or retrenchment, which is one standard deviation below the mean; a reversal of a moderate 

size can cause a regime shift.  
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The thresholds of individual components of capital flows are different from that of total 

flows; in many cases, the threshold values are positive suggesting a regime shift can happen when 

there were capital flow surges in the previous periods. The thresholds of FDI flows are positive 

and above the mean value for France, Germany, and the U.S., but the absolute values are not large 

comparing with the standard deviation. The thresholds of bank flows are positive for the U.S.; 

threshold values are above the mean but the absolute value is relatively small. For portfolio flows, 

there are lots of country heterogeneity and for some countries there are no proper thresholds for 

the SETAR model. This could be the case since portfolio flows are the most volatile type of flows 

and its dependence on the previous period flows might be weaker; for portfolio flows, the market 

risk aversion indicator VIX could be a better regime shift indicator.  

For total flows in the TAR-VIX model, the threshold values are generally above the mean, 

which indicates that a high level of risk aversion usually causes regime shifts. The only exception 

is total outflows of Italy which switches regimes with a relatively low market risk level. When it 

comes to individual components of capital flows, there are more cases where a relatively small 

VIX serves as the threshold value, especially for Italy and the U.S. The underlying reason could 

be different for the two countries: Italy is more risk sensitive, while the U.S. does not depend on 

VIX as much since it is usually viewed as a safe haven during crisis times. Of course, since the 

threshold values are above the mean in most cases, the commonality we can draw from the TAR-

VIX model is that high market risk tends to cause a regime shift, which is in line with what we 

have observed from many empirical works. 

Analysis of capital flow dynamics  

The key finding is that a shock to capital flow series causes larger and longer fluctuation 

in abnormal regimes than in normal regimes, especially for gross total inflows and outflows. We 
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graph the propagating process of a shock using AR coefficients from the estimated SETAR(-

GARCH) model, and the pattern is presented in Figure 3. The floor regime which is preceded by 

capital flow reversals tends to have unstable dynamics while the ceiling regime is relatively stable. 

The dynamics are similar in both regimes for Germany. Therefore, not all regime shifting leads to 

unstable dynamics, but it is more likely to have unstable capital flow dynamics in the abnormal 

regime. 

FIGURE 3 

Capital flow dynamics of gross total inflows and outflows based on SETAR 
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For FDI flows, bank flows, and portfolio flows, the pattern observed in total flows still 

hold especially for bank flows and portfolio flows; see Figure 4 – Figure 6. Unstable dynamics are 

more likely to happen in abnormal regimes which are preceded by extreme capital flow episodes. 
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FIGURE 4 

Capital flow dynamics of gross FDI inflows and outflows based on SETAR 
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FIGURE 5 

Capital flow dynamics of gross bank inflows and outflows based on SETAR 
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FIGURE 6 

Capital flow dynamics of gross portfolio inflows and outflows based on SETAR 
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In TAR-VIX models, it can be seen that for total flows, high VIX regime tends to have 

unstable dynamics; the patterns are generally similar for individual components too. But note that 

there are lots of country heterogeneity, and the dynamics can be stable in a high VIX regime 

especially for outflows. For individual components of capital flows, the asymmetry is less 

pronounced for FDI flows, especially for the U.S. where is threshold value is small. For bank and 

portfolio flows, although the high VIX regime is usually less stable, again the asymmetry is small 

for the U.S., suggesting that investors may adjust their U.S. investment differently in face of a 

higher risk environment. The results are shown in Figure 7 – Figure 10. 
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FIGURE 7 

Capital flow dynamics of gross total inflows and outflows based on TAR-VIX 
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FIGURE 8  

Capital flow dynamics of gross FDI inflows and outflows based on TAR-VIX 
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FIGURE 9  

Capital flow dynamics of gross bank inflows and outflows based on TAR-VIX 
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FIGURE 10  

Capital flow dynamics of gross portfolio inflows and outflows based on TAR-VIX 

-4

-3

-2

-1

0

1

2

3

4

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

FR PORT_IN

-4

-3

-2

-1

0

1

2

3

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

GE PORT_IN

-3

-2

-1

0

1

2

3

4

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

IT PORT_IN

-6

-4

-2

0

2

4

6

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

UK PORT_IN

-1.2

-0.8

-0.4

0.0

0.4

0.8

1.2

1.6

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

US PORT_IN

-8

-4

0

4

8

12

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

FR PORT_OUT

-1.5

-1.0

-0.5

0.0

0.5

1.0

1.5

2.0

2.5

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

GE PORT_OUT

-3

-2

-1

0

1

2

3

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

IT PORT_OUT

-6

-4

-2

0

2

4

6

8

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

UK PORT_OUT

-.6

-.4

-.2

.0

.2

.4

.6

.8

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

IRF - Floor regime

IRF - Ceiling regime

US PORT_OUT

 



26 

 

Furthermore, I calculate the generalized impulse response function (GIRF) which differs 

from regular IRF by allowing random shocks to every forecasting period after the original shock 

and considering the impact of having different initial conditions. Following Bradley and Jansen 

(1997), I investigate whether a negative shock affects future periods differently from a positive 

shock, and whether shocks following a capital flow boom propagate differently from shocks 

following a bust. The asymmetry might happen in our model since the dynamics are shown to be 

more unstable after a bust period, and a negative shock is more likely to prolong a bust scenario. 

To test that, I forecast and calculate GIRF from 2005Q1 onward for the boom scenario and from 

2009Q1 onward for the bust scenario. This is because 2004-2005 is usually viewed as a booming 

period that leads up to the global financial crisis, while 2009 is the year following the 2007-2008 

financial crisis. We allow random shocks in each forecasting period and calculate the differences 

between the baseline scenario and the shock scenario. We draw random shocks 100,000 times and 

repeat the above forecasting and differencing process each time. I calculate the cumulative impulse 

response of ±1 standard deviation shocks to total inflows and the results are shown Figure 11 and 

Figure 12.  
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FIGURE 11 

GIRF for total capital inflows based on the SETAR model, boom scenario 
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FIGURE 12 

GIRF for total capital inflows based on the SETAR model, bust scenario 
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Comparing between the effects of negative and positive shocks, we can see negative shocks 

have larger impacts for France and the U.S. in the boom scenario, also for Germany, the U.K., and 

the U.S. in the bust scenario. For the U.K., a positive shock has larger impact in the long run than 

a negative shock in the boom scenario. The asymmetry is insignificant for France and Italy in the 

bust scenario and the long run effects are small as well. 

Therefore, although not true for all countries, in the majority of cases the effects of negative 

shocks are larger than or at least as large as that of positive shocks. This is because the dynamics 

of total inflows are much more unstable in regimes where previous period flows are below a 

negative threshold. A negative shock is more likely to initiate the flow series into that floor regime, 

leaving a larger impact than a positive shock.  

Comparing between the boom and bust scenario, we can see that for Germany and the U.K., 

negative shocks in the bust scenario have much larger effects than in the boom scenario in the long 

run. For the U.S., the long run effects are similar in both scenarios, but shocks produce much larger 

short run volatility in the bust scenario than in the boom scenario. For France and Italy, negative 

shocks have larger long run effects in the boom scenario than in the bust scenario. 

This could be the case because a capital flow bust history is likely to set the gross flow 

series onto an unstable path, therefore more likely to cause volatility and larger impacts through 

the capital flow dynamics discussed above. The larger impacts of capital flows in the bust scenario 

for Germany, the U.K., and the U.S. might also be due to the sophistication of financial industry 

and the depth of financial markets in these countries. Taking the 2007-2008 global financial crisis 

as an example of the bust scenario, international banking activities are heavily reduced among 

developed countries after the crisis and have not returned to pre-crisis levels yet. The retreat of 

global banks is likely to affect countries with large financial sectors more than other countries.  
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Analysis of exogenous capital flow determinants 

The threshold model estimation shows not only patterns of capital flow dynamics, but also 

the effect of exogenous push and pull factors. To extract the general pattern, I take averages across 

individual country’s coefficient and the results are summarized in Table 5 and Table 6, for SETAR 

and TAR-VIX models respectively.  

TABLE 5 

Effects of capital flow determinants in low and high capital flow regimes 

 TOTAL_IN TOTAL_OUT FDI_IN FDI_OUT OTHER_IN OTHER_OUT PORT_IN PORT_OUT 

 Normal regime 
 

VIX  -0.04 -0.05 -0.01 0.00** -0.07*** -0.12*** -0.02 -0.01** 

RGDP  -0.05 -0.08 0.21 0.24 0.72 0.26 0.20 -0.01 

CA  -0.40 -0.21 -0.05 0.04 -0.21 -0.18 -0.08 0.28 

US_rate   0.93 0.30 -0.09 -0.05** 0.16 -0.34 0.27 -0.63 

 
Crisis regime 

VIX  -0.47* -0.62** -0.00* -0.07 -0.76** -0.19*** 0.12* 0.12 

RGDP  1.02* 3.39* 1.13 0.70 4.90 3.53 -0.66 -0.18* 

CA  0.80 0.40 0.40 -0.29 2.46*** -0.24 0.60** 0.12 

US_rate  4.51** 7.81*** -0.13 1.07 1.61** 2.29* 1.44*** 1.08*** 

Notes: Coefficients represent country averages. Crisis periods are defined as when previous period capital flows are either below a negative 

threshold (the bust scenario) or above a positive threshold (the boom scenario). Residuals are modeled as GARCH(1,1) when variance 

heterogeneity is present.  

* significant at 10% level, ** at 5% level, *** at 1% level.  

 

 

TABLE 6 

Effects of capital flow determinants in low and high VIX regimes 

 TOTAL_IN TOTAL_OUT FDI_IN FDI_OUT OTHER_IN OTHER_OUT PORT_IN PORT_OUT 

 Normal regime 

VIX  -0.28* -0.42** 0.17 0.04 -0.51 -0.03* 0.06 0.15 

RGDP 0.84 -0.37 1.96 0.46*** 0.47 1.07 -0.66 1.33 

CA  -0.33 -0.05 -0.05 0.14 -0.27 0.65 -0.02 0.71 

US_rate   0.84* 0.95 -0.21 0.14** 0.73 0.33 0.39* -1.88* 

 
Crisis regime 

VIX  0.01 -0.02 0.06* -0.14 -0.20* -0.06* 0.03 -0.01** 

RGDP  3.76 2.12* 0.34 0.42 4.60* 0.60 -0.16 -0.26** 

CA  0.74 0.13 0.32 -0.18** 1.23 -0.26 -0.62 0.01 

US_rate 1.34 1.90 0.18 0.18 -0.33 -0.10 1.89** 0.70*** 

Notes: Coefficients represent country averages. Crisis periods are defined as when VIX is above the threshold value in respective models. 

Residuals are modeled as GARCH(1,1) when variance heterogeneity is present.  

* significant at 10% level, ** at 5% level, *** at 1% level.  
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Effect of push factors: VIX and U.S. interest rate. VIX generally has the correct negative sign as 

the theory indicates. Breaking down by flow type, we can see the effects of VIX are most 

significant for total flows, bank flows, and portfolio flows, while the effects for FDI flows are 

either insignificant or of the wrong sign. Breaking down by time, we can see that VIX is larger 

and more significant in extreme capital flow regimes. This means capital flows are more affected 

by investor risk appetite when there were extreme capital flows in the previous periods. The 

negative effect is especially strong for bank flows, meaning they are sensitive to changes in VIX 

after capital flow reversals. This is a unique insight from the SETAR model that was not 

documented in papers using linear models.  

In the TAR-VIX model, the effect of VIX is still larger and more significant for bank flows 

in the high risk regime, but not for total flows. So it seems that where a high risk environment is 

already present, the risk factor itself ceases to be the biggest concern. Comparing with periods 

after capital flow reversals, the effect of VIX on total flows is weaker in high risk periods. 

The effect of U.S. interest rate is larger in abnormal regimes than in normal regimes in both 

models, and the signs are mostly positive. This is different from findings in emerging market 

capital flows studies. While a high rate of return in the U.S. tends to drive capital out of emerging 

market countries, it does not necessarily decrease capital inflows and outflows in advanced 

economies. Papers studying capital flows in both industrial countries and developing countries like 

Calderón and Kubota (2013) also find that although world interest rate is a major factor causing 

sudden stops in developing countries, it is insignificant for industrial countries. 

Effect of pull factors: real GDP growth and current account balance. RGDP generally has the 

correct positive sign especially for total flows, FDI flows, and bank flows. Comparing across 
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different types of flows, the effect of RGDP is the largest for bank flows; comparing across regimes, 

the effect is larger in abnormal periods.  

SETAR models show that RGDP has little effect when the economy is in the normal flow 

regime; the positive effect on total flows becomes much more significant when the economy has 

just experienced extreme capital flows episodes.  

In TAR-VIX models, the effect of RGDP is also larger in higher risk regimes than in 

normal regimes, showing fundamental in advanced economies matters when the market risk 

aversion level is high. In both regimes, the effects of RGDP for portfolio flows are insignificant 

or even negative, suggesting economic growth is not a key driver of portfolio flows. This is similar 

with Fratzscher (2012) which finds domestic shocks (including RGDP growth) tend to have 

insignificant effects on portfolio flows for the advanced economies. Guichard (2017) also shows 

that the effect of RGDP is larger for FDI and bank flows. In sum, although the role of RGDP is 

not as significant as that of VIX and has little effect on portfolio flows, it still matters in crisis 

times especially for FDI and bank flows. 

Current account balance is only significant in abnormal regimes especially for bank and 

portfolio flows, and the effects are generally positive. This means improvement in current account 

balance is associated with more financial inflows, which is consistent with findings in Schmidt 

and Zwicka (2014) that investors focus more on country specific risk factors in crisis times.  

Factor model estimation. As a robustness test, I estimate a factor model similar to Fratzscher (2012) 

with a crisis dummy interacting with capital flow determinants. The results are shown in Table 7. 
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TABLE 7 

Effects of capital flow determinants in normal and crisis periods 

 TOTAL_IN TOTAL_OUT FDI_IN FDI_OUT OTHER_IN OTHER_OUT PORT_IN PORT_OUT 

TED -2 -2.31 0.05 0.09 -2.31 -2.25 0.01 -0.13 

VIX_RESID -0.04 -0.06 -0.02 -0.04 0.05 0.09 -0.08** -0.11** 

GDP_ GROWTH -0.07 -0.19* 0.40* 0.52 0.2 0.14 -0.55 -0.88 

Current Account -0.37 -0.2 -0.07 -0.05 -0.06 -0.17 -0.3 -0.01 

(DUMMY_0709=1) 

*TED -17.86** -23.92** 1.96 2.35 -13.24 -9.47 -6.33 -13.33** 

(DUMMY_0709=1) 

*VIX_RESID 0.49** 0.41 0.05 -0.16 0.6 0.57** 0.1 0.27** 

(DUMMY_0709=1) 

*GDP_ GROWTH 9.35*** 8.60* -0.29 -0.77 13.54* 12.22** -1.69 0.21* 

(DUMMY_0709=1) 

*Current Account 4.45 4.63* -0.23 0.09 2.81 4.2 1.24 -0.32 

DUMMY_0709=1 12.86 20.17 -2.83 -3.63 10.55 6.58 5.55 13.26 

Notes: The dummy variable equals to 1 for the 2007-2009 global financial crisis period. VIX_resid is the residual part after regressing VIX on the 

TED spread, representing other market risks aside from counterparty risks. 

 * significant at 10% level, ** at 5% level, *** at 1% level.  

The crisis period in the factor model is defined as 2007Q3-2009Q1, the global financial 

crisis period. This is different from the abnormal regime definition in the (SE)TAR which are 

based on the volume of capital flows or VIX, thus enabling us to test our findings against different 

crisis definitions. The TED spread which represents default/counterparty risk has a large negative 

impact in crisis periods. VIX_resid is the residual part after regressing VIX on the TED spread, 

which can be seen as other risks aside from counterparty risks. Those other risks are only 

significant for portfolio flows, and do not negatively affect capital flows in crisis times. This shows 

that for advanced economies, counterparty risks might be the most relevant type of risk. For real 

GDP growth, the impact in normal periods is weaker than the impact in crisis times and the effects 

are the largest for bank flows, similar to our previous findings. The effect of current account 

balance is also larger in crisis times than in normal times. This is in line with previous studies 

showing country specific risk factors matter more in crisis times for advanced economies. 
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V. CONCLUSION 

Gross international capital flows are closely related to financial market stability and it is 

crucial to understand the dynamics and determinants of such flows. In this paper, I study different 

types of gross flows in major advanced economies using nonlinear threshold autoregressive 

models. The state-dependent nature of this type of model enables us to add more details to the 

existing literature of gross flow dynamics and determinants. 

The dynamics of total inflows and outflows tend to be unstable in high market risk 

environment or following periods of extreme capital flows. This is especially true for bank flows 

and portfolio flows. Moreover, shocks tend to cause larger volatility in a capital flow bust scenario 

than in a boom scenarios although country heterogeneity exists. Comparing with positive shocks, 

negative shocks tend to have larger and longer impacts. These asymmetries highlight the 

importance of considering capital flows in contexts and taking the current economic state into 

consideration.  

This paper also shows that push factors such as VIX tend to have larger effects in crisis 

times such as periods following extreme capital flow episodes. Although not for all countries, push 

factors are found to be as significant as or even more significant than pull factors in normal times. 

Thus the findings of this paper support the view that push factors are important for international 

capital flows. For the role of pull factors, this paper finds that although pull factors might be less 

important than push factors overall, they are relatively more important in crisis times than in 

normal times especially for bank flows. Even in the nonlinear setting of this paper, the push and 

pull factor framework is proved to be still useful in studying the relative importance of capital flow 

determinants. 
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One important future direction is to further explore the country heterogeneity in gross flows 

and identify factors behind such heterogeneity. Even for advanced economies which have 

relatively similar institutional and economic structures, some can be more vulnerable to shocks 

and the underlying triggers are not always the same. A further study focusing on such country 

heterogeneity can help us better understand capital market movement in the short run.   
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APPENDIX A 

There are generally two types of capital flow determinants: global push factors and 

domestic pull factors. Early works usually find push factors to be the key driver. US interest rate 

is commonly used as a global liquidity indicator and it is negatively correlated with the volume of 

capital flows (Byrne and Fiess 2016, Edison and Warnock 2008, Agosin and Huaita 2012). VIX 

reflects global market uncertainty and risk appetite, and high uncertainty usually discourages 

cross-border capital movement (Schmidt and Zwick 2014, Herrmann and Mihaljek 2010, Byrne 

and Fiess 2016). Among the pull factors, credit worthiness is found to be important for developing 

countries but less so for developed countries who can borrow in local currencies (Calderón and 

Kubota 2013, Chuhan et al. 1998). The effect of current account surplus is ambiguous since while 

a large surplus reduces the need for foreign borrowing, it could nonetheless increase capital inflows 

through wealth effect and looser borrowing constraints (Fostel and Kaminsky 2007). Domestic 

economic growth reflects credit worthiness, fiscal sustainability, and investment potential of a 

borrowing country, thus should have a positive effect on the volume of international capital flows 

(Schmidt and Zwick 2014, De Vita and Kyaw 2008, Fedderke and Liu 2002). Political risk is also 

an important factor especially for developing countries (Papaioannou 2009, Pappas 2011). Other 

variables such as rate of return, trade and financial openness, and contagion effects, can also affect 

capital flows and have been used in the previous literature. The effects of these common push and 

pull factors are summarized in Table A1.  
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TABLE A1 

Summary of the effects of common push and pull factors  

Authors Countries studied Type of flows Time period Estimation method Push factors Pull factors 

Agosin and Huaita (2012) Emerging market 

countries 

Net total flows, 

probability of a 

capital flow boom 

1976 - 2003 Probit model International interest rate 

(-); RGDP growth in G7 

(+) 

Current account to GDP (+); 

External debt over GDP (-); 

RGDP growth (+); Government 

deficit (-) 

Dooley, Fernandez-Arias, and 

Kletzer (1996) 

Developing countries 

especially countries in 

Latin America 

Debt inflows 1986 - 1992 Panel GLS US interest rate (-) Public debt to GDP (-);  Long-

term debt to exports (-) 

Byrne and Fiess (2016) Emerging market 

countries 

Gross total inflows 

and financial flows 

1993Q1 - 

2009Q1 

Common components 

analysis; Fixed effect 

panel estimation 

US interest rate short-

term (+), long-term (-); 

RGDP growth in G7 (+); 

Real commodity prices 

excluding oil (+) 

Financial openness (+); Human 

capital (+); Institutional quality 

(+) 

Schmidt and Zwick (2014) EMU 12 countries Gross flows, extreme 

flow episodes 

2000 - 2012 Complementary log–

log model 

World GDP growth (-); 

US interest rate (-); VIX 

(-); Crisis dummy (-) 

Real GDP growth (+); Debt to 

GDP (-); Interest spread vs 

Germany (-) 

Calderón and Kubota (2013) 66 developing and 

developed countries 

Net financial flows, 

extreme flow 

episodes 

1986 - 2010 Probit model VIX (-); Contagion 

dummy (-);  

Current account to GDP (-); 

Natural resource abundance (-); 

RGDP growth (+); Trade 

openness (-) world interest rate (-) 

Chuhan, Claessens, and Mamingi 

(1998) 

9 Latin American 

countries and 9 Asian 

countries 

Equity and bond 

flows from the U.S. 

to developing 

countries 

1988.01 - 

1992.09 

Panel GLS; Principal 

components 

US interest rate (-); US 

industrial activity (-) 

Country credit rating (+); Stock 

market return (+) 

Edison and Warnock (2008) 4 Latin American 

countries and 5 Asian 

countries 

Equity flows from 

the U.S. to 

developing countries 

1989 - 1999 Fixed effect panel 

estimation 

US interest rate (-); US 

industrial activity (-) 

Financial liberalization 

indicators (+) 

Fostel and Kaminsky (2007) Latin American 

countries 

Gross issuance in 

bonds, equities, and 

syndicated loans 

1980 - 2005 Fixed effect panel 

estimation; Pooled 

OLS; Tobit estimation 

Global liquidity (+); 

Term premium (-); High 

yield spread (-); 

Emerging Market Crises 

dummy (-) 

Growth measured by industrial 

production (+); Political Risk 

(+); Real exchange rate 

volatility (-); Terms of trade 

(+); Default history (-); 

Inflation (-) 
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De Vita and Kyaw (2008) 5 developing countries Net FDI and 

portfolio inflows 

1976 - 2001 Structural VAR, 

impulse response 

analysis 

US treasury bill rate 

(heterogeneity in signs 

across countries); US 

RGDP growth (-) 

RGDP growth (+) 

Fedderke and Liu (2002) South Africa Net total flows 1960 - 1995 Univariate time series 

estimation; Error 

correction model  

Global financial 

liberalization dummy 

(first negative  but then 

turned positive) ; Gold 

price boom dummy (+) 

RGDP growth (+); Political 

Instability Index (-); 

Undervaluation of real 

exchange rate (+); Political 

rights index (-) 

Herrmann and Mihaljek (2013) 17 advanced and 28 

emerging market 

economies 

Bilateral bank 

lendings 

1993 - 2008 Gravity model; 

Random effect panel 

estimation 

VIX (-); Financial stress 

in creditor country (-); 

RGDP growth of 

creditor country (-) 

Growth rate differential (+); 

Government budget deficit to 

GDP (+); Banking system 

soundness (+); Nominal 

exchange rate (-); RGDP 

growth of borrower country (+); 

Distance (-); Bilateral financial 

openness(+) 

Pappas (2011) Greece Net total flows and 

financial flows 

1983 - 2009 OLS; Probit 

regression 

Emerging Market Crises 

dummy (-) 

Electoral uncertainty (-); 

Interest spread vs Germany (+) 

Papaioannou (2009) 50 developing and 

developed countries 

Net bank inflows 1984 - 2002 Gravity model; Fixed 

effect panel 

estimation; Limited 

information maximum 

likelihood (LIML) 

Size of the creditor 

country's economy (+) 

Political risk index (+); Size of 

the economy (+); Distance (-) 

 

 

 

 


