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Abstract

:

This paper analyzes the potential spillovers of a slowdown in Chinese growth to the United States and the rest of the world. Through a combination of structural VAR and DSGE analyses, we find that (1) spillovers from China to the rest of the world have grown significantly in the past decade; (2) the negative growth spillovers to the United States are more modest than to emerging market economies—particularly for commodity exporters—or other advanced economies, primarily because the latter group has larger direct exposure in trade to China; and (3) although the United States has limited direct financial exposure to China, the negative spillovers to the U.S. economy are amplified significantly if the negative Chinese growth shock leads to adverse global risk sentiment and monetary policy in the United States is constrained in its reaction.
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1. Introduction


In the two decades since its accession to the World Trade Organization (WTO) in 2001, China has more than quadrupled its gross domestic product (GDP) per capita and played an increasingly central role in world commodities markets, international trade, and financial markets. While this remarkable rise has generated widespread benefits, observers are increasingly concerned about the potentially significant global spillovers from an abrupt slowdown in the Chinese economy. The reasonings behind these concerns vary: some observe that China’s financial system has seen a buildup of financial vulnerabilities after years of the government’s reliance on credit-fueled economic policies (European Central Bank 2017); others argue that an abrupt growth deceleration has frequently occurred in other economies reaching a similar stage of development as China’s (Pritchett and Summers 2014; Gauvin and Rebillard 2018). Furthermore, the early part of the COVID pandemic shows that a sudden disruption in the Chinese economy could lead to immediate and cascading effects on global markets.



Our paper adds to the body of literature by asking two questions: first, whether China’s connections with the rest of the world are large enough to generate economically important spillovers; second, whether financial or real transmission channels are more significant in generating those spillovers. Using a mixture of econometric and dynamic stochastic general equilibrium (DSGE) modeling work, we estimate the spillover effects of a sharp reduction in China’s GDP growth (“hard landing”) on the rest of the world, highlighting the transmission channel through global financial sentiment. We adopt a two-stage structural vector autoregression (SVAR) framework. In the first stage, we identify exogenous and domestically originated shocks to the Chinese GDP, accounting for how global variables affect China. In the second stage, we use auxiliary regressions to estimate the response to these shocks of a large set of outcome variables, which go beyond the variables included in the first-stage model and include GDPs in various countries or regions and global asset price variables. To shed light on the contribution of the sentiment channel, we compare and enrich the SVAR results with those from simulations of a large-scale DSGE, which takes into account volatilities in global asset price movements induced by China, calibrated from an event study from the 2015–2016 “China scare” episode.1



Our main findings can be summarized as follows. First, the SVAR estimates imply that an unexpected drop in China’s GDP growth would have sizable effects on global variables in the expected direction. In particular, the dollar would appreciate, U.S. long-term yields would fall, global Emerging Markets Bond Index (EMBI) spreads would rise, and world trade would fall (consistent with significant increases in emerging market economy (EME) risk premiums and safe-haven flows to the United States as well as China’s importance in global trade flows). In addition, there would be a substantial fall in global oil and metals prices, consistent with China being a major source of global demand for commodities.



Second, our second-stage auxiliary regressions suggest that the relative drops of economic activity in countries or regions around the globe are consistent with those found in the literature (Dieppe et al. 2018; Gauvin and Rebillard 2018), with a larger hit to those with higher trade exposure to China. More specifically, we find that the output loss in EME commodity exporters would be about three-fourths as large as the hit to China itself, about half as large for other EMEs, slightly more than one-third for advanced economies excluding the United States, and a more modest but not trivial effect in the United States.



Our DSGE model simulations suggest that volatility in global asset prices associated with an adverse Chinese growth shock could magnify the spillovers to advanced economies compared with that found in a standard DSGE model with the typical trade and endogenous financial channels. Furthermore, effective lower bound (ELB) constraints in the monetary policies of advanced economies can also amplify the spillovers. We find that in such an event, output losses in the United States could triple from a modest amount to about one-third of the hit to the Chinese GDP.



Our paper contributes to the literature by expanding on the existing methodologies to study spillovers from China and by testing for the importance of additional channels of transmission between China and the rest of the world. Many studies use vector autoregressive (VAR) models, but a well-known limitation of that approach is that researchers are often constrained to include only a limited set of variables in order to conserve degrees of freedom (Bernanke et al. 2005). Our two-stage approach allows us to include as many outcome variables as desired in the auxiliary regressions of the second stage, provided the first-stage VAR adequately identifies the exogenous Chinese output shock. More specifically, past studies have placed a stronger focus on the trade and commodity price channels; thus, the VARs used in those studies tend to include real variables (i.e., GDP and/or trade) and a few financial variables such as an oil or commodity price index and exchange rates. Because impulse responses could only be traced for the included variables, these studies were not able to produce the effects on other important financial outcome variables such as U.S. Treasury bond yields, global EMBI spreads, and equity indices. A similar critique applies to the global vector autoregressive (GVAR) models.2 While GVARs can account for the correlations between all the variables and the countries included, the methodology limits the number of variables per country or economic bloc that can be studied. An alternative approach that relaxes these constraints is the factor-augmented VAR (FAVAR), which allows information from a very large number of variables to be collapsed into a few factors. We do not use this methodology because the interpretation of the factors in the model is often unclear and, in turn, would make it difficult to interpret the structural shocks.



Another contribution of our paper is that it highlights the role of global risk sentiment as an important transmission channel of an unanticipated slowdown in Chinese growth to countries that do not have large direct trade and financial exposure to China, such as the United States. We also highlight the amplifying effects of the zero-interest lower bound in advanced economies for the transmission of shocks emanating from China. Our results are similar to Gilhooly et al. (2018) and Dieppe et al. (2018), who also found that the spillovers are larger when conventional monetary policy is constrained by the ELB. Those papers use similar empirical methodologies to estimate the global spillovers from a slowdown in China, obtaining results quite consistent with ours. However, our paper is relatively more focused on economic and, especially, financial spillovers to the United States.



The remainder of the paper is organized as follows. Section 2 provides a literature review. Section 3 discusses some stylized facts about China’s financial vulnerabilities and the evolution of China’s economic and financial linkages (both direct and indirect) with the rest of the world. Section 4 presents results from the two-stage SVAR analysis. Section 5 compares the results from the SVAR with that of our DSGE model to illustrate the role that global asset price volatility and the ELB could play in enhancing spillovers from a China growth shock. Section 6 concludes.




2. Literature Review


The sustainability of China’s rapid GDP growth rates is being addressed in a growing body of literature. Some academic papers have argued that China’s current level of development has entered a stage where the idea of “economic convergence” (whereby economies start to slow as they develop further) would necessarily entail a deceleration of growth (Lee and Hong 2010; Eichengreen et al. 2012; Barro 2016).3 Other researchers have concluded from the global historical growth experience that periods of rapid growth rarely persist, implying a high statistical likelihood of an abrupt growth slowdown in China in the coming years (Pritchett and Summers 2014). Other papers have shown that economies that went through a sustained period of investment-driven growth tend to experience sharp growth decelerations in their transition to consumption-driven growth (Gauvin and Rebillard 2018).



Observers have also raised concerns that vulnerabilities have built up in China’s financial system, increasing the likelihood of a Chinese financial crisis. In particular, nontraditional financial intermediation activities involving opaque products have proliferated, traditional banks have deepened their connections to shadow-banking activities, and property price valuations across major Chinese cities have remained elevated for several years (Hsieh and Klenow 2009; Song et al. 2011; Manu et al. 2018; Li et al. 2014; Perry and Weltewitz 2015; Li 2016; Ehlers et al. 2018). Factors that have been shown to be predictive of financial crises in the literature about early warning indicators have been flashing red for China. For example, Aldasoro et al. (2018) point out that China’s credit-to-GDP gap and debt service ratios have exceeded the thresholds that tend to predict at least two-thirds of banking crises occurring within three years in a sample of advanced and emerging economies. China’s corporate debt-to-GDP ratio has also exceeded the 90 percent threshold that Cecchetti et al. (2011) identified as the point when debt becomes a drag on growth. Several studies also share similar findings (Reinhart and Rogoff 2011; Laeven and Valencia 2013; Chen and Kang 2018; Dell’Ariccia et al. 2016; Lee et al. 2020).



Those heightened concerns have led to a growing body of literature that quantifies the economic spillovers to the rest of the world in the event of an abrupt growth deceleration in China. A consensus finding in recent studies is that spillovers from China to commodity-exporting countries and emerging Asian economies outside of China are significant and large through the commodity price and trade channel. Dieppe et al. (2018), for example, find that the output loss for oil exporters is nearly half as large as the shock to China itself, while Gauvin and Rebillard (2018) find similar-sized spillovers to emerging Asian commodity-exporting countries as well as those in Latin America (see also Erten 2012; Ahmed 2017; Ma et al. 2017). By comparison, we find even larger spillovers, with the output loss for EME commodity exporters around three-fourths as large as the shock to China. While likely smaller, the exact magnitude of spillovers from China to advanced economies, in particular to the United States, is more uncertain and debated. Many studies have found U.S. GDP growth to be insignificantly affected by a slowdown in China, though the spillovers are significant in the reverse direction (Pang and Siklos 2016; Huang et al. 2018). Fontaine et al. (2017) find that the spillovers from China are only significant to the United States during U.S. recession periods. Dieppe et al. (2018) find that a China hard landing similar to the one we simulate in this paper would lower U.S. GDP by 0.9 to 1.5 percent, which is similar to our estimate when we do not include additional financial spillovers. The explanation for limited spillovers to the advanced countries is that they tend to have limited direct trade or financial exposure to China. However, the large co-movements in global asset prices (McCauley and Shu 2019) in the aftermath of China’s surprise depreciation in 2015 highlighted that fears of a Chinese hard landing could trigger a global risk-off event. Such an event could indirectly transmit the slowdown to advanced economies through volatility in global asset prices, even with limited direct trade and financial exposures to China.



In this paper, we quantify the spillovers of a sharp slowdown in China to the rest of the world, highlighting the importance of the financial and sentiment channels. These channels are most important to the United States, given the relatively small direct exposure of U.S. financial institutions to China. As noted previously, we use both a two-stage VAR approach and a DSGE model to assess the magnitude of spillovers from China, which incorporate these financial and sentiment features.




3. Sources of Vulnerabilities in China and Transmission Channels to the Rest of the World


This section provides an overview of the most important financial vulnerabilities in China and the degree of connectedness between China, the United States, and the rest of the world.



3.1. Financial Vulnerabilities


China has developed notable financial vulnerabilities since the global financial crisis (GFC). The financial system has grown rapidly and become very large in both absolute size and in relative terms for China’s level of economic development. This growth, by itself, does not necessarily signal vulnerabilities, but several developments in the Chinese financial system over the past several years are concerning. China’s nonfinancial private credit has more than doubled since the GFC to about 35 trillion dollars in 2020, almost the same as that for the United States and much larger than for some of the largest advanced economies. This level of debt also accounts for roughly 220 percent of GDP, a threshold that has often been followed by adverse consequences.4 Besides businesses being highly leveraged, household indebtedness has also increased materially in the past few years. The banking system, which is by far the largest in the world in terms of total assets, reports adequate buffers, but banks are heavily exposed to risky corporate and local government debt. Additionally, the large nonbank financial sector could be susceptible to liquidity problems and runs. It bears noting, though, that the Chinese government also has substantial resources to support any troubled financial and nonfinancial institutions.



Turning to an assessment of individual sectors, some vulnerabilities in the financial sector have increased since just before 2015–2016, when Chinese financial markets were shaken by the discrete devaluation of the renminbi, capital outflows, and the subsequent large movements in Chinese equity prices. Although large banks’ capital levels appear adequate, they may prove insufficient in the event of a pronounced slowdown in economic activity and rising delinquencies, especially when taking into account the banks’ deep connections to shadow-banking activities and institutions. The Chinese shadow-banking sector is focused on credit intermediation through nontraditional products, such as wealth management products (WMPs).5 These products compete with bank deposits for corporate and household savings, typically offering closed-ended instruments with short maturities. The proceeds of this funding are invested in longer-term assets such as corporate loans or bonds. The opaqueness of these products and the expectation that guaranteeing banks or the government will bail them out in periods of stress may lead investors to underestimate their risks. Aware of these risks, Chinese regulators have focused on curtailing the growth of the riskiest activities since 2017 with some success.



The nonfinancial corporate sector may also have sizable vulnerabilities. The corporate debt-to-GDP ratio increased by about 20 percentage points between the end of 2014 and 2020, standing at over 160 percent at end-2020 (Figure 1). Similarly, household debt has risen briskly due to the sharp increase in mortgage borrowing that has accompanied the rapid rise in house prices, especially in the largest cities. The household debt-to-GDP ratio has jumped 15 percentage points from 2014 to 2020 and has reached a level (more than 50 percent of GDP) that is high for an EME.



Balancing these vulnerabilities are strong positions in the external and sovereign sectors. China has more than $3 trillion in foreign exchange reserves and a current account surplus. Reserves are now below the highs of 2014–2015, but they remain high.



The ultimate backstop for a financial stability event is intervention by the sovereign. In China, such intervention is easier because the government has significant resources, and the financial system is closed—with little dependence on borrowing from abroad—and largely state-controlled. However, China’s fiscal space has decreased in the past five years. To be sure, it still has a relatively low ratio of official fiscal debt of close to 45 percent of GDP, which is just slightly higher than it was in 2014 (Figure 1). However, this debt stock does not include off-budget fiscal items such as the liabilities of local government financing vehicles (LGFVs).6 After adding these off-balance-sheet items, the augmented sovereign debt level is an estimated 92 percent of GDP, which is on the very high end for other EMEs.



The sizable vulnerabilities in the Chinese financial system could be fertile ground for an event that threatens financial stability.7 We do not take a stand with regard to the exact triggers for such an event, but some potential examples of triggers include a series of local government and corporate bond defaults that dent consumer and investor confidence, a large property sector bust hurting consumer investment and spending, and a renewed escalation of trade tensions hurting corporate profits and spending. Any of these triggers could precipitate sharp and stressful slowdowns in the economy.




3.2. China’s Trade and Financial Linkages with the Rest of the World


China’s global importance has grown rapidly over the past two decades. To quantify the evolution of the relative importance of China across many dimensions, we construct a time series of country rankings based on financial and macroeconomic indicators.8 The ranking is composed of indicators grouped into three categories: size, interconnectedness, and U.S. interconnectedness. The first component measures the size of a country on various metrics. The second component measures the overall linkages of a country to other economies. The third component focuses more specifically on a country’s linkages with the United States. Our motivation for distinguishing between the second and third components is that it helps to identify to what extent the United States may be directly exposed to China versus how it might be indirectly affected by China through China’s links to other countries that are closely linked to the United States.



The methodology to rank countries follows a multistep approach. First, countries are ranked based on each individual data series for every year. Second, rankings are averaged across these series within each category (and year), and countries are ranked again based on these averages. Last, the average ranking across the three categories is calculated, and this average is used to construct the overall ranking.9



Figure 2 presents the index for China between 2000 and 2020. China, in the early 2000s, ranked as high as 16th (using the overall ranking) among our sample of 176 countries, but by 2020 it ranked fifth. The largest gains were in size and overall interconnectedness. Although China has become more connected with the United States, it still lags compared to the linkages that United States has with other advanced economies. This property suggests that indirect linkages of China with the United States through other countries may be quite important. The evidence thus highlights not just the growing importance of China in the global financial system, but also how the stronger ties between China and the rest of the world could amplify the transmission of shocks originating in China to the United States.




3.3. U.S. Financial Institutions’ Direct and Indirect Exposures to China


The international banking literature has noted that shocks can be propagated through the activities of global financial institutions (Buch and Goldberg 2015; Cetorelli and Goldberg 2012; Correa et al. 2021). To assess the importance of this transmission channel, through both direct and indirect exposures of the U.S. financial sector to China, we use information on consolidated banking exposures from the BIS consolidated banking statistics.10



As shown in Table 1, direct exposures of U.S. financial institutions to Chinese residents seem rather modest, with the consolidated U.S. bank claims on Chinese and Hong Kong residents totaling $228 billion, or 16 percent of the reporting banks’ Tier 1 capital, at end-June 2021.



However, spillovers to U.S. financial institutions could also occur through at least four types of exposures that indirectly transmit stress in China to their balance sheets: (1) exposure of other financial systems to China, such as banks in the United Kingdom and Singapore11 (Table 2 and Table 3); (2) exposure to holdings of Chinese financial assets12; (3) exposure to commodity exporters, which are highly exposed to China13 (Table 4); and (4) exposure to activities of Chinese banks in U.S. short-term funding markets14 (Figure 3 and Figure 4; Table 5). Individually, each of these exposures represents a modest fraction of U.S. banks’ Tier 1 capital or of other financial institutions’ assets. However, jointly, these exposures, combined with the direct exposure to China, could affect a non-negligible portion of the portfolios of U.S. banks and nonbanks.





4. Quantifying the Spillovers


In this section, we estimate the effect of a Chinese growth slowdown on a large set of global and country-specific macroeconomic and financial variables. The number of impact variables we are interested in poses a methodological challenge because most empirical methodologies can only handle a limited number of variables simultaneously. We overcome this challenge by using a two-stage approach—specifically a two-stage SVAR—that allows us to estimate the effect of a China’s GDP growth slowdown caused by domestic factors on a large number of macroeconomic and financial variables.



4.1. Methodology


4.1.1. First Stage


In the first stage, we use an SVAR model to decompose unexpected fluctuations in Chinese GDP growth into foreign and domestically originated shocks and then analyze the effects of exogenous domestic shocks to Chinese economic growth on a set of global variables. U.S. monetary policy shocks, autonomous changes in global risk sentiment, commodity price changes originating in the rest of the world, and foreign fiscal policy shocks are examples of foreign shocks to China’s GDP. Exogenous changes in China’s aggregate productivity or in credit conditions are examples of domestic shocks to China’s GDP.



Specifically, we estimate a nine-variable VAR model using quarterly data from 2002:Q1 to 2017:Q4.15,16 Of these nine variables, eight represent global financial and macroeconomic conditions—U.S. long-term yields, broad nominal dollar, VIX, EMBI spreads, oil prices, metals prices, GDP growth for the G-7 economies, and growth of global imports excluding Asian EMEs—and the remaining variable is Chinese GDP growth. In order to have greater confidence that we have identified exogenous domestically originated shocks to the Chinese GDP, we assume that Chinese GDP growth is affected contemporaneously (within the quarter) by all other variables, but that Chinese GDP growth can affect the other variables only with a lag.17 That is, Chinese GDP growth comes last in a recursive contemporaneous causal ordering. Any change in China’s GDP growth that cannot be accounted for by developments (including contemporaneously) in these global indicators is taken to originate from domestic factors. After identifying exogenous Chinese GDP shocks, the effects of these shocks on the global variables included in the model are traced out.



While this approach is not criticism-free, we view it as balanced because it provides a split between foreign- and domestic-originated shocks to China’s GDP that sits between two possible sources of misspecification. Using this approach, we could be overestimating the domestic-originated GDP shocks if we had omitted some external factor of great importance for China’s economy that was largely uncorrelated with the other eight variables in the model. We could also be underestimating the domestic-originated GDP shocks if China’s GDP was a very important driver of the variation in the other eight variables in the model, and, therefore, our estimates of externally generated shocks to China’s GDP were simply the effect of China’s GDP on those external variables.




4.1.2. Second Stage


In the second stage, we estimate separate bivariate SVAR models, with one variable always being the identified domestic shock to China’s GDP growth from the first-stage model and the second variable being different outcome variables. These second outcome variables include other global variables of interest that are not included in the first-stage model or country-specific variables (most notably GDP growth of different countries). The second-stage models are then used to trace out the effects of a Chinese GDP growth shock on these other outcome variables of interest. Because we have already identified exogenous Chinese GDP growth shocks from the first stage, we feel comfortable putting them first in the causal ordering in the second-stage SVARs. Moreover, by using the domestic China GDP shocks that were identified in the first stage, according to Plagborg-Møller and Wolf (2021), the estimates from the second stage are akin to using an instrument to structurally estimate the effects of the domestic China GDP shock on the other variable included in the bivariate VAR. The results of Plagborg-Møller and Wolf (2021) provide a strong backing to the second-stage estimation, because these authors showed that structural estimation with an instrument can be carried out by putting the instrument first in a recursive VAR, and this approach can even be performed under the noninvertibility of the model. This result is directly applicable to the second-stage estimations because we use a recursive identification scheme with the domestic China GDP shock ordered first.





4.2. Results


First, note that, in both stages, the estimated models include a constant term, a linear trend, and a dummy variable for the years 2008 and 2009 to account for the GFC. We include the linear trend to account for possible trends in the data (e.g., China’s GDP growth rate has been on a downward trend), and we include the GFC dummy variable because we see the GFC as an extreme event and do not want the analysis to be overly influenced by the unusual interactions of the variables during this period.18



4.2.1. First-Stage Results


Figure 5 shows the response of all the variables included in the VAR model to a negative unit domestic China GDP shock (equivalent to a 1 percentage point decrease in quarter-on-quarter Chinese GDP growth).19 Starting with the financial variables, our results show that, in response to a surprise decrease in China’s GDP, U.S. long-term yields decrease, the dollar appreciates, and the VIX and EMBI spreads both increase, as would be expected. These results are consistent with a negative China GDP surprise leading to a retrenchment of global risk appetite. This situation leads to safe-haven capital flows from risky to safe assets that push U.S. yields lower. Our results also show that both oil and metals prices decrease substantially following the adverse China output shock, a result that is also not surprising given the importance of China for global demand for commodities. We also find that a negative China GDP surprise pushes both aggregate G-7 GDP growth and world trade excluding EME Asia lower.



How much of the fluctuation in global variables and in China’s own GDP growth can be explained by domestic Chinese growth shocks? To address this question, we compute the forecast error variance decompositions (FEVDs) of the variables in the VAR model. The results, presented in Table 6, show that, overall, fluctuations in China’s GDP growth account for a significant proportion of fluctuations in several of the global variables included in the model. Of the variables included in the first-stage VAR, fluctuations in China’s GDP growth are most important for fluctuations in the dollar and the EMBI spreads as well as for commodity prices and world trade.



For the decomposition of China’s own GDP growth, it is interesting that about one-fifth (over the short run) to half (over the longer run) of the fluctuations are accounted for by external shocks. This observation is consistent with China being a conduit of global demand because of its importance in global supply chains. In addition, the fact that the domestic component of the GDP shock accounts for close to 80 percent of the overall unexpected fluctuations in China’s GDP suggests that our identification assumptions are very unlikely to be causing the domestic component of China’s GDP shocks to be significantly underestimated. It also suggests that the China GDP shocks we identify are not all that different from what we would have obtained had we put China’s GDP first in the VAR instead of last, as we did.




4.2.2. Second-Stage Results


The second-stage results, presented in Figure 6, focus on the effects of Chinese growth on growth elsewhere in the world.20 A negative Chinese GDP shock substantially brings down growth of EMEs elsewhere, especially those of commodity exporters. Growth in advanced economies other than the United States, which we label advanced foreign economies (AFEs), is also affected significantly, while the effect on U.S. growth, although still negative, is more modest.



Similarly to what is done in the first stage, we also compute the FEVDs for the second-stage outcome variables. The results are presented in Table 7. As can be seen from this table, China’s GDP growth shocks account for a significant proportion of growth fluctuations in other EMEs (especially commodity exporters)—akin to China’s share of global GDP—but less so for advanced economies. Compared with other advanced countries, the United States is also much less exposed to China shocks.



The results in Figure 6 and Table 7 are consistent with growth in EMEs being highly connected to China’s economic growth, especially through commodity trade linkages. AFEs are, on average, also more open than the United States and therefore more exposed than the United States to shocks from China affecting global trade.




4.2.3. Spillovers of a China GDP Growth Slowdown


To analyze the global spillovers from a financial distress scenario in China, we first need to identify concretely the impact of the distress scenario on China’s own GDP growth. Specifically, we consider two different hypothetical scenarios with varying levels of distress that are calibrated to different points of the historical distribution of growth slowdowns following financial distress. In the “adverse” financial distress scenario, we assume a 4 percent decline in output relative to baseline, which corresponds to the 50th percentile of growth slowdowns in the distribution of historical financial crises.21 Yet in the “severely adverse” financial distress scenario, we assume an 8½ percent decline in output relative to baseline, which corresponds to the 80th percentile of historical growth slowdowns during financial crises.



We use these two scenarios to quantify the potential effects of extreme events in China on the global economy based on the SVAR models described before. Specifically, to estimate the spillover effects of the two adverse scenarios for China’s GDP, we simulate a sequence of shocks to China’s GDP growth rate that generates a response from China’s GDP equal to that assumed in each scenario, as shown in the top left panel of Figure 7.22 We then feed the two sequences of shocks (one for each scenario) into the estimated SVAR models to obtain an estimate of the response of the variables of interest to these shocks. Figure 7 also shows the response of GDP for various regions and countries, and Figure 8 shows the response of several financial variables.



The results in Figure 7 show that the hit to economic activity around the world can be quite substantial. The effects on U.S. GDP are relatively modest, while those on AFE GDP are more than twice as large as that on the United States. In the severe scenario and relative to baseline, U.S. output declines slightly more than 1¼ percent, and AFEs’ output declines more than 3¼ percent (just over one-third of the hit to Chinese GDP itself). The GDP in other EMEs falls close to 6 percent below baseline, over two-thirds of the decline in Chinese GDP. Among EMEs, commodity exporters are hit much harder than commodity importers.



Regarding the effects on financial variables (Figure 8), U.S. long-term yields fall substantially, which suggests that the negative effects on yields of increased flows into safe-haven assets dominate the positive effects of any Chinese selloff of reserves. Global EMBI spreads rise, with a peak increase of over 350 basis points in the severe scenario, and risk aversion (as measured by the VIX) increases substantially. The broad nominal dollar appreciates (about 7 percent and 15 percent in the mild and severe scenarios over roughly two years, respectively). Finally, with China being a key driver of world commodity demand, oil and metals prices tumble in both scenarios.






5. Spillovers Using DSGE Model Simulations


In this section, we highlight the amplifying roles played by the global financial spillovers and zero-lower-bound constraints in the AFEs. These financial spillovers were not very prominent over much of our sample period in the SVAR analysis, but our motivation for including them is that they were evident in the response of global financial markets to the 2015–2016 China scare episode in which adverse financial developments in China triggered outsized movements in global financial markets.



To quantify the role of these channels, we use the Federal Reserve Board’s open economy SIGMA model. It is a DSGE model that incorporates standard real and financial transmission channels but also adds extra financial transmission to quantify how much these additional financial channels can amplify the real spillovers to foreign GDP compared with the traditional DSGE model, which only includes the trade channel and standard endogenous financial responses. We simulate the extra global asset price movements associated with a China growth shock by calibrating them to those observed in the most recent hard-landing scare in China in 2015–2016 (labeled the China scare).23



The 2015–2016 China scare episode highlights that, despite the limited direct trade and financial linkages of the United States with China, adverse scenarios in China could roil global financial markets significantly. Sustained depreciation of the Chinese currency and capital outflows from China during this episode had unusual reverberations for global markets, with significant declines in equities around the world, a retrenchment of global risk appetite, an increase in U.S. and emerging market corporate bond spreads, and a fall in long-term advanced-economy yields. To the extent that problems in China could lead to a hit to the U.S. economy and financial system, they would likely come indirectly through any disruptions to global (including U.S.) financial markets that a China distress scenario may engender. We calibrated the extra financial spillover shocks in the DSGE models from three narrow event windows during the 2015–2016 China scare episode24:



	(1)

	
A sudden, discrete 2 percent devaluation of the Chinese renminbi against the dollar occurred on 11 August 2015, which triggered a depreciation in many emerging market currencies and appreciation of the U.S. dollar.




	(2)

	
A precipitous drop in the Chinese stock market occurred on 24 August 2015, that became known as “China’s Black Monday”, where the Shanghai stock index declined by almost 8½ percent of its value overnight.




	(3)

	
Two large and sudden declines in the Chinese stock market of more than 7 percent occurred between 4–7 January 2016, that led to the trigger of automatic circuit breakers that halted trading.25 Capital outflows continued during these episodes.







Table 8 reports the changes and percent returns for select global financial assets and indicators before and after the Chinese events previously described. We find that during these events the broad dollar index appreciated by about ¾ percent, with larger appreciations against EME currencies than AFE currencies. In addition, world equity markets fell between 3 and 4½ percent, and investor risk appetite as measured by the VIX and VDAX decreased. Along with the significant declines in global equities and a retrenchment of global risk appetite, we find that flight-to-safety flows lowered long-term AFE yields, as negative market shocks from China spilled over to assets abroad.



To put the above numbers into perspective, the spillovers from the China market turbulence roughly correspond to the 1 percent tail of the distribution for each financial asset, computed from the overall historical experience discussed in the previous subsection.



We begin the DSGE analysis by first simulating the spillover effects from a negative unit Chinese growth shock on real GDP to the rest of the world in the standard SIGMA model, which has built-in standard trade channels and a small endogenous response of financial variables.26 Then, we construct extra financial shocks using the magnitudes suggested by the event windows provided in Table 8, mapping them into the extra financial shocks in the exchange rate risk premium, household confidence, and corporate spreads in U.S. and AFE blocs in the SIGMA model.27



Panels C and D of Figure 9 show the effects of AFE and U.S. GDP under both assumptions. Starting in the scenario without the additional financial effects, in the Chinese “medium adverse” scenario, U.S. real GDP (panel D) would fall by a maximum of about ¾ percent below baseline and in the “severely adverse” scenario by about 1 percent. The U.S. responses without financial spillovers are significant but not large.28 AFE output falls by about ¼ percentage point more than that of the United States in the two scenarios with standard spillovers.



The adverse effects on advanced economies from an adverse growth shock originating in China are notably bigger if turmoil in China causes reverberations in other financial markets similar to those implied by the event study of the 2015–2016 episode we presented earlier. The solid lines of panels C and D depict these circumstances for both the medium and hard-landing scenarios in China. U.S. GDP falls a little more than 1 percent in the medium scenario (similar to the VAR results estimated on the post-WTO accession sample) and just shy of 3 percent in the hard-landing scenario; these effects are about one-third of the hit to the Chinese economy. In the AFEs, output falls by about 1½ percentage points and 3¾ percentage points in the two scenarios, respectively.



According to these results, the spillovers to advanced economies as a whole from a China crisis and associated problems in other EMEs would be significantly bigger than we have observed in previous EME crises because of the global risk sentiment channel. Another important reason for stronger spillovers could be the limited scope for monetary policy to respond appropriately to negative shocks if several advanced economies are at the ELB. While in the simulations the U.S. policy rate starts sufficiently away from the ELB, we assume that the constraint on monetary policy in the AFEs becomes binding in the simulation for the hard-landing scenario with financial spillovers (this reflects generally lower policy rates in some AFEs).



In Figure 9, we show the response of AFE real GDP (panel E) and U.S. real GDP (panel F) under three assumptions. The red line represents the effect of the hard landing in the presence of the ELB.29 The green line shows the response of GDP if the ELB was not binding, but the calibrated shocks stayed the same. Finally, the black dashed line illustrates the effect on GDP if we rescaled the shocks to match the same targets as in the main simulation. There are two takeaways from the figure. First, the ELB, if not accompanied by QE, forward guidance, or fiscal policy changes, results in far worse outcomes for the advanced economies, as GDP falls by an additional 1 percentage point. Even fixing the size of the crisis in the emerging markets, GDP in the AFEs falls ¾ percentage point more. Second, while the ELB scenario might provide an upper bound on the effects of constrained policy (abstracting from debt-sustainability issues that might arise in some advanced economies), the rescaled simulation in the absence of the ELB might give us a good sense of the “best” case scenario in which unconventional policy effectively offsets the constraint, as some recent work has suggested was the case for the GFC. The most realistic scenario probably lies somewhere in between.




6. Conclusions


This paper documents the evolving macroeconomic and financial linkages between China and the rest of the world and assesses the impact of various adverse scenarios in China on the United States and the rest of the world using a combination of SVAR and DSGE models. We find that a hard landing in China would have consequential spillovers to the global economy, including the U.S. economy. In particular, there would be substantial hits to output in both EMEs and advanced economies. The United States would also experience some output losses under the adverse China growth scenarios posited in this paper, but less so than in EMEs and in other advanced economies due to the relatively smaller direct exposure to China. However, despite limited direct financial linkages between the United States and China, the spillovers of a China shock to the U.S. economy could be amplified if they impacted global financial markets through reduced global risk taking. The negative growth effects could be further magnified by zero-lower-bound constraints in the monetary policies of advanced economies. All in all, a Chinese hard landing would be a big global event and lead to serious negative spillovers to economic growth around the world, especially if it roiled global financial markets.
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Notes


	
1

	

Using the DSGE model also allows us to provide a more forward-looking estimate in some regards, as the estimation of the SVAR necessarily forces us to use a long-time span in the data.






	
2

	

Ericsson et al. (2014) use both VAR and GVAR models to study the effects on global growth of a China GDP growth slowdown and find that the results based on the two models are broadly comparable (especially in the short-to-medium term).






	
3

	

Barro (2016) predicted China’s per capita growth rate in a conditional-convergence framework estimated from a large panel of countries. He estimated China’s per capita growth rate in 2015 to be 3.5 percent and declining, in contrast to the official 6 to 7 percent per year. He concluded that it is unlikely that China can deviate in the long run from the results predicted by global historical growth experience.






	
4

	

Almost half of the 11 countries that have sustained this level of debt as a percent of GDP experienced a financial crisis within five years of crossing this threshold.






	
5

	

The main products in the Chinese shadow-banking sector are trust company loans, entrusted loans, and WMPs. Trust companies manage assets for high-net individuals and institutions and invest in a range of products including bank loans and corporate bonds and loans. Entrusted loans are loans made by one nonfinancial firm to another nonfinancial firm, with a bank serving as an intermediary. WMPs are short-term investment products, often marketed by banks that invest in both equity and fixed-income products.






	
6

	

LGFVs are entities founded by local governments to finance projects on their behalf. They enjoy implicit debt repayment support but are legally separate from the government. The use of these off-budget vehicles has greatly expanded after the GFC. In recent years, the central government has attempted to clamp down on this off-budget borrowing by prohibiting local governments from providing support to LGFVs while at the same time allowing local governments greater leeway to borrow on-budget. Nonetheless, LGFV borrowing has continued to grow.






	
7

	

A financial stability event encompasses financial crises and other periods of financial stress not officially classified as crises that create notable financial disruptions.






	
8

	

To construct the rankings, we use information from the Bank for International Settlements (BIS), Bloomberg, Haver Analytics, and the International Monetary Fund (IMF). The size category is composed of a measure of real GDP, equity and bond market capitalization, and the size of the banking sector and other nonbank financial institutions. For interconnectedness we use measures of trade, foreign direct investment, and cross-border portfolio investments and bank loans.






	
9

	

If at least two of the series in the size category have observed values (i.e., are not missing) for a country in a given year, then we calculate the size ranking for that country; otherwise, we set that ranking to “missing”. For the interconnectedness and U.S. interconnectedness series, we require a minimum of four observed values to calculate the ranking for the country in a specific year. To calculate the overall ranking for a country, we require at least two categories with nonmissing rankings.






	
10

	

For U.S. banks, these bank exposures are collected in the Federal Financial Institutions Examination Council (FFIEC) 009 report, and bank capital information is aggregated using the reporting in the FFIEC 031 and FR Y-9C forms. Note that the FFIEC 009 report provides a conservative measure of exposures. Claims are only adjusted for explicit third-party guarantees, near-perfect hedges, and certain liquid collateral held outside the country of the borrower.






	
11

	

Banks in the United Kingdom have the largest exposures to China and Hong Kong (Table 2), with claims representing 181 percent of this banking sector’s Tier 1 capital.






	
12

	

Available data suggest holdings of Chinese securities represent only about 1 percent of U.S. portfolio investment, even when including securities issued through offshore affiliates (from Treasury International Capital (TIC) data by residence, adjusted to a nationality basis using the methodology of Bertaut et al. (2019)).






	
13

	

U.S. bank exposures to EME commodity exporters totaled almost $300 billion at the end of June 2021 (Table 4).






	
14

	

Money market funds’ exposure to Chinese financial institutions was $2.5 billion at the end of September 2021 (Table 5), mostly in unsecured instruments (such as time deposits).






	
15

	

We begin our sample in 2002:Q1 to avoid the structural break introduced by the entry of China into the WTO and the resulting increase in international trade. Indeed, when we extend our sample back to 1990:Q1, we find significantly smaller effects of a reduction in Chinese growth on international variables. We also end the sample period in 2017:Q4 to avoid the uncertainty generated due to the trade tensions between the United States and China and the COVID pandemic. More detailed results from this analysis are available from the authors upon request.






	
16

	

Part A of the Supplementary Materials provides a more detailed description of the VAR model and how the shocks are identified.






	
17

	

The eight global variables are ordered as follows: U.S. long-term yields, broad nominal dollar, VIX, EMBI spreads, oil prices, metals prices, G-7 economies’ GDP growth, and growth of global imports excluding Asian EMEs.






	
18

	

During the GFC, the correlation between some of the variables and China’s GDP was very strong, which translates into larger estimated effects of internally originated shocks to China’s GDP on some of the other variables (both variables analyzed in the first stage and variables analyzed in the second stage) when the GFC dummy variable is not included in the model. Results without the GFC dummy variable are available from the authors upon request.






	
19

	

For ease of exposition, we will use “China GDP shock” and “domestic China GDP shock” interchangeably throughout the rest of the paper. Unless specifically noted, we are always referring to the part of unexpected fluctuations in China’s GDP growth that can be attributed to domestic factors.






	
20

	

The confidence intervals shown in Figure 6 should be seen as a lower bound for the real size of the 90 percent confidence intervals around the estimated impulse response functions because we did not account for the fact that the China GDP shocks were estimated in the first stage. Ultimately, what these confidence intervals tell us is that the effects of a China GDP slowdown are quite uncertain, and therefore any policy response to such an event should take this high degree of uncertainty into consideration.






	
21

	

We estimate the historical impact on growth of financial crises by computing the difference between the average annualized real GDP growth in the two years before a financial crisis with the average real GDP growth in the two years after a financial crisis. The financial crisis episodes are taken from the database compiled by Reinhart and Rogoff (2011) and Laeven and Valencia (2013). These estimates exclude the most recent wave of economic recessions caused by the COVID-19 pandemic.






	
22

	

To obtain the sequence of shocks hitting China’s GDP that generate GDP paths such as those in the top panel of Figure 7, we use the estimated impulse response functions from the first-stage SVAR to account for the dynamic effects of the shocks in China’s GDP but also on the global variables included in the model. We also had to make the simplifying assumption that these shocks were serially uncorrelated.






	
23

	

Part B of the Supplementary Materials provides a brief summary of the SIGMA model.






	
24

	

Using price quotes from Bloomberg, we compute the market return and level changes from the previous day’s close (4 p.m. Eastern Standard Time) to the event day’s open (9 a.m. Eastern Standard Time). This uniform time horizon allows us to capture the pre-market open in China (4 a.m. China Standard Time) and post-market close (9 p.m. China Standard Time), even though the European markets and U.S. markets continue trading after the end of our event window. This timing convention is used for all assets in Table 6 except for U.S. corporate spreads, which is the previous day close (4 p.m. Eastern Standard Time) to the event day close (4 p.m. Eastern Standard Time).






	
25

	

The automatic circuit breakers led to a halting of trading for brief periods and also led, early in the day on 7 July, after a quick 7 percent decline, to a suspension of trading for the remainder of the day. The circuit breakers were later abandoned because, outside of the period when trading stood suspended, they appeared to increase volatility.






	
26

	

As the current version of SIGMA has only an aggregate EME bloc, we use the results from our SVAR to construct an overall EME GDP response to an adverse growth event in China. In each simulation, we feed in a series of shocks to the EMEs in our SIGMA model to mimic the response in each of our two Chinese adverse scenarios. Therefore, the GDP responses of the EMEs, shown in Figure 9, panels A and B, are by construction identical to the ones embedded in the SVAR analysis.






	
27

	

We also used a set of demand shocks triggered two years before the crisis begins to place the model into an initial policy rate condition similar to the world economy in mid-2018. These initial conditions are interesting as they allow for the possibility of a binding ELB in one, but not both, of the two advanced economy blocs in the simulation. All simulation results are reported as deviations from the paths implied by those initial shocks. We used data from Haver Analytics and the World Economic Outlook to construct that baseline.






	
28

	

The GDP losses occur despite an accommodative U.S. monetary policy response, which follows the model’s policy reaction function.






	
29

	

In the simulation, the ELB binds for seven quarters.
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Figure 1. Financial vulnerabilities. * This narrow definition of government debt includes central government debt and explicit local government debt recognized in the national audit in 2015 but does not include off-budget borrowing after 2015. ** Off-budget fiscal debt includes local government financing vehicles and other off-budget activity. The sum of this item and recognized fiscal debt equals IMF’s definition of augmented fiscal debt. Sources: People’s Bank of China, National Bureau of Statistics, Bank for International Settlements, and IMF’s Financial Sector Assessment Program. 
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Figure 2. China’s systemic importance ranking. Sources: authors’ calculations based on information from the Bank for International Settlements, the IMF, and the World Bank. 
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Figure 3. U.S. branch assets of Chinese banks. Source: U.S. Federal Reserve Board. Data reported for Q1 of each year. 
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Figure 4. U.S. branch assets of foreign banking organizations as of End-2020. Source: Responses to FFIEC 002 reporting form. 
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Figure 5. Responses to a negative unit domestic China GDP Shock. * Noncumulative response. Note: the dashed lines represent the upper and lower bounds of the 90% confidence interval around the impulse response estimate. Source: authors’ calculations using data from Haver Analytics and Bloomberg. 
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Figure 6. Activity responses to a negative unit domestic China GDP shock. Note: the dashed lines represent the upper and lower bounds of the 90% confidence interval around the impulse response estimate. Source: authors’ calculations using data from Haver Analytics and Bloomberg. 
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Figure 7. Activity responses to China GDP scenarios. Source: authors’ calculations using data from Haver Analytics and Bloomberg. 
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Figure 8. Financial responses to China GDP scenarios. Source: authors’ calculations using data from Haver Analytics and Bloomberg. 
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Figure 9. GDP simulation results from SIGMA. Source: authors’ calculations. 
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Table 1. U.S. bank claims to China and Hong Kong *.
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	China
	Hong Kong
	China and Hong Kong





	In USD Billions **
	139
	89
	228



	As Percent of Tier 1 Capital
	9.8
	6.2
	16.0







* Exposure subtracts claims guaranteed by or collateralized by claims on residents of other countries and adds claims on residents of other countries that are guaranteed by or collateralized by claims on local residents. ** Total exposure is equal to the sum of cross-border claims, foreign office claims, and derivatives. Sources: BIS consolidated banking statistics, IMF FSI, FFIEC 031, FR Y-9C, and authors’ calculations. As of 2021:Q2.
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Table 2. Banks’ exposures to China and Hong Kong *.
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	USD Billions
	Pct. of Tier 1





	United Kingdom
	767
	180.5



	Singapore **
	237
	



	United States
	228
	16



	Japan
	171
	24.6



	France
	93
	20.4







* Banking systems exposures are the sum of cross-border and foreign office exposures of banks headquartered in countries that compile the BIS consolidated banking statistics. Claims are adjusted for explicit third-party guarantees, near-perfect hedges, and certain liquid collateral held outside the country of the borrower. ** Singapore does not report Tier 1 data. Sources: BIS consolidated banking statistics, IMF FSI, FFIEC 031, FR Y-9C, and authors’ calculations. As of 2021:Q2.
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Table 3. U.S.-headquartered banks’ exposure to banks in *.
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	USD Billions
	Pct. of Tier 1





	United Kingdom
	37
	2.6



	Singapore
	8
	0.6



	Japan
	98
	6.9



	France
	33
	2.3







* Banking systems exposures are the sum of cross-border and foreign office exposures of banks headquartered in countries that compile the BIS consolidated banking statistics. Claims are adjusted for explicit third-party guarantees, near-perfect hedges, and certain liquid collateral held outside the country of the borrower. Sources: BIS consolidated banking statistics, IMF FSI, and authors’ calculations. As of 2021:Q2.
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Table 4. U.S. banks’ exposures to EME commodity exporters.






Table 4. U.S. banks’ exposures to EME commodity exporters.





	Commodity Exporters
	USD Billions





	Mexico
	109



	Brazil
	86



	Saudi Arabia
	22



	Malaysia
	18



	Russia
	16



	Indonesia
	14



	Chile
	9



	Argentina
	7



	Colombia
	7



	Total
	287.0







Sources: FFIEC 009 and FFIEC 009a. As of 2021:Q2.
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Table 5. Exposures of U.S. MMFs to China.
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Panel A: By Issuer Type




	
Issuer

	
Total MMF Exposure (USD Billions)

	
By Instrument Type

	
By Maturity

	
Holding WAM (Days)




	
(USD Billions)

	
(USD Billions)




	
CP

	
CDs

	
Time Deposits

	
O/N

	
2–7 Days

	
8–30 Days

	
>30 Days




	
China Total

	
2.5

	
0.6

	
0.5

	
1.5

	
0.9

	
1.2

	
0.2

	
192.0

	
--




	
Banks Subtotal

	
2.4

	
0.5

	
0.5

	
1.5

	
0.9

	
1.2

	
0.1

	
192.0

	
--




	
Industrial & Commercial Bank of China

	
0.3

	
0.2

	
0.0

	
0.1

	
0.3

	
0.0

	
0.0

	
0

	
1




	
China Construction Bank Corporation

	
0.6

	
0.2

	
0.4

	
0.0

	
0.1

	
0.3

	
0.1

	
75

	
12




	
Agricultural Bank of China

	
1.5

	
0.1

	
0.1

	
1.4

	
0.5

	
0.9

	
0.0

	
117

	
8




	
Bank of China

	
0.0

	
0.0

	
0.0

	
0.0

	
0.0

	
0.0

	
0.0

	
0

	
15




	
Other Financial Subtotal

	
0.1

	
0.1

	
0.0

	
0.0

	
0.0

	
0.0

	
0.1

	
0.0

	
--




	
COFCO Capital Corporation

	
0.1

	
0.1

	
0.0

	
0.0

	
0.0

	
0.0

	
0

	
0

	
16.0




	
Panel B: By U.S. Mutual Fund Complex




	
Complex

	
Total Exposure (USD Billions)

	
By Security Type

	
Pct. Of Complex AUM

	
Pct. Of Complex Prime AUM

	
Maximum Pct. Of Fund AUM

	
Exposure WAM (Days)




	
(USD Billions)

	

	

	

	




	
CP

	
CDs

	
Time Deposits

	

	

	

	




	
Goldman Sachs

	
0.0

	
0.0

	
0.0

	
0.0

	
0.0

	
0.4

	
0.4

	
6




	
Invesco

	
0.3

	
0.2

	
0.1

	
0.0

	
0.3

	
7.9

	
6.9

	
41




	
JP Morgan

	
2.0

	
0.3

	
0.3

	
1.5

	
0.4

	
2.4

	
1.7

	
3




	
Legg Mason

	
0.1

	
0.0

	
0.1

	
0.0

	
0.1

	
0.6

	
0.8

	
12




	
Wells Fargo

	
0.1

	
0.1

	
0.0

	
0.0

	
0.0

	
0.9

	
1.0

	
16








Note: May not sum to total due to rounding. Source: SEC Form NPF, as of 30 September 2021.
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Table 6. Percent of forecast error attributable to China GDP by number of quarters.
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	Horizon
	U.S. Long-Term Yield
	Broad Nominal Dollar
	VIX
	EMBI Global
	Oil Price
	Metals Price
	G7 GDP
	World Trade ex. EME Asia
	China GDP





	1
	
	
	
	
	
	
	
	
	79.9



	2
	0.0
	11.3
	7.3
	8.7
	1.4
	13.1
	3.7
	7.5
	65.3



	3
	4.3
	14.0
	6.7
	18.6
	9.2
	17.4
	7.8
	8.9
	60.4



	4
	7.5
	13.4
	7.3
	22.9
	9.0
	16.7
	7.8
	10.2
	56.8



	8
	7.6
	14.5
	9.3
	20.8
	9.4
	17.7
	8.9
	11.5
	49.1



	12
	7.8
	14.7
	9.3
	21.1
	9.7
	17.8
	9.4
	11.8
	48.8



	∞
	7.8
	14.7
	9.4
	21.0
	9.7
	17.8
	9.5
	11.9
	48.3







Source: authors’ calculations using data from Haver Analytics and Bloomberg.













[image: Table] 





Table 7. Percent of forecast error attributable to China GDP by number of quarters.
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	Horizon
	China GDP
	U.S. GDP
	AFE GDP
	EME ex. China GDP
	EME Commodity Exporter GDP
	EME Commodity Importer GDP





	1
	79.9
	0.7
	0.0
	0.9
	0.1
	5.9



	2
	65.3
	0.7
	6.4
	10.1
	13.5
	6.5



	3
	60.4
	1.9
	9.6
	15.9
	21.3
	6.9



	4
	56.8
	1.9
	9.6
	15.8
	21.4
	6.8



	8
	49.1
	2.0
	9.7
	16.4
	21.7
	6.9



	12
	48.8
	2.0
	9.7
	16.4
	21.7
	6.9



	∞
	48.3
	2.0
	9.7
	16.4
	21.7
	6.9







Source: authors’ calculations using data from Haver Analytics and Bloomberg.
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Table 8. Market reactions during China event windows in 2015–2016.






Table 8. Market reactions during China event windows in 2015–2016.





	

	
Market Reaction *

	
Historical Percentiles




	
Event #1 11 August 2015

	
Event #2 ** 24 August 2015

	
Event #3 ** 4–7 January 2016

	
1% Tail

	
5% Tail

	
Most Extreme Value






	
Broad Dollar

	
0.70%

	
−0.10%

	
1.30%

	
0.65%

	
0.40%

	
1.62%




	
Broad AFE

	
0.10%

	
−0.90%

	
0.50%

	
0.92%

	
0.56%

	
1.95%




	
Broad EME

	
1.20%

	
0.50%

	
1.90%

	
0.59%

	
0.38%

	
2.24%




	
U.S. 2Y yield

	
−4.8

	
−5.7

	
−8.8

	
−5.7

	
−2.8

	
−15.4




	
U.S. 10Y

	
−6.4

	
−7.5

	
−10.8

	
−9.8

	
−6.2

	
−19.9




	
German 10Y

	
−4.2

	
−0.3

	
−10.1

	
−9.4

	
−5.8

	
−23.8




	
U.K. 10Y

	
−5.7

	
8

	
−16.5

	
−11.1

	
−7.1

	
−29.7




	
Japan 10Y

	
−1.4

	
−1

	
−2.4

	
−4.8

	
−2.8

	
−12.7




	
S&P 500 Futures

	
−0.6%

	
−3.8%

	
−4.5%

	
−1.8%

	
−1.0%

	
−3.8%




	
EuroSTOXX

	
−1.4%

	
−4.5%

	
−6.4%

	
−2.8%

	
−1.6%

	
−7.7%




	
FTSE 100

	
−0.8%

	
−4.0%

	
−5.4%

	
−2.2%

	
−1.3%

	
−5.1%




	
MSCI EM

	
−0.4%

	
−4.3%

	
−5.8%

	
−2.9%

	
−1.5%

	
−7.3%




	
VIX

	
1.01

	
4.7

	
3.7

	
2.60

	
1.25

	
6.55




	
VDAX

	
2.25

	
9.5

	
8.06

	
3.67

	
2.02

	
9.49




	
US Corp Spread

	
2.9

	
3.7

	
4.6

	
9.21

	
4.56

	
35.05




	
EMBI+ Spread

	
8

	
13

	
15

	
15

	
8

	
28








* Overnight change as of close (4pm EST) to open (9am EST) the next day for exchange rate indices, equity markets, VIX, VDAX, and government bond indices. The 1-day change as of close to close for US corporate spread and EMBI+. ** Event falls on Monday, change as of previous Friday close to Monday open. Event 4 is the cumulative change over four days. Source: Bloomberg.
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