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Abstract: This paper offers a new perspective to the analysis of spillover transmission 

in the housing market, specifically dealing with mortgage default risks. To do this, the 

recently developed generalized forecast error variance decomposition (FEVD) 

methodology proposed by Diebold and Yilmaz (2014) is utilized to investigate the 

degree of interconnectedness of mortgage default risks in metropolitan statistical areas 

(MSAs) and states of the U.S. The empirical findings, based on a real-time mortgage 

default risks index, reveal complex interconnectedness across twenty MSAs and 

forty-three states. Our study finds that Chicago, New York, and Los Angeles are net 

transmitters of spillover effects to other regions in the housing market investigated. 

This study also corroborates with the central place theory (CPT), as Washington DC 

serves as a key player in the housing market among the MSA’s. Amongst the states, 

Minnesota, followed by Arizona, Pennsylvania, New York and New Hampshire, are 

found to be the main source of mortgage default risks spillovers. Implications of our 

results are discussed. 
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1. Introduction 

The U.S. subprime mortgage crisis was at the epicenter of the financial meltdown 

which rocked the world in 2007-08. Mortgage defaults rose rapidly after house prices 

had started falling in some U.S. states, triggering panic in mortgage-backed security 

and connected financial instruments markets. As housing price dynamics and mortgage 

lending practices differed widely between U.S. states, it is interesting to investigate the 

diffusion of mortgage defaults across the country. This is an important line of research, 

since if these risks across regions are indeed interrelated, then a particular region can 

be influenced by the negative impacts of external risk shocks originating from other 

regions. At the same time, an increase in risks in a particular region is likely to have 

prolonged effects on the economy of another region through risks feedbacks. Finally, 

more interconnected the regions are in terms of their mortgage default risks spillovers, 

more likely it is for these risks to affect all regions, and in the process the entire 

economy, without being restricted to a particular region. Naturally, a better 

understanding of risk spillovers (especially, financial in nature) is of great importance 

for risk management by investors, regulators and policymakers (Giannellis and 

Papadopoulos, 2016; Tsoumas, 2017). 

Mortgage defaults can spillover through different channels. They can accelerate 

falls in house prices, which have a major impact on defaults (Calomiris et al., 2013). 

They affect the wider economy and therefore incomes and jobs, and hence the ability 

of households to repay their mortgages. As defaults rise, lenders tighten their lending 

conditions. Berrospide et al., (2016) show that during the financial crisis, banks 

operating in several markets reduced lending in some markets in response to rising 

mortgage delinquencies in other markets. Tighter credit conditions both weigh on 

house prices and affect the ability of borrowers to refinance their mortgages, 



3 

 

heightening the risk of default. Falls in house prices and refinancing constraints 

reinforce each other as negative equity prevents refinancing. 

Against this background, this paper examines information spillovers of mortgage 

default risks across twenty metropolitan statistical areas (MSAs) and states of the U.S. 

Understandably, for our purpose, we need a measure of such risks at the regional level. 

While there are large number of generalized market indices that measure aggregate 

financial risk (such as the VIX, for instance), none of these measures are associated 

with mortgage default risks. In addition, few of the measures that are available, capture 

information of mortgage default risks that lenders or financial market participants are 

aware of, but does not do the same in terms of mortgage distress originating directly 

from households. Given this, Chauvet et al., (2016) use Google search query data to 

develop broad-based and real-time index of mortgage default risks (MDRI) for the U.S. 

Unlike established indicators, the MDRI developed by these authors directly reflects 

households’ concerns regarding their risk of mortgage default. The MDRI is shown to 

predict housing returns, mortgage delinquency indicators, and subprime credit default 

swaps, both within and out-of-samples, and across various data frequencies. Chauvet et 

al., (2016) has now extended their original aggregate-level analysis, and developed 

MDRIs at state- and MSA-levels, which is the data that we use in our analysis. 

While there are some studies that have studied spillovers of mortgage default risks, 

primarily at the micro (neighborhood)-level in the U.S. (see for example, Lin et al., 

2009; Agarwal et al., 2018; Ambrose and Diop, 2014; Chomsisengphet et al., 2018; 

Gupta, 2019), to the best of our knowledge, this is the first attempt to analyze the same 

at a wider regional level based on a newly-developed index which provides the most 

timely information on mortgage default risks. For our purpose, a network approach 

based on Diebold and Yilmaz’s (2014) connectedness framework is applied to 
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information spillover and market integration of regional mortgage default risk, 

shedding light on risk diffusion and information linkages in U.S. housing markets. In 

addition, some network indicators are developed to provide a comprehensive analysis 

on centrality, direction and intensity of risk spillovers across regional housing markets 

in the U.S.  

The remainder of the paper is organized as follows: Section 2 discusses the 

methodology, while Section 3 presents the data and results, with Section 4 concluding 

the paper. 

2. Methodology 

2.1 Risk spillover connectedness modeling 

Referring to Diebold and Yilmaz (2014), we use generalized forecast error variance 

decomposition (FEVD) based on VAR model to measure the risk spillover 

connectedness of the U.S. housing market system. Note that, this approach has been 

widely applied to study spillovers in the field of economics and finance (see for 

example, Luo and Ji (2018), Ji et al., (2018a, b), Zhang et al., (2018), and Ji and Zhang 

(2019) and references cited therein). A VAR model is first constructed as follows: 

1
+ 

  
p

t i t i ti
R R                           (1) 

where Rt  is the vector of logarithmic difference of mortgage default risk index in the 

regional housing markets in the U.S. 
i  is the matrix of autoregressive coefficients and 

t is the vector of error terms that are assumed to be serially uncorrelated. 

Equation (1) can be rewritten as an infinite moving average process given that the 

VAR system is a stationary covariance. Then, 
0t j t jj

R A 



 . The coefficient matrix 

jA  can be interpreted intuitively as the so-called impulse response (Sims, 1980). Thus, 

the H-step-ahead generalized forecast error variance from market j to market i can be 
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presented as follows (Koop et al., 1996; Pesaran and Shin, 1998): 
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where ij(H) is the variance contribution of variable j to variable i, ei is a selection 

vector with ith element unity and zeros elsewhere.  is the covariance matrix of the 

shock vector in the non-orthogonalized VAR and jj is the standard deviation of the 

error term of the jth equation. Therefore, a risk spillover connectedness matrix is 

constructed based on generalized variance as (H) = [ij(H)], where each element 

represents the variance contribution of one variable  to the other variable. Because 

sums of forecast error variance contributions are not necessarily unity, we further 

normalize the (H) matrix to make sure the row sum is equal to 1 by

1

(H)
(H)
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. Then, (H) [ (H)]ij    is used to investigate the risk spillover 

connectedness in the empirical results section. 

2.2 Connectedness networks 

 To analyse different network characteristics of the housing market system, two 

different networks are constructed. 

(1) Centrality connectedness network 

A centrality connectedness network is constructed based on the sum of pairwise 

connectedness. This network is an undirected weighted network in which each market 

represents a node and each pairwise nodes i  and j  has an undirected edge. The 

off-diagonal elements in the network’s adjacency matrix are + ji ij
 and the diagonal 

elements are zeros. 

Therefore, in this network, we only focus on the linkage intensity of the housing 

market. Furthermore, two centrality indicators are calculated to measure the central 
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status of one market in the network, referring to Yang and Zhou (2017). First is degree 

centrality which is the average of column sum of the off-diagonal weight in the 

network’s adjacency matrix. Second is eigenvector centrality which is defined as the 

principal eigenvector of the network’s adjacency matrix. 

(2) Directional net connectedness network 

A directional net connectedness network is constructed based on pairwise net 

connectedness. In this network, each market is set as a node, and the condition in 

which a directional edge from i  to j  exists in the network if and only if 0  ji ij
. 

Using this network, the structure of risk spillover and the direction of information flow 

can be well identified and the risk origin of the housing market can be detected. 

3. Data and empirical analysis 

3.1 Data  

In this paper, we collect mortgage default risk index (MDRI) as the measure of the 

U.S. housing market risk. Monthly data of MDRI for twenty MSAs in the U.S. are 

obtained from MDRI database1, ranging from February 2004 to September 2017. As 

mentioned earlier our study uses data from the MDRIs developed by Chauvet et al. 

(2016). These authors using Google data, collect sensitive information directly from 

individuals seeking assistance via internet search on issues of mortgage default and 

home foreclosure. Specifically, Chauvet et al. (2016) aggregate Google search queries 

for terms like “foreclosure help” and “government mortgage help” to compile a novel 

MDRI in real-time. Furthermore, we also analyze MDRI data of forty-three states in 

the U.S. (obtained from the same source) to investigate the risk spillover of housing 

market in the state level.  

 
                                                             
1 The data can be accessed at: https://chandlerlutz.shinyapps.io/mdri-app/. 

 

https://chandlerlutz.shinyapps.io/mdri-app/


7 

 

3.2 Empirical results 

3.2.1 Analysis for the MDRI MSA network 

 According to the minimizing Bayesian information criteria (BIC), the optimal lag 

in the VAR model is 1. Then, we can obtain the pairwise connectedness measure based 

on 10-step-ahead forecasting error variance decomposition results. 

Firstly, we construct a centrality connectedness network and the weight of network 

edges, and the values of two network centrality indicators are shown in Table 1. The 

first 20 rows of the Table 1 present the pairwise spillover intensity which is calculated 

as the sum of the two directional pairwise connectedness: ( + ji ij
). It can measure the 

spillover magnitude and strength of information linkages across areas. From Table 1, it 

can be observed that information interdependence present across areas is quite different. 

For example, the pairwise spillover intensity between San Francisco and Washington 

DC is largest at 30.2%, which means that more than 30% risk of the mentioned two 

areas can be explained by each other. On the contrary, the pairwise spillover intensity 

of Atlanta-Las Vegas and New York-Las Vegas are smallest with 0.5%, indicating the 

risk spillover across these areas can be ignored. Furthermore, the values of two 

network centrality indicators namely, degree centrality and eigenvector centrality 

introduced in section 2.2, are presented in the last two rows in Table 1, which in turn, 

are good reflection of the core status of each MSA in the U.S. housing market system. 

These two indicators show similar evidence in the sense that Chicago, New York and 

Los Angeles rank as the top 3, confirming their central status in the housing market 

network. Both centrality measures for Las Vegas are the smallest, indicating its fringe 

status in the network. 

The centrality connectedness network can measure well the central position of 

each regional market, but it provides limited evidence for the spillover direction across 
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Table 1. Network centrality of connectedness for MDRI of MSAs 

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

1 0 

2 13.0 0 

3 3.6 2.9 0 

4 11.3 12.0 4.1 0 

5 5.0 2.5 4.5 10.9 0 

6 4.5 7.3 4.6 9.5 4.9 0 

7 5.0 2.4 0.9 1.7 6.5 6.4 0 

8 15.5 7.0 1.7 9.6 1.9 1.5 6.8 0 

9 0.5 3.0 3.6 1.5 0.9 3.6 1.0 0.6 0 

10 9.7 7.0 7.8 12.2 8.3 15.2 7.2 5.3 2.1 0 

11 4.3 8.1 4.8 19.3 5.8 2.6 5.9 4.3 1.7 6.7 0 

12 12.0 7.6 6.0 7.7 3.3 5.1 11.3 7.0 0.8 6.4 3.5 0 

13 10.3 18.2 7.8 15.1 3.7 11.5 6.6 7.1 0.5 16.7 7.0 9.9 0 

14 9.5 7.2 6.8 14.7 8.4 12.9 3.0 8.8 0.6 9.8 5.0 5.1 10.8 0 

15 6.2 2.6 2.2 8.4 5.6 1.9 3.8 6.0 2.9 9.3 6.3 6.3 8.3 13.0 0 

16 4.5 3.2 3.5 8.8 9.1 2.3 1.8 12.9 3.7 9.4 7.9 0.8 6.0 8.9 6.4 0 

17 10.1 6.2 4.5 7.7 5.8 5.2 2.2 2.5 1.6 5.7 2.2 2.7 4.8 4.4 3.7 6.3 0 

18 10.1 9.6 2.6 12.1 2.2 6.9 5.2 7.9 2.9 9.3 6.9 2.6 10.3 11.2 10.9 3.0 8.5 0 

19 8.5 6.1 4.2 4.9 2.2 5.3 9.4 8.2 2.2 7.3 4.0 6.0 6.6 5.2 2.4 5.3 4.6 4.6 0 

20 8.1 9.5 7.8 8.2 5.5 7.0 7.6 1.2 1.2 8.7 2.1 4.7 13.5 7.6 3.8 2.9 30.2 11.9 8.9 0 

Degree centrality 8.0 7.1 4.4 9.5 5.1 6.2 5.0 6.1 1.8 8.6 5.7 5.7 9.2 8.0 5.8 5.6 6.3 7.3 5.6 7.9 

Eigenvector centrality 0.27 0.25 0.15 0.31 0.17 0.21 0.16 0.20 0.06 0.28 0.19 0.19 0.31 0.27 0.20 0.18 0.21 0.25 0.18 0.26 

Note: This table measures network centrality for MDRI MSA market. In the table, the off-diagonal elements are calculated by the sum of pairwise 10-day-ahead forecast error variance (in 

percentage points) and diagonal elements are zeros. The equations of degree centrality and eigenvector centrality can refer to Yang and Zhou (2017). 1=Atlanta, 2=Boston, 3=Charlotte, 

4=Chicago, 5=Cleveland, 6=Dallas, 7=Denver, 8=Detroit, 9=Las Vegas, 10=Los Angeles, 11=Miami, 12=Minneapolis, 13=New York, 14=Phoenix, 15=Portland, 16=San Diego, 17=San 

Francisco, 18=Seattle, 19=Tampa, 20=Washington DC. 
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markets. Therefore, we further construct a directional net connectedness network based 

on pairwise net connectedness measure, as shown in Figure 1. In this figure, the 

direction of the edge is determined by the difference of the pairwise connectedness. 

The size of each node indicates the overall magnitude of spillover for each variable, 

measured by the sum of the total net pairwise connectedness. The deep node colour 

reflects the larger spillover contribution of the variable to the system. 

In the figure, the information flow and structure of regional mortgage default risk 

transmission can be intuitively identified. Generally, the connectedness network 

indicates that there exists complex risk spillover across the regional housing markets. 

Similar to the centrality connectedness network, New York, Chicago and Los Angeles 

plays the core role in risk spillover in the directional net connectedness network, 

implying that the information on mortgage default risks in the U.S. housing market 

usually originates from these MSAs to other regions. Moreover, besides the above 

MSAs, Washington DC also plays an important role in risk spillover in the network. 

This finding is consistent with the central place theory of regional economics in the 

sense that, commercial central and capital of the country often play the leading role in 

information diffusion taking into account its importance in the national economy, 

politics and transportation. In addition, risk spillover presents a certain regional 

connection properties, in which the risk spillover across metropolitan areas that have 

close economic and spatial distance. 
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Figure 1. Directional net connectedness network for the MDRI of MSAs 

3.2.2 Analysis based on state-level data 

In this section, we include forty-three states in our analysis. The directional net 

connectedness network for the state-level MDRIs is depicted in Figure 2. Interestingly, 

the findings for the state-level risk spillover are not fully consistent with that in the 

metropolitan-based network. Figure 2 shows clearly that Minnesota is at the core of the 

network, followed by Arizona, Pennsylvania, New York and New Hampshire. While, 

Idaho, Iowa, West Virginia, Rhode Island and Oregon show the lowest level of 

involvement in terms of the spillover of mortgage default risks.2 

2 Complete details involving the analysis on the network centrality of connectedness for the MDRI of 

the forty-three states have been suppressed due to presentation issues associated with a 4343 matrix, 

and to save space, but is available upon request from the authors. 
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Figure 2. Directional net connectedness network for the MRDI of states sample 

4. Conclusions

As observed during the recent housing and financial crisis, elevated mortgage 

delinquencies and defaults can wreak havoc on the macroeconomy and financial 

markets. In this regard, an important question is the spillover of mortgage default risks 

across MSAs and states of the U.S. Thus, the current study explores the 

interconnectedness across MSAs and states in terms of mortgage default risks. Using a 

newly-developed real time index of mortgage default risks, using the novel 

methodology of Diebold and Yilmaz (2014) built on the VAR framework, we find that 

there exist complex interconnectedness networks among twenty MSAs and forty-three 

states. At the state-level, the network analysis reveals that Minnesota is at the core 

alongside Arizona and Pennsylvania, while for the MSAs, Chicago, New York, and Los 

Angeles serve as transmitters of mortgage default risks spillover. In sum, our results 



12 

indicate that, in terms of mortgage default risks, major MSAs and states of the U.S. are 

indeed interrelated in a complex manner to each other within their respective 

categories, with shocks originating from New York (and Chicago) and Minnesota 

likely to have the strongest impact on other MSAs and states respectively. This 

information is of course important to investors, regulators and policymakers aiming to 

manage such risks, while making their respective optimal decisions. 

At this stage, it is important to spend some more time on the implications of our 

results by recalling that it was in fact the U.S. subprime mortgage crisis that led to the 

global financial crisis of 2007-08. Given this, it is important to investigate the spillover 

of mortgage defaults across the country, since if these risks across regions are indeed 

interrelated, then a particular region can be influenced by risk shocks originating from 

other regions. Moreover, if there is interconnectedness, an increase in risks in a 

particular region is likely to prolong the effects on the economy of another region. 

Ultimately, more interconnected the mortgage default risks are across the regions, more 

likely that these risks will affect all regions, and hence, entire economy. Naturally, a 

better understanding of risk spillovers is of paramount importance for risk management 

by investors, regulators and policymakers. Keeping this in mind, we find that indeed 

the US states and MSAs are interconnected in terms of the mortgage default risks, 

though in a complicated manner. But, what is important to understand is that for the 

states, if increases in mortgage default shocks originates first in Arizona, Pennsylvania, 

and in particular Minnesota, it is likely that it will spread through to all the other 40 

states considered. In the same vein, if mortage defaults are observed first in the major 

cities of Chicago, New York, and Los Angeles, higher defaults related to mortgage will 

also be observed in the other major 17 cities. Given that, when it comes to housing, 

what is important is the regional markets (as there is no national housing markets as 
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such), these negative influences of heightened mortgage default risks will first affect 

the economic activity (such as output and employment) in the regions, i.e., states and 

MSAs, and then spread to negatively impact the corresponding national aggregates. 

Given the importance of the state of Minnesota and cities of New York and Chicago in 

transmitting these shocks to the overall economy, policymakers would have to 

undertake measures (such as, to prudential regulations, improvements in the 

institutional design, lowering monthly payments but higher down payments, and 

increasing the length of the credit exclusionary period for people who experience 

bankruptcy or foreclosure to reduce mortage default risks and debt forgiveness 

(Ohanian, 2017; Wu and Dorfman, 2018)), especially if they observe a relative increase 

in mortage defaults in these core regions compared to the other states and cities of the 

country. If policies are not undertaken at the onset, given the central role Minnesota, 

Chicago and New York plays in the network, mortgage default risks will spread to the 

rest of the country. This will result in panic in mortgage-backed security and connected 

financial instruments markets across the nation, and lead to recessionary impact on the 

US economy, and possibly worldwide, given the importance of the US in the global 

economy.     

While this paper is the first attempt to analyze spillover of mortgage default risks, 

which we show to exist, future analysis should be aimed at determining the underlying 

factors that drive the nature of the networks derived here. Moreover, what would be 

interesting to analyze are the possible determinants of the common movement in these 

mortgage default risks, by identifying national, local and idiosyncratic factors, as in 

Gupta et al., (2018). 
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