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A B S T R A C T

This paper utilizes the generalized autoregressive conditional heteroscedasticity–mixed data sampling 
(GARCH‑MIDAS) approach to predict the daily volatility of state‑level stock returns in the United States (US) 
from monthly state and national housing price returns. We find that housing price returns generally have a 
negative effect on state‑level volatility. More importantly, the GARCH‑MIDAS model augmented with these 
predictors significantly outperforms the benchmark GARCH‑MIDAS model with realized volatility 
(GARCH‑MIDAS‑RV) over short‑, medium‑, and long‑term forecasting horizons for 90 % of the states; the per
formance of state and national housing returns is virtually indistinguishable. These superior forecasting results 
persist when housing price returns are replaced with housing permits and housing‑market media‑attention in
dexes, suggesting an overwhelming role for housing‑market variables—both traditional and behavioral—in 
forecasting state‑level stock‑return volatility. Our findings have important implications for investors and 
policymakers.

1. Introduction

Understanding the nexus between housing price returns and stock 
market volatility is paramount for various stakeholders, from policy
makers and investors to homeowners and businesses. On one hand, 
housing, often considered a less liquid and more stable investment, can 
reflect the broader economic health, consumer confidence, and financial 
stability within a state. Fluctuations in state-level housing returns might 
indicate underlying economic shifts that may not yet be fully realized in 
the more reactive stock market. For instance, a sharp decline in housing 
prices in a particular state could be indicative of reduced consumer 
purchasing power, impending credit crunches, or other macroeconomic 
disturbances. These factors, in turn, can influence business performance 
and investor sentiment, leading to changes in stock market volatility.

On a national scale, housing returns offer insights into overarching 

trends in the US economy. National housing price trends can encapsulate 
widespread economic sentiments, policy shifts, or systemic financial 
vulnerabilities. These broader economic indicators have the potential to 
impact stock markets across states, regardless of individual state-level 
housing price movements. Such as, a nationwide decline in housing 
returns could be an early warning signal of a looming recession, which 
would inherently increase stock market volatility across the board. 
Hence, examining both state-specific and national housing returns offers 
a comprehensive lens through which to anticipate and understand var
iations in state-level stock market volatility.

Considering this backdrop, the objective of this paper is to analyze 
the role of state and national housing price returns in predicting both in- 
and out-of-sample daily stock market volatility of the 50 states of the 
United States (US) over the period of January 1995 to November 2021. 
In doing so, we use the generalized autoregressive conditional 
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heteroskedasticity (GARCH) variant of mixed data sampling (MIDAS), i. 
e., the GARCH-MIDAS, model, as originally developed by Engle et al. 
(2013).1 This framework is well-suited due to the mismatch in data 
frequency: stock market data is available daily, while our pre
dictors—state and national housing prices—are only available monthly. 
A MIDAS-based approach is therefore necessary for volatility modeling, 
as it prevents information loss that would result from simply averaging 
the daily data to match the lower frequency (Clements & Galvão, 2008).

It is important to highlight the necessity of our high-frequency state- 
level analysis using the GARCH-MIDAS approach. The decision to focus 
on regional equity market volatility arises from the understanding that 
companies’ primary business activities often concentrate near their 
headquarters (Pirinsky & Wang, 2006; Chaney et al., 2012). As a result, 
stock prices tend to reflect significant regional influences, which in turn 
leads investors to favor local firms in their investment portfolios (Coval 
& Moskowitz, 1999, 2001; Korniotis & Kumar, 2013). Therefore, our 
predictive exercise holds considerable value for investors, as accurate 
predictions of stock market volatility have far-reaching implications for 
portfolio selection, derivative pricing, and risk management (Poon & 
Granger, 2003; Rapach et al., 2008).

From an econometric perspective, the GARCH-MIDAS approach is 
driven by the idea that volatility consists of multiple components: short- 
term fluctuations and a long-term aspect, with the latter potentially 
influenced by slow-moving predictors, such as the housing returns 
featured in our study. Predicting state-level stock return volatility at a 
daily frequency is motivated not only by the need for more precise 
statistical measures of volatility (Ghysels et al., 2019) but also by the 
importance of high-frequency predictions for investors making timely 
portfolio decisions. Daily volatility forecasts are particularly crucial for 
calculating Value-at-Risk (VaR) estimates (Ghysels & Valkanov, 2012).

Furthermore, stock return volatility serves as a key indicator of 
financial market uncertainty and is a significant concern for policy
makers due to its proven negative effects on economic activity (Bloom, 
2009; Jurado et al., 2015; Ludvigson et al., 2021). High-frequency 
forecasts of this market uncertainty can thus provide policymakers 
with the ability to nowcast the future path of low-frequency real eco
nomic variables using MIDAS models (Bańbura et al., 2011). This 
capability, in turn, supports the formulation of timely and targeted 
policy interventions aimed at preventing potential regional recessions.

To establish an intuitive link between housing returns and stock 
market volatility, we turn to Shiller (1981a, 1981b) present value model 
of asset prices, which posits that asset market volatility depends on the 
variability of cash flows and the associated discount factor. When 
macroeconomic conditions worsen, uncertainty increases (Bernanke, 
1983), impacting the volatility of variables tied to future cash flows and 
the discount factor (Schwert, 1989). This provides a theoretical basis for 
a generally negative predictive relationship between economic activity 
and equity market volatility. In this framework, house prices or returns 
have long been recognized as leading indicators of both the aggregate 
and regional U.S. economy. A decline in housing markets often signals 
deteriorating economic conditions ahead (e.g., Balcilar et al., 2014; 
Apergis et al., 2015; Jordà et al., 2015; Nyakabawo et al., 2015; Emir
mahmutoglu et al., 2016; Payne & Sun, 2023).

As a result, declining housing returns are likely to predict higher 
equity market volatility due to their spillover effects on the real econ
omy. This stems from housing being the largest source of wealth for 
American households. In fact, U.S. residential real estate accounts for 
approximately 77.33 % of total household non-financial assets, 37.30 % 
of total household net worth, and 32.99 % of total household assets 

(Financial Accounts of the U.S., Second Quarter, 2023).2 Additionally, 
housing prices impact stock prices through the credit-price effect (Aye 
et al., 2013). Housing often serves as collateral, particularly for 
credit-constrained firms. When house prices rise, these firms experience 
an improvement in their balance sheets, allowing them access to better 
credit terms. This leads to increased investments, boosting firm value 
and stock prices while reducing volatility through the "leverage effect" 
(Black, 1976; Christie, 1982). Furthermore, rising stock prices can 
stimulate real estate demand via the wealth effect, potentially creating a 
reinforcing upward trend in both markets. Note that, while state-level 
monthly data on leading indicators is indeed available since January 
1982, the indexes are no longer updated beyond February of 2020, and 
hence, understandably, cannot be utilized to predict the recent data on 
stock returns volatility. This makes the utilization of housing price 
returns to capture leading information on economic activity at the state 
and national levels for our purpose, an obvious choice. This is more so, 
since real Gross Domestic Product (GDP) data for the US states, but only 
at quarterly and definitionally consistent (due to changes in industry 
definitions from SIC to NAICS) annual frequencies, are available from 
2005 and 1997, respectively.

To the best of our knowledge, this study is the first to use a GARCH- 
MIDAS model to predict daily state-level stock market volatility in the U. 
S. over a 25-year period (1994–2021), both in-sample and out-of- 
sample, utilizing the information from monthly housing price returns. 
We believe that our findings hold significant implications for investors 
and policymakers, particularly from a regional perspective.

The structure of the paper is as follows: Section 2 outlines the data 
and methodology, Section 3 presents the results, and Section 4 con
cludes the study.

2. Data and methodology

We employ the GARCH-MIDAS model to evaluate the predictive 
power of monthly state and national housing returns on daily state-level 
stock return volatility across all 50 U.S. states. The state-level stock 
market indices, used to calculate log returns, are sourced from the 
Bloomberg terminal. These indices are capitalization-weighted and 
include equities domiciled in each respective state. This design ensures 
exclusive assignment of companies to one state index, with no member 
sharing across indices. Bloomberg provides only aggregate details, such 
as the number of companies per state, without disclosing full constituent 
lists. Conceptually, the presence of globally diversified firms in a state 
index does not negate the relevance of local housing conditions for 
state‑level volatility. Headquarters location is economically meaningful: 
corporate policies, financing, labor markets, real‑estate exposures, and 
investor clienteles are concentrated around the firm’s home base, 
creating regionally shared risks and comovement (Pirinsky & Wang, 
2006). Local investors exhibit home bias and state‑specific sentiment 
(Coval & Moskowitz, 1999, 2001; Korniotis & Kumar, 2013), while 
shocks to local real‑estate collateral can affect firms’ financing and in
vestment (Chaney et al., 2012). Housing prices therefore proxy both 
fundamentals and sentiment that plausibly transmit to the volatility of 
all firms headquartered in the state, including multinationals, through 
financing constraints, wealth effects, and locally segmented informa
tion. This construction thus provides a theoretically grounded basis for 
exploring housing-equity relationships at the state level.

For housing price data, we use the seasonally adjusted house price 
indexes provided by Freddie Mac, from which we derive the log returns 
(denoted as HPR) to ensure a stationary predictor.3 These indexes are 
constructed based on a growing database of loans acquired by Freddie 
Mac or Fannie Mae. Our sample period covers January 3, 1995, to 

1 A substantial body of research exists on using various GARCH-MIDAS 
models to predict daily stock return volatility at both aggregate and industry 
levels in the US and internationally. For comprehensive reviews on this topic, 
readers are directed to the works of Salisu et al., (2022), (2023), (2024) and 
Segnon et al. (2024).

2 https://www.federalreserve.gov/releases/z1/20230908/z1.pdf.
3 The data is available for download from: https://www.freddiemac.com/re 

search/indices/house-price-index.
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November 30, 2021, reflecting the data available at the time of this 
study.

Tables 1 and 2, respectively, present the summary statistics and 
preliminary results that describe the characteristics of the state stock 
returns, and state and national housing price returns. A general over
view reveals that the data series for both stock returns and housing price 
returns across all US states typically display positive values, skewness 
(primarily positive for both stocks and housing price returns) and exhibit 
strong leptokurtosis. Insights from Table 2 suggest the presence of 
conditional heteroscedasticity4 in stock returns and housing price 
returns in many instances. First and higher-order serial correlations 
were also exhibited by the considered variables of most states. The 
characteristics of the data, considering its mixed frequency, align well 
with the features expected in a GARCH-MIDAS framework.

The GARCH-MIDAS model, proposed by Engle et al. (2013), features 
a constant unconditional mean and a conditional variance that is 
decomposed into both high- and low-frequency components. This 
structure allows the model to capture the influence of variables oper
ating at different frequencies. The mathematical formulation of this 
model is provided in Eqs. (1) to (4) as follows: 

ri,t = μ +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

hi,t × τt

√

× εi,t ,∀ i = 1,2,…,Nt (1) 

hi,t = (1 − α − β)+ α
(
ri− 1,t − μ

)2

τt
+ βhi− 1,t (2) 

τ(rw)

i = m(rw)

i + θ(rw)

i

∑K

k=1

ϕk(ω)X
(rw)

i− k (3) 

ϕk(ω) =
[1 − k/(K + 1)]ω− 1

∑K
j=1[1 − j/(K + 1)]ω− 1 (4) 

εi,t |Φi− 1,t ∼ N(0, 1) (5) 

where ri,t = ln
(
Pi,t

)
− ln

(
Pi− 1,t

)
represents returns on state-level stock 

prices 
(
Pi,t

)
for the 50 U.S. states on the ith day of the tth month, and Nt 

shows the number of days in month t; μ denotes the constant uncondi
tional mean of the stock returns. The short-run (hi,t) and long-run (τt) 
components of the conditional variance 

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
hi,t × τt

√ )
from Eq. (1) follow 

a GARCH(1,1) process.5 In Eq. (2), α and β are the ARCH and GARCH 
terms, respectively, with the following imposed restrictions, α > 0, β ≥

0 and α + β < 1. In Eq. (3), m represents long run constant, while θ is the 
slope coefficient, indicating the influence of the state or national hous
ing price returns, as the case may be, for state level stock returns. The 
term ϕk(w)in Eq. (4) employs a flexible one parameter beta polynomial 

weighting scheme (Colacito et al., 2011),6 assuming that ϕk(w) ≥ 0,
k = 1, 2,…,K and 

∑K
k=1ϕk(w) = 1 for the purpose of satisfying the 

model identification conditions. Additionally, the constraint (w > 1) is 
imposed to ensure that larger weights are assigned to more recent ob
servations. Xi− k denotes exogenous predictors, which can be either state 
or national housing price returns. The superscript “rw” denotes that the 
estimation is performed using a rolling window framework. Meanwhile 
εi,t |Φi− 1,t refers to the information set available on the (i − 1)th day of the 
month t, which is assumed to follow a normal distribution.7

For the out-of-sample forecast evaluation, we compare different 
versions of the GARCH-MIDAS model (using either state or national 
housing price returns) against the benchmark GARCH-MIDAS-RV 
framework. To assess forecast accuracy, we utilize the relative root 
mean square error (RMSE) and the modified Diebold-Mariano test 
introduced by Harvey et al. (1997). This test extends the original Die
bold and Mariano (1995) test, specifically tailored for comparing paired 
non-nested models. The test statistic is defined as follows: 

DM∗ =

⎛

⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
T + 1 − 2h + T− 1h(h − 1)

T

√ ⎞

⎠DM (6) 

DM =
d

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
V(d)/T

√ ∼ N(0, 1) (7) 

where DM∗ represents the DM statistic; T denotes the length of the out- 

of-sample forecast period, and h is the forecast horizon. The term d =

1/T
[∑T

t=1dt

]
is the average of the loss differential dt ≡ g(εit) − g

(
εjt
)
, 

where g(εit) and g
(
εjt
)

are loss functions associated with the forecast 
errors (εit and εjt, respectively) from the two competing models being 
compared. Lastly, V(dt)denotes the unconditional variance of the loss 
differential dt . The null hypothesis posits that there is no significant 
difference in the forecast accuracy between the competing pairs of 
models (H0 : d = 0) against a mutually exclusive alternative, 
(H1 : d ∕= 0). Rejecting the null hypothesis suggests that there is a dif
ference in forecast accuracy between the two paired models. The di
rection of preference is determined by the sign of the modified DM 
statistic: a negative value indicates that GARCH-MIDAS- (state or na
tional) housing price returns outperforms GARCH-MIDAS-RV, while a 
positive value suggests the opposite. We divided the data into in-sample 
(75 % of the full sample for model estimation) and out-of-sample (25 % 
for assessing forecasts) portions, considering forecast horizons of 20-, 
60-, and 120-days-ahead into the future.

3. Empirical findings

3.1. Main results

In this section, we present the findings for both in-sample predict
ability (Table 3) and the out-of-sample forecast evaluation (Tables 4 and 
5) of the GARCH-MIDAS model, which forecasts state-level stock returns 
volatility based on state and national housing price returns. The in- 
sample predictability is primarily assessed by the statistical signifi
cance of the slope coefficient. For the out-of-sample forecast 

4 We use the Breusch–Pagan ARCH test to detect conditional hetero
scedasticity, a prerequisite for our methodology. Lag 5 is chosen illustratively to 
demonstrate that significance occurs at some lag; any lag would suffice; con
firming that the series exhibits conditional heteroscedasticity.

5 In our GARCH-MIDAS specification, the short-run component follows a 
GARCH(1,1) process, consistent with its original design and strengths. 
Furthermore, the GARCH(1, 1) is suited for the short-run component because of 
the following: First, it is parsimonious, widely applied to financial time series 
(Panorska et al., 1995), and avoids overparameterization with the MIDAS 
long-run part. Second, it is covariance stationary, ensuring stable QMLE esti
mation without convergence issues. Complex variants risk identification prob
lems. Third, it effectively captures volatility clustering as well as tail-heavy 
distribution of rapid high-frequency financial time series shocks (Engle, 1982; 
Bollerslev, 1986), isolating short-lived volatility clustering and preventing 
spillover into the long-run component.

6 It is based on the two-parameter beta weighting scheme: ϕk(ω1,ω2) =

[k/(K + 1)]ω1 − 1
× [1 − k/(K + 1)]ω2 − 1

/
∑K

j=1[j/(K + 1)]ω1 − 1
× [1 − j/(K + 1)]ω2 − 1 

by constraining ω1 to 1 and setting ω = ω2.
7 We adopt the original GARCH-MIDAS specification with normally distrib

uted errors, consistent with Liu and Hung (2010), who argue that when 
asymmetry in financial time series is not explicitly modelled, the conventional 
GARCH framework remains preferable to more complex variants due to its 
parsimony and fewer identification or convergence issues.
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Table 1 
Summary statistics.

Stock Returns 
[Daily - 7118 Observations]

HPR 
[Monthly - 323 Observations]

Mean Std. Dev. Skewness Kurtosis Mean Std. Dev. Skewness Kurtosis

Alabama 3.47E-04 1.70E-02 2.74E-01 2.89E+ 01 2.77E-03 4.20E-03 2.78E-01 5.40E+ 00 ​
Alaska 4.51E-04 1.75E-02 1.42E+ 00 9.52E+ 01 3.00E-03 3.15E-03 6.10E-01 3.69E+ 00 ​
Arizona 4.87E-04 1.74E-02 3.62E-01 2.12E+ 01 4.45E-03 1.06E-02 -6.14E-01 5.16E+ 00 ​
Arkansas 5.37E-04 1.54E-02 3.36E-01 8.80E+ 00 2.71E-03 3.81E-03 8.75E-01 5.66E+ 00 ​
California 6.53E-04 1.67E-02 3.45E-01 1.10E+ 01 4.63E-03 9.37E-03 -1.08E+ 00 4.58E+ 00 ​
Colorado 2.33E-04 1.51E-02 1.62E-01 1.48E+ 01 4.55E-03 4.76E-03 -5.48E-02 4.56E+ 00 ​
Connecticut 4.89E-04 1.57E-02 -3.05E-03 1.30E+ 01 2.60E-03 5.34E-03 3.06E-01 3.62E+ 00 ​
Delaware 3.36E-04 1.77E-02 2.04E-01 1.18E+ 01 3.02E-03 5.10E-03 6.33E-02 2.65E+ 00 ​
Florida 3.59E-04 1.31E-02 -3.35E-01 1.41E+ 01 4.36E-03 9.67E-03 -9.95E-01 4.95E+ 00 ​
Georgia 3.96E-04 1.23E-02 -3.07E-01 1.35E+ 01 3.47E-03 5.99E-03 -7.16E-01 4.70E+ 00 ​
Hawaii 2.75E-04 1.41E-02 9.91E-02 1.44E+ 01 3.56E-03 7.34E-03 3.54E-01 2.90E+ 00 ​
Idaho 8.44E-04 3.13E-02 1.32E+ 00 2.06E+ 01 4.43E-03 7.81E-03 4.74E-01 4.63E+ 00 ​
Illinois 3.69E-04 1.12E-02 -5.46E-01 1.42E+ 01 2.33E-03 4.85E-03 -8.42E-01 4.22E+ 00 ​
Indiana 5.52E-04 1.50E-02 -7.74E-01 2.73E+ 01 2.69E-03 3.68E-03 6.10E-01 6.93E+ 00 ​
Iowa 4.63E-04 1.60E-02 2.57E-01 2.17E+ 01 2.71E-03 2.83E-03 1.91E-01 5.33E+ 00 ​
Kansas 1.08E-04 1.91E-02 6.94E-01 2.28E+ 01 3.01E-03 3.35E-03 1.57E-01 5.93E+ 00 ​
Kentucky 4.55E-04 1.33E-02 -3.89E-01 1.03E+ 01 2.87E-03 3.21E-03 5.56E-01 5.70E+ 00 ​
Louisiana 2.71E-04 1.32E-02 -3.75E-01 1.65E+ 01 3.00E-03 3.24E-03 6.51E-01 5.01E+ 00 ​
Maine 9.31E-04 2.55E-02 -4.07E+ 00 2.88E+ 02 3.94E-03 5.12E-03 6.88E-01 4.08E+ 00 ​
Maryland 4.05E-04 1.46E-02 -4.97E-02 1.40E+ 01 3.26E-03 6.40E-03 5.75E-02 3.26E+ 00 ​
Massachusetts 5.42E-04 1.64E-02 2.34E-01 1.21E+ 01 4.09E-03 5.24E-03 -1.74E-01 2.80E+ 00 ​
Michigan 2.77E-04 1.35E-02 -4.37E-01 1.36E+ 01 2.74E-03 6.30E-03 -1.29E+ 00 5.70E+ 00 ​
Minnesota 4.75E-04 1.22E-02 -5.97E-02 1.36E+ 01 3.48E-03 5.30E-03 -1.12E+ 00 4.70E+ 00 ​
Mississippi 3.57E-04 1.51E-02 3.34E-01 1.82E+ 01 2.51E-03 3.74E-03 3.17E-01 5.54E+ 00 ​
Missouri 4.80E-04 1.29E-02 -3.02E-02 1.78E+ 01 3.01E-03 4.14E-03 -4.89E-01 5.20E+ 00 ​
Montana 6.26E-04 2.48E-02 8.74E-01 1.93E+ 01 4.19E-03 5.27E-03 1.17E+ 00 6.31E+ 00 ​
Nebraska 4.26E-04 1.29E-02 -4.54E-02 1.87E+ 01 3.04E-03 3.48E-03 4.69E-01 4.61E+ 00 ​
Nevada 5.36E-04 2.15E-02 6.38E-01 2.60E+ 01 3.69E-03 1.21E-02 -8.70E-01 5.06E+ 00 ​
New Hampshire 3.43E-04 1.74E-02 1.82E-01 2.03E+ 01 4.05E-03 5.58E-03 -9.60E-02 3.02E+ 00 ​
New Jersey 4.08E-04 1.15E-02 -1.18E-01 1.15E+ 01 3.34E-03 5.72E-03 1.35E-01 2.72E+ 00 ​
New Mexico 7.60E-04 2.95E-02 6.60E+ 00 1.68E+ 02 2.75E-03 4.54E-03 3.79E-01 3.27E+ 00 ​
New York 2.18E-04 1.36E-02 -2.09E-01 1.45E+ 01 3.47E-03 4.67E-03 1.59E-01 2.93E+ 00 ​
North Carolina 3.83E-04 1.61E-02 2.98E-01 2.12E+ 01 3.35E-03 4.56E-03 8.14E-01 6.75E+ 00 ​
North Dakota 3.77E-04 1.59E-02 2.63E-01 2.18E+ 01 3.42E-03 2.51E-03 5.70E-01 3.74E+ 00 ​
Ohio 3.74E-04 1.10E-02 -3.85E-01 1.28E+ 01 2.42E-03 4.14E-03 5.72E-02 5.40E+ 00 ​
Oklahoma 4.67E-04 1.97E-02 1.87E-03 3.50E+ 01 3.00E-03 3.27E-03 7.17E-01 4.96E+ 00 ​
Oregon 5.77E-04 1.71E-02 -3.02E-01 1.70E+ 01 4.29E-03 6.31E-03 -5.98E-01 4.20E+ 00 ​
Pennsylvania 3.16E-04 1.26E-02 -1.59E-01 1.68E+ 01 3.04E-03 4.08E-03 4.68E-01 4.09E+ 00 ​
Rhode Island 4.65E-04 1.57E-02 -4.26E-01 1.56E+ 01 3.72E-03 6.85E-03 -1.20E-01 2.87E+ 00 ​
South Carolina 2.60E-04 1.42E-02 -9.86E-02 8.86E+ 00 3.34E-03 4.80E-03 4.44E-01 5.03E+ 00 ​
South Dakota 3.95E-04 1.51E-02 -4.92E-01 1.38E+ 01 3.42E-03 3.41E-03 1.25E+ 00 6.83E+ 00 ​
Tennessee 3.97E-04 1.38E-02 -3.49E-01 1.38E+ 01 3.70E-03 4.48E-03 1.11E+ 00 7.10E+ 00 ​
Texas 3.36E-04 1.39E-02 -1.71E-01 1.91E+ 01 3.92E-03 3.63E-03 9.95E-01 6.41E+ 00 ​
Utah 2.97E-04 1.57E-02 -5.46E-01 1.50E+ 01 4.35E-03 6.50E-03 2.47E-01 4.31E+ 00 ​
Vermont 9.64E-04 2.45E-02 -8.94E-01 7.71E+ 01 3.40E-03 4.63E-03 8.17E-01 3.68E+ 00 ​
Virginia 3.82E-04 1.23E-02 -4.27E-01 1.33E+ 01 3.50E-03 5.53E-03 -1.64E-01 3.66E+ 00 ​
Washington 8.02E-04 1.77E-02 1.60E-01 9.80E+ 00 4.54E-03 6.44E-03 -5.30E-01 3.67E+ 00 ​
West Virginia 2.90E-04 1.66E-02 2.62E-01 1.10E+ 01 2.32E-03 3.43E-03 6.65E-01 3.76E+ 00 ​
Wisconsin 4.41E-04 1.39E-02 -4.34E-02 1.19E+ 01 2.94E-03 4.03E-03 -3.21E-01 4.53E+ 00 ​
Wyoming 3.13E-05 3.81E-02 1.05E+ 00 1.38E+ 01 3.72E-03 4.24E-03 1.67E-01 3.48E+ 00 ​
National - - - - 3.79E-03 5.54E-03 -7.89E-01 4.21E+ 00 ​
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Table 2 
Preliminary results.

Stock Returns 
[Daily - 7118 Observations]

HPR 
[Monthly - 323 Observations]

ARCH(5) Q(5) Q2(5) ARCH(5) Q(5) Q2(5)

Alabama 113.92*** 6.15 799.05*** 2.88** 47.10*** 16.85*** ​
Alaska 153.93*** 11.83** 681.09*** 10.87*** 97.79*** 49.78*** ​
Arizona 100.46*** 5.01 690.96*** 8.89*** 61.87*** 43.18*** ​
Arkansas 140.94*** 30.68*** 1095.70*** 1.51 95.88*** 7.67 ​
California 152.59*** 7.48 1163.20*** 3.85*** 24.21*** 22.14*** ​
Colorado 171.23*** 8.40 1229.60*** 4.38*** 41.85*** 25.74*** ​
Connecticut 244.80*** 9.76* 1870.60*** 2.64** 39.92*** 12.46** ​
Delaware 134.85*** 2.24 1015.30*** 1.72 86.66*** 8.71 ​
Florida 378.20*** 4.31 2921.10*** 1.44 23.60*** 7.66 ​
Georgia 371.38*** 6.91 2709.40*** 2.09* 21.56*** 10.59* ​
Hawaii 237.57*** 10.13* 1964.90*** 0.76 70.30*** 3.90 ​
Idaho 12.35*** 5.70 72.71*** 6.81*** 55.51*** 38.62*** ​
Illinois 492.57*** 6.71 3566.80*** 1.57 29.43*** 8.14 ​
Indiana 34.47*** 4.38 220.31*** 3.44*** 69.40*** 22.35*** ​
Iowa 175.57*** 0.58 1340.70*** 2.42** 61.00*** 11.72** ​
Kansas 54.76*** 1.98 377.37*** 4.40*** 71.15*** 26.14*** ​
Kentucky 399.77*** 0.93 3059.00*** 0.86 51.33*** 4.13 ​
Louisiana 376.78*** 7.25 3041.30*** 4.33*** 73.47*** 21.59*** ​
Maine 0.23 9.49* 1.18 3.54*** 120.59*** 22.36*** ​
Maryland 199.66*** 4.42 1611.10*** 10.88*** 68.63*** 47.16*** ​
Massachusetts 165.99*** 26.45*** 1278.30*** 4.79*** 30.93*** 16.72*** ​
Michigan 192.06*** 2.21 1462.70*** 5.67*** 62.16*** 39.31*** ​
Minnesota 343.88*** 7.58 2764.30*** 2.24* 40.17*** 11.59** ​
Mississippi 176.88*** 9.29* 1405.80*** 13.51*** 164.85*** 79.03*** ​
Missouri 341.83*** 7.62 2630.10*** 1.45 39.66*** 8.28 ​
Montana 33.38*** 13.75** 212.01*** 2.90** 90.41*** 18.39*** ​
Nebraska 111.56*** 15.71*** 840.19*** 11.88*** 153.80*** 59.26*** ​
Nevada 46.14*** 1.73 302.46*** 11.19*** 97.16*** 49.06*** ​
New Hampshire 123.15*** 9.33* 905.68*** 2.64** 34.17*** 12.67** ​
New Jersey 304.48*** 6.32 2468.10*** 7.64*** 46.49*** 29.71*** ​
New Mexico 0.93 2.70 4.89 1.12 25.90*** 5.78 ​
New York 269.82*** 8.72 2108.70*** 6.89*** 61.21*** 44.70*** ​
North Carolina 152.12*** 9.07 1145.90*** 3.78*** 24.84*** 17.59*** ​
North Dakota 197.18*** 14.58** 1445.70*** 9.44*** 106.09*** 51.98*** ​
Ohio 508.32*** 10.98* 4170.50*** 5.54*** 28.07*** 30.29*** ​
Oklahoma 91.80*** 3.41 651.70*** 0.77 100.80*** 3.82 ​
Oregon 52.27*** 12.38** 337.89*** 8.52*** 61.58*** 32.94*** ​
Pennsylvania 302.43*** 5.88 2407.30*** 4.28*** 62.45*** 22.75*** ​
Rhode Island 89.69*** 3.52 610.13*** 1.90* 102.24*** 10.63* ​
South Carolina 229.94*** 7.37 1856.50*** 0.32 87.57*** 1.51 ​
South Dakota 459.03*** 16.68*** 3341.50*** 0.70 83.91*** 3.59 ​
Tennessee 340.88*** 3.06 2629.10*** 2.54** 42.15*** 12.86** ​
Texas 262.75*** 4.80 1992.70*** 0.89 27.39*** 5.11 ​
Utah 144.49*** 6.42 1048.40*** 4.11*** 27.29*** 20.01*** ​
Vermont 5.51*** 10.77* 29.52*** 10.14*** 134.22*** 40.66*** ​
Virginia 382.23*** 1.70 2890.30*** 7.31*** 60.31*** 37.10*** ​
Washington 113.07*** 7.45 814.22*** 1.77 24.75*** 8.48 ​
West Virginia 188.48*** 13.30** 1541.00*** 4.16*** 130.95*** 21.19*** ​
Wisconsin 364.02*** 5.10 2848.20*** 3.53*** 20.29*** 17.71*** ​
Wyoming 17.26*** 3.19 102.62*** 3.88*** 156.05*** 17.51*** ​
National - - - 11.80*** 60.56*** 48.69*** ​

Note: The figures in each cell are the test statistics indicated on the corresponding column, with ***, **, and * indicating statistical significance at 1 %, 5 %, and 10 %, 
respectively, where significance denotes the presence of the effect being tested. ARCH(5) is for testing for conditional heteroscedasticity, while Q(5) and Q2(5) are 
respectively first and higher order serial correlation tests. The tests were conducted in the 5th lag.
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performance, we use a two-step approach: first, by examining the rela
tive root mean square error (RMSE) shown in Table 4, and then by 
conducting a more rigorous evaluation using the modified Diebold- 
Mariano (DM) test statistic, detailed in Table 5.

Taking a closer look at the full-sample predictability results, a 
noticeable trend emerges wherein state-level long-run stock returns 
volatilities exhibit a positive relationship with their respective realized 
volatilities. This outcome suggests that financial risks can have long- 
term impacts on future stock market risks at the state level in the US. 
In line with intuition, state-level stock return volatilities appear to 
respond mostly negatively to state and national housing price returns. 
This is indicated by the higher proportion of statistically significant 
negative slope coefficients (20 for state HPR and 22 for national HPR) 
compared to the cases of statistically significant positive (7 for state HPR 
and 6 for national HPR) coefficients.8 Intuitively, it is possible that 
higher housing returns causing higher stock returns could lead to higher 
trading volumes in the stock market and translate into increased vola
tility (Clark, 1973; Copeland, 1976), thus acting as an explanation for 
the positive slope coefficient.

In sum, there are over 50 % of cases where we detect negative and 
positive significant slope coefficients of the predictive impact of state 
and national housing price returns on regional stock market volatility, 
suggesting moderately strong effects. A negative link between housing 
returns and stock volatility reflects rising housing wealth strengthens 
household and business balance sheets (by improving collateral values 

Table 3 
In-sample predictability.

State RV State Level HPR National HPR

Alabama 0.0299*** 
[0.0024]

-128.49*** 
[16.823]

-82.363*** 
[10.126]

Alaska
0.0466*** 
[0.0008] 13.732 [10.261]

18.523*** 
[7.0791]

Arizona 0.0353*** [0.002]
32.047*** 
[8.2972]

-49.099*** 
[12.843]

Arkansas 0.0337*** 
[0.0022]

28.629* [14.717] 7.202 [7.9379]

California 0.0304*** [0.002] -9.5949* [5.0902] 28.323*** 
[8.3435]

Colorado 0.0371*** [0.002] -37.071 [29.17] -3.7288 [12.016]

Connecticut
0.0369*** 
[0.0024] 4.4999 [11.533] -6.2651 [15.157]

Delaware
0.0379*** 
[0.0019]

-11.284 [13.143] -20.585 [27.341]

Florida 0.0247*** 
[0.0029]

-18.104*** 
[5.7142]

-33.541*** 
[10.474]

Georgia
0.0356*** 
[0.0019] -7.6248 [8.8310] -31.254*** [10.84]

Hawaii
0.0308*** 
[0.0022]

86.094*** 
[16.732]

-73.406*** 
[7.7995]

Idaho
0.0428*** 
[0.0009]

-35.513*** 
[8.8715]

-46.931*** 
[6.8421]

Illinois 0.0244*** 
[0.0027]

-24.589** 
[11.446]

0.005 [11.555]

Indiana 0.0404*** [0.002] -12.078 [19.99] -28.264 [17.345]

Iowa
0.0309*** 
[0.0023] 2.4094 [18.682] -78.716*** [9.101]

Kansas
0.0289*** 
[0.0015] -20.507 [16.789] -9.1367 [6.6064]

Kentucky 0.0307*** 
[0.0021]

2.6342 [12.13] -8.3351 [11.617]

Louisiana 0.0207*** [0.002] 12.331 [12.008] -27.143*** 
[7.4761]

Maine
0.0527*** 
[0.0011]

-73.499*** 
[5.8227]

-44.834*** 
[7.8197]

Maryland
0.0313*** 
[0.0028]

-32.038*** [11.42] 6.0524 [12.816]

Massachusetts 0.0347*** 
[0.0022]

18.615* [10.383] -0.8181 [13.245]

Michigan 0.034*** [0.0019] -25.718*** 
[8.6379]

8.4013 [17.588]

Minnesota
0.0257*** 
[0.0027] 5.616 [11.77] 23.154 [18.938]

Mississippi 0.0291*** [0.002] -31.991** [14.52] 1.0552 [11.213]

Missouri 0.0333*** 
[0.0022]

1.1597 [17.478] -69.212*** 
[10.381]

Montana 0.0403*** 
[0.0013]

-13.592* [7.7425] -25.19** [9.8994]

Nebraska
0.0343*** 
[0.0022] -0.9921 [14.073]

-60.137*** 
[6.2766]

Nevada
0.0328*** 
[0.0012] 11.513** [4.8079]

-34.728*** 
[8.6019]

New 
Hampshire

0.0347*** 
[0.0019]

-4.96 [10.332] -47.131*** 
[10.719]

New Jersey 0.0242*** 
[0.0024]

3.5109 [6.8826] -3.6401 [8.5385]

New Mexico
0.0104*** 
[0.0005]

-107.11*** 
[0.7909]

-17.413*** 
[1.1175]

New York
0.0368*** 
[0.0021]

-55.036*** 
[14.095]

-68.87*** [10.934]

North Carolina 0.0327*** 
[0.0017]

-15.452* [9.3656] -17.687* [10.292]

North Dakota 0.0288*** 
[0.0015]

-43.12*** [13.512] -21.439*** 
[8.1911]

Ohio
0.0161*** 
[0.0029] -37.738*** [11.4]

42.465*** 
[12.666]

Oklahoma
0.0379*** 
[0.0015]

-21.399 [15.321] 13.263 [13.219]

Oregon 0.0267*** [0.002] -24.382*** 
[3.5346]

-4.1828 [4.4621]

Pennsylvania 0.012*** [0.0026] -43.55*** [13.186] 0.822 [13.098]

Rhode Island
0.0311*** 
[0.0012] 0.7904 [5.9298]

-51.144*** 
[6.8148]

Table 3 (continued )

State RV State Level HPR National HPR

South Carolina
0.0302*** 
[0.0026] -14.385 [39.278] -21.65* [11.723]

South Dakota
0.0309*** 
[0.0018]

-45.962*** 
[14.988]

35.572*** 
[8.7108]

Tennessee 0.0248*** 
[0.0028]

20.65 [14.709] -10.731 [10.469]

Texas 0.0281*** [0.002] -4.3262 [19.291] -56.341*** 
[9.7271]

Utah
0.0274*** 
[0.0024]

-69.577*** 
[6.7351] 0.3328 [10.651]

Vermont 0.0485*** [0.001]
31.705*** 
[9.6727]

78.504*** 
[6.1507]

Virginia 0.0344*** [0.002] 0.0993 [16.602] -0.7977 [14.065]

Washington 0.0302*** 
[0.0018]

5.5703 [8.1694] -25.93*** [9.3271]

West Virginia
0.0343*** 
[0.0016] 6.8653 [16.164] 9.6619 [12.565]

Wisconsin
0.0293*** 
[0.0027] -84.285*** [18.01] -1.7318 [18.839]

Wyoming 0.099*** [0.0004]
106.58*** 
[8.6326]

69.078*** 
[7.4692]

Note: The figures in each cell are the estimated slope coefficients associated with 
the column labelled variables, with their corresponding standard error in square 
brackets and statistical significance at 1 %, 5 %, and 10 %, respectively denoted 
by ***, **, and *; where significance denotes the predictability of the column- 
labelled predictor variable.

8 DeFusco et al. (2018) have emphasized the crucial role of social media in 
explaining the spread of house-price contagion in the US. Given this, using the 
average of the county-level social and economic connectedness indexes within 
the same state of Bailey et al. (2018) and Chetty et al. (2022) respectively, 
derived based on the friendship links on Facebook, we found that, for out of the 
28 cases of in-sample predictability observed under nation HPR, 16 and 15 of 
these states respectively, had values higher than the economy-wide median of 
these two metrics. This provides some preliminary evidence that a shock to the 
national house price, originating from changes in house prices of a particular 
state, many or all the states, can impact the stock market volatility of a 
particular state due to contagion propagated to some extent by social media 
connections. Further investigation of this topic, by developing possibly time 
varying indexes of social and economic connectedness, could be an interesting 
area of future research.
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and credit access), thereby stabilizing the local economy and dampening 
uncertainty – a mechanism akin to the classic “leverage effect” wherein 
stronger fundamentals reduce future volatility. In other words, an 
upswing in housing prices generally signals economic strength and 
lower risk ahead for the state’s economy. This finding aligns with the 
idea that improved financial health and lower leverage risk should lead 
to less volatile outcomes (Black, 1976; Christie, 1982). However, a mi
nority of states show a positive housing–volatility link, meaning housing 
upturns are followed by higher stock market volatility. One plausible 
explanation is that rapid housing gains can fuel investor optimism and 
speculative trading activity, which in turn elevates market volatility. 
This aligns with long-standing evidence of a positive relationship be
tween trading volume and price fluctuations, as market activity and 
trading surge during asset price booms, volatility tends to increase in 
tandem (Avouyi-Dovi & Jondeau, 2000).

Furthermore, the pattern of results differs markedly across states, 
reflecting heterogeneity in economic structures and the degree of inte
gration with the national economy. Such divergence arises because U.S. 
states often experience idiosyncratic business cycles and display varying 
sensitivities to nationwide shocks, largely shaped by differences in in
dustrial composition and local economic drivers (Owyang et al., 2009). 
For example, states with economies highly aligned with the national 
cycle, such as New York, tend to exhibit consistent signs across local and 
national HPRs, reflecting closer integration with national cycles, 
whereas others such as California show divergence, underscoring the 
possibility that local housing shocks can decouple from national housing 
movements even in large states. Indeed, some states have even fallen 
into recessions or booms out of sync with the country as a whole. Other 
states exhibit amplified responses to national fluctuations due to 
concentrated sector exposure. A prime example is Nevada, whose 
economy is heavily reliant on tourism and construction; as a result, 
Nevada’s employment is extremely sensitive to U.S. economic swings – 
on average a 1 % change in U.S. GDP induces nearly a 0.93 % change in 
Nevada jobs, roughly double the national response (Gascon & Haas, 
2020). Such dependence on a highly cyclical sector means a booming 
local housing market in Nevada might signal a localized asset bubble or 
sector-specific surge that elevates volatility, even if the broader national 
housing index is rising more moderately and indicating general stability 
– and the reverse could also occur. In short, a housing market shock in 
one state might carry a very different signal for that state’s economy and 
stock volatility than a contemporaneous national housing movement 
does.

Since out-of-sample forecasting is widely regarded as the more 
rigorous test of predictability (Rapach & Zhou, 2013; 2022), we next 
turn to this exercise. Table 4 compares the forecast performance of the 
competing models using the Relative Root Mean Square Error (RMSE), 
with results reported for two predictors: state housing returns versus 
realized volatility and national housing returns versus realized vola
tility. The interpretation is straightforward: RMSE values close to unity 
indicate similar accuracy between the GARCH-MIDAS-HPR model and 
the benchmark GARCH-MIDAS-RV model, while values significantly 
below one signal superior predictive performance of the 
GARCH-MIDAS-HPR specification. As Table 4 shows, when state-level 
housing returns are used as predictors, the GARCH-MIDAS-HPR model 
outperforms the benchmark in 92 % of cases (46 out of 50 states) across 
all three forecasting horizons, with Kansas, Nebraska, New Jersey, and 
West Virginia as the exceptions. The predictive gains are even more 
pronounced when national housing returns are employed, with the 
GARCH-MIDAS-HPR model outperforming in 49 of the 50 states (98 % 
of cases), Kansas again being the only exception—a state that also dis
played no in-sample predictability for either state or national HPRs.

In a more formal comparison, we consider the modified Diebold- 
Mariano test, focusing on only the significantly negative or positive 
DM* statistics for the determination of preferred model between any 
given paired contending models. The statistical gains of state housing 
returns and national housing returns over the GARCH-MIDAS-RV model 

Table 4 
Relative RMSE result [GARCH-MIDAS-HPR versus GARCH-MIDAS-RV].

State

h = 20 h = 60 h =

120
h = 20 h = 60 h =

120

State Housing Returns 
versus Realized Volatility

National Housing Returns 
versus Realized Volatility

Alabama 0.9628 0.9623 0.9615 0.9645 0.9642 0.9633
Alaska 0.9747 0.9745 0.9743 0.9723 0.9722 0.9721
Arizona 0.9714 0.9702 0.9685 0.9478 0.9474 0.9465
Arkansas 0.9848 0.9845 0.9837 0.9822 0.982 0.9811
California 0.9823 0.9819 0.9812 0.9865 0.9861 0.9855
Colorado 0.9743 0.9735 0.9723 0.9491 0.9486 0.9475
Connecticut 0.9471 0.9466 0.9459 0.966 0.9653 0.9642
Delaware 0.9873 0.9869 0.9861 0.985 0.9846 0.984
Florida 0.9519 0.9514 0.9508 0.9521 0.9516 0.951
Georgia 0.9409 0.9409 0.94 0.9419 0.9419 0.941
Hawaii 0.9769 0.9771 0.9766 0.9612 0.9607 0.9595
Idaho 0.9853 0.9847 0.9845 0.9872 0.9869 0.9869
Illinois 0.9554 0.9552 0.9548 0.9556 0.9554 0.9549
Indiana 0.9464 0.946 0.9453 0.9528 0.9523 0.9513
Iowa 0.9652 0.9648 0.9641 0.9635 0.963 0.962
Kansas 1.0018 1.0019 1.0019 1.0015 1.0015 1.0017
Kentucky 0.9734 0.9729 0.9717 0.9729 0.9723 0.9711
Louisiana 0.9731 0.9729 0.9731 0.9742 0.9736 0.9729
Maine 0.954 0.9531 0.953 0.9718 0.9717 0.9715
Maryland 0.9543 0.9542 0.9538 0.9528 0.9528 0.9525
Massachusetts 0.9819 0.9814 0.9806 0.9767 0.9761 0.9753
Michigan 0.9735 0.973 0.9719 0.962 0.9615 0.9606
Minnesota 0.961 0.9608 0.9601 0.9624 0.962 0.9608
Mississippi 0.9746 0.9742 0.973 0.9794 0.9791 0.978
Missouri 0.9577 0.9576 0.9574 0.9574 0.9572 0.957
Montana 0.9973 0.9972 0.9969 0.9889 0.9886 0.9878
Nebraska 1.0116 1.0115 1.0107 0.9832 0.9829 0.9819
Nevada 0.9696 0.9689 0.9676 0.9763 0.9757 0.9746
New 

Hampshire 0.9931 0.9903 0.9913 0.9846 0.9821 0.983

New Jersey 1.0207 1.0208 1.0198 0.9901 0.9898 0.989
New Mexico 0.9385 0.938 0.9368 0.9466 0.9464 0.9461
New York 0.9519 0.9515 0.9502 0.9516 0.9511 0.9498
North Carolina 0.9569 0.9568 0.9565 0.9581 0.9579 0.9576
North Dakota 0.9891 0.9885 0.9874 0.9886 0.988 0.9872
Ohio 0.9644 0.9641 0.9631 0.9605 0.9605 0.9602
Oklahoma 0.9651 0.9649 0.9628 0.9682 0.9678 0.966
Oregon 0.9978 0.9979 0.9975 0.9982 0.9983 0.9978
Pennsylvania 0.9705 0.9703 0.9699 0.9629 0.9625 0.9616
Rhode Island 0.9785 0.9785 0.9792 0.997 0.9964 0.9959
South Carolina 0.9785 0.9782 0.9778 0.9843 0.9842 0.9842
South Dakota 0.9618 0.961 0.9597 0.9705 0.9698 0.9686
Tennessee 0.9606 0.9603 0.9602 0.9614 0.961 0.961
Texas 0.9657 0.9648 0.9638 0.9759 0.9749 0.9738
Utah 0.967 0.9668 0.9664 0.9668 0.9666 0.9662
Vermont 0.9673 0.9674 0.9675 0.9689 0.9693 0.9689
Virginia 0.9445 0.9439 0.9425 0.9397 0.9391 0.9379
Washington 0.9885 0.9881 0.9874 0.9876 0.9874 0.987
West Virginia 1.0037 1.0041 1.0041 0.9967 0.9969 0.997
Wisconsin 0.9552 0.9546 0.9539 0.9599 0.9591 0.958
Wyoming 0.9997 0.9999 0.9996 0.994 0.9942 0.9938

Note: The figures in each cell are the relative RMSE values obtained as the ratio 
of the RMSE of GARCH-MIDAS-State-HPR model to the GARCH-MIDAS-RV 
model under the left-hand-side vertical panel labelled “State Housing 
Returns versus Realized Volatility”; and as the ratio of the RMSE of GARCH- 
MIDAS-National-HPR model to the GARCH-MIDAS-RV model under the right- 
hand-side vertical panel labelled “National Housing Returns versus Real
ized Volatility”. On the left-hand-side vertical panel, values less than unity 
indicate outperformance of GARCH-MIDAS-State-HPR model over GARCH- 
MIDAS-RV model, while values greater than unity denote preference for 
GARCH-MIDAS-RV over GARCH-MIDAS-State-HPR. On the right-hand-side 
vertical panel, values less than unity indicate outperformance of GARCH- 
MIDAS-National-HPR model over GARCH-MIDAS-RV model, while values 
greater than unity denote preference for GARCH-MIDAS-RV over GARCH- 
MIDAS-National-HPR.
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are formally ascertained in Table 5. For the left-hand-side vertical panel, 
most states show significant negative DM* values. This suggests that the 
GARCH-MIDAS-State-HPR model generally outperforms the GARCH- 
MIDAS-RV model. However, states such as Kansas, Nebraska, New Jer
sey, and West Virginia present either positive values or insignificant 
values, indicating a preference for the GARCH-MIDAS-RV model or no 
discernible difference. On the right-hand-side vertical panel, the ma
jority of the states also exhibit significant negative DM* values, which 
means the GARCH-MIDAS-National-HPR model mostly surpasses the 
GARCH-MIDAS-RV model. Nonetheless, states like Kansas, Montana, 
Oregon, Rhode Island, West Virginia, and Wyoming demonstrate either 

positive or insignificant values, showing no clear advantage for either 
model or leaning towards GARCH-MIDAS-RV. All in all, unlike the in- 
sample evidence of predictability, the out-of-sample forecasting results 
reveal strong evidence of predictability emanating for state and national 
housing price returns for stock market volatility of the US states.9

Table 5 
Modified DM result [GARCH-MIDAS-HPR versus GARCH-MIDAS-RV].

State

h = 20 h = 60 h = 120 h = 20 h = 60 h = 120

State Housing Returns 
versus Realized Volatility

National Housing Returns 
versus Realized Volatility

Alabama -5.5648*** -5.5981*** -5.6396*** -4.8221*** -4.839*** -4.889***
Alaska -1.7457* -1.7511* -1.7471* -1.8267* -1.8234* -1.8145*
Arizona -4.2528*** -4.372*** -4.5085*** -4.9063*** -4.8731*** -4.8426***
Arkansas -3.3358*** -3.3674*** -3.4527*** -3.7119*** -3.7158*** -3.7905***
California -4.5335*** -4.6024*** -4.6959*** -3.4099*** -3.4879*** -3.5751***
Colorado -4.4377*** -4.5016*** -4.5884*** -6.2584*** -6.2279*** -6.2001***
Connecticut -4.3866*** -4.3981*** -4.3773*** -4.5552*** -4.6155*** -4.6785***
Delaware -3.7247*** -3.8381*** -4.0274*** -4.6904*** -4.7728*** -4.9109***
Florida -5.506*** -5.5133*** -5.4946*** -5.2953*** -5.3009*** -5.2789***
Georgia -4.2943*** -4.2779*** -4.2511*** -5.337*** -5.308*** -5.2777***
Hawaii -2.279** -2.2421** -2.2498** -8.1667*** -8.2139*** -8.3209***
Idaho -5.7104*** -5.8473*** -5.7648*** -4.6172*** -4.6548*** -4.5552***
Illinois -4.5782*** -4.5682*** -4.5337*** -4.6251*** -4.6143*** -4.5794***
Indiana -5.1445*** -5.1498*** -5.1295*** -4.8962*** -4.9111*** -4.9235***
Iowa -4.1783*** -4.1984*** -4.217*** -6.3798*** -6.4272*** -6.5136***
Kansas 0.4038 0.3993 0.4135 0.3181 0.3172 0.3371
Kentucky -4.2672*** -4.2997*** -4.3966*** -4.1971*** -4.249*** -4.345***
Louisiana -2.5123** -2.5013** -2.4371** -3.9206*** -3.9633*** -3.9904***
Maine -10.5767*** -10.6384*** -10.4797*** -8.1135*** -8.0421*** -7.9548***
Maryland -6.4135*** -6.4004*** -6.3364*** -8.3868*** -8.35*** -8.259***
Massachusetts -3.3954*** -3.4677*** -3.5451*** -4.2986*** -4.3615*** -4.418***
Michigan -5.3428*** -5.4094*** -5.5246*** -4.3446*** -4.3591*** -4.3782***
Minnesota -4.8019*** -4.8008*** -4.7812*** -5.5272*** -5.5518*** -5.5916***
Mississippi -3.8345*** -3.8524*** -3.9345*** -3.1746*** -3.1948*** -3.2767***
Missouri -4.2245*** -4.203*** -4.1519*** -4.2061*** -4.1836*** -4.1319***
Montana -0.4901 -0.503 -0.5376 -1.8953* -1.9237* -2.0007**
Nebraska 2.9525*** 2.9059*** 2.6546*** -3.5316*** -3.5786*** -3.7128***
Nevada -4.4601*** -4.4965*** -4.5669*** -3.2195*** -3.2409*** -3.3047***
New Hampshire -0.9227 -1.2764 -1.12 -2.1492** -2.4654** -2.311**
New Jersey 3.3165*** 3.2995*** 3.0621*** -3.8472*** -3.9334*** -4.0939***
New Mexico -17.9478*** -18.0192*** -18.097*** -16.9653*** -16.9264*** -16.7552***
New York -4.4952*** -4.5081*** -4.5362*** -4.7096*** -4.7227*** -4.7525***
North Carolina -3.3887*** -3.387*** -3.343*** -3.504*** -3.5061*** -3.466***
North Dakota -1.7947* -1.8549* -1.9719** -1.803* -1.8632* -1.924*
Ohio -5.719*** -5.7364*** -5.787*** -5.9862*** -5.9609*** -5.8945***
Oklahoma -2.6904*** -2.6378*** -2.7216*** -2.5604** -2.5296** -2.6004***
Oregon -0.9144 -0.8659 -1.048 -0.7554 -0.7044 -0.8919
Pennsylvania -4.4627*** -4.4623*** -4.4445*** -6.5938*** -6.6166*** -6.6526***
Rhode Island -3.0041*** -2.9929*** -2.8415*** -0.9753 -1.1495 -1.2935
South Carolina -5.5444*** -5.5728*** -5.5654*** -3.1351*** -3.1125*** -3.0657***
South Dakota -5.388*** -5.4427*** -5.4924*** -4.3695*** -4.4156*** -4.4872***
Tennessee -4.4106*** -4.4176*** -4.352*** -4.2886*** -4.293*** -4.2284***
Texas -5.7181*** -5.7598*** -5.778*** -4.2425*** -4.3293*** -4.4165***
Utah -4.9388*** -4.8983*** -4.8568*** -4.9927*** -4.9543*** -4.9151***
Vermont -4.2759*** -4.1769*** -4.0413*** -4.6299*** -4.4769*** -4.405***
Virginia -4.6995*** -4.7228*** -4.7595*** -5.0533*** -5.0672*** -5.0871***
Washington -3.8994*** -3.9882*** -4.1413*** -2.3908** -2.4263** -2.4392**
West Virginia 0.799 0.8737 0.8703 -0.7143 -0.6516 -0.6306
Wisconsin -4.8405*** -4.8502*** -4.839*** -5.2002*** -5.2434*** -5.2865***
Wyoming -0.0842 -0.0199 -0.1047 -1.5485 -1.4799 -1.552

Note: The figures in each cell are the modified Diebold and Mariano statistics comparing GARCH-MIDAS-State-HPR model with GARCH-MIDAS-RV model under the 
left-hand-side vertical panel labelled “State Housing Returns versus Realized Volatility”; and comparing GARCH-MIDAS-National-HPR model with GARCH- 
MIDAS-RV model under the right-hand-side vertical panel labelled “National Housing Returns versus Realized Volatility”. On the left-hand-side vertical panel, 
significant negative DM* values indicate outperformance of GARCH-MIDAS-State-HPR model over GARCH-MIDAS-RV model, while significant positive DM* values 
denote preference for GARCH-MIDAS-RV over GARCH-MIDAS-State-HPR. On the right-hand-side vertical panel, significant negative DM* values indicate out
performance of GARCH-MIDAS-National-HPR model over GARCH-MIDAS-RV model, while significant positive DM* values denote preference for GARCH-MIDAS-RV 
over GARCH-MIDAS-National-HPR. Statistical significance at 1 %, 5 %, and 10 % are respectively denoted by ***, **, and *.

9 Interestingly, as depicted in Table A1 in the Appendix, there are equal 
number of cases, i.e., 16, where the state housing returns outperforms national 
housing returns, and is outperformed by it, with 18 cases, where they both 
perform equally well in forecasting stock returns volatility.

A.A. Salisu et al.                                                                                                                                                                                                                                Quarterly Review of Economics and Finance 105 (2026) 102087 

8 



Table 6 
Modified DM result [GARCH-MIDAS-Permit versus GARCH-MIDAS-RV].

State

h = 20 h = 60 h = 120 h = 20 h = 60 h = 120

State Building Permit 
versus Realized Volatility

National Building Permit 
versus Realized Volatility

Alabama -9.8856*** -9.8091*** -9.6816*** -9.5005*** -9.414*** -9.2817***
Alaska -1.7001* -1.6998* -1.6967* -1.3773 -1.3537 -1.314
Arizona -7.0765*** -7.0788*** -7.0286*** -6.6441*** -6.599*** -6.5625***
Arkansas -3.062*** -3.0951*** -3.2193*** -10.4165*** -10.4695*** -10.4799***
California -10.3338*** -10.1917*** -9.9716*** -11.592*** -11.4713*** -11.2375***
Colorado -5.6041*** -5.6779*** -5.9937*** -4.274*** -4.3377*** -4.4343***
Connecticut -4.0525*** -4.1218*** -4.2092*** -5.3553*** -5.3607*** -5.3376***
Delaware -4.9173*** -4.997*** -5.1299*** 0.4375 0.4439 0.3786
Florida -4.9817*** -5.0294*** -5.1013*** -4.7178*** -4.7164*** -4.6917***
Georgia -5.2073*** -5.1774*** -5.1594*** -4.7913*** -4.759*** -4.7289***
Hawaii -5.5054*** -5.6444*** -5.7742*** -6.6526*** -6.7341*** -6.9277***
Idaho -2.6739*** -2.8014*** -2.6413*** -3.2146*** -3.1871*** -3.0232***
Illinois -5.579*** -5.5585*** -5.576*** -5.1591*** -5.1325*** -5.0833***
Indiana -8.5944*** -8.5771*** -8.6203*** -7.8442*** -7.8072*** -7.7214***
Iowa -4.8086*** -4.8579*** -4.9722*** -2.7801*** -2.7586*** -2.73***
Kansas 1.537 1.5848 1.5059 -8.3601*** -8.0994*** -7.8697***
Kentucky -15.3849*** -15.2758*** -15.0278*** -14.851*** -14.7106*** -14.4433***
Louisiana -4.1334*** -4.1179*** -4.0676*** -2.3595** -2.3315** -2.2411**
Maine -11.8708*** -11.7522*** -11.7987*** -3.1298*** -3.1612*** -3.1111***
Maryland -6.8887*** -6.8846*** -6.8621*** -6.622*** -6.5931*** -6.5075***
Massachusetts -5.745*** -5.721*** -5.6235*** -7.9161*** -7.886*** -7.7783***
Michigan 2.0367** 1.896* 1.4102 -4.8429*** -4.9373*** -5.084***
Minnesota -5.0116*** -5.0516*** -5.1114*** -4.1855*** -4.1796*** -4.1566***
Mississippi -3.2064*** -3.2489*** -3.3463*** -2.175** -2.1375** -2.2026**
Missouri -4.0985*** -4.1221*** -4.1647*** -4.4438*** -4.4082*** -4.3431***
Montana -3.3869*** -3.3884*** -3.4355*** 5.0328*** 4.85*** 4.5706***
Nebraska -3.9657*** -3.9558*** -3.9467*** -3.1453*** -3.1223*** -3.0767***
Nevada -2.8317*** -2.7221*** -2.738*** -5.9417*** -5.7615*** -5.7045***
New Hampshire -2.3051** -2.5899*** -2.4347** -4.0748*** -4.3664*** -4.0774***
New Jersey -4.0799*** -4.1598*** -4.3082*** -4.6636*** -4.6734*** -4.5603***
New Mexico 2.0055** 2.0989** 2.4135** 18.2609*** 18.151*** 17.8308***
New York -4.4939*** -4.4923*** -4.4812*** -4.9301*** -4.8996*** -4.8563***
North Carolina -3.5874*** -3.6123*** -3.6552*** -2.5836*** -2.5812*** -2.6091***
North Dakota 8.4477*** 8.2397*** 7.9292*** 7.1308*** 6.8692*** 6.4728***
Ohio -5.1576*** -5.1795*** -5.2271*** -5.1412*** -5.1043*** -5.0268***
Oklahoma -3.5993*** -3.5902*** -3.6187*** -4.8911*** -4.8823*** -4.8765***
Oregon -12.9219*** -12.665*** -12.4665*** -10.2533*** -10.067*** -9.6844***
Pennsylvania -3.5564*** -3.5322*** -3.6056*** -5.9063*** -5.866*** -5.7901***
Rhode Island 3.4385*** 3.2386*** 3.0215*** -2.7196*** -2.7026*** -2.5968***
South Carolina 0.3902 0.3024 0.1758 2.3862** 2.3193** 2.2412**
South Dakota -2.9132*** -2.9607*** -3.0336*** -1.4087 -1.3774 -1.3732
Tennessee -9.1294*** -9.0419*** -8.8811*** -7.8531*** -7.8105*** -7.645***
Texas -5.0696*** -5.0881*** -5.1412*** -4.7688*** -4.7471*** -4.778***
Utah -7.5698*** -7.729*** -8.008*** -4.8271*** -4.7847*** -4.7609***
Vermont -1.6198 -1.6633* -1.9216* -4.6491*** -4.3039*** -4.1175***
Virginia -5.6358*** -5.6218*** -5.6216*** -4.9533*** -4.9411*** -4.9256***
Washington -2.8255*** -2.899*** -3.0479*** -9.4768*** -9.3344*** -9.2277***
West Virginia 0.333 0.37 0.3171 0.6498 0.7061 0.6609
Wisconsin -4.1636*** -4.2214*** -4.2945*** -4.9897*** -4.997*** -4.9844***
Wyoming 0.9544 1.0000 0.846 2.7658*** 2.5377** 2.4754**

Note: The figures in each cell are the modified Diebold and Mariano statistics comparing GARCH-MIDAS-State-Permits model with GARCH-MIDAS-RV model under 
the left-hand-side vertical panel labelled “State Building Permit versus Realized Volatility”; and comparing GARCH-MIDAS-National-Permits model with GARCH- 
MIDAS-RV model under the right-hand-side vertical panel labelled “National Building Permit versus Realized Volatility”. On the left-hand-side vertical panel, 
significant negative DM* values indicate outperformance of GARCH-MIDAS-State-Permits model over GARCH-MIDAS-RV model, while significant positive DM* values 
denote preference for GARCH-MIDAS-RV over GARCH-MIDAS-State-Permits. On the right-hand-side vertical panel, significant negative DM* values indicate out
performance of GARCH-MIDAS-National-Permits model over GARCH-MIDAS-RV model, while significant positive DM* values denote preference for GARCH-MIDAS- 
RV over GARCH-MIDAS-National-Permits. Statistical significance at 1 %, 5 %, and 10 % are respectively denoted by ***, **, and *.
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Table 7 
Modified DM result [GARCH-MIDAS-HMA versus GARCH-MIDAS-RV].

State

h = 20 h = 60 h = 120 h = 20 h = 60 h = 120

State HMA 
versus Realized Volatility

National HMA 
versus Realized Volatility

Alabama -4.9765*** -4.9918*** -5.0492*** -4.9607*** -4.9773*** -5.0311***
Alaska 0.7065 0.7161 0.6585 0.26 0.2837 0.2941
Arizona -4.4333*** -4.3882*** -4.401*** -4.345*** -4.3046*** -4.3237***
Arkansas -0.9626 -1.052 -1.257 -5.3602*** -5.3228*** -5.6047***
California -5.6359*** -5.5869*** -5.4739*** -5.6494*** -5.6102*** -5.4859***
Colorado -5.963*** -5.9318*** -5.8935*** -6.2597*** -6.2154*** -6.1664***
Connecticut -5.0538*** -5.046*** -5.1111*** -4.3325*** -4.3486*** -4.4353***
Delaware -3.2762*** -3.1606*** -3.4151*** -2.9055*** -2.8037*** -3.0434***
Florida -4.6222*** -4.6479*** -4.5548*** -5.2844*** -5.2805*** -5.3349***
Georgia -4.1512*** -4.1111*** -4.1845*** -4.1024*** -4.0631*** -4.1474***
Hawaii -7.096*** -7.1246*** -7.2111*** -3.8796*** -3.8806*** -3.8734***
Idaho -1.7767* -1.9641** -1.8163* -3.2286*** -3.3331*** -3.15***
Illinois -5.417*** -5.401*** -5.4135*** -5.3761*** -5.3596*** -5.3693***
Indiana -4.8307*** -4.8417*** -4.8808*** -5.1076*** -5.1022*** -5.0675***
Iowa -5.8609*** -5.8836*** -6.0536*** -3.5927*** -3.5864*** -3.663***
Kansas 0.1596 0.2265 -0.3276 5.7135*** 5.6645*** 5.1965***
Kentucky -4.6917*** -4.7667*** -4.7513*** -4.7635*** -4.838*** -4.8084***
Louisiana -3.178*** -3.1339*** -3.1197*** -5.5761*** -5.5023*** -5.5256***
Maine 0.5748 0.2845 0.3104 0.6208 0.3152 0.332
Maryland -5.0445*** -5.0673*** -5.1505*** -5.7236*** -5.7305*** -5.7844***
Massachusetts -3.9434*** -3.985*** -4.0536*** -6.9569*** -6.9276*** -6.8546***
Michigan -5.7154*** -5.6788*** -5.7696*** -5.4397*** -5.4107*** -5.5047***
Minnesota -4.437*** -4.4258*** -4.5034*** -4.8372*** -4.813*** -4.8776***
Mississippi -4.3766*** -4.3828*** -4.4368*** -6.155*** -6.1182*** -6.1025***
Missouri -5.6704*** -5.5772*** -5.5431*** -4.9383*** -4.8917*** -4.8978***
Montana -1.9051* -1.8981* -1.8458* -2.4313** -2.3921** -2.2932**
Nebraska -3.1305*** -3.1085*** -3.249*** -3.9727*** -3.934*** -4.0575***
Nevada -2.4343** -2.5238** -2.4837** -2.5096** -2.592*** -2.5373**
New Hampshire -1.8383* -2.0076** -2.1641** -1.8497* -2.0402** -2.2355**
New Jersey -6.7845*** -6.8802*** -7.2034*** -3.0891*** -3.1626*** -3.5648***
New Mexico 6.1514*** 6.0677*** 5.9771*** 5.1667*** 5.0729*** 4.9674***
New York -4.8429*** -4.8369*** -4.9125*** -4.8532*** -4.8476*** -4.8319***
North Carolina -3.2476*** -3.23*** -3.1962*** -2.5825*** -2.5973*** -2.626***
North Dakota 3.9544*** 3.8033*** 3.5222*** -2.4993** -2.5086** -2.4958**
Ohio -5.8669*** -5.8505*** -5.8762*** -5.7803*** -5.7665*** -5.7909***
Oklahoma -2.7807*** -2.7672*** -2.9532*** -2.9128*** -2.8965*** -3.0096***
Oregon -2.9764*** -2.845*** -2.9776*** -1.5625 -1.4509 -1.6089
Pennsylvania -3.1809*** -3.2367*** -3.3632*** -6.7118*** -6.6186*** -6.5415***
Rhode Island 2.6009*** 2.417** 2.2061** 1.2635 1.0715 0.8655
South Carolina -3.9897*** -4.0076*** -4.0513*** -3.9582*** -3.9611*** -3.9876***
South Dakota -3.2772*** -3.2916*** -3.3422*** -4.5052*** -4.5071*** -4.544***
Tennessee -5.3057*** -5.2976*** -5.3451*** -4.6248*** -4.6411*** -4.7121***
Texas -3.463*** -3.4858*** -3.7627*** -3.6949*** -3.704*** -3.7614***
Utah -3.8714*** -3.9339*** -4.1566*** -5.6269*** -5.6384*** -5.4674***
Vermont -5.3066*** -5.1193*** -5.1002*** -5.4282*** -5.2475*** -5.2071***
Virginia -4.6249*** -4.6166*** -4.675*** -4.5138*** -4.5131*** -4.5701***
Washington 1.128 0.9604 0.2004 0.902 0.7354 -0.0103
West Virginia -5.8341*** -5.8134*** -5.8305*** -5.5777*** -5.5549*** -5.5697***
Wisconsin -4.8845*** -4.8893*** -4.8997*** -5.1069*** -5.1065*** -5.1025***
Wyoming -0.0373 -0.1434 0.0007 -0.875 -0.9137 -0.7135

Note: The figures in each cell are the modified Diebold and Mariano statistics comparing GARCH-MIDAS-State-HMA model with GARCH-MIDAS-RV model under the 
left-hand-side vertical panel labelled “State HMA versus Realized Volatility”; and comparing GARCH-MIDAS-National-HMA model with GARCH-MIDAS-RV model 
under the right-hand-side vertical panel labelled “National HMA versus Realized Volatility". On the left-hand-side vertical panel, significant negative DM* values 
indicate outperformance of the GARCH-MIDAS-State-HMA model over the GARCH-MIDAS-RV model, while significant positive DM* values denote preference for 
GARCH-MIDAS-RV over GARCH-MIDAS-State-HMA. On the right-hand-side vertical panel, significant negative DM* values indicate outperformance of GARCH- 
MIDAS-the National-HMA model over GARCH-MIDAS-the RV model, while significant positive DM* values denote preference for GARCH-MIDAS-RV over GARCH- 
MIDAS-National-HMA. Statistical significance at 1 %, 5 %, and 10 % are respectively denoted by ***, **, and *.
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3.2. Additional analyses

In this sub-section, we carry out two further forecasting exercises for 
stock returns volatility involving state and national housing permits, as 
well as a behavioral housing market-related variable, namely, the 
housing-media-attention indexes of both the states and the aggregate 
US. As far as permits are concerned, the motivation to analyze its pre
dictive content originates from the work of Ghent and Owyang (2010), 
wherein these authors highlight its role as a leading indicator for 
regional economies. Recently, Cepni (2023) introduces a new housing 
media attention (HMA) index for the 50 US states on the Bloomberg 
Terminal News Trends (NT) function, which collects articles from 
various news and social media sources and identifies their content using 
artificial intelligence tools. The results indicate that the state-level 
housing-media attention index, based on news counts of 20 housing 
market related topics,10 explained a significant portion of the total 
variation in future house prices, even when economic fundamentals are 
considered. While Cepni (2023) operates on a quarterly frequency, we 
adapt it into a monthly format. This involves both state and 
national-level monthly housing permits data, sourced from Bloomberg, 
and an adaptation of the methodology to transition from quarterly to 
monthly data collection and analysis. Based on data availability, our 
analysis covers the same period as housing returns for housing permits, i. 
e., 3rd January 1995–30 th November 2021, while for HMA, we analyze 
4th January 1999–30 th November 2021.

Tables 6 and 7 focus on the relationship between stock returns 
volatility and two distinct housing market indicators: housing permits 
and the housing-media-attention (HMA) index. This analysis aims to 
understand how these indicators may serve as predictors for stock 
market volatility. Again, using a 75 % and 25 % split between in and 
out-of-sample, in Tables 6 and 7, we report the modified Diebold- 
Mariano test statistics for the GARCH-MIDAS models with levels (as 
stationary) of state and national permits and the same for the HMA, 
respectively. As can be seen from Table 6, there are 4 and 5 cases where 
the GARCH-MIDAS-RV outperforms the GARCH-MIDAS with state and 
national housing permits information included respectively, in a statis
tically significant manner, with 4 scenarios depicting indifference. In 
other words, in 42 and 41 states, housing permits at the regional and 
aggregate level can accurately forecast stock returns volatility in a sta
tistically significant manner relative to the benchmark. Transitioning to 
the HMA results in Table 7, it’s evident that the inclusion of this 
behavioral variable added substantial depth to the GARCH-MIDAS 
model. Out of the 50 states, the modified GARCH-MIDAS model, now 
inclusive of HMA, outperforms the GARCH-MIDAS-RV in 44 instances, 
showing statistical significance for both state and national indexes. A 
closer look reveals that of the remaining six cases, the baseline GARCH- 
MIDAS-RV was superior in two scenarios for the state index and in one 
for the national index. This left a statistical tie in the forecasting capa
bility across the models in four states for the state HMA and five for the 
national HMA.

More importantly, just like housing price returns, permits at the 
regional and aggregate levels, as well as corresponding housing media 

attention indexes, can act as important predictors in forecasting state- 
level stock returns volatility. Hence, highlighting the important role 
that the housing market can play in defining the equity market risk 
profile of the US states.

4. Conclusion

In this study, we use the GARCH-MIDAS framework to forecast daily 
U.S. state-level stock returns volatility based on monthly state and na
tional housing price returns. The in-sample analysis reveals a clear 
negative relationship between housing price returns and volatility. For 
the out-of-sample forecasts, the GARCH-MIDAS models that include 
either state or national housing price returns show significant out
performance compared to the benchmark GARCH-MIDAS-RV model 
across various forecasting horizons for 90 % of the states. Given the 
relevance of housing permits and the housing media attention index in 
the real estate market, we further incorporate these metrics into the 
GARCH-MIDAS model. These additional analyses similarly demonstrate 
substantial outperformance over the GARCH-MIDAS-RV model, aligning 
with the results obtained using housing price returns.

Our findings highlight the importance for investors to closely 
monitor both traditional and behavioral housing market variables when 
making portfolio decisions. Additionally, since state-level stock market 
volatility often mirrors regional financial uncertainties, it is crucial for 
policymakers to stay informed about trends in these housing market 
variables. As leading economic indicators, these variables can have 
lasting effects on the economy, particularly during downturns marked 
by increased equity returns volatility. Policymakers should account for 
these indirect effects of weakening housing market conditions on 
regional economic activity when designing the timing and intensity of 
policy interventions to prevent prolonged recessions and ensure eco
nomic stability. Given the potential ripple effects of housing market 
fluctuations on the equity market, policymakers could implement pro
active measures based on housing market indicators. Similarly, invest
ment professionals and market participants can improve their risk 
assessments and investment strategies by incorporating housing market 
data into their analyses. Understanding the intricate dynamics between 
the housing and equity markets adds a valuable layer to market analysis 
and decision-making.

For future research, expanding this study to a cross-country analysis 
involving both advanced and emerging stock markets would be valu
able. This could involve examining the predictability of market vola
tilities using house price returns and other real estate-related variables. 
Additionally, exploring other behavioral indicators beyond housing 
media attention indexes could further enhance our understanding of the 
relationship between housing and equity markets.
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Appendix

Table A1 
Modified DM Result [State HPR versus National HPR]

State

h = 20 h = 60 h = 120

State Housing Returns 
versus 
National Housing Returns

Alabama -2.006** -2.1161** -2.0064**
Alaska 2.3262** 2.1994** 2.123**
Arizona 4.3838*** 4.1693*** 3.9378***
Arkansas 3.7551*** 3.5804*** 3.5364***
California -9.3997*** -9.308*** -9.3506***
Colorado 8.5476*** 8.3381*** 8.0891***
Connecticut -3.524*** -3.465*** -3.3294***
Delaware 7.6065*** 7.2308*** 6.6075***
Florida -0.4152 -0.4446 -0.5352
Georgia -0.2961 -0.3264 -0.3155
Hawaii 2** 2.0754** 2.1258**
Idaho -2.3328** -2.6263*** -2.7027***
Illinois -0.9279 -0.9682 -0.9714
Indiana -5.6729*** -5.5922*** -5.2955***
Iowa 0.3662 0.3873 0.4602
Kansas 0.9836 0.9334 0.8451
Kentucky 0.937 1.2166 1.2495
Louisiana -0.1775 -0.1113 0.0338
Maine -11.2505*** -11.6227*** -11.3952***
Maryland 0.7727 0.71 0.6765
Massachusetts 6.0433*** 5.9897*** 5.8631***
Michigan 2.3961** 2.3551** 2.2729**
Minnesota -0.364 -0.3164 -0.2001
Mississippi -13.9529*** -13.9249*** -13.9799***
Missouri 1.0189 0.9838 0.9472
Montana 6.5884*** 6.6657*** 6.8776***
Nebraska 6.3021*** 6.3099*** 6.2242***
Nevada -4.6402*** -4.7015*** -4.703***
New Hampshire 8.0345*** 7.6305*** 7.71***
New Jersey 4.4656*** 4.4822*** 4.3234***
New Mexico -8.3079*** -8.6465*** -9.4634***
New York 0.6253 0.6173 0.6245
North Carolina -0.6004 -0.5761 -0.5355
North Dakota 0.3907 0.402 0.1419
Ohio 1.4263 1.3255 1.0514
Oklahoma -4.2309*** -3.8289*** -4.1258***
Oregon -2.7899*** -2.8236*** -2.756***
Pennsylvania 1.7097* 1.7377* 1.8076*
Rhode Island -3.5496*** -3.4305*** -3.1377***
South Carolina -2.6007*** -2.7028*** -2.7956***
South Dakota -16.4195*** -16.6047*** -16.3591***
Tennessee -2.612*** -2.6942*** -2.6778***
Texas -19.6094*** -19.1694*** -18.4749***
Utah 1.106 1.185 1.2735
Vermont -0.7027 -0.8348 -0.5857
Virginia 18.4472*** 18.0589*** 17.3645***
Washington 0.3185 0.2897 0.1444
West Virginia 9.7974*** 9.8795*** 9.7245***
Wisconsin -1.447 -1.3714 -1.2362
Wyoming 12.7534*** 12.7125*** 12.6175***

Note: The figures in each cell are the modified Diebold and Mariano statistics comparing GARCH-MIDAS- 
State-HPR model with GARCH-MIDAS-National-HPR model under the vertical panel labelled “State 
Housing Returns versus National Housing Returns”. Significant negative DM* values indicate out
performance of GARCH-MIDAS-State-HPR model over GARCH-MIDAS-National-HPR model, while sig
nificant positive DM* values denote preference for GARCH-MIDAS-National-HPR over GARCH-MIDAS- 
State-HPR. Statistical significance at 1 %, 5 %, and 10 %, are respectively denoted by ***, **, and *.
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