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Abstract

We examine the forecasting power of a daily newspaper-

based index of uncertainty associated with infectious

diseases (EMVID) for real estate investment trusts (REITs)

realized market variance of the United States (US) via the

heterogeneous autoregressive realized volatility (HAR-RV)

model. Our results show that the EMVID index improves

the forecast accuracy of realized variance of REITs at short-

, medium-, and long-run horizons in a statistically significant

manner, with the result being robust to the inclusion of

additional controls (leverage, realized jumps, skewness, and

kurtosis) capturing extreme market movements, and also

carries over to 10 sub-sectors of the US REITs market. Our

results have important portfolio implications for investors

during the current period of unprecedented levels of

uncertainty resulting from the outbreak of COVID-19.
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1 | INTRODUCTION

The COVID-19 outbreak, which started off as a regional crisis in China, before swelling to an unprecedented health

crisis on a global scale, is the first pandemic in the 21st century, and can be regarded as a catastrophe for the human

race (Gupta et al., 2021). On the economic front, the lockdown instituted to contain the spread of the virus triggered

the worst economic downturn since the “Great Depression” (Gupta et al., 2020). In parallel, financial markets

plummeted to their lowest levels since the Global Financial Crisis (GFC) of 2007–2009 (Zhang et al., 2020), due to

substantial and unprecedented spike in uncertainty (Bouri et al., 2020). In this regard, the securitized real estate mar-

kets, that is, real estate investment trusts (REITs), which is considered an important asset class globally and particu-

larly in the United States (US), have also not been spared with a loss of nearly 30% worldwide and 32% in the US

(Akinsomi, 2020).

REITs have witnessed tremendous growth in the US since the early 1990s. According to the National Asso-

ciation of Real Estate Investment Trusts (NAREIT), REITs of all types collectively own more than 3 trillion US dol-

lars in gross real estate assets across the US, with stock-exchange listed REITs holding ~2 trillion US dollars in

assets, and US-listed REITs having an equity market capitalization of more than 1 trillion US dollars. The success

in attracting such a massive scale of investment capital is mainly because REITs are accessible to all investors

irrespective of portfolio size. Further, with REITs being exchange-traded funds that earn most of their income

from investments in real estate, REITs have been the epicenter of research interest (particularly since the Global

Financial Crisis, which had its roots in the collapse of the US real estate sector) as their returns do not suffer

from measurement error and high transaction costs compared to other real estate investments, and provide a

very good high-frequency proxy for the real estate market, since REITs shares trade as common stocks (Marfatia

et al., 2017). Understandably, accurate forecasting of REITs variance is an important issue for academics,

policymakers, and investors, given that variance, as a measure of risk, plays a critical role in portfolio diversifica-

tion, derivatives pricing, hedging, and financial risk management. Against this backdrop, the objective of our

paper is to assess, for the first time,1 the ability of historical uncertainty related to infectious diseases of various

types (such as MERS, SARS, Ebola, H5N1, H1N1, and of course the Coronavirus) in predicting the future path of

REITs realized variance.

In this regard, a necessary first step is to quantify uncertainty related to infectious diseases in a way that

would act as suitable input into a statistical model for predicting REITs variance. In this regard, we use the

recently developed newspaper-based index of Baker et al. (2020), which tracks daily equity market volatility

(EMV), in particular the movements in the Chicago Board Options Exchange (CBOE)'s Volatility Index (VIX), due

to infectious diseases. Given the current emphasis2 that intraday data leads to more precise estimates and fore-

casts for daily return variance of the REITs (Odusami, 2020; Zhou, 2017, 2020a, 2020b), we contribute to this

burgeoning line of research, by forecasting the realized variance (RV) of US REITs returns, computed from

5-min-interval intraday data, based on a modified version of the popular Heterogeneous Autoregressive (HAR) model

introduced by Corsi (2009). More specifically, we extend the basic HAR-RV model to incorporate information on

daily EMV due to infectious diseases (EMVID) and examine its forecasting power over the period September 2008

to August 2020.

At this stage, it is important to highlight the fact that the main channel through which we expect the

EMVID index to affect REITs RV is through the “leverage effect,” which is a dominant feature of REITs returns

(Kawaguchi et al., 2017). This effect implies that the negative impact on REITs returns in the wake of “bad news”
associated with an increase in financial uncertainty due to the outbreak of infectious diseases would translate into

higher REITs volatility. Furthermore, the REITs sector is also likely to be affected by volatility spillovers from other

financial sectors following an EMVID shock, given the strong interconnectedness of financial markets, including

REITs markets (Tiwari et al., 2020). We organize the remainder of our paper as follows: Section 2 outlines the data

and the methodology, Section 3 presents the results, and Section 4 concludes.
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2 | DATA AND METHODOLOGY

2.1 | Data

We use intraday data on the FTSE Nareit All REITs Index (FNAR)3 over a 24 h trading day to construct daily mea-

sures of realized variance (RV), the corresponding good (RVG) and bad (RVB) variants, and the other covariates, that

is, leverage (LEV) based on days which register negative values of daily returns (and zero else; returns being com-

puted as the end of the day price difference [logs, close to close]), realized jumps (JUMPS), realized skewness (RSK),

realized kurtosis (RKU), which we use as additional controls. The usage of LEV, JUMPS, RSK, and RKU in the model is

important, as it will highlight the robust forecasting role, if any, of the infectious diseases-related uncertainty, over

and above these variables capturing extreme behavior of the REITs market. In this regard, it should also be noted

that we include the variable LEV in our analysis because it allows the incremental “leverage effect” due to EMVID

shocks to be isolated. Besides the FNAR index, given that COVID-19 may have a differential impact on REITs

sectors,4 as an additional analysis, we also investigate the role of uncertainty due to infectious diseases for sectoral

REITs namely, All Equity (FNER), Industrial (FNIND), Office (FNOFF), Retail (FNRET), Apartment (FNAPT), Residential

(FNRES), Shopping (FNSHO), Health Care (FNHEA), Composite (FNCO), and Regional Malls (FNMAL). The price data,

in a continuous format, are obtained from Bloomberg.

The daily measure of uncertainty due to infectious diseases (EMVID) is publicly available from: http://

policyuncertainty.com/infectious_EMV.html, and is developed by Baker et al., (2020), with index being newspaper-

based infectious disease EMV tracker, available at the daily frequency from January, 1985 till recent days. To con-

struct the EMVID, Baker et al., (2020) specify four sets of terms namely, E: economic, economy, financial; M: “stock
market,” equity, equities, “Standard and Poors”; V: volatility, volatile, uncertain, uncertainty, risk, risky; ID: epidemic,

pandemic, virus, flu, disease, coronavirus, mers, sars, ebola, H5N1, H1N1, and then obtain daily counts of newspaper

articles that contain at least one term in each of E, M, V, and ID across ~3000 US newspapers. After this, the raw

EMVID counts is scaled by the count of all articles in the same day, and finally, the authors multiplicatively rescale

the resulting series to match the level of the VIX, by using the overall EMV index, and then scaling the EMVID index

to reflect the ratio of the EMVID articles to total EMV articles. Based on data availability of the two variables under

consideration, our analysis covers (after removal of weekends, public holidays, etc.) the sample period September

19, 2008–August 13, 2020. Figure 1 plots our data.

500 1500 2500

0.
00

2
0.

00
6

Time (in days)

R
V

500 1500 2500

20
60

10
0

Time (in days)

R
K

U

500 1500 2500

-5
0

5

Time (in days)

R
S

K

500 1500 2500

0.
00

0
0.

00
2

0.
00

4

Time (in days)

JU
M

P

500 1500 2500-0
.2

0
-0

.0
5

0.
10

Time (in days)

R
E

F

500 1500 2500

0
20

40
60

Time (in days)

E
M

V
ID

F IGURE 1 The data. RV, realized variance; RKU, realized kurtosis; RSK, realized skewness; JUMP, realized jumps;

RET, daily returns; EMVID, Infectious diseases
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2.2 | Methodology and higher-moments

For the forecasting analysis, we use variants of the widely-studied HAR-RV framework of Corsi (2009) to model and fore-

cast daily realized REITs variance. While the HAR-RV model apparently has a simple structure, it has become increasingly

popular in the literature because it is able to capture long memory and multi-scaling behavior of REITs market variance

(Assaf, 2015; Pavlova et al., 2014; Zhou, 2011, 2020a). In our application, the benchmark HAR-RV model is given by:

RVtþh ¼ β0þβdRVtþβwRVw,tþβmRVm,tþεtþh ð1Þ

where the index h denotes the forecast horizon, and (for h>1) RVtþh denotes the average realized variance over the

h-days forecast horizon, with h¼1, 5, and 22 in our context. In addition, RVw,t is the average RV from day t�5 to

day t�1, while RVm,t denotes the average RV from day t�22 to day t�1.

In addition, we also investigate an extended version of the HAR-RV model in Equation (1) by incorporating LEV,

JUMPS, RSK, and RKU as follows:

RVtþh ¼ β0þβdRVtþβwRVw,tþβmRVm,tþβ1LEVtþβ2JUMPStþβ3RSKtþβ4RKUtþεtþh ð2Þ

To capture the role of uncertainty due to infectious diseases, the models in the above two equations are modified to

include the EMVID index as follows:

RVtþh ¼ β0þβdRVtþβwRVw,tþβmRVm,tþθEMVIDtþεtþh ð3Þ

and,

RVtþh ¼ β0þβdRVtþβwRVw,tþβmRVm,tþβ1LEVtþβ2JUMPStþβ3RSKtþβ4RKUtþθEMVIDtþεtþh ð4Þ

In this regard, it must be pointed out that we use the classical estimator of RV, that is, the sum of squared intraday

returns (Andersen & Bollerslev, 1998), expressed as

RVt ¼
XM
i¼1

r2t,i ð5Þ

where rt,i is the intraday M�1 return vector and i¼1,…,M is the number of intraday returns.

Upward (“good,” RVG) and downward (“bad,” RVB) realized variance (semi-variance) can serve as measures of

downside and upside risk, and capture the sign asymmetry in the price process. Thus, we also forecast RVG and RVB

based on the information content of the EMVID, by replacing RV (RVGþRVB) in the above equation by RVG and

RVB in turn. In line with Barndorff-Nielsen et al. (2010), we compute bad and good realized semi-variance as:

RVGt ¼
XM
i¼1

r2t,i 1 rt,ið Þ >0½ �, ð6Þ

RVBt ¼
XM
i¼1

r2t,i 1 rt,ið Þ<0½ �: ð7Þ

Odusami (2020) documents the presence of volatility jumps (JUMPS) in higher frequency REITs returns, to which we

turn next, in addition to RSK and RKU. Barndorff-Nielsen and Shephard (2004) show that realized variance converges

into permanent and discontinuous (jump) components as:
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lim
M!∞

RVt ¼
ð t
t�1

σ2 sð Þdsþ
XNt

j¼1

k2t,j, ð8Þ

where Nt is the number of jumps within day t and kt,j is the jump size. This specification suggests that RVt is a consis-

tent estimator of the integrated variance
Ð t
t�1σ

2 sð Þds plus the jump contribution. The asymptotic results of

Barndorff-Nielsen and Shephard (2004, 2006) further show that:

lim
M!∞

BVt ¼
ð t
t�1

σ2 sð Þds, ð9Þ

where BVt is the realized bipolar variation defined as:

BVt ¼ μ�2
1

M
M�1

� �XM
i¼2

j rt,i�1kri,t j¼ π

2

XM
i¼2

j rt,i�1kri,t j , ð10Þ

and

μa ¼E Zj jað Þ,Z�N 0,1ð Þ,a>0: ð11Þ

Having defined the continuous component of realized variance, a consistent estimator of the pure jump contribution

can then be expressed as

Jt ¼RVt�BVt: ð12Þ

In order to test the significance of the jumps, we adopt the following formal test estimator proposed by Barndorff-

Nielsen and Shephard (2006):

JTt ¼ RVt�BVt

vbb�vqqð Þ 1NQPt
, ð13Þ

where QPt is the Tri-Power Quarticity defined as:

TPt ¼M
M

M�2
Γ 0:5ð Þ

22=3Γ 7=6ð Þ

 !XM
i¼3

rt,ij j4=3 rt,i�1j j4=3 rt,i�2j j4=3, ð14Þ

which converges to

TPt !
ð t
t�1

σ4 sð Þds, ð15Þ

even in the presence of jumps. vbb ¼ π
2

� �þπ�3 and vqq ¼2. Note that for each t, JTt �N 0,1ð Þ as M!∞.

As can be seen in Equation (12), the jump contribution to RVt is either positive or null. Therefore, in order to

avoid having negative empirical contributions, we follow Zhou and Zhu (2012) and re-define the jump measure as

RJt ¼max RVt�BVt;0ð Þ: ð16Þ
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Finally, we compute RSK RKU as measures of the higher-moments of the daily REITs returns distribution. Like Amaya

et al. (2015), we consider RSK as a measure of the asymmetry of the daily REITs returns distribution, and RKU as a

measure that accounts for extremes. Given the intraday returns and realized variance, RSK on day t is

RSKt ¼
ffiffiffiffiffi
M

p PM
i¼1r i,tð Þ3

RV3=2
t

, ð17Þ

while, RKU on day t is given by

RKUt ¼
M
PM

i¼1r i,tð Þ4

RV2
t

: ð18Þ

The scaling of RSK and RKU by Mð Þ1=2 and M, respectively, makes sure that their magnitudes correspond to daily

skewness and kurtosis.

3 | EMPIRICAL RESULTS

Table 1 summarizes the results (p-values) of the Clark and West (2007) test for an equal out-of-sample mean-

squared prediction error (MSPE). In order to compute out-of-sample forecasts, we use a rolling-estimation win-

dows (250, 500, 1000, 1500, and 200 observations). We study three different forecast horizons (h¼1,5,22),

corresponding to daily, weekly, and monthly forecasts. We construct the data matrix such that the number of

forecasts is the same for all forecast horizons. In addition, we present results for the realized standard

variance and also for the realized downward (“bad”) variance, and the realized upward (“good”) variance.
Panel A of Table 1 depicts the results that we obtain when we compare the baseline HAR-RV model with the

HAR-RV model that features infectious diseases as an additional predictor. The results demonstrate that infectious

diseases improve the overall forecast performance of the HAR-RV model at all three forecast horizons being studied,

where two results for realized bad volatility are insignificant at the 10% level of significance.

Panel B of Table 1 depicts the results that we obtain when we study an extended model that includes, in addi-

tion to the standard predictors of the baseline HAR-RV model, measures of realized skewness, realized kurtosis, real-

ized jumps, and a leverage effect. While, as one would have expected, a few test results turn out to be insignificant,

the key message to take home is unchanged: Infectious diseases help to forecast realized (standard, bad, and good)

realized variance.

Panel C of Table 1 depicts the test results for a HAR-RV model estimated on realized volatility (that is, the

square root of realized variance). In this model, we use the square root of infectious diseases as a predictor. We pre-

sent results for this model because Figure 1 shows periods of relatively high realized variance and infectious diseases

at the beginning and the end of our sample period. The test results again witness that infectious diseases help to pre-

dict realized volatility and its bad and good variants.

In Table 2, we dig a bit deeper and present results for sectoral data for the baseline model (and realized standard

volatility). The results for the sectoral data corroborate the results for the overall market. Extending the standard

HAR-RV model to include data on infectious diseases as an additional predictor helps to improve the overall forecast

performance of the model in terms of the MSPE.

In Table 3, we report for the baseline model results for a pre-COVID-19 subsample period and a COVID-19

subsample period. The results of the subsample analysis demonstrate that the case for using infectious diseases as

an additional predictor forecasting REITs realized volatility has strengthened during the recent pandemic. While we
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observe significant test results mainly for the short/intermediate rolling-window lengths before the pandemic, all test

results are significant for the COVID-19 subsample period.5

4 | CONCLUSION

Given the recent turmoil in the financial markets due to the outbreak of the COVID-19 pandemic, this paper extends the

literature on forecasting US REITs market variance, derived from intraday data, in a novel direction by exploring the pre-

dictive power of a daily newspaper-based metric of uncertainty associated with infectious diseases (EMVID). When the

information from this index is included in a HAR-RV model, we find that the EMVID index significantly improves the fore-

casting performance of the benchmark HAR-RV model that does not include this index. The result is robust to the inclu-

sion of leverage, realized jumps, realized skewness, and realized kurtosis, and also carries over to 10 sub-sectors as well.

Given the tremendous growth of REITs as an asset class, and hence, the importance of accurate variance fore-

casts in the computation of optimal investment positions, our findings suggest that incorporating uncertainty associ-

ated with infectious diseases in forecasting models can help to improve the design of portfolios that include REITs.

As part of future research, it would be interesting to extend our study to international REITs markets.
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ENDNOTES
1 In-sample analyses of the impact of policy-related and financial market uncertainties can be found in the works of Ajmi

et al. (2014), Sadhwani et al. (2019), and Odusami (2020).
2 Earlier studies on modeling and forecasting of REITs volatility were primarily based on Generalized Autoregressive Condi-

tional Heteroscedasticity (GARCH)-type models (see Lee and Pai (2010), Zhou and Kang (2011), and Pavlova et al. (2014),

for detailed reviews of this literature).
3 The FTSE Nareit All REITs Index is a market capitalization-weighted index that and includes all tax-qualified real estate

investment trusts (REITs) that are listed on the New York Stock Exchange, the American Stock Exchange or the NASDAQ

National Market List. The FTSE Nareit All REITs Index is not free float adjusted, and constituents are not required to meet

minimum size and liquidity criteria.
4 See: https://www.reit.com/news/blog/market-commentary/outlook-reits-during-covid-19-crisis.
5 Similarly, visual inspection of a graph (not reported, but available upon request) of the cumulated sum of squared forecast

error clearly showed the strong contribution of infectious diseases to forecast accuracy during the recent pandemic.
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