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Abstract

We compare the contribution of various popular economic policy uncertainty (EPU)
measures with that of widely-studied realized moments (realized leverage, realized
skewness, realized kurtosis, realized good and bad volatilities, realized jumps, and
realized up and down tail risks) to the performance of out-of-sample forecasts of
stock market volatility of the United States (US) over the sample period from 2011
to 2023. To this end, we construct optimal forecasting models by combining the
popular heterogeneous autoregressive realized volatility (HAR-RV) model with opti-
mal stepwise predictor selection algorithms and shrinkage estimators (lasso, elastic
net, and ridge regression), where we control for macroeconomic factors and sen-
timent as well. We find that realized moments improve out-of-sample forecasting
performance relative to the baseline HAR-RV model. EPU measures do not add to
forecasting performance beyond realized moments, and even deteriorate forecast-
ing performance as the length of the forecast horizon increases. The punchline
is that realized moments rather than EPU measures matter for forecasting stock
market volatility.
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1 Introduction

The present value model of asset prices (see, e.g., Shiller, 1981a; b) implies that

asset market volatility depends on the variability of cash flows and the discount

factor, while the general equilibrium models of Pástor and Veronesi (2012, 2013),

which shed light on the role played by uncertainty about government policy, im-

ply that policy changes raise the volatility of the stochastic discount factor. In

consequence, risk premia go up and stock returns become more volatile. Given

such a theoretical backdrop, some researchers (see, for example, Liu and Zhang

(2015), Liu et al. (2017), Gong et al. (2022), Li et al. (2023), Salisu et al.

(2023)) have utilized the newspapers-based index of economic policy uncertainty

(EPU) constructed by Baker et al. (2016) to successfully forecast stock market

volatility of the United States (US) by employing primarily variants of the general-

ized autoregressive conditional heteroskedasticity (GARCH) model of conditional

volatility.1

McAleer and Medeiros (2008) have pointed out that intraday data containing

rich information can lead to more accurate estimates and forecasts of daily asset

returns volatility. Given this, we utilized the square root of the sum of non-

overlapping squared high-frequency (5 minute-interval intraday) stock returns

observed within a day (Andersen and Bollerslev (1998)) to compute our measure

of realized volatility of US stock market volatility. As compared to the popular

GARCH model, realized volatility has the advantage that it is an observable and,

thereby, unconditional metric of volatility, which otherwise is a latent process.

The characteristic feature of models belonging to the GARCH-family is that the

1In-sample predictability is reported by Pástor and Veronesi (2013) and Goodell et al. (2020).
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conditional variance is a deterministic function of model parameters and past

data. In other words, when using GARCH models, one obtains an estimate of

volatility that is not unconditional (model-free), as it is in the case with realized

volatility. We then forecast this model-free measure of realized volatility with

extended variants of the heterogeneous autoregressive realized volatility (HAR-

RV) model of Corsi (2009), which has become increasingly popular in empirical

finance because of its ability to decode important features of financial market

volatility, such as long-memory and multi-scaling behavior.2

An additional advantage of relying on intraday data is that we were able to

compute realized moments, in our case realized leverage, realized skewness, re-

alized kurtosis, realized good and bad volatilities, realized jumps, and realized

up and down tail risks. Such realized moments have been shown to be playing

major roles in driving realized volatility of various asset returns, including the

US stock market (Mei et al., 2017; Zhang et al., 2021). As the results of our

empirical research show, this is a crucial element when it comes to appropri-

ately evaluating the role played by EPU in forecasting realized volatility, in the

sense that the HAR-RV model that includes realized moments (with or without

macroeconomic predictors and investor sentiment) tends to outperform the HAR-

RV model with EPU as an additional predictor. In this regard, it is important to

note that, unlike us, earlier researchers who have contributed to the literature

cited above on the EPU-US stock returns volatility nexus thus far have, in gen-

2The key feature of the HAR-RV model is that it uses volatilities from different time resolutions
to capture the main features of the data-generating process that drives the realized volatility. The
HAR-RV model, thereby, captures the core idea motivating the heterogeneous market hypothesis
(Müller et al., 1997), according to which different groups of market participants populate stock
markets, with the members differing in respect of their sensitivity to information flows at various
time horizons.
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eral, ignored other control variables, in particular the role played by realized

moments. Available empirical evidence, thereby, is likely to overweight the em-

pirical role of uncertainty around government policy decisions as a predictor of

stock market volatility. We were able to incorporate the information of a large

number of predictors (up to 31 predictors, depending on the forecasting model

and dataset that we study) in our augmented HAR-RV framework, because we

estimated our forecasting models by means of optimal stepwise predictor selec-

tion algorithms and popular shrinkage estimators, i.e., lasso, elastic net, and

ridge regression.

Understandably, our empirical research, being the first of its kind, is of

paramount academic value. However, given that stock market volatility is a key

input for portfolio and hedging decisions and the accuracy of volatility forecasts

is critical for the effectiveness of portfolio and risk management strategies as

well as the pricing of derivative securities (Poon and Granger, 2003; Rapach et

al., 2008), our findings should be interesting for investors as well. In order to

lay out our empirical findings, we organize the rest of the paper as follows. In

Section 2, we provide a description of the data we use in our study, while we out-

line in Section 3 our forecasting models. In Section 4, we present our empirical

results. In Section 5, we conclude.

2 Data

We used in our empirical reserarch 5-minute-interval intraday data on the S&P

500 index, with the data sourced from the Bloomberg terminal. The intraday
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dataset covers a 24-hour trading day and, thus, is ideally suited to computedaily

measures realized moments, described in more detail at the end of the paper

(Appendix A1).

As for the policy-related measures of uncertainty, we incorporated the infor-

mation from the daily news-based EPU index of Baker et al. (2016), which is

based on archives over 1000 newspapers available at Access World News’ News-

Bank service.3 As explained in detail on the internet page where the data can

be downloaded, the primary measure for the EPU index is the number of articles

that contain at least one term from each of three sets of terms, namely, “eco-

nomic” or “economy”, “uncertain” or “uncertainty”, and “legislation” or “deficit”

or “regulation” or “congress” or “federal reserve” or “white house”, corresponding

to economy (E), policy (P), and uncertainty (U), respectively. More recently, Berg-

brant and Bradley (2023) derive an alternative measure of EPU from the major

US cable news networks (CNN, Fox News, and MSNBC) using the Stanford Cable

TV News Analyzer, based on the same keywords used by Baker et al. (2016).4 In

fact, Bergbrant and Bradley (2022) provide five indexes: TV–EP, TV–PU, TV–EU

and TV–EPU (which is what we used to correspond to the newspapers-reliant

EPU), and TV–EPU–EXP, which additionally includes the terms “risk” and “risky”

in the U component. We utilized the TV–EPU index along with the newspapers-

based EPU index, as well as a measure of EPU from Twitter (Baker et al., 2021),

given that Bergbrant and Bradley (2023) found that the three sources of EPU con-

tain complementary information for volatility reactions of the US stock market.

3The data for this index is available for download from: https://policyuncertainty.com/
us_monthly.html.

4The index can be downloaded from: https://policyuncertainty.com/cable_epu.html.
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In this regard, it should be noted that Baker et al. (2021) first extract all mes-

sages (tweets) sent on Twitter that contain keywords related to uncertainty (‘un-

certain”, “uncertainly”, “uncertainties”, “uncertainty”) and the economy (“eco-

nomic”, “economical”, “economically”, “economics”, “economies”, “economist”,

“economists”, “economy”).5 The authors, using the database of tweets, then con-

struct four indexes, as described in detail on the corresponding internet page.

The TEU-ENG index: informs about the total number of daily English-language

tweets containing terms for the categories of both uncertainty and economy;

the TEU–USA index: comprises the number of these tweets that originates from

users in the US using a geo-tag-based classifier; the TEU–WGT index: modi-

fies the TEU–USA index in that it weights each tweet by: (1+log(1+number of

retweets)); TEU–SCA index: scales the number of tweets each day by the num-

ber of tweets on that day that contain the word “have”, to control for changes

in Twitter usage intensity over time. We utilized the TEU-SCA index among the

set of uncertainty variables because it produced the highest Granger-causality

effect test-statistic (of value 14.9295) on realized volatility at the 5% level of sig-

nificance.6

In terms of the first-type of control variable involving the macroeconomy,

we utilized the daily, real-time, real-activity index of Scotti (2016), which is a

surprise index based on recent economic data surprises (defined by compar-

ing the first release of the macroeconomic variable and its forecast given by the

5This Twitter economic uncertainty (TEU) index is downloadable from: https://
policyuncertainty.com/twitter_uncert.html.

6The test-statistics for the null-hypothesis that TEU–ENG, TEU–USA and TEU–WGT “does not
Granger cause R̃V ” are 14.8843, 12.8068, and 11.3299, respectively, with first two being signif-
icant at the 5% and 10% levels of significance respectively, and the last one being insignificant
even at the 10% level.
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Bloomberg median expectation), associated with the real gross domestic prod-

uct, industrial production, employees on nonagricultural payrolls or the unem-

ployment rate, retail sales, the Institute for Supply Management manufacturing

index (also known as the purchasing managers’ index), and the personal income

of the Bureau of Economic Analysis.7

As for as our alternative set of macroeconomic predictors, we employed the

macroeconomic attention indexes (MAIs) of Fisher et al. (2022) to focus on dif-

ferent macroeconomic risks of the US.8 The authors construct their indexes by

considering eight macroeconomic news categories, which reflect risks stemming

from unemployment, monetary policy, output growth, inflation, housing market,

credit ratings, oil, and the US dollar. The authors then measure the attention

of each category by constructing a word list to count the number of articles in

every category. They construct the MAIs based on a text corpus of articles from

the New York Times (NYT) and the Wall Street Journal (WSJ).

Finally, in order to capture high-frequency investor sentiment, we relied on

the time-varying risk aversion measure of Bekaert et al. (2022), which is calcu-

lated from observable daily information on detrended earnings yield, corporate

return spread, term spread, equity return realized variance, corporate bond re-

turn realized variance, and equity risk-neutral variance.9

Accounting for data availability based on the two alternative sources of macroe-

7The surprise index is available to download from the research page of the website of Dr.
Chiara Scotti at https://sites.google.com/site/chiarascottifrb/research?authuser=
0.

8The MAIs can be sourced from the data segment of the website of Professor Jinfei Sheng at:
https://sites.google.com/site/shengjinfei/data?authuser=0.

9The data can be downloaded from the website of Professor Nancy R. Xu at: https://www.
nancyxu.net/risk-aversion-index.
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conomic indicators due to Scotti (2016) and Fisher et al. (2022), along with the

other variables of interest, we compiled two data sets covering 1st June, 2011

to 30th April, 2021 and 1st June, 2011 to 31st December, 2020. We call them

Dataset 1 and Dataset 2, while discussing our findings in Section 4.

3 Methods

3.1 Forecasting Models

In order to set the stage for our forecasting exercises, we started with the classical

estimator of realized variance, i.e., the sum of squared intraday returns over a

day (Andersen and Bollerslev, 1998), as given by:

RVt =
N∑
i=1

r2t,i, (1)

where rt,i denotes the intraday N × 1 S&P 500 returns vector, and i = 1, ..., N

denotes the number of intraday returns. In our empirical analysis, we mainly

studied realized volatility, R̃V =
√
RV , to mitigate the impact of the usual large

peaks in the realized variance, and the impact of the large shock due to the

Covid-19 pandemic in particular.

The starting point of our empirical analysis was the HAR-RV model developed

by Corsi (2009). This model can be specified by the following equation:

R̃V t+h = β0 + β1R̃V t + β2R̃V w,t + β3R̃V m,t + ut+h, (2)
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where estimation was done by the ordinary-least-squares technique, βj, j = 0, .., 3

are the coefficients to be estimated, ut+h denotes a disturbance term, and R̃V t+h

is the average realized volatility over the forecast horizon, h. We analyzed a short,

an intermediate, and a long forecast horizon. Specifically, we set h = 1, 5, 22. The

predictors were the daily realized volatility, R̃V t, the weekly realized volatility,

R̃V t,w, and the monthly realized volatility, R̃V t,m. We defined the weekly realized

volatility as the average realized volatility from period t−5 to period t−1, and the

monthly realized volatility as the average realized volatility from period t − 22 to

period t− 1.

Using Equation (2) as a core unified modeling platform, we added a vector, Mt,

to study the contribution of various realized moments (realized leverage (i.e., the

value of negative realized returns which occurs on a particular day and zero oth-

erwise), realized skewness, realized kurtosis, realized good and bad volatilities,

realized jumps, and realized up and down tail risks) to forecasting performance.

We briefly summarize the computation of the realized moments at the end of the

paper (Appendix; Section A1). This gave the following extended model, referred

to as the HAR-RV-M model:

R̃V t+h = β0 + β1R̃V t + β2R̃V w,t + β3R̃V m,t + β4Mt + ut+h. (3)

where β4 is an appropriately dimensioned vector of coefficients. In order to in-

spect whether the EPU measures capturing government policy-related uncer-

tainty, UNt, add to forecasting performance, we estimated the following forecast-
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ing model:

R̃V t+h = β0 + β1R̃V t + β2R̃V w,t + β3R̃V m,t + β4Mt + β5UNt + ut+h, (4)

where β5 again denotes an appropriately dimensioned coefficient vector.

We also controlled for macroeconomic factors, Macrot, which gave the follow-

ing forecasting model:

R̃V t+h = β0 + β1R̃V t + β2R̃V w,t + β3R̃V m,t + β4Mt + β6Macrot + ut+h, (5)

where β5 denotes an appropriately dimensioned coefficient vector. Finally, we

considered an all-in forecasting model of the following format:

R̃V t+h = β0 + β1R̃V t + β2R̃V w,t + β3R̃V m,t + β4Mt + β5UNt + β6Macrot + ut+h, (6)

Rather than simply including all realized moments, uncertainty measures, and

macroeconomic factors in a large forecasting model, we used two alternative

algorithms to identify an “optimal” forecasting model, as described next in detail

in Section 3.2.

3.2 Algorithms for Selecting Predictors

The first algorithm that we used in our empirical research is an optimal stepwise

predictor selection algorithm (for a textbook exposition, see Hastie et al. (2009),

Chapter 3). This algorithm can be implemented in different ways. One way is to

opt for a forward approach. In order to describe the resulting optimal forward
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stepwise predictor selection algorithm, we use the forecasting model given in

Equation (3) as an example, but emphasize that we continued in the same way

for the forecasting models given in Equations (4)-(6).

Specifically, we started with HAR-RV model (and, hence, our forecasting

models always included the predictors of the HAR-RV model), estimated by the

ordinary-least-squared technique the forecasting models that incorporate only

one of the realized moments in addition to the predictors mentioned in Equation

(2), and stored the model for which we obtained the minimum residual sum of

squares. We then started the next round of the algorithm with this model, esti-

mated all forecasting models that include two realized moments (the one selected

in the first step plus one additional realized moment), and again identified the

forecasting model that minimizes the residual sum of squares. We continued

this process, gradually adding realized moments, until we reached the complete

forecasting model described in Equation (3). The result of application of this

optimal forward stepwise predictor selection algorithm, thus, was a sequence of

forecasting models with increasing complexity. In order to select the ultimate

“optimal” forecasting model among the models in this sequence, we employed

popular information criteria. To this end, we selected the forecasting model that

(i) maximizes the adjusted R2 statistic, (ii) minimizes the Bayesian Information

Criterion (BIC), or (iii) minimizes Mallow’s CP criterion.10

As an alternative to the optimal forward stepwise predictor selection algo-

rithm, we considered a backward variant of the algorithm. This variant follows

10For our empirical research, we used the R language and environment for statistical comput-
ing (R Core Team, 2023) and the “leaps” add-on package by Lumley (2020), which is based on
Fortran code by Alan Miller, to implement the optimal stepwise predictor selection algorithm.
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the same procedure as the optimal forward stepwise predictor selection algo-

rithm, but it starts from the full model featuring all realized moments and then

iteratively removes realized moments from the forecasting model. In addition,

we considered a hybrid approach, which combines elements of the forward and

backward predictor selection algorithms. The hybrid approach adds predictors

in a sequential way to the forecasting model as in the forecasting approach, but

then can also remove predictors that do not contribute to the fit of the forecasting

model anymore.

In order to assess the robustness of our empirical findings to the choice of the

algorithm used for selecting predictors, and to identify parsimonious forecasting

models, we considered three popular shrinkage estimators: the Lasso estimator,

an elastic net, and a Ridge regression estimator. These three shrinkage estima-

tors are special cases of the following penalized forecasting model (using again

Equation (3) as an illustrative example):

T∑
t=1

(
R̃V t+h − β0 − β1R̃V t − β2R̃V w,t − β3R̃V m,t − β4Mt

)2
+ λ

(
m||β||1 + (1−m)||β||22/2

)
,

(7)

where β (without an index) denotes the respective vector of coefficients to be

estimated (the constant and the HAR-RV terms are not penalized), and ||.|| is

the usual norm notation. One obtains the Lasso estimator as a special case

for m = 1, an elastic net as an intermediate case with some mixing parameter

0 ≤ m ≤ 1 (we set m = 0.5 in our empirical research), and the Ridge regression es-

timator as another special case for m = 0. Equation (7) shows that the basic idea

motivating the Lasso estimator is to add to the standard quadratic loss function
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that forms the foundation of the ordinary-least-squares estimator estimator a

penalty term that increases in the absolute value of the coefficients. Similarly,

the Ridge regression estimator uses a quadratic penalty term, and an elastic net

is a mixture of the Lasso and Ridge regression estimators.11

4 Empirical Results

We report the results for the optimal forward predictor selection algorithm in

Table 1. We estimated the forecasting models using the first 1,000 observations

of the data, and used the remaining data to produce out-of-sample forecasts. We

report the results for the MAE and RMSE criteria and the four different forecast

horizons under scrutiny for Dataset 1 (ending in 30th April, 2021) in Panel A and

the results for Dataset 2 (end-point being 31st December, 2020) in Panel B. Four

main results emerge. First, we observe for all three model selection criteria (that

is, adjusted R2, BIC, and CP) that the HAR-RV-M model outperforms the HAR-

RV model at the short and intermediate forecast horizons, while the two models

exhibit a similar forecasting performance for the long forecast horizon. Second,

the HAR-RV-M model in general dominates the HAR-RV-MACRO model, and this

dominance is more pronounced under the RMSE than under the MAE criterion.

Third, the HAR-RV-M-UN model does not add to forecasting performance relative

to the HAR-RV-M model at short and intermediate the forecast horizons, and

even performs worse than the latter at the long forecast horizon when we study

the RMSE criterion. Hence, the uncertainty measures do not help to improve

11We used the R add-on package “grf” (Tibshirani et al., 2022) to implement the shrinkage
estimators.
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forecasting performance in any substantial way relative to realized moments.

Fourth, the HAR-RV-M model outperforms the HAR-RV-MACRO-UN model, a

result that basically is a synthesis of our other three results.

− Table 1 about here. −

We next repeated our out-of-sample forecasting experiment with the natural log-

arithm of the realized variance being now the variable to be predicted. Studying

the natural logarithm of the realized variance is interesting because it not only

mitigates the impact of large peaks but rather such a transformation also brings

the data closer to normality. We summarize the results in Table 2. The results

corroborate the four main results documented in Table 1. Specifically, the un-

certainty measures to not go beyond realized moments in improving forecasting

performance at the short and intermediate forecast horizons and even deterio-

rate forecast accuracy at the long forecast horizon, a result we observed for both

Dataset 1 and Dataset 2.

− Table 2 about here. −

We summarize the results for the three shrinkage estimators (that is, the Lasso

estimator, the elastic net, and the Ridge regression estimator) in Table 3. The

picture that emerges closely resembles the results we obtained for the optimal

predictor selection algorithms. The HAR-RV-M model outperforms the HAR-RV

model at the short and intermediate forecast horizons. The HAR-RV-M model

also performs better in general than the HAR-RV-M-MACRO model, especially

when we consider the RMSE criterion. Moreover, the performance of the HAR-

RV-M-UN model does not deviate much from the performance of the HAR-RV-M

13



model at the short and intermediate forecast horizons, but tends to deteriorate

relative to the performance of the latter in the forecast horizon when we consider

the RMSE criterion. Finally, the HAR-RV-M-MACRO-UN model does not improve

upon the HAR-RV-M model.

− Tables 3 and 4 about here. −

We report in Table 4 results of the Clark and West (2007; CW) test for the three

shrinkage estimators, where we focus on a comparison of the HAR-RV vs. HAR-

RV-M and the HAR-RV-M-UN vs. HAR-RV-M models. The null hypothesis stip-

ulates an equal predictive performance of the two models, while the alternative

hypothesis is that the rival model performs better than the benchmark model.

Hence, the CW test is a one-sided test. The test results are statistically signif-

icant at the short and intermediate forecast horizons as far as the comparison

of the HAR-RV vs. HAR-RV-M models is concerned. Moreover, the test results

are statistically significant at the intermediate and long forecast horizons when

we compare the HAR-RV-M-UN vs. HAR-RV-M models, in line with our other

results.

− Table 5 about here. −

As another exercise, we studied a recursive estimation window. To this end, we

used the first 1,000 observations of the data as an initialization period, and then

expanded the estimation window recursively until we reached the end of the

sample period. For every recursion step, we produced out-of-sample forecasts

by means of the optimal forward predictor selection algorithm. As compared to

the fixed estimation window, the results we report in Table 5 are qualitatively
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similar. In particular, adding the uncertainty measures to the array of predictors

does not systematically improve forecasting performance relative to the HAR-

RV-M model. The latter even performs somewhat better than the HAR-RV-M-UN

model when we increase the length of the forecast horizon.

At the end of the paper (Appendix), we summarize the results of several

robustness checks. In Table A1, we report the results we obtained when we

changed from a forward to an optimal backward predictor selection algorithm,

while we obtained the results Table A2 by means of an optimal hybrid predictor

selection algorithm. Furthermore, we considered alternative datasets. To this

end, we first conducted causality tests. A Granger causality analysis revealed

that, in terms of the strength of causality (value of the test statistic) to R̃V , the

ordering of the cable news networks-based EPUs is as follows: TV–EPU–EXP

(19.3964), TV–EP (15.8508), TV–EU (14.1854), TV–EPU (11.4940), and TV–PU

(6.6550), with the first three cases being significant at the 1% level, the fourth

one significant at the 5% level, and the fifth case showing up as insignificant.

Since the TV–EPU is not necessarily the strongest predictor of R̃V , to ensure

that we do not underestimate the role of uncertainty emanating from the mak-

ing of economic policy, in Panel A of Table A3, we summarize the results we

obtained when we simultaneously incorporated the various EPUs derived from

cable news channels, i.e., TV–EPU–EXP, TV–EP, TV–EU, TV–EPU, and TV–PU,

over the longest period involved in our empirical study stretching from 1st July,

2010 to 30th November, 2023, which we call Dataset 3.12 In Panel B of the same
12While TEU data are not available going back to July, 2010, the newspapers-based EPU was

not included, as Granger causality to R̃V revealed a test-statistic value of 3.2709, which was not
significant even at the 10% level.
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table, we present the results we obtained for an alternative dataset covering the

relatively longer period of 1st June, 2011 to 20th April, 2023, i.e., Dataset 4,

which we constructed by ignoring the macro variables and investor sentiment.

Finally, as a final robustness check, we tabulate in Table A4 the results for the

optimal forward predictor selection as applied to a rolling-estimation window.

The results of all robustness tests corroborated our main findings that realized

moments rather than uncertainty measures matter for forecasting stock market

volatility.

5 Concluding Remarks

In recent research, researchers have derived propositions from theoretical mod-

els that uncertainty surrounding policy decisions of the government, i.e., eco-

nomic policy uncertainty (EPU), drive stock market volatility, with some empiri-

cal studies depicting that indeed there are forecasting gains for US stock returns

from utilizing the role of EPU. However, in this empirical research, utilizing in-

traday data, we have documented that realized moments rather than various

popular EPU indexes matter for forecasting the realized volatility of US stock

market returns. Using the well-known HAR-RV model as a unified modeling

platform, we have obtained our main result based on a data-driven approach by

applying optimal predictor selection algorithms and shrinkage estimators (lasso

estimator, elastic net, ridge regression), with our findings being robust to several

modifications of the forecasting setting involving a wide-array of macroeconomic

and behavioral predictors.
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A relevant question to ask at this stage would be: Why do our results differ

from results documented in earlier literature that show an important predictive

role of EPU for US stock returns volatility? The difference arises because the

realized moments basically internalize the role of uncertainty in the stock price

itself at each point in time, especially at a high-frequency (Bonato et al., 2023).

This line of reasoning is vindicated by the fact that, several studies in this area

(see, for example, Liu and Zhang (2015), Li et al. (2023), Salisu et al. (2023)) are

based on GARCH-mixed data sampling (GARCH-MIDAS) models, whereby daily

conditional volatility has short- and long-run components, and monthly EPU is

designed to impact the latter. Hence, it is indeed possible that the impact of

government policy-related uncertainties relate to the slow-moving component of

volatility rather than the fast one, with this observation corroborating the fact

that monthly EPU tends to predict monthly realized volatility, as in Gong et al.

(2022), but daily EPU might not impact daily conditional GARCH-based volatil-

ity, especially in (GJR-GARCH (Glosten et al., 1993)) models that account for

moments like leverage (see, Liu et al. (2017)), as we do in our HAR-RV frame-

work.

Given these observations, as part of extensions to our current empirical anal-

ysis, it is interesting to forecast intraday data-based daily realized volatility using

the information content of monthly EPU by estimating the HAR-RV model based

on the reverse-MIDAS technique, developed by Foroni et al. (2018). Alternatively,

staying within the realms of same- and/or mixed-frequency, one can possibly in-

terrogate the role of various financial markets-related measures of uncertainty
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in forecasting stock market volatility.13 In any case, based on our empirical

findings, we conclude that in spite of theoretical predictions, on the practical-

front, investors should closely track realized moments rather than EPU when

they need to produce forecasts of the realized US volatility stock market volatility

to be utilized as inputs in their portfolio allocation decisions. Finally, another

significant avenue for future research is the extension of the current framework

of this sudy to international markets. This comparative analysis could reveal

whether the findings, particularly regarding the relative importance of EPU and

realized moments, hold across different financial environments. By examining

markets with varying characteristics, such as emerging versus developed mar-

kets or markets under different regulatory regimes, researchers could assess

whether the the current results can be generalized in a broader context. Fur-

thermore, this international perspective would allow for an in-depth understand-

ing of how and when in time regional economic policies, market structures, and

investor behaviors influence stock market volatility, by providing a richer global

view of financial dynamics.

13This line of research is motivated further by the finding that the various versions of the
Twitter-based economic uncertainty (TEU) translated to the equity market (TMU), namely, TMU–
ENG, TMU–SCA, TMU–USA, and TMU–WGT, produce a statistically significant Granger causal
impact on R̃V , with the respective test-statics given by 36.8574, 38.5873, 77.2646, and 86.7875
with all of them being significant at the 1% level.
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Appendix

A1 Realized Moments

The following brief description of how we calculated the various realized mo-

ments follows closely the description outlined in the recent paper by Bonato et

al. (2024). For a a more detailed formal description of the derivation of the re-

alized moments, we refer an interested reader to that paper, and links to the

relevant literature.

To capture potential sign asymmetries in the realized-variance process, we

estimated good and bad realized variance as follows:

RV Bt=
M∑
i=1

r2t,i 1[(rt,i)<0], (A1)

RV Gt=
M∑
i=1

r2t,i 1[(rt,i)>0], (A2)

where 1 denotes the indicator function.

We calculated realized skewness, RSK, and realized kurtosis, RKU , as fol-

lows:

RSKt =

√
M
∑M

i=1 r
3
(i,t)

RV
3/2
t

, (A3)

RKUt =
M
∑M

i=1 r
4
(i,t)

RV 2
t

. (A4)

where we computed the sum over the intraday returns, ri,t, i = 1, ...,M , as ob-

served on day t.

Given that realized variance comprises both a discontinuous (jump) compo-
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nent and a permanent component, we obtained realized jumps as follows:

lim
M→∞

RVt =

∫ t

t−1
σ2(s)ds+

Nt∑
j=1

k2t,j, (A5)

where Nt = number of jumps within day t, and kt,j = jump size. Hence, RVt

is a consistent estimator of the jump contribution plus the integrated variance∫ t
t−1 σ

2(s)ds.

Next, we consider the daily realized bipolar variation, BVt, given by

BVt = µ−21

(
M

M − 1

) M∑
i=2

|rt,i−1||ri,t| =
π

2

M∑
i=2

|rt,i−1||ri,t|, (A6)

where limM→∞BVt =
∫ t
t−1 σ

2(s)ds, and µa = E(|Z|a), Z ∼ N(0, 1), a > 0. A consistent

estimator of the pure daily jump contribution is defined as:

Jt = RVt −BVt. (A7)

where we implemented the following test of the statistical significance of the jump

component:

JTt =
RVt −BVt

(vbb − vqq) 1
N
QPt

, (A8)

where vbb =
(
π
2

)
+ π − 3 and vqq = 2, and QPt is defined as the daily Tri-Power

Quarticity:

TPt = M
M

M − 2

(
Γ(0.5)

22/3Γ(7/6)

) M∑
i=3

|rt,i|4/3|rt,i−1|4/3|rt,i−2|4/3, (A9)

which converges to TPt →
∫ t
t−1 σ

4(s)ds, even in the presence of jumps. For each t,
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JTt ∼ N(0, 1) as M →∞.

A non-negative jump contribution obtains be redefining the jump measure as

follows:

RJt = max(RVt −BVt; 0). (A10)

In order to obtain measures of tail risk, we constructed Xt,i, the set of reordered

intraday returns rt,i, such that Xt,i ≥ Xt,j for i < j with i, j = 1, . . . ,M where M =

number of observations per day. We computed the positive tail risk estimator as

Hup
t =

1

k

k∑
j=1

ln(Xt,j)− ln(Xt,k) (A11)

and the negative tail risk estimator as

Hdown
t =

1

k

M∑
j=n−k

ln(Xt,j)− ln(Xt,M−k) (A12)

where k = observation denoting the chosen α tail interval.
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A2 Robustness Checks
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