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ABSTRACT

This study aims to examine the usefulness of corporate profits in predicting the return volatility of sectoral stocks in the United

States. We use a GARCH-MIDAS approach to keep the datasets in their original frequencies. The results show a consistently

positive slope coefficient across various sectoral stocks. This implies that higher profits lead to increased trading of stocks and,

subsequently, a higher volatility in the long run than usual. Furthermore, the analysis also extends to predictability beyond the

in-sample. We find strong evidence that corporate profits can predict the out-of-sample long-run return volatility of sectoral

stocks in the United States. These findings are significant for investors and portfolio managers.

JEI Classification: C53, G15, N22, L25

1 | Introduction

The volatility of stock markets is not solely due to demand and
supply forces. It is increasingly influenced by external mac-
roeconomic factors such as interest rates, inflation, oil prices,
and exchange rates (see Bouri 2015; Bouri, Awartani, and
Maghyereh 2016; Bouri, Salisu, and Gupta 2023; Raza et al. 2016;
Khan, Nasir, and Rossi 2017; Tachibana 2018; Mahapatra and
Bhaduri 2019; Salisu, Gupta, and Demirer 2022). Other factors
include uncertainties stemming from historical events, both eco-
nomic and non-economic in nature. Examples include the 2008
global financial crisis, the COVID-19 outbreak, and geopolitical
conflicts such as the Russian/Ukraine war, the September 11 at-
tacks, Irag-Kuwait war, among others. It is worth noting, how-
ever, that macroeconomic factors and geopolitical and economic
events indirectly impact stock values by affecting firms' profits,
also known as corporate profit. In other words, these external
factors influence the stock market by influencing firms' profit
through growth and reinvestment opportunities, economic cy-
cles, market expectations, leverage, regulatory changes, and tax

policies. Based on this perspective, we suggest that the level and
volatility of the stock market rate of return can be directly ex-
plained by fundamentals, which we define as the incremental
rate of profit in the corporate sector. The underlying idea is that
the real incremental rate of profit represents the “required” rate
of returns for the stock market (see Shaik 1995).

The above mechanism of the dynamics of connection between
stock markets and corporate profits not only gives credence to
the idea that corporate insiders have more information about
their company than outsiders but also finds support in the effi-
cient market hypothesis (EMH) by Fama (1970). The EMH as-
sumes that markets can fully integrate information, providing
equal opportunities for buyers and sellers of securities. One such
piece of insider information capable of altering the dynamics of
stock markets is corporate profits. It is reasonable to expect that
profitability, as a measure of sound financial performance, will
impact the pricing and yields of equity securities. This is because
maximizing shareholder wealth involves increasing the share
prices that investors are targeting. In general, sales revenue
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reflects the external value created by a firm through favorable
sales returns, which in turn affects profitability. It represents
internal value and communicates positive information in the
market, leading to positive external returns. Once a company
declares a dividend, the stock becomes more attractive to inves-
tors, and the increased interest in the company creates demand,
increasing the value of the stock (see Yin and Nie 2020). This
implies that dividend-paying stocks can improve the overall per-
formance of stock markets, even though there has also been an
episode of stock markets adversely affected by uncertainty about
the reliability of profits disclosed by corporations.

Indeed, the relationship between dividends and the stock mar-
ket has been increasingly studied in finance literature. Fama
and French (2015, 2018) introduced profitability as a factor in
new multifactor asset pricing models, and subsequent research
by Hou, Xue, and Zhang (2015), Hou et al. (2017), Jiang, Qi,
and Tang (2018), Asness, Frazzini, and Pedersen (2019), Kyosey
et al. (2020), Yin, Wei, and Han (2020), and Liu, Yang, and
Su (2023) has shown that changes in profitability can predict
firms' stock returns. However, there has been relatively less ex-
ploration into whether corporate profits affect the volatility dy-
namics of the stock market, despite the potential for stock price
fluctuations due to changes in corporate profits. For example,
strong earnings (positive earnings surprises) can boost investor
confidence and lower volatility. In contrast, disappointing earn-
ings (negative earnings surprises) can create uncertainty and
lead to major market fluctuations and increased volatility. In
other words, when investors are optimistic about expected earn-
ings, volatility tends to decrease, while the opposite is likely to
occur when investors are pessimistic about expected earnings.
Given that these investor sentiments contribute to stock market
volatility through changes in firms' profits, it is important to
examine the role of corporate profit in predicting stock return
volatility. To test this predictability, we employ a predictive-
based generalized autoregressive conditional heteroscedasticity
(GARCH) model with a mixed data sampling (MIDAS) option to
contribute to the literature on the following grounds.

First, volatility is the rate of change in the price of a financial
asset over a given period; consequently, the greater the volatil-
ity, the greater the risk of substantial gain or loss. In conformity
with the assertion that many investors would prefer stocks that
support more predictable earnings and therefore carry less risk,
quite a number of the extant studies reveal compelling evidence
in support of the impact of favorable dividends on reducing stock
price risk (Anwar, Singh, and Jain 2015; Phan and Tran 2019;
Ali and Hegazy 2022; Quaye and Tunaru 2022; Guo, Li, and
Wang 2023). However, these studies are predominantly based
on impact analyses and, therefore, offer little insight into the
forecasting power of corporate profits in the long-run predict-
ability of the volatility dynamics of stock returns. Consequently,
conduct both the in-sample and out-of-sample forecast analyses
since significant in-sample predictability outcomes do not nec-
essarily translate into improved out-of-sample forecast gains.
This exercise enables us to evaluate if the historical data on cor-
porate profits can help us predict future stock market risk. In
practice, investors and policymakers rely more on out-of-sample
forecasts, as future investment decisions are based on the ex-
pected level of risks, which can be estimated from the volatility
forecast.

Second, the factors that influence corporate profits often differ
from stock prices and market developments. Stock market trad-
ing occurs daily, while companies typically distribute earnings
to shareholders in cash or stock reinvestment each quarter. As
a result, corporate actions, such as dividend pay-outs, tend to
change slowly relative to stock prices that change frequently.
Therefore, assuming the same frequency for the two variables
(by aggregating higher frequency to lower frequency) may re-
duce the predictive value of the key feature of daily frequency.
Thus, accommodating these variables at their natural frequen-
cies provides more useful insights into understanding the con-
nection and shows how such information can be utilized from
both in-sample and out-of-sample perspectives. In other words,
analyses focused on changes in profitability and stock returns/
volatility have consistently used a data-slicing and averaging
approach (Yin, Wei, and Han 2020; Liu, Yang, and Su 2023).
However, relying on the same approach, especially when inter-
ested in out-of-sample volatility forecasts, may produce less real-
istic results. For example, the main reason that high-frequency
data can greatly improve forecast accuracy is that volatility is
highly persistent, so a more accurate measure of current vola-
tility, which high-frequency data provides, is valuable for fore-
casting future volatility. Thus, rather than altering the natural
flow of daily trading activity of the stock market by converting
the daily stock prices to quarterly frequency using the data-
aggregation method, we instead employ a mixed data sampling
technique within a volatility modeling framework to circum-
vent the loss of information from aggregation and consequently
strengthen the accuracy and reliability of the estimates.

Finally, the dividend policy involves deciding whether a com-
pany should keep its earnings or distribute them as dividends.
This decision may be affected by the firm's net profits and justi-
fies differences in firms' performance. For example, a company
that retains a significant portion of profit may experience signif-
icant expansion in its scale of operation compared to others that
distribute more than they retain. However, this strategy relies
on the expectation that shareholders understand the philosophy
of the former firm, valuing the firm's growth in the short and
medium term over immediate benefits for shareholders, in order
to have greater and more sustainable earnings to share in the
long run. Recently, there has been an emerging trend regarding
the role of innovation in explaining differences in firms' perfor-
mance and corporate profit. Given the importance of innovation
in driving long-term growth, we expect differences in adopting
new technology and innovation across industries to lead to vari-
ationsin firm performance and earnings. As of January 31, 2023,
for example, the top 3 most profitable American firms are Apple
in the Technology sector, with an annual profit of $99.8 billion
for the 2022 fiscal year, followed by Exxon Mobile in the Energy
sector with annual profits of $55.7 billion and JPMorgan Chase
in the financial sector with annual profits of $37.7 billion. Pfizer
and Verizon Communications ranked fourth and fifth with an-
nual profits of $31.3 billion and $21.3 billion in the health and
communication sectors, respectively. Given this heterogeneous
behavior of corporate profits, as demonstrated herein for differ-
ent firms of the different sectors listed in the S&P 500, it may
be inadequate to generalize the role of corporate profits in the
long-run volatility dynamics of the stock markets. To this end,
we favor a sectoral approach to capture the potential of hetero-
geneity in the nexus between corporate profits and the long-run
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volatility of stock returns of the different sectors listed in the
S&P500.

Foreshadowing the study's results, we find that, true to our
hypothesis of a positive nexus between stock market volatility
and corporate profits, both the aggregate and sectoral stock
returns favorably respond to US corporate profits, suggesting
increased stock volatility in the face of higher corporate prof-
its. Our findings are supported by several existing studies (see
Piotroski 2000; Novy-Marx 2013; Jiang, Qi, and Tang 2018;
Asness, Frazzini, and Pedersen 2019; Kyosey et al. 2020; Yin,
Wei, and Han 2020; Liu, Yang, and Su 2023). Unlike these stud-
ies, we not only focus on investment returns but also demon-
strate the forecasting ability of corporate profits in the volatility
dynamics of stock returns. Our results have a compelling im-
plication for investors and portfolio managers who are always
looking for the best-performing stocks in terms of profitability to
invest. Our study reveals that corporate profit is a reliable indi-
cator of stock return volatility across different sectors and fore-
cast horizons, providing evidence-based insights for financial
market stakeholders making investment decisions.

Following this introduction, the rest of the paper is structured as
follows: Section 2 presents the data and some preliminary anal-
yses. Section 3 documents the technique upon which the study
is premised, while Section 4 offers the empirical results and as-
sociated discussions. Section 5 finally concludes the paper with
some suggestions for further studies.

2 | Data and Preliminary Analyses

The dataset used in this study consists of a number of 11
US sectoral stock prices, including communication, energy,

TABLE 1A | Summary statistics.

financial, health care, industrials, information technology, real
estate, utilities, and materials, among others, as well as their
profits. Essentially, these variables, comprising quarterly sec-
toral corporate profits and daily stock prices, are sourced from
the data stream of the Bloomberg online database. Covering
2000 to 2022, the total number of observations for the high-
frequency sectoral stock return series—computed as the log of
the first difference of the stock prices—is 5766, barring real
estate stock, which has its start date as 10/9/2001, thus hav-
ing 5380 observations. Similarly, the number of observations
for the quarterly sectoral corporate net profit is 92, except for
health care, which has the first quarter of 2019 as its end date,
with 77 observations.

Table 1 illustrates the preliminary results for the two variables.
The table summarizes the two variables’ mean, standard devi-
ation, skewness, and kurtosis. The reported mean values rep-
resent the average values for each variable represented. On
the other hand, the standard deviation shows how clustered/
dispersed the series are around their means. While skewness
shows the direction of the movement/fluctuations (to either
right-positive or left-negative), kurtosis shows the heaviness or
thinness of the tail from what is known to be typical of a nor-
mal distribution. The table (Table 1a) shows that the sectoral net
corporate profit is positive for the real estate and financial sec-
tors, ranging between 128.25 and 1166.71, respectively. This in-
dicates that, on average, the corporate profit after tax is highest
in the US financial sector compared to other sectors. While the
communication sector has the least return on its stock, the daily
stock return is the highest in the healthcare sector, with —0.01
and 0.03, respectively.

With respect to stock market volatility, given the value of stan-
dard deviation, as shown in Table 1a, real estate appears to be

Corporate profit Sectoral stock return
Std.
Sector Mean Std.dev. Skew. Kurt. Obs. Mean dev. Skew. Kurt. Obs.
Communication services 1041.63 746.79 1.05 3.78 92 —-0.01 1.45 —0.06 9.85 5766
Consumer discretionary 284.58 166.02 0.19 3.12 92 0.02 1.44 —-0.28 10.15 5766
Consumer staple 591.60 157.98 0.14 2.79 92 0.02 0.97 -0.27 14.98 5766
Energy 607.30 1078.87 -3.31 22.25 92 0.02 1.82 -0.59 16.28 5766
Financial 1166.71 1090.70 -0.50 4.08 92 0.01 1.90 —0.18 18.81 5766
Health care 369.49 118.75 0.56 3.03 77 0.03 1.16 —-0.12 10.88 5766
Industrials 341.37 95.23 —-0.07 2.44 92 0.02 1.39 —-0.40 10.57 5766
IT 529.36 310.95 1.00 3.58 92 0.02 1.75 0.10 9.72 5766
Materials 203.26 133.51 1.15 4.52 92 0.02 1.56 -0.30 9.90 5766
Real estate 128.25 63.34 0.47 2.38 92 0.02 1.92 -0.20 22.01 5380
Utilities 311.92 86.58 0.00 5.07 92 0.02 1.28 -0.10 14.92 5766
Aggregate 512.86 211.18 0.00 3.90 92 0.02 1.25 -0.38 13.21 5766

Note: While the corporate profit is expressed in billion dollars, the sectoral stock return, on the other hand, is computed as [In (S;/S,(—=1))*¥100], where S, is the

associated sector's stock price.

Abbreviations: Kurt., kurtosis; Obs., observations; Skew., skewness; Std. dev., standard deviation.
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the most volatile with a standard deviation value of 1.92, while
the consumer staple market, on the other hand, is the most
stable (with 0.97 standard deviation value). Regarding the sta-
tistics relating to the distribution of the variables, we find the
skewness negative for all the US sectoral stock returns, while
that of corporate profit is mixed. Particularly, all the sectoral
corporate profit save energy, financial, and industrials are
positively skewed. Furthermore, we find the kurtosis statistic
to be leptokurtic for all the sectoral stock returns, while the
statistic is mixed for corporate profits. Specifically, the kurto-
sis statistic for all the sectors but consumer staple, industrials
and real estate are in excess of 3 and are thereby leptokurtic.
The foregoing outcomes suggest that the variables are not nor-
mally distributed.

In addition to the summary statistics above, we test—in
Table 1b—for the presence of heteroscedasticity and autocor-
relation typical of high-frequency data, using autoregressive
conditional heteroscedasticity (ARCH) test and a Q-statistic
with its squared form based on the Ljung-Box autocorrelation
test. This was done across different lag lengths, including 2, 4,
and 6. We find strong evidence of both conditional heteroscedas-
ticity and autocorrelations in both variables across the sample
sectors. This supports our preference for the GARCH-MIDAS
model as the most suitable to account for the possibility of cor-
porate profit serving as the fundamental cause of stock return
volatility in the United States.

Finally, we complement the preliminary analyses with graph-
ical illustrations of the possible co-movements between US
sectoral corporate profits and stock returns (see Figure 1). A
priori, we expect a positive co-movement between corporate
profit and stock returns. This underscores the fact that part of
the profits earned by corporate firms are distributed to inves-
tors as dividends; thus, higher profit would translate to higher
returns to shareholders (investors) and vice versa. This relation-
ship is observed across the graphs showing the co-movement
between corporate profits and stock returns of various sectors
examined, including the aggregate profit and stock returns (see
Appendix A). However, the graphical illustrations of our data
are never sufficient to draw any conclusion at this point; thus,
our data are further subjected to empirical analysis using the
GARCH-MIDAS approach.

3 | Methodology

Our primary objective is to investigate the predictive insights
derived from the US corporate profit on sectoral stock mar-
ket volatility. The available data are, however, in disparate
frequencies. The US corporate profit, our predictor variable
in this study, is measured quarterly, while the stock returns
are measured daily. Traditionally, we would have to either
aggregate the higher frequency series to the lower frequency
or splice the lower frequency series to the higher frequency.
Both options have been shown to respectively lead to loss of
information or introduce systematic bias into the transformed
series, which may consequentially affect the outcome of the
parameter estimates. Therefore, to address plausible poten-
tial information loss from aggregation or observational bi-
ases stemming from data splicing procedures, we adopt the

Mixed-Data Sampling (MIDAS) framework. The MIDAS
model framework has gained widespread application in econo-
metrics for scenarios involving data at mixed frequencies.
Also, given that our daily US stock returns exhibit evidence
of ARCH effects, suggesting the appropriateness of a GARCH
model framework, we employ the GARCH-MIDAS model in
our empirical analysis. This model is well-suited for handling
a mixed data frequency setting, especially when dealing with
a high-frequency dependent variable exhibiting conditional
heteroscedasticity and a lower-frequency predictor variable.
The GARCH-MIDAS framework ensures comprehensive con-
sideration of all available information when modeling volatil-
ity in returns, distinguishing the method from extant uniform
frequency methods that are prone to information loss and ob-
servational bias and, consequently, distortion of the original
data frequency.

The daily sectoral stock returns are defined as
r, =100*[In(P,) — In(P,_, )], with P, denoting the sectoral stock
prices at time ¢. Taking cognizance of the disparate frequen-
cies of our series, we denote daily and quarterly frequencies as
i=1, ...,N;andt =1, ..., T,respectively, such that the number
of days in a given quarter is represented by N,. The GARCH-
MIDAS model specification is defined as follows:

Tig =T+ A/H X 8ip X€ps

where 7 is the unconditional mean of US sectoral stock re-
turns; 4/u, X g, is the conditional variance consisting of a

Vi=1, ..,N, 1)

long-run component (u,) that captures the long-run volatility
and a short-run component (g;,) that follows a GARCH(1,1)
process and is marked by higher frequency, with
e;+|Zi_1; ~ N(0,1) representing the error distribution and Z;_,
denoting the available information at day i — 1 of quarter ¢.
The short-run component of the conditional variance part is
defined in Equation (2) as

2
(ri—l,t _T) (2)

g, =0-a-pP+a + 081,

i

where « and f are, respectively, the ARCH and GARCH terms,
satisfying the following conditionsa > 0, # > 0,and @ + f < 1. In
this setup, the quarterly frequency corporate profit is transformed
to daily frequency without losing the original model's essence,
following Engle, Ghysels, and Sohn (2013). Consequently, our
quarterly varying long-term component is converted to a daily
frequency, rolling back across the quarters without keeping track
ofit. Equations (3) and (4), respectively, define the daily long-term
component for realized volatility and an exogenous factor:

K

Hp=m+é Z by (01, 0,) RV, ®
k=1
K

up=m+o Z b (@1, 0,) X @
k=1

where m is the long-run intercept; 6 is the coefficient of the
incorporated predictor (realized volatility or corporate profit).
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FIGURE1 |

We explore two GARCH-MIDAS long-run component vari-
ants distinguished by the included predictor(s): (i) the bench-
mark GARCH-MIDAS variant incorporating only realized
volatility (RV) and (ii) the proposed GARCH-MIDAS variant

—— Health_care_stock

Graphical illustrations of possible co-movements between sectoral corporate profits and stock returns.

that incorporates corporate profit. Equations (3) and (4) com-
prise beta polynomial weights, denoted by
¢ (wy,w,) >0, k=1, ... K, with a unity constraint imposed
on the summation of the weights to identify the model's
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parameters. The secular component of the MIDAS weights is
filtered using (K =10) MIDAS years, the optimal lag for
our specification. Leveraging the flexibility of the beta weight-
ing scheme, we adopt the one-parameter beta polynomial.
This scheme allows transforming a two-parameter beta
weighting function defined by ¢, (wy,w,)= [k/(K+1)]w1_1><
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one-parameter beta weighting function
[qbk(w) = [1 —k/(K+ 1)] v / ZJK=1 [1 —j/(K+ 1)] W_l], constrain-

ing w, to unity and setting w = w,. This imposes a monotoni-
cally decreasing function (Engle, Ghysels, and Sohn 2013),
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where the weights (¢) are positive and sum to one
(Zlk{zl o = 1). Additionally, imposing a constraint on the pa-

rameter (w), ensuring it is greater than unity (w > 1), ensures
that immediate past observation lags receive larger weights
than more distant ones.

The in-sample predictability of the predictors is tested by ex-
amining the statistical significance of the slope coefficient (5),
where a statistically significant estimate suggests predictability
for the US sectoral stock return volatility based on the corre-
sponding predictor. The a priori expectation is a positive nexus
between corporate profit and stock returns. We are also inter-
ested in the out-of-sample forecast performance of the GARCH-
MIDAS model variant incorporating corporate profit as a
predictor in comparison with the conventional GARCH-MIDAS
model, which is the benchmark model. To achieve these, we em-
ploy a 75:25 data split, using the first 75% of the full data sample
for parameter estimation (in-sample predictability) and the re-
maining 25% of the full data sample for the out-of-sample fore-
cast evaluation of competing GARCH-MIDAS model variants
using the modified Diebold and Mariano (DM¥) test (Harvey,
Leybourne, and Newbold 1997). The DM* test accounts for po-
tential autocorrelation and heavy-tailed distributions and the
statistic is defined as

DW=<\/T+1—2h+T—1h(h—1)>DM .
T

where DM = E/ 4/V(d)/y ~ N(0,1)is the conventional DM test
equation; d = % Zszl d, is the mean of the loss differential be-

tween the two competing models; V(dt) denotes the uncondi-
tional variance of the loss differential where
d, = U(ecpnon) — L(egy); 1(e1s) and I(eg,) respectively represents
the loss functions of the forecast errors of the GARCH-
MIDAS-[Cprofit] model and GARCH-MIDAS-[RV| model;
and h is the forecast horizon. The tested null is the assertion of
equality of the forecast precision of both GARCH-MIDAS
model variants (H,: E(d,) = 0) against a mutually exclusive al-
ternative hypothesis (H;:E(d,) #0) that the competing
GARCH-MIDAS variants' forecast precision differs between
the paired competing models. A negatively significant test sta-
tistic implies the superiority of the augmented GARCH-
MIDAS model that incorporates corporate profit as a predictor
over the benchmark model (GARCH-MIDAS-RV). The con-
verse is true if the DM* statistic is significantly positive. We
consider different forecast horizons (20-, 60- and 120- days
ahead) in a rolling window setup.

4 | Empirical Findings
4.1 | In-Sample Predictability Analyses

The in-sample predictability results for the US sectoral stock
returns volatility are presented in Table 2, showing the esti-
mated GARCH-MIDAS model parameters, which is the basis
for assessing the volatility persistence status of the sectoral
stocks as well as the information inherent in own market (re-
alized volatility) and the incorporated exogenous predictor

(quarterly corporate profit). The reported results include the
unconditional mean sectoral stock returns (), the ARCH term
(@), the GARCH term (f), the MIDAS slope coefficient §, the
adjusted beta polynomial weight (w), and the long run con-
stant term (m) for the GARCH-MIDAS-[Cprofit] model. The
predictability result for the benchmark (GARCH-MIDAS-RV)
model (presented in Table Al in Appendix A) is based on
the past realizations of realized volatility only. The GARCH-
MIDAS-[Cprofit] model denotes the exogenous-based alter-
native variant incorporating the corporate profit series (see
Table 2).

Table 2 consistently yields significant parameter estimates for
all the parameters (except the beta weight and long-run in-
tercept) in our corporate profit-based GARCH-MIDAS model
across the US sectoral stocks. We find the unconditional mean
returns across the sectors to be significantly positive, indicat-
ing that the sectoral market stocks have had average gains for
the studied period. Essentially, periods and/or magnitudes of
gains outweigh those of losses for all the sector stocks. There
is evidence of volatility persistence across the sectors as the
sum of the ARCH and GARCH terms is less than unity. The
observed persistence is temporal or mean-reverting, only re-
quiring a longer time to fizzle out. Imperatively, own market
shocks are less likely to distort the historic pattern of mar-
ket volatility permanently. Most of the beta weight estimates
are greater than unity, which implies the assignment of larger
weights to more recent observation lags than far distant ob-
servation lags.

On the predictability stance, own market shocks tend to aggra-
vate the volatility in the stocks of the different US sector stocks
(see results in Table Al in Appendix A). This is not unexpected.
We, however, are more interested in the response of the sectoral
stock returns volatility to corporate profit. The US sectoral stock
return volatility responds positively to corporate profit, given
the significantly positive slope coefficient é that is consistently
observed across the sectoral and aggregate stocks. This outcome
that higher corporate profits could increase the volatility of
sectoral stocks lends support to Fama and French (2015, 2018)
proposition to include profitability as a factor in new multifac-
tor asset pricing models. This implication is based on the idea
that rising profits may lead to increased investment, posing a
challenge in allocating funds across various stocks, focusing
on those offering higher returns. Redirecting funds to prof-
itable stocks may lead to increased stock volatility. While it is
recognized that similar studies have shown profitability can be
used for stock pricing (Yu and Huang 2021), it is important to
note that the ability to predict corporate profit within a specific
sample may not guarantee similar results in an out-of-sample
scenario. Therefore, it is important to consider this when mak-
ing future predictions. A forecast beyond the sample period can
provide insight into future volatility, aiding risk management,
asset allocation, and option pricing for investors and market
participants.

4.2 | Out-of-Sample Predictability Analyses

We further consider the performance of the competing
GARCH-MIDAS models in the forecast for out-of-sample
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TABLE 3 | Out-of-sample forecast evaluation using modified Diebold and Mariano test.

h =20 h =60 h =120
Aggregate —2.8149%** —2.8493%** —2.90471%**
Communication services —4.5164*** —4.6017*** —4.8414%**
Consumer discretionary —4.4128%** —4.4771%** —4.5990%**
Consumer staples —5.4259%%* —5.4408*** —5.4649%**
Energy —5.8195%#* —5.7394%+* —5.6090%**
Financial —5.3936%** —5.4084*** —5.4153***
Health care —5.7971%** —5.8373%** —5.9052%**
Industrial 1.6153 1.5947 1.5632
Information technology —0.7598 —0.7906 —0.8556
Materials —4.999%+* —5.0779%** —5.2040%**
Real estate —5.4259%** —5.4408%** —5.4649%***
Utilities —3.572%#* —3.5696%** —3.5829%*

Note: The table presents the out-of-sample forecast performance analysis for the benchmark forecasting model (GARCH-MIDAS-RV) against its augmented variants
incorporating corporate profit as a predictor for US sectoral stock returns volatility. The reported value in each cell is the estimated modified Diebold and Mariano
statistic, where a negative and significant DM statistic value indicates better out-of-sample forecast performance of our predictive corporate profit-based GARCH-
MIDAS model compared to the benchmark model. Each row corresponds to the US sector whose stocks are considered.

*k ** and *, respectively, denote statistical significance at 1%, 5%, and 10% levels of significance.

observations. This is to confirm that the in-sample predict-
ability transcends the estimation period to the out-of-sample
periods. We consider 20-, 60-, and 120- ahead forecast hori-
zons for robustness. Consequently, we compare our GARCH-
MIDAS-[Cprofit] with the benchmark GARCH-MIDAS-RV
model using the modified Diebold and Mariano test. Table 3
presents the out-of-sample forecast precision comparison of
the model pairs (our predictive and benchmark models). The
modified Diebold and Mariano test null of equality in the
forecast precision of the competing GARCH-MIDAS models
is tested against an alternative of significant difference in
forecast precision. We find consistently significantly negative
modified Diebold and Mariano statistics across the forecast
horizons and the sectors being considered. The significant
negative implies that our predictive GARCH-MIDAS model is
data-supported, which further confirms the stance of predict-
ability of the corporate profit. In other words, corporate profit
is statistically confirmed to be a relevant predictor of US sec-
toral stock volatility. Also, the results are robust to the sample
interval definition.

5 | Conclusion

This study examines the possibility of fluctuation in sectoral
stock prices amid variations in corporate profits. While the
sample country is the United States, a GARCH-MIDAS ap-
proach is employed to investigate the relationship, owing to
the need to maintain the datasets in their natural frequencies.
Since the MIDAS model framework circumvents the likely
information bias associated with data aggregation into a uni-
form frequency, it has found extensive use in econometrics
for situations involving data at mixed frequencies. The impe-
tus to adopt a methodology that takes into account this data

phenomenon essentially stems from the fact that the stock
returns are available on a daily frequency, whereas the pre-
dictor variable, US corporate profit, is available on a quarterly
frequency. The study offers three contributions to the body of
knowledge on the relationship between corporate profits and
stock volatility: (i) the predictability—in- and out-of-sample—
analyses of the nexus in contrast to the impact analysis that is
popular in the literature, (ii) adoption of MIDAS framework
to avoid loss of information that is peculiar to data aggrega-
tion or data splicing, and (iii) favoring the sectoral approach
to capture the potential of heterogeneity in the nexus between
corporate profits and the long-run volatility of stock returns of
the different sectors listed in the S&P500.

The prominent conclusions from this study are drawn from
both the in- and out-of-sample predictability results. Focusing
on the MIDAS slope coefficient for the former, we show that
given the consistently substantial positive slope coefficient
across sectoral stocks, the US sectoral stock return volatility
responds favorably to corporate profit. Although temporal,
we equally find evidence of volatility persistence across these
sectors. Moreover, in order not to be entrapped in the debates
whether or not significant in-sample predictability evidence
guarantees significant out-of-sample, we further extend our
analysis to cover out-of-sample predictability of corporate
profits for sectoral stock returns. We find robust evidence that
confirms the position of the predictability of corporate profit
for sectoral stock returns. Our results have implications for
investors and portfolio managers who are constantly on the
lookout for best-performing stocks in terms of profitability
to invest. The study provides investors and other stock mar-
ket participants with an understanding of future volatility,
which can assist in their risk management, asset allocation,
and option pricing. Further empirical studies could delve into
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whether or not higher corporate profits and increased stock
performance translate into wider economic prosperity, espe-
cially for the government in terms of revenue and households
in terms of higher income via more job opportunities.

Data Availability Statement

The data supporting this study's findings are available on request from
the corresponding author. However, the data are not publicly available
due to privacy or ethical restrictions.
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Appendix A

TABLE A1 | GARCH-MIDAS-RYV results.

Sectors

T

a

B

é

w

m

Aggregate

Communication services

Consumer discretionary

Consumer staples
Energy

Financial

Health care

Industrial

Information technology

Materials
Real estate

Utilities

0.065%* [0.015]
0.035** [0.017]
0.068*** [0.017]
0.068*** [0.019]
0.058** [0.023]
0.071% [0.018]
0.061** [0.015]
0.062*** [0.017]
0.088*** [0.018]
0.064*** [0.020]
0.068*** [0.019]

0.049%** [0.016]

0.118*** [0.011]
0.084*** [0.010]
0.099*** [0.010]
0.144** [0.011]
0.079*** [0.007]
0.137%* [0.010]
0.106*** [0.010]
0.099*** [0.011]
0.101%** [0.011]
0.101%** [0.010]
0.144*%* [0.011]

0.102*** [0.010]

0.835%* [0.017]
0.857*** [0.021]
0.867%* [0.016]
0.824*** [0.017]
0.914*** [0.008]
0.825%** [0.015]
0.845%** [0.018]
0.856*** [0.018]
0.858*** [0.018]
0.864*** [0.015]
0.824*** [0.017]

0.853*** [0.018]

0.007*** [0.001]
0.006*** [0.002]
0.006™** [0.002]
0.013** [0.003]
—0.001* [0.001]
0.011%** [0.002]
0.004**[0.002]
0.008"** [0.002]
0.007*** [0.002]
0.009*** [0.002]
0.013*** [0.003]

0.006*** [0.002]

37.073** [17.053]
37.374* [20.358]
26.521* [15.22]
49.977%* [25.388]
49.504 [48.758]
37.714%%* [13.439]
49.704 [47.348]
49.889** [24.566]
39.33%[23.42]
17.022%% [7.494]
49.977%* [25.388]

49.859 [35.47]

0.501%** [0.078]
0.654*** [0.105]
0.687*** [0.150]
0.586** [0.222]
3.428%% [1.142]
0.684*** [0.156]
0.624*** [0.104]
0.559** [0.112]
0.719%** [0.162]
0.698** [0.193]
0.586*** [0.222]

0.593*** [0.108]

Note: The table reports the estimated coefficients and their associated standard errors in square brackets for our predictive GARCH-MIDAS model for US sectoral
Stock returns volatility incorporating corporate profit as a predictor. The conventional GARCH-MIDAS model that includes realized volatility (RV) is considered the
benchmark, and each row corresponds to the US sector whose stocks are considered. The model parameters reported in the table include the unconditional mean
sectoral stock returns (7), the ARCH term (@), the GARCH term (f#), the MIDAS slope coefficient that indicates the predictability stance (&), the adjusted beta
polynomial weight (W), and the long run constant term (172).

*** ** and *, respectively, denote statistical significance at 1%, 5%, and 10% levels of significance.
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