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In this study, we propose to employ the conditional autoregressive range-mixed-data sampling (CARR-MIDAS) model to model
and forecast the renminbi exchange rate volatility.+e CARR-MIDASmodel exploits intraday information from the intraday high
and low prices, which has the capacity to capture the high persistence of conditional range (volatility). +e empirical results show
that the range-based CARR-MIDAS model provides more accurate out-of-sample forecasts of the renminbi exchange rate
volatility compared to the return-based GARCH and GARCH-MIDAS models and the range-based CARR model for forecast
horizons of 1 day up to 3months. In addition, the superior predictive ability of the CARR-MIDAS model is robust to different
forecast windows. Hence, our CARR-MIDAS model provides a promising tool for forecasting the renminbi exchange
rate volatility.

1. Introduction

Modeling and forecasting financial market volatility have
attracted a great deal of attention in the financial econo-
metric literature due to its important role in many financial
applications, such as portfolio allocation, risk management,
and option pricing. In the past decades, numerous volatility
models have been developed to model and forecast the
dynamics of the volatility process. +e generalized autore-
gressive conditional heteroskedasticity (GARCH) model by
Bollerslev [1] is among the most popular volatility models.
However, the GARCH model is a return-based model that
uses only closing prices to estimate volatility and fails to
exploit the intraday information.

An alternative approach for estimating volatility is to use
the daily intraday range from the intraday high and low
prices. It is clear that the range contains more information
about intraday price movements than the traditional return-
based volatility estimator that is based on a single mea-
surement of the closing price. It has been documented in the
literature that the range is a more efficient volatility esti-
mator than the return-based one (see, e.g., [2–5] and Chou
[6] propose a range-based volatility model: the conditional

autoregressive range (CARR) model, and show that the
model provides more accurate volatility estimates than the
traditional return-based GARCH model. Since then, the
CARR model has received considerable attention in the
literature (see, e.g., [7–16]).

Despite the empirical success of the CARR model, the
model with a constant long-run trend of the range is still not
adequate to account for the high persistence (long memory)
of the conditional range (volatility). To address this issue, an
extension of the CARR model, namely, the CARR-mixed-
data sampling (CARR-MIDAS) model has been proposed by
Wu et al. [17]. +e CARR-MIDAS model inherits the
strength of the range-based CARR model and its capacity to
exploit intraday information for estimating volatility. Most
importantly, the CARR-MIDAS model features a multipli-
cative decomposition of the conditional range into a short-
run and a long-run component, where the short-run
component is governed by a CARR(1,1) process, while the
long-run component is modeled using a MIDAS approach.
+e multiplicative component structures have been recently
proposed by Engle and Rangel [18]; Engle et al. [19], and
Amado and Teräsvirta [20, 21] in the context of the return-
based GARCH framework. It is claimed that this structure is
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useful to capture complex volatility dynamics such as the
high persistence of volatility and to well handle the structural
changes or nonstationarities in volatility [22, 23]. Our
proposed CARR-MIDAS model is motivated by the mul-
tiplicative component GARCH-MIDASmodel of Engle et al.
[19], which allows to capture time-varying long-run trends
in volatility through a parsimonious and flexible MIDAS
structure.

WhileWu et al. [17] employ the CARR-MIDASmodel to
investigate the impact and predictive power of EPU on the
Chinese stock market volatility, in this study we apply the
model to forecast the renminbi exchange rate volatility. To
the best of our knowledge, the usefulness of the CARR-
MIDAS model for forecasting the renminbi exchange rate
volatility has not been investigated in the literature. Since the
implementation of the renminbi exchange rate regime re-
form in 2005, the renminbi exchange rate has experienced
significant fluctuations. Forecasting the renminbi exchange
rate volatility is crucial as it has an important impact on
international trade and economic growth. We examine and
compare the out-of-sample forecast performance of the
range-based CARR-MIDAS model with that of the two
popular return-based volatility models: the GARCH model
of Bollerslev [1] and the GARCH-MIDAS model of Engle
et al. [19], and the range-based CARR model of Chou [6].
Our results show that the CARR-MIDAS model provides
more accurate out-of-sample forecasts of the renminbi ex-
change rate volatility compared to the return-based GARCH
and GARCH-MIDAS models and the range-based CARR
model for forecast horizons of 1 day up to 3months. We also
find that the superior forecast ability of the CARR-MIDAS
model is robust to different forecasting windows. +ese
results highlight the value of incorporating the intraday
range and a MIDAS component (long-run component) into
the volatility model for forecasting the renminbi exchange
rate volatility.

+e remainder of this study is organized as follows. In
Section 2, we introduce the CARR-MIDASmodel. In Section
3, we illustrate the forecast evaluation method. Section 4
presents the empirical results, while Section 5 concludes the
study.

2. The Model

In this study, we utilize the intraday range to model and
forecast the dynamic behavior of the renminbi exchange rate
volatility. It has been theoretically shown that the intraday
range is a more accurate volatility estimator compared to the
realized volatility estimator, which is based on five, or less,
equidistance points in time (Degiannakis and Livada, 2013).
+e intraday range of Parkinson [2] is defined as follows:

Ri �
log Hi(  − log Li( 

�������
4log(2)

 , (1)

where Hi and Li are the highest and lowest prices observed at
day i, respectively. Parkinson [2] shows that the range given
by equation (1) is an effective estimator of the volatility and
demonstrates the efficiency of this range-based estimator

versus traditional volatility estimator based on the close-to-
close returns.

2.1. "e CARR Model. To describe the dynamics of the
range, Chou [6] introduces the CARR model, which can be
written as follows:

Ri � λiεi, εi |Fi− 1∼exp(1),

λi � ω + αRi− 1 + βλi− 1,
(2)

where λi is the conditional mean of the range based on the
information set, Fi− 1, up to day i − 1, and exp(1) is an
exponential distribution with unit mean. +e coefficients, ω,
α, and β, in the conditional mean equation are all assumed to
be nonnegative to ensure positivity of the range. Further-
more, the stationary condition for the process is α + β< 1,
where α + β determines the persistence of range shocks, and
the unconditional (long run) mean of the range is
ω/(1 − (α + β)).

2.2."e CARR-MIDASModel. +e CARR model is a range-
based analog to the traditional return-based GARCHmodel,
which is capable of capturing the well-known phenomenon
of volatility clustering. Chou [6] shows that the range-based
CARR model outperforms the return-based GARCH model
in terms of out-of-sample volatility forecasts. However, the
CARR model with a constant long-run trend of the range is
still very restrictive and does not account for high persis-
tence (long memory) of conditional volatility. Motivated by
the return-based GARCH-MIDASmodel of Engle et al. [19],
in this study we introduce an extension of the CARR model,
namely, the CARR-MIDAS model, which can be written as
follows:

Ri,t � λi,tεi,t, εi,t |Fi− 1,t∼exp(1),

λi,t � τtgi,t,

gi,t � (1 − α − β) + α
Ri− 1,t

τt

+ βgi− 1,t,

log τt(  � m + θ 

K

k�1
φk(c)log RRVt− k( ,

RRVt � 

Nt

i�1
R
2
i,t,

(3)

where Ri,t is the range on day i in month t, and λi,t is the
conditional mean of the range based on the information set,
Fi− 1,t, up to day i − 1 of month t, which is multiplicatively
decomposed into two components, a short-run component,
gi,t, and a long-run component, τt. +e short-run compo-
nent, gi,t, is specified as a CARR(1,1) process, while the long-
run component, τt, is modeled in the spirit of the MIDAS
regression, which is driven by the smoothing monthly re-
alized range volatility (RRV) with the weighting scheme φk.
To ensure nonnegativity and stationarity for the short-run
component gi,t, we assume that α> 0, β> 0, and α + β< 1.
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One-parameter beta polynomial is employed as the
weighting scheme φk due to its parsimony and flexibility:

φk(c) �
(1 − k/K)

c− 1


K
j�1 (1 − j/K)

c− 1, (4)

where K is the number of MIDAS lags with 
K
k�1 φk(c) � 1.

It is clear that the CARR-MIDAS model is more flexible
relative to the CARRmodel. It is straightforward to show that

λi,t � ωt + αRi− 1,t + βλi− 1,t, (5)

where ωt � (1 − α − β)τt implies a time-varying parameter,
which allows to capture structural changes in conditional
volatility. Lamoureux and Lastrapes [24] show that struc-
tural changes should be taken into account when modeling
volatility; otherwise, it may induce spurious apparent per-
sistence (long memory features) in the volatility process. By
assuming a constant long-run component, the CARR-MI-
DAS model reduces to the original CARR model.

2.3. Maximum Likelihood Estimation. +e CARR-MIDAS
model is easy to estimate. We estimate the CARR-MIDAS
model using the quasi-maximum likelihood method. +e
log-likelihood function of the CARR-MIDAS model can be
written as follows:

ℓ(Θ) � − 
T

t�1


Nt

i�1
log λi,t  +

Ri,t

λi,t

 , (6)

where Θ � (m, θ, c, α, β)′ is the vector of all model pa-
rameters. +e maximum likelihood estimators, Θ, can be
obtained by maximizing the log-likelihood function in
equation (6).

3. Forecast Evaluation

To evaluate the forecast performance of the CARR-MIDAS
model, we use two robust loss functions, the mean squared
error (MSE), and the quasi-likelihood (QLIKE), which are
given as follows:

MSE : Lossi,t � MVi,t − FVi,t 
2
,

QLIKE : Lossi,t � log FVi,t  +
MVi,t

FVi,t

,

(7)

where MVi,t is a measure of the ex-postvolatility, and FVi,t is
the forecasted volatility. We use the range given in equation
(1) as the ex-postvolatility. Patton [25] shows that the MSE
and QLIKE loss functions are robust to imperfect proxy of
actual volatility and provide a consistent ranking of
forecasts.

We test the significant differences between competing
models by employing the model confidence set (MCS)
approach of Hansen et al. [26]. LetM0 be a set of competing
models. We identify the set of the best-performing models
with a given confidence level α, namely, the MCS M

∗
1− α.

MCS approach tests the null hypothesis of equal forecasting
accuracy:

H0,M: E duv,i,t  � 0, ∀u, v ∈M,M ⊂M0
, (8)

where duv,i,t ≡ Lossi,t(u) − Lossi,t(v) denotes the difference
in the MSE or QLIKE loss of models u and v. If the null
hypothesis H0,M is rejected, the worst-performing model
from the set M is eliminated. +e procedure is iteratively
performed, until no further model can be eliminated. +e
final set of surviving models is denoted by M

∗
1− α. Following

Hansen et al. [26], we implement theMCS procedure using a
block bootstrap of 105 replications and a significance level of
α � 10%.

Moreover, we examine the significance of the difference
between the competing models for volatility forecasting
using the Diebold and Mariano [27] test. We test the su-
periority of model u over model v using a t-test for the
coefficient du,v in the following:

MVi,t − FVi,t(u) 
2

− MVi,t − FVi,t(v) 
2

� du,v + ηi,t. (9)

A significantly positive du,v indicates that the model v

dominates the model u and vice versa.

4. Empirical Results

4.1. Data. +e data used in the study consist of daily open,
high, low, and close prices for the renminbi exchange rate of
the Chinese Yuan (CNY) against the US Dollar (USD). +e
exchange rate is measured as CNY of one unit of USD. +e
data are obtained from the Wind Database of China for the
period January 2, 2006, to December 31, 2020, for a total of
3,716 trading days. Daily intraday ranges are calculated using
the equation (1). For comparison, we also compute the daily
log returns as ri � log(Pi/Pi− 1), where Pi is the closing price
on day i. Figure 1 plots the daily returns, ranges for the USD/
CNY exchange rate, and shows that the well-known be-
haviors of volatility clustering in the USD/CNY exchange
rate are apparent. It is also worth noting that the USD/CNY
exchange rate experienced significant fluctuations, partic-
ularly in recent years.

Table 1 presents descriptive statistics for the USD/CNY
daily return and range series and the series of the absolute
return. +e three series exhibit positive skewness and lep-
tokurtosis, and the Jarque–Bera statistics show that all the
three series fail the normality assumption. +e Ljung-Box Q
statistics up to 12 lags for the absolute return and range
series show the existence of high persistence (serial corre-
lation) of the USD/CNY exchange rate volatility. In par-
ticular, the obviously larger Ljung-Box Q statistic for the
range series than for the absolute return series suggests a
much higher persistence in the USD/CNY volatility for the
range than for the absolute return series. Our proposed
CARR-MIDAS model aims to capture this high degree of
persistence by assuming a MIDAS component (long-run
component) for the conditional range of the USD/CNY
exchange rate.

4.2.EstimationResults. Table 2 reports the estimation results
for the CARR-MIDAS model. In addition, estimates for the
CARR model of Chou [6] are presented for the purpose of
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comparison. For the CARR-MIDAS specification, we em-
ploy three MIDAS lag years, i.e., we choose K � 36. Conrad
and Kleen [23] show that the data will identify the optimal
weighting scheme as long as K is chosen reasonably large.

It can be seen from Table 2 that the estimate of the
persistence coefficient α + β in the CARR model is close to
one, showing high persistence in the conditional range
process. Note also that in the CARR-MIDAS estimation
results, the estimate of the persistence coefficient of the
short-run component, α + β, is less than one, with its
magnitude obviously smaller than that of the CARR (0.7716

vs. 0.9618), indicating that accounting for the long-run
component reduces persistence in the short-run component.
Additionally, the estimate of the parameter θ is significant
positive, which suggests the presence of the MIDAS com-
ponent (long-run component), and the monthly RRV is
positively related to the long-run component. Figure 2 plots
the conditional range (λi,t) along with the long-run com-
ponent (τt) and the short-run component (gi,t) from the
CARR-MIDAS model. +e long-term component appears
smooth and tracks secular volatility trends over the sample
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Figure 1: USD/CNY daily returns and ranges for the period January 2, 2006, to December 31, 2020.

Table 1: Descriptive statistics for the USD/CNY daily returns and
ranges for the period January 2, 2006, to December 31, 2020.

Return Absolute return Range
Mean − 0.0001 0.0010 0.0011
Min. − 0.0144 0.0000 0.0000
Max. 0.0181 0.0181 0.0093
Std. Dev. 0.0017 0.0014 0.0009
Skewness 0.4067 3.5882 2.1745
Kurtosis 15.9693 24.8488 10.7412
Jarque–Bera 26138.8708 81865.2329 12207.1151
Q(12) 36.9645 2015.4260 11143.1941
Note: Q(12) is the Ljung-Box statistic for autocorrelation up to 12 lags.

Table 2: Estimation results.

Parameter CARR CARR-MIDAS
m (ω) 0.0000 (0.0000) − 2.3302 (0.0255)
θ — 0.4256 (0.0032)
c — 15.3240 (0.2479)
α 0.2925 (0.0108) 0.4000 (0.0134)
β 0.6693 (0.0104) 0.3717 (0.0160)
α + β 0.9618 0.7716
Log-lik 22397.4605 22434.3209
AIC − 44788.9210 − 44858.6417
BIC − 44770.2598 − 44827.5397
Note: Log-lik is the log-likelihood, AIC is the Akaike information criterion,
and BIC is the Bayesian information criterion. +e numbers in parentheses
are asymptotic standard errors for the model parameters.
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period, while the short-run component exhibits the mean
reverting property (reverts to a long-run mean of one).

According to the values of the log-likelihood, the Akaike
and Bayesian information criteria shown in Table 2, the
CARR-MIDAS model fits the data better compared to the
CARR model. +is result highlights the importance of in-
corporating the MIDAS component (long-run component)
for modeling the renminbi exchange rate volatility.

4.3.Out-of-SampleResults. In this section, we investigate the
out-of-sample forecast performance of the CARR-MIDAS
model in forecasting the renminbi exchange rate volatility.
We compare the performance of the range-based CARR-
MIDAS model with that of the two popular return-based
volatility models: the GARCH model of Bollerslev [1] and
the GARCH-MIDAS model of Engle et al. [19], and the
range-based CARR model of Chou [6]. We employ a rolling
window scheme to perform the out-of-sample forecasts. In
particular, we estimate model parameters on a rolling basis
with 3,000 observations and leave the remaining (716) ob-
servations for out-of-sample evaluation. +e forecast hori-
zon is set to one day (1d), two days (2d), three days (3d), four

days (4d), one week (1w), two weeks (2w), one month (1m),
two months (2m), and three months (3m), i.e., 1 day, 2 days,
3 days, 4 days, 5 days, 10 days, 22 days, 44 days, and 66 days
ahead forecasts.

Table 3 reports the out-of-sample forecast evaluation
results. It can be seen from the table that the range-based
CARR (CARR-MIDAS) model generally outperforms the
return-based GARCH (GARCH-MIDAS) model for the
nine forecast horizons in terms of the MSE and QLIKE
loss functions, which highlights the value of employing
the intraday range for forecasting the renminbi exchange
rate volatility. Moreover, we find that the GARCH-MI-
DAS (CARR-MIDAS) model improves upon the fore-
casting performance of the original GARCH (CARR)
model for all forecast horizons. As the forecast horizon
increases, the improvements appear to grow. +ese
findings illustrate that incorporating the MIDAS com-
ponent (long-run component) is important for improving
the volatility forecasts, particularly for longer forecast
horizons. In summary, the CARR-MIDAS model gives the
lowest loss values for all forecast horizons and is clearly
the preferred and best model for forecasting the renminbi
exchange rate volatility.
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Figure 2: Conditional range (λi,t) and its long-term component (τt) and short-run component (gi,t) from the CARR-MIDAS model.
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+e shaded entries in Table 3 identify the model included
in the MCS at the significance level of 10%. +e results show
that the CARR-MIDAS model is included in the MCS for all
forecast horizons, and in most cases, it is the only model that

is included in the MCS, suggesting that the CARR-MIDAS
model significantly outperforms all other models.

Table 4 reports Diebold-Mariano test statistics for all
pairs of the four volatility models over the nine different

Table 4: Diebold-Mariano statistics.

Horizon CARR GARCH-MIDAS GARCH
1d CARR-MIDAS 1.8760 8.3026 9.7510

CARR 7.6976 9.3290
GARCH-MIDAS 10.4591

2d CARR-MIDAS 1.1952 6.1360 8.0666
CARR 5.7277 7.8760

GARCH-MIDAS 11.3301
3d CARR-MIDAS 1.3302 5.7830 7.8312

CARR 5.3741 7.6804
GARCH-MIDAS 11.5681

4d CARR-MIDAS 1.4811 5.4140 7.5467
CARR 4.9367 7.3325

GARCH-MIDAS 11.7271
1w CARR-MIDAS 1.9078 5.0917 7.4106

CARR 4.4220 7.0158
GARCH-MIDAS 12.1817

2w CARR-MIDAS 4.9525 3.8211 6.8328
CARR 1.9808 5.3129

GARCH-MIDAS 13.1066
1m CARR-MIDAS 13.0779 4.3357 8.8228

CARR -0.8880 4.4641
GARCH-MIDAS 15.1071

2m CARR-MIDAS 15.0205 9.3679 14.9260
CARR -1.4974 7.6723

GARCH-MIDAS 18.1445
3m CARR-MIDAS 15.5806 8.9919 15.9034

CARR -2.5555 9.3778
GARCH-MIDAS 18.7436

Note: A positive statistic indicates that themodel in the row dominates themodel in the column, and a negative statistic indicates that themodel in the column
dominates the model in the row. For the forecast horizons, d� day, w �week, and m�month.

Table 3: Out-of-sample forecast evaluation results.

Horizon GARCH GARCH-MIDAS CARR CARR-MIDAS
Panel A: MSE loss function
1d 1.8812E − 06 1.6093E − 06 1.0439E − 06 1.0100 E − 06
2d 2.0191E − 06 1.6917E − 06 1.2202E − 06 1.1935 E − 06
3d 2.1171E − 06 1.7454E − 06 1.2792E − 06 1.2428 E − 06
4d 2.1787E − 06 1.7707E − 06 1.3163E − 06 1.2705E − 06
1w 2.2375E − 06 1.7879E − 06 1.3601E − 06 1.2956 E − 06
2w 2.4510E − 06 1.8444E − 06 1.6051E − 06 1.4181 E − 06
1m 2.9237E − 06 1.8923E − 06 2.0200E − 06 1.4109 E − 06
2m 4.3222E − 06 2.2110E − 06 2.4252E − 06 1.3921 E − 06
3m 5.5743E − 06 2.1918E − 06 2.5807E − 06 1.3845 E − 06
Panel B: QLIKE loss function
1d − 5.1629 − 5.1733 − 5.2063 −5.2171
2d − 5.1539 − 5.1672 − 5.1782 −5.1961
3d − 5.1485 − 5.1637 − 5.1687 −5.1920
4d − 5.1457 − 5.1628 − 5.1617 −5.1909
1w − 5.1440 − 5.1629 − 5.1510 −5.1880
2w − 5.1362 − 5.1611 − 5.1023 −5.1728
1m − 5.1270 − 5.1677 − 4.9900 −5.1788
2m − 5.0712 − 5.1431 − 4.8115 −5.1863
3m − 5.0353 − 5.1448 − 4.7389 −5.1908
Note: MSE is the mean squared error, and QLIKE is the quasi-likelihood. Bold entries indicate the model with the lowest loss value per horizon (in each row).
Shaded entries indicate the model includes the MCS at a 10% significance level. For the forecast horizons, d� day, w�week, and m�month.
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forecast horizons. It can be seen from the table that the
differences in forecast accuracy among the four models are
significant in most cases, and the significance tends to in-
crease as the forecast horizon increases. In particular, the
Diebold-Mariano statistics for the CARR-MIDAS model are
unanimously reported to be positive and significant in most
cases, which indicates that the CARR-MIDAS model sig-
nificantly dominates the other models.

4.4. Robustness Check. For the robustness check, the out-of-
sample forecast is also performed over different forecast
windows (out-of-sample periods). We consider three dif-
ferent forecast windows, 500, 1,000, and 1,500. +e out-of-
sample forecast evaluation results are presented in
Tables 5–7 for the three forecast windows, respectively. As is
consistent with the results in Tables 3 and 4, the CARR-
MIDAS model significantly outperforms the other models.

Table 5: Out-of-sample forecast evaluation results for forecast window of 500.

Horizon GARCH GARCH-MIDAS CARR CARR-MIDAS
Panel A: MSE loss function
1d 2.0068E − 06 1.6990E − 06 9.0186E − 07 8.6854 E − 07
2d 2.1629E − 06 1.7962E − 06 1.0384E − 06 9.9931 E − 07
3d 2.2868E − 06 1.8680E − 06 1.0871E − 06 1.0256 E − 06
4d 2.3687E − 06 1.9056E − 06 1.1331E − 06 1.0539 E − 06
1w 2.4308E − 06 1.9265E − 06 1.1882E − 06 1.0895 E − 06
2w 2.6363E − 06 1.9515E − 06 1.3307E − 06 1.1545 E − 06
1m 3.0896E − 06 1.9259E − 06 1.5823E − 06 1.1650 E − 06
2m 4.3618E − 06 2.1107E − 06 1.8549E − 06 1.1911 E − 06
3m 5.5636E − 06 2.0560E − 06 2.0134E − 06 1.2128 E − 06
Panel B: QLIKE loss function
1d − 5.2147 − 5.2273 − 5.2764 −5.2867
2d − 5.2055 − 5.2205 − 5.2535 −5.2707
3d − 5.1996 − 5.2167 − 5.2467 −5.2695
4d − 5.1950 − 5.2143 − 5.2391 −5.2680
1w − 5.1906 − 5.2117 − 5.2279 −5.2625
2w − 5.1804 − 5.2092 − 5.1952 −5.2534
1m − 5.1659 − 5.2144 − 5.1322 −5.2532
2m − 5.1183 − 5.2024 − 5.0378 −5.2602
3m -5.0770 − 5.1996 − 4.9712 −5.2538
Note: MSE is the mean squared error, and QLIKE is the quasi-likelihood. Bold entries indicate the model with the lowest loss value per horizon (in each row).
Shaded entries indicate the model includes the MCS at a 10% significance level. For the forecast horizons, d� day, w �week, and m�month.

Table 6: Out-of-sample forecast evaluation results for forecast window of 1,000.

Horizon GARCH GARCH-MIDAS CARR CARR-MIDAS
Panel A: MSE loss function
1d 1.6488E − 06 1.4435E − 06 9.3247E − 07 8.9878 E − 07
2d 1.7634E − 06 1.5265E − 06 1.1026E − 06 1.0841 E − 06
3d 1.8302E − 06 1.5694E − 06 1.1623E − 06 1.1379 E − 06
4d 1.8754E − 06 1.5939E − 06 1.2060E − 06 1.1746 E − 06
1w 1.9301E − 06 1.6259E − 06 1.2743E − 06 1.2281 E− 06
2w 2.0993E − 06 1.6973E − 06 1.5302E − 06 1.3638 E − 06
1m 2.4848E − 06 1.8318E − 06 2.0408E − 06 1.4434 E − 06
2m 3.3213E − 06 2.0724E − 06 2.3934E − 06 1.4053 E − 06
3m 3.8112E − 06 1.9729E − 06 2.5319E − 06 1.4155 E − 06
Panel B: QLIKE loss function
1d − 5.2591 − 5.2696 − 5.3043 −5.3150
2d − 5.2495 − 5.2615 − 5.2714 −5.2880
3d − 5.2431 − 5.2564 − 5.2571 −5.2801
4d − 5.2391 − 5.2535 − 5.2470 −5.2754
1w − 5.2345 − 5.2499 − 5.2314 −5.2660
2w − 5.2238 −5.2431 − 5.1694 − 5.2402
1m − 5.1942 −5.2218 − 5.0010 − 5.2156
2m − 5.1519 − 5.1964 − 4.8021 −5.2212
3m − 5.1284 − 5.1926 − 4.7188 −5.2122
Note: MSE is the mean squared error, and QLIKE is the quasi-likelihood. Bold entries indicate the model with the lowest loss value per horizon (in each row).
Shaded entries indicate the model includes the MCS at a 10% significance level. For the forecast horizons, d� day, w �week, and m�month.
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5. Conclusions

In this study, we propose to use the range-based CARR-
MIDAS model to modeling and forecasting the renminbi
exchange rate volatility. +e CARR-MIDAS model exploits
intraday information from the intraday high and low prices,
and features a multiplicative decomposition of the condi-
tional range into a short-run and a long-run component,
where the short-run component is governed by a CARR(1,1)
process and the long-run component is modeled by a MI-
DAS structure, which is capable of capturing the high
persistence of conditional range (volatility). To the best of
our knowledge, the usefulness of the CARR-MIDAS model
for forecasting the renminbi exchange rate volatility has not
been investigated in the literature. Empirical results show
that the range-based CARR-MIDAS model provides more
accurate out-of-sample volatility forecasts compared to the
return-based GARCH and GARCH-MIDAS models and the
range-based CARR model for forecast horizons ranging
from 1 day to 3 months ahead. Moreover, according to the
robustness check, the superior predictive ability of the
CARR-MIDAS model is robust to different forecast win-
dows. +ese results highlight the importance of incorpo-
rating the intraday range and the MIDAS component (long-
run component) for forecasting the renminbi exchange rate
volatility. Against the backdrop of repeated shocks to the
global economic environment and widespread global epi-
demics, the risks of capital outflows and financial assets have
increased. +is study focuses on the issue of renminbi ex-
change rate volatility forecasting based on the CARR-MI-
DAS model, which has important implications for all
researchers, investors, policy-makers, and regulators that
focus on financial applications in risk measurement, port-
folio allocation, and option pricing.

+e CARR-MIDAS model is flexible, which allows ad-
ditional macroeconomic variables such as economic policy
uncertainty to be easily incorporated. +us, future research
could be extended to investigate whether macroeconomic
information has predictive power for the renminbi exchange
rate volatility relying on our CARR-MIDAS approach. [28].
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