
User Guide of GARCH-MIDAS and DCC-MIDAS MATLAB Programs 

 

1. Introduction 
The GARCH-MIDAS model decomposes the conditional variance into the short-run and long-run 

components. The former is a mean-reverting GARCH(1,1)-like process, while the latter is determined by 

a long history of the realized volatility or macroeconomic variables weighted by MIDAS polynomials.  

The DCC-MIDAS model is a multivariate extension to the GARCH-MIDAS model with dynamic 

correlations. The DCC-MIDAS model decomposes the conditional covariance matrix into the variances 

and the correlation matrix, with a two-step model specification and estimation strategy. In the first step, 

conditional variances are estimated by the univariate GARCH-MIDAS models. In the second step, 

observations are deflated by the estimated mean and conditional variances, and the standardized 

residuals are thus constructed. The standardized residuals have a correlation matrix with GARCH-MIDAS-

like dynamics. The long-run component is determined by the history of sample autocorrelations under 

MIDAS weights. 

Following Engle, Ghysels and Sohn (2013), we specify a GARCH-MIDAS model by Eq (1) – (5): 

𝑟𝑖𝑡 = 𝜇 + √𝜏𝑡𝑔𝑖𝑡𝜀𝑖𝑡 ,          (1) 
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where 𝑟𝑖𝑡 denotes the observation of day 𝑖 in month 𝑡 (or aggregation by weeks, quarters, years, etc.). 

The conditional variance is decomposed into the short-run component 𝑔𝑖𝑡 and the long-run component 

𝜏𝑡. The former has a GARCH(1,1)-like recursion specified by Eq (2), while the latter is determined by the 

realized volatility or macroeconomic series. 𝑉𝑡 in Eq (4a) is the realized volatility of the month, and 𝑉𝑡 in 

Eq (4b) represents the monthly average of an exogenous variable (such as a monthly macroeconomic 

variable whose value 𝑥𝑖𝑡 is fixed for 𝑖 = 1,… ,𝑁). A long history of 𝑉𝑡−1, 𝑉𝑡−2, … , 𝑉𝑡−𝐾 weighted by Beta 

polynomials (Eq (5a) or (5b)) captures the long-run volatility. 

Colacito, Engle and Ghysels (2011) extends the model to the multivariate case. In the DCC-MIDAS 

model, the observations are 𝑚 dimensional time series data, whose conditional covariance matrix is 

decomposed into 𝑚 conditional variances and a 𝑚 ×𝑚 conditional correlation matrix, hence a two-step 

specification strategy. Each of the 𝑚 conditional variances is assumed to follow a GARCH-MIDAS model. 



The correlation matrix evolves over time. Consider a quasi-correlation matrix 𝑄𝑡 whose (𝑖, 𝑗) element 

𝑞𝑖𝑗𝑡 has the dynamics 

𝑞𝑖𝑗𝑡 = 𝜌𝑖𝑗𝑡(1 − 𝑎 − 𝑏) + 𝑎𝜀𝑖,𝑡−1𝜀𝑗,𝑡−1 + 𝑏𝑞𝑖𝑗,𝑡−1,      (6) 

where 𝜀𝑖,𝑡−1, 𝜀𝑗,𝑡−1 are the standardized residuals of the previous period, so 𝑞𝑖𝑗𝑡 has a GARCH(1,1)-like 

dynamics. The long-run component 𝜌𝑖𝑗𝑡 is the (𝑖, 𝑗) element of 𝜌𝑡, namely the MIDAS weighted-sum of 

the sample correlation matrices 𝑐𝑡−1, 𝑐𝑡−2, … , 𝑐𝑡−𝐾.  

𝜌𝑡 = ∑ 𝜓𝑘(𝜔)𝑐𝑡−𝑘
𝐾
𝑘=1 ,         (7) 

where 𝑐𝑡 is computed by the standard formula of the sample correlation matrix of length, say 𝑆. 

The correlation matrix is a rescale of the quasi-correlation matrix so that the diagonals are unity: 

𝑅𝑡 = [𝑑𝑖𝑎𝑔(𝑄𝑡)]
−1/2𝑄𝑡[𝑑𝑖𝑎𝑔(𝑄𝑡)]

−1/2.       (8) 

 

2. Syntax 

2.1 GarchMidas 
GarchMidas is a MATLAB function for estimating a GARCH-MIDAS model. The syntax is 

[...] = GarchMidas(y,name,value) 

The required input argument is y, a 𝑇 × 1 vector of observations. 

The optional name-value pairs include: 

 'X':   T-by-1 macroeconomic data that determines the long-run conditional variance. If X is not 

specified, realized volatility will be used. X should be of the same length as y; repeat X values to 

match the date of y if necessary. Only one regressor is supported. The default is empty (realized 

volatility) 

 'Period':   A scalar integer that specifies the aggregation periodicity (𝑁). How many days in a 

week/month/quarter/year? How long is the secular component (𝜏𝑡) fixed? The default is 22 (as in a 

day-month aggregation) 

 'NumLags':   A scalar integer that specifies the number of lags (𝐾) in filtering the secular 

component by MIDAS weights. The default is 10 (say a history of 10 weeks/months/quarters/years) 

 'EstSample':   A scalar integer that specifies a subsample y(1:EstSample) for parameter 

estimation. The remaining sample is used for conditional variance forecast and validation. The 

default is length(y), no forecast. 

 'RollWindow':   A logical value that indicates rolling window estimation on the long-run 

component. If true, the long-run component varies every period. If false, the long-run component 

will be fixed for a week/month/quarter/year. The default is false. 

 'LogTau':   A logical value that indicates logarithmic long-run volatility component. The default is 

false. 

 'Beta2Para':   A logical value that indicates two-parameter Beta MIDAS polynomial Eq (5b). The 

default is false (one-parameter Beta polynomial, Eq (5a)). 



 'Options':   The FMINCON options for numerical optimization. For example,  

Display iterations: optimoptions('fmincon','Display','Iter'); 

Change solver: optimoptions('fmincon','Algorithm','active-set'); 

The default is the FMINCON default choice. 

 'Mu0':    MLE starting value for the location-parameter (𝜇). The default is the sample average of 

observations. 

 'Alpha0':   MLE starting value for 𝛼 in the short-run GARCH(1,1) component. The default is 0.05. 

 'Beta0':   MLE starting value for 𝛽 in the short-run GARCH(1,1) component. The default is 0.9. 

 'Theta0':   MLE starting value for the MIDAS coefficient √𝜃 in the long-run component. If the 

name-value pair 'ThetaM' is true, it is 𝜃. The default is 0.1.  

 'W0':   MLE starting value for the MIDAS parameter 𝜔 in the long-run component. The default is 5. 

 'M0':   MLE starting value for the location-parameter √𝑚 in the long-run component. If the name-

value pair 'ThetaM' is true, it is 𝑚. The default is 0.01. 

 'Gradient':   A logical value that indicates analytic gradients in MLE. The default is false. 

 'AdjustLag':   A logical value that indicates MIDAS lag adjustments for initial observations due 

to missing presample values. The default is false. 

  'ThetaM':   A logical value that indicates not taking squares for the parameter theta and m in the 

long-run volatility component. The default is false (they are squared). 

 'Params':   Parameter values for (𝜇, 𝛼, 𝛽, 𝜃, 𝜔,𝑚). In that case, the program will skip MLE, and 

just infer the conditional variances based on the specified parameter values. The default is empty 

(need parameter estimation). 

 'ZeroLogL':   A vector of indices between 1 and T, which select a subset of dates and forcefully 

reset the likelihood values of those dates to zero. For example, use ZeroLogL to ignore initial 

likelihood values. The default is empty (no reset). 

 

The output arguments include: 

 estParams:    Estimated parameters for (𝜇, 𝛼, 𝛽, 𝜃, 𝜔,𝑚). 

 EstParamCov:  Estimated parameter covariance matrix. 

 Variance:     T-by-1 conditional variances. 

 LongRunVar:   T-by-1 long-run component of conditional variances. 

 ShortRunVar:  T-by-1 short-run component of conditional variances. 

 logL:          T-by-1 log likelihood. Initial observations may be assigned a flag of zero. 

 

2.2 DccMidas 
DccMidas is a MATLAB function for estimating a DCC-MIDAS model. The syntax is 

[...] = DccMidas(Data,name,value) 

The required input argument is Data, a 𝑇 ×𝑚 matrix of observations. 

The optional name-value pairs include: 



 'Period':   A scalar integer that specifies the aggregation periodicity (𝑁). How many days in a 

week/month/quarter/year? How long is the secular component (𝜏𝑡) fixed? The default is 22 (as in a 

day-month aggregation) 

 'NumLagsVar':   A scalar integer that specifies the number of lags (𝐾) in filtering the secular 

component by MIDAS weights. This is for the first step GARCH-MIDAS model. The default is 10 (say a 

history of 10 weeks/months/quarters/years) 

 'NumLagsCorr':   A scalar integer that specifies the number of lags(𝐾) in filtering the secular 

component by MIDAS weights. This is for the second step estimation of correlation matrix. The 

default is 10 (say a history of 10 weeks/months/quarters/years) 

 'EstSample':   A scalar integer that specifies a subsample y(1:EstSample) for parameter 

estimation. The remaining sample is used for conditional variance forecast and validation. The 

default is length(y), no forecast. 

 'RollWindow':   A logical value that indicates rolling window estimation on the long-run 

component. If true, the long-run component varies every period. If false, the long-run component 

will be fixed for a week/month/quarter/year. The default is false. 

 'LogTau':   A logical value that indicates logarithmic long-run volatility component. This is for the 

first step GARCH-MIDAS model. The default is false. 

 'Beta2Para':   A logical value that indicates two-parameter Beta MIDAS polynomial, Eq (5b). The 

default is false (one-parameter Beta polynomial, Eq (5b)). 

 'Options':   The FMINCON options for numerical optimization. For example,  

Display iterations: optimoptions('fmincon','Display','Iter'); 

Change solver: optimoptions('fmincon','Algorithm','active-set'); 

The default is the FMINCON default choice. 

 'Mu0':    MLE starting value for the location-parameter (𝜇). The default is the sample average of 

observations. 

 'Alpha0':   MLE starting value for 𝛼 in the short-run GARCH(1,1) component. The default is 0.05. 

 'Beta0':   MLE starting value for 𝛽 in the short-run GARCH(1,1) component. The default is 0.9. 

 'Theta0':   MLE starting value for the MIDAS coefficient √𝜃 in the long-run component. If the 

name-value pair 'ThetaM' is true, it is 𝜃. The default is 0.1. 

 'W0':   MLE starting value for the MIDAS parameter 𝜔 in the long-run component. The default is 5. 

 'M0':   MLE starting value for the location-parameter √𝑚 in the long-run component. If the name-

value pair 'ThetaM' is true, it is 𝑚.The default is 0.01. 

 'CorrA0':   MLE starting value for 𝑎 in the GARCH(1,1) component.  It is either a scalar (if all 

variables share it) or a column vector (if each variable has its own parameter). This is for the second 

step correlation matrix estimation. The default is 0.05 (or a vector expansion). 

 'CorrB0':   MLE starting value for 𝑏 in the GARCH(1,1) component.  It is either a scalar (if all 

variables share it) or a column vector (if each variable has its own parameter). This is for the second 

step correlation matrix estimation. The default is 0.05 (or a vector expansion). 

 'CorrW0':   MLE starting value for the MIDAS parameter w in the long-run component.  It is a 

scalar. Vector is not supported. The default is 0.05. 

 'MorePara':   A logical value that indicates multivariate series have different 𝑎, 𝑏. However, the 

program only supports a single 𝜔. This is for the second step correlation matrix estimation. The 

default is false (parameters 𝑎, 𝑏, 𝜔 are shared by all variables) 



 'Gradient':   A logical value that indicates analytic gradients in MLE. The default is false. 

 'AdjustLag':   A logical value that indicates MIDAS lag adjustments for initial observations due 

to missing presample values. The default is false. 

  'ThetaM':   A logical value that indicates not taking squares for the parameter theta and m in the 

long-run volatility component. The default is false (they are squared). 

 'ZeroLogL':   A vector of indices between 1 and T, which select a subset of dates and forcefully 

reset the likelihood values of those dates to zero. For example, use ZeroLogL to ignore initial 

likelihood values. The default is empty (no reset). 

 

The output arguments include: 

 estParamsStep1:    6-by-n estimated parameters for (𝜇, 𝛼, 𝛽, 𝜃, 𝜔,𝑚), obtained from the 

univariate GARCH-MIDAS models. 

 EstParamCovStep1:  6-by-6-by-n estimated parameter covariance matrix, obtained from the 

univariate GARCH-MIDAS models 

 estParamsStep2:    3-by-1 or (2n+1)-by-1 estimated parameters, obtained from the second-

step autocorrelation matrix estimation. 

 EstParamCovStep2:  3-by-3 or (2n+1)-by-(2n+1) estimated parameter covariance matrix, 

obtained from the second-step autocorrelation matrix estimation.  

 Variance:     T-by-n conditional variances. 

 LongRunVar:   T-by-n long-run component of conditional variances. 

 CorrMatrix:  n-by-n-by-T conditional correlation matrices. 

 LongRunCorrMatrix:  n-by-n-by-T long-run component of the correlation matrices. 

 logL:          T-by-1 log likelihood. Initial observations may be assigned a flag of zero. 

 

3. Examples 

3.1 A GARCH-MIDAS Example 
We downloaded the NASDAQ Composite Index daily return data (1971 – 2015) from the FRED 

Economic Data (NASDAQCOM). Though our data are not the same as those used in Engle, Ghysels and 

Sohn (2013), we try if we could obtain similar volatility results after 1970s.  

To run the program, we could simply type GarchMidas(y) and accept all the default settings. 

However, there are some name-value pairs we may want to fine tune. 'Period' specifies aggregation 

periodicity. If we put 22, it is roughly a day-month aggregation. 'NumLags' specifies the number of 

MIDAS lags. Here we put 24, meaning a history of 24 months’ realized volatility will be averaged by the 

MIDAS weights to determine the long-run conditional variance. 



 

        

   

Source: Figure 2 of Engle, Ghysels and Sohn (2013) 

 

Our estimated conditional volatility and its secular component in 1975 – 2010 have similar patterns 

as those reported in Figure 2 of Engle, Ghysels and Sohn (2013). The long-run component exhibits spikes 

in years around 1975, 1989, 2002, 2008, etc. The total volatility jumps upwards during those recession 

periods. It confirms the empirical regularity of the countercyclical stock market volatility.  

The rolling window specification of the long-run conditional variance uses a different weight 

sequence for the realized volatility. To check whether it will produce similar results or not, we may run 

the program with the name-value pair 'RollWindow'. The codes run a little slower due to more 

MIDAS weighed terms, but the results appear close to those under the fixed window specification. 



  

 

 

The realized volatility could be a noisy proxy for the macro-volatility. We may replace the realized 

volatility by some direct measure of economic activities. We downloaded the Industrial Production Index 

growth rate data (1971-2015) from the FRED database (INDPRO). The program requires the exogenous 

variable formatted as a vector with the same length as the observation series y. So we just repeat the 

monthly values throughout the days. Then we can run the program with the name-value pair 'X'. 

 



 

 

Lastly, we do some forecast exercise. We may run a subsample estimation and leave some 

observations for the one-step forecast validation by setting the name-value pairs 'EstSample'. For 

example, we use 8000 observations for parameter estimation and the remaining observations for 

forecast validation. The software reports on the screen the root mean squared errors (RMSE) of the one-

step forecast on the conditional variance.  

 

 

 

We may want to perform out-of-sample volatility forecast. Eq (2) specifies the conditional variance 

recursion: 𝑔𝑖𝑡 = (1 − 𝛼 − 𝛽) + 𝛼
(𝑟𝑖−1,𝑡−𝜇)
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𝜏𝑡
+ 𝛽𝑔𝑖−1,𝑡. Note that 𝑔𝑖𝑡 is a deterministic function of 𝑟𝑖−1,𝑡 

and historical observations. For out-of-sample forecast,  (𝑟𝑖−1,𝑡 − 𝜇)
2

 is not available. We may replace 

such unavailable observations by the forecasted variance, similar to the way we iteratively forecast an 

autoregressive process. We may call GarchMidas recursively to forecast future variances. 



 

 

3.2 A DCC-MIDAS example 
In this example, we try to use the DccMidas program to reproduce the results in Colacito, Engle 

and Ghysels (2011). The tri-variate DCC-MIDAS model consists of Energy and Hi-Tech portfolios and a 10 

year bond. Users are responsible for obtaining their original data. Alternatively, the program will load a 

different dataset containing the NASDAQ daily returns, JPY/USD exchange rates percentage change and 

10-Year treasury rates percentage change, downloaded from FRED Economic Data (NASDAQCOM, 

DEXJPUS, DGS10, respectively).  

To use the software, users may simply type DccMidas(Data). Similar to GarchMidas, setting 

some of the name-value pairs may be helpful. 'Period' specifies aggregation periodicity. If we put 22, 

it is roughly a day-month aggregation. 'NumLagsVar' specifies the number of MIDAS lags for the 

univariate GARCH-MIDAS for the first-step variance estimation. Here we put 36, meaning a history of 36 

months’ realized volatility will be averaged by the MIDAS weights to determine the long-run conditional 

variance. 'NumLagsCorr' specifies the number of MIDAS lags for the second-step correlation matrix 

estimation. We put lagged values of 144 months in this application, but users may reduce the number of 

lags if the sample size is smaller. 

To reproduce the results of the paper, we will overload some of the default name-value pairs of 

DccMidas, because their results were estimated by different codes. 'Options' is the FMINCON 

options for numerical optimization. We use the legacy 'active-set', though the default choice is 

'interior-point'. Also, by setting 'ZeroLogL' to 1:3600, we forcefully suppress the 

contribution of the initial 3600 observations to the likelihood function, though the default initialization 

scheme does not have a burn-in of that amount. Such adjustment is for compatibility with others’ 

implementation on the DCC-MIDAS model. Also, we reset the MLE starting values 'mu0' to 0.001. 

Numerical optimization will not work well unless starting values are carefully chosen. 

 

The program first estimates three univariate GARCH-MIDAS models for the conditional variances, 

and then constructs the standardized residuals and estimates the correlation matrix. 



 

 

 

The program nearly reproduces the results; both the estimated parameters and the volatility 

estimation are close to Table 1 and Figure 1 of Colacito, Engle and Ghysels (2011). 

 



 

If the users cannot obtain the original data used by the paper, the program will load an alternative 

dataset consisting of stock returns, exchange rate returns and bond yields percentage changes. Using 

the same codes, the estimation results are the following: 

 

 



 

 

4. Usage Notes and Tips 
 

 The program requires MATLAB Optimization Toolbox, Statistics and Machine learning 

Toolbox. It works best for MATLAB 2015b, but it may work slowly under previous versions.  

 Users may want to run the codes using different MLE starting values and compare the 

likelihood function values to determine the maximum likelihood estimator. It is good 

practice to reset the name-value pairs for the starting values. 

 In case of poor MLE results, possibly with a warning messages 'Covariance matrix 

of estimators cannot be computed precisely...', try to refine the 

starting values and rescale the data. Also, setting the name-value pair 'Gradient' may 

help. 

 In case of error messages such as 'FMINCON failed...', the most likely cause is the 

conditional variance at some date is not positive at the starting parameter values. Try to 

change the starting values, and make changes to model specification if necessary.  
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