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The COVID-19 crisis will definitely cause a major downturn in Canada and abroad, but there is a
lot of uncertainty about the maximum impact and duration of the shock. In this report, I apply mixed-
frequency models from Foroni et al. (2019) to forecast the real GDP of Canada and United States over
the next two years. The mixed-frequency framework is well-suited since the target variable (GDP) is
available quarterly and is published with more than one quarter lag. On the other hand, many monthly
indicators can be used in order to nowcast the current quarter, but also to forecast the future periods.
The table 1 summarize the data. Canadian data come from Fortin-Gagnon et al. (2018),1 while the US
data have been extracted from the Federal Reserve Economic Data2. All variables are transformed in
growth rates by the first difference of logs.

Table 1: Liste of variables

Variables Frequency Country Last quarter observations (%)
GDP (2012 chained $) Quarterly CAN, US 2019Q4: 0.09 and 0.53
GDP by industry Monthly CAN 2020 January: 0.11
(GDPmonth) 2020 February*: 1.08

2020 March*: -9
Industrial production Monthly US January: -0.49

February: 0.46
March: -5.55

The GDP by industry (GDPmonth) is used to forecast the Canadian GDP, while the Industrial pro-
duction is used in the US case. The GDP by industry last observation is 2020M01. However, StatCan has
issued, on April 15, a nowcast of March 20203. According to this scenario, the GDP by industry would
have decreased by 9% in March, and 2.6% in the first quarter. I therefore constructed the February value
so as to respect these two assumptions. We can see from the table 1 the importance of using mixed-
frequency data since the shock have occurred only during the last month of the actual quarter. When
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predicting the Canadian GDP, this StatCan scenario is then crucial. Note that the monthly employment
growth in Canada has also decreased by more than 5% in March.

Figure 1: Forecasting GDP given the COVID-19 shock

(a) CAN GDP growth fcts (b) CAN GDP fcst (c) CAN GDP: Great Recession

(d) US GDP growth fcts (e) US GDP fcst (f) US GDP: Great Recession

Figure 1 plots the main results with all 11 models but only the average and median values are high-
lighted, together with the autoregressive forecast to illustrate the importance of using high frequency
predictors. The nowcast of the Canadian GDP growth (2020Q1) is -10% while the trough is attained in
2020Q2 with a drop of 24% in annualized terms, see part 1a. This translates into the level forecast of real
GDP in 1b. The loss in year 2020 is projected at 228G$ (or -11.5%). Moreover, the COVID shock seems
very persistent since the 2019Q4 level is expected to be attained only in 2023, while the impact on the
trend looks permanent.

In US, the situation is less dramatic. Forecasts conditional on industrial production are qualitatively
similar to those in Canada but the absolute impact is much smaller, as depicted in 1d and 1e. The loss
in 2020 is expected to be 357G$ (-1.88%). This is of course partly due to the scenario made by StatCan
on the March value of GDP by industry, but also to the fact that GDPmonth is more correlated with the
GDP than it is the industrial production. In addition, the US economy is less affected in March since the
employment has decreased by only 0.45% compared to 5% in Canada.

In order to put these predictions into perspective, I reconstructed the history of forecasts during the
Great Recession followed by the financial crisis in 2008, see 1c and 1f. Exactly the same models are
estimated with the following timing for Canada and US respectively: 2008Q3 / 2008M12 and 2008Q2
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/ 2008M09. The GDPmonth has been a too optimistic, but nevertheless quite good predictor for three
years after the financial shock. Since the data are stationary, the long run predictions converge to the
pre-2008 trends, while the shock had a very persistent effect on both GDPs.

Of course, nothing indicates that the COVID shock will have the same long run impact as the finan-
cial shock during the Great Recession. However, this exercise suggests that large and persistent impacts
are to be expected on the Canadian economy, at least in next one or two years. More detailed forecasts
and updates are available on the web page of the Chaire en macroéconomie et prévisions ESG UQAM.

Technical details on mixed-frequency models

The models take the following general form:

ytm = ρ(Lm)ytm−hm + δ(L)xtm−hm+w + utm + γ(Lm)utm−hm , (1)

where hm is the forecasting horizon, yt is the low frequency target variable and xt is the high frequency
predictor. Assume that x is available for every period tm, while y is available only every m periods.
Define t = 1, ..., T as the low frequency (LF) time unit and tm = 1, ..., Tm as the high frequency (HF)
time unit. The HF time unit is observed m times in the LF time unit. Here, LF is quarterly and LF is
monthly, hence m = 3. w is the number of months with which x is leading y. In addition, L indicates
the lag operator at tm frequency, while Lm is the lag operator at t frequency. The error term utm is white
noise with E(utm) = 0 and E(utm u′tm

) = σ2
u < ∞. Equation (1) represents the UMIDAS-ARMA model

proposed in Foroni et al. (2019). Models UMIDAS and UMIDAS-AR are estimated by ordinary least
squares (OLS), while the model UMIDAS-ARMA is estimated by nonlinear least squares (NLS) and also
by generalized least squares (GLS).

If the MA component is excluded, γ(Lm) = 0, the model (1) becomes an UMIDAS-AR. If in addition
the AR term is ignored, ρ(Lm) = 0, we get UMIDAS (Foroni et al., 2015). The restricted version, MIDAS-
ARMA, is obtained by imposing a particular structure on the distributed lag part δ(L):

ytm = c̃(Lm)ytm−hm + βB(L, θ)xtm−hm+w + utm + γ(Lm)utm−hm , (2)

where

B(L, θ) =
K

∑
j=0

b(j, θ)Lj,

b(j, θ) =
exp(θ1 j + θ2 j2)

∑K
j=0 exp(θ1 j + θ2 j2)

,

and K is the maximum number of lags included of the explanatory variable. In this application, K = 12
unless otherwise stated. Again, imposing γ(Lm) = 0 gives MIDAS-AR, and if in addition βB(L, θ) = 0,
the model reduces to MIDAS (Ghysels et al., 2006). All MIDAS models are estimated by NLS.

Table 2 resume all models used in this application.
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Table 2: Liste of models

Model Explanation
midas MIDAS
midas-AR-mar MIDAS-AR where θ is estimated by NLS and other parameters by OLS
midas-AR-mar2 MIDAS-AR where θ is estimated as in Clements and Galvão (2008)
midas-AR-mar3 MIDAS-AR where all parameters are estimated by NLS
midas-ARMA MIDAS-ARMA where all parameters are estimated by NLS
midas-ARMA-2lagsX MIDAS-ARMA with K = 2
umidas UMIDAS
umidas-AR UMIDAS-AR
umidas-ARMA-gls UMIDAS-ARMA where all parameters are estimated by GLS, voir

Dufour and Stevanovic (2013) for the MA estimation by GLS
umidas-ARMA-nls UMIDAS-ARMA where all parameters are estimated by NLS
umidas-ARMA-nls-2lagsX UMIDAS-ARMA with K = 2
AR Autoregressive model specified by the Bayesian information criterion
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