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The Combined Density Nowcasting algorithm

The two stage-method of our CDN approach is given as:

Stage 1: Estimate K DFM models, generate draws for F̃k,t+h, k = 1, ...,K and condi-

tional on F̃k,t+h generate the K vector of draws ỹt+h.

Stage 2: Combine the predictions from the K models, accounting for uncertainty on

the number of factors (K) and information set (IK), using the convolution mechanism.

We elaborate briefly on each stage.

On stage 1: We follow the bootstrapping procedure in Aastveit et al. (2014) to construct

simulated nowcasts. Let Â0, B̂0, û0,txm , ξ̂0,txm , Λ̂0, α̂0, β̂0, and ê0,tm+hm denote the initial point

estimates. Then, for d = 1, ..., D:

1. Simulate monthly F̃txm = Â0F̃txm−1 + B̂0u
∗
txm

, where u∗txm is re-sampled from û0,txm .

2. Simulate X̃txm = Λ̂0F̃txm + ξ∗txm , where ξ∗txm is re-sampled from ξ̂0,txm .

3. Based on X̃txm , re-estimate the model to get a new set of parameter and factor estimates.

Use these to generate factor nowcasts according to equation (9) in the main text, where

shock uncertainty is included by re-sampling from û0,txm .

Next, estimate equation (11) in the main text based on the monthly factor estimated in the

previous step and converted to quarterly as described in the previous section, and construct

nowcasts for ỹt+h where shock uncertainty is included by re-sampling from ê0,tm+hm .

On stage 2: Apply an extension of the parallelized version of the sequential Monte Carlo

algorithm of Billio et al. (2013) and Casarin et al. (2015) to the case of Dynamic Factor Models.

For a technical description of this algorithm, we refer the reader to Casarin et al. (2015).

Here, we provide some details on the prior. The combination weights are [0,1]-valued processes

and one can interpret them a sequence of prior probabilities over the set of models. In our

framework, the prior probability on the set of models is random, as opposite to the standard

model selection or BMA frameworks, where the model prior is fixed. The likelihood, given

by the combination scheme, allows us to compute the posterior distribution on the model set.
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In this sense the proposed combination scheme shares some similarities with the dilution and

hierarchical model set prior distributions for BMA, proposed in George (2010) and Ley and

Steel (2009) respectively. The learning strategy also plays a crucial role and we propose to use

scores depending on the loss function of interest. In section 2.4 in the main text we describe

our scores for nowcast evaluation and for each metric we apply the corresponding score in the

learning mechanism in equation (6) in the main text.

We repeat steps 1-3 recursively for every block in each quarter vintage. The exercise is very

time consuming and requires parallelization to be implemented. We parallelize the code in two

directions. First, step 1 and step 2 are parallelized across models, vintages and blocks. Then,

step 3 is parallelized across draws using the MATLAB toolbox DeCo described in Casarin et al.

(2015).1

1If the user was in the last vintage and block, parallelization across models in steps 1 and 2 and parallelization
across predictive draws in step 3 are required to derive predictive densities for future values.
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