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Methodology

The Dutch Labour Force Survey (LFS)

Rotation panel design: each month a new sample enters the

panel and is observed five times at quarterly intervals:
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» 5 monthly time series (y,") of the unemployed labour force.

» Aim: have a representative panel for the population.

» Induces Rotation Group Bias (RGB).
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The labour force model
The measurement equation takes the form:

RGB  survey
—_—N— errors
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common population parameter
i.e., the unemployment

where 65 = LY + S, and k indicates that the variable is
observed at the low (monthly) frequency.
The transition equations are:

Lk’y Lk7y + Rf:}{l ,

Y k, 2
Rty—Ft’ +77Rt’ nH%NN(O,aH’y).

Sf’y is modeled as a trigonometric stochastic seasonal
component.
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Auxiliary series
We extend the model by including auxiliary series about job
search behaviour from weekly Google Trends (GT) and monthly
claimant counts (CC).
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Two-step estimator

Problems to be addressed:
> High-dimensionality of the Google Trends (xZ).

» Publication delays of the LFS and the CC can cause
“ragged edge” datasets.

The two-step estimator by Doz et al. (2011) combines factor
models with the Kalman filter and hence addresses both of
these issues.
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Methodology

Two-step estimator (2)

State space representation of the dynamic factor model:

xCBT = Nk + ey, E(eie}) = V,
fi="F_1+ u, E(UtU;) = I,
where xZT ~ I(1) of dimension n, and f; ~ /(1) of dimension r.

The I(1) setting is needed to exploit the correlation between the
factors and the slope of the unobserved trend of the target
variable y¥.
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The steps

th = /\ft‘ + Eft‘y, C/O\V(E”l,) = dlag(\]})u

(2)
Afi|u = ut|u-
1. A, fr and V¥ are estimated by Principal Component Analysis
applied to the differenced data, AxZT, in a balanced
dataset;

2. f; are re-estimated with the Kalman filter applied to the
approximated model on the entire dataset = we need to
condition on the information set Q,: f, = E[f|Q,; M p i)
v is the time of a particular data release.
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Nowcasting in a high-dimensional state space model

We combine (1) and (2) to get our final model:

B\ (WY (e (%
thTLCC _ efl;c +< 0 )+ EI;I,VCC 7
Xt/L,jGT A ftl|(u 0 efl;jGT
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fii, fa uy,

After the first step, XFT is aggregated to the lower frequency of

y{‘ and the observation equations for yt", th,cc and xf’GT are

stacked together.
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Nowcasting in a high-dimensional state space model

Where we get the gain from

k,CC w\
COV(”RHV’ nRt\u’ ut| )_

2

TRy PCCUg,yaR,CC P1,GTORy --- Pr.GTORy |
PCCOR,yOR,CC UR,CC 0 cee 0
= P1,GTOR,y 0 1 . 0
L Pr,GTORy 0 0 S 1 i

The innovations of the trends’ slopes and of the factors are
allowed to be correlated. Potential gains in precision

(MSE (éfvy)) if || is large (Harvey and Chung, 2000).
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Nowcasting in a high-dimensional state space model

How we get the nowcast

Yi, 150, Ak e,
i o | = ek |+ o )+ ]
xt’T’VGT Atk 0 s’t‘|’VGT

A\ (B [ ek
Rt|;(/ = R};q v | T 77.‘?}(“1/
fi, AT Uy,

» Kalman filter applied to the whole state-space model.

» We can nowcast the variable of interest, providing
unemployment estimates in real time before LFS data
become available: 95 = E[6Y|Q,; M i) is the nowcast

tlv
for 9.
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Simulations

Set-up: smooth trend model

k k k.y k.y
i Y L ¢ €t ~ :
( Xk ) = < AfE ) + ( ehx ) ; ( hx ) N (0,diag(0.5)),

Lf = Ly + Ry,
Rf H;(—1 77.'k?t 77.'k?t T p
_ , )~ N .
( f > < e - uf )’ uf 0, p 1

> Tactor ff- A= (A, M), Mo =0, A~ U(0,1)

xt" released at the same time without publication delays.
¥k not observed at time t.

T = 150 (number of months), n = 100, ng,» = 500.
Recursive nowcast in the third part of the sample.

vvyYyy
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Results relative to the model without auxiliary series.
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In-sample perfromance

» One factor is estimated from the Google Trends.
> pgr = 0.421, (paT, Pcc) = (0.020,0.905), pcc = 0.908.
> LR test rejects Hp : pcc = 0, but not Hy : pgr = 0.

> Results relative to the model that does not use any
auxiliary series (Baseline).
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Out-of-sample performance

» Recursive nowcast in the third part of the sample.

» Results relative to the model that does not use any
auxiliary series (Baseline).
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Nowcast
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How to improve the out-of-sample results?

X Modelling the seasonality of the factor with an ARIMA
model (only better in-sample performance).

X Targeting the Google Trends first, with the Elastic Net.
X Including two factors of the Google Trends.

? Including the lags of the Google Trends’ factor.
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Extensions

Time-varying correlation

The correlation between the target and the auxiliary series can
be time dependent (van den Brakel and Krieg, 2016).
Two methods to estimate p;:

» Generalized autoregressive score (GAS) approach.

» Kernel density-based approach.
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Conclusions

Conclusions

» Our proposed method can yield large improvements, in
terms of MSFE, in the nowcast of unobserved components,
in a smooth trend model when a high-dimensional auxiliary
series is included.

» The model is robust to the inclusion of auxiliary information
that does not have predictive power, as it does not
deteriorate the nowcast of the unobserved components.

» Google Trends of job search terms do not significantly
improve the state space model used to estimate and
nowcast the Dutch unemployment and its change. Yet,
there is no risk in including them as auxiliary information.
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Thank you!
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