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ABSTRACT
Dynamic factor models (DFMs) have found great success in nowcasting and short-term macroeconomic forecasting when in-
corporating large sets of predictive information. The factor loadings are typically estimated cross-sectionally with principal 
component analysis (PCA) or maximum likelihood (ML), which ignore whether the factors have predictive power. We suggest 
two novel alternative approaches using partial least squares to estimate large vector autoregressions (VARs) and DFMs, which 
take the dynamic dependencies better into account. Our Monte Carlo simulations and forecasting results for the Finnish GDP 
growth show that these methods generally perform on par with and under certain conditions better than the existing approaches.

1   |   Introduction

A common approach to accommodate big data in macroecono-
metrics is to use dynamic factor models (DFMs). These models 
rely on the fact that macroeconomic data have strong comove-
ments that can often be reduced to variations in just a few under-
lying factors. This dimension reduction step makes it possible to 
model huge panels of data without having to estimate too many 
parameters.

Over time, multiple ways to estimate DFMs have been intro-
duced: First studies employed complex frequency-domain meth-
ods (Geweke 1977; Sargent and Sims 1977). It was soon found 
easier to express DFMs in a state-space form and to estimate the 
model using the method of maximum likelihood (ML) (Engle 
and Watson 1981; 1983; Stock and Watson 1989). However, ML 
estimation struggled with high-dimensional data and principal 
component analysis (PCA) has often been used instead to esti-
mate the models. While PCA is consistent and computationally 
lighter, it is less efficient than ML and struggles with param-
eter restrictions which are used with mixed frequency data 
(Chamberlain and Rothschild 1983; Connor and Korajczyk 1986; 
Forni and Reichlin 1996; 1998; Doz et al. 2011). More recently, 

efficient and easily applicable approaches have been developed 
using maximum likelihood (ML) or quasi-ML (QML) based 
estimation (see Doz et  al. 2012; Bańbura and Modugno  2014; 
Jungbacker and Koopman 2015).

In this study, we consider an approach that has received far less 
attention: partial least squares (PLS). Whereas conventional 
methods, like PCA and ML estimation, find the rotations of the 
predictor variable matrix X  that best explain the variation in it, 
PLS finds rotations that also explain variations in the response 
(matrix) Y . In the context of the vector autoregression, X  con-
tains the lags of Y . Because the rotations are done at the same 
time for both the response and its lags, these rotations can be 
used to either construct a vector autoregression (VAR) or a DFM 
without a need to separately estimate the transition matrix or a 
similar auxiliary quantity.

When estimating a DFM, PLS has two main advantages over 
PCA or ML. First, by the construction of factors, it also uses 
information in the lags of the endogenous variable. This in-
creases the width of the data used, which is useful since factor 
methods generally benefit from increasing both the size of the 
cross-section and the number of observations. Second, if it is 
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infeasible to estimate all the factors, PLS can be used to estimate 
only those factors that have predictive power. This allows for 
more parsimonious models. Moreover, and importantly from a 
practical perspective, PLS is also computationally lighter than 
the burdensome EM-algorithm used in ML estimation.

The main contribution of this work is to develop PLS to estimate 
a DFM. This is achieved by a variation of the standard PLS al-
gorithm of Höskuldsson (1988). Our approach is well suited for 
high-dimensional mixed-frequency time series data with miss-
ing observations, which is generally a highly relevant setup for 
various macroeconomic applications related to nowcasting and 
forecasting. The same algorithm is also applicable for large vector 
autoregressions (VARs). Our Monte Carlo simulation results sug-
gest that the PLS based approach can perform equally or better 
than the conventional ML estimation, when the data is generated 
by a DFM. Furthermore, empirical nowcasting and forecasting 
results, obtained with a large panel of Finnish macroeconomic 
data, also suggest good performance by the PLS-based methods 
in nowcasting and forecasting quarterly Finnish GDP growth.

The rest of the paper is organized as follows. Primers of both 
DFMs and PLS are presented in Section 2. The formulation and 
estimation of the PLS based VARs (VAR-PLSR) and DFMs (PLS-
DFM) is given in Section 3. Simulations and empirical results 
are presented in Sections 4 and 5, respectively. Finally, Section 6 
concludes.

2   |   Modeling High-Dimensional Data

2.1   |   Dynamic Factor Models (DFM)

Dynamic Factor Models (DFMs) have been found to perform 
well in nowcasting and short-term forecasting of macroeco-
nomic time series, such as and especially Gross Domestic 
Product (GDP) (see, for example, Hindrayanto et  al. 2016 and 
Stundziene et al. 2024 for a literature review). A simple DFM is 
given by 

 where yt is a n-dimensional vector of demeaned observed 
variables, ft is a q-dimensional vector of latent factors with 
q≪ n, 𝜉t is n-dimensional idiosyncratic error term, and wt is a 
q-dimensional vector of innovations. In the exact DFM, the co-
variance matrix of �t is diagonal, and �t and yt are uncorrelated 
with �t+h at every h ≠ 0, while in the approximate model, non-
trivial correlation structures and especially autocorrelation in 
�t, are allowed. The parameters in (1a–1b) are contained in an 
n × q matrix Λ and a q × q matrix �. It is straightforward to ex-
tend model  (1a–1b) by increasing the number of lags in either 
equation: yt may contain the lagged values of ft, and ft can also 
depend on additional lags of itself. For further discussion, see 
Stock and Watson (2016).

From  (1a), it can be seen that Cov(yt) = ΛCov(ft)Λ
� + Cov(�t). 

Factor models often make additional assumptions about these 
covariance matrices. The key assumption is that the first term, 

ΛCov(ft)Λ
�, captures most of the co-movements so that Cov(�t) 

is at least nearly diagonal. In other words, the idiosyncratic com-
ponent �t cannot have a factor structure of its own, which in turn 
sets assumptions about the maximum eigenvalues of Cov(�t) as 
n→∞. For additional discussion of these assumptions, see Doz 
et al. (2011, 2012).

The earliest papers by Geweke (1977) and Sargent and Sims (1977) 
estimate the DFM using frequency-domain methods. However, 
as this proved complex and laborious, the method of maximum 
likelihood has become more commonplace. Because the factors 
ft are not observed, they must be estimated as part of the esti-
mation process, which calls for the Expectation Maximization 
(EM) algorithm. Typically �t and wt are assumed to follow a mul-
tivariate normal distribution and if no restrictions are imposed 
on their covariances, the model becomes heavily parameterized, 
which impedes ML estimation. As a consequence, early max-
imum likelihood-based literature either made strong assump-
tions about these distributions or only dealt with a few time 
series (see, for example, Engle and Watson 1981, 1983; Stock and 
Watson 1989). Additionally, the early literature struggled with 
computational limitations, as the EM-algorithm requires many 
iterations and the estimation of factors over the whole sample.

From an alternative perspective, the DFM can be seen as anal-
ogous to a specific principal component regression (PCR). In 
a simple PCR framework, the principal components of a set of 
predictors, in our case lagged values of yt, are used to predict a 
single variable, yit. This would correspond to a model 

where f pct  are principal components (q-dimensional) of lagged 
values of yt and �pcr

i
 are estimated by ordinary least squares 

(OLS) on f pct . These principal components, f pct , can be seen as 
estimates of factors in a very simple factor model. Equation (2), 
when written for all values of i = 1, … ,n makes up (1a).

To make the model dynamic, the principal components can be 
modeled with a VAR like in (1b). PCA was first used in the DFM 
context by Chamberlain and Rothschild (1983), and later it was 
found that PCA is a consistent way to estimate the factors (see, for 
example, Connor and Korajczyk 1986; Forni and Reichlin 1996, 
1998). PCA factor estimates can be further improved with the 
Kalman filter, and to that end, Doz et al.  (2011) recommend a 
two-step approach (2s-DFM). In the first step, Λ is estimated by 
PCA on yt, and � is then estimated by OLS on the principal com-
ponents of that PCA. The covariances of �t and wt are estimated 
on the residuals of yt and the principal components, respectively. 
Then in the second stage, ft is estimated by a Kalman filter using 
the estimates for various parameters from the first step.1

In the more recent literature, the maximum likelihood approach 
has become the predominant approach largely due to advances 
in computing. Doz et al.  (2012) use a (QML) estimator to esti-
mate an exact DFM (non-autocorrelated �t) and show that it is, 
in fact, consistent and more efficient than the two-step estima-
tor even when the true model is approximate (autocorrelated �t). 
Bańbura and Modugno (2014) provide an algorithm to estimate 
the model with autocorrelated idiosyncratic components. Once 
cross-correlation between the components of �t is ignored, the 

(1a)yt = Λft + �t ,

(1b)ft = �ft−1 + wt , t = 1, … ,T ,

(2)yit = �
pcr
i
f
pc
t + �

pcr
it
,
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Kalman filter makes this easy when we include the idiosyncratic 
components in the state variable with the factors. Others, like 
Jungbacker and Koopman (2015), have developed computation-
ally efficient ML estimation procedures.

2.2   |   Partial Least Squares Regression (PLSR)

PLS estimation has been extensively studied from various per-
spectives, but this paper is only concerned with PLS regression 
(hereafter PLSR). Furthermore, this paper uses language typi-
cal of the econometrics literature and thus the terminology may 
slightly differ from other papers on PLS.

A common criticism of the PCR of Equation (2) is that as the fac-
tors are estimated to explain the cross-sectional variation, the 
number of factors can be inflated by factors that do not help in 
forecasting even if PCA is able to find all relevant factors. This 
leads to needlessly complex models, which increases estimation 
variance. Helland (1990) gives a more formal motivation for the 
PCR and the PLSR: The idea behind using principal components 
as predictors is that we can often assume that some eigenvalues of 
the predictors' covariance matrix are zero on the population level. 
This means that the predictor space is spanned by a smaller num-
ber of vectors than the dimension of the predictors. Therefore, 
the same predictive power can be achieved with fewer predictors 
when principal components are used instead. Meanwhile, the 
idea behind PLS regression is that in addition to ignoring the ei-
genvectors that correspond to eigenvalues that are zero, also the 
eigenvectors that have zero covariance with the response are ig-
nored, which typically leads to significantly more parsimonious 
models. For our purposes, it is important to note that DFMs esti-
mated with ML share this same weakness with PCR.

The general structure of a PLSR used in this paper is expressed as 

where yt remains the n-dimensional response vector, xt is a k
-dimensional vector of predictors (later in Section  3 lags of yt), 
Λy and Λx are n × q and k × q orthonormal matrices respectively, 
and D is a q × q diagonal matrix. The model thus assumes that 
the codependency between yt and xt is explained by a total of 
q ≤min {n, k} latent factors, whose estimation is the underlying 
objective. The idiosyncratic component �t captures the rest of the 
variation in yt. Occasionally Λ�

xxt or DΛ�
xxt are called PLS factors. 

In this paper, we regard the DΛ�
xxt as the PLSR estimates of ft in 

Equation (1a). Note that moving from xt to these factors is the di-
mension reduction step of this approach.

There are multiple algorithms to estimate the PLSR of (3) (see 
Lohmöller 2013). One possible choice is the Nonlinear Iterative 
Partial Least Squares (NIPALS) algorithm introduced to PLS 
by Wold  (1975). Since we have only two matrices of data (the 
response and the explanatory variables), Höskuldsson  (1988)'s 
formulation of NIPALS, given by Algorithm  1, is perhaps 
the simplest. Let X = (x1, … , xT )

� and Y = (y1, … , yT )
� be 

the standardized data matrices, and Λx = (�x1, … , �xq) and 
Λy = (�y1, … , �yq). The Algorithm 1 finds the projection direc-
tions ��xr�xr = 1 and ��yr�yr = 1 such that Cov(X�xr ,Y�yr)2 is max-
imized (Höskuldsson 1988).2

Verbally Algorithm 1 works by estimating factors based on Y  
(denoted by ur, row 8) and factors based on X  (denoted by vr, 
row 6) in an alternating manner. The loadings of ur are esti-
mated by regression of Y  on vr (row 7) and the loadings of vr 
are estimated by regression of X  on ur (row 5). This is repeated 
until convergence. This movement between X  and Y  allows 
us to skip over factors that only affect X  or Y  but not both. 
Subsequent pairs of factors beyond the first can be estimated 
by rerunning the algorithm for the residuals of Y  and X  (row 
11). The diagonal matrix D of Equation (3) connects ur and vr. 
It is estimated by univariate regressions between the factors 
(rows 10 and 12).

Note that the factor loadings Λy and Λx are standardized to be 
orthonormal. Meanwhile, the factors are not standardized. This 
means that the covariance between factors is directly related to 
how much of the variance of yt is explained by factors estimated 
based on xt. In the Algorithm 1, this covariance is u

′
r vr

T
. Since Y  

is standardized, the average variance is 1. This means that the 
share of covariance extracted by the factor r relative to the vari-
ance of Y  is 

A scree plot of �r for each factor could then be used to choose 
the number of factors. Examples of these plots can be found in 
Section 4.4. Alternatively, we can stop estimating more factors 
once enough of the covariance is extracted, that is, the cumula-
tive sum of (4) is enough (say 25%).

When yt is a scalar (i.e., n = 1), NIPALS estimates the best lin-
ear predictor Λ�

xxt of yt when q is taken to be the number of 

(3)yt = ΛyDΛ
�
xxt + �t , t = 1, … ,T ,

(4)�r =
|u�rvr |
Tn

.

ALGORITHM  1    |    Höskuldsson (1988) NIPALS algorithm.

 Input: X ∈ ℝ
T×k , Y ∈ ℝ

T×n

 Output: Λx ∈ ℝ
k×q, Λy ∈ ℝ

n×q, D ∈ ℝ
q,q

 Require: q > 0

1:	 D← 0q,q

2:	 for r = 1 to q do

3:		   ur ← the first column of Y .

4:		   while ur has not converged do

5:		             �xr ← X ′ur and scale �xr to unit length.

6:		             vr ← X�xr.

7:		             �yr ← Y ′vr and scale �yr to unit length.

8:		             ur ← Y�yr.

9:		   end while

10:	  pr ← X �vr∕(v
�
rvr) and dr ← u�rvr∕(v

�
rvr).

11:	  X ← X − vrp
�
r and Y ← Y − drvr�

�
yr.

12:	  [Λy]⋅,r ← �yr , [Λxr]⋅,r ← �x and [D]r,r ← dr.

13:  end for
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nonzero eigenvalues of Cov(X ) such that the corresponding ei-
genvectors are not orthogonal to the covariance between X  and 
Y  (Helland 1990). Under PCR, the latter property is not present, 
which means that the PCR typically requires the estimation of 
more factors.

PLS can be used to estimate a non-dynamic factor model: 
Assume that xt is generated by factors ft and that yt is gener-
ated by a subset of these factors (and possibly some additional 
factors that are orthogonal to ft) like in  (1a). Also, assume 
that the idiosyncratic components of yt do not correlate with 
the idiosyncratic component of xt or the subset of factors that 
generate yt. Lastly, assume that the idiosyncratic compo-
nents are homogeneous. Under these assumptions, PLS can 
consistently estimate the factor model (Helland  1990). The 
same variance or homogeneity assumption is, in general not 
guaranteed to hold. One common partial solution is to stan-
dardize the time series to have a variance of 1. Additionally, 
when dealing with time series, the idiosyncratic components 
of xt and yt are likely to be correlated. However, simplifying 
assumptions regarding the correlation structures of the idio-
syncratic components are essential features of the ML and es-
pecially the QML method for the estimation of DFMs (see, for 
example, Doz et al. 2012).

The PLSR has been used in economic forecasting, although it 
still remains a marginal method when compared to the DFM. 
A notable technical paper by Groen and Kapetanios  (2016) 
shows that when the data generating process is a factor model 
and a set of general assumptions are made, asymptotically 
the PLSR and the PCR are equivalent. However, (Groen and 
Kapetanios  2016) argue that in finite datasets, the PLSR is 
more parsimonious and that it is optimal even when the fac-
tors are particularly weak or when irrelevant data is added 
to the set of predictors. They also apply their method to mac-
roeconomic time series. Furthermore, Kelly and Pruitt (2013, 
2015) develop a three-pass-regression-filter (3PRF), which 
differs from PLSR mainly in its way of dealing with constant 
terms and variances of the predictors. They apply the method 
to forecasting both macroeconomic and financial data with 
great success. Fuentes et  al.  (2015) develop a sparse version 
of the PLSR and use it for forecasting macroeconomic data, 
and Eickmeier and Ng  (2011) forecast economic activity in 
New Zealand with the PLSR. In summary, most of the previ-
ous studies have focused on forecasting a single variable, usu-
ally with monthly data, and ignore matters of real-time data 
availability.

The closest paper to ours is Hepenstrick and Marcellino (2019), 
who also use the PLSR, or more specifically the 3PRF, to 
nowcast macroeconomic variables using mixed-frequency data. 
However, their focus is on modeling a single endogenous vari-
able at a time. To deal with mixed frequency target, they use 
lower-frequency regressions, when necessary, which is what we 
also do. To actually forecast or nowcast the target, they use U-
MIDAS, which is a time series regression method for a mixed 
frequency target. They deal with lower frequency, or in general 
missing predictors, by using an alternative method to nowcast 
them, which is necessary since their method allows only for a 
single endogenous variable.

3   |   High-Dimensional Time Series Modeling With 
PLSR

3.1   |   Vector Autoregressive PLSR (VAR-PLSR)

We next extend model (3) to a vector autoregressive PLSR (VAR-
PLSR) model with centered time series yt ∈ ℝ

n that have been 
scaled to have unit variance. Let us use two lags of yt as predic-
tors for notational and illustrative purposes. Since yt is a vector, 
and it is a response and its 2 lags are predictors, this is called 
VAR(2). More or fewer lags can readily be considered. Formally, 
x�t = (y�

t−1
, y�

t−2
): 

where Λy is a n × q matrix, Λx is a 2n × q matrix, and D is a q × q 
diagonal matrix. As noted above, ft = DΛ�

x(y
�
t−1
, y�

t−2
)� can be 

seen as PLS factors like in (3).

Mixed frequency data requires some special consideration. 
However, expressing the model as a factor model allows 
us to use the conventional method introduced by Mariano 
and Murasawa  (2003). Consider decomposing  (5) into two 
equations: 

Now we can consider a mix of monthly and quarterly variables, 
where the quarterly variables are differences of trending vari-
ables (such as GDP). Let y(Q)t  be the part of yt that includes quar-
terly observed variables, Λ(Q)

y  the rows of Λy that correspond to 
these variables, and, finally, �(Q)t  the idiosyncratic components 
of these variables. The remaining yt , Λy and �t correspond to 
monthly time series. Equation (6a) for these quarterly variables 
can be written as 

If the quarterly variables are not trending, a simple three lag fil-
ter can be used.

While Equation (6a) is easy to adjust for y(Q)t , this not the case 
for (6b). Hepenstrick and Marcellino (2019) recommend interpo-
lating lower frequency observations. However, the easiest solu-
tion is to simply omit y(Q)t  in (6b). This would make Λx sparse, 
i.e., the rows corresponding to the quarterly series would be set 
to zero. We follow the latter approach for simplicity and this is 
also the approach Hepenstrick and Marcellino  (2019) take in 
their forecasting exercises. Additionally, if we assume that the 
data generating process is a DFM, this loss of information has a 
negligible effect as long as the number of higher frequency pre-
dictors is large enough, because of the asymptotic properties of 
PLS (Groen and Kapetanios 2016).

(5)yt = ΛyDΛ
�
x

[
yt−1

yt−2

]
+ �t , t = 1, … ,T ,

(6a)yt = Λyft + �t ,

(6b)

ft = DΛ�
x

[
yt−1

yt−2

]
= DΛ�

x

[
Λyft−1

Λyft−2

]
+ DΛ�

x

[
�t−1

�t−2

]
, t = 1, … ,T .

(7)
y(Q)t =Λ(Q)

y (ft+2ft−1+3ft−2+2ft−3+ ft−4)∕3+�
(Q)
t , t=1, … ,T.
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We write the conditional expectation of yt+h at time t , given the 
information available at that date, as yt+h|t. Forecasting is done 
by alternating between forecasting ft+h using (6b) and forecast-
ing yt+h using (6a): 

If the idiosyncratic components are not autocorrelated then 
�t+h|t = 0 when h > 0. Because the estimation of such autocor-
relation structure would be difficult without maximum likeli-
hood estimation, we will assume that �t+h|t = 0. Additionally, if 
the idiosyncratic components are not autocorrelated, forecasts 
at any horizon can be constructed easily with the companion 
form representation: 

where In is an n × n identity matrix and 0n is an n × n zero ma-
trix. When dealing with mixed frequency data, the recursion 
in (7) must be used.

To estimate VAR-PLSR when there are no missing observations 
and all observations have the same data frequency, Algorithm 1 
can be used as is by defining the data matrices as Y = (y�

p+1
, … , y�t )

� 
and X = ((y�

1
, … , y�p)

�, … , (y�
T−p

, … , y�
T−1

)�)�. However, when 
some observations are missing or some observations are quarterly 
and some monthly, a few modifications are necessary. We recom-
mend Algorithm 2, which is a simple variation of the original al-
gorithm by Höskuldsson  (1988) that uses lower frequency 
regressions and applies the methods of Mariano and 
Murasawa (2003) when applicable. Let y

i
= (yp+1,i, … , yT,i)

� and ỹ
i
 

is the same vector with missing observations omitted. Also let 
ṽri be vr with those components removed that correspond to the 
missing observations in y

i
. The vectors x̃

j
 and ũrj are obtained 

analogously from X. Finally, let Ŷ  and X̂  denote Y  and X  
with missing observations replaced by zeros. Additionally, when 
dealing with mixed frequency data, let ỹ

i
 not include the first four 

months if the i th series is quarterly. Likewise, let 
ṽ(Q)
rit

= (vrt + 2vrt−1 + 3vrt−2 + 2vrt−3 + vrt−4)∕3 for all t for when 
the quarterly series is observed. Note that with mixed frequency 
data, the quarterly series are omitted from X.

In plain language, Algorithm  2 works by alternating between 
X  and Y , just like Algorithm  1. However, the algorithm now 
iterates through the individual series (rows 4–10 and 13–19) to 
account for mixed frequencies. For Y , the loadings are estimated 
just like in Algorithm 1 when the series is monthly (row 15), but 
when the data is quarterly, the factors are aggregated just like in 
Mariano and Murasawa (2003) (row 17). For X  the loadings of 
monthly series are treated the same (row 6), but the quarterly se-
ries are omitted (row 8). The factors themselves can be estimated 
just like in Algorithm 1 (rows 12 and 21).

It is typical that all series used in PLS are standardized. 
However, if there are any quarterly series, these are best 
scaled to have a variance of 19/9 so that they match the vari-
ance of ṽ(Q)

rit
. Otherwise, the loadings for the quarterly series 

are likely to be very small. Of course, when the nowcasts and 

forecasts are rescaled, this needs to be taken into account. 
This aggregation means that Equation  (4) is not necessarily 
accurate in describing the share of covariance extracted by a 
factor relative to total variance of data, but it is still instructive 
especially if the share of quarterly variables is small.

VAR-PLSR solves some of the challenges that PLSR has when 
it is applied to time series. Most previous studies, such as 
Eickmeier and Ng (2011), Kelly and Pruitt (2015) and Groen and 
Kapetanios (2016), ignore publication lags prevalent in macro-
economic data but since in VAR-PLSR all predictors are endog-
enous, missing data can be easily filled in. They also convert 

ft+h|t=DΛ�
x

(
y�
t+h−1|t, y

�
t+h−2|t

)�

,

yt+h|t=Λyft+h|t+�t+h|t.

(8)

[
yt+h|t
yt+h−1|t

]
=

[
ΛyDΛ

�
x

In 0n

]h[
yt

yt−1

]
,

ALGORITHM  2    |    NIPALS algorithm for mixed frequency 
time series data.

Input:X ∈ ℝ
(T−p)×(pn), Y ∈ ℝ

(T−p)×n

Output:Λx ∈ ℝ
(pn)×q, Λy ∈ ℝ

n×q, D ∈ ℝ
q×q

Require: q > 0

1:	 for  r = 1 to q do

2:	        ur ← the first column of Ŷ .

3:	        while ur has not converged do

4:	               for  j = 1 to pN do

5:	                      if  j:th series in monthly then

6:	                             𝜆xrj ← x̃�
j
ũrj.

7:	                      else 

8:	                             �xrj ← 0.

9:	                      end if

10:	            end for

11:	            Scale �xr to unit length.

12:	            vr ← X̂�xr.

13:	            for i = 1 to N

14:	                  if i:th series is monthly then

15:	                         �yri ← ỹ�
i
ṽri

16:	                 else

17:	                         �yri ← ỹ�
i
ṽ(Q)
ri

18:	                 end if

19:	            end for

20:	            Scale �yr to unit length

21:	            ur ← Ŷ�yr.

22:	     end while

23:	     pr ← X̂
�
vr∕(v

�
rvr) and d← u�rvr∕(v

�
rvr).

24:	     X̂ ← X̂ − vrp
�
r and Ŷ ← Ŷ − drvr�

�
yr.

25:	     [Λy]⋅,r ← �yr , [Λx]⋅,r ← �xr and [D]r,r ← dr.

26:	 end for
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all the data into the same frequency. While we do omit lower 
frequency series from predictors, they are used in the estimation 
of the model. Hepenstrick and Marcellino (2019) solve the mixed 
frequency problem, but they have to resort to ad hoc methods 
to deal with the ragged edge. Their method also has to forecast 
variables directly, while VAR-PLSR can form recursive forecasts 
easily using Equation (8). Also, while we now ignore this possi-
bility, VAR-PLSR could easily be used for structural analysis like 
any other structural vector autoregression (SVAR).

3.2   |   Estimating DFM With PLS (PLS-DFM)

We next show how the decomposed PLSR of Equations  (6a) 
and (6b) can be turned into an actual DFM with a couple of alter-
ations. Firstly, take Λ�

x = (Λ�
1x ,Λ

�
2x), where Λ1x and Λ2x are n × q 

matrices. Then we can write Equation (6b) as 

In an actual DFM, the idiosyncratic component has no effect on 
the factors. Thus, we substitute DΛ�

1x�t−1 + DΛ�
2x�t−2 with inno-

vations wt that are independent of �t. Strictly speaking, this is not 
true, but it is a reasonable assumption when n is large as long as 
the loadings DΛ�

x and the variance in �t is not concentrated on 
just a few components.3 This is obvious if the components of �t 
and �t−1 are uncorrelated and have same variances, but it is also 
reasonable as long as they do not have a factor structure that is 
non-orthogonal to ft and the variances are positive but finite. 
This results in a DFM: 

We call a DFM estimated with PLS a PLS-DFM.

The current setup allows us to estimate the loadings Λy and ΛxD 
as well as the transition matrices DΛ�

1xΛy and DΛ�
2xΛy, using PLS 

while still allowing us to use various tools that are available to 
common DFMs, such as Kalman filter. In particular, we want to 
address the problem of missing data (such as the ragged edge). 
Additionally, there may still be unestimated and unmodeled fac-
tors that affect �t, but since they have no predictive power, they 
are omitted. This omission allows for more parsimonious models.

The concrete implementation is as follows:

1.	 Just like in VAR-PLSR, use NIPALS of Algorithm  1 
(Algorithm 2 if dealing with mixed frequency or missing 
data) to estimate Λy, D, and Λx.

2.	 Use the residuals �t in VAR-PLSR to estimate Cov(�t). Set 
off-diagonals to zero. Use the residuals from Equation (6b) 
to estimate Cov(wt).

3.	 The factors ft are estimated with Kalman filter using the 
parameter estimates of step 1 (see Equations 9a and 9b).

The above construction has similarities to the two-step estima-
tion procedure of Doz et al. (2011). The VAR-PLSR is the anal-
ogous first step that estimates the loadings and the transition 

matrix. However, unlike in Doz et al. (2011), PLS also gives the 
transition matrix immediately without a need for a separate 
VAR. The covariance matrices of �t and wt can be estimated 
from the residuals of VAR-PLSR (step 2 above), much like in Doz 
et al. (2011). The last step is the Kalman filter.

Just like in (7) the mixed data frequency must be accounted for 
Equation (9a): 

Because of this, it is more practical to use a state vector 

in the Kalman filter, instead of using the factors ft directly. For 
more details about mixed frequency DFMs, see Mariano and 
Murasawa (2003) and Bańbura and Modugno (2014).

Turning VAR-PLSR into a DFM also has advantages over other 
PLS methods. As mentioned in the previous sections, most PLSR 
literature has ignored mixed data frequency and publication lags. 
Turning VAR-PLSR into a DFM allows us to use Kalman filter to 
address these issues. Hepenstrick and Marcellino (2019) recom-
mend a number of ad hoc solutions to the publication lag issue. 
The best method they try is to use Kalman filter, where factor 
loadings are the coefficient estimates from PLSR and the transi-
tion matrix is taken from fitting a VAR to their factor estimates. 
In other words, they end up using a DFM even though their 
model is not estimated to work as a DFM like our approach is.

3.3   |   Comparison of Methods

The benefits of using VAR-PLSR or PLS-DFM instead of a DFM es-
timated with either principal components (2s-DFM) or ML is that 
the factors and their loadings are specifically estimated to predict 
yt rather than trying to just capture cross-sectional comovements 
of yt. If there are strong comovements in the idiosyncratic compo-
nent or non-persistent factors that we are not interested in, this 
means that we can have a smaller q and a more parsimonious 
model. As noted by Groen and Kapetanios (2016), this property of 
PLS can be particularly valuable in small samples.

Parsimony also makes the model specification easier: If we sus-
pect that the correct number of factors is between, say, 1 and 6, 
but only half of these are persistent and thus useful for forecast-
ing, it is easier to choose the number of persistent factors, which 
is between 1 and 3, than it is to choose the number of overall 
factors, which is between 1 and 6. Furthermore, if T is very 
small and n very large, it may become impossible to estimate 
all factors. Indeed, PLS can be seen as an alternative approach 
to selecting just a subgroup of predictors through prescreening 
(see Boivin and Ng 2006).

In contrast to 2S-DFM, the NIPALS algorithm described can ac-
count for mixed frequency data. The NIPALS also estimates the � 
coefficient matrices of Equation (1b) in the same step as Λ, which is 
computationally attractive. When compared to ML, the PLS based 

ft = DΛ�
1xΛyft−1 + DΛ�

2xΛyft−2 + DΛ�
1x�t−1 + DΛ�

2x�t−2.

(9a)yt = Λyft + �t

(9b)ft = DΛ�
1xΛyft−1 + DΛ�

2xΛyft−2 + wt .

y(
Q)
t =Λ(Q)

y ( ft+2ft−1+3ft−2+2ft−3+ ft−4)∕3

+ ( �
(Q)
t +2�

(Q)
t−1

+3�
(Q)
t−2

+2�
(Q)
t−3

+�
(Q)
t−4
)∕3.

st =
(
f �t , f

�
t−1, f

�
t−2, f

�
t−3, f

�
t−4, �

�
t , �

(Q)�

t−1
, �(Q)

�

t−2
, �(Q)

�

t−3
, �(Q)

�

t−4

)�
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methods are much more practically feasible, as the EM-algorithm 
needed for ML is notoriously slow (see, for example, Ng et al. 2011).

When comparing the two methods of Sections 3.1 and 3.2, PLS-
DFM can generally be expected to perform better when the data 
generating process is a DFM, since Kalman filter finds the mean 
squared error optimal factor estimates. However, under some ex-
otic data generating processes, VAR-PLSR may perform better. 
Additionally, as Equation (6b) shows, in VAR-PLSR idiosyncratic 
components can influence factors and other variables. This can 
be beneficial in small open economies like Finland, which is in-
vestigated in Section 5: These economies (i.e., their factors) are 
strongly influenced by global dynamics that are often only rep-
resented with just a few indicators in the data sets. It can thus 
be useful if idiosyncratic components of these variables could 
influence the factors directly. This is impossible in typical DFMs 
but is possible in VARs that have inbuilt factors, like VAR-PLSR.

Lastly, VARs are more popular than DFMs, and they can be often 
easier to interpret. VAR-PLSR offers an approach to econometric 
modeling that works like a VAR while mimicking a DFM. This 
allows an econometrician to estimate impulse responses, fore-
cast error variance decompositions and other interesting statis-
tics more easily.

4   |   Simulation Results

Before examining empirical results in a real-world forecasting sit-
uation in Section 5, we consider several simulation experiments 
when comparing PLSR-based approaches to existing methods.

4.1   |   Forecasting Experiment With DFM 
Generated Data

We replicate the simulation experiment of Doz et  al.  (2012), 
which is also examined in Bańbura and Modugno (2014), now 
containing our PLS-based approach. We include the methods de-
scribed in the previous section, as well as the conventional DFM 
approach via ML described in Bańbura and Modugno (2014).

The data generating process (DGP) is the following approximate 
dynamic factor model: 

where 

Here, � determines the cross-correlation and bi the heterogeneity 
of the idiosyncratic component. More specifically, parameter bi 
determines the variance of the idiosyncratic shock relative to the 
total variance of yi. This is sampled from a uniform distribution 
with a mean of 0.5, and thus, the idiosyncratic component de-
termines on average half of the total variance. The variance of 
the idiosyncratic component i itself is � i. If � = 0, the model is an 
exact DFM, and if u = 0.5, bi = 0.5 and the idiosyncratic compo-
nent is homogeneous. If � is increased, the idiosyncratic compo-
nent becomes cross-correlated, but since Σ is a Toeplitz matrix, 
this will not imply a factor structure. Furthermore, increasing � 
increases the autocorrelation of the idiosyncratic component and 
increasing � increases the persistence of the factors. Choosing 
� = 0 leads to white noise idiosyncratic components. We consid-
ered different combinations of �, �, �, in conjunction with vari-
ous numbers q of true factors and numbers ̂q of estimated factors. 
However, we keep u = 0.1 as this corresponds best to reality, 
where idiosyncratic components are generally not homogeneous. 
This is also the setting used by Bańbura and Modugno (2014).

Table 1 reports the root mean squared forecast errors (RMSFE) 
of the forecast simulations relative to the RMSFEs of a naive 
forecast using the sample mean as the forecast. These are con-
structed by taking the one-period forecast errors of all n series, 
squaring them, and then taking the average over all n series 
and 1000 replicates of the simulation before taking the square 
root. The final root mean square errors of different methods 
are divided by those of the sample mean. The methods consid-
ered are the vector autoregressive PLSR (VAR-PLSR, defined in 
Section 3.1), the DFM estimated by PLS (PLS-DFM, defined in 
Section 3.2), the DFM estimated with the two-step estimator (2s-
DFM) (see  Doz et al. 2011) and the DFM estimated by ML as 
in Bańbura and Modugno (2014) (ML-DFM). ML-DFM allows 
for autocorrelated idiosyncratic components if � ≠ 0 in the DGP, 
whereas the 2s-DFM, VAR-PLSR and PLS-DFM do not.

The following list summarizes the implementation procedure of 
the 2s-DFM and ML-DFM methods: 

•	 2S-DFM (two-step algorithm, Doz et al. 2011): 
1.	Estimate q̂ principal components and eigenvectors of the 

sample covariance matrix of yt. Eigenvectors are used as 
Λ, � is estimated with a VAR(1) on the principal compo-
nents, and residuals of PCA and VAR(1) are used to esti-
mate Cov(�t) and Cov(wt). Off-diagonal terms of Cov(�t) 
are set to zero.

2.	The factors ft are estimated with Kalman filter using the 
parameter estimates of step 1.

•	 ML-DFM (EM-algorithm, see for example Bańbura and 
Modugno 2014): 
1.	The algorithm is initialized with the two-step algorithm.
2.	(M-step): Assume ft to be fixed and estimate Λ, �, Cov(�t) 

and Cov(wt) with maximum likelihood.
3.	(E-step): Estimate factors ft with Kalman filter using the 

parameter estimates the M-step.
4.	Repeat steps 2 and 3 until convergence.

Table 1 includes four panels. Each panel corresponds to a dif-
ferent data generating DFM: Panel A is a one factor exact DFM 
with a highly persistent factor. Panels B, C and D are all larger 

yt = Λft+�t, t=1, … ,T,

ft = �ft−1+wt, wt∼nid(0, Iq),

�t = Γ�t−1+�t, �t∼nid(0,Σ),

Λij ∼ nid(0,1), i=1, … ,n, j=1, … , q,

� = Iq�,

Γ = In�,

Σij = � �i−j�(1−�2)
√
� i� j,

� i =
bi

1−bi

1

1−�2

q�
j=1

Λij,

bi ∼ U([u, 1−u]).
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three factor DFMs. Panel B is an exact factor model with three 
highly persistent factors, Panel C has less persistent factors and 
Panel D is an approximate model with cross- and autocorrelation 
present in the idiosyncratic components. It is important to note 
that the Panels A-C match exactly the approximating ML-DFM 
model. That is, we can expect that any alternative approach will 
yield larger prediction errors than this model corresponding the 
DGP. Therefore, the question of interest is that how large are the 
forecast losses, especially with the PLS-DFM, compared with 
the “correct” process that the ML-DFM represents.

Based on Table 1, we can conclude that the ML yields smaller 
RMSFEs than PLS in forecasting, although the difference gets 
smaller as T and n grow. The former makes sense as the DGP 
matches the model of the ML, and the latter makes sense since 
the approaches are asymptotically equivalent. However, the 
PLS-DFM outperforms VAR-PLSR, which suggests that using 
the Kalman filter to estimate the factors is indeed beneficial. 
Also, the PLS-DFM outperforms the two-step estimator.

In Appendix A, we report the differences in average computa-
tion times required for different estimation methods. On aver-
age the computation times of PLS-DFM are about q times those 
of 2s-DFM whereas ML-DFM are on average about 10 times 
those of 2s-DFM. Meanwhile, VAR-PLSR is always quicker than 
PLS-DFM. Overall, the PLS-DFM seems to provide good com-
promise between the computational burden of the method and 
forecasting performance.

Appendix B reports the results for the same DGPs as Table 1 but 
with a forecast horizon h = 3. The RMSFEs are higher at h = 3, 
but the relative errors between the four methods are generally 
the same as in Table 1.

4.2   |   Mixed Frequency Forecasting Simulation

A common challenge posed by macroeconomic time series is 
the mixed frequency of variables, most often quarterly (such 

TABLE 1    |    Forecast simulation results: Only persistent factors.

Panel A: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.732 0.741 0.743 0.655 0.658 0.658 0.741 0.743 0.744 0.667 0.662 0.662

100 0.706 0.716 0.724 0.629 0.629 0.631 0.718 0.717 0.725 0.639 0.631 0.633

Panel B: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.777 0.766 0.764 0.697 0.683 0.680 0.771 0.756 0.755 0.725 0.694 0.689

100 0.750 0.732 0.734 0.676 0.652 0.651 0.756 0.734 0.732 0.699 0.660 0.656

Panel C: � = 0.7, � = 0, � = 0,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.966 0.962 0.961 0.903 0.889 0.886 0.963 0.959 0.957 0.922 0.900 0.895

100 0.957 0.950 0.952 0.892 0.873 0.873 0.960 0.952 0.952 0.911 0.884 0.880

Panel D: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.765 0.756 0.754 0.634 0.626 0.625 0.751 0.746 0.744 0.685 0.682 0.677

100 0.737 0.729 0.729 0.613 0.599 0.598 0.742 0.729 0.728 0.663 0.653 0.651

Note: The entries in Panels A–D are simulated root mean squared forecast errors (RMSFE) of 2s-DFM, ML-DFM, VAR-PLSR, and PLS-DFM divided by those of just 
using the sample mean as the prediction. Simulation is repeated 5000 times (without missing data). Panels correspond to different data generating DFMs, n is the size 
of the cross-section and T is the length of the training sample. The number of estimated factors is q̂. Whenever the DGP has autocorrelated idiosyncratic components 
(� ≠ 0), so does the ML-DFM. The forecast horizon in these simulation experiments is throughout one period.
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as GDP) and monthly (such as CPI). The Algorithm  2 pro-
vides a method of estimating a DFM or VAR with PLS when 
some of the data is monthly and the rest quarterly. In this sec-
tion, we analyze the forecast performance of VAR-PLSR and 
PLS-DFM when 20% of the data is quarterly and the rest is 
monthly.

Table  2 reports RMSFEs for ML-DFM, VAR-PLSR and 
PLS-DFM when the data is generated by the same DGPs as 
in Table  1, except that 20% of variables are quarterly. The 
2s-DFM is omitted as it cannot incorporate mixed frequency 
data. Table  2 only reports RMSFEs for the quarterly fre-
quency data.

The results shown in Table  2 suggest that PLS-based meth-
ods tend to often do better than ML-DFM in the presence of 
mixed frequency data. However, the asymptotics as T and 
n grow seem less clear. A possible reason may be the omis-
sion of the lower frequency variables among the predictors in 
Algorithm 2.

4.3   |   Monte Carlo Experiment With a Mix 
of Persistent and Non-Persistent Factors

The key feature of PLS is that it can ignore factors that do not help 
in prediction. To study this, let us fix the number of factors at 3 
and consider the following changes to the DGP in Section 4.1: 

where 

�=

⎡
⎢⎢⎢⎣

� 0 0

0 0 0

0 0 0

⎤⎥⎥⎥⎦
, w∼N(0,Ξ) and Σij= � �i−j�

�
1−

�
�

3

�2�√
� i� j,

Ξ=

⎡
⎢⎢⎢⎢⎢⎣

1 0 0

0
1

1−�2
0

0 0
1

1−�2

⎤
⎥⎥⎥⎥⎥⎦

.

TABLE 2    |    Forecast simulation results: Mixed frequency.

Panel Am: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

51 0.915 0.916 0.919 0.885 0.865 0.88 0.643 0.722 0.756

99 0.926 0.923 0.923 0.862 0.912 0.92 0.626 0.757 0.785

Panel Bm: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 3

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

51 0.913 0.911 0.910 0.793 0.845 0.853 0.625 0.657 0.676

99 0.936 0.926 0.924 0.844 0.897 0.901 0.628 0.680 0.713

Panel Cm: � = 0.7, � = 0, � = 0,u = 0.1, q = q̂ = 3

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

51 0.948 0.944 0.943 0.947 0.974 0.967 0.814 0.794 0.797

99 0.966 0.958 0.956 0.940 0.959 0.962 0.805 0.782 0.802

Panel Dm: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = q̂ = 3

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

51 0.825 0.771 0.770 0.881 0.897 0.902 0.678 0.726 0.743

99 0.892 0.843 0.836 0.921 0.946 0.950 0.680 0.739 0.772

Note: In the table (Panels A2–D2), 20% of the variables have a quarterly frequency and 80% monthly. The RMSFEs are reported for the quarterly variables with horizon 
of h = 3. See Table 1 for details.
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What these changes imply is that now there is one persistent 
and two non-persistent factors. Additionally, all factors have the 
same unconditional variance.

Table  3 reports the same summary statistics (RMSFEs) as 
Table 1 for three simulations using the above alterations to the 
DGP, where there are three factors in total in the DGP, one of 
which is persistent and estimated in practice (q̂ = 1). In Panel 
E1 data is generated by an exact DFM with one highly persistent 
factor. In Panel F1 the persistent factor is less persistent, and 
in Panel G1 the GDP is an approximated DFM with autocor-
related idiosyncratic components. The results suggest that now 
PLS-DFM outperforms the other approaches even when the 
DGP is an approximate DFM. The fact that it outperforms the 
VAR-PLSR suggests that using the Kalman filter is beneficial. 
Furthermore, the VAR-PLSR outperforms 2s-DFM in Panels E1 
and G1 and ML-DFM in Panel E1. Overall, in these simulations, 
PLS seems to be superior over the existing approaches.

One possible explanation for why the PLS based methods perform 
so well in Table 3 is that they estimate the one persistent factor 
better than the alternatives. To examine this possibility, we inves-
tigate if the PLS estimates (finds) the persistent factors better than 
the alternative approaches. To do this, we use a popular trace-R2 
statistic for the persistent factors (Stock and Watson  2002; Doz 
et al. 2012; Bańbura and Modugno 2014). The formula4 is 

where 

and ft,1 is the first factor, that is, the persistent factor, at time 
t . The interpretation of this statistic is the same as for a con-
ventional R2: Higher R2trace means that the movements of the real 
factor are captured by the estimated factor. Moreover, for the 
2s-DFM, ML-DFM and the PLS-DFM, F̂T|T are estimated using 
the Kalman smoother, so that the whole data up to T is used for 
estimation. Meanwhile, the estimation of VAR-PLSR also uses 
information up to T although the factor estimates for any period 
t  depend on information observed after t  only through the esti-
mation of parameters in Equation (5).

Table 4 reports the R2trace statistics for the same three DGPs as 
considered in Table  3: Panel E2 in Table  4 corresponds to the 
Panel E1 in Table 3, and so forth. Here, we find that the PLS-
DFM delivers R2trace statistics that are often multiple times those 
of the 2s-DFM or the ML-DFM. Furthermore, comparing Panels 
E2 and G2, we see that the R2trace statistics of the ML-DFM de-
crease a lot when the DGP switches from an exact one to an 
approximate one, whereas those of the PLS-DFM are almost 
unaffected. This suggests that PLS is more robust than the alter-
natives. Finally, the VAR-PLSR also outperforms the 2s-DFM in 
all panels and in addition it outperforms the ML-DFM in Panels 
E2 and G2. However, it is outperformed by the PLS-DFM, which 
underlines the importance of the Kalman filter. In summary, 
PLS seems to find the persistent factor better than the compet-
ing approaches.

R2trace =
Trace(F �

T
F̂T|T (F̂

�

T|T F̂T|T )
−1F̂

�

T|TFT )

Trace(F �
T
FT )

,

FT = (f1,1, … , fT ,1)
�,

TABLE 3    |    Forecast simulation results: Mix of persistent and non-persistent factors.

Panel E1: � = 0.9, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.980 0.981 0.981 0.969 0.979 0.978 0.933 0.927 0.926 0.919 0.912 0.909

100 0.978 0.982 0.988 0.955 0.968 0.976 0.919 0.911 0.910 0.899 0.885 0.884

Panel F1: � = 0.7, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.995 0.994 0.991 0.984 0.989 0.987 0.990 0.986 0.985 0.971 0.965 0.962

100 0.993 0.997 0.998 0.983 0.988 0.988 0.987 0.984 0.983 0.969 0.956 0.954

Panel G1: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.978 0.982 0.980 0.928 0.931 0.930 0.929 0.926 0.925 0.914 0.910 0.908

100 0.979 0.982 0.988 0.916 0.912 0.912 0.918 0.910 0.910 0.896 0.884 0.884

Note: In the table (Panels E1–G1), only the first factor is estimated and only one factor is persistent (non-zero autoregressive coefficients) in the DGP. See Table 1 for 
details.
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Appendix B reports the results of a mixed frequency simulation 
based on the DGPs of Tables 3 and 4. The results are similar to 
those of Tables 2,3, and 4.

4.4   |   Choosing the Number of Factors

In Section 2.2, it was suggested that �r of Equation (4) could 
be used to choose the right number of factors. The panels in 
Figure 1 show the average scree plot together with 10%,  25%,  
75% and 90% quantiles for the DGPs of panels B, Bm and E 
with t = 100 and n = 50. The correct number of persistent fac-
tors is three in the first two and one in the last one. Thus, we 
would expect the “elbow” or the point after which the curve 
turns flat to be right after 3 for B and Bm. For E, the elbow 
could be at 1 or 3.

Figure 1a,b shows �r for the DGPs B and Bm. First, we see that 
they are very similar, which suggests that mixed data has a 
fairly small effect on �r. Second, we see a clear elbow around �4. 
This would suggest that a researcher using a scree plot would 
thus have almost always chosen the correct number of factors, 
which is 3. However, when there is a mix of persistent and non-
persistent factors, like in Figure 1c, the location of the elbow is 
less clear: The curve flattens more smoothly, although there is a 
huge gap between �1 and �2. Consequently, a researcher would 
probably either choose 1, 2, or 3. Based on this small experiment, 
we would recommend going with the smaller number when in 
doubt. Additionally, the quantiles in every panel of Figure 1 sug-
gest that the variance of �r tends to be quite small.

5   |   Empirical Results: Finnish GDP Growth

5.1   |   Nowcasting and Forecasting Results

We apply our methods to forecasting and nowcasting the Finnish 
real GDP growth. By focusing on a smaller country like Finland, 
we wish to contribute to the literature that focuses on less stud-
ied economies like Eickmeier and Ng  (2011). Our dataset con-
sisting of 44 predictors is almost the same as that in Itkonen and 
Juvonen (2017) and Juvonen and Lindblad (2025) Of these series, 
nine are quarterly and the rest are monthly series, and the sam-
ple period starts in February of 1995 and ends in December 2023. 
The publication lags of various variables are taken into account, 
but we ignore data revisions, meaning that, for example, GDP is 
only observed at a two-month lag, and we use the 2024Q4 vintage. 
See Appendix C and Juvonen and Lindblad (2025) for more details 
about the dataset.

The models considered are the PLS-DFM, VAR-PLSR and 
ML-DFM with the number of lags and factors chosen either 
p = q = 1 or p = q = 3 as well as PLS-DFM and VAR-PLSR with 
p = 1 or p = 3 and q chosen so that 

∑q

r=1
𝜙r > 25% (we refer to 

this as just 𝜙r > 25% in the tables to save space). The ML-DFM 
allows for autocorrelated idiosyncratic components, which 
is not the case with PLS-DFM. Also just like in Section  4.2, 
the 2s-DFM is dropped as it cannot incorporate mixed data 
frequency or missing observations in a straightforward man-
ner. All forecasting computations use a rolling window of 137 
months in updating the estimates. This choice of the num-
ber of months corresponds to the number of months from 

TABLE 4    |    Factor estimation simulation: Mix of persistent and non-persistent factors.

Panel E2: � = 0.9, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.179 0.155 0.149 0.206 0.168 0.157 0.504 0.597 0.613 0.546 0.613 0.623

100 0.226 0.214 0.208 0.310 0.242 0.225 0.683 0.795 0.809 0.737 0.810 0.820

Panel F2: � = 0.7, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.279 0.279 0.273 0.301 0.286 0.282 0.564 0.704 0.728 0.586 0.708 0.726

100 0.289 0.297 0.294 0.344 0.313 0.303 0.687 0.852 0.876 0.723 0.859 0.881

Panel G2: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.180 0.156 0.149 0.182 0.158 0.149 0.513 0.599 0.615 0.551 0.616 0.624

100 0.227 0.214 0.210 0.202 0.166 0.150 0.685 0.795 0.810 0.735 0.810 0.820

Note: The entries are the trace R2
trace

 statistics for the first (persistent) factor. Starting values, f0, are omitted. See Tables 1 and 3 for details.
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February of 1995 to June of 2006, which is the first estimation 
window in forecast computation.

The VAR-PLSR and PLSR-DFM are also compared to two 
benchmark models: an autoregressive model using quarterly 
observed data only, and a bridge model using EU Economic 
Sentiment Indicator (ESI). Bridge models use a coincident in-
dicator it aggregated to the quarterly level i(Q)t  to predict GDP 

yt of the same quarter. To make forecasts, it is predicted with 
an ARIMA model. As in Itkonen and Juvonen  (2017), we use 
two lags of aggregated indicators to predict GDP and automatic 
ARIMA model selection of Hyndman and Khandakar (2008) to 
forecast the indicator.

Table  5 shows the RMSFE of the GDP for the whole sample, 
and Table 6 shows them only for the pre-Covid sample ending 

FIGURE 1    |    Scree plots show mean and 10%,  25%,  75%, and 90% quantiles for �r × 100% of Equation (4) for DGPs of Panels B, Bm, and E with 
T = 100 and n = 50. (a) The proposed �r metric of Equation (4) for DGP of Panel B. Correct number of factors is 3. (b) The proposed �r metric of 
Equation (4) for DGP of Panel Bm. Correct number of factors is 3. (c) The proposed �r metric of Equation (4) for DGP of Panel E. There is one persistent 
factor and two non-persistent.
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in 2019Q4. We show results for these samples separately as the 
Covid-19 recession was a radical and extremely volatile unfore-
seeable event. Each column with different h reports the number 
of months until the end of the quarter that is being nowcasted 
or forecasted. For example, the nowcast made in March for the 
first quarter would get a value of h = 0 and the forecast for the 
next quarter would get a value of h = 3. Since the AR(1) model is 
used for quarterly GDP growth and changing data vintages are 

ignored, the results are only showed once per quarter. The best 
method for each forecast horizon is bolded.

For the full sample in Table 5, we see that the PLS-DFM models 
performs comparatively well up to horizon h = 2 regardless of 
the choice of q or p. At horizons h = 3 and h = 4, the smallest 
PLS-DFM seems to perform best. At horizons h = 5 and h = 6, 
all the methods perform very similarly. Meanwhile, the small 

TABLE 5    |    Out-of-sample forecasting results, full sample.

Forecast horizon h

Model 0 1 2 3 4 5 6

PLS-DFM (p = 1, q = 1) 1.455* 1.288** 1.421** 1.471* 1.573 1.668 1.633

VAR-PLSR (p = 1, q = 1) 1.439* 1.677 1.582 1.620 1.655 1.696 1.625

ML-DFM (p = 1, q = 1) 1.588 1.592 1.609 1.617 1.620 1.628 1.628

PLS-DFM (p = 3, q = 3) 1.448* 1.365** 1.460* 1.542 1.644 1.710 1.623

VAR-PLSR (p = 3, q = 3) 1.551 1.785 1.657 1.641 1.723 1.747 1.615

ML-DFM (p = 3, q = 3) 1.574 1.576 1.587 1.602 1.617 1.625 1.623

PLS-DFM (p = 1,𝜙r > 25%) 1.459* 1.329** 1.491* 1.541 1.601 1.646 1.627

VAR-PLSR (p = 1,𝜙r > 25%) 1.461* 1.633 1.572 1.594 1.630 1.662 1.619

PLS-DFM (p = 3,𝜙r > 25%) 1.411* 1.359** 1.450* 1.553 1.616 1.689 1.611

VAR-PLSR (p = 3,𝜙r > 25%) 1.528 1.760 1.651 1.654 1.690 1.720 1.606

Bridge 1.551 1.555 1.958 1.610 1.694 1.776 1.640

AR 1.638 1.623 1.627

Note: The entries are out-of-sample root mean squared forecast errors (RMSFEs). The first training sample starts in February 1995, and the test sample runs from 
January of 2007 to December of 2023. All methods use a rolling window of 137 observations and ML-DFM includes AR-dynamics for the idiosyncratic component. 
The forecast horizon h is the number of months until the end of the quarter that is being nowcasted or forecasted. The text in bold refers to the best method for each 
horizon and * (†) on PLS-based method (non-PLS based method) marks a PLS based (non-PLS based) method that has 5% smaller RMSFEs than any non-PLS based 
(PLS based) method for the same horizon. Double ** (††) refers to a 10% difference.

TABLE 6    |    Out-of-sample forecasting results, pre-Covid sample.

Forecast horizon h

Model 0 1 2 3 4 5 6

PLS-DFM (p = 1, q = 1) 1.321 1.213* 1.404 1.285 1.334 1.398 1.410

VAR-PLSR (p = 1, q = 1) 1.244* 1.335 1.358 1.338 1.360 1.400 1.414

ML-DFM (p = 1, q = 1) 1.352 1.357 1.390 1.400 1.404 1.414 1.413

PLS-DFM (p = 3, q = 3) 1.319 1.228* 1.361 1.283 1.353 1.387 1.384

VAR-PLSR (p = 3, q = 3) 1.403 1.454 1.384 1.354 1.403 1.423 1.388

ML-DFM (p = 3, q = 3) 1.345 1.352 1.376 1.385 1.393 1.404 1.407

PLS-DFM (p = 1,𝜙r > 25%) 1.392 1.263* 1.432 1.268* 1.325 1.368 1.391

VAR-PLSR (p = 1,𝜙r > 25%) 1.294 1.304 1.366 1.304 1.326 1.373 1.398

PLS-DFM (p = 3,𝜙r > 25%) 1.313 1.228* 1.365 1.262* 1.324 1.358 1.361

VAR-PLSR (p = 3,𝜙r > 25%) 1.388 1.440 1.396 1.343 1.374 1.405 1.370

Bridge 1.324 1.332 1.377 1.339 1.339 1.294 1.375

AR 1.394 1.404 1.409

Note: See Table 5.
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VAR-PLSR performs well at horizon h = 0, but is otherwise very 
similar to ML-DFM. Increasing the number of factors gener-
ally makes the PLS based methods perform worse (when com-
paring q = 1 and q = 3 cases). This suggests that there are also 
non-persistent factors in the Finnish economy that do not really 
benefit the factor model. In fact, the greater complexity harms 
the model. Choosing q by the decision rule 𝜙r > 25% seldom re-
sults in the best model, but is still a good choice. Meanwhile, 
the performance of ML-DFM is not substantially affected by the 
addition of factors.

Table 6 gives the corresponding results for the pre-Covid sample 
period ending in 2019Q4. Here the differences between RMSFEs 
are a lot smaller. However, at most horizons PLS-based methods 
perform the best. The decision rule 𝜙r > 0.25 is the best option at 
horizons h = 2,3, 4, or 6. However, the simple bridge model per-
forms the best at horizon h = 5. Additionally, we again observe 
that the PLS-based methods benefit from greater parsimony, 
whereas ML-DFM seems to always benefits from the addition 
of factors. Again, this would suggest that some factors are more 
persistent and useful for forecasting than others.

Tables 5 and 6 suggest that RMSFEs of PLS based methods in-
creased less than those of ML-DFM during and after Covid-19. 
One possible reason for this robustness is that PLS focuses 
on more persistent structures in time series than ML (See 
Section  3). The main impact of Covid-19 on the (differenced) 
time series was strong but ultimately transitory. By not focusing 
on such events too strongly, PLS can stay more focused on the 
predictable developments of the response.

The Covid period that is included in Table 5 was a period of un-
precedented volatility, and the differences between models in 
Table 6 were small. In the prior table the high volatility and in 
the latter table small differences may mean that the differences 

are not statistically significant. To check this, Tables 7 and 8 re-
port Z-statistics for the Diebold-Mariano test (DM) for pairwise 
model comparisons at h = 3.5 Each row and column represents 
a model, although model names are omitted from columns to 
save space. High (low) value for the statistic means that the row 
model is worse (better) than the column model.

The test statistics of Table  7 suggest that the small p = 1 
and q = 1 PLS-DFM model is indeed better than many other 
models compared (the first column is positive). Likewise 
PLS-DFM is better than the comparable VAR-PLSR in the 
fixed q cases. In the pre-Covid world the comparisons are less 
conclusive.

In summary, the PLS-based methods perform better than ML-
DFM, but this difference might not be statistically significant. 
This difference appears larger and clearer during turbulent 
times, such as the Covid recession. This would suggest that the 
PLS-based methods are more robust to such events. Furthermore, 
PLS performs better with fewer factors, whereas ML benefits 
from more factors. This suggests that even a small PLS-DFM 
can capture the persistent intertemporal dynamics present in 
the data. Also, even though the VAR-PLSR did not perform espe-
cially well in the simulations of Section 4, it appears to perform 
rather well at short forecast horizons with real-world data.

5.2   |   Comparing the Estimated Factors

In Figure 2, we have estimated three DFMs for the Finnish mac-
roeconomic data of Section 5.1, each with q = p = 1. The left panel 
shows cumulative factor estimates, that is, 

∑t
�=0

f�. These start 
from zero and end in zero because the data is centered. All three 
curves have a very similar shape, and they seem to generally cap-
ture the business cycles of the Finnish economy from February 

TABLE 7    |    Full sample horizon h = 3 DM test statistics.

a b c d e f g h i j k

a PLS-DFM (p = 1, q = 1)

b VAR-PLSR (p = 1, q = 1) 1.77*

c ML-DFM (p = 1, q = 1) 1.48+ −0.03

d PLS-DFM (p = 3, q = 3) 0.84 −1.48+ −0.64

e VAR-PLSR (p = 3, q = 3) 1.27 0.30 0.16 −1.72*

f ML-DFM (p = 3, q = 3) 1.42+ −0.16 −2.17** 0.54 −0.26

g PLS-DFM (p = 1,𝜙r > 25%) 0.84 −1.74* −0.77 −0.03 −1.36+ −0.65

h VAR-PLSR (p = 1,𝜙r > 25%) 1.09 −0.58 −0.18 0.99 −0.97 −0.07 1.31+

i PLS-DFM (p = 3,𝜙r > 25%) 0.76 −1.10 −0.48 0.43 −2.13** −0.38 0.28 −0.94

j VAR-PLSR (p = 3,𝜙r > 25%) 1.14 0.38 0.23 1.37+ 0.41 0.32 1.26 1.02 1.69*

k Bridge 1.01 0.10 0.05 0.98 0.39 0.05 0.72 0.16 0.85 0.49

l AR 1.49+ 0.02 0.97 0.68 0.12 1.83* 0.81 0.23 0.52 0.19 0.09

Note: The entries are Z-statistics for the Diebold-Mariano test at h = 3. Rows and columns have different models in the same order. The model names are omitted from 
columns to save space, but letters are added to increase readability. Positive values mean that the model on the row is worse than the one on the column. See Table 5 for 
additional notes.
Symbol ∗∗ refers to statistical significance at 5%,  ∗ at 10%, and + at 20% (10% one-sided).
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1995 to December 2023. However, the PLS-DFM estimate is al-
most everywhere higher. This means that the cumulative fac-
tor of the PLS-DFM grows more in the early sample and less in 
the late sample than the other two methods. In other words, the 
PLS-DFM emphasizes the difference between the fast economic 
growth in Finland between the depression of the early 1990s and 
the global financial crisis and the slower growth since. This dif-
ference can be seen as a very subtle and highly persistent shift.

The right panel in Figure 2 shows the sample autocorrelation 
coefficients of the factors of different methods. The PLS-based 
methods result in factors that are more persistent than those 
obtained with the ML-based approach. However, these differ-
ences are quite small. At the 95% confidence level, the differ-
ence between the autocorrelations of PLS-DFM and ML-DFM 
is statistically significant only at lag 2 (testing not shown in 
Figure 2).

TABLE 8    |    Pre-Covid horizon h = 3 DM test statistics.

a b c d e f g h i j k

a PLS-DFM (p = 1, q = 1)

b VAR-PLSR (p = 1, q = 1) −1.02

c ML-DFM (p = 1, q = 1) 0.91 −0.38

d PLS-DFM (p = 3, q = 3) 0.02 0.80 0.67

e VAR-PLSR (p = 3, q = 3) −0.58 −0.18 0.22 −1.12

f ML-DFM (p = 3, q = 3) −0.85 −0.31 1.63+ −0.62 −0.15

g PLS-DFM (p = 1,𝜙r > 25%) 0.66 1.31+ 0.95 0.26 0.82 0.89

h VAR-PLSR (p = 1,𝜙r > 25%) −0.30 1.01 0.57 −0.33 0.67 0.51 −0.70

i PLS-DFM (p = 3,𝜙r > 25%) 0.26 0.99 0.73 1.19 1.67* 0.68 0.08 0.64

j VAR-PLSR (p = 3,𝜙r > 25%) −0.48 −0.05 0.27 −0.92 0.92 0.21 −0.71 −0.53 −1.46+

k Bridge −0.33 0.00 0.28 −0.53 0.13 0.22 −0.48 −0.23 −0.75 0.04

l AR −0.90 −0.40 −0.52 −0.68 −0.23 −1.23 −0.94 −0.57 −0.73 −0.28 −0.29

Note: See Table 7.

FIGURE 2    |    Cumulative factor estimates (left) and factor autocorrelations (right).
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6   |   Conclusions

This paper proposes a way of estimating a dynamic factor model 
using partial least squares, the PLS-DFM. Unlike PCA or ML, 
PLS uses information about the forecast target in the factor es-
timation procedure. This allows for more parsimonious model 
specifications that can still capture persistent dynamics that 
are useful in forecasting. Additionally, the approach is rela-
tively simple, computationally well applicable and able to deal 
with important specific features of macroeconomic time series 
such as missing observations, ragged edge and mixed frequency 
data. In addition to the PLS-DFM, a novel vector autoregressive 
PLSR (VAR-PLSR) was also investigated. The matter of estimat-
ing the number of persistent factors was also investigated in 
Sections 2.2 and 4.4.

Simulation results generally suggest comparable performance 
by the method, when compared to the maximum likelihood 
based approach (ML-DFM) and superior when compared to the 
commonly used two-step estimator. However, when the DGP 
has a mix of persistent and non-persistent factors, and we are 
only interested in the persistent ones, PLS-DFM generally gave 
the best performance. Likewise, PLS seems to perform better 
with mixed frequency data in small samples. Our empirical fore-
casting results obtained for the Finnish GDP growth show that 
the PLS-DFM is often superior to the ML-DFM although the dif-
ference is not always highly statistically significant. Meanwhile, 
the VAR-PLSR also proved useful in the empirical forecasting 
application.
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Endnotes

	1	Kalman filter is a key feature of many DFMs as it can improve our 
estimations of the factors themselves, make it easier to include auto-
correlated idiosyncratic components and it helps dealing with missing 

observations or mixed frequency data. The problem of missing data, 
and especially the so called “ragged edge,” that is, some variables are 
observed only with a significant lag (see, for example, Giannone et al. 
2008), is at the heart of nowcasting.

	2	To clarify: X  and Y  are T × k and T × n-dimensional matrices respec-
tively, vr and ur are T- dimensional vectors, �xr and �yr are k and n- di-
mensional vectors respectively, pr is also a k-dimensional vector and dr 
is a scalar.

	3	Essentially Cor(�it ,wt)→ 0 when n→ ∞ for all i = 1, … ,n.

	4	Due to there being just one persistent factor, the trace operator does not 
matter. Also, this statistic is in practice just the regular R2 of a regres-
sion between F̂T|T and FT.

	5	Testing is carried out by linear regression on the difference of squared 
errors with Newey-West HAC-robust standard errors as suggested by 
Diebold (2015). The construction of standard errors uses Bartlett ker-
nel with lag of 3.
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Appendix A

Comparison of Computation Times

In this appendix, we show the average computation times in the sim-
ulations of Section  4. The settings here are the same as in Tables  1 
and 3. However, Panels D and G are omitted, since the ML-DFM es-
timates more parameters, and the comparison would not be fair. Also, 
we use a conventional ML procedure described in detail in Engle and 
Watson  (1983) and Bańbura and Modugno  (2014) (cf. Jungbacker and 
Koopman 2015). We use the Kalman smoother implementation of the 
R-package “dfms” by Krantz and Bagdziunas (2023) and the eigenvalue 
decomposition implementation of base R. Otherwise, the code is our 
own. Computation times only include the training of the model and not 
the time it takes to construct forecasts. All computations are carried 
out on the same computer, and ML is initiated by the two-step estimate. 

EM-algorithm is deemed converged when the log-likelihood increases 
by less than 0.01 and PLS is deemed converged when the mean abso-
lute variation of ur of Algorithms 1 and 2 between iterations is less than 
0.0001.

The results are shown in Table  A1. The results show that the PLS 
based methods are roughly q times slower than 2s-DFM. This is likely 
because the PLS algorithm estimates the factor loadings one at a time. 
Nevertheless, both 2s-DFM and the PLS based methods are fairly quick. 
Meanwhile, ML-DFM is not much slower than PLS-DFM when n is 
small, but as it grows, computation times of ML-DFM can be an order 
of magnitude longer than those of PLS-DFM. This was the main chal-
lenge that faced ML in the past. Additionally, computation times for 
ML-DFM are higher in Panels E and F than in Panels A–C even though 
the number of estimated factors is lower. This is unique to ML-DFM 
and suggests that the EM-algorithm is slowed by non-persistent factors. 

TABLE A1    |    Computation times for different DGPs.

Panel A: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.001 0.007 0.036 0.016 0.070 0.305 0.004 0.008 0.014 0.005 0.012 0.036

100 0.002 0.012 0.071 0.021 0.098 0.502 0.007 0.011 0.018 0.010 0.018 0.062

Panel B: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.002 0.008 0.040 0.068 0.154 0.513 0.032 0.061 0.098 0.033 0.066 0.123

100 0.002 0.014 0.077 0.072 0.199 0.747 0.050 0.101 0.159 0.054 0.110 0.209

Panel C: � = 0.7, � = 0, � = 0,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.002 0.007 0.040 0.073 0.145 0.474 0.037 0.077 0.127 0.038 0.082 0.152

100 0.002 0.014 0.076 0.086 0.198 0.722 0.058 0.118 0.188 0.061 0.127 0.238

Panel E: � = 0.9, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.002 0.007 0.037 0.057 0.246 1.065 0.009 0.02 0.032 0.010 0.024 0.055

100 0.002 0.012 0.070 0.080 0.484 2.563 0.014 0.02 0.032 0.017 0.027 0.075

Panel F: � = 0.7, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.002 0.007 0.038 0.042 0.171 0.853 0.011 0.023 0.038 0.012 0.027 0.061

100 0.002 0.013 0.072 0.062 0.371 2.347 0.016 0.024 0.038 0.019 0.032 0.083

Note: The entries are the average computation times in seconds. See Tables 1 and 3 for details.
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Finally, the difference between PLS-DFM and VAR-PLSR is mostly due 
to Kalman filter.

Appendix B

Additional Simulations

In this appendix, we describe additional simulation results concerning 
higher forecast horizons and mixed frequency data in the mixed per-
sistent and non-persistent factor case.

Table A2 portrays results for DGPs of Section 4, where the forecast hori-
zon is set to h = 3 instead of h = 1 as is done in Section 4. The results 
suggest that as forecast horizon grows, all the forecasting methods be-
come less accurate. However, the relative performance between the four 
methods is the same as in Table 1.

Tables  A3 and A4 are mixed frequency counterparts of 
Table  3 and 4 for mixed frequency data respectively. Like in 
the Section  4.2, Table  A3 only reports RMSFEs for the quarterly 
variables.

TABLE A2    |    Forecast simulation results: Higher forecast horizon h = 3.

Panel A: � = 0.9, � = 0, � = 0,u = 0.1, q = q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.847 0.849 0.852 0.806 0.810 0.813 0.85 0.849 0.851 0.816 0.812 0.814

100 0.837 0.833 0.837 0.792 0.789 0.792 0.84 0.833 0.837 0.800 0.791 0.793

Panel B: � = 0.9, � = 0, � = 0, u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.884 0.875 0.874 0.845 0.836 0.834 0.870 0.855 0.855 0.860 0.839 0.836

100 0.864 0.848 0.849 0.809 0.798 0.802 0.851 0.837 0.837 0.828 0.804 0.804

Panel C: � = 0.7, � = 0, � = 0,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.996 0.994 0.994 0.991 0.983 0.981 0.995 0.990 0.991 0.990 0.982 0.982

100 0.995 0.997 0.998 0.977 0.977 0.979 0.991 0.994 0.994 0.981 0.978 0.979

Panel D: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = q̂ = 3

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.893 0.880 0.879 0.841 0.832 0.833 0.865 0.856 0.858 0.848 0.839 0.838

100 0.871 0.849 0.851 0.816 0.798 0.802 0.855 0.838 0.840 0.824 0.805 0.807

Panel E: � = 0.9, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

2s-DFM ML-DFM VAR-PLSR PLS-DFM

n n n n

T 10 50 100 10 50 100 10 50 100 10 50 100

50 0.988 0.990 0.988 0.979 0.987 0.985 0.957 0.951 0.952 0.953 0.943 0.943

100 0.990 0.991 0.991 0.978 0.986 0.988 0.951 0.944 0.944 0.944 0.932 0.931

Note: Selected DGPs with the forecast horizon h = 3. See Table 1 for details.
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TABLE A3    |    Forecast simulation results: Mixed frequency and mix of persistent and non-persistent factors.

Panel E1m: � = 0.9, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

51 0.956 0.955 0.956 0.891 0.896 0.901 0.794 0.787 0.810

99 0.973 0.973 0.973 0.875 0.905 0.901 0.762 0.767 0.785

Panel F1m: � = 0.7, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

50 0.974 0.971 0.971 0.975 0.975 0.970 0.894 0.879 0.892

100 0.984 0.983 0.983 0.946 0.970 0.971 0.874 0.871 0.884

Panel G1m: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = 3, q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

51 0.858 0.852 0.855 0.900 0.904 0.91 0.796 0.795 0.819

99 0.924 0.913 0.915 0.885 0.912 0.91 0.765 0.776 0.795

Note: In the table (Panels E1–G1), only the first factor is estimated and only one factor is persistent (non-zero autoregressive coefficients) in the DGP. See Table 1 for 
details.

TABLE A4    |    Factor estimation simulation: Mixed frequency and mix of persistent and non-persistent factors.

Panel E2m: � = 0.9, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

50 0.232 0.202 0.183 0.482 0.595 0.613 0.536 0.610 0.615

100 0.293 0.265 0.252 0.639 0.776 0.796 0.710 0.797 0.807

Panel F2m: � = 0.7, � = 0, � = 0,u = 0.1, q = 3, q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

50 0.185 0.190 0.187 0.541 0.708 0.738 0.582 0.712 0.729

100 0.193 0.195 0.190 0.640 0.835 0.866 0.700 0.850 0.869

Panel G2m: � = 0.9, � = 0.5, � = 0.5,u = 0.1, q = 3, q̂ = 1

ML-DFM VAR-PLSR PLS-DFM

n n n

T 10 50 100 10 50 100 10 50 100

50 0.229 0.209 0.191 0.493 0.597 0.616 0.546 0.613 0.618

100 0.279 0.264 0.257 0.643 0.778 0.797 0.711 0.798 0.808

Note: The entries are the trace R2
trace

 statistics for the first (persistent) factor. See Table 4. Selected DGPs have 20% quarterly frequency variables and 80% monthly. 
Forecast horizon h = 3. See Table 1 for details.
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Appendix C

Data Description

We thank Petteri Juvonen of the Bank of Finland for compiling the data 
set, which is originally from Statistics Finland. Our data set is the same 

as in Juvonen and Lindblad  (2025), except that we have omitted the 
number of overnight stays at accommodations, number of bankruptcy 
cases and the consumer confidence in the overall economy (as opposed 
to “Consumer survey: Own economy”). These changes were made due 
to the Covid-19 pandemic. We use first differences of all series. The data 
is described in Table A5.

TABLE A5    |    Data description.

Frequency Log Lag

Gross domestic product Q X 2

Private consumption expenditure Q X 2

Government consumption expenditure Q X 2

Gross fixed capital formation, residential buildings Q X 2

Gross fixed capital formation, excluding residential buildings Q X 2

Exports of goods and services Q X 2

Imports of goods and services Q X 2

Index of wage and salary earnings Q X 1

Price index of dwellings Q X 2

Volume index of industrial output M X 1

Capacity utilization rate, Manufacturing M 1

Granted building permits M X 2

Turnover of retail trade, volume index M X 1

Turnover of wholesale trade, volume index M X 1

Turnover of motor vehicle trade, volume index M X 1

Manufacturing working on orders, Index of turnover in industry M X 2

Exports of goods M X 1

Imports of goods M X 1

Employed, ages 15–74 M X 1

Unemployment rate, ages 15–74 M 1

Jobs vacant M X 1

Unemployed job seekers M X 1

OMXHelsinki All-Share Index M X 0

Consumer survey: Own economy M 0

Business confidence, manufacturing M 0

Business confidence, construction M 0

Business confidence, manufacturing: production expectations M 0

Consumer price index M X 0

Building cost index M X 2

Turnover of construction, volume index M X 3

Producer price index, manufacturing M X 1

Export price index M X 1

Import price index M X 1

New orders in manufacturing M X 1

ISM's Manufacturing PMI Index, USA M 0

(Continues)
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Frequency Log Lag

ifo Business Climate Index, Germany M 0

Wages and salaries sum M X 1

Volume index of new building M X 2

Economic sentiment indicator, Eurozone M 0

Index of turnover in industry M X 3

Building starts M X 3

Building completions M X 3

World trade M X 3

Turnover of service industries M X 2

Note: “Frequency” refers to the observation frequency: “Q” means that the observed frequency is quarterly, and “M” means that the frequency is monthly. If “Log” is X, 
it means that we take the logarithmic transformation of the series before differencing. Finally, “Lag” is the publication lag in months (end-of-month).
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