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ABSTRACT

This paper employs multilevel factor modelling techniques to unravel systematic unobserved
determinants of the intraday and interzonal price curve dynamics for the Pennsylvania-New
Jersey-Maryland (PJM) interconnection. These techniques make an explicit separation of
global drivers from region-specific common factors, thereby facilitating the identification of
the actual sources of co-variability. Our empirical findings confirm the hypothesis that the
common unobserved determinants of power prices in the PJM interconnection obey a block
structure, some of which affect different segments of our panel. We argue that a multilevel
factor approach offers a more systematic and transparent representation of intertemporal
and cross-sectional patterns in PIM electricity prices compared to alternative brute-force
VARMAX parametrizations and the single-level factor models, which are often put forward
in the literature as viable modelling alternatives.
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1. INTRODUCTION AND LITERATURE REVIEW

The deregulation of power systems and the introduction of competitive electricity market designs have
led to tangible benefits for the consumers and the environmental considerations in most developed
countries. The increased benefits however often come with major challenges to be faced by market
regulators and participants, most prominent being the great deal of uncertainty surrounding the
determination of electricity prices in the short and medium term. To achieve an accurate description
of the power price dynamics in electricity markets, research contributions continue to explore and
provide relevant advances in statistical modeling. Even with a stream of new modeling contributions
in patterns and determinants of price setting, the very nature of the underlying commodity (electrical
power) and the rules governing its trading in competitive markets continue to present implementation
difficulties for vested policymakers.

The modern approach to electricity price modelling is to treat hourly contracts as separate
units in a panel and employ a multivariate econometric device (such as VARMAX models) to describe
the dynamics of the entire cross section. This is advocated by the fact that trading in day-ahead
markets is discontinuous and the price of all hourly contracts is determined simultaneously using the
same information available until the gate closure time (see e.g. [Huisman et al.|(2007)). However, the
allure of this approach introduced new methodological research questions. Extant empirical research
on the stochastic properties of electricity price time-series revealed that, in practice, the confluence of
exogenous factors along with long-memory and multiple levels of seasonality work together to form a
complex data-generating process. In order to capture cross-sectional and intertemporal relationships
between the prices of hourly power contracts, the model-builder is left to contemplate a complex
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model parametrization. But, it is well known that such models are prone to numerical instability,
over-fitting and poor out-of-sample forecasting performance.

A natural approach to dealing with complexity and dimensionality issues is the imposition
of a factor structure in the dynamics of the price curve. This is also dictated by the very nature of
trading in electricity markets and the high levels of observed cross-dependence between the prices
of contracts controlling power delivery in nearby hour zones of the following operating day or in
bidding areas with physical connectivity. The literature of factor analytic approaches to power price
modelling is thin compared to univariate or other multivariate time series modelﬂ ‘Wolak! (2000)
applies principal components analysis (PCA) to hourly and half-hourly price quotes of several national
electricity markets (England, Wales, Norway, Sweden, Victoria and New Zealand). Before testing the
panel of international power prices for the existence of a factor structure, historical price quotes are
filtered through a vector autoregressive model equipped with day-of-the-week and month-of-the-year
dummy variables. [Vehvildinen and Pyykkonen| (2005) apply a structural factor approach to Elspot
electricity prices, whose essence is to decompose price behavior into an array of fundamentals
(temperature, precipitation, load, baseload power supply, etc). Predictions about fundamentals are
then used as a basis for generating forecasts about individual power prices. [Alonso et al. (2011)
apply a dynamic factor model for long-term forecasting of Spanish electricity prices. They assume
that the dynamics of unobserved components can be adequately described by a seasonal VARMAX
model which considers not only dynamic cross-dependencies among unobserved components but
also seasonal variations. The parameters of the model as well as the number of latent components
are estimated using state-space techniques. Munoz et al.|(2013)) study the properties of the Iberian
day-ahead electricity prices using principal components analysis. By ordering the eigenvalues of the
sample correlation matrix, the authors concluded that only three factors were adequate to explain the
cross-section of power prices.

In a Continental study, [Liebl| (2013)) applies a dynamic semiparametric factor model to
the prices of the day-ahead power delivery contracts traded in the European Electricity Exchange.
His modelling framework assumes that factor loadings are parametric functions of the reference
hour and possibly other exogenous variables. These functions are them combined with univariate
regime-switching models for the factor dynamics to generate estimates for individual hourly prices.
Liebl (2013) finds a great deal of commonality in European electricity prices, as three factors capture
almost 80% of the total data variance. Raviv et al.|(2015) apply a variety of univariate, multivariate
and dimensionality reduction techniques to the task of forecasting electricity prices in the NordPool
market. They show that the accurate modelling of dynamic cross-sectional linkages between the
values of hourly contracts leads to superior out of-sample performance, even if the purpose is to
predict daily averaged day-ahead prices. Further improvements in predictive accuracy are observed
by imposing a dynamic factor structure in the entire array of hourly contracts and by modelling
the dynamic properties of the reduced-size array of the extracted factor time-series. Maciejowska
and Weron| (2015) focus on short- and medium-term forecasting of the value of different hourly
power delivery contracts pertaining to several transmission zones of the Pennsylvania - New Jersey -
Maryland (PIM) interconnection. They apply PCA to extract the common drivers of PJM hourly and
regional electricity prices and compare the predictive ability of three dynamic factor models with
restricted vector autoregressions and univariate AR models. Their conclusion is similar to|Raviv et al.
(2015)) as to the predictive value of the intraday or interzonal structure of power prices when it comes
to generating forecasts for the day-ahead PJM market. The relative superiority of factor models does
not significantly change with the forecasting horizon.

A common critique to all factor modelling techniques presented above is the fact that

A less common - yet promising - approach to electricity market prices modelling is agent-based simulation (ABS).
Real-life power markets form a complex system in which different types of participants (power generation companies, energy
retailers, transmission system operators, etc) interact though sophisticated market rules and designs. ABS models are
particularly acknowledged for being able to accommodate most of these features without imposing too stringent assumptions
on market players’ behaviour. SeeZhou et al.|(2007) for a comprehensive review and comparison of different approaches.
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although they manage to achieve dimensionality reduction by attributing the co-variation of the price
vector to a smaller number of common factors, the extracted systematic drivers often fail to clearly
identify strategic dimensions for policy evaluation. Hence, it becomes very difficult for the analyst to
understand the nature of the latent forces moving the panel of power prices and, in consequence, use
them as indicators for predicting future dynamics. This is particularly the case with panels admitting a
block structure, i.e. panels where units represent different hours of power delivery, national markets or
bidding zones. In this data environment, global factors, commonly influencing the entire cross-section,
and block-specific latent components, influencing a group of variables representing a portion of
the panel, work together to form a complex hierarchical factor structure (Han and Caner| (2017)).
In principle, the common factors extracted using PCA-based methods are a mixture of global and
group-specific effects, with limited use for structural analysis. Multilevel or hierarchical factor models
that perform an explicit separation of common effects depending on the proportion of panel units
which co-influence seem more advantageous in this respect.

In a recent working paper that is related to our approach, [Ergemen and Rodriguez-Caballero
(2017) apply a two-level factor model to separate area-specific from global effects in the price
formation mechanism of several bidding zones within the NordPool. This study takes into account
another important feature of the day-ahead electricity prices (long memory) and employs the sequential
least-squares (LS) approach of Breitung and Eickmeier| (2016) to estimate the components of the
factor model (global factor scores, regional systematic shocks, loadings, etc). Contrary to other papers
employing hierarchical or multilevel factor models in macroeconomic analysis and forecasting tasks,
this study explicitly deals with the model selection issue in a multilevel factor setting. In particular,
the authors employ a mixture of the Hallin and Liska) (2007);|Alessi et al.| (2007)’s data-driven model
selection criterion with set algebra techniques to determine the dimensions of the global and regional
factor spaces. Small-sample properties of the proposed model selection procedure are examined by
simulation experiments.

The approach used in this study is more in the spirit of Ergemen| (2016); [Ergemen and
Rodriguez-Caballero| (2017) and [Breitung and Eickmeier| (2016). We employ our methods in a richer
dataset reflecting the power trading activity in the PJM interconnection. Our panel includes 192
variables in the cross-section (8 transmission zones times 24 hourly contracts per zone). To the best
of our knowledge, there is no study up to now examining dynamic properties of PJM prices in a
multilevel factor model setting. This presents us with additional opportunities. With our approach
we are able to attribute the stochastic co-variation of power prices to pervasive and regional forces.
Moreover, by explicitly separating deterministic from stochastic common factors, we are able to tell
whether seasonalities and other predictable features of power trading dominate market-wide shocks.

Our study also makes a contribution to model-building methodology in energy markets.
Most of the papers employing multilevel or hierarchical factor model settings do not consider
model selection thoroughly. They typically fix the number of global factors or the dimension of
lower-level common components (influencing only a block of variables in the panel) using heuristic
criteria. However, this approach may often lead to a misinterpretation of global/regional features
and poor understanding of the true source of co-movement in panel variables (see |Han and Caner
(2017)). This paper places equal emphasis on model selection. It is worth noting that Ergemen and
Rodriguez-Caballero| (2017), following an earlier work of [Wang| (2010), propose a technique for
determining the optimal dimension of global/regional factor spaces in a two-level factor model for the
NordPool market. But, this approach drawing on set algebra does not easily scale with the number
of regions and suffers from numerical instabilityﬂ For overcoming these problems, we employ in
this study a variant of the shrinkage estimation technique proposed by Han| (2016) that applies PCA
to selective blocks of the variance-covariance matrix to help disentangle global from block-specific
effects. Instead of using the computationally-intensive shrinkage estimation procedure for deciding

2In particular, due to the accumulation of estimation error, the proposed algorithm may also output negative estimates for
the dimension of the factor space within a particular block. See also our remark in footnote['I;Z}
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how to optimally allocate complexity in each component of the factor model, we employ a simpler
procedure which resembles the classical best-subset model selection guided by information criteria.
A final stage of sequential LS estimation (Breitung and Eickmeier| (2016)) is used to improve the
goodness-of-fit of the two-level factor model.

The rest of the paper is structured as follows: Section [2|is devoted to the presentation of
the PIM electricity market and a basic exposition of the particularities of day-ahead power trading.
Section [3] details the two-level factor model employed in this study for disentangling global/zonal
drivers of price co-variation. Section[d]is about model specification. Section [5]presents a two-level
factor analysis of PJM day-ahead power prices. Section[6|summarizes the main findings and concludes
the paper.

2. THE PJM DAY-AHEAD ELECTRICITY MARKET

The focus of our study is the Pennsylvania-New Jersey-Maryland (PIM) wholesale day-ahead power
market. This bid-based energy market started operation in 1997. Since 2002, when PJM was declared
an independent regional system organization, it has turned into one of the largest wholesale markets for
power transactions, now serving more than thirteen States in the Central East United States, including
the District of Columbia’]

Electricity is not an economically storable good, nor is it easily transmitted across space.
Its production has to be scheduled in advance and this is exactly the role that day-ahead electricity
markets are meant to play. Trading in the PJM’s day-ahead market is discontinuous. Each day, by
gate closure timeE]> market participants submit their bids for power selling or purchasing at fixed
hourly intervals of the following operating day (00-01, 01-02,. . ., 23-24). The system operator then
clears the market and proceeds to the generation unit commitment. The PIM interconnection uses the
locational marginal pricing (LMP) principle to fix the value of the traded hourly contracts for the
delivery of one unit of power at a particular hourly frame of the following operating day. At first stage,
the model calculates a system-wide price reflecting the marginal cost of power production under
general load-servicing conditions prevailing over the regions that PJM serves. If within a designated
time frame there is no constraint to the flow of energy across the grid, a single day-ahead hourly
price is quoted for all transmission zones. Under congestion, local power generation units play a
more decisive role in the determination of the value of traded contracts. Eventually, this leads to a
decoupling of local marginal prices.

Sample data are daily logarithmic power prices for hours 1,2,...,24 of the following day and
eight transmission zones: AECO, AEP, APS, BGE, COMED, DAY, DOM, DP[E} The sampling
period is from May 1, 2005 until Mar 27, 2017, which leaves us with 7 = 4294 observations in the
time dimension after removing records of missing values in either of the zones. The longitudinal
dimension of our panel is N = 24 x 8 = 192. All data were downloaded from the PJM’s online service
(Data Miner).

3. A TWO-LEVEL FACTOR MODEL OF POWER PRICES

Prior to the identification of global and local determinants of power prices, we perform a typical
Wold-type decomposition of all units of our panel. In particular, we assume that each log-price
variable (y; ;) is composed of two orthogonal components:

Yi,i = Pt,i T St (D

3See the official website of PJM (PIM History) and the market oversight of the Federal Energy Regulatory Commission,

4This is 10:30 (EST) according to the new timeline of the PTM’s day-ahead market.

3Qur raw data are total locational marginal prices, i.e prices incorporating congestion costs, aggregated over each
transmission zone. Total LMP’s are expressed in dollars per delivered megawatt-hour (MWh).
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wheret = 1,2,...,T andi = 1,2, ..., N is the longitudinal index running across all zones and hours. In
the base model shown above, p; ; is the deterministic part capturing predictable properties of power
prices (linear trends, seasonal cycles, weekday and holiday effects) and s, ; is a proxy for the stochastic
component driven by common as well as idiosyncratic shocks.

Following recent trends in the modelling of electricity prices (Huisman et al.,2007; Ergemen
and Rodriguez-Caballerol 2017), we specify the deterministic component as

4 4
pl,i = Cl"(] + CUM[ + Ci’ZW, + CL:‘,H; + Ci,4Tl (2)

where M is a 11 X 1 vector of dummy variables, for each month of the year (starting from Feb and
ending in Dec), W, is a 6 X 1 vector of weekday dummies (the first capturing Monday and the last
Saturday effects), H; is a holiday dummy taking value 1 if day ¢ is a public holiday and 0 otherwiseE]
and T; is a linear trend term.

Extensive empirical research on day-ahead power prices has shown that they exhibit long
memory and slow reversion to their mean level. This property can be captured by fractional integration
techniques. Loosely speaking, a process {x;} is said to be fractionally integrated of order 0 < d < 1,
i.e. x; ~ I(d), if the derived process (1 — L)%x; is I(0) (L is the lag operator). Fractional integration
has been traditionally considered as a compromising option between strict stationarity and unit root
behaviour and hence it provides the analyst with richer representations of long-range dependence in
time serie A necessary and sufficient condition for {x;} being covariance stationary is d < 0.5,
while if 0.5 < d < 1 the process becomes non-stationary but retains the mean-reversion property
(stationary in mean but non-stationary in covariance). To embed the long-range time-dependence
feature in our base model (I)), we assume as in [Ergemen and Rodriguez-Caballero| (2017) that
each detrended and seasonally-adjusted log-price variable s;; = y:; — p:.; is a I(d;) process with
individual-specific parameter d;, ranging between 0 and 1 independently across the longitudinal
dimension of our panel. In section[5.3.4] we will also attempt to identify the source of persistence in
detrended power prices.

Following |Breitung and Eickmeier| (2016)); Ergemen and Rodriguez-Caballero| (2017), we
assume that power log-prices obey a two-level factor structure in which detrended prices are further
decomposed into global, regional and idiosyncratic components. The term “global” refers to the
determinant of power prices that is due to pervasive forces influencing the entire cross-section of
our panel (all zones and hours). Congruently, regional factors are a proxy for unobserved causes of
intense price co-variation within a particular zone. The idiosyncratic component captures effects that

) _ () () (r)

’
are specific to particular reference hours within a zone. Let s, = ( 15105 Sp N ) be the ¢-time
10, Ny

value of the stochastic component array for all variables of zone r = 1,2, ..., R. Then,

sV = ApoFrg + A F , +e”, r=12..  R1=12..T 3)

where F; , is the K, X 1 vector of common global factors, F; , is the K- X 1 vector of common regional
factors and egr) is the error array. A, is the N, X K, matrix of global factor loadings on the r-block
of variables, whereas A, is the corresponding N, X K, loadings matrix measuring the exposure of
the sﬁ’) array on regional factors F; ,.. Stacking all r instances of the model in a system of equations,

6Eleven public holidays were considered as follows: New Year’s Day, Martin Luther King Jr. Day, Presidents’ Day,
Memorial Day, Independence day, Labor Day, Columbus Day, Veterans Day, Thanksgiving Day, Christmas Day and New
Year’s Eve.

7We do not consider the case of extended fractional integration models where d can go beyond 1.
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or written more compactly
S = AFt + €;

where F; is the K x 1 vector of all common factors, with K = K, + Zle K, being the dimension of
the full factor space. The above formula shows that (3)) is a special case of a factor model imposing
zero values on particular blocks of the loadings matrix.

To identify the above model and separate the different sources of variation in power prices
(global, regional, idiosyncratic), we make the following assumptions in the estimation of (TJ):

Assumptions
Al (IUT)X F, =0
A2 (1/T) Zthl F.F, = Ik, where Ik is the K x K identity matrix
A3 Y F  F,, =0 forallr =12,... R
A4 YT Fe =0

A5 (1/N)ALA, is diagonal, where by A, we denote the N X K, matrix of global factor loadings,

ie. Ag = (Afy Al

’
1g Aogs - - .,A;Qg) ,and N = Zle N, is the longitudinal dimension of the panel.

A6 (1/N:)A;, A, is also diagonal for all r = 1,2,...,R.

The above set of assumptions are common in multilevel factor analysis (see e.g. |[Ergemen
and Rodriguez-Caballero| (2017); [Wang| (2010))). A.1-A.2 specify global and regional factors as
(zero-mean) orthonormal variables. A.3 imposes that global factor scores F; , are uncorrelated
with regional ones (F,,; r = 1,2,..., R). Also each group of factors F;; and ¥, ,, r = 1,2, ..., R is
uncorrelated with the idiosyncratic determinant of power prices (e;). A.3 and A.4 separate pervasive
from both block-specific and idiosyncratic sources of variation. Assumptions A.5 and A.6 are for
ensuring that the global and regional factor spaces are uniquely identified (up to an orthogonal
transformation). Note that the two-level factor structure presented in equation (@) imposes zero
correlation between regional and global factors but allows for weak dependencies between the F ,
vectors. This is a realistic assumption in energy markets, as apart from regional conditions, power
prices are also expected to show significant co-movement for other reasons (e.g. depending on the
time zone of power delivery). For this reason, our model allows for an imperfect block structure, in
the spirit of|Han and Caner| (2017).

Although simple in its conception, the two-level factor model employed in this study poses
many challenges to the analyst both from a theoretical and practical point of view. To make the
model functional, it is necessary to jointly estimate the loadings matrix A, the scores of the full
factor array {F,, for t = 1,2,...,T} and the dimension of the global and regional factor spaces
(Kg and K, r = 1,2,..., R, respectively).

Wang| (2010) proposes a PCA-based estimator of the two-level factor model and provides
an in-depth analysis of its asymptotic properties. |Breitung and Eickmeier| (2016)) make a review of
other existing approaches and also come up with two new estimation techniques: a) a heuristic-based
canonical correlation analysis and b) a sequential LS estimation technique. Both possess advantageous
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features such as the joint estimation of factors and factor loadings as well as guaranteed convergence
of the optimization routine to a unique optimum. In fact, Breitung and Eickmeier| (2016) propose
using the former (CCA) estimator as a starting point for the sequential LS optimization algorithm,
which proves to considerably accelerate the estimation process. Methods based on quasi maximum
likelihood estimation (Banbura et al.|(2011)) and the Bayesian principle (Moench et al.|(1990)) have
also been employed in the multilevel factor modelling literature.

Despite the wealth of approaches for estimating multilevel factor models of different
dimension and scale, the literature is scarce - and often inconclusive - when it comes to model
selection (Han, [2016; Han and Caner, [2017). Formal statistical tests based on information criteria are
very popular in single-level factor models. But, the two-level factor model described above has some
special features that hinder the application of standard model selection tools. As it turns out, in order
to obtain consistent estimates of the spaces spanned by global and regional components, it is crucial
to first uncover their latent dimensions. In fact, the separation of global from group-specific effects
cannot be made consistently if the dimensions of the corresponding spaces are not correctly estimated.
Formal statistical tests that are routinely used in a classical single-level factor model setting, such
as the information criteria of Bai and Ng| (2002)) or data-driven procedures (Hallin and Liskal 2007;
Alessi et al.,[2007), have been shown to suffer from poor performance (or even inconsistency) under
the presence of strong cross-correlation in the error terms. Hence, contrary to what is common
practice in the specification of a factor model for electricity prices (see e.g. [Maciejowska and Weron
(2015)), classical information criteria are inappropriate for block panel structures, in which latent
group-specific effects cause strong correlation within certain segments of the cross-section. Only
very recently, there have been some attempts to extend these techniques to a multilevel factor context
(Lu and Sul|2016; [Han and Caner, 2017). The following section explicitly deals with model selection
in a two-level factor setting.

4. MODEL SPECIFICATION

The specification of the two-level factor model presented in equation (@) extends to three levels: a)
identify global and group-specific factors, b) determine the effective dimensions of the corresponding
spaces and c) provide estimates for the non-zero blocks of the factor loadings matrix. Han| (2016))
recently proposed a method for model specification in a two-level factor setting. The method is a
combination of principal components analysis and shrinkage estimation techniques. PCA is used to
separate global from group-specific effects and adaptive group lasso estimation is used to determine
the effective dimensionality of the corresponding factor spaces. To reduce the computational burden
and avoid numerical problems with the adaptive lasso estimation methocﬂ we apply a simpler variant
of the |[Han|(2016)’s technique which is closer to information-criteria-guided model selection. Our
method is analytically described in the Appendix (see[7.I). It is important to emphasize that the
basic input to the model specification procedure is the 7 X N matrix S, which was interpreted as
the matrix of detrended log-power prices (power price values having all deterministic and seasonal
effects removed). This is obtained as S=Y- ﬁ where P is the estimated deterministic component of
log-power prices (2), accounting for trend, seasonal, weekday and holiday effects.

8The objective function in adaptive lasso estimation problems is not globally convex, hence special attention should be
paid to provide good starting points to the algorithm. This is not a requirement in our model specification algorithm, as
loadings and factor estimates result from the solution of a constrained quadratic optimization problem.
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5. EMPIRICAL RESULTS
5.1 Descriptive statistics

Figure[I] shows the evolution of hourly PIM prices over the sample period (2005-2017). This graph
illustrates the great deal of commonality in the prices of hourly contracts. Prices across different hours
of power delivery tend to synchronize and respond similarly to common shocks. Figure[T]is indicative
of the high levels of cross-correlation between panel variables. However, in order to obtain a deeper
understanding of the nature of cross-dependences, we have to acknowledge that units in our panel can
be categorized in at least two ways: a) based on the reference transmission zone (each block contains
24 hourly price series) and b) based on the reference hour of power delivery (each block contains 8
variables showing how the price varies across transmission zones). The second grouping is equally
important and also more in accordance with the traditional view on power production scheduling, as
peak prices have been documented to possess different features from off-peak ones.

Figure 1: The term structure of sample hourly electricity prices (averaged across the eight transmission
zones).

Nov17

Log-price
(=} N s (=2} [

Feb04

Hour zone

Table [T] provides information on the correlation structure of daily-averaged zonal prices.
Overall, correlation coefficients are very high (> 0.8) indicating strong zonal coupling. Moreover, the
results of the eigenvalue decomposition of the cross-regional sample correlation matrix confirm the
high degree of interconnection. A single eigenvector explains most of the day-to-day variability in
regional log-prices (percentage of total variance explained is 7.3738/8=92.17%), while the contribution
of the rest of the components amounts to less than 8% of the total variability. Although not reported
here, also strong is the correlation across the prices of hourly contracts after averaging out zonal effects.
Particularly high levels of commonality are observed between the prices of contracts representing
power delivery in adjacent hour frames, independently of load conditions (whether they are peak or
off-peak).

5.2 Fractional integration

Prior to estimating the factor model, all 192 log-price series were tested for unit roots using several
variants of Augmented Dickey-Fuller and Phillips Perron tests (with/without constant and trend term).
As the null hypothesis of a unit root was rejected for all series at 5% confidence leveﬂ we proceeded
with a factor decomposition of price levels instead of their first differences. As a complementary

step to stationarity analysis, we decided to test the panel of detrended log-prices, i.e. the actual

9Detailed results are available upon request.
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Table 1: The sample correlation matrix of average PJM zonal prices and its associated
eigenvaluesf.

AECO  AEP APS BGE COMED DAY DOM DPL
AECO N 0.88 0.95 0.92 031 0.36 0.94 0.98
AEP - - 0.96 0.90 0.91 0.99 0.91 0.89
APS - - - 0.96 0.88 0.94 0.98 0.95
BGE - - - - 0.83 0.88 0.98 0.92
COMED - - - - - 0.91 0.84 0.81
DAY - - - - - - 0.89 0.87
DOM - - - - - - - 0.94

DPL . . y . . § . -
Eigenvalues  7.3738 03433 0.1222 _ 0.1081 __ 0.0226 _ 0.0151 _ 0.0108 0.0040

T Shown are Pearson correlation coefficients between each pair of zones after taking intraday averages of log-prices.

log-prices minus the estimated deterministic components (2)), for long-memory effects. The order
of fractional integration d; was estimated independently for each (detrended) log-price series based
on the conditional sum of squares estimator (Ergemen and Rodriguez-Caballerol 2016} [Ergemen
and Velasco},2017). The results of this analysis are presented in Figure[/] top graph. The dark blue
line shows the memory parameter estimates across bid hours and transmission zones. The standard
error of the estimates is 0.0119. The x-axis is annotated such that the double tick marks the border
between two transmission zones (the 24th hourly segment) and the area label is positioned exactly at
12 hours. As seen, most of the hourly time series exhibit a very high degree of persistence (typically
above 0.5). This means that shocks to the PJM power market are absorbed at a very slow pace. The
estimated order of fractional integration implies that despite the tendency of prices to revert to a
mean level, shocks have a permanent effect on volatility levels eventually rendering prices covariance
non-stationary.

Interestingly, the level of persistence changes significantly between hours of power delivery.
On average, morning peak hour prices are faster moving. External shocks to this segment of the
intraday power curve seem to die away more quickly. Still, the estimates of the fractional integration
parameter for this block of variables remain marginally in the covariance non-stationarity range. From
Figure /| we can also get an idea of how the memory length varies between the PIM transmission
zones. The average level of price persistence across different zones is similar, except for COMED
where the value of day-ahead power contracts tends to show lower persistence especially in the
early-morning segment of the zonal intraday price curve. Still, for most of the hourly intervals the
estimated fractional integration parameter is above 0.5, also implying non-stationarity in covariance.
The long-memory feature of power prices will be further examined in subsection[5.3.4] where we will
attempt to attribute it to pervasive, regional or idiosyncratic factors.

5.3 Factor analysis

This section investigates the source of commonality in log-prices across all hours and regions
of our sample. As an input to our factor model, we use the panel of detrended price series
{$i5t=12,..,T;i=12,..,N}. The consistency of the procedure discussed in sectionE]and in the
Appendix for determining the factor model (3) can only been shown asymptotically, i.e. for both the
time dimension 7" and the number of units in each block N,., r = 1,2, ..., R, going to infinity (see /[Han
(2016)). Due to the relatively small number of variables included in each transmission zone and the
high observed cross-correlation between adjacent hourly intervals, we decided to perform a coarser
partitioning of our datasetm This was done as follows: first, we performed a principal components
analysis of the estimated (detreded) log-price matrix S. The starting upper bound for the number
of common components in our panel was determined based on [Bai and Ng| (2002)’s information
criterion /Cp and|Alessi et al.| (2007)’s data-driven criterion. The optimal number of common factors

10This practice was also followed by [Ergemen and Rodriguez-Caballero| (2017), who based the partitioning of their panel of
NordPool power prices directly on the sample cross-regional correlation matrix.
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Table 2: The optimal partitioning of transmission zones.

Cluster index | Transmission zones included
Cluster 1 {AECO, DPL}

Cluster 2 {COMED}

Cluster 3 {AEP, APS, DAY}

Cluster 4 {BGE, DOM}

influencing the entire cross-section as indicated by the|Alessi et al.|(2007)’s technique was I?max =14,
whereas the Bai and Ng| (2002) criterion did not converge within a reasonable range of candidate
values for the dimensionality of the full factor space. BecauseBai and Ng|(2002)’s criterion is known
to show upwards bias, especially in the presence of strong-correlation in the idiosyncratic termﬂ
we proceeded with the estimate provided by the data-driven method. Besides, K;,qx = 14 common
factors explain as much as 96.51% of the total variance in the detrended log-power prices.

Based on the estimated common factors and loadings, we specified the common stochastic
component of detrended power log-prices as C = FA’. We then calculated a single representative
price series for each transmission zone (the intra-zonal average of common stochastic components) and
derived the Euclidean distance between all pairs of zone representatives. Based on pairwise distances,
we performed an agglomerative hierarchical clustering of regions. To ensure that each cluster is
rich enough (i.e. includes as many variables as possible), we performed a coarser grouping of price
series resulting to the four clusters presented in Table[2] Cluster 3 turns out to be the most populous,
containing prices from three transmission zones (72 variables in total). This indicates that AEP, APS
and DAY prices are highly synchronized following similar response patterns to non-anticipated events.
Cluster 2 is the less populated as it includes only 24 price series all pertaining to the COMED zone.

The information criterion (6), which was applied in Step C of the model specification
procedure detailed in the Appendix, indicated in total K| = 6 factors linking variables in Cluster
1. In Step D, we were able to make a separation between pervasive sources of co-variation and
block-specific common factors. In particular, the information criterion (8) detected five global factors
influencing the entire cross-section of (detrended) power prices and (2, 2, 1) common factors linking
variables within Clusters 2,3 and 4, respectively. All in al Kg = 5and I@ =(1,2,2,1). Based
on the estimated dimensions of the global and regional factor spaces, we refined our estimates for
factor scores ﬁ, = (F}g, F,], th, e, F,R)’, for each time period r = 1,2, ..., T, by iterating through
the sequential LS algorithn’m

5.3.1 Global effects

Figures [2| and [3|illustrate pervasive features of (detrended) log-power prices. Figure |2 shows the
sample evolution of the five estimated global factors and Figure [3| presents the corresponding loadings
for all transmission zones and hours.

As Figure[2]shows, the first global factor represents a slow-moving process, being responsible
for the drifting behavior of PIM electricity prices. A rather acute appreciation in the value of the first
global factor (of almost 10 standard deviations away from the sample mean) was observed in 2014.
The top panel of Figure [3|indicates that all variables without any exception are positively loaded on
this particular factor meaning that it represents a systematic and non-differentiable source of risk
within the PJM territory. Although in some transmission zones, such as AEP, COMED and DAY,

l1See e.g. the experimental evidence provided by [Han and Caner| (2017).

12For comparison, we also implemented the set-algebraic approach recommended by [Ergemen and Rodriguez-Caballero
(2017) to determine the optimal level of factor partitioning (in global and block-specific components). Unfortunately, after two
or more iterations, the method resulted in negative estimates even for the number of factors influencing super-blocks of three
clusters or more. This instability feature of the method was also pointed out by |[Han| (2016).

13We also derived confidence bounds for factor scores and loadings by applying a multivariate version of the stationary
bootstrap algorithm (Politis and Romano|(1994)) to the residuals of the factor model. The estimated confidence bounds turned
out to be very thin and almost indistinguishable from the estimates; hence, they were omitted from follow-up figures.
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Figure 2: The time-evolution of the estimated global factors.
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Figure 3: The loadings of global factors per transmission zone.

J05  Nov0S Apr08  Aug09 Decl0 Mayl2 Sepl3 Febl5 Junis

0.1

-0.1
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most of the regional hubs.

By inspection of how global factors 2-5 load on the variables of our panel, we infer that this
group of global drivers capture other aspects of the cross-dependence structure of the intraday price
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Table 3: Variance decomposition of the global common component.

Global factor index  Total variance explained  Percentage of total variance explained

1 11.1276 58.74
2 1.3169 6.95
3 0.3858 2.04
4 0.2125 1.12
5 0.1834 0.97
Sum 13.2263 69.82

curve. As seen in Figure [3] second panel from the top, global factor 2 has the effect of occasionally
increasing the gap between morning and afternoon prices (infusing loadings of opposite sign on either
segment of the hourly price curve). Global factor 3 captures a similar spread effect, this time between
the early morning and all other time zones of the da Overall, the patterns depicted in Figure
are similar across transmission zones and can be considered of pervasive nature, meaning that they
commonly affect the entire cross-section of the panel.

Table 3]sheds more light on the contribution of each global factor to explaining the variability
of power prices in our sample period. As discussed in section[5.2] most of the power prices were
found to have long-memory and a slow mean-reversion rate. In most of the cases, the estimate for
the fractional integration parameter was indicative of a covariance non-stationary process. Although
the variance decomposition might be ill-defined for such type of processes, still this part of the
analysis may be useful in terms of clarifying the sources of data sample variation. As discussed in the
Appendix, the factor analysis method employed in this study follows the PCA tradition and orders
the global factors based on the overall sample variance explained. This statistic is available from the
second column of Table Eﬂ The total variance of the global common component is 13.2263, which
amounts to 69.82% of the aggregate daily variability in detrended log-prices (18.9431). The first
global factor is the most important source of daily fluctuations with a share of 58.74%, followed by
less prominent sources of risk.

5.3.2 Zonal effects

Figures [ and 5] shed light on the zonal properties of detrended log-power prices, i.e. aspects of price
behaviour not explained by global forces. Figured]shows the estimated common factors per cluster
of transmission zones. As discussed at the beginning of section[5.3] the model selection technique
indicated an additional local common factor for Clusters 2 and 3, incorporating { COMED} and { AEP,
APS, DAY} transmission zones, respectively. The second cluster’s specific factors encode several
price depreciation events recorded in the COMED operation history, especially the sharp decline of
COMED prices in late October 2011. From an inspection of the loading curves (see Figure[5} second
panel from the top), we infer that this mostly affected morning hours.

The third cluster’s zonal factors capture additional features of AEP, APS and DAY prices not
shared by other areas in the PIM territory. For instance, the second-in-row estimated zonal factor
maps a significant reduction in volatility levels after 2011. Figure[5] second panel from the bottom,
shows that this was observed almost uniformly across all hourly APS contracts. In the other two
zones belonging to the third cluster (AEP and DAY), late-evening hours were almost unaffected by
this volatility-adjustment process.

4Raviv et al.|(2015) extract similar spread factors from NordPool day-ahead power prices.
I5This column is effectively the main diagonal of the inner matrix product A. 1.z A. 1.k Where A. |.» denotes the
L 1Kg 1R g L 1R g

submatrix formed by retaining the first K, g = 5 columns of the full loadings matrix.
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Figure 4: The time-evolution of the estimated zonal factors.
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Figure 5: The loadings of transmission-zone-specific factors.
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5.3.3 Variance decomposition

Figure 6] shows how the variance of detrended log-prices is distributed among the global, regional and
idiosyncratic parts of our model. Interestingly, the variance shares of different model components
change significantly across reference hours and transmission zones, the most notable case being
COMED. For AECO, BGE, DOM and DPL areas, the global component accounts for 60-75% of the
daily sample price variation. The global variance share is more or less uniform across all hours of the
day. These findings are indicative of the high level of price synchronization within and between these
transmission zones. On the other hand, AEP, APS and DAY prices show different degrees of exposure
to zonal common disturbances, depending on the time of power delivery. The variance decomposition
profile of morning contracts (for which the power delivery is scheduled before 12:00) is similar to
other zones. However, for afternoon and evening prices, regional forces become much less decisive
so the contribution of global factors jumps to almost 90% for AEP and DAY. The variance share of
idiosyncratic forces is relatively stable across all units of our panel and seldom exceeds 10%. If there
is an exception it occurs around midnight BGE, COMED and DAY contracts.
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Regional factors are designed so that they explain more of the within- than the between-zone
variability of prices. Still, the high uniformity in the decomposition of variance between some
hourly blocks of variables could be an indication of pervasive cross-sectional features having being
misidentified as zone-specific. Table @ attempts to clarify this issue by showing whether a group of
regional factors has jointly high explanatory value for another. More specifically, each entry (i, j) of
the table is the R* coefficient of a matrix regression of the vectors E,i, the estimated regional factors
for cluster i, on F,, j» the estimated regional factors for cluster j, for# = 1,2,...,T. The R? coefficient
is computed as follows:

- UGN | PN
, trace [(ZzT=1 Ft’iF;,j) (ZzT=1 Ft’jF;,j) (ZzT=1 Ftst;,i)]

Lj

trace [(Zthl F“F;l)]

Figure 6: The percentage of detrended log-price variance explained by each model component.

"

I Global
[ Regional
I | diosyncratic

Variance share (\%)

AECO AEP APS BGE COMED DAY DOM DPL

Evaluating collectively the results of the third row and column of Table ] we see that the
pair of regional factors explaining co-fluctuations in Cluster 2 prices (which are effectively the values
of the 24 hourly contracts in the COMED area) differ from all other zonal components. The R>
coefficients of all regressions in which the two COMED factors are used as dependent variables are
extremely low and vary from 0.0222 to 0.1041 (see third row from the top). For all other pairs of
clusters, the level of dependence between local common components is higher. For instance, the
two regional factors determining prices in Cluster 3 alone can explain 51.27% and 59.45% of the
daily variation in the regional components of Clusters 1 and 4, respectively. Similarly, the Cluster 1
regional factor hides 55.14% of the variability in the single local factor pertaining to Cluster 4. This
overall rise in R? values between the zonal common components of Clusters 1, 3 and 4 suggests that a
hierarchical factor structure might be more suitable for describing cross-dependences in our panel
dataset, i.e. prices within the three clusters share systematic features which could be further analysed
by incorporating third- or fourth-level common factors. However, the level of dependence between
clusters is generally low enough to allow us to infer that regional components capture systematic
effects that are specific to transmission zones and not of more pervasive natur

5.3.4 Persistent and fast-moving components of electricity prices

The previous section focused on how the variance of power prices is spread between global and local
components. This section sheds light on another aspect of power price risk, that of persistence. In

18Ergemen and Rodriguez-Caballero|(2017) find similar levels of cross-dependence between the estimated factors pertaining
to different bidding areas in the NordPool system.
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Table 4: R? coefficients of determination for all groups of regional factors.
‘ Cluster 1 Cluster 2 Cluster 3  Cluster 4

Cluster 1 - 0.0469 0.5127 0.5514
Cluster 2 | 0.0235 - 0.1041 0.0222
Cluster 3 | 0.3363 0.1041 - 0.3973

Cluster 4 0.5514 0.0443 0.5945 -

particular, we address the question of whether the long-memory feature of PIM electricity prices has
to do with the particularities of each power contract, can be attributed to zonal conditions or to global
factors driving the entire cross-section.

Figure [7) gives an indication on how capable our two-level factor model is in terms of
explaining the persistence of power prices. Blue-colored curves provide information on the memory
length estimate of seasonally-adjusted and detrended price series. The standard error of the estimates
is 0.0119. Also shown in the bottom graph are the corresponding estimates for the memory length
of the residual series (grey-colored curves), which result after removing both pervasive and local
systematic components of detrended electricity prices.

Figure 7: The estimated fractional integration parameters for adjusted power prices and the residuals
of the two-level factor model. Shaded areas represent a 95% confidence interval.
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As already discussed in section 5.2} the estimates for the fractional integration coefficient of
the detrended power prices are indicative of covariance non-stationarity. An exception is perhaps
the early-morning segment of the COMED intraday price curve, characterized by shorter memory
length. In sharp contrast to detrended price series, the residuals of the two-level factor model are
much faster moving processes. In all cases, the estimate for the memory length is statistically below
0.5 at 95% confidence, suggesting a stationary (in mean and covariance) process. This finding
leads us to believe that the persistence of PJIM power prices can be attributed to common latent
factors and not idiosyncratic features. Furthermore this finding supports the validity of the model
specification procedure discussed in section 4] and detailed in the Appendix. Simulation evidence
provided by [Ergemen and Rodriguez-Caballero| (2017) suggests important small-sample-size biases
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Table 5: Estimates for the fractional integration coefficients of global and regional factors.
Standard error is 0.0119.
Panel A: Global factors

Global factor index 1 2 3 4 5
Fractional integration parameter (dg) 0.6594  0.4931  0.4899  0.2554  0.3498

Panel B: Regional factors

Cluster 1 | Cluster 2 Cluster 3 Cluster 4
Regional factor index 1 1 2 1 2 1
Fractional integration parameter (d,-) 0.5429 0.4227  0.1509 | 0.3897 0.5193 0.4826

in the estimation of global/regional factors when the memory length of the residuals of a two-level
factor model is in the non-stationarity range. Obviously, this is not the case here.

Table [5} Panel A, provides information on the estimated memory length of the specified
global and zonal determinants of PIM prices. In section [5.3.1] it was argued that Global factor
1 is responsible for most of the daily variability in detrended electricity prices, explaining almost
58.74% of their sample variance. Table|5|shows that this factor is also characterized by high levels
of persistence, judging by the estimate of the fractional integration coefficient (0.6594). In other
words, most of the time variability in detrended electricity prices is associated with low frequency
cycles. Global factors 2 & 3 show faster mean-reversion rates, which can also be inferred by a simple
inspection of their in-sample evolution (see Figure[2). The estimated fractional integration coefficients
are 0.4931 and 0.4899, respectively. Taking into account the estimation error, we are able to conclude
that these factors marginally represent covariance non-stationary processes. The remaining global
factors are found stationary in mean and covariance at 5% significance.

Panel B of Table[5indicates that long-range time-dependencies are also characteristic of the
regional determinants of power prices. In all clusters of transmission zones, one regional factor is
slower moving with memory length estimate typically falling on the borderline between covariance
stationarity and non-stationarity. Comparing the estimates of the fractional integration parameter
between the two panels of Table[5] it can be argued that the slow-cycling behaviour of power prices
is mainly a global feature. The first three global factors have a higher contribution to the total data
variance and exhibit slower reversion to their mean than most of the regional factors.

6. CONCLUSIONS

The purpose of this paper was to uncover unobserved stochastic factors commonly affecting the
course of PJM day-ahead electricity prices across different hourly intervals and transmission zones.
We employed a two-level factor model to isolate factors acting on particular segments of panel
variables from those driving the entire cross-section. Model specification in a multilevel factor setting
received special attention in this paper. Based on early works of Han and Caner| (2017) and Breitung
and Eickmeier| (2016), we employed a mixture of information-criteria-guided model-selection and
sequential LS techniques to achieve consistent estimation of the loadings matrix, the factor values
as well as the dimension of factor spaces. Empirical analysis of PIM prices revealed a complex
cross-correlation structure which we attribute to the interaction of global and zonal forces. The
relative contribution of each component to the shaping of the price course varies significantly with
the hour or the transmission zone for which power delivery is scheduled. In some areas within the
PJM territory, the global component accounts for almost 60 - 75% of the day-to-day variability in
log-prices across all delivery hours, whereas another 10 - 20% can be attributed to regional factors. In
other areas, zonal conditions are a much less decisive factor and the commonality of power prices is
mostly explained by global indicators. Overall, the level of synchronization in PIM power contracts is
very high; the idiosyncratic component typically accounts for less than 10% of the daily fluctuations,
this finding being uniform across panel variables.

Another topic treated in our study is the persistence of PJM power prices. Our two-level
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factor model indicates that this is mostly a systematic (global/zonal) feature of our power contracts not
related to idiosyncratic aspects, such as the concentration of trading activity in particular hours of the
day. Although slowly mean-reverting, the most prevailing global or regional components were found
to be covariance non-stationary with memory length estimates exceeding 0.5. This means that most
of the variance in power prices is linked to low-frequency cycles although the level of persistence
changes between different hours of the day and transmission zones. Although not explored by the
determinants model presented in this paper, the findings of this study provide a substantial guidance
for future research focused on the prediction of the short-run price behavior of electricity markets.

7. APPENDIX
7.1 Model specification strategy

In this section, we analytically describe the procedure used to specify and estimate the two-level factor
model described in formula (3). Much of the mathematical formulation of the procedure draws on
earlier works (Breitung and Eickmeier, 2016; |Han, 2016), although when necessary we emphasize on
our main points of divergence.

Step A: Initialization
Provide an upper bound K, for K, the dimension of the full factor space (global and regional).
Step B: Isolate the systematic stochastic component of log-power prices

This is accomplished by PC-analyzing the detrended log-power price matrix as follows S = FA”,
where F is \/_ T times the eigenvectors of the matrix SS’ corresponding to the largest K., eigenvalues
and A = S’F/T Let A, be the N, X K,,,qx block of loadings pertammg to the r-block of panel
variables. Correspondingly, let A 1:k, be the first K; columns of A, and Ar Ri+1:K,,,, the last

Kmax - K1 ones.

Step C: Specify the dimension of the first block’s common factor space

Step C1: Apply eigenvalue decomposition to the N; X N; variance-covariance matrix = K,l A /N of
the common component of power prices within the first block. Let L; be the Ny X Ny diagonal
matrix of eigenvalues in descending order and W, the corresponding matrix of the eigenvectors
of Z] .

Step C2: Perform a rotation of the initially estimated factors F so that they explain the largest proportion
of variance within the first block of panel variables. The new set of common factors is given by
F = FW,, whereas the new loadings matrix is given by A = AW].

Step C3: LetE; = S| - FA’I be the estimated idiosyncratic component of the first group of power prices
for an arbitrary factor loadings matrix A;. For k| = 0, 1, ..., Kj,4x solve the following quadratic
optimization problem where the error functional

V(ky) = trace [E(Ef] 3)

is minimized under the constraint Al, 1Ry = 0, i.e. the last K,,,, — k; columns of A; are
set to zero.

Step C4: An estimator K; for the dimension of the first block’s common factor space is obtained from
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the value of k; which minimizes the information criterion:

N +T NiT
Li(ky) = log [N{'V* (k)] + Ky L ( !

N.T Nt T) log [log (N1)] ©)

where V*(k;) denotes the minimum of the error functional (3) for each value of k; =
0,1, .., Kinax-

Step D: Derive global and block-specific factor scores

Step D1: Provided that 0 < K < Ry, calculate the following variance-covariance matrices: ):“.g =
(N-N)ERL AL Lk Ay g, and 2 = (1/NDAL g ik forr=12..R

max Ar,K] +1:Kma

Step D2: Perform a spectral decomposition of the variance-covariance matrices defined above, i.e. £ g =
WngWé, ¥, = W,LrW;, r =2,3,..., R, and obtain a new set of factors: Fg1 = F”glwg and

F,.=F Ri+1:R yn W, r =2,3,..., R, spanning the space of global and block-specific common
components, respectively.

Step D3: Let S, = {0, 1, ..., kl} and S, = {0, 1, ..., Ronax — 1%1} be two sets of integers and Aj be the
(N - Ny) x I%max block of the loadings matrix pertaining to units in blocks r = 2,3,.., R.
For each tuple {Kg, K>, K3, ..., Kr} € Sg X Sf‘l solve the following quadratic optimization

problem:
R
min  V(Aq:Kg Kz, K, ... Kg) =trace Z EE. (7a)
AI ER(N—Nl)XKmax )
under the constraintd/|
E. =8, —-FoiAq 1, —FriA gk, 7 =23..R (7b)
Ajkes1:k, =0 (Tc)
A, Riik +1:R =07 =23, LR (7d)

Our estimates for the dimension of the global and block-specific factor spaces (forr = 2,3, ..., R)
result from the combination of integers {I% 25 132, k3, - K g} minimizing the information
criterion:

V*(Kg, K2, K3, ..., KR) | +

1
(N-N)T
R
Ke+ ) Kr
r=2

where V*(Kg, K», K3, ..., Kg) is the minimum of the objective function (7a) attained for the
tuple {Kg, K2, K3, ..., Kr} and N = (1/R) 3% N,..

Ig(Kg, Kz, K3, veey KR) = 10g [

N+T NT i,
T log (1\7 + T) log [log (N)] (8)

Step D4: The global factor scores F, result from taking the first K, columns of the matrix Fgy, i.e.
Fg = F,y 1.g,- The scores of block-1 common factors are obtained from the sub-matrix

F, = Fgl Re+1:R)» whereas Fr = ﬁ‘r L1, provides the scores of the common factors pertinent
to blocks r =2,3,..., R.

17Constraint ({7c) imposes a zero restriction on columns K; + 1 to K, ¢ of the A7 matrix, while constraint makes sure
that the last K;;,4x — K;- — K columns of the block of the loadings matrix pertaining to the r-group of variables (A, ) are zero.
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Step E: Small-sample refinements

Given our prior estimates for the global and block-specific factors, we then apply the sequential LS

method proposed by Breitung and Eickmeier| (2016). This achieves the refinement of our estimates for

the factor scores while retaining zero restrictions on particular blocks of the loadings matrix. At each

step of the procedure, we update our estimates for the non-zero blocks of the loadings matrix by a matrix
. N A, A n (AN

regression of S, on Z = (Fg Fr), forr=1,2,....R,ie. ( A g8 ) =S/7Z (Z’Z) Based on the above

rr

Ag Ay 0 - 0
R Ay 0 Ay - 0
estimates, we form the full loadings matrix: A = . . ) . and then update
A Rg 0 0 s AR R

-1

A

the scores for the full factor array by regressing Son f\, je. F= (Fg, | P N FR) =SA ([\’f\

The above procedure continues until the squared error functional V = trace(EE’), where E = § — FA’
is the model error matrix, converges to its global minimun@

Remarks:

¢ The information criteria /; and I, used for model selection were first introduced in|Han| (2016)
for the fine-tuning of the complexity parameters in adaptive group lasso estimation. In our
context, information criteria directly estimate the dimensions of the global and block-specific
factor spaces.

* Although constrained, the optimization problems introduced in Steps D and E are much simpler
and faster to solve than those arising from L;-penalizations of an error function (the type of
objective criteria involved in shrinkage estimation).

* By construction, the method of [Hanl (2016)) imposes zero correlation between block-1-specific
factors and the local factors of all other groups. This only pertains to the starting block and
might be a problem if it is weakly correlated with other blocks of the panel. In contrast, our
variant restores this deficiency by involving a last step of estimates small-sample refinement.

* In our context, the shrinkage estimation technique proposed by Han|(2016) is treated as a tool
for separating global from block-specific effects and finally determine the dimension of the
corresponding factor spaces. The estimated factor scores and associated loadings are used
as good starting points for the sequential LS approach proposed by |Breitung and Eickmeier
(2016). An innovative feature of our paper is the fact that it overcomes the subjectiveness of
the Breitung and Eickmeier| (2016))’s approach in the accurate determination of the number
of common components in each level of the factor model. Moreover, the model specification
procedure analyzed earlier in this section does not suffer from the numerical instability problem
of the set-algebraic technique advocated by |[Ergemen and Rodriguez-Caballero| (2017)).
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