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1 Introduction

In the approximate factor model framework, the most popular estimation method is the
principal components (PC) method (Stock and Watson (2002)). It is well known that, since
the factors are latent, without further restrictions, it can only estimate the space they span.

Is this a problem? It depends on the application. In a forecasting exercise it doesn’t
matter since the common component is identified. When constructing the bootstrap inference
on coefficients in factor-augmented regressions, Goncalves and Perron (2011) propose to
adjust the sign of bootstrap OLS estimator in cases where the rotation matrix is diagonal
with diagonal elements equal to £1. However, in the structural factor framework, where the
exercise consists of studying the dynamic responses of observable variables to common shocks,
the sign of the impact (or longer horizon) impulse response is meaningful and important.

In a recent paper, Bai and Ng (2011) propose conditions under which the rotation matrix
is asymptotically an identity matrix. In that case, the model is exactly identified and prin-
cipal components estimates the columns of factors and loadings. Hence, the PC estimate
can be treated as an estimate of the latent factors and not just of the space spanned by
them, which is very important in causal factor analysis when the interpretation of factors is
needed.

This paper studies the rotation issues in principal components estimation of factor models
under these identification conditions. Simulation results suggest that under two identification
schemes, the sign of the diagonal elements of the rotation matrix, and hence the sign of the
impact impulse responses, is completely random when the factors are generated at each
simulation replication. Hence, the sign depends on the sources of uncertainty in the model.
In cases where the factors were fixed once for all, the sign was fixed across all Monte Carlo
replications but was of the wrong side in some subsamples. The reason is that the sign of
principal components is not identified, i.e. the eigenvectors are identified up to a sign change.

In the case of the third identification restriction scheme, one that is also known as the



error-in-variable representation in statistical factor model literature, the sign of the impact
impulse response was fixed and correct for all simulation designs. However, to obtain the
true sign, in addition to correctly choosing which observables series are indeed the factors
observed with an error, we must know the true sign of the covariance between the latent
factors and these variables.

Finally, we consider a series of empirical applications of factor-augmented VAR (FAVAR)
models that have been used to study the effects of monetary policy shocks. Contrary to
simulation results, we find that in all these empirical situations, the sign of the impact
impulse response for several variables of interest to an identified structural shock is the
same. In case of latent factors applications, the reason is the use of Choleski decomposition

when identifying impulse responses from the structural moving average representation.

2 Factor models

Let X be a T x N data sample where T" and N denote time and cross-section dimensions,

respectively. Suppose the data has the following linear factor structure:

Xit:)\;'f?t—i_eit; izl,...,N, tzl,...,T, (1)

where F} is a r x 1 vector of factors, and \; are factor loadings. In matrix form,

X =FN +e, (2)

where F' = (Fy, Fy, ..., Fp) is T xr,and A = (A1, \g, ..., Ax)" is N x r. Following assumptions
ensure the existence and the estimability (up to a rotation) of factor models in presence of
serially and spatially correlated errors (see Forni et al. (2000), and Bai and Ng (2011) for
details). Note that, besides moment conditions below, the stochastic process for factors is not

specified, but usually a dynamic representation is assumed to incorporate time dependence



into the factor structure of data.

Assumption 1 There exists an M < oo not depending on N and T, such that
(i) E||F|* < M and %Zle E,F! % Sy, where $p is a v x r non-random matriz.

(ii) N\; is either deterministic such that || \;|| < M, or it is stochastic such that E||N;||* < M.

In either case, N"'N'A 2 X4 > 0, where £y is a r x r non-random matri.

(iii) E(ey) =0, Elex|® < M, E(enejs) = Oijus, |0ijus| < 7ij Y(t,8) and |o4j45] < 745 V(i, 5),

Zﬁil gij < M for each j, Zle g1 < M for each s, and % th’s:l loijes| < M.
() {\}, {Fi}, and {ey} are three mutually independent groups.

(v) NY2SN New % N(0,Ty) and T-2 3| Feyw 5 N(0, ;)

2.1 Statistical identification and estimation

As written above, the factor model is not identified. To see this, let H be a r X r invertible
matrix, and define, F = FH and A = AH'~!. Then, X can be rewritten in terms of rotated

factors and loadings

X =FN +e,

and one needs at least r? restrictions to exactly identify the model.
The most common method to estimate F' and A is the principal component analysis. The

estimation problem can be written as a minimization of

tr[(X — FA) (X — FA)],

with respect to F' and A, under following constraints: F'F = I, and A’A is diagonal. Note

that this normalization imposes exactly 72 restrictions: T(T—;l) in the first, and @ in



Table 1: Identifying restrictions

Restrictions on F' Restrictions on A
PC1 %F '"F =1, A'A is a diagonal matrix with distinct entries
A1 O 0
o1 A 0
pe2|  ippog A= M) Ao ol a0, i=1,.7
T Ay : : :
/\rl >\'r2 e /\rr
PC3 unrestricted A= ( Lr ) ,
Ay

the second constraint. The estimator of F, F, is a T x r matrix of r (times v/T') unitary
eigenvectors corresponding to the r largest eigenvalues of the matrix X X’/(T'N) in decreasing
order. Then, the estimate of A is a N x r matrix A = X'F/T". The estimators F' and A
satisfy the normalization restrictions by construction: F'F/T = I, and A’A/N =V, where
V is a diagonal r x r matrix of the r largest eigenvalues of X X’/(T'N). Hence, the principal
component method fixes a particular rotation matrix H, that can be written as

H' = V=Y F'F/T)(AN'A/N). (3)

Stock and Watson (2002), and Bai and Ng (2011) show that H is invertible.

In Bai and Ng (2011), the authors study conditions under which H is asymptotically an
identity matrix. In that case, the model is exactly identified and principal components esti-
mates the columns of F' and A. Hence, F can be treated as an estimate of the latent factors
and not just of the space spanned by them, which is very important in causal factor analysis
when interpretation of factors is needed. The Table 1 show the identification restrictions
from Bai and Ng (2011) under which the factor model (2) is exactly identified.

The estimation under PC1 is the standard principal component method. Under PC2,

'Equivalently, under normalization F'F is diagonal and A’A = I, the estimators of A and F' are first r
eigenvectors of X’X/(TN) multiplied by v/N and F = XA/N




start with unrestricted PC estimates F' and A. Obtain a QR decomposition of /~\’1 =Q- R,
and get the estimates of F and A as F = F-Q and A = A - Q. For PC3, F = ]5[\’1 and
A= AATY, where Ay is a 7 x r submatrix of A.

Bai and Ng (2011) notice that PC1 and PC2, without further restrictions, identify F" and
A up to a column sign change, i.e. the rotation matrix H converges to a diagonal matrix
with diagonal entries equal to +1. Thus, PC1 and PC2 only ensure local identification of the
factor model. However, if we fix the column sign of A (or F'), the model is globally identified.
Moreover, they argue that PC3 globally identify F' and A, no sign restrictions are required.
Also, remark that the errors-in-variable representation imposes a priori interpretation of the
latent factors. In fact, they are equal to r elements of X that correspond to normalized

loadings, plus a measurement error.

2.2 Structural identification

The previous section considered the statistical identification (or estimability) of columns of
F. Another issue is to identify the structural common shocks and/or impulse responses of
X to unexpected changes in these innovations. In addition to observational equation (2),

suppose a finite order VAR representation for F}2:

F,=®(L)F,_1 + uy. (4)

Following Stock and Watson (2005), we suppose there exist structural factors F} = HF,

such that the structural factor model representation is given by:

2Dufour and Stevanovic (2010) argue that factors generally have a VARMA representation, but for sim-
plicity, and without loss of generality, I suppose a finite order VAR here.



X, = NF +e (5)

Py = (I)(L)*Fti1 + &, (6)

where A* = AH™!, ®(L)* = H®(L)H ', and ¢ = Hu, contains r structural common shocks
such that E(ge)) = 1.

Remark that H here identifies the structural shocks, factors and impulse responses, but
it is not to be understood as the statistical rotation matrix in previous section. Here, the
underlying structural factors are not contemporaneously uncorrelated while the PC estima-
tors impose those restrictions. However, as in the PC3 case above, the estimated factors
multiplied by the estimated rotation matrix H will have an interpretation conditional on

identifying restrictions. This will be discussed later in the application section.

3 Simulations

A series of simulation experiments is performed in order to study the signs of diagonal
elements of the rotation matrix H, and hence, the signs of the impact impulse responses to
common shocks u;. Especially, the objective is to see in which cases these are random and
under which conditions the signs are fixed. The Table 2 summarizes parameters values and

stochastic process for loadings, factors, and error terms.

Table 2: Data generating processes

Loadings A1i~ N(0,1), Ay ~ N(0,0.64)

Factors Fy = B1F,_1 + u; where B = 0(')8 009 ,ug ~ N(0,0%), 02 = (I — By)~
Idiosyncratic comp. eir ~ N(0,0.49)

Subsample analysis | Data generated with [T" = 2000, N = 2000] and then the model is estimated
for subsamples: [I" = 100, N = 100] [T" = 400, N = 100] |7 = 100, N = 400]

Whole sample [T = 600, N = 124] and model estimated on whole sample




The Table 3 lists all simulation designs. They differ in statistical identification of the
model, PC1, PC2 and PC3, in subsample versus whole sample analysis, and within sources
of uncertainty across simulations. For example, "fixed loadings, random factors” stands for
the case where loadings are simulated once for all simulation replications, while factors are
simulated at each replication. Hence, there are two sources of variations across simulations:
e;r and u;. For each DGP, we performed 1000 Monte Carlo replications.

Besides the fact that the rotation matrix H is only available in theory, we do not observe
F', and even if we assume identification restrictions PC1, PC2 and PC3, the sign of diagonal
element is important since it determines the sign of the impact impulse responses to common
shocks ;.

To see this, observe in (3) that the sign of diagonal elements in H is defined by F'F,
i.e. the covariance between estimated and true factors. Then, if we find that the diagonal
elements of H are negative, this must be because Fis negatively correlated with the latent
factors. Thus, the impact impulse response to a shock in u; will also be off the opposite sign
than the true one.

Notes on simulations:

e The first factor is always more pervasive then the second to be in line with principal

components estimation.

e The structural impulse responses are generated after Choleski decomposition of factors

VAR residuals.

e In the case of PC1, we check signs for variable 1, without loss of generality. For PC2,
it is the second variable since the impact response of the first variable to the second

shock is zero. For same reasons, in the case of PC3 we consider the third variable.

e Loadings for the variable of interest are fixed to 1. Since the Cholesky decomposition

is used to orthogonalize the factors VAR residuals, the lower off-diagonal element of



Table 3: List of simulation designs

DGP Identification T,N subsample analysis sources of uncertainty across simulations
1 PC1 T=2000, N=2000 subsample analysis fixed loadings, random factors
2 PC1 T=2000, N=2000 subsample analysis fixed loadings, fixed factors
3 PC1 T=2000, N=2000 subsample analysis random loadings, fixed factors
4 PC1 T=2000, N=2000 subsample analysis random loadings, random factors
5 PC1 T=600, N=124  whole sample analysis random loadings, fixed factors
6 PC1 T=600, N=124  whole sample analysis fixed loadings, random factors
7 PC1 T=600, N=124  whole sample analysis random loadings, random factors
8 PC2 T=2000, N=2000 subsample analysis fixed loadings, random factors
9 PC2 T=2000, N=2000 subsample analysis fixed loadings, fixed factors
10 PC2 T=2000, N=2000 subsample analysis random loadings, fixed factors
11 PC2 T=2000, N=2000 subsample analysis random loadings, random factors
12 PC2 T=600, N=124  whole sample analysis random loadings, fixed factors
13 PC2 T=600, N=124  whole sample analysis fixed loadings, random factors
14 PC2 T=600, N=124  whole sample analysis random loadings, random factors
15 PC3 T=2000, N=2000 subsample analysis fixed loadings, random factors
16 PC3 T=2000, N=2000 subsample analysis fixed loadings, fixed factors
17 PC3 T=2000, N=2000 subsample analysis random loadings, fixed factors
18 PC3 T=2000, N=2000 subsample analysis random loadings, random factors
19 PC3 T=600, N=124  whole sample analysis random loadings, fixed factors
20 PC3 T=600, N=124  whole sample analysis fixed loadings, random factors
21 PC3 T=600, N=124  whole sample analysis random loadings, random factors

estimated Ay matrix can be large. Hence, if the loading is close to 0 but positive, the

estimated impact response may be also close to zero but negative. Imposing values of

1, and hence a strong factor structure, this problem is avoided since the objective here

is to study the rotation issue and not the identification of structural shocks in case

where the factor structure is weak.

In subsample analysis, we fix (T, N) = (2000, 2000), and then the model is estimated

for small sample dimensions: (7, N) € {(100,100), (400, 100), (100,400)}. In whole

sample analysis, the data are generated and the model is estimated with dimensions

T = 600, N = 124 to mimic the most common empirical macroeconomic applications.




Table 4: Sign correction for impulse responses on impact

DGP shock 1 shock 2
T'=N T>N T<N|T=N T>N T<N
1 50.5 47.7 50.9 52.4 51.3 52.9
2 0.00 100 0.00 100 0.00 100
3 8.20 96.5 0.10 98.1 4.30 100
4 48.2 48.9 47.6 49.9 49.1 50.7
PC1 whole sample whole sample
5} 98.2 98.0
6 48.6 50.6
7 50.9 51.3
8 49.3 52.3 49.4 51.9 51.3 51.4
9 99.4 0.00 99.6 99.6 0.00 98.2
10| 90.1 2.50 96.5 97.8 5.4 99.3
11 53.5 50.9 52.7 49.9 49.0 49.8
PC2 whole sample whole sample
12 2.10 96.4
13 93.1 50.6
14 49.1 52.6
15 0.00 0.00 0.00 0.00 0.00 0.00
16 | 0.00 0.00 0.00 0.00 0.00 0.00
17 | 0.00 0.00 0.00 0.00 0.00 0.00
18 0.00 0.00 0.00 0.00 0.00 0.00
PC3 whole sample whole sample
19 0.00 0.00
20 0.00 0.00
21 0.00 0.00

3.1 Simulation results

The results on the sign of impact impulse responses are summarized in Table 4, while the
empirical densities of the elements of matrix H are presented in Figures 1 to 21. In Table
4, numbers present the percentage of times when the sign of the estimated impact response
was different from the true impact response.

In the case of data generating processes under PC1 identification restrictions, we can see

that the sign is completely random for all situations but when the factors are fixed across



simulation replications. The reason is that the sign of principal components is not identified,
i.e. the eigenvectors are identified up to a sign change. When factors are simulated at each
Monte Carlo replication, the covariance between F and F is then random too. Thus, the
diagonal elements of H are of random sign.

The situation is the same for PC2 data generating processes, except that the sign is
inverted for some subsamples and shocks compared to PC1. The fact that the sign changes
across different time and cross section sizes is interesting. Empirically, we usually construct
data sets in line with the particular question so the dimensions sizes are likely to vary across
different applications. From these results we can see that a priori information on the sign of
the impulse response to a particular shock may be needed across different time and cross-
section sizes of the data.

Finally, in the case of PC3 identified factor models, the signs of diagonal elements of H
are defined by the signs of diagonal elements of A; matrix. In Table 4, all numbers are zero,
meaning that the sign was correct in all cases. But to obtain this result, we need to fix the
diagonal elements of Ay to the true sign. If not, the sign of the impact response will be
wrong in all 7 cases. Hence, once again we need a priori information to correctly identify
which observable series are indeed the factors observed with an error.

The results in Figures 1 to 21 are in fact just another representation of those in Table
4. The orthogonalized factors VAR shocks are equal to structural shocks u; multiplied by
H. The empirical distributions on the diagonal elements of H are centered around =+1,

depending on the data generating process.

4 Applications

Given the simulation results above where the sign of the impact response function is generally
random, it is important to see if the same happens within real data applications. In fact,

a growing literature using FAVAR model to study the effects of structural shocks, mostly

10



monetary policy and recently financial shocks. In the following, we check if the sign correction
were needed in several empirical studies, both for the estimated impact response and for the
bootstrap versions when producing confidence intervals. In the following, we first resume

three different empirical exercises and then discuss the results.

4.1 Observed factors

We start with models where an observed factor is imposed:

Xt = AFFt + ARRt + (& (7)
F F,_

o= e | T | (8)
Rt Rtfl

where X; is an (N x 1) vector of observable series, F; is a (K x 1) vector of latent factors
and R; is the observed factor (usually a short-term rate). The estimation method is the
two-step principal components. Identification of shocks is done in the second step, i.e. when

estimating VAR system in (8). The goal is to identify a monetary policy shock.

4.1.1 Bernanke, Boivin and Eliasz (2005)

In Bernanke, Boivin and Eliasz (2005), BBE hereafter, the estimation of the latent factors

must take into account the space spanned by R;:

1. Get C(F,, R) as K principal components of X;. This spans the space spanned by (any

linear combination of) F; and R;.

2. Let X7 be Ng "slow” moving variables that do not respond immediately to a monetary

policy shock. Take K principal components of X;°: C*(F}).

11



3. Do the following regression:

A

C(Ft, Rt) = bcC*(E) + bRRt + €4,

and the estimate of F} is

Ft = é(Ft,Rt) - ZA?RRt

Hence, E, may be correlated contemporaneously, and with R,. The identification of the

monetary policy shock is done by recursive ordering in (8), i.e. R; is ordered last after Ey:
ne = Aok,

where Ag is lower triangular with ones on the main diagonal. Hence, a shock on R; has
no contemporaneously effect on any element of F,. The estimation of the impulse response

functions consists of:

1. Get loadings from by regressing X; on F; and R AF and AR.
2. Estimate Ay from VAR residuals
3. Obtain IRFs for F, and R, by inverting (8) and using Ag

4. Obtain IRFs for X, by multiplying previous IRFs by AF and AR

To produce the confidence intervals around the estimated impulse responses, the authors use

a residual-based parametric bootstrap:

1. Bootstrap data are first constructed using estimated loadings and factors, and resam-

pling the time dimension only of the residuals in (7):

X} =AF, +¢€.

12



2. New factors, F; are extracted from X;.

3. Using estimated VAR coefficients from (8) and [F) R, as starting points, bootstrap

factors are computed by resampling the time dimension of u;:

o
+ e,

4. Then the identification of structural shocks is applied and IRFs are computed.

4.1.2 Boivin, Giannoni and Stevanovic (2009)

Here, the authors study the effect of monetary policy shocks in Canada. The estimation of
the latent factors is different from BBE. Starting from an initial estimate of F;, F? (here,

initial estimate is simply first K principal components of X;):
1. Regress X; on FY and R;, to obtain Af’o and [\5,0
2. Compute X? =X, — Af’ORt
3. Estimate F} as the first K principal components of X?°
4. Back to 1 until convergence (usually, 10-15 times suffices).

The identification of the monetary policy shock, the estimation of the impulse response

functions and the production of their confidence bands are the same as in BBE.

4.2 Latent factors only

Here, all the factors are assumed to be latent. The general model is studied in Stock and
Watson (2005), but we consider only the application in Boivin, Giannoni and Stevanovic

(2010) where the authors study the effects of credit shocks in the US.

13



Xt - Aﬂ‘i‘et (9)

Ft = <I>(L)Ft_1+ut (10)

The number of dynamic and static factors is assumed to be the same, and there is no serial
correlation in the idiosyncratic part. The latent static factors are estimated as first K
principal components of X;. To identify the structural shocks, the authors follow the first
example in Stock and Watons (2005).

After inverting the VAR process of factors in (10), assuming stationarity, and plugging

it in (9), obtain the moving-average representation of X;:

Xt = B(L)Ut + €, (]_]_)
where B (L) = A[l — ®(L)L]™!. Assume that innovations e; are linear combinations of
structural shocks &,

Et = HUt, (12)

where H is a nonsingular square matrix and E[e,e}] = I. Using (12) to replace e; in (11)

gives the structural moving-average representation of X;:

Xt = B*(L)Et ‘I— €, (13)

where B*(L) = B(L)H ' = A[I—®(L)L|"'H~'. To identify the structural shocks &;, assume
that certain structural shocks do not affect the first few indicators in X; within the period,

so that the impact matrix takes the form

14



z 0 0

T T 0

T x 0
By =B*(0) =

T T

x‘ x PR x

where x stands for unrestricted elements in the above matrix.

To estimate the matrix H, note that B} e, = Bo.xe; implies B Byl = Bo.xXuBj. i »
where By.x contains the first K rows of By = B(0) = A, B = Bo.xH ™!, and %, is the
covariance matrix of u;. Since B, is a K x K lower triangular matrix, then we must have

Bi.ie = Chol(Bo.x Sy Bl x ). It follows that H = (Bf.)”" Bo.x, or

H = [Chol(Bo.xXeBl.1)] " Bo:x. (14)

The recursive identification scheme to identify the credit shock is: [CPI;, UR, FFR, CS)]
where C'PI stands for the Consumer Price Index growth rate, UR for the Unermployment
Rate, FFF'R for the Federal funds rate and C'S for the credit spread. The credit shock is
then ordered last.

The impulse responses to structural shocks in €; are obtained using (13). The bootstrap

procedure is similar to BBE, except that there is no need to impose an observed factor.

4.3 Results on sign issues

Surprisingly, in all these exercises, the sign of the impact impulse response for several vari-
ables of interest to an identified structural shock is the same. Moreover, there is no need to
correct the sign of the impact impulse response during the bootstrap procedure.

How to understand these results? In the case of Boivin, Giannoni and Stevanovic (2010)

15



application, the sign of the impact impulse response to the credit shock is fixed a priori. The
rotation matrix H is constructed such that the diagonal elements of B ;- consist of standard
deviations of the structural shocks. Hence, they are always positive buy construction, and
the sign of the impact impulse response is completely defined by the sign of the impulse.
Moreover, as with PC3 case in Bai and Ng (2011), this identification scheme of structural
shocks also gives interpretable structural factors Ft*.

However, in the case of first two applications using observed factors, the result is less
obvious. The response of the interest rate is positive since it is treated as an observed factor,
so it’s impulse responses are obtained within the structural VAR where there is no rotation
problem. But the responses of other variables are computed as the product of those obtained
from the factors VAR and the factor loadings. From simulation results we know that, even
under strong identification restrictions such as PC1 and PC2, the sign of factor loadings,
and hence of the impact response, may be random. But, this does not happen here neither

in estimation of the impulse responses nor during bootstrap resampling.

5 Conclusion

In this paper, we have studied the rotation issues in principal components estimation of factor
models under the identification conditions in Bai and Ng (2011). Simulation results have
revealed that under two identification schemes, the sign of the impact impulse responses, is
completely random when the factors are generated at each simulation replication. Hence,
the sign of the statistical rotation matrix depends on the sources of uncertainty in the model.
The reason is that the sign of principal components is not identified, i.e. the eigenvectors
are identified up to a sign change.

In the case of the error-in-variable representation, the sign of the impact impulse response
was fixed and correct for all simulation designs. However, to obtain the true sign, in addition

to correctly choosing which observables series are indeed the factors observed with an error,

16



we must know the true sign of the covariance between the latent factors and these variables.

Finally, in several applications of the FAVAR model, the sign of the impact impulse
response for many variables of interest to an identified structural shock was the same. The
reason is the use of Choleski decomposition when identifying impulse responses from the

structural moving average representation. Hence, the sign is fixed a priori.
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Figure 3: DGP 3: empirical density of elements of H
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Figure 4: DGP 4: empirical density of elements of H
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Figure 6: DGP 6: empirical density of elements of H
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Figure 7: DGP 7: empirical density of elements of H
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Figure 8: DGP 8: empirical density of elements of H
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Figure 9: DGP 9: empirical density of elements of H
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Figure 10: DGP 10:

empirical density of elements of H
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Figure 11: DGP 11: empirical density of elements of H
14 3
12r 1 25 1
101 q
Al |
o |
151 4
o |
| |
o |
ol ] 0.5F q
0 0,
-1 -0.5 0 0.5 1 1.5 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2
h|| h|2
5 12
4l i 10} i
8t 1
sl |
o |
Al |
o |
1 ] ol ,
0 Q L
-1 -0.5 0 0.5 1 -1.5 -1 -0.5 0 0.5 1 1.5
h2| h22

Figure 12: DGP 12: empirical density of elemen
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Figure 13: DGP 13: empirical density of elements of H
1.4 2.5
1.2F q
o
|
08t 151
0.6f 1tk
0.4
0.5F
0.2r
0, 0,
-2 -1.5 -1 -0.5 0 0.5 1 1.5 2 -2 -1 0 1 2 3
h‘l h\2
4 1.4
35 1ol
3F 1+
25
0.8
Al
0.6
1.5F
WL 0.4f
0.5f 0.2r
0 0,
-1 -0.5 0 0.5 1 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2
h2| h22

Figure 14: DGP 14: empirical density of elements of H
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Figure 16: DGP 16: empirical density of elements of H




Figure 18: DGP 18: empirical density of elements of H
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Figure 19: DGP 19: empirical density of elements of H
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Figure 20: DGP 20: empirical density of elements of H
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Figure 21: DGP 21: empirical density of elements of H
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