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Abstract

The paper studies large-dimention factor models with nonstationary
factors subjected to a deterministic trend. We follow the model speci-
�cation of Bai (2004) and derive the convergence rates and the limiting
distributions of estimated factors, factors loadings and common compo-
nents under the presence of deterministic drift. We ilustrate the theory
with an empirical exmple that studies the �uctuations of the real activity
of U.S.economy. We show that these �uctuationas can be explained by
two nonstationary factors and a small number of stationary factors. We
test whether the nonstationary factors can be interpreted as the interest
rate and the productivity.

1 Motivation

In the last decade one could observe a growing interest in models that can extract
and use information form large sets of variables. One approach is based on an
assumption that there exist common factors, which can explain the variables
commovement. The factor models were proved useful in econometric modeling.
There is a series of articles that demonstrate advantages of using factors in
forecasting (Stock and Watson (2002a), Stock and Watson (2002b)) and impulse
response analysis (Bernanke et al. (2005), Kapetanios and Marcellino (2006))).
Recently Stock and Watson (2005) adopted factor models for structural analysis.
This article together with other papers Kapetanios and Marcellino (2006) and
Forni et al. (2007) discuss the possibility of integrating the factor methods
into SVAR framework. There is empirical evidence that factors can contribute
to classical VAR analysis Bernanke et al. (2005), Kapetanios and Marcellino
(2006), Eickmeier (2009) and Forni and Gambetti (2008).
So far most of the research concentrates on modeling the stationary panel

data. There are however few articles that discuss the issue of common nonsta-
tionary trends. Bai (2004) and Gonzalo and Granger (1995) describe estimation
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methods of nonstationary common components. Bai (2004) proposes informa-
tion criteria IPC that allows to estimate consistently the number of common
trends and developes the limiting distribution of estimated factors and com-
mon components. Banerjee and Marcellino (2008) discusse cointegration issues
related to the existence of common trends and showe how the factor analysis
can contribute to the existing literature. Eickmeier (2009) uses nonstationary
factors in structural analysis of economic development of euro area countries.
The existing articles on nonstationary factors discuss the estimation meth-

ods, the limiting distributions and the application of models without a deter-
ministic drift. When the panel variables are subjected to both deterministic and
stochastic trends then the estimation procedure and asymptotic theory change.
This paper contributes to the literature on the nonstationary panel by allow-

ing for a deterministic time trend. We derive the convergence rates and limiting
distribution of the factors, factor loadings and common components. It allows
to asses the accuracy of estimation procedure and to construct con�dence inter-
vals used in empirical analysis. We show that the existing information criteria
described by Bai (2004) are valid when one of the nonstationary factors has a
deterministic time trend.
The theory is illustrated with an empirical example. We analyze a panel

data of 66 real variables describing the U.S. economy. We show that the data
�uctuation can be summarized by a small number of common factors. Since
most of the variables are subjected to the dererministic trend then it is relevant
to assume an existence of a factor with the time trend. The limiting distribution
allows us to test if an interest rate and a productivity are the driving forces of
the economy. There are strong evidences that the Federal Fund interest rate
is one of the nonstationary common factors and some evidence that the second
nonstationary factor is related to the productivity increase.
The paper is organized as follows: Section 2 describes the model and dis-

cusses the estimation issues. In Section 3 we derive the convergence rates and
limiting distribution for factors with deterministic trend. Section 4 analyzes
the generalized dynamic factor models. In Section 5 we apply the approach to
the panel measuring the real activity of U.S. economy. Finally in Section 6 we
summarize and conclude. The description of the data and proves are provided
in the appendix.

2 Model description and estimation

2.1 Number of common factors with a drift

If there are more then one common trend with drift then the model is not
identi�able. It may be however transformed into a model with only one random
walk with drift. A system with the following common trends
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F1t = a1t+
tX

s=1

u1s

F2t = a2t+
tX

s=1

u2s

is equivalent to a system with

F1t = t+
tX

s=1

v1s

F2t =

tX
s=1

v2s

where

v1s =
1

a1
u1s

v2s = u2s �
a2
a1
u1s

It follows from a fact that there can not be more then one independent linear
trend. Thus there can be only one common component with a deterministic
linear trend.

2.2 Model set-up

Lets �rst consider a static factor model with a single nonstationary factor sub-
jected to a deterministic time trend. The model setup is similar to the one
described by Bai (2004). Some of the restrictive assumptions on the number of
factors and the relation between factors and observable variables will be relaxed
in the Section 4, where a dynamic factor model will be discussed.
Lets denote X a N � T panel of observable variables. Consider:

Xit = �iFt + eit

with i = 1; 2; :::; N ; t = 1; 2; :::; T . The residuals eit is a I (0) error process
that can be serially correlated. Ft denotes a common I (1) factor with a deter-
ministic trend such that

Ft = a+ Ft�1 + ut

where a 6= 0 and ut is a stationary process.
Lets denote F 0t and �

0
i the true common trend and the true factor loadings,

respectively. At a time t there is
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Xt = �0F
0
t + et

whereXt = (X1t; X2t; : : : ; XNt)
0, �0 = (�1; �2; : : : ; �N )

0 and et = (e1t; e2t; : : : ; eNt)
0

are N � 1 vectors.
Let �Xi be T � 1 vector of observation of ith cross-section unit

�Xi = �iF
0 + �ei

where �Xi = (Xi1; Xi2; : : : ; XiT )
0, F 0 =

�
F 01 ; F

0
2 ; : : : ; F

0
T

�0
and �ei = (ei1; ei2; : : : ; eiT )

0

are T � 1 vectors

2.3 Assumptions

In this section we describe assumptions needed to prove consistency of the esti-
mators and to derive their asymptotic distribution.
Assumption A (Common stochastic trends)

1. E kutk4+� 6M for some � > 0 and all t 6 T

2. As T !1, T�3
PT

t=1

�
F 0t
�2 !p a2=3

3. (initial value) E
F 00 4 6M

Assumption B (Heterogeneous factor loadings) The loading �i is either
deterministic such that k�ik 6M or it is stochastic such that E k�ik4 6M . In
both cases

1

N

NX
i=1

�2i = �
0
0�0=N !p �2�

as N !1 for some non-random positive scalar �2�
Assumption C

1. E (eit) = 0 and E jeitj8 6M

2. E (e0set=N) = NT (s; t) with jNT (s; s)j for all s, and

1

T

TX
s=1

TX
t=1

jNT (s; t)j 6M

3. E (eisejt) = �ij;st with j�ij;ttj 6 j�ij j for some �ij and for all t.

1

N

NX
i=1

NX
j=1

j�ij j 6M

4. (NT )�1
PN

i=1

PN
j=1

PT
s=1

PT
t=1 j�ij;stj 6M
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5. For every pair (s; t), E
���N�1=2PN

i=1 [eiteis � E (eiteis)]
���4 6M

Assumption D f�ig, fetg, futg are mutually independent stochastic vari-
ables
Assumption E (Stronger then Assumption C)

1. For each t,
PT

s=1 jN (t; s)j 6M

2. For each i,
PN

j=1 j�ij j 6M

Assumption F For each t as N !1

1p
N

NX
i=1

�0i eit !d N (0;�t)

where �t = limN!1 (1=N)
PN

i=1

PN
j=1E

�
�0i�

0
jeitejt

�
Assumption G For each i as T !1

1

T 3=2

X
F 0t eit !d N (0;
i)

where 
i = limN!1 (1=T )
PT

t=1

PT
s=1 a

2 ts
T 2E (eiteis)

The Assumptions B-F are the same as in Bai (2004) and Bai (2004) and
were discussed there in detail. We change the Assumption A and Assumption
G in order to adopt for the presence of a linear deterministic trend. Since the
common factor is a random walk with a drift then it needs to be scaled by T 3=2.
The Assumption A is implied by the fact that all components of

PT
t=1

�
F 0t
�2

apart from
PT

t=1 a
2t2 are op

�
T 3
�
. Then

T�3
TX
t=1

�
F 0t
�2

= T�3
TX
t=1

a2t2 + op (1)

=
TX
t=1

a2
�
t

T

�2
1

T
+ op (1)

!
Z 1

0

a2x2dx = a2=3

where a2=3 is a nonrandom positive scalar.

2.4 Estimation

Estimates of � and F are obtained by solving the optimization problem

min
�;F

(NT )
�1

NX
i=1

TX
t=1

(Xit � �iFt)2 = min
�;F

(NT )
�1
tr
�
(X � F�0)0 (X � F�0)

�
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where X =
�
�X1; �X2; : : : ; �XN

�
and F = (F1; F2; : : : ; FT )

0. For any nonzero
F the optimal �0 = (FF 0)�10 F 0X and

X � F�0 =
�
IT � F (F 0F )�10 F 0

�
X

Lets denote PF = F (F 0F )
�10
F 0. Then the optimal F minimize trace of

X 0 (IT � PF )0 (IT � PF )X = X 0 (IT � PF )X
= X 0X �X 0PFX

Under the assumption that F 0F=T 3 = 1 the problem is equivalent to max-
imizing tr (X 0FF 0X) = tr (F 0XX 0F ). Thus the estimated common trends ~F
are proportional to the eigenvector v corresponding to the largest eigenvalue of
T � T matrix XX 0.

~F = b � v

The scaling b is chosen to satisfy the normalization condition

1 =
F 0F

T 3
=
b2

T 3
v0v =

b2

T 3

Thus b = T 3=2 and ~F is T 3=2 times the eigenvector v. The loadings matrix
~�0 = ~F 0X=T 3

Lemma 1 Lets denote a normalized factor F̂ = N�1X ~� and normalized load-
ings a matrix �̂ such that F̂ �̂0 = ~F ~�. Then

�̂ =
1
~�NT

~�

F̂ = ~�NT ~F

where ~�NT = �max
�
XX 0=NT 3

�
is the largest eigenvalue of a matrix XX 0=NT 3

This lemma shows the how the two di¤erent estimators F̂ and ~F are related
to each other. It is used to derive the asymptotic distribution of ~F and to
construct the con�dence intervals.

3 Distribution theory

In this section we present an asymptotic theory of an estimated factor, factor
loadings and a common component. First we discuss the consistency issue and
then derive the asymptotic distribution. Finally we show how the con�dence
intervals of the true factors rotation can be constructed.
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3.1 Consistency

Proposition 2 Assume Assumptions A-D hold. There exists a scalar h and

�NT = min
np
N;T 3=2

o
such that

�2NT

 
1

T

TX
t=1

�
F̂t � hF 0t

�2!
= Op (1)

Corollary 3 Under the Assumptions A-D

�2NT

 
1

T

TX
t=1

�
~Ft � ~hF 0t

�2!
= Op (1)

where ~h = h=~�NT and ~�NT , h and �
2
NT de�ned as earlier.

Proposition 4 Under Assumptions A-E there is for each t

F̂t � hF 0t = Op
�
N�1=2

�
+Op

�
T�2

�
Corollary 5 Under the Assumptions A-E there is for each t

~Ft � ~hF 0t = Op
�
N�1=2

�
+Op

�
T�2

�
where ~h is de�ned as earlier.

3.2 Asymptotic distribution

Proposition 6 Under assumptions A-E, as N , T !1,
~F 0F 0

T 3
! q > 0

where
q =

p
a2=3

3.2.1 Limited distribution of estimated common factors

Proposition 7 Under Assumptions A-F, as N;T ! 1 and N
T 4 ! 0 with we

have for each t p
N
�
F̂t � hF 0t

�
!d N (0;�t)

with �t = q2�t, where �t is de�ned as in the Assumption F.

Corollary 8 Under Assumptions A-F, as N;T ! 1 and N
T 4 ! 0 with we

have for each t p
N
�
~Ft � ~hF 0t

�
!d N

�
0; ~�t

�
with �t =

�
q=~�
�2
�t, where �t is de�ned as in the Assumption F and ~� =

lim ~�NT
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3.2.2 Limited distribution of estimated factors loadings

Proposition 9 Under the Assumptions A-E there is for each i�
�̂i � �0i =h

�
= Op

�
T�3=2

�
Corollary 10 Under the Assumptions A-E there is for each i

~�i � �0i =~h = Op
�
T�3=2

�
where ~h is de�ned as earlier.

Proposition 11 Under the Assumptions A-E and G, for each i, as N;T !1
there is

T 3=2
�
�̂i � �0i =h

�
! 1

q2�2�
N (0;�i)

with �i = 
i=
�
q2�2�

�2
where �2� and 
i are given by Assumption B and G

respectively and q is de�ned by Proposition ().

3.2.3 Limited distribution of estimated common components

Lets denote C0it = F
0
t �

0
i and Ĉit = F̂t�̂i.

Proposition 12 Under the Assumptions A-G as N;T ! 1 and N=T 4 ! 0
there is

1. If N=T ! 0 then for each pair (i; t)

p
N
�
Ĉit � C0it

�
!d N

�
0; V 1it

�
where V 1it =

�
�0i =q�

2
�

�2
�t and �2�, q, �t are de�ned as before

2. If T=N ! 0 then for each pair (i; t) and t = [�T ]

p
T
�
Ĉit � C0it

�
!d N

�
0; V 2it

�
where V 2it =

�
a�=q2�2�

�2

i and �2�, q, 
i are de�ned as before

3. If N=T ! � then for each pair (i; t) and t = [�T ]

p
N
�
Ĉit � C0it

�
!d N

�
0; V 1it + �V

2
it

�
where V 1it and V

2
it are de�ned as above.
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3.2.4 Con�dence intervals

Consider the rotation of ~F toward an observable variable Rt described by the
regression

Rt = �+ �
�
~Ft=~h

�
+ error

= �+ � ~Ft + error

Let
�
�̂; �̂

�
be the least-square estimator of (�; �) and R̂t = �̂ + �̂

�
~Ft=~h

�
.

From the identity � = �=~h it follows that �̂ = �̂=~h

Proposition 13 Under the Assumptions A-F, as N;T ! 1 and N=T 2 ! 0
and cross-section and time uncorrelation for the idiosyncratic errors, there is

p
N
�
R̂t � �� �F 0t

�
p
S2N

! N (0; 1)

where S2N =
�
�̂~�

�1
q
�2
�t and ~�NT is de�ned as before. �t =

�PN
i=1 ~�

2
i
~�
2

i

�
=N

with ~�2i =
PT

t=1i ~e
2
it=T and ~eit = Xit � ~�i ~Ft.

The proposition shows how to construct the con�dence intervals

4 Dynamic factors model

Finally consider the dynamic factor model with both stationary and nonstation-
ary factors

Xit = �
d
i (L)F

d
t + �

rw
i (L)F rwt + �si (L)F

s
t + eit

where �di (L), �i (L) and �
s
i (L) are lag polynomials corresponding to di¤erent

types of factors: F dt is a I (1) common factor with a time trend, F
rw
t is a r� 1

vector of common random walks without deterministic drift and F st is a n� 1
vector of stationary factors.

F dt = a+ F dt�1 + u
d
t

F rwt = F rwt�1 + u
rw
t

F st = ust

Following Bai (2004) and Forni et al. (2000), we assume

�di (L) =
1X
j=0

�dijL
j

�rwi (L) =
1X
j=0

�rwij L
j

�si (L) =

1X
j=0

�sijL
j
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with
P1

j=0 j
����dij��� <1, P1

j=0 j
���rwij �� <1 and

P1
j=0 j

���sij�� <1 .

In the generalize dynamic factor model we allow for more then one factor.
Apart form a nonstationary factor with a drift there are r common nonstationary
factors without drift and n stationary factors. Since the number of factors can
be consistently estimated with the information criteria as in Bai (2004) and Bai
(2003) then it will be assumed that the true number is known. Then one can
estimate common components as follow

1. A nonstationary common trend with a drift is estimated as the eigenvector
corresponding to the largest eigenvalue of the matrix XX 0 multiplied by
T 3=2.

2. Nonstationary common trends without a drift are estimated as the eigen-
vectors corresponding to 2 : (1+ r) largest eigenvalues of the matrix XX 0

multiplied by T .

3. Stationary common trends are estimated as the eigenvectors corresponding
to (2 + r) : (1 + r + n) largest eigenvalues of the matrix XX 0 multiplied
by T 1=2.

Lets denote VNT a diagonal matrix with a diagonal elements vi such that

1. v1 is the largest eigenvalue of the matrix XX 0=NT 3

2. v2; : : : ; v(1+r) are the 2 : (1+r) largest eigenvalues of the matrixXX 0=NT 2

3. v(2+r); : : : ; v(1+r+n) are the (2 + r) : (1 + r + n) largest eigenvalues of the
matrix XX 0=NT

Lemma 14 1. There exists a positively de�nite matrix Q such that ~FD�2F 0 !
Q where D is a scaling matrix de�ned above.

2. There exists a diagonal full rank random matrix V such that VNT ! V

3. There exists an full rank matrix H, such that if both N;T ! 1 and
N=T 2 ! 0 then

p
N
�
~Ft �H 0F 0t

�
! V �1QN (0;�t)

where 
t is de�ned as in the Assumption F

Proposition 15 Under the Assumptions A-F, as N;T ! 1 and N=T 2 ! 0
and cross-section and time uncorrelation for the idiosyncratic errors, there is

p
N
�
R̂t � �� �F 0t

�
p
S2N

! N (0; 1)

Proposition 16 where S2N =
�
�̂
0
V �1Q

�
�t

�
Q0V �1�̂

�
and �t =

�PN
i=1 ~�

2
i
~�i~�

0
i

�
=N

with ~�2i =
PT

t=1i ~e
2
it=T and ~eit = Xit � ~�i ~Ft.
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5 Empirical example

In the paper we study a behavior of 66 variables describing the real activity in
U.S (industrial production, components of the real GDP and two measures of the
labor productivity and the federal fund interest rate). The data are quarterly
frequency, spanning the period from January 1961 to September 2008. The
description of the data and their transformations is provided in Appendix. Most
of the variables in the panel are nonstationary and follow both deterministic and
stochastic trends.
In order to ensure validity of the asymptotic theory in the �rst step we

remove the mean form the data.

5.1 The number of factors

We estimate the number of nonstationary factors using the information criteria
IPC1 described by Bai (2004) applied for data in levels. The results for di¤erent
maximum number of factors kmax are summarized by the Table 1.

kmax 8 7 6 5 4 3 2

IPC1 3 2 2 2 2 2 2

For kmax < 8 the criteria IPC1 yields two factors. Therefore in further
analysis we will assume two nonstationary common trends. The �rst factor ~F1
has a deterministic trend and the second one ~F2 is a random walk without a
drift.
For data in di¤erences the criteria PC1 described by Bai (2003) chooses

always the maximum number of factors. In order to obtain the estimates we
scale the penalty function with a constant L = 2:5. The new penalty function
satis�es the conditions stated in Bai (2003) and therefore ensures the consistency
of the estimated of number of factors. The results for di¤erent values of are
presented in the Table 2.

kmax 8 7 6 5 4

PC1 6 6 4 4 4

The results indicates 4 factors for the di¤erenced data (2 di¤erenced non-
stationary factors: ~F1, ~F2, and 2 other stationary factors: ~F3, ~F4) and therefore
we will use as the benchmark a model with 2 stationary and 2 nonstationary
factors. Since di¤erent scaling constants yield di¤erent estimates in the further
section we will check the robustness of the results with respect to the number
of stationary factors.

5.2 Macroeconomic factors

Finally we check whether some observable variables can be interpreted as com-
mon factors. Since the unobserved factors are consistently estimated and the
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idiosyncratic errors are zero mean then we can use a formal test described in
the Section 4.
In the most of the macroeconomic literature the driving forces of the econ-

omy are the productivity and the interest rate. Firstly we will focus on the
interest rate measured by the Federal Fund rate R. We rotate the estimated
factors toward R by running the regression Rt = � + � ~Ft + "t. We compute
con�dence intervals around predicted values R̂t = �̂ + �̂ ~Ft and the percentage
of R observations that lie outside the intervals (denoted as R%). The results for
di¤erent number of stationary factors kstationary are presented in the Table 3.

kstationary R% Inv_soft%
2 1:55 10:36
3 3:11 12:43
4 3:11 15:03
5 3:11 17:09
6 1:04 21:76
7 1:55 27:98
8 1:55 13:99
9 2:07 13:99
10 2:59 9; 84
11 2:59 9:33
12 2:59 7:77
13 2:59 8:29
14 4:14 7:77

The results indicates that for all cases at least 95% of observations of R stay
inside the con�dence intervals and therefore we can not reject the hypothesis
that the R is one of the nonstationary factors driving the economy.
Next we consider di¤erent measures of a productivity. We found that the

only productivity related variable that can be interpreted as a nonstationary
factor with a drift is the Real nonresidential �xed investments in the software
Inv_soft. We believe that the variable re�ects technological changes that leads
to the increase in the labor productivity in the last decades. In order to test
if Inv_soft is the factor we procedure as before. We rotate the the estimated
factors toward Inv_soft by running the regression Inv_softt = �+ � ~Ft + "t.
Next we compute the con�dence intervals and the percentages of observations
of Inv_soft (denoted as Inv_soft%) that lie outside the con�dence intervals.
The outcomes are presented in the Table 3. The reported results indicates
that the in 80%� 90% of time periods the Inv_soft are inside the con�dence
intervals1 . It supports the hypothesis that it can be interpreted as a common
factor but do not provide as strong arguments as the Federal Fund interest rate.
Finally we present the true and predicted values of Inv_soft for a model with
four factors on the Figure 1.

1For the benchmark model and models with more then 9 stationary factors the frequecy
of staying in the con�dence interval is not smaller then 90%
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Figure 1: The true and predicted values of Inv_soft. A banchmark model with
two nonstationary and two stationary factors.

6 Conclusions

This paper discuses the estimation methods of nonstationary common factors
with deterministic trend and derives appropriate limiting distribution. We show
that when both time and cross-sectional dimensions increase to in�nity the com-
mon trends can be consistently estimated. Under some standard assumptions
the limiting distribution of a factor with drift, factor loadings and common
component is normal. It allows us to construct the con�dence intervals of a
true factors rotation that can be used to test if an observable variable can be
interpreted as a common factor. We link the theory to the existing literature
and present it as an extension to the work of Bai (2004).
The theory is illustrated with an empirical example. We show that the

51 components of GDP and 12 Industrial Production indexes are driven by a
interest rate and productivity, as predicted by the macroeconomic literature.
There are a few issues left for further research. Firstly while constructing the

con�dence intervals we assume the cross-sectional and time uncorrelation of the
idiosyncratic errors. One needs to investigate possible estimation methods of
the matrix �t when the uncrrelation assumption is relaxed. Secondly we assume
no structural changes in the equations describing data generating process of
the nonstationary factors with the trend. It is worth considering the model
with a change of the time trend slope or other types of structural changes that
would correspond to business cycle �uctuations. Finally since the factors are
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the driving forces of economic �uctuation if would be interesting to apply the
dynamic factors models in the business cycle analysis.
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7 Appendix

7.1 Description of the data

The appendix lists the variables used in the empirical analysis and describes the
applied transformation (column A in the following table). All variables are in
levels and all but the Federal Funds rate are expressed in logarithms

Nr Variable
1 Real Gross Domestic Product, Quantity Indexes; (2000=100,SA)
2 Real �nal sales to domestic purchasers; (2000=100,SA)
3 Real personal consumption expenditures; (2000=100, SA)
4 Real personal consumption expenditures: Durable goods; (2000=100, SA)
5 Real personal consumption expenditures: Motor vehicles and parts;(2000=100, SA)
6 Real personal consumption expenditures: Household equipment; (2000=100, SA)
7 Real personal consumption expenditures: Nondurable goods; (2000=100, SA)
8 Real personal consumption expenditures: Food; (2000=100, SA)
9 Real personal consumption expenditures: Clothing and shoes; (2000=100, SA)
10 Real personal consumption expenditures: Energy goods; (2000=100, SA)
11 Real personal consumption expenditures: Services; (2000=100, SA)
12 Real personal consumption expenditures: Housing; (2000=100, SA)
13 Real personal consumption expenditures: Household operation; (2000=100, SA)
14 Real personal consumption expenditures: Electricity and gas; (2000=100, SA)
15 Real personal consumption expenditures: Transportation; (2000=100, SA)
16 Real personal consumption expenditures: Medical care; (2000=100, SA)
17 Real personal consumption expenditures: Recreation;(2000=100, SA)
18 Real gross private domestic investment; (2000=100, SA)
19 Real private �xed investment; (2000=100, SA)
20 Real private �xed investment: Nonresidential: Structures; (2000=100, SA)
21 Real private �xed investment: Nonresidential: Commercial struct.;(2000=100, SA)
22 Real private �xed investment: Nonresidential: Manufacturing struct.; (2000=100,SA)
23 Real private �xed investment: Nonresidential: Power & communic. struct.; (2000=100, SA)
24 Real private �xed investment: Nonresidential: Mining struct.; (2000=100, SA)
25 Real private �xed investment: Nonresidential: Equipment and software; (2000=100, SA)
26 Real private �xed investment: Nonresidential: Information processing equipment and software;

(2000=100, SA)
27 Real private �xed investment: Nonresidential: Software; (2000=100, SA)
28 Real private �xed investment: Nonresidential: Equipment and software: Industrial equip-

ment;(2000=100, SA)
29 Real private �xed investment: Nonresidential: Equipment and software: Transportation equip-

ment; (2000=100, SA)
30 Real private �xed investment: Residential: Structures; (2000=100, SA)
31 Real private �xed investment: Residential: Structures: Permanent site; (2000=100, SA)
32 Real private �xed investment: Residential: Structures: Permanent site: Single family;

(2000=100, SA)
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Nr Variable
33 Real private �xed investment: Residential: Structures: Other structures; (2000=100, SA)
34 Real private �xed investment: Residential: Equipment; (2000=100, SA)
35 Real Exports; (2000=100, SA)
36 Real Exports: Goods; (2000=100, SA)
37 Real Exports: Services; (2000=100, SA)
38 Real Imports; (2000=100, SA)
39 Real Imports: Goods; (2000=100, SA)
40 Real Imports: Services; (2000=100, SA)
41 Real government consumption expenditures and gross investment; (2000=100, SA)
42 Real government consumption expenditures and gross investment: Federal; (2000=100, SA)
43 Real government consumption expenditures and gross investment: Federal: National defense;

(2000=100, SA)
44 Real government consumption expenditures and gross investment: Federal: National defense:

Consumption expenditures; (2000=100, SA)
45 Real government consumption expenditures and gross investment: Federal: National defense:

Gross investment; (2000=100, SA)
46 Real government consumption expenditures and gross investment: Federal: Nondefense;

(2000=100, SA)
47 Real government consumption expenditures and gross investment: Federal: Nondefense: Con-

sumption expenditures; (2000=100, SA)
48 Real government consumption expenditures and gross investment: Federal: Nondefense: Gross

investment; (2000=100, SA)
49 Real government consumption expenditures and gross investment: State and local; (2000=100,

SA)
50 Real government consumption expenditures and gross investment: State and local: Consump-

tion expenditures; (2000=100, SA)
51 Real government consumption expenditures and gross investment: State and local: Gross in-

vestment, (2000=100, SA)
52 Industrial Production Index: Total index; (2000=100, SA)
53 Industrial Production Index: Final products and nonindustrial supplies;(2000=100, SA)
54 Industrial Production Index: Consumer goods; (2000=100, SA)
55 Industrial Production Index: Durable consumer goods; (2000=100, SA)
56 Industrial Production Index: Nondurable consumer goods; (2000=100, SA)
57 Industrial Production Index: Business equipment; (2000=100, SA)
58 Industrial Production Index: Defense and space equipment; (2000=100, SA)
59 Industrial Production Index: Materials; (2000=100, SA)
60 Industrial Production Index: Construction supplies; (2000=100, SA)
61 Industrial Production Index: Business supplies; (2000=100, SA)
62 Industrial Production Index: Mining NAICS=21; (2000=100, SA)
63 Industrial Production Index: Manufacturing (SIC); (2000=100, SA)
64 Output Per Hour of All Persons: Nonfarm Business Sector; Index (1992=100,SA)
65 Output Per Hour of All Persons: Business Sector; Index (1992=100,SA)
66 Federal Fund rate,
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