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factors in high-dimensional data settings where both N and T are large. We use the structural assumptions

of Section 2 to characterize the dependence between equations parametrically and thus identify the model.

Given an N by T data matrix of residuals from the CCE procedure described above, we evaluate the
eigenvalue distribution of the empirical covariance matrix C), for the presence of latent factors by comparing
the empirical distribution of eigenvalues to that derived from a model without latent factors. If we denote

the proper cumulative distribution function F¢()) on the spectrum X; € {\1, Az, ..., A, } of C,, by:

1 1
3.4 FC()\) = = {Number of Ei lues of C,, < \} = — 1,
(3.4) (A n{ umber of Eigenvalues o <A} - )\;}\

then we can use the moments of this distribution,
(3.5) mé, (A) = N~ tr[(Cn)°].

in order to estimate the number of factors. Harding (2008) shows how to derive analytic expressions for these
moments in the absence of latent factors. Computationally, the algorithm starts by assuming an unknown
number of latent factors and removes them one by one until the moments of the eigenvalue distribution of

the data without the latent factors match the theoretical moments of a model with no latent factors.

Once we have identified the global factors we can estimate the structural parameters of the aggregate
supply and demand equations in our US macroeconomic model. Under rational expectations future forecasts
of macro-variables are uncorrelated with lagged information. Following Clarida, Gali and Gertler (1999), we

can define the following moment conditions:

e —aner1 — (1 — a) m—1 — By, — A’ﬁ’tG
Yo — VWir1 — (1 =) ye—1 — 8(ix — meq1) — B'FE

(3.6) E, {

ZtQ’Zt?,’...} = 0,

for an appropriately chosen set of instruments Z;_5, Z;_3... dated ¢t — 2 and earlier. We use lags of the

macro variables as instruments in the empirical specifications described below.

3.1. Data

We construct a dataset consisting of macroeconomic variables for the US and financial variables for 8 coun-
tries: Australia, Canada, France, Germany, Hong Kong, Japan, UK and US at monthly frequency over the
period 02/1973 to 09/2006. The financial variables consist of monthly closing stock prices in local currencies
for a sample of firms in each country downloaded from Datastream. We restrict our attention to firms for
which complete time series are available in order to avoid the biases resulting from missing observations in
factor models, which tend to be very severe. In total we use data on 1680 firms divided as follows: Australia
(52), Canada (29), France (35), Germany (82), Hong Kong (37), Japan (626), UK (209), US (610). We also
use the exchange rates for the local currency with respect to the US dollar as provided by the Federal Reserve.

The data on the risk free rates is constructed as the return on short-term (1 or 3 months) government bills
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in the respective country and are provided by Global Financial. Additionally we use stock market indexes

provided by Global Financial for each country in our sample.

For the US economy we use data on CPI-U, all items, US city average for urban consumers provided by
the BLS, monthly unemployment as measured by the BLS and the end of month federal funds rate (overnight
rate in the market for commercial reserves) as reported by the Federal Reserve Board. The first two variables

are also seasonally adjusted.

4. Statistical Evaluation and Interpretation of the Global Factors

We employ the methods outlined above to estimate the number of factors from a set of residuals obtained after
partialling out the observed variables for each of the 3 sets of equations: US macroeconomic, international
stocks, UIP /exchange rates. We estimated the number of factors using different assumptions on idiosyncratic
error term such as independence (strict factor models) and weak autocorrelations (approximate factor model).
The number of identified factors varied between 23 and 27. For the rest of this section we take the estimated
number of factors to be 23, a conservative lower bound. Still, this number of factors is much larger than the
number of factors previously estimated in similar models. We perceive this to be a strength of the improved
econometric methodology for the identification and estimation of factors in large panel data. The global

economy is a complex phenomenon and we believe that the number of factors is thus appropriately large.

Recall that the estimated factors are properly speaking innovations. Thus, in if we were to plot the
cumulative (integrated) factors over the period 1973-2006 we would notice how the cumulative effect of some
factors is stronger than that of other factors. The factors with the strongest cumulative effect also tend
to be the first few commonly identified factors, which are typically labeled as “strong” factors. Ultimately
this is only a nominal issue however and we need to investigate the relationship of all the factors to the US
economy. In this analysis we do not restrict our attention only to the first few strong factors and consider
the impact of all factors. As we shall later see when we return to the estimation of the structural equations,

employing the first few strong factors is insufficient and likely to lead to biased results.

An often misunderstood issue in using factor analysis concerns our ability to label the estimated factors.
The method of factor analysis does not in general allow us to relate each factor to a specific time series since
the estimated factors will be functions of many different variables. Typically the assumptions of the factor
analytic method are silent on specific rotations of the factors which remain largely undetermined. Indeed,
the estimation method itself is dependent on the identifying structural assumptions which fix a rotation of
the factors. A slightly different identification scheme would produce alternative time series profiles. Taken
together however, the product of factors and factor loadings is uniquely identified and thus we are able to

explore their effect in the structural specification even without being able to label each factor separately.
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Nevertheless, we can learn more about the nature of the estimated global factors by analyzing their
statistical properties. In Figure 1 we display the normalized loadings for each company included in the
financial part of our model. The loadings are represented by vertical bars. The companies are ordered by
country and each country is marked by a vertical line. We notice that the first panel indicates the presence
of a global market factor which affects all companies thereby inducing an approximately uniform loading
pattern. It is interesting to compare the factor loading pattern for factors 2 and 4. Factor 2 loads positively
on all companies in countries other than Japan and negatively on Japanese companies. Factor 4 on the
other hand loads positively on the US, negatively on the UK and has a mixed pattern for Japan. These
charts illustrate that it is possible for global factors to impact companies in different countries in opposite
directions. Additionally, they may have a very heterogeneous impact on companies in the same country.
This indicates the complex nature of the international economy and provides convincing evidence that the

factors we have estimated are in fact global factors.

In Figure 1 we have seen how the pattern of loadings varies across firms in different countries. This
suggests that global shocks do not impact countries uniformly. Thus, they may increase the risk for companies
in some countries while reducing it for companies in other countries. Moreover, the timing of the effect of
the global factors may differ. This heterogeneity merits further investigation and in Figure 2 we address the

issue of the synchronization of the effects of the global factors on US and international stocks.

In order to evaluate the extent to which the global shocks are synchronized we employ a statistical
technique for the visualization of high-dimensional data known as an Andrews (1972) plot. We compute the
mean loadings per factors for each of the 23 factors for all the stocks in the US and all the stocks in the rest

of the world:

JUS JUS JUS
(4.1) Aus = (A2, 0A55) = < (1/Jus) Y Mgy (1/Tus) D Aagy ooy (1/Jus) D Aas
j=1 j=1 j=1

and similarly for the stock returns of companies in countries other than the US.

We can use these values as coeflicients in the following function of parameter 7:
US

(4.2) fus(r) = % + A8 sin(277) 4+ AYS cos(277) + ...

The resulting functions fus(7) and fwornd(7) are then plotted for 7 = [0,1] in Figure 4.5. Andrews
(1972) shows that this representation preserves a certain distance metric (proportional to the Euclidean
distance) between the loadings matrices for the US and for the rest of the world. Thus, it can be used
to easily compare the high-dimensional loadings matrices for the two sets of equations (US vs. World).
We find a definite correlation between the two functions indicating a substantial degree of synchronization.
Nevertheless, the synchronization is far from perfect indicating the some global shocks may affect the US

differently from the rest of the world.
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The recent literature on factor models often assumes that the latent factors are autocorrelated, implying
a dynamic factor model. The factor model estimated above, however, does not make these assumptions. As
Stock and Watson (2005) remark, the standard factor model is the static form of a dynamic model. That
is, if a factor is dynamic we may expect to find both F; and pF,_; identified as separate factors. This is
however, subject, to a phase transition phenomenon discussed by Harding (2007) which limits the number
of weak factors that can actually be identified in a given sample. Thus, even if a factor is dynamic, in a
given sample we may only observe F; and not pF,_; when the degree of autocorrelation p is small relative
to the unobserved noise variance. We have conducted a series of statistical tests (not reported here) on the
estimated factors and found little evidence of autocorrelations, indicating that a dynamic factor structure is
less useful than it may seem at first glance in this context. For our purpose the current model captures all
the variation of interest as it uses a larger number of statistical factors than are usually employed in other

models.

While the exact association of an economic variable with any one statistically estimated factor is impos-
sible, we can measure the association of economic variables with the entire set of estimated factors. Thus, if
inflation is one of the economic variables which is being proxied for by the statistical factors, then it should
be possible for us to find a high correlation between inflation and the estimated global factors. In order to
make this intuition precise we use a method suggested by Bai and Ng (2006). Let G,; be an economic series
of interest, such as inflation from a set of potential variables of interest indexed by j. It is not reasonable
to assume that G is an exact linear combination of the factors, but rather than G; = (5;-Ft + wj¢, where
wji ~ (0,02 (4)). If we now obtain G, = Sgﬁt, a convenient noise-to-signal ratio style measure that allows

us to compare G;; with Gjt is given by:
~ g/\ )

4.3 R2 = #

(4.3) el

By construction this measure is bounded between 0 and 1, where it equals 0 if there is no association

between the economic series G; and the set of factors and 1 if the association is exact.

The potential set of candidate economic variables is very large. We can take a useful first step towards
understanding the economic nature of the estimated global factors by looking at their association with a
commonly used database of macroeconomic indicators collected by James Stock and Mark Watson (e.g.
Stock and Watson, 2003, 2005). This database contains 131 economic and financial indicators for the U.S.

and covers most of the period of interest until the end of 2003.

We compute the estimated values of of the D‘i? coefficients for all j = 1..131 variables in the dataset. In
most cases the measured association is less than 25%. Indeed, most variables showing a degree of correlation
above 10% are various extremely similar measures of employment, interest rates and prices. This can be
attributed to the success of our macro-finance identification strategy which selects global factors that are

correlated with the main variables in our New-Keynesian model. As we shall see in the next section it is



17

x

=i

[

[l
T

015 i

Bai and My R2 Association with Glohal Factors

ol e

005

M- ‘———————————-

1: U3 Macroeconamic Indicators
2: EU Macroeconamic Indicaotrs

FI1GURE 3. Association of global factors with US and EU macroeconomic and finan-
cial variables.

this feature of our model which allows us to improve the fit of the simple New-Keynesian model by including
estimated factors. On the other hand the low measured correlations indicate the extent to which we are
ill-equipped to measure global factors. Most economic variables on which we have substantial data are in

fact US centered and provide little additional information on the true nature of the global factors.

From the remaining set of variables, only a few measurements stand out as being more strongly correlated
to the global factors. These include the University of Michigan Index of Consumer Expectations, exchange
rates (in particular the exchange rate with the Swiss Franc), various measures of inventory and measures of

housing starts and building permits.

In order to go beyond a US centered approach we also consider a database of 100 Euro area wide
measurements as described in Angelini et. al. (2008). The data is similar to that of Stock and Watson (2003,
2005) and consists of time series between 1993 and 2007 grouped by a areas such as industrial production,
employment, business surveys, money etc. We apply the set of transformations recommended by the authors

of Angelini et. al. (2008) and the proceed to estimate the set of fR? coefficients using the Bai and Ng
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(2006) approach. The stylized plot of the coefficient distribution is illustrated in Figure 3 along side that
from the US macroeconomic database. The mean correlation between the global factors and the European
variables is higher than the corresponding one with the US variables. The variables displaying the largest
degree of correlation are various surveys of business activity including the series on business confidence and
construction, commodities prices and exchange rates. The fact that we find higher correlations between the
estimated global factors and the European macroeconomic variables than the US macroeconomic variables
provides further evidence to the global nature of the estimated factors. Unfortunately, data availability limits
a systemic attempt at finding the best set of international variables which are proxied for by the estimated

statistical factors.

5. Estimation of the Factor Augmented Structural Model

In order to estimate the structural model we employ two basic IV estimation procedures, GMM and Fuller
and use as instruments either 4 or 6 lags of the macroeconomic variables. The recent macroeconomic
literature has raised numerous questions about the estimation of the hybrid New Keynesian model, which
are discussed in detail by Gali, Gertler and Lopez-Salido (2005). Most of the objections seem to concern
the use of potentially weak instruments in the GMM estimation. In order to address these concerns we also
report the estimates derived from the Fuller estimator (Fuller, 1977). The Fuller estimator is a modified
version of the Limited Information Maximum Likelihood with improved finite sample performance and stable
sampling moments which has been shown to dominate other IV estimators in simulations in the presence of

weak and/or many instruments (Hahn, Hausman and Kuersteiner, 2004).

The first two columns of Table 1 report the benchmark estimates of the structural model without factors.
Although we use unemployment instead of marginal cost or the output gap, the estimates are similar. In
particular we find a dominant forward-looking behavior in both equations combined with an insignificant

effect of unemployment in the Phillips curve and the real interest rate in the demand equations.

We next augment the existing specification with a factor proxy based on the Pesaran (2006) procedure
and finally with all the estimated factors derived above. We notice that as we add the factors to the
Phillips curve the results change substantially from the estimates without the global factors. Backward
looking behavior becomes dominant and the coefficient on unemployment increases by a factor of 10 to 15.
We notice that the global factors carry very substantial explanatory power for inflation over the sampling
period. The residual sum of squares (RSS) for the Phillips curve decreases by a factor of more than 5 as
we add the global factors to the equation. The global factors also have a similar effect when added to the
aggregate demand equation. In the benchmark estimates of the aggregate demand, the behavior is weakly
forward looking while the effect of the real interest rate is small and insignificant. As we add the global

factors the behavior switches to being weakly backward looking while the effect of the real interest rate
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increases by a factor of 10. The RSS also decreases by a small amount suggesting that global factors are

much more important for characterizing US inflation than aggregate demand.

Notice that if we use only the first three factors instead of the entire set of factors in the estimation of the
Phillips curve we would not obtain similar results. The factors which are traditionally considered to be the
strongest may not necessarily explain inflation the best. This emphasizes the importance of estimating the
full stochastic dimension of the economy without relying on low dimensional proxies. We do not report the
results based on adding only the first three factors to the estimation of the aggregate demand relationship

since they are indistinguishable from the results estimated without factors.

In Figure 4 we plot the estimated coefficients on the significant global factors as estimated in our
structural model. The plot reveals that most of the global factors can be thought of as aggregate supply
shocks, while only a minority corresponds to significant aggregate demand shocks. Moreover, their effect is
not necessarily in opposite directions, thus indicating that at least some of the shocks can operate the same

direction of both the supply and demand side in the US economy.

The results of Table 2 are surprising and reveal the strong effect of global factors in masking the true
behavior of expectations and lags of inflation and unemployment as well the structural effect of unemployment
in the Phillips curve and the real interest rate in aggregate demand. Our results show that this is not simply
due to the presence of weak instruments as a number of previous authors have argued. The estimates for
GMM and Fuller are very similar to each other. In fact, it seems that using lags of macroeconomic variables
in the presence of global factors is inappropriate due to the global shocks leading to inconsistent estimates in
the benchmark specification without global factors. When analyzing the cross-correlation matrix between the
macroeconomic variables and estimated global factors we find that both lags and leads of the macroeconomic
variables are at least weakly correlated with the estimated global factors. Thus global factors appear to be
driven at least in part by the previous macroeconomic performance of the US economy while at the same time
affecting expectations of future performance. The benchmark specification leads to inconsistent estimates
since the global factors are present in the error term but not explicitly modeled and therefore correlated
with the instruments. Our specification of the Phillips curve and the aggregate demand augmented with
the global factors, however, leads to consistent estimates since the global factors are explicitly taken into

account in the equations.

5.1. Time-Varying Effects

In the previous section we have seen that inflation dynamics in the US is particularly sensitive to the
presence of global factors over a long time frame. This necessarily begs the question whether global factors
were equally important over the entire sample period or whether they are a more recent phenomenon. In

order to answer this question we divide the sample into 25 ten-year periods and estimate the Phillips curve
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in the structural model separately for each subsample with and without global factors. We compute Fuller

estimates of the structural coefficients using four lags of the macroeconomic variables as instruments.

In the discussion below we shall refer to estimates labelled as “1999” as corresponding to regression
estimates based on a 10 year sample ending in 1999. Coefficient estimates for samples ending before the
mid-1990s appear to be very similar between the specifications with and without the global factors, but
starting in the 1990s the coefficients diverge.® In particular, we find a substantial increase in the coefficient
on lag inflation in the specification with global factors, indicating that once we correctly control for the

presence of global factors, domestic inflation is more persistent than would be indicated by a simple model.

3detailed coefficient tables not reported here but are available from the author.
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Perhaps a visually more striking way of illustrating the effect of global factors is to measure the amount
of variation explained by them in each of our subsamples. One simple such measure is the ratio of the
variance of the estimated factors A’ F'G; to the variance of the realized US inflation 7; over the sample. This

approximately measures the extent to which the global factors jointly explain US inflation dynamics.

We plot this measure in Figure 5. The figure shows how initially the effect of the global factors on US
inflation is negligible. For all 10 year periods before 1990 the measured effect of the global factors is very close
to zero. During the early 1990s the global factors appear to slowly start having an effect. This accelerates in
the late 1990s to peak in 2006 at 6%. It appears that the global financial integration of the 1990s is reflected
in these estimates as global factors play a much more pronounced role in driving US inflation since the 1990s

than in any previous period.

6. Conclusion

This paper aims to identify global factors as a potential driving force of US macroeconomic conditions.
It uses an econometric approach which combines a traditional structural New-Keynesian model popular in

empirical macroeconomics with a large scale arbitrage pricing model popular in finance.

This new identification strategy reveals that while global factors played a negligible role before 1990
they have increased in importance in recent years. While it is not possible to pinpoint exactly what the
global factors are since they can only be identified up to arbitrary rotations, we provide a series of statistical
characterizations. We find substantial heterogeneity in both their loading patterns across countries as well
as timing. We also confirm that they are more closely associated with an EU macroeconomic database than

with a database of US economic indicators.

We then proceed to estimate a factor augmented structural model which reveals global factors to be
largely aggregate supply shocks. Ignoring these global factors appears to mask the link between expectations
and macroeconomic variables which affects the identification of the aggregate supply and demand curves. In
particular we show that ignoring the role of global factors can obfuscate the effect of unemployment in the

Phillips curve and of the real interest rate in the aggregate demand relationship.
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Table 1: Estimation of the Structural Model with Global Factors

IV 4 lags IV 6 lags
Phillips Curve No Factors With Proxies First 3 Factors All Factors
Fuller GMM Fuller GMM Fuller GMM Fuller GMM Fuller GMM
Unemployment (t) -0.139 -0.17 -0.383 -0.499 -0.133 -0.165 -1.828 -1.877 -1.685 -1.824
(.331) (.307) (.395) (.386) (.333) (.307) (.335) (.223) (.308) (.202)
Inflation (t+1) 0.637 0.607 0.626 0.590 0.646 0.615 0.127 0.113 0.175 0.109
(.052) (.044) (.058) (.049) (.056) (.047) (.109) (.061) (.100) (.053)
Inflation (t-1) 0.366 0.396 0.376 0.412 0.358 0.388 0.872 0.886 0.824 0.888
(.052) (.044) (.058) (.049) (.056) (.047) (.109) (.061) (.099) (.052)
RSS 18.766 17.756 18.277 17.219 18.966 17.921 3.751 3.787 3.784 3.752
IV 4 lags IV 6 lags
Aggregate Demand No Factors With Proxies With Factors
Fuller GMM Fuller GMM Fuller GMM Fuller GMM
Unemployment (t+1) 0.518 0.512 0.528 0.524 0.437 0.427 0.448 0.420
(0.041)*  (0.043)*  (0.045)* (0.048)* (0.042)* (0.043)* (0.043)* (0.043)*
Unemployment (t-1) 0.482 0.489 0.473 0.478 0.561 0.572 0.550 0.578
(0.042)*  (0.043)* (0.045)*  (0.047)* (0.042)* (0.043)* (0.043)* (0.043)*
Real Interest Rate (t) -0.050 -0.070 0.046 0.040 -0.461 -0.582 -0.502 -0.525
(0.258) (0.261) (0.297) (0.300) (0.276)  (0.282)* (0.276)  (0.264)*
RSS 5.637 5.634 5.650 5.649 4.585 4.617 4.525 4.585




