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1 Introducing STAMP 8.10

In the Summer of 2008 we have upgradg€bAMP to version 8.10 which is the
current release version. The new items in version 8.10 da&vely small. The
forecasting dialog allows the forecasting of the unobsg@mponents as well
as the future observations. More importantly, variousrert@ve been removed
from the program and some improvements have been introdiMest notably,
the batch facilities have improved and some bugs in themestior models with
explanatory variables and intervention variables haven lsedved. Finally, the
automatic outlier and break detection procedure has be@mniapd further.

for the professional use of state space methods in econonstatistical and
general time series analysis. The state space form proaidasified representa-
tion of a wide range of linear Gaussian time series modelsdiing autoregressive
moving average (ARMA) models, time-varying regression gieddynamic lin-
ear models and unobserved components time series modais.space methods
are used in many different fields including forecastingnalgxtraction, seasonal
adjustment, business cycle analysis, macroeconomic mootion pricing, fi-
nancial analysis based volatility, interest rate termedtires (yield curve) and
many more.

To emphasize the powerful options availabl&PAMP 8.10, we would like to
present a multivariate analysis of the interest rate terutsire in this OxMetrics
Newsletter.

2 Term structure
Fitting and predicting time series of a cross-section ofdgédnas proven to be a
challenging task. For many decades work on the term streiofunterest rates has

mainly been theoretical in nature. In the early years woduged on the class of
affine term structure models, see Vasicek (1977) and Cox €t385). It has been
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shown that the forecasts obtained from this class of modelsad outperform
the basic random walk forecasts, see for example Duffee220these findings
may not be very surprising given their focus on the crossi@edimension of
yields without a reference to the time series dimension.eTagries models aim
to describe the dynamical properties and are therefore sunted for forecasting.
The papers of Diebold and Li (2006), DL, and Diebold et al.0&0 DRA,

have recently shifted attention to the time series dimenbip generalizing the
Nelson and Siegel (1987) model. DL and DRA introduce the dyind\elson-
Siegel model as a statistical three factor model to des¢hbeyield curve over
time. The three factors represent level, slope and curvatithe yield curve and
thus carry some level of economical interpretation. Mor@amantly, DL and
DRA show that the model-based forecasts outperform marer otlodels includ-
ing standard time series models such as vector autoregeesedels and dynamic
error-correction models. In DRA, the Nelson-Siegel fraragwis extended to in-
clude non-latent factors such as inflation. Further thesn&dahe Nelson-Siegel
model as a multivariate unobserved components time sendslwith three com-
mon factors which are modeled by vector autoregressiveegeas. A wide range
of statistical methods associated with the state space Innadébe exploited for
maximum likelihood estimation and signal extraction, segldin and Koopman
(2001). We will follow their approach to some extent and shioat STAMP 8.10
can be used for a yield-curve analysis of different interatés associated with
different maturities.

3 The STAMP modedl for theyield curve

Interest rates are denoted fyr) at timet and maturityr. For a given time, the
yield curved,(7) is some smooth function representing the interest rateklg)ias
a function of maturityr. A parsimonious functional description of the yield curve
is proposed by Nelson and Siegel (1987) and is based on tbhremaon factors
with pre-set weights for each maturity such that the factars be interpreted as
the level, slope and shape of the yield curve. In 8TIAMP analysis, we also
adopt three unobserved common levels (factors).

In case we observe a series of interest ratés) for a set of vV different
maturitiesT; < ... < 7y available at a given tim¢, STAMP can estimate the
yield curve for the multivariate model

Ye(7:) = i + At + Aaifar + N33t + €, (1)

fori =1,..., N, wherey, is a constantj;, is the jth factor (at timet) and \;;
is the weight for theith factor associated with théh maturity. The disturbances



€1, ..., &N are assumed to be independently distributed with mean rero@n-
stant variance?. In the Nelson-Siegel framework, the weights are restlicta
STAMP we estimate the weights;; by maximum likelihood.

The three factors in the vecto, = (5, B, F3¢)’ can be modeled by the
vector autoregressive (VAR) process as in DL and DRA. In eicgdiwork on the
yield curve, the factors of the term structure are often tbtmnbe very persistent.
Therefore, we consider a random walk processsfas given by

Bry1 = B+, m ~ NID(0,%,), (2)

fort = 1,...,n, with variance matrix:, and initial condition3; ~ N(0,xI)
wherex — oo. Further details of the model are discussed inSMAMP manual.

4 Data

For ourSTAMP analysis of yield curves, we consider the unsmoothed Falisa-B
zero-coupon yields dataset, obtained from the CRSP unsmad&tama and Bliss
(1987) forward rates. We analyze monthly U.S. Treasurydgielith maturities

of 3m, 6m, 9m, 12m, 15m, 18m, 21m, 24m, 30m, 3y, 4y, 5y, 6y, yy98 and
10y (m=months, y=years) over the period from January 19T2etmember 2000.
This dataset is the same as the one analyzed by DL and DRA. Y ribat

for our dataset, we require model (1) and (2) with= 348 and N = 17. This
illustration shows thaBTAMP can handle such a high-dimensional model and is
able to estimate the parameters by maximum likelihood.

5 Resultsfrom STAMP

We follow section 6.4 of th&TAMP manual since our yield curve model (1) and
(2) is similar to the model in equation (6.3) of the manual.AVP is used first
to estimate the coefficients; for j = 1,2,3 and: = 1,..., N (51 parameters),
the variances? (17 parameters) and variance matkix (6 parameters). For iden-
tification purposes, the weights are restricted as impliedduation (6.4) in the
manual. In our case, the weights of the three factors anchformaturities 3m,
24m and 10y are restricted to he0, 0 and0, 1,0 and0, 0, 1, respectively. The
3m yield is therefore exclusively related to the first fackdrile the 24m and 10y
yields are exclusively associated with the second and tactbrs, respectively.
We estimate the parameters (in toa) by the method of maximum likelihood.
The constantg; and the factorg;; are estimated via the Kalman filter smoothing
algorithms which are computational efficiently implemehire STAMP.
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Figure 1: The estimated weights for the three factors associatedtigth7 maturities.

Although much output is presented 8TAMP, here we can only present a
selection. The estimated weights associated with theragtg, 5-; and s, are
displayed in Figure 1. The maximum likelihood estimatesefweights for a par-
ticular factor are presented against maturity and theseapyuite smooth. We
therefore observe that the weights (or loadings) for thé fiator are associated
mostly with the short term (3m — 15m) maturities. In the sanag,we conclude
that the second factor is mostly associated with the medaum {1y — 4y) matu-
rities and the third factor represents the interest ratefo— 10y). The estimate
of the variance matrix of the disturbanegsn (2) is given by

3am 24m 10y

3m 0.3720 0.8378 0.6265

T 1 24m 0.2638 0.2664 0.8685
10y 0.1306 0.1533 0.1169

\gl;
|

where the upper triangular of the matrix contain the impledrelations. The

three factors are all correlated with each other. The caticeis between the short-
term and medium-term factors and the medium-term and leng-factors are

higher compared to the correlation the correlation betwibenshort-term and

long-term factors.
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Figure 2: The three estimated factors: @), (i) B, (iii) B3

The smoothed estimates of the three factors (obtained fhrenKalman fil-
ter and smoothing algotithm implementedSmAMP) are presented in Figure 2.
The three estimated factors look similar although therdaal differences. By
observing the three estimated factors over time, the Jiitiabf the short-term
factor is higher than the long-term variability.

Finally, STAMP is, and has always been, used to forecast time series (a# part
modeling and analysis). In case of our illustration, we pnéshe one-step ahead
predictions of the 17 yields in 2000 in Figure 3. It is encaung that this basic
model for the yields, provides an accurate set of predistftoneach month.
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Figure 3: One-step ahead forecasts of US forward rates in 2000 fartimeaturities.
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