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A Change of measure

To show what kind of process the term structure factors follow under @, I derive the conditional
Laplace transform of X;,; under Q. I define the one-period stochastic discount factor (pricing

kernel) as
1
M, 1 = exp (—Tt - 5)\:‘/\t - >‘;5t+1> .
For any one-period pricing kernel the change of measure is implied by

Myyy = exp(—ry) fA( X | Xo) /7 (Xpia | Xy).

Note that the Radon-Nikodym derivative, which relates the densities under the physical and

risk-neutral measure, is given by

fP(Xen X)) (dP SUNY
T = () (e d) = exp (F0h+ Xewn )

I obtain for the risk-neutral conditional Laplace transform
Eexp(w X)X = [ exp(uXe) fO Ko [ Xi)dXon
= /eXp (U/Xt+1 - %Xt)\t - )\25t+1) S (X | Xe)d X
= F [exp (u’(,u +OX, + Yeyyq) — %A;At — )\Qstﬂ) |Xt}
= exp {u’(,u — XN+ OXy) + %u'ZE’u}

which is recognized as the conditional moment-generating function of a multivariate normal
distribution with mean p — XA\ + ®X; = (u — Ag) + (P — A1) X, and variance 33
The physical innovations e;, which are a vector martingale-difference sequence (m.d.s.)

under PP, are related to the innovations under @ by
e =g+ M. (1)

Note that the risk-neutral innovations, while being m.d.s. under @, can have non-zero mean

and be predictable under IP, depending on the risk price specification.



B Affine bond pricing

Under the assumptions of Section 2.1, model-implied bond prices are exponentially affine

functions of the pricing factors:
» Am+Bm X
Pr=e 3

and the loadings A,, = A,,(1%, ¢, 8, 01,%) and B,, = B,,(¢®, 6;) follow the recursions

1
Amir = Ap+ (u®)' B, + 58;122’87” — &
By = (¢%)Bn—

with starting values Ay = 0 and By = 0. Model-implied yields are determined by ;" =
—m~tlog P™ = A,, + B, Xy, with A,, = —-m™'A,, and B,, = —m™'B,,.
Risk-neutral yields, the yields that would prevail if investors were risk-neutral, can be

calculated using
gtm = Am + Btha Am = _milAm(ﬂa ¢7 507 617 2)7 Bm = _millgm(¢> 51)

Risk-neutral yields reflect policy expectations over the life of the bond, m ™! z;ln:_ol Eiry iy, plus
a convexity term. The yield term premium is defined as the difference between actual and

risk-neutral yields, ytpi" =y — y;".

C Risk prices as parameters in a restricted VAR

Estimation of A, for given values of all other parameters, amounts to estimation of the VAR in
(1) subject to the linear constraints in (7). This section lays out the specifics: how to obtain
the least squares estimates of A\, which maximize the likelihood for given values of the other
parameters (C.1), how to carry out Bayesian inference about A using the exact conditional
posterior (C.2), and how to specify a g-prior in the RVAR context (C.3).

An alternative to RVAR estimation for obtaining estimates of A is often possible. Sub-
tracting Q-measure expectations from both sides of the VAR in equation (1), the dynamic

system becomes
Xi— B2 Xy = Mo+ MXeq + Sey,

which is a system of Seemingly Unrelated Regressions (SUR) (Zellner, 1962). If the DTSM is
estimated using frequentist methods, this formulation can be used to concentrate out A\g and

A1 from the likelihood function—this approach is used, for example, by Joslin et al. (2014). If



the estimation is Bayesian, the conditional posterior for A can be easily derived (see Zellner
and Ando, 2010, and the references therein). For those cases where all rows of (A, A1) have
at least one non-zero element, the SUR approach is identical to the restricted-VAR approach.
However, when one or more rows contain only zeros, the SUR approach is not applicable,
because it effectively ignores the equation where all parameters are restricted to zero, whereas
the restricted-VAR approach correctly accounts for the inter-equation dependencies of the

residuals.

C.1 Likelihood function and least squares estimates

Liitkepohl (2006) describes frequentist estimation of restricted VARs (Section 5.2). Here,
I show how inference about A in a DTSM maps into this context. The VAR in equation
(1) can be written in full-data matrix notation as X = BZ + U, where X = (Xy,..., Xr),
Z = (Zy,...,2r1), Zr = (1,X]), B=(,®), and U = (uy,...,ur), uy = X&;. The linear
constraints are

B =vec(B) =A+1r=5S\+r,

where S is a known N(N + 1) x a matrix of zeros and ones, A\, is an a-vector with the
unrestricted elements of A (according to «y), and r = vec(u®, ®Q). To clarify: A, contains the
a unrestricted risk prices, A contains these as well as N(IN 4 1) — a zeros, and S transforms
one into the other (A = SA,). If there are no zero restrictions on A—as in the case of a
maximally-flexible DTSM, and for the SSVS model selection approach—we have S = Inv11),
A = \,, and there are a = N (N + 1) risk prices to estimate.

Plugging in the restrictions and vectorizing the VAR equation we have

x:=vec(X) = wec(BZ)+ vec(U)
= (Z'eIy)B+u
= (Z7®1IN)(SA\, +71)+u
zi=x— (Z'®@Iy)r = (Z'®1Iy)SA\, + u.

The likelihood for z is N((Z'®1y)SA,, Ir®K), with Q@ = ¥3. This likelihood is maximized
at the generalized least-squares estimate (see Liitkepohl, 2006, eq. 5.2.6) which is given by

A= [8z72 0 s]T S(Z 0. (2)



Its estimated covariance matrix is
3 / / -1 -1
V,=1[5(z2'@Q S]] . (3)

C.2 Bayesian inference in a restricted VAR

If we assume a natural conjugate prior for A, which is a normal prior denoted by N (AW’K’Y)’

the conditional posterior can be derived in closed form:

P(Alz,..) o exp{=5[(A —A)V (A —A,)

+(z = (Z' @ IN)SA,) (Ir @ Q) (z — (Z' @ In)SA\)] }
o< exp{—SBN YV IN, =20 VTN + X S22 @ Q71)SA, —22/(Z' @ Q)N ]}
x exp{=B5 [NV '+5(ZZ Q)N 20V +(Z @0 "5\ ]}

The last expression is the Kernel of a Normal distribution with covariance matrix
V,=W'+5(ZZ ®0")s)™

and mean
A =V, (VA +5(Z0 0 h)z).
The (conditional) posterior mean can also be written as

X =V vt -7 )

These results will be used for drawing A from its conditional posterior distribution, i.e., using

a Gibbs step, in the various MCMC samplers used in this paper.

C.3 g-prior for a restricted VAR
A g-prior for the parameters of a restricted VAR has covariance matrix

1 A~

V=g [S’(ZZ’ ® Q_l)S]_ =gV

so that the posterior mean becomes

_ 1 N
N = A+ LA
1+4+g¢ 1+g



and the posterior covariance is

7 g / / -1 -1
V=—15ZZ207)S| .
I+g [ ( ) }

The prior used for A in this paper is an “orthogonalized g-prior” with zero mean. In
particular, I calculate [S"(ZZ' ® Q~1)S]™" for the model without restrictions on A—in which
case S = In(n41)—at the MLE estimates of the remaining parameters (the Q-parameters are
needed to calculate Z, and ¥ is needed to calculate ), and use the diagonal values of the

resulting matrix, multiplied by ¢, as the prior variances.

D Drawing the model parameters

This section provides details on how to draw each block of parameters in the MCMC algo-
rithms. For A, the approach described here is only used for estimation of a specific model
(i.e., conditional on a fixed value of «), while in the model selection samplers A and 7 are
drawn jointly as described in Section E. The other parameters—kQ,¢®, ¥, and o, —are al-
ways drawn as described here, both in the estimation of a specific model and in the model

selection samplers.

D.1 Drawing A

Conditional on v and all other model parameters, estimation of the risk-price parameters A
simply amounts to estimating the parameters of an RVAR. This is very convenient, because
the conditional posterior for A is available in closed form, and A can be sampled using a Gibbs
step. The posterior is normal with mean and covariance matrix given in Section C.2. It is a
key advantage of the MCMC sampler proposed here that the majority of parameters can be
sampled very efficiently using a straightforward Gibbs step.

D.2 Drawing k% and ¢©

The parameters k& and ¢® (the eigenvalues of ®®) exhibit high posterior correlation, due
to the fact that they jointly determine the cross-sectional behavior of interest rates. The
“grouping-by-correlation” principle for designing efficient MCMC algorithms therefore sug-
gests to draw them jointly as one block. A generally efficient way to do so is to use an
Independence MH step with mean and covariance that are close to those of the conditional

posterior. Fortunately, such moments can easily be obtained in this context, due to the pa-



rameterization of the term structure model. We can simply take the ML estimates of these
parameters (for the unrestricted model) as the mean of the proposal density, as these estimates
are generally close to the mode of the conditional posterior. To determine the covariance ma-
trix I obtain a numerical approximation to the Hessian of the conditional posterior at these
values and take the negative of its inverse. It turns out to be sufficient to do this only once at
the beginning of the algorithm.! For the proposal distribution I use a multivariate Student-¢
distribution with five degrees of freedom. To tailor the proposal density for an Independence
MH step in this way is inspired by the approach of Chib and Greenberg (1994), Chib and
Ergashev (2009), and Chib and Ramamurthy (2010). In particular, this avoids the need to
tune scaling parameters, automatically leads to acceptance probabilities in the 20-50% range
that is recommended in the MCMC literature (Gamerman and Lopes, 2006, p. 196), and
leads to high efficiency of the sampler (i.e., low autocorrelations of successive draws). Since
my approach avoids the need to find the mode of the conditional posterior using numerical
optimization (such as the Simulated Annealing algorithm used by Chib and Ramamurthy,
2010), it has very low computational cost.

Because it is useful to have the eigenvalues in ¢ sorted and to have similar scaling of
parameters that are drawn jointly, I reparameterize them as xy = (1000 - k’f%,(b? — 1,<;502Q —
¢?, gb? - QSGQQ)’ . Due to the prior restrictions on ¢®, the second through fourth elements of
are required to lie between -1 and 0. The proposed values are denoted by x*, and the proposal

density as ¢(-). The acceptance probability is

P(Y|x*,0_,7)P(x*,0-)q(x" ™) }

G-1 ) — mi
a(x¥ Y, x") = mm{p<y|x<j—1>,9_,7)P(X<J’—1>,9_)Q(><*)’

where 0_ denotes all parameters other than k8 and ¢%.

D.3 Drawing X

To draw X I use a similar Independence MH step as for (k&, #®). Using the operator vech(-)
to vectorize the lower triangular of a matrix, the proposal distribution for vech(X) is a multi-
variate t-distribution with five degrees of freedom. The mean is equal to vech(SMEE) and the
covariance matrix is equal to the negative inverse of the Hessian of the conditional posterior
for vech(X) at the MLE in the first iteration of the algorithm. After drawing a proposal >*

'If the approximate Hessian turns out not to be positive definite, it can be replaced by a positive definite
matrix that is close to it, using an eigenvalue decomposition and replacing the negative eigenvalue(s) with
small positive eigenvalues.



from this distribution, the acceptance probability is calculated as

i21) sy P(Y|%*,0_)P(¥*,0_)q(vech(£U~1))
(! )’E)‘mm{P<Y|z<j—1>79_>P<z<j—l>,9_>q<vech<z*>>’ }

where 0_ denotes all model parameters other than 3, ¢(-) is the multivariate-¢ proposal density,
and the prior for ¥ only requires that 3%’ is a valid (i.e., positive semi-definite) covariance

matrix.

D.4 Drawing o2

The measurement error variance can be drawn using a Gibbs step, because conditional on the
other parameters and the data, the measurement errors can be viewed as regression residuals.
For an inverse-gamma (IG) prior with shape parameter /2 and scale parameter dy/2, the
conditional posterior is IG with shape and scale determined by oy = ag+n and d; = dg + ssr,
where n is the number of observations and ssr is the sum of squared residuals. Since the
variance is the same across all measurement equations, the measurement errors are pooled.
We have n = T'(J—N), because at each point in time there are J— N independent measurement
errors, and ssr = Y, ||Y; — V;||. Furthermore, oy = 6 = 0 because the prior is taken to be

completely diffuse.

E Model-selection samplers

This section describes the three model-selection samplers that can alternatively be used to
draw (A,7). Sections 3 and 4 in the paper show the robustness of the model-selection results
to the use of different sampling algorithms.

For a recent overview of methods available for joint model-parameter sampling, see Godsill
(2001) and Sisson (2005). For a review of MCMC methods for variable selection, see O'Hara
and Sillanpaa (2009).

E.1 Gibbs Variable Selection

The first approach is based on Gibbs Variable Selection (GVS), which was developed by
Dellaportas et al. (2002) and is a special case of the product-space sampling of Carlin and
Chib (1995). In product-space sampling, the parameter space is the product-space of all
models under consideration, which can become very large. For GVS, models are treated as

nested, so that the product-space is simply the parameter space of the unrestricted model.



The parameter prior for GVS is

PAy) = POy 7) P(My Ay, 7)

where P(\,|v) is the prior for those elements of A that are included, and P(A\,|\,,y) denotes
the prior for elements that are not currently included, the so-called “pseudo-prior” or “linking
density” in the parlance of Carlin and Chib (1995). It is generally recommended to use
a pseudo-prior similar to the posterior distribution from the unrestricted model. To this
end, I use independent normal distributions with mean and variance equal to the conditional
posterior moments of A given the ML estimates of all other parameters.”

In each iteration of the GVS sampler, first A, is drawn in a Gibbs step from its condi-
tional posterior distribution. Due to prior conditional independence, this only depends on the
prior for A, on 7, on the remaining parameters, and on the data. The conditional posterior
distribution is given in Online Appendix C.2. For those elements of A that are not included
in the current model, \\,, the data is not informative and the values are drawn from the
pseudo-prior.

The success probability for the Bernoulli conditional posterior of %@ is determined by

P =1\, 6970 49 v)

—1

P = 00,0970 41 )

? —1 )

_ PO =1,09,6070 58 PP =1) PO =1,92)

]

1
PV =0,00,6270,98)) PO =0) PO = 0,41)

7

To calculate the first term, the ratio of likelihoods, only the PP-likelihoods need to be evaluated,
since the parameters of the -likelihood remain unchanged and this term cancels out. For the
second term, the numerator is the density of the prior, i.e., a normal distribution with mean
zero and variance v;, and the denominator is the density of the pseudo-prior. The third term

cancels out due to equal prior model probabilities.

E.2 Stochastic Search Variable Selection

Stochastic Search Variable Selection (George and McCulloch, 1993, SSVS) was the first MCMC
sampling approach to variable selection. It was developed by George and McCulloch (1993)

and has since been applied extensively, including for Bayesian VAR estimation (George et al.,

2This is a convenient alternative to the common practice of doing a pilot run for the unrestricted model,
taking advantage of the closed-form availability of conditional posterior moments for .



2008). The idea here is that those parameters that are excluded from the model are taken to
be from a prior that is a tight distribution around zero.

Formally, the parameter prior is specified as the following normal mixture: P(\;|v;) = (1—
)N (0,72) + 7 N(0,7%). This can be obtained from the multivariate normal prior P(\|y) =
N(0,D,RD,), where D, is a diagonal matrix with elements (1 — v;)70; + 7;71;, and R is a
correlation matrix, here equal to the identity matrix due to prior conditional independence.
Intuitively, for included elements the prior variance, 72, is chosen large so that the posterior
estimate is informed by the data, while for excluded elements the prior variance, 73, is set
to a small value, so that posterior estimates are close to zero. Following common practice, |
choose these variances to be multiples of the variance of the least-squares estimates for the
unrestricted model: 7y = o0y, and 7; = ¢10,,, where ¢y and ¢; are tuning parameters.
Specifically, I will set ¢; = /g, in line with the prior specification for the other samplers, and
¢o = 1/¢1. These choices leads to good convergence speed.

In iteration j, first A\ is drawn conditional on the values for all other parameters from
iteration j — 1. All elements of A are drawn simultaneously in a Gibbs step from the normal
conditional posterior distribution, whose moments are given in Appendix C.2. Note that the
prior covariance matrix is D, RD., and no zeros are imposed on A.

The elements of v are drawn successively, in random order, from their conditional posterior
(J
i

distributions. Denote by ~ ) the element that is sampled, and by 7(_ji) all remaining elements.

The success probability of the Bernoulli conditional posterior is determined by:

P =129, 50 POO? =1,49697Y)  p(Y

(3 y [—g

1)
0)

Al
POY =0p0,007,98)  Po
()" exp(=5 (A /m,)?)
(o)™ exp(—5(A /70:)2)

b

where the second line follows from the prior conditional independence of the elements of A
and the equal prior model probabilities. This ratio does not depend on the data because in
the SSVS approach, v affects the likelihood only through A.

E.3 Reversible-jump Markov chain Monte Carlo

The Reversible-jump Markov chain Monte Carlo (RJIMCMC) sampler developed by Green
(1995) allows moves between parameter spaces of different dimensionality, and therefore can
deal with the setting in which the prior of the excluded elements of A is simply a point mass

at zero. This approach is extremely flexible, allowing for different types of moves between



models. T adapt the local reversible-jump sampler of Dellaportas and Forster (1999), where
only local moves are considered. Denote the current state of the chain by (A, ~), 9@). First
the decision is made between a “null move” (a within-model move) and a “jump move” (a
between-model move). With 25% probability a null move is undertaken, in which v remains
unchanged and X is updated using a Gibbs step. If a jump move is attempted, a proposal
for (N,4) is constructed by changing only one parameter. The index of the element to be
changed, 4, is randomly chosen. If %(j ) = 0, then the element is added to the model, otherwise
it is deleted. When the move involves adding a parameter to the model, the proposal is
N = g(AU) u), where u is a scalar drawn from the proposal density ¢;(u), taken to be N (u;, 02),
and ¢(-) is the identity transformation (such that A\, = u). The acceptance probability is

a(AD) A0 g0 Ny = P(YIA’,'V’,G(_j)) PIXNY)  Py) 1

T P(Y|A),y0), 99)) P(AOD) |yD)) P(v)) g;(u)
PYIN, 7, 09) 0] exp(—u?/v;)

P(Y|A0), y0), 99)) o exp(—(u — p;)?/07)

where the second line follows from prior conditional independence and equal prior model
probability.> When an element is deleted from the model, we have (N, u') = ¢(=Y(\0)),

meaning that A’ now has a zero at the i-th position, and )\Ej ) = o', In this case,

a(AD, 4 FIY N = P(Y|)\/’,Y/,6(_J)) o eXp(—(u/_M)2/Ui2).
o P(YIAND, 0, 09) v} exp(—u?/v;)

(2

The choice of the proposal distributions plays an important role for the efficiency of the
sampler. Ideally, they should be close to the conditional posteriors (Goodsill, 2001, Sec. 2.3.2).
Here, the parameter conditionals for each element of A\ are in fact available in closed form,
based on standard results. I use the moments of these conditional posterior distributions,
calculated anew in each iteration for the chosen element 4, for y; and 0. The resulting sampler

achieves good efficiency in that it jumps between models frequently.

3As for GVS, the ratio of the likelihoods only requires calculating the P-likelihood.

4Consider the relevant equation in the system X, — Engt = Ao + M X;_1 + Xe;. After subtracting all
terms not involving the parameter of interest \;, the conditional posterior moments for \; follow from standard
results for univariate Bayesian regression—see also Geweke (1996) and Kuo and Mallick (1998).

10



F Details and additional results for simulation study

The data used to estimate parameters for the DGP is described in Section 4. I estimate a two-
factor DTSM on this data—the two factors correspond to level and slope of the yield curve. To
construct the DGP, I first obtain the maximum likelihood estimates for the unrestricted model,
and determine which elements of A are significantly different from zero at the 5% level. Only
one out of six parameters is significant. Then in a second step I obtain maximum likelihood
estimates of the model which restricts the other five parameters to zero. The parameters

estimated in this way are used in the DGP. The risk risk-price parameters are

0 —0.
Ao = A = 0 —0.0375 |
0 0 0

and the remaining parameters are k% = 4.9 -107%, ¢® = (0.9916,0.9750), 0. = 2/120000 (2
basis points), and ¥ = ((2.2-1074,0.6 - 10%)’,(0,1.2 - 10~%)"). The results are discussed in
Section 3 of the paper.

In additional, unreported results, I have found that for longer sample sizes, the model-
selection samplers become even more accurate in recovering the DGP specification when longer
samples are simulated. This indicates that small samples make it more difficult to correctly
identify risk price restrictions, consistent with the notion that small-sample bias plays a role
for both parameter estimates and model selection.

While the DGP described above is chosen based on actual estimates in the data, with
many risk-price parameters restricted to zero, it may be of some interest to also consider a
DGP that leaves all risk-price parameters unrestricted. In this case, there is unfortunately no
obvious way to choose the risk-price parameters. The ML estimates are close to zero for most
risk-price parameters, and simulating from such a model, where elements of A are non-zero
but very small, would make it impossible for any model selection algorithm to identify all
parameters as truly non-zero. The DGP risk-price parameters therefore have to be chosen in
some other way. I do so by setting them to equal values in absolute magnitude, choosing this
magnitude to be roughly economically reasonable, and taking into account the restriction that

these values do not make the VAR explosive. This leads me to the following parameters:

1 ~1 -1
Ao = 120071 ( ) A\ = ( ) .
1 1 -1

The remaining DGP parameters are the ML estimates for the unrestricted model, which after

rounding are the same as those reported above. The results for model selection in the simu-
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lated yield data are shown in Table A.1. Bayesian model selection still does reasonably well,
even though choosing restrictions from estimates of the unrestricted model is now somewhat
more accurate. Specifically, choosing a preferred model based on 95%-CIs for the risk-price
parameters from the unrestricted estimation leads to the correct, unrestricted model in 73 out
of 100 simulated samples. Choosing the modal model based on the posterior model proba-
bilities from SSVS, GVS, and RJIMCMC leads to the correct model in only 46-48 out of 100
samples. The model prior plays a role in explaining this result. Since it puts equal probability
on each parameter being unrestricted or restricted, it leads to a Binomial distribution over
the number of unrestricted parameters with a mean of three (see Section 2.4). Hence even
if the likelihood favors six unrestricted parameters, the posterior will tend to favor at least
some restrictions due to the prior. It is not possible to specify a completely uninformative
model prior in Bayesian variable selection. One could increase the prior probability of inclu-
sion for the risk-price parameters, in order to favor less restrictive models (Chipman et al.,
2001; Clyde and George, 2004) if there are a priori reasons to do so. However, in the context
of term structure models there are no such reasons—on the contrary, one might want to in-
stead impose more parsimony via the prior to make better use of no-arbitrage via additional
risk-price restrictions.

In sum, the results of the simulation study show that my Bayesian model selection samplers
do reasonably well for alternative DGP specifications. For a plausible DGP based on estimates
from the data, this approach accurately infers the true model specification. It is possible to
write down DGPs for which model choice based on posterior Cls from the estimation of
an unrestricted model performs better than joint-model-parameter sampling, but the latter
approach still performs satisfactory. Of course, only joint-model-parameter sampling can

appropriately incorporate model uncertainty in this context.

G Excess bond returns

The continuously compounded return of holding an n-period bond for A periods, in excess of

the risk-free rate, is

e, = —(n — h)yrot + nyl — hyl.

For fitted excess returns, calculated using model-implied yields, we have

~ (n ~n—h N ~h
rl‘g,tlh = —(n-— h)th + ng;" — hy,

- An_h - An + Ah ‘I’ Bfn—hXt-i-h — (Bn - Bh)/Xt'

12



Fitted excess returns are generally close to observed excess returns, because of the accurate
cross-sectional yield fit of the models considered in this paper.

The time-t model-implied expected excess return is

Bl = Awn — Ay + A+ By EXoon — (Bo — By)'X,
= App—An+ A+ B, [(In — PVE(X,) + "X, — (B, — By)' X,
= Aoy — Ap+ Ap+ (B,_, — B, + B)E(X,) + (B,_,®" — B, + B},)(X; — E(X})),

and the surprise component of the excess return is

Tkﬁlh — E ry tt+h =B, 1 (Xipn — B X)) = Z " 225t+u

see also equation (11) of Duffee (2011).
To gain some intuition about the model’s implications for returns, consider the one-period

excess return, which can be written as follows:

i, = —% SN B + B, SN+ B Se. (4)
The first term, which corresponds to %Vart(rfrgzlrl), is due to convexity. The second term
captures the actual risk compensation for level, slope, and curvature risk. This can be seen by
rewriting it as A\,Covg(e¢41, rxg +1), the product of the prices of risk and the quantities of risk.
In a Gaussian model, quantities of risk are constant, and time-variation in expected returns
is due exclusively to movements in \;. The third term in equation (4) captures the surprise
component of the excess return.

Consider now the predictability regression in Section 5.3, for which we want to derive the
model-implied R?. Because the regressors correspond to the risk factors in the DTSMs, the
population R? is equal to the variance of model-implied expected excess returns divided by
the variance of model-implied realized excess returns, i.e.,

) Var(EtT?z:gﬂr i)

pop

Var(regy,)
The variance of expected excess returns is given by

Var(Ept Vo) = (BL_,@" — B, + B} Var(X,)(B,_,®" — B, + B})'.

13



The unconditional covariance matrix is calculated using Var(X;) = (Iy2 — ® @ @) vec(LY).

The variance of realized excess returns is

h
Var(rz(.,) = Var(Egaly,,) + By (Z @hizzf@hi)’) B

i=1

Since yield loadings are very similar across models, differences in model-implied return pre-

dictability are due to differences in ®, which in turn stem from differences in \;.
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Table A.1: Simulation study for alternative unrestricted DGP: risk-price restrictions

Element of v

Freq. of

1) (2 () (4) (5 (6) corr. model
DGP 1 1 1 1 1 1
MCMC 0.99 1.00 0.92 1.00 0.81 1.00 73%
SSVS 0.86 0.99 0.75 0.96 0.69 0.96 46%
GVS 0.86 0.99 0.75 095 0.69 0.96 47%
RIJIMCMC 0.85 0.99 0.72 094 0.71 0.95 48%

Risk-price specification of the data-generating process (DGP), and estimation results in simulated
data. For MCMC (estimation of unrestricted model), the fraction of samples in which the
95%-credibility interval for the corresponding element of A did not straddle zero. For
model-selection samplers, average posterior means for v across simulations. Last column shows the
percentage of samples in which the correct model was chosen—for MCMC model choice is based on
95%-credibility intervals and for the model-selection samplers on posterior model probabilities.
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