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ABSTRACT

In this paper, we forecast local currency debt of five major emerging market countries
(Brazil, Indonesia, Mexico, South Africa, and Turkey) over the period January 2010 to
January 2019 (with an in-sample period: March 2005 to December 2009). We exploit
information from a large set of economic and financial time series to assess the
importance not only of “own-country” factors (derived from principal component and
partial least squares approaches), but also create “global” predictors by combining the
country-specific variables across the five emerging economies. We find that, while
information on own-country factors can outperform the historical average model, global
factors tend to produce not only greater statistical and economic gains, but also enhance
market timing ability of investors, especially when we use the target variable (bond
premium) approach under the partial least squares method to extract our factors. Our
results have important implications not only for fund managers but also for
policymakers.
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1 INTRODUCTION

The data set used in this paper includes a relatively large set of economic indicators,
consisting of 97, 87, 121, 114, and 105 economic series for Brazil, Indonesia Mexico, South
Africa, and Turkey, respectively. These series are selected to represent a broad range of
macroeconomic variables relating to supply-side indicators, such as industrial production
indexes, and demand-side indicators, such as electricity consumption and motor vehicle
sales. In addition to macroeconomic variables, we also include commonly accepted technical
indicators of stock markets, namely the price-earnings ratio, the dividend yield, price to
book ratio, etc. All data were downloaded from Bloomberg, and a complete list of variables
is available in Tables A1-A5 of the online Appendix (Supporting Information). All variables
are subject to preliminary transfarmations to induce stationarity as needed.

Theoretically, the yield on a long-term nominal government bond can be expressed as the
sum of expectations of future short-term rates over the maturity of the bond and a
maturity-specific term premium. Since long-term bonds have a greater duration to maturity
than short-term debt, investors typically demand a risk premium. In this regard, although a
large number of studies have investigated the determinants of bond premia for advanced
economies (see; Cepni, Demirer, Gupta, & Pierdzioch, 2019; Cepni, Gupta, & Wohar, 2019;
Cochrane & Piazzesi, 2005; Gargano, Pettenuzzo, & Timmermann, 2019; Ghysels, Horan, &
Moench, 2018; Laborda & Olmo, 2014; Ludvigson and Ng, 2009, 2011; Zhu, 2015)," the
corresponding literature on emerging market local currency bonds is scarce, with the
existing studies primarily dealing with in-sample predictability (see, e.g., Akgiray, Baronyan,
Sener, & Yilmaz, 2016; Cepni, Gul, & Gupta, 2019; Cepni & Glney, 2019; Gadanecz, Miyajima,
& Shu, 2018; Miyajima, Mohanty, & Chan, 2015). Miyajima et al. (2015) show that, while
resilient to global risk aversion shocks, forecasts of the domestic short-term interest rate,
output growth, and the fiscal balance explain a large part of the local currency bond yields of
emerging markets. Akgiray et al. (2016) looked at predictability of local currency excess bond
returns in the emerging markets of Brazil, Mexico, South Africa, and Turkey. As in Ludvigson
and Ng (2009, 2011), using a dynamic factor approach based on a large panel of economic
and financial time series, these authors detected strong predictable variation in bond
premia derived from macroeconomic activity. Gadanecz et al. (2018), based on a large
sample of emerging countries, found that when the volatility and expected depreciation of
the exchange rate increased, investors required a larger yield compensation for holding
local currency bonds. While Cepni and Glney (2019) highlight the role of credit ratings
besides macroeconomic and financial (including exchange rate volatility) variables, Cepni et
al. (2019) document the importance of uncertainty related to economic policies in driving
local currency bond premia of emerging countries.

Realizing that real-time forecasts are more important for fund managers than information of
in-sample predictability (Welch & Goyal, 2008), and also the fact that the ultimate test of any
predictive model (in terms of the econometric methodologies and predictors used) is in its



out-of-sample performance (Campbell, 2008), we build on the in-sample-based evidence of
Akgiray et al. (2016) in several directions when conducting a full-fledged out-of-sample
forecasting exercise. First, we not only extract common factors from a large data set using
principal component analysis, but we also rely on partial least squares. The latter approach
also constructs a set of latent factors from a large set of variables, but unlike principal
components analysis it estimates factors that are specifically valuable for forecasting a given
target, which in our case is the local currency bond premia of emerging markets. Second,
when extracting factors, we not only consider “own-country” variables but also create factors
by combining the country-specific variables across the five emerging economies. This
resulting set of “Global” predictors, and its global subsets of “Macroeconomic” and
“Financial” factars, are used individually to specify new factors, which are then combined

with the own-country factor model. Note that the motivation for doing this emanates from
the widespread evidence of spillovers (comovements) across sovereign bond markets of
emerging countries due to common underlying cross-country factors (Bunda, Hamann, &
Lall, 2009; Subramaniam & Prasanna, 2017; Subramaniam, Prasanna, & Bhaduri, 20186).
Third, given that forecasts for which conventional prediction error statistics outperform the
benchmark models might not result in profitable investment strategies, we employ a
directional accuracy test that analyzes market timing ability by constructing the hit ratio with
the assumption related to the probability of independence between predictions and
realizations. Fourth, since directional predictive ability does not ensure economic
significance, we also analyze the economic value of active trading strategies formed on the
local currency bond risk premium forecasts by utilizing the setting for a mean-variance
investor aiming to optimally allocate wealth across risky and risk-free instruments using a
utility-based metric. Finally, as a minor addition to the work of Akgiray et al. (2016), we also
include Indonesia in our analysis besides Brazil, Mexico, South Africa, and Turkey, as
analyzed by these authors. Note that we select these five major emerging sovereign bond
markets by notional amount outstanding.2 These countries, as pointed out by Akgiray et al.
(2016), share three essential features: (a) they belong to the J. P. Morgan Government Bond
Index—Emerging Markets (GBI-EM), which is an investable index for emerging market local
currency bonds; (b) they have large and liquid local currency bond markets in which search
and trading costs are low; and (c) they offer long-term local bonds. Moreaver, as of the first
quarter of 2019, these five economies comprise 26.7% of the total market size of local
currency bonds of (18)2 emerging markets in the GBI-EM index (Debt Securities Database,
Bank of International Settlements), with Mexico (10.3%) leading the pack and followed by
Turkey (5.7%), Indonesia (4.7%), Brazil (4.5%), and South Africa (1.5%).

To the best of our knowledge, this is the first paper to incorporate the role of local and
global factors in forecasting the local currency bond risk premia of five important emerging
countries over the period January 2010 to January 2019 (given the in-sample period of March
2005 to December 2009) from not only a purely statistical perspective but also based on
aspects of investment strategies and economic significance. The remainder of the paper is
organized as follows: Section 2 discusses the data; Section 3 outlines the econometric
methodologies; Section 4 presents the results; and Section 5 concludes the paper.



2 DATA

The data set used in this paper includes a relatively large set of economic indicators,
consisting of 97, 87, 121, 114, and 105 economic series for Brazil, Indonesia Mexico, South
Africa, and Turkey, respectively. These series are selected to represent a broad range of
macroeconomic variables relating to supply-side indicators, such as industrial production
indexes, and demand-side indicators, such as electricity consumption and motor vehicle
sales. In addition to macroeconomic variables, we also include commonly accepted technical
indicators of stock markets, namely the price-earnings ratio, the dividend yield, price to
book ratio, etc. All data were downloaded from Bloomberg, and a complete list of variables
is available in Tables A1-A5 of the online Appendix (Supporting Information). All variables
are subject to preliminary transfarmations to induce stationarity as needed.

More specifically, the data set covers the period March 2005 to January 2019 and can be

classified into seven categories:

* Housing and order variables: house price index, completed buildings recorded, and new
orders;

* [labor market variables: employment, labor participation rate, and unemplayment rate;
* Prices: producer prices and consumer prices;
* Financial variables: interest rates, exchange rates, implied volatility, and stock prices;

* Money, credit and quantity aggregates: money supply, mortgage loans, time and sight
deposits;

* Real economic activity: PMI survey, industrial production, retail sales and consumer
confidence;

» Technical indicators: price to book ratio, total debt to total assets and dividend payout
ratio.

In addition to the above set of macroeconomic and financial indicators, which are used in
our construction of local and global factors, we collect monthly observations of 1-year,
2-year, 3-year, 4-year, and 5-year zero coupon bond prices for Brazil, Indonesia, Mexico,
South Africa, and Turkey. We follow (Cochrane & Piazzesi, 2005) for the notation of excess
bond returns and yields. Let p,™ be the log-price of n-year discount bond at time ¢, then the
log-yield is »™ = 'Tlp,':’”. We denote the log-holding period return from buying an n-year
bond at time ¢ and selling an n — 1year bond at time ¢ + 1 as: ;™ = p.y, ™1 — p,™. Finally,
the excess returns are computed using the following equation:
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where r:cﬁ'l denotes the continuously compounded excess bond returns on an n-year zero
coupon bond in period ¢ + 1. Put differently, the risk premium on an n-year discount bond
over a short-term bond is the difference between the holding returns of the n-year and the

1-year bonds.

3 EMPIRICAL METHODOLOGY

3.1 Extraction of common factors

We estimate the common factors from a large data set of macroeconomic variables to
explore the relevance of incorporating richer information sets into the analysis of a local
currency bond risk premium. Since using a large set of predictors exacerbates parameter
estimation uncertainty, standard least squares or other estimation methods seem to be
infeasible given problems like multicollinearity and degrees of freedom. Thus we employ
widely used dimensionality reduction techniques, namely principal component analysis and
partial least squares.

3.1.1 Principal component analysis (PCA)

PCA is the most popular multivariate statistical method utilized for data reduction and size
compression. It aims to extract the important information from a large data set by
expressing it as a set of new orthogonal variables called principal components. In this
context, the factor representing the highest proportion of the total variation across variables
is termed the first principal component, which captures the common movements.
Technically, the PCA method identifies the directions in the data with most variation (which
are called eigenvectors) by conducting spectral decomposition of the correlation (or
caovariance) matrix of the data. Let D represent the p X p correlation matrix to be analyzed.
The eigendecomposition of D can be illustrated as follows, in which vi terms represent
eigenvectors (principal components):

P
D= VAV’ZAEUM,
i=1
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The widespread use of the PCA method in financial economics and forecasting practices is
discussed in Stock and Watson (2002, 2002), Bai and Ng (2002), Diebold and Li (2006), and
Ludvigson and Ng (2009), Ludvigson and Ng (2011). Moreover, it is also preferred particularly
in regarding stock return predictabilities. Some recent works in the literature show that
prediction about excess stock returns can be improved by exploiting the factors obtained
from a large set of macroecanomic and financial variables through factor models, as argued
by Bai (2010), Neely, Rapach, Tu, and Zhou (2014), and Cakmakli and van Dijk (2016).




3.1.2 FPartial least squares

As discussed by Bai and Mg (2008) and Boivin and Ng (2006), the performance of PCA may be
poor in forecasting the target variable when other factors dominate the predictive ability of
a target-relevant factor. In static factor models, it might be the case that the included factors
do not reflect the most relevant information for the excess bond returns that we want to
forecast. In order to overcome this issue, we utilize the partial least squares (PLS) method of
Wold (1966). This technique also constructs a set of latent factors from a large set of
variables but, unlike the PCA, it estimates factors that are specifically valuable for forecasting
a given target. Although Kelly and Pruitt (2015) show that PLS and PCA extract asymptotically
similar factors when the data have a strong factor structure, Groen and Kapetanios (2016)
demonstrate that PLS outperforms PCA in forecasting the target variable in the presence of
a weak factor structure for the predictor variables, far which PCA is known to be
inconsistent.

The PLS methad is applied by following the two-step procedure explained in Friedman,
Hastie, and Tibshirani (2001). The algorithm starts by standardizing each candidate predictor
variable X;( j =1, ... ,p) to have zero mean and unit variance. Then, univariate regression
coefficients 7y; = (x,, y} are stored for each j. From this, the first PLS direction %1 = ;ﬁ;xj is

obtained as the weighted sum of the vector of univariate regression coefficients and original
set of predictor variables. Thus the construction of the PLS direction includes the degree of
association between excess bond returns and common factors. In the following step, the
“target” variable ¥ is regressed on 2y, resulting in a coefficient #,, and then all inputs are
orthogonalized with respect to Zi. This process is iterated until PLS produces a sequence of
I < p orthogonal directions.

Since PLS uses the excess bond returns to construct the directions, its solution path is a
nonlinear function of excess bond returns. As stated in Bianchi, Buchner, and Tamoni (2019),
it differs from PCA in the sense that, while PCA seeks directions that maximize only the
variance, PLS aims for the directions that have high variance and high correlation with the
target variable simultaneously. In particular, the m th PLS direction 7, solves the following
optimization problem:

max corr?(y, X, var(X,),

o

subjectto |e||=1, &'Syi=0, I=1,...,m—1,

(3)
where S represents the sample covariance matrix of X;.
3.2 Factor-augmented predictive regressions

The approach that we consider in this paper is based on the assumption that the large set of
macroeconomic variables available obey a factor structure of the form
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where F; is an n x 1 vector of unchserved common factors ( n < N) with zero mean and
unit variance, which reflects “most” of the comovements in the variables; A is a
corresponding n x 1 vector of factor loadings; and the idiosyncratic disturbances, &, are
uncorrelated with F; at all leads and lags, and have a diagonal covariance matrix, ,. Given
such estimates of commaon factors, we consider a factor-augmented predictive regression
for excess bond returns of the following form:

rxgﬂl A+ P+ Egn,

(5)

where the dimension of f,isr x 1, withr < n; #is an intercept term; gisanr x 1
-dimensional vector of slope parameters; and €+ is again an unobserved disturbance term
with mean zero. Nevertheless, the excess bond return itself does not need to be dependent
on the full set of F;; it is important to select the number of factorsr to be included in
predictive regressions. In order to select the number of factors (r) in Equation 5, we search
across all combinatians, forr =1, ... , 5, and choose the model for each country by
comparing the out-of-sample performance for all combinations of parameters.*

3.3 Forecasting experiment

We carry out two types of experiment. In our first set of experiments, we investigate the
forecasting performances of factor-augmented predictive regressions where the factors are
constructed using both PCA and PLS methods based on only local or “own-country” variables
of a specific country. We label this specification (1) as the “local factor model.” Our second
set of experiments includes combining the country-specific variables used in our first set of
experiments across all five countries. This resulting set of “global” predictors (which includes
all variables) is then partitioned into two sets of variables: “macroeconomic” (which includes
only macroeconomic variables) and “financial” (which includes only financial variables).
These subsets of variables are then used individually to specify new factors that are
combined with our local factor model. In particular, we add three new specifications (2-4) as
follows:

* Specification 1: Local factor model rx‘”) TR Fantal o N

* Specification 2: EM macro factor model ") = p + f/ flo 4 @ fEMmaco 4 gy
 Specification 3: EM financial factor model rx(“) pt P g fEMnanal gy

s Specification 4: EM global factor model rx™ = 4 p/ flocal 4 5 pMEOM 4 gy



We evaluate the forecasting performance of the above factor-augmented regression models
by using a recursive forecasting scheme—that is, by expanding the model estimation sample
prior to the construction of each new forecast. The estimation sample starts on March 2005,
and our out-of-sample evaluation period is January 2010 to January 2019, with the start of
the forecast evaluation corresponding to the turmoil in the global bond markets as a result
of the European sovereign debt crisis. For each month, we produce a sequence of six
-month-ahead forecasts; thatis, k = 1, 2, 3, 6, 9, 12. Finally, we use the mean squared
forecast error (MSFE}-adjusted test of Clark and West (2007) to compare forecast
performance relative to the random walk (RW) model. While comparison with the RW model
is a standard exercise in most forecasting applications, as it allows us to quantify the
accuracy gains associated with models that incorporate additional exogenous (own-country)
information, evaluation relative to the the specification types 2-4 allows us to quantify the
importance of cross-country macrofinancial linkages when forecasting the excess bond
returns.

3.4 Market timing

As argued by Leitch and Tanner (1991) and Pesaran and Timmermann (1995), among others,
traditional statistical measures might ignore the implications of predictive models in terms
of investors. Put differently, forecasts for which conventional prediction error statistics turn
out to outperform the benchmark models might not result in profitable investment
strategies. To fill this gap, we employ the directional accuracy test of Pesaran and
Timmermann (1992). This nonparametric test analyzes the market timing ability by
constructing the hit ratio with the assumption related to the probability of independence
between predictions and realizations. In this context, the hit ratio can be defined as the
share of periods (months), for which the sign of excess bond returns is predicted correctly,
in the entire sample period. The null hypothesis of this test is specified as the lack of
relationship between the actual and the predicted directional changes. In our case, the null
hypothesis is formulated as the nonexistence of market timing ability, and is tested with the
empirical hit ratio by examining whether ar not the empirical indicator is significantly larger
than the expected hit ratio.

Given that p and p+*represent actual and expected hit ratios (under independence
assumption), respectively, we can provide the following representations:

n—1

1
P= = Irnuifopl,
=i

PY = PP+ (1 - Pl — Py,

(6)

where [[.]is the indicator function, which takes the value one when the multiplication of
realized excess bond return ( rp..+1) with forecast excess bond return ( Fy 4) is positive,



whereas it takes the value zero otherwise. In a similar manner, expected hit ratio is a
function of the proportion of time periods for which actual (£, = % i) and
predicted ( P, = iE?_lf[?‘bml) local currency bond risk premia are positive. The directional
accuracy (DA) statistic can then be formulated as follows:

P—P,
VV(P) - 'I?’(ﬁ*),

DA =

(7)

where §7(P) and 17(P,) stand for estimates of variances of p and p,, respectively.

3.5 Economic value analysis

Since directional predictive ability does not ensure ecanomic significance, our
methodological framework also incorporates the economic value of active trading strategies
formed on the local currency bond risk premium forecasts. To this end, we utilize the setting
for a mean-variance investor, who optimally allocates the wealth across a “risky asset” and
“risk-free instrument.” In particular, this setting is constructed based on a myopic risk-averse
investor with one-period horizon. We develop a utility-based metric to assess the willingness
of the investor, in terms of return-based values, for switching from passive investment
strategy to an active one, given the informative content of our bond risk premia predictions.
The employed procedure is frequently used to determine the economic value of dynamic
investment strategies (de Pooter, Martens, & van Dijk, 2008; Fleming, Kirby, & Ostdiek, 2001),
and is widely preferred for analyzing the superiority of factor-augmented predictions in the
equity risk premia literature (Buncic & Tischhauser, 2017; Cakmakh & van Dijk, 2016;
Campbell & Thompson, 2008; Ferreira & Santa-Clara, 2011; Neely et al., 2014). Economic
value analysis also paves the way for the calculation of certainty equivalent return (CER), as
well as the incorporation of risk aversion behavior, lack of which is the weakness of many
empirical studies.

In general, the mean-variance investor is assumed to maximize the expected utility from his
or her ass et allocation decision with the following objective function:

1
mMaXU(Rp 1) = EdRpss1) — EJ’ var(Rp 1),

Wi

(8)

where Ry stands for the return on investor's portfolio. Ey(Rp ) and var(Rp 1)
represent the expected value and the variance of the portfolio return, with respect to time
period ¢ + 1 conditional on the information set available in time period ¢. Furthermore, ¥
measures the investor's degree of relative risk aversion. At the end of period ¢, the investor
is assumed to optimally allocate a portion of the funds W; to a risky asset, which is the local



currency sovereign bond, while the remaining partis invested in a risk-free instrument
during period ¢ 4 1. Thus the portfolio return can be represented as follows:

Rps1 = Frpe1 + Wi Tha,

(9)
where Fr.1+1 and s.+1 denote risk-free return and excess bond return, respectively.
Assuming that the risk-free rate of return is fixed at the end of period, the solution of the
investor to the utility maximization problem yields the following portfolio variance and
optimal portfolio weight for long-term bonds as follows:
vary( R, 1) = l'";z+1\’3fr(rb.t+l):.
. 1 Edmen)
l"”!+1 = vt N
7 vardrus)
(10)

In this case, the optimal ass et allocation decision is performed by considering the

forecast of bond risk premia, and its variance is given the information available up to time t.
Hence we assume that the representative investor utilizes recursive excess bond return
predictions as an estimate of conditional expected returns. On the other hand, our
framework includes several assumptions. First, a 3-year rolling window of past returns is
used to estimate the forecast variance of the bond risk premia. Secondly, the portfolio share
of the risky asset is constrained with an interval of 0 and 1.5 following (Neely et al., 2014).
This assumption is deemed to be realistic given that it not only allows for short-sale, but it
also embodies the restriction on the leverage of portfolio with 50% threshold. Lastly, the
coefficient of relative risk aversion 7y is set to 5.

The CER for the portfolio is then calculated as follows:

. 1 .
CER, = i, — ngn'z,

(11)

where fi, and &5 are the sample mean and variance for the portfolio return Rp 1+ over the
forecast evaluation period. This indicator can be interpreted as the absolute fixed return for
which an investor will be willing to abandon the investment in the risky portfolio. In line with
this, CER gains can be defined as the difference between the CER indicator calculated for an
investor who uses the informative nature of the predictive regression forecasts, and CER for
an investor who takes input from the historical average forecasts into consideration for
making investment decisions as a benchmark strategy. This difference is multiplied by 1,200

10



to be interpreted as the annual percentage portfolio management fee that would be paid to
use the predictive factor-augmented regression forecasts. Similarly ta (Neely et al., 2014), we
assume the portfolio transaction cost to be equal to 50 basis points. The following equation
determines the change in CER based on the discussion above:

&CERmmr-augm.ented =1,200 # [CERfa::tor-augmeuLed

_ CERheuclmmL:)_

(12)
4 EMPIRICAL RESULTS

4.1 Out-of-sample forecasting results

Tables 1-5 summarize the results of our experiments, in which we compare the four
different specification types that are used for forecasting excess bond returns. Additionally,
each of these specification types is estimated using both PCA and PLS. The tables are
partitioned vertically into four sets of results for 2-year, 3-year, 4-year, and 5-year excess
bond returns across five emerging market economies, respectively. In each of the tables,
entries in the first row correspond to MSFEs associated with forecasts constructed using the
RW model. All other entries in the tables are MSFEs of the other models relative to the RW
model.

The results in Tables 1-5 reveal various interesting observations. First, we observe that MSFE
values generally increase with the forecast horizons. Second, virtually all of the entries in
Tables 1-5 are less than unity, indicating that the factor-augmented predictive regressions
generally produce quite accurate predictions relative to the benchmark RW model. Third,
this observation is further supported by the test of Clark and West (2007), noting that entries
with “stars” indicate rejection of the null hypothesis of equal predictive accuracy, indicating
statistically significant improvements in forecast accuracy compared to the RW model.

Fourth, our results indicate that there are notable decreases in MSFE for a number of
countries when “macro” and “global” factors extracted from our pooled data set across the
emerging market countries included in the predictive regressions, especially for Brazil,
Indonesia, and Mexico. For example, note that in Table 1 (i.e., the case of Brazil) the inclusion
of emerging market global factors results in best MSFE madels in 10 out of the 24 cases.?
For Indonesia (see Table 2), the model that includes the emerging market macro factors
attains the top rank in 14 out of 24 cases. The predictive power of emerging market macro
factors is particularly notable for longer maturity of excess bond returns, and also for longer
forecast horizons. Since the risk premia on long-term bonds are subject to more sizable
price fluctuations than short-term bonds, investors are more likely to require a higher risk
premium for holding long-duration assets. Moreover, this result provides further evidence
supporting the main finding of Ludvigson and Ng (2009) on the forecasting power of broad
macro factors for excess bond returns. The picture is equally clear for Mexico, in which

11



Table 1. Out-of-sample forecasting of excess bond returns based on alternative model

specifications: Brazil
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Note. Entries in the first row of the table are point MSFEs based on the benchmark random walk
(RW) model, whereas the rest are relative MSFEs. Hence a value of less than unity indicates that a
particular model and estimation method is more accurate than that based on the RW model, for a
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8.15
1413
LOT7**
AL ey
L.05**
0.88**
0.92*
0.84%*
0.82**

1L14
LO8***
1ees
105
L1
0.89%*
0.87**
0.85%
0.84°*

h=12

288
1.03*
1.10*
1.04%
LO1**
0.82%
0.82%
088
083+

57

0.97%
L14%
LOgee*
0.96*
086
D8R
087
0.85%*

813
1.00**
L18**
1.]200e
100
091*

090
087

1110
1500
LG
104
1.
093
0.88**
0.92*
0.91*

given forecast horizon. Models that yield the lowest MSFE for each forecast horizon are denoted in

bold. Entries superscripted with an asterisk (***1% level; **5% level; *10% level) are significantly
superior to the RW model, based on the Clark and West (2007) predictive accuracy test.
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Table 2. Out-of-sample forecasting of excess bond returns based on alternative model

specifications: Indonesia

h=1
ril
+1
RW L8l
Local-PCA L1S

EM macro-PCA 1.09
EM financial-PCA 0.97**
EM global-PCA 1.06
Local-PLS 0.73%
EM macro-PLS 0.72%%

EM financial-PLS 0.81**

EM global-PLS  0.71***
"Et

RW 162

Local-PCA 1.16

EM macro-PCA L2
EM financial-PCA  0.08***
EM global-PCA 0.69**
Local-PLS 0.73%
EM macro-PLS 0.80***

EM financial- PLS ~ 0.83*
EM global- PLS  0.80°*
o]

RW 5.38
Local-PCA 114

EM macro-PCA 111

EM financial-PCA  0.07***
EM global-PCA 0.69***
Local-PLS (.72
EM macro-PLS 0.79%*
EM financial-PLS  0.82***
EM global-PLS 0.79%*

R
RW 690
Local-PCA 115
EM macro-PCA 112
EM financial-PCA  0.97***
EM global-PCA 110
Local-PLS 0.89**
EM macro-PLS 0.79**
EM financial-PLS  0.80***
EM global-PLS 1.79%

Note. See note to Table 1.

h=2

183
113
1.08
1.03%
1.06
(.75
.75
0.86%*
0.75%

365

115

1,120
1Og%e
0.7g%
0.76*
0.82%*
.88
0.82%%

5.43
113
111
1015
0.78%*
0.76%
0.81**
087+
0.81*

6.97
113
111
Lij19es
110
0.90***
081
0.85%
0.8]%*

h=3 h=6

1.84
113
1.09
109
106
0.77**
0.77**
080
0.76**

368

114

RLRR-
LE7ess
0.90*
0.79**
0.85%
0.93**
0.85%

547
1.13
111
1LO5%*
0.8E**
0.78**
0.83*
0.9]1*
0.83*

702
113
L12
LO5*
L10
0.92%

0.89*
0.84%

1.89
L13
110
107+
1.07
0.82%+
0.80***
0.90%**
0.80%**

179
112
L10%*

LO7e*
0.86%*

XA
0.86%*

5.64
111
1.09
LO06***
L.0g**
0.87**
0.84*
LO1**
0.847*

7.24
L1l
109
2 g
1.09
0.9]**

1.00%**
0.83%*

h=0

1.96
112
110
L11*
1.07
0.92%+
0.9]1%*
L1
0.91*

304
L1l
1.09*
1.10*
1.26%>
0.97%

L1
0.88

5.88
1.10
1.08
1.08%**
1.28%*
0.98***
0.86%
L.14*
0.86%*

757
109
108
LOg**
1.08
0.9]*

LI
0.86%*

k=12

201
112
1.10
113
107
1.00*
1.00**
129

6.12
1.09
1.07
LOTe*
12300
1.06*

1.27
087+

7.89
108
106
107
107

1.26
0.86%*
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Table 3. Out-of-sample forecasting of excess bond returns based on alternative model

specifications: Mexico

h=1
%
RW 1.07
Local-PCA 0.86%

EM macro-PCA 0.71*
EM financial-PCA 0.82***
EM global-PCA 0.77**
Local-PLS 0.69%*
EM macro-PLS 0.68***
EM financial-PLS  0.67***
EM global-PLS 0.68%

g
RW 200
Local-PCA 0.92%

EM macro-PCA 0.62**
EM financial-PCA  0.90***
EM global-PCA 0.73%*
Local-PLS 0.76***
EM macro-PLS 0.73%*
EM financial-PLS  0.74***
EM global-PLS 0.69%

%

+1
RW 263
Local-PCA 083
EM macro-PCA 0.7]1%%
EM financial-PCA  0.90***
EM global-PCA 0.77%*
Local-PLS 0.77%
EM macro-PLS 0.74**
EM financial-PLS  0.76***

EM global-PLS 0.72%*
e

RW 335

Local-PCA 0.86%

EM macro-PCA 0.79%*
EM financial-PCA 098**
EM global-PCA 087"
Local-PLS 0.80***
EM macro-PLS 0730
EM financial-PLS 0.83***
EM global-PLS 7§ g

Note. See note to Table 1.

109

0.90
0.72%
087>
0.79%
0.70**
0.69%*
0.68**
0.68*

202

0.96*
0.65**
.08
L Tynes
0.75%
0.72%
LTy
0.70

266

0.88***
0.75%
097
0.82%*
.77
0.74%
W e
0.72%*

0.92%
0.85%
0.98*
0.89**

0.73%
0.84%
0.71**

L1l

0.93%*
AR
0.91%*
0.80%**
0.70%*
0.68%*
0.68**
0.68%*

2.06
L00**

1.02%e
ILITe
[Ty
0.72%%
75
0.73%*

270

(.80
0.78%**
LO1**
0.86%*
0.77%*
0.74%*
07700
0.72%*

14

0.94%*
0.80%*
0.98**
0.80%*
0.80%*
0.75%
0.85%
0.73%%

290

0.87%*
0.79%*
0.97%*
0.89%*
0.76%*
0.71%*
DT

3.67

0.90%**
0.91***
.98
0.90%**
0.79%+*
0.74%*
0.84%*
0.70*

1.25

0.81**
0.79*
0.76**
0.84%
0.70%*
0.64*
0.69%
.64

2.37
0.0]**

0.74%
079
0.73%+
0.66***
0.7
0.66***

12

0.93%
0.72%**
0.80*
0.85%
{73t
0.66***
0.73%
0.65%*

396

087
0.82%
097
0L89*=
b
0.72%
0.80%

L32

0.70%**
0.80%*
0.84%+
084
Q.71%
0.64%*
ﬂ_m“.
0.64%*

2.52

0.83%
0.61***
0.74%+
0.79%+*
0.74%+*
0.67***
0.68%*
0.63%*

335

L5
0.65%*
0.85%*
0.81***
0.74%+*
0.65*
0.74%**
0.66%**

LO2%*
0.71**
0.96%**
0.80%**
0.74%
0.74%+
0.79%**
Q73%
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Table 4. Out-of-sample forecasting of excess bond returns based on alternative model

specifications: South Africa

A=1
i
RW 0.82
Local-PCA 0.72%

EM macro-PCA (0.80%**
EM financial-PCA  0.99***
EM global-PCA LO1***
Local-PLS 0.95%*
EM macro-PLS LA
EM financial-PLS  1.02**

EM global-PLS 0.9]%**

1

nll!‘:)w 205
Local-PCA 0.60***
EM macro-PCA 0.75%
EM financial-PCA  0.99%*

EM global-PCA 0.9g*+*
Local-PLS Q.02%

EM macro-PLS 0.95%*

EM financial-PLS  0.94***

EM global-PLS 0.89%**
’fli

1+l

RW 3157

Local-PCA 0.63***

EM macro-PCA 0.69°**
EM financial-PCA  0.97***
EM global-PCA 0.76%*
Local-PLS 0.92%*
EM macro-PLS 1 O]eee
EM financial-PLS  1.00**

EM global-PLS 0,93

Local-PCA 0.97%+
EM macro-PCA .73
EM financial-PCA  0.98***
EM global-PCA 0.85%*
Local-PLS 0.98%*
EM macro-PLS 0.92*
EM financial-PLS 0.97***
EM glohal-PLS 0.90%**

Note. See note to Table 1.

0.83
0.76**
0.85%*
LO0r
1.03%**
0.96**
LOg**=
1.03*
0.89%**

100
LOO**
0.94%*
100
0.96%**

357
0.72%**
0.76%**
0.98*
0.83%
095
1.03**
100
0.94%*

4.65
0.98%*

0.99%

0.90%**
0.9G%
097>
0.98%*
0.90**

0.83
0.79%+*
080+
L.o0**
1.03**
0.96%*
104+
103
09]1**

0.71***
083
1L0}*e
LO1***
0.96**
Lo
0.96%*

158
0.79%**
0.81**
0.99*
0.88**
098
L0O2%ee
100
0.94%*

468
0.98*

100"
0.93%*
0.90*
095
0.98**
0.90**

h=6

0.84
097+
1.02%*
1L02*
1.06

LO1*
103**
1L.02%**

2.06
0.86%*
0.96%*
104
107
0.96**
1.08*
0.97¢**

359
L01**
0.93**
1.02
LO5**
B_N.“
L04g**
1.01**
0.97%*

475
100
0.96°*
1.02
L05%*
100
0.96°*
099+

0.85
L0gee
118%*
1.03
108
GL.95ree
104
LO3*
0.98%*

0.94%
LOg**
1.06
L10
0.93%*
103*
0.98%**

36l
105
090
1.04
1.12%
0.91**
LA
1.02
0.98**

101
LOase
103
10g**
101
1.02%*
101*

0.86
L1g**
1.3gee
103
1.04
0.98***
105
1.09
0.9g*

1L.00***
1.0G=**
1.06
107

105
ik,
1.00**

3158
J103tee
0.97%
1.04
L1230
1.03
1.0g***
107
L10

477
L0l

103
L04**
Lol
L10**
1.04
1.06
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Table 5. Out-of-sample forecasting of excess bond returns based on alternative model

specifications: Turkey

h=1
[
+1
RW 2.96
Local-PCA 0.76%**

EM macro-PCA 0.88%*
EM financial-PCA 0.83**
EM global-PCA 0.89°*
Local-PLS 0.58**
EM macro-PLS 0.48*
EM financial-PLS  0.54**
EM global-PLS 0.57%*

)
RW am

Local-PCA 0.84*
EM macro-PCA 1.03*
EM financial-PCA 088"
EM global-PCA 1.00**
Local-PLS 0.59%*
EM macro-PLS 057
EM financial-PLS 054"

EM global-PLS  0.61%
o

RW 6.07
Local-PCA 0.94v

EM macro-PCA 1L.10***
EM financial-PCA 1.09***
EM global-PCA 1130
Local-PLS 0.59**
EM macro-PLS 0.60%*

EM financial-PLS 054"

EM global-PLS 0.63**
3

RW 742

Local-PCA 0.98%*

EM macro-PCA 111
financial-PCA 1.07***
EM global-PCA L16**
Local-PLS 0.58*
EM macro-PLS 0.61*
EM financial-PLS  0.54**
EM global-PLS 0.61*

Note. See note to Table 1.

h=2

3.00

0.84%
0.92%
0.90*
0.89%
0.59%
0.51**
0.56%*
060"

479

091
Lijooe
0.97%*
1.00*
0.60%
0.59%

0.63%

6.15

100
BT
L10**
Ly]eee
060"
063
0.55%
0.65%

7.52

105
L12%=
1L0g**
L15tee
060
0.64%
0.56**
0.63%

h=13

105

0.90%*
0.95%+
0.97¢*
0.90**
0.60%*
0.53*
0.57%
0.61**

487

0.99*+
Loge>
1.04%*
100
0.61%*
0.61%*
m.“
0.65%*

624

LOG***
e
LY.
L11%*
0.60%*
0.65**
0.54*
0.67**

763

L1]eee
111
109
Llgee
0.60%*

0.66%**

0.64%*

h=6

342

0.92%+
0.97%
1L.00***
0.89%
0.58%
0.54%
Q.55me
0.58%+

5.65

0.97%
10]1%*
107
0.97%*
0.57%
0.60%*
0.50*
0.59%

7.44

Liare*
105
111
L04***
0.56%*
0.63***
0.45*
0.58%

0.09

L0G***
L06**
L.0g**
1L08***
D55t
0.63**
0.48%
0.56%

0.96%
0.96%*
111200
0.89%
0.58*
0.55%
0.47%
0.54%

759

1L.00*
0.98*
1.05%
0.95%
Sy
0.60**

0.52%

1027

LO2%
B )1
108>
LA
0.55%
0.61**
0.43%
0.50

12.75

1L05%
Liasee
107>
1.02%
fL5yses
0.59%

h=12

449

1.02¢0%
0.9gee
1.O8***
0.93%*
0.71%*
0.68%*
0.62**
0.68**

7.90

R -
1L01**
5L
098
0.72%
0.74%+
0.60%*
0.70%

10.66
LOG***
1.03**
LYl
1.03%*
0.70°%*
¥
058
0.70%*

13.14
L0g***
104
L10*
LO5**
0.68%*
073
0.59%
069

emerging market global factors yield substantial predictive gains in 12 out of 24 cases. This

implies that global factors contain information about future excess bond returns beyond

what is captured by local factors.
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Fifth, if one delves more deeply into the findings for South Africa, a different pattern
emerges. In particular, note that for South Africa the specification types that include only
local factors yield the best MSFEs in 14 out of 24 cases. Thus global information appears to
lose its predictive content, relative to local information. Since South Africa's sovereign credit
has one of the highest investment ratings' among the emerging markets, the share of
nonresidents' holding of the country's bonds is 38% as of the last quarter of 2018, according
to the Government and Debt Contingent Liabilities database of the South African National
Treasury.2 This result provides evidence that global investors differentiate meaningfully
between emerging markets regarding local macroeconomic fundamentals, and do not view
the local currency debt markets as a single asset class. On the other hand, emerging market
financial factors play a key role in forecasting Turkish excess bond returns. Comparing the
various model specifications, we observe that the model embodying local and emerging
market financial factors attain the top rank in 20 out of 24 cases. This result is consistent
with the argument that the low level of domestic savings and heavy reliance on capital
inflows to finance new investment projects in Turkey reflect the importance of financial
factors due to the global swings in investor sentiment (Cepni, Gliney, & Swanson, 2019).

Lastly, an inspection of Tables 1-5 also reveals that taking into account the specific target
when constructing factors improves the out-of-sample forecasting performance of factor-
augmented models further. This is because we extract orthogonal PLS factors sequentially,
utilizing the remaining covariances of the target and the predictor variables. Since the PCA
method uses only the predictor variables ignoring the target to extract common
components, there is no guarantee that they are in any way close to the best factors that
include valuable information for predicting the excess bond returns.

Overall, our findings suggest that global investors (and policymakers) should consider the
cross-country linkages across emerging markets when predicting the excess bond returns.
Putting it differently, we have substantial evidence that global emerging market factars have
useful predictive content, suggesting that macrofinancial linkages across emerging markets
can be accurately modeled using dimension reduction methods. This is in line with the
growing integration of emerging markets economies, which is likely to result in transmission
of economic shocks via trade and financial linkages.

4.2 Market timing ability

In Tables 6-10, we present the results of the market timing ability analysis for the excess
bond return forecasts of all specification types considered. Hit ratios and statistical
significance of the directional predictive ability of the competing models are shown for the
same out-of-sample period of January 2010 to January 2019. A quick inspection of Tables
6-10 indicates several interesting results. First, the factor-augmented predictive regressions
achieve hit ratios of 0.52-0.91%, 0.54-0.85%, 0.61-0.96%, 0.51-0.86%, and 0.38-0.89%,
respectively for Brazil, Indonesia, Mexico, South Africa, and Turkey. Second, with a limited
number of exceptions, all of the hit ratios of the factor-augmented models are significantly
higher than those expected under independence according to the directional accuracy test.
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Table 6. Market timing abilities of the monthly excess bond return forecasts: Brazil

rx(Il

141

W

Local-PCA

EM macro-PCA
EM financial-PCA
EM global-PCA
Local-PLS

EM macro-PLS
EM financial-PLS

EM global-PLS
n
+1

Local-PCA

EM macro-PCA

EM financial-PCA

EM global-PCA

Local-PLS

EM macro-PLS

EM financial-PLS

EM global-PLS
e

RW

Local-PCA

EM macro-PCA

EM financial-PCA

EM global-PCA

Local-PLS

EM macro-PLS

EM financial-PLS

EM global-PLS
=,

RW

Local-PCA

EM macro-PCA

EM financial-PCA

EM global-PCA

Local-PLS

EM macro-PLS

EM financial-PLS

EM global-PLS

Note. The table presents the market timing abilities of the different model specifications that are

h=1

0.62%
08]1*
081*
0.79*
0.86%
067
0.76*
085
0.76*

0.64%A
0.79*
087
RT3
0.86%
0.68*
0.78*
0.76%
0.78*

0678
080"
091*
0.73*
091*
0.72%
{734
0.73

.73

067
0.81*
0.89*
061

081
i
0.76*
0.71%
7

0.628A
0.82%
0.79*
0.73%
0.86%
067"
0.76*>
082
T

0.64%A
0.78*
084
069"
0.86%
0.68%
0.78*
0.78*
0.76"

0.67A
0.79*
091"
067"
085
0.68"
0.74%
0.71
0.72%

0.6THA
0.76*
087
059
0.74*
0.69*
0.72%%
0.72
Q720

h=3

0.62%A
0.80
0.79*
0.68"
0.86**
.65
P
0.84%
0.79"

0.64%A
KT
0.84*
0.66*

0.86"
0.68*
(750
0.78*>
e

067
0.72%
0.89*
065
084>
0.65"
0.7]%
0.71
0.74*

067N
0.74*
0.85%
058
LT3
0.67*
0.68*
0.66"
0.74%

h=6

0.62%
071
0.7]1%*
0.6R**
0.B4***
072"
0.80***
0.B1***
0.79%=*

0.64%A
L
0.81***
0.68**
0.85
0.66*

0.78>*
0.76%**
0.79**

0.67NA
0.64
0.81*
0.52
0.75*
0.60
0.68**
0.75
0.76*

0678
0.66
0.79*
0.58
0.69*
0.66
0.68*
0.74*
ST

h=9

0.62%
0.71**
0.64*

0.67**
0.7
0.75%*
0.8]**
0.74%*
0.84%**

0.64%A
0.69*
0.79**
067"
0.82**
LT
0.74%*
0.72%
0.78"*

0.68NA
0.64
0.69**
0.58
0.74%
067
0.68%=*
0.74
0.78%=*

0.678A
0.61
0.64*
0.54
Q72%
0.64
0.66*
0.68*
T é

h=12

0.62NA
0.67**
061

0.68***
0.78%
0.69%*
0.76%**
0.7+
0.74**

0.648A
A
0.64*
0.66*
0.75%*
70
0.68"*
Tl o
0.79%*

0.68NA
0.62
0.62
0.61
0.73%
0.71**
0.67*
0.72
Vg

0.67NA
0.61
0.61
0.55
0.69*
0.66
0.67**
0.68"
0.67**

defined in Section 3.3. Entries are the proportions of signs predicted correctly. Entries superscripted
with an asterisk (***1% level; **5% level; *1% level) have significantly superior market timing ability

compared to the benchmark RW model, based on the directional accuracy test of Pesaran and
Timmermann (1992) as defined in Equation 7. NA indicates that the test could not be computed.
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Table 7. Market timing abilities of the monthly excess bond return forecasts: Indonesia

h=1
oo
RW 0.758A
Local-PCA 0.72

EM macro-PCA 0.72
EM financial-PCA 0.72
EM global-PCA 072
Local-PLS 081**
EM macro-PLS 080"
EM financial-PLS 0.79**
EM global-PLS 082

= e
Local-PCA 0.69
EM macro-PCA 069
EM financial-PCA 069
EM global-PCA 0.82*>
Local-PLS (137
EM macro-PLS 0.7

EM financial-PLS  0.79**

EM global-PLS 0.79**
™

RW 0.728A

Local-PCA 068

EM macro-PCA 067

EM financial-PCA 068

EM global-PCA 081**
Local-PLS 0.85**
EM macro-PLS 0.7
EM financial-PLS 0.78***
EM global-PLS 0.79*>

o

RW 0.728A
Local-PCA 067
EM macro-PCA 067
EM financial-PCA 0.71
EM global-PCA 067
Local-PLS 0.74**
EM macro-PLS 0.76**
EM financial-PLS 0.84**
EM global-PLS 0.78**

Note. See note to Table 6.

0.758A
0.73
073
0.71
0.73
0.79%
0.78%
0.78%
0.80*

0.73¥A
0.69
068
0.68
0.81*
0.84%
0.78*
0.76*
0.78*

0.72%
0.68
0.68
067
082
0.84%
0.79%
0.78**
0.79%

0.72%A
068
067
0.69

0.72

0.75%
0.78*
750

0.75%
0.74
0.73
0.71
0.74
(.79
0.80*
0.75%
.79

0.73%4
0.71
068
068
0.81*
0.82*
0.76*
e
0.76*

0.72%
069
0.68
0.64
0.82%
0.82%
0.76*
0.74%
0.76*

SREE]

0.74*

0.78%
0.76%*
0.78%

0.75%
0.75
0.75
0.69
0.75
QU]
081
0.72
0.82%

0729
0.71
058
058
0.8]1*
0.78*
Q.75
0.66
0.76*

0,698
0.68
0.68
054
L
0.78*
0.74*
067
.74

07"
(LTnee

5

0.73NA
0.73
0.73
068
0.73
0.74*
0.74*
0.72
0.75%

0.688A
0.68
055
055
081
0.71*

F§ERRERRS

0.69%A
0.69
0.69
0.67
0.69
0.68
0.71*
0.69
0.68

0.62%
0.62
0.62
0.59
0.78%
0.65*
0.65*
0.64*
0.65*

0.62%
0.62
0.62
0.60
0.62
0.65*
0.66*
0.62
067
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Table 8. Market timing abilities of the monthly excess bond return forecasts: Mexico

k=1
n,
RW 0.798A
Local-PCA 0.84%>

EM macro-PCA 0.93%*
EM financial-PCA  0.88***
EM global-PCA 084
Local-PLS 0.92¢*
EM macro-PLS 088+
EM financial-PLS  0.93**
EM global-PLS 088>

),
m'v 0.80%
Local-PCA 087

EM macro-PCA 0.96°*
EM financial-PCA  0.87**
EM global-PCA 0.86°*
Local-PLS 0.94°*
EM macro-PLS 0.92¢*
EM financial-PLS  0.96**
EM global-PLS 0.920*
nul
141
RW 08284
Local-PCA 0.75**
EM macro-PCA 0.95%*
EM financial-PCA 0.81***
EM global- PCA  0.89***
Local-PLS 0,92+
EM macro-PLS 0.92¢
EM financial-PLS 095**
EM global-PLS 0.92°*

0

RW 0.778A
Local-PCA 0.73**

EM macro-PCA 0.92¢*
EM financial-PCA  0.788A
EM global-PCA 0.78NA
Local-PLS 0.95¢*
EM macro-PLS 087

EM financial-PLS  0.92**
EM global-PLS 0.89%*

Note. See note to Table 6.

0.78“"
0.84%
087+
0.88**
0.81**
0.92%*
0.88*
0.94%*
0.88*

0798
0.86*
0.96%*
0.88%*
0.85**
0.94%*
0.92¢*
0.95¢*
091

08184
0.74*

0.95%*
0.81**
0_86.“
0.93**
0.91**
0.95%*
0.92**

0.768A
0.71*

0.92*
0.76%A
0.76%
095
087
0.92**
0.88*

k=3

0.76%A
0.84%*
0.81%
0.86%*
0.82**
0.03%*
0.88%*
0.94%*
088

0.78%
0.86%
0.95%
0.85%*
0.85%
0.95%*
0.92%*
0.93%**
0.9]1*

0.80%
073

095
0.81%*
0.86%*
0.94**
0.92%*
0.96**
0.92**

0.7584
0.71**

0.87%*
0.7584
0.75™
0.95%*

0.92%

0.7384

0.9]**

0.60%4
0.86%*
0.68
0.86%*
0.71*
0.92%*
.88
0.92**
088"

0.71™
0.82%*
0.85%*
0.86%
0810+
0.93%%
0.91%*
091+
0.91%*

0.7384
0.72**

0.86%
0.84%
0.82**
0.94**
0.92%
0.96**
0.92**

06884
0.74%%
0.81%*
06884
0.68%4
0.92%%*
0.88%**
0.91%**
0.88%

06674
0.8
0.61

0.79%*
0.66

0.91%**
0.87**
0.91**
0.87***

0.67
0.79%
0.79%*
M‘ﬂ
0.79%**
0.92%
0.91%
0.89%**
0.87*

0.69%A
0.76%**
0.84%**
0.80°**
0.82%**
0.94%**
0.91%**
0.95%*
0.01%*

0.64%A
0.74%
081
0.65%
0.65™
0.91***
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Table 9. Market timing abilities of the monthly excess bond return forecasts: South Africa

h=1
"::.?1
RW 0807
Local-PCA 085

EM macroPCA  0.84%*
EM financial- PCA  0.80
EM global PCA 080
Local-PLS 0.69
EM macroPLS 074
EM financial-PLS  0.78
EMglobal-PLS 073

= e
Local-PCA 082>
EM macro-PCA 080"
EM financial-PCA 0.78
EM global-PCA 0.76
Local-PLS 0.79*
EM macro-PLS 0.76**
EM financial-PLS 086"
EM global-PLS 082+~
RW 0.75%A
Local-PCA 082
EM macro-PCA 0.79**
EM financial-PCA 0.75
EM global-PCA 0.78**
Local-PLS 0.74**
EM macro-PLS (L7 3vee
EM financial-PLS 069
EM global-PLS 0.69**

= .
Local-PCA 0.73%
EM macro-PCA 080~
EM financial-PCA 0.73
EM global-PCA 0.72*%
Local-PLS 061
EM macro-PLS LT

EM financial-PLS 064
EM global-PLS 0.73%*

Note. See note to Table 6.

h=2

080N
0.80*
080"
0.80
0.80
0.69
075
0.78
0.74*

0.78%
0.82%
0.80%*
0.78
0.78
0.76*
0.72*
085
0.80*

0.75%
081
0.79%
0.75

0.76**
0.75%
069"
069

Q71

068
0.73%
0.78%
0.73
0.71*
0.58
0.72%
062
0.75%

0.80™A
0.79*
0.78*
0.80
0.80
0.69
0.74
0.79
0.74*

0.78%A
0.82%
f.Jye.
0.78
0.78
0.75*
0.72¢%
0.RE**
080

0.75%
0.81%
0.75%
0.75
0.75
0.69
0.69*
0.68
0.74%

061
0.74%

0.79M
0.78*
0.79**
0.79
0.79
0.72
0.79*
0.76
0.76%**

076N
0.73%
(720
0.76
0.76
0.71
065
085
w-

0.73%
0.66
0.69
073
067
K7™
0.73%
0.69
0.64%

0.71%

0.56

0.74%
061
0.68**

0.76M
0.71
0.73*
0.76
0.76
0.72
0.72
0.74
0.75*

0.748A
0.73*
0.71*
0.74
0.73
0.71*
0.68
0.82%

4™
0.61
065
0.71
061
0.73%>
0.69%
0.68
0.56

0.71%
0.67™
0.64
0.64
052

O.72%
0.62
0.65*

076N
072
0.67
0.76
0.76
07
0.68
072
0.75*

0.74NA
0.74*
Q720
0.74
0.74
0.66
0.68*
L7300
0.72

0.71%
0.61
0.69*
0.71
0.65
0.60
0.68*
0.65
0.48

0.65
0.67™
0.60*
0.64
0.56

285
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Table 10. Market timing abilities of the monthly excess bond return forecasts: Turkey

h=1 h=2 h=3 h=6 h=9 h=12

i
RW 0478A  046NA 0458 041N 038NA  0,36NA
Local-PCA 0.66%* DA QG1*™ D0 Q5P (5

EM macro-PCA 0.67*** 0.66** 0.62** 056* 0.54* 0.52
EM financial-PCA  0.66*** 0.64*** 061 059* 0.54 0.52
EM global-PCA 053 0.52 0.51 0.42 0.44 0.42
Local-PLS Q78 Q78 070" 0713t (7"t DaS+
EM macro-PLS 0.87*** 082*** 0.78* 082** 0.76* 0.73**
EM financial-PLS  0.79*** 0.75*** 0.74*** 0.74*** 0.78** 0.74*
EM global-PLS 0.80*** 0.78*** 0.76*** 0.75*** 0.74*** 0.66***
)

K‘\{' 0A47TNA  046%% 0458 0418 03884 036NA
Local-PCA 0.69*** 065" 060 061 060" 0.60**
EM macro-PCA 051 0.48 0.46 0.41 0.40 0.40
EM financial-PCA 0.68*** 062** 061 060 054 0.53
EM global-PCA 0.49 0.48 0.46 0.42 041 0.41
Local-PLS 081** O082* 082*** 076" 0.73** 065"
EM macro-PLS 0.85*** 084* 081* 079" 0.75*" 0.69**
EM financial-PLS  0.79*** 0.76*** 0.76* 0.78** 0.79** 0.73***
EM global-PLS 0.82*** 080** 0380 076 0.73*"* 0.66*

)
RW 0ASNA  0ATNA 046N 042N 040N 030N
Local-PCA 072°% 067" 066%™ 066" 067 065

EM macro-PCA 0.44 0.44 0.46 0.38 0.39 0.39
EM financial-PCA  0.58° 0.56* 0.54 056 053~ 0.52*
EM global-PCA 0.52 0.49 0.48 0.45 0.44 0.41
Local-PLS 0.86** 087** 085 031" 0.75** 0.68*
EM macro-PLS 0.89*** 038 086 085 0.78* 075"
EM financial-PLS  0.85*** 084*** 080** 084* 079 0.74*

EM global-PLS 082 (82*** QA1** (0.78%* 0.75*** 065"
)
+1

RW 04784 046%A 045N 041NA 030NA  0.30NA
Local-PCA 0.68*** 067" 067 066" 064" 0.69**
EM macro-PCA 052 0.49 0.46 0.41 0.44 0.42

EM financial- PCA  0.62*** 0.62*** 061" 056" 056 0.54*
EM global-PCA 053 053 0.53 0.48 0.47 0.44

Local-PLS QR QR2%e OR2%e QR1% O73% T3
EM macro-PLS QR7eee QRS 035" QORI 0N OB
EM financial-PLS 0.82*** 080 0.78*** 081** 0.76** 0.76**
EM global-PLS 0.84** 082** 032" 030" 0.75** 067

Note. See note to Table 6.

Third, in general, the market timing ability of the factor-augmented models seems to be
fairly stable over time, as the hit ratios for short- and long-forecast horizons are quite similar
for short-term excess bond returns. However, the directional accuracy (DA) results show that
the significance of the market timing ability diminishes slightly for the forecast horizons
longer than 6 manths ahead. Fourth, including emerging market macro, financial, and global
factors in the predictive regressions lead to improved market timing ability. This suggests
that the factors extracted from pooled data sets across emerging markets contain additional
information that is of relevance to market timing, relative to the historical mean benchmark
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and lacal factar model. Specifically, we see that the hit ratios of models that include
emerging market factors improve more than 90% in the case of Brazil and Mexico. This
confirms the superior ability of these models compared to the lack of market timing ability
of the historical mean return. However, it is important to state that evaluating the hit ratios
of the RW model is somewhat odd and the DA test results confirm this. In particular, the DA
statistic cannot be even computed for all predictions of the RW model, indicating that the
RW model does not have any market timing ability. The reason is that only a small
percentage of excess bond return forecasts from the RW model is negative, and hence it is
always optimal to invest in long-term bonds without trying to time the market.

Fifth, in essence, the market timing ability is enhanced by taking into account the specific
target when constructing factors. Comparing the hit ratios and level of significance, it is seen
that the performance of the specification types that use the PLS approach for extracting the
factors is better than that of the PCA, especially for Indonesia, Mexico, and Turkey.

4.3 Assessing the economic value

In the previous section we investigated the market timing ability of the factor-augmented
predictive regressions using hit ratios. Although hit ratios provide some indication of model
performance, as discussed, the superior market timing ability does not necessarily imply
that investment strategies based on the excess return forecasts will be profitable. In order to
assess the economic value explicitly, we compute the certainty equivalent return for a
mean-variance investor who uses excess return forecasts to decide on weights of ass et
allocation.

Tables 11 and 12 report averages of Sharpe ratios and utility gain (annual percentage
portfalio management) for all maturities across emerging markets for h-step-ahead
forecasts, where h = 1, 2, 3, 6, 9, 12.°2 From the results in Table 11, we can say that ass et
allocation strategies based on the factor-augmented predictive regressions outperform
those of the random walk model, with a few exceptions. This conclusion holds regardless of
the forecast horizon. For instance, the portfolios based on the factor-augmented regressions
achieve annualized Sharpe ratios in the range 0.44-0.97, compared to 0.22-0.52 for the
benchmark model for Mexico. On the other hand, Sharpe ratios are based on portfolios
constructed from the local-PCA and EM macro-PCA factor models are noticeably smaller
when compared to the benchmark model for Indonesia. This lower result in terms of Sharpe
ratios is due to the overall weaker out-of-sample forecast performance of PCA-based factor
models in Indonesia. In general, the average of Sharpe ratios decreases with the forecast
horizons. The reduction in Sharpe ratios is slightly less dramatic for PLS-based factor
models. This confirms that the forecasts of PLS-based factor models are more stable
compared to those of the PCA-based factor-augmented models.
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Table 11. Performance of active trading strategies: Sharpe ratios

h=1 h=2 h=3 h=6 h=9 h=12

Brazil
W 0.19 020 022 029 037 044
Local-PCA 070 069 069 068 067 059

EM macro-PCA 070 069 069 064 057 046
EM financial-PCA 058 055 054 048 045 040
EM global-PCA 068 067 068 072 071 061
Local-PLS 054 054 053 052 0O 043
EM macro-PLS 055 054 053 052 050 047
EM financial-PLS 058 038 058 056 053 053
EM global-PLS 056 055 055 055 055 031

&

Indonesia
RW 041 042 044 044 038 032
Local-PCA 029 029 029 027 023 020
EM macro-PCA 03 034 033 020 024 o021
EM financial-PCA 051 045 040 030 025 022
EM global-PCA 056 05 056 060 054 048
Local-PLS 067 067 067 063 047 034
EM macro-PLS 058 058 059 057 047 038
EM financial-PLS 071 070 070 060 044 030
EM global-PLS 058 059 060 057 047 037

Mexdco
RW 052 051 049 041 0.31 0.22
Local-PCA 079 078 077 073 067 057

EM macro-PCA 092 088 085 074 064 055
EM financial- PCA 087 085 082 076 070 058

EM global-PCA 0.86 079 074 043 054 04
Local-PLS 095 095 095 0% 085 077
EM macro-PLS 088 087 086 083 080 074
EM financial-PLS 097 097 097 089 082 072
EM global-PLS 089 087 08 084 080 073
South Africa
RW 049 049 049 049 050 052
Local-PCA 073 070 069 067 057 056
EM macro-PCA 077 074 072 066 059 062
EM financial-PCA 055 054 053 050 046 047
EM global-PCA 066 064 063 057 052 055
Local-PLS 058 057 056 054 051 047
EM macro-PLS 061 061 062 060 057 053
EM financial-PLS 062 061 061 057 054 047
EM global-PLS 065 067 068 064 059 051
Turkey
RW 032 035 038 042 045 D45
Local-PCA 010 006 003 002 001 009

EM macro-PCA 015 011 008 000 -004 -008
EM financial-PCA 006 001 002 011 -008 -006
EM glohal-PCA 019 016 014 007 002 -004
Local-PLS 037 038 038 034 029 021
EM macro-PLS 040 039 038 036 031 025
EM financial-PLS 037 036 035 034 033 023
EM global-PLS 038 038 037 037 031 021

Note. The table reports the average of the Sharpe ratios across maturities and emerging markets for f-step-ahead
forecasts, where} = 1, 2, 3,6, 9, and 12 based on the model specifications defined in Section 3.3. The results are
based on portfolio performances for a mean-variance investor with relative risk aversion coefficient of five who

selects portfolio weights based on the forecasts of the corresponding model.
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Table 12. Performance of active trading strategies: utility gain

h=1 h=2 h=3 h=6 h=9 h=12
Brazil
Local-PCA 7762 5830 4789 4323 MM 7.62
EM macro-PCA 66.01 4616 4127 396 -1885 -07.86
EM financial-PCA 3935 21.12 8390 -22097 -3281 -5381
EM global-PCA 4937 2882 2419 4438 5225 -27.:4
Local-PLS 6156 5771 5375 2841 -29 -45.03
EM macro-PLS 5551 4934 4184 1637 L1 -31.03
EM financial-PLS 7311 6818 6521 4297 919 -10.52
EM global-PLS 5758 3021 4792 2872 1560 -22.32
Indonesia
Local-PCA -1798 -2358 -2804 -3919 -3639 -2847
EM macro-PCA 473 -1237 -1986 -3517 -M48 -26.21
EM financial-PCA 1786 690 482 -2806 -31.31 -4
EM global-PCA 3164 2723 2023 3300 4172 5024
Local-PLS 4832 4626 4432 4075 2630 8Dé
EM macro-PLS 3027 2771 2683 2029 1317 1165
EM financial-PLS 4532 4059 3693 1604 -1040 -40.02
EM global-PLS 2007 2756 2669 1994 1314 1137
Mexaco
Local-PCA 1847 1844 1915 3287 4218 41.56
EM macro-PCA 5145 35022 4993 5004 7238 B5E3
EM financial-PCA 4363 4342 4270 5472 7295 B307
EM global-PCA 5749 5357 50091 5546 6944 Bl6l
Local-PLS 5818 6349 6816 BLBE 10058 11302
EM macro-PLS 4017 40095 4314 5928 S089 0047
EM financial-PLS 63553 7158 7643 8807 10352 11384
EM global-PLS 4220 4176 4236 5953 8110 9589
South Africa
Local-PCA 2317 1749 1325 172 -1629 -1288
EM macro-PCA 2202 1871 1166 -1549 -3573 49
financial-PCA -686 -851 -1003 -1431 -21.76 -22.93
EM global-PCA 045 6.45 1.58 -16.78 -33.39 -2050
Local-PLS 078 7.19 197 1.07 4.4 -24.17
EM macro-PLS -785 -783 -1436 -1896 -2366 -4343
financial-PLS 848 6.81 6.87 162 -1.54 -15.25
EM global-PLS 954 1211 1288 510 -597 -18.82
Turkey
Local-PCA 3379 3497 332 2340 -1216 1226
EM macro-PCA S0.16 4846 4756 3711 241 183
EM financial-PCA 4090 3845 4096 2224 -131 15.81
EM global-PCA 5295 5284 5228 3931 021 -1.20
Local-PLS 86,50 8907 9154 8806 5720 3730
EM macro-PLS 8803 0097 9344 9324 6314 417
EM financial-PLS 7876 7857 7942 7174 4246 2424
EM global-PLS 8631 8843 90103 8905 5891 2078

Note. The table displays the performance measure for the active mean—variance with relative risk
aversion coefficient of five, which decides portfolio weights based on the forecasts of the
corresponding model. Entries are the performance fees in annualized basis points for switching from
the strategy indicated by the benchmark model to the corresponding factor-augmented predictive
regression.
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The results in Table 12 show that the performance fees reveal a similar pattern. When the
EM macro-PLS model is considered, the performance fee against the benchmark portfolio
drops on average from 88 to 41 basis points for Turkey. Put differently, investors will be
willing to pay an average performance fee up to 88 basis points annually to switch from the
benchmark model to the emerging market macro-PLS model. This confirms the results of
the previous sections, namely that the macroeconomic factors add relevant information
concerning excess bond returns. However, an interesting observation from Table 12 is that
the factor-augmented models generally have higher performance fees when the long-term
forecast horizons are considered in the case of Mexico. In particular, the performance fees
range between 18.47 and 113.86 basis points for Mexico. Despite the overall success of our
factor-augmented predictive regressions, the utility gains are slightly negative in certain
cases for Indonesia and South Africa. A similar pattern can be observed when we consider
results for Turkey, albeit in a somewhat less pronounced manner.

Overall, the ass et allocation exercise results seem to be compatible with the argument that
substantial economic value can be achieved by combining information from cross-country
macroeconomic and financial variables.

5 CONCLUSION

In this paper we forecast the lacal currency debt of five major emerging market countries
—Brazil, Indonesia, Mexico, South Africa, and Turkey—over the period January 2010 to
January 2019, based on an in-sample period of March 2005 to December 2009. We exploit
information from a large set of economic and financial time series to assess the importance
not only of “own-country” factors (derived from principal component and partial least
squares approach), but also create factors by combining country-specific variables across
the chosen emerging economies. These “global” predictors, and their subsets of
“macroeconomic” and “financial” factors, are then used individually to specify new factors,
and are combined with the own-country factor model. To evaluate the forecasting
performance of our models, we not only pursue the standard statistical approach based on
prediction errors, but also undertake a directional accuracy test required to devise profitable
investment decisions, as well as analyzing the economic value of active trading strategies
formed on the local currency bond risk premium forecasts using a utility-based metric.

We find that, while information on own-country factors can outperform the historical
average model, global factors tend to produce not only greater statistical and economic
gains, but also enhance the market timing ability of investors. In this regard, we also find
that when factors are extracted based on the target variable of bond premium using partial
least squares, forecasting gains are higher relative to the case when the common predictors
are derived from standard principal component analysis. In sum, our findings suggest that
global investors should consider the cross-country linkages across emerging markets when
forecasting the excess bond returns, as this will allow them to create optimal investment
portfolios. In addition, our findings have important implications for policymakers, since
information on not only own macroeconomic and financial variables (risks), but also that of
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other emerging countries, can be used to predict the future path of their local currency bond
premium, and in the process reduce the probability of a sovereign debt crisis.
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