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ABSTRACT
This study investigates the creation of portfolios that effectively hedge against inflation
in the context of the stock markets of Brazil, Russia, India, China, and South Africa
(BRICS). Utilizing Ordinary Least Squares (OLS), Ridge, MM, and Quantile regressions, we
construct portfolios that closely track the unexpected changes in Consumer Price Index
(CPI) inflation. Our empirical analysis, based on data from spanning 2005 to 2023, dem-
onstrates that statistical tracking portfolios outperform benchmark portfolios in tracking
inflation, particularly during periods of low inflation uncertainty. Among all the meth-
ods, Quantile regression generally shows good tracking performance, though not uni-
versally. The findings suggest that these tracking portfolios can assist investors who are
seeking to mitigate inflationary risks in volatile emerging markets. This research contrib-
utes to the literature by demonstrating out-of-sample performance of tracking portfolios
and their application in less stable economic environments.

IMPACT STATEMENT
This study provides a critical analysis of constructing inflation-hedging portfolios tailored
for the BRICS stock markets, utilizing advanced regression techniques such as OLS, Ridge,
MM, and Quantile regressions. The results highlight the superior performance of statis-
tical tracking portfolios in mitigating inflation risks compared to benchmark portfolios,
particularly under low inflation uncertainty conditions. By addressing the challenge of
inflation hedging in less stable economic environments, this study offers valuable
insights for investors and contributes significantly to the field of portfolio management
in emerging economies.
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1. Introduction

Since the COVID pandemic, Inflation around the world has exceeded its highest levels since 1995 (Ha
et al., 2023). While increased prices affect everyone, they also pose a serious challenge to savers, as infla-
tion shocks threaten to erode the real values of their investments. Even a modest inflation rate of 4%
can erode the purchasing power of cash by about half in 17 years. Uncontrolled inflation can rapidly
erode the purchasing power of money, lead to macroeconomic instability, and create an uncertain busi-
ness environment. Given such extreme consequences, protection from inflationary risks is crucial for
investors (Bekaert & Wang, 2010). Therefore, investors need to understand how to invest their money
strategically so as to outpace the rate of inflation.

There is no universal approach by which investors can protect themselves from inflation (Atti�e &
Roache, 2009). However, the core principle of inflation hedging is to invest in assets whose returns
move in tandem with inflation. In other words, investments with returns (cash flows) linked to real assets
can act as inflation hedges. Other assets that tend to rise during bad economic times, such as gold and
real estate, have also been pitted as inflation hedges (Shahzad et al., 2019; Salisu et al., 2020).

Academics and practitioners have been studying inflation hedging for a long time. Research on
asset allocation strategies proposes the inclusion of Inflation-protection bonds (e.g. Kothari & Shanken,
2004) and other alternative asset classes such as real estate, commodities, and hedge funds (e.g.
Hoevenaars et al., 2008). Regardless of the number and type of asset classes, the weights of constituents in
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an inflation-hedging portfolio need to be dynamically adjusted due to changing market conditions. The
tracking portfolio approach as in Engle et al. (2020) can be used to achieve this objective.

In this study, we use the tracking portfolio approach to explore investment strategies that can be
used to hedge inflationary risks. Tracking portfolios closely tracks a particular indicator. Therefore, a
tracking portfolio that invests in assets highly correlated with inflation can help investors hedge inflation.
In simple terms, if a portfolio is correlated with inflation, its returns increase when inflation is high, thus
providing an appropriate hedge against inflationary risk.

Although the concept is simple to understand, creating portfolios that are correlated with inflation
can be quite challenging. Economic tracking portfolios are popular in the literature ((Lamont, 2001;
Vassalou, 2003), etc.); however, much of the existing literature uses in-sample tracking portfolios.
Creating tracking portfolios that work outside the original sample is an even more daunting task. We
address this challenge in our study.

As discussed, the concept of an economic-tracking portfolio is not novel. However, its application in
hedging inflationary risks in emerging markets is relatively unchartered. Emerging markets are character-
ized by their high growth potential, which often comes hand-in-hand with heightened volatility and sus-
ceptibility to inflationary pressure. While effective in developed economies, traditional investment
strategies may not suffice in such dynamic markets. Thus, there is a paramount need for a specialized
approach that accounts for the unique challenges faced by these economies. The average inflation rate
in advanced economies from 2000 to 2023 is 2.15%. During the same period, the average monthly infla-
tion in emerging markets and developing economies was 6.27% or around three times the inflation in
developed markets.1 Therefore, the current state of the literature does not tell us whether tracking port-
folios can successfully hedge inflationary risks in emerging markets out-of-sample.

This study attempts to fill this research gap. We do so by testing whether out-of-sample tracking
portfolios do a better job of tracking inflation than an equally weighted benchmark. Based on the data
of Brazil, Russia, India, China, and South Africa (BRICS countries) from 2005 to 2023, our results show
that it is possible to develop dynamic asset allocation strategies that result in portfolios that efficiently
track inflation. The BRICS countries account for more than 40% of the world’s population and the four
BRIC countries account for a similar proportion of the world stock-market capitalization (Mensi et al.,
2016). We concur with (McIver & Kang, 2020) in suggesting that global investors must better understand
how the BRICS markets work. Therefore, our study adds to the literature by showing whether and how
investors in emerging markets like BRICS can hedge inflationary risks by creating portfolios with the
explicit objective of tracking inflation.

The remainder of this paper is organized as follows. We discuss the existing literature in Section 2.
Section 3 describes the statistical methodology used to track the portfolio creation. Section 4 explains
the data and Section 5 discusses the empirical findings. We conclude our study in Section 6.

2. Literature review

The relationship between inflation and asset prices has interested financial economists as far back as
(Fisher, 1912). Later, Bodie (1976), (Fama, 1981), and (Bernard & Frecka, 1983) explored how inflation and
asset prices interact. The famous (Fisher, 1930) expresses a formal baseline hypothesis of the relationship
between price rise (inflation) and asset prices. Fama and Schwert (1977) show that in the following
regression of asset returns on the change in the inflation rate, the estimate of the beta of expected infla-
tion shows the relationship between nominal asset returns and inflation:

Rjt ¼ aj þ bj � Et−1 ptð Þ þ ejt (1)

An asset whose bj is statistically indistinguishable from zero acts as a perfect hedge for the expected
inflation (Arnold & Auer, 2015). Fama and Schwert (1977) augment Equation 1 with unexpected inflation,
leading to the following expression:

Rjt ¼ aj þ bj � Et−1 ptð Þ þ cj � pt − Et−1 ptð Þ� �þ ejt (2)

In this augmented version of Fischer’s hypothesis, an asset for which the cj is statistically indistin-
guishable from 1.0, is a perfect hedge against unexpected inflation. A coefficient between 0 and 1
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signifies a partial hedge, whereas a negative coefficient indicates that an asset can be shorted to hedge
inflation.

The versions of Equations 1 and 2 have been extensively used to test whether a particular asset
serves as an inflation hedge. A priori, some assets are expected to work as better inflation hedges than
others. In Fisher’s model, assets such as stocks and real estate, which represent claims against real assets,
are more likely to move in tandem with inflation. A nominal income asset such as a treasury bill cannot
provide a hedge for any unexpected inflation until its maturity.

As discussed, common stocks, backed by the real assets of the underlying corporations, are expected to
act as effective hedges against inflation. However, initial studies ((Bodie, 1976; Nelson, 1976; Fama &
Schwert, 1977), among others) observed that there is often a negative or negligible relationship between
stock returns and inflation. Fama and Schwert (1977) rightly call this "the most anomalous result" in their
study. However, subsequent research rationalizes the counterintuitive relationship between stock returns
and inflation. Fama (1981) notes that high inflation is also correlated with lower real activity. In other words,
the negative relationship between stock returns and inflation is due to the positive relationship between
stock prices and real economic activities. Once real activity is controlled for, the relationship between infla-
tion and stock returns becomes positive. Geske and Roll (1983) provided a similar explanation. They refer to
an empirical illusion due to the spurious causality induced by variables linked to debt monetization.

Another set of studies provided a different line of thought. They argue that the hypothesized relation-
ship is for the long run, whereas the empirical tests in previous studies use short-run data. Boudoukh
and Richardson (1993) tested the relationship between inflation and stock returns in the U.S. and the
U.K. using almost 190 years of data from 1802 to 1990 to provide a clearer picture of the long-run
dynamics between stock returns and inflation. They reported a significantly positive long-term relation-
ship between inflation and stock returns. Evans and Lewis (1995), Engsted and Tanggaard (2002), and
Anari and Kolari (2001) confirm that the long-run Fisher elasticities of stock prices exceed 1. Therefore,
stocks are expected to be good hedges against inflation in the long run. More recent analyses by
Illeditsch (2018), Boons et al. (2020), and Campbell et al. (2020) also confirm that risks related to inflation
are prices in stocks; that is, equity is positively correlated with inflation.

While our focus is predominantly on equities, we also discuss some studies that explore the inflation-
hedging potential of other assets. The list of studies is, by no means, comprehensive. We refer the
reader to Arnold and Auer (2015) for a broader list of relevant studies. Beginning with (Fama, 1981), real
estate has been shown as a hedge against inflation, both expected and unexpected. While (Bond &
Seiler, 1998; Salisu et al., 2020) also show that real estate provides security against inflationary risk,
(Fang et al., 2008) show that it does not work, at least in Taiwan, in their sample.

Gold is another prominent asset in discussions of inflation hedging. While contradictory evidence exists
for all assets, the evidence of the inflation-hedging properties of gold appears to be quite divided. The initial
results from Mahdavi and Zhou (1997) and Taylor (1998) do not support the inflation hedging hypothesis
for gold. However, Lucey et al. (2017) and Aye et al. (2016) state that gold can act as an inflation hedge only
in certain countries and during certain periods. In summary, there appears to be a time-varying relationship
between asset prices and inflation, and the same asset mix cannot be expected to work at all times.

As the nature of the relationship between assets and inflation changes over time, asset allocation
strategies should also be sufficiently dynamic to reflect the changing market conditions. How can we
develop a dynamic asset allocation strategy that hedges inflationary risk over time? In this study, we use
a tracking portfolio approach to develop such a strategy.

While we discuss the statistical methodology of tracking portfolios in the next section, we also discuss
the core ideas in order. Simply defined, a tracking portfolio closely tracks an underlying variable of inter-
est. For example, an inflation-tracking portfolio should be composed so that the resulting portfolio
returns are highly correlated with some specified inflation proxies. These portfolios can be used to test
asset pricing models, such as those in Breeden et al. (1989), Vassalou (2003), and Kapadia (2011).
However, if used in an out-of-sample setting, the application of tracking portfolios extends far beyond
model testing. Intuitively, a portfolio correlated with an economic indicator can be used to hedge risks
arising from changes in the aforementioned indicators. For example, an investor concerned about the
erosion of purchasing power due to a rise in inflation can invest in an inflation-tracking portfolio.
Therefore, if inflation increases, the value of the investor’s portfolio also increases, offsetting the impact
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of the rise in inflation. The extent to which the impact of inflation is compensated for depends on the
extent of the correlation with the economic indicator. A portfolio perfectly correlated with inflation
would fully hedge risk. However, developing such portfolios is challenging, especially for out-of-sample
portfolios. Chan et al. (1998) and others later show that portfolios that mimic economic factors perform
poorly and are indistinguishable from randomly formed portfolios.

To the best of our knowledge, Lamont (2001) is one of the first studies to empirically explore the cre-
ation of tracking portfolios. Using vector autoregressions (VAR), he creates economic tracking portfolios
to track various economic variables such as industrial production, real consumption growth, and infla-
tion. This study shows that tracking portfolios track the underlying economic variables. However, the
tracking performance deteriorates considerably out of the sample. Portfolios that track an indicator in-
sample can be constructed efficiently. The jury is still out of question whether in-sample success can be
carried out in out-of-sample testing. However, the recent advances in this area are promising. Jurczenko
and Teiletche (2022) showed that using machine learning estimators improves the performance of track-
ing portfolios. Luo et al. (2022) use a regularization approach to improve the out-of-sample performance
of forecasts and thus create portfolios with lower tracking errors. Similarly, De Nard et al. (2023) propose
a new mimicking portfolio approach that takes into account recent developments in the estimation of
large-dimensional covariance matrices in short samples (Engle et al., 2019).

To summarize, the literature can be categorized into two strands: the first strand explores whether
selected assets (e.g. precious metals, stocks, bonds, real estate, etc.) can hedge inflation. The second
strand, which is of our interest, relates to systematic portfolio strategies to generate portfolios that track
an indicator. There are two key takeaways from the literature survey. First, it is difficult to create tracking
portfolios that work out of samples. Second, much of the literature focuses on the developed markets.
Even in developed markets, much of the evidence is from the U.S., with limited research coming from
other countries (see (Neville et al., 2021) and (Nakagawa & Suimon, 2022) for exceptions). However, as
previously argued, there is substantial heterogeneity in the dynamics of inflation in developing and
developed countries. First, the average inflation in emerging markets is much higher than in advanced
economies (Ha, Ivanova, Ohnsorge, et al., 2019). Second, emerging and low-income countries are more
susceptive to external inflationary shocks and have much higher inflation volatility than developed
economies (Ha, Ivanova, Montiel, et al., 2019). Therefore, tracking portfolio methods have been tested
under more stable regimes. We need to know if the same methodologies hold in smaller economies,
where economic conditions are relatively unstable. This study aims to fill this gap in the literature. We
used the BRICS markets as the laboratory for our experiments. Using 13 broad diversified portfolios as
our base assets, we test whether it is possible to develop portfolios that track expected and unexpected
inflation. We find it possible to create portfolios that do a good job of tracking inflation out of sample.
Detailed methods, data sources, and results are presented in the following sections.

3. Tracking portfolio methodology

To fix the ideas, a tracking portfolio can be expressed in the form of a linear regression of the following
form:

Yt ¼ aþ b � X þ et (3)

Where Yt is inflation at time t, and X is the matrix of asset returns over time. The choice of X is deter-
mined by the investor and depends on the type of asset they would like to invest in. The estimates of b
are the weights of the maximum correlational portfolio, that is, the portfolio with the maximum (in-sam-
ple) correlation with inflation. The ordinary least squares (OLS) solution is the most popular estimation
technique for tracking portfolios:

b̂OLS ¼ ðXTXÞ−1XTy (4)

However, the regularization/shrinkage of beta coefficients has been shown to yield better out-of-sam-
ple forecasts (Luo et al., 2022). Because our goal is out-of-sample forecasting, we use an alternative esti-
mator that uses the ridge penalty to shrink the estimates. The solution for the ridge regression is given
by:
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b̂ridge ¼ ðXTX þ kIÞ−1XTy (5)

where k is a shrinkage parameter provided by the user. We use 10−4 as the value for the shrinkage
parameter.

Further, we also use the robust MM-regression of Yohai (1987) to estimate the tracking portfolio
weights. The MM-regressions use the following objective function:

Minimize
Xn
i¼1

q
yi − xTi b
sMM

� �
(6)

Where parameter sMM is the scale estimate obtained from the initial S-estimation. The MM regression
gives less weight to outliers compared to the OLS, a property that can be very useful when dealing with
financial market data.

We also used the quantile regression of Koenker and Bassett (1978) to estimate the weights of the
tracking portfolio. Instead of estimating the conditional mean as in OLS, Quantile regressions estimate
the conditional quantiles of the dependent variable. Quantile regression uses the following objective
function:

Minimize
Xn
i¼1

qsðyi − xTi bÞ (7)

where parameter qs (Tau) represents the quantile of interest to be specified by the user. A value of 0.5
denotes the median, whereas 0.75 would indicate the 75th percentile value.

Quantile regression-based tracking offers various benefits compared with other estimators. First,
Quantile regression is more robust to outliers and can accommodate heavy-tailed distributions (Koenker
& Hallock, 2001; Billah Dar et al., 2014). As asset returns are inherently asymmetric and fat-tailed, quan-
tile regression tracking can yield weights robust to extreme values. Second, Quantile regression allows
users to focus on specific parts of the distribution. Therefore, assigning weights to higher inflation levels
can help create portfolios that do a better job of tracking an economic indicator, particularly when its
value is high. Therefore, using a tau greater than 0.5, we can create portfolios that perform better when
inflation is high. In our study, we used tau values of 0.5 and 0.75.

Furthermore, tracking portfolio regression can impose additional constraints on the estimated param-
eters. We used the following three constraints in our study:

1. a ¼ 0: This was imposed to ensure that there was no intercept in the regression.
2.

Pk
i¼1 bk ¼ 1: This constraint is imposed to ensure that the sum of all the weights is equal to one.

3. All bi > 0: This long-only constraint ensures that all assets have non-negative weights in the port-
folio. In our study, we assume that shorting of the factors used as base assets is not allowed.

The first two constraints jointly ensure that the betas obtained from the regressions can be inter-
preted as weights of assets in a fully invested tracking portfolio. The last constraint ensures that all
weights are greater than 0.

Equation (3) estimates the maximum correlation weights using the in-sample data. We use a rolling
window of five years (60months) of data for the out-of-sample tracking portfolios. We estimate the ini-
tial set of portfolio weights using the first five years of inflation and return data. The resultant tracking
portfolio is held for one month and is rebalanced every month using updated weights from the rolling
window estimation. While our baseline results use monthly rebalancing, we also create additional port-
folios that are rebalanced every six months.

As previously discussed, the out-of-sample performance of tracking portfolios is often much worse
than that of in-sample tracking portfolios. For better performance, we incorporate some improvements
in the portfolio creation process using the following insights from the literature:

First, unexpected inflation is used as a measure of inflation. As asset prices already incorporate the
expected component of inflation, subsequent price movements are expected to be due to unexpected
inflation. Thus, the literature uses unexpected inflation as a proxy for inflation news in the market. The
estimation of unexpected inflation involves subtracting the inflation forecast from the actual inflation.
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However, Neville et al. (2021) show that the difference between the current and previous months’ infla-
tion works, as well as other sophisticated measures of unexpected inflation. Therefore, we use the
monthly difference in inflation as the metric we want to track.

Further, Downing et al. (2012) show that using one-month-ahead inflation instead of the current
month’s inflation as a dependent variable enhances the performance of the tracking portfolio. Therefore,
we create tracking portfolios using one-month-ahead unexpected inflation instead of contemporaneous
inflation. We skip the last three months of data in our rolling window to ensure that we use only the
information available to an investor at the time of portfolio creation. For example, suppose our rolling
window spans five years from January 2000 to December 2004. In this case, we do not consider the
data from October 2004 to December 2004, assuming that the inflation data for these months will not
be available until January 2005. This step enhances the practical feasibility of our analysis.

4. Data

This study was conducted using data from January 2005 to July 2023. We use Data for monthly CPI
Inflation of the BRICS countries from the FRED Database. We have used 13 diversified anomaly portfolios
from Jensen et al. (2023) as our base assets to construct an inflation-tracking portfolio. These assets con-
stitute a diverse set of portfolios (factors) that are created from multiple cross-sectional indicators, and
therefore, these assets demonstrate substantial cross-sectional heterogeneity. The data for these factors
can be obtained from the website www.jkpfactors.com. Our choice of assets is similar to Lamont (2001)
and Downing et al. (2012), who use a broad set of diversified portfolios for their study. We do not con-
sider other asset classes (gold and real estate) in our tracking portfolio. Our main objective is to test
whether an equity-only investment is sufficient to create a workable tracking portfolio. Our results show
that equities are sufficient for creating a portfolio that closely tracks inflation. We leave the inclusion of
other asset classes to future studies.

The details of the base assets and their summary statistics are in Table 1. As shown in the table, our
choice of base assets consists of a diverse set of assets composed of broad-based portfolios that reflect
various investment themes such as value, accruals, momentum, profitability, quality, etc. The mean, vola-
tility, skewness, and kurtosis of assets vary from each other. We emphasize diversity because an ideal
asset base for portfolio creation should consist of assets with different statistical behaviors. Our asset
choice seems to fulfill this criterion.

We now discuss the creation of the tracking portfolios discussed above. In the next section, we report
the results and the overall performance of our tracking portfolios.

5. Results

We created ten types of inflation-tracking portfolios. The portfolios correspond to the four choices of
estimators – OLS, Ridge, MM, and Quantile Regression (with Tau of 0.5 and 0.75) and two rebalancing
frequencies – monthly and half-annually. As a naïve benchmark, we create an equally weighted portfolio
for all the base assets.

We report the performance of each portfolio on four metrics: Sharpe Ratio (S.R.), average monthly
portfolio turnover (ATO), and cumulative tracking error (T.E.). The calculation of these metrics is as
follows:

The Sharpe ratio is calculated as the average monthly return of the portfolio divided by the standard
deviation of the monthly returns.

The average monthly turnover of a portfolio is calculated using the following formula:

100
N − 1

XN
t¼2

XS
i¼1

jwi, t − wi, t−1j

Here, N refers to the number of months for which the portfolio returns are estimated, S is the number
of assets in the portfolio, and wi, t is the weight for the asset’ i’ in the month ‘t’ in the tracking portfolio.
A lower turnover is generally preferred because it signifies that the portfolio strategy does not involve
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Table 1. Descriptive statistics of inflation and base asset returns.
Brazil

Indicator Mean Std. Dev. Skewness Kurtosis

CPI inflation 0.47 0.17 0.70 0.05
Accruals 0.02 3.34 −0.05 3.59
Debt issuance 0.07 2.25 0.06 2.65
Investment 0.20 2.69 0.25 5.08
Low leverage −0.18 2.39 −0.04 3.06
Low risk 0.15 3.45 −0.40 1.29
Momentum 0.71 4.11 −0.89 3.59
Profit growth 0.11 1.67 −0.59 1.23
Profitability 0.22 2.92 −0.19 1.64
Quality 0.27 2.77 −0.30 0.36
Seasonality 0.07 1.62 0.12 2.58
Short term reversal −0.14 2.33 1.54 8.58
Size 0.10 3.26 1.08 5.59
Value 0.35 2.89 0.56 1.06

Russia

Indicator Mean Std. Dev. Skewness Kurtosis

CPI inflation 0.64 0.30 0.46 −0.71
Accruals 0.19 3.24 0.21 3.55
Debt issuance 0.14 2.19 0.00 1.78
Investment 0.12 2.42 0.24 3.96
Low leverage 0.05 2.26 −1.09 8.10
Low risk −0.08 2.61 −0.56 4.47
Momentum 0.83 4.16 −0.54 3.06
Profit growth 0.42 2.08 0.21 2.80
Profitability 0.36 2.88 −0.37 1.94
Quality 0.56 3.00 0.01 1.60
Seasonality −0.14 1.83 −1.18 6.86
Short term reversal −0.03 3.04 0.21 3.56
Size 0.01 3.62 0.53 4.29
Value 0.57 2.46 0.40 1.51

India

Indicator Mean Std. Dev. Skewness Kurtosis

CPI inflation 0.56 0.22 0.64 0.31
Accruals 0.03 1.90 0.44 3.28
Debt issuance 0.18 1.35 0.01 0.93
Investment 0.24 1.84 −0.63 5.74
Low leverage 0.03 2.11 −0.25 1.45
Low risk 0.17 3.49 −2.06 12.69
Momentum 0.46 4.18 −1.98 16.00
Profit growth 0.17 1.39 −0.73 3.77
Profitability 0.12 2.65 −0.58 1.59
Quality 0.28 3.45 −0.73 1.73
Seasonality 0.05 0.86 0.30 0.61
Short term reversal −0.19 1.93 −2.06 11.45
Size 0.27 2.77 0.23 1.56
Value 0.19 2.34 −0.13 1.64

China

Indicator Mean Std. Dev. Skewness Kurtosis

CPI inflation 0.20 0.15 0.82 1.24
Accruals 0.14 1.67 −0.23 0.23
Debt issuance 0.07 0.95 −0.46 1.05
Investment 0.08 2.06 −0.18 1.19
Low leverage −0.03 2.36 −0.42 1.66
Low risk 0.44 3.04 −0.24 0.22
Momentum −0.06 3.52 −0.16 0.46
Profit growth 0.27 1.36 −0.03 1.05
Profitability 0.07 2.94 0.15 2.76
Quality 0.15 2.68 −0.15 1.72
Seasonality 0.11 0.88 0.62 3.01
Short term reversal 0.34 1.91 −0.70 4.90
Size 0.80 4.09 −0.36 2.18
Value 0.36 3.23 0.21 1.90

South Africa

Indicator Mean Std. Dev. Skewness Kurtosis

CPI inflation 0.00 0.03 0.02 0.55
Accruals 0.03 2.96 0.40 2.53

(continued)
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frequent buying and selling. The portfolio turnover can be controlled by rebalancing the portfolios less
frequently (e.g. every six months instead of every month).

The cumulative tracking error is calculated as follows:

TE ¼
XN
i¼1

ðRp − InfÞ2

Here, Rp is the return of the tracking portfolio, and Inf is the inflation rate. The tracking error high-
lights how closely the cumulative returns of the tracking portfolio mimic cumulative inflation. The lower
the tracking error, the better the portfolio tracks inflation.

Table 2 reports the results of portfolios that track total inflation. The results in Table 2 show that stat-
istical tracking portfolios perform well at tracking overall inflation, except in Brazil and India. Tracking
portfolios generally have lower tracking errors than the equally weighted benchmark portfolios. At first
glance, the poor performance in a couple of countries may seem surprising. Diversified portfolios (such
as our benchmark) usually deliver good risk-adjusted returns (DeMiguel et al., 2009b), while tracking
portfolios are supposed to do a good job of tracking the underlying (and possibly deliver only modest
returns in the process). We observed an opposite trend in our results. Tracking portfolios delivers super-
ior returns and often better Sharpe Ratios. This may seem counterintuitive, but there is an economic
rationale behind what we observe. Studies on inflation hedging and tracking (see (Fama, 1981; Neville
et al., 2021) for example) argue that asset prices do not react to overall inflation but only to the unex-
pected component of inflation. If we create portfolios that track overall inflation (as in Table 2), our port-
folios are not optimized to correlate with inflation surprises. Because overall inflation is more stable
compared to inflation surprises, tracking portfolios yield portfolios with extremely stable weights, which
leads to better performance because weight stability is correlated with portfolio performance (DeMiguel
et al., 2009a). Regardless, as Neville et al. (2021) argue, inflation hedging concerns the ability to hedge
unexpected inflation and not the expected component. Therefore, in the next set of results, we used
unexpected inflation as our tracking objective.

Table 3 contains the results for portfolios that track unexpected inflation (one month ahead). Despite
using future inflation, our portfolios are fully out-of-sample because we only use the information avail-
able at the time of portfolio creation.

The results in Table 3 show that, barring India, statistical tracking portfolios that track unexpected
inflation deliver lower tracking errors. Quantile regression portfolios deliver the low tracking errors and
the high Sharpe Ratios in Brazil, China, and South Africa. In Russia, OLS and Ridge appear to do well.
While statistical portfolios have higher monthly turnovers (�30% vs. 1.7% for the benchmark), this excess
turnover can be substantially reduced by rebalancing the portfolio every six months instead of every
month. This infrequent rebalancing has a negligible effect on portfolio performance. While quantile
regression portfolios perform better, even simpler OLS or Ridge portfolios often have lower tracking
errors than the benchmark. Therefore, tracking portfolios can be successfully utilized to hedge

Table 1. Continued.
Brazil

Indicator Mean Std. Dev. Skewness Kurtosis

Debt issuance 0.17 1.72 0.54 1.64
Investment −0.05 2.48 0.63 2.86
Low leverage −0.01 2.39 0.01 2.41
Low risk −0.03 2.24 −1.00 5.65
Momentum 0.40 3.46 −0.86 3.56
Profit growth 0.31 1.84 −0.60 2.18
Profitability 0.22 2.67 0.25 4.25
Quality 0.16 2.64 −0.31 2.41
Seasonality 0.03 1.37 −0.37 4.74
Short term reversal 0.11 1.85 0.83 2.71
Size −0.13 2.83 −0.25 0.82
Value 0.12 2.38 0.90 4.48

Notes: This table reports the country-wise monthly mean, standard deviation, skewness, and kurtosis of the CPI inflation and returns of base
assets used for the portfolio construction.
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Table 2. Performance of benchmark and tracking portfolios when tracking overall inflation.
Brazil

Portfolio Rebalancing
Sharpe
ratio

Sharpe
ratio rank Turnover

Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.21 1 1.8% 1 0.27 1
OLS Monthly 0.13 4 21.0% 7 0.37 4
Quantile Reg – 0.5 Monthly 0.08 6 37.8% 11 0.40 6
Quantile Reg – 0.75 Monthly 0.09 5 32.2% 10 0.38 5
Ridge Monthly 0.13 2 21.0% 9 0.37 2
Robust MM Monthly 0.13 3 21.0% 8 0.37 3
OLS Half-annually 0.08 7 7.7% 2 0.45 9
Quantile Reg – 0.5 Half-annually 0.02 11 11.2% 6 0.50 11
Quantile Reg – 0.75 Half-annually 0.07 10 10.7% 5 0.43 7
Ridge Half-annually 0.08 9 7.7% 4 0.45 8
Robust MM Half-annually 0.08 8 7.7% 3 0.45 10

Russia

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.26 1 1.5% 1 0.38 11
OLS Monthly 0.18 4 17.9% 8 0.33 3
Quantile Reg – 0.5 Monthly 0.14 11 22.0% 10 0.37 10
Quantile Reg – 0.75 Monthly 0.16 5 24.6% 11 0.36 5
Ridge Monthly 0.18 2 17.9% 9 0.33 1
Robust MM Monthly 0.18 3 17.9% 7 0.33 2
OLS Half-annually 0.14 10 8.3% 2 0.36 9
Quantile Reg – 0.5 Half-annually 0.16 6 9.4% 6 0.36 6
Quantile Reg – 0.75 Half-annually 0.15 7 9.0% 5 0.35 4
Ridge Half-annually 0.14 8 8.3% 4 0.36 7
Robust MM Half-annually 0.14 9 8.3% 3 0.36 8

India

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.26 4 1.4% 1 0.45 1
OLS Monthly 0.24 11 15.5% 8 0.50 10
Quantile Reg – 0.5 Monthly 0.26 2 28.0% 11 0.49 3
Quantile Reg – 0.75 Monthly 0.24 8 20.3% 10 0.50 11
Ridge Monthly 0.24 9 15.5% 7 0.50 8
Robust MM Monthly 0.24 10 15.5% 9 0.50 9
OLS Half-annually 0.25 6 6.0% 3 0.49 6
Quantile Reg – 0.5 Half-annually 0.30 1 8.8% 6 0.46 2
Quantile Reg – 0.75 Half-annually 0.26 3 6.0% 2 0.49 4
Ridge Half-annually 0.25 7 6.0% 5 0.49 7
Robust MM Half-annually 0.25 5 6.0% 4 0.49 5

China

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.40 11 1.6% 1 0.05 10
OLS Monthly 0.50 5 11.7% 7 0.04 4
Quantile Reg – 0.5 Monthly 0.48 10 18.2% 11 0.02 1
Quantile Reg – 0.75 Monthly 0.50 3 17.3% 10 0.04 6
Ridge Monthly 0.50 4 11.7% 9 0.04 5
Robust MM Monthly 0.50 6 11.7% 8 0.04 3
OLS Half-annually 0.48 8 4.7% 2 0.05 7
Quantile Reg – 0.5 Half-annually 0.51 2 6.5% 5 0.03 2
Quantile Reg – 0.75 Half-annually 0.51 1 6.7% 6 0.06 11
Ridge Half-annually 0.48 7 4.7% 4 0.05 9
Robust MM Half-annually 0.48 8 4.7% 2 0.05 7

South Africa

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.19 11 1.6% 1 0.30 11
OLS Monthly 0.27 1 15.1% 8 0.21 2
Quantile Reg – 0.5 Monthly 0.26 5 25.7% 11 0.22 6
Quantile Reg – 0.75 Monthly 0.27 4 22.1% 10 0.22 4
Ridge Monthly 0.27 3 15.1% 9 0.21 1
Robust MM Monthly 0.27 2 15.1% 7 0.21 3
OLS Half-annually 0.25 7 6.3% 2 0.22 9
Quantile Reg – 0.5 Half-annually 0.23 10 8.4% 6 0.22 5
Quantile Reg – 0.75 Half-annually 0.24 9 8.0% 5 0.23 10
Ridge Half-annually 0.25 8 6.3% 4 0.22 7
Robust MM Half-annually 0.25 6 6.3% 3 0.22 8

Notes: This table reports the country-wise Sharpe Ratio, monthly average turnover, and the cumulative tracking error of benchmark and
regression-based tracking portfolios. The portfolios are designed to track overall CPI inflation.
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Table 3. Performance of benchmark and tracking portfolios when tracking unexpected inflation.
Brazil

Portfolio Rebalancing
Sharpe
ratio

Sharpe
ratio rank Turnover

Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.20 2 1.7% 1 0.30 4
OLS Monthly 0.13 8 23.1% 7 0.33 8
Quantile Reg – 0.5 Monthly 0.26 1 41.2% 11 0.24 1
Quantile Reg – 0.75 Monthly 0.20 4 32.6% 10 0.25 2
Ridge Monthly 0.13 6 23.3% 9 0.32 5
Robust MM Monthly 0.13 7 23.2% 8 0.33 7
OLS Half-annually 0.10 10 10.4% 2 0.35 11
Quantile Reg – 0.5 Half-annually 0.20 3 12.1% 6 0.27 3
Quantile Reg – 0.75 Half-annually 0.16 5 10.9% 5 0.32 6
Ridge Half-annually 0.10 9 10.4% 4 0.35 9
Robust MM Half-annually 0.10 11 10.4% 3 0.35 10

Russia

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.27 1 1.5% 1 0.37 9
OLS Monthly 0.19 4 15.7% 7 0.26 3
Quantile Reg – 0.5 Monthly 0.10 10 30.1% 10 0.43 10
Quantile Reg – 0.75 Monthly 0.19 5 31.1% 11 0.32 7
Ridge Monthly 0.19 2 15.8% 9 0.26 1
Robust MM Monthly 0.19 3 15.7% 8 0.26 2
OLS Half-annually 0.16 8 7.4% 3 0.30 6
Quantile Reg – 0.5 Half-annually 0.10 11 9.8% 5 0.45 11
Quantile Reg – 0.75 Half-annually 0.12 9 12.9% 6 0.37 8
Ridge Half-annually 0.16 6 7.4% 2 0.30 4
Robust MM Half-annually 0.16 7 7.4% 4 0.30 5

India

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.26 1 1.4% 1 0.44 1
OLS Monthly 0.14 10 18.3% 7 0.60 11
Quantile Reg – 0.5 Monthly 0.14 8 34.6% 11 0.59 8
Quantile Reg – 0.75 Monthly 0.21 2 27.7% 10 0.54 2
Ridge Monthly 0.14 11 18.3% 9 0.60 9
Robust MM Monthly 0.14 9 18.3% 8 0.60 10
OLS Half-annually 0.18 4 8.4% 3 0.56 4
Quantile Reg – 0.5 Half-annually 0.17 6 10.0% 6 0.57 7
Quantile Reg – 0.75 Half-annually 0.15 7 8.7% 5 0.56 6
Ridge Half-annually 0.18 5 8.4% 2 0.56 5
Robust MM Half-annually 0.18 3 8.4% 4 0.56 3

China

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.40 3 1.6% 1 0.04 3
OLS Monthly 0.28 4 18.1% 8 0.05 6
Quantile Reg – 0.5 Monthly 0.24 11 27.5% 11 0.06 10
Quantile Reg – 0.75 Monthly 0.44 1 26.3% 10 0.04 1
Ridge Monthly 0.28 6 18.3% 9 0.05 4
Robust MM Monthly 0.28 5 18.1% 7 0.05 7
OLS Half-annually 0.27 8 7.8% 2 0.05 9
Quantile Reg – 0.5 Half-annually 0.27 10 9.7% 6 0.07 11
Quantile Reg – 0.75 Half-annually 0.44 2 8.4% 5 0.04 2
Ridge Half-annually 0.27 9 8.0% 4 0.05 5
Robust MM Half-annually 0.27 7 7.8% 3 0.05 8

South Africa

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Turnover Turnover
rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.19 11 1.6% 1 0.30 11
OLS Monthly 0.25 9 21.8% 7 0.22 9
Quantile Reg – 0.5 Monthly 0.22 10 38.6% 11 0.22 10
Quantile Reg – 0.75 Monthly 0.28 2 30.1% 10 0.18 3
Ridge Monthly 0.25 7 22.0% 9 0.21 7
Robust MM Monthly 0.25 8 21.8% 8 0.22 8
OLS Half-annually 0.27 4 9.2% 2 0.20 6
Quantile Reg – 0.5 Half-annually 0.26 6 13.7% 6 0.15 1
Quantile Reg – 0.75 Half-annually 0.30 1 9.5% 5 0.17 2
Ridge Half-annually 0.27 3 9.2% 4 0.19 4
Robust MM Half-annually 0.27 5 9.2% 3 0.20 5

Notes: This table reports the Sharpe Ratio, monthly average turnover, and the cumulative tracking error of benchmark and regression-based
tracking portfolios. The portfolios are designed to track unexpected CPI inflation.
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Table 4. Performance of benchmark and tracking portfolios when tracking unexpected inflation in phases on low infla-
tion uncertainty.

Brazil

Portfolio Rebalancing
Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.26 7 0.06 10
OLS Monthly 0.33 6 0.04 6
Quantile Reg – 0.5 Monthly 0.26 8 0.05 8
Quantile Reg – 0.75 Monthly 0.24 9 0.04 7
Ridge Monthly 0.34 4 0.04 1
Robust MM Monthly 0.33 5 0.04 5
OLS Half-annually 0.34 3 0.04 4
Quantile Reg – 0.5 Half-annually 0.19 10 0.06 9
Quantile Reg – 0.75 Half-annually 0.15 11 0.08 11
Ridge Half-annually 0.34 1 0.04 2
Robust MM Half-annually 0.34 2 0.04 3

Russia

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.19 5 0.12 11
OLS Monthly 0.22 4 0.06 4
Quantile Reg – 0.5 Monthly 0.16 6 0.09 9
Quantile Reg – 0.75 Monthly 0.24 1 0.06 1
Ridge Monthly 0.22 2 0.06 2
Robust MM Monthly 0.22 3 0.06 3
OLS Half-annually 0.16 9 0.08 7
Quantile Reg – 0.5 Half-annually 0.13 11 0.11 10
Quantile Reg – 0.75 Half-annually 0.14 10 0.09 8
Ridge Half-annually 0.16 7 0.08 5
Robust MM Half-annually 0.16 8 0.08 6

India

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.12 11 0.19 10
OLS Monthly 0.25 8 0.16 8
Quantile Reg – 0.5 Monthly 0.29 5 0.10 1
Quantile Reg – 0.75 Monthly 0.25 6 0.17 9
Ridge Monthly 0.24 9 0.16 6
Robust MM Monthly 0.25 7 0.16 7
OLS Half-annually 0.29 3 0.12 4
Quantile Reg – 0.5 Half-annually 0.33 1 0.10 2
Quantile Reg – 0.75 Half-annually 0.13 10 0.20 11
Ridge Half-annually 0.29 4 0.12 5
Robust MM Half-annually 0.29 2 0.12 3

China

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.48 3 0.06 9
OLS Monthly 0.33 7 0.01 2
Quantile Reg – 0.5 Monthly 0.23 11 0.02 7
Quantile Reg – 0.75 Monthly 0.49 2 0.07 10
Ridge Monthly 0.33 9 0.01 3
Robust MM Monthly 0.33 8 0.01 1
OLS Half-annually 0.40 4 0.01 4
Quantile Reg – 0.5 Half-annually 0.28 10 0.02 8
Quantile Reg – 0.75 Half-annually 0.59 1 0.08 11
Ridge Half-annually 0.40 6 0.02 6
Robust MM Half-annually 0.40 5 0.01 5

South Africa

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.24 9 0.16 10
OLS Monthly 0.27 6 0.12 9
Quantile Reg – 0.5 Monthly 0.17 11 0.16 11
Quantile Reg – 0.75 Monthly 0.24 10 0.12 7
Ridge Monthly 0.27 4 0.12 6
Robust MM Monthly 0.27 5 0.12 8
OLS Half-annually 0.28 2 0.11 4
Quantile Reg – 0.5 Half-annually 0.25 8 0.09 1
Quantile Reg – 0.75 Half-annually 0.26 7 0.09 2
Ridge Half-annually 0.29 1 0.11 3
Robust MM Half-annually 0.28 3 0.11 5

Notes: This table reports the Sharpe Ratio and the cumulative tracking error of benchmark and regression-based tracking portfolios across
periods of low uncertainty around Inflation. The portfolios are designed to track unexpected CPI inflation.

COGENT ECONOMICS & FINANCE 11



Table 5. Performance of benchmark and tracking portfolios when tracking unexpected inflation in phases on high
inflation uncertainty.

Brazil

Portfolio Rebalancing
Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.15 5 0.21 5
OLS Monthly −0.04 6 0.31 6
Quantile Reg – 0.5 Monthly 0.27 1 0.15 1
Quantile Reg – 0.75 Monthly 0.17 3 0.18 3
Ridge Monthly −0.05 8 0.31 8
Robust MM Monthly −0.04 7 0.31 7
OLS Half-annually −0.09 10 0.33 9
Quantile Reg – 0.5 Half-annually 0.20 2 0.17 2
Quantile Reg – 0.75 Half-annually 0.16 4 0.20 4
Ridge Half-annually −0.08 9 0.33 11
Robust MM Half-annually −0.09 11 0.33 10

Russia

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.37 1 0.20 7
OLS Monthly 0.18 3 0.16 2
Quantile Reg – 0.5 Monthly 0.07 11 0.25 11
Quantile Reg – 0.75 Monthly 0.15 8 0.21 8
Ridge Monthly 0.18 4 0.16 3
Robust MM Monthly 0.18 2 0.16 1
OLS Half-annually 0.16 5 0.17 6
Quantile Reg – 0.5 Half-annually 0.09 10 0.24 10
Quantile Reg – 0.75 Half-annually 0.12 9 0.22 9
Ridge Half-annually 0.16 7 0.17 4
Robust MM Half-annually 0.16 6 0.17 5

India

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.41 1 0.18 1
OLS Monthly 0.01 8 0.30 8
Quantile Reg – 0.5 Monthly −0.03 11 0.33 11
Quantile Reg – 0.75 Monthly 0.14 3 0.25 2
Ridge Monthly 0.00 10 0.30 9
Robust MM Monthly 0.01 9 0.30 7
OLS Half-annually 0.03 5 0.30 5
Quantile Reg – 0.5 Half-annually 0.01 7 0.31 10
Quantile Reg – 0.75 Half-annually 0.17 2 0.25 3
Ridge Half-annually 0.03 6 0.30 6
Robust MM Half-annually 0.03 4 0.30 4

China

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.29 3 0.04 2
OLS Monthly 0.24 7 0.05 5
Quantile Reg – 0.5 Monthly 0.25 5 0.05 8
Quantile Reg – 0.75 Monthly 0.39 1 0.04 3
Ridge Monthly 0.24 6 0.05 4
Robust MM Monthly 0.24 8 0.05 6
OLS Half-annually 0.20 10 0.06 11
Quantile Reg – 0.5 Half-annually 0.25 4 0.05 7
Quantile Reg – 0.75 Half-annually 0.33 2 0.04 1
Ridge Half-annually 0.19 11 0.06 9
Robust MM Half-annually 0.20 9 0.06 10

South Africa

Portfolio Rebalancing Sharpe
ratio

Sharpe
ratio rank

Tracking
error

Tracking
error rank

Benchmark Monthly 0.14 11 0.12 11
OLS Monthly 0.23 9 0.08 10
Quantile Reg – 0.5 Monthly 0.28 3 0.05 1
Quantile Reg – 0.75 Monthly 0.33 2 0.06 3
Ridge Monthly 0.23 8 0.08 8
Robust MM Monthly 0.23 10 0.08 9
OLS Half-annually 0.25 6 0.07 7
Quantile Reg – 0.5 Half-annually 0.26 4 0.05 2
Quantile Reg – 0.75 Half-annually 0.34 1 0.06 4
Ridge Half-annually 0.25 7 0.07 5
Robust MM Half-annually 0.25 5 0.07 6

Notes: This table reports the Sharpe Ratio and the cumulative tracking error of benchmark and regression-based tracking portfolios across
periods of high uncertainty around Inflation. The portfolios are designed to track unexpected CPI inflation.
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inflationary risks. We also corroborate the findings of Downing et al. (2012) findings and recommend
that tracking portfolios use unexpected future inflation to identify portfolio weights.

We now extend our analysis to subperiods to ensure that the results are robust across different eco-
nomic regimes. To do this, we divide the overall sample period into two parts based on high and low
uncertainty regarding inflation. We estimate inflation uncertainty as the 36-month rolling standard devi-
ation of the inflation. The months in which this inflation uncertainty was above the median were classi-
fied as high uncertainty, while others were classified as low uncertainty.

These sub-sample-wise results are in Tables 4 and 5. Table 4 reports the performance of the tracking
portfolio in periods of low uncertainty (i.e. stable prices) whereas Table 5 contains the results for periods
of high inflation uncertainty. We do not report the turnover for these portfolios as portfolio turnover is
meaningful only for continuously held portfolios.

The results in Table 4 highlight some crucial aspects of the relationship between inflation uncertainty
and portfolio-tracking performance. In times of low inflation uncertainty, tracking portfolios deliver
superior performance by a large margin across all countries. While quantile regression does well in India,
Russia, and South Africa, most tracking methods have similarly low tracking errors in other countries.
The main takeaway from this set of results appears to be that while some methods may outperform
others at tracking, in a majority of cases, any tracking portfolio is superior to the benchmark.

We now discuss the performance of tracking portfolios in a highly uncertain inflationary environment.
Statistical tracking portfolios perform well in Brazil, Russia, and South Africa, despite the challenges of
tracking inflation in a highly uncertain environment. These results are quite encouraging as our prior
expectation was of low tracking ability in uncertain periods.

In China, benchmark portfolios deliver similar tracking performance compared to tracking portfolios.
Only in India does the performance of the benchmark exceed that of tracking portfolios substantially.
This finding is unsurprising because tracking portfolios perform better in a stable environment. It is chal-
lenging for any particular strategy to operate during periods of highly volatile inflation (or uncertainty in
general). Therefore, tracking portfolios work, but they need a relatively stable inflation regime to perform
at their best.

Overall, we report that statistical inflation-tracking portfolios can deliver gains to investors who aim
to hedge unexpected inflation. These findings pave the way for future research on the efficacy of port-
folio tracking in emerging markets. We provide concluding comments and some overall learnings for
inflation hedging strategies in the next section.

6. Conclusion

Assets that are highly correlated with inflation can be used to hedge against unexpected inflation risks.
This study tests whether statistical tools can be utilized to create portfolios that track inflation. We used
the BRICS Stock Markets as a Laboratory for our experiment. Using data from January 2005 to July 2023,
we created out-of-sample tracking portfolios using OLS, Ridge, MM, and Quantile Regressions to esti-
mate the weights of assets in portfolios.

As part of our findings, we report that tracking portfolios created using statistical methods deliver
better tracking performance than benchmarks. The superior tracking ability of statistical portfolios
derives from their performance during periods of low inflation uncertainty. Based on our observations,
we also provide a set of best practices for creating tracking portfolios, particularly for inflation. The
observations are as follows:

1. It is advisable to use regression-based tracking portfolios to hedge inflation, especially in periods of
relative price stability.

2. Better tracking performance can be obtained using one month ahead of unexpected inflation as the
target for tracking instead of overall inflation.

3. Methods that are robust to outliers and incorporate asymmetric loss functions (e.g. quantile regres-
sion) yield better tracking performance.

4. Rebalancing portfolios infrequently reduces turnover while imposing little cost in terms of perform-
ance metrics (either Sharpe ratio or Tracking error).
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Note

1. Source: Authors’ calculations based on Data from IMF’s World Economic Outlook Database.
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