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Introduction

This Ph.D. thesis consists of three chapters about investing in stock and bond mar-

kets. The first chapter studies the financial market’s response to economic news as

function of the economic environment. Chapter 2 studies the cross section of stocks

and specifically the interest rate sensitivity of the low-volatility anomaly. The last chap-

ter is about multi-asset investing and the implications of the rebalancing frequency for

long-term investors.

The first chapter analyzes the impact of unemployment news on stock markets over

the business cycle. We show that the market’s reaction depends on the state of the

economy by studying the reaction in four different economic environments. The risk-

free rate, a frequently identified driver of stock prices because of its impact on the

discount rate, cannot explain the (differences in) stock price responses. Applying the

Campbell-Shiller decomposition combined with a VAR model, we attribute the stock

market reactions to the main drivers on a daily basis: changes in the risk-free rate,

risk premium and dividends. We find that all three factors play a role in explaining

the total excess returns. The relevance of these factors varies over the business cycle.

Our results contribute to the understanding of financial markets by generating insight in

which components of stock returns are important for asset pricing for the various phases

in the business cycle. This is important for the portfolio choice of investors. The markets

reaction on specific economic news can, together with the results of this research, help

to understand the markets judgement of the economic environment. Also, this study

provides insights in how an investor with superior forecasting skills of economic news or

the economic environment can profit from this knowledge.

The second chapter studies what part of the outperformance of low-volatility stocks

can be explained by a premium for interest rate exposure. Over the last few years, the

low-volatility effect has gained much attention. This is unsurprising, as its economic

significance is large. The study shows that low-volatility stock portfolios have nega-
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tive exposure to interest rates, whereas the more volatile stocks have positive exposure.

Incorporating an interest rate premium explains part of the anomaly. Portfolios that

contain stocks with high volatility are implicitly short bonds, resulting in a drag on per-

formance given the positive risk premium. Depending on assumptions about the interest

rate premium, interest rate exposure explains between 20% and 80% of the unexplained

excess return. We also find that the interest rate risk premium in equity markets ex-

hibits time variation similar to bond markets. Smart investors take the interest rate

exposure into account when considering to make an investment in strategies based on

this phenomenon.

In the last chapter we show the impact of the rebalance frequency of a multi-asset

portfolio on the utility of a long term passive investor. For these investors, the rebalanc-

ing strategy is one of the few active decisions to make and trades initiated by rebalancing

are a large part of their portfolio turnover. We show that, although continuous rebal-

ancing is optimal, the utility cost of less frequent rebalancing when market returns are

unpredictable is limited to only basis points in terms of the initial wealth of the investor

over a twenty-year period. For a simplified case we show analytically that not rebalanc-

ing leads to both drift and variation in portfolio weights. This results in an increasing

utility cost of the multi-asset portfolio when the rebalancing period grows. Economically

the impact is small. This cost turns into a gain if we take transaction costs into account.

Our results suggest that reducing transaction costs by less frequent rebalancing

clearly outweigh optimizing the portfolio more frequently, unless transaction costs are

extremely small. Using simulations, we show that these results hold for different lev-

els of risk aversion and expected returns. Our calculations show that, when taking

transaction costs into account, most of the marginal gain is captured when limiting the

rebalancing frequency to once every year. When we study a setting where asset returns

are predictable, we find that a long-term investor that ignores this predictability un-

derestimates the benefit of less frequent rebalancing. If expected market returns are

time-varying, there is an additional utility effect as a result of trends or mean reversion.

Dependent on the time series dynamics, this effect can be positive or negative. Using a

VAR model to model the predictability, and ignoring transaction costs, we estimate that

the utility gain of rebalancing once every year compared to once every month is about
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1.5 percent in terms of the investors’ initial wealth over a twenty year period. Hence by

less frequent rebalancing the investor profits from trending behavior of market returns.

About half of this benefit is already captured by limiting the rebalancing frequency to

once every quarter instead of monthly.
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1

Explaining the stock market’s

reaction to unemployment news

Co-author: Joost Driessen

1.1 Introduction

Macro-economic news has impact on financial markets. Investors use their assess-

ment of the economic environment to put news into perspective. Several earlier studies

show that the economic environment is an important determinant of how the stock

market reacts to macro announcements. Boyd et al. [2005] find that on average, an an-

nouncement of rising unemployment is good news for stocks during economic expansions

and bad news during economic contractions.

In this study we use a more refined approach. Taking the momentum of the eco-

nomic activity growth into account is the first key contribution of our research. While

Boyd et al. [2005] distinguish two states of the economy, we define four states and refer

to these as overheat, slow down, contraction and recovery. Overheat is the environment

in which the level of activity growth is high and rising, if the growth level is high but

falling we refer to the economic environment as slowdown. Contraction is characterized

by low and falling activity growth. Low but rising activity growth is referred to as recov-

ery. This more detailed assessment of the economic environment helps us to improve our

understanding of the market’s reaction. We show empirically that there are differences

in the market’s reaction to news over the economic cycle, ranging from -0.10% in the

case of good news (defined as lower unemployment rate than expected) when the econ-

omy is contracting to +0.32% in the case of slow down. We find that bad news (higher

unemployment rate than expected) triggers a larger reaction compared to good news.
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Bad news causes on average a positive reaction in the stock market (+0.11%) while good

news has no substantial impact (-0.00%). We find that reactions differ strongly over the

business cycle. In the case of bad news, we find positive equity returns when economic

activity growth is high (overheat +0.27% and slowdown +0.32%) and negative returns

when activity growth is low (contraction -0.06% and recovery -0.05%). In general, our

findings are economically substantial but have only limited statistical significance. When

looking at the impact of news on interest rates we find that momentum is as important

as the level of activity growth. Since interest rates are important for stock markets, this

provides useful insights when explaining the stock markets reaction, but by far not a full

explanation.

Separating the parts, stock prices respond to changes in the risk-free rate, the equity

risk premium and/or the expected cash flows. The second key contribution of this

research is that we decompose the stock market’s reaction using a different method

compared to Boyd et al. [2005]. This well-established method allows us to study the

decomposition on a daily basis. This is an important contribution, as it contributes

to the decomposition of the announcement return in isolation. In contrast, when de-

composing the returns on a monthly basis as done by Boyd et al. [2005], all other news

announcements during that month distort the analysis. Since a stock is a claim on future

dividends, the fair price equals the current value of the expected dividends. In order to

decompose daily stock reactions we apply the Campbell-Shiller decomposition combined

with a VAR model. This method uses a loglinear approximation to decompose excess

equity returns into components attributable to news about the risk-free rates, cash flows

(dividends), and the equity risk premium. Similar to Campbell and Ammer [1993], we

then use a vector autoregression (VAR) to calculate revisions in expectations of these

key variables. This approach allows us to refine the results of Boyd et al. [2005]. We

calculate the contribution of these three factors to the daily markets reaction news in

different economic environments. We find that all three factors play a role in explaining

the total excess returns. The relevance of these factors varies over the business cycle.

We also find that the impact of the changes in risk premium and the risk-free rate are

usually in the opposite direction. When the interest rate rises, the risk premium falls

and vice versa. A rising short term interest rate results in a negative impact on the stock

2
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return and vice versa, which is consistent with results using Gordon’s growth model.

Our results generate insight into which components of stock returns are important

for asset pricing for the various phases of the business cycle. The market’s reaction on

specific economic news can, together with the results of this research, help to understand

the market’s judgement of the economic environment. This study also provides insights

in how an investor with superior forecasting skills of economic news or the economic

environment can profit from this knowledge. This is important for the portfolio choice

of investors.

Studies on the relationship between economic news and the stock market’s reaction

in which economic environment is taken into account, show results that are more intuitive

than studies in which this is ignored. Blanchard [1981] explains based on theory why

the same news can, depending on the state of the economy, have positive and negative

consequences for financial markets. McQueen and Roley [1993] also find a strong relation

between the impact of macro-economic news on the stock markets reaction and the state

of the economy, looking at various economic news releases and their own measure of

business conditions. Veronesi [1999] shows theoretically that bad news in good times

and good news in bad times would generally be associated with increased uncertainty

and hence with an increase in the equity risk premium. Bernanke and Kuttner [2005]

analyze the impact of changes in monetary policy on equity prices.

We use both monthly and daily data from July 1967 to December 2013. For stock

returns we look at the S&P500 index. For the macro-economic announcements we look

at the publication of the unemployment rate. We use the unemployment rate because it

is one of the most important measures for both the state of the economy and financial

markets. Common belief is that the unemployment number is informative about the

strength of economic growth and future inflation. As a result, the labor market is an

important variable in the reaction function of central banks. A lower unemployment

number increases the probability for rate hikes, especially when the economy is growing

above trend. Every month it is a key news event, closely watched and often commented

on by central banks setting the interest rate. There is a long reliable data series available,

our sample contains 500 unemployment rate announcements, published on the website

of the Bureau of Labor Statistics.

3
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We use the CFNAI-index as measure of economic activity and define four phases

based on the momentum and level of this measure. It turns out that time is distributed

more or less equally over the phases. We show that our measure is following a ‘standard’

economic cycle reasonably well. We also show the overlap with the commonly used

NBER classification. The four phases represent distinct economic environments. We

find that both economic and market variables that are closely related to the economic

environment are different across the phases. Examples are inflation, unemployment rate,

the BAA spread and the 10 year US Treasury yield.

Similar to Boyd et al. [2005], we use a linear regression in order to estimate market

expectations of the unemployment rate at the time of the announcement. This regres-

sion explains about 30% of the announcement. We define news as the difference between

the actual and expected announcement and show that for every economic environment

we have sufficient good and bad news events in our sample. Combining the announce-

ments with the economic environment and daily return data, we are able to study the

market’s reaction for each of these economic environments. Then, in order to evaluate

the impact of the interest rate movement we first use Gordon’s growth model. To study

the reaction to news in more detail we decompose the daily excess return by using the

Campbell-Shiller decomposition combined with a VAR model. The VAR model is used

to estimate the unobservable contributions of changing risk premiums, risk-free rates and

dividends. We use a first order VAR model with five variables similar to variables used by

Campbell and Ammer [1993] and Bernanke and Kuttner [2005]. The model gives prox-

ies for revisions in investor expectations by constructing both forecasts and revisions in

these forecasts.

In section 1.2 we give an overview of the data and methodology used. In section

1.3, we show the short-run impact of the economic environment on the markets reaction

to economic news, making a distinction between good and bad news. In section 1.4 we

focus on the question what drives these differences in return. Summary, conclusions and

suggestions for future research are the subject of section 1.5.
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1.2 Data and Methodology

1.2.1 Economic environment

Measuring the economic activity real time, without the benefit of hindsight, is not

an easy task. In this research, we use what is available and stick to the most common

definitions. While several of the available measures have the benefit of hindsight, we

limit ourselves to real time data. This is crucial for our analysis as it ensures that we

only use information that is available to investors at the time of the announcement.

When evaluating the economic environment studies frequently use the binary NBER’s

dating of business cycles. A key contribution is that we distinguish four instead of two

distinct phases of the business cycle. We show that this more detailed assessment of the

economic environment improves our understanding of the market’s reaction.

We expect the market’s reaction to news to depend on both level of and change in

activity growth. As mentioned in the introduction we refer to our four economic states

as overheat, slow down, contraction and recovery. Overheat is the environment in which

the level of activity growth is high and rising. When the level of activity growth is high

but falling we refer to it as slowdown. Contraction is characterized by low and falling

activity. Low and rising activity is referred to as recovery.

1.2.1.1 Measuring the business cycle

In this study we use the Chicago Fed National Activity Index (CFNAI) as a measure

of the economic environment. This index is published every month by the Chicago Fed.

By construction, the monthly index has an average value of zero and a standard deviation

of one. Evans et al. [2002] and Breitung and Eickmeier [2006] give more background

on the dynamic factor model behind it, together with its (dis)advantages. Evans et al.

[2002] shows that there is a strong statistical relationship between this index of economic

activity and business cycle dummies.

The published CFNAI series is subject to revisions. This mainly has to do with

revisions of the underlying economic data. All CFNAI data used in this study is initial

release data. This is a conservative approach, since at a certain point in time, part of the

revisions is already known. Since the series can be volatile, we look at the three month
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average of this series, CFNAI-3Mi.

We distinct four phases of the business cycle, defined by both level and momentum

of the CFNAI-3Mi index. We define momentum as the difference between the latest

value of CFNAI-3Mi with the three month moving average. Setting the reference for the

determination of the momentum is a trade-off between timeliness and robustness. Both

level (CFNAI-3Mi above or below zero) and momentum (CFNAI-3Mi rising or falling)

determine the current phase. Table 1.1 shows the definitions of the four phases of the

business cycle. We use these four phases to distinguish the market’s reaction in different

economic environments.

1.2.1.2 Properties of the business cycle

Table 1.2 shows several characteristics of the four phases. These results confirm

that the phases represent distinct economic environments. We observe that the time

is distributed more or less equally over all four phases, varying from 19 percent for the

recovery phase to 30 percent for the overheat phase. We find that slowdown and overheat

are characterised by high inflation, whereas we find the low inflation when the economy

is in recovery. This can be explained by the decrease in inflation that we find when

the economy is in slowdown and contraction. We find a similar pattern in the 3-Month

Treasury Bill yield. The 3-month yield is high in slowdown (5.85%) and low in recovery

(4.22%). Also stock returns differ. Whereas the average monthly return of the S&P500 in

contraction is 0.2 percent, it is much higher in overheat and recovery. Looking at the 10-

yr government bond returns, we see the opposite. Bond returns are highest in contraction

and slowdown and lowest in overheat and recovery. The historic unemployment rate is

different for the various phases as well. Usually the level of unemployment is lagging

the economic cycle. This is in line with the highest level observed in recovery (following

contraction) and the lowest level in slowdown (following overheat). The changes in the

unemployment level confirm this picture. The different characteristics of the four phases

support the argument that these phases represent different economic environments.

We expect the economy to move in a predetermined order: from overheat to slow-

down, contraction and recovery. The transition matrix in Table 1.3 shows that our

measure is following this order frequently, but not always. Starting in slowdown, when

we expect a transition towards contraction, the cycle returns to the overheat phase in

6
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33% of the cases. This might be explained by the fact that the CFNAI is a real time

estimation of the state of the economy, and therefore not necessarily reflecting the true

economic phase. Another possible explanation is that the economic cycle is only a model,

and the economy is not always following the same pattern.

As referred to in the introduction, the most common measure for the state of the

economy is the NBER recession index. Table 1.2 also shows the distribution of the NBER

phases over the CFNAI phases for the period May 1967 - December 2013. It enables us to

compare our results to existing literature. Note that the while the NBER recession index

is determined with hindsight1, the CFNAI index is real time. The distribution shows

that when the economy is expanding according to the NBER definition, the measure

based on the CFNAI classifies the economic phase as overheat in 38% of the months.

When the economy is in recession, our measure is in contraction 70% of the time. While

the NBER index is in expansion for 475 months of the 558 months in the sample (86%),

it is for 165 months in overheat using our measure (30%). Of the 83 months that the

NBER recession index points towards recession, there is only one month that our measure

classifies as overheat (May 1974).

1.2.2 Unemployment rate announcements

In this study we evaluate the markets reaction to the announcement of the unem-

ployment rate. As argued in Boyd et al. [2005], this rate is frequently the reference point

of Federal Reserve policy and target of speculation by investors. It is clearly related to

the state of the economy. Furthermore this release has a long time series and both re-

visions and release dates are available. Also, using the same announcements increases

the comparability with the results from Boyd et al. [2005]. In this study we use monthly

data from 1967.3 to 2013.12. Compared with Boyd et al. [2005] our sample is 13 years

longer, extending the sample with roughly 50%. We included all announcement dates,

regardless whether the announcement was on the usual Friday or not.

Unfortunately it is not realistic to assume that when information is made publicly

1The NBER’s Business Cycle Dating Committee maintains a chronology of the U.S. business cycle.
The chronology comprises alternating dates of peaks and troughs in economic activity.The Committee
does not have a fixed definition of economic activity. It examines and compares the behavior of various
measures of broad activity: real GDP measured on the product and income sides, economy-wide em-
ployment, and real income. The Committee also may consider indicators that do not cover the entire
economy, such as real sales and the Federal Reserve’s index of industrial production (IP).
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available, this information can be seen as news. We have to adjust the new information

for the expectations that investors have. The difference between the actual and the

expected rate is the new information that triggers a reaction of prices.

1.2.2.1 Measuring unemployment expectations

In order to capture the reaction to news, the unexpected component of the announce-

ment, we have to correct for the expectations. Literature presents various ways to do this.

One way is using consensus estimates that can be obtained from Bloomberg through the

Economic Calendar screen. This method is used by e.g. Beber et al. [2013]. Before the

release of every figure, a panel is asked for their estimates, and this figure is published

on Bloomberg before the actual release. The question whether the survey is a good

representation of the market expectation is difficult to answer. Another disadvantage is

the short history available (January 1997).

A second approach is to generate a model-based prediction for the news release. This

can be done by using a regression of the already announced news releases and a number

of identified variables:

DUMPt = b0 + b1 · IP GRATEt−1 + b2 · DUMPt−1 + b3 · DTB3t + b4 · DBAt

+ b5 · CFNAI3Mit−1 + et.
(1.1)

For reason of comparison with Boyd et al. [2005], and the availability of a longer

dataset, we follow this approach. We show that the expectations we find using this

regression are similar to the estimates based on the consensus data from Bloomberg.

Equation (1.1) is a modified version of the predictive model used by Boyd et al. [2005],

where DUMPt, ∆Ut, is the actual change in the unemployment rate Ut, IP GRATEt is

the growth rate of monthly industrial production, DTB3t is the change in the 3-month

T-bill rate and DBAt is the change in the default yield spread between Baa and Aaa

corporate bonds, all for the months t − 1 and t. Lastly, we included the CFNAI-3Mi

in order to improve the forecast2. Similar to Boyd et al. [2005] we use an expanding

2The resulting time series with the estimation of the change in unemployment start in May 1972. The
unemployment rate and the industrial production series are subject to revisions. Similar to Boyd et al.
[2005], we use final release numbers up to one year before the estimation date. For the last 12 months we
use initial release unemployment rate data and originally published and subsequently revised industrial
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window, and use five years of data for the initial forecast. The explanatory power of

this regression is 31% for the full sample. Over time the regression coefficients are fairly

stable and the R-squared is never below 30%. Table 1.4 shows that all variables are

statistically significant.

Forecasts for the change in the unemployment rate from month t − 1 to month

t are constructed by first estimating equation (1.1) using monthly observations up to

month t − 1. Adding back the unemployment rate at month t − 1 to this forecast gives

us the predicted unemployment rate in month t, denoted by DUMP Ft, Et−1(∆Ut).

Comparing these calculated forecasts to the forecasts based on the consensus estimate

from the economists panel, we find that in 176 out of 204 (86%) available months from

January 1997 until December 2013 forecasted changes in the unemployment rate have

the same direction. The correlation between the two series of forecasted changes is 0.90.

1.2.2.2 Properties of unemployment news

Based on the regression in the previous section, we now have an estimation of the

economic news ERRUMPt, ∆Ut − Et−1(∆Ut), that may cause market movements on

the announcement day. In Table 1.5 the properties of the forecasted unemployment rate

changes are given. These results show the quality of the announcement forecast and

the differences between the various defined economic environments. For every phase

the forecast of the change in unemployment has on average the same direction as the

actual change. In recession the unemployment rate is high and rising. In expansion the

unemployment rate falls. When we test for unbiasedness (following Pearce and Roley

[1985]), we find that we can reject this at a 5 percent level of significance. Looking

at the individual phases, we cannot reject unbiasedness for slowdown and contraction3.

Since we use the first five years of data to estimate the first coefficients, this series starts

in May 1972.

In Table 1.6 we make the distinction between good news (lower unemployment than

expected) and bad news (higher unemployment than expected). These numbers show

production numbers.
3The upward bias for the total sample is not intuitive as the regression in equation (1.1) has an

average error of zero. However, as we use an expanding horizon in order to prevent the benefit of
hindsight, the average error can deviate from this. An alternative approach is to use a rolling window
that allows estimated coefficients to change more and in that way capture changing dynamics. A second
cause of this bias are the data revisions.
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that biases are limited, in every phase of the economy there are both positive and negative

surprises. This is what is to be expected when investors take the direction of change

into account when assessing the state of the economy. We notice a small bias towards

positive surprises, similar to results in Boyd et al. [2005]. In the following section we

evaluate the markets reaction to the announcements. Decomposing the markets reaction

into its three fundamental drivers is the subject of section 1.4.

1.3 Market’s reaction to news

Until now we have defined four phases of the business cycle and found a way to

estimate economic news announcements (surprises). The next step is to evaluate the

markets reaction to these announcements. Investors use their assessment of the economic

environment to put news into perspective, and unemployment rate news itself contains

information about this environment. We also might expect the news to impact the level

of uncertainty about the economic outlook. In Table 1.7 we show average daily returns

of equity and bonds on all days and on announcement days only. We show that on

announcement days equity and bond returns differ from average returns on other days.

We see that the average daily equity return is positive in every economic environment.

Bond returns differ more across the various phases. At announcement days, equity

returns are positive and bond returns are negative in overheat and slowdown (high

activity). In contraction and recovery (low activity) we find the opposite. For the bond

returns we look at the 3-Month Treasury Bills. For the equity returns we use the S&P500

returns. These results are broadly in line with the results presented by Boyd et al. [2005].

The main differences (eg. lower average equity return on announcement days) are because

of a longer sample.

Table 1.8 and Figure 1.2 show the impact of good and bad unemployment news on

the markets in the different economic environments. As explained in the introduction we

expect different market returns for good and bad news because investors use economic

news to update their estimates. Although the level of statistical significance is low, we

find that on average bad news triggers a positive equity price reaction while good news

has no significant impact. We find that good news causes interest rates to rise (negative

10
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bond returns) and bad news causes rates to fall (positive return). These results are in

line with rising nominal rates when the economy improves more than anticipated4.

More importantly, we find that the reaction is different in the various economic

environments. In the case of good news, we find positive equity returns when economic

activity is high and negative returns when activity is low. However, with t-stats below

1.0 the level of significance is low. In the case of bad news, we find stronger evidence

for positive returns when the activity is high. A higher than expected unemployment

number (bad news) could provide an indication that the economy is not yet at its peak,

and (wage) inflation numbers will stay lower than expected. As there is less probability

that the economy is going to slowdown soon, investors are relieved and the stock market

is showing positive returns. At first sight, it seems that the level of economic activity

is more important than momentum. However, if we look at the risk-free rate, one of

the drivers of the stock market, economic momentum plays an important role. We find

that bad news has almost no influence on rates when the economic activity is high and

rising (overheat), but causes interest rates to rise when the activity is high but falling

(slowdown). When the activity is low, bad news causes interest rates to fall when the

activity is falling (contraction), but the news has only little impact when the activity is

rising from a low level (recovery)5

How can we explain these results? As Boyd et al. [2005] describes, if equity returns

can be explained solely by information about future interest rates, stock and bond prices

would respond in the same way, except for a difference in their durations. We find

that equity and bond prices often do not respond in the same way. Only in the case of

good news while the economy is in contraction, stock and bond prices move in the same

direction (down). This implies that most of the time the news also contains information

4Table 1.8 shows that the direction of stock market returns for each phase of the economy is in-
dependent of the (direction of the) news. One possible explanation is that this is due to the fact that
we ignore other news events at the same day, examples are the release of the non farm payrolls and
revisions of data released previous months. A second possible explanation is a false classification of an-
nouncements as good or bad news due to errors in our estimate of the unemployment rate expectation.
One way to correct for this is to focus only on the news events above a certain threshold. We find only
limited impact on the results if we exclude announcements close to the expectation. As it also reduced
the sample significantly we chose to present results that include all news events.

5In order to validate the split of good and bad news, we also estimated the following linear model:

(
∆P

P

)

P hasei

= a0 + b0 ∗ ERRUMP (P hasei).

We found that the results confirmed the results in Table 1.8.
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about future risk premia and dividends. For example when bad news is announced when

the economy is in slowdown, equity markets have a positive return, while the interest

rate rises (negative return). This implies that expectations about risk premiums must

have been lowered, and/or expected dividends have been revised upwards.

Summarizing our findings until now, we find that stock markets react differently to

good and bad news. We also find that the economic environment influences the reaction

to news. These results are in line with our expectations. When trying to explain the

returns, we find that the change in the risk-free rate is not likely to be the most important

determinant of stock reactions and that therefore the news on unemployment has also

impact on the expected future risk premiums (excess returns) and/or future dividends.

In the next section we show the impact of these drivers in various situations in more

detail.

1.4 Decomposition of the stock market’s reaction

In the previous section we showed that the stock and bond market’s reaction to

the announcement of the unemployment rate depends on the news and the economic

environment. In this section we have a more detailed look at what drives these differences

in reaction by decomposing these returns.

As discussed in the introduction, the current value of a stock is the discounted value

of the future cash flows. We have earlier suggested that both bonds and stocks would

respond in the same way except for differences in duration, if equity prices are driven by

interest rates only. We can use Gordon’s growth model to quantify the impact of changes

in the short term interest rates on the reaction of the stock market to news. This is the

subject of section 1.4.1. However, as mentioned before, there are more drivers of the

stock market besides interest rates. In order to understand the impact of the economic

environment on the impact of economic news in more detail we follow a method developed

by Campbell and Shiller [1988]. The model decomposes the unexpected daily excess

return in the contributions of a change in the risk-free rate, the risk premium and future

dividends by using a log linear approximation. A vector autoregression (VAR) model is

used in order to model the time varying risk premiums. We describe this methodology
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in section 1.4.2. Using this model, we can quantify the contribution of all three factors

to the stock markets reaction to good and bad economic news in different economic

environments.

1.4.1 The impact of interest rates

Since the value of a stock is the sum of discounted future dividends, the impact of

interest rates on the value of stocks is expected to be significant. In Table 1.8 both equity

and (3 month) T-Bill responses are given. We use Gordons growth model to estimate

how much of the equity response in Table 1.8 is explained by the change in interest rate.

According to Gordon’s growth model, the expression for the value of equity, were D is

the expected dividend, π the risk premium and g the expected dividend growth is

Ps =
D

r + π − g
. (1.2)

As Boyd et al. [2005] show, we can write the percentage change of the stock price to

the unemployment news as

dPs/Ps

du
= −Ps

D
1

1+g

[
dr
du

+ dπ
du

−
(

1 + D
Ps

)
dg
du

]

≈ −Ps

D

[
dr
du

+ dπ
du

− dg
du

]

,
(1.3)

with u denoting the unemployment news. In order to isolate the impact of the interest

rate change, we assume for now the risk premium and the dividend growth to be constant.

The resulting equation is

dPs/Ps

du

∣
∣
∣
∣
∣
dg=dπ=0

= −
Ps

D

[

dr

du

]

, (1.4)

where Ps/D can be interpreted as the duration of equity.

When we combine equation (1.4) with the common relationship between the interest

rate r and bond prices we get

dPb/Pb

du
= −Db

dr

du
, (1.5)

with Db denoting bond duration, the expression of the relationship between the change

in interest rate because of unemployment news and the impact on equity prices is
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dPs/Ps

du

∣
∣
∣
∣
∣
dg=dπ=0

=
Ps

D

1

Db

dPb/Pb

du
. (1.6)

In this expression we ignore convexity and higher order effects.

Using the bond returns in Table 1.8 we can calculate the impact of interest rates

reaction on the stock prices using equation (1.6). These estimates are shown in Table

1.9 for both good and bad news. We find that the change in interest rate is an important

factor in explaining stock price reaction. However, there is also still a large part of the

stock markets reaction unexplained. This strengthens the case that the combination of

changing risk premiums and dividend expectations plays an important role as well. In

section 1.4.2 we look at the decomposition of the stock returns in more detail. We also

show that the results of the VAR analysis are consistent with the results of the Gordon’s

growth model in this section.

1.4.2 The impact of interest rates, excess returns and dividends

In the previous section we estimated the impact of changing interest rates on the

stock market, providing us with information about this driver. In this section we take

this analysis a step further. We use a method, that enables us to split out the impact

of the other two primitive components beings changing expected excess returns and

dividends, in addition to the interest rate.

The approach in this paper follows the method used by both Campbell [1991]

and Campbell and Ammer [1993]. We use a log linear approximation developed by

Campbell and Shiller [1988] to decompose excess equity returns into components at-

tributable to news about interest rates, dividends, and future excess returns. Then we

employ a VAR methodology to obtain estimates for the relevant expectations.

In this log linear approximation, the unexpected excess return ẽt+1 can be written

as the difference between the actual excess return, et+1, and the expected excess return,

Etet+1:

ẽt+1 = et+1 − Etet+1 = (Et+1 − Et)







∞∑

j=1

ρj∆dt+1+j −
∞∑

j=1

ρjrt+1+j −
∞∑

j=1

ρjet+1+j






. (1.7)
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In this equation Et, d, r and e denote the expectation at time t, log dividends, the risk-free

rate and excess stock returns. The discount factor ρ follows from the linearization and

is set to 0.9962, the same value as used by Campbell [1991] and Bernanke and Kuttner

[2005]. It represents the steady-state ratio of the equity price to the price plus dividend.

This equation gives the unexpected excess return in terms of the revision in expected

future dividends, the interest rate and future excess return (the risk premium). In

contrast with an asset pricing model, equation (1.7) is a dynamic accounting identity

relating changes in expectations to the current excess return as emphasized by both

Campbell [1991] and Bernanke and Kuttner [2005]. We can rewrite this identity as

ẽt+1 = ẽd,t+1 − ẽr,t+1 − ẽe,t+1, (1.8)

where ẽd,t+1, ẽr,t+1 and ẽe,t+1 are the contributions to the excess return of respectively

the change in expected dividends, risk-free interest rate and risk premiums. In order to

use this equation we need time series of these three variables. However, since these are

not directly observable, we have to estimate these. There are various possible ways to

do this for both the risk premium and the dividends. We use a vector autoregression

(VAR) model in order to model the risk premiums. These models are frequently used in

literature to make equity returns forecasts. This application of VAR models is introduced

by Campbell [1991] and Campbell and Ammer [1993]. Bernanke and Kuttner [2005]

employs the model in order to explain the economic reasons for the observed market

response to policy surprises.

In order to estimate the equity risk premium Boyd et al. [2005] uses a measure of

the intrinsic value over price ratio. By assuming that market participants use the same

value of EPS and of the risk-free rate, but have a risk premium that may be different,

the ratio is a measure of the time-varying risk premium on stocks. For the dividend

expectations Boyd et al. [2005] uses the industrial production figures (IIP) as estimate.

A disadvantage of these estimates is that their reaction cannot be observed at the day of

the announcement, since these are available on a monthly basis only. Also, this method

cannot quantify the size of the impact these changes have on equity returns. Using the

VAR method introduced by Campbell and Shiller [1988] provides us with more details

on the impact of news on the risk premium and dividend expectations and the impact
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these changes have on stock market’s reaction at the day of an unemployment rate

announcement.

1.4.2.1 Empirical estimates of unobservable variables

The VAR approach is used to model risk premiums. It postulates that the unobserved

components of returns can be written as linear combinations of innovations to observable

variables. We use short-run behavior of the variables to impute the long-run behavior. It

is necessary to assume that the VAR adequately captures the dynamics of equity returns

many years in the future. A concern is that investors may have information omitted

from our VAR that affects the decomposition of variance. In practise it seems likely that

the VAR results tend to overstate the importance of whichever component is treated

as a residual. In this study we did not include dividends as a variable to be forecast,

following the approach used by Campbell and Ammer [1993] and Bernanke and Kuttner

[2005]. To the extent that the VAR understates the predictability of excess returns,

treating dividends as a residual means that the method ends up attributing too much of

the return volatility to dividends.

The approach starts by defining a vector zt+1 which has k elements. The first two

are, in our case, the excess stock return and the 3-Month US Treasury Bill return. We

use similar variables as used by Campbell [1991] and Bernanke and Kuttner [2005], being

the risk-free return, the steepness of the curve, the dividend price ratio and the relative

bill rate defined as the difference between the current 3-Month Treasury Bill yield and

the 12 month moving average. We replaced the 1-Month yield by its 3-Month equivalent

because of consistency. As the 1-Month yield is only available to us on a daily basis

since 2001, we are not able to use this rate when looking at the impact of the economic

news on a daily basis. The impact of replacing the 1-Month yield by the 3-Month yield

is limited. We now have for the 1 × p vector zt of p directly observable variables that are

to be forecasted as well as indicators that are helpful to do so,

zt = [et, bt, St, D/Pt, rbt]. (1.9)

The excess return on equity, the excess return on the T-Bill, the difference in yield

between the 10 year Treasury and the T-Bill, dividend price ratio and relative change
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in T-Bill rate (vs 3 month moving average) are denoted by respectively et, bt, St, D/Pt

and rbt.

The mathematical representation of a single lag VAR model is

zt+1 = Azt + wt+1. (1.10)

We use a single lag VAR because of the increasing risk of overfitting when using a higher

order VAR6. The variable A denotes the auto regression matrix and wt+1 is a vector

with error term containing the unexpected components. All of the variables appear to

be stationary in our sample period.

Note that there is no vector with constants in equation (1.10). Similar to, for ex-

ample Campbell and Ammer [1993], we adjust all state variables so that these have zero

means. This adjustment is not affecting the objected decomposition since it does not

alter the change (shocks). Table 1.10 shows the estimated autoregression matrix A. The

explanatory power of equation (1.10) for our sample is 3.4% based on monthly time

series, which is in line with the estimations of Bernanke and Kuttner [2005].

Note that the autoregression matrix A shown in Table 1.10 is based on monthly

data. However, we are interested in the decomposition of the market’s reaction on a

daily basis. We choose for a two step approach instead of calculating the autoregression

matrix using daily series in equation (1.10) to filter for noise. Since we want to estimate

the variables in the decomposition of equation (1.7), we require the longer term market

dynamics. In general, predictability of equity returns using a VAR model is much higher

on a monthly basis than it is on a daily basis. In order to estimate the decomposition of

daily excess returns, we define a shock wd,t+1 as

wd,t+1 = zd,t+1 − Adzd,t, (1.11)

where zd,t contains the same observable variables as zt, but now with daily series. Four

variables in zt are available on a daily basis. In order to calculate the daily dividend

price ratio, we assume the dividends to be constant during the month. The second term

on the right-hand side in equation (1.11), Adzd,t is the expected value of these variables

6Campbell and Ammer [1993] show that their results using a first order VAR are robust to lag
length.
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on a daily basis. We could define Ad as A1/20. While this works very well in the case of

persistent variables, it does not for daily returns. Since the excess stock return and the

3-Month US Treasury Bill return (the first two variables) are returns, we believe that

zero is a good approximation for the predicted return on a daily horizon. In other words,

we assume that the predictability of excess returns and the 3-Month US Treasury Bill

return is negligible on a daily basis. For the other three variables (the steepness of the

curve, the dividend price ratio and the relative bill rate), we believe the expected value

can be well approximated by the value of the previous day. Ad is thus defined as

Ad =

















0 0 0 0 0

0 0 0 0 0

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1

















The VAR model is used to construct estimates for the three factors in equation (1.8),

where e1 (e2) is a selection vector, whose first (second) element is 1 and whose other

elements are 0. These estimations are

ẽt+1 = e1wd,t+1,

ẽe,t+1 = e1ρA(1 − ρA)−1wd,t+1,

ẽr,t+1 = e2(1 − ρA)−1wd,t+1,

ẽd,t+1 = ẽt+1 + ẽe,t+1 − ẽr,t+1.

(1.12)

Following Campbell and Ammer [1993], the estimates in equation (1.12) together

equal the unexpected excess return as in equation equation (1.8). We can use these

to estimate the contribution of the three drivers at announcement days. Note that the

contribution of changing expectation in dividends is defined as the difference between

the excess return and the contribution of the first two components. Dividends are not

included explicitly as a variable to be forecasted. The consequence of this approach is

that the impact of dividends is overstated to the extent that the VAR understates the

predictability of excess returns.
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1.4.2.2 Decomposition of the stock market’s reaction

Similar to what we have done in section 1.3 we can make a distinction between good

and bad news for the contributions to the excess return. In this section we describe the

economic effects first, followed by a discussion of the statistical significance.

We find that all three factors play an important role in explaining the stock market’s

reaction to news. The resulting decomposition is shown in Figure 1.3 and Table 1.11.

In all states of the economy, the discount rate is important in explaining the excess

returns. While in contraction and recovery the impact of dividends on the excess return

is limited, this is not the case in overheat and slowdown. In these environments with

high economic activity we find that also dividends are important. These findings show

that that both the cash flow and discount rate channel are relevant.

Taking into account the fact that these are daily returns, the contributions are with-

out doubt economically substantial. For example, we estimate the contribution of the

dividends to be +0.12% in the case of bad news arriving when the economy is over-

heating. The largest contribution found of a driver is +0.30% due to change in the risk

premium at the arrival of bad news in an economy in the slowdown phase.

The statistical significance of these results varies. Overall we find a higher level of

significance for the market’s reaction to bad news and the decomposition of this reaction.

These results suggest that a higher unemployment rate than expected has clearer impli-

cations for financial markets than an unexpected drop. A possible explanation is that

in the case of high economic activity, a rise in the unemployment rate reduces economic

uncertainty as it might take longer before central banks need to tighten as a result of

rising inflation. In order to test for differences between the states, we perform multiple

Wald tests for both good and bad news. We do this test for excess returns and for

each of the three components (cash flow, interest rate and risk premiums). Based on a

95% significance level, our results shows that total excess returns and risk premiums are

significantly different between the different phases in the case of bad news. However, we

are not able to reject the null hypothesis that there is no significant difference between

the different phases in all other cases.

Although most insights provided by Boyd et al. [2005] are in line with our results,

there are differences that attract our attention. While Boyd et al. [2005] for example
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concludes that information about future dividends dominates during contractions, our

results do not confirm this finding. Our results provide evidence that during contraction

the discount rate is a more important driver of excess returns. There are several potential

explanations for these differences. The first explanation is that we use different estimates

for the three drivers of stock returns. Also, we evaluate daily decompositions while

Boyd et al. [2005] uses monthly data. A last explanation is that we use another definition

for the economic environment.

1.5 Conclusions

This paper analyzes the impact of unemployment news on stock markets over the

business cycle. We show dependence of the stock market’s reaction to the economic

environment by studying the response in multiple economic environments which are

defined based on both the level and momentum of economic activity. We show that

while the average stock market’s reaction is very small (especially in the case of good

news), this does not hold for the different environments. Not only is the excess return

different in the various economic environments, also the dominant driver of the return

changes with the economic environment.

In the first part of the study, we show empirically the response to unexpected changes

in the unemployment rate. We also show that the risk-free rate, a frequently identified

driver of stock prices because of its impact on the discount rate, cannot explain the

(differences in) stock price responses. We show that the momentum in economic activity

growth matters for the contribution of the risk-free rate to the stock market’s response.

In order to quantify the impact of changes in the risk-free rate on the stock market

we start with Gordon’s growth model. This leads to the result that two main other

drivers, the risk premium and expected dividends, must be affected by the same news in

a significant way. In the second part we identify which drivers are relevant under specific

economic circumstances. Applying the Campbell-Shiller decomposition combined with

a VAR model, we attribute the stock market reactions to the main drivers on a daily

basis: changes in the risk-free rate, risk premium and dividends. The decomposition of

daily returns shows that all three drivers are important in explaining the stock market’s
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reaction to unemployment news. The importance of these factors varies over the business

cycle. We also find that the impact of the changes in risk premium and the risk-free rate

are usually in the opposite direction. When the interest rate rises, the risk premium falls

and vice versa. We also find that although the average stock market’s response over the

cycle is small in the case of good news, the underlying expectations change a lot more.

By using other ways to disentangle the daily returns these results should be validated.

While the results are economically substantial, the statistical significance of our results

is limited. Overall we find a higher level of significance in the case of bad news.

Our results contribute to the understanding of financial markets by generating insight

in which components of stock returns are important for asset pricing for the various

phases in the business cycle. This is important for the portfolio choice of investors.

The markets reaction on specific economic news can, together with the results of this

research, help to understand the markets judgement of the economic environment. This

study provides insights in how an investor with superior forecasting skills of economic

news or the economic environment can profit from this knowledge.
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Tables

Table 1.1: Definition of economic environments

This table shows the definition of the four phases of the business cycle. The resulting
timeseries is shown in Figure 1.1.

CFNAI-3Mi Level Momentum
Overheat Positive Rising
Slow down Positive Falling
Contraction Negative Falling
Recovery Negative Rising
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Table 1.2: Characteristics of the four phases of the business cycle

This table shows the characteristics of the four phases of the business cycle. The esti-
mations are averages and based on monthly data for the period May 1967 - December
2013. Each second row shows the t-statistic for testing the difference between the mean
in the phase and the mean of the full sample.

Overheat Slowdown Contraction Recovery All
Time 30% 22% 29% 19% 100%
CPI 4.36% 5.16% 4.59% 3.97% 4.53%

(0.5) (1.6) (0.1) (1.2)
∆ CPI 0.02% 0.17% −0.11% −0.11% −0.01%

(0.1) (0.4) (0.3) (0.2)
10yr Treasury yield 6.97% 7.21% 6.73% 6.30% 6.82%

(0.7) (1.8) (0.3) (1.6)
∆ 10-yr Treasury yield 0.05% 0.00% −0.09% 0.04% 0.00%

(2.2) (0.1) (2.6) (1.3)
3-Month Treasury Bill yield 5.24% 5.85% 5.24% 4.22% 5.18%

(0.2) (2.8) (0.2) (2.5)
∆ 3-Month Treasury Bill yield 0.08% 0.07% −0.15% −0.03% −0.01%

(2.7) (2.7) (2.5) (0.5)
Steepness 10yr-3month 1.73% 1.37% 1.49% 2.08% 1.65%

(0.7) (2.3) (1.3) (2.9)
Price return S&P500 0.82% 0.36% 0.18% 0.86% 0.54%

(0.7) (0.5) (0.8) (0.7)
Return 10yr Treasury yield 0.11% 0.62% 1.45% 0.10% 0.61%

(2.2) (0.0) (2.6) (1.5)
Unemployment 6.08% 5.61% 6.34% 7.16% 6.26%

(1.3) (4.7) (0.6) (4.6)
∆ Unemployment −0.08% −0.02% 0.09% 0.03% 0.01%

(6.4) (1.5) (5.0) (1.6)
Dividend yield 3.01% 3.00% 3.07% 2.92% 3.01%

(0.0) (0.1) (0.5) (0.6)
BAA spread 0.98% 0.95% 1.20% 1.26% 1.09%

(3.6) (4.1) (2.5) (3.1)
∆ BAA −0.01% 0.00% 0.02% −0.02% 0.00%

(1.1) (0.1) (1.5) (1.2)
St.dev. price return S&P500 15.48% 11.89% 18.08% 14.48% 15.42%
NBER Recession 1% 1% 35% 23% 15%
NBER No recession 99% 99% 65% 77% 85%
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Table 1.3: Transitionmatrix of the economic cycle

This table shows the four state Markov chain of the economic cycle based on our economic
state definitions in the period May 1967 - December 2013. The rows represent the initial
economic phase and the columns the subsequent economic phase.

t \t+1 Overheat Slowdown Contraction Recovery
Overheat 59% 32% 9% 1%
Slowdown 33% 56% 11% 0%
Contraction 7% 1% 70% 22%
Recovery 17% 0% 19% 64%
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Table 1.4: Regression coefficients explaining the change in unemployment
rate

This table shows the the regression coefficients of equation 1.1 together with t-stats
(between parenthesis) explaining the change in unemployment rate given in equation 1.1
over the period from May 1967 to December 2013. We use the initial unemployment
data for the last 12 months. Final release data is used for the period before. DUMPt

is the change in the unemployment rate, IP GRATEt is the announced growth rate of
monthly industrial production known at that point in time, DTB3t is the change in the
3-month T-bill rate, and DBAt is the change in the default yield spread between Baa
and Aaa corporate bonds, all for the months t − 1 and t.

Estimate t-statistic
Intercept 0.006 (0.8)
IP GRAT Et−1 −4.311 (3.9)
DUMPt−1 −0.151 (3.4)
DT B3 −0.061 (4.4)
DBA 0.175 (3.3)
CFNAI3Mt−1 −0.088 (8.2)

25



Essays on Investing in Stock and Bond Markets

Table 1.5: Properties of the (forecasted) change in unemployment rate

This table shows properties of the forecasted change in unemployment rate DUMPF.
DUMP is the announced change in unemployment. ERRUMP is the news component,
defined as the difference between DUMP and DUMPF. The forecast is the outcome of
equation 1.1. The sample starts in May 1972 and ends in December 2013. In each second
row, the standard error for the mean is given (between parentheses).

Unemployment Rate DUMP DUMPF ERRUMP
Overheat 6.33% −0.08% −0.02% −0.06%

(0.12%) (0.01%) (0.01%) (0.01%)
Slowdown 5.83% −0.03% −0.02% −0.01%

(0.12%) (0.02%) (0.01%) (0.02%)
Contraction 6.48% 0.08% 0.08% 0.00%

(0.12%) (0.02%) (0.01%) (0.02%)
Recovery 7.28% 0.03% 0.08% −0.05%

(0.19%) (0.02%) (0.01%) (0.02%)
All 6.46% 0.00% 0.03% −0.03%

(0.07%) (0.01%) (0.00%) (0.01%)
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Table 1.6: Properties of unemployment rate surprises

This table shows the properties of unemployment rate surprises. The surprises are split
up between good news (lower unemployment rate than expected) and bad news (higher
unemployment rate than expected) for every phase of the business cycle. ERRUMPt is
the difference between the announced unemployment rate and the estimated unemploy-
ment rate. Good news is defined as ERRUMPt < 0 and bad news as ERRUMPt>0.
The number of good and bad news observations are given, together with the mean value
of the news and the standard error of this news (between parentheses).

Good news Bad news

Count Mean SE Count Mean SE
Overheat 95 −0.154% (0.012%) 49 0.111% (0.012%)
Slowdown 60 −0.129% (0.012%) 46 0.156% (0.019%)
Contraction 80 −0.136% (0.013%) 70 0.165% (0.014%)
Recovery 57 −0.184% (0.018%) 43 0.126% (0.015%)
All 292 −0.150% (0.007%) 208 0.142% (0.008%)
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Table 1.7: Daily reactions (returns) to news of both stocks and T-Bills

This table shows average daily returns for stocks (S&P500) and short term bonds (3-
Month Treasury Bill) for both the full sample and announcement days only. In this table
there is no distinction between good and bad news.

S&P500 T-Bill

Mean tStat Mean tStat
All days Overheat 0.043% (2.4) −0.001% (2.4)

Slowdown 0.027% (1.4) −0.001% (2.7)
Contraction 0.020% (0.9) 0.002% (3.3)
Recovery 0.044% (1.8) 0.000% (0.1)
All 0.033% (3.1) 0.000% (0.4)

Announcement days Overheat 0.128% (1.7) −0.002% (1.2)
Slowdown 0.184% (1.5) −0.005% (1.9)
Contraction −0.076% (0.8) 0.004% (1.5)
Recovery −0.044% (0.4) 0.001% (0.7)
All 0.044% (0.9) 0.000% (0.1)
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Table 1.8: Market’s reaction (returns) to unemployment news
announcements in different economic environments

This table shows the market’s reaction (returns) to unemployment news announcements
in different economic environments. In the first two columns of this table, the average
market’s reaction for both good and bad news is given. The third and fourth column
show the estimated coefficients from a regression of the markets reaction on the news
(equation 1.2). Each second row shows the t-stat (between parentheses).

Good news Bad news

SP500 T-Bill SP500 T-Bill
Overheat 0.052% −0.002% 0.266% −0.001%

(0.6) (1.3) (2.1) (0.3)
Slowdown 0.076% −0.003% 0.317% −0.008%

(0.4) (1.1) (1.9) (1.5)
Contraction −0.103% −0.002% −0.045% 0.011%

(0.9) (0.6) (0.3) (2.6)
Recovery −0.040% 0.001% −0.051% 0.002%

(0.3) (0.3) (0.3) (0.8)
All −0.004% −0.002% 0.112% 0.002%

(0.1) (1.3) (1.4) (1.0)
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Table 1.9: Decomposition of stock market’s reaction based on Gordon’s
growth model

This table shows the impact of the reaction of the short term interest to good and bad
news on equity returns, based on Gordon’s growth model. In the first and fourth column
the stock market’s reaction to unemployment rate news is copied from the results in
Table 1.8. In the second and fifth column the estimated impact of the bond return is
given, based on equation 1.6. The difference between the actual change and the impact
of the bond return is assumed to be caused by revisions in expectations of excess returns
and dividends.

Good news Bad news

Return SP500

Impact of
interest

rates

Implied impact
of dividend

and risk
premium Return SP500

Impact of
interest

rates

Implied impact
of dividend

and risk
premium

Overheat 0.052% −0.099% 0.151% 0.266% −0.042% 0.308%
Slowdown 0.076% −0.118% 0.193% 0.317% −0.329% 0.646%
Contraction −0.103% −0.088% −0.016% −0.045% 0.464% −0.509%
Recovery −0.040% 0.031% −0.071% −0.051% 0.090% −0.141%
All −0.004% −0.073% 0.069% 0.112% 0.088% 0.024%
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Table 1.10: VAR model coefficients

This table shows the estimated coefficients of the state variables in the VAR model. All
elements are known to the market by the end of period t + 1. The first variable is the
excess stock return et. bt is the return of the 3-Month Treasury Bill yield. We use similar
forecasting variables as used by Campbell [1991] and Bernanke and Kuttner [2005], being
the risk free return, the steepness of the curve St, the dividend price ratio D/P t and
the relative bill rate rbt defined as the difference between the current 3-Month Treasury
Bill yield and the 12 month moving average. The excess stock return is measured in %
per month, while the remaining variables are in % per year. On each second row the
standard error is given.

et bt St D/P t rbt

et+1 0.050 −0.191 0.219 0.300 −0.325
(0.045) (0.935) (0.206) (0.601) (0.245)

bt+1 −0.002 0.714 −0.035 0.112 0.037
(0.001) (0.027) (0.006) (0.017) (0.007)

St+1 −0.017 0.062 0.956 −0.030 0.026
(0.005) (0.099) (0.022) (0.063) (0.026)

D/P t+1
0.000 −0.005 −0.002 0.997 0.004

(0.000) (0.009) (0.002) (0.006) (0.002)
rbt+1 0.018 −0.633 −0.044 0.267 0.875

(0.004) (0.089) (0.020) (0.057) (0.023)
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Table 1.11: Decomposition stock market’s reaction (return) into its main
drivers

This table shows the results of the decomposition following equations 1.12 using daily
data from May 1972 to December 2013. The impact of news on the various drivers of
excess returns is shown separately for good and bad news. T-stats are given for each
estimate (between parentheses).

Good news Bad news

Excess
return

Risk
premium

Risk free
rate Dividend

Excess
return

Risk
premium

Risk free
rate Dividend

Overheat 0.054% 0.049% −0.037% 0.043% 0.267% 0.049% 0.095% 0.123%
(0.6) (1.3) (0.8) (1.2) (2.1) (1.1) (1.5) (2.5)

Slowdown 0.078% 0.055% −0.028% 0.051% 0.325% 0.298% −0.088% 0.115%
(0.4) (0.9) (0.3) (0.9) (2.0) (3.0) (0.7) (2.0)

Contraction −0.101% 0.001% −0.111% 0.009% −0.057% −0.117% 0.024% 0.035%
(0.9) (0.0) (1.6) (0.2) (0.4) (1.6) (0.3) (0.7)

Recovery −0.041% −0.079% 0.024% 0.014% −0.053% −0.068% 0.013% 0.002%
(0.3) (1.5) (0.3) (0.3) (0.3) (1.1) (0.1) (0.0)

All −0.002% 0.011% −0.043% 0.030% 0.110% 0.028% 0.013% 0.068%
(0.0) (0.4) (1.3) (1.3) (1.4) (0.7) (0.3) (2.5)
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Figures
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Figure 1.1: CFNAI-3Mi index and classification of economic environment

This figure shows the CFNAI-3Mi index and the defined economic state for each month.
The CFNAI is released at 8:30 a.m. ET on scheduled days, normally toward the end of
each calendar month. The series starts in May 1967, and our sample ends in December
2013.
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Figure 1.2: Market’s reaction (returns) to unemployment news
announcements in different economic environments

This table shows the market’s reaction (returns) to unemployment news announcements
in different economic environments. A visualisation of the results in Table 1.8.
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Figure 1.3: Decomposition stock market’s reaction (return) into its main
drivers

This figure shows the contribution of the three drivers of the decomposition to the excess
return at announcement days in the different phases for bad news (higher unemployment
rate than expected) and good news (lower unemployment rate than expected). Visuali-
sation of the results in Table 1.11.
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2.1 Introduction

Ang et al. [2006] show that U.S. stocks with high lagged idiosyncratic volatility earn

very low future average returns, and these assets are mispriced by the Fama-French

three factor model. Although the debate on the low-volatility effect is relatively new, it

is closely related to the criticism on the CAPM model that is around for much longer,

for example Black et al. [1972] and Fama and French [1992]. The unexplained returns

of portfolios sorted on idiosyncratic volatility are large. Depending on the calculation

method, estimates go up to 1.5% a month. Low-volatility equity strategies exploit this

phenomenon to deliver better risk-adjusted returns than standard benchmark indices.

Over the years several explanations have been offered for the unexplained excess re-

turns of stocks with low volatility. As will be discussed in the literature section, most of

these are related to behavioral biases. Many rational explanations have been tested and

rejected, especially by Ang et al. [2006], as they control for size, book-to-market, lever-

age, liquidity, coskewness and a number of other variables. Baker and Wurgler [2012]

not only show that so called bond-like stocks comove with government bonds, but also

that variables that are known predictors of bond returns predict return differences be-

tween stock portfolios sorted on volatility. Our paper builds on this work and specifically

focusses on explaining the low-volatility anomaly and the level and predictability of the
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interest rate premium in both the bond and stock market. A relation between the low-

volatility anomaly and government bonds makes sense if volatility is thought of as an

indicator of the distance between equity and bonds in the capital structure.

In this study our main finding is that a significant part of the outperformance of low-

volatility stocks can be explained by differences in interest rate exposure. We find that

low-volatility portfolios have more exposure to interest rates. One can think of several

explanations why this is the case. Portfolios based on low volatility are more exposed to

defensive sectors, such as utilities and consumer staples. Following Baker and Wurgler

[2012], these companies are in general, large, profitable, and have relatively low growth

opportunities and frequently pay dividends. These characteristics make cash flows more

predictable and result in lower valuation uncertainty, increasing the similarities with

bonds. This is consistent with the finding of Ang et al. [2006] that these companies have

indeed lower dispersion in analysts’ forecasts. Dividend paying stocks are more likely to

be used as replacement for bonds by investors looking for income.

Our results imply a strong implicit exposure to interest rate risk of low-volatility

portfolios. We show that the interest rate sensitivity of the portfolio with the lowest

volatility decile is equivalent to the interest rate sensitivity of a portfolio consisting

for 34% of a bond portfolio and 66% of the equity market portfolio. In contrast, the

sensitivity of the highest volatility decile portfolio corresponds to a more than 100%

short position of this bond portfolio.

Because of the differences in exposure, the interest rate risk premium that we esti-

mate explains part of the excess return of a long-short volatility portfolio. We find that

this exposure explains about 20% of the return if we assume that the stock market prices

interest rate risk similarly as the bond market. If we relax this assumption and estimate

the premium separately in the stock market, the interest rate exposure explains up to

80%. In both cases, differences in interest rate exposure combined with the estimated

risk premium, results in a significantly reduced mispricing of low-volatility stocks. We

find these results to be robust for both taking into account time variation of the interest

rate exposure and excluding the most anomalous portfolio, portfolio 10.

For our study we use ten portfolios over the period from July 1963 to December 2014,

defined by sorts on residual variance of individual US stocks using the Fama-French three-
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factor model. We define our bond factor as the return of an equally-weighted portfolio

consisting of US government bonds with various maturities. In order to estimate the

interest rate exposure we run standard time series regressions of portfolio returns on

equity market and interest rate factors. Fama MacBeth regressions are employed to

estimate the premium for the interest rate exposure in the equity market. Combined,

this analysis enables us to evaluate the impact on the unexpected excess return of the

long short portfolio. We use various estimations of the premium in order to test for the

robustness of our findings.

When we estimate the interest rate premium from the cross-section of the ten equity

portfolios, we find a surprisingly high compensation for interest rate risk of 0.91% per

month. In the bond market we find an average monthly excess return of just 0.17% over

the same period. We show that this difference is reduced when taking time variation

into account and/or excluding the most volatile portfolio. However, these results still

suggest that interest rate risk is priced differently in bond and equity markets. Hence,

the extent to which we explain the volatility anomaly depends on whether we assume

integrated or segmented bond and equity markets. Our results imply a strategy that

combines a long-short low-volatility portfolio with a short bond position. Furthermore,

variables that are known to predict the excess returns of bonds to a certain extent, such

as the CP factor introduced by Cochrane and Piazzesi [2005] and the yield spread, have

explanatory power in the equity market as well.

Differences in interest rate exposure are a rational explanation of a phenomenon that

is often explained by behavioural effects. In order to build intuition for this relationship,

in the final part of the paper we take a look at interest rate risk from the perspective of

the capital structure. Based on Choi et al. [2015], we explore the implications of Merton’s

model on the relationship between leverage, equity volatility and duration. It shows that

the relation between equity volatility, duration and leverage is not necessarily monotic,

but depends on company specific characteristics such as the duration and volatility of

the firms assets. The suggested relation is in line with our empirical results.

In the next section we give a brief overview of relevant literature. Section 2.3 pro-

vides the construction method of low-volatility portfolios. In section 2.4 we empirically

test for the impact of the interest rate exposure. After constructing a bond factor, we
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estimate both the exposure and risk premium. This enables us to look at the impact

of interest rates on the outperformance of low-volatility portfolios. In section 2.5 we

compare the forecasting of the interest rate premium in the bond and equity market and

show that there are clear similarities. Section 2.6 evaluates the empirical results from a

theoretical standpoint, based on Merton’s model in relation to the capital structure of

a firm. Summary, conclusions and suggestions for further research are given in section

2.7.

2.2 Literature

According to the standard CAPM only systematic risk is priced. About a decade

ago Ang et al. [2006] showed that U.S. stocks with high lagged idiosyncratic volatility

earn very low future average returns, and that these assets are mispriced by the Fama-

French model. In Ang et al. [2009] the same effect is also found in markets outside the

United States. However, there are theories that suggest a positive relationship between

idiosyncratic volatility and expected returns, for example Malkiel and Xu [2002] argue

that investors that are not able to fully diversify the risks could demand a premium.

Some studies confirm this positive relationship (Lintner [1965], Lehmann [1990]), others

find no significant relation (Tinic and West [1986] and Malkiel and Xu [2002])7.

Instead of idiosyncratic volatility, related work focusses on total volatility. On stock

level most volatility is idiosyncratic. Blitz and Van Vliet [2007] provide empirical evi-

dence that stocks with low total volatility have high risk-adjusted returns. An overview

of previous studies is provided by Van Vliet et al. [2011]. They show that both idiosyn-

cratic an total volatility yield similar results. Looking at Jensen’s alpha, the (unex-

plained) monthly relative outperformance between the most and least volatile portfolio

is usually somewhere between 0.5 and 1.5% a month.

The discussion on the relationship between total volatility and returns is closely re-

lated to the debate around the CAPM model, as high beta stocks are usually stocks with

high volatility. Already in the seventies Haugen and Heins [1972] wrote a working paper

7Ang et al. [2006] explain the surprising negative relation between idiosyncratic volatility and returns
by pointing out that these previous studies miss the negative relationship mainly because these do not
calculate the idiosyncratic volatility on firm level.
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in which they found deficiencies in earlier studies about the relationship between risk and

realized returns. In addition, Black et al. [1972] showed that the relationship between

risk and returns is much flatter than predicted by the CAPM. Later, Fama and French

[1992] also found that the relationship was flat, prompting many to conclude that beta

was dead. Haugen and Baker [1991] investigated minimum variance portfolios in the U.S.

equity market, pointing out a 30% reduction in portfolio volatility, compared to both

a common U.S. index and randomly selected portfolios, with no reduction in average

returns.

Over the years several explanations for the outperformance of low-volatility stocks

have been proposed, both behavioural and rational in nature. A common behavioural

explanation is the lottery effect introduced by Barberis and Huang [2007]. They argue

that if investors perceive stocks as lottery tickets this may cause high-risk stocks to

become overpriced, which can even make the risk-return relation turn negative, whereas

the previous explanations can only explain a flat relation. This is sometimes referred to

as the winners curse.

Another example of a behavioural explanation is given by Hsu et al. [2013]. They

argue that the anomaly is a combination of the fact that sell side analysts inflate earnings

forecasts more aggressively for more volatile stocks and investors overreact to analysts’

forecasts which leads to an overvaluation of high volatility stocks.

There are also rational explanations proposed. For example, Black [1993] argues that

investors face leverage restrictions which tend to flatten the relationship between risk and

return. An example of leverage restrictions are short selling limits. Frazzini and Pedersen

[2014] introduce a model that includes leverage and margin constraints and show that

this model is able to generate a relatively high return of low-beta stocks. They also

show that a Betting Against Beta factor (BAB) produces significantly positive returns.

Moreover, they show that this phenomenon is found in a number of other asset classes

as well.

Sirri and Tufano [1998] introduce the gaming effect. This effect implies that mutual

fund managers have an incentive to buy high-risk stocks and ignore low-risk stocks, also

flattening the risk-return relationship. Subsequently, Blitz and Van Vliet [2007] argue

that investors with a relative return perspective flatten the risk-return relationship. Even
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though low-volatility stocks might be attractive in terms of alpha and Sharpe ratio, they

can still be unattractive for investors with relative return objectives.

The exposure of low-volatility portfolios to other factors is also frequently mentioned.

For example Baker et al. [2014] find that these portfolios benefit from the small cap

and value premium. Ang et al. [2006] however show that the phenomenon cannot be

fully explained by conventional asset pricing models. Novy-Marx [2014] finds that high

volatility and high beta stocks tilt strongly to small, unprofitable, and growth firms.

According to this study these tilts explain the poor performance of the most aggressive

stocks. Bali and Cakici [2008] find that the idiosyncratic volatility effect is correlated

with size and Martellini [2008] shows that there is a strong relation between volatility

and returns if only the surviving stocks are taken into account. Ang et al. [2006] add

much to the understanding of the differences in results by demonstrating the impact of

many control variables such as liquidity, trade volume and size.

Ang et al. [2009] show that there is strong covariation in the low returns to high-

idiosyncratic-volatility stocks across countries, suggesting that broad, not easily diver-

sifiable factors lie behind this phenomenon. They control for various factors that are a

possible explanation of their findings such as market frictions and information dissemi-

nation and argue that none of these explanations can entirely account for the volatility

anomaly.

They also show that leverage does not explain the low idiosyncratic volatility effect.

In their results they control for the option interpretation as by Johnson [2004], which

involves a leverage effect interacting with idiosyncratic volatility. With leverage defined

as the book value of debt over the sum of the book value of debt and the market value

of equity, they find that controlling for leverage slightly strengthens the idiosyncratic

volatility effect.

Chow et al. [2014] show that factor attribution analysis of the US and global devel-

oped low-volatility portfolios reveal that returns in excess of cap-weighted index returns

are substantially driven by the value, BAB and duration premiums. While they construct

low-volatility portfolios with the constraint of non-negative weights, the factors used to

explain the excess return are long-short portfolios. This implies that the investability is

limited. Also, the low-beta anomaly is likely closely related to the BAB factor, as beta is
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an important driver of volatility. It is therefore an intuitive outcome that the latter can

explain excess returns based on the first. Finally, note that most of these explanations

implicitly assume that investors use realized volatility as proxy for expected volatility.

Fu [2009] finds a positive relationship between volatility and returns by using a GARCH

model to estimate expected volatility.

In this study we ask ourselves whether interest rates can explain the cross sectional

volatility effect. Fama and French [1993] take several bond factors into account to explain

the cross section of stocks and explore the level of integration between the stock and bond

market. In their study, the first bond market factor is defined as the excess returns of

a long term government bond over the risk-free rate. Their second bond market factor

is the excess return of a market portfolio of long term corporate bonds over the same

long term government bond. They show that in addition to the market, size and value

factor, these two bond factors do not add much to the time-series regressions. However,

this study do not look at volatility sorts. The same variables are used by Clarke et al.

[2010] in the context of the cross section and volatility. They show that there is a

negative correlation between their volatile-minus-stable (VMS) factor and bond returns.

Baker and Wurgler [2012] show that government bonds comove more strongly with so

called bond-like stocks. Furthermore, they show that variables that are known predictors

of the excess bond returns predict return differences between portfolios sorted on total

volatility. They argue that the relationship is driven by a combination of effects including

correlation between real cash flows, risk based return premia and period flights to quality

by investors. Our main contribution is to study the pricing of interest rate risk in both

equity and bond markets.

2.3 Constructing volatility portfolios

There are many ways to construct low volatility portfolios. In the existing literature,

both total and idiosyncratic volatility is used often, with comparable results (Ang et al.

[2006] and Van Vliet et al. [2011]).

Obviously, volatility is related to the beta with respect to the equity market. Hence

the volatility and Betting Against Beta factor are ways of exploiting the similar effects
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and therefore the overlap should be large. Also minimum variance portfolios have re-

ceived considerable attention. As Chow et al. [2014] write, any reasonable methodology

that shifts allocations from high-beta stocks to low-beta stocks could be calibrated to

have volatility comparable to that of the minimum-variance portfolio. One difference

is of course that the minimum variance portfolio involves diversification between stocks

whereas the construction of the low-volatility and low-beta portfolios is usually ignoring

interaction between stocks. However, by looking solely at the idiosyncratic volatility,

diversification no longer plays an important role.

As presented by Van Vliet et al. [2011], there are many different ways to measure

the low-volatility effect. In this paper, we use the portfolios published on the website

of Kenneth French. These portfolios are formed monthly, based on the variance of the

residuals from the Fama French three factor model (RVar) using NYSE breakpoints.

RVar is estimated using 60 days of lagged returns8. The portfolios for month t (formed

at the end of month t − 1), include NYSE, AMEX/NYSE MKT, and NASDAQ stocks.

In Table 2.1 we show several characteristics of these ten portfolios. The portfolio with

the most volatile stocks (portfolio 10) has a monthly excess return of only 0.15%, which

is 0.81% less than the portfolio with the least volatile stocks (portfolio 1). Although

our main focus in this research is on the relative returns of the volatility portfolios, it is

interesting to see what the differences in variance are. Evaluating the Sharpe ratio, the

most volatile portfolio (portfolio 10) has a negative Sharpe ratio of -0.10 compared to 0.52

for the portfolio with the lowest volatility (portfolio 1). Looking at the Jensen’s alpha

based on the CAPM or Fama French three factor model, we see a similar pattern. In fact,

when we control for the market beta the alpha of the 1-10 long-short portfolio increases

from 0.81% to 1.25%. Finally, we note that the pattern of all these characteristics is in

general smooth between the first and ninth decile and more extreme for portfolio 10. We

will test the robustness of our results by excluding this portfolio.

8In this study we look at lagged (realised) volatility as measure of volatility. As pointed out by
Ang et al. [2009], idiosyncratic volatility is persistent and therefore related to future volatility. Fu
[2009] shows that using estimated future idiosyncratic volatility calculated by employing an exponential
GARCH model yields different results.
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2.4 Interest rate sensitivity

In this section we define a bond factor, discuss the exposure to this factor for the

various deciles and estimate the return premium for bearing interest rate risk. We find

that low-volatility stocks benefit from having negative exposure to interest rates.

2.4.1 Bond factor

Using the ten portfolios sorted on idiosyncratic volatility, we study the extent to

which differences in level of interest rate exposure explain the low-volatility effect. Many

different interest rate variables can be constructed that describe interest rate develop-

ments or yield curve changes. Several previous studies show that a level factor ex-

plains most of the variance of excess bond returns (Litterman and Scheinkman [1991]

and Driessen et al. [2003]). A common way to define the level factor is to combine

government bonds with different maturities. We follow this approach and combine the

returns of U.S. government bonds of various maturities into an equal-weighted portfolio.

We use the return of this portfolio as a variable that represents shifts in the yield curve,

where rn,t is the monthly total return of U.S. governments bonds with 1, 2, 5, 7 and 10

years maturity respectively and rf,t is the rate on a one-month U.S. Treasury Bill:

INTRt =
1

N

∑

n

rn,t − rf,t−1. (2.1)

The bond returns are obtained from CRSP. Over the whole sample from 1968 until 2014

the average excess return of the bond factor is 0.17% with a standard error of 0.06%.

We use bond returns instead of bond yields, because returns enable us to estimate

the premiums later in this study. In the remainder of this study we will refer to this

variable as the bond factor. Positive exposure to this factor corresponds to negative

exposure to interest rates.

Earlier literature, for example Cochrane and Piazzesi [2005], provides evidence that

excess returns of interest rates are predictable to a certain extent. As our bond factor

is a weighted average of excess returns, it can also be partly predicted. For the sake of

simplicity, we ignore this predictability for now9. Also note that our factor is dominated

9Later on, in section 2.5, we will show that the explanatory power of the Cochrane-Piazzesi variable
(CP) is limited.

45



Essays on Investing in Stock and Bond Markets

by the developments of the long end of the curve. As both the change in the yield and

duration are important drivers of bond returns, the bonds with a longer maturity (and

therefore duration) have a larger weight in our factor. In order to test for robustness, we

have looked into alternative measures of the yield curve, for example the sensitivity to the

longer end of the yield curve. We separated the sensitivity to short and long maturities

by regressing the equity returns simultaneously on a short and a long maturity bond

factor. As this does not lead to different conclusions we do not show these results for

the sake of brevity.

2.4.2 Interest rate exposure

In order to study the interest rate sensitivity of the different volatility portfolios, we

start with a simple linear regression of excess portfolio returns on the bond factor as

defined above:

Ri,t − Rf,t = αi + βI,i · INTRt + εi,t. (2.2)

Table 2.2 shows the main results. We find that nine out ten portfolios have positive

exposure to the bond factor. The results show a clear downward trend with increasing

volatility. If we compare these exposures with the characteristics in Table 2.1 there is

a similar jump from the ninth portfolio to the tenth (most volatile) portfolio. If the

historical outperformance of low-volatility portfolios is due to the factor exposure that

these portfolios have, the fact that these patterns are similar makes sense, assuming a

positive premium for this risk. In order to compare the exposures with bond duration,

the numbers should be multiplied with the duration of the factor portfolio, which is, on

average, around three years.

As Table 2.1 shows, the different portfolios have a different exposure to the equity

market portfolio (CAPM β). In order to correct the interest exposure in equation (2.2)

for these differences, we run the regression including this factor:

Ri,t − Rf,t = αi + βM,i · MKTt + βI,i · INTRt + εi,t. (2.3)

The results in Table 2.2 show that adding the market factor lowers the estimated

exposure to the bond factor. However, the negative relation with volatility still holds
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and the difference between the most and least volatile portfolio is slightly larger. The

patterns for both the equity market and bond factor are similar to those presented by

Baker and Wurgler [2012].

Of course, there are many more asset pricing models that can be evaluated next to

CAPM. However, since we are interested in the overall interest rate sensitivity, in contrast

to finding an additional risk factor, evaluating those complex multi-factor models is

beyond the scope of this study10.

Until now we assumed the exposure to be contant throughout time, but this does not

have to be the case in reality. For instance, Baele et al. [2010] show that the stock-bond

return correlation displays very substantial time variation. In order to see whether the

exposure to interest rates is a function of time, we run the same regressions but now

with a five year rolling time window. In Figure 2.1 we show both the average interest

rate exposure and the difference in exposure between portfolio 1 and 10. We find that

after 2000 the interest rate exposure of all portfolios is much lower than before and it

also turns negative. Baele et al. [2010] find a similar pattern. Second, we observe an

increase in dispersion between the ten portfolios sorted on volatility over time. Especially

in the seventies all portfolios had about the same (positive) exposure. Starting in the

mid eighties there is a growing difference between the portfolios. The difference between

the exposure of the least and most volatile portfolio is shown in Figure 2.1. A possible

explanation for these results is a changing economic environment. Although not the

main focus of this article, we find some evidence for such changes across the business

cycle in appendix 2.7.

Sometimes it is argued that equities are real assets. In order to see the impact of

expected inflation, we show both the average nominal and real exposure in Figure 2.2.

In order to make a fair comparison we use the 10 year Treasury to measure nominal

interest rate exposure (instead of the bond portfolio earlier) and the 10 year TIPS for

the real exposure.

In the run up to the GFC we find that the average real is very similar to the average

nominal sensitivity. Since then, the average real interest rate sensitivity is around zero,

while the nominal interest rate sensitivity remains negative. These findings point in the

direction that inflation expectations matter and its impact is time-varying.

10limiting the degrees of freedom is needed as we have only ten portfolios.
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2.4.3 Interest rate premium

In order to assess whether the higher interest rate exposure contributes to the excess

return of low-volatility stocks, we estimate the premium of this factor. Our starting

point for this assessment is the two-stage Fama-MacBeth estimation, a frequently used

method. After estimating the market beta βM,i and interest factor exposure βI,i, the

cross sectional regression used to estimate the factor premium, denoted by λI,t, is

Ri,t − Rf,t − β̂M,i · λ̂M,t = γ + β̂I,i · λ̂I,t + ui. (2.4)

When running these regressions, we assume the estimated exposures to both the

market β̂M,i and the bond factor β̂I,i to be constant over time. Furthermore, we set the

market premium, λ̂M,t, equal to the excess return of the market that month. This cross

sectional regression results in monthly estimations for the interest rate premium λI,t, of

which the average is 0.91%, with a Fama-MacBeth standard error of 0.25%11.

Using this equity-implied estimate of the interest rate premium, we estimate the

impact of this exposure on the unexpected excess returns based on the CAPM model

(CAPM α) presented in Table 2.1. The unexplained excess return for each portfolio i is

αi,t = Ri,t − Rf,t − β̂M,i · λ̂M,t − β̂I,i · λ̂I,t. (2.6)

We show the results in the second column of Table 2.3 and graphically in Figure

2.3. The estimated unexplained excess return is the average of the time series αi,t
12.

We find that the unexplained excess return (outperformance) of low-volatility portfolios

decreases with 1.06% from 1.25% to 0.19% when we take the interest rate exposure into

account. This corresponds to a reduction of 80%. Our findings, based on the equity-

implied estimate of the bond factor premium, show that interest rate exposure explains

11At this point we assume investors are rewarded for exposure to the equity market factor. We can
also run the same analysis based on a univariate regression with the bond factor as single variable:

Ri,t − Rf,t = γ + β̂I,i · ˆλI,t + ui. (2.5)

In this case we find an interest rate premium of 0.86%, very similar to the estimate when including the
market factor.

12As both betas are assumed to be constant, this average equals the estimate based on a full sample
regression. The advantage of this method is that we have a better estimate of the standard error, similar
to the Fama MacBeth approach.
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a large part of the outperformance.

Instead of using the equity market to estimate the interest rate risk premium, we can

also turn to the bond market. If bond and equity markets are integrated, interest rate

risk should carry the same price in both markets. In the bond market the most direct

estimate of the interest rate risk premium is the average return of the bond factor, i.e.

the historical excess return of our bond factor. Over the whole sample, the estimation

based on the average monthly excess return is 0.17% with a standard error of 0.06%.

We find that this estimate is significantly different from the estimate above following

the Fama Mcbeth methodology (t-stat 3.4). When we use this estimate as premium in

equation (2.6), we find the unexplained excess returns as presented in the last column

of Table 2.3. We find that even though the effect is much less pronounced, this way of

estimating the impact of interest rate exposure on the portfolios also leads to a significant

reduction of the unexplained excess return from 1.25% to 0.99%, a reduction of 20%.

By using a beta estimate based on the full sample, we assume constant exposure.

In order to evaluate the impact of this assumption, we estimate the premium based on

time varying estimates of the exposures to both the market and bond factor. Applying

a rolling window of five years reduces the estimated premium from 0.91% to 0.59% (S.E.

0.20%)13. The reduction in the unexplained excess return is shown in Table 2.3 and

equals 0.75%, a relative reduction of 60%.

As mentioned in section 2.3, one could consider portfolio 10 to be an outlier. It

is therefore interesting to see the impact of this portfolio on the results. If we remove

portfolio 10 from the analysis, we find a reduced risk premium of 0.42% in the case of

a constant beta and a risk premium of 0.18% if we use a five year rolling beta. For

both constant and rolling beta this is less than half the estimated premium including

the most volatile portfolio. However, since the unexplained return difference between

portfolio 1 and 9 is also much smaller, interest rate exposure still explains a large part

of the anomaly. In the case of constant beta 70% of the unexplained return between 1

and 9 is explained and 36% in the case of a time varying exposure. So even when we

exclude the most volatile portfolio, the interest rate premium provides an explanation

13Note that as the betas are timevarying, the estimate of the unexplained alphas can no longer
be calculated by evaluating a full sample regression. It is calculated as the average of the timeseries
estimates from equation (2.6)
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for a significant part of the unexplained returns.

It raises the question why the compensation for the same risk would be higher in

the equity market than in the bond market. A possible explanation is that these two

markets are not fully integrated, though it is of course also possible that some missing

factors drive the difference between the equity and bond market estimates. Based on the

variation in excess returns on bonds, we expect the premium for the bond factor in equity

markets to be time varying as well. When we look at the time series of the premium

resulting from the monthly regressions, the compensation that an equity investor receives

for bearing the interest rate risk looks to be time varying, but without trend. We analyze

this in more detail in section 2.5.

As all our estimates of the premium are positive, our results suggest that interest

rate exposure contributes to higher returns of low-volatility stocks. As we find evidence

that the unexpected excess return of low-volatility portfolios is partly due to interest rate

exposure, it is insightful to see what mix of the bond factor portfolio and the market

equity portfolio has the same interest rate sensitivity as the portfolios sorted on volatility.

Due to the strong implicit exposure to bond returns it turns out that for the portfolio

with the lowest volatility (portfolio 1) this corresponds to a large weighting of the bond

portfolio of 34% (and thus 66% of the market equity portfolio). In the case of the most

volatile portfolio, the negative exposure corresponds to a short position in the bond

portfolio of 106%.

A higher reward for interest rate exposure in the equity market compared to the

bond market suggests that investors are better off taking interest rate risk in the equity

universe compared to an investment in government bonds. It implies a strategy that

combines a long-short low-volatility portfolio with a short bond position14.

14Although it is not the focus of this study we can think of a number of possible explanations for
a possible difference in risk premium in the bond and equity market. The most obvious reason is that
most investors prefer to know how much exposure they have to a specific risk factor, and the interest
rate sensitivity of equity is not only time dependent, but also difficult to estimate. This results in all
kind of practical difficulties. Investors looking to hedge their liabilities appreciate the effectiveness of
bonds for this purpose. This increased (price insensitive) demand could result in a lower risk premium
(hedging pressure). Related to this, most regulatory frameworks do not take the interest sensitivity of
equity investments into account. Another possible explanation is that due to the increasing popularity
of investment strategies that are aiming to benefit from the low-volatility anomaly, these inflows have
been a tailwind for returns.
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2.5 Time-varying interest rate risk premiums in bond and equity

markets

In section 2.4 we show that the estimated premium for bearing interest rate risk is

likely to be much higher in the equity market compared to the bond market. In this

section we further explore the pricing of this risk in these two markets. In order to

do that we look whether variables that forecast excess returns in the bond market also

explain the bond factor risk premium in the equity market. We find that these variables

have predictive power for the bond factor premium in both markets.

There is ample evidence that the excess return of bonds can be forecasted to a fair

amount. For example, Fama and Bliss [1987] show that forward rates contain informa-

tion about future excess returns, Campbell and Shiller [1991] show that a high yield

spread between long and short term interest rate predict a decline in the long term in-

terest rate and therefore a higher interest rate risk premium and Cochrane and Piazzesi

[2005] are able to predict the time variation of the premium to an even larger extent

with their CP factor15. Baker and Wurgler [2012] show that these variables are also able

to predict differences in returns of equity portfolios sorted on volatility. In this section

we show that these variables are also able to predict the interest rate premium in equity

markets, to the same extent as they predict the premium (excess returns) in the bond

market.

We start by replicating the standard bond market regressions. In line with the

analysis done by Cochrane and Piazzesi [2005], we run the regression on an extended

horizon, with the average excess return for the next 12 months:

1

12

t+12∑

n=t+1

INTRn = α + γCP · CPt + γY S · Y St + ǫt+12. (2.7)

As shown in Table 2.4 we find that the CP factor forecasts our bond factor for the

next 12 months with with a coefficient of 0.100 (t-stat 11.9) over the whole sample from

1968 to 2014. The yield spread (denoted by Y S) has a coefficient of -0.091 (t-stat 6.3).

15We have updated the CP factor from Cochrane and Piazzesi [2005] to December 2014. In the
sample with an additional 10 years, the predictability of excess returns of bonds with a maturity from
1 to 5 years has decreased from 44% as reported in their article, to 27%. This corresponds to findings
by Duffee et al. [2012] and Bauer and Hamilton [2017]
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We can do the same analysis for the risk premium in the equity market. On the

right hand side of Table 2.4 we show the results of the same regression, but now on the

monthly premium estimated in the equity market:

1

12

t+12∑

n=t+1

λI,n = α + γCP · CPt + γY S · Y St + ut+12. (2.8)

While the coefficient of the yield spread is different in the equity market with a

value of -0.127 (t-stat 2.1), the CP factor has a similar coefficient in both the equity and

bond market (estimate equal to 0.121, t-stat 3.1). In each market both variables have a

t-stat larger than 2 when evaluated separately. We find that the intercept in the equity

market is similar as the estimated premium in section 2.4. In line with the difference in

estimated premiums in both markets the intercept found for the bond market is much

lower.

Table 2.4 also shows the results when both variables are evaluated at the same time.

In this case we find that the yield spread loses its significance in the bond market, but

not in the equity market. The CP factor gains significance in both markets. While

the yield spread does not give consistent results, the CP factor points to a similar time

variation of the premium in both markets16,17.

In Figure 2.4 we show the forecast of the interest rate premium for the next 12

months in both the stock and bond market. We use the bivariate regressions in order to

estimate this premium. It clearly shows both the difference in level and the presence of

comovement.

2.6 Interest rate risk from the perspective of the capital struc-

ture

Until now we focused on empirical methods. In this section we try to understand the

relationship between interest rate risk and equity volatility from a theoretical standpoint

16The much higher volatility of the equity market compared to the bond market results in lower R2

values. In the equity market the yield spread is able to explain only 0.7%, while the CP factor explains
1.8% of the interest rate risk premium in the equity market; both roughly a factor ten less than the R2

for the interest rate premium in the bond market (6.7% and 20.4%, respectively).
17We also did a pooled regression. These results did not lead to a different conclusion.
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in order to evaluate our empirical findings. We find that looking at this subject from the

perspective of the capital structure enables us to better understand the relationship. In

addition, this model illustrates that the relationship between volatility and leverage is

not trivial, as a number of firm characteristics such as asset volatility play a major role.

Hence volatility and leverage are not necessarily strongly related.

All financial instruments have their own priority in the capital structure of a firm.

Merton [1974] shows that the payoff for holding a stock in a firm is similar to that of

holding a call option in that the holder of a stock gains when the value of the firm goes

up and receives nothing if the firm goes bankrupt, in which case all the money that is left

goes to the debt holders. The priority of different instruments in the capital structure

determines to what extent they are exposed to risk factors. Volatility can be an indicator

of the place these instruments have in the capital structure of the specific company, as

one could argue that low volatility points towards a place closer to bonds in the capital

structure. As bond returns benefit from an interest rate risk premium, it is intuitive to

assume that these low-volatility stocks also profit from exposure to this risk.

Choi et al. [2015] show that the Merton model implies that lower priority securities

in the capital structure have lower durations. They show that lower priority securities

are effectively short higher priority fixed rate debt, in other words, they are short the

bond market. In this simplified model, duration is decreasing with the priority of the

instruments, because of the increasingly larger short debt position of more subordinated

instruments. The most senior bonds have the highest duration and equities the lowest

duration.

In this section we express this intuition in formulas, building on Choi et al. [2015].

As the sum of the value of debt and equity equals the value of the firm, the duration of

the assets has to be equal to the weighted sum of the duration of debt and equity:

Dur(V ) =
E

V
Dur(E) +

D

V
Dur(D). (2.9)

From this relationship it follows that the duration of the debt contributes negatively

to equity duration. In a simplified case, with only one type of bonds (no distinction

between junior and senior bonds), equity, a constant risk-free interest rate r and maturity

of the option τ , the equations for the value of debt D and the value of Equity E can be
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written as

D = Ke−rτ − P (V, K, τ, r, σV ), (2.10)

E = V − D. (2.11)

Where P (·) is the value of an European put. In this simplified situation, the asset

duration is always zero, as the constant risk-free interest rate leads by definition to a

zero correlation between shocks in interest rate and firm value.

As in reality the interest rate is not a constant we prefer a more sophisticated model

for our calculations. Choi et al. [2015] show that when we replace the constant interest

rate by an interest rate that follows a mean reverting process (Vasicek model), the

duration of the debt and equity can be written as

Dur(D) =
∂D

∂V

V

D
Dur(V ) −

∂D

∂r

1

D
, (2.12)

Dur(E) =
∂E

∂V

V

E
Dur(V ) −

∂E

∂r

1

E
. (2.13)

With the asset duration defined as

Dur(V ) = −
ρσV

ν
, (2.14)

where ν denotes the standard deviation of interest rate shocks in the Vasicek model.

We refer to the first term on the right hand side in equation (2.12) and (2.13) as the

cash flow duration, and the second as discount duration. As can be seen from equation

(2.13), the duration of the firm’s equity is a function of many variables including the

equity value. Since in this Merton model asset volatility is an important determinant of

the value of equity, this is also a driver of the duration of equity.

Following Choi et al. [2015], Figure 2.5 shows the duration of debt, equity and the

firm leverage as function of the firm value for a fixed asset duration of zero (2.5a) and

six (2.5b) years. As long as the asset duration is below that of the senior (risk-free) debt,

the duration of bonds is higher than the duration of equity. In this case the discount
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duration is dominant.

In order to visualize the impact of leverage on the duration, we plot the duration as

function of the leverage in Figure 2.6. For a given value of asset duration and volatility,

the interest rate sensitivity of equity is increasingly negative with the degree of leverage.

These two figures show that a sort on leverage is only a sort on volatility if all else is

equal. Different asset volatility and asset duration across portfolios clearly impact this

relationship. As pointed out by Choi et al. [2015], the asset duration does not have to be

constant over various portfolio sorts. They empirically find that asset duration increases

and asset volatility decreases with leverage.

As mentioned, in the Merton model the duration of equity is dependent on the

volatility of the assets σV . This model can therefore provide useful insights on the relation

between interest rate sensitivity and equity volatility, when we know the relationship

between asset and equity volatility. As described by Bharath and Shumway [2008], the

theoretical relationship is18

σV =
E

E + D
N(d1)σE . (2.15)

Using these equations, we see that in an environment with asset duration smaller

than the duration of debt, the duration of equity is negatively related to the volatility

of equity. The lower the volatility of equity, the higher the duration. In Figure 2.7 we

plot the both the empirical duration and the volatility of our low-volatility deciles as

presented earlier19, in the same chart as the relationship between equity volatility and

duration for various values of the asset duration. In sum, we find that the interest rate

sensitivity of equity is negatively related to its volatility, and that the magnitudes we

find empirically for the interest-rate sensitivity are well in the range predicted by the

Merton model.

18When the call option on the firm’s assets is deep in the money, N(d1) is approximately 1 and
therefore the relationship between asset volatility and equity volatility becomes linear. Correia et al.
[2015] finds a correlation between 0.6 and 0.8 between equity volatility and asset volatility.

19In order to improve comparability we use the same units as Choi et al. [2015]. We used a constant
duration of our bond factor of 3 years. Furthermore, we annualised the volatility estimates.
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2.7 Conclusions

The low-volatility effect has gained much attention over the last few years. This

is unsurprising, as its economic significance is large. We find that portfolios consisting

of stocks with low idiosyncratic volatility are exposed to more interest rate risk than

portfolios with stock that have higher volatility. We show that a premium for interest

rate risk explains 20% of this performance, if we assume that bond and equity markets

are integrated, and up to 80% if we relax this assumption and calculate the premium

for interest rate risk directly from the equity market. Interest rate risk is a rational

explanation different from other already existing explanations.

Our results imply a strong implicit exposure to bonds of low-volatility portfolios,

increasing the returns. Portfolios that contain stocks with high volatility are implicitly

short bonds, resulting in a drag on performance given the positive risk premium. We

find a large premium for interest rate exposure in the equity market, a factor up to five

times higher compared to the compensation for the same risk in the bond market. The

difference in premium suggests that investors are better off taking interest rate risk in

the equity universe compared to an investment in government bonds. We show that

variables that are known predictors of excess returns of bonds have similar power for

the equity-implied interest rate risk premium and that premiums in both markets show

similar time variation. Smart investors take this exposure into account when considering

to make an investment in strategies based on this phenomenon. Our results imply a

strategy that combines a long-short low-volatility portfolio with a short bond position.

We show that Merton’s model is useful in understanding the relation between equity

volatility and interest rate risk. Second, this model enables us to understand why the

relationship between leverage and volatility is not trivial. For future research it would be

interesting to see how controlling the empirical analysis for leverage and asset duration

impacts the fit between our empirical results and the Merton model.
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Tables

Table 2.1: Main characteristics of ten portfolios sorted on volatility

This table shows several main characteristics of ten portfolios sorted on residual volatility
over the sample period 1968-2014. It shows the average monthly excess return, the
standard deviation, Sharpe ratio and the average marketshare of the portfolio. The last
three columns show the average unexplained excess return (Jensen’s Alpha) together
with the market beta based on the CAPM model and the unexplained excess return
based on the Fama French 3 factor model.*, **, and *** denote statistical significance
at the 10, 5, and 1% levels.

Portfolio Mean Std Sharpe Ratio Market CAPM α CAPM β FF3 α
1 0.96 3.63 0.52 0.27 0.20* 0.69 0.13**
2 1.01 4.21 0.49 0.17 0.17* 0.86 0.15***
3 0.95 4.59 0.41 0.13 0.08 0.94 0.02
4 1.01 4.96 0.41 0.10 0.09 1.02 −0.02
5 1.03 5.19 0.41 0.08 0.09 1.07 0.02
6 1.17 5.70 0.46 0.07 0.17** 1.18 0.13*
7 0.96 6.16 0.30 0.05 −0.09 1.28 −0.11
8 1.14 6.78 0.37 0.05 0.05 1.37 0.03
9 0.90 7.60 0.22 0.04 −0.26** 1.52 −0.26**
10 0.15 8.72 −0.10 0.04 −1.04*** 1.59 −1.02***
1-10 0.81 7.35 0.38 NA 1.25*** −0.90 1.15***
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Table 2.2: Factor exposures

This table shows the factor exposures in equation (2.2) and equation (2.3), based on the
period 1963 - 2014. The last column shows the correlation of the portfolios and bond
factor. Each second row shows the standard error between brackets.

Bond factor (eq. (2.2)) Market and bond factor (eq. (2.3))
Portfolio αi βI,i Correlation αi βM,i βI,i

1 0.44 0.62 0.23 0.15 0.68 0.33
(0.15) (0.11) (0.07) (0.02) (0.05)

2 0.50 0.52 0.17 0.15 0.85 0.15
(0.18) (0.13) (0.06) (0.01) (0.05)

3 0.45 0.54 0.16 0.06 0.94 0.13
(0.19) (0.14) (0.07) (0.01) (0.05)

4 0.52 0.45 0.12 0.09 1.02 0.01
(0.21) (0.15) (0.07) (0.02) (0.05)

5 0.55 0.41 0.11 0.1 1.07 −0.06
(0.22) (0.16) (0.07) (0.02) (0.05)

6 0.714 0.23 0.06 0.22 1.19 −0.29
(0.20) (0.18) (0.08) (0.02) (0.06)

7 0.49 0.33 0.07 −0.05 1.29 −0.23
(0.26) (0.19) (0.08) (0.02) (0.06)

8 0.67 0.31 0.06 0.1 1.38 −0.29
(0.29) (0.21) (0.11) (0.02) (0.08)

9 0.46 0.15 0.03 −0.18 1.54 −0.51
(0.32) (0.24) (0.13) (0.03) (0.09)

10 −0.23 −0.17 −0.03 −0.91 1.63 −0.87
(0.37) (0.27) (0.20) (0.04) (0.15)

1-10 0.67 0.79 0.15 1.07 −0.94 1.2
(0.31) (0.22) (0.25) (0.05) (0.18)
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Table 2.3: Unexplained excess returns in different models

This table shows the unexplained excess return of the 10 portfolios based on various
estimates of the interest rate premium. The first method is the standard CAPM model
ignoring the interest rate premium. The second method is the CAPM model extended
with the bond factor (equation (2.3)) assuming constant exposures. Third, we use the
same model but now we use rolling exposures. Last, we use the mean bond factor return
as estimate of the premium in the equity market. Standard errors are given between
brackets.

Portfolio α α α α
CAPM Fama MacBeth Fama MacBeth Excess return

constant rolling INTR
1 0.20 −0.07 0.01 0.15

(0.07) (0.06) (0.05) (0.08)
2 0.17 0.04 0.07 0.14

(0.06) (0.05) (0.07) (0.07)
3 0.08 −0.04 −0.01 0.04

(0.07) (0.06) (0.08) (0.07)
4 0.09 0.09 0.09 0.10

(0.07) (0.08) (0.11) (0.08)
5 0.09 0.13 0.12 0.10

(0.07) (0.08) (0.12) (0.08)
6 0.17 0.44 0.37 0.25

(0.08) (0.09) (0.16) (0.08)
7 −0.09 0.13 0.07 −0.02

(0.08) (0.08) (0.18) (0.09)
8 0.05 0.34 0.26 0.14

(0.11) (0.09) (0.22) (0.12)
9 −0.26 0.20 0.07 −0.14

(0.13) (0.07) (0.26) (0.14)
10 −1.04 −0.26 −0.48 −0.84

(0.20) (0.05) (0.34) (0.21)
1-10 1.25 0.19 0.50 0.99

(0.26) (0.05) (0.32) (0.25)
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Table 2.4: Predicting the interest rate premium

This table shows the results of the regressions (2.7) and (2.8). Each first row shows the
coefficients γCP , γY S the intercept and the R-squares. Each second and third row shows
the estimates of the same regression with each factor seperate. Below each coefficient,
we show the t-stat between brackets.

Bond market (eq. 2.7) Equity market (eq. 2.8)

CP&YS CP YS CP&YS CP YS
CP factor 0.102 0.100 0.262 0.121
t-stat [ 9.7] [11.9] [ 5.7] [ 3.1]
Yieldspread −0.005 0.091 −0.373 −0.127
t-stat [ 0.3] [ 6.3] [ 5.0] [ 2.1]
Intercept 0.064 0.061 0.080 1.000 0.784 1.040
t-stat [ 3.2] [ 3.4] [ 3.6] [11.0] [ 9.6] [11.2]
R2 20.4% 20.4% 6.7% 6.1% 1.8% 0.8%
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Difference in interest rate exposure of portfolio 10 and 1
Average interest rate exposure all portfolios

Figure 2.1: Interest rate exposure of the portfolios

This figure shows the difference in interest rate exposure between the portfolio with the
highest (portfolio 10) and lowest volatility (portfolio 1). The exposure is calculated based
on a rolling window of five years.
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Figure 2.2: Average nominal and real interest rate exposure

This figure shows both the nominal and the real interest rate exposure. The exposure
is calculated based on a rolling window of five years. The real exposure series starts in
2002 only, as our TIPS series starts in January 1997.
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Figure 2.3: Unexplained excess returns in different models

The figure shows the pattern of unexplained returns across the different portfolios as
presented in Table 2.3. All models including an interest rate premium show a significant
reduction in unexplained return compared to the CAPM model. The reduction depends
on the chosen methodology and varies between 20% and 80%.
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Figure 2.4: Forecast of the interest rate premium

This figure shows the forecast of the interest rate premium for the next 12 months in
both the stock and bond market over the period from 1963 to 2014. Forecasts are based
on the bivariate regression with both the yield spread and CP factor as presented in
Table 2.4.
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Figure 2.5: Relationship between the duration of debt and equity and the
firm value

These plots show the relationship between duration of debt and equity and the firm
value assuming a fixed asset duration of zero (a) and six (b). Other parameter values
are r = 5%, σV = 20%, τ = 5, K = 25, q = 0.2, ν = 2% and m = 7%.
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Figure 2.6: Relationship between duration of equity and leverage

These plots show the relationship between duration of equity and leverage for multiple
values of asset volatilty (a) and asset duration (b).
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Figure 2.7: Empirical duration together with the theoretical relationship

This figure shows the empirical duration for each portfolio (Table 2.2) plotted against the
annualized volatility as presented in Table 2.1 (annualised), together with the theoretical
relationship for several values for the asset duration.
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Appendix: The impact of the business cycle

In section 2.4.2 we discussed that the interest rate exposure is time varying. In order

to take this into account for the estimation of the risk premium we look at five year

rolling betas of each of the ten portfolios. Although it is not the focus of this study to

identify the drivers of this dynamic, in this section we explore the possibility that the

time variation can be understood from the perspective of the business cycle.

In order to model the business cycle, we use an approach where both the level

and the activity are considered to be determinants of the state of the economy and each

month is classified as one of four states (Driessen and Kuiper [2015]). The four economic

states are referred to as overheat, slowdown, contraction and recovery. Overheat is the

environment in which the level of activity is high and rising. When the level of activity

is high but falling, we refer to it as slowdown. Contraction is characterized by low

and falling activity. Low and rising activity is referred to as recovery. The activity

is measured by the CFNAI index that is published every month by the Chicago Fed.

The phases represent distinct economic environments. Driessen and Kuiper [2015] show

that time is distributed roughly equally over all four phases, varying from 19 percent

for the recovery phase to 30 percent for the overheat phase. They find that on average

slowdown and overheat have the highest inflation, and recovery the lowest. This is due

to the decrease in inflation in when the economy is in contraction and recovery.

In order to evaluate the impact of the business cycle we repeat most of the analysis

for each phase separately. The main results are presented in Table A1.1. First, we

find that the unexplained excess return of the long-short portfolio is negative in all four

phases. We also find that the anomaly is smaller when the economy is overheating, but

this is only at a low level of significance.

When we take a look at the interest rate exposure without correcting for market

exposure (equation (2.2)), the interest rate sensitivity of the market as a whole is signif-

icantly lower in slowdown than in recovery. If we take a look at the long-short portfolio,

we find that in addition to this, there much less return difference between the portfolios

at both end of the volatility spectrum. As inflation is high and rising in the slowdown

phase and low and falling in the recovery phase, we identify inflation as a possible driver

of this dynamic. We believe this is an interesting subject for further research.
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We also look at the interest rate exposure after correcting for the market exposure

(equation (2.3)). In this case the long short portfolio shows comparable numbers in

all four phases. When we estimate the premium for the interest rate exposure based

on a FamaMacBeth regression (equation (2.4)) we observe only small differences in the

estimated premiums.
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Table A1.1: Estimates of the anomaly, the interest rate exposure and the
interest rate premium

This table shows the estimates of the anomaly, the interest rate exposure and the interest
rate premium for various phases of the business cycle. For the classification of the
business cycle we used the methodology of Driessen and Kuiper [2015]. The standard
error is shown between brackets.

Model Variable Portfolio Overheat Contraction Recovery Slowdown Total

CAPM Anomaly 1-10 0.52 1.79 1.25 1.47 1.24
(0.44) (0.54) (0.52) (0.58) (0.22)

Eq. 2 βI Market 0.49 0.44 0.01 1.30 0.43
(0.32) (0.26) (0.29) (0.28) (0.14)

1-10 1.01 0.76 1.01 −0.03 0.79
(0.45) (0.40) (0.46) (0.59) (0.16)

Eq. 3 βI 1-10 1.39 1.19 1.02 1.30 1.20
(0.38) (0.32) (0.33) (0.56) (0.18)

Eq. 4 λI Market 0.81 0.57 0.57 0.78 0.91
(0.48) (0.12) (0.19) (0.18) (0.25)
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3

Rebalancing for long-term

investors

Co-author: Joost Driessen

3.1 Introduction

An increasing amount of investors consider themselves to be passive investors. In this

study we focus specifically on long-term investors with multi-asset portfolios who believe

that the investment opportunity set is constant, or at least they have no (access to)

valuable insights in changes of this set. For these investors, for example a pension fund

or endowment, rebalancing trades are a large part of portfolio turnover and resulting

trading costs can be significant. They often consider a fixed asset allocation to be the

best way to achieve their investment goals. Over time, the portfolio weights drift away

from the established model portfolio. After all, the weight of a category in the portfolio

changes due to the relative price developments. Rebalancing is often seen as essential

maintenance of a portfolio, in order to keep the expected risk and return properties of the

portfolio within boundaries. By doing this the investor maximizes the expected utility.

As the total market is by definition buy and hold, not every investor can rebalance as

explained by Sharpe [2010]. Setting the rebalancing strategy is therefore one of the few

active decisions these investors face besides setting their target portfolio. Although our

framework can also be used to evaluate rebalancing within an asset class, we focus on

the impact of rebalancing on the strategic portfolio level of asset classes as this level is

the most important driver of portfolio returns.

In this study we quantify the utility costs of periodic rebalancing of portfolios that

consist of multiple risky assets, in our case equity and government bonds. Compared to
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Constantinides [1986] and Balduzzi and Lynch [1999], who study the optimal rebalanc-

ing strategy including transaction costs, we suggest a complementary approach. This

allows us to evaluate multi-asset portfolios with non-IID returns in contrast to portfolios

containing a single risky asset. Increasing the number of risky assets makes it hard to

find the optimal solution, especially when the investor is not myopic and dynamic pro-

gramming is needed. In this study we limit ourselves to myopic investors and focus on

the impact of the rebalancing frequency in multiple environments.

Our main finding is that, although continuous rebalancing is optimal, the utility cost

of less frequent rebalancing when market returns are unpredictable is limited to only

basis points in terms of the initial wealth of the investor over a twenty year period. For a

simplified case we show analytically that not rebalancing leads to both drift and variation

in portfolio weights. This results in an increasing utility cost of the multi-asset portfolio

when the rebalancing period grows. Economically the impact is small. This cost turns

into a gain if we take transaction costs into account. Our results suggest that reducing

transaction costs by less frequent rebalancing clearly outweigh optimizing the portfolio

more frequently, unless transaction costs are extremely small. Using simulations, we

show that these results hold for different levels of risk aversion and expected returns.

Our calculations show that, when taking transaction costs into account, most of the

marginal gain is captured when limiting the rebalancing frequency to once every year.

When we study a setting where asset returns are predictable, we find that a long-

term investor that ignores this predictability underestimates the benefit of less frequent

rebalancing. If expected market returns are time-varying, there is an additional utility

effect as a result of trends or mean reversion. Dependent on the time series dynamics,

this effect can be positive or negative. Using a VAR model to model the predictability,

and ignoring transaction costs, we estimate that the utility gain of rebalancing once every

year compared to once every month is about 1.5 percent in terms of the investors’ initial

wealth over a twenty-year period. Hence by less frequent rebalancing the investor profits

from trending behavior of market returns. About half this benefit is already captured

by limiting the rebalancing frequency to once every quarter instead of monthly.

In the next section, section 3.2, we discuss the methodology used. Section 3.3 is

about the impact of rebalancing when market returns are unpredictable. In 3.4 we look
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at the impact of return predictability. Conclusions and suggestions are the subject of

section 3.5.

3.2 Methodology

A rebalancing policy makes sure that the portfolio composition remains within limits,

but it also protect investors against several behavioural biases. In an environment with

a lot of volatility, rebalancing has the most impact20. Immediately after a stock market

crash, there are few investors who want to step into the market. A portfolio manager

who automatically rebalances does. The same is true the other way around. Rebalancing

helps to prevent a pro-cyclical policy21. Sometimes it is suggested that rebalancing results

in a more diversified portfolio than a buy and hold strategy. That argument, however,

assumes that the model portfolio offers optimal diversification. That does not have to be

right as several market theories assume that the market portfolio is the most diversified

portfolio (no idiosyncratic risk). When rebalancing implies larger deviations from the

market portfolio, it would actually result in a decrease in diversification22.

Our starting point is that every investor wants to maximize its utility. The realized

utility is a function of the portfolio chosen and the realized market returns. Every time

period a rational investor determines the portfolio weights such that, based on return and

risk assumptions and the investors utility function, the expected utility is maximized.

In order to model the impact of rebalancing on our long-term passive investor we

assume that our investor has power utility. As described by Campbell and Viceira [2002]

20Ang [2014] shows that rebalancing is short volatility.
21A portfolio manager who believes in mean reversion, does this even stronger. Obviously there is

a possibility that buying after a crash is not profitable (this time is different). A rebalancing strategy
can therefore be considered to be short regime shifts.

22In addition, there is often a reference to a better return / risk ratio as result of the rebalancing
strategy. Several papers [eg Bouchey et al. [2012] and Erb and Harvey [2006]] suggest that rebalancing
yields higher returns, a so-called rebalance premium by looking at the geometric returns. The premium
is attributed to rebalancing or diversification, and illustrated with quotes like ‘just as it is possible to
harness energy from waves in the ocean, it is possible to harvest returns from volatility in the market’
by Bouchey et al. [2012] and ‘turning water into wine’ Erb and Harvey [2006]. Chambers et al. [2012]
explains that the geometric return is an inferior measure of the expected return, because a higher
geometric returns is not a good indicator of long-term expected wealth. Although realized geometric
average returns correctly sort realized total returns, this is not the case for geometric expected returns
and expected total returns. Maximizing an expected geometric efficiency is, therefore, not an optimal
portfolio strategy. Less volatility does not increase the expected wealth, a higher expected arithmetic
return does.
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power utility implies that the relative risk aversion γ is constant (CRRA), and the

absolute risk aversion is declining in wealth. CRRA implies that the initial wealth of an

investor does not affect the optimal portfolio. The power utility function is given by

U(Wt+K) =
W 1−γ

t+K − 1

1 − γ
,

lim
γ→1

U(Wt+K) = log(Wt+K),

(3.1)

where U denotes utility, W stands for wealth and γ is the constant relative risk aversion.

In Figure 3.1 we show utility as function of the expected relative change in wealth

for various values of risk aversion. It clearly shows the impact of risk aversion, utility

decreases much more rapidly in the case of a loss and benefits less from potential gains.

In this study we use a portfolio with a risk-free asset and two risky assets, i.e. an

equity and government bond index. As mentioned, we focus on rebalancing on a strategic

level, and do not consider the rebalancing of the underlying stocks in the equity index.

Limiting ourselves to three assets enable us to gain useful insights, while not making

the analysis overly complex. Our passive investor assumes that the market returns are

IID. Earlier studies, Samuelson [1969], Merton [1969] and Merton [1971], already showed

that a long-term investor with power utility chooses the same portfolio as a short-term

investor if the returns are IID. IID returns are a very reasonable assumption for our

passive investor. CRRA implies that wealth, and therefore past returns, do not impact

portfolio choice. IID implies that there won’t be new information the next period, so

therefore the long-term investor holds a constant portfolio equal to the portfolio that a

short term investor prefers.

The investment horizon is an important aspect of the utility function and invest-

ment strategy. We want our investor’s horizon to approximate the horizon of a typical

long-term investor. We assume that a horizon of 20 years fits this description. Also

Balduzzi and Lynch [1999] look at the terminal wealth at this horizon in their study.

With monthly data this implies 239 opportunities to rebalance.

In order to measure the wealth impact of rebalancing, we evaluate two cases of

market dynamics. First, we assume log normal IID returns. In this case the assumption

of our investor about market dynamics matches reality. Second, we assume that returns

are described by a VAR model resulting in a mismatch between the investment beliefs
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of our investor and the true market dynamics.

Our analysis enables us to quantify the impact of reducing the rebalancing frequency

on the utility of our investor in both cases. Some cases we are able to solve analytically,

for others we run simulations.

When market returns are IID, the impact of rebalancing is driven by the utility loss

as result of suboptimal portfolio weights. In the case of the VAR returns, our results are

also driven by the extent to which the allowed drift in the portfolio overlaps with the

market dynamics estimated by the VAR model.

Introducing predictability in asset returns impacts the optimal portfolio, as an in-

vestor wants to hedge against changes in the opportunity set. As summarized by

Cochrane [2001] and Ang [2014], in the case of log utility the income and substitution

effects exactly cancel out, removing the intertemporal hedging demands and thereby en-

abling myopic portfolio choice. The true optimal weights are still time varying, however

log utility ensures that the average optimal weights are equal to the optimal weights

in the case of unpredictable returns. As a consequence, the difference in utility impact

by introducing predictability is solely because of ignoring the time series behavior in

markets, and not because of a suboptimal average portfolio composition. Note that a

risk aversion coefficient of 1 is relatively low. For example, Balduzzi and Lynch [1999]

use a range between 2 and 10. In the IID case, we show that our results also hold for

higher levels of risk aversion.

As optimal portfolio we choose a portfolio that is fully invested, without leverage.

The reason for this is that if we have a leveraged portfolio this would result in defaults

when we do not frequently rebalance, violating our assumption of log normality of re-

turns23.

3.2.1 Transaction costs

Transaction costs can have a significant impact on investment returns. In earlier

studies different type of costs are used. The most common are fixed cost per trade, costs

proportional to amount (fixed percentage) and costs that are quadratic to the traded

amount. The last model is the most common way to take market impact into account.

23Based on historical return data, log utility would lead to a portfolio with a hefty leverage of about
300%.
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Of course, combinations are also possible. Operating costs such as gathering and pro-

cessing information are usually fixed, while the paid transaction costs are proportionate

(or quadratic to take market impact into account for an illiquid asset). Transaction costs

can vary by asset and time (less liquid, and thus higher costs, declining market etc).

Constantinides [1986] calculates the optimal no-trading range for a portfolio of one

risky asset and a risk-free asset as a function of proportional transaction costs. Realistic

trading costs result in a sizable no trading range. Constantinides [1986] concludes that

an additional 0.2% annual return provides enough compensation when the transaction

costs are 1.0%. This liquidity premium is there to compensate for the lower demand for

the risky asset. Balduzzi and Lynch [1999] use proportional costs of 0.5% in the base

case. Bikker et al. [2007] show that average market impact costs equal 20 basis points

for equity bought and 26 basis points for equity sold by pension funds. In our study

we use simulations to show the impact of transaction costs on our results. For these

simulations we assume constant proportional one way trading costs of 0.1% for both the

equity and government bond index.

3.2.2 Rebalancing strategies

There are several common rebalancing strategies. In this study we look at constant-

mix strategies (Perold and Sharpe [1995]). In the simplest case the portfolio weights are

adjusted towards the target weights every period, regardless of the deviation from this

target. This is the optimal choice when transaction costs are ignored. A second method

is a method in which a minimum deviation is defined before one rebalances, a no trading

range. The portfolio is only rebalanced when the weight is outside these boundaries.

Ang [2014] refers to these strategies as ’calender’ and ’contingent’ rebalancing. Drivers

of the trading frequency are thus both exogenous (trading costs) and endogenous (market

dynamics). There are various trades possible if the weights of an asset is outside the

no trading range. One might adjust the weight at once to the target weight (eg when

when only assuming fixed costs). Another approach is to bring the weight back to the

limit of the bandwidth (in the case of costs proportional to amount). Finally, there

is an approach in which the rebalance is done in as many steps as possible (optimal

when assuming market impact, with quadratic costs to amount). In the situation where

transaction costs are a function of the price development, asymmetrical bandwidths can
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be optimal. In the situation that costs are high during and after depreciation, the hurdle

to buy is higher than to sell. In addition to the size of the trade, the timing of execution

may vary. A distinction can be made between contingent (continuous monitoring) and

calendar rebalancing (periodic monitoring). Liu [2004] concludes that for realistic trading

costs the optimal trading frequency is about once a year. An important limitation to the

results of both Liu [2004] and Constantinides [1986] is the assumption that there is no

predictability of market returns, and the opportunity is set constant. In this study we

focus on the impact of the rebalancing frequency. Our base case is a periodic rebalance

to the optimal weight. This is the optimal strategy if we ignore trading costs.

3.3 Passive investor with unpredictable returns

In this section we show the impact of rebalancing for a passive investor, assuming that

market returns are IID and log normal distributed. Our passive investor has no intention

of forecasting the markets. He believes that time variation in future returns cannot be

forecasted and in this case we assume that he is right. As a result the investment beliefs of

the investor correspond with reality. First we will derive the utility curve for this investor

as function of the portfolio weights. Then, we build intuition analytically on what the

impact of less rebalancing is, in the case of log utility. As mentioned in the introduction,

log utility implies a low risk aversion coefficient (γ = 1). We use simulations to quantify

the impact for the more complex cases, including higher levels of risk aversion (γ>1).

We first discuss the portfolio choice and utility function for a single time period, then

we continue with multi period expressions in order to show the impact of rebalancing.

By definition, the utility function specifies what the investors cares about. The goal

of every investor is to maximize his utility U , often as function of wealth W . For a single

period Campbell and Viceira [2002] and Mulvey and Simsek [2002] summarize this as

max EtU(Wt+1), (3.2)

subject to the arithmetic return of the portfolio Rp:
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Wt = (1 + Rp,t)Wt−1. (3.3)

As we assume our investor has log utility24, we can write utility U for a single period

as

EtU
(

Wt+1

Wt

)

= Etlog
Wt+1

Wt

= Etlog(1 + Rp,t+1)

= Etrp,t+1,

(3.4)

where the utility equals the expected log return of the portfolio, rp,t. Following the

proposed approximation of the log portfolio return by Campbell and Viceira [2002] for

the case with multiple risky assets we know that for short time intervals the log portfolio

return rp can be expressed as

rp,t+1 − rf,t+1 = α′

t(rt+1 − rf,t+1i) +
1

2
α′

tσ
2
t −

1

2
α′

tΣtα, (3.5)

where α denotes the portfolio weights, r represent a vector containing the log returns of

the individual assets, Σ is the covariance matrix of which σ2 is the diagonal, rf denotes

the risk-free return which is in our case the 1-month US Treasury Bill rate and i is a

vector containing ones.

The optimal weights of the portfolio are related to the expected risk premiums of the

risky assets. Common is to optimize the portfolio weights based on expected returns.

As mentioned, we prefer no leverage in our portfolio as we want a zero probability for

default. We therefore choose to calculate the risk premiums that corresponds to the

portfolio weights of our preference. In this study we use 60% equity and 40% bonds,

αt = [0.6, 0.4]. For each set of αt the expected returns are given by

Etrt+1 = rf,t+1i + γΣtαt − σ2
t /2. (3.6)

Given a covariance matrix Σ, one can calculate the expected (annualized) returns.

24As mentioned, we want our investor to behave myopically, in order to make sure that the optimal
portfolio weights are the same for every rebalancing period. In the case of IID returns, log utility is not
a requirement for myopic portfolio choice. However, in order to be able to compare the results with a
situation without IID returns, we assume log utility also in this case. In section 3.3.5 we run the same
analysis for other levels of risk aversion.
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For the equity index we use stock data from the CRSP US stock database including

NYSE, NYSE MKT and NASDAQ with dividends. For our government bond returns

we use 10 year US Treasury returns. Based on monthly data from 1973 to 2015 we

calculate the covariance matrix Σ,

Σ =






0.0021 0.0001

0.0001 0.0005




 . (3.7)

These numbers correspond to an annual standard deviation of 15.9% for equity and

7.8% for bonds. The average correlation between monthly stock and bond returns is

9.8%.

If we use these expected returns to fit our conditions, we find an expected annualised

arithmetic return ER of 5.9% for the equity index and 4.6% for the bond index, which,

given an historical annual risk-free rate of 4.3%, corresponds to an annual risk premium

of respectively 1.6% and 0.3%. In section 3.3.5 we show that higher risk premiums lead

to similar results.

Figure 3.2a and 3.2b show the resulting utility of a single period for different weights

of the risky assets, in the case of log utility (equation (3.5)). We clearly see that the

utility decreases exponentially with the distance from the optimal weights. However, we

also see that the impact of suboptimal weigths on the utility is very limited in absolute

terms25.

3.3.1 Impact of rebalancing

Until now we have discussed utility for a single time period. As our investor is a

long-term investor, it is the utility of investing over a long horizon that matters (20 years,

K=240). Assuming log normal returns and log utility, we can write equation (3.4) for

horizon K as

25an increase in the equity weight from 60% to 80% requires a equity return of +167% assuming that
bonds keep their value, and this corresponds to a 1% decrease in utility over one (very short) timeperiod.
In section 3.3.5 we show the impact of the level of risk aversion γ on the utility curve.
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EtU
(

Wt+K

Wt

)

= Etlog
(

Wt+K

Wt

)

= Etlog

(

Wt+1

Wt
·

Wt+2

Wt+1
· ... ·

Wt+K

Wt+K−1

)

=
K∑

i=1

Etlog (1 + Rp,t+i)

=
K∑

i=1

Etrp,t+i

≈
K∑

i=1

rf + Etα
′

t+i−1 (Etrt+i − rfi) +
1

2
Etα

′

t+i−1σ2
t+i−1−

1

2
Et

(

α′

t+i−1Σt+i−1αt+i−1

)

.

(3.8)

When the investor rebalances every month (n = 1), we know that the weights αt are

the same for every t. Therefore, in an IID world with log normal returns, the portfolio

has a constant expected log return Erp. In the case of log utility, the utility is linear

with horizon K and can be expressed as

EUn1

(
Wt+K

Wt

)

= K · Erp

≈ K ·
(

rf + α′(Er − rfi) +
1

2
α′σ2 −

1

2
α′Σα

)

.

(3.9)

The expression becomes more complex when the investor does not rebalance every

period, as now the weights of the assets in the risky portfolio are no longer constant

but stochastic with drift. Suppose our investor rebalances every n months, and K is a

multiple of n, the expression (still assuming log normal IID returns and log utility) is

given in equation (3.10) below. For interpretation purposes, we split the sum of the time

intervals in a double sum, using the rebalancing period n. The last step makes use of

the fact that after a rebalance moment, the expectations of the portfolio weights are the

same as after the previous rebalance moment. We can therefore calculate the overall

utility as a sum of K/n ‘blocks’:
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EtUn

(
Wt+K

Wt

)

≈
K∑

i=1

rf + Etα
′

t+i−1(Er − rf i) +
1

2
Etα

′

t+i−1σ2−

1

2
Et

(

α′

t+i−1Σαt+i−1

)

=
K/n
∑

j=1

n∑

i=1

rf + Etα
′

t+(j−1)n+i−1(Er − rfi) +
1

2
Etα

′

t+(j−1)n+i−1σ2−

1

2
Et

(

α′

t+(j−1)n+i−1Σαt+(j−1)n+i−1

)

=
K

n

n∑

i=1

rf + Etα
′

t+i−1(Er − rf i) +
1

2
Etα

′

t+i−1σ
2−

1

2
Et

(

α′

t+i−1Σαt+i−1

)

.

(3.10)

In order to gain insight into the impact of rebalancing, we derive the expression for

the simplified case that both K and n are 2 and there is only one risky asset:

EtU
(

Wt+2

Wt

)

≈
2∑

i=1

rf + Etαt+i−1(Er − rf) +
1

2
Etαt+i−1σ2 −

1

2
Et

(

α2
t+i−1σ2

)

= rf + αt(Er − rf) +
1

2
σ2αt −

1

2
σ2α2

t
︸ ︷︷ ︸

i = 1

+

rf + Etαt+1(Er − rf ) +
1

2
σ2Etαt+1 −

1

2
σ2
(

(Etαt+1)2 + Vartα
2
t+1

)

︸ ︷︷ ︸

i = 2

.

(3.11)

In equation (3.11) we can distinguish various effects. For the first time interval,(i = 1)

the weights are known, and utility rises when the expected return increases and decreases

with portfolio volatility. For the second time interval however (i = 2) there is both drift

and stochastic uncertainty around the weights at time t. As this illustration shows, these

both effects results in an additional drag on utility.

3.3.2 Results

Because we ignore transaction costs, we know that the optimal rebalancing frequency

is n = 1 (continuous rebalancing). With increasing n, the portfolio weights become more

suboptimal as a result of both drift and the stochastic process, and therefore the expected

utility decreases. As visualised in Figure 3.2a and 3.2b, the utility decay is parabolic
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with the difference between the actual weight and the optimal weight of the risky assets.

This leads to a similar non linear effect in the overall utility as function of the rebalancing

frequency. In Figure 3.3 we show the results of our simulations for rebalancing every

month and rebalancing every two years (n = 24). Figure 3.3b shows the distribution of

the portfolio weights when n = 24. Combining this distribution with the utility function

in Figure 3.2b the expected impact of rebalancing is small in this case.

Figure 3.4a shows the expected wealth and confidence interval for both continuous

rebalancing (n = 1) and rebalancing every 24 months. In both cases the horizon K is

240 months. We find only a slightly higher expected return and confidence intervals in

the case of less rebalancing. Figure 3.4b shows the (indexed) utility of our investor as

function of the rebalancing frequency n. Panel A in Table 3.2 shows both the absolute

and indexed utility. In this case, we find that the impact is very limited.

For every rebalance period the same initial wealth results in a different utility. We

can express the loss in utility by calculating the difference in initial wealth needed to

compensate for this26. In order to do this, we calculate what initial wealth would generate

the same utility as in the optimal case, given the expected log wealth. The expression

for log utility (γ = 1) is given in equation (3.12). U1 denotes the optimal utility with

initial wealth W0 and final wealth distribution W1. Furthermore, we have suboptimal

utility Un, wealth distribution Wn and adjusted initial wealth W ∗

0 .

When we define Un1 = Elog
(

Wn1

W0

)

and Un = Elog
(

Wn

W0

)

, it follows that

Un1 = Elog

(

Wn

W ∗

0

)

= Elog (Wn) − logW0 − logW ∗

0 + logW0

= Un + log

(

W0

W ∗

0

)

e(Un1−Un) =
W0

W ∗

0

W ∗

0 = W0 · e(Un−Un1).

(3.12)

A similar expression for higher levels of risk aversion is complex. In order to calculate

the results for more risk averse investors, as we do to evaluate the robustness of our

26This is very similar to the certainty equivalent approach where the investor evaluates the amount
of money to be received with certainty that will make him/her indifferent between the risk-free and the
risky cash flows.
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results, we solve the wealth equivalent numerically. In Figure 3.5 and Panel A of table

3.2 we show the utility costs in terms of initial wealth equivalent. The loss in utility

is limited to only basispoints (0.00-0.04%) of the initial wealth W0 on a horizon K of

20 years. Note that this analysis ignores trading costs. The utility costs increase with

the investment horizon K. In section 3.3.4 we shows that reducing transaction costs

outweigh the benefits of the utility gained by frequently rebalancing.

3.3.3 Suboptimal initial portfolio

Until this point, we have assumed that our investor has the optimal portfolio at start.

Our results show that the impact of rebalancing is very small in that case. Ignoring trans-

action costs, there is no meaningful (economic) difference between the expected utility of

an investor that rebalances monthly versus one that rebalances only every two years. As

explained in section 3.2, one characteristic of periodic rebalancing is that it does not take

into account the actual deviations from the optimal weights. The implicit underlying

assumption is that the frequency is high enough to not care about this. However, we are

also interested in the impact of outliers. What is the impact when the investor is faced

with extreme market conditions, when the next rebalancing moment is still far away? In

this section we evaluate the impact when the initial portfolio composition deviates sig-

nificantly from the optimal portfolio. The sensitivity of the expected utility to the initial

portfolio composition shows the costs of waiting until the next rebalancing moment for

investors faced with extreme returns short after a rebalancing moment. This analysis

provides insight to the benefit of implementing allocation bandwidths as (additional)

rebalancing triggers.

We find that the utility costs of waiting until the next rebalance period are higher in

this case, although the overall impact is still small in terms of initial wealth. Panel B of

Table 3.2 and Figure 3.6 shows the utility as function of the rebalance period, assuming

a start portfolio of 70% equity and 30% bonds (while the optimal portfolio is unchanged,

60% and 40%). Compared to the results with the results in Panel A we find only a

slightly larger impact of the rebalancing frequency on the utility. The suboptimal initial

portfolio leads to somewhat higher uncertainty in the wealth after 240 months. When

the initial portfolio has more than the optimal amount of bonds, we find a similar impact

on utility. In this case the dominant force behind the decrease by a lower expected return
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(in contrast to higher uncertainty in the final wealth).

These results give only limited support to the idea that it is smart to set rebalance

triggers on the portfolio weight of risky assets instead of periodic rebalancing. Even

when the next rebalancing is still 24 months away, the impact is small.

3.3.4 Impact of transaction costs

As mentioned in the introduction, for passive long-term investors rebalancing trades

are often the major part of portfolio turnover, and resulting trading costs can be signif-

icant. By definition, trading costs are a hurdle for transactions and reduce the optimal

amount of trading. The gain in utility by rebalancing the weights must offset set the

loss in utility by making trading costs. We show the results assuming proportional, sin-

gle way transaction costs of 0.1%. In Figure 3.7a we show that the utility gain is not

enough and there is a large loss in expected utility. The difference in utility between

continuous rebalancing and once every 24 months corresponds to almost 0.7% of initial

wealth, following equation (3.12). These results are in line with the sizeable no trade

region in Constantinides [1986] for a single risky asset.

The total amount of trading costs is in this study assumed to be proportional with

the traded volume. Table 3.1 shows the estimated (annualised) turnover for the portfolio

for the different rebalance periods, together with the standard deviation of this average

in our simulations. Over the investment horizon rebalancing every month results in

an annualised traded volume of about 40 percent of the portfolio. This corresponds

to about eight times the initial portfolio size over the total 20 years. Trading costs

of 0.1% mean that in the case of continuous rebalancing, total trading costs over the

investment horizon of 20 years are less than a percent of the initial wealth. Reducing the

rebalancing frequency reduces this volume significantly. Other rebalancing strategies,

such as the ones including a no trade range, result in lower expected turnover.

3.3.5 Impact of risk aversion

In the calculations so far we have assumed that the risk aversion γ is equal to

one, resulting in log utility. Based on this level of risk aversion, we calculated the risk

premiums that matched our optimal portfolio of choice. As higher risk aversion levels
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are common in practise, we look at the robustness of our results. We find that for more

risk averse investors, the impact of rebalancing is also very limited.

A more risk averse investor prefers a different portfolio based on the same risk pre-

miums. While the optimal risky portfolio is the same for every investor for every set of

risk premia, the optimal allocation to this risky portfolio decreases proportionally with

1/γ, the inverse of the risk aversion. If an investor with log utility is fully invested, an

investor with γ = 2, invests half of total assets in the risk-free asset. In order to have the

same portfolio, a higher risk premium is required. In this section we show the results of

these two alternatives. First, we keep the risk premiums constant and show the resulting

impact of rebalancing assuming different optimal portfolios. Second, we keep the opti-

mal portfolio constant and use different values for the risk premiums. This enables us to

evaluate how sensitive our results are to our assumption about the risk premiums. We

find that higher risk premiums result in more utility loss by less frequently rebalancing,

roughly a factor 10. However, the impact is still very limited in economic sense.

Figure 3.8 shows the utility curve for different values of risk aversion. Figure 3.8a

shows the utility curves, while keeping the optimal portfolio constant to 60% equities

and 40% bonds (and different levels of the expected risk premiums). Figure 3.8b shows

the curve while keeping the risk premium constant (and as a result different optimal

weights for each investor).

Panel A of Table 3.3 and figure 3.9 show that for investors with a higher risk aversion,

the utility cost of rebalancing less is reduced when the risk premium is constant, explained

by a much smaller allocation to portfolio of risky assets. This effect is larger than the

increased aversion to stochastic behaviour of the composition of the risky portfolio.

Remember that the risk premiums in our previous calculations are relatively low. These

results show that higher risk premiums, combined with a higher level of risk aversion,

result in similar levels of utility loss. In terms of initial wealth equivalent however, the

impact is a factor 5 to 10 higher.

Panel B of Table 3.3 shows both the optimal portfolios and the impact of rebalancing

on expected utility for various values of risk aversion. If an investor invests less, the utility

decreases because of lower expected wealth. In this case, rebalancing is less important

as volatility of the portfolio is also lower. On the other hand, a risk averse investor is
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more sensitive for the stochastic behaviour of the portfolio, negative surprises have more

impact on utility than positive surprises.

3.4 Passive investor with predictable returns

In the previous chapter we assumed that our passive investor was right about the

market dynamics. In this section we show the results when market returns are not IID

but predictable.

An IID distribution implies return series without autocorrelation. When prices are

mean reverting the expected return will increase because of rebalancing. When prices are

trending the expected return is lowered by the rebalance. The expected autocorrelation

of the returns of a category therefore plays an important role in the choice of a rebalance

policy. In this section we evaluate the impact of this behaviour on the utility cost

of rebalancing. As alternative to IID returns, we assume that the market returns are

described by a first order VAR model.

Introducing predictability in asset returns impacts the optimal portfolio. In this

case, the analytical solution for the utility over K periods (equation (3.10)) is no longer

valid, but our passive investor believes it is. The true optimal weights are time varying,

however the average optimal weight is still 60% equity and 40% bonds as our investor

has log utility (no intertemporal hedging demand, also in the case of VAR returns). As a

consequence, the difference in utility is solely because of ignoring the time series behavior

in markets, and not because of a suboptimal average portfolio composition.

3.4.1 VAR model

VAR models are dynamic systems of equations in which the current level of each

variable in the system depends on past movement in that variable and in all the other

variables in the system. VAR models are frequently used in literature to describe market

dynamics.

The VAR approach seeks to identify revisions in expectations by using the time-series

structure. It postulates that the unobserved components of returns can be written as

linear combinations of innovations to observable variables.
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In order to calibrate our analysis, we use monthly data series starting in 1973. Once

every month is also the highest rebalancing frequency that we consider. Similar to

Campbell et al. [2003] we use value weighted equity returns on the NYSE, NASDAQ

and AMEX from the Center for Research in Security Prices (CRSP).

For the VAR model, we also use the 10 year bond return from the UST and Inflation

Series (CTI) in CRSP and as risk-free rate the 1 month Treasury bill rate. In order to

calculate the yieldspread we downloaded the 5 year zero coupon yield from the CRSP

Fama Bliss data.

The VAR approach starts by defining a vector zt+1 which has k elements. To a

large extent we follow the approach used by Campbell et al. [2003]. Balduzzi and Lynch

[1999] only uses the dividend yield as predictive variable in addition to the asset returns.

In our case the first three are the real short rate rt, the equity return et and the 10

year treasury return bt. Furthermore we use the annual equity return eyt, the nominal

short rate nt, the dividend price ratio D/P t, the yieldspread St and the CP factor CPt,

introduced by Cochrane and Piazzesi [2005]:

rt = [rt, et, bt, eyt, nt, D/P t, St, CPt]. (3.13)

We use both a monthly and annual equity return in the model in order to better

capture both short and longer term dynamics. We now have a vector rt of p directly

observable variables that are to be forecasted as well as indicators that are helpful doing

that. In this study we use a VAR model with a single lag:

rt+1 = c + A · rt + εt+1. (3.14)

We use a single lag because of the increasing risk of overfitting when using a higher

order VAR. The variable A denotes the auto regression matrix and εt+1 is a vector with

error term containing the unexpected components with covariance matrix ΣV :

εt+1 ∼ N(0, ΣV ). (3.15)

All of the variables appear to be stationary in our sample period27. For simulation

27In order to be able to compare results with the IID case, we adust et and bt such that ER is equal
to the values in section 3.3.
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purposes, ΣV is different than Σ used in the previous section as a result of the time

varying expected returns:

ΣV t = Covt(εt+1)

= Covt(rt+1 − Etrt+1)

= Covt(rt+1 − A · rt).

(3.16)

The passive investor, ignoring these dynamics, will use Σ, the same covariance matrix

as under the IID assumption28. We use the unconditional means as starting values for

the simulated returns.

Table 3.4 shows the estimated autoregression matrix A. The explanatory power

of excess equity returns of our model is 2.7%. This is lower than the 8.6% found in

Campbell et al. [2003]. This difference is due to calculations on monthly frequency in-

stead of quarterly and, to a lesser extent, the use of the 1m Tbill instead of the 3 month

Tbill as risk-free rate and a longer sample.

3.4.2 Impact of rebalancing

Figure 3.11 and panel A of Table 3.6 show the impact of the rebalance period on the

portfolio returns and utility. We find that in the case of predictable returns rebalancing

results in larger utility costs than in the case of unpredictable returns. Based on these

results, it is beneficial to have a longer rebalance period, even when ignoring transactions

costs. About half of the maximum utility gain compared to continuous rebalancing is

achieved when rebalancing every three months. This large utility increase for quarterly

and yearly rebalancing in stead of monthly rebalancing can be explained by trending

returns. Increasing the rebalance period further results in only small marginal utility

gains. In terms of initial wealth equivalent, we find that when an investor rebalances

every 24 months, this investor should start with about 1.5% less wealth in order to have

the same expected utility over the investment horizon as an investor that rebalances

every month. Similar as in the case with unconditional returns and risk aversion larger

28Our passive investor assumes that the expected returns are constant. This implies Cov(Etrt+1) = 0.

Cov(rt+1) = Σ = ECovt(rt+1) + Cov(Etrt+1)

= ΣV + Cov(A · rt)

= ΣV + AΣV A′

(3.17)
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than one, we solve the wealth equivalent of the utility loss in the case of conditional

returns numerically.

3.4.3 Suboptimal start portfolio and transaction costs

Similar to the case with unpredictable returns we evaluate the impact of a suboptimal

initial portfolio and proportional transaction costs. Table 3.6 shows the results in panel

B and C. We find that the utility loss due to a suboptimal initial portfolio assuming

predictable returns compares to the impact in the IID case. Not surprisingly, transaction

costs increase the utility cost of rebalancing frequently. The impact of transaction costs

is slightly different compared to the IID case due to the small difference in portfolio

turnover. Table 3.5 shows the average annual turnover in the case of predictable returns

compared to Table 3.1 for the unpredictable returns. On a single horizon (n = 1) we

find that predictability lowers the turnover slightly. This implies that the distribution of

the monthly return differences between stock and bond indices as implied by the VAR

is somewhat different.

3.4.4 Understanding the impact of predictability

We find that predictability of asset returns influences the impact of rebalancing. It

is not easy to understand these dynamics intuitively based on the results so far. In

order to identify the main drivers of the differences between results based on predictable

and unpredictable returns we evaluate each variable in the VAR separately, denoted by

ut. We classify each variable as contributing to trending (T) or mean reversion (MR)

dynamics of the equity and bond index. Because of the higher volatility, the dynamics

in the returns of the equity index are dominant for the impact on rebalancing. We show

that the utility gain of quarterly and yearly rebalancing in stead of monthly rebalancing

is caused by multiple variables used in our VAR analysis. These together have more

impact than the dividend-price ratio, of which we show (and know) that it has a mean

reverting character.

In order to classify each variable we look at the sign of the regression coefficient b:

et = a + but−1 + vt, (3.18)

89



Essays on Investing in Stock and Bond Markets

and the correlation ρ between vt and ηt. ηt is the residual in the autoregressive model:

ut = a + but−1 + ηt. (3.19)

While the correlation coefficient shows the immediate relation between surprises of

the equity index and the explanatory variable, the regression coefficient shows the impact

of this move on the expected return of the equity index for the following period. For

example, if the correlation ρ is positive, this means that if there is a positive surprise in

the explanatory variable, the excess return on the stock market is likely to be positive

as well. If then the regression coefficient b is positive, the upside surprise also increases

the expected return of the equity index the next period, resulting in a trend. So, if both

coefficients are either positive or negative, this variable contributes to trending behaviour.

If, however, both signs are different, the variable contributes to mean reversion. We do

this for both the equity index and the bond index. Table 3.7 shows the results of this

analysis. The dividend price ratio contributes to mean reverting behaviour of the stock

market but this is dominated by the variables contributing to trending behaviour for

the horizon of the rebalancing. The effect in the bond market is less clear as there are

several variables contributing to mean reversion, but also several variables contributing

to trends. For the impact on rebalancing, the dynamics of the equity market is more

important than the dynamics of the bond market, as equity returns are the main driver

of changes in portfolio weights.

3.5 Conclusion

For long-term passive investors, the rebalancing strategy is one of the few active

decisions they have to make. For these investors, trades initiated by rebalancing are a

major part of the portfolio turnover and can result in a significant amount of trading

costs, lowering returns.

In this study we quantify the utility costs of periodic rebalancing of portfolios that

consist of multiple risky assets, in our case equity and government bonds. Our main

finding is that, although continuous rebalancing is optimal, the utility cost of less frequent
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rebalancing when market returns are unpredictable is limited to only basis points in terms

of the initial wealth of the investor over a twenty-year period. For a simplified case we

show analytically that not rebalancing leads to both drift and variation in portfolio

weights. This results in an increasing utility cost of the multi-asset portfolio when the

rebalancing period grows. Economically the impact is small. This cost turns into a gain

if we take transaction costs into account.

Our results suggest that reducing transaction costs by less frequent rebalancing

clearly outweigh optimizing the portfolio more frequently, unless transaction costs are

extremely small. Using simulations, we show that these results hold for different levels of

risk aversion and expected returns. Our calculations show that, when taking transaction

costs into account, most of the marginal gain is captured when limiting the rebalancing

frequency to once every year.

When we study a setting where asset returns are predictable, we find that a long-

term investor that ignores this predictability underestimates the benefit of less frequent

rebalancing. If expected market returns are time-varying there is an additional utility

effect as a result of trends or mean reversion. Dependent on the time series dynamics,

this effect can be positive or negative. Using a VAR model to model the predictability,

and ignoring transaction costs, we estimate that the utility gain of rebalancing once every

year compared to once every month is about 1.5 percent in terms of the investors’ initial

wealth over a twenty year period. Hence by less frequent rebalancing the investor profits

from trending behavior of market returns. About half this benefit is already captured

by limiting the rebalancing frequency to once every quarter instead of monthly, even

when transactions costs are ignored. Time-variation of expected returns also results in

different expected turnover numbers of the portfolio.

In this study we assume that our passive investor believes that market returns are

IID distributed. For further research it would be interesting to look at an investor that

takes predictability into account when setting the rebalancing strategy. As we show,

introducing predictability in asset returns impacts the optimal portfolio. In that case,

rebalancing becomes part of an active strategy and the optimal portfolio is now a function

of the rebalancing period.
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Tables

Table 3.1: Portfolio turnover in the case of unpredictable returns

This tables shows the total annualised turnover of the portfolio because of rebalancing
(expressed as a fraction of the initial wealth). The standard devation shown is the stan-
dard deviation of the annualised traded volume in our simulations (number of simulations
is 50000.)

n = 1 n = 3 n = 6 n = 12 n = 18 n = 24
Average 0.40 0.23 0.16 0.11 0.10 0.07
Std. 0.13 0.08 0.06 0.04 0.04 0.03
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Table 3.2: Impact of periodic rebalancing on the expected utility in the case
of unpredictable returns

This table shows the impact of periodic rebalancing on the expected utility in the case of
unpredictable returns. Panel A shows the results for an investor with log utility, ignoring
transaction costs. Panel B shows the results when the initial portfolio deviates from the
optimal portfolio (60% equity and 40% bonds). The assumed start portfolio is 70% equity
and 30% bonds. Similar as in Panel A, transaction costs are ignored. Panel C shows the
situation of Panel A only with proportional one way transaction costs of 0.1%. In each
panel the rows show the absolute value of the expected utility (U-abs.), the utility cost
in terms of initial wealth (SCE) and the indexed change in utility (U-index) compared
to the expected utility when rebalancing continuously (n = 1). Between brackets are the
standard errors. Number of simulations is 50000 and the investment horizon K is 240
months.

Panel A: γ = 1, no transaction costs
n = 1 n = 3 n = 6 n = 12 n = 18 n = 24

U-abs. 0.9683 0.9683 0.9682 0.9681 0.9679 0.9678
(0.0012) (0.0012) (0.0012) (0.0012) (0.0012) (0.0012)

SCE 0.000 0.006 0.016 0.027 0.046 0.052
(0.000) (0.002) (0.004) (0.005) (0.006) (0.008)

Panel B: γ = 1, TC = 0.0%, different start weigths
n = 1 n = 3 n = 6 n = 12 n = 18 n = 24

U-abs. 0.9683 0.9682 0.9681 0.9679 0.9676 0.9675
(0.0012) (0.0012) (0.0012) (0.0012) (0.0012) (0.0012)

SCE 0.000 0.007 0.021 0.041 0.071 0.083
(0.000) (0.003) (0.005) (0.007) (0.008) (0.010)

Panel C: γ = 1, TC = 0.1%
n = 1 n = 3 n = 6 n = 12 n = 18 n = 24

U-abs. 0.9639 0.9657 0.9664 0.9669 0.9669 0.9670
(0.0012) (0.0012) (0.0012) (0.0012) (0.0012) (0.0012)

SCE 0.000 −0.186 −0.253 −0.298 −0.299 −0.314
(0.000) (0.002) (0.004) (0.005) (0.006) (0.007)
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Table 3.3: Equivalent of initial wealth for different levels of risk aversion
and rebalancing period in the case of unpredictable returns

This table shows equivalent of initial wealth for different levels of risk aversion and
rebalancing period. The first three colums show the impact of the rebalancing period on
the expected utility for different values of risk aversion γ and constant expected returns.
The last three columns show the impact of the rebalancing period on the expected
utility for different expected returns, assuming constant optimal portfolios. The number
of simulations is 50000 and the investment horizon is 240 months.

constant expected return varying expected returns
varying weights constant weights

γ 1 3 6 1 3 6

αe 60% 20% 10% 60% 60% 60%
αb 40% 13% 7% 40% 40% 40%

ERe 5.9% 5.9% 5.9% 5.9% 9.0% 13.7%
ERb 4.6% 4.6% 4.6% 4.6% 5.3% 6.2%

n = 1 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%
n = 3 0.006% 0.007% 0.004% 0.006% 0.016% 0.047%
n = 6 0.016% 0.011% 0.007% 0.016% 0.039% 0.093%
n = 12 0.027% 0.020% 0.014% 0.027% 0.076% 0.172%
n = 18 0.046% 0.032% 0.022% 0.046% 0.121% 0.270%
n = 24 0.052% 0.047% 0.031% 0.052% 0.149% 0.309%
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Table 3.4: VAR coefficient estimates

This table shows the regression coefficients of equation 1.10 and, in the last column,
the R-squared for each variable. The used variables are the real short rate rt, the stock
return et and the 10 year treasury return bt, the annual equity return eyt, the nominal
short rate nt, the dividend price ratio D/P t, the yield spread St and the CP factor CPt,
introduced by Cochrane and Piazzesi [2005].

c rt et bt eyt nt D/P t St CPt R2

rt+1 −0.003 0.488 −0.013 0.016 0.001 0.221 −0.001 0.000 0.000 0.409
(0.002) (0.039) (0.003) (0.006) (0.001) (0.071) (0.000) (0.000) (0.000)

et+1 0.071 0.670 0.053 0.162 0.006 −2.574 0.016 −0.001 0.000 0.028
(0.029) (0.632) (0.047) (0.095) (0.013) (1.146) (0.007) (0.002) (0.001)

bt+1 −0.010 0.700 −0.090 0.086 −0.006 −0.011 −0.002 0.003 0.000 0.074
(0.014) (0.305) (0.023) (0.046) (0.006) (0.552) (0.003) (0.001) (0.001)

eyt+1 0.060 −0.035 0.154 0.284 0.922 −2.093 0.014 0.001 −0.001 0.870
(0.040) (0.867) (0.064) (0.130) (0.017) (1.573) (0.009) (0.003) (0.002)

nt+1 0.004 −0.006 −0.002 −0.003 0.001 0.841 0.001 0.000 0.000 0.949
(0.000) (0.009) (0.001) (0.001) (0.000) (0.017) (0.000) (0.000) (0.000)

D/P t+1
−0.029 −0.753 −0.445 −0.158 0.004 0.872 0.993 0.001 −0.001 0.995
(0.020) (0.434) (0.032) (0.065) (0.009) (0.786) (0.005) (0.002) (0.001)

St+1 2.472 12.421 1.387 0.143 −0.159 −109.845 0.415 0.341 0.313 0.605
(0.516) (11.324) (0.837) (1.702) (0.225) (20.534) (0.120) (0.040) (0.026)

CPt+1 −0.845 1.627 0.630 9.724 −0.137 68.861 −0.163 0.224 0.723 0.690
(0.641) (14.052) (1.039) (2.112) (0.280) (25.481) (0.149) (0.050) (0.032)
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Table 3.5: Portfolio turnover in the case of predictable returns

This table shows the total annualised turnover of the portfolio because of rebalancing
(expressed as a fraction of the initial wealth) in the case of predictable returns. The
standard devation shown is the standard deviation of the annualised traded volume in
our simulations (number of simulations is 50000.)

n = 1 n = 3 n = 6 n = 12 n = 18 n = 24
Average 0.39 0.24 0.17 0.12 0.10 0.08
Std. 0.10 0.07 0.05 0.04 0.04 0.03
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Table 3.6: Impact of periodic rebalancing on the expected utility in the case
of predictable returns

This table shows the impact of periodic rebalancing on the expected utility in the case of
predictable returns. Panel A shows the results for an investor with log utility, ignoring
transaction costs. Panel B shows the results when the startportfolio deviates from the
optimal portfolio (60% equity and 40% bonds). The assumed start portfolio is 70%
equity and 30% bonds. Similar as in Panel A, transaction costs are ignored. Panel C
shows the situation of Panel A only with proportional one way transaction costs of 0.1%.
The rows show the absolute value of the expected utility (U-abs.) and the utility cost
in terms of initial wealth (SCE) compared continuous rebalancing (n = 1). Between
brackets are the standard errors. Number of simulations is 50000 and the investment
horizon K is 240 months.

Panel A: γ = 1, no transaction costs
n = 1 n = 3 n = 6 n = 12 n = 18 n = 24

U-abs. 0.9521 0.9609 0.9621 0.9629 0.9629 0.9627
(0.0017) (0.0017) (0.0017) (0.0017) (0.0017) (0.0017)

SCE 0.000 −0.875 −0.991 −1.077 −1.072 −1.049
(0.000) (0.004) (0.007) (0.010) (0.013) (0.015)

Panel B: γ = 1, TC = 0.0%, different start weigths
n = 1 n = 3 n = 6 n = 12 n = 18 n = 24

U-abs. 0.9522 0.9609 0.9621 0.9628 0.9627 0.9624
(0.0017) (0.0017) (0.0017) (0.0017) (0.0017) (0.0017)

SCE 0.000 −0.865 −0.984 −1.056 −1.045 −1.012
(0.000) (0.005) (0.009) (0.013) (0.016) (0.018)

Panel C: γ = 1, TC = 0.1%
n = 1 n = 3 n = 6 n = 12 n = 18 n = 24

U-abs. 0.9477 0.9582 0.9602 0.9616 0.9618 0.9618
(0.0017) (0.0017) (0.0017) (0.0017) (0.0017) (0.0017)

SCE 0.000 −1.047 −1.243 −1.386 −1.402 −1.402
(0.000) (0.004) (0.007) (0.010) (0.013) (0.015)
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Table 3.7: Understanding time series dynamics

This tables shows the regression coefficient (first row) and the R-squared (second row)
for every explanatory variable separately (equation 3.18). The third row shows the
correlation of the residuals vt and ηt). The last row shows the classification of each
variable. Panel A shows the above for the equity index; Panel B for the government
bond index. The used variables are the real short rate rt, the stock return et and the
10 year treasury return bt, the annual equity return eyt, the nominal short rate nt, the
dividend price ratio D/P t, the yield spread St and the CP factor CPt.

Panel A: Equity index
et bt rt nt D/P t St CPt

b 0.0720 0.2058 0.3721 −0.6481 0.0046 0.0004 0.0000
ρ 1.0000 0.0899 0.0419 −0.0034 −0.6777 0.1061 0.0527
R2 0.52% 1.03% 0.09% 0.17% 0.20% 0.01% 0.00%
T/MR T T T T MR T T

Panel B: Bond index
et bt rt nt D/P t St CPt

b −0.0815 0.0684 0.7046 −0.1946 −0.0003 0.0023 0.0011
ρ 0.1099 1.0000 0.1304 −0.0263 0.0367 −0.3239 −0.1340
R2 2.72% 0.47% 1.29% 0.06% 0.00% 1.73% 0.84%
T/MR MR T T T MR MR MR
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Figures
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Figure 3.1: Power utility function for different values of risk aversion

The figure shows the power utility function for different values of risk aversion γ. Since
we assume a constant relative risk aversion (CRRA) for our investor, it is the ratio
between the final wealth (Wend) and initial wealth (W0) that matters for the utility.
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Figure 3.2: Utility as function of portfolio weight of risky assets

These figures shows utility as function of portfolio weight of risky assets. Figure 3.2a
shows utility as function of both equity and bond weight. Figure 3.2b shows utility as
function of equity weight, assuming an fully invested, unlevered portfolio of bonds and
equity.
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Figure 3.3: Simulation results when rebalancing every 24 months

These figures show the simulation results when rebalancing every 24 months. Figure 3.3a
shows the distribution and mean of the portfolio weight of equity over times. Figure 3.3b
shows the resulting weight distribution before rebalancing, and Figure 3.3c shows the
resulting utility distribution assuming log utility.
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Figure 3.4: Impact of the rebalance period on the portfolio returns and
utility

This figures shows the impact of the rebalance period on the portfolio returns and utility.
Figure 3.4a shows the expected wealth and confidence interval for both continuous rebal-
ancing (n = 1) and rebalancing every 24 months (n = 24). In both cases the horizon K
is 240 months. Figure 3.4b shows the impact of the rebalance period n on the expected
utility.
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Figure 3.5: Initial wealth equivalent of the utility loss

The figure shows the initial wealth equivalent of the utility loss as a result of less frequent
rebalancing.
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Figure 3.6: Impact of the rebalance period on the utility assuming a
suboptimal portfolio at start

This figure shows the impact of the rebalance period on the utility assuming a suboptimal
portfolio at start. Figure 3.6a shows the impact of rebalancing on utility assuming a
suboptimal portfolio at start. Figure 3.6b shows the impact of the rebalance period as
initial wealth equivalent assuming a suboptimal portfolio at start.
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Figure 3.7: Impact of the rebalance period on the portfolio utility

This figure shows the impact of the rebalance period on the portfolio utility. Figure
3.4a shows the impact of rebalancing on utility, with proportional trading costs (0.1% of
traded volume). Figure 3.4b shows the impact of the rebalance period as initial wealth
equivalent with proportional trading costs (0.1% of traded volume).
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Figure 3.8: Impact of risk aversion on utility curves

This figure shows the impact of the level of risk aversion on the utility curves as function
of the equity weight. Figure 3.8a shows the utility as function of equity weight and
different risk premiums. Figure 3.8b shows the utility as function of equity weight and
different optimal portfolio weights.
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Figure 3.9: The impact of the level of risk aversion and portfolio weights

This figure shows the impact of the level of risk aversion and portfolio weights on expected
utility and initial wealth equivalent. Figure 3.9a shows the impact of rebalancing on the
expected utility for different levels of risk aversion. The optimal allocation varies, the
expected risk premium is constant for each level. Figure 3.9b shows the impact of
rebalancing in terms of initial wealth equivalent for different levels of risk aversion. The
optimal allocation varies, the expected risk premium is constant for each level.
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Figure 3.10: Impact of the level of risk aversion and expected risk premium

This figure shows the impact of the level of risk aversion and expected risk premium
on expected utility and initial wealth equivalent. Figure 3.10a shows the impact of
rebalancing on the expected utility for different levels of risk aversion. The optimal
allocation is constant, the expected risk premium is different for each level. Figure 3.10b
shows the impact of rebalancing on the initial wealth equivalent for different levels of
risk aversion. The optimal allocation is constant, the expected risk premium is different
for each level.
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Figure 3.11: Impact of the rebalance period on the portfolio in the case of
predictable returns

This figure shows the impact of the rebalance period on the portfolio returns and utility,
when returns are predictable. Figure 3.11a shows the impact of the rebalance period n
on the expected utility. Figure 3.11b shows the initial wealth equivalent of the utility
loss by less rebalancing.
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Figure 3.12: Impact of the rebalance period in the case of predictable
returns and a suboptimal portfolio at start

This figure shows the impact of the rebalance period on the utility assuming a suboptimal
portfolio (70% equity) at start. Figure 3.12a shows the impact of rebalancing on utility,
assuming a suboptimal portfolio at start. Figure 3.12b shows the initial wealth equivalent
as function of the rebalance period, assuming a suboptimal portfolio at start.
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Figure 3.13: Impact of the rebalance period in the case of predictable
returns and transaction costs

This figure shows the impact of the rebalance period on the utility and initial wealth
equivalent in the case of transaction costs. Figure 3.13a shows the impact of rebalanc-
ing on utility, with proportional trading costs. Figure 3.13b shows the initial wealth
equivalent as function of rebalance period, with proportional trading costs.
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