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Abstract

The risk of infrastructure firms is driven by unique factors that cannot be well described by stan-
dard asset class factor models. We thus create a seven-factor model based on infrastructure-specific
risk exposure, i.e., market risk, cash flow volatility, leverage, investment growth, term risk, default
risk, and regulatory risk. We empirically test our model on a large dataset of U.S. infrastructure
stocks in different subsectors (utility, telecommunication, and transportation) and over a long period
of time (1980 to 2011). The new factor model is able to capture the variation of infrastructure returns
better than the Fama/French three-factor or the Carhart four-factor models. Thus, our model helps
to better determine the cost of capital of infrastructure firms, something that is increasingly relevant

in light of the growing need for privately financed infrastructure projects.
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1 Introduction

The aim of this paper is to derive an asset class factor model for infrastructure investments that explains
the specific characteristics of these investments. The study is motivated by the claims of investment
advisors and many trade articles that infrastructure investments have a number of unique characteristics,
such as uncorrelated returns with major asset classes, stable cash flows because of government regula-
tion, and inflation protection (see Newell and Peng (2008); Finkenzeller, Dechant, and Schéfers (2010);
Bird, Liem, and Thorp (2012)). For these reasons, institutional investors increasingly seek infrastructure
investments as an alternative asset class promising sustainable returns at relatively low risk.

There is very little academic work on infrastructure investments and most of the studies that do exist use
only infrastructure indices and a limited period of investigation. Newell and Peng (2008) analyze U.S.
infrastructure indices with respect to risk-adjusted performance and portfolio diversification and show
that listed infrastructure improved portfolio performance during the period 2003 to 2006, but strongly
underperformed other asset classes during 2000 and 2003. Looking at Australian and U.S. infrastructure
indices, Finkenzeller, Dechant, and Schéfers (2010) and Dechant and Finkenzeller (2012) document the
asset allocation benefits of infrastructure both in a mean-variance and a mean-downside risk framework.
Bitsch, Buchner, and Kaserer (2010) compare the infrastructure deals of private equity funds with non-
infrastructure deals and find higher performance and lower default rates for infrastructure investments,
but no evidence of more stable cash flows. To date, Bird, Liem, and Thorp (2012) is the only study to
extent the traditional Fama/French three-factor for infrastructure investments. They show that infras-
tructure offers a partial inflation hedge, but they reject the hypothesis that infrastructure has defensive
characteristics in the sense that infrastructure firms perform well during economic downturns.

This paper contributes to the empirical literature on infrastructure by developing an asset class factor
model for infrastructure investments.! Based on the extant literature, we identify six factors in addition
to the market beta that are characteristic for infrastructure firms in terms of risk and return: cash flow
volatility, leverage, an investment growth factor, a term premium, a default premium, and a regulatory
premium. We use these factors to develop a seven-factor model and an augmented 10-factor model that

is built on Carhart (1997). We empirically test the new models on a large dataset of U.S. infrastructure

1Bird, Liem, and Thorp (2012) restrict their analysis to the inflation hedge and downside protection characteristics, thereby
controlling for conditional heteroscedasticity (using GARCH models) and the impact of regulatory power through simula-
tions of a covered call strategy. We expand their model by factors related to cash flow volatility, leverage effects, investment
growth, default risk, term premium, and the consideration of a very long time horizon. Furthermore, we look at individual
infrastructure returns; Bird, Liem, and Thorp (2012) consider indices.



companies. The empirical focus on U.S. firms is advantageous for three reasons. (1) Most of the existing
infrastructure papers consider markets outside the United States even though there is a great need for
infrastructure investment in the United States.? (2) A long time horizon can be investigated, which
allows us to consider different subperiods. (3) Analyzing individual shares of infrastructure firms instead
of indices allows us to sort portfolios by size and book-to-market ratio to control for stock anomalies and,
thus, enhances the validity of the infrastructure models.

This paper extends the findings of Bird, Liem, and Thorp (2012) by going beyond the aspects of inflation
and downside protection and creates a detailed asset class factor model for infrastructure stocks that
takes into account the relation between stock performance and cash flow volatility, large-scale up-front
investments, high financial leverage, interest rate sensitivity, and regulatory impact. Our paper con-
tributes to the emerging body of literature on the risk-return characteristics of infrastructure in several
ways. First, we help explain the return variation in infrastructure stocks to improve the measurement
of cost of capital and performance for such companies. We show that an infrastructure seven-factor
model based only on the infrastructure-specific characteristics is superior in explaining the cross-section
of infrastructure returns compared to the Fama/French three-factor or the Carhart four-factor models.
Second, we shed some light on the mixed results in the literature as to whether infrastructure generates
stable cash flows and tackle the heretofore unaddressed issue of infrastructure being sensitive to interest
rate changes. Finally, we show that financial leverage contains more information about the variation in
infrastructure returns than does the high minus low book-to-market factor (HML).

Finding the common risk factors among infrastructure companies is important in understanding the
pricing process of such firms. This is true for both investors and for public policymakers, who, in light
of increasing privatization in the United States, need to know the fair rates of return so as to prevent
monopolistic exploitation (Kessides (2004); Newbery (2002)). Our results allow better understanding of
the risk and return drivers of infrastructure investments. We show that investors value cash flow stability

with a premium and find that infrastructure firms are sensitive to interest rate changes with respect to

2 Although for several decades in the United States, capital has been allocated to alternative investments such as private
equity or hedge funds, investors there have only recently begun to pay attention to infrastructure as an investment oppor-
tunity. While other markets, such as the United Kingdom, Canada, and, especially, Australia, discovered infrastructure as
an alternative field of investment in the early 1990s, the United States “do[es] not have a strong history of infrastructure
privatization” (Newell and Peng (2008)). However, the current debt crisis in the United States implies a strict fiscal policy
that will continue to affect public spending for infrastructure projects, while continuous urban development and growth in
the country will demand intensive investment in infrastructure. Due to this increasing importance of infrastructure in the
United States from both a governmental and investor point of view, the empirical part of this study focuses on the U.S.
infrastructure sector.



the term and default premium. Furthermore, we show that only companies with low book-to-market
ratios tend to invest in their asset base, which is positively valued with a risk premium.

The following section reviews the infrastructure literature and derives an asset class factor model for in-
frastructure stocks. Section 3 discusses the data and how the factors are constructed. Section 4 presents

the empirical results, including robustness tests. Section 5 concludes.

2 Model Development and Hypotheses

Finkenzeller, Dechant, and Schéfers (2010) point out that infrastructure, despite having some character-
istics in common with real estate, cannot be classified as such due to the monopolistic, less transparent
structures, higher regulatory constraints, and higher investment necessary for the realization of infras-
tructure projects compared to real estate.

Thus, the goal of this paper is to derive an asset class factor model for infrastructure based on the specific
characteristics infrastructure companies are believed to have. More specifically, we want to determine
which characteristics (i.e., mimicking portfolios) offer the highest explanatory power for the return varia-
tion of infrastructure firms. One of the major challenges in constructing such a model is that — depending
on the definition — “infrastructure” covers a wide array of activity. For example, companies operating
pipelines might be affected by oil prices, but the returns of telecommunication businesses are not. Com-
mon to these companies are operational networks (Newbery (2002)) characterized by low risk, stable
cash flows, high debt-to-equity ratios, a monopolistic structure, downside protection, and large-scale in-
vestments. We replicate these common characteristics to explain the cross-section of the return profiles.
We also test whether the infrastructure sector is homogenous or heterogeneous by separately analyzing
different subsectors (utility and non-utility firms) and analyze downside and inflation protection in more
detail.

Table 1 summarizes the infrastructure characteristics analyzed in previous studies. Rothballer and
Kaserer (2012) observe low market beta values and conclude that infrastructure is less risky than the
overall market. Results about inflation are ambiguous, but it seems that no general inflation hedge is
provided by infrastructure investments. Cash flow volatility is analyzed by Bitsch (2012), who finds
more stable cash flow for unlisted infrastructure deals but cannot confirm a premium for such stability.

Uncorrelated returns with traditional asset classes are confirmed for Australia by Finkenzeller, Dechant,



and Schéfers (2010), a result that goes hand in hand with the low beta characteristic. Bird, Liem, and
Thorp (2012) cannot confirm any downside protection from infrastructure investments. The interest rate
sensitivity of infrastructure assets that might arise from the long-term horizon of future cash flows has

not yet been analyzed.

Table 1: Characteristics of infrastructure investments and results from existing literature

Characteristic

Measured by

Result in existing literature

Low risk

Inflation hedge

Stable cash flows

Uncorrelated returns

Downside protection

RM-Rf

Consumer Price Index (CPI), Trea-
sury Inflation Protected Securities
(TIPS)

Volatility of cash flows

Comparison with returns of stocks,
bonds, real estate

Market timing (i.e., squared market
factor)

Rothballer and Kaserer (2012):
market risk is lower compared to
other equities.

Rodel and Rothballer (2012): hedge
appears to be more wishful thinking
than empirical fact; Bird, Liem, and
Thorp (2012): support for utility
sector to hedge against inflation but
not infrastucture as a whole.

Bitsch (2012): infrastructure pro-
vides more stable cash flows than
non-infrastructure investments, but
investors’ value cash flow volatility
at a premium.

Finkenzeller, Dechant, and Schéfers
(2010): low correlations with tradi-
tional asset classes in Australia.

Bird, Liem, and Thorp (2012): no
downside protection of infrastruc-

ture investments. Dechant and
Finkenzeller (2012): direct infras-
tructure investments reduce down-
side risk in portfolios.

The literature proposes two approaches for the construction of asset class factor models. The first
is to consider macroeconomic factors; the second is to construct return portfolios based on firm-specific
characteristics that reflect underlying risks (Campbell, Lo, and MacKinlay (1997)). Including both firm-
specific and macroeconomic factors in the form of excess returns as in Fama and French (1993), we
create dynamic portfolios that capture the infrastructure-specific relation between risk and return. Using
mimicking portfolios measured as excess returns allow us to reveal pricing errors through a significant
intercept in the time-series regression model, i.e., the alpha not being equal to zero for all test assets
(Gibbons, Ross, and Shanken (1989)).

We consider a combination of common equity factors (i.e., Fama/French factors and momentum) and
additional risk factors to explain the return variation of infrastructure stocks. We therefore augment the

Carhart four-factor model with a cash flow volatility factor, an investment factor (Chen, Novy-Marx,



and Zhang (2011)), and a leverage factor, as well as with a term, default, and regulatory risk premium.
For comparison, we also present the capital asset pricing model (CAPM), the Fama/French three-factor
model, and the Carhart four-factor model. The CAPM (Sharpe (1964); Lintner (1965); Mossin (1966))

uses the market excess return (Rys¢ — Ry,¢) to explain stock returns:

Riy—Rfi=o0;+ i m(Rye — Rye) +€ig (1)

However, the CAPM cannot explain anomalies such as the size effect or the performance differences
between value and growth stocks. Fama and French (1992, 1993) developed a model to account for these

empirical facts:

Riy—Ryy=a; + Bim(Rvy — Rype) + BisuBSMBy + Bi v HM Ly + €5 4. (2)

The Fama/French three-factor model adds a zero investment portfolio to the pricing equation that
goes long in stocks with small market capitalization and short in stocks with large market capitalization
(SMB). The other factor is constructed as a zero investment portfolio going long in value stocks and short
in growth stocks (HML). Though this model is able to explain much of the variation in returns, it does
not capture the entire cross-sectional variation of stock returns (Fama and French (1993)).

Carhart (1997) extended this model by a momentum factor based on previous findings by Jegadeesh and

Titman (1993) that past year winners outperform past year losers:

Rit — R+ =a; + Bim(Rye — Ryt) + BisSMBy + B it HM Ly + Bi vione MOMy; + €. (3)

Given that our analysis deals with a specific industry, we would expect that these models can capture
some of the return variation of infrastructure firms. However, the additional characteristics relevant
for the pricing of infrastructure stocks will require an augmented CAPM, Fama/French three-factor, or
Carhart four-factor model as, e.g., suggested by Mohanty and Nandha (2011) for U.S. oil and gas stocks
or by Sadorsky (2001) for Canadian oil and gas stocks.

Bird, Liem, and Thorp (2012) are the first to develop an augmented factor model for infrastructure
investments. In fact, they propose two separate models. The first model augments the Fama/French

three-factor model with the yield of Treasury Inflation Protected Securities (TIPS) minus the risk-free



rate. The second model includes a market timing factor that accounts for the defensive characteristics
of infrastructure investments. Motivated by Treynor and Mazuy (1966), Bird, Liem, and Thorp (2012)
replicate market timing by the squared market excess return, assuming that the defensive investment
characteristic of infrastructure is able reduce the decline in infrastructure asset prices during economic
downturns. Both models are corrected for conditional heteroscedasticity and non-linearities in the error
term using the GARCH approach. Furthermore, they implement a covered call strategy to identify a
regulatory risk premium for both the U.S. and Australian stock markets. The model is empirically tested
for sub-indices of the UBS Global Infrastructure and Utilities Index starting between 1990 and 1998 and
ending in December 2011.

Extending the Fama/French three-factor or the Carhart four-factor model by additional factors when
it comes to specific categories of equities is often proposed in the literature. Aside from Bird, Liem,
and Thorp (2012) with respect to infrastructure indices, Viale, Kolari, and Fraser (2009) extend the
Fama/French three-factor model to analyze bank stocks and find that market excess returns and shocks
to the slope of the yield curve are sufficient to explain the cross-section of bank returns. Mohandy
and Nandha (2011) augment the Carhart four-factor model by two additional factors when examining
the cross-section of U.S. oil and gas stocks. The two factors are changes in oil prices and changes in
the interest rate. Since energy companies with physical infrastructure and distributional capability are
included in our analysis, both factors could be important for our analysis, too. Mohandy and Nandha
(2011) find that the oil price has substantial influence on the oil and gas industry, whereas interest rates
have no significant effect on the stocks of such companies. Moreover, their results show that companies
classified as being in the pipeline subsector are neither sensitive to changes in oil price nor to changes
in interest rates.®> Following that intuition, we first augment the Carhart four-factor model with the
previously mentioned six factors, which should capture the special characteristics of infrastructure stock
returns and, hence, explain the return variation of infrastructure investments in more detail. Formally,

this infrastructure 10-factor model is described as:

Riy — Ry = a; + i (R — Rye) + Bi,saBSM By + B v, HM L+
Bi,momMOM; + B crvoraACFVOLAy + B rev LEV, + Bi invINV + (4)

BirerMTERM, + B; perDEF; + B; REcREG: + € 4,

3Companies that operate pipelines are also part of our dataset. In additional tests we also include changes in oil price in
our model, but find no significant results with respect to such a factor. These tests are available upon request.



where the dependent variable is the excess return of infrastructure firms over the U.S. 1-month Treasury
bill rate.

Furthermore, we specify an infrastructure seven-factor model that is solely based on the infrastructure-
specific characteristics and the market beta, arguing that these factors alone are superior in explaining
infrastructure returns compared to the Fama/French three-factor or Carhart four-factor models. The

infrastructure seven-factor model is formally defined as:

Riy — R+ = a; + Bim(Rye — Ryt) + BicrvoraCFVOLA+
Bi,LevLEV, + Bi INnvINV, + Bi rErmM T ERM,; + B per DEF;+ (5)

Bi.rREGREG: + € +.

In the following we discuss the rationale for including each factor in the seven- and 10-factor model,
respectively. Table 2 provides an overview of the relationships we expect between the excess returns of

infrastructure investments and all explanatory variables.

4Next to the full portfolio with all assets, our test assets comprise nine portfolios sorted by size and book-to-market ratio
to analyze the sensitivities of our factors in time-series regressions and individual stocks to investigate whether our factors
have significant price of risk in the cross-section of stock returns using the Fama-MacBeth (1973) approach. However,
note that all factors in our analysis are excess returns and hence the estimate of the factor risk premium corresponds to
the sample mean of the factor (Cochrane (2005, p.244)) which does not further require cross-sectional regressions. Using
individual stocks in the cross-section is advantageous for two reasons. First, it allows us to create a cross-section that
is large enough to be tested (as opposed to a cross-section of portfolios) in order to verify the results from time-series
regressions. Second, Ang, Liu, and Schwarz (2010) show that testing individual assets in the cross-section compared to
portfolios is superior because the cross-sectional distribution of factor loadings is the most important determinant of the
variance of factor risk premia which is most dispersed in the case of individual stocks.



Table 2: Hypotheses

Variable Hypothesis Rationale
RM-Rf Positive relation between the mar- Infrastructure should co-move with
ket and infrastructure returns, but the market but be less sensitive
smaller than 1. to the overall market given the
constant demand for infrastructure
services (Rothballer and Kaserer
(2012)).
SMB Negative relation between size effect Infrastructure can be considered
and infrastructure returns. as a large-cap industry on average;
thus, a negative relation between
SMB and infrastructure returns
should be observed (Fama and
French (1997)).
HML Positive relation between value Since infrastructure firms do not

Momentum (MOM)

Cash flow volatility (CFVOLA)

Leverage (LEV)

Investment growth (INV)

Term premium (TERM)

Default premium (DEF)

Regulatory premium (REG)

effect and infrastructure returns.

Positive relation between past re-
turns and infrastructure returns.

Negative relation between cash flow
volatility and infrastructure returns.

Positive relation between leverage
and infrastructure returns.

Positive relation between invest-
ment growth and infrastructure
returns.

Positive relation between term
structure and infrastructure returns.

Positive relation between default
premium and infrastructure returns.

Positive/negative relation between
regulatory risk and infrastructure
returns.

offer many growth options, they can
be considered as value stocks; thus,
a positive relation between HML
and returns should be observed.
Bird, Liem, and Thorp (2012) refer
to the “large asset base” resulting
in a positive coefficient on HML.

Constant (and sustainable) demand
for infrastructure services should
continuously generate positive re-
turns.

Long-term concessions and inelastic
demand for infrastructure services
(e.g., electricity) should be valued
at a premium by investors.

High leverage allows initiating
larger infrastructure projects, which
promise higher returns, but also
more risk, which needs to be com-
pensated.

Infrastructure firms that invest in
large-scale projects and renew their
physical assets are able to generate
excess returns in the long run.

Term premium catches unexpected
changes in interest rates. Infra-
structure’s long-term assets (in-
vestments) might be sensitive to
interest rate changes.

With increasing default probability,
firms need to pay a risk premium,
especially infrastructure firms with
extensive use of debt.

On the one hand, infrastructure
firms are regulated entities that

are bound to predetermined rates
of return. Investors expect a com-
pensation for this restriction. On
the other hand, government can
act as a “lender of last resort”

and help infrastructure firms in
distressed times (Bird, Liem, and
Thorp (2012)). Hence, co-movement
depends on whether capped returns
or assistance in distressed times
dominate.




2.1 Cash Flow Volatility

Including cash flow volatility in our model is based on the assumption that infrastructure firms have
stable cash flows because of “long-term sales contracts,” low competition due to high entry barriers, and
low research and development risk (Sawant (2010); Rothballer and Kaserer (2012)). Following the idea of
the CAPM one might expect a positive link between cash flow volatility and returns. Huang (2009) has,
however, documented that cash flow volatility is negatively correlated with future stock returns, thereby
contradicting the traditional notion that volatility connotes risk.> We analyze ex post returns based on
the past historical cash flow volatility and thus also expect to find a negative link.

The existing empirical literature on infrastructure shows mixed results. Bitsch, Buchner, and Kaserer
(2010) analyze unlisted infrastructure deals worldwide and the difference in cash outflow volatility between
infrastructure and non-infrastructure deals. Their results show that there is no difference in volatility be-
tween the two categories. In contrast, Bitsch (2012) finds a difference in cash flow volatility between listed
infrastructure and listed non-infrastructure funds. Infrastructure funds have lower cash flow volatility
than non-infrastructure funds, and yet investors do not value this stability because cash flow volatility is

positively correlated with the fund’s value.

2.2 Leverage

According to the Modigliani-Miller theorem, capital structure should not influence expected returns.
The infrastructure sector, however, is driven by high capital requirements to realize large-scale projects,
resulting in very high leverage ratios. Bhandari (1988) shows that stock returns are positively correlated
with leverage after controlling for market beta, size, and other factors. Under the assumption that leverage
does not have the same meaning for different sectors, deviations within a specific sector could have an
effect on stocks returns. As Bradley, Jarrell, and Han Kim (1984) show, utility, telecommunication, and
transportation companies have by far the highest debt ratios. Rothballer and Kaserer (2012) show that
higher financial leverage also has a positive impact on return volatility of infrastructure stocks, meaning

that higher leverage increases the risk profile of stocks.®

5These findings underline the results by Ang et al. (2006) for return volatility. Different explanations such as limits to
arbirtrage or overconfidence are discussed by Huang (2009), but a credible theoretical explanation for the phenomenon has
not yet been developed.

6Leverage is taken into consideration by using unlevered betas to examine the market risk of infrastructure stocks. For
both the unlevered beta and all other market risk factors (i.e., Dimson beta, world beta, local beta, etc.), the authors find
significantly lower factor loadings compared to non-infrastructure firms in the MSCI World Index.
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Fama and French (1992) argue that their HML factor accounts for differences in leverage, i.e., HML can
be interpreted as an “involuntary leverage effect” that is able to capture the difference between market
leverage and book leverage. However, the HML factor does not fully capture the impact of debt because
it does not take into consideration the ratio between equity and the more relevant debt value but only the
ratio between market and book equity. Higher leverage represents higher risk because there is a larger
uncertainty for shareholders about whether payments will be made “due to the seniority of debt claims”
(Rothballer and Kaserer (2012)). Hence, we believe that different levels of debt-to-equity ratios lead to
substantial differences in the ability to generate cash flows. Leverage should thus be more relevant in
explaining the variation of infrastructure returns than the book-to-market ratio, especially given the high
significance of debt in infrastructure firms. We expect this relation to be positive because the borrowing

of outside capital increases the return on equity.

2.3 Investment Factor

There are two key assumptions behind our decision to include an investment factor in the pricing model.
First, according to the investment-based asset pricing theory, investments “predict returns because high
costs of capital imply low net present values of new capital and [hence] low investment. Low costs of
capital, on the other hand, imply high net present values of new capital and thus high investment”
(Ammann, Odoni, and Oesch (2012)). This investment factor was first presented by Chen, Novy-Marx,
and Zhang (2011) and seems to have superior explanatory power in combination with the market portfolio
and a return-on-equity factor than the three-factor model proposed by Fama and French (1993). Second,
infrastructure assets are not only characterized by high investment payments, especially at the beginning
of their lifecycle; additionally, the very long time horizon of such infrastructure assets implies a high
sensitivity toward investment payments. Also, renewing physical infrastructure is profitable only in the
long run (Baur et al. (2006)). Thus, investments by infrastructure companies might be an important

indicator of profit generation and, thereby, be a good predictor for the variation in equity returns.

2.4 Term Structure and Default Premium

We include both a term premium (TERM) and a default premium (DEF), where the term premium
indicates changes in the slope of the yield curve and the default premium indicates changes between

corporate and government bonds (i.e., the credit risk). The term premium can be interpreted as an

11



indicator for unexpected changes in the return of long-term government bonds; the default premium can
be interpreted as shifts in the probability of default. Motivated by the high amount of debt, changes
in the yield curve might affect the returns of infrastructure companies that are more leveraged than
other companies. Also, the term premium compensates investors for “exposure to discount-rate shocks
that affect all long-term securities” (Fama and French (1989)), which seems very relevant for long-term
infrastructure assets. Sweeney and Warga (1986) regress the stock returns of 21 industry portfolios
against the market and a series of simple changes in long-term interest rates. They find that it is only
the stocks of electric utilities and the banking, finance, and real estate industry that are consistently
sensitive to interest rates over the period 1960 to 1979. O’Neal (1998) confirms these results for electric
utility firms.

According to Ang, Bekaert, and Wei (2008), an “inflation risk premium that increases with maturity fully
accounts for the generally upward sloping nominal term structure.” Hence, changes in the term structure
might also be the result of shocks in the inflation risk premium. Term structure might then be a good
approximation for the hedging abilities of infrastructure toward an inflation effect or at least be highly
correlated with inflation. The inflation aspect of infrastructure is examined by Rodel and Rothballer
(2012), who, based on a set of global infrastructure stocks, find that infrastructure is not able to hedge
against inflation. In contrast, Bird, Liem, and Thorp (2012) find some evidence that the utility industry
is able to hedge inflation, while the telecommunication industry (represented by the UBS Infrastructure
Index) cannot.

Furthermore, the default premium might shed some light on the return profile of infrastructure firms
during distressed times. We expect that there is a positive link between the default premium and stock
returns, since increasing default probability increases the risk for investors. This might be especially
pronounced for infrastructure firms, which typically use a lot of debt and, hence, are more affected by

credit risk.

2.5 Regulatory Premium

The regulatory risk premium has two facets that are in opposition to each other. On the one hand, as
Bird, Liem, and Thorp (2012) point out, infrastructure is somewhat protected by the government because
it is vital to communities and the economy. It could thus be argued that “investors hold a put option to

sell assets back to the government if the asset price declines” (Bird, Liem, and Thorp (2012)). On the

12



other hand, large infrastructure companies are typically capped by governmental regulation with respect
to the rate of return or prices so as to prevent excessive exploitation of monopolistic power.” Depending
on which effect dominates in the long run, investors might be compensated for the respective effect or

both effects could cancel each other out.

3 Data and Summary Statistics

3.1 Data Selection

Two of the major issues researchers face when analyzing infrastructure investments are the sparse data
availability and the question of which infrastructure investment vehicle to analyze. We choose to analyze
listed infrastructure because it has the most reliable dataset, which is crucial for our factor construction.
Also, the long timeframe allows us to show the risk and return profile of infrastructure investments in
the long run. Further, unlike equity infrastructure indices, we neither determine a specific liquidity level
nor a certain market capitalization for our dataset. This means we are able to analyze the entire scope
of infrastructure stocks without limitations.

Our definition of infrastructure follows that of Rothballer and Kaserer (2012) and thus comprises the
utility, communication, and transportation industries.® Also in line with Rothballer and Kaserer (2012),
we consider only companies that act as network operators and have either their own physical infrastruc-
ture or a concession to use physical infrastructure. Thus, contractors (e.g., construction firms) and other
service providers (e.g., maintenance services) who depend on operators are excluded from this definition.
Our dataset includes all U.S. infrastructure stocks with SIC and GIC codes related to utilities, telecom-
munication, and transportation available on the CRSP and in the COMPUSTAT database.’ Our analysis
starts in January 1980 and ends in December 2011, yielding 384 monthly observations. The restrictive
element in our dataset is the availability of large-scale quarterly data in COMPUSTAT, which we need
for calculating a rolling standard deviation for the cash flow volatility factor.

To identify companies that own or operate physical infrastructure assets we apply a textual analysis of

"For example, the rate-of-return regulation prevails in the U.S. for electricity, gas, and water utilities (Beecher and Kalmbach
(2013)).

8 Although infrastructure can also comprise social infrastructure (e.g., schools, hospitals, and prisons), we do not include
these types of “companies” in our dataset due to scarce data availability and the predominantly nonprofit focus of social
infrastructure.

90ur selection of SIC and GIC codes is based on Rothballer and Kaserer (2012).

13



business descriptions from various sources (Thomson Worldscope (WC06092), SEC filings (10-K, 10-Q,
S-1 filings), Bloomberg company overviews, and corporate websites). The actual company names are
deleted in the textual analysis to avoid a precipitant assignment of companies that contain words such as
“Energy” or “Utilities” in their trade name and which could occur in the same sentence as further textual
conditions. As a result, this method is able to differentiate between companies (theoretically) generating
stable cash flows through their physical assets and companies that are contractors or service providers.
Furthermore, we include only those firms with ordinary common equity listed on the NYSE, AMEX,
or NASDAQ. Hence, ADRs, REITSs, and units of beneficial interest are excluded. We also exclude all
stocks that do not have at least 24 months of consecutive return data and we do not consider firms with
negative book values. All accounting data are retrieved from COMPUSTAT. The book common equity
is calculated as the book value of stockholders’ equity plus deferred taxes and investment tax credits

subtracted from the book value of preferred stocks.

3.2 Construction of Explanatory Variables

We construct a mimicking portfolio for cash flow volatility based on quarterly observations over a rolling
three-year period. To be included in the calculation, a company must have at least eight non-missing
values within that estimation window (Huang (2009)). We calculate the rolling standard deviation on
standardized cash flow volatility and define cash flow as income before extraordinary items (COMPU-
STAT item ibq) plus depreciation and amortization (item dpq) plus the quarterly change in working
capital (item wcapq([t] - weapq[t-8 months]).!0

Using quarterly, as compared to annual, data enables us to increase the number of observations and im-
proves the calculation of the standard deviation. To analyze ex post returns based on the past historical
cash flow volatility and to make sure that accounting information from quarterly reports is known prior
to stock market development, we match three-month lagged accounting data (i.e., the previous fiscal
quarter) with stock returns. Hence, we assume that it takes about three months until quarterly account-

ing data are available to the public. This method is identical to that employed by Huang (2009). Having

calculated the standard deviation of cash flows from ¢ to t-36 months divided by sales in ¢ we then rank

10Both deferred taxes and preferred taxes are largely missing in the quarterly dataset, which is why we do not include these
items in the determination of cash flows (see Huang (2009)).
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each company according to the ratio of cash flow volatility and sales (CF/sales).!’ We create breakpoints
for the bottom 30% (low CF/sales), middle 40% (medium CF /sales), and top 30% (high CF /sales) based
on infrastructure firms listed on the NYSE, following Fama and French’s (1993) approach to defining
breakpoints.!? In each month we assign all stocks to those three CF /sales groups based on the ranked
values of CF/sales. Furthermore, we create six portfolios in each month based on the intersection be-
tween low CF /sales, middle CF /sales, and high CF/sales, as well as small and big market capitalization.!?
For each portfolio value-weighted returns are calculated. The mimicking portfolio is then the difference
between the average return of the two high CF/sales portfolios and the average return of the two low
CF/sales portfolios. Hence, our cash flow volatility factor indicates whether there is a premium being
paid to investors if cash flows do not vary extensively over time.

The investment factor (INV) is calculated as the difference between a return portfolio of low investment
growth and high investment growth. This investment factor is identical to the factor proposed by Chen,

Novy-Marx, and Zhang (2011). Furthermore, we construct a high minus low debt-to-equity ratio factor

defined as DER, — P20kl o otal ssctse_s—_bool value of common 90y (o Bhandari (1988)). In June
of year ¢t we sort all stocks according to their DER based on NYSE breakpoints. Stocks with low debt-to-
equity ratios are in the bottom 30% and stocks with high debt-to-equity ratios in the top 30%. We also
include two portfolios for small and large stocks. From the intersection of the DER and size portfolios
we calculate value-weighted returns from July in year ¢ to June of year t+1. We rebalance each portfolio
in June of year t+1. The difference between the average return of the two high DER portfolios and the
average return of the two low DER portfolios establishes our leverage factor LEV.

The definitions of the TERM and DEF factors are identical to those in Fama and French (1993). TERM
is constructed as the monthly difference between long-term bond returns of the U.S. government and the
one-month T-bill rate (retrieved from CRSP). The DEF factor is calculated as the spread between the
return on a long-term corporate bond index (i.e., Barclays U.S. Aggregate Long-Term Corporate Bond

Index BAA) and the return on the long-term government bond index. The regulatory risk premium REG

is constructed as the return spread between a utility bond index and an overall industrial bond index.!4

Since we construct portfolios based on the ranking of cash flow volatility, we do not consider it necessary to winsorize
cash flows.

2Fama and French (1993) argue that the market value of NASDAQ and AMEX stocks is in general much smaller, which
is why NYSE breakpoints guarantee a certain amount of market capitalization in each portfolio.

13We control for size in construction of the cash flow volatility factor because Minton and Schrand (1999) show that small
firms tend to be more cash flow volatile.

MThe utility bond index refers to the Citigoup Utility Index (Total Return) and the industrial bond index refers to the
Citigroup Industrial Index (Total Return).
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The comparable average maturity and default risk of both indices guarantee that the spread does not
capture a term or default risk premium. The return difference between a utility bond and an industrial
bond ought to capture the remaining regulatory impact on utility firms.!®

Finally, we include RM-Rf, SMB, HML, and MOM (in line with Fama and French (1993) and Carhart
(1997)). Data for these factors can be downloaded from Kenneth French’s website (http://mba.tuck.

dartmouth.edu/pages/faculty/ken.french/data_library.html). The remaining data are taken from

CRSP, COMPUSTAT, and Thomson Reuters Datastream.

3.3 Summary Statistics

Panel A of Table 3 presents summary statistics for a value-weighted infrastructure index (VWI Index)
in excess of the risk-free rate based on the entire sample and summary statistics for nine excess return
portfolios sorted by size and book-to-market ratio. Panel B presents summary statistics for the 10 factors
we use as explanatory variables. Our total dataset includes 396 companies over the entire sample period.
Comparing the VWI index with the market return (Ras— Ry ), reveals that infrastructure stocks on average
offer a slightly lower return with a lower standard deviation. The portfolio returns of infrastructure stocks
on average decrease with increasing market equity, while portfolio returns climb with increasing book-
to-market equity, except for the intersection of the largest book-to-market and size portfolio. This is
in line with previous findings showing higher returns for small and value stocks (see, e.g., Fama and
French (1993); Bauman, Conover, and Miller (1998)). It is, however, also a first indication that large
infrastructure firms do not necessarily exploit their monopolistic structure because large infrastructure

firms do not outperform smaller ones.

15We acknowledge that the use of a utility bond index is only an approximation for infrastructure bonds in general. However,
the lack of such data and the large percentage of utility companies in commercial infrastructure indices might justify such
an approach. Using an option-like factor to account for the regulatory risk is also conceivable, but historic prices do not
suffice to construct such a factor. See Bird, Liem and Thorp (2012) for a more thorough discussion of the impact of
regulatory power.
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Table 3: Summary statistics

PANEL A Dependent variables

Infrastructure index Portfolio excess returns with 3 small and 3 BE/ME groups (first figure denotes: small
(1) to large (3) portfolios and second figure denotes: low BE/ME (1) to high BE/ME
(3) portfolios)

Variable VWI index pP1/1 P2/1 P3/1 P 1/2 pP2/2 P3/2 P1/3 P2/3 P3/3
Mean 0.50 0.57 0.55 0.43 0.81 0.67 0.62 0.88 0.84 0.62

Std. dev. 3.93 5.03 4.74 5.29 3.52 4.08 4.31 4.50 4.24 4.60

Min -13.63 -25.49  -21.43 -18.12 -13.80 -14.22  -13.38  -20.02  -20.80 -26.50
Max 12.24 25.30 15.81 16.95 10.67 14.24 15.13 18.81 11.22 13.68
# of stocks

(monthly average) 161.6 30.7 15.2 10.8 27.5 19.3 13.4 21.3 13.0 10.4

PANEL B Independent variables

Variable RM-Rf SMB HML MOM CFVOLA LEV INV TERM  DEF REG
Mean 0.55 0.15 0.32 0.65 0.11 0.36 0.16 0.42 0.02 0.02

Std. dev. 4.64 3.14 3.13 4.72 2.41 3.11 2.25 3.75 2.14 0.70

Min -23.14 -16.62 -12.87 -34.75 -9.78 -14.56  -6.73 -14.74  -11.12 -4.97
Max 12.43 22.06 13.88 18.40 9.61 12.08 8.61 17.33 10.17 2.92

T (months) 384 384 384 384 384 384 384 384 384 384

This table summarizes the dependent and independent variables for time series and cross-sectional regressions. Monthly excess
returns and zero investment portfolios (mean) are reported in percentage points. The time period spans January 1980 to
December 2011.

Table 4 presents a correlation matrix of all dependent and independent factors. The correlation
between HML and LEV is significant and positive (0.47), which is a meaningful finding since both ratios
include the book value of equity in the nominator and the market value of equity in the denominator.
However, the value of 0.47 also shows that there are substantial differences between the two factors so
that HML will not absorb the explanatory power of LEV (multicollinearity is rejected). Moreover, we
find a significant negative correlation (-0.53) between TERM and DEF that seems slightly higher than in
previous studies. Peterson and Hsieh (1997), for example, find a correlation of -0.43 for the period 1976
—1992. None of the correlations are extensive enough to cause multicollinearity issues. The correlation
between the market return and dependent VWI Index seem to co-move extensively with a correlation of

0.82.
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4 Empirical Results

4.1 Main Results from Time Series Regressions

Table 5 shows regression results for different factor models with the VWI Index as the dependent vari-
able.16 The market beta is significant in all models and between 0.69 (CAPM) and 0.76 (Carhart

four-factor model), suggesting a defensive reaction by infrastructure stocks to overall market movements.

Table 5: Time series regressions using value-weighted infrastructure index as dependent variable

1) (2) (3) (4) (5)
Variables CAPM FF 3-factor model Carhart 4-factor model Infrastructure Infrastructure
7-factor model 10-factor model
By 0.693%** 0.747%** 0.757*%* 0.703%** 0.725%**
(0.0288) (0.0314) (0.0316) (0.0275) (0.0274)
BsmB -0.172%%* -0.175%** -0.146%**
(0.0429) (0.0413) (0.0452)
BHML 0.117%* 0.134%** 0.0495
(0.0501) (0.0470) (0.0467)
Bymom 0.0477 0.0517*
(0.0298) (0.0305)
Bcrvora -0.203*** -0.138%**
(0.0476) (0.0496)
BLeV 0.197%** 0.168%%*
(0.0468) (0.0525)
BINv -0.0440 -0.0615
(0.0572) (0.0566)
BrerM 0.170%** 0.173%%*
(0.0464) (0.0446)
BpEF 0.218%** 0.267%%*
(0.0698) (0.0737)
BrEG 0.411%* 0.328*
(0.166) (0.170)
« 0.119 0.0767 0.0355 -0.0315 -0.0486
(0.116) (0.112) (0.114) (0.106) (0.105)
Monthly obs. 384 384 384 384 384
Adj. R? 66.9% 69.9% 70.1% 73.7% 75.0%

This table reports factor loadings from time series regressions for the CAPM (Column 1), the Fama/French three-factor (Column
2), the Carhart four-factor model (Column 3), the infrastructure seven-factor model (Column 4), and the infrastructure 10-factor
model as an augmented version of the Carhart four-factor model (Column 5). The sample period is January 1980 to December
2011 (384 monthly observations). The adjusted R? values from each time series are reported at the end of the table. Standard
errors are reported in parentheses and are computed using the Newey-West (1987) correction for heteroscedasticity and serial
correlation. *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

In contrast to Bird, Liem, and Thorp (2012), who find no significant effect in the SMB factor, our
negative and significant loading on the SMB factor indicates that the infrastructure sector behaves like a

large company sector, which is in line with Fama and French’s (1997) findings that the SMB factor loads

16We also performed all test with equally weighted portfolios as dependent variables and obtained very similar results. As
expected, the SMB factor takes on positive factor loadings in that case due to each stock being equally weighted instead
of value weighted. The detailed tests are available from the authors upon request.
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negatively the higher the average industry size.!” The HML factor is significant for the Fama/French
three- and Carhart four-factor models, but is not significant in the infrastructure 10-factor model because
of the inclusion of the leverage factor, which actually absorbs the explanatory power of the HML factor
for infrastructure firms. It thus seems that LEV is better able to capture the variation in infrastructure
returns than is HML. The leverage effect is significantly positive in all model specifications, meaning that
investors receive a positive risk premium for infrastructure firms with high debt-to-equity ratios. A 1%
increase in the spread of high and low leverage firms would result in a 0.168% to 0.197% monthly increase
in the expected return of infrastructure firms.

Regarding the momentum factor, we find a weakly significant and positive relation for infrastructure
returns in the infrastructure 10-factor model, suggesting that past winners continue to outperform past
losers. The investment factor (INV) performs rather poorly in explaining the return variation of infras-
tructure stocks. Given the results by Chen, Novy-Marx, and Zhang (2011), and the large-scale upfront
investments that infrastructure firms have to make, we would have expected a significantly positive rela-
tion between INV and expected returns. However, the results are not significant.

The coefficients of the two bond factors TERM and DEF are positive and significant in both the in-
frastructure seven-factor model and the infrastructure 10-factor model. The average term premium is
economically relevant and indicates an average risk premium of 0.1% per month (slope of the TERM
factor times mean TERM premium). The average premium of default risk is positive but close to zero.
The results on the term and default factor imply that infrastructure stocks are interest rate sensitive and
have characteristics similar to those of bond investments to some extent.

The regulatory risk premium (REG) is positive and significant, suggesting that infrastructure firms are
more affected by capped returns than by governmental support in times of financial distress.

CFVOLA is overall negative and significant at 1% level, which indicates that investors value the cash flow
stability of infrastructure firms. Though this result is in line with findings about the negative relation
of returns and volatility in stocks (see Rountree, Weston, and Allayannis (2008); Huang (2009)), our
result shows that the economic magnitude is small, with a monthly cash flow stability premium of 0.02%.
Nevertheless, the large standard deviation of 2.4% per month (see Table 3) helps explain the variation in
stock returns despite the low average premium.

According to the adjusted R-square, the infrastructure seven-factor model performs better than the

7Robustness tests in Appendix A and B show results using a different data sample (i.e. commercial infrastructure indices).
Amongst other results these tests also confirm the overall significant and negative loading on the SMB factor.
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Carhart four-factor model.'® The infrastructure 10-factor model adds slightly more explanatory power
(1.3%) to the infrastructure seven-factor model. The results on the infrastructure seven-factor model are
interesting because, despite the focus on infrastructure firms, the underlying investment vehicle is still
equity. The fact that our seven-factor infrastructure model explains a specific category of stocks better
than the Fama/French three-factor model corroborates the finding from other studies that industries
or sectors contain additional information about stock returns that is not captured by the Fama/French
factors (see, e.g., Chou, Ho, and Ko (2012); Fama and French (1997)). A combination of the Carhart
factors and the sector-specific factors results in the highest explanatory power, but also in a very large
model. For this reason, some might favor the reduced seven-factor model to avoid a potential overfit.

Having tested the model with respect to the value-weighted sum of excess returns (i.e., the VWI Index)
as the dependent variable we now turn to a more detailed analysis using nine portfolios sorted by size
and book-to-market ratio in order to better understand the role of size and book-to-market ratio in an
infrastructure context and to account for the possibility that some characteristic portfolios are more dif-
ficult to price, such as the small growth portfolio (Vassalou (2003)). Similar to the regressions shown in
Table 5, the market betas in Table 6 are smaller than 1 in all nine portfolios, confirming the results of

Rothballer and Kaserer (2012) that infrastructure poses low market risk.

18 The F-statistic for specification errors (Ramsey RESET test) in our seven- and 10-factor infrastructure models indicates
that the functional form of our models is correctly specified. The null hypothesis of the RESET test is that the model
has no omitted variables. We do not reject the null, with a p-value of 0.38 for the infrastructure seven-factor model and
a p-value of 0.23 for the infrastructure 10-factor model compared to a p-value of 0.15 for the Carhart four-factor model.
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Table 6: Standard CAPM factor loadings from time series regressions: R;:— Ry = i + Bs, m (Rt —

Ryt) + €
Variables Low 2 High
B Small 0.761%** 0.44 7% 0.593%**
(0.0649) (0.0377) (0.0472)
2 0.753%%* 0.464%** 0.533%**
(0.0439) (0.0503) (0.0511)
Big 0.865%** 0.425%** 0.511%**
(0.0488) (0.0581) (0.0739)
o Small 0.154 0.561%** 0.548%**
(0.163) (0.146) (0.203)
2 0.136 0.416%* 0.547%**
(0.164) (0.193) (0.185)
Big -0.0444 0.385%* 0.338
(0.183) (0.199) (0.231)
Adj. R? Small 49.2% 34.6% 37.3%
2 54.3% 27.8% 33.9%
Big 57.6% 20.8% 26.4%

GRS test statistic
= 2.22
p(GRS) = 0.020

This table reports factor loadings on the market factor (RM-RF) for nine portfolios sorted by size (ME) and book-to-market
equity (BE/ME). The intercepts of each portfolio are reported in the middle of the table. The sample period is January 1980
to December 2011 (384 monthly observations). The GRS test statistics and the adjusted R? values from each time series are
reported at the end of the table. Standard errors are reported in parentheses and are computed using the Newey-West (1987)
correction for heteroscedasticity and serial correlation. *, ** and *** denote statistical significance at the 10%, 5%, and 1%
levels, respectively.

The low R-square also suggests high idiosyncratic risk, which can now be itemized by our identified
risk factors. The least well explained variation of returns occurs at the intersection of large stocks
and medium/high book-to-market stocks, where only 20.8% and 26.4%, respectively, of the variation in
infrastructure stocks is explained. The GRS test statistic also rejects the null that the intercepts of the
portfolios are jointly zero, which indicates that additional factors are necessary to price infrastructure
firms.

For the Fama/French model (see Table 7) we see a strong increase in the explanatory power across all nine
portfolios, especially for the large, medium book-to-market portfolio where the R-square almost doubles

(from 20.8% to 39.7%).
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Table 7: Fama/French factor loadings from time series regressions: R;: — Ry = o; + Bi,m(Rume —

Ryt) + Bi,smBSMBy + B um HM Ly + €5+

Variables Low 2 High Low 2 High
B Small 0.796%** 0.520%** 0.684%** BsmB 0.359%** 0.110** 0.272%%*
(0.0499) (0.0351) (0.0393) (0.0631) (0.0532) (0.0616)
2 0.806%** 0.578%** 0.675%** -0.0258 -0.0316 -0.155%%*
(0.0378) (0.0520) (0.0418) (0.0859) (0.0965) (0.0549)
Big 0.878%** 0.583%** 0.652%** S0.266%FF  _0.279%**  _(.202%**
(0.0496) (0.0481) (0.0735) (0.0693) (0.0679) (0.0751)
BuMmL Small 0.420%*%* 0.448%** 0.604%** a -0.0542 0.355%** 0.263
(0.101) (0.0647) (0.0690) (0.145) (0.135) (0.161)
2 0.219%* 0.482%** 0.522%** 0.0400 0.204 0.324**
(0.0916) (0.0821) (0.0734) (0.171) (0.176) (0.162)
Big -0.133** 0.501%** 0.481%** 0.0303 0.179 0.135
(0.0672) (0.0899) (0.0948) (0.177) (0.171) (0.218)
Adj. R? Small 57.0% 47.6% 52.4%
2 56.1% 40.3% 50.2%
Big 59.7% 39.7% 39.6%

GRS test statistic
=1.28
p(GRS) = 0.248

This table reports factor loadings on the market factor (RM-RF), the size factor (SMB), and the value factor (HML) for nine
portfolios sorted by size (ME) and book-to-market equity (BE/ME). The sample period is January 1980 to December 2011 (384
monthly observations). The GRS test statistics and adjusted R? values from each time series are reported at the end of the table.
Standard errors are reported in parentheses and are computed using the Newey-West (1987) correction for heteroscedasticity

and serial correlation. *

, *¥* and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

For the other portfolios, the additional explanatory power by the Fama/French model in excess of

the CAPM model ranges between an increase of 1.8 percentage points (from 54.3% to 56.1%) and 16.3

percentage points (from 33.9% to 50.2%). The GRS test statistics cannot reject the null hypothesis that

the intercepts are jointly zero, but the low R-square values suggest that there might be other variables

that could increase the explanatory power.

Regarding the infrastructure seven-factor model, Table 8 reveals a strong increase in the R-square com-

pared to the Fama/French model, except for the small/growth portfolio, for which we observe a decrease

of 5.2 percentage points. The increase ranges between 0.7 percentage points (60.4% vs. 59.7%) in the

large/growth portfolio and 15.5 percentage points in the medium size/medium book-to-market portfolio.

The GRS test statistics cannot reject the null that the intercepts are jointly different from zero and the

test value is lower than in the Fama/French case, supporting the idea that the model better predicts

infrastructure returns.
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Table 8: Infrastructure asset class factor model from time series regressions: R;; — Ry: =
a; + Bi,m (Rt — Ryt) + Bi,crvoraCFVOLA: + BitevLEV: + Bi invINV: + B rerMT ERM: +
Bi,pEr DEF; + B rEGREG: + €54

Variables Low 2 High Low 2 High
B Small 0.702%%* 0.505%** 0.698*** BLev 0.0877 0.387%%* 0.685%**
(0.0429) (0.0344) (0.0491) (0.109) (0.0475) (0.0630)
2 0.712%%* 0.538%** 0.643%%* 0.0461 0.611%** 0.617%%*
(0.0343) (0.0446) (0.0471) (0.0642) (0.0634) (0.0677)
Big 0.840%** 0.526%** 0.584%** -0.0426 0.536%** 0.564%%*
(0.0571) (0.0524) (0.0510) (0.0848) (0.0921) (0.0817)
Borvora Small -0.0228 -0.179%F%  _0.170%* BInv -0.250%* -0.0309 0.0605
(0.103) (0.0624) (0.0716) (0.101) (0.0600) (0.0734)
2 -0.358%%%  _0.262%**  _(.202%%* -0.176%* 0.0396 0.0162
(0.100) (0.0778) (0.0672) (0.0693) (0.0614) (0.0790)
Big -0.153 -0.392%%*%  _0.0228 -0.286**%*  0.0991 0.00923
(0.103) (0.0906) (0.110) (0.0927) (0.0996) (0.110)
BrERM Small 0.143* 0.189%** 0.145%* BDEF 0.412%* 0.216%** 0.395%**
(0.0850) (0.0629) (0.0605) (0.181) (0.102) (0.0931)
2 0.201%** 0.284%** 0.233%%* 0.399%** 0.433%%* 0.222%*
(0.0707) (0.0586) (0.0599) (0.124) (0.103) (0.0882)
Big 0.0629 0.220%%** 0.185%* 0.0306 0.242% 0.273
(0.0837) (0.0681) (0.0938) (0.115) (0.126) (0.210)
BrEG Small -0.247 -0.00521 -0.496 a 0.133 0.331%** 0.197
(0.472) (0.363) (0.389) (0.147) (0.124) (0.155)
2 -0.170 0.215 0.0809 0.118 0.0454 0.180
(0.213) (0.245) (0.271) (0.162) (0.137) (0.146)
Big 0.622%* 0.350 0.359 0.00296 0.0579 0.00543
(0.292) (0.364) (0.369) (0.168) (0.169) (0.209)
Adj. R? Small 51.8% 49.2% 57.9%
2 59.3% 55.8% 57.3%
Big 60.4% 41.4% 43.3%

GRS test statistic
= 1.03
p(GRS) = 0.412

This table reports factor loadings on the market factor (RM-Rf), the size factor (SMB), the value factor (HML), the momentum
factor (MOM), the leverage factor (LEV), the cash flow volatility factor (CFVOLA), the investment factor (INV), and the two
bond factors, i.e., the term structure factor (TERM) and the default factor (DEF), for nine portfolios sorted by size (ME) and
book-to-market equity (BE/ME). The sample period is January 1980 to December 2011 (384 monthly observations). The GRS
test statistics and adjusted R? values from each time series are reported at the end of the table. Standard errors are reported
in parentheses and are computed using the Newey-West (1987) correction for heteroscedasticity and serial correlation. *, **,
and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Looking at the infrastructure 10-factor model in Table 9, the inclusion of additional factors im-
proves the explanatory power in excess of the Fama/French model up to 18.7% in case of the medium
size/medium book-to-market portfolio (from 40.3% to 59.0%). The large additional power that the model
is able to add in some portfolios emphasizes the need to consider additional factors in the case of infras-
tructure stocks so as to capture their specific characteristics. The GRS test statistic shows an extremely

low value of 0.59, indicating that the model is well specified.
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Regarding the individual factors, we find a significant and positive size premium for the smallest com-
panies and a negative one for larger firms, showing that the SMB factor is a good proxy for size and
confirming the size effect in infrastructure firms. Moreover, we document a positive leverage premium in
all but the growth (i.e., low book-to-market) portfolios. Given that infrastructure firms in the growth
portfolios have a reduced risk of being distressed (Daniel and Titman (1997)), one might conclude that
investors do not receive a leverage premium for such companies.

In contrast to the regressions in Table 5, we now find a negative relationship between returns and INV
in the case of low book-to-market portfolios. This contradicts the results found by Chen, Novy-Marx,
and Zhang (2011) and Ammann, Odoni, and Oesch (2012) with respect to overall stocks in the U.S. and
European markets. First, their results indicate a positive relation between the investment factor and
the cross-section of stock returns. Second, the investment factor should enhance the explanatory power
of the return variation for all portfolios. One explanation for the negative factor loading in our model
could be that infrastructure companies with low book-to-market ratios (i.e., infrastructure firms with
more growth opportunities than other infrastructure firms) are considered as sustainable firms that are

willing to invest and for which investors are willing to pay higher prices today.'®

9Note that the INV factor is constructed as low investments minus high investments. Thus a negative coefficient means
that companies making investments receive a positive premium from investors.
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Table 9: Infrastructure asset class factor model from time series regressions: R;; — Ry: =
a; + Bi,m (Rt — Ry i) + Bi,suBSM Bt + Bia . HM Ly + B spona MOMy + Bi,crvorLaCFVOLA; +
Bi,LevLEV: + Bi invINV: + BirermMT ERM + Bi. per DEF; + Bi rEcREG: + €4

Variables Low 2 High Low 2 High
B Small 0.740%%* 0.550%** 0.731%%* BsmB 0.364%%* 0.155%* 0.265%%*
(0.0540) (0.0329) (0.0402) (0.0670) (0.0610) (0.0582)
2 0.741 %% 0.583%%* 0.711 %%k 0.0333 -0.00707 -0.140%*
(0.0365) (0.0449) (0.0370) (0.0820) (0.0804) (0.0586)
Big 0.846%** 0.604%** 0.653%** -0.244%%% _(.222%%*k  _( 237%k*
(0.0534) (0.0481) (0.0530) (0.0798) (0.0716) (0.0761)
BumL Small 0.466%** 0.387%** 0.374%%* Byvom 0.0736 0.0906***  0.0369
(0.110) (0.0657) (0.0582) (0.0702) (0.0330) (0.0449)
2 0.210%* 0.282°%#* 0.351%%* -0.0209 0.0775* 0.0710%*
(0.0883) (0.0679) (0.0651) (0.0492) (0.0395) (0.0337)
Big -0.121 0.368%** 0.302%%* 0.0481 0.0584 0.0390
(0.0800) (0.0881) (0.0967) (0.0516) (0.0611) (0.0462)
BLEV Small -0.0914 0.230%%* 0.538%%* Becrvora -0.0311 -0.134%* -0.173%%*
(0.0854) (0.0553) (0.0635) (0.0828) (0.0562) (0.0581)
2 -0.0485 0.489%** 0.454%%* -0.332%F*%  _0.190***  -0.0771
(0.0713) (0.0664) (0.0676) (0.102) (0.0723) (0.0678)
Big -0.00140 0.359%%* 0.414%%* -0.0915 -0.241%%%  0.116
(0.103) (0.0820) (0.0894) (0.110) (0.0873) (0.113)
Binv Small -0.248%**%  .0.0425 0.0645 BrERM 0.124* 0.176%%* 0.128%*
(0.0938) (0.0583) (0.0706) (0.0737) (0.0605) (0.0590)
2 -0.172%* 0.0226 -0.00758 0.1971%%* 0.277%%* 0.224%%*
(0.0688) (0.0613) (0.0708) (0.0731) (0.0616) (0.0563)
Big -0.306***  0.0729 -0.0137 0.0739 0.210%%* 0.176%*
(0.0944) (0.0967) (0.112) (0.0793) (0.0626) (0.0868)
BpEF Small 0.232 0.117 0.244 %% BrEG 0.262 0.308 -0.112
(0.175) (0.106) (0.0925) (0.432) (0.286) (0.306)
2 0.316%* 0.395%%* 0.191* -0.0480 0.352 0.146
(0.146) (0.0976) (0.101) (0.222) (0.226) (0.214)
Big 0.151 0.217* 0.259 0.384 0.359 0.323
(0.121) (0.117) (0.197) (0.299) (0.307) (0.331)
o Small -0.0754 0.153 0.0487 Adj. R? 59.0% 57.2% 63.1%
(0.151) (0.113) (0.143)
2 0.0769 -0.0799 0.0570 60.4% 59.0% 63.6%
(0.163) (0.131) (0.134)
Big 0.0245 -0.0520 -0.0724 61.9% 49.7% 49.2%
(0.171) (0.154) (0.207)

GRS test statistic
= 0.59
p(GRS) = 0.807

This table reports factor loadings on the market factor (RM-RF), the size factor (SMB), the value factor (HML), the momentum
factor (MOM), the leverage factor (LEV), the cash flow volatility factor (CFVOLA), the investment factor (INV), and the two
bond factors, i.e., the term structure factor (TERM) and the default factor (DEF), for nine portfolios sorted by size (ME) and
book-to-market equity (BE/ME). The sample period is January 1980 to December 2011 (384 monthly observations). The GRS
test statistics and adjusted R? values from each time series are reported at the end of the table. Standard errors are reported
in parentheses and are computed using the Newey-West (1987) correction for heteroscedasticity and serial correlation. *, **,
and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

The factor loadings for the interest rate factors, TERM and DEF, remain positive and significant for
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all portfolios, corroborating the idea that infrastructure firms are sensitive to changes in interest rates.
Possibly this is a consequence of the high leverage in combination with the long duration of investments
by infrastructure firms. However, there is no clear evidence of larger companies being more interest rate
sensitive than smaller ones, as O’Neal (1998) found to be the case for electric utility companies. The
regulatory premium does not exhibit any significant result, which suggests that regulatory risk is not
priced in the returns of infrastructure firms. Finally, we observe that cash flow volatility has a negative
and significant effect in five of the nine portfolios. To some extent this corroborates the finding that

infrastructure firms with stable cash flows are able to generate higher returns.

4.2 Further Tests

To investigate the role of infrastructure-specific risk factors and further validate the results from the
time series regressions we conduct nine other tests. These tests include subsector and subperiod analyses,
Fama-MacBeth (1973) regression analyses, out-of-sample tests, the application of the infrastructure factor
models to commercial infrastructure indices both with and without the GJR-GARCH approach (Glosten,
Jagannathan, and Runkle (1993)), and a stepwise regression approach. The latter three tests are pre-
sented in the Appendix of the paper. Moreover, we also test the defensive characteristics (i.e. downside
protection) of infrastructure investments and whether infrastructure serves as an inflation hedge. These
are not included in the main models, because previous studies (Rédel and Rothballer (2012); Bird, Liem,
and Thorp (2012)) showed that infrastructure firms neither consistently hedges inflation nor offers de-
fensive characteristics. Our extensive dataset and our infrastructure-specific factor models help to refine

previous results and investigate the abilities of infrastructure investments in more detail.

4.2.1 Analysis of Subsectors (Utilities vs. Non-Utilities)

The infrastructure sector comprises several subsectors, including utility, transport, and telecommunica-
tion companies. Since stocks for transportation firms are rather sparse in our sample,2? we differentiate
between utility and non-utility firms to analyze the performance of our infrastructure models for these two

subsectors. The sample comprises a total of 396 stocks with 258 utility stocks and 138 non-utility stocks

20For example, our sample does not include any airports since the privatization of airports is not usual in the United States.
Indeed, it was only recently that the first negotiations over privatization of the Chicago Midway International Airport
occurred.
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(i.e. 16 transport firms and 122 telecommunication firms).?! Table 10 shows the time series regression

for the utilities and non-utilities sector run through the Fama/French three-factor model, the Carhart

four-factor model, the infrastructure seven-factor model, and the infrastructure 10-factor model.

Table 10: Time series regressions of subsectors (utilities vs. non-utilities)

Utilities Non-Utilities
(1) (2 (3) (4) (5) (6) (7 (®)
Variables FF 3- Carhart Infrastructure Infrastructure| FF 3- Carhart Infrastructure Infrastructure
factor 4-factor 7-factor 10-factor factor 4-factor 7-factor 10-factor
model model model model model model model model
By 0.625*** 0.648%** 0.597%%* 0.650%*** 1.095%** 1.077*** 1.023%** 1.010%**
(0.0432) (0.0433) (0.0386) (0.0379) (0.0401) (0.0426) (0.0465) (0.0505)
BsmB -0.222%%* -0.229*** -0.178%** -0.0368 -0.0318 0.0105
(0.0658) (0.0631) (0.0683) (0.0679) (0.0673) (0.0699)
BumL 0.378%*** 0.416*** 0.231%%* -0.164** -0.195%* -0.0716
(0.0829) (0.0794) (0.0711) (0.0737) (0.0820) (0.0695)
Byvom 0.109%** 0.0952%* -0.0878 -0.0781
(0.0492) (0.0438) (0.0639) (0.0583)
Becrvora -0.428*** -0.309%*** -0.0207 -0.0535
(0.0791) (0.0805) (0.0704) (0.0657)
BLEV 0.514%** 0.405%** -0.319%** -0.292%**
(0.0706) (0.0714) (0.0891) (0.0739)
BINv -0.133%* -0.162** 0.0841 0.0992
(0.0737) (0.0722) (0.0717) (0.0752)
BrErRM 0.216%** 0.214%*** 0.00361 0.00167
(0.0552) (0.0525) (0.0664) (0.0648)
BDEF 0.249%* 0.277*** 0.132 0.104
(0.103) (0.104) (0.122) (0.111)
BRrREG 0.113 0.0969 0.783** 0.747**
(0.251) (0.212) (0.335) (0.335)
e 0.119 0.0247 0.00598 -0.101 0.0640 0.140 0.125 0.198
(0.157) (0.164) (0.133) (0.127) (0.173) (0.186) (0.154) (0.169)
Monthly obs. 384 384 384 384 384 384 384 384
Adj. R? 46.4% 47.7% 56.4% 61.1% 75.2% 75.5% 77.2% 77.4%

This table reports factor loadings from time series regressions for the Fama/French three-factor model (Columns 1 and 5), the
Carhart four-factor model (Columns 2 and 6), the infrastructure seven-factor model (Columns 3 and 7), and the infrastructure
10-factor model as an augmented version of the Carhart four-factor model (Columns 4 and 8). The dependent variable in
Columns 1 to 4 is a value-weighted index of all utility stocks. The dependent variable in Columns 5 to 8 is a value-weighted
index of all non-utility stocks (telecommunication and transport). The sample period is January 1980 to December 2011 (384
monthly observations). The adjusted R? values from each time series are reported at the end of the table. Standard errors are
reported in parentheses and are computed using the Newey-West (1987) correction for heteroscedasticity and serial correlation.
*, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

For the utility sector, the results of the time series regressions are very consistent with the main results
presented in Table 5. It thus seems that the infrastructure model is especially eligible for the utility sector,
which according to our data is the largest infrastructure sector, both in terms of the number of stocks as

well as in terms of market volume. For the non-utility sector, we observe a much larger market exposure

with beta values between 1.0 and 1.1. These results are consistent with previous findings by Rothballer

21'We also run time-series regressions for telecommunication firms only. Results are virtually identical to the non-utility
regression results presented in Table 10 except for the investment factor which is significant and positive at the 5% level
for telecommunication firms.
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and Kaserer (2012), who show, in a global market perspective, beta values between 0.9 and 1.1 for
telecommunication firms and between 0.6 and 0.8 for transportation firms. For the non-utility firms, we
also observe that the HML factor is significant and negative in the Fama/French three-factor and Carhart
four factor model, but the significance disappears in the 10-factor model and seems to be captured by
the leverage factor. This implies that non-utility firms (i.e. in our sample especially telecommunication
firms) are more affected by their leverage ratios rather than by their book-to-market ratios despite the
fact that telecommunication firms are usually considered growth firms. Moreover, the regulatory factor
has a positive impact on non-utility returns, suggesting that investors receive compensation for their
capped returns. The finding that the utility and non-utility infrastructure sectors are not completely
homogeneous confirms the findings by Bird, Liem, and Thorp (2012) who show that a potential inflation
hedge only exists for the utility industry but not the infrastructure sector as whole. Despite the few
significant factors explaining non-utility stocks, the market factor explains a large part in the variation,
which results in R-squares between 75.2% for the Fama/French three-factor model and 77.4% for the
infrastructure 10-factor model. For the utility stocks, we observe a strong increase in explanatory power
from 46.4% for the Fama/French three-factor model to 56.4% for the infrastructure seven-factor model
up to 61.1% for the infrastructure 10-factor model. We conclude that the infrastructure subsectors are
rather heterogeneous and that the explanatory power of standard pricing models can be improved by

infrastructure-specific factors.

4.2.2 Fama-MacBeth Regressions

Results from time series regressions suggest that infrastructure-specific variables (i.e., those variables used
in the seven-factor model) are superior in explaining variation of infrastructure returns compared to the
Fama/French three-factor or the Carhart four-factor models. However, these results do not necessarily
indicate whether our model performs better or worse in a cross-sectional analysis. To determine if
the six infrastructure factors are important in conjunction with the Carhart factors (RM-Rf, SMB,
HML, and MOM), we run Fama-MacBeth (1973) regressions for each model. Due to the low number
of test assets (i.e., nine test portfolios), we use excess returns of individual stocks as the dependent
variable since individual stocks as test assets are more reliable in finding risk premium according to Ang,
Liu, and Schwarz (2010). From a first-pass time series regression of the excess returns on a constant,

(Rari — Ryy), SMBy, HML;, MOM,, CFVOLA,, LEV;, INV;, TERM,, DEF;, and REG, we obtain
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the slope coefficients for the infrastructure ten-factor model. The second stage consists of cross-sectional
regressions for each month, where the dependent variable is the mean excess return (over the sample
period) of the 396 stocks (i.e., 258 utility stocks and 138 non-utility stocks in the infrastructure sector)
and the independent variables are the slope coefficients from the first stage regression. Because the
slope coeflicients are estimated parameters from first-pass time series regressions, the classical errors-in-
variables problem in second-pass cross-section regressions arises. We follow Shanken (1992) in correcting
for the errors-in-variables issue. The R-squares of the regressions are adjusted following Jagannathan and

Wang (1996). For the infrastructure 10-factor model, the regression is formally defined as:

Ry —Rpi =+ WMBi,M + 'YSMBBi,SMB + ’YHMLBLHML‘F
’YMOMBi,MOM + ’YCFVOLA@,CFVOLA + 'YLEVBL,LEV + ’YINVBi,INv-i- (6)

yrERMBi TERM + YDEFBi, DEF + YREGBi,REG + €yt

The CAPM, the Fama/French three-factor, the Carhart four-factor, and the infrastructure seven-
factor model follow the same logic of regression. Our main interest is whether the average coefficient slopes
on the six infrastructure factor loadings (or seven factor loadings with the market beta) are significantly
positive or negative and thus important determinants of infrastructure returns in the presence of the
Carhart factors. Regression results are shown in Table 11. With respect to the regression results for all
stocks, we merely note that both the infrastructure seven- and ten-factor models reduce the significance
of the intercept. None of the remainder of the regressions reveal any significant results. One potential
explanation for the insignificant results is that there is too much idiosyncratic variation in and not enough

of individual stocks to draw a clear picture.

4.2.3 Analysis of Defensive Characteristics

Based on our asset class factor model from Equation (4) and a squared market factor as in Treynor
and Mazuy (1966), we also analyze the defensive characteristics of our nine test portfolios to market
movements. The assumption is that certain portfolios with higher book-to-market ratios or larger market
capitalization perform differently during economic downturns.

Thus, our work goes beyond the previous analysis of Bird, Liem, and Thorp (2012), who analyze the
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U.S. and Australian markets, but cannot differentiate their indices by size or book-to-market charac-
teristics. Figure 1 illustrates the predicted infrastructure returns from Equation (4), with the squared
market excess return on the vertical axis and the market excess return on the horizontal axis. A convex
relation (demonstrated by the solid red line) between predicted infrastructure returns and market excess
returns would indicate that an increasingly severe market plunge has a decreasingly severe effect on the
infrastructure firms.

Figure 1 shows that all but one of the nine portfolios experience a concave, linear, or insignificantly con-
vex relation between predicted infrastructure returns and the market excess return. Ounly portfolio 3/2
(i.e., the large market capitalization/medium book-to-market ratio portfolio) shows a significant convex
relation between infrastructure and market returns. This result seems odd, given that all other large size
portfolios have linear or concave relations, as do the medium book-to-market ratio portfolios. The low fit
for portfolio 3/2 (an adjusted R-square of 50.5%) suggests that there are other and as yet unknown factors
that, if they could be discovered and integrated into the model, might result in a more consistent picture
of the defensive nature of infrastructure returns. Overall, our results confirm the findings of Bird, Liem,

and Thorp (2012) that infrastructure firms do not behave defensively during economic downturns.??

22We also use a dummy variable for up and down markets (1 for up and 0 for down) to control for the defensive characteristics.
Results are virtually identical and show no significant effects on the dummy variable.
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4.2.4 Analysis of Inflation Hedge

We further investigate the assumption that infrastructure is a potential hedge against inflation. This
popular assumption among practitioners has been rejected by Rodel and Rothballer (2012) and is only
weakly confirmed by Bird, Liem, and Thorp (2012) for utility stocks. To shed more light on these mixed
results, we control for an inflation hedge ability of infrastructure firms in our model by including the total
return of Treasury Inflation Protected Securities (TIPS) minus the risk-free rate. Our dataset allows us
to differentiate both between industry sectors, size and book-to-market ratio, respectively. However,
the TIPS return series only begins in February 1997 and hence covers less than half our entire sample
period. We use the total return series of the Barclays US TIPS index, which aggregates all maturities
to investigate the inflation hedging abilities of infrastructure returns. Subtracting the risk-free return
from monthly TIPS series results in an excess return series for our inflation factor (INFL). In contrast to
the Consumer Price Index (CPI), TIPS are tradable and, thus, represent investment returns, allowing us
to directly determine the risk premium of inflation which is 0.35% per month. Given the close relation
between inflation, term structure, default probability, and regulatory premium (i.e., they are all based on
interest rates), we first note that the inflation factor, INFL, is highly correlated with the TERM factor
(p = 0.5). As mentioned above (see section 2.4) this result is in line with Ang, Bekaert, and Wei (2008)
who point out the relation between term structure and inflation. Regressing INFL on all other previously
introduced dependent variables reveals that INFL is also highly dependent on the default factor, DEF,
and to some extent on CFVOLA and REG. Equation (7) shows coefficient estimates with t-statistics in

parentheses using Newey-West (1987) corrected standard errors with three lags:

INFL = 0.18 — 0.01(RM-Rf) — 0.05SMB + 0.05HML + 0.00MOM + 0.11CFVOLA—
(1.54) (—0.30) (—1.60) (0.95) (0.32) (1.95)

0.05LEV — 0.06INV + 0.32TERM + 0.23DEF — 1.30REG.
(—1.11) (1.53) (6.81) (2.14) (—1.85)

The adjusted R-square of this regression is 36.1%. Based on this regression, we construct an orthogo-
nalized inflation factor as the sum of the intercept and the residuals to eliminate multicollinearity issues.

This factor can be interpreted as a zero-investment portfolio that is uncorrelated with all other factors.
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Table 12 shows the regression estimates for the inflation factor. Panel A of Table 12 runs different model
specifications with the VWI index as dependent variable. Inflation is not significant in any of the model
specifications, corroborating the results of Rédel and Rothballer (2012). Panel B demonstrates that in-
frastructure can hedge inflation in case of smaller growth firms. The majority of portfolios, however,
does not hedge against inflation. A possible explanation why smaller growth firms are able to protect
against inflation, at least to some extent, is their ability to adjust price changes faster than their larger
and more complex competitors. Also their local focus could prevent them from confrontations with larger
competitors in several areas at the same time, which would make them more vulnerable to pricing com-
petitions despite the regulatory framework. Panel C looks at the inflation hedge of utility and non-utility
stocks within the infrastructure sector, finding a weak inflation hedge ability of utility stocks whereas
non-utility stocks cannot hedge inflation. Overall our results confirm the results of Rodel and Rothballer
(2012) and Bird, Liem, and Thorp (2012) that infrastructure firms do not guarantee inflation protection.
Only minor evidence suggests that utility firms and smaller growth firms are able to hedge inflation to

some extent.
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Table 12: Inflation hedge abilities of infrastructure firms

Panel A: Value-weighted infrastructure index as dependent variable

5 @) ®) @ ®)
Variables CAPM FF 3-factor model  Carhart 4-factor model  Infrastructure Infrastructure
7-factor model 10-factor model
BINFLL 0.104 0.104 0.104 0.104 0.104
(0.112) (0.113) (0.112) (0.105) (0.101)
« 0.0481 0.0656 0.0420 0.0197 0.0170
(0.199) (0.191) (0.194) (0.181) (0.178)
Monthly obs. 179 179 179 179 179
Adj. R? 68.0% 68.9% 69.0% 73.9% 74.0%
Panel B: Inflation and infrastructure returns sorted by size and book-to-market ratio
Variables Low 2 High Low 2 High
BINFLL Small 0.593** -0.0136 0.0225 Adj. R? 55.6% 55.3% 62.7%
(0.274) (0.163) (0.213)
2 0.421** 0.222 0.169 59.0% 58.4% 56.3%
(0.169) (0.149) (0.180)
Big 0.0650 0.159 0.315 54.7% 43.6% 40.5%
(0.252) (0.178) (0.353)
Panel C: Inflation and subsectors
Utilities Non-Utilities
(1) (2) (3) (4) (5) (6) (7) (8)
Variables FF 3- Carhart Infrastructure Infrastructure| FF 3- Carhart Infrastructure Infrastructure
factor 4-factor 7-factor 10-factor factor 4-factor 7-factor 10-factor
model model model model model model model model
BINFLL 0.311%* 0.311%* 0.311%* 0.311%* -0.0601 -0.0601 -0.0601 -0.0601
(0.179) (0.179) (0.176) (0.160) (0.178) (0.187) (0.150) (0.157)
« 0.167 0.115 -0.00512 -0.0546 -0.0924 -0.0199 0.221 0.291
(0.273) (0.280) (0.238) (0.218) (0.282) (0.291) (0.256) (0.275)
Monthly obs. 179 179 179 179 179 179 179 179
Adj. R? 37.7% 38.4% 51.0% 53.7% 74.6% 75.3% 77.2% 77.7%

This table reports regression results for the inflation factor. The inflation factor (INFL) is the orthogonalized excess return of
the TIPS return series over the 1-month T-bill rate. Panel A shows regression results for the value-weighted infrastructure index
as dependent variable. Panel B shows factor loadings of INFL extracted from infrastructure 10-factor model regressions where
the dependent variables are portfolio excess returns sorted by size and book-to-market ratio. Adjusted R%s are also reported
for these regressions. Panel C shows factor loadings of INFL for the Fama/French three-factor model (Columns 1 and 5), the
Carhart four-factor model (Columns 2 and 6), the infrastructure seven-factor model (Columns 3 and 7), and the infrastructure
10-factor model (Columns 4 and 8). The dependent variable in Columns 1 to 4 is a value-weighted index of all utility stocks.
The dependent variable in Columns 5 to 8 is a value-weighted index of all non-utility stocks (telecommunication and transport).
The sample period in Panel A, B, and C is February 1997 to December 2011 (179 monthly observations). Standard errors are
reported in parentheses and are computed using the Newey-West (1987) correction for heteroscedasticity and serial correlation.
*, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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4.2.5 Analysis of Subperiods

We divide the data into three equal subperiods of 128 months each. Table 13 reports the regression
results for the three different subperiods between January 1980 and December 2011.

The infrastructure seven-factor model documents a higher explanatory power for all three periods com-
pared to the Fama/French three-factor model. The biggest difference between the two models occurs in
the most recent period where the infrastructure seven-factor model explains 5.1% more in the time series
variation of infrastructure returns than the Fama/French three-factor model. The smallest difference
occurs during the time span of 1980 to 1990 where the adjusted R-square increases by 2.0%. The market
beta, cash flow volatility, and term premium are the only factors that consistently explain the return
variation through all three time periods. That the Fama/French factors and the constructed infrastruc-
ture factors do not explain the variation during all time periods suggests that infrastructure returns are
not exposed to the same risk factors at all times, but are subject to time-varying risk components (e.g.,
the size factor is more relevant during distressed times than during economically stable times).
However, we also ran all three models excluding the financial crisis of 2008/2009 in order to analyze
whether this event significantly impacts our estimation result. The results were virtually identical to the

results in Table 5.

4.2.6 Out-of-sample tests

Due to the large number of factors both in the infrastructure 7-factor model and, especially, in the
10-factor model, overfitting might be a concern. We address this issue with out-of-sample tests. Our
approach follows, for the most part, Fama and French (1997) by determining slope coefficients from
rolling regressions over the past 36 months and implementing them in one-month-, one-year-, three-year-,
and five-year-ahead factor estimates. More precisely, the forecasts for each month ¢ + i (where i is
either 1 month, 1 year, 3 years or 5 years) are determined by slopes for months ¢ - 36 to ¢ from rolling
regressions and the respective factors (depending on the model) for month ¢ + i. Because of the different
look-ahead periods the one-month-ahead estimates comprise monthly forecast errors from January 1985
to December 2011, the one-year-ahead estimates from December 1985 to December 2011, the three-
year-ahead estimates from December 1987 to December 2011, and the five-year-ahead estimates from
December 1989 to December 2011. Our dependent variable is the value-weighted infrastructure index.

Both the rolling regressions and the forecasts are determined without intercept. The difference between
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realized and predicted returns is the forecast error.

In Table 14 we present the mean of the forecast error over the predicting time period, the mean absolute
value of the forecast error, and the standard deviation of the forecast error. The most striking result is the
high predictive power of the infrastructure 7-factor model with mean error values of almost 0.2> Only the
CAPM seems to have a slight advantage over the infrastructure seven-factor model in the five-year-ahead

estimation. Depending on which indicator is looked at, neither the mean absolute error nor the mean

standard error clearly reveal which model is superior.

Table 14: Prediction errors from out-of-sample tests

1) (2) (3) (4) (5)
Model CAPM FF 3-factor Carhart Infrastructure Infrastructure
model 4-factor 7-factor 10-factor
model model model
1 month ahead
Mean error 0.077% -0.038% -0.046% -0.015% -0.103%
Mean absolute error 1.821% 1.719% 1.717% 1.737% 1.701%
Mean std error 2.301% 2.180% 2.190% 2.274% 2.235%
12 month ahead
Mean error 0.054% -0.057% -0.121% -0.022% -0.155%
Mean absolute error 1.819% 1.798% 1.890% 1.899% 2.091%
Mean std error 2.301% 2.342% 2.491% 2.477% 2.797%
36 month ahead
Mean error 0.047% -0.104% -0.216% 0.003% -0.151%
Mean absolute error 1.808% 1.859% 1.924% 1.904% 2.096%
Mean std error 2.287% 2.438% 2.588% 2.458% 2.915%
60 month ahead
Mean error 0.014% -0.103% -0.197% -0.108% -0.238%
Mean absolute error 1.840% 1.958% 2.008% 1.854% 2.012%
Mean std error 2.308% 2.528% 2.631% 2.435% 2.651%

This table shows mean errors,

infrastructure ten-factor model.

mean absolute errors, and mean standard deviation of forecast errors from 36-month rolling
regressions of the CAPM, the Fama/French three-factor, the Carhart four-factor, the infrastructure seven-factor, and the
Forecast errors are estimated as realized returns minus predicted returns for each model. The

forecasts span over a one-month-ahead, a one-year-ahead, a three-year-ahead, and a five-year-ahead estimate.

Regarding the infrastructure ten-factor model, concern about overfitting cannot be entirely elimi-
nated given that this model shows the largest values in mean error terms and also the largest deviations

of mean errors for most forecast periods. Even though the error terms and their deviations are small in

23 A zero mean regarding the 7-factor infrastructure model is specifically relevant for regulators who need to know what the
cost of equity is on average several years in advance as well as for project evaluations in the infrastructure sector.
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magnitude for the infrastructure ten-factor model, we can conclude that the infrastructure seven-factor
model is superior to the ten-factor infrastructure model and outperforms the Fama/French three factor
model in the long run which is especially relevant for infrastructure regulators who are less interested in
one-month-ahead predictions but very interested in long-horizon estimates given the nature of long-term

contracts in the infrastructure sector (see Gregory and Michou (2009)).

5 Conclusion

This paper identifies the common risk factors that are priced in infrastructure companies and constructs
an asset class factor model. Established pricing models are tested, i.e., the single-factor CAPM, the
Fama/French three-factor model, and the Carhart four-factor model. We create a seven-factor model
and a 10-factor model, both of which are superior in explaining the return variation of infrastructure
firms compared to the Fama/French three-factor model or the Carhart four-factor model. The seven-
factor model consists of the market excess return and six additional factors: cash flow volatility, leverage,
an investment factor, a term premium, a default premium, and a regulatory risk premium. The 10-factor
model augments the Carhart four-factor model with the aforementioned six additional factors.

Table 15 summarizes the results from all regressions and robustness tests for each factor. The findings
for the market beta (Rm-Rf) and the regulatory premium (REG) are in line with existing literature,
thus confirming that the regulatory premium does not affect expected returns and low market betas are
mostly attributable to utility stocks, whereas non-utility stocks within the infrastructure sector tend to be
more affected by market movements (see Rothballer and Kaserer (2012); Bird, Liem, and Thorp (2012)).
Not in line with previous findings are our results regarding SMB, HML, CFVOLA, and INV. We find
significant results for SMB but none for HML or INV. CFVOLA is also significant and loads negatively,
which is in accordance with the results for stocks in general (see Huang (2009)) but in contrast to Bitsch

(2012), who finds that investors value cash flow volatility at a premium.
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Table 15: Summary of results and comparison with existing literature

Variables Hypothesis Our results Comparison with existing

literature

RM-Rf Positive relation between Significantly positive and In line with the result of
the market and infrastruc- low (i.e., below 1) Rothballer and Kaserer
ture returns (2012). Utility stocks have

low market betas whereas
non-utility stocks within the
infrastructure sector have
higher betas.

SMB Negative relation between Significantly negative Not in line with Bird, Liem,
size effect and infrastruc- and Thorp (2012), who find
ture returns. no significant effect.

HML Positive relation between Insignificant Not in line with Bird, Liem,

Momentum (MOM)

Cash flow volatility
(CFVOLA)

Leverage (LEV)

Investment growth (INV)

Term premium (TERM)

Default premium (DEF)

Regulatory premium (REG)

value effect and infrastruc-
ture returns.

Positive relation between
past returns and infrastruc-
ture returns.

Negative relation between
cash flow volatility and
infrastructure returns.

Positive relation between
leverage and infrastructure
returns.

Positive relation between
investment growth and
infrastructure returns.

Positive relation between
term structure and infras-
tructure returns.

Positive relation between
default premium and infras-
tructure returns.

Positive/negative relation
between regulatory risk and
infrastructure returns.

(Weakly) significant and
positive

Significantly negative

Significantly positive

Significantly negative re-
lation between INV and
returns of growth companies

Significantly positive

Significantly positive

Positive but overall insignif-
icant

and Thorp (2012), who
find a significantly positive
effect.

Not yet analyzed in an
infrastructure context.

In line with Huang (2009),
but not in line with Bitsch
(2012), who finds a posi-
tive relation between cash
flow volatility and a fund’s
value.

Not yet analyzed in an
infrastructure context.

Not in line with Chen,
Novy-Marx, and Zhang
(2011), who find a posi-
tive relation for stocks in
general.

Not yet analyzed for infras-
tructure investments but

in line with O’Neal (1998),

who analyzes electric utility
companies.

Not yet analyzed for infras-
tructure investments but

in line with O’Neal (1998),

who analyzes electric utility
companies.

In line with Bird, Liem, and
Thorp (2012), who find no
difference between regulated
and unregulated assets in
the U.S. but a large positive
premium in Australia.

The findings with respect to MOM, LEV, TERM, and DEF in terms of infrastructure investments

have not yet been analyzed in literature. Here we find that infrastructure firms are highly sensitive to
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interest rate changes regarding changes in the term structure. We also find an additional premium for
high financial leverage that is economically significant. This emphasizes the need for infrastructure in-
vestments to consider leverage as an additional risk factor, since the HML factor alone is not sufficient
to capture the return variation with respect to leverage.?

Our results are useful for investors and policymakers interested in determining adequate costs of capital,
measuring and evaluating infrastructure returns, and understanding the special characteristics of infras-
tructure investments such as diversification benefits and return volatility. Since factor loadings present
the correlation structure between returns and the underlying risk factors, the factor exposures also indi-
cate strategies for minimum variance hedging, for the replication of infrastructure returns, or, in general,
for optimizing asset allocation.

Future research might closer investigate the risk exposure of unlisted infrastructure projects. Despite
a vast set of significant risk factors in our model, unlisted infrastructure might react differently to our
risk factors. Also, it could be very interesting to see how our infrastructure seven- and 10-factor models
perform in other countries, specifically with other regulatory regimes. The question of whether cash flow
stability in less stable countries leads to expropriation, as indicated by Sawant (2010), is still unanswered.
Similarly, political risk factors (i.e., corruption, risk of expropriation) and their effect on infrastructure

returns could be analyzed.

Appendix A Commercial Infrastructure Indices

We apply the infrastructure 10-factor model to widely used commercial infrastructure indices (see Table
A). Columns 1-5 refer to U.S.-specific infrastructure indices provided by UBS, FTSE/Macquarie, and
Dow Jones Brookfield (DJB). Columns 6 and 7 include indices on developed countries and countries
worldwide, respectively. The highest explanatory power is observed for the DJB Americas infrastructure

index with an adjusted R-square of 73%.

24Furthermore, we showed that infrastructure investments, in general, neither offer an inflation hedge, nor are able to
protect against downside risk. Only for small utility firms an inflation hedge can be documented which confirms results
for other countries and time periods (see Rodel and Rothballer (2012); Bird, Liem, and Thorp (2012)).
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Table A: Regression on commercial infrastructure indices using infrastructure 10-factor model

1) (2) (3) (4) (5) (6) (7)
Variables UBS infra- UBS infra- FTSE Mac- UBS utilities Dow Jones UBS infras- UBS 50-50
stucture structure quarie North (USA) Brookfield tructure infrastructure
and utilities (USA) America Americas and utilities and utilities
(USA) infrastructure  (developed (global)
countries)
Bm 0.616*** 1.617%** 0.871%%* 0.611%*** 0.818%*** 0.559%*** 0.534%%*
(0.0505) (0.262) (0.0957) (0.0506) (0.0681) (0.0480) (0.0550)
BsmB -0.153** 0.562%* -0.464%%* -0.158** -0.116 -0.160%** -0.0379
(0.0620) (0.313) (0.126) (0.0621) (0.0941) (0.0583) (0.0649)
BuML 0.214%*%* -1.116%** 0.0348 0.219%*** -0.171* 0.228%** 0.232%%*
(0.0680) (0.336) (0.132) (0.0682) (0.0983) (0.0641) (0.0725)
Browm 0.0811%** -0.131 0.112%* 0.0846** 0.100%** 0.0984*** 0.00918
(0.0382) (0.177) (0.0577) (0.0383) (0.0429) (0.0360) (0.0392)
BervorLa -0.318%** -0.460 0.00154 -0.323%** -0.0315 -0.0369 0.0846
(0.0913) (0.446) (0.155) (0.0916) (0.108) (0.0859) (0.0956)
BLEV 0.476%** 0.306 0.380%** 0.485%+* 0.375%** 0.256%** 0.149%*
(0.0687) (0.338) (0.124) (0.0688) (0.0814) (0.0646) (0.0716)
Binv -0.0697 -0.223 -0.143 -0.0685 -0.107 -0.104 -0.194%**
(0.0767) (0.379) (0.128) (0.0769) (0.0943) (0.0722) (0.0819)
BrErRM 0.192%%* -0.554* 0.0767 0.199*** 0.0372 0.251%*** 0.230%**
(0.0636) (0.299) (0.0847) (0.0638) (0.0603) (0.0598) (0.0646)
BDEF 0.327%%* -0.987* 0.0671 0.337#+* 0.0859 0.449%** 0.433%**
(0.118) (0.530) (0.140) (0.118) (0.106) (0.111) (0.120)
BrEG 0.169 3.248%* 1.700%* 0.136 0.768 0.0224 -0.284
(0.314) (1.438) (0.721) (0.314) (0.499) (0.296) (0.325)
o 0.166 1.535 0.0342 0.159 0.443** 0.142 0.110
(0.187) (1.014) (0.282) (0.187) (0.212) (0.176) (0.209)
Monthly obs. 264 161 96 264 108 264 203
Adj. R? 52.8% 37.4% 64.8% 52.8% 73.0% 52.0% 54.3%

This table reports regression results for seven commercial infrastructure indices provided by UBS, FTSE/Macquarie, and Dow
Jones Brookfield. The sample period depends on the respective index. The infrastructure 10-factor model is run on each index.
The adjusted R? values from each time series are reported at the end of the table. Standard errors are reported in parentheses
and are computed using the Newey-West (1987) correction for heteroscedasticity and serial correlation. *, ** and *** denote

statistical significance at the 10%, 5%, and 1% levels, respectively.

The lowest explanatory power is observed for the UBS Infrastructure Index (Column 2 of Table

A). However, the relatively small degree of explanation is not surprising given the composition of that

particular index, which does not meet our definition of infrastructure and does not include any utility

companies but refers to concessions, leases, and freehold of transportation and communication services.

Most important to note is that the exposure of the UBS Infrastructure Index (Column 2) to market risk

is about twice as large as for the infrastructure indices. This is similar to the results in Table 10 regarding

the analysis of subsectors. Although market exposure is much larger in this case, we again conclude that

utility stocks are the main driver for decreasing market exposure. Our model performs surprisingly well

both in developed countries and globally, even though our constructed factors are solely based on the

U.S. infrastructure market. However, this result is only fractionally based on co-integrated markets and

more the outcome of the composition of the indices, which are both outweighed by the U.S. market.
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Appendix B GJR-GARCH and Fat Tails

Main results in the previous sections are presented without GJR-GARCH (Glosten, Jagannathan, and
Runkle (1993)) because heteroscedasticity and non-linearities are taken into consideration by Newey-
West (1987) error correction. However, in the spirit of Bird, Liem, and Thorp (2012), we also run a
GJR-GARCH (Glosten, Jagannathan, and Runkle (1993)) model to simulate the asymmetric volatility
structure of infrastructure returns on the indices they used with respect to the U.S. market.?> The mean
equation is identical to Equation (4) in Section 2 and errors of the mean equation are t-distributed. The
variance equation assumes the form h;; = o + fylef’tfl + yohis—1 + ’}/3612}1571]}_1, where all variables
are identically defined as in Bird, Liem, and Thorp (2012). We run the infrastructure 10-factor factor
model against all commercial indices with respect to the U.S. market. These indices are also used by
Bird, Liem, and Thorp (2012); hence this should guarantee the comparability of our estimation results
to their findings. See Table B for the results. All three indices show significant ARCH (1) and GARCH
(72) effects, but no significant ~3-loadings (also known as leverage effect) in Indexes (1) and (3). In
contrast to Bird, Liem, and Thorp (2012), we again find a significant and negative size impact for both
Indexes (1) and (3) but no effect in Index (2). Interestingly, there is a positive impact on the term and
default premium regarding Indexes (1) and (3) but a negative one on term and default risk for Index (2),
suggesting that this index offers a potential hedge against changes in the slope of the yield curve and
against times of increasing default risk.

Most importantly, we confirm a highly significant and economically relevant impact of regulatory risk
on Index (2). The average risk premium amounts to 1% p.a. and can be interpreted as a compensation
for investors who experience a capped rate of return in the infrastructure sector. This result is surprising
given that the factor is constructed as the spread between bond returns of utility and industrial compa-
nies. The UBS Infrastructure Index, however, includes neither utilities nor industrial companies, which
corroborates that our factor is a good approximation for capturing regulatory risk in the infrastructure
sector. Taking the explanatory power of our model into consideration, we see that the adjusted R-square
substantially improves for the UBS Infrastructure and Utilities Index to 50.2% compared to the 37.3% for
the Fama/French three-factor model. Similarly, the UBS Utilities Index increases from 37.1% to 50.1%
in our model. In contrast, the R-square for the UBS Infrastructure Index does not increase through our

model because of the aforementioned definition of that particular index. Overall, our factors improve the

25That is, the (1) UBS Utilities and Infrastructure Index, (2) UBS Infrastructure Index, and (3) UBS Utilities Index.
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predictive power for infrastructure returns.

Appendix C Stepwise Inclusion of Variables

To justify the number of factors and to illustrate their significance, we also stepwisely include each

infrastructure-specific factor in the model. Table C shows that the infrastructure-specific variables are

consistently significant as in the previous regression tables in this paper. Only the investment factor

(INV) is not significant which is also consistent with the previous regression results in this paper.

Table C: Stepwise regression

(1) (2) (3) (4) (5) (6) (7)
Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
B 0.775%** 0.786%** 0.774*** 0.722%** 0.722%** 0.721%%* 0.725%%*
(0.0290) (0.0281) (0.0292) (0.0276) (0.0277) (0.0269) (0.0274)
BsmB -0.181%** -0.151%%* -0.129%** -0.150%** -0.151%%* -0.136%** -0.146%**
(0.0398) (0.0413) (0.0414) (0.0415) (0.0417) (0.0435) (0.0452)
BaMmL 0.0361 0.0291 0.0505 0.0192 0.0203 0.0336 0.0495
(0.0471) (0.0448) (0.0502) (0.0474) (0.0481) (0.0493) (0.0467)
Brom 0.0517*
(0.0305)
BLEV 0.196*** 0.224%%* 0.183%** 0.185%** 0.186%** 0.172%** 0.168%**
(0.0545) (0.0530) (0.0619) (0.0542) (0.0534) (0.0520) (0.0525)
BecrvorLa -0.149%** -0.129** -0.160%** -0.155%** -0.155%** -0.138%**
(0.0563) (0.0555) (0.0496) (0.0494) (0.0482) (0.0496)
BrERM 0.115%%* 0.198*** 0.194*** 0.170%*** 0.173***
(0.0390) (0.0439) (0.0441) (0.0439) (0.0446)
BDEF 0.282%** 0.270%** 0.239%** 0.267***
(0.0739) (0.0704) (0.0694) (0.0737)
BINvV -0.0643 -0.0517 -0.0615
(0.0585) (0.0570) (0.0566)
BrEG 0.322%* 0.328*
(0.174) (0.170)
o 0.0187 0.0164 -0.0229 -0.0192 -0.00848 -0.00860 -0.0486
(0.112) (0.110) (0.108) (0.103) (0.101) (0.0999) (0.103)
Monthly obs. 384 384 384 384 384 384 384
Adj. R? 71.6% 72.2% 73.3% 74.5% 74.5% 74.7% 75.0%

This table reports regression results for different model specifications where independent variables are added stepwisely. The
sample period is January 1980 to December 2011. The adjusted R? values from each time series are reported at the end
of the table. Standard errors are reported in parentheses and are computed using the Newey-West (1987) correction for
, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

heteroscedasticity and serial correlation.
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