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Abstract. Product price risk is a potentially important factor for firms’ liquidity man-
agement. A natural place to evaluate the impact of this risk on liquidity management is the
electricity industry, because producing firms face substantial price volatility in wholesale
markets. Empirically, higher volatility of electricity prices leads to an increase in cash
holdings, and this effect is robust to instrumenting for price risk using weather volatility.
Cash increases more with price risk in firms using inflexible production technologies and
those that cannot easily hedge electricity prices, indicating that operating flexibility and
hedging are substitutes for liquidity management.
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1. Introduction
One of the most important decisions a financial man-
ager must make concerns the liquidity of his balance
sheet, in particular, the amount of cash that his firm
should hold. The most prominent explanation of cor-
porate liquidity decisions was originally proposed by
Keynes (1936), and is known as the precautionary
theory of savings. This theory posits that firms hold
cash as a hedge against the possibility that they will
subsequently face financial constraints that distort
their investment decisions.

In this paper, we analyze the impact of a particular
source of risk on firms’ liquidity management. We
focus on the risk that product price movements can
lead to cash flow shortfalls in the electricity-generating
industry.1 In many parts of the world, electricity-
producing firms sell at least part of their production
in volatile wholesale markets. High-frequency price
data from 40 deregulated electricity markets around
the globe enable us to estimate the distribution of prices
and hence the product price risk for the 213 firms that
operate in these markets.2 Our empirical analysis eval-
uates the extent that these firms’ choices of quarterly
cash holdings depend on electricity price volatility.
This approach allows for precise identification of both
the product price risk each firm faces and the firms’
management of this risk.

A number of studies have documented that, consis-
tent with the precautionary savings argument, firms
with more volatile cash flows tend to hold more cash.3

Measuring cash flow volatility at the firm level is chal-
lenging for a number of reasons, including a lack of high-
frequency cash flow data, the backward-looking nature
of the measure, potential survivorship bias due to the
requirementofdataaboutafirm’s cashflowhistory, and
the effect of a firm’s financial policies (including li-
quidity management) on its cash flows.
Analyzing cash flow uncertainty stemming from

product price in the electricity industry has a number
of advantages relative to prior studies that focus on
the volatility of firms’ overall cash flows. First, in-
vestigating product price characteristics allows us to
identify the source of overall cash flow variations.
Second, the high-frequency electricity price data en-
able us to calculate price volatility within a firm’s
fiscal year. In contrast to risk measures based on
firms’ reported cash flows, this setting makes the
inclusion of firm fixed effects straightforward. Third,
electricity is a completely homogenous good that does
not vary in quality, which makes its price comparable
across regions and time. Fourth, electricity-producing
firms sell only one product, that is, electricity. Fifth,
electricity wholesale prices can fluctuate substantially,
for instance, because electricity demand tends to be price

Vol. 67, No. 4, April 2021, pp. 2519–2540

ISSN 0025-1909 (print), ISSN 1526-5501 (online)

MANAGEMENT SCIENCE

2519

http://pubsonline.informs.org/journal/mnsc
mailto:chenlin1@hku.hk
https://orcid.org/0000-0003-4205-8633
https://orcid.org/0000-0003-4205-8633
mailto:schmid@hku.hk
https://orcid.org/0000-0003-2745-7273
https://orcid.org/0000-0003-2745-7273
mailto:weisbach@fisher.osu.edu
https://orcid.org/0000-0002-3042-5689
https://orcid.org/0000-0002-3042-5689
https://doi.org/10.1287/mnsc.2020.3579
https://doi.org/10.1287/mnsc.2020.3579


inelastic and storing electricity is prohibitively expen-
sive. Sixth, a large source of this variation in wholesale
electricity prices occurs because of an exogenous factor
affecting the demand for electricity, the weather. Fluc-
tuations in weather therefore provide a valid instrument
for price volatility. For these reasons, our analysis of
electricity price volatility allows us to identify the way in
which firms’ liquidity management decisions depend
on product price risk and, more generally, uncer-
tainty about cash flows.

Our estimates suggest that firms do increase their
cash holdings in response to higher volatility of
wholesale prices. Based on models that exploit only
time-series variation of a firm’s price risk over time, a
one-standard-deviation increase of the product price
volatility leads to an increase in cash holdings (nor-
malized by assets) of 0.4 percentage points, which
corresponds to a 7% increase relative to themean cash
to assets ratio of 0.05. To isolate the channel through
which price risk affects liquidity decisions, we instru-
ment for electricity price volatility using the volatility
of daily temperatures within an electricity market.
First-stage instrumental variable (IV) estimation re-
sults confirm the relevance of our instrument, with an
F-statistic of about 40. The results from both reduced-
form and second-stage IV estimation results imply
that incremental product price risk leads firms to hold
more cash.

There are several institutional features of thewholesale
electricity market that could potentially affect the inter-
pretation of our findings. First, although we have pre-
sumed that firms are price takers, at least some firms
do have considerable market power (see, for instance,
Borenstein et al. 2002). Their market power could
allow them to influence the auction-based market
prices via their bidding behavior. We repeat our main
tests using only firms that have a low market share in
terms of generation capacity and thus limited influ-
ence on the price setting. Furthermore, those smaller
firms tend to be less strategically sophisticated (Hortaçsu
et al. 2017). In addition, we also analyze demand
volatility instead of price volatility, because demand
volatility is unaffected by supply-side factors such
as firms’ bidding behavior. The results from these
alternative specifications are similar to those dis-
cussed above.

Firmsdo not usually sell all their electricity on the day-
ahead market (DAM), but also use long-term bilateral
contracts in many markets. To evaluate how this af-
fects our results,we first exclude allmarkets forwhich
the day-ahead market accounts for less than one-
third, half, or two-thirds of the electricity consump-
tion. Second, we use data on electricity transactions
in the United States from the Electric Quarterly Re-
port (EQR) database of the Federal Energy Regula-
tory Commission (FERC) to calculate a measure of

realized price volatility. This measure is defined as
the standard deviation of the actual prices a firm
receives for its electricity, so explicitly considers day-
ahead market transactions and sales based on bilat-
eral contracts. These alternative approaches again
leads to similar results.
In addition, we directly analyze whether hedging

opportunities can mitigate the impact of price vola-
tility on firms’ liquidity management. Preselling part
of their electricity production via futures, forwards,
or bilateral contracts can protect firms from volatile
wholesale prices, at least in the short run. In the
electricity industry, firms’ abilities to hedge in de-
rivative markets varies substantially across regions
because of differences in the availability and liquidity
of hedging instruments across markets. These dif-
ferences allow us to evaluate the extent to which
hedging and cash holdings are substitutes. We con-
struct three measures of a firm’s ability to hedge
product price risk. The first is based on a survey among
European firms conducted in 2008 for the European
Commission (Moffatt Associates Partnership 2008). In
this survey, firms were asked to rate their ability to
trade forward in a particular electricity market. The
second is the fraction of electricity transactions in a
particular market that were based on fixed prices.4

The third measure uses the same electricity transac-
tion data, but aggregates them on the firm instead of
the market level.
Using each of these measures, our estimates suggest

that the ability to hedge through derivativemarkets does
act as a substitute for cash holdings. Firms that can easily
hedge the electricity price adjust their cash holdings to
changes in volatility less than otherwise identical firms
without such hedging opportunities. Because it is usu-
ally cheaper to hedge through the derivatives market
than by holding cash, firms appear to rely on deriva-
tives when markets for them exist and are liquid. This
result highlights the way in which derivative markets
are substitutes to liquidity management, and suggests
that a benefit of having liquid derivative markets is that
they allow firms to hold less cash on their balance sheets.
Electric utilities use different technologies to generate

electricity. Some of these technologies, such as gas-fired
powerplants, are highlyflexible andhave lowfixed costs
(“flexible generators”). Other technologies, such as
coal or nuclear, are less flexible and havemuch higher
fixed costs (“baseload generators”). Thus, electricity-
producingfirms are likely heterogeneouswith regard
to their exposure to wholesale market volatility.
Flexible generators are likely to bid near their mar-
ginal cost (see Puller 2007, Hortaçsu and Puller 2008).
Because flexible generators do not have to sell if the
wholesale market price is lower than their bid, their
exposure to the price volatility is limited. Baseload
producers with high fixed costs, however, often bid
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near zero in order to ensure that they can sell their
electricity and therefore receive whatever the market
price happens to be. For this reason, baseload pro-
ducers are particularly vulnerable to price risk, even
though there is at least some cost pass-through in
electricity markets.5 Low-flexibility firms are there-
fore the ones for which electricity price volatility
should matter the most, and operating flexibility is
likely to affect the way in which individual firms
manage risk.6

Using data on about approximately 50,000 indi-
vidual power plants, we estimate the way in which
firms’ liquidity adjustments depend on characteris-
tics of their method of production. We find that
product price risk has little effect on liquidity man-
agement for firms using relatively flexible gas-fired or
oil-fired plants. Consistent with the notion that firms
with inflexible production like coal have greater de-
mand for hedging price risk, our estimates indicate
that cash holdings increase substantially with prod-
uct price volatility for these firms. For the bottom half
of our sample firms ranked in terms of operating
flexibility, a one-standard-deviation increase in price
volatility leads to a 10% relative increase in cash hold-
ings, compared with 4% for the top half (the latter
being statistically not different from zero).

There are several potential concerns with this op-
erating flexibility analysis. First, wind and solar power
plants are special forms of electricity generation be-
cause they cannot be actively dispatched and are often
subsidized (e.g., Joskow 2019, p. 4). For these reasons,
we exclude wind and solar plants when calculating
our main measure for operating flexibility. We also
find similar results if we exclude hydroelectric plants,
pump storage, or nuclear plants. Second, flexible and
inflexible generation technologies can differ in as-
pects other than flexibility. For instance, inflexible
production assets like coal or nuclear plants tend to
have a higher environmental liability exposure than
flexible plants. However, controlling for effects of en-
vironmental policy stringency based on anOrganisation
for Economic Co-operation and Development (OECD)
index indicates that such differences in liability ex-
posure are unlikely to drive our results. Third, we
address concerns that production assets are endog-
enously determined by using the average flexibility
of other firms in the same market and by using
weather volatility instead of electricity price vola-
tility. All these tests lead to results similar to those of
our main specification.

Ouranalysis extends the literature inanumberofways.
First, we measure the extent to which energy utilities
adjust their cash holdings in response to wholesale
price risk. By isolating one particular source of cash flow
risk and documenting firms’ responses to this risk, we
provide a particularly clean test on how product price

risk affects corporate liquidity management and
document that firms adjust their cash holdings in re-
sponse to product price risk. This finding adds to the
growing literature on the determinants of corporate li-
quidity management (e.g., Almeida et al. 2004, Bates
et al. 2009, Lins et al. 2010, Graham and Leary 2018)
and the literature on product markets and firms’ fi-
nancial decision making (e.g., Haushalter et al. 2007,
Hoberg and Phillips 2010, Hoberg et al. 2014). Fur-
thermore, our focus on price volatility also contrib-
utes to the literature on price flexibility. Bils and
Klenow (2004), for instance, document the general
importance of sticky prices; Gorodnichenko and
Weber (2016) show that price stickiness can affect
stock returns; and D’Acunto et al. (2018) find that
price flexibility is an important determinant of fi-
nancial leverage.
Second, our detailed asset-level data on the methods

of producing electricity used by different firms enables
us to measure the way in which firms’ reactions to
price risk depend on the flexibility of their produc-
tion process. Our analysis therefore complements
the prior literature on operating flexibility and firm
outcomes. Mauer and Triantis (1994), for instance,
analyze theoretically how operating adjustment costs
affect financing decisions. Empirical evidence in this
context is provided by MacKay (2003) and Reinartz
and Schmid (2016), who study the way in which
operating flexibility affects financial leverage.
Third, this paper provides some evidence that firms’

cash holdings and derivative usage are substitutes for
one another. This finding complements the work of
Disatnik et al. (2014), who document that there is a
negative relation between the cash flow hedging of
an individual firm and its cash holdings. It also adds
to prior literature on the financial consequences of
hedging through derivatives (e.g., Pérez-González
and Yun 2013) and the interaction between opera-
tional and financial hedging (e.g., Hoberg and Moon
2017, Giambona et al. 2018). Prior literature that in-
vestigates the impact of different forms of operating
flexibility on firms’ cash holdings includes Gamba
and Triantis (2013), Ghaly et al. (2017), and Kouvelis
et al. (2019). We also contribute to the literature on the
choice between cash and lines of credit. Related to
theoretical predictions of Acharya et al. (2013), we
find that firms facing higher price risk prefer holding
cash relative to lines of credit.
Fourth, this study adds to the literature on how

firms adapt to deregulation. Fabrizio et al. (2007), for
instance, analyze how efficiency of energy utilities is
affected by regulatory changes, and Ovtchinnikov
(2010) investigates capital structure decisions after
deregulation for multiple industries. An important
step of the deregulation process is the establishment
of wholesalemarkets for electricity, and our estimates
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imply that the introduction of these markets leads to
an increase in cash holdings of about 1.2 percentage
points, which corresponds to a 20% relative increase.
Because holding cash is costly for firms, this result
suggests that a hidden cost of deregulation is that it
increases the price risk faced by firms.

2. Wholesale Price Fluctuations and
Liquidity Management

2.1. The Wholesale Market for Electricity
Competitive wholesale markets for electricity exist in
many countries. In these markets, the prices for
electricity adjust to reflect the supply and demand at
a particular point in time. Noncommercial consumers
typically pay a prearranged rate to their retail com-
pany. These retail companies, however, typically
purchase electricity they sell to consumers from the
wholesale market at whatever the price happens to be.
In this paper, we focus on the electricity-generating
firms that are the suppliers of electricity on the
wholesale markets.

Wholesale markets for electricity usually have a
day-ahead market, in which market participants buy
and sell electricity for delivery on the following day.
Thus, this market is essentially a short-term futures
market. The DAM price for electricity is formed in-
dependently for each hour of the next day in an
auction between buyers and sellers. Some wholesale
markets also offer real-time markets in which elec-
tricity for delivery on the same day is traded. Fur-
thermore, generators can use bilateral contracts to sell
electricity (often with predetermined, fixed prices). In
this paper, we will focus on DAMprices because real-
timemarkets tend to bemuch smaller and less liquid.7

Later, we will explore the role of bilateral contracts
and hedging opportunities in general for firms’ li-
quidity management (see Section 5.1).

Wholesale electricity markets have developed in dif-
ferent regions of the world, with slightly different
structures and regulations. In the United States, the
Federal Energy Regulatory Commission order 2000,
whichwas issued in February 2000, set the starting point
for the creation of regional wholesale markets for elec-
tricity. Independent system operators (ISOs) and re-
gional transmission organizations (RTOs) then formed
market regions with day-ahead wholesale markets for
electricity. Currently, there are seven organized markets
in the United States. These are ISO New England, New
York ISO (NYISO), PJM, Midcontinent ISO, Southwest
Power Pool, ERCOT, and California ISO. Whereas
some of those markets focus (approximately) on a
single state (e.g., ERCOT coversmost of Texas), others
serve regions withmultiple states (e.g., PJM covers all
or part of 13 states). Regions outside these markets do
not have competitive markets for electricity, and
electricity is supplied by rate-regulated utilities.8

In Europe, the process of deregulating electric-
ity markets and introducing wholesale markets for
electricity was started in 1996 by European Union
(EU)Directive 96/92/EC. By the early 2000s,most EU
markets were deregulated. Most wholesale markets
in Europe cover one country, but Nord Pool, the
largest electricity market in Europe, is an impor-
tant exception and covers several northern Euro-
pean countries. In Asia and Oceania, the deregulation
process varied substantially across countries. Aus-
tralia, for example, was an early adopter and started
introducing wholesale markets in the mid-1990s. It
now has multiple markets, which generally cover
single states. There are no markets for which we are
able to obtain data during our sample period in South
America and Africa.
We collect hourly electricity prices for 40 power

markets located in 32 countries. We do not consider
markets that were active for less than five years during
our sample period, markets without day-ahead trad-
ing, and markets without hourly pricing.9 Although the
basic structure of electricity markets is similar across
the globe, the markets differ in a number of ways.
Because it is difficult to control for all cross-regional
differences econometrically, we focus on time-series
variation of electricity price volatility within a market
in most of our tests. Figure 1 illustrates the wholesale
markets in our sample as well as their average elec-
tricity price volatility. These regions cover a large
portion of the developed economic world.

2.2. Hypotheses
The volatility of electricity prices in wholesale mar-
kets creates cash flow risk for electricity producers.
Almeida et al. (2014) formally model a problem
similar to the one faced by electricity producers. In
this model, the firm faces an uncertain cash flow re-
quirement to continue a valuable investment, leading
the firm to hold cash in anticipation of the potential
cash flow shock. A clear implication of this model is
that when the magnitude of a potential cash flow
shock increases, a firm should hold more cash. Thus,
our first hypothesis is as follows:

Hypothesis 1. Higher electricity price volatility leads to
higher cash holdings.

However, it is important to note that not all electricity-
producing firms are likely to be equally affected by
volatility in wholesale prices for electricity. If firms can
use bilateral contracts or other instruments like for-
wards or futures to presell their electricity, their ex-
posure to the volatility on the day-ahead market is
limited.10 Thus, hedging opportunities can mitigate
the impact of price volatility on firms’ liquidity man-
agement. In this sense, the use of hedging instruments
can substitute for cash holdings because they transfer
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cash flows to the states of the world where they are
most valuable (Froot et al. 1993). Because holding cash
is costly for firms for tax reasons, financial hedging is
less expensive for firms (Almeida et al. 2014).11 Thus,
firms are likely to prefer hedging through deriva-
tive markets if such contracts are readily available.
Using heterogeneity with regard to the availability
of hedging opportunities will enable us to test our
second hypothesis:

Hypothesis 2. The impact of electricity price volatility on
cash holdings is concentrated in firms with few hedg-
ing opportunities.

In addition, the technology used to generate the
electricity is likely to affect the impact of wholesale
price volatility on liquidity management. Flexible
producers with low fixed cost can bid prices near their
marginal cost, which at least partially reduces their
exposure to (low) wholesale market prices. By con-
trast, baseload producers with high fixed cost typi-
cally bid near zero to ensure that they can sell their
electricity. These firms with low operating flexibil-
ity are the ones that are most exposed to (low)
wholesale market prices. Using detailed asset-level
data on firms’ power plants will enable us to test our
third hypothesis:

Hypothesis 3. The impact of electricity price volatility on
cash holdings is concentrated in firms with low operating
flexibility (baseload producers).

3. Data Description
3.1. Sample of Electricity-Producing Utilities
Our sample consists of publicly traded utilities in
the 2000 to 2016 period. For all countries except the

United States and Canada, we start by combining
lists of active and inactive utility companies from
Thomson Reuters. We clean this sample by elimi-
nating all firms without a primary security classified
as equity and obtain data on firms’ power plants
for this sample from the S&P Global Platts World
Electric Power Plant (WEPP) Database (see Sec-
tion 3.3). For the United States and Canada, we rely
on the S&P Global Market Intelligence database. This
database covers all utilities from those two countries,
including detailed data on their balance sheets and
power plants. Because we rely on data on finan-
cial statements, we drop all firms that are not public
stock corporations.
After combining the samples, we want to con-

sider only companies that focus on the generation of
electricity. To ensure that other companies are not in-
cluded, we rely on firms’ Standard Industrial Classi-
fication and Industry Classification Benchmark codes
and the business descriptions obtained from Capital
IQ, and additionally conduct manual research on the
companies’ business lines. We also drop utilities with
less than 100 megawatts of production capacity be-
cause electricity generation is likely not their main
business.12 We then eliminate utilities for which solar
or wind plants account for more than half of their
overall production capacity because those plants are
special in several dimensions, including that they are
often subsidized and have zero marginal production
cost (for more details about intermittent renewable
generation, see Joskow 2019).13 As a last step, we
remove firms that do not operate in regions with
competitive wholesale markets for electricity from
our main sample (we add those firms back in for our
deregulation tests in Section 4.5). We end up with a

Figure 1. (Color online) Electricity Markets

Notes. This figure shows all regions that have competitive wholesale markets for electricity and are included in our sample. Additionally, the
average volatility during our sample period is shown.
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sample of 213 unique electricity-generating firms that
operate a total of about 50,000 unique power plants.

3.2. Wholesale Electricity Price Data
To measure the degree of electricity price volatility,
we use hourly data on electricity prices in each mar-
ket. These data are available for 40 regional markets
from 32 countries. We obtain the price data from the
websites of power exchanges, direct contact with ex-
changes, or fromThomsonReuters. An overviewon all
included markets can be found in Appendix B. To
make the prices comparable across countries, all
prices are converted into U.S. dollars using daily
exchange rates.

To illustrate that there are considerable differences
with regard to price fluctuations across markets, we
present time-series plots of electricity price times for
in three selected markets in Figure 2: the German
market, Nord Pool, and the state of New York. The
full time series for all three markets is shown in the
first panel. In the following panels, we show an ex-
emplary year, month, and week for those markets.
The German market consistently has higher price
volatility than the New York market, which in turn
has higher volatility than the Nord Pool market. This
figure also illustrates that there is considerable variation
of the electricity price within a year, month, and day.
For example, the price for electricity in the German
market fluctuated between aroundUSD −50 andUSD
100 per megawatt hour in January 2012. The fact that
wholesale market buyers had to pay between USD 50
and nearly USD 100 permegawatt hour on January 15
illustrates the intraday fluctuations of the electric-
ity price. Part of these price variations is related to
(predictable) seasonal factors, which is another rea-
son why we mainly focus on changes of electricity
price volatility over timewithin a particularmarket in
most of our empirical analyses. Using this approach,
we ensure that our results are not affected by time-
constant seasonal factors in a market.

Because our goal is to evaluate the way in which
product price risk affects firms’ liquidity manage-
ment, we calculate different measures of the whole-
sale price fluctuations. To do so, we first calculate a
measure we refer to as Volatility. This measure equals
the standard deviation of hourly electricity prices in
the firm’s electricity market during its fiscal quarter,
normalized by the average electricity price in that
market.14 If afirm is active inmore than onewholesale
electricity market, Volatility is the capacity-weighted
average of the normalized standard deviations of
electricity prices in those markets. For most of the
analysis, we focus on the natural logarithm of Vola-
tility as our main measure of product price risk. To
ensure that this measure is comparable over time, we

calculate it only if at least 2,150 hourly electricity price
observations are available for a firm-quarter.
Besides our main measure of product price risk, we

calculate several alternative volatility measures. First,
we calculate the standard deviation of hourly elec-
tricity prices without scaling it by the average elec-
tricity price in that market. Second, we construct an
alternative definition of volatility based on the stan-
dard deviation of hourly electricity price changes.
Third, we define volatility as the standard deviation of
hourly changes in electricity prices, normalized by a
market’s average electricity price level.

3.3. Power Plant Data
Our measures for operating flexibility are based on the
generation technologies of the sample firms’ power
plants. Data on the production technologies for single
power plants are obtained from the annual versions of
the S&P Global Platts World Electric Power Plant
Database for all firms outside the United States and
Canada. This comprehensive database includes in-
formation on single power plant units, including their
production technologies, capacities, geographic lo-
cations, start dates of commercial operation, and
owners/operators. We obtain data from this data-
base for all years between 2000 and 2016 and man-
ually match each power plant in this database to the
energy utilities sample. About 50% of the plants
match to our sample firms; the remainder are, for
instance, owned by large utilities that are not publicly
listed and are excluded from our sample for this
reason. For U.S. and Canadian firms, data on power
plants come from the S&P Global Market Intelli-
gence database. This database includes the history of
ownership changes, which allows us to identify the
power plants our sample firms owned in each year.
Based on this asset-level data, we will construct
measures for firms’ operating flexibility in Section 5.2.

3.4. Hedging Data
Because firms do typically not sell all their electricity on
the day-ahead market, the hedgeability of electricity
prices plays an important role.We use two data sets to
measure how easily firms can hedge the electricity
price. The first is based on a survey among European
firms that was conducted in early 2008 for the Eu-
ropean Commission (Moffatt Associates Partnership
2008). This survey provides a comprehensive picture
of the hedgeability of electricity prices in European
markets because it is not limited to hedging instru-
ments that are traded on exchanges (i.e., mainly fu-
tures in the context of electricity), but also covers
over-the-counter contracts.
The second data set is from the EQR database of the

FERC, which contains almost all electricity transactions
of U.S. utilities.15 This database not only contains the
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Figure 2. (Color online) Hourly Electricity Prices in USD perMegawatt Hour for Three SelectedMarkets: EPEX_D (Germany),
Nord Pool (Northern Europe), and NYISO (State of New York)

Notes. The whole time series is shown in panel (a). The prices for an exemplary year (2012), month (January 2012), and day (January 15, 2012) are
shown in panels (b), (c), and (d), respectively. For this illustration, prices are capped at USD −50 andUSD 300 permegawatt hour. An overviewof
all included markets can be found in Appendix B.
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price for each transaction, but also indicates whether a
market-based rate or a fixed rate was used. Because
2014 is the first full year for which firms had to disclose
the type of rate used in a particular transaction, we use
this year as starting point for our tests that are based
on EQR data. Because utilities located in the ERCOT
market region are exempt from this regulation, we
exclude them from all tests using EQR data. After
downloading quarterly EQR data from 2014 from the
FERC website and processing more than 100 million
individual transactions, we constructed measures for
realized price volatility (see Section 4.4) and the use of
fixed-price bilateral contracts (see Section 5.1).

3.5. Financial Variables
Financial variables come from S&P Global Market
Intelligence (United States/Canada) or Worldscope
(all other countries). Our measure of cash holdings is
calculated as the total cash holdings of the firm at the
fiscal quarter end normalized by the book value of
assets at the same time. The main control variables
included are size (measured as the natural logarithm
of total assets), cash flow (earnings before interest,
taxes, depreciation, and amortization scaled by total
assets), leverage (total debt divided by the sum of
total debt and book value of equity), and GDP (the
natural logarithm of the gross domestic product per
capita).16 In additional tests, we also control for
several other possible determinants of cash holdings,
such the market-to-book ratio (market capitalization

divided by the book value of equity), capital expen-
ditures (scaled by total assets), dividend payments
(a dummy variable that equals 1 if a divided is
paid), and the inflation rate. To restrict the impact
of outliers, all variables are winsorized at the 1%
and 99% levels.

3.6. Descriptive Statistics
Panel A of Table 1 shows the descriptive statistics for
our sample firms, averaged over all firm-quarters. On
average, energy utilities have cash holdings equal to
5% of their total assets. Furthermore, there is consid-
erable variation in the cash ratio with an interquartile
range of six percentage points. The average value of
Volatility is 0.46, with a standard deviation of 0.56.
The average value of Flexibility is 0.39,with a standard
deviation of 0.27. The average firm in our sample has
total assets of around USD 24 billion (median, USD
13 billion). Panel B of Table 1 presents a correlation
matrix for the different volatility measures and in-
dicates that all measures are highly correlated.

4. Estimating the Impact of Product Price
Risk on Liquidity

4.1. Empirical Specification
Tomeasure the impact of product price risk on liquidity
managementdecisionsof electricity-producingfirms,we
estimate the extent to which their cash holdings are af-
fected by the volatility of electricity wholesale prices.17

Table 1. Descriptive Statistics

Variable N Mean p25 p50 p75 SD

Panel A: Firm-level descriptives

Cash 5,711 0.05 0.01 0.03 0.07 0.06
Volatility 5,784 0.46 0.23 0.33 0.50 0.56
Log(Volatility) 5,784 −1.05 −1.48 −1.11 −0.69 0.66
Weather volatility 5,736 4.67 3.26 4.42 5.80 1.81
Log(Weather volatility) 5,736 1.46 1.18 1.49 1.76 0.41
Flexibility 5,784 0.39 0.19 0.37 0.56 0.27
Assets (USD millions) 5,783 24,022 3,942 13,005 33,764 28,486
Assets (log) 5,783 16.16 15.19 16.38 17.33 1.51
Cash flow 5,718 0.03 0.02 0.03 0.04 0.04
Leverage 5,712 0.44 0.32 0.41 0.58 0.18
GDP (USD per capita) 5,735 10.45 10.53 10.75 10.81 0.75

Panel B: Correlation of volatility measures

A B C D E

A. Log(Volatility) 1.00
B. Volatility 0.77 1.00
C. Log(Volatilityprice) 0.84 0.64 1.00
D. Log(Volatilitydiff) 0.78 0.62 0.94 1.00
E. Log(Volatilitystd. diff) 0.92 0.74 0.81 0.89 1.00

Notes. Panel A presents descriptive statistics averaged over all firm-quarters in our sample. Reported are the number of observations (N), mean
value, 25% percentile (p25), median (p50), 75% percentile (p75), and standard deviation (SD). Panel B shows the correlation between the different
measures for electricity price volatility. A detailed description of all variables can be found in Appendix A.
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In our equations predicting an energy utility’s cash
holdings, we use measures of electricity price vola-
tility afirm faces in a particular quarter as our primary
independent variable.

Because wholesale electricity market prices contain
variation both across and within years, our data are
organized at the firm-quarter level. To account for the
fact that electricity price seasonality can differ between
countries, we include quarter times country fixed ef-
fects in ourmain specification (in addition to year fixed
effects). As discussed before, electricity markets differ
along dimensions that are difficult to control for. For
this reason, and because there is likely to be unob-
served heterogeneity between firms, our main speci-
fication includes firm fixed effects. Thus, it exploits
variation of electricity price volatility over time within
firms. In addition, we include the firm’s log assets, its
cash flow (normalized by assets), its leverage (total
debt scaled by total debt plus book value of equity),
and the log of the annual GDP per capital (in 2010
USD) in each equation. In our main specification,
we use contemporaneous firm-level control variables
because not all firms report financial data for all
quarters (lagged firm-level controls are used as a
robustness test). For GDP, we use the lagged annual
value because the contemporaneous value would
be forward looking for the first, second, and third
quarters. The reported t-statistics are based on robust
Huber/White standard errors (White 1980), clustered
by countries. For tests that focus only on North

America, standard errors are clustered by markets
(or states for firms that do not have their headquar-
ters in a market region). We present alternative ways
to account for seasonality and clustering in the
online appendix.

4.2. Estimates of the Impact of Product Price
Volatility on Cash Holdings

We present estimates of the impact of product price
volatility on cash holdings in Table 2. We first present
estimates that include country fixed effects but no
firm fixed effects in column (1). In column (2), we add
country times quarter fixed effects to allow for a
country-specific seasonality in the electricity price.
These estimates suggest that, consistent with theo-
retical predictions, higher wholesale price volatility
is associated with higher cash holdings. The esti-
mates imply that a one-standard-deviation increase
in volatility leads to a 0.5-percentage-point increase
of the cash ratio. Because the average cash ratio in
our sample is 0.05, this increase represents approxi-
mately a 10% change. In columns (3) and (4), we in-
clude firm fixed effects. The inclusion of firm fixed
effects lowers the predicted impact of a one-standard-
deviation increase in volatility to a 0.4-percentage-
point increase in cash holdings, which represents a
7% change. These calculations indicate that when
product price risk is higher, firms tend to increase
their cash holdings, presumably as a way of managing
their liquidity.18

Table 2. Explaining Cash Holdings as a Function of Wholesale Price Volatility

(1) (2) (3) (4)

Log(Volatilityt) 0.0072*** 0.0073*** 0.0051*** 0.0055***
(3.88) (3.94) (3.01) (3.12)

Log(Assetst) −0.0040*** −0.0037*** −0.0098 −0.0096
(−2.81) (−2.80) (−1.42) (−1.38)

Cash flowt −0.022 −0.031 −0.016 −0.017
(−0.42) (−0.61) (−0.50) (−0.49)

Leveraget −0.018 −0.014 −0.018 −0.016
(−0.61) (−0.49) (−0.66) (−0.61)

Log(GDP per capitat−1y) −0.063*** −0.065*** −0.098** −0.098**
(−3.11) (−3.02) (−2.35) (−2.36)

Firm FEs No No Yes Yes
Country FEs Yes Yes N/A N/A
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Country × quarter FEs No Yes No Yes
Observations 5,558 5,556 5,551 5,549
Adjusted R2 0.41 0.41 0.68 0.68

Notes. The dependent variable is quarterly cash holdings normalized by total assets. Volatility is defined
as the standard deviation of hourly electricity prices in a fiscal quarter, normalized by amarket’s average
electricity price level. Values in parentheses are t-statistics based on Huber/White robust standard
errors clustered by countries. A detailed description of all variables can be found in Appendix A. FEs,
fixed effects.∗∗ and ∗∗∗ indicate significance at the 5% and 1% levels, respectively.
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4.3. Identifying the Equation Using Weather
Uncertainty as Instrument for Volatility

The estimates in columns (3) and (4) of Table 2 include
firm fixed effects and thus are based on variation in
wholesale price volatility over time rather than across
firms. There are at least two reasons why volatility
could potentially be correlated with the residual in
the equations reported in Table 2. First, in some cir-
cumstances, firms are not price takers and do have an
impact on the prices they pay. Second, it is conceiv-
able that electricity price volatility in a market could
be correlated with other time-variant country factors,
such as economic growth expectations. If these factors
also affect firms’ liquidity management, they could
lead to a nonzero correlation between volatility and
the residuals in the estimated equations.

To address such concerns and to identify the im-
pact of product price risk on firms’ liquidity policies
more cleanly, we exploit the fact that electricity prices
are heavily influenced by an exogenous factor—the
weather (Pérez-González and Yun 2013). Electricity
demand varies considerably over time, with weather
being a major factor influencing demand. In addition,
electricity is nonstorable in an economically mean-
ingful way, and its demand tends to be price inelastic.
As a consequence, the price of electricity fluctuates
considerably over time because of demand volatility,
and one important driver of demand volatility is the
weather. Thus, higher fluctuations in temperatures
increase the volatility of electricity demand, which in
turn leads to a higher volatility of electricity prices.

Because weather is out of any firm’s control and
affects the volatility of electricity prices, weather
provides a valid instrument for price volatility. We
construct an instrument for electricity price volatility
using the volatility of daily temperatures in a power
market and quarter. As in ourmain analyses, we focus
on time-series variation in the volatilities of temper-
atures and electricity prices within firms over time
because there are likely to be many unobservable
factors that influence both temperatures and prices in
the cross section. We obtain data on daily tempera-
tures from the Global Historical Climatology Net-
work (for a detailed description of this data set, see
Menne et al. 2012). These daily temperatures are
measured at theweather-station level, sowematch all
weather stations to electricity markets.19We calculate
the daily average temperature in a power market as
the mean over all weather stations in that market and
define Weather volatility as the standard deviation of
daily temperatures during a firm’s fiscal quarter.20

We start with a reduced-form estimation in col-
umn (1) of Table 3. This specification is identical to
column (4) of Table 2, but we replace the natural
logarithm of electricity price volatility with the natural
logarithm of the weather volatility. We find clear

evidence that this variable has a positive impact on
firms’ cash holdings. A one-standard-deviation in-
crease in weather volatility leads to a 0.5-percentage-
point increase of the cash ratio, which corresponds
to a 10% relative increase. This magnitude is nearly
identical to that in our main specification in Table 2.
To evaluate further whether the volatility of the

weather is related to electricity price volatility, we
estimate a first-stage regression in which we predict
price volatility as a function of weather volatility.
Estimates of this equation, reported in column (2) of
Table 3, indicate that weather volatility clearly pre-
dicts movements in electricity price volatility (with a
F-statistic of around 40). Therefore, because weather
volatility is exogenous but correlated with electricity
price volatility, it appears to be a valid instrument.
In column (3) of Table 3, we analyze the impact of

volatility on cash holdings using the instrumented
values for volatility. As in the specifications reported
in Table 2, we find a strong and positive impact of
variations in the electricity price on firm liquidity. The
estimates imply that a one-standard-deviation increase
in the instrumented electricity price volatility leads to an
increase of cash holdings of about 1.2 percentage points,
which corresponds to a 23% increase. The magnitude is
higher than for the reduced-form estimation in col-
umn (1) and our main specifications in Table 2, where
wefind a 10% relative increase. A potential concernwith
these results could be that weather affects not only
wholesale price volatility, but also the production pro-
cess of solar and wind power plants. To mitigate such
concerns, we repeat the previous analysis but restrict the
sample to firms for which solar andwind plants account
for less than 10% of their overall capacity. The estimates
in column (4) of Table 3 are similar to those reported
above. Overall, these findings suggest that changes in
electricity price volatility occurring because of weather
fluctuations causally affect liquidity management deci-
sions of firms.

4.4. Robustness Regarding Details of theWholesale
Electricity Market

One possible concern about the results is that not
all utilities are price takers and some have the ability
to affect wholesale prices through their bidding be-
havior during the auction process. Although such
concerns are addressed somewhat by our instru-
mental variable estimates, we further assess whether
bidding behavior could be affecting our results. First,
we reestimate our equation excluding firms that ac-
count for more than 20% of the production capacity
in a particular market and are likely to have signifi-
cant market power and find similar results (see
panel A of Table 4). We also find similar results if we
exclude firms with more than 10% of 1% market
share, or interact their market share with volatility
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(i.e., volatility remains similar to before and the in-
teraction term is insignificant).

Next, we exploit demand forecast data from U.S.
market operators. This one-day-ahead demand fore-
cast, which is conducted and published by market
operators, is independent of firms’ actual bidding
behavior. Because the data are not available before
the third quarter of 2015, we rely on cross-sectional
variation for this particular test. In panel B of Table 4,
we find that the standard deviation of hourly day-
ahead demand forecasts, normalized by a market’s
average demand level, is positively related to the
firm’s level of cash holdings. This finding holds
whether we use the demand forecast volatility for the
specific quarter or the average volatility in a region.
Assuming that cross-sectional patterns in the demand
forecast volatility are relatively constant over time,
we also find similar results if we use the average
demand forecast volatility for the 2010 to 2016 pe-
riod. Overall, this test shows that finding that higher
demand volatility leads to increased cash holding
suggests that the prior results on price volatility and

cash holdings do not occur because of strategic bid-
ding behavior.
Another possible concern is that electric utilities

usually do not sell all their electricity in day-ahead
markets, but also use long-term contracts. Because
our analysis presumes that the firms’ cash flows are a
function of prices in day-aheadmarkets, it potentially
misrepresents volatility for firms that rely on long-
term contracts to a large extent. As a rough estimate of
the importance of the day-ahead market in a partic-
ular region, we collect data on the electricity volume
traded on a particular market and scale this by the
total consumption of the region that is served by the
market. Because of the difficulty in collecting these
data, we use information as of 2010 or the closest year
to 2010 for which data are available. In panel C of
Table 4, we then exclude firms located in markets that
account for less than one-third, half, or two-thirds of
the overall consumption. The results in this panel
are consistent with those presented earlier, and the
t-statistics increase when we exclude the regions for
which day-ahead markets are less important.

Table 3. Instrumenting Wholesale Price Volatility Using Weather Volatility

Model

(1)
All

Red. form

(2)
All

First-stage IV
regression

(3)
All

Second-stage IV
regression

(4)
Wind/solar <10%
Second-stage IV

regression

Log(Weather volatilityt) 0.0095*** 0.52***
(3.02) (6.13)

Log(Volatilityt)instr 0.018** 0.020***
(2.66) (2.99)

Log(Assetst) −0.0096 0.029 −0.010 −0.0100
(−1.40) (0.66) (−1.49) (−1.29)

Cash flowt −0.021 −0.045 −0.020 −0.024
(−0.60) (−0.21) (−0.57) (−0.70)

Leveraget −0.018 −0.053 −0.017 −0.016
(−0.66) −0.32) (−0.65) (−0.56)

Log(GDP per capitat−1y) −0.14*** 0.80 −0.15*** −0.16***
(−3.78) (0.77) (−3.49) (−3.21)

Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Country × quarter FEs Yes Yes Yes Yes
Observations 5,501 5,501 5,501 4,886
K–P rk Wald F N/A 37.63 60.22

Notes. This table shows instrumental variable regressions that use quarterly weather volatility as an
instrument for quarterly electricity price volatility. Weather volatility is defined as the standard
deviation of daily average temperatures in a fiscal quarter. Electricity price volatility is defined as
the standard deviation of hourly electricity prices in a fiscal quarter, normalized by a market’s average
electricity price level. The sample for this analysis consists of all firms in columns (1)–(3). In column (4),
only firms with less than 10% wind and solar generation capacity are considered. First-stage instru-
mental variable regressions are reported in column (2), with log(Volatility) as the dependent variable.
Column (1) shows a reduced-form regression, and columns (2) and (4) show second-stage instrumental
variable regressions with quarterly cash holdings normalized by total assets as dependent variables.
“K–P rk Wald F” is the Kleibergen–Paap rk Wald F-statistic. Values in parentheses are t-statistics based
on Huber/White robust standard errors clustered by countries. A detailed description of all variables
can be found in Appendix A. Red., reduced; FEs, fixed effects; IV, instrumental variable.∗∗ and ∗∗∗ indicate significance at the 5% and 1% levels, respectively.
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As a second approach to understanding the extent
to which the use of long-term contracts in addition to
the day aheadmarket affects the interpretation of our
results, we calculate the realized price volatility for
U.S. firms, including the prices received through
both the day-ahead market and long-term contracts.
We estimate price volatility using data from FERC’s
EQR database, which contains almost all electricity
transactions for U.S. utilities (see Section 3.4 for a

detailed description). The realized price volatility is
calculated as the standard deviation of the prices of
all transactions a firm conducts in a particular quar-
ter scaled by the average price. In columns (1) and (2)
of panel D of Table 4, we measure how well whole-
sale price volatility explains realized price volatility
in the cross section. We rely on cross-sectional evi-
dence because of the relatively short time series of
the realized price volatility data, which start in 2014.

Table 4. Exploring the Role of Institutional Details

Panel A: Market power

Market share (capacity)
(1)

<20%
(2)

<10%
(3)
<1%

(4)
All

Log(Volatilityt) 0.0056*** 0.0054** 0.0060** 0.0049***
(3.10) (2.63) (2.10) (2.80)

Market share (capacity)t 0.041***
(2.84)

Log(Volatilityt) × Market sharet 0.0028
(0.36)

Controls Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Country × quarter FEs Yes Yes Yes Yes
Observations 4,860 4,144 1,921 5,520
Adjusted R2 0.67 0.67 0.71 0.68

Panel B: Demand volatility (United States only, cross-sectional)

Sample Starts 2015Q3 Starts 2010

Log(Demand forecast volatilityt) 0.051*** 0.042**
(4.79) (3.10)

Log(Demand forecast volatilityavg) 0.099*** 0.10**
(3.29) (2.47)

Controls No Yes Yes Yes
Firm FEs No No No No
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Observations 256 255 259 1,227
Adjusted R2 0.027 0.28 0.28 0.20

Panel C: Importance of day-ahead market for electricity (in 2010)

DAM-to-consumption2010 ≥1/3 ≥0.5 ≥2/3 All

Log(Volatilityt) 0.0038** 0.0045*** 0.0041*** 0.0059***
(2.77) (3.22) (4.08) (3.21)

Log(Volatilityt) ×
DAM2010

consumption2010
−0.0017
(−0.43)

Controls Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes

Country × quarter FEs Yes Yes Yes Yes
Observations 4,043 3,684 3,303 5,224
Adjusted R2 0.67 0.64 0.61 0.70
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We find very high coefficients (close to one) with
t-values above 30 for wholesale price volatility. These
large coefficients imply that wholesale price volatil-
ity explains a large part of the realized price vola-
tility. If we use the realized price volatility instead
of wholesale price volatility in regressions that have
cash holdings as dependent variables in columns (3)
and (4), we find that the coefficient is compara-
ble to our main specifications using wholesale mar-
ket volatility.

4.5. The Introduction of Wholesale Markets
The resultswe have presented suggest that electricity-
producing firms’ cash holdings change with the
volatility in wholesale electricity prices. Firms that
face more volatile product prices compensate for this
risk by holding more cash, as predicted by the pre-
cautionary theory of cash holdings. Holding cash is
costly because it is tax disadvantaged in most coun-
tries and creates potential agency problems. The cost
of holding the incremental cash can be thought of as
a cost of deregulation because the establishment of
wholesale markets for electricity is an important step
in the deregulating process.

An implication of this view is that producing firms
that operate in regions with wholesale markets for
electricity should face more risk, and consequently
hold more cash, than otherwise similar firms who
operate in regulated markets. This prediction can be
tested in our sample because 68 of our sample firms
experienced the introduction of a wholesale market
during our sample period. For those firms, we calculate
their average cash holdings in the five-year periods
before and after the introduction of the wholesale mar-
ket.21 To avoid econometric problems due to serially
correlated outcomes, we collapse the time series so
that we end up with one before and one after period
for each of those 68 firms (see Bertrand et al. 2004).
We present estimates of this equation in column (1)

of Table 5. In column (2), we additionally add control
variables, which are calculated as averages in the
before or after period. The variable of interest is a
dummy variable that we call Market, which equals 0
in the before period and 1 in the after period. The
estimated coefficient on Market is positive, with a
magnitude between 0.014 and 0.0.18. This coefficient
implies that having to sell electricity through a
wholesale market leads firms to increase cash holdings

Table 4. (Continued)

Panel D: Realized price volatility (United States only, cross-sectional)

Dependent variable Log(Realized volt) Cash

Log(Volatilityt) 0.88*** 0.86*** 0.0055***
(33.9) (38.7) (4.88)

Log(Realized volatilityt) 0.0083**
(3.32)

Controls No Yes Yes Yes
Firm FEs No No No No
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Market × quarter FEs Yes Yes Yes Yes
Observations 436 436 466 459
Adjusted R2 0.32 0.36 0.26 0.28

Notes. In the base specification, the dependent variable is quarterly cash holdings normalized by total assets and volatility is defined as the
standard deviation of hourly electricity prices in a fiscal quarter, normalized by a market’s average electricity price level. The unreported control
variables are identical to those in Table 2.

In panel A, we explore the role of firms’market power. In column (1), only firms that account for less than 10% of the total capacity in amarket
and year are included. The market share of the company is interacted with volatility in column (2). In column (3), the 10 largest firms in a market
and year are excluded. The rank of the firm in terms of its capacity in a market and year is interacted with volatility in column (4). In panel B, the
main independent variable is the volatility of the demand forecast, which is defined as the standard deviation of hourly day-ahead demand
forecast, normalized by a market’s average demand forecast. The demand forecast is conduced on a market level by the market operator (e.g.,
PJM) and obtained from the U.S. Energy Information Administration. Only U.S. firms are included for this test because demand forecast data are
not available for other countries. In panel C, we explore the role of the market size, measured as the annual volume of a country’s day-ahead
market in 2010 scaled by its total electricity consumption in that year. In columns (1)–(3), we include firms only if the capacity-weighted average
of this market size is above one-third, half, or two-thirds. In the last column, we interact this measures with volatility. In panel D, we investigate
realized price volatility, which is defined as the standard deviation of transaction prices of a firmwithin a particular quarter. The data come from
the FERC’s EQRdatabase and are available only for U.S. firms. In the first two columns, realized price volatility is used as the dependent variable,
whereas cash is the dependent variable in the latter two columns. Values in parentheses are t-statistics based on Huber/White robust standard
errors clustered by countries (panels A and C) or markets/states (panels B and D). A detailed description of all variables can be found in
Appendix A. Q3, Third quarter. FEs, fixed effects.∗∗ and ∗∗∗ indicate significance at the 5% and 1% levels, respectively.
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by approximately 1.5 percentage points, which would
represent a 30% relative increase in an average firm’s
cash holdings.

In addition, we estimate equations using our main
electricity price volatility measure and set it to zero
for regions without wholesale markets in columns (3)
and (4). The advantage of this measure is that it
considers the level of price risk in deregulated mar-
kets. The findings again show that higher product
price risk leads to higher cash holdings. Overall, this
analysis suggests that the introduction of whole-
sale markets as an important step in the deregu-
lation process leads to higher cash holdings in the
energy utilities industry, especially in markets where
wholesale prices are more volatile. The holding cost
of this additional cash can be thought of an additional
cost of deregulation.

5. Hedging Opportunities, Operating
Flexibility, and Lines of Credit

In this section, we explore howhedging opportunities
and operating flexibility affect the way in which firms
react to product price risk. At the end, we investigate
whether firms prefer holding cash or lines of credit to
manage price risk.

5.1. The Role of Hedging Opportunities
Preselling part of their electricity production via fu-
tures, forwards, or bilateral contracts may protect
firms from volatile wholesale prices, at least in the
short run. In this sense, an alternative to holding cash
as liquidity is to hedge the electricity price.22 To evaluate
the extent to which the possibility of hedging price
risk is a substitute for holding cash as a way to man-
age liquidity, we exploit the fact that the opportunities
to hedge electricity price risk vary substantially across
power markets.

We first construct a measure of firms’ abilities to
hedge in a particular market based a survey among
European firms (Moffatt Associates Partnership 2008;
see Section 3.4 for a data description). In this survey,
energy firms are asked how they rate the ability to
trade forward in a particular electricity market.
Based on the responses, we classify every market as
having a high or low hedgeability. If a firm operates
in more than one market, we use the capacity-
weighted average of hedgeability. In column (1) of
Table 6, panel A, we estimate our base model for the
sample forwhich data on hedgeability are available as
benchmark model.23 When we split our sample firms
into those operating in regions with low and high
hedgeability in columns (2) and (3), we find that only
those firms from regions with low hedgeability in-
crease cash holdings if price volatility goes up. Firms
that can easily hedge the electricity price do not react

to changes in price volatility at all. It is thus not
surprising that the interaction between volatility and
hedgeability in column (4) loads negatively. Firms’
propensities to adjust their cash holdings in response
to changes in product price volatility depend strongly
on their ability to hedge price risk in derivative
markets. In other words, the use of cash holdings for
risk management and hedging in derivative markets
appear to be substitutes.
We complement the evidence from the survey

among European firms using transaction-level data
that are available for U.S. firms. In this setting, we
separate sales that use market rates and sales that use
predetermined fixed rates (e.g., bilateral contracts).
For this purpose, we use EQR data (see Section 3.4
for a data description) and rely on the data item
type of rate. It takes the values fixed, formula, elec-
tric index, and RTO/ISO.24 The first measure is a
region-quarter-level measure that is calculated as the

Table 5. The Introduction of Wholesale Markets and
Cash Holdings

Collapsed Full

(1) (2) (3) (4)

Market (dummy)t 0.014** 0.018**
(2.34) (2.24)

Volatilityzero,t 0.0060*** 0.0058***
(3.24) (3.08)

Log(Assetst) −0.018 −0.0049 −0.0050
(−0.62) (−0.79) (−0.79)

Cash flowt −0.063 0.049 0.048
(−0.25) (0.90) (0.87)

Leveraget 0.030 −0.076*** −0.076***
(0.55) (−2.99) (−2.99)

Log(GDP per capitat−1y) −0.028 −0.025 −0.024
(−0.52) (−1.40) (−1.36)

Firm FEs Yes Yes Yes Yes
Year FEs N/A N/A Yes Yes
Quarter FEs N/A N/A Yes Yes
Country × quarter FEs N/A N/A No Yes
Observations 136 126 10,699 10,695
Adjusted R2 0.71 0.74 0.63 0.63

Notes. The dependent variable is quarterly cash holdings normalized
by total assets. In columns (1) and (2), we collapse the data set into
before and after periods, which consist of the five years before and
after the introduction of a wholesale market for electricity, respec-
tively.Market is a dummy variable that equals 1 if a wholesale market
for electricity exists. The term Volatilityzero is defined as the standard
deviation of hourly electricity prices in a fiscal quarter, normalized
by a market’s average electricity price level. For regions without
a wholesale market for electricity, this variable is set to 0. The year
in which a market is introduced is excluded in all analyses. All
models are firm fixed effect (FE) regressions. Values in parentheses
are t-statistics based on Huber/White robust standard errors clus-
tered by countries. A detailed description of all variables can be
found in Appendix A. N/A, not available.∗∗ and ∗∗∗ indicate significance at the 5%and 1% levels, respectively.
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volume-weighted fraction of trades that use fixed or
formula pricing relative to all trades. If this fraction is
high in a particular market and quarter, it means that
many firms are selling electricity for prices that are

independent of the RTO/ISO rates. This variable there-
fore measures how common hedging is in a particular
market and quarter.Wedirectly use thismarket-quarter-
level measure for firms that only operate in one market

Table 6. Do Hedging Opportunities Mitigate the Impact of Price Risk on Cash Holdings?

Sample
(1)
All

(2)
Low hedg.

(3)
High hedg.

(4)
All

Panel A: Ability to hedge based on survey among European firms

Log(Volatilityt) 0.0047 0.013** 0.000073 0.011*
(1.23) (2.52) (0.021) (1.83)

Hedgeability (survey) N/A N/A
Log(Volatilityt) × Hedgeability −0.011*

(−1.76)
Controls Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Country × quarter FEs Yes Yes Yes Yes
Observations 1,765 897 859 1,765
Adjusted R2 0.65 0.60 0.66 0.65

Panel B: Fraction of transactions with fixed prices (United States only, market level)

Log(Volatilityt) 0.0041** 0.0096 −0.00068 0.0077**
(2.44) (1.70) (−0.27) (2.34)

Hedgeability (fixed prices, region)t −0.066* −0.12***
(−1.86) −3.97)

Log(Volatilityt) × Hedgeability −0.045**
−2.83)

Controls Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Market × quarter FEs Yes Yes Yes Yes
Observations 459 222 222 459
Adjusted R2 0.83 0.72 0.88 0.83

Panel C: Fraction of transactions with fixed prices (United States only, firm level)

Log(Volatilityt) 0.0036* 0.0045 0.00053 0.0048**
(2.28) (1.31) (0.54) (2.51)

Hedgeability (fixed prices, firm)t −0.0086 −0.013*
(−1.53) (−2.08)

Log(Volatilityt) × Hedgeability −0.0036**
(−2.78)

Controls Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Market × quarter FEs Yes Yes Yes Yes
Observations 436 215 214 436
Adjusted R2 0.85 0.91 0.51 0.85

Notes. Thedependent variable is quarterly cashholdings normalizedby total assets.Volatility is defined as the
standard deviation of hourly electricity prices in a fiscal quarter, normalized by a market’s average electricity
price level. In panel A, hedgeability is based on survey data among European firms. In panels B andC,we use
individual translation data from the FERC’s EQR database to calculate the fraction of transactions that use
fixed priceswithin amarket region (panel B) orwithin afirm (panel C).More details are provided inAppendixA.
The unreported control variables are identical to those in Table 2. Values in parentheses are t-statistics
based on Huber/White robust standard errors clustered by countries (panel A) or markets/states
(panels B andC). A detailed description of all variables can be found in Appendix A. hedg., hedgeability;
FEs, fixed effects; N/A, not available.∗, ∗∗, and ∗∗∗ indicate significance at the 10%, 5%, and 1% levels, respectively.
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or calculate the capacity-weighted average for firms
operating in multiple markets.

The results are reported in panel B of Table 6. In
column (1), we estimate our main specification and
control for hedgeability as benchmark model. In col-
umns (2) and (3), we split the sample in firms with low
and high hedgeability, where a region-quarter is clas-
sified as having low (high) hedgeability if the fraction of
trades that use fixed or formula pricing is below (above)
the median. We find that the coefficient estimate for
electricity price volatility is 0.01 for regions with low
hedgeability (marginally insignificant), and −0.0007 for
regions with high hedgeability. When we interact
hedgeability with the electricity price volatility, the
impact of volatility on cash holdings is substantially
reduced by hedgeability.

Our secondmeasure for theU.S. setting is afirm-level
measure that uses the same calculation approach as the
region-level measure, but does not aggregated the data
on the market level. The results, presented in panel C of
Table 6, are in line with the market-level findings:
only firms with a low fraction of fixed-price contracts
react to changes in the electricity price volatility.
Consistent with Hypothesis 2, both the results from
the European survey data and the findings based on
U.S. transaction data suggest that hedging through
derivativemarkets or bilateral contracts is a substitute
for holding cash.

5.2. The Role of Operating Flexibility
We evaluate whether the method of production used
by our sample firms affects their response to changes
in price volatility. To do so, we use our annual data on
production assets to calculate the degree of operating
flexibility for each firm in each year using the pro-
duction technologies of single power plants. We de-
fine Flexibility as the generation capacity of flexible
power plants, scaled by the total generation capacity,
for every firm and year. Gas- and oil-fired power
plants are considered flexible because they have the
fastest run-up time and the lowest ramp-up cost,
whereas coal, lignite, nuclear, are waste are costly to
stop and start, and so are classified as not flexible.25

As for GDP, we use the lagged annual value of flex-
ibility because the contemporaneous value would be
forward looking for quarters one to three.

To assess whether operating flexibility affects the way
in which firms react to product price risk, we start by
adding Flexibility as an additional control variable in
column (1) of Table 7. The estimates indicate that
operating flexibility itself has little impact on firms’
cash holdings. Next, we split the sample in two
subsamples of firms with low operating flexibility in
column (2) and high operating flexibility in column (3).
Consistent with Hypothesis 3, the results suggest that
the impact of price volatility on cash holdings comes

primarily from the sample of firms with relatively
inflexible production technologies. For those base-
load producers, the coefficient on volatility is 0.0074,
whereas for firms with high levels of operating flexi-
bility, the coefficient is 0.0029, which is not statistically
significantly different from zero. In column (4), we use
a specification with an interaction term between op-
eration flexibility and product price risk and find a
statistically significant negative coefficient on the in-
teraction term.
Overall, the positive impact of volatility on cash

holdings appears to be driven by baseload producers
with inflexible production technologies. In contrast to
flexible firms, these energy utilities tend to have high
fixed costs and bid near zero because they cannot
easily adjust their production. For this reason, those
firms have a high exposure to electricity price vola-
tility, and so appear to build up liquidity buffers if the
electricity price is highly volatile. Operating flexi-
bility and cash holdings appear to be substitutes for
one another in their effect on firms’ ability to hedge
product price or, more generally, cash flow uncer-
tainty. The online appendix presents additional tests
that address concerns about the special character
of wind and solar plants, other differences between
flexible and inflexible plants such as environmental
liability exposure, and endogeneity.

5.3. Cash Holdings vs. Lines of Credit
Finally, we analyze whether firms prefer holding
cash or credit lines as a response to higher product
price risk using data on credit lines from the S&P
Global Market Intelligence database. This database
offers information on total and drawn credit lines
for U.S. firms. In Table 8, we start by analyzing how
product price risk affects total credit lines. The esti-
mates presented in column (1) suggest that the im-
pact is positive—that firms demand more credit lines
from banks when product price risk increases, and
banks, at least partly, fulfill this demand. When we
turn to drawn credit lines in column (2), we find that
energy firms use more credit lines when product
price risk increases. Thus, both credit lines and cash
holdings seem to be used by those firms in response to
higher uncertainty.
However, those bank credit lines are not be perfect

substitutes for cash. Acharya et al. (2013) present a
model in which firms with higher aggregate risk
should rely more on cash instead of credit lines. The
idea is that banks are not able to provide liquidity at
all times, especially after large economy-wide shocks.
In our setting, higher product price risk is unlikely to
be correlated with shocks to the overall economy.
However, product price risk increases the riskiness of
the energy sector within an economy.
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We examine whether product price risk as a sector-
specific risk also affects firms’ choice between cash
and lines of credit. One likelymechanism is that banks
increase the price of credit lines if product price risk

increases. We follow Acharya et al. (2013) and cal-
culate two variables: total credit lines scaled by cash
(plus total credit lines) and unused credit lines scaled
by cash (plus unused credit lines). The results in Table 8

Table 8. Do Firms Use Lines of Credit (LC) as a Response to Price Volatility?

Dependent variable
(1)

Total LC
(2)

Used LC
(3)

Total LC-to-cash
(4)

Unused LC-to-cash

Log(Volatilityt) 0.0050** 0.0024* −0.026* −0.030*
(2.89) (1.81) (−1.92) (−1.97)

Controls Yes Yes Yes Yes
Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Market × quarter FEs Yes Yes Yes Yes
Observations 2,577 2,337 2,689 2,435
Adjusted R2 0.72 0.58 0.55 0.57

Notes. The dependent variables, which are only available for firms located in the United States, are total
credit lines scaled by total assets, used credit lines scaled by total assets, total credit lines scaled by the
sum of total credit lines and cash, and unused credit lines scaled by the sum of unused credit lines and
cash. Volatility is defined as the standard deviation of hourly electricity prices in a fiscal quarter,
normalized by amarket’s average electricity price level. The unreported control variables are identical to
those in Table 2. Values in parentheses are t-statistics based on Huber/White robust standard errors
clustered by markets/states. A detailed description of all variables can be found in Appendix A. FEs,
fixed effects.∗ and ∗∗ indicate significance at the 10% and 5% levels, respectively.

Table 7. Does Operating Flexibility Mitigate the Impact of Price Risk on Cash Holdings?

Sample
(1)
All

(2)
Low flex

(3)
High flex

(4)
All

Log(Volatilityt) 0.0055*** 0.0074*** 0.0029 0.010***
(3.13) (3.20) (1.13) (3.25)

Flexibilityt−1y −0.0019 −0.012
(−0.19) (−1.12)

Log(Volatilityt) × Flexibilityt−1y −0.012**
(−2.38)

Log(Assetst) −0.0095 0.012 −0.024*** −0.0095
(−1.35) (1.25) (−3.65) (−1.36)

Cash flowt −0.017 −0.039 0.0042 −0.018
(−0.49) (−0.91) (0.13) (−0.53)

Leveraget −0.017 −0.031 −0.020 −0.016
(−0.61) (−0.97) (−0.55) (−0.60)

Log(GDP per capitat−1y) −0.098** −0.071* −0.19** −0.097**
(−2.37) (−1.94) (−2.78) (−2.36)

Firm FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Country × quarter FEs Yes Yes Yes Yes
Observations 5,549 2,775 2,766 5,549
Adjusted R2 0.68 0.69 0.70 0.68

Notes. The dependent variable is quarterly cash holdings normalized by total assets. Volatility is defined
as the standard deviation of hourly electricity prices in a fiscal quarter, normalized by amarket’s average
electricity price level. Flexibility is defined as the generation capacity of gas- and oil-fired power plants,
scaled by total capacity (without consideration of wind and solar capacity). Firms are split into low and
high flex in columns (2) and (3) based on their flexible generation capacity. All models are firm fixed
effect (FE) regressions. Values in parentheses are t-statistics based on Huber/White robust standard
errors clustered by countries. A detailed description of all variables can be found in Appendix A.∗, ∗∗, and ∗∗∗ indicate significance at the 10%, 5%, and 1% levels, respectively.
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indicate that firms facing higher product price risk
rely more on cash than on credit lines. This finding is
in line with the view that not only economy-wide
shocks but also industry-wide risk can lead to a rel-
ative preference of firms for cash over credit lines.

6. Conclusion
One of the most important decisions financial man-
agers make concerns the liquidity of the firm’s bal-
ance sheet. Holding cash is costly for tax and other
reasons, while at the same time insulating the firm
from the obligation to raise external capital should
there be an unexpected cash shortfall. We evaluate
firms’ decisions to hold cash by isolating one specific
source of risk faced by firms in one industry: the risk
faced by electricity-producing firms when electricity
wholesale prices are volatile.

Our estimates, which are based on time-series vari-
ation of price risk within firms, imply that firms’ cash
holdings are positively related to product price fluc-
tuations. More precisely, our main estimates imply that
a one-standard-deviation increase in price volatility
leads to an increase of cash holdings of about 0.4 per-
centage points, which corresponds to a 7% relative
change. This pattern is consistent with the view that
firms’ liquidity choices reflect the expected costs of
price risk. To isolate the channel through which
wholesale electricity price volatility affects produc-
ing firms’ liquidity choices, we rely on the fact that
movements in electricity prices often occur because of
weather-induced demand changes. Using an instru-
ment based on the volatility of a region’s tempera-
tures, we find the same pattern as when we use our
baseline models for estimation, suggesting that price
risk causally affects firms’ cash policy in the manner
suggested by the precautionary theory of liquidity.

Wholesale price volatility appears to increase the risk
faced by electricity producers, who compensate by
holding more cash on their balance sheets. This addi-
tional risk faced by electricity producers is a conse-
quence of the deregulatory environment because the
introduction of wholesale markets is an important
step in the deregulating process. As a test of this idea,
we compare the cash holdings of firms operating in
regulated markets to those selling their electricity

in volatile wholesale markets. Consistent with the
notion that deregulation increases the risk faced
by electricity producers, our results suggest that
firms selling on wholesale markets hold about
30% more cash than otherwise identical firms in
regulated markets.
When we analyze the role of firms’ operating flexi-

bility, we find that firms with more inflexible pro-
duction technologies tend to holdmore cash in markets
with more volatile electricity prices. In contrast to those
baseload producers, product price risk has little impact
on firms’ cash holdings if their operating flexibility is
high. In addition, the ability of firms to hedge price
risk by selling a portion of their electricity in advance
varies across markets. Being able to hedge in this
manner is potentially a substitute for holding li-
quidity. Consistent with this argument, we find that
the existence of amore liquid hedgingmarket reduces
the impact of price risk on electricity producers’ li-
quidity choices.
Overall, our findings suggest that product price

volatility can be an important factor affecting firms’
liquidity choices. Firms’ operating flexibility and the
liquidity of derivative markets are major factors af-
fecting this risk. The electricity-producing industry
provides a useful laboratory for studying liquid-
ity management issues, because firms sell only one
completely homogenous good, and we can observe
high-frequency product prices and their production
assets. Although our analysis focuses on electricity-
producing firms, it is likely that product price risk
affects liquidity management choices in a similar
manner in other industries as well.
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Appendix A. Definitions of Variables

Variable Description

Main variables
Cash Cash and short-term investments scaled by total assets. Source: S&P Global Market Intelligence data items

[246026] and [132264] for U.S./Canadian firms and Worldscope data items [02001] and [02999] for all
other firms.

Volatility Standard deviation of hourly electricity prices, normalized by a market’s average electricity price level.
Electricity prices are in U.S. dollars per megawatt hour. Local electricity prices are converted to U.S.
dollars using daily exchange rates. Volatility is calculated during a firm’s fiscal quarter; for U.S. and
Canadian firms before 2004, it is calculated for fiscal years. For firms that operate inmore than onemarket,
volatility is the capacity-weighted average of the volatility in each day-ahead market in which the firm is
active. Source: The authors’ own calculations based on hourly electricity prices.

Weather volatility Standard deviation of daily temperatures. Daily temperatures are calculated as the average across all
weather stations within an electricity market. Only stations with at least 183 annual observations in all
sample years are considered. Weather volatility is calculated during a firm’s fiscal quarter; for U.S. and
Canadian firms before 2004, it is calculated for fiscal years. For firms that operate inmore than onemarket,
weather volatility is the capacity-weighted average of the weather volatility in each market in which the
firm is active. Source: The authors’ own calculations based on data from the daily global historical
climatology network (cf. Menne et al. 2012).

Flexibility Generation capacity of gas- and oil-fired power plants, scaled by total capacity.Wind and solar power plants
are ignored for the calculation of total capacity. Source: The authors’ own calculations based on the WEPP
Database and S&P Global Market Intelligence database.

Hedgeability (survey) Ability to trade forward in a particular electricity market based on a survey among European firms which
was conducted in early 2008 (Moffatt Associates Partnership 2008). Firms can respond that the ability to
trade forward is strong, moderate, or weak. We create the dummy variable hedgeability, which equals 1 if
more firms responded that the ability to trade forward is strong rather than weak. Examples for markets
with strong (weak) hedgeability are Nord Pool or Germany (Italy or Portugal). For firms that operate in
more than onemarket, hedgeability is the capacity-weighted average of the hedgeability in eachmarket in
which the firm is active. Source: The authors’ own calculations based on survey data.

Hedgeability (EQR, market) Fraction of transactions that use market-based rates in a particular market region. Data come from the
FERC’s EQR database and cover all electricity transactions within the United States (with the exception of
ERCOT). The data item “type of rate” is available from the third quarter of 2013 and takes the value fixed,
formula, electric index, or RTO/ISO. Hedgeability is the volume of trades in a region and quarter that use
rates that do not depend on themarket price of electricity (i.e., fixed and formula), scaled by the volume of
all trades. For firms that operate inmore than onemarket, hedgeability is the capacity-weighted average of
the hedgeability in eachmarket in which the firm is active. Source: The authors’ own calculations based on
FERC’s EQR data.

Hedgeability (EQR, firm) A firm’s fraction of transactions that use market-based rates. The calculation follows that for Hedgeability
(EQR, market) with the exception that the data are aggregated on the firm-level instead of market-level.
Source: The authors’ own calculations based on FERC’s EQR data.

Other variables
Assets Total assets in U.S. dollars. Source: Worldscope or S&P Global Market Intelligence database (for United

States/Canada).
Capex Capital expenditures/total assets.
Cash flow Earnings before interest, taxes, depreciation, and amortization/total assets.
Demand forecast volatility Standard deviation of hourly day-ahead demand forecasts, normalized by amarket’s average demand level.

The demand forecast is the hourly day-ahead demand forecast of the market operator, as published by the
U.S. Energy Information Administration, which is available from third quarter of 2015. Demand forecast
volatility is calculated during a firm’s fiscal quarter. For firms that operate in more than one market,
demand forecast volatility is the capacity-weighted average of the demand forecast volatility in each
day-ahead market in which the firm is active. Source: https://www.eia.gov/opendata/qb.php?
category=2122627.

Dividend (dummy) Dummy variable that equals 1 if the firm pays a dividend.
EP stringency Environmental policy stringency indicator published by the OECD. We use the energy-sector indicator,

which considers 12 different aspects (e.g., CO2 taxes, emission limits, or trading schemes). The index is
published for all OECD countries (plus Brazil, China, India, Indonesia, Russia, and South Africa) between
1990 and 2015. We use the policy stringency indicator in the headquarter country of the energy utility.
Source: OECD.

GDP per capita GDP per capita (in 2010 USD) in a country and year. Source: World Bank.
Inflation Yearly inflation rate in a country. Source: World Bank.
Leverage Total debt/(total debt plus book value of equity).
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Appendix B. Overview on Electricity Markets

Appendix A. (Continued)

Market (dummy) Dummyvariable that equals 1 if awholesalemarket for electricity exists in a region and year and 0 otherwise.
For firms operating in more than one region, we use the region with the highest capacity to define this
variable. Source: Hand-collected data.

Market share (capacity) Production capacity of a particular firm in its largest electricity market region, scaled by the capacity of all
plants located in the same electricity market region. Source: The authors’ own calculations based on the
WEPP Database and S&P Global Market Intelligence database.

Market-to-book Market capitalization/book value of common equity.
Realized volatility Standard deviation of the prices of all transactions a firm conducts in a particular quarter, scaled by the

average price. Source: The authors’ own calculations based on FERC’s EQR data.
Total LC Total credit lines scaled by total assets. Source: S&P Global Market Intelligence.
Total LC-to-cash Total credit lines scaled by total credit lines plus cash holdings.
Unused LC-to-cash Total credit lines minus drawn credit lines scaled by unused credit lines plus cash holdings.
Used LC Drawn credit lines (mi134205) scaled by total assets.
Volatility (coal price) Standard deviation of coal prices during a calendar year. Coal prices refer to the prices of steam coal for

industrial customers in U.S. dollars per ton. The frequency of prices is quarterly. Source: EIA for the Unites
States and IEA for other countries.

Volatility (gas price) Standard deviation of gas prices during a calendar year. Gas prices refer to the prices for industrial
customers in U.S. dollars per megawatt hour. The frequency of prices is monthly for U.S. states and
quarterly for other countries. Source: EIA for the United States and IEA for other countries.

Volatilitydiff Standard deviation of hourly electricity price changes.
Volatilityprice Standard deviation of hourly electricity prices.
Volatilitystd.diff Standard deviation of hourly electricity price changes, normalized by a market’s average electricity price

level.
Volatilityzero Standard deviation of hourly electricity prices, normalized by a market’s average electricity price level. For

regions without a wholesale market for electricity, this variable is set to 0.
DAM2010

CONSUMPTION2010
Electricity volume traded on in day-ahead market, scaled by the total consumption of the market region.

Source: Hand-collected data.

Note. EIA, U.S. Energy Information Administration; IEA, International Energy Agency; LC, lines of credit.

Country Market First year N

Australia AEMO_NSW 1999 157,796
Australia AEMO_QLD 1999 157,796
Australia AEMO_SA 1999 157,796
Australia AEMO_TAS 2005 101,939
Australia AEMO_VIC 1999 157,796
Australia AEMO_WA 2007 90,000
Austria EXAA 2002 129,922
Belgium BELPEX 2007 87,567
Canada AESO 2000 148,632
Canada IESO 2002 128,616
Czech Republic OTE 2010 60,617
Estonia NP_EE 2010 59,223
France EPEX_F 2001 132,178
Germany EPEX_D 2000 145,049
Hungary HUPX 2010 56,517
India IEX 2008 74,068
Ireland SEMO 2008 78,801
Italy GME 2004 111,780
Japan JEPX 2005 102,912
Korea KPX 2001 137,376
Latvia NP_LV 2013 31,438
Lithuania NP_LT 2012 39,813
Netherlands APX_NL 1999 150,514

Country Market First year N

New Zealand EMI 1999 157,128
Poland TGE 2000 144,665
Portugal OMIE_PT 2007 83,319
Romania OPCOM 2005 100,765
Russia ATS 2009 70,415
Scandinavia Nord Pool 1999 157,299
Singapore EMC 2003 122,736
Slovakia OKTE 2010 61,368
Spain OMIE_SP 1999 157,791
Switzerland EPEX_CH 2006 88,166
United Kingdom APX_UK 2003 121,077
United States CAISO 2010 61,392
United States ERCOT 2011 52,608
United States ISONE 2003 121,320
United States MISO 2006 95,855
United States NYISO 2000 148,903
United States PJM 1999 157,800
Total/average 2004 4,872,650

Notes. This table presents an overview of the electricity markets.
Reported are the first year for which data are available (the start year
for the data collection is 1999) and the number of observations (N).
The last yearwith data is 2016. Scandinavia coversDenmark, Finland,
Norway, and Sweden.
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Endnotes
1Theoretically, the idea that uncertainty about product prices affects
firms dates back to Sandmo (1971).
2These markets are in located in 32 countries and represent virtually
all markets that operate a day-ahead market for electricity and have
hourly pricing. Section 2.1 provides an overview on the markets and
the criteria for their inclusion.
3The empirical literature examining this hypothesis beganwithOpler
et al. (1999). See Almeida et al. (2014) for a survey.
4The FERC’s EQR database enables us to differentiate sales that use
market rates versus sales that use predetermined fixed rates (e.g.,
bilateral contracts).
5 For instance, Fabra and Reguant (2014) show that about 80% of CO2

emission costs are passed through to electricity prices. Such a pass-
through mechanism can partly reduce the price risk for electricity
producerswith flexible, price-setting generation. Baseload producers,
however, still face price risk for two reasons. First, their profits de-
crease if the price-setting technology (e.g., gas) in the merit order
becomes less expensive, independently of any pass-through. Second,
a less expensive technology can become price setting in the merit
order if electricity demand decreases, which reduces the profit for
baseload producers even if there is a cost pass-through.
6The idea that flexibility in production affects how firms react to
price risk goes back to theoretical work by Turnovsky (1973) and
Epstein (1978).
7Longstaff and Wang (2004) provide a detailed discussion of the
electricity market structure for the PJM market.
8Even some states located in regions with wholesale markets for
electricity still maintain traditional rate regulation. (e.g., most
states in the Midcontinent ISO). See, for instance, Cicala (2017) for
more details.
9 For this reason, we do not include the Southwest Power Pool
(starting in 2013), IBEX in Bulgaria (starting in 2014), EPIAS in Turkey
(starting in 2015), and CROPEX in Croatia (starting in 2016). Fur-
thermore, we ignore markets that do not feature a typical day-ahead
market with hourly pricing (WESM in the Philippines). Hourly
electricity prices could not be obtained for the markets in Argentina,
Brazil, Colombia, and Slovenia.
10Although hedging limits firms’ exposure to spot prices in the short
run, medium- and long-term effects are less clear because higher spot
price uncertainty also creates higher uncertainty about the price for
which contracts can be entered in the future.
11 Faulkender et al. (2019) show that some firms accumulate cash in
foreign subsidiaries for tax reasons. This effect is likely less relevant
for our study firms because foreign subsidiaries are less common in
the energy utility sector.
12The average capacity of a single gas-fired plant in the United
States is 120 MW. The corresponding figure for a single coal-fired
plant is 340 MW.
13The online appendix, Section 1.5, shows that our main results are
not sensitive to the choice of this threshold. Furthermore, wind and
solar plants could influence our results because they can affect
electricity prices because of the merit order effect. Because wind and
solar have zeromarginal production cost, they are first used to satisfy
electricity demand. Thus, they can shift the merit order and reduce
the electricity price because a cheaper production technology be-
comes price setting (e.g., lignite instead of hard coal). However, we do
not expect them to have a major impact during our sample period
because they account, on average, for only 5% (median, 2%) of a
market’s production capacity.
14We use hourly prices to calculate volatility because daily prices,
which are simply aggregations of hourly prices, are less precise than
hourly prices for our purpose. For example, assume a daily price of

USD 100. If the price was USD 100 for all hourly contracts, it would
have been optimal to run coal-fired plants in all hours. However, if
the price was 0 for 12 hours and 200 for the other 12 hours, switching
on and off the plant would have been the optimal strategy. These two
cases cannot be distinguished when using daily prices.
15According to the FERC, “[t]he EQR is the reporting mechanism the
Commission has adopted for public utilities to fulfill their respon-
sibility under section 205(c) of the Federal Power Act (FPA). . . . EQRs
contain data provided by Sellers summarizing contractual terms and
conditions in agreements for all jurisdictional services. EQRs include
information about cost-based rate sales, market-based rate sales, and
transmission service, aswell as transaction information for short-term
and long-term market-based power sales and cost-based power
sales.” Source: FERC, Electric Quarterly Report Filing Requirements
Guide, November 15, 2017 (See https://www.ferc.gov/docs-filing/
eqr/eqr-requirements-guide.pdf).
16All financial variables are measured in U.S. dollars. Both the
measure of cash holdings and the control variables have become
standard in the literature on cash holdings since Opler et al. (1999).
17The cash holdings variable we rely on includes holdings of a
number of securities, some of which are risky (see Duchin et al. 2017).
18Various robustness tests and a graphical illustration of the first-
order importance of product price risk for cash holdings can be found
in the online appendix.
19More precisely, we use only data fromweather stations for which
we have information on the daily temperatures for all sample
years, and we require 183 daily temperature observations per year
in all sample years. Overall, we use more than 30 million daily
temperature observations.
20For firms that operate in more than one wholesale market region,
weather volatility is calculated as the capacity-weighted average
across all market regions in which a firm is active.
21For firms that operate in more than one market, we investigate the
introduction of a wholesale market in the region with their largest
production capacity.
22 See, for instance, Giambona et al. (2018) for a comprehensive
overview on possible explanations why firms hedge.
23We include hedgeability as a control but do not report the co-
efficient. Hedgeability is not dropped in the firm fixed effects re-
gressions despite the fact that it is time invariant because firms can
operate in multiple markets. If the capacity in the different markets
changes over time, the firm-level aggregated value of hedgeability
can change.
24The EQR requirement guideline specifies that “[i]f the price is the
result of an RTO/ISOmarket and the sale is made to the RTO/ISO, its
rate type is ‘RTO/ISO.’ If no variables are used to determine the rate,
it should be marked as ‘fixed.’ This would include transactions where
the specific price is stated or a specific price with a predetermined
escalator is provided (e.g., $35.00/MWh, increasing by 2 percent each
year). Under a transaction classified with the rate type ‘fixed,’ both
parties would know on the trade date the exact price of the product(s)
in that transaction” (Source: Order No. 768, Paragraph 107). Source:
Federal Energy Regulatory Commission (FERC), Electric Quarterly
Report Filing Requirements Guide (November 15, 2017), see https://
www.ferc.gov/docs-filing/eqr/eqr-requirements-guide.pdf, p. 53. The
electric index is an index that “references an RTO/ISO pricing point.”
Formula means that “the price in the transaction is otherwise de-
termined by a formula, including a formula that uses indices that do
not describe specific electric prices, such as a cost of living index or
coal or natural gas prices.” Same source as above, p. 54.
25 See Reinartz and Schmid (2016) formore details about the flexibility
of individual production technologies. We ignore wind and solar
plants for the calculation of Flexibility; that is, we do not consider them
for the calculation of the total generation capacity. Classifying these
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technologies as flexible or inflexible is not straightforward, there are
often subsidies for wind and solar plants, and firms may need to
invest in research and development when operating those assets.
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Pérez-González F, Yun H (2013) Risk management and firm
value: Evidence from weather derivatives. J. Finance 68(5):
2143–2176.

Puller SL (2007) Pricing and firm conduct in California’s deregulated
electricity market. Rev. Econom. Statist. 89(1):75–87.

Reinartz SJ, Schmid T (2016) Production flexibility, product mar-
kets, and capital structure decisions. Rev. Financial Stud. 29(6):
1501–1548.

Sandmo A (1971) On the theory of the competitive firm under price
uncertainty. Amer. Econom. Rev. 61(1):65–73.

Turnovsky SJ (1973) Production flexibility, price uncertainty and the
behavior of the competitive firm. Internat. Econom. Rev. 14(2):
395–413.

White H (1980) A heteroskedasticity-consistent covariance matrix
estimator and a direct test for heteroskedasticity. Econometrica
48(4):817–838.

2540
Lin, Schmid, and Weisbach: Product Price Risk and Liquidity Management

Management Science, 2021, vol. 67, no. 4, pp. 2519–2540, © 2020 INFORMS




