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ARTICLE INFO ABSTRACT

JEL codes: The amount of electricity end-users demand from the distribution grid is going to be more uncertain in the future.
D22 In this paper, we empirically investigate how variation in demand (which we refer to as demand uncertainty)

D42 influence the pricing behavior of distribution system operators (DSOs) that are subject to an ex-ante revenue cap
Egj and a penalty scheme that is activated when the cap is violated. Using data from 162 Swedish electricity DSOs
Lo4 observed over 13 years, our econometric investigations shows that demand uncertainty leads to lower electricity
Keywords: distribution prices under the current ex-ante revenue cap regime, but not under the previous ex-post rate-of-

Electricity distribution return regime. We also find that DSOs react more strongly to uncertainty when they have a relatively higher debt
Revenue cap ratio. While lower network prices may sound like a good outcome for customers, it also leads to reduced revenue
Price and a slowdown in investments. Thus, when society benefits from distribution network expansions and the DSOs

Solvency

are regulated by ex-ante revenue caps, the regulator should consider regulating the debt ratio.

1. Introduction

Grid-level demand for electricity is expected to be more volatile in
the future and there are several reasons for that. First, extreme weather
events are forecasted to be more frequent and intense (Zhang et al.,
2022). Second, the amount of locally produced electricity will increase
(e.g., Simshauser, 2022). Demand from the grid will be especially
affected by rooftop photovoltaic (PV) installations since they will make
the demand dependent on both temperature and sunlight. Third, a larger
share of transport vehicles will be powered by electricity (see, e.g., Xylia
and Joshi, 2022). An electrified vehicle fleet will cause the demand from
the grid to increase when vehicles are charged and to decreases when
vehicles feed electricity back into the grid.

Increased demand volatility affects the electricity sector, and the
economy at large, in several ways; e.g., reduced energy technology
innovation (Zhao et al., 2022), lower power system reliability (Chen
et al., 2022) and reduced R&D expenditure (Donadelli et al., 2021). In
this paper, we look at how regulated local distribution system operators
(DSOs) are affected by increased grid-level demand volatility. In
particular, we consider Swedish DSOs that are subject to ex-ante revenue
caps. Similar type of regulations for electricity distribution can be found

* Corresponding author.

in many European countries, e.g., Austria, Belgium, Denmark, Finland,
Germany, U.K., Italy, Portugal and Spain, see Agrell and Teusch (2015)
and NordREG. (2011) for further details.

Revenue cap regulation does not only impose a cap on revenues, but
it is common that they also include a fine on the DSOs if they exceed the
cap.! If grid-level demand is volatile and firms are unable to predict
demand with high level of accuracy and, in addition, they have to
commit to prices before demand is realized, firms will be exposed to the
risk of exceeding the revenue cap. That will happen if they set high
prices and demand turns out to be higher than expected. Expressed
differently, higher demand uncertainty will increase the regulatory risk.

Under the current revenue cap framework in Sweden, the DSOs are
not compensated for the regulatory risk caused by demand uncertainty,
and that can have undesirable consequences. Specifically, a DSO can
reduce the risk of exceeding the cap by lowering its price. This suggests
that there is a negative relationship between demand uncertainty and
prices, i.e., when demand uncertainty goes up, price goes down. This
relationship is different from the relationship between price and ‘regu-
lar’ demand, which postulates that an upward shift in demand cause the
price to increase. Moreover, if a DSO reduces its prices, it will also
reduce its equity. With less equity available to finance capital
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investments, the DSO must instead rely on long-term liabilities, but the
more they borrow, the higher their exposure to financial risk. A higher
debt ratio also reduces the future borrowing capacity of the firm, which
constrains its financial flexibility. Thus, economic principles predict that
higher demand uncertainty reduces the incentives for capital in-
vestments in the distribution infrastructure. This is problematic since
lower electricity grid capacity will slow down the rate at which society
can electrify its transport and housing sectors, which is seen as one of the
most important responses in tackling climate change (e.g., Thomalen
et al., 2021; Madeddu et al., 2020).

While this reasoning may seem straight-forward, there has so far not
been any empirical evaluation of how DSOs are affected by increased
demand uncertainty. The first hypothesis we test is if there is a negative
relationship between network prices and demand uncertainty. Given the
importance of expanding the distribution capacity, it is surprising that
this relationship has not been investigated before. We use annual data
from 160 Swedish DSOs over 14 years (from 2006 to 2019). An
important feature of this data is that the Swedish DSOs were regulated
with an ex-post rate-of-return mechanism during the first part of the
sample (2006-2011) and an ex-ante revenue cap during the second part
(2012-2019). This provides an exogenous change in the incentives to
change prices since demand uncertainty should not affect DSOs' finan-
cial incentives under the rate-of-return regulation, because the regula-
tion was ex-post. We do indeed find that there is a negative relationship
between demand uncertainty and price when the DSOs are subject to
revenue caps, but there is no evidence of such a relationship under the
rate-of-return regime.

Next, we explore how DSOs' response to demand uncertainty de-
pends on their debt ratio. The debt ratio is defined as the percentage of
the firm's assets that are financed via debt, and the higher the debt ratio,
the higher the exposure to financial risk. In particular, a lower debt ratio
increases the financial protection against demand uncertainty, since
firms with a lower debt ratio do not need to worry as much about
exceeding the revenue cap and the associated penalty fee. The expec-
tation is therefore that demand uncertainty has a stronger negative ef-
fect on price for higher levels of debt. The empirical results reveal that
the debt ratio has the effect we hypothesize. This suggests that the
regulator has two different approaches to deal with demand uncertainty:
either by compensating the DSOs directly for the increased risk, or by
incentivizing/demanding the DSOs to use equity rather than liabilities to
finance their assets.

The rest of the paper is structured as follows: Section 2 provides a
description of the local electricity distribution sector in Sweden, Section
3 reviews the relevant literature, Section 4 describes the data, Section 5
presents the empirical analyses and Section 6 concludes.

2. Electricity distribution in Sweden

There are approximately 160 DSOs in Sweden,” and each firm is a
legal and natural monopoly in the concession area where they are
responsible for the provision of electricity distribution services. By law,
generation and retail services are separated from the local distribution
networks. This means that Swedish DSOs only distribute electricity to
the final consumers, i.e., they neither produce nor sell electricity. The
DSOs are subject to economic regulation by the Swedish Energy Markets
Inspectorate, and since 2012, this regulation is based on an ex-ante
revenue cap. Each firm faces a firm-specific revenue cap, which is
fixed for a period of four years. If the revenues exceed the revenue cap,

2 The DSOs differ markedly in size. The ones that make up the smallest third
deliver <100,000 MWh per year and 92% of the DSOs only deliver 34% of the
total electricity. The three largest (Vattenfall, E.ON and Ellevio) deliver around
15,000,000 MWh per year each. Each of these three is about three times as large
as the fourth largest (Goteborg Energi) and they are the only DSOs with net-
works in several different parts of the country.
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the DSO must pay a penalty fee which amounts to 15% of the revenues
exceeding the cap, plus the relevant interest rate. Moreover, the amount
a DSO exceeded its cap in the current period will be deducted from its
cap in the following period. All firms face the same regulation, regard-
less of the type of owners (i.e., regardless of whether they are publicly or
privately owned) and financial characteristics. For further details, see
the Swedish Electricity Act 1997:857.

Prior to 2012, the DSOs were regulated according to a rate-of-return
scheme, combined with different ex-post mechanism to incentivize cost
reductions. An average norm model, which was referred to as the
Network Performance Assessment model, was used during the first two
years of our sample (2006-2007). This model compared each DSO
against a fictive network. If the DSO performed worse than the norm, the
DSO had to pay back some of its revenues to their customers. See Jamasb
and Soderberg (2010) for further details about this regulatory regime
and its economic consequences. Between 2008 and 2011, the regulator
used a traditional frontier benchmark, which was also used ex-post to
compensate those customers who were served by cost inefficient DSOs.
Importantly, since the prices were regulated ex-post throughout the
2006-2011 period, the DSOs were not subject to any revenue uncer-
tainty. This implies that demand uncertainty did not influence the
network prices during these years.

3. Previous literature

Using revenue caps to regulate monopolistic utilities has been sub-
ject to criticism in the literature (e.g., Crew and Kleindorfer, 1996;
Vogelsang, 2002; Lantz, 2008). To illustrate, consider that an unregu-
lated monopoly will charge its customer above its marginal cost. If the
regulator imposes a binding constraint on revenues, and the revenue cap
is smaller than the unregulated monopoly revenue, the monopoly can
either increase or decrease the per-unit price to reduce its revenue. Since
the monopoly can get the same revenue by increasing or decreasing the
price, the monopoly will choose the alternative that leads to the lowest
cost. If costs are increasing in output and if demand is decreasing in
prices, the firm will increase the price in order to decrease demand and
thereby reduce costs. As a consequence, Crew and Kleindorfer (1996)
conclude that revenue caps are a bad idea. Lantz (2008) extends the
analysis of revenue caps to a hybrid revenue cap, where the revenue cap
both includes a fixed part and a part that is a linear function of quantity.”
He illustrates that the monopolistic firm will maximize its profit at the
output quantity where its marginal cost equals the slope of the cap.
Because detailed information about the firm's cost function is required to
determine the parameters that corresponds to efficient pricing, Lantz
(2008) concludes that hybrid revenue caps can also lead to unintended
outcomes.

Cowan (1997) and Law (1995) show that when a multi-market
monopolist’ face an average revenue regulation,” welfare will be
lower than when the firm is unregulated. Further, they illustrate that a
relaxation of the regulatory constraint can lower the price and generate
a Pareto improvement. Campbell (2018) analyzes the behavior of a
monopoly electricity provider that serves several distinct markets under
a price or revenue cap, and shows that under certain conditions, revenue
cap regulation leads to inefficiently high prices and welfare that is lower
than under a price cap regime.

3 For example, the Performance Assessment Model used to regulate Swedish
electricity distribution companies between 2002 and 2007 could be regarded as
a hybrid revenue cap, since the cap is a linear function of output quantity and
includes fixed as well as variable components

4 The model describes a situation where a monopoly firm sells a single
product in different markets, and the marginal costs of supplying these markets
differ.

5 The average revenue method of regulation is, for example, applied in the UK
to regional electricity and gas companies and to several airports.
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Table 1

Descriptive statistics.
Variable Mean Std. Dev. Min Max
Unit price [ore/kWh] 14.92 5.85 2.5 39.2
Demand [MWh] 348,021 746,055 1298 1.38e+07
Std. dev. of Demand 10,935 24,352 4.95 477,617
Revenue cap [1000s of SEK] 141,246 402,357 821 6,717,403
Input price: electricity [SEK per MWh] 0.542 0.674 0.032 8.85
Input price: capital [SEK per SEK] 13.422 8.241 3.001 218,055
Number of Customers [#] 18,841 43,028 147 802,484
Private [indicator variable] 0.1079 0.3103 0 1
Network length [km] 1431 4170 10 102,788
Debt ratio [%] 49.27 19.21 0.25 97.60

However, all the above predictions assume that demand is deter-
ministic. If firms are unable to choose their revenues with precision, the
critique of revenue caps may not necessarily apply since uncertainty in
demand will affect prices. Several papers have explored how uncertainty
affects firms' pricing behavior, albeit not under revenue cap regulation.
For example, Blair and DePasquale (2010) have extended the analysis of
monopoly pricing to incorporate marginal cost uncertainty and risk
aversion. They show, among other things, that a risk-averse firm facing
cost uncertainty sets prices above the expected marginal cost. Similarly,
Wong (2014) examines the pricing behavior of a risk-averse monopo-
listic firm under demand uncertainty, and show that the global and
marginal effects of risk aversion are to push the unit price closer to the
constant marginal cost; i.e., setting a lower price than in the determin-
istic case. Furthermore, Wong (2012) examines the optimal monopoly
pricing under cost uncertainty by considering a risk-averse monopolistic
firm that is subject to a cost shock to its constant marginal cost of pro-
duction, and show that uncertainty in costs leads to higher prices than if
costs are deterministic. Related findings are presented by Day et al.
(1971) and Kimball (1989).

Uncertainty in demand may not only affect pricing, but also capacity
investments. Banker et al. (2014) investigate the relationship between
demand uncertainty and cost behavior both theoretically and empiri-
cally, and show that firms choose a higher capacity of fixed inputs when
uncertainty increases since that reduces congestion costs.

Finally, we note that the more general literature on electricity dis-
tribution pricing in Sweden is relatively scarce. Jamasb and Soderberg
(2010) and Soderberg (2008) show that the DSOs set prices that are
affected by cost, size, ownership, and regulation. The average response
to regulation is not fixed across time and no clear conclusion is revealed.
Lundin (2020) shows that while privatization of distribution has
increased efficiency, this has not affected prices.® Lundin and Soderberg
(2022) compare electricity distribution prices across the Nordic coun-
tries and show that prices in Sweden increased by approximately 35%
between 2010 and 2020, while prices in the other Nordic countries
either remained almost constant or increased substantially less during
the same time-period. Cost increases related to the expansion of
renewable generation are only able to explain some of the price
increases.”

To summarize, while monopoly pricing, demand uncertainty and
revenue-cap regulation have all been studied separately, there are, as far
as we are aware, no previous empirical investigation of how monopolists
subject to revenue caps set their prices when they are subject to demand
uncertainty and heterogeneous risks. Given that several countries have
opted for revenue-cap regulation of electricity distribution, and given

6 A relatively larger body of literature have explored the efficiency of elec-
tricity distribution in Sweden, and in general, show that while some firms are
operated in an efficient way, the heterogeneity is substantial (for a recent
example, see Vesterberg et al., 2021).

7 Also, see Picciariello et al. (2015) and Vesterberg et al. (2021) for the effects
of distributed generation on distribution pricing.

that demand volatility is expected to increase in the future, this inves-
tigation is important for regulators and policy makers in several
countries.

4. Data

The empirical analysis uses publicly available data from the Swedish
electricity regulator.® This data includes annual information at the firm-
level on financial status (revenue and cost details), revenue caps,
ownership (public vs. private), prices and technical characteristics such
as amount of delivered electricity, cable length and number of cus-
tomers. The data spans 13 years (from 2006 to 2018) and includes a total
of 162 firms. Following, e.g., Eden (2014), Guiso and Parigi (1999), and
Humphreys and Soebbing (2012), we compute the standard deviation of
DSOs' demand over the past five years, and use that to represent the
demand uncertainty faced by each DSOs. Thus, this measure varies both
across DSOs and time. As we show subsequently, our results are robust to
alternative measures of demand uncertainty. Descriptive statistics of the
variables included in out empirical analysis are presented in Table 1.

According to the information in Table 1, demand vary substantially,
and this reflects both variation in DSOs size (see footnote 2), and vari-
ation over time. Furthermore, the unit price varies from as low as 2.5
ore/kWh to almost 40 ore/kWh, and this is mostly driven by cross-
sectional variation. ILe., the most expensive DSO charges a price that
is approximately 16 times higher than the cheapest. This is a substantial
difference for a regulated, homogenous service. The distribution of unit
prices is displayed in Fig. 1, and it reinforces the view that prices are
spread over a large range, although most DSOs charge a price in the
10-20 ore/kWh range.

The heterogeneity in Revenue cap is also substantial. More specif-
ically, the revenue-to-cap ratio, which is displayed in Fig. 2, shows that a
few firms use all or more of their allowed caps (every observation where
the ratio > 1). However, most generate less, or even considerably less,
revenue than what their cap allows them to do. For example, the average
revenue-to-cap ratio for the whole sample is approximately 0.8. A
possible explanation to this is that if firms face uncertain demand, and if
there is a cost to exceed the cap, e.g., a penalty, firms may want to keep
some margin to the cap by setting lower prices. If firms were able to
choose revenues with precision, i.e., if demand was deterministic, we
would expect firms to use exactly their revenue cap — not less and not
more.

5. Empirical analysis
5.1. Baseline model

The empirical analysis is based on a reduced-form, linear specifica-

8 The data can be downloaded here (in Swedish): https://ei.se/om-oss/stati
stik-och-oppna-data
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tion where demand uncertainty is included both as a main effect and as
part of a two-way interaction together with a vector of year indicators.
This allows the elasticity of demand uncertainty with respect to the unit
price to vary across time and allows us to formally test if the elasticity
change when the regulatory regimes change. This is useful since the
2006-2011 period was regulated with an ex-post rate-of-return model,
and the 2012-2018 period was regulated with an ex-ante revenue cap
model. The model is therefore specified as:

Py = Py + Qi + ,SD(Qir) + f3SD(Qir) X T+ﬁ4T+ﬁ51b’ear
> 2012]R; + X + € (@)

where i=1,...,N index DSOs, t=1,...,T index years and ¢ is the

random noise. P is the per-unit price,9 Q is demand, SD(Q) is the stan-
dard deviation of demand for the last five years and R is the revenue cap.
Units of measurement for each variable is displayed in Table 1. T is a
vector of year-specific effects. R is the revenue cap. Estimates are pre-
sented for five different specifications, which differ in what control
variables they include. The controls are collected in the X vector in eq.
(1) above.

9 In addition to the per-unit price, households pay an annual fixed fee. We
have estimated eq (1) using the fixed fee as dependent variable. Estimation
results show that demand uncertainty is not even vaguely significant in this
model.
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Table 2
Results when estimating eq. (1) with 2SLS.
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(1) Coeff. (SE)

(2) Coeff. (SE)

(3) Coeff. (SE)

(4) Coeff. (SE)

(5) Coeff. (SE)

Demand
Std. dev. of Demand
Revenue cap

Input price: electricity

Input price: capital
# Customers
Private

Network length
Constant

Year FE

Year-by-Std. dev. of Demand

R2
# Observations

—0.059*** (0.017)

3.303*** (0.326)
Yes
Yes
0.064
1541

—0.058** (0.019)

***%(0.031)
—0.000 (0.014)
0.088*** (0.032)

3.233*** (0.337)
Yes
Yes
0.068
1515

0.014 (0.049)

(0.034)
0.016 (0.016)
0.088*** (0.032)
—0.073 (0.049)

2.936*** (0.396)

—0.019 (0.049)
—0.13 ¥ (0.040)
0.119%** (0.034)
0.013 (0.016)
0.083** (0.032)
—0.040 (0.048)
—0.006 (0.028)

3.045*** (0.396)

—0.015 (0.050)

0.011 (0.017)
0.078** (0.036)
—0.060 (0.050)
—0.005 (0.029)

0.026 (0.026)

2.854*** (0.412)

Yes Yes Yes
Yes Yes Yes
0.068 0.068 0.060
1514 1498 1427

Notes. Robust standard errors in parentheses. All continuous variables are In-transformed. Significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

In specification (1) in Table 2, we only include the variables that are
of primary interest to us: Q, SD(Q), R and year-by-SD(Q). Furthermore,
because firms faced no revenue cap before 2012, we interact the revenue
cap with a dummy variable taking the value one for year 2012 and after,
and zero for the years before 2012. In specification (2), input prices are
added (electricity and capital), specification (3) also adds number of
customers, specification (4) add a dummy variable for ownership
(public vs. private) in addition to the controls in specification (4).
Finally, specification (5) also includes the total length of the network.
These control variables are typically assumed to be determinants of
distribution pricing, either directly or indirectly through cost, as
demonstrated by the previous literature, see, e.g., Meade and Soderberg
(2020) and Jamasb and Soderberg (2010). Because the DSOs are verti-
cally separated, it is not relevant to include any factors that describe the
type of electricity generation. However, in the robustness checks (see
Table A4 in the Appendix), we include a measure of how much elec-
tricity has been produced locally (primarily wind turbines) to reflect
how the network has been affected more generally to an increasing share
of distributed generation.

All continuous variables are transformed with the natural logarithm.
None of the presented estimation results include firm-specific fixed ef-
fects because we wish to compare the effect of demand uncertainty
across firms. Furthermore, both demand uncertainty and price have
limited within variation, and the effect of demand uncertainty is iden-
tified mostly from the cross-sectional variation in prices and demand
variability. Fixed effects largely serve the purpose to control for constant
scale differences, but those differences are almost fully controlled for by
Q, which is one of the essential covariates in eq. (1).10

Demand uncertainty, SD(Q), is assumed to be exogenous to firms. We
base this assumption on that the values are calculated using past real-
isations of demand. On the other hand, current demand (Q;) is endog-
enous since there is likely to be a simultaneous relationship between unit
price and demand. To account for this endogeneity, we estimate eq. (1)
using the 2SLS estimator using the one-year lag of Q, as instrumental
variable.!! Other estimators, such as OLS or Seemingly Unrelated
Regression, where Q; is treated as exogenous, gives similar results.

Parameter estimates for the second stage regression, for all five
specifications, are presented in Table 2. As displayed in Table 2, SD(Q)
has a negative effect on the unit price but that is a partial result since all
estimations also include the SD(Q) x T. Thus, to get the full picture of
the impact, it is necessary to calculate the elasticity of SD(Q) per year.

10 When firm fixed effects are included, the standard errors of all right-hand
side variables are too large to identify any significant inference. With a
longer panel, it would be a firm fixed effects model would be an interesting
extension to the present analysis.

1 The first-stage F-value are very large; see Table Al in Appendix for first-
stage results.

Table 3
Elasticities of Std. dev. of Demand on price for the five specifications displayed
in Table 2.

Year @ 2) 3) “@ 5)
Elasticities Elasticities Elasticities Elasticities Elasticities
(SE) (SE) (SE) (SE) (SE)
2006 —0.006 —0.009 —0.005 —0.008 —0.009
(0.022) (0.022) (0.022) (0.022) (0.022)
2007 —0.004 —0.007 —0.003 —0.000 —0.002
(0.031) (0.031) (0.031) (0.032) (0.031)
2008 0.011 0.008 0.018 0.012 0.011
(0.034) (0.035) (0.035) (0.035) (0.035)
2009 —0.020 —0.025 —0.013 —0.013 —0.016
(0.036) (0.036) (0.037) (0.037) (0.037)
2010 -0.017 —-0.019 —-0.01 —-0.015 -0.017
(0.033) (0.033) (0.034) (0.034) (0.034)
2011 —0.024 —0.030 —0.027 —0.024 —-0.027
(0.034) (0.035) (0.035) (0.035) (0.035)
2012 —0.092%** —0.101%** —0.129%** —0.123%%** —0.118%**
(0.025) (0.025) (0.027) (0.027) (0.028)
2013 —0.088** —0.091%** —0.118%** —0.112%%** —0.108***
(0.035) (0.034) (0.037) (0.036) (0.038)
2014 —0.110%** —0.116%** —0.137%** —0.132%** —0.127%**
(0.038) (0.040) (0.042) (0.041) (0.043)
2015 —0.135%** —0.144%** —0.160%** —0.156%** —0.151%**
(0.040) (0.041) (0.042) (0.042) (0.043)
2016 —0.128%** —0.137%** —0.150%** —0.146%** —0.141%**
(0.037) (0.037) (0.038) (0.038) (0.039)
2017 —0.121%** —0.132%** —0.132%%* —0.129%%* —0.125%**
(0.039) (0.039) (0.041) (0.041) (0.042)
2018 —0.097** -0.117%* —0.128%** —0.124%%** —0.121**
(0.046) (0.046) (0.047) (0.047) (0.048)

Notes. Robust standard errors in parentheses. All continuous variables are In-
transformed. Significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

These elasticities are displayed in Table 3, and we comment on them
below.

Furthermore, we note that there is no significant difference between
private or public firms.'? This result is in line with Lundin (2020) who
find no effect of privatization on prices.'®> However, it is important to
remember that even if public and private firms may have different ob-
jectives, they still face the same regulation with the same incentives to
not exceed the revenue cap. Therefore, this result is expected. Finally,
we find that a higher revenue-cap is associated with higher per-unit
prices. Another outcome worth commenting on is that Q has a nega-
tive impact in specifications (1)-(2) but no significant effect in specifi-
cations (3)-(5). The reason for this shift in sign seems to be that the

12 In an extended specification we included an interaction between SD(Q) and
Private but that interaction was also statistically insignificant.

13 Lundin (2020) uses matching algorithms to evaluate the effect of mergers
and acquisitions and what impact ownership changes had on prices.
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estimated effects in models (1)-(2) is the net effect of demand and
number of customers. Those are strongly correlated, and when only one
of them is included in the specification, it captures the dominating
‘economies-of-scale’ effect. When both demand and number of cus-
tomers are included, number of customers captures the scale effect and
demand captures the asset utilisation, or network load. As the load in-
creases, distribution losses go up, which puts upward pressure on the
price.

The year-specific elasticities in Table 3 show that demand uncer-
tainty started to have a significant and negative impact on the unit price
in 2012, and that it has had an almost constant impact in subsequent
years. This aligns perfectly with the change in regulatory regime, and
according to expectations. In other words, demand uncertainty had no
impact on price under the ex-post rate-of-return regime, whereas higher
uncertainty depressed prices under the ex-ante revenue cap regime. This
is true for all five specifications. The estimated elasticity of the per-unit
price with respect to the standard deviation of demand is in the range
from —0.10 to -0.15, and that has been relatively stable during the
revenue cap period. The elasticity is non-negligible, and implies that if
demand uncertainty increases by 10%, the price decreases by 1.5%.

5.2. Robustness analysis

We estimate a range of alternative specifications to explore the
robustness of our results. We summarize the results of these analysis
here, and refer the reader to Table A2, A3 and A4 in the Appendix for the
parameter estimates and other results. First, we have constructed
alternative measures of the variability of demand, including the stan-
dard deviation of demand over different time horizons (e.g., the last six
to ten years), and the range of demand (maximum demand during the
sample period minus the minimum demand during the sample period).
Estimation results using these alternative measures are presented in
Table A2 in Appendix, and as illustrated there, the results, especially
those relating to the effect of demand uncertainty on price, are similar to
our results in Table 2.

The second set of tests explore whether the results are robust to our
choice of excluded instrumental variable. As alternative instruments, we
instead use (i) deeper lags of Q (two or three years), (ii) the demand for
the first sample period, and (iii) heating degree days per year at the firm
level. All these results are presented in Table A3 in the Appendix, and in
general, the results are very similar to the results in Table 2. All the
alternative instruments produce large first-stage F-statistics, although
lags of demand produce higher F-statistics than heating degree days.
Furthermore, parameter estimates in the second stage regression are
similar to the results in Table A1, although the effect of Q on P varies
across specifications.

Third, we explore whether the results are robust to the inclusion of
alternative sets of control variables. Specific variables that we evaluate

Table 4
Parameter estimates with debt ratio as covariate.
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are the amount of small-scale generation within a DSOs operation area,
network losses, and share of underground cables. Industry representa-
tives frequently mention these factors, and recently there has been a
particular focus on what effect many small wind turbines and solar
panels, i.e., small-scale generation, have on the required network
configuration. Results when these are included in eq. (1) are displayed in
Table A4 in the Appendix. Results are again similar to the main results in
Table 2.

5.3. Debt ratio

Next, we investigate the effect of the debt ratio. This is done in a
separate analysis because information about the DSOs' debt ratio is only
available from 2012. Thus, the analyses presented in this section include
data for the years 2012-2018, which corresponds to the years when the
DSOs have been regulated by the ex-ante revenue cap model. We take
eqg. (1) as a starting point and add debt ratio. The model can then be
formulated as:

Pir =% + Y1 Qit + VZSD(Qiz) + }’3Dit + }’4SD(Qiz) X Dir + Y5Rir + }’(,Xiz + &,
(2)

where D;; is the debt ratio, defined as the ratio of total debt over total
assets, for firm i in year t. All other covariates are as defined as in Section
5.1. Parameter estimates for this specification are presented in Table 4.
The results reveal that the standard errors are larger than in Table 2, but
that is expected since there are only about half the observations used
when eq. (2) is estimated. Including all control variables in the specifi-
cation maximises the probability that Q captures variable cost shocks
such as network losses and maintenance that occur as a result of higher
load.

Similar to SD(Q) in eq. (1), the effect of D goes through both a main
effect and an interaction with SD(Q). The main effect is positive and
significant at the 1% level in all specifications. However, the interaction
is negative, suggesting that the price will not increase as much, or even
decrease, as uncertainty goes up. In Fig. 3, we show the net effect of D on
P for different levels of SD(Q). When demand uncertainty is very low
(approximately SD(Q) < 400), the DSOs will respond to a higher debt
ratio by increasing the price. This is consistent with our first hypothesis
that DSOs want to reduce their risk exposure and, as a consequence, seek
to lower their debt ratio. As explained in Section 1, DSO can do that by
increasing their prices. However, this strategy is only chosen when the
DSOs can predict their revenue with high degree of accuracy. When
demand uncertainty is high (SD(Q) > 5,000), DSOs will respond to a
marginal increase in their debt ratio by lowering their price. This is
consistent with the second hypothesis, that the combination of high
uncertainty and a high debt ratio exposes the DSO to substantial
financial risks, which they respond to by lowering their prices. This

(1) Coeff. (SE)

(2) Coeff. (SE)

(3) Coeff. (SE)

(4) Coeff. (SE)

(5) Coeff. (SE)

Demand

Std. dev. of Demand
Revenue cap

Debt ratio

Std. dev. of Demand x Debt ratio
Input price: electricity

Input price: capital
# Customers
Private

Network length
Constant

Year FE

R2

Observations

—0.120** (0.054)
0.160** (0.075)

0.529%** (0.164)
—0.066*** (0.018)

0.797 (0.689)
Yes
0.071
743

—0.100 (0.064)
0.137* (0.076)
0.168** (0.068)
0.482*** (0.168)
—0.062*** (0.019)
0.000 (0.021)
0.036 (0.049)

0.937 (0.716)
Yes
0.074
718

—0.145** (0.070)
0.172** (0.080)
0.129 (0.079)
0.558*** (0.178)
—0.070*** (0.020)
—0.011 (0.022)
0.040 (0.048)
0.078 (0.070)

0.855 (0.766)
Yes
0.075
717

—0.084 (0.074)
0.177** (0.080)
0.094 (0.079)
0.554*** (0.178)
—0.069*** (0.020)
0.013 (0.022)
0.028 (0.047)
0.050 (0.072)
0.094*** (0.036)

0.740 (0.757)
Yes
0.079
706

—0.068 (0.078)
0.174** (0.080)
0.033 (0.112)
0.551*** (0.179)
—0.069*** (0.020)
0.010 (0.022)
0.020 (0.050)
0.058 (0.072)
0.089*** (0.036)
0.041 (0.056)
0.915 (0.788)
Yes
0.080
705

Notes. Robust standard errors in parentheses. All continous variables are In-transformed. Significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Marginal effect, debt ratio
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Fig. 3. The elasticity of price with respect to debt ratio for different levels of demand uncertainty.

creates a greater distance between their expected revenue and revenue
cap. Fig. 3 summarizes both these effects graphically.

6. Conclusions

There are several reasons why the amount of electricity end-users
demand from the distribution grid is going to be more uncertain in the
future. We investigate how increased demand uncertainty will influence
DSOs that are subject to an ex-ante revenue cap and a penalty scheme
that is activated when revenues are above the cap. It is expected that
higher demand uncertainty increases the likelihood that DSOs exceed
their revenue caps, which the DSOs may respond to by reducing their
prices. Using data from 162 Swedish electricity DSOs observed over 13
years, the econometric investigations presented in this paper show that
demand uncertainty does indeed lower electricity distribution prices
under the current ex-ante revenue cap, but that no such effect was
visible under the previous ex-post rate-of-return regulation when there,
per definition, was no demand uncertainty. It is also shown that the
DSOs' reactions to uncertainty depend on their debt ratio — relatively low
uncertainty causes the DSOs to increase their prices when the debt ratio
increases. That is because firms have an incentive to reduce their debt
ratio since debt leads to higher risk exposure. When uncertainty about
future revenue streams is low, they can increase their prices without
increasing the risk of being subjected to a regulatory fine. When demand
uncertainty is high, DSOs instead respond to an increase in debt ratio by
lowering their prices because demand uncertainty increases the risk the
DSOs will exceed the revenue cap and incur a penalty fee. The policy
implication of this is that the regulator should consider regulating the
debt ratio when societies benefit from distribution network expansions.

While the results presented in this paper are novel and consistent
with economic principles, future research can make a few extensions to
what is included in here. First, annual data, which is used in this paper,
fail to capture within-year variation in demand, and therefore likely
underestimate variability in demand. Unfortunately, higher frequency
regulatory data is, to the best of our knowledge, not available anywhere
in any country. On the other hand, firms are regulated based on annual
revenues, so from a regulatory perspective, annual data is the most

relevant data frequency.

Second, according to Table 3, the elasticities of SD (Q) on P dropped
significantly in 2012 (from zero to approximately —0.15) and remained
at that level for the rest of the data period. We interpret that the drop is
caused by the revenue cap regime that was implemented in 2012.
However, since the new regulatory regime was implemented at the same
time for all DSOs, it is in principle impossible to rule out other expla-
nations to that drop in elasticity; other unobserved changes to the DSOs
environment that happened in 2012 could be the explanation. On the
other hand, we are not aware of any such events that might influence our
results. However, to confirm our results, future studies can investigate
staggered regulatory changes, or partial implementations that allow for
difference-in-difference evaluation.

As a final remark, we call for more research that investigates the
relationships between financial characteristics (risk, uncertainty, capital
structure, etc.) and economic outcomes (price, cost and quality) in
regulated industries. Physical infrastructure (electricity and water/
sewerage in particularly) will need substantial investments in the com-
ing years and decades to meet requirements imposed by sustainability
transformations. For the right investments to take place, regulation must
be designed to appropriately deal with financial characteristics, and that
has largely been overlooked in the regulatory literature. This paper
should be viewed as an early contribution to better understand the re-
lationships highlighted above.
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In Table A1, the estimation results from the first-stage regression are presented for the five different specifications — each with a different set of
control variables. Importantly, these results reveal a very strong excluded instrumental variable, as indicated by the large first-stage F-statistics.

Table Al

First-stage results when estimating eq. (1) with 2SLS, using different control variables.

(1) Coeff. (SE)

(2) Coeff. (SE)

(3) Coeff. (SE)

(4) Coeff. (SE)

(5) Coeff. (SE)

Instrument 0.993***
(0.002)

Std. dev. of Demand 0.001
(0.002)

Revenue cap 0.004
(0.004)

Input price: electricity

Input price: capital

# Customers

Private

Network length

Constant 0.078%**
(0.023)

Year FE Yes

Year-by-Std. dev. of Demand Yes

F-statistics 2.2e+05

# Observations 1541

0.993***
(0.002)
0.001
(0.002)
0.005
(0.004)
—0.000
(0.002)
0.006
(0.004)

0.074+*
(0.026)
Yes
Yes
1.8e+05
1515

0.973#**
(0.005)
0.000
(0.002)
0.002
(0.004)
—0.005*
(0.002)
0.005
(0.003)
0.021%**
(0.005)

0.120%**
(0.029)
Yes
Yes
3.2e+04
1514

0.971%** 0.968%**
(0.006) (0.006)
0.000 —0.000
(0.002) (0.002)
0.001 —0.001
(0.004) (0.005)
—0.005* —0.005*
(0.002) (0.002)
0.005 0.003
(0.003) (0.004)
0.023%** 0.021***
(0.005) (0.006)
0.001 0.001
(0.004) (0.004)
0.008**
(0.003)
0.125%** 0.136%**
(0.029) (0.030)
Yes Yes
Yes Yes
3.0e+04 2.7e+04
1498 1427

Notes. Robust standard errors in parentheses. All continuous variables are In-transformed. * p < 0.10, ** p < 0.05, *** p < 0.01.

A.2. Alternative measures of variation in demand

In addition to our definition of demand uncertainty as the standard deviation of demand during the last five years, we also explore how the results
change with alternative measures of demand uncertainty. Specifically, we use the standard deviation of demand over a longer time horizon (1-10
years), the standard deviation of demand across all sample years (2006 to 2019), and the range of demand (maximum demand minus minimum
demand during the sample period). Parameter estimates using these alternative measures of demand uncertainty are presented in Table A2, and in
particular, the effect of demand uncertainty on price is similar across these specifications. However, we note that the effect of demand on price varies
and even changes sign (e.g., the specification using the range of demand), and this motivates our preferred specification where we use the standard

deviation over the last five years.

Table A2

Parameter estimates of eq. (1) with different definitions of demand variability.

(1-5 y) Coeff. (SE)

(1-10 y) Coeff. (SE)

(all y) Coeff. (SE)

(range) Coeff. (SE)

Demand —0.059%**
(0.017)
Variability in demand —0.111**
(0.039)
Revenue cap 0.105%***
(0.031)
Constant 3.303%***
(0.326)
Year FE Yes
Year-by-Std. dev. of Demand Yes
First stage F-stat 8022
R? 0.082
# Observations 1541

—0.055%*
(0.018)
—0.099*
(0.039)
0.088***
(0.030)
3.386%**
(0.339)
Yes
Yes
7840
0.083
1542

0.015
(0.024)
—0.092
(0.049)

0.034
(0.031)

3.065%***
(0.380)

0.030
(0.025)
—0.092
(0.062)

0.029
(0.033)

3.051%***
(0.503)
Yes
Yes
24,532

0.088
1691

Notes. Robust standard errors in parentheses. All continuous variables are In-transformed.

*p < 0.10, ** p < 0.05, *** p < 0.01.

A.3. Alternative instruments

In addition to using the one-year lag of Demand as an excluded instrumental variable, we estimate our model using alternative excluded
instrumental variables: Heating degree days, Demand before the sample period, Two-year lag of Demand and Three-year lag of Demand. Parameter
estimates are presented in Table A3, and as illustrated, the effects of demand uncertainty on price are similar to our main specification. However, we
note that the effect of demand changes across different excluded instruments, particularly when we use heating degree days as excluded instrumental
variable, and even changes sign. This motivates our choice of using lagged demand in our preferred specification.
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Parameter estimates of eq. (1) with different excluded instrumental variables.

Coeff. (SE) Coeff. (SE) Coeff. (SE) Coeff. (SE)

Demand 1.173** —0.051** —0.058%** —0.066**

(0.439) (0.018) (0.018) (0.020)
Std. dev. of Demand —0.237* —0.129** —0.121** —0.123**

(0.117) (0.042) (0.039) (0.040)
Revenue cap —1.099* 0.094** 0.102%* 0.114%*

(0.432) (0.034) (0.032) (0.035)
Constant 2.834%** 3.480%** 3.409%** 3.391%**

(0.824) (0.340) (0.321) (0.323)
Year FE Yes Yes Yes Yes
Year-by-Std. dev. of Demand Yes Yes Yes Yes
Excluded instrument HDD" Q in first year Two-year lag Three-year lag
First stage F-stat 219 8000 24,557 17,426
R? 0.086 0.081 0.083
# Observations 1465 1506 1526 1386

Notes. Robust standard errors in parentheses. All continuous variables are In-transformed. * p < 0.10, ** p < 0.05, *** p < 0.01.

% HDD is the acronym for Heating Degree Days.

A.4. Alternative set of control variables

In addition to the set of control variables described in Section 5.1, we estimate the model using alternative control variables, such as the quantity of
small-scale generation, network losses and the share of underground cables. However, due to limitations in the availability of data, these alternative
specifications include fewer observations than our main specification (data on small-scale generation is only available at the grid level from 2014).
Regardless, we find that the effect of demand uncertainty on price is similar to our main specification, as illustrated when comparing results for

specification (1) in Table 2 to the results presented in Table A4.

Table A4
Parameter estimates of eq. (1) with different control variables.

(A1) Coeff. (SE)

(A2) Coeff. (SE)

(A3) Coeff. (SE) (A4) Coeff. (SE)

Demand —0.058%**
(0.019)

Std. Dev of Demand —0.132%**
(0.039)

Input price electricity —0.000
(0.014)

Input price capital 0.088%**
(0.032)

Revenue cap 0.105%**
(0.031)

Small-scale generation

Network loss

Share underground cables

Constant 3.233%**
(0.337)

Year FE Yes

Year-by-Std. dev. of Demand Yes

R? 0.068

# Observations 1515

—0.267%** —0.202%* —0.118
(0.087) (0.091) (0.120)
—0.091** —0.082%* —0.069*
(0.040) (0.040) (0.041)
—0.013 0.009 0.029
(0.024) (0.026) (0.032)
—0.074 —0.071 —0.097
(0.056) (0.056) (0.076)
0.300%** 0.488%*** 0.424%***
(0.100) (0.121) (0.147)
—0.004 —0.003 —0.005
(0.007) (0.007) (0.007)

—0.237%*** —0.247**
(0.085) (0.100)
—0.155
(0.191)
3.683*** 2.802%** 2.694%**
(0.359) (0.475) (0.566)
Yes Yes Yes
Yes Yes Yes
0.092 0.108 0.088
470 470 326

Notes. Robust standard errors in parentheses. All continuous variables are In-transformed.

*p < 0.10, ** p < 0.05, *** p < 0.01.

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.enec0.2023.107097.
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