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Abstract—This paper analyzes the long-term and day-ahead
procurement strategies of a risk-averse electricity retailer under
different retail contract designs. Retail contracts are modeled as
linear functions of day-ahead prices, consistent with structures
adopted in several EU countries. We leverage a three-stage
stochastic optimization model to determine optimal hedging and
contract parameters. Results show that, compared to a traditional
fixed-price contract, revenue indexation to day-ahead prices
substantially reduces the need for forward purchases, as retail
revenues naturally hedge price volatility. Revenue indexations
hence shifts price-risks from retailers to final consumers. Across
contract types, extending the pricing interval from hourly in-
dexation to monthly or annual fixed prices increases exposure
to profile risk, leading to higher forward procurement and
higher retail margins. Sensitivity analyses further reveal that
concentrated load during high-price hours poses the greatest
risk for flat-rate contracts, whereas erroneous day-ahead price
forecasts have only a minor effect.

Index Terms—Retail pricing, stochastic programming, uncer-
tainty, electricity procurement strategy

I. INTRODUCTION

IN deregulated power systems, electricity retailers serve as
key intermediaries between wholesale electricity markets

and end consumers [1]. In this role, they face two principal
sources of risk [2]. The first is price risk, which arises from the
structural mismatch between procurement and sales: retailers
purchase electricity in wholesale markets at variable, volatile
prices but typically sell it to consumers under predefined,
potentially even fixed, prices. Consequently, they are exposed
to the volatility of short-term wholesale markets, such as the
day-ahead and balancing markets, while their revenue streams
remain relatively static. The second major challenge is volume
risk, which originates from uncertainty in consumer demand.
While forward contracts allow retailers to hedge against price
volatility by securing volumes at fixed rates, the stochastic
nature of residential load prevents perfect hedging through
existing future products. Since demand cannot be perfectly
predicted, a significant share of electricity procurement or
settlement must inevitably occur in short-term markets.

The danger of these combined risks became evident during
the European energy crisis triggered by the Ukraine war,
when day-ahead electricity prices in several countries spiked to
unprecedented levels [3]. As procurement costs for unhedged
volumes rose far above the retail prices agreed with consumers,

retailers with high exposure to short-term markets faced severe
financial losses, and in some cases, bankruptcy [4, 5].

To mitigate such risks, many retailers have shifted toward
contract structures that more closely link retail prices to day-
ahead market prices.1 In Belgium, for example, an increasing
share of retail contracts is now indexed to day-ahead prices [7],
transferring part of the price risk from retailers to consumers.
Nevertheless, indexation does not eliminate all sources of risk:
retailers remain exposed to volume risks causing mismatches
between forecasted and actual demand, as well as high imbal-
ance costs in the balancing market.

A rich body of literature addresses electricity retailer strate-
gies and existing studies can generally be categorized into
three strands: wholesale procurement, retail contract design,
and integrated frameworks. The detailed literature review can
be found in Appendix A.

In this paper, we formulate a three-stage stochastic opti-
mization problem to model the joint procurement and contract
design decisions of a risk-averse electricity retailer operating
under demand and price uncertainty. The framework explicitly
represents retailer decisions in forward and day-ahead markets,
as well as the resulting imbalance settlement in the balancing
market. The main contributions of this paper are as follows:

• We model retail prices as linearly indexed to day-
ahead market prices, extending the framework to analyze
four distinct contract structures: fixed, yearly variable,
monthly variable, and hourly dynamic contracts. Unlike
existing works that often impose exogenous price caps,
our approach endogenously determines contract param-
eters. This enables a consistent comparison of how the
granularity of price indexation impacts the retailer’s risk
exposure and competitive positioning.

• We explicitly analyze how different retail contract designs
alter optimal wholesale procurement strategies. In light
of EU regulations mandating dynamic pricing offers
and ongoing discussions regarding mandatory hedging
requirements, we investigate whether these policies are
consistent. We demonstrate how the shift toward dynamic

1For instance, European Union regulation mandates that suppliers with
more than 200,000 customers must offer dynamic electricity price contracts
[6].
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pricing naturally reduces the need for forward hedging,
potentially conflicting with hedging mandates.

• Through sensitivity analyses, we identify the specific
uncertainties that drive procurement decisions. We find
that while forecast errors in day-ahead prices have a
minor impact under indexed contracts, the coincidence
of high demand with high prices (volume risk) remains
the critical driver for forward procurement.

II. MARKET SET-UP AND MODEL

In this study, we model the decision-making process of
a risk-averse electricity retailer operating in both wholesale
and retail markets. The case study is situated in the Belgian
electricity market, calibrated to model the year 2024. The
retailer decides on electricity procurement through sequential
interactions in the forward, day-ahead, and balancing markets,
while simultaneously designing retail contracts.

We approach this problem using a unified risk-adjusted
profit maximization framework. This allows us to consistently
evaluate how different retail contract designs impact the re-
tailer’s optimal hedging strategy. We consider a spectrum
of contract structures, ranging from a traditional fixed-price
contract (serving as the baseline) to indexed contracts with
varying degrees of temporal granularity (yearly, monthly, and
hourly). In this setting, the retailer jointly optimizes wholesale
procurement decisions and the retail contract parameters. By
integrating these decisions into a single framework, we can
explicitly analyze the trade-offs between retail price volatility
and wholesale hedging requirements.

A. Uncertainty realizations and decision stages

The decision-making process is modeled as a three-stage
stochastic optimization problem, structured to reflect the se-
quential revelation of market information. Figure 1 in the
appendix provides an overview of the retailer’s decisions and
the uncertainties encountered in each stage. To clarify the
information available at each point, we describe the three
stages in order, moving from the long-term planning phase
to the real-time settlement.

The first stage models the retailer’s decisions on the forward
market and the contract design for the upcoming year. Specif-
ically, the retailer determines forward procurement volumes
(Qf ) and the retail contract parameters (a, b). At this point,
the retailer faces the full spectrum of market uncertainty. We
consider yearly base forward contracts as the primary hedging
instrument2. Although these contracts lock in a price for a
constant band of power, they still leave the retailer exposed
to profile risk, that is, the mismatch between the flat forward
profile and the variable residential demand.

The second stage models the retailer’s participation in the
day-ahead market, occurring one day prior to delivery. At
this stage, long-term uncertainties regarding average demand
and price levels have been resolved. The retailer leverages

2While monthly forward contracts provide similar hedging functions by
targeting specific “risky” months, we solely consider yearly forwards to
maintain model tractability and ease of interpretation.

this new information to adapt their daily purchasing strategy,
although they remain exposed to short-term uncertainties in
hourly clearing prices and residential load for the delivery
day. Based on the realized scenarios (refer to Section II-B for
details of the scenario construction), the retailer determines
the optimal bids (Ew)3 to submit, which is the sole decision
variable in this stage.

Finally, in the third stage, the day-ahead market has already
cleared, and the retailer must settle any remaining imbalances
between the procured volume and the actual realized consump-
tion. At this stage, the retailer acts as a price-taker exposed to
real-time load deviations. Consequently, the variables associ-
ated with this stage, upward and downward regulation volumes
(E+ and E−), are not active decisions made by the retailer.
Instead, they represent passive recourse actions, functioning
as penalties for electricity mismatches resulting from previous
decisions and realized market outcomes.

B. Data generation and scenario construction

1) Residential load

The residential load scenarios are generated using the proba-
bilistic day-ahead total load forecasts published by the Belgian
Transmission System Operator, Elia [8]. Residential demand
is constructed in two steps. First, an hourly realization of
total system load is sampled from a normal distribution based
on Elia’s probabilistic forecast. Second, residential demand is
defined as a share of this realized system load, augmented by
an additional stochastic term that captures the higher volatility
of residential demand relative to the system aggregate:

Dt ∼ N (Dt, σt), ∀t ∈ T (1)
Dres

t = α ·Dt + εt, ∀t ∈ T (2)
εt ∼ N (0, α ·Dt · ρ), ∀t ∈ T (3)

where Dt and σt denote, respectively, the mean and standard
deviation of total system load at hour t derived from Elia’s
probabilistic forecasts. The parameter α denotes the share
of total system load attributed to residential consumers. The
stochastic term εt introduces additional variability, scaled
by parameter ρ, in order to capture the higher volatility of
residential demand relative to the system aggregate.

2) Day-ahead prices

The day-ahead market price scenarios are generated using
a regression-based approach. We fit a model expressing day-
ahead prices as a function of demand, supply-side dynamics,
and temporal patterns. The regressors include the total system
load (and its quadratic term), categorical indicators (month,
hour, day, weekday), and renewable generation forecasts (solar
PV, offshore, and onshore wind). All data is obtained from Elia
[8]. The regression specification is defined as:

3We assume that retailers submit a single bid at a sufficiently high price to
ensure that it always gets accepted. In other words, we ignore that retailers are
able to submit price-sensitive bids (e.g. multiple price-bid pairs or piecewise
linear bids). These purchasing strategies could, in principle, also somewhat
mitigate risk if their portfolio’s demand correlates negatively with prices.
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Pricet = δ0 + δ1 · Total.Loadt + δ2 · Total.Load2t + δ3 · PVt
+ δ4 · Offshoret + δ5 · Onshoret + γ′Zt + εt. (4)

where Zt is the vector of all aforementioned categorical
indicators (month, hour, weekday, day) and εt is the error.

Finally, the imbalance settlement prices (λ+t,s1,s2 , λ
−
t,s1,s2 )

are modeled to penalize deviations from the day-ahead sched-
ule. We assume these prices are proportional to the realized
day-ahead price in the corresponding scenario. The forward
price is a deterministic parameter, calibrated to match the
average price of 2024 yearly base futures traded on the Belgian
market throughout 2023. The forward price is slightly above
the expected average day-ahead price in the scenario set.

3) Scenario tree structure

The model distinguishes between long-term uncertainty
(S1) faced during contract design and short-term uncertainty
(S2) faced during day-ahead bidding. In the first stage, the
retailer anticipates nine distinct scenarios (s1 ∈ {1, . . . , 9}),
formed by cross-combining three potential price profiles with
three potential demand levels. The three demand levels (high,
medium, low) are defined by varying the retailer’s market share
parameter αs1 , while the three price profiles are derived from
historical data from 2021, 2022, and 2023, weighted 2:3:5
respectively to emphasize recent market trends following the
VREG methodology [9].

Once the retailer moves to the second stage, this high-level
structural uncertainty is resolved. For instance, if the realized
first-stage scenario corresponds to “medium market share” and
“2022 price patterns”, the retailer effectively knows the base-
line market conditions. However, they still face residual short-
term uncertainty regarding the exact hourly values. To model
this, we generate ten distinct scenarios (s2 ∈ {1, . . . , 10}) for
each first-stage node. These scenarios represent specific hourly
realizations that deviate stochastically from the realized first-
stage expectation due to forecast errors or weather variability
(as defined in Equations 2 and 4).

Crucially, these short-term deviations remain centered
around the characteristics of their parent S1 node. For ex-
ample, while load fluctuates in the S2 scenarios, a realization
within a “medium market share” branch will generally remain
lower than one in a “high market share” branch. Similarly,
prices will follow the structural patterns of the specific histor-
ical year associated with that node. Therefore, the first-stage
scenario values can be interpreted as the expected values (or
averages) of the underlying second-stage realizations.

The scenario tree is embedded in a risk-adjusted profit
maximization framework in which the retailer jointly opti-
mizes procurement decisions and contract parameters. The full
mathematical formulation is provided in Appendix B.

C. Retail Contract Design

In the optimization model, the retailer must design contracts
that are competitive yet profitable. We adopt a generalized
pricing scheme that encompasses both traditional fixed rates

and modern indexed structures that are observed across Euro-
pean markets (e.g., Belgium, Norway, Sweden).

In this general setup, the retail price is defined as a linear
function of the wholesale day-ahead market price. Each con-
tract is characterized by two parameters: a slope coefficient
a (reflecting the pass-through of the electricity costs) and an
intercept b (covering margins and fixed costs). These param-
eters are determined ex-ante and remain constant throughout
the contract duration. The specific retail price λRt paid by the
consumer at time t is formulated as:

λRt = a · λwp(t) + b, ∀t ∈ T (5)

where λ
w

p(t) represents the relevant wholesale price index
for the pricing period p that covers time step t. For indexed
contracts, this can be calculated as the simple average of day-
ahead prices over the pricing period or a weighted average
based on real load profiles (RLP).

We consider four distinct contract structures, differing only
in the granularity of this pricing period p. Figure 2 in the
appendix illustrates how these contract types result in different
retail price profiles for the same underlying wholesale price
trajectory. Note that in this study, we focus exclusively on the
consumption side of the portfolio. 1) Fixed price (a = 0): The
retail price is strictly constant over time and across all market
scenarios (λRt,s1 = b). This serves as our baseline, representing
a situation where the retailer absorbs all wholesale price
volatility and profile risks, offering the consumer absolute
price certainty. 2) Yearly variable (|P | = 1): The price
remains constant throughout the whole year, but unlike the
fixed contract, this price level is not determined ex-ante but
varies across different market scenarios, as it is indexed to the
realized annual average day-ahead price. 3) Monthly variable
(|P | = 12): The retail price is updated monthly based on
the simple average day-ahead prices realized in that specific
month. As shown in Figure 2, the price remains constant
throughout a given month but varies between months. 4)
Hourly dynamic: The retail price changes hourly, directly
tracking the simultaneous day-ahead market price4.

D. Contract parameters determination

In the profit-maximization model, the contract parameters
(a, b) are decision variables that determine the retailer’s rev-
enue and influence procurement strategies. We assume a per-
fectly competitive retail market implying that in equilibrium,
the retailer’s risk-adjusted profit must be driven to zero.

However, since the contract consists of two parameters
a and b, the zero-profit condition alone yields an infinite
number of feasible combinations. To resolve this ambiguity,
we proceed in two steps. First, we define a discrete set
of candidate values for the slope parameter a (for indexed
contracts, a = 0 is fixed for the baseline contract), ranging
from 1.00 to 1.09. Second, for each candidate a, the zero-
profit condition reduces to a unique solution for the intercept
b, which we calculate using Newton’s method.

4Although the European day-ahead market has recently shifted towards a
15-minute resolution, we utilize an hourly resolution in this study.
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Among the set of feasible pairs (a, b) obtained, we assume
that the most plausible contract is the one associated with
the lowest expected profit. Since the competitive equilibrium
condition implies that the retailer’s expected profit must ex-
actly cover its risk premium, this selection criterion satisfies
two complementary objectives: it identifies the contract that
is most attractive to consumers (lowest expected cost) while
simultaneously selecting the configuration that has the lowest
risk exposure for the retailer. Thus, retailers would naturally
be inclined to choose the lowest-cost solution to attract more
customers and gain market share. The complete procedure is
summarized in Algorithm 1 in the appendix.

III. RESULTS

A. Optimal Procurement Decisions and Contract Parameters

We begin by analyzing the retailer’s optimal procurement
decisions under the fixed price contract (a = 0). Recall that
in this baseline framework, the retail price is fixed ex-ante
(λR = b), meaning the retailer cannot pass through wholesale
price variations to the consumer.

The retailer purchases 840.5 MWh in forward contracts,
exceeding the expected annual residential load of 792.6 MWh.
This “over-hedging” reflects the positive correlation between
demand and wholesale prices: peak consumption typically
coincides with high-price hours. By procuring more than the
average load, the retailer effectively secures electricity for
expensive peak periods, reducing exposure to spot price spikes

Figure 3 in the appendix demonstrates the efficacy of this
strategy by comparing the risk-averse retailer’s second-stage
expected profits across the nine long-term scenarios (S1)
against a risk-neutral baseline. In the risk-neutral case (repre-
sented by the gray bars), the retailer holds no forward position,
remaining fully exposed to day-ahead market volatility. This is
partly because the forward price is slightly above the expected
average day-ahead price in the scenario set. For a risk-neutral
retailer, forward procurement therefore offers no expected cost
advantage, so the optimal forward position is zero. By contrast,
the stabilizing role of the risk-averse strategy, shown by the
black bars, is clearly visible.

In low and medium-price scenarios (Scenarios 1–3 and 7–
9), the unhedged baseline yields substantially higher profits,
as the retailer can procure electricity at spot prices that are
lower than the forward price. However, this strategy carries
catastrophic downside risk. In high-price scenarios (Scenarios
4–6), the unhedged strategy suffers sizable financial losses
as spot procurement costs surge. In contrast, the risk-averse
portfolio effectively caps this financial risk, maintaining a
stable, near-zero profit margin across all market conditions
consistent with the competitive equilibrium assumption.

Next, we analyze the electricity procurement decisions
and contract parameters of the indexed contracts. Table I
summarizes the resulting values for the slope a, intercept b,
forward volume Qf , and expected profit5. While the optimal
contract for each type is unique (highlighted in bold), we

5Note that the risk-adjusted profit is zero (see Section II-D for more details).

present the full results with respect to all different a values.
This allows us to explicitly observe the trade-off between the
variable component (a) and the fixed component (b), as well as
how the retailer’s hedging strategy (Qf ) evolves as the pass-
through of wholesale costs increases.

First, comparing these results to the fixed contract base-
line, we observe a substantial decrease in optimal forward
purchase volumes across all contract types. Under the fixed
price contract, the retailer has no revenue correlation to
offset cost spikes, necessitating large forward hedges (840.5
MWh). Under the indexed contracts, the indexation creates a
natural hedge: when day-ahead procurement costs (λw) rise,
retail revenues (λR) rise simultaneously. This revenue-cost
correlation inherently dampens the retailer’s net financial risk
and significantly reduces the need for external hedging via
forward contracts.

The results in Table I in the appendix further illustrate that
increasing the pass-through parameter a reduces the optimal
forward volume Qf . A higher a means the retailer earns
a larger proportional margin on high electricity prices (i.e.,
revenue scales as a × Price). During high-price scenarios,
which are typically the main source of financial risk (see
further), this enhanced revenue stream acts as a financial buffer
and effectively substitutes for the physical hedge provided by
forward contracts.

Comparing across contract types, we observe that for a
fixed a-value, both the required margin b and the hedging
volume Qf increase as the pricing period lengthens. Under
an hourly dynamic contract, the retailer faces minimal risk
because revenue and cost are perfectly correlated on an hourly
basis, resulting in the lowest requirements for b and Qf .
Nevertheless, a non-zero forward position remains valuable
as a hedge against volume risk. In contrast, under a yearly
variable contract, the retailer faces significant profile risk:
the revenue is fixed based on an annual average while costs
fluctuate hourly. This creates a structural mismatch where the
retailer incurs losses during hours when spot prices spike
above the annual average. To insure against this risk, the
retailer requires a higher risk premium (higher b) and must
procure larger forward volumes to stabilize the portfolio. This
increasing risk exposure explains why the optimal contract
configuration (bolded in Table. I) shifts toward higher a values
for longer-term contracts: the retailer can leverage a stronger
pass-through to manage the profile risk.

B. Sensitivity analysis on risks of the retailer

Next, we conduct a sensitivity analysis to assess the risks
faced by the retailer and examine how different types of risks
affect its procurement decisions. We focus specifically on
four distinct risk factors: (i) higher imbalance settlement costs
(Imbalance), (ii) inaccurate forecasts of residential demand
(Load Uncertainty), (iii) inaccurate forecasts of day-ahead
market prices (Price Uncertainty), and (iv) concentration of
residential load in high-price hours (Peak-price load).

For tractability, the analysis is carried out using the optimal
retail contract parameters fixed at the values reported in Ta-
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ble I. We vary one risk factor at a time and measure the corre-
sponding change in forward purchase volumes (∆Qf ) relative
to the baseline optimal volumes. While fixing parameters may
result in suboptimal solutions, it allows us to isolate the impact
of each specific risk on the retailer’s hedging strategy. In this
sensitivity analysis, the imbalance settlement risk is modeled
by doubling the imbalance penalty prices. Forecasting risks
are introduced by doubling the standard deviation of either
demand or day-ahead price scenarios. To model concentrated
residential load during high-price hours, we double the load
in the 10% most expensive hours while rescaling the rest
proportionally to maintain the same annual average. The
results are summarized in Figure 4 in the appendix.

First, we observe that inaccurate day-ahead price forecasts
(“Price uncertainty”) have a negligible impact on forward
volumes across all contracts confirming that the natural linear
indexation (and the baseline hedging for fixed contracts)
shields the retailer from price volatility.

In contrast, load forecast errors (light blue bar) trigger
an increase in forward purchases (≈ +30 MWh) across all
contract types, including the fixed price contract. Because
volume risk cannot be passed through to consumers under any
of these structures, load uncertainty directly increases exposure
to balancing penalties. The retailer mitigates this by over-
procuring in the forward market, effectively substituting high-
risk imbalance settlements with stable forward costs. A nearly
identical response is observed in the “Imbalance scenario”
(white bar) where we increase imbalance penalty prices, con-
firming that forward over-procurement is the rational universal
response to rising imbalance risks.

Finally, the “Peak-price load” scenario (dark blue bar)
exposes the structural vulnerability of flat-rate contracts. When
consumption concentrates in expensive hours, the fixed price
and yearly variable contracts face a severe mismatch between
fixed average revenues and peak spot costs. This forces
the retailer to drastically increase forward hedging (+80 to
+90 MWh for the fixed and yearly contracts) to lock in
procurement costs and stabilize margins. Conversely, RTP
contracts remain virtually unaffected. Since hourly spot prices
are passed directly to consumers, the revenue rise offsets the
cost increase, eliminating the need for additional hedging.

Overall, the fixed-price contract consistently exhibits the
highest sensitivity to risk. Because its revenue structure lacks
the natural buffering mechanism of indexed contracts, the
retailer is fully exposed to price and volume risks. To mitigate
this exposure, the retailer must depend on forward hedging.

C. Average retail price

Finally, we compute the simple average retail prices across
all scenarios to evaluate the relative cost of different contract
types. We compare our modeled prices with real-world offers
from a major Belgian retailer (Engie) in 2025. The results are
reported in Table II in the appendix.

As expected, the modeled average retail prices increase
with the length of the pricing period. This trend is driven
by profile risk: as the pricing period lengthens (from hourly

to yearly), the correlation between the retailer’s revenue and
its hourly procurement costs weakens. To buffer against the
financial losses arising from this mismatch, the retailer must
charge a higher risk premium and incur additional costs by
increasing forward hedging volumes. These combined factors
naturally result in higher final prices for consumers on monthly
and yearly contracts compared to RTP. However, it is crucial
to note that while RTP yields the lowest cost, it inherently
achieves this by transferring volatility risk to the consumer.

Comparing the modeled results to reality, we observe two
key discrepancies. First, the absolute price levels in reality are
consistently higher. This is likely because our model captures
only the pure electricity procurement costs, whereas real-
world prices must also recover operational overheads (e.g.,
staffing, IT systems, marketing), account for payment default
risks. Second, the price spread between RTP and Monthly
contracts is significantly wider in reality (C42/MWh) than
in our model (C2.7/MWh). This could suggest that real-
world retailers perceive the profile risk of flat-rate contracts
to be much higher than the standard normal distributions
assumed in our model. As demonstrated in our sensitivity
analysis, the cost of serving flat-rate contracts rises sharply
if residential consumption concentrates in peak-price hours.
Real-world retailers likely price in this “worst-case” peak-load
risk, charging a substantial premium for monthly contracts that
is absent in the purely dynamic RTP structure.

IV. CONCLUSION

This paper aims to provide a consistent comparison of risk
exposure and hedging requirements across hourly dynamic
(RTP), monthly variable, yearly variable, and traditional fixed
price contracts. To achieve this, we develop a framework
that endogenously determines contract parameters under a
competitive equilibrium constraint, ensuring a fair comparison
of distinct pricing structures. The analysis is supported by a
three-stage stochastic optimization model that jointly deter-
mines a risk-averse retailer’s electricity procurement strategy
in forward, day-ahead, and balancing markets.

Our results highlight a fundamental trade-off between pric-
ing granularity and forward hedging needs. Unlike traditional
fixed-price contracts that rely heavily on forward procurement,
indexing retail rates to day-ahead prices creates a natural
hedge where revenues rise simultaneously with procurement
costs. Consequently, moving from yearly variable to hourly
dynamic pricing lowers the retailer’s structural risk exposure
and average prices, albeit by transferring spot price volatility
to consumers. The sensitivity analysis further clarifies these
sources of risk. Specifically, the coincidence of high demand
with high wholesale prices forces retailers with flat-rate con-
tracts to rely heavily on additional forward hedging to offset
unhedged cost spikes. By contrast, under RTP contracts, this
risk is largely passed to consumers, leaving the retailer’s
procurement strategy comparatively stable even in extreme
scenarios.

These findings have important implications for European
energy policy. The results suggest that the EU mandates pro-
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moting dynamic pricing are inherently aligned with financial
stability, as they naturally reduce the hedging requirements
for retailers. Conversely, mandatory hedging obligations may
prove inefficient if they do not account for the reduced risk
profile of retailers with high shares of dynamic contracts.
Future research could extend this framework by incorporating
price-responsive demand or modeling strategic competition
among multiple retailers. Furthermore, because our model
excludes the intraday market, where volume deviations are
typically resolved cheaper than via balancing penalties, it may
overestimate the retailer’s risk exposure. Finally, the model
could be expanded to capture risks currently outside our scope,
such as liquidity constraints, payment default risks, and the
risk of customers switching suppliers.
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APPENDIX A
LITERATURE REVIEW

The first strand focuses on wholesale procurement and
hedging strategies, where the representation of retail demand
is simplified and largely treated as an exogenous stochastic
parameter. In this context, the retailer’s primary goal is to
manage financial risk through optimal portfolio selection. For
instance, Boroumand et al. [10] investigate hedging strate-
gies for retailers, highlighting the importance of derivatives
in mitigating exposure to spot market volatility. Similarly,
Carrion et al. [11] propose a bi-level stochastic programming
approach to optimize a retailer’s futures market trading under
risk, ensuring that procurement decisions account for market
price uncertainty.

The second strand concentrates on retail contract design
and pricing, often modeling consumer behavior and com-
petition in detail while simplifying the wholesale side. Zhu
et al. [12] design pricing contracts that account for an inverse
relationship between residential demand and retail prices. In
[13], the authors apply information gap decision theory to
determine selling prices, explicitly capturing demand response
through a price–quota curve. More recently, Abate et al.
[14] analyze the interaction between retailers and consumers
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under both perfect competition and a Stackelberg setting,
demonstrating how consumer switching behavior constrains
retail prices.

The third strand addresses the interplay between pro-
curement and contracting by jointly optimizing decisions
in both markets. Golmohamadi et al. [15] employ a two-
stage stochastic model to simultaneously determine forward
and balancing positions alongside retail pricing. Similarly, [16]
optimize electricity portfolios while setting time-of-use prices.
However, many studies in this category simplify the link
between markets by imposing exogenous constraints. For ex-
ample, Golmohamadi and Keypour [17] and Bruninx et al. [18]
use robust and chance-constrained programming, respectively,
where retail revenues are capped based on procurement costs
or average wholesale prices [19]. By relying on exogenous
constraints, these approaches do not capture how the contract
design itself endogenously alters the retailer’s risk profile.
Consequently, they cannot evaluate the natural hedge provided
by the revenue stream itself, which this paper demonstrates is a
fundamental driver in reducing the need for traditional forward
hedging.

APPENDIX B
MATHEMATICAL FORMULATION

We define a risk-adjusted profit maximization model to
determine the retailer’s optimal strategy. In this framework, the
retailer jointly optimizes procurement decisions and contract
parameters to maximize a weighted average of expected profit
and conditional value-at-risk (CVaR). The complete formula-
tion is as follows:

max : β ·

η − 1

1− α
·

∑
s1∈S1

ωs1σs1

 + (1− β) ·
∑

s1∈S1

ωs1EPs1

(6)

Qf + Ew
t,s1

+ E+
t,s1,s2

− E−t,s1,s2 = Dres
t,s1,s2

, ∀t ∈ T, s1 ∈ S1, s2 ∈ S2

(7)

λRt,s1 = a ·

∑
t∈PPp

λwt,s1

|PPp|
+ b, ∀p ∈ P, t ∈ Tp, s1 ∈ S1 (8)

Πs1,s2 =
∑
t∈T

Dres0
t,s1

· λRt,s1 − λ
f ·Qf · |T | −

∑
t∈T

λwt,s1 · E
w
t,s1

−
∑
t∈T

λ+t,s1,s2 · E
+
t,s1,s2

+
∑
t∈T

λ−t,s1,s2 · E
−
t,s1,s2

, ∀s1 ∈ S1, s2 ∈ S2

(9)

EPs1 =
1

|S2|
∑

s2∈S2

Πs1,s2 , ∀s1 ∈ S1 (10)

η − EPs1 ≤ σs1 , ∀s1 ∈ S1 (11)

E+
t,s1,s2

, E−t,s1,s2 , σs1 ≥ 0 ∀t ∈ T, s1 ∈ S1, s2 ∈ S2 (12)

The objective function (6) maximizes the retailer’s risk-
adjusted profit. It combines the second-stage expected profit
(EP ) with the CVaR at confidence level α, weighted by the
risk-aversion coefficient β.

Constraint (7) enforces the physical energy balance: any
deviation between the electricity procured (forward and day-
ahead) and the realized residential consumption must be settled
as upward (E+) or downward (E−) imbalance volumes.

The retail price λRt,s1 is determined in (8) based on the
contract design parameters a and b. Note that this general
formulation encompasses the fixed-price baseline by setting
a = 0, which yields a constant retail price λR = b. For indexed
contracts (a > 0), the price varies according to the average
wholesale price over the pricing period PPp.

The profit in each third-stage scenario Πs1,s2 is defined
in (9) as the difference between retail revenues and total
wholesale expenditures. Expenditures are ordered chronologi-
cally: forward contract costs, day-ahead market purchases, and
finally imbalance settlement costs (net of payments for upward
regulation and revenues from downward regulation).

Constraint (10) calculates the expected profit in each first-
stage scenario EPs1 . The retailer is modeled as risk-averse in
the first stage (via the CVaR term) but risk-neutral regarding
the second-stage realizations6, as EPs1 is the simple expec-
tation over S2. Finally, the CVaR formulation is implemented
through constraint (11), which captures the loss relative to the
Value-at-Risk threshold η via the auxiliary variable σs1 .

APPENDIX C
ALGORITHM FOR CONTRACT PARAMETERS

DETERMINATION

Algorithm 1 Contract parameter determination using New-
ton’s method

1: Initialize tolerance tol, maximum iterations max iter,
derivative step size h {e.g., tol = 0.1, max iter = 10,
h = 0.01}

2: for a = 1.00, 1.01, . . . , 1.09 do
3: Initialize b← b0 {e.g., b0 = 10.0}
4: for k = 1 TO max iter do
5: Solve the profit-max model with parameters (a, b)
6: f ← Objective value of the model {Risk-adjusted

profit}
7: if |f | < tol then
8: BREAK {Convergence}
9: end if

10: Solve the profit-max model with parameters (a, b+h)
11: df ← (Objective(a, b+ h)− f)/h
12: if |df | < threshold then
13: EXIT (“Derivative too small”)
14: end if
15: b← b− f/df {Newton update}
16: end for
17: Store valid pair (a, b) and corresponding Expected

Profit EP (a, b)
18: end for
19: Select the pair (a∗, b∗) minimizing EP (a, b)

6Market participants are generally less risk-averse toward short-term uncer-
tainties, as such fluctuations tend to cancel out each other over longer time
horizons [20].
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Fig. 1. Visual representation of the three-stage stochastic optimization framework with the sequence of decisions and uncertainty realization.

TABLE I
COMPARISON OF RESULTS OF MAXIMIZING THE RETAILER’S PROFITS ACROSS CONTRACT TYPES.

RTP Monthly Yearly

a b Qf (MWh) Profit (Mio. e) b Qf (MWh) Profit (Mio. e) b Qf (MWh) Profit (Mio. e)

1.00 5.71 30.45 0.492 8.41 44.43 0.772 11.79 62.12 1.100
1.01 4.19 22.35 0.357 6.91 36.46 0.640 10.33 54.34 0.969
1.02 2.66 14.25 0.222 5.41 28.51 0.508 8.86 46.56 0.840
1.03 1.13 6.15 0.087 3.91 20.57 0.376 7.39 38.78 0.711
1.04 -0.32 0 0.462 2.41 12.62 0.244 5.93 31.02 0.582
1.05 -1.56 0 2.130 0.92 4.52 0.187 4.46 23.25 0.454
1.06 -2.81 0 3.810 -0.47 0 0.747 3.00 15.48 0.325
1.07 -4.05 0 5.480 -1.70 0 2.360 1.54 7.69 0.218
1.08 -5.30 0 7.150 -2.92 0 4.010 0.09 0 0.215
1.09 -6.55 0 8.830 -4.15 0 5.650 -1.14 0 1.630

* Note that in practice, retail contracts usually require positive margins (b > 0). Configurations with b < 0 are purely theoretical.

Fig. 2. Illustration of retail prices under different contract structures.

TABLE II
AVERAGE RETAIL PRICES OF ALL CONTRACTS.

Average retail price (C/MWh) RTP Monthly Yearly
Model 154.2 156.9 160.5
Reality 161.7 204.0 /
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Fig. 3. Comparison of profit under risk-averse and risk-neutral strategies
across the nine first-stage scenarios (S1). The risk-neutral strategy (gray)
exhibits extreme volatility, generating large profits in low-price scenarios but
severe losses in high-price scenarios (4–6). The risk-averse strategy (black)
stabilizes the outcome, yielding a consistent result.

Fig. 4. Increase in forward purchases (∆ MWh) under different risk scenarios
compared to the baseline optimal volume.
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