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Information, Action, and Incidence: The Heterogeneous Economic Value of
Forecasts across Virtual Power Plants

Tsz Sen Zhu

BASIS INTERNATIONAL SCHOOL GUANGZHOU

Abstract

The intermittency and heterogeneity of renewable energy sources create a difficulty in the coordination of energy source distri-
bution. Virtual power plants (VPPs) coordinate many small energy resources and operate them as a single market participant.
When a VPP is in an electricity market, system operators predict demand one day in advance so that enough generation and
backup capacity can be scheduled. This paper examines the economic value and impacts of forecasts, especially if they are
wrong. A modeled market is constructed from public California Independent System Operator data with a network based on
the open PGLib-OPF five-bus system. Open-Meteo weather records and European Central Bank exchange rates support the
construction and calibration of inputs. In each experiment, the VPPs and actual operating conditions remain unchanged. Only
the grid operator’s day-ahead forecast changes. In the scarcity experiment, 23 dates produce complete comparisons. Forecast
error increases average system cost by USD 7.959 million and unserved electricity demand by 774.54 MWh per day, while
modeled VPP profit increases by USD 117.21 thousand per VPP per day. The cost of unserved electricity makes up 97.32% of
the system-cost increase. The second experiment considers sufficient reserves, imports, and capability to eliminate shortages.
Across 14 dates, the VPP profit effect falls from USD 126,655.72 to USD 112.70 per VPP per day, a 99.911% reduction. A
further settlement sensitivity assigns additional balancing quantities while leaving the physical operation unchanged. Under
the specification, the remaining VPP profit effect becomes USD -743.77 per VPP per day. The results show that a large VPP
gain occurs in extreme scarcity, and when sufficient balancing resources are available, the remaining effect is smaller and
depends on how market rules allocate balancing costs.
Keywords: load forecast, day-ahead clearing, virtual power plant, two-settlement market, scarcity pricing, reserve perfor-
mance, settlement responsibility, load shedding

1

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



Economic Value of Forecasts across VPPs

Contents

List of Symbols and Abbreviations 3

1 Introduction 4
1.1 Research question and unified claim . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Literature Review 4
2.1 Virtual power plants as distributed energy aggregators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Forecast value in electricity markets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.3 Constraints, scarcity, and nonlinear price responses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.4 Private VPP returns and social resource cost . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.5 Household incidence, flexibility, and fairness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.6 Dispatch and contractual coverage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.7 Adjacent literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3 Market Model 5
3.1 Experimental system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
3.2 Day-ahead Co-optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
3.3 Real-time Recourse . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.4 VPP Settlement and Modeled Profit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.5 Three non-interchangeable accounts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
3.6 Fixed-dispatch contractual-coverage sensitivity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4 Mechanism 7
4.1 From forecast to incidence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
4.2 Continuous quantity effects and regime switches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
4.3 Separation of private and social directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
4.4 Negative controls and boundaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
4.5 Testable Propositions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

5 Experimental Design 9
5.1 Evidence structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
5.2 Data sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
5.3 Two-bus mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
5.4 High-fidelity cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
5.5 Unified thirty-day scarcity experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
5.6 Zero-loss adequacy and settlement sensitivity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
5.7 Outcome definitions and acceptance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
5.8 Pair construction, missing arms, and estimands . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

6 Results 11
6.1 Mechanism map of loss, zero, interaction, and ambiguity regions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
6.2 High-fidelity dates results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
6.3 Inactive slack network forecasting and unidentified binding effect . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
6.4 Thirty-date extension identifies a scarcity regime . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
6.5 Adequacy removes shortage, substantially reducing the apparent profit effect . . . . . . . . . . . . . . . . . . . . . . . . 13
6.6 Contractual cash allocation can reverse the residual VPP-account effect . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
6.7 Four-channel decomposition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
6.8 Symmetric forecast directions reject a one-sided explanation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
6.9 The unified result is stable to reconciliation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

7 Robustness and Identification 14
7.1 Duplicate-record reconciliation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
7.2 Missing-outcome sensitivity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.3 Two negative controls . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.4 Binding congestion and structural non-identification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.5 Missingness and numerical failures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.6 Zero-loss gate and common adequacy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
7.7 Contract-coverage grid and decomposition checks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
7.8 Established results of robustness checks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



Economic Value of Forecasts across VPPs

8 Analysis and Distributional Consequences 16
8.1 VPP gains are private settlement gains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
8.2 Joint interpretation across two regimes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

9 Discussion, Policy Implications, and Limitations 16
9.1 Forecast quality should be valued by state . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
9.2 Settlement design must distinguish dispatch and VPP fault . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
9.3 A practical market-monitoring rule . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
9.4 Evidence interpretation and limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

10 Conclusion 17

References 18

Acknowledgements 19

List of Symbols and Abbreviations

Symbol Definition

VPP DA Virtual power plant Day-ahead

RT Real-time

LMP Locational marginal price

d, t, n, g, i Date, hour, bus, conventional generator, and VPP indices

z Forecast arm: accurate source forecast, symmetric 5% underforecast, symmetric 5% overforecast

qDA
itd , qRT

itd Day-ahead net energy injection, dispatched real-time net energy injection

rDA
itd Day-ahead reserve capacity assigned to VPP i

λDA, λRT Day-ahead and real-time nodal energy prices

µDA Day-ahead reserve-capacity price

Πid VPP profit

Hd Aggregate household net payment

Csys
d System resource cost

Qshed
d Real-time load shedding

Pd Indicator for whether the forecast changes accepted DA energy or reserve.

Sd Indicator that the active constraint or marginal resource changes.

rcallitd , dcallitd Called reserve, dispatch credited against call

Bid,Kid Balancing quantity outside call credit, called quantity not covered by dispatch adjustment

mB ,mK Hypothetical contract-coverage multipliers for B andK

cimp
d Date-specific marginal cost of added resource

MRE Minimum relevant effect for VPP profit

3

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



Economic Value of Forecasts across VPPs

1 Introduction

Renewable generation, electric vehicles, and distributed stor-
age are moving power-system flexibility away from a small
number of centralized assets and toward millions of heteroge-
neous devices, yet these systems cannot enter the electricity
market as a whole. A virtual power plant (VPP) aggregates
such devices and other small resources so that they can be co-
ordinated and scheduled as a market participant in the elec-
tricity market [1,2]. In a day-ahead electricity market, the
grid operator uses a system level forecast of nonflexible load
and available transmission capacity to clear day-ahead energy
and upward reserves before electricity is delivered. When ac-
tual conditions arrive, the real-time market must correct any
imbalance. A forecast error comes into play in these con-
ditions. A small forecast error might require only a small
adjustment, but an error near a reserve or scarcity bound-
ary could change how resources are dispatched, prices are
formed, and whether demand can be served. This paper in-
vestigates how forecasts and errors present in the forecasts
create heterogeneous economic impacts by moving through
clearing, dispatch, scarcity, and settlement. We design the
electricity market with VPP inputs, realized load, and net-
work capability held common.

Forecasting performance is often summarized statistically
in scores such as mean absolute error or root mean square
error. These measures indicate how far a forecast is from re-
alization, but they do not show whether the error changes a
market decision. However, in an electricity market, two fore-
cast errors might lead to significantly different market con-
sequences if an error alters a VPP choice or crosses an eco-
nomic boundary. The economic effect of a forecast is there-
fore jointly determined by the magnitude of the information
change, the local response of the market solution, and any
regime switch [3–8].

This paper focuses on the distributional and institutional
complication of the question. Better system information
might not increase an individual VPP’s income, and a VPP’s
settlement gain might not reduce physical resource cost. In
a two-settlement market, an undercommitted resource may
receive a large real-time deviation payment in scarcity, yet
scarcity alone cannot identify the source of the private gain.
Household payments may move in another direction as they
are part of a transfer ledger. Thus, statements such as “a
forecast error is costly” or “forecast errors benefit VPPs” are
incomplete as they do not consider the market state and the
heterogeneous economic impacts of the erroneous forecasts.

This distinction changes the empirical burden, as a large
VPP gain in a load-shedding run identifies a scarcity settle-
ment outcome. An adequacy enhanced inference requires
comparisons of common dates after involuntary shortage
is eliminated. Any post-dispatch overlay must distinguish
between real-time quantities from metered autonomous
delivery, and we need to identify the contractual basis, payer,
and receiver.

1.1 Research question and unified claim

The main research question can be stated as: when the grid
operator changes the system load forecast or available trans-
mission forecast used in day-ahead clearing, how do quan-
tity adjustments and cross-region switching affect VPP settle-
ment, reliability costs, and the contractual allocation of bal-

ancing quantities?
Overall, the claim separates two response margins, which

is an active constraint region and regime switch. In an active
constraint region, a forecast can change schedules and settle
quantities continuously. On the other hand, a regime switch
can amplify or reverse the regional effect. Net VPP settlement
also depends on whether a contract assigns cash adjustment
to balancing quantities in real time. These layers determine
the market’s physical outcomes and incidence resulting from
forecast errors.

This paper contributes in three primary ways. First, we de-
sign a two-stage electricity market with network constraints
to add nuance to earlier work about the values of forecast
improvement in VPPS. Second, it identifies the contribution
of scarcity through an adequacy comparison experiment,
separating it from a contract allocation overlay. Third, we
trace the economic meaning of real-time energy quantities
and we report a date-level experiment with a transparent
data-construction pipeline.

2 Literature Review

2.1 Virtual power plants as distributed energy aggregators

VPPs aggregate distributed energy resources, such as batter-
ies, electric vehicles, or flexible loads, into one single par-
ticipant in an electricity market. Aggregation is economi-
cally important because many of the individual assets are ei-
ther too small or too unstable to satisfy market participation
requirements on their own. A VPP can aggregate these re-
sources, combine them and submit an energy schedule, hold
reserve headroom, and respond to real-time conditions, such
as fluctuations in the market [1,2,9-12]. Recent work also
emphasizes that a VPP’s credible capacity and locational de-
liverability determine whether its nominal flexibility can be
treated as a reliable market product [24].

While creating controllability, VPP aggregation also cre-
ates forecasting exposure. A VPP operator must decide on
how much energy to buy or sell and how much flexibility
to reserve before demand, renewable energy production, de-
vice availability, and network conditions are realized. Cur-
rent forecasting studies frequently judge VPP performance
via statistical loss functions. While this approach is useful
for model comparisons, it is incomplete for market valuation
because the economic effect of a VPP decision depends on the
decision made with the forecast and the price and constraint
regime where the decision is settled. Research connecting
VPP forecasting to day-ahead income confirms that forecast
quality and energy storage scheduling both impact revenue,
but it does not establish, by itself, that a reduction in forecast
error has the same marginal value [24].

2.2 Forecast value in electricity markets

Electricity markets have a sequential scheduling because
generation, demand, and network capability cannot be per-
fectly known in advance. In an electricity market, day-ahead
schedules coordinate expected production and consumption
values, while real-time clearing treats deviations in the real
market. Therefore, the economic value of information arises
from a comparison made between different information sets,
not forecast accuracy alone [3-8]. An improvement in the
forecast can alter commitment, reserve procurement, charge
storage, flexible demand, or network congestion. If none
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Economic Value of Forecasts across VPPs

of these decisions change, the market settlement effect can
remain trivial even if the statistical forecast changes.

Prior research about probabilistic forecasting also shows
that joint distributions of renewable supply and demand can
improve the operating-reserve allocation relative to determin-
istic forecasts [26]. That result shows a decision-oriented
view of forecast quality, namely uncertainty information is
valuable when it changes a reliability decision. This paper ex-
tends this logic to distributional incidence. It asks whether de-
cision changes benefit the VPP, reduce household payment,
and lowers system resource cost simultaneously, or if these
accounts move in different directions.

2.3 Constraints, scarcity, and nonlinear price responses

Electricity markets modeled are network-constrained, piece-
wise systems. For example, in one active set of constraints,
a change in a forecast might leave the same generator, line
status, and reserve provider in place. However, if the forecast
crosses a transmission, ramp, reserve, or feasibility boundary,
the solution might be moved to another face of the feasible
region. Thus, prices and quantities may change discontinu-
ously, even if the forecast changes linearly [6-8, 13-16].

Scarcity in the market also creates nonlinear responses in
the price of energy. In our market, load shedding is registered
when the flexibility delivered by our generation cannot cover
realized demand. Current research also shows that relatively
small changes in supply conditions can create disproportion-
ate impacts in severe shortage events [25], so the physical
reliability of the system should also be separately considered.

2.4 Private VPP returns and social resource cost

Market payments and physical resource cost in the electricity
market answer different questions. We differentiate market
payments and physical resource costs. A VPP might receive
a high payment in the real-time market because its injection
is valuable at the margin, but the system might experience
costs from a large shortage because the injection is insuffi-
cient to restore balance. Their signs are thus not required
to offset.This distinction is necessary to interpreting a fore-
cast error. A wrong day-ahead forecast can create more de-
viation quantity and a higher real-time price, so both errors
raise the deviation payment received by the VPP. However,
if the same error causes load shedding, the private gain and
social resource-cost change would both be positive under the
paper’s wrong-minus-accurate convention. Thus, the result
analyzed should be focused on incentive alignment, not ac-
counting contradictions.

2.5 Household incidence, flexibility, and fairness

Households enter VPPs as the owners of devices, which pro-
vide flexible load during charging, retail customers, or recip-
ients of reliability service. However, the recorded payment
of households is only one dimension of their economic inci-
dence. Current research shows that VPP incentives can re-
duce peak demand without increasing the financial burden
of vulnerable households in a particular program [20]. This
finding supports distributional measurements of forecast im-
pacts to households, and also shows why an outcome specific
to a program should not be generalized.

Our model records household net payment and household-
action shortfall, although not estimating utility, discomfort, or
compensating variation. A lower household payment might

therefore occur while the market has greater unserved energy.
This paper thus treats payment and reliability separately, and
does not infer household welfare from payment alone.

2.6 Dispatch and contractual coverage

A two-settlement market needs to balance incentives and
also clearly define what each quantity in the contract rep-
resents. Real-time prices reward energy when it is scarce,
while reserve-capacity payments reward option value before
delivery [6,7,13,17]. In this model, however, qRT is chosen
by the system’s real-time cost optimization, not a separate
action.

The institutional sensitivity therefore is more nuanced.
Upward balancing is first mapped against a proxy call from
the system forecast shortfall. The residual absolute balancing
quantity and the called quantity that are not already covered
by the dispatch adjustment become the contract-coverage
bases. Both are valued at the marginal cost of the firm-import
resource, and do not estimate breach or an authorized fee.
The calculations therefore only ask about how profits would
change if such cash amounts are assigned by a contract.

2.7 Adjacent literature

Prior work establishes that statistical accuracy does not mean
trading profit. For example, forecasting links predictive
information to decisions in renewable trading, market rules
might alter the forecast value, and forecasting can reduce
uncertainty for retailers. The contributions of different
sources are defined in Table 1 below.

3 Market Model

3.1 Experimental system

The paper’s experimental system is amodeled electricitymar-
ket with two sequential stages. In the first stage, the day-
ahead stage, the system operator receives forecasts of non-
flexible demand and available transmission capacity and co-
optimizes energy and upward reserve. Each VPP submits the
same frozen strategic inputs within a matched forecast-error
accurate-error run pair. Only the forecast for system demand,
and forecast for capacity in designated mechanism experi-
ments, change. Commitments in the day-ahead market are
then fixed.

In the second stage, realized conditions replace the fore-
casts. The market dispatches available recourse, and prices
are settled at real-time nodal prices. The forecast changes
the input of the system operator, where the clearing model
selects different award amounts and real-time dispatch quan-
tities. Let d represent dates, t represent hours, n represent
buses, g represent conventional generators, and i ∈ {1, 2, 3}
the VPPs. Also, let z = 0 represent the oracle-accurate de-
mand arm and z = 1 the source-forecast error arm. In this
experimental system, every treatment effect is defined as:

∆Yd = Y wrong
d − Y accurate

d . (1)

3.2 Day-ahead Co-optimization

In the day-ahead market, an selects conventional generators,
PDA
gtd , VPP net energy positions qDA

itd , generator and VPP re-
serve rGgtd, and rVitd, network flows, and reliability slacks.
This can be represented by the following formula:
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Economic Value of Forecasts across VPPs

Table 1: Literature table and paper positioning

Study Forecast object Market stage Network and action Economic
outcome

Responsibility
allocation

Role in paper

Muñoz et al.
(2020)

Renewable forecast
used for trading

Market trading Forecast-to-trade
features

Trading
performance

Participant
exposure

Establishes forecast
improvement

Klyve et al.
(2023)

PV production
forecast used by
trader

Day-ahead ,
intraday

Historical Nordic
bidding areas,
settlement- rule
comparison

VPP income and
forecast value

Single- and
dual-price
imbalance rules

Shows market rules can
make perfect forecasts
non-profit- maximizing

Wang et al.
(2021)

Retail-load
uncertainty reduced
by data for a
retailer

Two-settlement
market

Retailer optimization
under uncertainty

Profit enhancement
and data value

Retailer bears
uncertainty
exposure

Provides an analytical
information-value
benchmark

Sarathkumar et
al. (2025)

VPP generation
forecast used for
day-ahead arbitrage

Day-ahead IEEE 14-bus OPF,
storage arbitrage,
fixed network
assumptions

Forecast error and
income frontier

VPP, storage
operator

Connects VPP forecasting
with arbitrage revenue

Terrén-Serrano
et al. (2026)

System renewable
supply and demand
forecast used for
reserve decisions

Day-ahead
operation

System-level reserve
allocation

Reliability-
oriented reserve
allocation

Operator decision Demonstrates the
operational value of joint
probabilistic forecasts

This paper Grid-operator
system load and
forecasts, VPP
strategies fixed

Day-ahead
energy and
reserve and real
time

Nodal network,
reserve, scarcity,
adequate-resource
counterfactual

VPP settlement,
household cash
payment, system
resource cost, load
loss

Hypothetical
coverage of
system-dispatched
balancing
quantities in fixed
dispatch

Distinguishes regional
and regime-switching
effects, identifies scarcity
reduction, derives a
cash-allocation sign
boundary

min
xDA

JDA
d (x; L̂d, F̂d) = Cgen + Cdeg + Ccurt + Cshed + Cres + Chhshort,

(2)
At each bus, scheduled VPP injections of energy must

cover all scheduled energy withdrawals and exports. This
can be shown as:

∑
g∈n

PDA
gtd +RDA

ntd +
∑
i∈n

qDA
itd − L̂ntd =

∑
ℓ

AnℓF
DA
ℓtd . (3)

The energy and reserve both have the same headroom.
This can be represented by the following formula.

PDA
gtd + rGgtd ≤ P g. (4)

3.3 Real-time Recourse

During real-time clearing, the system considers realized de-
mand, which is represented asLRT , and realized line capacity
FRT , while the day-ahead positions remain constant. In the
clearing process, the system operator selects recourse genera-
tion, feasible VPP injections, flows, reserve deployment, and
shortage quantities, which can be modeled as

min
xRT

JRT
d (x;xDA

d , LRT
d , FRT

d ). (5)

Thismodel includes the physical reliability costs, real-time
load shedding and household-action shortfall, considering
the registered penalty of each. qRT is a decision variable
in the system optimization, where the solver can redispatch
the VPP’s full daily trajectory in response to realized condi-
tions. The real-time stage is a full recourse benchmark with
perfect information, so this assumption might overstate the
flexibility available to storage.

3.4 VPP Settlement and Modeled Profit

The VPP’s modeled daily settlement surplus is

Πid =
∑
t

[
qDA
itd λDA

n(i)td + (qRT
itd − qDA

itd )λRT
n(i)td + rDA

itd µDA
td

]
− Cdeg

id ,

(6)
In this equation, λDA and λRT represent energy prices at

different nodes and µDA is the reserve-capacity price. The in-
herited contract for the market includes reserve-capacity rev-
enue but not the separate model activation payment or con-
tractual coverage adjustment. Equation (6) settles the system-
dispatched adjustment qRT −qDA once at the real-time nodal
price.

For any bilinear payment qλ, the symmetric decomposi-
tion can be represented as

∆(qλ) = λ̄∆q + q̄∆λ, q̄ =
q1 + q0

2
, λ̄ =

λ1 + λ0

2
(7)

and the equation decomposes a payment difference into
quantity and price contribution, so it produces the price and
injection-quantity channels. We use the same identity when
calculating real-time deviations and reserve payments.

3.5 Three non-interchangeable accounts

The economic model of this paper separates VPP profit,
household payment, and system resource cost as three dif-
ferent accounting perspectives. System resource cost can be
represented by the following equation:

Csys
d = Cgen

d + Cdeg
d + Cspill

d + Cloadloss
d + Chhshort

d + Cother
d ,

(8)
where total system cost includes the costs of generation,

degradation, spill, load-loss, household shortfall, and other
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Economic Value of Forecasts across VPPs

physical costs. Market payments are not considered in this
calculation because a high nodal price can also create a high
physical production cost. Household net payment Hd then
records settlement amounts assigned to a household group.
As a cash incidence measure, the calculation does not include
household income, utility, discomfort, or compensating vari-
ation. Therefore, a decrease inHd is not equivalent to a direct
household-welfare improvement. Cash closure is necessary
for verifying the transfers without adding them to total wel-
fare.

3.6 Fixed-dispatch contractual-coverage sensitivity

The VPP profit calculation in Equation (6) is used as the gross
benchmark. After the electricity system decides all physical
operations, we consider two possible cash-allocation adjust-
ments after dispatch. The system’s electricity demand fore-
cast belongs to the grid operator, and the VPP is not responsi-
ble for producing it, so if the grid operator forecasts demand
incorrectly, the model does not directly charge the VPP for
the mistake. Moreover, the model does not separately mea-
sure what the VPP independently chooses to deliver, but in-
stead calculates qRT , the VPP’s real-time amount of energy
injection as part of the system operator’s optimal dispatch.
Therefore, this paper cannot directly conclude VPP fault, but
rather asks a narrower question: if a hypothetical contract
placed an additional payment responsibility on parts of the
system-dispatched balancing quantity, how much would the
VPP’s profit change?

Let uit = qRT
it − qDA

it represent VPP i’s balancing ad-
justment, rDA

it represent reserve-capacity award, at the posi-
tive system forecast shortfall, andRt the augmented upward-
reserve requirement. The proxy call fraction can be expressed
as:

κt = min
{
1,

at
Rt

}
. (9)

Then, based on the proxy call fraction, the proxy called
reserve and the part of upward dispatch mapped to that call
can be expressed as:

rcallit = κtr
DA
it , dcallit = min

{
rcallit ,max(0, uit)

}
.
(10)

The cap at rcallit prevents upward dispatch above the call
from being counted twice as service. Then, we define two
accounting bases, the balancing quantity outside the called
credit,Bi, and the called quantity not covered by the dispatch
adjustment,Ki, as shown in:

Bi =
∑
t

max
{
0, |uit| − dcallit

}
, Ki =

∑
t

max
{
0, rcallit − dcallit

}
.

(11)
With a firm-import marginal cost cimp

d on a given date, the
balancing-quantity multiplier mB , and called-quantity cov-
erage multipliermK , the VPP’s adjusted profit can be repre-
sented by

Πadj
id (mB ,mK) = Πid − cimp

d (mBBi +mKKi) . (12)

This design evaluates mB ∈ {0, 0.5, 1.0, 1.5} and
mK ∈ {0, 1.0, 1.5, 2.0}, with the central illustration given
by (mB ,mK) = (1.0, 1.5).

Equation (12) is treated as an additional cash-allocation
term. To avoid double recovery, this should only be inter-
preted as a conditional with explicit rules defining the VPP
obligation and cost calculation.

The basesBi andKi both measure leftover quantities, but
account for different quantities.

Bi accounts for the absolute balancing quantity that is not
already credited against the proxy reserve call, whileKi cap-
tures the portion of the proxy reserve call that is not covered
by the mapped upward dispatch. These bases do not behav-
iorally interpret the VPP. Table 2 explains the sequence from
the original forecast to the contract adjustment, separating the
market information, decision, and cash allocation.

4 Mechanism

4.1 From forecast to incidence

The electricity model is a sequential mechanism, where an in-
formation change goes through a day-ahead plan, constraint
set, recourse, and prices before being settled. A forecast er-
ror that leaves economically relevant decisions unchanged
has no settlement effect, while an error of a similar statistical
size could matter significantly if it changes a schedule, quan-
tity, or status. The mechanism includes five stages. First,
the model begins with day-ahead forecasting, then day-ahead
energy and reserve planning, real-time deviation and scarcity,
realized information of price and quantity, and finally settle-
ment and physical incidence. The conditions and separation
of the accounts can be explicitly shown in Figure 1.

As shown in Figure 1, a forecast error matters economi-
cally only if it changes an active decision, price, reserve po-
sition, or scarcity outcome. It also shows that the resulting
consequences of a forecast error are divided in three distinct
accounts. In the first stage, the operator-side forecasts of non-
flexible demand and transmission enter day-ahead clearing
about the next day. These forecasts influence the residual de-
mand scheduled resources must cover and transfers that the
network must support, but do not directly enter VPP profit.
Their economic effect only begins when the day-ahead opti-
mizer selects a different energy schedule.

At the second stage, a changed day-ahead plan alters the
system’s starting position in the real-time market. A lower
schedule can create more upward room, but less scheduled
energy, and a higher schedule can cause the reverse. When
reserve award is changed, the capacity revenue and amount of
flexibility held are both changed. These changes occur even
when no generator changes its status and no network con-
straint changes.

At the third and fourth stages, market conditions are held
fixed and are considered across forecast arms. The real-time
optimization shows the results of entering the same real-time
state from different day-ahead positions. These responses de-
termine nodal prices and the quantities settled at the prices.
The final stage assigns cash flows to the VPP and records
transfers in the system’s account. Thewhole chain thus shows
a statistical forecast creates value by changing an econom-
ically relevant decision which influences pricing and settle-
ment.

4.2 Continuous quantity effects and regime switches

Let xDA(I) represent the day-ahead plan in the information
state I , and A(I) represent the plan’s active constraints and
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Economic Value of Forecasts across VPPs

Table 2: Sequence of stages in VPP model

Stage Event Party held
accountable

Obligation and Cash Flow Counterparty

System forecast A VPP grid operator forecasts
nonflexible demand and
available transmission for
day-ahead clearing

Grid operator Information input with no
direct VPP charge

Market clearing process

VPP submission Submit the frozen energy
schedule portfolio and strategy
inputs

VPP Offers and resource constraints Day-ahead market

Day-ahead award Energy clearing and realized
reserve capacity

Market operator VPP receives energy and
reserve-capacity settlements

Market settlement account

Real-time dispatch The system operator reoptimizes
feasible VPP energy injections in
realized conditions

System operator The system dispatch amount is
qRT , and the VPP follows the
modeled solution

Real-time market

Proxy-call
mapping

System shortfall is converted in
the call fraction κt

Accounting rule Map dispatch upwards Settlement record

Balancing quantity
outside call credit

Compute Bi from
system-dispatched quantities

Accounting rule Profit adjustment to
cimp
d mBBi

Unspecified without
contract

Call quantity
coverage

ComputeKi from
system-dispatched quantities

Accounting rule Profit adjustment to
cimp
d mKKi

Unspecified without
contract

Figure 1: Forecast to incidence mechanism. A forecast error creates a significant economic impact only if it crosses an economically active boundary and
meaningfully changes a commitment, price, reserve allocation, or scarcity quantity. The settlement then distinctly divides results in the market among the
VPP, household, and system accounts.

marginal resources. Indicators of this plan are

Pd = 1
{
xDA
d (Iwrong) ̸= xDA

d (Iaccurate)
}
,

Sd = 1
{
Ad(I

wrong) ̸= Ad(I
accurate)

}
.

(13)

Pd indicates whether the day-ahead allocation differs be-
tween the wrong and accurate forecast arms. The switch in-
dicator, Sd, records whether the set of active constraints or
marginal resources change.

Three potential cases come from this equation. First, if
(Pd, Sd) = (0, 0), the forecast effect is an economic zero.
Second, if (Pd, Sd) = (1, 0), the information change alters
quantities in the same region. In two scenarios, let∆I repre-
sent a change in forecast information. The profit response in
this change can be represented by the following:

∆Πi ≈ ∇xΠ
⊤
i

∂xDA

∂I
∆I, Sd = 0. (14)

where ∂xDA/∂I represents how the accepted day-ahead
plan responds to changes in the forecast information and
∇xΠi represents how the change in the plan affects the
VPP’s profit. Third, if Sd = 1, the forecast crosses an active
set, marginal resource, or feasibility boundary. For example,
a previously slack transmission limit may bind. The price
and recourse might change nonlinearly in these situations.

Two common errors might be assumed. First, no regime
switch does not directly imply zero effect because schedules
and reserves can move continuously on the same face of
the feasible set. Second, a large effect cannot be directly
attributed to forecast magnitude alone because a smaller error
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Economic Value of Forecasts across VPPs

can also create a large result if it crosses a large boundary.
This mechanism explains why the experiments need

several kinds of evidence. The two-bus surface shows the
impact of active-region boundaries. High-fidelity cases
show whether the same distinction remains visible when
hourly schedules, reserve headroom, and network constraints
interact with each other. The multi-date scarcity experiment
also evaluates repeated outcomes in a regime where shortage
boundaries are crossed, and the adequacy experiment sup-
plies deliverable recourse to move forecast contrasts away
from the shortage boundary.

4.3 Separation of private and social directions

In a hypothetical situation, an underforecast causes the day-
ahead market to schedule too little supply compared to real-
ized demand. At real time, a VPP providing positive devi-
ation energy might be paid at a scarcity price, and its profit
might by positive, as shown in:

∆Πi > 0. (15)

At the same time, the systemmay shed load or have a short-
age penalty, which can be shown as:

∆Csys > 0, ∆Qshed > 0. (16)

While VPP payment is determined bymarginal prices, sys-
tem cost includes physical reliability loss. This separation is
economically meaningful because the market could reward a
resource for its marginal value even when its forecast error is
socially costly.

This can be illustrated by an underforecast. If too little
supply is scheduled, a real-time optimizer might increase a
VPP’s injection. When marginal price rises due to scarcity,
the VPP would earn more than under an accurate forecast.
This payment thus rewards the VPP’s marginal flexibility, but
the system would simultaneously incur losses. The account-
ing distinction thus prevents a larger VPP payment from be-
ing directly added through system resource cost and positive
VPP profit offsetting the value of unserved energy.

This coexistence is the paper’s main investigative ques-
tion. Paying a VPP to balance energy can be marginally ef-
ficient, but there is a mismatch between the system forecast
error and the shortage cost assigned based. Diagnosing this
mismatch requires evidence on the forecast origin, physical
adequacy, and contract governing the reserve obligations.

4.4 Negative controls and boundaries

We use two negative controls in this paper. First, a capacity
forecast error should be inactive when both capacity assump-
tions leave the same line constraint slack. Second, a demand
error can be an economic zero if the induced schedule and
price changes are below the minimum relevant effect.

A separate boundary comes from the multiplicity of opti-
mization. If several allocations attain the same primary ob-
jective but imply different settlements, the forecast effect is
not point identified. Selecting the most convenient allocation
would change the solver choice into an economic conclusion,
so we report the high-fidelity congestion case as unidentified
until an allocation rule preserves the primary optimum, or if
the settlement is the same in the optimal set.

4.5 Testable Propositions

The experiments in the next section are based on these propo-
sitions:

Proposition 1. Regional Quantity Response: When hold-
ing realized conditions fixed, a forecast change can influ-
ence hourly energy or reserve awards and therefore alter VPP
profit. If it does not change the accepted plan or any econom-
ically relevant prices, the effect is negligible.

Proposition 2. Regime-switch Amplification: When a
forecast change causes a regime switch, such as switching an
active constraint, marginal resource, or feasibility state, the
magnitude and direction of VPP profit would change nonlin-
early. In a shortage situation, both the revenue deviation and
system reliability costs might rise simultaneously.

Proposition 1 does not predict that a response must be
profitable. Instead, it predicts that forecast information can
affect settlement through continuous quantity movements,
while leaving the realized conditions constant. Proposition
also predicts the possibility of a nonlinear amplification or
sign reversal.

The two-bus surface separates regional quantity responses
from regime switches. High-fidelity dates can trace com-
mitment and settlement channels, while the unified 30-date
experiment tests are repeated. The adequacy experiment
then holds the forecast comparisons closely aligned while
removing the shortage mechanism. The comparison between
these regimes identifies if the large effect is associated with
scarcity and if smaller gross settlement differences exist
under zero load loss. Reconciliation for duplicate records
and the responsibility overlay are evidence checks, not
additional propositions.

5 Experimental Design

5.1 Evidence structure

This section identifies interventions, samples, estimands, and
acceptance gates before results are presented. The empirical
experiments are organized in four layers by role, which can
be shown in Table 3.

5.2 Data sources

The experiment uses publicly available data from different
sources. Network parameters are taken from PGLib-OPF
v23.07 [18]. Market forecast, demand, and price data come
from CAISO OASIS [19]. Weather variables come from
Open-Meteo [29].

The accurate-forecast treatment replaces day-ahead de-
mand with realized demand, while the underforecast and
overforecast treatments use (0.95LRT

d,t ) and (1.05LRT
d,t ).

The sample contains all 30 eligible dates remaining
after 19 dates are used for model development or analysis
excluded from a 49-date candidate set. Eligible dates must
have complete 24-hour records for CAISO demand, prices,
required weather variables. Dates are ordered in predefined
strata using a deterministic SHA-256 key. The procedure
produces an evaluation from a sample covering September
16th to November 30th 2024.

5.3 Two-bus mechanism

The artificial fixture two bus mechanism crosses actual
line-capacity multipliers 0.09, 0.10, and 0.11, which limit

9

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



Economic Value of Forecasts across VPPs

Table 3: Experimental layers and evidence roles

Layer Design Purpose Evidence grade Permitted inference

Mechanism phase
map

Two buses, two hours, actual
line-capacity multipliers
crossed with positive
capacity-forecast bias, four
demand-by-capacity arms per
cell

Locate loss, economic
zero, interaction, and
ambiguity regions

Mechanism
development and
frozen model
interpolation

Explains why and where a
constraint crossing can matter

High-fidelity cases Five buses, 24 hours, three
VPPs, matched forecast arms
on selected dates

Test schedule, reserve,
price, and settlement
transmission in the full
model

Development
evidence and negative
controls

Shows state dependence in
identified cases without
estimating a market average

Unified 30-date
scarcity experiment

Same 30 frozen input dates, one
reconciled effect per date

Test repeated
scarcity-state direction
while preventing
duplicate counting

Paired-date evidence
with 23 complete and
7 incomplete dates

Describes the identified dates
in the model but does not
provide a
population-representative
causality

Adequacy and
contract-coverage
sensitivity

Same 30 dates, four forecast
arms, common reserve,
locational, firm import, and
ramp capability, with a 16-point
allocation grid

Separate extreme
scarcity, forecast
direction, and
contractual coverage

Paired zero-loss
sensitivity with
common-date and
whole-date resampling
checks

Tests whether gross or
adjusted VPP-profit effects
survive without load loss
without establishing breach

the transmission capacity, with positive day-ahead capacity
biases 0.010, 0.025, and 0.050, where overestimation is
modeled. Each cell contains demand-accurate/wrong and
capacity-accurate/wrong arms. VPP 1 effects are classi-
fied with a 1 USD/day minimum relevant threshold when
accounting for economic gains or losses, while VPP 2 is
located where the forecast error should have low economic
effect as an inactive comparison. A separate four-cell block
for parameter combinations in the study is also generated to
check whether the local regime pattern is stable within the
artificial model.

5.4 High-fidelity cases

Threematched dates isolate their state dependence in the five-
bus market. In each pair, the realized demand, actual line ca-
pacity, resources, VPP portfolios, strategies, and settlement
rules are kept fixed. Then, the grid operator uses a system-
level forecast of nonflexible load and available transmission
in day-ahead clearing. The source forecast defines the wrong
arm, while the realized demand is directly substituted into the
operator’s day-ahead input in the accurate arm. The profit de-
composition retains day-ahead energy revenue, real-time de-
viation settlement, reserve-capacity revenue, and degradation
cost.

A 2×2 diagnostic crosses demand and forecast separately.
At the actual line-capacity multiplier 0.90, both the accurate
0.90 forecast and wrong 0.95 forecast remain nonbinding in
day-ahead clearing. The binding diagnostic test reduces line
capacity enough that transmission becomes economically re-
strictive. The binding is retained to test identification, not to
force an effect estimate. Alternative primary-optimal com-
mitments are then compared before any settlement magnitude
is admitted.

5.5 Unified thirty-day scarcity experiment

The extension freezes 30 dates and two demand-forecast arms
per date. The date is the only treatment effect unit. Each date
contributes at most one wrong-accurate contrast, irrespective
to the number of certified numerical records that exist for the

date. If two certified records exist, then their metric-specific
mean is formed within a date. On the other hand, if only one
certified record exists, that record is directly retained. A date
without a certified outcome for both arms remains incomplete
and is never assigned zero.

This rule produces 23 complete and 7 incomplete date
pairs. Fifteen complete dates have duplicated certified
records, and eight have one certified record. In the fifteen
duplicate-record dates, the mean relative numerical dif-
ference is 0.072% in system resource cost and 0.855% in
total VPP profit, with the largest differences being 0.191%
for system resource cost and 2.202% for total VPP profit.
Reconciliation removes the duplicate counting while pre-
serving a numerical consistency check without creating any
new market variation. The 30 source forecasts contain 29
underforecast dates and 1 overforecast date, and all complete
pairs used for the headline extension are underforecasts.

5.6 Zero-loss adequacy and settlement sensitivity

The fourth evidence level uses four operator-forecast arms
for every frozen date. ACCURATE substitutes realized de-
mand into clearing, SOURCE_WRONG retained the frozen
forecast, UNDER_MATCHED and OVER_MATCHED
set every realized nodal nonflexible-demand component to
0.95 and 1.05 times its realized value respectively. The two
matched arms impose the same proportional error magnitude
with opposite signs to test whether a result is specific to the
forecast sample consisting mostly of underforecasts. Other
VPP resources, inputs, and realized conditions remain fixed
across the arms.

Adequacy is sized before any arm is solved and is identical
across arms within a date. In each hour, the upward reserve
becomes the larger of the inherited requirement and 1.10
times the maximum positive system forecast error across
the four arms. Every bus receives a separately registered
firm-import resource with capacity equal to the larger value
of 150 MW and 1.25 times the largest local positive forecast
error across all hours and arms. Its marginal cost is 1.50
times the date’s highest inherited generator’s marginal cost

10

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



Economic Value of Forecasts across VPPs

and remains below the inherited value of lost load. The
added import can increase in the hour up to its local capacity,
while original generators and VPPs retain the inherited link
between upward recourse and day-ahead reserve award.
These rules buy enough operational capability to prevent the
forecast contrast from being identified through involuntary
shortage.

The experiment plans 30 dates by 4 arms, creating 120
paths. A contrast is only eligible if its forecast arm and AC-
CURATE pass the numerical gate and both have an absolute
load loss and reserve shortage less than 10−6 MWh, while
failed paths are not converted to zero. The effect unit is the
market date with all three VPPs retained together. All head-
line whole-date bootstrap intervals use 5,000 resamples and
the same registered seed 3,409,606.

Three sample rules prevent comparisons of unlike dates.
First, the scarcity adequacy comparison uses the 14 source
dates observed in both regimes. Second, comparisons
among SOURCE_WRONG, UNDER_MATCHED, and
OVER_MATCHED use a separate 14-date set eligible for
all arms. Third, arm-specific estimates use every eligible
pair. The analysis also reports medians, ranges with one
date left out, a circular three-date block bootstrap, failure
categories, preprocessing covariates for completed versus
missing source pairs, and missing outcome tipping points.

The 16-point contract-coverage grid combines the four
balancing-quantity multipliers and the four called-quantity
coverage multipliers. Adjustments are evaluated after dis-
patch, so that every grid cell has the same physical outcome
and only differs in cash allocation. The central illustration is
(1.0, 1.5), and the inherited-settlement benchmark is (0, 0).
No cell is labeled a breach or observed penalty.

5.7 Outcome definitions and acceptance

Every accepted pair reports the VPP’s modeled profit,
settlement components, household payments, full system
resource cost, load shedding, shortage, and physical status.
The adequacy experiment additionally calculates and reports
the proxy call, dispatch quantity mapped to the call, the
two contract-coverage bases, all 16 of the adjusted profit
cells, four channel contributions, and residuals. A path that
fails its numerical or uniqueness gate is retained as a failure
and excluded from pair identification, and no failed path is
replaced with a favorable date.

Uncertainty intervals resample complete dates in whole
blocks. For the unified scarcity experiment, they summarize
the heterogeneity across 23 identified dates and do not repair
anymissing outcomes for the remaining 7 dates. For the zero-
loss sensitivity, they summarize 17, 19, or 18 arm-specific
eligible dates, 14 common-four-arm dates, or 14 common-
regime dates. The numerical reconciliation differences are
computed only on the 15 dates with duplicate certified records
and never enter the sample.

5.8 Pair construction, missing arms, and estimands

The date is the treatment-effect unit. For each frozen date,
the accurate and wrong arms share the same realized de-
mand, network capacity, resources, costs and nonforecast
inputs. The contrast isolates the consequence of using a
source forecast rather than the oracle-accurate demand in
the computational market. A date contributes to a paired

estimate only when both arms reach an accepted terminal
state.

This rule defines a complete-case estimand for 23 identi-
fied dates without repairing missing arms or assuming that
failed paths are exchangeable. The rest of the incomplete
dates contribute to coverage and tipping-point diagnostics,
but not the complete-case mean. The primary descriptive
quantities are whole-date means and medians. For VPP out-
comes, each date averages the three VPP effects, and boot-
strap intervals then resample dates so that the three VPPs are
not treated independently. The scarcity experiment and zero-
loss sensitivity estimate different conditional quantities and
are never pooled. Their percentage reduction is computed
only on the 14 dates available to both regimes. Duplicate-
record percentage differences are diagnostics of numerical
consistency, not additional treatment effects.

After the primary objective is fixed, a strictly convex sec-
ondary problem selects a reproducible schedule and represen-
tative. A settlement effect is identified only when it is invari-
ant across the primary set, and economic prices are only ac-
cepted when the solution satisfies primal and dual feasibility,
stationarity, and duality. If prices or allocations remain non-
unique, the path is excluded from the estimation or is reported
unidentified.

The accepted paths must satisfy checks, such as generator,
network, and cash closure checks. The core equality tolerance
is 10−7, and the physical zero-loss threshold is 10−6 MWh
for both load-shedding and reserve shortage. These checks
are applied before treatment effects are calculated.

6 Results

6.1 Mechanismmap of loss, zero, interaction, and ambiguity re-
gions

In Figure 2, an artificial mechanism surface is described
where 0 means the difference is within USD 1 per day.
Hatching marks an interval that crosses a sign or a boundary.
Based on the phase map, the statement that more error always
raises or lowers VPP profit is rejected. Demand error is a
loss in 6 of nine cells and an economic zero in 3. Capacity
error is a loss in 5, zero in 3, and ambiguous in 1.

The positive interaction is not a direct positive outcome. In
several cells, both main effects are losses, but the interaction
offsets part of their sum. The ambiguous cell near the actual
capacity 0.09 and bias 0.025 is preserved as an interval for a
relevance boundary. The four midpoint cells reproduce the
frozen criteria, where all arms retain feasibility and cash clo-
sure. VPP2 remains economically neutral, while loss, zero,
and positive-or-ambiguous interaction patterns persist.

6.2 High-fidelity dates results

On September 16th 2024, demand error lowered the com-
bined VPP profit by USD 276.68/day. All three VPPs lost
profit, and the largest decline occurred in VPP2. Of the com-
bined effect, USD -221.84 is reserve-capacity revenue and
USD -54.84 is the day-ahead energy revenue, while the real-
time deviation and degradation are negligible. The error in
forecast thus changed hourly schedules even though the net
day-ahead position was essentially constant, so this result is
influenced by reserve-headroom and timing.

On November 24th 2024, the combined loss was USD -
324.16/day. Day-ahead energy contributed USD -147.53, re-
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Economic Value of Forecasts across VPPs

Figure 2: Two-bus mechanism phase map. Each panel classifies VPP1’s wrong-minus-accurate effect over nine combinations of actual capacity and positive
forecast bias.

Figure 3: High-fidelity profit effects and settlement channels. Panel A reports VPP-specific wrong-minus-accurate profit effects, while Panel B sums the
verified settlement components over all three VPPs. Diamonds show the total profit, and the September 22 result is visible as an economic zero.

serve capacity contributed USD -167.88, and the real-time
deviation settlement contributed USD -8.95. VPP2 also had
the largest private loss, with the maximum hourly schedule
change reaching 1.541 MWh. This demonstrated that daily
net energy can conceal different hourly schedule movements.

On September 22nd, the combined effect is only USD
+0.13/day, and every VPP-specific effect was below its min-
imum relevant threshold. This is the first negative control.
While the forecasting intervention is real, the market state
does not amplify it to a settlement outcome.

6.3 Inactive slack network forecasting and unidentified binding
effect

In the representative network diagnostic, both the accurate
and wrong line capacities remained outside the binding re-
gion. The capacity-forecast error changed the system by only
USD +0.70, household payment by USD -0.20, and any sin-
gle VPP profit by no more than USD 0.14. This result shows
that a day-ahead capacity forecast can have little value if it

does not change the day-ahead feasible or optimal face be-
cause the real-time transmission lines can still be congested.

The binding high-fidelity state supplies a different result,
that multiple primary-optimal day-ahead allocations carry
materially different VPP commitments and profits. Because
the registered secondary allocation does not establish a
unique optimum, the binding congestion-forecast magnitude
is not identified. Thus, we do not report a zero nor preferred
point estimate. The two-bus surface demonstrates mecha-
nism possibility, but its artificial dollar magnitudes cannot
fill the high-fidelity identification gap.

6.4 Thirty-date extension identifies a scarcity regime

In the unified experiment, the 30-date design produces 23
numerically certified resource pairs with seven incomplete
dates. In the complete pairs, mean system resource cost in-
creases by USD 7.959 million/day, with a whole-date boot-
strap 95% interval of USD 6.661 to 9.313 million/day. Real
time load-shedding increases by 774.54 MWh/day, with an
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Economic Value of Forecasts across VPPs

interval of 643.41 to 911.69 MWh/day. Mean VPP profit
rises by USD 117.21 thousand per VPP-day, with an interval
of USD 103.86 to 130.59 thousand. Aggregating the three
VPPs, the average gain is USD 351.62 thousand/day. House-
hold net payment also falls by USD 353.60 thousand/day,
with an interval from USD -396.13 to -312.02 thousand/day.

The direction of all panels is unanimous in the 23 identi-
fied dates. All dates have a higher system cost andVPP profit,
while having a lower household net payment with more load
shedding in the wrong demand-forecast arm. This is the ex-
tended scarcity state previously mentioned in the mechanism,
where the source underforecast changes the day-ahead system
and the real-time system enters a costly shortage.

The cost decomposition shows why the dollar magnitude
is significant. The mean load-loss penalty increases by USD
7.745 million/day, which is equal to a 97.32% total system
cost increase, and the household shortfall component adds
USD 255.86 thousand/day. Then, conventional generation
cost decreases by USD 41.57 thousand/day and degradation
cost decreases by USD 1.14 thousand/day, but these costs are
relatively small compared to the load-loss penalties. Thus,
the load-shedding cost makes up the majority of total system
cost. Across the 69 reconciled observations, mean real-time
deviation settlement contributes USD 116.77 thousand per
day. Day-ahead energy and reserve-capacity changes con-
tribute only USD 4.09 and 51.35 per day, while the reduction
in degradation cost adds about USD 379.06. The wrong fore-
cast therefore impacted VPP profit by changes in real-time
deviation settlement. This thus closes the central mechanism
chain from forecast error to changed commitment, real-time
deviation, settlement gain, and reliability cost.

6.5 Adequacy removes shortage, substantially reducing the ap-
parent profit effect

In the 120 simulation paths, all reached a terminal state, with
97 passes and 23 remaining in numerical or price-uniqueness
failures. The 23 failures consist of 10 nonunique qualifica-
tion results, 9 scientific path rejections, 1 nonunique singleton
global-equality pivot, and 3 singleton global-equality recheck
failures. On the 14 dates available for the scarcity and ade-
quate resource specifications, mean VPP settlement surplus
falls from USD 126,655.72 to USD 112.70 per VPP per day.
This responds to a 99.911% reduction. This result can be
shown in the following Figure 5.

6.6 Contractual cash allocation can reverse the residual VPP-
account effect

Under the central cash-allocation illustration, the SOURCE_
WRONG effect becomes USD -743.77 per VPP-day, with
a median of -744.45 and a 95% interval from -865.56 to
-625.51. The grid is monotone in the called-quantity mul-
tiplier, but increasing the balance-quantity multiplier does
not always reduce the profit difference because both the
inaccurate and accurate forecast cases receive call credits.
For SOURCE_WRONG, a balancing-quantity multiplier of
0.5 with no called-quantity adjustment leaves a small positive
mean of +37.50 and a multiplier of 1.0 yields -45.31. A
called-quantity multiplier of 1.0 with no balancing-quantity
adjustment produces a change of -345.32.

Because the fixed-dispatch overlay is linear, the adjusted
profit 17 SOURCE_WRONG dates can be represented as:

∆Π
adj

= 120.317− 165.629mB − 465.637mK . (17)

where 120.317 is the mean gross profit across the 17 dates,
165.629 is the average sensitivity to mB , and 465.637 is the
average sensitivity to mK . With mK = 0, the mean re-
verses at mB = 0.726, while with mB = 0, it reverses at
mK = 0.258. These sign boundaries show that the resid-
ual positive wedge depends on whether the coverage bases
receive an additional cash allocation wedge.

6.7 Four-channel decomposition

For SOURCE_WRONG under the central illustration, the
mean price channel is USD +33.95 per day, the injection
quantity is USD 31.98, and the reserve-capacity-income
channel is USD +54.38. These channels sum up to USD
+120.32 before negligible degradation and audit terms. The
contract allocation channel is USD -864.08, with the adjusted
profit USD -743.77. The 95% intervals are +18.83 to +48.95
for price, +24.34 to +40.23 for quantity, +37.11 to +72.37
for reserve income, and -997.74 to -737.21 for contractual
allocation.

This result adds on to the mechanism because in the zero-
loss state, no reliability loss is needed to explain the gross
gain., and the VPP exposed to small changes in price and
injections retains additional reserve-capacity income. Un-
der the illustrative rules, the negative contractual-allocation
channel is about 7.2 times the sum of the positive gross chan-
nels. This result shows how an additional layer would reas-
sign cash.

6.8 Symmetric forecast directions reject a one-sided explana-
tion

The four-arm comparison holds 14 dates fixed, where gross
means are +111.63 for SOURCE_WRONG, +58.55 for the
matched 5% underforecast, and +35.34 for matched 5%
overforecast. Their medians are +90.61, +58.24, and +31.97,
and the corresponding 95% intervals are +85.21 to +140.04,
+39.85 to +77.55, and +21.99 to +49.08. This means that the
small positive gross wedge is not unique to the underforecast
source series.

Under the central illustration in the experimentation of the
14 dates, the means become -759.33, -1,567.41, and -522.78,
with intervals of -906.45 to -619.56, -1,700.68 to -1,443.70,
and -591.39 to -463.37. The different magnitudes show dis-
patch adjustments and proxy calls in the coverage formula.
Their common sign supports a conditional conclusion that
with zero loss, the direction of VPP profit depends on the
contract-coverage rule.

6.9 The unified result is stable to reconciliation

The 15 dates with duplicate certified records provide an
internal numerical-consistency check before reconciliation.
Mean relative differences are 0.072% for system resource
cost, 0.855% for total VPP profit, 0.070% for load-loss
cost, 0.070% for load shedding, and 0.843% for household
payment. Maximum relative differences remain 0.191%,
2.202%, 0.307%, 0.307%, and 2.141% respectively.

Deleting any one of the unified dates would leave mean
VPP profit between USD 114.19 and 120.21 thousand per
day, and mean system resource cost between USD 7.677 and
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Economic Value of Forecasts across VPPs

Figure 4: Joint outcomes in the unified 30-date experiment. The panels report the wrong-minus-accurate effects for the 23 completed dates, with each date
contributing one observation. The panels show system resource cost, mean VPP profit, household net payment, and real-time load shedding in chronological
order. Seven dates are incomplete and are not imputed

Figure 5: Adequacy and fixed-dispatch cash-allocation sensitivity. Panel A compares gross VPP-settlement surplus effects on the 14 dates available to both
scarcity and adequate regimes. Panel B-D reports adequate regime gross effects, adjusted effects, channel decomposition, and the sample’s sign boundary.
The contractual adjustment is hypothetical.

8.226 million per day. To make the full-30 VPP-profit mean
equal zero, the seven incomplete dates would need an aver-
age effect of USD -385.11 thousand per day, while to make
the mean system cost equal zero, they would need to have an
average of USD -26.149 million per day.

Table 4 puts all evidence layers together while retaining
their different samples, preventing the different experiments
from being read as one pooled estimate.

7 Robustness and Identification

Central findings of this paper depend on pairing, qualifica-
tion, and a distinction between a missing outcome and an eco-
nomic zero.

7.1 Duplicate-record reconciliation

We assign an observation value to each date. Fifteen dates
have two certified numerical records, which are compared be-
fore their mean is taken. All duplicate records have the same
signs for system cost, VPP profit, household payment, and
load shedding. Mean relative differences remain below 1%
for these headline quantities, and the maximum headline dif-
ference is 2.202% of the total VPP profit. This check supports
the use of date values while preventing duplicate values from
inflating the scientific sample. A stricter sensitivity restricted
to the 10 dates where records retain their original PASS sta-
tus preserves all four headline directions, showing that direc-
tional conclusions do not depend on the broader compatibility
classifications.
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Economic Value of Forecasts across VPPs

Table 4: Core numerical results under the wrong-minus-accurate convention.

Evidence block Identified
dates

VPP profit effect (in
USD/day)

System resource-cost
effect (in USD/day)

Household-payment
effect (in USD/day)

RT
Load-shedding
effect

High fidelity Sep. 16,
2024

1 development
date

-276.68, three VPP total +7.47 -5,393.53 Approximately
zero

High fidelity Sep. 22,
2024

1 development
date

+0.13, economic zero +0.31 -10.97 Approximately
zero

High-fidelity Nov. 24
2024

1 development
date

-324.16, three VPP total +22.35 -1,519.16 Approximately
zero

Unified 30-date scarcity
experiment

23 complete
pairs

117.21 thousand
[103.86, 130.59]

7.959 million -353.60 thousand
[-396.13, -312.02]

+774.54
MWh/day
[643.41, 911.69]

Zero-loss source error
with inherited settlement

17 eligible pairs +120.32 [95.95, 146.61] Not the primary
estimand

Not the primary
estimand

Absolute value at
most 3.08×10−8

MWh
Zero-loss source error
central illustration

17 eligible pairs -743.77 [-865.56,
-625.51]

Physical dispatch
unchanged

Physical dispatch
unchanged

Absolute value at
most 3.08×10−8

MWh
Zero-loss
common-four-arm gross

14 dates Source +111.63, Under
+58.55, Over + 35.34

Not the primary
estimand

Not the primary
estimand

Below 10−6

MWh gate
Zero-loss-common-four
arm central

14 dates Source -759.33, Under
-1,567.41, Over -522.78

Physical dispatch
unchanged

Physical dispatch
unchanged

Below 10−6

MWh gate

7.2 Missing-outcome sensitivity

In the two primary scarcity directions, VPP profit is between
USD 114.19 and 120.21 thousand per day, while system re-
source cost is between USD 7.677 and 8.226 million per day.
The seven incomplete dates are not inputted, and their aver-
age effects would need to be USD -385.11 thousand per day
and USD -26.149 million per day to bring the full system cost
to zero.

7.3 Two negative controls

Two negative controls constrain the interpretation. First,
September 22nd of 2024 is an economic zero date, where the
aggregate profit change is only USD 0.13/day, and each VPP
remains below the threshold of minimum relevance effect.
The mechanism chain is active, but economically trivial.
Second, the high-fidelity transmission capacity diagnostic
holds both day-ahead forecasts outside the binding region.
The maximum absolute VPP-profit effect is 0.14 USD, and
the system-cost change is only about +0.70 USD, and the
household-payment change is about -0.20 USD, showing
that real time congestion alone does not establish the value
of day-ahead forecasts.

7.4 Binding congestion and structural non-identification

The binding high-fidelity congestion experiment admits
multiple optimal day-ahead allocations with different VPP
commitments and settlements. Choosing the most favorable
or least favorable allocation or an arbitrary solver return
would create a point estimate. Therefore, we report the effect
unidentified under the current settlement rule. This boundary
is substantive because a unique optimum would not need to
determine a unique distribution of participation payments.

7.5 Missingness and numerical failures

In the unified scarcity experiment, a date is complete when at
least one certified wrong arm record and accurate arm record
exist, and the experiment identifies 23 dates complete, 7 in-
complete. The complete case averages are selected toward

states easier to certify because numerical difficulty is more
common near binding constraints and scarcity. The reconcil-
iation rule improves coverage without claiming that the seven
missing dates are exchangeable with the observed dates.

The zero-loss registry is more diagnostic as all four arms
were in one frozen protocol. Its 23 failures are classified as 10
nonunique qualification results, 9 scientific-path rejections, 1
nonunique singleton equality pivot, and 3 singleton equality
recheck failures. For SOURCE_WRONG pairs, completed
dates have a 558.93 MWh higher mean realized load and
16.93 MWh higher mean reserve requirement than missing
dates, and the standardized mean differences are 0.408
and 0.171. Absolute source-forecast bias is 265.28 MWh
higher in completed dates, with a standardized difference of
0.606. Two bounded checks qualify the complete-case result.
Leaving out any one of the SOURCE_WRONG dates keeps
the gross mean positive, between +114.80 and +125.70, and
the central mean negative, between -768.32 and -710.41. A
circular three-date block bootstrap gives intervals of +87.22
to +158.53 for gross profit and -894.95 to -584.03 for the
central illustration. For all the gross mean to equal zero,
the 13 missing dates would need an average effect of USD
-157.34 per day, and for the central mean to equal zero, they
would need +972.62.

7.6 Zero-loss gate and common adequacy

For the zero-loss conclusion, contrast date is included only
when both arms pass and load loss and reserve shortage are
below 10−6 MWh. The observed maxima are orders of mag-
nitude below this threshold, so eligibility is not created by
rounding a shortage to zero. Adequacy resources are sized
jointly across all arms before solution, preventing any arm
from receiving favorable ex-post capacity. Imports are in-
stalled at every bus, removing the possibility that aggregate
capacity cannot reach the local imbalance due to transmis-
sion.The added adequacy package creates a counterfactual
where a lack of real-time capability cannot explain the set-
tlement effect. The remaining gross-profit difference results
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Economic Value of Forecasts across VPPs

are thus conditional on ample balancing access.

7.7 Contract-coverage grid and decomposition checks.

The contract-coverage grid holds dispatch fixed and uses the
same replacement-cost benchmark. The boundary is repre-
sented in Equation (17). A called-quantity multiplier of 1.0
with no balancing quantity adjustment can produce a nega-
tive SOURCE_WRONG interval, while a balancing-quantity
multiplier of 1.0 alone makes the mean negative, but the in-
terval still includes zero. The four channels reconcile to an
adjusted profit with amaximum residual of USD 2.73×10−12

The entire experiment is conditional on inputs and the
common bootstrap seed, with cases passing through Equa-
tions (9) to (11). The added case requires a departure from
the day-ahead plan, and assuming a full compliance with
instructions, records zero participant breach. Repeating the
summary produces the same identity.

7.8 Established results of robustness checks

Together, the robustness checks establish five points. FIrst,
reconciliation prevents duplicate counting while preserving
the identified scarcity-state directions. Second, these direc-
tions survive every leave-one-date-out deletion. Third, eco-
nomic zero and structural nonidentification are different from
numerical failure. Fourth, on 14 common-regime dates, the
scarcity-profit magnitude collapses as the adequate experi-
ment eliminates shortage. Finally, the illustrated contract-
coverage rates reverse the remaining gross gain and the chan-
nel closes numerically.

8 Analysis and Distributional Consequences

8.1 VPP gains are private settlement gains

In the 30-date scarcity regime, the wrong forecast arm raises
modeled VPP settlement surplus primarily because the real-
time deviation account becomes more valuable. The result
shows that under the modeled gross settlement, a resource de-
livering a deviation in a scarcity state receives high marginal
revenue. The private account rewards the service at the mar-
gin, while the whole system account records the reliability
condition that made the service scarce.

The three VPPs do not receive identical gains. In the uni-
fied complete pairs, the mean profits are USD 114.86 thou-
sand per day for VPP1, USD 182.54 thousand per day for
VPP2, and USD 54.22 thousand per day for VPP3.

The zero-loss experiment also adds a distinction between
inherited and contract-adjusted returns. Gross profit still
rises slightly, but adjusted profit falls under the central
cash-allocation rule.

Looking at household payment, the net payment falls on
all 23 identified dates. This direction might seem favorable,
but because the payment is a modeled transfer without con-
sidering income, utility, interruption damage, or compensat-
ing variation, the model cannot directly prove that household
welfare improved.

The dominant effect is load-loss, which strengthens the
conclusion that wrong forecasts are socially costly to scarcity
dates, as it leads to more physical burden. Also, the reduc-
tion in conventional generation cost does not contradict the
increase in total resource cost. If the system fails to serve
load, it may produce less electricity and thus spend less on

generation. Reporting generation cost alone would label the
shortage as saving. Therefore, full resource accounting must
retain the penalties.

8.2 Joint interpretation across two regimes

The 30-date regime shows the following pattern:

∆ΠV PP > 0, ∆H < 0, ∆Csys > 0, ∆Qshed > 0.

(18)
This equation describes who receives money, who pays,

and what physically happens in the market, showing modeled
VPP profit increases, recorded household net payment falls,
system resource cost rises, and load shedding rises. Preserv-
ing all four entries is necessary for a defensible policy con-
clusion.

The zero-loss sensitivity defines a second regime as
shown:

∆Qshed ≈ 0, ∆Qres_short ≈ 0, ∆Πgross > 0, ∆Πadj < 0.

(19)
This equation isolates an institutional wedge, showing

load shedding and reserve shortage approximately zero,
gross profit slightly positive, and adjusted profit negative.
Ample physical recourse removes the emergency of reli-
ability, while the gross settlement still produces a smaller
positive difference. Adding the contract-coverage terms,
the pattern is reversed under the illustrated rates. The two
regimes thus show that physical feasibility changes whether
shortage occurs while cash allocation changes who retains
the settlement from balancing quantities and the two regimes
should be diagnosed separately.

9 Discussion, Policy Implications, and Limitations

The policy question is not whether forecasting should im-
prove, but where the forecast improvement alters operational
decisions, how recourse limits the cost of the errors, and how
settlement rules assign cash. This section translates compu-
tational findings into monitoring and design principles that
could be used to observe trends in larger markets or alterna-
tive regimes.

9.1 Forecast quality should be valued by state

The results suggest replacing a uniform measure of value per
unit of forecast accuracy with a state-contingent measure.
Useful predictors include the expected magnitude of error,
proximity to a commitment boundary, reserve tightness,
deliverable flexibility, the price spread, and consequences of
shortage. Forecast improvement is the most valuable when
an error is likely to change a binding decision or prevent the
entry into a reliability-penalty region. The prioritization rule
is

Forecast priority(s) = pcross(s)
[
deliverable adjustment(s)

×marginal avoided cost(s) + avoided reliability loss(s)
]

− information cost(s).
(20)

9.2 Settlement design must distinguish dispatch and VPP fault

The 30-date scarcity experiment showed a difference between
VPP settlement returns and social resource costs. A VPP can
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earn more when a wrong forecast creates real-time scarcity,
even though its injection is valuable. The zero-loss grid also
supplies a sensitivity showing how an additional debit would
change the VPP account. A balancing-quantity multiplier of
1.0 reverses the mean of the erroneous arm. A defensible
rule needs to separate instruction, reserve call logic, settled
credits, and the payer and receiver. A defensible rule would
need to separate instruction and delivery records, reserve-call
logic, credits that are already settled, and a named payer and
receiver.

Possible policy instruments include reserve rules based
on performance, and any instrument should be tested about
whether it preserves VPP participation, maintains physical
reliability, and avoids double recovery.

9.3 A practical market-monitoring rule

Operators can assess four layers when evaluating the market
value of a forecast.

1. Plan response: Did the forecast change energy or re-
serve commitments?

2. Constraint response: Did a line, reserve, ramp, or short-
age constraint change status?

3. Settlement response: Did price and deviation exposure
change exceed an economic threshold?

4. Incidence response: Did VPP profit, household pay-
ment, system cost and reliability move together?

If neither commitments or status changes, improved statis-
tical accuracy may have little market value. Where a market
response occurs, its full incidence vector should be reported.

9.4 Evidence interpretation and limitations

The 15 duplicate-record dates support the numerical con-
sistency of the principal directions. Records are reconciled
within dates and never are counted as separate observations.
Agreement strengthens confidence in the numerical imple-
mentation but does not add any new variation. External
validity still requires new frozen date blocks, additional
network topologies, and alternative designs. This study
identifies how forecast errors affect VPP settlements under
scarcity and adequate operating conditions. The scarcity
experiment identifies 23 complete pairs from 30 frozen dates,
while the zero-loss experiment produces 17-19 eligible pairs
depending on the contrast. While the main directions are
stable, reported means describe an experimental sample,
and a population-wide effect cannot be completely proved.
The accurate treatment uses realized demand and should
be seen as an upper-information benchmark, not a directly
deployable forecasting method. Similarly, the two-bus and
five-bus models identify mechanisms and regime boundaries,
but can not directly represent situations in real markets. The
model measures VPP profit, costs, shortage, and household
payments, but household payments cannot completely mea-
sure welfare. Income differences, interruption costs, and
behavioral responses need further evidence to prove.

Furthermore, the numerical magnitudes depend on the
five-bus network, three modeled VPP portfolios, and two-
settlement rules. Larger networks might produce different
specific magnitudes, but the central mechanism applies

generally. The large profit effect should be interpreted as
an incentive mismatch in extreme scarcity. When sufficient
balancing capability eliminates loss, the effect becomes
much smaller and its sign depends on the contract. Future
work can test these mechanisms in larger systems, broader
date samples, and observed contract data.

10 Conclusion

In conclusion, this study shows that the heterogeneous eco-
nomic value of forecast accuracy in virtual power plants de-
pends on an operational and settlement response. For an error
to effect settlement, a forecast error must change an econom-
ically relevant event, such as a schedule, resource, or con-
straint. The settlement rule then allocates the financial con-
sequences of that adjustment. These linked responses explain
gains, losses, economic zeros, and non-unique settlement out-
comes.

Across complete modeled date pairs, forecast errors
increase the average modeled VPP profit by USD 117.21
thousand per VPP per day, while increasing system cost by
USD 7.959 million per day and load shedding cost by 774.54
MWh/day. All completed dates share these directions, which
survive reconciliation and leave-one-date-out checks. In
the extreme-scarcity states, private VPP gains coexist with
deteriorating system reliability.

The zero-loss comparison provides the paper’s most
significant extension. After sufficient reserve, imports, and
ramping eliminate shortage, the VPP’s profit effect falls by
99.911%, from USD 126,655.72 to USD 112.70 per VPP
per day. Small gross settlement differences remain across
source, underforecast, and overforecast treatments, but its
sign changes when balancing responsibility is considered.
Under the contractual-coverage specification, the source-
error effect becomes USD -743.77 per VPP per day. Price,
injection, reserve, and the contract allocation decomposition
help explain this reversal.

The main contribution is thus a distinction among forecast
quality, physical balancing adequacy, and settlement respon-
sibility. The common-date comparison links large private
gain to a scarcity regime, and ample recourse leaves a smaller
difference, whose allocation depends on the hypothetical con-
tract. This finding motivates joint attention to forecast in-
formation, balancing capability, and transparent participant
obligations. While the conclusions are based on the mod-
eled network and identified dates, the pattern and analytical
framework can be tested in and applied to larger systems and
alternative market designs.
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