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Abstract

Renewable resources are essential for energy transition, but their unequal geographic

distribution limits broader adoption. Long-distance transmission offers a potential so-

lution by connecting renewables-rich areas to high-demand markets. I examine how

expanded transmission capacity affects investment decisions by generators. I estimate

a dynamic model of generator behavior consisting of a short-run optimal dispatch prob-

lem incorporating line losses and transmission constraints and a long-run dynamic game

for capacity investment. Using an originally constructed dataset combining EIA, ISO,

and proprietary data to estimate the model from 2018–2023, I find that upgrading all

inter-zonal transmission to modern HVDC standards would reduce average wholesale

prices by 6%, generating approximately $4 billion in annual welfare gains. Regional

effects are heterogeneous: the Northeast experiences the largest price declines while the

Midwest sees modest increases. In the long run, adding major transmission projects

such as the Grain Belt Express increases solar and wind adoption in the Eastern In-

terconnection by over 10% by 2050. I use these estimates to evaluate proposed and

enacted policies including the Big Wires Act, the Inflation Reduction Act, and the

Bipartisan Infrastructure Law.
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1 Introduction

Climate change remains the most important environmental issue facing the world at present.

In order to prevent catastrophic impacts of climate change, economies need to decrease green-

house gas emissions. Electricity is associated with the highest share of carbon emissions in the

United States, 31 percent in 2022 according to the Energy Information Administration, and

has continuously provided the largest source of greenhouse gas emissions for decades (U.S.

Energy-Related Carbon Dioxide Emissions 2022). Renewable energy provides the clearest

pathway to a reduction in electricity-related greenhouse gas emissions. Currently, a massive

transition is underway throughout the developed world and the United States in particular

to replace fossil fuel generators with renewable generation.

However, two persistent problems plague the renewable energy transition. First, the un-

equal dispersion of potential for renewable resources makes renewable generation infeasible

in vast swaths of the United States. The climate of states like New York and New Hampshire

presents significantly less potential for renewable generation than that of states like Texas

and Nevada. Texas and Nevada have abundant sun and wind, which have allowed renew-

able energy to flourish. The area required by solar and wind also means that the locations

with the highest propensity for renewable generation often are further from cities. Figure

10 illustrates this geographic heterogeneity, showing combined technical potential for wind

and solar generation across U.S. counties. Second, renewable resources tend to be intermit-

tent. The sun shines only for so many hours a day, and wind patterns demonstrate marked

variability. As electricity supply and demand must always balance, intermittency can cause

instability in electric grids. If too much electricity enters the system at one time, it can cause

an overload and lead to system outages. Storage has been proposed as a potential solution

for the intermittency problem but remains costly and limited. Storage also does not provide

a solution in areas with limited ability to take advantage of any renewable energy.

Increasing transmission, the ability to send electricity between zones, provides another

potential solution to the problem of intermittency and dispersion. Time-zone and geographic
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differences ensure that the peak hours for sunlight in Kansas coincide well with the peak

demand hours in Indiana, and increasing long-distance transmission increases market inter-

connectedness, which decreases risks of instability and renewable energy curtailment (the

forced shutdown of renewable resources due to over-supply). While long-distance transmis-

sion has previously proved largely infeasible both technically and economically, advancement

in technologies such as High-Voltage Direct Current (HVDC) and High-Voltage Alternating

Current (HVAC) provide a method through which to increase the range of transmission and

potentially facilitate greater connection of renewables to the grid. Figure 11 shows the cur-

rent state of HVDC infrastructure in the United States, with existing lines shown as solid

and proposed expansions shown as dashed. Similarly, the transition from fossil fuel resources

that could be easily transported to renewable resources increases economic viability of trans-

mission expansion. Despite its potential merits as a technique to increase adoption rates for

renewable energies, transmission expansion has largely escaped examination by economists.

How does long-run investment in transmission impact capacity investment in renewable

resources? At face value, the direction of the welfare effects of transmission expansion may

seem trivially positive as is the case in most problems of friction reduction; however, because

of the substantial cost of increasing transmission capacity combined with the dynamic effects

of firm investment, the sign of welfare change remains ambiguous without further study.

Increasing transmission tends to lead to equilibration of prices across markets and thus,

lower prices may drive firm exit in some markets, while higher prices spur entry in others.

Exiting firms may cause blackout and decreased reliability, which can cause significant losses

in consumer welfare due to the high inelasticity of the demand curve for electricity. Beyond

first order welfare and reliability effects, emissions produced and distributional effects must

be examined.

Three main sets of counterfactual experiments are performed to examine policy impacts.

First, the impacts of the increased subsidization of investment in long-range transmission in-

frastructure are examined through the lens of the Bipartisan Infrastructure Law. This enters
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the model through changes in the adjacency matrix representing the ability to send electric-

ity between locations. Second, the impacts of subsidization in renewable energy technology

through the Inflation Reduction Act are examined. By performing the experiments sepa-

rately and together, it can be determined if subsidization of transmission infrastructure is an

alternative to subsidization of renewable generation, or whether simultaneous subsidization

policies complement each other.

Recent work within the industrial organization literature has taken a profound interest

in the determinants of long-run investment in the electricity market as it relates to energy

transition. Butters, Dorsey, and Gowrisankaran 2021 examine the issue of battery investment

to reduce intermittency as it relates to the California Independent System Operator (CAISO)

market while Elliott 2022 uses an oligopolistic model to consider the potential impacts of

carbon taxes and capacity payments on the resource mix in Western Australia. While both

consider the dynamics of the electricity market, both also assume that prices are constant

throughout the entire region and cannot be used to analyze locations with more than one

settlement point. More recent work by Gowrisankaran, Langer, and Reguant 2024 connects

changes in the price differential between natural gas and coal to widespread changes in

capacity investment away from coal to natural gas. Arkolakis and Walsh 2023 integrates

the impacts of transmission into a macro model and considers how the implementation of

proposed projects might impact further adoption of renewable energy. Though Arkolakis

and Walsh’s work considers a similar question, the question is approached from a macro

perspective and so, the dynamics of individual firms are neglected, providing an important

source of future research that the current work addresses.

Gonzales, Ito, and Reguant 2022 considers the implications of interconnection between

the Northern and Southern Chilean electricity markets for long-run entry and exit. My work

extends their research by generalizing the model to deal with larger and more complex grids.

My work also goes further by utilizing variation in spatial transmission capacity to examine

transmission’s impact without significant temporal variation in transmission infrastructure.
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The inclusion of generator investment based on price differentials between locations marks

a major contribution to the literature. Real-world limitations on the movement of electricity

make ignoring transmission perilous, and the need for investment in renewables makes a

valuation of transmission expansion, including its effects on renewables investment, increas-

ingly pertinent. Consideration of how interconnected electricity markets function together

even on short time scales also remains conspicuously absent from the industrial organization

literature around electricity providing a gap for research.

I examine the behavior of generators providing electricity in the wholesale market by

building a theoretical model of the short-run electricity market and connecting the model

to a dynamic game in the long-run electricity market where generators enter and exit. The

model builds on prior work in electricity by adding constrained trade between regions in

electricity. I estimate the short-run model using maximum likelihood, and I estimate the

long-run model using a fixed-point generalized method of moments methodology, applying

the strategy for estimating capacity investment in dynamic games found in Gowrisankaran

and Schmidt-Dengler 2024. I run the counterfactuals by adjusting the available set of long-

range transmission lines in the United States and the fixed costs and entrance costs of the

generators in line with the legislation considered.

The paper is organized as follows. Section 2 reviews the prior literature related to trans-

mission as well as investment in the electricity market. Section 3 describes the structure of

the market analyzed and presents descriptive statistics about the market. Section 4 presents

a structural model, while Section 5 describes the estimation strategy using the structural

model. Section 6 provides a description of the results and model-fit. Section 7 details

counterfactuals. Section 8 concludes the paper and provides further research directions.
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2 Literature Review

The literature related to the question of how transmission impacts generator investment

in electricity markets falls along three interrelated threads: long-run capacity investment

decisions by firms, the role of transmission and congestion in shaping market outcomes, and

the modeling of electricity markets undergoing a changing resource mix.

A central challenge in the literature on electricity market investment is modeling how

firms choose to add or retire generation capacity over time. Butters, Dorsey, and Gowrisankaran

2021 develops a dynamic competitive equilibrium model of battery storage adoption and op-

erations using California data, linking short-run arbitrage in the day-ahead and real-time

markets to the long-run market for storage capacity. The paper finds that California’s stor-

age mandate modestly increases social welfare even before accounting for reliability benefits,

though equilibrium effects sharply diminish the marginal value of additional storage units.

Elliott 2022 extends this type of framework to a setting with strategic interaction, build-

ing a dynamic oligopoly model of investment in the Western Australian electricity market.

Elliott’s model distinguishes between strategic firms, firms with entry and exit decisions

influence price, and fringe firms. Elliott 2022 uses this structure to evaluate the impacts

of carbon taxes and capacity payments on the generation mix. Both papers demonstrate

the importance of modeling the feedback between short-run market operations and long-run

capacity decisions, a feature my model shares.

A separate strand examines how the composition of the generation fleet responds to

changing fuel economics and policy. Gowrisankaran, Reynolds, and Samano 2016 quantifies

the social costs of solar intermittency in southeastern Arizona, finding that intermittency

accounts for a substantial share of the costs associated with renewable generation and repre-

sents a significant barrier to a grid powered primarily by renewables. Gowrisankaran, Langer,

and Reguant 2024 examines why regulated utilities have retired coal more slowly than their

counterparts in restructured markets despite the growing price advantage of natural gas.

That paper uses an estimation approach developed by Gowrisankaran and Schmidt-Dengler
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2024, which provides a computationally tractable method for solving dynamic oligopoly mod-

els with many ordered capacity levels. My estimation strategy draws on this computational

approach but embeds it within a dynamic game that considers multiple generation compa-

nies simultaneously, accounts for the shift toward renewables, and integrates transmission

constraints into the model.

The role of transmission in electricity markets has received growing attention but remains

underexplored in the investment context. Holland, Mansur, and Yates 2022 provides one of

the first models to consider multiple wholesale markets simultaneously, using EIA data on

generation mix and load to evaluate how policies including transmission expansion affect

renewables adoption and social welfare. However, the model treats regional markets as

homogeneous and equates increased transmission with universal access by all generators to

all load—a strong assumption that abstracts from the nodal structure of actual wholesale

markets. The current work relaxes this assumption by modeling transmission and congestion

with equilibria determined at the node level.

Arkolakis and Walsh 2023 builds a spatial macroeconomic model of clean energy adoption

in which electricity transmission plays a role, incorporating learning-by-doing and regional

comparative advantage in renewable resources. While the model captures the aggregate and

spatial implications of the energy transition, it does not endogenize the process by which

individual generators make investment decisions in response to market signals—a mechanism

that is central to my analysis.

The closest antecedent to my work is Gonzales, Ito, and Reguant 2022, which estimates

the investment effects of grid expansion connecting the northern and southern regions of

Chile on the entry and exit of renewable and fossil fuel generators. That paper makes

an important contribution by linking transmission infrastructure to investment incentives.

However, its short-run model relates transmission to prices through a framework that does

not allow for simultaneous settlement at multiple nodes, and it relies on generation data that

are not available at comparable granularity for the United States. Moreover, Gonzales, Ito,
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and Reguant 2022 does not model the strategic interdependence of generators in its long-

run investment stage. My model addresses these limitations by using a dynamic game for

the long-run stage, which captures the fact that within a transmission-constrained network,

capacity choices are fundamentally interdependent: the decision to invest in solar in Nebraska

alters the competitive landscape facing coal plant owners in Indiana.

My work synthesizes and extends several of these contributions. It combines the attention

to transmission found in Gonzales, Ito, and Reguant 2022 with a dynamic oligopoly invest-

ment model in the spirit of Elliott 2022, using the computational methods of Gowrisankaran

and Schmidt-Dengler 2024 and building on the estimation framework of Pakes and Ericson

1998. By incorporating congestion data from multiple markets simultaneously and linking

real-time price formation to long-run capacity dynamics, the model enables counterfactual

analysis of how transmission expansion reshapes generator investment across the intercon-

nected U.S. grid.

3 Setting and Data

3.1 Setting

In most of the United States, the electricity market is divided between the wholesale and

retail markets. In wholesale markets, generators sell electricity to utilities who then sell the

electricity to end-users in the retail market. Wholesale market prices are generated through

the locational marginal price (LMP) mechanism. Generators submit bids of price-quantity

pairs that determine how much an individual generator is willing to supply at a series of

set prices. The equilibrium price is thus the price at which the last economically dispatched

generator bids for the final unit of electricity. This price is paid to all generators that are

dispatched at a particular market location.

I focus on the wholesale market for electricity in the Eastern Interconnection and ERCOT

(Electric Reliability Council of Texas). I choose to focus on the regions with wholesale

7



markets because wholesale markets have readily available price data and because vertically

integrated retail markets function differently. The focus on the Eastern Interconnection

comes from the fact that the majority of US ISOs are in the Eastern Interconnection. The

addition of ERCOT provides the ability to perform counterfactuals examining expanded

interconnection between ERCOT and the Eastern grid.

3.2 Dataset Creation

Figure 4 shows a full diagram of the creation of the dataset for analysis. Data for the

short-term model came from EIA Form 923, EIA Form 860, EIA Form 930 data, EPA’s

Power Markets Data, the individual ISOs, S&P capital IQ Global, Homeland Infrastructure

Foundation Level Database (HIFLD), and Meteostat. The model was estimated on data

from 2018 to 2023 at the zonal level. The zonal level was chosen to increase the proportion

of binding transmission constraints in the data and to increase granularity of the dataset in

terms of both generators and load sources.

From each ISO individually, I took price and load data at the zonal level. I then took

hourly fuel mix data at the zonal to estimate generation by generator by hour. For fossil fuel

generators covered by EPA’s CAMPD (Clean Air Markets Program Data), the generation by

hour was available. However, for other generators, the generation needed to be estimated. In

order to estimate generation by hour by generator, EIA Forms 923 and 860 were combined

with ISO data on fuel mix. Percentage of generation by the generator was found by taking

the percentage of total generation for the zone by month by generation owner from Form 923.

The value was then multiplied by the generation for the fuel type for the hour. If generation

by the generator was greater than generation capacity, the generation was reduced to the

generation capacity, and generation was redistributed to the remaining generators.

In order to estimate transmission capacity and line losses between zones, the HIFLD

data on the electricity grid was utilized. The data allowed me to build a full dataset of

transmission capacity and line losses in 2022. A line was considered to connect two zones if
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the line started at a substation in one zone and ended at a substation in another. Using this

approach for connection estimation has the downside of neglecting flows that went between

multiple substations and zones. However, this works well with the assumption of the grid as

a bipartite network from the model. The HIFLD data contained information on type of line,

voltage, length, and location. This was used to estimate flow limits and line losses based

on engineering assumptions according to the technique discussed in Appendix D following

Arkolakis and Walsh 2023. To get historical changes in transmission capacity and line

losses, I solved for transmission capacity additions and retirements based on S&P Capital

IQ’s transmission projects dataset. Calculated additions and retirements were added to the

transmission capacity and losses from the HIFLD data to get the transmission capacity from

2001 to 2024.

With the approximate generation data for generators that did not report to the EPA and

the exact costs for generators that did report to the EPA, the exports from each zone to each

other zone were estimated. To estimate exports, I first added net exports to zones outside

of the area of interest. Net exports to outside areas by hour were taken from EIA Form

930, which provides data on flows between balancing authorities at an hourly level. Where

a balancing authority outside of the dataset connected to multiple zones in the dataset, net

exports are added to load proportionately to load in each of the connected regions.

Given data on load and approximate generation, an optimal dispatch problem was solved

for each hour based on the generation by generator, transmission capacity and line losses.

Generation was dispatched from zones with low LMP to zones with high LMP in order of

marginal cost based on heat rate and fuel cost until all load was satisfied and all generation

was distributed. Marginal cost was estimated using fuel cost data from EIA Form 860 and

heat rate data from EPA CAMPD data. For resources without marginal cost data from

EIA, an order of dispatch was provided by resource type with solar, hydro, geothermal,

and wind dispatched first with ties distributed based on capacity size. Nuclear was then

distributed followed by fossil fuel resources for which marginal cost data at the monthly
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level was available. Firms with lower marginal costs per unit of generation were dispatched

to regions earlier. I use these export data to estimate hourly marginal cost curves in the

short-term model.

The characteristics of the zones impacting marginal cost of the generators were taken

from EIA Form 860, Meteostat, and S&P Capital IQ Global. EIA provided information

about the generation companies in terms of ownership and characteristics of generators.

Meteostat provided data on weather hourly in the zones. In order to get an average weather

for the zones, a centroid was taken from each zone. Weather data thus represent the data

at the weather station closest to the centroid of the zone.

Data for the long-term model came from EIA Form 860, EIA’s Annual Energy Outlook

(AEO), NREL’s Standard Scenarios, and S&P Capital IQ Global. The long-term model

was estimated on historical data going back to 2001 with forward-looking generators basing

capacity decisions on revenues estimated until 2050 after which the fuel mix and load profile

are assumed constant and an infinite sum is taken. The year 2050 was chosen because it was

the last year of projections from AEO and because it is a date at which most pledges for

energy transition are based.

EIA Form 860 provided data on capacity of generators between 2001 and 2024. These

data were aggregated by owner, zone, and resource type to get capacity for long-term model

estimation. For resources of types not modelled such as nuclear and hydroelectric, the capac-

ity was taken from the aggregate capacity by zone. Meteostat and Prism provided historical

long-term weather data. S&P Capital IQ Global and EIA provided data on historical natural

gas prices and coal prices.

Most data from the projections for years in the future come from EIA’s Annual Energy

Outlook (AEO) for 2023 and NREL’s Standard Scenarios with Cambium. The AEO has data

on projected load by region, projected natural gas and coal price, and projected capacity

and generation for nuclear and other generation types. In order to get projections for long-

term changes in transmission capacity for the long-term model, NREL’s Standard Scenarios
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were utilized. The Standard Scenarios also provided long-run data on transmission and

distribution losses, load growth, and future capacity for fuels not in the model.

The current study will consider data only from Independent System Operators in the

Eastern Interconnection and the Electric Reliability Council of Texas (ERCOT). For a map

of the zones of interest, refer to Figure 5. The process of constructing the zone map is

described in Appendix C.2. This includes the Southwest Power Pool (SPP) which governs

parts of the Midwest from Oklahoma to Wyoming. The Eastern Interconnection also includes

the Midcontinent Independent System Operator (MISO) which governs the Midwest east

of Mississippi to Nebraska as well as Pennsylvania-New Jersey-Maryland Interconnection

(PJM), New York Independent System Operator (NYISO), and ISO New England, which

governs all states on the Eastern Seaboard North of New York. Outside of the Eastern

Interconnection, data are also provisioned from the ERCOT, which includes much of Texas.

3.3 Descriptive Statistics

Table 1 shows how prices and loads differ between the different Independent system opera-

tors. There is significant variation across ISOs with ISO-NE having the highest mean price

and SPP having the lowest. Load also varies by ISO with PJM, the largest ISO also having

the highest load. Figures 6 and 8 show how load varies across the sample by zone. Load

differs both within a time dimension and across the spatial dimension with peaks in load

profiles in differing by time zone and weather conditions and larger more densely populated

zones having more load. Table 2 provides descriptive statistics on the estimated features of

the hourly dispatch model including hourly exports by generator and hourly generation by

generator type. Table 3 provides descriptive statistics for the short run characteristics and

the variables that feed into the short-run model.

Figure 7 shows how estimated capacity factor differs by ISO. Capacity factor is the

ratio between total generation and total capacity and indicates the efficiency of a particular

generator or generators in a particular location.
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4 Model

4.1 Preliminaries

The modelling framework borrows substantially from Butters, Dorsey, and Gowrisankaran

2021, Elliott 2022, and Gonzales, Ito, and Reguant 2022. The model consists of a static

short-run model and a dynamic long-run model. The primary source of variation arises from

the introduction of location-specific prices and spatial heterogeneity in generators, as well as

the introduction of a dynamic game into a model with transmission constraints.

While previous models typically assumed either a single price for all locations or prices

varying only by broad regions, this model allows all markets to clear interdependently. Al-

lowing many settlement locations increases the size of the state space and makes a short-run

dynamic model intractable for considering complex phenomena like curtailment; however,

the tradeoff is necessary to capture granular transmission effects. Because decreasing curtail-

ment is a benefit of transmission expansion, excluding it likely leads only to an conservative

estimate of the benefits of increasing transmission.

Within the short-run, a combined Independent System Operator (ISO) solves an optimal

dispatch problem, choosing how much electricity to offer and at what nodes to minimize

costs. In the long-run, a capacity game occurs where generator owners choose optimal

capacity based on profit expectations derived from the short-run model’s prices. While the

short-run model functions primarily as an engineering problem solved by a social planner

and estimated using econometrics, the long-run model is solved by competitive equilibrium.

4.2 Network Topology and Aggregation

The network is modelled as a bipartite graph consisting of demand nodes indexed by i and

generation nodes indexed by j. Electricity flows from generation nodes j to demand nodes

i. Figure 12 illustrates the mechanics of this network. The adjacency matrix A represents

the transmission capacity, where Aij is the maximum electricity that can flow between node
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j and node i. Line losses, governed by the particular technologies used at locations, are

represented by the matrix B, where Bij represents the proportion of electricity lost during

transmission from j to i. At each generation node j, there are various fuel resources indexed

by k (e.g., wind, solar, coal, natural gas) with individual generators indexed by g.

Fuel resources are divided into endogenous and exogenous categories in the long-run

investment model. Wind, solar, coal, and natural gas are modeled endogenously. The “other

major fuel sources” category, primarily hydroelectricity and nuclear, is taken as exogenous to

reduce the state space. This is consistent with historical data, where year-to-year variation

is much higher in fossil and renewable sources than in hydro or nuclear, which are more

heavily influenced by government investment and regulatory constraints than by short-run

market forces.

4.3 Short-run Operations Model

Under certain conditions, the generator’s profit maximization problem is identical to the

social planner’s cost minimization problem. Following Gilbert, Neuhoff, and Newbery 2004

and Cramton 2017, the conditions for equivalency include: no market power among genera-

tors, no gamesmanship or non-competitive bidding, increasing and continuous marginal cost

curves without jumps, and linear constraints.

The assumption of increasing marginal cost curves is consistent with both economic

theory and bid offer data provided by generators. While gamesmanship is strictly policed

by the Federal Energy Regulatory Commission, the assumption of no market power is the

strongest. As Gilbert, Neuhoff, and Newbery 2004 notes, transmission constraints are the

main source of market power; however, due to competitive pressures and bidding regulations,

sustained market power in the electricity market proves elusive. Given the value of this

equivalency for tractability, I proceed by solving the problem as a social planner’s problem.

The ISO solves a static problem each hour t, choosing the quantity qijkt to send to each

individual demand node i from each resource k at supply node j. The ISO minimizes the
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total cost of generation subject to system constraints, which is equivalent to maximizing the

negative of the cost function:

πt = max
{qijkgt}i,j,k,g,t∈I,J,K,G,T

[
−

I∑
I=1

J∑
j=1

K∑
k=1

G∑
g=1

cjkgt(xjkgt, qijkgt, ϵijkgt)

]
. (1)

The cost of dispatching a generator, cjkgt, depends on resource characteristics xjkgt, the

quantity dispatched, and an error term ϵijkgt representing incorrect specification of the cost

function visible to the ISO but not the econometrician.

The optimization is subject to three primary linear constraints:

1. Resource Constraint (Kirchhoff’s Law): The system must balance such that

total load equals total generation minus line losses. Demand is assumed perfectly inelastic.

J∑
j=1

K∑
k=1

G∑
g=1

(1−Bij)qijkgt = Lit ∀i. (2)

2. Transmission Constraint: The ISO cannot transmit more electricity between two

locations than the line capacity permits.

K∑
k=1

G∑
g=1

qigjkt ≤ Aij ∀i, j, t. (3)

3. Capacity Constraint: A resource cannot be dispatched beyond its maximum capac-

ity OMAX
jt at any time t. This capacity varies over time due to weather conditions (affecting

solar/wind) and seasonal factors (affecting thermal efficiency).

0 ≤
∑
i

qigjkt ≤ OMAX
jkgt ∀j, k, g, t. (4)

4.3.1 Dispatch and Pricing

If no constraints bind, resources set marginal cost equal to price and produce where the price

is highest. However, when constraints bind, prices diverge. If the lowest-cost resource faces
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a transmission constraint, it dispatches up to Aij in the highest-price location, then moves

to the second-highest, repeating until either the maximum generation OMAX
jt is reached or

marginal revenue equals marginal cost.

The Locational Marginal Price (LMP) at any node is equal to the marginal cost of the

last economically dispatched resource serving that node. When transmission constraints

bind, cheap power from low-cost zones cannot fully reach high-demand areas, causing LMPs

to separate spatially.

I rely on the following assumptions for the solution:

1. Cost functions are continuous without jumps and quadratic with respect to inputs.

2. Blackouts are not allowed; there is sufficient electricity to satisfy all load at every node

at any time.

3. No resource is ever transmission-constrained at all locations simultaneously.

4. Within each generation node j, at least one resource is not at maximum capacity at

any given time.

4.4 Econometric Specification

The solution method for the operations model (detailed in Appendix A) is reminiscent of

trade models. We can define a latent variable Ṽ representing the conditions for the marginal

resource. The error for a constrained generator equals the difference between its marginal

cost and that of the marginal generator, adjusted for the shadow costs of transmission and

capacity constraints.

The structural equation is given by:

πt = max
{qijkgt}i,j,k,g,t∈I,J,K,G,T

[−
I∑

i=1

J∑
j=1

K∑
k=1

G∑
g=1

cjkgt(xjkgt, qijkgt, ϵijkgt)] s.t. (5)
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J∑
j=1

K∑
k=1

G∑
g=1

(1−Bij)qijkgt = Lit︸ ︷︷ ︸
Resource constraint

∀i

K∑
k=1

G∑
g=1

qijkgt ≤ Aij︸ ︷︷ ︸
Transmission constraint

∀i, j, t

0 <
∑
i

qijkgt ≤ OMAX
jkgt︸ ︷︷ ︸

Capacity constraint

∀j, k, g, t.

To identify the error terms, consider generator jg′k. For any nodes ijk′ with transmission

constraints but without capacity constraints:

ϵ̃igj′kt = ϵigjkt − ϵi′g′jkt. (6)

For nodes i′jk′ that are neither transmission nor capacity constrained:

ϵ̃i′jk′t = ϵi′jk′t. (7)

By assumption, each j node has one resource not capacity constrained, and each resource

has at least one i node with which it is not transmission constrained. Plugging Equation 7

into 6 allows us to solve for each ϵijkt

Define Pt as a multivariate normal probability density function with mean zero and

variance Ω1 from which the errors ϵijkt are drawn. This yields the likelihood function for the

set of resources excluding the marginal resource:

L1 =
t=T∏
t=1

Pt(Ṽ111t, ..., ṼIJKt). (8)

By maximizing this likelihood function, I estimate the parameters νk and β to solve the

short-run model.
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4.4.1 Resource Dynamics in the Short-Run

In this framework, renewable resources, like wind and solar, have marginal costs averaging

to zero, reflecting that their fuel inputs are free. Conversely, fossil fuel resources have con-

sistently positive marginal costs and control the marginal generation. They choose when to

burn fuel.

In the long run, these differences drive market entry and exit. Fossil fuel resources

face increasing fixed costs due to regulation and maintenance, while renewables experience

decreasing entry costs due to technological improvement. As transmission expands, prices

equalize spatially: prices paid to fossil resources generally decrease, while those paid to

renewables increase. These short-run profit signals drive the long-run transition, leading to

increased renewable capacity and fossil fuel exit.

4.5 Long-run Model

The short-run and long-run models interact through prices and capacity. Figure 13 illustrates

this relationship: the ISO solves the optimal dispatch problem hourly, which generates prices

and costs that feed into generators’ expected profits. These expected profits then drive long-

run capacity investment decisions, which in turn affect future dispatch outcomes.

In the short run, expanding transmission capacity leads to price convergence between

regions through spatial arbitrage. Figure 14 illustrates this mechanism: low-cost regions

(net exporters) see prices rise as they gain access to distant markets, while high-cost regions

(net importers) experience price declines as cheaper power flows in. The welfare effects

include producer surplus gains in exporting regions and consumer surplus gains in importing

regions.

These short-run price changes create dynamic investment incentives. Figure 15 shows how

expanded market access shifts the marginal benefit curve for capacity investment outward in

resource-rich regions, leading to increased equilibrium capacity. Higher prices in previously

constrained exporting regions incentivize entry by renewable generators who can now sell to
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distant markets.

The long-run model characterizes the decision of firms to invest in or reduce capacity.

Firms invest in capacity based on potential profits and retire capacity based on the expected

losses. The value of a set amount of capacity given state variables in the current period

υgt(Θ) is equal to the max with respect to the current period’s chosen investment ∆Og of

profits from all generators in the current period Πjg(Θ) plus the unobservable error of the

chosen amount of investment today plus the discounted expected value of the generator in

the next period. Profits Πjg(Θ) are the sum for a particular node of the aggregate demand

times the average price minus the aggregate cost times the aggregate demand minus fixed

costs times total capacity minus entrance cost times positive investment. The problem is

shown in Equation 9.

The problem is not stationary as both entry costs and fixed costs are integrated AR(1)

processes. Our primary parameters to estimate are ψik, the per-period average increase or

decrease in fixed and entry costs, ρik, the persistence of fixed and entry costs, and σ2
ζi
, the

standard deviation of the error for fixed and entry costs. In theory, over time, fixed costs

will increase for coal and natural gas leading to retirement of fossil fuel plants while entry

costs will decrease for solar and wind plants leading to investments in renewable generation.

Over time, the model simulates a renewable energy transition. The short-run transmission

network impacts the long-run choices of investment and retirement through changes in rev-

enue and costs, which impact the profits and change the desirability of owning and investing

in capacity.

υgt(Θ) = max
∆Og

∑
j

Πjg(Θ) + εjg(∆Ojg) + βEυjgt+1(Θ
′) s.t. (9)

Πjg =
∑

k[Djkg(djkg, Ojkg, O
−
jkg)Pjkg︸ ︷︷ ︸

Revenue

−Cjkg(djkg, Ojkg, O
−
jkg)Djkg(djkg, Ojkg, O

−
jkg)− FkOjgk − Ekmax(∆Ojgk, 0)︸ ︷︷ ︸

Costs

]
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O′
jgk = Ojgk +∆Ojgk︸ ︷︷ ︸
Evolution of capacity

F ′
k = ψ1k + ρ1kFk + ζ ′k1, ζ1 ∼ N(0, σ2

ζ1
)

E ′
k = ψ2k + ρ2kEk + ζ ′k2, ζ2 ∼ N(0, σ2

ζ2
)

5 Estimation Strategy

5.1 Identification

The parameter set β is identified based on variations in choices to dispatch resources of the

same fuel type with different characteristics. The parameter set νk is identified by variations

chosen in quantities dispatched by resource type after controlling for within resource hetero-

geneity. The variance of any particular error is not identified separately from the parameters,

but the covariance of the residuals identifies the correlation between errors at a particular

timestep.

The ability to estimate the impact of changing transmission capacity through altering

transmission capacity matrix A and line loss matrix B comes from the model’s estimation

of the parameters above, β and νk. Using these parameters, the system of resources for

dispatch can be solved as a linear program giving the shadow prices related to transmission

capacity. Using the fully solved model, counterfactuals can also be run by altering these

matrices.

The eight primary parameters of interest in the long-run model are the per-period change

in fixed cost by resource type, ψ1k, the per-period change in entrance cost by resource type,

ψ2k, the auto-regressive coefficient in the law of motion for fixed costs ρ1k, the auto-regressive

coefficient in the law of motion for entry cost ρ2k, the initial fixed cost, F0k, the initial

entrance cost, E0k, and the variance of the error terms, σ2
ζ1k

and σ2
ζ2k

. It should be noted

that each of these parameters are estimated for coal, natural gas, solar, and wind, so in total
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32 parameters are estimated or 8 parameters per resource. The total sample size for the long-

run is equal to the total number of included generation companies times the total number

of resources those companies hold times the number of zones the generators participate in

times the total number of years in the long-run sample. This is well above the minimum size

for statistical power.

The initial fixed cost by resource type, F0k, is identified by the capacity retirement choice

in the starting period by generator type after accounting for expected demand, costs, and

prices. This occurs when ∆Ojk is negative. The autoregressive coefficient in the entrance cost

equation,ρ1k, is identified by the level of correlation between negative capacity investment

decisions in different periods after accounting for other parameters and factors. The per-

period change in the fixed cost, ψ1k, is identified by decisions to change capacity retirements

over time after accounting for changes in prices, demand, and costs. The initial entrance

cost by resource type, E0k, is identified by the amount of increase in capacity in the starting

period by resource type after accounting for fixed costs and changes in prices and expected

demand. The autoregressive coefficient in the entrance cost equation, ρ2k, is identified by

the level of correlation between positive capacity investment decisions in different periods

after accounting for other parameters and factors. The per-period change in entrance costs

by resource type,ψ2k, is identified by changes in entrance by resource type after accounting

for other parameters and factors.

The variance of the error terms σ2
ζ1k

and σ2
ζ2k

are identified by variations in decisions by

resources to decrease or increase capacity respectively for resources of the same type after

accounting for differences in demand, prices, and costs.

5.2 Short-run Estimation

The data do not include information on where electricity generated by a particular resource

in a particular location is transported. However, with the generation data and the the

transportation data available, the exact locations electricity is sent to can be determined by
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assuming that energy goes to the location of highest price, so all low-cost energy is dispatched

to the region with highest returns given losses and transmission constraints before high-

cost energy is dispatched. This reasonably approximates the unobserved quantity flows by

resource type.

Where data on flows and generation are available at a more granular level than the ISO

such as at the zonal level, the zonal level is used as the area of observation, and demand

nodes i and supply nodes j are for zone. This makes prices more consistent with the prices

experienced by resources. Where these data are available only at the ISO level, these nodes

are ISOs, and prices are aggregated to the ISO level by taking a weighted average based on

load. Where available, these weighted averages are taken from official sources. When not

available, I calculate them.

The data do not include information on losses for all transfers between all zones and ISOs.

As such, losses are calculated outside the model using the loss data I do have and data on

line lengths, composition, and flows to estimate the losses. This is appropriate because losses

are not endogenous to the model but are purely a result of technical constraints related to

lines.

The operations model will be solved using the simulated maximum likelihood method.

Errors will be drawn from a multivariate normal distribution for each time, which will allow

me to solve for the logarithm of the likelihood function from Equation 8;

log(L1) =
T∑
t=1

log(Pt(Ṽ111t, ..., ṼIJKt)). (10)

Errors will be simulated, and parameters will be changed based on gradient descent until

the maximum of the log-likelihood function is found.
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5.3 Long-run Estimation

The long-run model estimation utilizes the dynamic game investment estimation method-

ology from Pakes and Ericson 1998 and utilizes the algorithm from Gowrisankaran and

Schmidt-Dengler 2024 to find feasible choices to speed up algorithmic performance. The es-

timation strategy is thus an iterative fixed point algorithm, which solves for a value function

within the iterated step to find equilibrium choice probabilities. The estimation utilizes the

generalized method of moments (GMM) framework to find parameters.

Following the methodology from Gowrisankaran and Schmidt-Dengler 2024, I compute

the equilibrium through a nested fixed point procedure where I iterate start with a belief of

each generation company of the probability of rival actions, solve the value function itera-

tively for the belief, and iterate until all beliefs are correct. Diverging from the framework,

I use an oblivious equilibrium concept, so the beliefs must only be correct with regards to

the beliefs of generation companies about rival competitive capacity.

The state space is discretized as follows. Fixed cost is divided into 20 bins for from zero

to the maximum revenue per megawatt of a resource type. Entry cost is divided into 20 bins

from zero to ten times the maximum revenue per megawatt of a resource type. Demand

state space is divided into 5 bins from .75 to 1.5 times previously seen max load. The own

capacity state space is divided into 15 bins from 0 to 1.5 times max generation of a generation

owner. The alternative capacity state space is divided into ten bins from 0 to 1.5 times the

maximum load. The average price state space is divided into 10 bins from 0 to 1.1 times

the maximum average price in the data. The possible investments are restricted to between

zero new investments and investment that would meet half zonal capacity for 10 possible

investment choices. Investment is restricted, so negative capacity is not permitted.

In order to estimate the model, the parameters from the short-term model are estimated

via maximum likelihood. These parameters are used within the marginal cost function to

solve the linear program to get quantities and prices in the short-run with expected changes

to the grid in the future. A subset of dates are solved using the parameters for all elements
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of the state space. The results are then fed into the long-run model, which uses the short-run

results for profits for each year.

The long-term model has 32 parameters to estimate including the integrated and auto-

regressive terms in the fixed cost and entry cost, the initial fixed cost and initial entry cost,

and the standard deviation for both errors. Each parameter needed to be estimated for all

four resource types. In order to estimate the 32 parameters, at least 32 moments must be

used. I largely follow Gowrisankaran, Langer, and Reguant 2024 in choice of moments to

get 36 total moments for an overidentified model. For natural gas, solar, and wind, the

moments include an indicator for positive investment interacted with quantity built, total

quantity squared, and an indicator for investments in capacity of large size, which is specific

to resource based on the data. I interact these moments with total capacity and also include

investment variance as a moment. I add one additional moment, which is the amount of

capacity retired to help identify fixed cost parameters. For coal, I do the same but focus on

moments related to retirements instead of investment with one investment-related moment.

6 Results

6.1 Short-run Model Estimates

Table 4 presents estimates from the short-run dispatch model for export sensitivity and

base cost parameters across resource types. The intercept terms represent base marginal

costs in $/MWh, while the export coefficients capture how marginal costs vary with the

quantity exported from each zone. Table 5 reports coefficients for natural gas generator

characteristics. The natural gas spot price coefficient of 6.93 implies that a $1/MMBtu

increase in the Henry Hub spot price raises the marginal cost of natural gas generation by

approximately $6.93/MWh, consistent with average heat rates in the sample. The negative

coefficient on heat content reflects that generators with higher fuel efficiency face lower

marginal costs. Table 6 presents analogous results for coal resources, where the coal price
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Figure 1: Model Fit for the Short-run.

coefficient of 8.68 reflects the higher heat rates typical of coal plants.

Figure 1 displays model fit for the short-run dispatch model. The model slightly underes-

timates average prices but accurately captures price dispersion across zones. The correlation

between predicted and actual locational marginal prices is relatively strong, indicating that

the model captures the primary drivers of spatial price variation.

6.2 Long-run Model Estimates

Table ?? reports parameter estimates for the long-run capacity investment model. The

estimates for ψ2k, which governs the drift in entry costs over time, are negative for coal

(−0.106) and positive for solar (0.017) and wind (0.095), consistent with declining costs for

renewable technologies relative to fossil fuels. The autoregressive coefficients ρ1k and ρ2k

indicate moderate persistence in cost shocks, with wind showing the highest persistence in

entry cost shocks (ρ2k = 0.223).

Figure 2 compares simulated capacity paths against historical data from 2001–2024. The

model matches aggregate capacity levels well but overpredicts solar and wind investment

relative to historical patterns while generating relatively flat coal and natural gas capacity

trajectories. This discrepancy likely reflects factors outside the model including state-level

renewable portfolio standards, federal tax credits with complex phase-out schedules, and

permitting delays that constrained renewable development during portions of the sample

period.
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Figure 2: Model Fit for the Long-run.

6.3 Robustness Checks

I perform a suite of robustness checks detailed in Appendix Section G and summarized in

Table 10. I show the sensitivity of my a relaxation of assumptions. In particular, I show

the robustness of my estimates to the allowance of blackouts and market power, varying

assumptions about demand and its structure, changes to the specific dataset structure, and

changes to other specific model features. The evidence presented is relatively compelling

that the results are robust under slight relaxation. Some changes like market power have

more impact on the estimated impacts as the level of deviation from the baseline assumption

rises.

7 Counterfactuals

I use the estimated model to evaluate three sets of policy counterfactuals: upgrades to exist-

ing transmission infrastructure, addition of new long-distance transmission lines, and active

federal legislation affecting both transmission and generation investment. In all counter-

factual exercises, I hold estimated parameters fixed and modify only the primitives of the

model—entry costs, line capacities, and per-MWh revenue—during simulation. This en-

sures that behavioral responses (investment, retirement, and dispatch) emerge endogenously

from the estimated model rather than from re-fitting. The full set of counterfactuals run is

described in Table 7 and Figure 17.
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7.1 Transmission Infrastructure Upgrades

The first set of counterfactuals examines the effects of upgrading existing transmission lines

to High-Voltage Direct Current (HVDC) technology, which reduces line losses and increases

transfer capacity. I simulate outcomes under full replacement of all inter-zonal lines as well

as partial replacement of randomly selected lines at varying intensities.

Table ?? reports the price impacts of transmission upgrades. Full replacement of all lines

with HVDC technology reduces average wholesale prices by 6% across the study region,

generating welfare gains of approximately $4 billion per year. This figure represents roughly

one-third of total congestion costs estimated by Grid Strategies for the region. Notably,

most of these gains can be achieved with partial upgrades: replacing 50% of transmission

lines still delivers price reductions exceeding 5%.

Figure 3 illustrates how price reductions scale with the percentage of lines upgraded. The

relationship exhibits diminishing returns, with the marginal benefit of additional upgrades

declining as congestion on the most constrained corridors is relieved.

The effects of transmission upgrades vary substantially by region. The Northeast, where

congestion costs are highest and renewable resources are scarce, experiences the largest price

declines. The Midwest—home to abundant wind resources that are often curtailed due to

transmission constraints—sees modest price increases as expanded export capacity raises

local prices toward the national average. This price convergence, while increasing costs for

some Midwestern consumers, reflects more efficient allocation of generation resources and

reduced curtailment of low-cost renewable energy.

7.2 New Long-Distance Transmission

The second set of counterfactuals examines the addition of specific long-distance transmission

projects. I first consider the limiting case of removing all transmission constraints, then

evaluate specific proposed lines.

26



Figure 3: Price Decrease by Percentage Grid Upgrade

7.2.1 Removal of All Transmission Constraints

Eliminating all transmission constraints reduces average prices in every ISO except SPP and

MISO, where prices increase as these regions become net exporters. This counterfactual also

dramatically accelerates the renewable energy transition in the long-run model, as genera-

tors in renewables-rich regions can access distant markets without congestion-related price

discounts.

7.2.2 Grain Belt Express

The Grain Belt Express is a proposed 800-mile HVDC transmission line designed to carry

5,000 MW of wind power from western Kansas to Indiana and points east. In the long-run

counterfactual, adding this line increases solar and wind adoption in the Eastern Intercon-

nection by over 10% by 2050, with the largest increases concentrated in SPP and western

MISO where the line originates.
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7.2.3 ERCOT-Eastern Interconnection Connection

A major HVDC connection between ERCOT and the Eastern Interconnection would allow

Texas’s abundant wind and solar resources to serve load in the Southeast and beyond.

7.3 Federal Legislation

The final set of counterfactuals evaluates three pieces of federal legislation affecting elec-

tricity markets. These counterfactuals and their relationships are described in Table 8. I

implement these policies as policy wedges. Policy wedges are time-varying modifications to

model primitives that activate at each policy’s enactment date while holding all estimated

parameters fixed. This approach isolates the causal effect of each policy from the underlying

structural relationships estimated from pre-policy data. To ensure comparability across sce-

narios, I use identical random seeds and shock draws for all simulations, so that differences

across scenarios reflect only the policy treatment and not sampling variation. I run four

scenarios: (i) both policies as enacted, (ii) IRA only, (iii) BIL only, and (iv) neither policy

(the baseline).

7.3.1 Big Wires Act

The BIG WIRES Act (United States Congress 2023) would mandate that each FERC Order

No. 1000 transmission planning region achieve a Minimum Interregional Transfer Capacity

(MITC) equal to at least 30% of its coincident peak electrical demand, or an increase of

15% over current capacity, whichever is lower, by 2035 as decribed in Hickenlooper and

Peters 2023. The legislation is motivated by the widening gap between planned interregional

transmission builds and anticipated need documented in the DOE’s National Transmission

Needs Study 2023, driven by barriers including insufficient coordination across planning

regions, cost allocation disputes, and local opposition as found in Joskow 2021; Pfeifenberger

and Staff 2021.

I follow the modeling approach of Botterud et al. 2024, who evaluate the BIG WIRES
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Act using the GenX capacity expansion model across 64 zones aggregated into 12 model

regions that approximate the FERC Order No. 1000 planning regions. Their framework

distinguishes interregional transmission (built between zones in different planning regions)

from intraregional transmission (built within a region), and assumes that absent the Act,

no new interregional transmission is built—reflecting the observed tendency of Balancing

Authorities to prioritize investment within their own planning region. Under the Act, inter-

regional capacity is expanded until each region satisfies the MITC requirement, with GenX

determining the least-cost allocation of new capacity across corridors.

To implement this counterfactual in my model, I add inter-zonal transfer capacity con-

sistent with the corridor-level builds reported in Botterud et al. 2024. I model the MITC

requirement as time-varying capacity additions that phase in via a ramp function:

AMITC
ij,t = Abaseline

ij,t +∆AMITC
ij · ρ(t; tMITC

0 , R) (11)

where ∆AMITC
ij is the additional transfer capacity on corridor (i, j) required to satisfy the

MITC constraint, calibrated to be consistent with the corridor-level estimates in Botterud

et al. 2024. The largest capacity additions are concentrated in the Eastern Interconnection:

between the Midwest and Mid-Atlantic, Southeast and Florida, Mid-Atlantic and Carolinas,

Midwest and Central, and Mid-Atlantic and Southeast, which together account for approxi-

mately 80% of total new interregional transmission builds under the Act.

7.3.2 Inflation Reduction Act

The Inflation Reduction Act (IRA) provides substantial tax credits for renewable energy

investment, effectively reducing entry costs for solar and wind generators. I model the IRA

through two channels that enter the simulation as policy wedges on the estimated model’s

primitives.

First, the IRA reduces entry costs for eligible renewable technologies. I implement this
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as a proportional reduction in the entry cost Ek for eligible technology k:

EIRA
k,t = Ebaseline

k,t · (1− τ IRA
k · ρ(t; t0, R)) (12)

where τ IRA
k ∈ [0, 1) is the technology-specific cost reduction implied by the investment tax

credit, t0 is the IRA enactment date (August 2022, implemented as the first full period on or

after enactment), and ρ(t; t0, R) is a ramp function that phases the credit in over R periods

to avoid discontinuities in the investment decision. I set R to one year as a conservative

default.

Second, the IRA production tax credit provides an ongoing per-MWh subsidy to eligible

generators, which I model as a revenue shifter:

P eff
k,t = Pt + sIRA

k · ρ(t; t0, R) (13)

where sIRA
k ≥ 0 is the production credit value in the same per-MWh units as the model’s

prices. This enters the generator’s per-period profit function, raising effective revenue for

eligible resources without altering the ISO’s dispatch problem or the structure of the Bellman

equation. Retirement decisions respond endogenously to the changed profit environment.

Eligibility is determined by a mapping from technology type to IRA-eligible status. In

the baseline implementation, eligibility depends on technology k alone and does not vary by

region, though the framework accommodates region-specific eligibility if needed.

7.3.3 Bipartisan Infrastructure Law

The Bipartisan Infrastructure Law (BIL) provides funding for transmission infrastructure

including grants for interregional transmission projects. I model the BIL as a time-varying

expansion of inter-zonal transfer capacities:

ABIL
ij,t = Abaseline

ij,t +∆ABIL
ij · ρ(t; tBIL

0 , R) (14)
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where ∆ABIL
ij ≥ 0 represents the additional transfer capacity on corridor (i, j) funded by

the BIL, in the same units as the baseline line limits Aij, and tBIL
0 is the BIL enactment

date (November 2021). The adjusted capacities enter the ISO dispatch problem’s constraint

set, expanding the feasible region for inter-zonal power flows. The dispatch objective and

optimality conditions are otherwise unchanged.

I consider two specifications for the BIL transmission expansion. The first is corridor-

specific, assigning ∆ABIL
ij values to individual lines consistent with announced project fund-

ing. The second is a system-wide specification in which each corridor receives a proportional

expansion ∆ABIL
ij = α · Abaseline

ij,t , parameterized by a single scalar α > 0.

7.3.4 Combined Policy Effects

Running these policies in combination reveals whether transmission investment and renew-

able subsidies act as substitutes or complements. Formally, I compare the welfare gain from

the joint policy ∆W IRA+BIL = W as enacted−W no ira no bil against the sum of individual effects

∆W IRA+∆WBIL, where ∆W IRA = W no bil−W no ira no bil and ∆WBIL = W no ira−W no ira no bil.

Complementarity implies ∆W IRA+BIL > ∆W IRA +∆WBIL.

The results indicate that these policies are largely complementary: renewable subsidies

increase the supply of low-cost generation, while transmission investment ensures this gen-

eration can reach high-demand markets. The mechanism is intuitive—the IRA lowers entry

costs, inducing additional renewable capacity in resource-rich regions, but the value of this

capacity is limited by transmission constraints that prevent it from reaching high-price mar-

kets. The BIL relaxes these constraints, raising the effective price received by new entrants

and amplifying the IRA’s investment incentive. Implementing both policies together yields

welfare gains exceeding the sum of individual effects, suggesting that a portfolio approach to

energy transition policy dominates single-instrument strategies. I include estimates of the

costs of the policies and show that all are welfare improving even after considering costs.
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7.4 Welfare Decomposition

I run a welfare decomposition where I demonstrate how gains accrue to producers and

consumers at the zonal level. While the total system-wide surplus is obviously positive for

both producers and consumers, the distribution of the surplus is significantly varied. In some

regions, mainly ERCOT and specific zones within PJM, welfare is uniformly improved. This

occurs because the insurance effect dominates with producers exporting more electricity

during low-cost hours and importing during high-cost hours. For regions with significant

renewable energy and low prices before transmission expansion, producer welfare increases

while consumer welfare decreases. The opposite occurs in regions with fewer renewable

resources and higher initial prices. I quantify these effects and provide useful intuition for

policy-makers as to what transfers could be made to make the policy Pareto-improving.

8 Conclusion

This paper develops and estimates a dynamic model of generator behavior in electricity mar-

kets with transmission constraints. I link short-run dispatch decisions by ISOs resulting from

competitive equilibrium to long-run capacity investment by generators. The model captures

how transmission infrastructure shapes price formation across interconnected markets and

how these prices influence firms’ incentives to invest in different generation technologies.

Three main findings emerge from the analysis. First, transmission constraints impose sub-

stantial costs on electricity consumers: upgrading existing infrastructure to modern HVDC

standards would reduce wholesale prices by 6% and generate $4 billion in annual welfare

gains. Second, the benefits of transmission investment are regionally heterogeneous, with

the largest gains accruing to transmission-constrained regions in the Northeast. Third, in

the long run, expanded transmission capacity accelerates the renewable energy transition by

allowing generators in renewables-rich regions to access distant markets, increasing solar and

wind adoption by over 10% by 2050 under scenarios including major projects like the Grain
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Belt Express.

The policy counterfactuals indicate that transmission investment and renewable energy

subsidies act as complements rather than substitutes. Policies like the Inflation Reduction

Act increase the supply of renewable generation, while transmission investments under the

Bipartisan Infrastructure Law and Big Wires Act ensure this generation can reach consumers.

Implementing both types of policies together yields benefits exceeding the sum of their

individual effects.

Several limitations suggest directions for future research. The model operates at the zonal

rather than nodal level, preventing analysis of specific substation-to-substation connections.

This limitation makes the model better suited to evaluating large-scale inter-regional trans-

mission than individual line additions. Additionally, the model treats demand as exogenous;

long-run shifts in the geographic distribution of load in response to electricity price changes

represent an important extension. Finally, the model does not incorporate storage, which

may interact with transmission as alternative solutions to renewable intermittency.

Despite any limitations, the results provide evidence that transmission investment offers a

cost-effective complement to direct renewable subsidies in accelerating the energy transition.

As policymakers evaluate proposals to expand inter-regional transmission capacity, models

that capture both the short-run operational benefits and long-run investment effects can

inform the efficient allocation of infrastructure spending.
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Tables

ISO Mean Price Mean Load Median Price Median Load

ISO-NE 50 13,623 45 13,308
NYISO 43 17,686 39 17,297
ERCOT 40 44,328 23 41,901
SPP 37 30,420 30 29,246
MISO 38 73,945 34 72,179
PJM 41 146,112 37 88,236

Table 1: Average and Median Price and Load by ISO

Variable Mean Standard Deviation Median

Load 5,075 7,055 2,296
Price 37.8 79.5 27.6
SO2 Emissions 526 417 470
Solar Generation 2 13 0.03
Wind Generation 44 61 20
Natural Gas Generation 29 66 33
Coal Generation 162 217 64
Exports 18.9 76.3 0.53

Table 2: Descriptive Statistics: Short-run
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Variable Mean Standard Deviation Median

Fuel Cost 603 2,093 324
Heat Content 3.6 6.0 1.03
Natural Gas Spot Price 3.8 2.3 2.7
Coal Spot Price 166 128 98
Temperature 13 12 15
Loss Percentage 0.05 0.06 0.05
Transmission Constraint 0.51 1.00 0.50
Capacity Constraint 0.06 66 33

Table 3: Descriptive Statistics: Short-run

Resource Intercept Signif. Export Coeff. Signif.

Electricity used for energy storage 30.97 *** 0.02 ***
Natural Gas 37.72 *** 0.01 ***
Nuclear (incl. Uranium, Plutonium, Thorium) 46.44 *** 0.01 ***
Coal 30.97 *** 32.47 ***
Distillate Fuel Oil (diesel, No. 1–4) 33.23 *** 0.01 ***
Landfill Gas 33.91 *** 0.00 ***
Water at hydro or hydrokinetic technologies 36.27 *** -0.02 ***
Other Biomass Gas (digester, methane, etc.) 27.64 *** -0.11 ***
Petroleum Coke 31.50 *** 0.06 ***
Wood/Wood Waste Solids 40.91 *** 0.06 ***
Blast Furnace Gas 30.34 *** 0.00 ***
Waste heat (no direct fuel source) 37.43 *** 0.01 ***
Black Liquor 30.97 *** 0.01 ***
Other Gas 41.99 *** -0.12 ***
Other 30.97 *** 0.10 ***
Purchased Steam 30.97 *** -0.02 ***
Agricultural By-Products 29.56 *** -0.06 ***
Petroleum Products 34.94 *** 0.00 ***

Note: Export coefficients represent the marginal relationship between exports and output by energy
resource. Significance codes: *** p < 0.01, ** p < 0.05, * p < 0.1. The log-likelihood of the regression is

7.662301.

Table 4: Short-run Model Estimates by Resource Type
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Variable Estimate Significance

Natural Gas Price 6.93 ***
Dewpoint 2.46 ***
Temperature 0.00
Heat Content -2.22 ***
Generator Startup -2.3 ***
Generator Near Capacity -2.3 ***

Notes: Specification includes hourly and monthly dummies, zone-code dummies, and severe weather
dummies.

Table 5: Estimates for Natural Gas Covariates

Variable Estimate Significance

Coal Price 8.68 ***
Dewpoint 2.46 ***
Temperature 4.00 ***
Heat Rate -1.30 ***
Generator Startup -2.3 ***
Generator Near Capacity -2.3 ***

Notes: Specification includes hourly and monthly dummies, zone-code dummies, and severe weather
dummies.

Table 6: Estimates for Coal Covariates
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Table 7: Counterfactual Simulation Scenarios

Modified Primitives

Scenario Description Line Capacity
Aij

Entry Cost
Ek

Revenue
P eff
k

Panel A: Transmission Infrastructure Upgrades

Full HVDC All inter-zonal lines replaced
with HVDC

✓

Partial HVDC Random subset at intensity
α ∈ (0, 1)

✓

Panel B: New Long-Distance Transmission

No constraints All transmission limits re-
moved

✓

Grain Belt Express 5,000 MW HVDC, KS to IN ✓
ERCOT–Eastern IC HVDC link, ERCOT to

Southeast
✓

Panel C: Federal Legislation

BIG WIRES Act MITC ≥ 30% peak demand
by 2035

✓

IRA × BIL Factorial Design

Baseline Neither IRA nor BIL
IRA only IRA enacted, no BIL ✓ ✓
BIL only BIL enacted, no IRA ✓
As enacted Both IRA and BIL ✓ ✓ ✓

Panel D: Cross-Cutting Analysis

Welfare Producer/consumer surplus Applied to all scenarios
decomposition by zone for each scenario

Notes: Each scenario holds estimated structural parameters fixed and modifies only the indicated model primitives. Aij denotes inter-zonal transfer
capacity, Ek denotes technology-specific entry cost, and P eff

k denotes effective per-MWh revenue inclusive of production tax credits. All policy wedges
phase in via a ramp function ρ(t; t0, R) to avoid discontinuities. Panel C scenarios use identical random seeds and shock draws to isolate policy effects
from sampling variation.
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Table 8: Federal Legislation: Factorial Design and Comple-
mentarity Test

Bipartisan Infrastructure Law

Inflation Reduction Act Not enacted Enacted

Not enacted W baseline WBIL only

Enacted W IRA only W as enacted

Comparison Definition

IRA marginal effect ∆W IRA = W IRA only −W baseline

BIL marginal effect ∆WBIL = WBIL only −W baseline

Joint effect ∆W joint = W as enacted −W baseline

Complementarity ∆W joint −
(
∆W IRA +∆WBIL

)
> 0

Notes: W denotes total welfare (consumer plus producer surplus).
The top panel displays the 2 × 2 factorial structure of the federal
legislation counterfactuals. The bottom panel defines the comparisons
used to test policy complementarity. Complementarity holds when
the joint welfare gain exceeds the sum of individual gains, indicating
that transmission investment (BIL) and renewable subsidies (IRA)
are mutually reinforcing.
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Figure 4: Dataset Construction Diagram.

Figure 5: Mapped Zones from Market.
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Figure 6: Locational Marginal Price by Zone in Data.

Figure 7: Estimated Capacity Factor for Solar and Wind by ISO.

Figure 8: Price and Load by Hour for entire dataset.
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Figure 9: Map of Exports between Zones in the Model.

Figure 10: Combined Technical Potential for Wind and Solar Generation by County
(GWh/yr/mi2). Darker shading indicates higher combined renewable potential. Source:
Department of Energy.
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Figure 11: Existing and Planned High-Voltage Direct Current Transmission Lines. Solid lines
indicate existing HVDC infrastructure; dashed lines indicate proposed expansions. Source:
EIA.
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Figure 12: Network Topology Illustrating Congestion Pricing. Binding export constraints
create price separation across zones. Each zone’s LMP equals the local marginal cost when
transmission constraints bind.
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profits given expected prices (equilibrium).
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Figure 16: Intercept and Export Sensitivity Estimates by Resource.
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A Solving the Operations Model

This appendix derives the likelihood function used to estimate the short-run operations

model. Section A.1 establishes the equivalence between the generator profit maximization

problem and a social planner’s cost minimization problem, then formulates the ISO’s dispatch

problem. Section A.2 derives the first-order conditions from the Lagrangian. Section A.3

specifies the cost function and derives the likelihood function for estimation.

A.1 The ISO Dispatch Problem

Under standard conditions, the generator’s profit maximization problem is equivalent to a

social planner’s cost minimization problem. Following Gilbert, Neuhoff, and Newbery 2004

and Cramton 2017, the conditions for this equivalence include: (i) no market power among

generators, (ii) no gamesmanship or non-competitive bidding, (iii) increasing marginal cost

curves, and (iv) linear constraints. The assumption of increasing marginal costs is consistent

with both bid offer data and economic theory. Gamesmanship and non-competitive bid-

ding are prohibited and actively monitored by the Federal Energy Regulatory Commission.

While transmission constraints can create local market power (Gilbert, Neuhoff, and New-

bery 2004), competitive pressures and regulatory limits on bidding behavior make sustained

market power difficult to maintain.

I aggregate to the resource and ISO level due to data limitations: hourly generation data

are available only at the resource level rather than the generator level. While this aggregation

sacrifices granularity that would be valuable in a transmission model, I disaggregate where

data permit.

A.1.1 Notation

Let i ∈ {1, . . . , I} index demand nodes, j ∈ {1, . . . , J} index supply (generation) nodes,

k ∈ {1, . . . , K} index resources at each supply node, g ∈ {1, . . . , G} index generators, and

t ∈ {1, . . . , T} index time periods (hours). Define:

• qijkgt: Quantity of electricity sent from resource k at supply node j to demand node i

by generator g at time t

• cjkgt(·): Cost function for resource type k and generator g at supply node j at time t

• xjkgt: Observable cost shifters for resource jk and generator g at time t

• ϵijkgt: Unobserved cost shock
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• Aij: Transmission capacity between nodes i and j

• OMAX
jkgt : Maximum generation capacity of resource k for generator g at node j at time

t

• Lit: Load (demand) at node i at time t

• Bij: Transmission loss factor between nodes i and j

A.1.2 The Optimization Problem

The ISO solves a static cost minimization problem each hour, choosing dispatch quantities

qijkgt to minimize the total cost of meeting demand:

πt = max
{qijkgt}i,j,k,g,t∈I,J,K,G,T

[
−

I∑
I=1

J∑
j=1

K∑
k=1

G∑
g=1

cjkgt(xjkgt, qijkgt, ϵijkgt)

]
. (15)

subject to three constraints.

Resource Constraint (Kirchhoff’s Law). Supply must equal demand at each node,

accounting for transmission losses:

J∑
j=1

K∑
k=1

G∑
g=1

(1−Bij)qijkgt = Lit ∀i. (16)

Transmission Constraint. Flows between any two nodes cannot exceed line capacity:

K∑
k=1

G∑
g=1

qigjkt ≤ Aij ∀i, j, t. (17)

Capacity Constraint. Total dispatch from each generator cannot exceed its maximum

capacity:

0 ≤
∑
i

qigjkt ≤ OMAX
jkgt ∀j, k, g, t. (18)

Three maintained assumptions ensure the problem is well-defined: (i) no blackouts, mean-

ing sufficient generation capacity exists to serve all load at every node; (ii) no resource is

transmission-constrained to all destinations; and (iii) at least one resource at each generation

node has slack capacity at any given time.

When no constraints bind, resources set marginal cost equal to price and serve the highest-

priced locations first. When the transmission constraint binds, a resource dispatches up to
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Aij−
∑

k′ ̸=k qijk′t units to the highest-priced location, then up to Aij units to the next highest-

priced location, continuing until either maximum capacity OMAX
jkt is reached or marginal rev-

enue equals marginal cost. Prices equal the marginal cost of the last economically dispatched

resource at each location.

A.2 First-Order Conditions

The Lagrangian for the ISO’s problem at time t is:

Lt =−
K∑
k=1

J∑
j=1

cjkt

(
xjkt,

I∑
i=1

qijkt,

I∑
i=1

ϵijkt

)

+
∑
i,j

λijt

(
Aij −

K∑
k=1

qijkt

)

+
∑
i

γit

(
Lit −

K∑
k=1

J∑
j=1

(1−Bij)qijkt

)

+
∑
j,k

θjkt

(
OMAX

jkt −
I∑

i=1

qijkt

)
, (19)

where λijt is the multiplier on the transmission constraint, γit is the multiplier on the load

balance constraint, and θjkt is the multiplier on the capacity constraint.

A.2.1 Optimality Conditions

The first-order condition with respect to qijkt is:

∂Lt

∂qijkt
= − ∂cjkt

∂qijkt
− λijt − γit(1−Bij)− θjkt = 0. (20)

Complementary slackness requires:

λijt

(
Aij −

K∑
k=1

qijkt

)
= 0 ∀ i, j, t, (21)

θjkt

(
OMAX

jkt −
I∑

i=1

qijkt

)
= 0 ∀ j, k, t. (22)
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Rearranging equation (46) yields three equivalent expressions:

∂cjkt
∂qijkt

+ γit(1−Bij) + θjkt = λijt, (23)

∂cjkt
∂qijkt

+ γit(1−Bij) + λijt = θjkt, (24)

∂cjkt
∂qijkt

+ λijt + θjkt = γit(1−Bij). (25)

A.2.2 Intratemporal Euler Conditions

Three key relationships emerge from comparing first-order conditions across different resource-

node combinations.

Condition 1: Same supply node, different resources. For two resources k and k′ at

the same supply node j, both sending to demand node i:

∂cjkt
∂qijkt

+ θjkt =
∂cjk′t
∂qijk′t

+ θjk′t. (26)

Condition 2: Same resource, different demand nodes. For resource k at supply node

j sending to two demand nodes i and i′:

∂cjkt
∂qijkt

+ γit(1−Bij) + λijt =
∂cjkt
∂qi′jkt

+ γi′t(1−Bi′j) + λi′jt. (27)

Condition 3: Different supply nodes, same demand node. For resources at different

supply nodes jk and j′k′ both sending to demand node i:

∂cjkt
∂qijkt

+ λijt + θjkt =
(1−Bij)

(1−Bij′)

[
∂cj′k′t
∂qij′k′t

+ λij′t + θj′k′t

]
. (28)

A.3 Cost Function Specification and Likelihood

A.3.1 Cost Function

For renewable resources (wind and solar), the cost function is linear in output:

crenewjkt = qijktϵijkt. (29)
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For non-renewable resources, the cost function is quadratic:

cjkt =
I∑

i=1

qijktxjktβ +
1

2

(
I∑

i=1

qijkt

)2

νk +
I∑

i=1

qijktϵijkt, (30)

where β and νk are parameters to be estimated, with νk varying by resource type to capture

differences in fuel costs. The marginal cost for non-renewable resources is:

∂cjkt
∂qijkt

= xjktβ + qijktνk + ϵijkt. (31)

A.3.2 Identifying the Central Resource

Define a central resource at each demand node as a resource for which neither the transmis-

sion constraint nor the capacity constraint binds: λijt = 0 and θjkt = 0. By the no-blackout

assumption, every demand node has at least one central resource. For central resources, the

observed locational marginal price (LMP) equals marginal cost:

∂cjkt
∂qijkt

= LMPit. (32)

Using equation (28) with a central resource j′′k′′ at node i:

∂cjkt
∂qijkt

+ λijt + θjkt =
(1−Bij)

(1−Bij′′)
LMPit. (33)

Rearranging and substituting the marginal cost specification:

xjktβ + qijktνk + λijt + θjkt −
(1−Bij)

(1−Bij′′)
LMPit = −ϵijkt. (34)

A.3.3 Solving for Shadow Prices

From equation (25) applied to the central resource at node i:

γit =
LMPit

(1−Bij′′)
. (35)

Transmission Shadow Price. Using equation (27) and the assumption that each resource

can send electricity to at least one unconstrained destination i′ (so λi′jt = 0):

λijt = qi′jktνk − qijktνk +
LMPi′t

(1−Bi′j′′)
(1−Bi′j)−

LMPit

(1−Bij′′′)
(1−Bij) + ϵi′jkt − ϵijkt, (36)
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where j′′ and j′′′ denote the central resources at nodes i′ and i, respectively.

Capacity Shadow Price. Using equation (26) and the assumption that each generation

node has at least one resource k′ with slack capacity (so θjk′t = 0):

θjkt = (xjk′tβ + qijk′tνk′)− (xjktβ + qijktνk) + ϵijk′t − ϵijkt. (37)

A.3.4 Constructing the Likelihood Function

Substituting the expressions for λijt and θjkt into equation (34) yields the estimating equa-

tion. Define the composite error:

ϵ̃ijkt = ϵijkt − ϵi′jkt − ϵijk′t, (38)

where i′ is the unconstrained destination for resource jk and k′ is the unconstrained resource

at node j.

The deterministic component of the estimating equation is:

Ṽijkt = xjktβ + qijktνk︸ ︷︷ ︸
MC of resource jk

− (1−Bij)

(1−Bij′′)
LMPit︸ ︷︷ ︸

MC of central resource

+ qi′jktνk − qijktνk +
LMPi′t

(1−Bi′j′′)
(1−Bi′j)−

LMPit

(1−Bij′′′)
(1−Bij)︸ ︷︷ ︸

cost of transmission constraint

+ (xjk′tβ + qijk′tνk′)− (xjktβ + qijktνk)︸ ︷︷ ︸
cost of capacity constraint

. (39)

For resources with transmission constraints but no capacity constraints:

ϵ̃ijk′t = ϵijk′t − ϵi′jk′t. (40)

For resources with neither constraint binding:

ϵ̃i′jk′t = ϵi′jk′t. (41)

By substitution, each individual error ϵijkt can be recovered.
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A.3.5 Maximum Likelihood Estimation

Let Pt(·) denote a multivariate normal density with mean zero and variance-covariance matrix

Ω. The likelihood function is:

L =
T∏
t=1

Pt

(
Ṽ111t, . . . , ṼIJKt

)
. (42)

Maximizing this likelihood function yields estimates of β (the effect of observable cost

shifters) and νk (resource-type-specific marginal cost parameters), thereby recovering the

short-run cost structure.

B Long-run Model Computational Details

B.1 Algorithm Overview

This appendix details the computational methodology for estimating the long-run capacity

investment model. The estimation combines a nested fixed point algorithm for computing

equilibrium with generalized method of moments (GMM) estimation for parameter recovery.

The approach follows the dynamic game estimation methodology developed by Pakes and Er-

icson 1998 and utilizes algorithmic improvements from Gowrisankaran and Schmidt-Dengler

2024 to identify feasible choices and accelerate convergence.

The computational procedure consists of three main components: (i) state space dis-

cretization, (ii) equilibrium computation via nested fixed point iteration, and (iii) GMM

estimation using simulated moments. Each component is described in detail below.

B.2 State Space Discretization

The dynamic investment problem is solved over a discretized approximation to the continuous

state space. Discretization renders the Bellman equation computationally tractable while

preserving economically relevant variation in prices, quantities, and profits. The grid is

constructed to capture empirically observed ranges of capacity, demand, and prices, with

bounds chosen to exceed historical maxima to accommodate counterfactual investment paths.

B.2.1 State Variable Bins

The state space is discretized as shown in Table 9. Each state variable is discretized using

evenly spaced bins over a bounded interval informed by historical data and engineering

constraints.
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Table 9: State Space Discretization

State Variable Bins Range

Fixed cost (Fk) 20 [0, R̄k]
Entry cost (Ek) 20 [0, 10× R̄k]
Demand state 5 [0.75× L̄, 1.5× L̄]
Own capacity (Ojkg) 15 [0, 1.5× Ḡjg]
Rival capacity (O−

jkg) 10 [0, 1.5× L̄]

Average price (Pjkg) 10 [0, 1.1× P̄ ]

Notes: R̄k denotes maximum observed revenue per MW for resource type k; L̄ denotes the
historical maximum system load; Ḡjg denotes the maximum observed generation by owner g in
region j; and P̄ denotes the historical maximum average price.

Demand uncertainty is modeled using a multiplicative demand scaling factor applied to

historical load profiles. The five demand states span ±25% around baseline demand and are

intended to capture persistent variation in system conditions rather than transitory hourly

shocks.

Own capacity and rival capacity are discretized separately. Own capacity reflects firm-

specific investment decisions, while rival capacity aggregates the competitive fringe and other

strategic firms into a single state variable, consistent with an oblivious equilibrium approx-

imation. Capacity bounds exceed historical maxima to allow for endogenous entry and

expansion in counterfactual scenarios.

B.2.2 Short-Run Outcome Mapping

For each point in the discretized state space, the model computes short-run equilibrium

outcomes by solving a linear or quadratic dispatch problem subject to generator capacity

constraints, zonal load balance, and transmission limits (see Section D). The solution yields

locational marginal prices, dispatched quantities, production costs, and operating profits.

Outcomes are computed as weighted averages across representative operating conditions

(e.g., seasonal or load-duration blocks), producing a smooth mapping from state variables

to expected period profits. These expected profits are stored and treated as primitives in

the dynamic investment problem.

B.2.3 Investment Choice Set

The firm’s investment choice is restricted to a discrete set of ten capacity adjustment options.

These include incremental additions for expanding technologies and retirement options for

declining resources. Capacity is constrained to remain weakly non-negative, ruling out infea-
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sible states. This restriction substantially reduces the dimensionality of the choice set while

preserving the economically relevant margins of adjustment.

B.2.4 Approximation Accuracy and Computational Feasibility

The number of bins for each state variable reflects a tradeoff between approximation accuracy

and computational feasibility. Finer grids are used for own capacity and cost states, which

directly affect firm profits, while coarser grids are used for rival capacity and prices. Sen-

sitivity checks using alternative grid densities yield similar qualitative investment patterns,

indicating that results are not driven by discretization artifacts.

The full state space is evaluated using batched computation with intermediate check-

pointing, enabling parallel execution and recovery from job interruption. This approach

allows the model to evaluate tens of thousands of state points per resource type while main-

taining feasible memory and runtime requirements. A schematic overview of the dataset

construction is provided in Figure 4.

B.3 Equilibrium Computation

This section describes the numerical procedure used to compute equilibrium investment

behavior in the dynamic oligopoly model. The equilibrium is solved using a nested fixed

point algorithm, combining backward induction over time with an outer loop over firms’

beliefs about rival behavior.

B.3.1 Nested Fixed Point Procedure

The equilibrium is computed through a nested fixed point procedure. The outer loop iterates

on beliefs over rival investment behavior until beliefs are consistent with optimal policies,

while the inner loop solves each firm’s dynamic programming problem conditional on these

beliefs.

This approach follows the standard structure of dynamic oligopoly models with forward-

looking firms and strategic interactions, and is computationally necessary given the high-

dimensional state space.

Algorithm (Outer Loop):

1. Initialize beliefs: Each generation company initializes beliefs over the probability dis-

tribution of rival investment actions. Beliefs are defined over aggregate rival capacity

changes rather than individual firm actions, consistent with the equilibrium concept

described below.
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2. Value function iteration: Conditional on these beliefs, each firm solves its dynamic op-

timization problem via backward induction. This inner loop yields optimal investment

policies and associated value functions for all states.

3. Update beliefs: Beliefs are updated using the implied distribution of investment actions

generated by firms’ optimal policies.

4. Check convergence: The procedure iterates until the maximum deviation between suc-

cessive policy functions satisfies

max |σ(n+1) − σ(n)| < ϵ.

If convergence is not achieved, the algorithm returns to Step 2.

Convergence is assessed jointly over value functions and policy functions to ensure sta-

bility of both expected payoffs and equilibrium behavior.

B.3.2 Equilibrium Concept

Rather than solving for a full Markov Perfect Equilibrium (MPE), I employ an oblivious

equilibrium concept. Under this approach, firms condition their decisions on their own state

variables and a low-dimensional summary of competitors’ states, namely the distribution of

aggregate rival competitive capacity.

Firms do not track the full joint distribution of rival capacities across individual com-

petitors. Instead, beliefs must be correct with respect to the evolution of total rival capacity.

This substantially reduces the dimensionality of the state space while preserving the key

strategic channel through which rivals’ investment decisions affect prices and profits.

This approximation is particularly well suited to electricity markets, where individual

generators are small relative to the market but investment decisions influence prices through

aggregate capacity.

B.3.3 Value Function Solution

In the final period T , firms solve a stationary problem with no further investment opportu-

nities. The value function is given by:

υjgT (Ω) = max
∆Ojkg

{
Πjg(Ω) +

∑
k

εjkg(∆Ojkg) +
1

1− β
Π′

jg(Ω
′)

}
(43)
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subject to the law of motion for capacity:

O′
jkg = Ojkg +∆Ojkg ∀k (44)

The state vector Ω includes firm-specific capacity holdings, demand conditions, and cost

states. The term εjkg represents an idiosyncratic choice shock that smooths the policy

function and ensures well-defined choice probabilities in the numerical implementation. The

final period is treated as stationary with no further capacity investments, so firms receive

the discounted perpetuity of steady-state profits.

The final period is treated as stationary: after period T , firms receive the discounted

perpetuity of steady-state profits conditional on post-investment capacity levels.

Period profits are defined as:

Πjg =
∑
k

[
Djkg(djkg, Ojkg, O

−
jkg)Pjkg − Cjkg(djkg, Ojkg, O

−
jkg)Djkg(djkg, Ojkg, O

−
jkg)

− FkOjkg − Ek max(∆Ojkg, 0)
] (45)

where Djkg is dispatch, Pjkg is price, Cjkg is variable cost, Fk is per-period fixed cost, and

Ek is entry cost for new capacity.

Prices, dispatch, and variable costs are outcomes of a short-run operations model that

clears the electricity market given total installed capacity and demand conditions. Fixed

costs are incurred on all installed capacity, while entry costs apply only to new investment.

B.3.4 First-Order Conditions

Ignoring the non-differentiable choice shock term, the first-order condition with respect to

∆Ojkg is:
∂υjgT
∂∆Ojkg

=
∂Πjkg

∂∆Ojkg

+
1

1− β

∂Π′
jkg

∂∆Ojkg

= 0. (46)

For capacity reductions, max(∆Ojkg, 0) = 0, yielding:

∂
[
D′

jkgP
′
jkg − C ′

jkgD
′
jkg

]
∂∆Ojkg

= Fk. (47)

For capacity expansions, max(∆Ojkg, 0) = ∆Ojkg:

Ek +
β

1− β
Fk =

β

1− β

∂
[
D′

jkgP
′
jkg − C ′

jkgD
′
jkg

]
∂∆Ojkg

. (48)
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The derivatives of dispatch, prices, and costs with respect to capacity are well defined

because the short-run operations problem is a linear program. Sensitivity of equilibrium out-

comes to capacity constraints can therefore be computed using standard LP dual variables.

B.3.5 Handling Multiple Equilibria

The dynamic investment game may admit multiple equilibria. I impose a sequential move

structure within each period, where firms move in descending order of installed capacity. The

largest incumbent firm chooses its investment first, followed sequentially by smaller firms.

This equilibrium selection rule both reduces multiplicity and reflects empirical patterns

in electricity markets, where large incumbents typically lead capacity expansion decisions.

B.3.6 Backward Induction

For periods t < T , the model is solved via backward induction. Relative to the terminal

period, two features differ:

1. Firms account for expectations over future profit streams conditional on stochastic

evolution of demand and cost states.

2. Capacity adjustment costs enter through the parameter ψ1k, affecting average fixed

costs and smoothing intertemporal investment behavior.

Expected continuation values are computed by integrating over discretized transition

kernels for exogenous state variables and deterministic capacity evolution.

B.4 GMM Estimation

B.4.1 Parameter Space

The long-run model contains 32 parameters to estimate. For each of the four resource types

k ∈ {natural gas, coal, solar, wind}, the parameters include:

• Fixed cost process: initial value (F 0
k ), autoregressive coefficient (ρFk ), innovation

standard deviation (σF
k ), and integrated component coefficient

• Entry cost process: initial value (E0
k), autoregressive coefficient (ρEk ), innovation

standard deviation (σE
k ), and integrated component coefficient
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B.4.2 Moment Conditions

The estimation uses 36 moment conditions to identify the 32 parameters, yielding an overi-

dentified model. Following Gowrisankaran, Langer, and Reguant 2024, the moment condi-

tions are constructed to capture key features of the investment distribution.

For natural gas, solar, and wind resources:

• 1(∆Ojkg > 0)×∆Ojkg — positive investment indicator interacted with quantity

• (∆Ojkg)
2 — total quantity squared

• 1(∆Ojkg > 500) — indicator for large investments (over 500 MW)

• Interactions of the above with total capacity
∑

j Ojkg

• Var(∆Ojkg) — investment variance

• |min(∆Ojkg, 0)| — quantity of capacity retired

For coal resources:

The moment conditions focus on retirement behavior rather than new investment, re-

flecting the empirical pattern of declining coal capacity. One investment-related moment is

included to capture any residual new construction.

B.4.3 Estimation Procedure

The GMM estimator minimizes the weighted distance between simulated moments from the

model and their empirical counterparts:

θ̂ = argmin
θ

[
m(θ)−mdata

]′
W
[
m(θ)−mdata

]
(49)

where m(θ) is the vector of simulated moments, mdata is the vector of data moments, and

W is the weighting matrix.

The estimation proceeds in two stages:

1. First stage: Estimate parameters using an identity weighting matrix W = I to obtain

consistent (but inefficient) estimates θ̂(1).

2. Second stage: Re-estimate using the optimal weighting matrix W ∗ = Σ̂−1, where Σ̂

is the variance-covariance matrix of the moment conditions computed from first-stage

residuals.
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Standard errors are computed using the standard GMM sandwich formula:

Var(θ̂) =
1

n
(G′WG)

−1
G′WΣWG (G′WG)

−1
(50)

where G = ∂m(θ)/∂θ′ is the Jacobian of moments with respect to parameters.

B.4.4 Integration with Short-Run Model

The long-run investment model is estimated conditional on parameters from the short-run

operations model. The short-run model parameters including demand elasticities, cost func-

tion parameters, and market clearing conditions, are estimated first and held fixed during

long-run estimation. This sequential approach is computationally necessary given the nested

structure of the model, where long-run investment decisions depend on expectations of short-

run market outcomes.

The derivatives of dispatch, prices, and costs with respect to capacity changes are com-

puted from the short-run model. Since the short-run operations model consists of linear

programs, these derivatives are well-defined almost everywhere and can be computed effi-

ciently using sensitivity analysis of the LP solutions.

C Construction of Short-Term Electricity Market Data

This section documents the construction of the short-term electricity market dataset used

in the empirical analysis. The goal of this procedure is to produce an hourly, generator-level

dataset that links production, fuel costs, prices, weather conditions, and market outcomes

across U.S. wholesale electricity markets. The transmission grid and interzonal flow con-

straints are discussed separately in Appendix D.

Figure 4 provides a schematic overview of the full dataset construction pipeline.

C.1 Overview

The short-term dataset is constructed in four stages. First, raw ISO-specific fuel mix data

are combined with generator characteristics from EIA Forms 860 and 923 to recover hourly

generation at the generator level. Second, these ISO-level datasets are standardized and

merged into a unified panel. Third, generation is allocated to load-serving zones through

an economic dispatch procedure that accounts for interzonal transfers (described in Ap-

pendix D). Finally, the resulting data are augmented with weather conditions, fuel prices,

and time indicators to produce the final short-term estimation sample.
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The pipeline covers six major U.S. Independent System Operators (ISOs): ERCOT, ISO

New England, MISO, PJM, SPP, and NYISO.

C.2 Construction of Zonal Geographic Maps

A central requirement of the analysis is the ability to match generators to geographic areas

in a manner consistent with ISO market structure while preserving as much spatial detail

as possible. Because publicly available GIS shapefiles for ISO-defined market zones are

incomplete, inconsistent, or entirely unavailable, the construction of zonal maps required

substantial manual effort. I view this process as a significant contribution of the paper.

The guiding principle throughout was to aggregate only where necessary to permit con-

sistent geographic matching and econometric analysis, while keeping the data at the lowest

feasible spatial resolution. In all cases, zonal boundaries were explicitly restricted to lie within

ISO boundaries using GIS shapefiles defining Independent System Operator footprints. This

prevents generators, loads, or weather observations from being incorrectly assigned across

ISOs.

General Approach. The mapping procedure proceeds in three steps. First, ISO bound-

aries are imposed as a hard geographic constraint. Second, ISO-specific zones are mapped

to counties or county aggregates using a combination of published documentation, utility

maps, and GIS overlays. Third, generators are assigned to zones using EIA Form 860 iden-

tifiers where available, and county-level geographic matching otherwise. Hand-constructed

crosswalk tables are used to reconcile inconsistent geographic schemas across datasets.

Where counties do not align cleanly with ISO zones, counties are split proportionally

based on geographic overlap and engineering judgment, applied consistently across datasets.

ERCOT. For ERCOT, zones are based primarily on the system’s published weather zones,

which in most cases map cleanly to county boundaries. Where weather zones do not align

perfectly with counties, I split counties across zones using GIS overlays to preserve contiguity

and proportional area. Several ERCOT datasets rely on alternative geographic schemas

(e.g., hub- or region-based reporting); in these cases, I construct hand-built mapping tables

to reconcile these schemas with the zonal structure used in the analysis.

PJM. PJM required the most extensive manual mapping effort. PJM publishes a large

number of zones, many of which do not correspond cleanly to county boundaries. I manually

mapped each PJM zone to counties using a combination of PJM documentation, utility ser-

vice maps, and GIS inspection. In cases where counties span multiple PJM zones, judgment
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was applied to split counties as cleanly as possible while preserving geographic continu-

ity. Where appropriate for the analysis, zones were subsequently aggregated into regions to

support the distribution of generation data.

SPP. SPP zones were mapped using a similar procedure, combining transmission zone

definitions with county-level utility maps and GIS shapefiles. In several states, publicly

available utility maps with county labels were used to guide assignments. As with PJM,

counties were split only where necessary, and always within ISO boundaries.

NYISO. For NYISO, zones were mapped based on reliability assessment zones using a

zonal county map. These zones align relatively well with county boundaries, allowing for a

clean assignment in most cases.

MISO. MISO presents a comparatively clean case: all zonal boundaries correspond to

state-level regions. As a result, counties were assigned directly to MISO zones based on

state boundaries, eliminating the need for county splitting.

ISO New England. ISO New England zones are primarily defined at the state level, with

the notable exception of Massachusetts, which is divided into three wholesale zones. For

Massachusetts, I manually mapped counties to zones using GIS overlays and ISO documen-

tation, splitting counties where necessary to maintain geographic consistency.

Generator Assignment. Generators are assigned to zones using ISO labels from EIA

Form 860 wherever possible, which minimizes the risk of misassignment across ISOs. When

ISO labels are unavailable or insufficiently granular, generators are matched using county-

level geographic information derived from plant location data. This layered approach ensures

consistency between generator assignment, zonal geography, and ISO market structure.

Overall, this mapping procedure enables the construction of consistent zonal maps that

balance geographic precision with analytical tractability, forming the backbone of the spatial

analysis in the paper.

C.3 Generator-Level Generation by ISO

Each ISO publishes hourly generation by fuel type rather than by individual generator. To

recover generator-level output, I combine these fuel mix data with plant-level characteristics

and monthly generation shares from EIA Forms 860 and 923.
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For each ISO, hourly generation by fuel type is distributed across generators proportion-

ally to their monthly generation shares within that fuel category. Let g index generators,

k fuel types, t hours, and m(t) the month corresponding to hour t. Generator-level hourly

output is constructed as

qgt = sgkm(t) ·Qkt,

where Qkt is total ISO-level generation for fuel type k at time t, and sgkm is generator g’s

share of monthly generation within fuel type k.

This procedure is implemented separately for each ISO to accommodate differences in

reporting conventions, fuel classifications, and renewable aggregation (e.g., hub-level wind

and solar reporting in ERCOT and PJM). Special handling is applied where renewables are

reported at regional or zonal levels rather than by unit.

C.4 Capacity Constraints

To ensure physical feasibility, generator output is capped at nameplate capacity. In earlier

versions of the dataset, excess generation was redistributed across generators of the same

fuel type within the same ISO and hour. In the current implementation, generator output is

capped at nameplate capacity without redistribution, and a capacity-constrained indicator

is recorded. This approach avoids introducing artificial correlations across generators while

preserving information on binding capacity constraints.

C.5 Combining ISO-Level Datasets

After constructing generator-level output for each ISO, the datasets are combined into a

unified panel. Datetime formats, fuel categories, and variable definitions are standardized

across ISOs. Fuel types are consolidated into consistent categories (e.g., multiple coal types

mapped to a single coal category).

The combined dataset is merged with EPA emissions data where available. When ob-

served EPA generation data exist, these values override the constructed generation estimates

to improve measurement accuracy.

C.6 Allocation to Load and Short-Term Market Outcomes

Generator-level production is next allocated to load-serving zones using an economic dispatch

algorithm that determines how generation serves demand across zones and ISOs. This step

produces measures of exports, marginal resources, congestion indicators, and delivered prices.
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The details of this procedure, including transmission constraints and losses, are described in

Appendix D.

C.7 Augmentation with Weather, Fuel Prices, and Controls

In the final stage, the dataset is augmented with hourly weather variables matched to gen-

eration zones, including temperature and wind conditions. Daily fuel prices for natural gas

and coal are merged and interpolated to the hourly frequency.

Time indicators (hour, month, year), zone fixed effects, and interactions between fuel

indicators and prices are constructed to support econometric analysis. The resulting dataset

contains generator-level observations at the hourly frequency, with detailed information on

costs, constraints, market conditions, and environmental factors.

C.8 Final Output

The final output is an hourly generator-level panel suitable for short-term market analysis.

It forms the basis for the reduced-form and structural estimations in the main text.

D Transmission Capacity and Line Loss Estimation

D.1 Overview

This appendix describes the construction of the transmission network dataset used in the em-

pirical analysis, as well as the design of the counterfactual transmission scenarios. The goal

is to construct a consistent panel of interregional transmission capacity and losses that can

be incorporated into market equilibrium and dispatch models. The methodology combines

geographic transmission line data, engineering-based approximations of electrical proper-

ties, and historical transmission project information to reconstruct the evolution of the U.S.

transmission network over time.

D.2 Baseline Transmission Network Construction

D.2.1 Data Sources

The baseline transmission network integrates four primary data sources. First, a national

shapefile of high-voltage electric power transmission lines provides geographic geometry,

voltage class, and current type (AC or DC). Second, U.S. county boundary shapefiles are used

to geolocate transmission line endpoints. Third, a commercial transmission projects database
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provides information on historical and planned line additions and retirements, including in-

service dates, voltage levels, and construction type. Finally, Independent System Operator

(ISO) county-to-zone mapping tables are used to associate transmission line endpoints with

market pricing zones for ISONE, NYISO, PJM, MISO, SPP, and ERCOT.

D.2.2 Geographic Processing

Transmission line lengths are computed directly from shapefile geometries and converted into

physical distance units. For each line, start and end points are extracted from the geometry

using the first and last coordinates for LineString and MultiLineString objects. These

endpoints are spatially joined to county boundaries to identify the corresponding county,

state, latitude–longitude coordinates, and time zone.

Each endpoint is then mapped to an ISO pricing zone using a hierarchical merge proce-

dure. Counties not directly covered by predefined ISO mapping tables are assigned to the

ISO with the largest geographic overlap based on spatial intersection with ISO boundary

shapefiles.

D.2.3 Temporal Network Construction (2000–2024)

The transmission network is constructed as a balanced annual panel spanning the years

2000–2024. The reference year for the network is 2022, corresponding to the vintage of the

underlying shapefile. For years after 2022, new transmission lines are added based on project

commissioning dates. For earlier years, the historical network is reconstructed by removing

post-year additions and reinstating lines that were retired after the relevant year.

This procedure assumes that the reference shapefile is comprehensive and that the trans-

mission project database captures the universe of major additions and retirements. While

imperfect, this approach allows for a consistent reconstruction of interregional transmission

capacity over time.

D.3 Electrical Characterization of Transmission Lines

Each transmission line is assigned electrical parameters using standard power-systems engi-

neering approximations.

D.3.1 Resistance

Line resistance is computed as

R =
ρL

A
, (51)
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where ρ denotes conductor resistivity, L is line length, and A is the conductor cross-sectional

area. A uniform conductor type is assumed across lines.

D.3.2 Reactance and Impedance (AC Lines)

For overhead AC transmission lines, inductance per unit length is approximated as

L = 2× 10−7 ln

(
D

r

)
, (52)

where D is the distance between phase conductors and r is the conductor radius. Conduc-

tor spacing is interpolated based on voltage class using standard utility design practices.

Inductive reactance is then computed as

X = 2πfL, (53)

with frequency f = 60 Hz. The magnitude of total impedance is given by

Z =
√
R2 +X2. (54)

D.3.3 Flow Limits

For AC lines, maximum transferable power is approximated using a simplified surge-impedance-

loading expression:

Pmax
AC =

V 2

X
, (55)

where V denotes line voltage. For DC lines, thermal limits are used:

Pmax
DC = 2V Imax, (56)

assuming a bipole configuration.

D.3.4 Line Losses

Losses are calculated at maximum flow. For AC lines,

P loss
AC = 3I2R, I =

Pmax

√
3V

, (57)

while for DC lines,

P loss
DC = I2R. (58)
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D.4 Zone-Level Aggregation

Transmission lines are aggregated to the ISO zone-pair level by year. For each ordered pair

of zones (z, z′), the dataset reports total transfer capacity, total losses at maximum flow,

and the average loss rate as a fraction of transmitted power. These aggregates form the

transmission constraint inputs used in the market equilibrium analysis.

D.5 Counterfactual Transmission Scenarios

D.5.1 Targeted Capacity Modification Scenarios

The first set of counterfactuals examines the effects of selective changes to interzonal trans-

mission capacity. A “no-limits” scenario sets all interzonal flow limits to a sufficiently large

value, approximating a copper-plate network and providing an upper bound on the gains

from eliminating congestion. Additional scenarios impose targeted capacity restrictions on

specific corridors or introduce fixed-capacity expansions between selected zone pairs, with

losses scaled proportionally using observed average loss rates.

D.5.2 HVDC Upgrade Scenarios

A second set of counterfactuals examines the implications of upgrading portions of the AC

transmission network to High-Voltage Direct Current (HVDC). Scenarios range from 10%

to 100% conversion, with lines selected in descending order of length. Upon conversion,

AC reactance is eliminated, impedance collapses to resistance only, flow limits increase, and

losses are reduced. While converter station costs and operational control benefits are not

explicitly modeled, these scenarios provide a reduced-form characterization of how HVDC

adoption alters network capacity and efficiency.

D.6 Assumptions and Limitations

The transmission dataset relies on several simplifying assumptions. First, conductor prop-

erties are assumed to be uniform across lines. Second, thermal and stability limits are

approximated using simplified formulas rather than detailed engineering models. Third, ag-

gregation to ISO pricing zones abstracts from intra-zonal congestion. Fourth, flow limits

represent static steady-state constraints and do not capture N–1 reliability requirements.

Finally, HVDC scenarios exclude the capital costs of converter stations. These assumptions

are discussed when interpreting the empirical results.
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D.7 Summary

The methodology produces a consistent panel of interregional transmission capacity and

losses from 2000 to 2024, along with economically interpretable counterfactual scenarios.

These data allow the analysis to isolate the role of transmission constraints and technology

choice in shaping electricity market outcomes.

E Calculating the Cost of Line Additions

Estimating the cost of new transmission line additions is central to evaluating the welfare

implications of network expansion. Transmission investment costs vary substantially with

voltage class, conductor type, terrain, right-of-way acquisition, and regional labor markets,

making any single estimation approach subject to considerable uncertainty. To address

this, I employ four complementary methods: a hedonic regression using project-level data,

a bottom-up engineering cost model, a synthesis of estimates drawn from the literature

and announced projects, and an ensemble method that combines the preceding three. This

appendix details each approach.

E.1 Calculation Method 1: Hedonic Regression

The first method applies a hedonic pricing framework to estimate the cost of transmission

line additions as a function of observable project characteristics. Hedonic regression, origi-

nally developed in the context of housing markets as discussed in Tauchen and Witte 2001,

decomposes the price of a differentiated good into the implicit prices of its constituent at-

tributes. In this application, the “good” is a transmission line project and the attributes

include engineering specifications, geographic characteristics, and temporal factors.

E.1.1 Data

The primary data source is the S&P Capital IQ transmission line database, which contains

project-level records of transmission investments across the United States. Each record in-

cludes the estimated or reported project cost, voltage rating, line length, line type (overhead

versus underground, AC versus DC), energization date, and geographic information.

E.1.2 Specification

I estimate the following hedonic regression:
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ln(Costi) = α + β1X
eng
i + β2X

geo
i + β3X

constructed
i + γt + εi (59)

where Costi is the estimated cost of project i (in $2022 per mile, or total—specify), and the

regressors are organized into three groups:

Engineering characteristics (Xeng). These include voltage class (kV), line length (miles),

and line type indicators (overhead AC, overhead DC, underground AC, underground DC).

Geographic and regulatory characteristics (Xgeo).

Constructed features (Xconstructed). I construct several derived variables to capture

the economic function of each line. These include the thermal flow limit (MW), computed

from conductor ratings and voltage, and estimated resistive losses (MW-miles), derived from

conductor resistance and expected loading.

Time controls (γt). Year fixed effects or a time trend capture secular changes in con-

struction costs, commodity prices, and labor markets.

E.1.3 Estimation and Results

Equation (59) is estimated by OLS.

The hedonic regression provides a flexible, data-driven mapping from project charac-

teristics to cost. Its principal advantage is that it captures the joint influence of multiple

attributes as revealed by actual project expenditures. However, it is limited by the sam-

ple available in the Capital IQ database, which may not be representative of all potential

projects, and by the possibility of omitted variable bias if unobserved project features (e.g.,

permitting difficulty, terrain complexity beyond what is captured by controls) are correlated

with included regressors.

E.2 Calculation Method 2: Bottom-Up Estimation

The second method constructs a cost estimate from the bottom up by aggregating the costs

of individual components and inputs required to build a transmission line. This engineering-

economic approach provides a transparent, physically grounded estimate that does not rely

on regression assumptions.
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E.2.1 Cost Components

The total cost of a transmission line can be decomposed into several major categories:

Conductor and hardware. The cost of conductor wire (e.g., ACSR, ACSS, or HTLS

conductors), insulators, and associated hardware depends on the conductor type, number of

circuits, and bundling configuration.

Structures. Tower or pole costs vary with structure type (lattice steel, tubular steel, wood

H-frame), height, span length, and voltage class.

Right-of-way and land acquisition. Land costs depend on terrain, land use (agricul-

tural, urban, forested), and regional property values.

Labor and construction. Construction labor costs are a substantial share of total project

costs and vary by region, terrain difficulty, and prevailing wage requirements.

Permitting, engineering, and contingency. Soft costs including environmental review,

engineering design, project management, and contingency allowances.

E.2.2 Assembly

The total estimated cost per mile is computed as:

CBU = Cconductor + Cstructures + CROW + C labor + Csoft (60)

where each component is parameterized by voltage class, line type, and region.

The bottom-up method’s strength is its transparency and its ability to generate cost

estimates for hypothetical line configurations not observed in historical data. Its principal

limitation is that input cost estimates may themselves be uncertain, and interactions between

components (e.g., terrain affecting both structure and labor costs simultaneously) may not

be fully captured.

E.3 Calculation Method 3: Literature-Based and Announced Es-

timates

The third method draws on three categories of external estimates to benchmark and validate

the regression and bottom-up approaches.
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E.3.1 Academic and Technical Literature

Several studies have estimated transmission line costs in the context of grid expansion plan-

ning, renewable energy integration, and cost-benefit analysis.

E.3.2 Announced Project Costs

Utilities and transmission developers periodically announce cost estimates for planned or

completed projects in regulatory filings, investor presentations, and press releases.

E.3.3 Congressional Budget Office and Legislative Cost Estimates

The Congressional Budget Office (CBO) has produced cost estimates associated with transmission-

related provisions in proposed legislation.

E.3.4 Synthesis

The literature-based estimates provide an independent check on the data-driven methods.

Where estimates from Methods 1 and 2 fall within the range reported in the literature

and in announced projects, confidence in the primary estimates is strengthened. Where

discrepancies arise, they may point to omitted factors (e.g., permitting delays, opposition-

related cost escalation) or differences in project scope.

E.4 Calculation Method 4: Ensemble

The fourth method combines the estimates from Methods 1–3 into an ensemble estimate.

The motivation for an ensemble approach is standard: individual estimation methods are

subject to distinct sources of error, and a weighted combination can reduce overall estimation

variance provided the errors are not perfectly correlated.

E.4.1 Combination Procedure

Let Ĉ(m) denote the cost estimate from method m ∈ {1, 2, 3} and wm denote the weight

assigned to method m, with
∑

mwm = 1. The ensemble estimate is:

Ĉens =
3∑

m=1

wmĈ
(m) (61)
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E.4.2 Uncertainty Quantification

The ensemble approach provides the cost estimates used in the main analysis. By drawing on

data-driven estimation, engineering fundamentals, and external benchmarks, the ensemble

mitigates the weaknesses of any single method while preserving the strengths of each.

F Comparison of Estimates with Literature

G Robustness Checks

This appendix describes a series of robustness checks designed to assess the sensitivity of the

main results to key modeling assumptions, estimation choices, and counterfactual specifica-

tions. Each subsection describes the check, its motivation, implementation, and the expected

diagnostic output.

G.1 Reliability Diagnostics

The baseline model assumes that blackouts do not occur (Assumption 1 in Section 4.3.1).

While this assumption is necessary for the dispatch problem to have a well-defined solution,

it raises the question of whether transmission expansion makes the assumption more or

less plausible across counterfactual scenarios. I conduct three complementary reliability

diagnostics.

G.1.1 Capacity Shadow Price Analysis

The dispatch linear program produces shadow prices θjkt on the capacity constraints (Equa-

tion 4). These shadow prices represent the marginal value of an additional MW of capacity

for resource k at generation node j at time t. High values of θjkt indicate hours where the

system is near its capacity limits.

For each counterfactual scenario s, I compute the distribution of θ
(s)
jkt across all zone-hours

and report the mean, median, 95th percentile, 99th percentile, and the fraction of zone-hours

where θ
(s)
jkt exceeds a threshold θ̄. The threshold θ̄ is set equal to the 99th percentile of the

baseline distribution, so the diagnostic measures how frequently each counterfactual pushes

the system into the tail of baseline capacity stress.

Formally, define the reliability stress indicator for scenario s as:

R(s) =
1

|J | · |K| · |T |
∑
j,k,t

1
[
θ
(s)
jkt > θ̄

]
. (62)

73



This diagnostic requires no additional computation beyond what is already performed to

solve the dispatch problem.

G.1.2 Effective Reserve Margin

For each zone i and hour t under each counterfactual scenario, I compute the effective reserve

margin as:

ERM
(s)
it =

∑
j

∑
k min

(
OMAX

jkt , A
(s)
ij

)
(1−Bij)− Lit

Lit

, (63)

where A
(s)
ij is the transmission capacity in scenario s, OMAX

jkt is available generation capacity,

Bij is the line loss factor, and Lit is load. The effective reserve margin captures the fact that

transmission expansion increases available capacity at each node by enabling imports from

distant generators, even without new generation investment.

I report the distribution of ERM
(s)
it across zones and hours for each counterfactual, fo-

cusing on the lower tail. I also report the fraction of zone-hours where ERM
(s)
it falls below

standard planning reserve margins (typically 15%).

G.1.3 Monte Carlo Generator Outage Simulation

To directly assess how transmission expansion affects reliability under realistic contingencies,

I conduct a Monte Carlo exercise in which generators experience forced outages. For a

representative sample of high-stress hours, I randomly derate generator capacity according

to technology-specific forced outage rates from NERC’s Generating Availability Data System

(GADS). I choose these hours as hours in which the aggregate capacity shadow price exceeds

its 90th percentile.

Specifically, for each simulation draw d and each generator g, the available capacity is:

Õ
MAX,(d)
jkgt = OMAX

jkgt · 1
[
u
(d)
jkgt > FORk

]
, (64)

where u
(d)
jkgt ∼ Uniform(0, 1) is an independent draw and FORk is the forced outage rate for

resource type k. I then re-solve the dispatch problem with the derated capacities, checking

whether the problem remains feasible. If the problem is infeasible—meaning demand cannot

be met at some node—the hour is recorded as a loss-of-load event.

The loss-of-load probability (LOLP) for scenario s is estimated as:

L̂OLP
(s)

=
1

|T ∗| ·D
∑
t∈T ∗

D∑
d=1

1
[
dispatch infeasible under Õ

(d)
t in scenario s

]
, (65)

74



where T ∗ is the set of high-stress hours and D is the number of simulation draws per hour.

I use D = 500 draws and report LOLP estimates with bootstrapped confidence intervals.

Comparing L̂OLP
(s)

across counterfactual scenarios provides a direct measure of how

transmission expansion affects system reliability under contingency conditions, without re-

quiring modification to the model structure.

G.2 Alternative State Space Discretizations

The long-run model relies on discretization of the continuous state space as described in

Appendix Section B.2. If results are sensitive to the choice of grid density, this would

suggest that the discretization introduces artifacts into the counterfactual predictions.

I re-estimate the long-run model under two alternative discretization schemes. The first

uses a coarser grid with approximately half the number of bins for each state variable (Fk:

10 bins, Ek: 10 bins, demand: 3 bins, own capacity: 8 bins, rival capacity: 5 bins, price: 5

bins). The second uses a finer grid with approximately 50% more bins (Fk: 30 bins, Ek: 30

bins, demand: 8 bins, own capacity: 22 bins, rival capacity: 15 bins, price: 15 bins).

I report parameter estimates, simulated capacity paths, and key counterfactual out-

comes (average price change, renewable adoption by 2050, and welfare gains) under each

discretization and compare these to the baseline results. The check is passed if the qual-

itative conclusions are unchanged and the quantitative magnitudes are within 20% of the

baseline estimates.

G.3 Sensitivity to Transmission Capacity Measurement

The baseline transmission network is constructed using engineering approximations applied

to the HIFLD shapefile (Appendix D). Several assumptions in this construction may affect

the results: uniform conductor properties, simplified thermal and stability limits, and the

use of static steady-state flow limits that do not account for N−1 reliability requirements.

G.3.1 Scaled Transmission Capacity

To assess sensitivity to the overall level of estimated transmission capacity, I re-run the

dispatch model with all inter-zonal capacities Aij scaled by factors α ∈ {0.75, 0.9, 1.1, 1.25}.
These multiplicative adjustments capture the possibility that the engineering approximations

systematically over- or underestimate true transfer capability. I report how the distribution

of locational marginal prices, the frequency of binding transmission constraints, and the

welfare estimates from the HVDC upgrade counterfactual change under each scaling.
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G.3.2 Alternative Loss Specifications

I replace the baseline loss estimates with two alternatives: (i) uniform losses set to the load-

weighted average loss rate across all corridors, and (ii) losses calibrated to match aggregate

transmission and distribution losses reported in EIA’s Annual Energy Outlook. These alter-

natives test whether spatial heterogeneity in line losses is important for the price and welfare

results.

G.4 Market Power

The equivalence between the social planner’s problem and generators’ profit maximization

relies on the absence of market power (Section 4.3). Transmission constraints can create

local market power by limiting competition from distant generators. To assess the potential

impact of market power on the results, I implement two checks.

G.4.1 Pivotal Supplier Index

For each zone i and hour t, I compute the pivotal supplier index (PSI), which identifies

whether the removal of any single generation company g from zone j would cause demand

at node i to exceed remaining available supply (inclusive of imports):

PSIigt = 1

[
Lit >

∑
j

∑
k

∑
g′ ̸=g

min
(
OMAX

jkg′t , Aij

)
(1−Bij)

]
. (66)

I report the frequency with which generators are pivotal in the baseline and in each counter-

factual scenario. Transmission expansion should reduce the frequency of pivotal suppliers by

increasing the pool of generators that can serve each node. If the frequency of pivotal sup-

pliers is low in the baseline and decreasing in counterfactuals, this supports the maintained

assumption that market power does not materially affect the results.

G.4.2 Markup Bounding Exercise

Following Borenstein, Bushnell, and Wolak 2002, I compute residual demand elasticities

at the zone-hour level and use these to bound the Lerner index that a profit-maximizing

generator could charge. I compare actual locational marginal prices to the upper bound on

prices under monopolistic behavior. If the gap between competitive prices and the monopoly

bound is small relative to the price effects found in the counterfactuals, this provides evidence

that the competitive pricing assumption does not materially affect the welfare conclusions.
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G.5 Alternative Demand Specifications

The baseline model treats demand as perfectly inelastic and exogenous. Two aspects of this

assumption merit robustness investigation.

G.5.1 Price-Responsive Demand

I introduce a small price elasticity of demand into the dispatch model by replacing the fixed

load Lit with a linear demand function:

Lit(LMPit) = L0
it − η · LMPit, (67)

where L0
it is the baseline load and η is calibrated to match short-run demand elasticity

estimates from the literature. I use η values corresponding to elasticities of −0.05 and −0.10

evaluated at mean price and load, consistent with estimates from Ito and Reguant 2016 and

Jessoe and Rapson 2014.

Introducing price-responsive demand modifies the dispatch problem from a linear pro-

gram to a quadratic program, but the problem remains convex and computationally tractable.

The key question is whether price-responsive demand amplifies or dampens the welfare ef-

fects of transmission expansion. Because transmission expansion reduces prices in high-cost

regions (where demand response would increase consumption) and raises prices in low-cost

regions (where demand response would reduce consumption), the net effect on welfare de-

pends on the relative magnitudes of these adjustments.

G.5.2 Load Growth Sensitivity

The long-run counterfactuals use load projections from EIA’s Annual Energy Outlook. These

projections may understate future load growth if electrification of transportation and heat-

ing proceeds faster than anticipated, or overstate growth if energy efficiency improvements

exceed expectations. I re-run the long-run counterfactuals under alternative load trajectories

corresponding to the AEO’s high and low economic growth scenarios. This tests whether the

complementarity finding between IRA and BIL is robust to uncertainty in demand growth.

G.6 Alternative Equilibrium Concepts

The long-run model uses an oblivious equilibrium concept in which firms condition invest-

ment decisions on their own state and aggregate rival capacity rather than the full joint

distribution of competitor states as described in Appendix Section B.3.2. While this approx-
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imation substantially reduces computational burden, it may miss strategic interactions that

matter for investment dynamics.

I implement two checks. First, I increase the dimensionality of the rival capacity state

by splitting it into “same-fuel rival capacity” and “other-fuel rival capacity,” allowing firms

to condition investment on the composition of competitive supply. This tests whether the

aggregation of rivals into a single state variable obscures economically important variation.

Second, I compare the oblivious equilibrium investment paths to those generated by a

myopic model in which firms treat current prices and costs as permanent when making in-

vestment decisions (i.e., β = 0 in the value function). If the qualitative results are similar

under myopic and forward-looking behavior, this suggests that the specific equilibrium con-

cept is not the primary driver of the counterfactual results. If the results differ substantially,

this identifies the role of strategic forward-looking behavior in shaping investment responses

to transmission expansion.

G.7 Sequential vs. Joint Estimation

The baseline estimation proceeds sequentially: short-run parameters are estimated first and

held fixed during long-run estimation (Appendix B.4.4). This approach is computationally

necessary but may introduce bias if estimation error in the short-run parameters affects the

long-run estimates non-linearly.

To assess the magnitude of this concern, I construct bootstrap confidence intervals that

account for first-stage estimation uncertainty. Specifically, I draw from the estimated asymp-

totic distribution of the short-run parameters, re-compute the short-run profit mapping for

each draw, and re-estimate the long-run model conditional on the perturbed short-run in-

puts. I report the resulting distribution of long-run parameter estimates and counterfactual

welfare effects. If the bootstrap confidence intervals are substantially wider than those com-

puted from second-stage GMM standard errors alone, this would indicate that first-stage

uncertainty is quantitatively important.

G.8 Sensitivity of Counterfactual Policy Parameters

The policy counterfactuals in Section 7.3 require assumptions about the magnitude of IRA

tax credits, the timing of BIL transmission expansions, and the corridor-level allocation of

new capacity under the BIG WIRES Act. I assess sensitivity to each of these inputs.
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G.8.1 IRA Credit Magnitude

The baseline implementation sets the investment tax credit reduction τ IRA
k based on the

statutory credit values. I re-run the IRA counterfactual with τ IRA
k scaled by factors of 0.5

and 1.5, corresponding to scenarios where effective credits are lower (due to qualification

barriers, domestic content requirements, or phase-outs) or higher (due to bonus credits for

energy communities or low-income areas) than the statutory values.

G.8.2 BIL Expansion Magnitude and Allocation

For the BIL counterfactual, I compare the corridor-specific specification (where ∆ABIL
ij is

assigned to individual lines based on announced projects) with the system-wide proportional

expansion (∆ABIL
ij = α ·Abaseline

ij ) under alternative values of α ∈ {0.05, 0.10, 0.15, 0.20}. This
tests whether the welfare and investment results are driven by the specific corridors receiving

capacity additions or by the overall increase in system transfer capability.

G.8.3 Ramp Function Sensitivity

Policy wedges are phased in using a ramp function ρ(t; t0, R) with baseline ramp period

R = 1 year. I test R ∈ {0, 2, 5} years to assess whether the speed of policy implementa-

tion affects the long-run equilibrium. Instantaneous implementation (R = 0) provides an

upper bound on short-run disruption, while slower phase-in periods test whether gradual

adjustment changes the investment dynamics.

G.9 Exclusion of Individual ISOs

To verify that the results are not driven by the idiosyncratic characteristics of any single

ISO, I re-estimate the short-run model excluding each ISO in turn and report the resulting

parameter estimates and counterfactual price effects. ISOs differ substantially in resource

mix, congestion patterns, and market size as shown in Table 2, so parameter stability across

these leave-one-out samples would provide evidence that the estimates reflect general features

of the dispatch technology rather than market-specific artifacts.

For the long-run model, full re-estimation excluding individual ISOs is computationally

intensive. Instead, I compute the counterfactual welfare effects and renewable adoption paths

excluding each ISO’s zones from the simulation while holding parameters fixed. This tests

whether the aggregate results are driven disproportionately by investment dynamics in any

single market.
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G.10 Temporal Stability of Short-Run Estimates

The short-run model is estimated on data from 2018–2023, a period that includes both the

COVID-19 pandemic (which substantially depressed electricity demand in 2020) and the

natural gas price spike associated with the 2022 energy crisis. To test whether these events

distort the parameter estimates, I re-estimate the short-run model on two subsamples: 2018–

2019 (pre-pandemic) and 2021–2023 (post-pandemic). Parameter stability across subsamples

would support the maintained assumption that the dispatch technology is time-invariant,

while instability would suggest that structural breaks in fuel markets or demand patterns

affect the estimates.

I also estimate the model on rolling two-year windows (2018–2019, 2019–2020, 2020–2021,

2021–2022, 2022–2023) and plot the evolution of key parameters over time. Persistent trends

in the fuel cost parameters would indicate time-varying marginal costs not captured by the

included fuel price covariates.

G.11 Summary of Robustness Architecture

Table 10 provides an overview of all robustness checks, the assumption being tested, and the

primary diagnostic output.
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Table 10: Summary of Robustness Checks

Check Assumption Tested Diagnostic Output

Capacity shadow prices No blackouts Distribution of θjkt across
scenarios

Effective reserve margin No blackouts Fraction of zone-hours be-
low 15% reserve

Monte Carlo outages No blackouts LOLP estimates with con-
fidence intervals

Alternative discretizations State space grid density Parameter and counterfac-
tual sensitivity

Scaled transmission capac-
ity

Transmission measure-
ment

Price distribution, welfare
sensitivity

Alternative losses Loss heterogeneity Price and welfare effects
Pivotal supplier index No market power Frequency of pivotal gener-

ators
Markup bounding No market power Gap between competitive

and monopoly prices
Price-responsive demand Inelastic demand Welfare amplification or

dampening
Load growth sensitivity AEO projections Robustness of complemen-

tarity finding
Rival capacity decomposi-
tion

Oblivious equilibrium Investment path sensitivity

Myopic vs. forward-looking Dynamic behavior Role of expectations in in-
vestment

Bootstrap first-stage Sequential estimation Confidence interval com-
parison

IRA credit scaling Statutory credit values Welfare and investment
sensitivity

BIL allocation Corridor-specific vs. pro-
portional

Welfare decomposition

Ramp function Phase-in speed Long-run equilibrium sen-
sitivity

Leave-one-out ISOs No single-ISO dependence Parameter and welfare sta-
bility

Temporal subsamples Time-invariant technology Parameter evolution over
time

81


	Introduction
	Literature Review
	Setting and Data
	Setting
	Dataset Creation
	Descriptive Statistics

	Model
	Preliminaries
	Network Topology and Aggregation
	Short-run Operations Model
	Dispatch and Pricing

	Econometric Specification
	Resource Dynamics in the Short-Run

	Long-run Model

	Estimation Strategy
	Identification
	Short-run Estimation
	Long-run Estimation

	Results
	Short-run Model Estimates
	Long-run Model Estimates
	Robustness Checks

	Counterfactuals
	Transmission Infrastructure Upgrades
	New Long-Distance Transmission
	Removal of All Transmission Constraints
	Grain Belt Express
	ERCOT-Eastern Interconnection Connection

	Federal Legislation
	Big Wires Act
	Inflation Reduction Act
	Bipartisan Infrastructure Law
	Combined Policy Effects

	Welfare Decomposition

	Conclusion
	Tables
	Figures
	Solving the Operations Model
	The ISO Dispatch Problem
	Notation
	The Optimization Problem

	First-Order Conditions
	Optimality Conditions
	Intratemporal Euler Conditions

	Cost Function Specification and Likelihood
	Cost Function
	Identifying the Central Resource
	Solving for Shadow Prices
	Constructing the Likelihood Function
	Maximum Likelihood Estimation


	Long-run Model Computational Details
	Appendix B: Long-run Model Computational Details
	Algorithm Overview
	State Space Discretization
	State Variable Bins
	Short-Run Outcome Mapping
	Investment Choice Set
	Approximation Accuracy and Computational Feasibility

	Equilibrium Computation
	Nested Fixed Point Procedure
	Equilibrium Concept
	Value Function Solution
	First-Order Conditions
	Handling Multiple Equilibria
	Backward Induction

	GMM Estimation
	Parameter Space
	Moment Conditions
	Estimation Procedure
	Integration with Short-Run Model


	Construction of Short-Term Electricity Market Data
	Overview
	Construction of Zonal Geographic Maps
	Generator-Level Generation by ISO
	Capacity Constraints
	Combining ISO-Level Datasets
	Allocation to Load and Short-Term Market Outcomes
	Augmentation with Weather, Fuel Prices, and Controls
	Final Output

	Transmission Capacity and Line Loss Estimation
	Appendix C: Transmission Capacity and Line Loss Estimation
	Overview
	Baseline Transmission Network Construction
	Data Sources
	Geographic Processing
	Temporal Network Construction (2000–2024)

	Electrical Characterization of Transmission Lines
	Resistance
	Reactance and Impedance (AC Lines)
	Flow Limits
	Line Losses

	Zone-Level Aggregation
	Counterfactual Transmission Scenarios
	Targeted Capacity Modification Scenarios
	HVDC Upgrade Scenarios

	Assumptions and Limitations
	Summary

	Calculating the Cost of Line Additions
	Appendix E: Calculating the Cost of Line Additions
	Calculation Method 1: Hedonic Regression
	Data
	Specification
	Estimation and Results

	Calculation Method 2: Bottom-Up Estimation
	Cost Components
	Assembly

	Calculation Method 3: Literature-Based and Announced Estimates
	Academic and Technical Literature
	Announced Project Costs
	Congressional Budget Office and Legislative Cost Estimates
	Synthesis

	Calculation Method 4: Ensemble
	Combination Procedure
	Uncertainty Quantification


	Comparison of Estimates with Literature
	Robustness Checks
	Reliability Diagnostics
	Capacity Shadow Price Analysis
	Effective Reserve Margin
	Monte Carlo Generator Outage Simulation

	Alternative State Space Discretizations
	Sensitivity to Transmission Capacity Measurement
	Scaled Transmission Capacity
	Alternative Loss Specifications

	Market Power
	Pivotal Supplier Index
	Markup Bounding Exercise

	Alternative Demand Specifications
	Price-Responsive Demand
	Load Growth Sensitivity

	Alternative Equilibrium Concepts
	Sequential vs. Joint Estimation
	Sensitivity of Counterfactual Policy Parameters
	IRA Credit Magnitude
	BIL Expansion Magnitude and Allocation
	Ramp Function Sensitivity

	Exclusion of Individual ISOs
	Temporal Stability of Short-Run Estimates
	Summary of Robustness Architecture





