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Spatial price integration is extensively studied in commodity markets as a means of examining the degree

of integration between regions of a geographically diverse market. In many markets, the market is bound

together by a well-defined transportation network, such as the network of pipelines in oil and gas markets.

In this paper, we analyze the relationship between price integration, i.e. the distribution of prices across

geographically distinct locations in the market, and the features of the underlying transportation network.

We characterize this relationship and show that price integration is strongly influenced by the parameters

of the transportation network, especially when there capacity constraints on certain links in the network.

Our results are summarized using a price decomposition which explicitly isolates the influences of market

forces (supply and demand), transportation costs and capacity constraints among a set of prices. Using this

price decomposition, we develop a novel methodology to capture spatio-temporal price variations indicative

underlying network bottlenecks using pricing data alone. Applying the methodology to gasoline prices in the

southeastern US, we find the methodology effectively characterizes the effects of well-documented network

disruptions, and also provides evidence of capacity-driven price disruptions during normal operations.

Key words : market integration; spatial price equilibrium; transportation constraints; congestion; energy

economics; commodity markets

1. Introduction

Spatial price integration, defined as the co-movement of prices in a market with geographically

separated market participants, is studied extensively in commodity markets. Prices from spatially

separated locations that move together are taken as evidence of strong market integration, suggest-

ing that the underlying market is competitive and sufficiently well connected for price differences to
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be quickly arbitraged away. On the other hand, prices that are not strongly integrated may suggest

the existence of frictions such as market power or transportation bottlenecks. Given the relative

ease of acquiring pricing data over large geographies, measures of price integration are attractive

proxies for market efficiency in large scale studies.

A range of time series econometric methods are typically employed to study price integration in

commodity markets; see Dukhanina and Massol (2018) for a review of methods. These methods

are not only used to analyze commodity markets. They are also standard tools for the analysis of

financial and economic time series data. In the commodity market literature, where it is assumed

prices reflect market efficiency and potential frictions, the results of these price-based methods are

often used as a proxy for measuring market efficiency. For example, lack of co-integration in prices

between pairs of locations has been taken as an indication of transportation bottlenecks (Marmer

et al. 2007).

However, a growing number of studies suggest that caution should be taken when using these

price-based empirical methods to study market efficiency. In particular, when market participants

are connected by well-defined but costly transportation, the assumptions underlying these time

series methods may not be consistent with the spatial equilibrium conditions governing the struc-

tural model of the market (McNew and Fackler 1997, Fackler and Tastan 2008, Dukhanina and

Massol 2018). The most notable example for illustrating this inconsistency is the idea of a neutral

band between prices at two locations that have costly bidirectional transportation (e.g., Goodwin

and Piggott 2001). Large price changes can occur within a neutral-band defined by the transporta-

tion costs without an error-correction (i.e., arbitrage) mechanism, even when the market is efficient.

Using a simple three-location model, McNew and Fackler (1997) showed that co-integration of

prices is neither necessary nor sufficient for the identification of unexploited arbitrage opportunities

or bottlenecks when there is a well-defined transportation network underlying the market. This

example illustrates that there can be a disconnect between the study of price integration and the

structural equilibrium conditions governing a market.

In this paper, we aim to provide a deeper understanding of spatial price integration in markets

with well-defined transportation networks. Our work is particularly relevant for energy markets,

where locations typically trade through stable transportation networks such as the network of

fossil-fuel pipelines. In this setting, we establish a fundamental connection between structural

characteristics of a market and price integration, which we use to derive principled methods for

market analysis.

We model the market as a network with nodes representing market participants and directed

links representing the transportation network. We study price formation using a spatial price equi-

librium model (SPE) which we use to characterize the relationship between prices and market
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structure. The results extend the neutral band concept, previously examined only for directly con-

nected market locations, to uncapacitated networks where nodes may be connected only indirectly

through a series of links. We then focus on price integration in the presence of capacitated links. In

many countries where energy markets have undergone significant deregulatory changes, bottlenecks

generated by limited capacity in the transportation network are arguably the only prevalent source

of major market inefficiencies (Oliver et al. 2014). For example, there is evidence that capacity con-

straints in the fossil-fuel pipelines lead to substantial regional price variation during both normal

market operations (Oliver et al. 2014) and capacity disruptions (ICF 2016). We study how price

shocks generated from structural bottlenecks are distributed over the market. We then leverage the

results of the SPE model to generate a principled and scalable empirical methodology to identify

these shocks in market data. Our methodology uses spatial pricing data to identify time periods

and locations with temporarily inflated prices indicative of capacity constraints in the transporta-

tion network. Finally, we demonstrate through a numerical case study using pricing data alone that

our methodology accurately identifies spatiotemporal variations consistent with well-documented

disruptions in the Southeastern U.S. gasoline market. For the remainder of the paper, we use the

term market structure to refer to the transportation network, which is defined by the network

structure (nodes and links), transportation costs on the links, and link capacities.

Our specific contributions and their organization within the paper are as follows:

1. We provide a novel characterization of the relationship between market structure and price

integration over a richly defined logistical network. Our results are derived with unspecified

demand and supply functions allowing us to isolate the effect that different components of the

market structure have on bounding price differences within the market.

(a) Uncapacitated and costless transportation (Section 4.1): We define structural integration

which is a structural property of the network that is a necessary and sufficient condition

for the law of one price to hold over the nodes.

(b) Uncapacitated but costly transportation (Section 4.2): We define the network neutral

band which bounds the distribution of prices over the market and is entirely characterized

by the parameters of the network and is independent of the market participants. This

result extends the pairwise neutral band concept to pairs of nodes which are not directly

adjacent.

(c) Capacitated and costly transportation (Section 4.3): We characterize how nodal prices

incorporate congestion surcharges throughout the network. In particular we relate these

surcharges to the shadow price of capacity constraints in the underlying efficient allocation

problem.
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2. The above insights facilitate a decomposition of the nodal prices which we use to develop a

methodology termed the surcharge estimation method (SEM). The SEM is a tractable and

interpretable methodology for capturing market characteristics and spatiotemporal variations

in spatial time series pricing data that are indicative of bottleneck constraints in the underlying

market (Section 5).

3. We present a numerical case study of the Southeastern U.S. gasoline market, where we show

that our methodology can accurately identify spatiotemporal variations in prices that are

consistent with well-documented disruptions (Section 6). The results enable us to provide

quantitative estimates for the cost of the disruption to consumers, and evaluate how alternative

modes of transportation can mitigate large price shocks in the presence of network bottlenecks.

The main results in the paper are presented under the assumption that the underlying network

structure is unchanged over a given time horizon and our findings and results are relevant for any

competitive market with a fixed logistical network. The analysis lends itself particularly well to

energy markets where the market structure (e.g., the network of pipelines) is generally fixed in the

short-term. All proofs are placed in the Appendix.

2. Literature Review

The analytical results and empirical methods we develop in this paper are built on spatial price

equilibrium (SPE) models. We begin this section by discussing both general purpose SPE models

and their applications to energy markets. We then contrast our approach with current econometric

methods and their applications in energy markets.

2.1. Equilibrium Models

There exist many different economic models for markets with spatially separated participants,

each delineating the equilibrium outcomes given different assumptions about market conditions; a

review of some fundamental spatial models is provided by Harker (1986). We focus on spatial price

equilibrium (SPE) models which were introduced in the seminal papers of Samuelson (1952) and

Takayama and Judge (1964). SPE models assume a competitive market built over a logistical net-

work where participants are sited at nodes and transportation routes are defined by links between

nodes. The equilibrium conditions (i.e., the SPE model) are characterized by the Karush-Kuhn-

Tucker (KKT) optimality conditions of the welfare maximizing allocation (optimization) problem,

which we refer to as the market model. A defining characteristic of SPE models is the no-arbitrage

condition that the price at a first location cannot exceed the price at another location by more

than the cost of transportation to that location.
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SPE models have been used extensively for modeling and analysis in energy markets, such as

coal (Haftendorn and Holz 2010, Harker and Friesz 1985), natural gas (Gabriel et al. 2000), crude

oil (Bennett and Yuan 2017), and petroleum (Mudrageda and Murphy 2008). The connection

between the market model and the equilibrium model facilitates the use of SPE market models for

counterfactual analysis. For example, Lochner (2011) and Dieckhöner et al. (2013) build market

models of the US and European natural gas markets, and use estimates of future demand and supply

functions to study the effects of bottleneck constraints if no capacity expansion is undertaken. We

will use the market model (i.e., the optimization problem) to simulate the equilibrium values in

the examples in this paper.

There is increasing focus on developing detailed market models that can accommodate other

factors such as pipeline pressure or transmission loss in pipeline networks (Gabriel et al. 2005a,b).

Although these context-specific models enable deeper counterfactual analysis, their specificity

requires more data to power and results in a less generalizable model. In contrast, we focus on

a SPE model because it is easily generalizable while still providing sufficient modeling power to

capture the salient relationships between prices and market structure.

The neutral band, defining a range of price differences where arbitrage is not possible, has been

discussed in equilibrium models where a pair of submarkets experience a transaction cost to trade.

The neutral band has been studied extensively in commodity markets where this transaction cost

is generally the result of transportation costs (Ejrnaes and Persson 2000, Goletti et al. 1995). In

other areas of economic and financial research, the neutral band may be related to other sources

of transaction costs (e.g. Frenkel and Levich 1975, 1977). To the best of our knowledge, the study

of the neutral band has been limited to pairwise settings where the pair of submarkets can trade

directly. However, when a market is connected by a more general transportation network as is

common in energy markets such as fossil fuel markets where regions are linked primarily by pipeline

networks, direct links do not exist between each pair of nodes. In this paper, we study the concept

of a neutral band in an SPE market model with a general transportation network.

2.2. Econometric Methods

While a wide variety of econometric time series methods have been applied to the study of price

integration in commodity markets, the most common method for assessing methods remain co-

integration tests. Co-integration tests, reviewed in Hendry and Juselius (2000) and Hendry and

Juselius (2001), test for the existence of a long-run linear relationship between a set of prices by

examining whether deviations from this long-run relationship are stationary. Cointegration tests

have been applied widely to analyze market integration in US gasoline and natural gas markets

(e.g. De Vany and Walls 1993, Paul et al. 2001, Brown and Yücel 2008, Holmes et al. 2013).
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Typically these methods are applied pairwise to assess integration between two regions in the

market footprint.

Several shortcomings of these methods have been pointed out in the literature. The most impor-

tant concern is that requirements for co-integrated prices may not be consistent with economic

equilibrium conditions even when the market has active arbitrageurs. For example, in a market

with a neutral band, large deviations can occur without an error-correction mechanism as long

as the deviations have not exceeded a transaction cost such as the cost of transportation (Park

et al. 2007). In this setting, the application of these tests can result in unreliable conclusions on

the efficiency of the market (McNew and Fackler 1997). In light of these concerns, and directly

addressing the setting with a neutral band, a series of papers have proposed threshold models

for market integration (e.g. Lo and Zivot 2001, Balke and Fomby 1997, Enders and Siklos 2001).

These threshold models allow for the existence of a band within which deviations from long-run

equilibrium may occur without error-correction. Co-integration is measured only when deviations

exceed the threshold. These models have become more popular, and have been applied in several

commodity markets (e.g. Goodwin and Piggott 2001, Park et al. 2007), limited again to pairwise

comparisons. Beyond pairwise analysis, these threshold models offer no definitive or interpretable

connection with a logistical network underlying the market.

The methods presented above use only pricing data which is generally more broadly available.

Many papers study market efficiency using additional market data such as transportation data.

For example, a series of papers (e.g. Barrett and Li 2002, Negassa and Myers 2007) propose regime

switching models (also frequently referred to as parity bound models) in which transportation data

for the commodity is used to estimate the frequency of being in regimes with unexploited arbitrage

opportunities (i.e., price differences exceed transportation cost). These models incorporate richer

models of the market than co-intergration methods by including modeling details such as capacity

constraints but require more detailed data. A recent example is given in Massol and Banal-Estañol

(2016), where a regime switching model is used to examine market power and measure the shadow

price of the capacity constraint between two locations at either ends of a natural gas pipeline.

However, building accurate models and collecting precise data is challenging and in practice proxies

of variables (such as flow values, capacity constraints, and transportation costs) are used, because

the actual data is unavailable or confidential. Major assumptions are made in the estimation of

these variables, and as many authors point out, imprecise estimates can lead to unreliable results.

These challenges have limited these studies to isolated settings, such as a pair of regions joined

by a single pipeline segment (Massol and Banal-Estañol 2016). Unsurprisingly, our theoretical

analysis shows that the structure of the logisitical network indeed affects regional pricing and we

provide insights into structural characteristics important for facilitating market integration. From
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an econometric perspective, we relate the congestion within the logisitical structure to particular

patterns in the pricing data and propose methods for isolating these components from readily

available pricing data.

3. Market Model and Equilibrium Conditions

In this section, we present a model of a competitive market with transportation capacity constraints

and review how the optimality conditions of the associated market allocation problem can be used

to determine market outcomes and equilibrium conditions on prices.

We begin by developing a model of a competitive market for a single commodity with spatially

separated market participants. Let the market be represented as a network with a set of nodes N

and a set of directed links E . Consumers are located at nodes S and producers are located at nodes

K, which together form a partition of N . Each consumer node may represent many independent,

individual consumers in close spatial proximity (e.g., individual car owners purchasing gas within

the same city); the same is true for producer nodes. Each consumer node s ∈ S obtains welfare

Ws(bs) when consuming bs units of the commodity, representing the aggregate welfare of individual

consumers comprising node s. Similarly, each producer node k ∈K bears a production cost Wk(bk)

for bk units of the commodity produced. We assume that the welfare function Ws(·) is strictly

concave, increasing, and differentiable, while the cost function Wk(·) is convex, increasing and

differentiable. The concavity and convexity assumptions are consistent with standard diminishing

marginal utility and diminishing return assumptions from the economics literature. Note that the

derivative of the welfare and cost functions, i.e., W ′
s(bs) and W ′

k(bk) are the inverse demand and

inverse supply functions at a node s and k, respectively; an increase in demand (supply) results

in an increase (decrease) in the welfare (cost) functions for a fixed value bs (bk). Finally, rather

than explicitly modeling storage facilities, we assume they are co-located with demand and supply

nodes and on a short-term basis behave similarly to other market participants in that they may

influence the aggregate production cost or welfare function at their node. For simplicity, we will

frequently refer to consumer nodes and producer nodes simply as consumers and producers.

Nodes are connected by a set of transportation links E . Links will be denoted by either e or

(i, j), depending on whether explicit reference to the incident nodes of the link are required. The

variable fij represents the flow of the commodity from node i to j on link (i, j)∈ E . We use I(i) =

{n ∈N | (n, i) ∈ E} to denote the set of incoming nodes to i. Similarly, O(i) = {n ∈N | (i, n) ∈ E}

is the set of outgoing nodes from i. The flow on each link is non-negative, bounded above by the

capacity of the link, uij, and has a non-negative, per-unit transportation cost of cij. We use P(i,j)

to denote the set of paths from node i to j, where each element of P(i,j) represents a sequence of

links, and pqij to denote the cost of a path q ∈ P(i,j), which is the sum of the costs on each link in
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q. For each pair of nodes (i, j), let P∗(i,j) describe the set of minimum-cost paths between k and s,

and p∗ij denote the cost of a minimum-cost path.

Finally, for a specific consumer s ∈ S, we let the set K(s) ⊆K denote the set of producer nodes

with a directed path to s. Using the above notation, the equilibrium of the associated competitive

market can be modeled using the following welfare-maximizing market allocation problem:

maximize
f ,b

∑
s∈S

Ws(bs)−
∑

(i,j)∈E

cijfij −
∑
k∈K

Wk(bk)

subject to − bs +
∑
i∈I(s)

fsi−
∑
j∈O(s)

fsj = 0, ∀s∈ S,

bk +
∑
i∈I(k)

fik−
∑
j∈O(k)

fkj = 0, ∀k ∈K,

0≤ fij ≤ uij, ∀(i, j)∈ E ,

bs ≥ 0, ∀s∈ S,

bk ≥ 0, ∀k ∈K.

(1)

The equilibrium market allocation in a competitive market maximizes the total social welfare,

which, as presented in model (1), is the total consumer welfare minus transportation and production

costs (Harker 1986). The first two sets of constraints are the standard flow-balance equations, where

consumers and producers withdraw and inject the commodity into the market, respectively. The

third constraint represents capacity constraints on flow. Given that Ws(·) and Wk(·) are respectively

strictly concave and convex functions, Formulation (1) is a bounded, convex optimization problem.

Equilibrium prices can be deduced from the optimality conditions of problem (1) which are shown

below:

λs =W ′
s(bs) +αs, ∀s∈ S, (2a)

λk =W ′
k(bk)−αk, ∀k ∈K, (2b)

λj −λi = cij −wij + νij, ∀(i, j)∈ E , (2c)

0≤wij ⊥ fij ≥ 0, ∀(i, j)∈ E , (2d)

0≤ νij ⊥ (uij − fij)≥ 0, ∀(i, j)∈ E , (2e)

0≤ αs ⊥ bs ≥ 0, ∀s∈ S, , (2f)

0≤ αk ⊥ bk ≥ 0, ∀k ∈K. (2g)

The non-negative variables λs and λk are the dual variables corresponding to the two sets of flow

balance constraints and represent the marginal cost of obtaining a unit of the commodity at the

respective nodes; these variables correspond to equilibrium prices at the nodes. The variables αs

and αk are dual variables of the lower bound constraints of bs and bk, respectively. The variables
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wij and νij are the dual variables corresponding to the lower and upper bound constraints on the

flow variables, respectively. Following Cremer et al. (2003), we refer to νij as the shadow price of

the capacity constraint on link (i, j). Equation (2c) establishes a connection between the prices at

two nodes connected by a single link. Summing this equation over a path q from node n1 to n2

that traverses links in a set Eq results in

λn2 −λn1 =
∑

(i,j)∈Eq

cij −
∑

(i,j)∈Eq

wij +
∑

(i,j)∈Eq

νij

= pqn1n2 −
∑

(i,j)∈Eq

wij + νqn1n2 , (3)

where νqn1n2 =
∑

(i,j)∈Eq νij denotes the sum of shadow prices along path q. Conditions (2d)-(2g)

represent the complementary conditions. For example, recall that the variables wij are non-negative

and represent the shadow price of the non-negativity flow constraint. When flow on link (i, j) is

positive in an optimal market allocation, the value of wij must be zero by complementary slackness.

Thus, Equation (3) can be represented as

λn2 −λn1 ≤ p
q
n1n2

+ νqn1n2 , ∀q ∈P(n1, n2) (4)

λn2 −λn1 = pqn1n2 + νqn1n2 , ∀q ∈P+(n1, n2). (5)

in the above equation, P+(n1, n2) represents the set of paths from n1 to n2 for which there exists

positive flow in the optimal market allocation. Equations (4) and (5) are fundamental no-arbitrage

results for competitive markets. The pair of equations state that the price at node n2 must be less

than or equal to the price at node n1 plus the marginal cost of transporting a unit from n1 to n2,

with equality holding when there is positive flow from n1 to n2.

While equations (4) and (5) hold in general, there exist prices that satisfy these conditions that

offer no meaningful insight into the relationship between nodal prices in the network. For example,

consider a “star network” with a single producer directly connected to each consumer at zero cost.

When consumers are not participating (i.e., bs = 0) in the market, their equilibrium prices can be

arbitrarily lower than the producer’s equilibrium price. To eliminate such edge cases, we assume

(without loss of generality) that all consumers participate in the market. Note that our focus going

forward is on prices at the consumer nodes because the empirical “reported” price of a commodity

typically refers to the price for end consumers (e.g., price of retail gasoline, price of residential

natural gas). Similarly, consumer prices are relevant for any economist or policy-maker interested

in consumer welfare. Thus, we only make an assumption on participation by the consumers.

Assumption 1. We assume that bs > 0 ∀s∈ S in the optimal market allocation.
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Another way to interpret this assumption is that for every consumer, the welfare gained from

the first infinitesimally small unit consumed exceeds the cost of producing and transporting that

unit. With this assumption, we can strengthen the equilibrium conditions (4) and (5).

Lemma 1. For every s∈ S, λs = min{λk + pqks + νqks | k ∈K(s), q ∈P(k,s)}.

Lemma 1 states that the equilibrium price at a participating consumer node must be equal to the

minimum marginal cost of production and transportation (including both explicit transportation

costs and the shadow prices along the path) over the set of producer nodes to which the consumer

is connected.

Corollary 1. For every s∈ S, λs = min{λk + p∗ks | k ∈K(s)} when fij <uij, ∀(i, j)∈ E.

When there is no congestion in the network, Lemma 1 can be further simplified as shown in

Corollary 1.

4. Price Integration in Networks

In this section, we study the relationship between equilibrium prices and the underlying transporta-

tion network. To isolate the effects of network topology, link costs, and capacity constraints on the

distribution of prices, we consider markets with increasingly rich transportation network models.

The exposition of this section is organized in this manner beginning with a study of markets with

uncapacitated and non-costly transportation. Sections 4.1-4.3 study individual market realizations

with arbitrary demand and supply functions. In Section 4.4 we consider the implications of these

results for the analysis of a time-series of market realizations when the transportation network is

stable.

4.1. Uncapacitated networks without transportation costs

In this section we consider a feature of market topology which we term structural integration. A

set of consumer nodes is structurally integrated if quite simply they each share precisely the same

set of producers. If all consumer nodes in the network are structurally integrated, then we refer

to the market as being structurally integrated. This is defined formally for a set of consumers as

follows:

Definition 1. A set SI ⊆S is structurally integrated if K(s) =K(r),∀s, r ∈ SI .

The main result in this subsection is that, in the absence of transportation frictions (i.e. cij = 0

and uij =∞), structural integration is a necessary and sufficient condition for the law of one price

to hold.

The law of one price refers to a market having a single price for a common commodity irrespective

of welfare and cost functions (Parsley and Wei 1996) and represents an extreme level of price
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integration. It is well known in the literature that in the absence of transportation frictions, the

law of one price should theoretically hold for directly connected nodes. We extend this result to

more general network topologies.

Lemma 2. Consider a market without transportation frictions, cij = 0 and uij =∞ for all (i, j)∈ E.

A set of consumers SI will have common equilibrium prices, λs = λr ∀s, r ∈ SI , for all instantiations

of welfare and cost functions, if and only if the transportation network is structurally integrated,

K(s) =K(r),∀s, r ∈ SI .

The following example illustrates the difference between markets which are structurally inte-

grated and markets which lack this feature.

Example 1 Consider the network shown in Figure 1a. We assume that transportation costs are

zero and there are no capacity constraints on the network. In this network, there exist instances

where different producer cost functions can lead to different prices between the consumers. For

example, suppose both consumers have the same welfare function Ws(b) = b1/2, while the producers

have different linear cost functions: Wk1(b) = b and Wk2(b) = 2b. The equilibrium prices under this

set of welfare functions are λs1 = 1, λs2 = 2, since consumer s2 can only satisfy its demand from

producer k2, i.e., the more expensive producer.

When we add links that connect k1 to s2, either directly (Figure 1b) or indirectly through s1

(Figure 1c), the market becomes structurally integrated and consumer prices will be equal (λs1 =

λs2 = 1.

s1 s2

k1 k2

(a)

s1 s2

k1 k2

(b)

s1 s2

k1 k2

(c)

Figure 1 Examples of non-structurally integrated (a) and structurally integrated markets (b) and (c). Dashed

lines indicate links which are not present in panel (a).

Structural integration implies that the set of consumers are connected to the same set of pro-

ducers. Then, in the absence of frictions impeding movement of goods, the marginal price for all

consumers will be the same resulting in a common equilibrium price across the market. If the con-

sumers are not structurally integrated, a producer who is connected to only a subset of consumers

may sometimes have lower costs resulting in lower prices for this subset of consumers.
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Structural integration is important for differentiating price differences caused by transportation

costs and capacity from those due to the connectedness of the network. If price differences are used

to infer the existence of market inefficiencies (i.e., unexploited arbitrage opportunities or bottleneck

constraints), this inference is likely to be misleading if the market is not structurally integrated.

For instance, in a structurally integrated market with no transportation costs, price differences

would directly indicate market inefficiencies. In the following sections where we examine richer

transportation networks that include transportation costs or capacity constraints, we assume that

the market is structurally integrated in order to isolate price effects that result from congestion.

Remark 1. To relax the structural integration requirement for Lemma 4.1, i.e. to ensure common

market prices, it suffices to assume that any producer that is accessible to one consumer node but

not all others cannot produce enough to satisfy the demand from this consumer node. This ensures

that the full set of consumer nodes still must compete over the same set of shared producer nodes

for marginal supply resulting in common prices.

4.2. Uncapacitated networks with transportation costs

Next, we consider markets where transportation costs are non-zero but links remain uncapacitated

(i.e. cij ≥ 0 and uij =∞). This setting is representative of the majority of commodity market

models in the literature. We show that in this setting, structural integration is a necessary and

sufficient to guarantee a well-defined neutral band, which we refer to as a network neutral band.

Extending the pairwise neutral band to a network setting enables insight into price integration

when consumers are not directly adjacent.

Theorem 1. Consider a market with an uncapacitated transportation network. A pair of consumer

nodes s, r ∈ S are structurally integrated if and only if

min{p∗ks− p∗kr | k ∈K(s)} ≤ λs−λr ≤max{p∗ks− p∗kr | k ∈K(s)} (6)

for all instantiations of welfare and cost functions.

When two consumer nodes are not structurally integrated, there exist welfare and cost functions

that can generate arbitrarily large price differences. However, when two nodes are structurally

integrated, the price difference is bounded and the bound is characterized entirely by the network

structure and link costs. When a network is structurally integrated, the prices at any two consumer

nodes are still related because they have access to the same set of producers although the cost

to access the producers may vary. This is reflected in the key part that the differences between

shortest path distances to suppliers play in Equation 6. Lemma 2, in the previous section, shows a

special case of Theorem 1: since all transportation costs are zero, the shortest paths p∗ks = p∗kr are
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also zero for all pairs of consumers so that Equation (6) implies common prices. Next, we show

that the bound in (6) is tight.

Proposition 1. Given any value ∆ within the neutral band for a pair of structurally integrated

consumers s, r ∈ SI , there exist welfare and cost functions for the market participants that will

result in a pair of equilibrium prices λs−λr = ∆.

Proposition 1 implies that the bound from the network neutral band, described in Equation (6),

will be at least as tight a bound on λs−λr as the bound from the pairwise neutral band. Example

D.1 in the Appendix shows a situation where the network neutral band is strictly tighter than the

pairwise one. For convenience in our further analysis and exposition, we will refer to the network

neutral band as simply the neutral band and define the mid-point and half-width of the neutral

band between nodes r and s, ρrs and hrs, as follows:

ρrs =
1

2
(min{p∗ks− p∗kr|k ∈K}+ max{p∗ks− p∗kr|k ∈K}) ,

hrs =
1

2
(max{p∗ks− p∗kr|k ∈K}−min{p∗ks− p∗kr|k ∈K}) .

The network neutral band provides insights into the role of the “position” of suppliers in the

network on price integration which we explore in the following example.

Example 2 This example explores the impact of supplier proximity to consumers, measured by

transportation costs, on the neutral band. Figure 2 shows three cases of two consumers supplied by

three suppliers in a structurally integrated market.

s1 k2

k1

k3

s2

2

2

2

2

8 8

(a)

s1 k2

k1

k3

s2

2

8

8

2

2 8

(b)

s1 k2

k1

s2

k3

2

8

8

2

8 2

(c)

Figure 2 Three networks with different supplier-consumer transportation costs

In Figure 2a, both consumers face the same transportation costs from each supplier. Thus, the

half-width and midpoint of the neutral band is zero and the equilibrium prices for both consumers

are always equal. In Figure 2b, s1 faces lower transportation costs than node s2, so the midpoint

is shifted and the equilibrium price at node s1 will always be 6 units lower than s2. In Figure 2c,

each consumer can access a subset of suppliers with cheaper transportation costs. The neutral band
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midpoint is at zero but the half-width is 6. As a result, the absolute price difference between s1 and

s2 can be up to 6 units but will vary depending on production costs.

This example provides insight into how the distribution of supply and demand over a market

footprint can impact the neutral band and in turn market integration. When demand is clustered

together, shortest path costs from different suppliers will be similar for all consumers and might

result in a situation like in Figure 2a. The result is a small neutral band centred around zero

which leads to a common market price for all consumers. When supply is clustered together, for

a particular consumer, transportation costs will be similar irrespective of the supplier. This is the

case in Figure 2b and leads to a narrow neutral band, though the midpoint of the neutral band may

be far from zero. The result is stable differences in consumer prices between regions. The gasoline

market studied in this paper features refining capacity clustered in the Gulf of Mexico region of

the US and is an example of this type of market. Finally, the implications for price integration are

different in a market where suppliers are more homogeneously dispersed with respect to consumers.

In this case, certain suppliers will have lower transportation costs for different consumers as is

illustrated in Figure 2c. The resulting heterogeneous consumer preferences for suppliers leads to a

wider neutral band within which demand and supply shocks may propagate differently throughout

the market footprint leading to less integrated consumer prices.

4.3. Capacitated networks with transportation costs

We now allow links in the transportation network to be both costly and subject to capacity con-

straints (i.e. cij ≥ 0 and uij ≤∞). In this setting, positive shadow prices on capacity constraints can

lead to a congestion surcharge borne by a subset of consumer nodes. Without capacity constraints,

as described in Corollary 1, each consumer price will be equal to the minimum total of the price

at a producer node and the cost of transportation between the producer and consumer. We define

the congestion surcharge as the part of the consumer price above this value:

Definition 2. The congestion surcharge ws for a consumer node s ∈ S is the amount that the

equilibrium price at s exceeds the uncapacitated delivery price to node s:

ws = max{λs−λk− p∗ks | k ∈K}. (7)

We can rearrange equation (7) to obtain

λs = min{λk + p∗ks | k ∈K}+ws. (8)

Corollary 1 shows that in the absence of capacity constraints, the congestion surcharge is zero.

We will study the dynamics of these charges and examine how they drive apart equilibrium prices

in the market and create regional pricing discrepancies that would not otherwise exist.
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Combining the result from Lemma 1 and equation (8), we can write ws as

ws = min{λk + pqks + νqks | k ∈K, q ∈P(k,s)}−min{λk + p∗ks | k ∈K}. (9)

Equation (9) shows that ws can be described as the difference between the cost of acquiring a

unit when considering shadow prices in the network and and the cost when shadow prices are not

considered. Using Equation (9), we extend the neutral band described in Theorem 1 to the setting

with capacity constraints:

Theorem 2. Let r, s∈ S. The price difference between r and s is bounded by

min{p∗ks− p∗kr | k ∈K(s)}+ws−wr ≤ λs−λr ≤max{p∗ks− p∗kr | k ∈K(s)}+ws−wr (10)

over all welfare and cost functions.

Equation 10 shows that a pair of consumer nodes sharing the same congestion surcharge will

have the same neutral band as in the setting with no capacity constraints. When the congestion

surcharge differs between a pair of consumer nodes, the midpoint of the neutral band will be shifted.

Notably, the width of the neutral band is not affected by the congestion surcharge. When there are

no capacity constraints, ws = 0 for all s (Corollary 1), Equation (10) is equivalent to Equation (6).

For the subsequent analysis of data, it is useful to assume the existence of a root node which

is a consumer node for with a congestion surcharge is zero. Using Equation (10) we can derive a

simple bound on each consumer price relative to the price of the root node o∈ S:

min{p∗ks− p∗ko | k ∈K(s)}+ws +λo ≤ λs ≤max{p∗ks− p∗ko | k ∈K(s)}+ws +λo. (11)

The windows for consumer prices described in the bounds in Equation (11) will be shifted both

by the congestion surcharge from a congested link and by the price of the root node. It is convenient

to think of the price of the root node as reflecting a broader market price for the commodity in the

absence of capacity constraints. A corollary of Equation 9 shows that such a node s will exist if

there are no congested links on the path minimizing min{λk + p∗ks | k ∈K}. A sufficient condition

for a node s to be a root node is thus that s is not downstream of any congested links. Root nodes

are further discussed following Example 3.

4.3.1. Congestion on a single link. In order to best elucidate the relationship between

market structure and the propagation of congestion costs throughout a network, we study the case

where there is exactly one capacitated link in the network.
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In the parsimonious case, which has been addressed in the literature, the network is limited to a

pair of nodes joined by a capacitated link. For example, Oliver et al. (2014) and Massol and Banal-

Estañol (2016) use this model to study the prices at either endpoints of a congested pipeline. In

our model, this case simply represents the analysis of price integration over two nodes in a general

network.

Proposition 2. Consider a market where consumer nodes i, j ∈ S are joined by the link (i, j). If

link (i, j) is the only congested link in the network, then wi = 0 and wj = νij.

Proposition 2 states that when the flow on link (i, j) reaches its capacity, node j incurs a

congestion surcharge equal to the full shadow price of the link. On the other hand, the impact

of a capacitated link on prices at nodes that are not directly adjacent has not previously been

characterized. We show that nodes which are not incident to the congested link can still incur a

congestion surcharge, even when incoming flow into these nodes do not traverse the congested link.

Furthermore, this surcharge is bounded above by the shadow price of the link.

We first require some additional formalization. Let e∈ E denote the single congested link. Recall

that p∗ks is the cost of the minimum-cost path from k to s. Let p∗,¬eks be the cost of the minimum-cost

path from k to s that does not use e and δe(k, s) = p∗,¬eks − p∗ks. The value δe(k, s) can be viewed

as the cost of continuing commerce between k and s in the absence of link e. If all paths from

k to s use link e, then δe(k, s) :=∞. Finally, let δmin
e (s) = min{δe(k, s) | k ∈ K} and δmax

e (s) =

max{δe(k, s) | k ∈K}.

Theorem 3. Suppose there exists a single capacitated link e∈ E in the network with shadow price

νe. Then, for all s∈ S
ws ∈ [min{νe, δmin

e (s)}, min{νe, δmax
e (s)}]. (12)

Theorem 3 describes the tradeoff required to use a replacement path for a congested link. In

a network where that tradeoff is high (δmin
e (s) > νe), it is less expensive to use link e and the

congestion surcharge at node s reflects the full νe. However, when that tradeoff is small and it

is relatively inexpensive to reroute the commodity around link e (δmax
e (s) < νe), the congestion

surcharge will be less than νe. The implications of the theorem are consistent with intuition on

how network structure can mitigate costs of congestion. In a highly connected network the costs

of rerouting around a link, and by proxy δmax
e (s), are likely to be lower limiting the set of nodes

whose price will reflect the full shadow cost of a congested link.

The following example illustrates the relationship between network structure and pricing for

three cases characterized by Theorem 3: a) the absence of any paths that avoid a congested link e

(δmin
e (s) =∞), b) when all alternative paths have the same cost (δmin

e (s) = δmax
e (s)), and c) when

alternative paths have different cost (δmin
e (s)< δmax

e (s)).
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Example 3 We examine outcomes for three markets illustrated in Figures 3a, 3b, and 3c. Each

market features three consumer nodes, s1, s2 and s3, and two producer nodes, k1 and k2. Each pro-

ducer has the cost function Wk(bk) = b2
k which possesses increasing marginal costs. The consumer’s

welfare functions are Ws(bs1) = 10
√
bs1, Ws(bs2) = 20

√
bs2, and Ws(bs3) = 20

√
bs3, which possess

diminishing marginal utility.

The markets differ only in the transportation network. Market 3a is connected by the illustrated

network where all links have zero transportation costs and only link (s1, s2) (highlighted in red) has

a capacity of 1 unit. Market 3b differs from market 3a by having the additional link (s1, s3) with

a transportation cost of 1 unit. Market 3c differs from market 3a by having the additional link

(k1, s3), also with a transportation cost of 1 unit. Figure 3 shows the equilibrium prices beside each

node. Positive flows in the market allocation are shown by solid lines.

k1 k2

s1

s2

s3

3.3 3.3

3.3

14.1

14.1

(a) δmin
e (s3) =∞

k1 k2

s1

s2

s3

4.9 4.9

4.9
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5.9

1

(b) δmin
e (s3) = δmax

e (s3) = 1

k1 k2

s1

s2

s3

5.2 4.8

4.8

10.0

6.2

1

(c) δmin
e (s3)< δmax

e (s3)

Figure 3 Equilibrium prices with a congested link in three different markets.

The shadow price for the link (s1, s2), denoted by νs1,s2, is equal to 10.8, 5.1, and 5.2 units

respectively in markets 3a, 3b and 3c.

In Example 3, if the capacity constraint is removed, the equilibrium prices would be identical

across all three markets and equal to 6.1 units, since all three markets are connected by the same

subnetwork of zero cost paths. When link (s1, s2) becomes congested, each market has a different

set of equilibrium prices. Note that in each market, s1 is a root node, since the minimum-cost

paths from each producer to s1 does not include link (s1, s2). Since the neutral band is zero for all

consumer nodes, the price difference λs2−λs1 and λs3−λs1 directly reflect the congestion surcharge

of the nodes s2 and s3, respectively. In all three markets, the equilibrium price at s2 is equal to

the price at s1 plus the shadow price of the link (s1, s2), which can be derived by observing that

δmin
e (s2) =∞ in Equation (12). Practically, all flow to s2 must come through s1.

However, the options available for serving s3 differs in the three markets. In market 3a, s3

incurs the full shadow price of 10.8 units at equilibrium since, like node s2, there do not exist any

alternative paths for the commodity to reach s3 (δmin
e (s2) =∞). In markets 3b and 3c, there are
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alternative paths to s3. In market 3b, the equilibrium price at node s3 is 1 unit higher than at s1,

which can be explained by δmin
e (s3) = δmax

e (s3) = 1; any shadow price that exceeds one unit would

result in flow being rerouted onto link (s1, s3), implying that the price difference between s3 and

s1 would never exceed 1 unit. In market 3c, s3 obtains all of the commodity from k1 directly, with

an equilibrium price that is 1.4 units higher than s1. Since δmin
e (s3) = 1, δmax

e (s3) =∞, equation (7)

suggests that the congestion surcharge on node s3 can be any value between 1 unit and the shadow

price of 5.2 units, depending on the supply and demand functions.

Note that in the market 3c, the direct connection from k1 to s3 results in s3 incurring a higher

price than it did in the market 3b. This outcome results from the fact that in market 3b, node

s3 could access both k1 and k2 cheaply, whereas s3 can only access k1 cheaply in market 3c. The

more concentrated demand on k1 in market 3c results in a higher production price at k1 (due to

the marginally increasing production cost), leading to a higher equilibrium price at s3.

Remark 2. Note that the flows in the optimal market allocation may be misleading or counter-

intuitive when there are capacitated links in the market. For example, the equilibrium flows in

Figure 3c appear to suggest that s3 is in a disjoint market from s1, s2, which may lead one to

conclude that s3 is not impacted by the congested link (s1, s2). However, the equilibrium prices

clearly highlight that both s2 and s3 do incur a positive congestion surcharge as a result of this

congestion link, albeit different in magnitude.

Finally, note that in markets shown in Figure 3, node s1 is a root node. However, if link (k1, s1)

is the capacitated link, then the congestion surcharge cannot be fully observed in consumer prices

because the shadow price of the congested link is applied to all consumers (i.e., ws > 0,∀s∈ S, and

we do not observe the portion that is cancelled out by the ws −wr term in equation (10)). Any

network will have a root node except in the case where a congested link is upstream of all consumer

nodes; in such a setting, price differences between consumer nodes reflect an underestimate of the

total surcharge.

4.4. Observations over multiple market realizations

Up to this point, we focused on the distribution of prices in a single market realization. We now

extend our previous results to the case where we have multiple observations over a market. In

particular, at each distinct period, indexed by t ∈ T = {1, . . . , T}, we observe prices from an inde-

pendent realization over a market with fixed network structure and link costs, although potentially

different welfare functions, cost functions, and capacities. These dynamics are typical of energy

markets where the transportation network is capital intensive and can assumed to be static over

the medium term, but demand can shift quickly with weather or consumer preferences and the

network is prone to potential disruptions that may reduce link capacities.
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Proposition 3. The set of equilibrium prices for s∈ S over a market with fixed network structure

and link costs can be expressed as

λts = ηt + ρs + εts +wts, ∀s∈ S, t∈ T , (13)

where εts ∈ [−hs, hs] and wts ≥ 0.

Equation (13) highlights that distribution of prices in a market over a set of market realizations

can be decomposed into a few components, with different components varying over time, nodes

or both (as indexed). More specifically, the set of prices can be decomposed into a node-invariant

“market trend” ηt, and time invariant terms ρs and hs representing the network neutral band.

We first examine the case where there are no binding capacity constraints in the network over

the set of periods T , i.e., wts = 0, ∀s ∈ S, t ∈ T . In this setting, the components of the price may

be expressed in relation to a root node r: ηt = λtr, whereas ρs = ρrs and hr = hrs. Changes in the

participant’s welfare and cost functions between market realizations will determine the value of

εts within the bound [−hs, hs] resulting in small idiosyncratic price shifts within the neutral band.

Price shocks from mild local demand and supply shifts are likely to be contained within the neutral

band, whereas sufficiently large local demand or supply shocks may shift prices throughout the

market.

In the more general setting where there are binding capacity constraints, the additional terms

wts reflect the congestion surcharge experienced by different nodes in the market. To show that

Equation (13) is indeed accurate in this setting, we pick an arbitrary node r ∈ S that is a root node

for at least one t ∈ T , and set ηt := λtr −wtr; in this case, ρs := ρrs. Note that the root nodes do

not need to be the same in each time period. In this setting, the term ηt represents the underlying

trend in the market in the absence of capacity constraints.

We provide an example to illustrate the price dynamics of a market with a capacitated link in the

Electronic Companion. In the example, market participants have mean-reverting stochastic demand

and supply functions, and the effects of the neutral band, congestion surcharge, and alternative

paths are illustrated.

5. Estimating the Congestion Surcharge from Prices

In this section, we present a framework for estimating the congestion surcharges at different nodes

from a set of observed pricing data.

5.1. Surcharge Estimation Model

The surcharge estimation model (SEM) is based on the price decomposition shown in Equation

(13). It takes as input a set of spatial prices λ= {λts}s∈S,t∈T and a set of user-selected parameters
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θ and outputs an estimate of the congestion surcharge at each node over the given time horizon.

In its most generic form the SEM model can be presented as follows:

minimize
ηt,ρs,εts,w

t
s,αs

∑
s∈S

αs (14a)

subject to λts = ηt + ρs + εts +wts, ∀s∈ S, t∈ T , (14b)

|εts| ≤ αs, ∀s∈ S, t∈ T , (14c)

wts ∈W(θ)+, ∀s∈ S, t∈ T . (14d)

Constraints 14b are derived directly from the price decomposition presented in Equation (13).

The variables {ηt}t∈T are used to capture a node-invariant underlying trend while the variables

{ρs}s∈S , {εts}s∈S,t∈T and {αs}s∈S capture the time-invariant neutral bands. All remaining price vari-

ation is captured by the terms wts representing congestion surcharges. Constraints on the congestion

surcharges are represented by W(θ)+ ⊆R+.

If price movements over the set of time series data are perfectly synchronized across all nodes (i.e.

for any pair of nodes the difference in price is constant), the objective function value will be zero and

the prices λts can be entirely described by the node-invariant term ηt and time-invariant terms ρs.

Both the variables εts and wts can capture deviations from price integration which are respectively

attributed to variation within the neutral band and transient congestion in the transportation

links. While model (14) is derived directly from the price decomposition, the formulation without

any additional constraints is underdetermined, as shown by the following remark.

Remark 3. If W(θ)+ =R+, the optimal objective value will always be zero.

In particular, when wts is unconstrained, there is a free variable wts for every price λts, and an optimal

solution would simply be to set wts = λts (assuming all λts are positive) and all other variables to

zero. This solution reflects the hypothesis that there is congestion at every time period across all

nodes. However, congestion events are expected to be transient and should not be present for large

proportions of the time series. The other extreme solution is settingW(θ)+ = {0}, which represents

the hypothesis that nodes do not incur congestion surcharges over the observed period and all

price variations can be explained fully through changes in supply and demand. Careful adjustment

of constraints on wst can be used to more finely differentiate between these two explanations for

non-integrated prices, and the strategies to do so are discussed in detail in the following sections.

5.2. Approach to Congestion Surcharge Identification

Our identification strategy is based on (1) limiting the proportion of periods that the congestion

surcharges may be active which is consistent with the assumption that congestion in the network is
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transient; (2) resolving precise values for the congestion surcharges for a particular set of congested

periods using a conservative strategy; (3) determining the proportion of congested periods in a

principled manner such that the series of εts is appropriately distributed. This section addresses

these points in turn.

Identifying periods of congestion. A set of time-limiting constraints forceW(θ)+ = 0 over a subset

of time periods while allowing the precise set of periods to be selected to minimize the objective.

Let β ∈ [0,1] define a parameter representing a fraction of the time horizon for which W (θ)+ =R+,

with W(θ)+ = 0 for all other time periods. The set of time-limiting constraints can be written as

wts ≤ψtM,
∑
t∈T

ψt ≤ βT, ψt ∈ {0,1}, ∀s∈ S, t∈ T . (15)

The binary variables ψt ∈ {0,1} determine periods for which the congestion surcharge is free (ψt =

1) or fixed to zero (ψt = 0), and M represents a sufficiently large value such that wts will never

reach its upper bound when ψt = 1. The parameter β represents an estimate of the fraction of

time periods for which the underlying network is congested. The (1− β)T periods identified as

uncongested (ψt = 0) are used to fit the variables ρs such that when W(θ) is unrestricted, we can

use these parameters to estimate wts.

Identifying congestion surcharge values. First, we note that if (εts,w
t
s) represents a pair of solu-

tions to the SEM where t is a period for which wts is free, it is possible to modify the solution to

(εts − δ,wts + δ) without changing the optimality of the solution. The range of possible values of

wts for which the solution remains optimal is potentially large (δ ∈ [−αs + εts, αs + εts]). To handle

this ambiguity we enforce conservative estimates of the surcharges wst , and capture only surcharges

resulting in price movements that exceed the neutral band. So, wts will only capture parts of the

price that strictly exceed αs. This is enforced using the following constraints:

wts ≤ πts, εts + (1−πts)≥ αs, πts ∈ {0,1}, ∀s∈ S, t∈ T . (16)

Identification issues also exist between wts and ηt during congested periods. In particular, without

impacting optimality of a solution we can make the values of wts arbitrarily larger by shifting value

from ηt, i.e., (εts + wts + δ, ηt − δ) is also a solution for any δ ≥ 0 since the negative and positive

δ values will cancel each other out. We rectify this problem by adding a constraint to select the

maximal value of ηt from the set of optimal solutions, leading to the minimal estimate of wts. This

is enforced with a constraint forcing εts = −αts for at least one s in each period t ∈ T for which

ψt = 1. This constraint ensures that ηt (wts) is the largest (smallest) possible value out of the set

of optimal solutions.
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Complete mixed-integer programming formulation. We can now formulate the SEM as a mixed

integer programming model:

SEM(λ, β) : minimize
∑
s∈S

αs (17a)

subject to λts = ηt + ρs + εts +wts, ∀s∈ S, t∈ T , (17b)

εts ≥−αs, ∀s∈ S, t∈ T , (17c)

εts ≤ αs, ∀s∈ S, t∈ T , (17d)

wts ≤ πts, ∀s∈ S, t∈ T , (17e)

εts + (1−πts)≥ αs,∀s∈ S, t∈ T , (17f)

wts ≤ψtM, ∀s∈ S, t∈ T , (17g)

εts ≤−αs + (1− γts)M, ∀s∈ S, t∈ T , (17h)∑
s

γts ≥ψt, ∀t∈ T , (17i)∑
t∈T

ψt ≤ βT, (17j)

γts,ψ
t, πts ∈ {0,1}, ∀s∈ S, t∈ T , (17k)

wts ≥ 0 ∀s∈ S, t∈ T . (17l)

Let z∗(β) denote the optimal value of the model. It suffices to set M = max{λtr−λts | r, s∈ S, t∈

T }, which is the largest absolute price difference between any two nodes across the entire time

horizon; νtr would never exceed this value. Finally, we remark that a simpler model exists, one in

which we can combine εts and wts into a single variable, which allows us to remove the set of binary

variables πts. This reformulation in given in Section C in the Appendix.

Determining the set of congested periods. To calibrate the β parameter to produce a principled

neutral band estimate, we examine the number neutral band “hits” over different β values. The

number of neutral band hits, from now on refered simply as NB-hits, is a count of the number of

times the locational prices are close to or tangent to the bounds of the neutral band, discounting

the periods when there is congestion. Mathematically, a locational price at time t∈ T is a NB-hit

if two conditions are met: (1) ψt = 0 and (2) εts ∈ [−δ,0] or εts ∈ [−αs,−αs+ δ] for some small δ≥ 0.

As β increases, the estimated neutral band width will decrease as congestion surcharges can

account for a larger amount of price variation. When β = 0, a no-congestion hypothesis, the esti-

mated neutral band width will be inflated as a result of transient price shocks. When β = 1, the

estimated neutral band width will be 0 as congestion terms will account for all price variation. So,

by altering β we can experiment with different estimates of the neutral band width and observe
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the number of neutral band hits associated with each estimate. To identify a best fit for the neutral

band width we observe that under reasonable assumptions, the number of NB-hits will be maxi-

mized at the correct neutral band width. Sufficient assumptions for this to be true amount to there

being a high probability of εts being at the neutral band and εts and wts are otherwise relatively

evenly distributed. This is most likely to hold when there is significant uncorrelated variation in

demand and supply and a smaller neutral band width. We calibrate β by searching for the β ∈ [0,1]

which maximizes the number of NB-hits. This could be made more rigorous/better. We want to say

as concisely as possible that the only place the price will stick is at the neutral band and we assume

that it hits the neutral band with sufficient regularity. Is a formal result required - Tim/John?

Empirical it works, see Figure 6b.

5.3. Measuring Market Characteristics

While the declared aim of the SEM is to provide estimate the congestion surcharge, the outcome

of the SEM provides an opportunities to measure a broad range of characteristics of the market,

including local and dynamic aspects of pricing and measures of price integration and congestion.

In Table 1, we describe and define a range of these measures and provide a brief interpretation of

their empirical significance. In the case study in the following section, many of these measures are

used to derive insights into the gasoline market in the South-Eastern US.

Name Definition Interpretation
Pricing Characteristics
Market price ηt The common price component experienced across

nodes at each period.
Transportation costs ρs Estimate of the transportation costs experienced at

node s under uncongested operations.
Integration measures
Local integration measure αs The NB width is an estimate of how tightly each

node s is integrated into the larger market.
Neutral band hits NB-hits Measure of periods where prices are highly integrated

and arbitrage likely.

Fractional integration measure z∗(0)−z∗(β)
z∗(0)

Proportion of variability in prices explained by con-
gestion effects.

Congestion measures
Congestion surcharge wts Price component due to congestion at particular

node and time.
Congestion frequency β∗ Estimated proportion of periods where prices are

subject to congestion surcharges.

Table 1 Description of market characteristic estimates from SEM

Thus far, we have discussed the meaning of all characteristics and measures listed in table 1

except for the fractional integration measure. This measure, which lies between 0 and 1, represents

the proportion of total variability between prices that can be “removed” by the SEM with parameter
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β. For example, a fractional integration measure of 0.2 when β = 0.07 would imply that optimally

accounting for 7% of the time periods can remove 20% of the variability observed in the data.

Analysing the trajectory of the fractional integration measure over different β values can also shed

insight on calibrating the congestion frequency.

6. Case study: The Southeastern US Gasoline Market

In this section, we present a case study on the Southeastern US gasoline market and demonstrate

the effectiveness of our surcharge estimation model in capturing the effect of major network disrup-

tions on gasoline prices. The gasoline market fits neatly into the market model we have proposed.

Extensive government deregulation on the supply side and price transparency on the demand side

have made the gasoline market one of the most competitive commodity markets in the US (Paul

et al. 2001, Holmes et al. 2013). This market, like the natural gas market, relies on highly specialized

pipeline infrastructure to facilitate trade and competition between different market participants.

6.1. Market and data description

The region we consider spans from Texas to Virginia and has substantial refining, transportation

and consumption activities. Over 50% of the United States’ refining capacity is located along the

coast of Texas and Louisiana. The refineries feed into two main pipelines, the Colonial Pipeline

and the Plantation Pipeline, which transport gasoline to the southeastern and eastern states of the

US. The Southeastern market is serviced almost exclusively by these refineries (ICF 2016), save for

tankers which are used to deliver gas to cities in Southern Florida. This fact, coupled with the close

proximity of refineries to each other, suggests that strong price integration should be expected in

the absence of capacity constraints. Figure 7 shows the Colonial Pipeline (in blue), the Plantation

Pipeline (in red), and the set of 17 cities that are included in our study. These cities in the dataset

include some of the most populated cities in the region (see Table 3 in the Appendix for the list of

cities and summary statistics).
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Figure 4 Daily gasoline prices in seventeen major cities over two years in the Southeastern US
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We obtain daily gasoline prices at these 17 cities from January 1st, 2016 to December 31st, 2017.

We split our data set into two halves, representing prices from each year. For each half, we run

the SEM with β = {0,0.01,0.02, ...}. To calculate the number of neutral band hits, we use δ= 0.01

(since data points can suffer from slight numerical errors; ideally, we would use δ = 0). As long as

a price is at most 1 cent away from the neutral band value αs, it will be considered as a “hit”.

6.2. General Results
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Figure 5 Estimated congestion surcharge in 2016 and 2017 over different β values.

Figure 5 highlights the estimate congestion surcharge over different values of β. Note that as we

increase β, the time periods for which congestion is detected and general structure of the congestion

surcharge is consistent. Additional market integration measures, namely the fractional integration

measure and the number of neutral band hits, are shown in figures 6a and 6b respectively.

The results obtained are consistent with expected behaviour under capacity constraints. Geo-

graphically, we find that the locations with positive surcharge at any point in time are generally in

proximity and contiguous (and is discussed in more detail below). This is what would be expected

given the topology of the pipeline network in this region, where the gasoline is flowing unidirec-

tional from the Gulf Coast to the eastern cities with various branches off of the main pipeline. The

congestion surcharges generally have a smooth unimodal temporal trend, featuring a trajectory

which is consistent with how prices may be expected to resolve themselves. Prices increase quickly

as local supplies are exhausted and subside more slowly as the source of congestion resolves itself.
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It is easy to observe that there are two periods of time where the congestion surcharge has a

significantly larger magnitude relative to other periods. We find that the price dynamics captured

coincide directly with major disruptions and weather events in the two years. Using publicly-

available knowledge of the pipeline system and extensive media coverage of the events, we can

identify more specific features of the market that play a role in the dispersion of prices. This

analysis is presented in the following two case studies.
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Figure 6 The first major peak in the number of neutral band hits for each year is labeled, at β = 0.10 for 2016

and β = 0.17 for 2017. The surcharge estimates using these β values are used to present the two in-depth

case studies.

To pick the β values for the two case studies, we examine the number of NB-hits over different β

values, shown in Figure 6b. As discussed in Section 5, the number of NB-hits measures the number

of times the price is at most δ = 0.01 away from the bounds of its neutral band, discounting any

period for which congestion surcharge at any location is positive. Intuitively, once we account for

the surcharges incurred by transient capacity constraints, the number of neutral band hits should

increase. In Figure 6b, we see an initial dip in neutral band hits over both 2016 and 2017, with

the values peaking at β = 0.1 and β = 0.17 for 2016 and 2017 respectively. We use the surcharge

estimates from these β values in the two case studies below.

6.3. Study I: Price shocks from 2016 pipeline disruption

On September 9th, a major pipeline leak was discovered on Line 1 of the Colonial Pipeline in Shelby

County (labeled in Figure 7), and a partial shutdown of that segment of the pipeline immediately

followed (ICF 2016). The shutdown lasted until September 21st, when the pipeline resumed full

operating capacity. On October 31st, a deadly pipeline explosion in Shelby County again caused a
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partial shutdown of the pipeline, and operations were restarted on November 8th. These dates are

shaded in Figure 7.

Figure 7 Estimated surcharges (with β = 0.10) resulting from 2016 pipeline disruption. We use (a) to refer to the

geographical map and (b) to refer to the graph.

Figure 7 shows two plots: the estimated congestion surcharge identified around the time of the

disruption as well as the cumulative congestion surcharge, i.e., the area under the curve, for each

location over a map of the Southeastern market.

We now point out several important observations from our results.

First, we find that there is a lag between when the first disruption occurs and when the surcharge

is observed. This is likely to be the outcome of the large use of inventory that was documented

around this period (EIA 2016b). Secondly, we note that the congestion surcharge over all locations

begin to decrease immediately after the pipeline is restored, although it takes three full weeks for

the price differences to complete disappear, illustrating the effects of the high demand for pipeline

capacity to replenish storage inventories following the disruption. Interestingly, we do not identify

any congestion surcharge associated with the second disruption, which is likely due to the restocking

of inventories following the previous disruption (EIA 2016a).

We observe that the locations immediately downstream of the site of disruption, in particular,

Atlanta (with cumulative value of 3.54) and Nashville (with cumulative value of 3.50), observed
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the most significant price increases. Furthermore, it is easy to observe, especially in the case of

Nashville, that there are no alternative sources of pipeline transportation to these two regions

other than the Colonial Pipeline. Interestingly, we find that all estimated surcharge values are

roughly bounded from above by the surcharge incurred at Atlanta, which is the first downstream

node of the disrupted pipeline. This is consistent with our theoretical analysis that in a setting

with a single disrupted link, the location most directly downstream of the link incurs the most

significant surcharge (equal to the shadow price of the link) whereas other locations will incur

a surcharge value bounded by this value, with the magnitude dependent on the availability of

alternative transportation resources.

The effect of alternative transportation resources is most accurately reflected by observing the

estimated surcharge values at the cities in the northeast corner of Figure 7. In these cities, the

estimated surcharge values immediately downstream of Greensboro (with cumulative value of 0.30)

are essentially neglible. Geographically, Greensboro serves a major junction point for both the

Plantation Pipeline and the Colonial Pipeline. During the pipeline disruption (on Line 1 of the

Colonial Pipeline), a pipeline (Line 2) running in parallel, typically used to transport heating oil,

diesel and jet fuel, was temporarily used to transport gasoline to the eastern cities (EIA 2016b).

These pipelines can unload their supply at major junction points. Our findings thus suggest that

the use of alternative paths and modes of transport was effective at limiting the effect of the

capacity disruptions on locations that are farther downstream.

Finally, we note that congestion surcharge was not identified in any of the cities in Florida. This

is consistent with what we would expect given the actual transportation network, since petroleum

is delivered to these cities through tankers rather than the pipeline network.

6.4. Study II: Price shocks from 2017 hurricane season

The southeastern US witnessed a catastrophic hurricane season in the fall of 2017. Most notable

were Hurricane Harvey and Irma which together cause nearly $200 billion dollars worth of damage

in this region alone. These two hurricanes also created large disruptions and logistical challenges in

the petroleum supply chain. Hurricane Harvey, which made landfall in Texas and Louisiana during

the last week of August 2017 resulted in the closure of refineries, docking of tankers, and resulted

in the Colonial Pipeline (labeled in blue) being shut down on Aug 30th for a week, resuming

operations at limited capacity on Sept 6th (EIA 2017a). Immediately following Harvey, Hurricane

Irma, traveling from the Carribean up to Florida, forced ports in Florida to close in the first two

weeks of September. The reduction in operations at ports around Texas-Louisiana and Florida

resulted in significantly reduced product delivery to Florida during the hurricane season, lasting

approximately from August 25th to Sept 13th (EIA 2017b).
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Figure 8 Estimated surcharges (with β = 0.17) resulting from 2016 hurricane season. The shaded regions mark

the areas of impact of Hurricane Harvey (near Texas) and Hurricane Irma (near Florida). Colonial

Pipeline closure is highlighted in blue (Aug 30th to Sept 6th) whereas port closures (Aug 25th to Sept

13th) are highlighted in gray in the graph.

We point out several important observations and contrast the results with those from 2016.

First, we find that surcharge values of certain cities (highlighted in green) spike immediately

following the closure of the Colonial Pipeline. In contrast to the 2016 pipeline disruption, significant

surcharge is identified at the cities of Jackson and Birmingham (labeled with total surcharges of

2.08, and 5.04); while the 2016 disruption occured at a very specific point on the pipeline, the

2017 hurricane season resulted in the closure of the entire pipeline. However, like the 2016 pipeline

disruption, we find that all locations downstream of the Greensboro junction experience relatively

neglible amounts of surcharge.

Secondly, unlike the surcharge estimates in the previous section, the surcharge values in 2017

appear more erratic, likely a result of the many simultaneously occuring disruptions in the net-

work. Nonetheless, the surcharge values exhibit a generally decreasing trend after the disruptions,

although lasting for two full months before dissipating.

Thirdly, we find that surcharges in Florida again reflect what is expected from the documented

disruptions. In particular, the surcharge values do not rise sharply with that of cities in other states,
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highlighting that pipeline disruptions do not directly affect prices in Florida. However, unlike 2016,

we do find positive surcharge prices, reflecting the reduced port operations and limited marine

movements of tankers. However, the surcharge values appear much lower in magnitude, the result

of large draws from inventories and increased deliveries from other coastal ports (EIA 2017b).

Finally, the surcharge estimates found during the 2017 disruptions appear lower in magnitude

than those found during the 2016 disruption, despite the far more disastrous consequences of the

hurricane season. The market price (measured by ηt) of gasoline offers a convincing explanation.

In the 2016 disruption, the market price did not fluctuate out of the ordinary, while a cursory

examination of Figure 4 shows that the average price of gasoline increases significantly over all

locations, including the cities in the states responsible for producing gasoline. In particular, the

major refinery disruptions resulted in the average supply price of gasoline increasing, affecting all

cities, while the disruption of the transportation network resulted in the major price disparities

observed between the different cities.

7. Conclusion

In this paper, we examine the relationship between price integration and a market’s capaci-

tated transportation network. We find that certain network structures, referred to as structurally-

integrated networks, can guarantee bounds on price differences given by the neutral band. We

examine how prices are distributed in the presence of bottleneck constraints and the dependence

that different locations have on certain links in the network. We use these structural insights

to derive a methodology (SEM) to detect structural disruptions from pricing data. We used the

SEM in a case study of the US gasoline market, where we identify congestion surcharges among

prices consistent with capacity constraints during periods of network disruption. Though of smaller

magnitude, we also find evidence of congestion during periods of normal market operations.

Our results show that pricing data do reveal transient spatio-temporal variations associated with

structural inefficiencies in a market. These results enable characterization of the effects of different

disruptions as well as highlight the dependency of different regions on certain segments of the

underlying network.
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Appendix A: Proofs of Theorems and Lemmas

Proof of Lemma 1 We first prove that λs ≤min{λk + pqks + νqks | ∀k ∈K(s), q ∈P(k,s)}, ∀s∈

S. For any node s, there exists a path from every k ∈ K(s) to s, by the definition of K(s). Thus

Equations (4) and (5) must hold for each of these producer-consumer pairs (k, s), ∀k ∈K(s), i.e.,

λs ≤ λk +pqks+νqks, ∀k ∈K(s) , ∀q ∈P(k,s). This completes the first part of the proof. We now show

that when bs > 0 in the optimal allocation, λs ≥min{λk + pqks + νqks | ∀k ∈K(s), q ∈P(k,s)} ∀s∈ S.

We invoke equilibrium condition (3). Since there is positive consumption at the consumer node

s, there must exist at least one path of positive flow from some producer k∗ ∈K(s) to s in an

optimal market outcome; we denote one of these paths as q∗. By complementary slackness, wij = 0

for all (i, j) in path q∗. From Equation (3), this implies that λs−λk∗ = pq
∗

k∗s + νq
∗

k∗s. Rewriting this

equation, we obtain λs = λk∗ + pq
∗

k∗s + νq
∗

k∗s ≥min{λk + pqks + νqks | q ∈P(k,s), k ∈K(s)}. �

Proof of Lemma 2 Suppose that the set SI represents the set of structurally integrated con-

sumers. By Corollary 1, λs = min{λk +p∗ks|k ∈K(s)}, ∀s∈ SI . Since we are ignoring transportation

costs, i.e., p∗ks = 0 ∀k ∈K(s) ∀s∈ SI , then λs = min{λk | k ∈K(s)}. Finally, since K(s) is the same

for all s∈ SI , the equilibrium prices λs must all be equal, i.e., λs = λ′s ∀s, s′ ∈ SI . �

Proof of Theorem 1 (⇒) We first show that price differences between s and r cannot exceed

this bound for any set of feasible welfare and cost functions. Since s and r are structurally inte-

grated, by definition both s and r have access to the same set of suppliers k ∈K(s). Since we assume

that each consumer s∈ S has positive consumption in the optimal market outcome, we let k̄ ∈K(s)

denote a producer such that there exists flow from k̄ to s in the optimal market outcome. From

Equation (3), this implies that λs = λk̄ +p∗
k̄s

. From Corollary 1, this also implies that λr ≤ λk̄ +p∗
k̄r

.

The equations can be combined into the following inequality: λs − λr ≥ p∗k̄s − p
∗
k̄r

. However, since

we do not specify k̄ ∈K(s), the following inequality must hold: λs− λr ≥min{p∗ks− p∗kr|k ∈K(s)}.

We can now make the same set of logical statements for the node r, thus bounding this inequality

from the reverse direction. In doing so, we obtain the inequality λs−λr ≤max{p∗ks− p∗kr|k ∈K(s)},

which completes the proof.

(⇐) We argue by contrapositive; suppose the network is not structurally integrated. We show

now that for any non-structurally integrated network, it is possible to find feasible welfare and

cost functions such that there does not exist a finite bound between price differences. Without

loss of generality, suppose producer z ∈ K(s) but z /∈ K(r). Let the production cost functions be

linear, of the form Wk(bk) = ykbk, ∀k ∈K(r) and Wk(bz) = yzbz for producer z. When the set of cost

function coefficients satisfy yz + p∗zs ≤min{yk + p∗kr | ∀k ∈ K(r)}+ ε, the prices satisfy λs ≤ λr + ε

in the equilibrium. This is obtained by using Corollary 1, which states that λs ≤ yz + p∗zs and
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λk = min{yk + p∗kr | ∀k ∈ K(r)}. Thus, by considering cost functions that satisfy increasing values

of ε, we can increasingly drive apart the values λs and λr; the price difference thus cannot be

bounded. �

Proof of Proposition 1 To show that the bound from Equation (6) is the tightest, we show

that for any k ∈ K(s), it is possible to come up with a set of cost functions such that k services

both s and r in an optimal market outcome; in this outcome, λs − λr = p∗ks − p∗kr. Let k∗ denote

an arbitrary producer in the set K(s). Let yk, k ∈ K be a set of linear cost functions coefficients

that satisfy the following two conditions: 1) yk∗ + p∗k∗s ≤min{yko + p∗kos | ∀ko ∈ K(s)\k∗} and 2)

yk∗ + p∗k∗r ≤min{yko + p∗kor | ∀ko ∈ K(s)\k∗}. Since the cost functions are linear, λk = yk, ∀k ∈ K,

and by Corollary 1, λs = min{λk + p∗ks|k ∈ K(s)}= λk∗ + p∗k∗ and similarly, λr = min{λk + p∗kr|k ∈
K(s)}= λk∗ +p∗k∗ . Thus, for any arbitrary k∗ ∈K(s), it is possible to construct a set of cost functions

such that the equation λs−λr = p∗k∗s−p∗k∗r holds in equilibrium. Hence, the bound in Equation (6)

must be the tightest bound for arbitrary cost functions (i.e., without making any assumptions on

cost functions). �

Proof of Theorem 2 By definition, the value we(s) defines the amount that a holder of capac-

ity on link e can make by buying from a k ∈K and selling to s. Thus, λts = λtk1 + p∗k1s +we(s) for

some k1 ∈K. Since λto ≤ λtk1 + p∗k1o by Equation (4), λts−λtk1 ≥ p
∗
k1s
− p∗k1o +we(s)≥mink∈K {p∗ks−

p∗ko}+we(s). On the other hand, root node o must obtain its commodity from some k2 ∈ K, i.e.,

λto = λtk2 + p∗k2o. By definition, λts ≤ λtk2 + p∗k2s +we(s). If this were not true, a holder of capacity

of link e could make more than we(s) by buying from k2 and selling to s, which would contradict

the definition of we(s). Given the equality and inequality above, λts − λto ≤ p∗k2s − p
∗
k2o

+ we(s) ≤
maxk∈K {p∗ks− p∗ko}+we(s). �

Proof of Lemma 3 Recall that δmin
e (s) = min{δe(k, s) | k ∈ K} and δmax

e (s) =

max{δe(k, s) | k ∈K}, where the value of δe(k, s) measures the cost difference between the minimum-

cost path from k to s, and the minimum-cost path from k to s that does not include link e. When

νe < δmin
e (s), this by definition implies that any flow into s must have traveled on the link e, and

hence incurred the full value of νe. Similarly, if νe = δmin
e (s), then any flow into s must have either

traveled on link e, or an alternative path that does not include link e but is at least as expensive as

p∗ks + νe, by the definition of δe(k, s). On the other hand, the definition of δmax
e (s) and Equation 4

imply that for each k ∈K, there exists a path q which does not include link e from k to s such that

λs− λk ≤ pqks ≤ p∗ks + δmax
e (s), ∀k ∈K. Since path q does not include link e and therefore does not

have any links with positive shadow price, this bound must hold, which implies that the congestion

surcharge of node s with respect to link e must be less than or equal to δmax
e (s). �
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Appendix B: Supplemental Tables and Figures

Table 2 List of locations and simple summary statistics in US dollars.

2016 2017

Summary Statistics Mean Std Min Max Range Mean Std Min Max Range

AL, Birmingham 1.91 0.19 1.49 2.17 0.68 2.14 0.14 1.94 2.5 0.56
FL, Jacksonville 2.05 0.16 1.68 2.35 0.67 2.33 0.14 2.11 2.71 0.6

FL, Orlando 2.06 0.18 1.64 2.35 0.74 2.32 0.15 2.05 2.72 0.67
FL, Tampa 2.06 0.16 1.66 2.41 0.75 2.32 0.16 2.02 2.73 0.71
FL, Miami 2.22 0.16 1.83 2.46 0.63 2.46 0.14 2.24 2.79 0.55

GA, Atlanta 2.21 0.20 1.76 2.62 0.86 2.42 0.15 2.24 2.91 0.67
LA, Baton Rouge 1.87 0.18 1.47 2.11 0.64 2.13 0.09 1.98 2.33 0.35
LA, New Orleans 1.93 0.18 1.52 2.14 0.62 2.18 0.10 2.03 2.42 0.39

MS, Jackson 1.89 0.16 1.49 2.12 0.63 2.13 0.12 1.94 2.44 0.50
NC, Charlotte 2.04 0.16 1.67 2.26 0.59 2.28 0.14 2.06 2.65 0.59
NC, Durham 2.09 0.15 1.73 2.31 0.58 2.30 0.13 2.10 2.62 0.52

NC, Greensboro 2.07 0.18 1.66 2.33 0.67 2.30 0.12 2.13 2.63 0.50
SC, Columbia 1.90 0.16 1.54 2.11 0.57 2.11 0.15 1.87 2.56 0.69
TN, Nashville 2.02 0.21 1.52 2.35 0.83 2.25 0.16 2.07 2.68 0.61
TX, Houston 1.93 0.17 1.51 2.16 0.65 2.21 0.12 2.04 2.53 0.49

VA, Richmond 1.94 0.19 1.48 2.17 0.69 2.19 0.11 2.00 2.50 0.50
VA, Virginia Beach 1.95 0.19 1.51 2.21 0.70 2.18 0.12 2.00 2.52 0.52

Table 3 Summary statistics of daily prices per gallon from January 1st, 2016 to December 31st, 2017

Table 4 Individual neutral band values (rounded) over different β’s in 2016 in US cents.

β AL FL1 FL2 FL3 FL4 GA LA1 LA2 MS NC1 NC2 NC3 SC TN TX VA1 VA2 Total

0 4.8 7 10 11.7 6.6 18.3 8.0 7.9 5.8 9.2 7.1 7.2 8.7 15.9 7.5 4.1 5.0 144.5
0.02 4.7 7.5 9.5 11.8 6.4 16.2 7 7.3 4.6 8.3 5.6 6.7 9.2 16.1 7.5 4.7 4.8 137.9
0.04 4.2 7.9 9.8 11.1 6.8 13.7 6.9 6.8 4.6 7.9 5.4 6.0 7.3 14.2 7.3 5.5 4.9 129.7
0.06 4.3 7.8 10.1 12 5.4 9.5 6.2 6.6 4.5 7.7 5.6 6.1 7.8 11.1 7.5 5.3 5.1 122.2
0.08 4.3 7.8 9.9 9.4 5.3 7.7 6.5 6.3 4.5 7.3 5.8 6.2 7.3 8.4 6.8 6.1 5.3 114.3
0.10 4.3 7.6 9.9 9.9 5.3 7.8 4.4 6.3 4.4 7.5 5.8 6.2 6.7 8.4 7.2 5.6 5.3 112.3
0.12 4.3 7.1 10.0 9.1 5.2 7.8 4.3 6.3 4.4 7.4 6.1 6.2 6.8 8.3 6.8 6.0 5.4 111.1
0.14 4.2 7.4 8.6 9.1 5.3 7.8 4.4 6.2 4.6 6.5 5.7 6.6 6.7 8.3 6.6 6.1 5.2 108.9
0.16 4.3 6.3 8.0 8.3 5.1 8.0 4.3 6.3 4.5 7.0 6.1 7.0 6.7 7.8 6.4 5.8 5.5 107
0.18 4.4 6.3 8.4 8.3 5.0 8.0 4.6 6.7 4.4 7.3 6.3 6.6 6.7 6.8 6.4 4.3 5.5 105.6
0.20 4.6 6.4 7.7 8.3 5.2 7.9 4.7 6.8 4.2 7.2 6.0 6.5 6.5 7.0 6.4 4.4 5.5 104.7

B.1. Additional discussion of Section 4

In this section, we discussed and provided insights on the relationship between the distribution fo

equilibrium prices among a set of market participants and the transportation network that connects

these participants. We found that the network structure and link costs determine the values of the
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Table 5 Individual neutral band values (rounded) over different β’s in 2017 in US cents.

β AL FL1 FL2 FL3 FL4 GA LA1 LA2 MS NC1 NC2 NC3 SC TN TX VA1 VA2 Total

0 4.4 8.5 10 11.4 7.8 10.9 10.8 8.2 3.2 9.9 4.2 4.1 8.3 9.9 6.3 5.4 7.3 130.6
0.02 4.7 8.2 9.6 11.5 8.2 12.0 9.8 7.8 3.3 10.6 3.9 3.4 8.8 10.4 6.1 5.2 6.9 130.4
0.04 3.5 8.5 10.7 11.2 7.4 9.2 11.0 8.4 2.9 6.2 4.9 3.8 6.6 9.1 5.8 6.3 8.3 123.8
0.06 4.2 8.4 10.2 11.8 7.8 9.7 8.9 7.2 3.1 6.3 4.3 3.8 7.5 9.7 5.8 5.7 7.6 122.0
0.08 4.6 8.5 10.0 11.0 7.8 8.8 8.5 5.1 3.2 7.2 4.1 3.9 6.9 9.9 5.7 5.4 7.4 118.0
0.1 3.0 8.9 10.7 11.8 7.8 6.4 8.5 4.5 3.0 6.8 4.5 3.6 4.7 9.2 5.8 5.6 7.8 112.6
0.12 3.6 7.7 10.3 11.4 8.1 6.7 8.4 4.4 3.3 7.2 4.5 3.0 5.3 9.6 5.9 5.1 7.3 111.8
0.14 2.2 8.9 10.6 11.8 8.2 6.4 7.4 4.5 3.1 6.0 4.5 3.6 4.8 9.8 5.9 5.1 6.5 109.3
0.16 2.2 8.9 10.5 11.7 8.3 6.4 6.6 4.4 3.4 5.7 3.4 3.5 4.9 8.7 6.0 4.1 5.6 104.3
0.18 1.4 8.4 10.4 11.9 8.3 6.7 6.6 4.9 2.7 5.2 4.2 3.9 4.6 7.4 6.1 2.8 6.3 101.8
0.2 1.5 8.8 10.2 11.9 8.3 6.7 7.0 5.0 2.7 5.2 4.2 3.6 4.2 5.6 6.0 2.8 6.3 100.0

network neutral band, which measure the integration potential of a market. Networks supporting

small neutral band width imply that local shocks can easily be spread and absorbed by all market

participants, whereas more prominent price fluctuations can exists in markets with larger neutral

band widths. We further explored this connection in the presence of bottlenecks in the network,

where we found that the network topology, specifically the notion of substitute paths, directly

determines how prices are distributed.

The results presented has policy implications for the identification of vulnerable links. For exam-

ple, our results show that it is possible for markets that are typically strongly integrated (in the

absence of structural inefficiencies) to incur large price differences in the presence of bottlenecks

on certain segments of the network. The presence of these bottlenecks can isolate specific nodes

from the rest of the network and cause significant local price increases. Identifying both the nodes

and the links for which this can occur is relevant for the design of mitigation strategies, such as

investing in more resources to protect or expand the capacity of a link, or adding more storage

to nodes to reduce the potential of large demand shocks. Practically, there already exists many

realistic examples of such infrasture. For instance, in oil and gas markets, there exist many storage

facilities as well as alternative but more costly sources of transportation (e.g., rail) that are utilized

when primary transportation routes (e.g., pipelines) are at capacity (Snyder 2017). Nonetheless,

as we will discuss in Section 6, these are often not enough to mitigate the effects of sudden and

unexpected disruptions to the transportation network.

Appendix C: Reformulations

Instead of introducing a large number of binary variables πts, we can instead combine the variables

εts and wts into a single variable w̄ts, where w̄ts =−αs + εts ≤ 0 when wts = 0, and w̄ts =wts ≥ 0 when

εts = αs. Using this substitution, constraints (14b) and (14c) can be rewritten as
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λts = ηt + ρs +αs + w̄ts, w̄ts ≥−2αs, ∀s∈ S, t∈ T ,

with all constraints applied to wts in (15) still holding for w̄ts.

SEM(λ, β) : minimize
ηt,ρs,αs,w̄ts,ψ

t,πts

∑
s∈S

αs (18a)

subject to λts = ηt + ρs +αs + w̄ts, ∀s∈ S, t∈ T , (18b)

w̄ts ≥−2αs, ∀s∈ S, t∈ T , (18c)

w̄ts ≤ψtM, ∀s∈ S, t∈ T , (18d)

w̄ts ≤−2αs + (1−πts) · (M + 2αs), ∀s∈ S, t∈ T , (18e)∑
s

πts ≥ψt, ∀t∈ T , (18f)∑
t∈T

ψt ≤ βT, (18g)

πts,ψ
t ∈ {0,1}, ∀t∈ T . (18h)

Appendix D: Additional Examples

D.1. Pairwise and network Neutral Bands

Suppose the market is represented by the network in Figure 9, where s1, s2 denote the two consumers

in the market and k1, k2 denote the producers.

s1 s2

k1 k2

5 55 5

5

5

Figure 9 An example of a network where consumers are directly connected to each other.

Since there are direct links between s1 and s2 with transportation cost equal to 5, the pairwise

neutral band width has value 5. However, examining the network as a whole, including connectivity

to the producers, Equation (6) implies that the prices at s1 and s2 must always be equal. The

example highlights the importance of considering the entire network even when analyzing subsets

of market participants.
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D.2. A multiperiod numerical example

Consider the following market in Figure 10a with five consumer nodes (s1, . . . , s5) connected to two

producers (k1, k2) by the transportation network. Links have costs as indicated; unlabeled links

have zero cost. There is a single link (s2, s3) with a capacity constraint. With respect to this link,

nodes s1 and s2 are root nodes, and thus, we arbitrarily use λt2 as the value of the root node,

i.e., λt2 ≡ λto. We observe the market over a set of market realizations t ∈ T in which the demand

and supply are stochastic, while the capacity of link (s2, s3) is gradually decreased. This setting

provides a simple illustration of the effect that a link with an increasing shadow price has on a

set of prices. For each period t, the production cost functions take the form Wki(b
t
ki

) = xtki · (b
t
ki

)2,

while the welfare functions are of the form Wsi(b
t
si

) = ytsi · (b
t
si

)1/2, consistent with diminishing

marginal utility. The values of the coefficients xtki and ytsi are each modeled by a stochastic mean-

reverting time series model, representing temporary local demand or supply shocks. At each period

t, xtki = xt−1
ki

+ 0.5(µki − x
t−1
ki

) + εtki , and ytsi = yt−1
si

+ 0.5(µsi − yt−1
si

) + εtsi , with each εtki and εtsi is

independently sampled from N(0,1), and where all means µ are fixed at a value of 1 with the

exception of µs1 which is fixed at 2 units. Finally, for each t ∈ T , the market model is solved and

the equilbrium prices at each consumer node is plotted in Figure 10b.

s1 s2

k1 k2

s3s5

s4

1 1

6 3

2

(a)
(b)

Figure 10 A market (Figure 10a) with simulated equilibrium prices (Figure 10b). Unlabeled links have zero

transportation cost.

There are several important concepts that this example illustrates, namely, the effect of the

neutral band and the effect that the congested link (s2, s3) has on each node. We first observe

that the neutral band is reflected in the bounded price difference between the equilibrium prices
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at s2 and s1. In particular, Theorem 1 dictates that the absolute price difference between λts1 and

λts2 should always be bounded between zero and one, and this is clearly illustrated in equilibrium

prices in Figure 10b. The effect of the neutral band can also be observed between the other nodes

in the network. In particular, the uncongested neutral band between nodes s2, s3, s4 and s5 is zero

(according to Theorem 1 and Figure 10a). Thus, when link (s2, s3) is not congested (t≤ 45), prices

at these nodes are all equal. When the link is congested but the shadow price does not exceed

two units (wich is the minimum substitution cost for any “non” root-node), the set of equilibrium

prices between the nodes s3, s4 and s5 remain equal, i.e., are bound by the neutral band.

However, once the shadow price exceeds a node’s substitution cost, the effect of the connectivity

and cost of substitute paths starts to pull apart prices. In particular, once the shadow price increases

above node s4’s substitution cost of two units, the equilibrium price at node s4 again becomes

perfectly integrated with node s2, except at two price units higher. On the other hand, while the

minimum substitution cost for s3 is also two units, we observe that the equilibrium price at node

s3 is more than 2 and sometimes 3 units higher than s2. The value itself is also no longer integrated

with the price of s2, and is instead integrated with the price at s1. This effect illustrates the fact

that in the absence of congestion, producer node k1 is more accessible or “local” for the nodes

s2, s3, s4, s5, but when (s2, s3) becomes congested, producer node k2 becomes more accessible for

s5; the equilibrium price of k1 and k2 are reflected in s2 and s1, respectively.

The effect of local and non-local suppliers can also be identified by examining the price difference

between λts1 and λts2 at different points in time. In the absence of congestion, the price at s2 is

always higher than that at s1. This reflects the fact that the aggregate demand from s2, s3, s4, s5 is

much higher for the local producer k1 than the demand from s1 is for its local producer k2. Since

the cost functions are the same (except for minor idiosyncratic shocks) for k1 and k2, the higher

equilibrium price for the nodes s2, s3, s4, s5 reflects the higher aggregate demand from k1. However,

as the capacity constraint is lowered, the demand from the nodes s2, s3, s4, s5 on node k1 becomes

lower, making the marginal cost of production at k1 (reflected by the price at s2) competitive with

and eventually lower than k2 (reflected by the price at s1).
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