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This dissertation contributes to two major research areas: the analysis of endogenous
product characteristics in structural models of demand and dynamic models of invasive
species management.

In the first chapter, I analyze claims of falling business travel demand in the US fol-
lowing the COVID-19 pandemic. I focus on the US domestic airline market in between
2019 and 2022 and construct a structural model of air travel demand that assumes het-
erogeneity in consumers takes two forms: business travellers and leisure travellers. I
endogenize the number of daily departures on a given route to account for changes in
fuel cost that may affect carriers” flight frequency decisions. I find that both consumer
“types” became less price-sensitive and average price elasticity increased. There was a
large shift in the share of passengers from “leisure”-type to “business”-type. I interpret
this as evidence that many leisure travellers behaved as business travellers during 2022
— forgoing their usual concerns about price to partake in revenge travel..

In the second chapter, I examine common ownership, or the phenomenon of several
diversified, institutional investors owning overlapping shares in competing firms. Ex-
isting research has thus far highlighted the common ownership effects on pricing and
entry, but the effects on non-price product characteristics has not drawn significant atten-

tion. I aim to fill this gap by analyzing deposit market competition. I build a structural



model of bank branching decisions in the United States and estimate the cost of a bank
branch implied by two different modes of conduct: own-profit maximization and com-
mon ownership. I find that if banks internalize the competitive effect of their branch
networks on commonly-owned firms’ profits, the difference in implied branch cost is
small. Indeed, a Vuong-type model selection test does not find a statistically significant
difference between the two models” ability to explain the observed data.

In the third chapter, we study invasive aquatic plants (IAP) and their harmful effects
on river ecosystems. Managing invasive aquatic plant species is complicated by their in-
herent downstream dispersal patterns, and likely recurrence in already-treated invaded
patches. Furthermore, as climate change alters riparian environments, the cost and spa-
tial dispersion of species management will likely change as both growing conditions and
control efficacy shift. To address how costs and optimal management strategies change
with a changing climate, we develop a model of IAP management that incorporates
spatial heterogeneity and downstream dispersal and can be calibrated to habitat suit-
ability data at a coarse scale. We utilize parametric dynamic programming techniques
to quickly and efficiently compute an approximation to the optimal policy. As a case
study, we calibrate the model to simulate the management of water-primrose (Ludwigia
spp.) in the Willamette River basin, Oregon, USA using data from a climate-sensitive
habitat suitability model trained on occurrence data for water-primrose. We find the
climate change model implies differential changes across different segments of the river
system. Accounting for spread in the management model leads to an optimal manage-
ment policy that differs from the naive one that allocates management in proportion to

the climate change-induced differences.
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Chapter 1

ZOOM CALLS AND REVENGE TRAVEL: PANDEMIC-INDUCED
CHANGES TO DEMAND FOR US DOMESTIC AIR TRAVEL

August 13, 2024



The market for air travel was among the industries most affected by the COVID-19
pandemic. Business and media commentators have speculated about numerous changes
to the industry including the decline of business travel and the rise of pandemic-induced
“revenge travel.” Empirical investigation of these claims is complicated by carriers’ ris-
ing fuel and labor costs and the endogeneity of flight frequency decisions. I analyze
these claims in US domestic air travel in 2022 relative to 2019 using a structural model
of air travel demand that assumes heterogeneity in consumers takes two forms: business
travellers and leisure travellers. I endogenize the number of daily departures on a given
route to account for changes in fuel cost that may affect carriers’ flight frequency deci-
sions. I find that both consumer “types” became less price-sensitive and average price
elasticity increased. There was a large shift in the share of passengers from “leisure”-
type to “business”-type. I interpret this as evidence that many leisure travellers behaved
as business travellers during 2022 — forgoing their usual concerns about price to partake

in revenge travel.

1.1 Introduction

The market for air travel was among the industries most affected by the COVID-19 pan-
demic. Global travel decreased drastically as many practiced social distancing to limit
their exposure to the virus. Additionally, governments worldwide imposed travel re-
strictions into and out of their countries. The result was a 50% decrease in available
airplane seats and 2.7 billion less passengers flown in the year 2020 than in 2019.! In the
US, domestic enplanements decreased 28% between 2019 and 20207, provoking Congress
to pass several pieces of legislation aimed at supporting the struggling industry. Over
the course of 2020 and 2021, Congress authorized the Treasury to issue over $50 billion

in loans to US airlines.? Figure 1.1 plots US domestic enplanements over the years 2019-

1Source: International Civil Aviation Organization
2Source: Bureau of Transportation Statistics

3Source: US Department of the Treasury



2023. By 2022, enplanements had not yet fully recovered. In the last three quarters of the
year, the number of enplaned domestic passengers was still 5.8% lower than the corre-
sponding quarters in 2019 and major airlines such as American, United, and Southwest
reported negative net income.*

On its face, this appears to be an, as yet, incomplete recovery. However, many at-
tribute the continued weak demand and poor financial performance not only to linger-
ing effects of pandemic restrictions, but also to a permanent change in the behavior and
preferences of business travellers. These travellers are now said to substitute “Zoom” or
other videoconferencing calls for meetings where travel may have once been prominent.
Since the pandemic induced mass adoption of videoconferencing technology, many be-
lieve this has permanently altered the nature of business travel demand.

Decreased business travel demand is a problem for airlines, as business travellers
are observed to have lower price-sensitivity than leisure travellers. On the other hand,
easing of pandemic restrictions and widespread vaccination status has precipitated dis-

cussions of so-called “revenge travel.””

This describes a phenomenon where consumers,
prevented from vacationing over a long period, suddenly increase their consumption
of travel to “make up for” lost vacation experiences. This suggests there may be two
countervailing effects of the post-lockdown environment on air travel demand: one of
decreasing price-insensitive business travel, and one of increasing price-sensitive leisure
travel.

Disentangling these effects is further complicated by the fact that airlines faced sig-
nificantly higher operating costs during and after the pandemic. Fuel costs rose due
to geopolitical instability and carriers experienced labor shortages. The labor shortages

were due in part to a pre-existing pilot shortage and in part to layoffs during the pan-

demic. These costs are likely to significantly effect carriers” decisions of how much to

4Source: Bureau of Transportation Statistics

5See, for example, “’Revenge travel’ is surging. Here’s what you need to know” by Manuela Lépez
Restrepo, from NPR.org (2022)
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Source: Transportation Security Administration

fly on a given route (their flight frequency), all else equal, so any empirical investigation

needs to account for this.

In this paper, I investigate the substantial differences in the market for US domestic
air travel in 2022 relative to 2019 using a structural model of air travel demand that
assumes heterogeneity in consumers takes two forms: business travellers and leisure
travellers. I endogenize the number of daily departures on a given route to account for
changes in fuel and labor costs that may affect carriers’ flight frequency decisions. I use
this model to analyze claims of decreasing business travel and “revenge travel” in the
wake of the COVID-19 pandemic, and their effect on airline profits. I find that both

consumer “types” became less price-sensitive and average price elasticity decreased in



absolute value. There was a large shift in the share of passengers from “leisure”-type
to “business”-type. I interpret this as evidence that many leisure travellers behaved as
business travellers during 2022 — forgoing their usual concerns about price to partake
in revenge travel. I also conduct counterfactual analyses to examine the effects of these
changes on airlines” profits. I show that the change in demand was relatively more
important than the change in cost to for airline profits in 2022.

The paper is organized as follows: Section 1.2 reviews the literature, Section 1.3
develops the model, Section 1.4 describes the data, Section 1.5 reports results and coun-

terfactual estimates, and Section 1.6 concludes.

1.2 Related Literature

My work contributes to two distinct strands of literature: structural models of demand
and competition in air travel markets and studies concerning the impacts of the COVID-
19 pandemic on economic activity. I consider each of these in turn.

Several papers have investigated demand for air travel using structural estimation
methods. Most studies in this field rely on a key insight due to Berry [1990] that a
carrier’s presence at an airport (measured by the number of markets they serve out of
that airport) is an important determinant of demand for their flights in that market.
This allows researchers to use airport presence as a measure of product differentiation,
facilitating the use of structural demand models. One of the seminal works in this vein
is Berry et al. [2006] (BCS) who applied a random coefficients logit model in the style
of Berry et al. [1995] (BLP) to aggregate US ticket data. Using this model, they find an
airline can charge a premium for flights out of their hubs because of price-insensitive
business travellers who value the airline’s airport presence. They also find evidence of
considerable economies of density from airlines” hub-and-spoke networks.

BCS employed two techniques that would become widely used in air travel demand

estimation. The first was their decision to model consumer heterogeneity as coming



from differences between two discrete types of consumers, which they interpret as busi-
ness and leisure travellers. This interpretation comes from the widely documented ob-
servation that business travellers are relatively less price-sensitive and relatively more
connection-averse than leisure travellers. Business travellers do not generally pay for
tickets themselves, instead they may book a flight and bill their company, hence their
lower responsiveness to price. The second technique used by BCS was to allow for
correlation between price and unobserved ticket characteristics like advance-purchase
requirements and Saturday night stayover rules (more common in the 1990’s than today)
by incorporating an unobserved product characteristic term into the consumer’s utility
function. In estimation, this is treated as a product-specific econometric error (see Berry
[1994]).

My paper closely resembles work by Berry and Jia [2010]. These authors estimate
demand for US domestic air travel in two years, 1999 and 2006, and compare the esti-
mates in between the two. They seek to explain the causes of legacy carriers” low profits
in the first decade of the 21st century. They find that consumers became more price
sensitive and more connection averse and that this accounts for most of the decrease in
airlines” profits. The entry and expansion of several low-cost carriers such as Southwest
and JetBlue was another contributing factor.

Ciliberto and Williams [2014] use a similar structural demand model to estimate the
competition softening effects of multi-market contact. They relax the Bertrand-Nash pric-
ing assumption common in BLP-style models and instead allow the markup to depend
on an estimated “conduct parameter.” This parameter summarizes the extent to which
firms internalize the effects of their own pricing decisions on rivals” products. They find
that this conduct parameter is positively correlated with the number of markets in which
two firms compete and conclude that multi-market contact facilitates tacit collusion.

Several papers find that fixed costs and entry decisions are important aspects of
competition and price setting in airline markets. This literature has roots in Berry [1992]

but several developments have been made since then. For instance, Ciliberto and Tamer



[2009] develop a model of entry where firms with unique identities make simultaneous
entry decisions in travel markets. They estimate the payoff functions of carriers and find
that legacy carriers have different “competitive effects” on rivals” profits than low-cost
carriers. Ciliberto et al. [2021] extend this model to one of simultaneous entry and price
setting. They show that if there exists correlation between firms’ fixed cost and demand
unobservables, traditional demand estimation will be biased. Li et al. [2022] estimate
a model of sequential product choice and price competition in airline markets. They
allow firms to first choose whether to offer nonstop or connecting service, then decide
on prices. They use the estimated parameters to conduct merger simulations that closely
match results of observed mergers. Finally, Aguirregabiria and Ho [2012] use a dynamic
model of oligopolistic competition to show that the sunk entry cost in an airline market
declines with the number of flights offered out of the endpoint airports.

My model does not estimate fixed costs but rather the slope of fixed cost with respect
to product characteristics. I use the method described in Fan [2013], who endogenizes
product characteristic decisions in the US newspaper industry. To my knowledge, this
is the first study to incorporate endogenous product characteristics to a static demand
model in the airline industry. For a more general treatment of endogenous product
characteristics in static demand models, see Petrin et al. [2022].

My research also relates to work on the COVID-19 pandemic and its impact on eco-
nomic activity. Recent years have produced an especially large amount of work on this
topic and I do not attempt a complete review here. Instead, I highlight work related to
consumption during and after the lockdown phases of the pandemic. For an extensive
literature review, refer to Brodeur et al. [2021].

Much pandemic-related literature has focused on the effects of the virus on consump-
tion. Chetty et al. [2020] analyze the heterogeneity of changes in consumption at the on-
set of the pandemic and find that high-income individuals reduced their consumption
sharply in 2020. This led to revenue and job losses for many businesses. High-wage em-

ployment experienced a sharp decline, followed by a relatively quick recovery, whereas



low-wage job losses persisted into 2022.

Kapetanios et al. [2022] study policy interventions intended to encourage social dis-
tance during the pandemic and their effect on consumption. They find that, for Dutch
citizens, the spread of the virus caused a drop in consumption early in the pandemic, but
this effect disappears as the pandemic went on. Coibion et al. [2020] find that differential
lockdown policies across US counties explain differences in expected employment, infla-
tion, and mortgage rates. Bounie et al. [2020] use transaction and bank data from France
to document virus-induced changes in consumption in the country. They find a sharp
reduction in consumption in the early stages of the pandemic but a strong recovery over
the following year.

Several papers from travel and marketing disciplines have also considered the specific
phenomenon of “revenge spending” after social distancing phases of the pandemic. For
instance, Zaman et al. [2021] survey a sample of international travellers and find a pos-
itive association between pandemic fatigue and “revenge travel” motivations. These are
motivations for travel that include “escape from the psychological pressure, daily rou-
tines, and rules that resulted from the pandemic.” Additionally, Gupta and Mukherjee
[2022] survey a sample of Indian consumers and find that revenge buying was associated

with feelings of autonomy need frustration in consumers during the pandemic.

1.3 Model

I consider a structural model of oligopolistic competition between airlines in the style
of Berry et al. [1995]. My model follows other demand analyses of air travel, namely
BCS (2006), Berry and Jia (2010), and Ciliberto and Williams (2014). Airlines compete
for travellers in markets composed of an origin and destination pair. Flight products are
differentiated by fare, nonstop status, and frequency. Other variables that affect demand
such as time of departure and number of days until departure at the time of purchase

are unobserved and are thus modelled as a product-level unobservable. The specifics of



the model are outlined below.

1.3.1 Demand

In what follows, consumers are indexed by i, products by j, markets by m, and time
periods by t. Let J,;; denote the number of products in market m in time period t. There
are two discrete types of consumers, with types indexed by r. For consumer i of type r

in market m, at time ¢, utility for product j is given by

Wijmt = XjmtBr — &rPjmt + Cjmt + Vimt(A) + Aeijme,

where xj,,; is a vector of product characteristics for product j, pjs is product fare, B,
and «, are consumer type r’s taste parameters for nonprice characteristics and price,
respectively, ¢, is an unobserved (to the researcher) product characteristic, and vj,,; (1) +
Agijmt is an error term that generates nested-logit preferences. The nesting parameter
A € [0,1] governs substitution between product nests. There are two nests: one that
comprises all products in a market and another that consists only of the outside good
of not purchasing a flight. The deterministic portion of utility for the outside good is

normalized to zero. Hence, utility from not purchasing a flight is given by

Uiomt = Eiomts

where €/, is a logit error.

Conditional on flying, the share of type r consumers who purchase product j is

e(xjmtﬁr*“rpjmt+€jmt)/)\
Drmt

, (1.1)

where



Jmt
Drmt = Z e(katﬁf_afpkmt""gkmt)/)\.

k=1
The share of type r consumers who purchase a flight is
DA

——rmt_ 1.2
1+ D} (1.2)

rmt
Putting together equations (1.1) and (1.2) and aggregating across consumer types, the

market share of product j in market m is given by

(x]'mtﬁr_"Crpjmt""éjmt)/)L D/\

2
e
| ’ - ’9 _ rmt ,
S]mt(xﬂ?t Pmt é]mt d) E'}’r Dyt 1+ Diatmt

where 1, is the proportion of consumers of type r in market m and 6; = (B,a, A, 7y) is
the vector of demand parameters. Following BCS (2006) and Berry and Jia (2010), -, is
assumed to be constant across all markets.

I add carrier and time fixed effects to control for correlation in consumers’ preferences
within the same carrier and across time. Thus the unobserved component of mean utility

for product j can be represented as

Agjmi.‘ = ijt - djmt(,br

where d;;,; is a vector of carrier and time period dummy variables.

I can then invert the market share equation to obtain the vector of demand unob-
servables, Ag;;,;. Because preferences are specified as a random coefficients nested logit
model, I use a modification of the BLP contraction mapping (see Grigolon and Verboven
[2014] for details). Specifically, each step T + 1 of the iteration is “dampened” by the

nesting parameter, A. For example, the T + 1 step is calculated as

Aé]Tnj;l = Aé]Tmt + /\[ln Sjﬂli —In Sjmt(xjmt/ ijt/ ‘:}'Tmt/ Qd)] .
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Let zj,; denote a vector of instruments. The model satisfies the moment condition

E[Agjmt|zjme] = 0,

which, in turn, implies

Eh(zjmi ) AGjmt] = 0, (1.3)
for some function () of the instruments. Ticket fare, pj,, is endogenous in this model
and hence left out of the instrument vector, zj,,.

1.3.2  Supply

Airlines are assumed to compete in a static Bertrand-Nash price game. This implies that

prices are set at a markup above marginal costs:

Pmt = MCpyt + A_lsmt, (1.4)

where A is a matrix whose (j, k)-th element corresponds to

0sj
Ay = —a—P;c - 1{product j and k are produced by the same firm}.

Thus I can recover the market-level vector of marginal costs from the equation

-1
MCyt = Pt — A St

Marginal costs are then parameterized as

MCimt = [wjmt/ djmt]lllj + Wimt,

where wj,;; is a vector of observable cost-shifters, i is a vector of parameters, and w;;

is a product-level structural error term.
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The model implies the following moment conditions:

IE[wjmt|ijt] =0,

which, as in the demand side, are used to construct

]E[h(zjmt)wjmt] =0. (1.5)

Finally, carriers’ flight frequency decisions are endogenous. Let x{mt be flight fre-
quency for carrier j in market-quarter mt. I assume that they choose their flight frequency
for each market before choosing prices, thus their first order condition for frequency sets
the derivative of the profit function equal to 0. I further assume that fixed costs, FC, are

a quadratic function of frequency. The optimality condition is given by

At omc; oFC;
j[mt _ Z apl}mt o f]mt Mmtskmt + (pkmt — mckmt) My as}}mt - fJMt (16)
dxfmt ked | axjmt axjmt Xjmt | Xjmt
d OMC iyt ds
= Z apl}mt - 5 f]m MumtSkmt + (Pkmt — MChmt) Mmtﬁ — T~ Tlx{mt — Ujmt
keJ, I x].mt xjmt xjmt_
(1.7)
_o, (1.8)

where M,;;; is market size in market-quarter mt, 1y and 7 are fixed cost parameters to be
estimated, and vjy,; is a structural error. These first-order conditions imply the third and
final moment condition

E[Ujmt|zjmt] =0,

which can be taken to data with the following unconditional moment:



12

]E[h(zjmt)vjmt] =0. (1.9)

Calculating the gradient % in (1.6) is not straightforward. To do this, I follow Fan
(2013) and assume the pricing]n;unction is smooth in response to changes in character-
istics. I then take the derivative of (1.4) with respect to frequency. Since (1.6) is the
tirst-order condition for the observed product characteristics, the derivative only needs

to be calculated at the values of these observed characteristics.

1.3.3  Consumer Type Interpretation

Consumer heterogeneity is modelled by assuming each consumer is one of two types. In
the air travel demand literature (BCS (2006), Berry and Jia (2010), Ciliberto and Williams
(2014)), these types are interpreted as leisure and business travellers. This assumption
derives from a desire to fit a documented difference in preferences between the two
consumers in a parsimonious way. Leisure travellers are generally considered to be more
price sensitive than business travellers and business travellers more connection averse.
Thus I allow coefficients on three variables to vary with type: fare, nonstop status, and a
constant.

Note that while this interpretation is convenient for my purposes, I do not have data
on the actual share of business and leisure travellers. More generally, the types can be

considered price sensitive and non-price sensitive types, respectively.

1.4 Data

The data I use comes from three sources. The first is the DB1B Origin and Destina-
tion Survey, a 10% sample of all domestic airline tickets in the US for a given quarter
published by the Bureau of Transportation Statistics (BTS). The DB1B contains data on
individual tickets including the fare, connection, and ticketing and operating carriers.

The second source is the Airline On-Time Performance Data, also published by the BTS,
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from which I derive a measure of flight frequency. Finally, demographic data comes

from US Census Bureau.

1.4.1 Sample Selection

I use data from the second, third, and fourth quarters of 2019 and 2022. This allows
me to compare demand from before the pandemic, with demand after leisure travel
is said to have mostly recovered.® Using data from multiple quarters allows for more

heterogeneity in choice sets, which aids in identifying the type parameter, ;.

I drop tickets with unrealistic fares such as those below $30 or above $3000 or whose
credibility has been questioned by the BTS. I also drop itineraries with more than one
ticketing carrier, more than 2 connections on a leg, or those that include ground trans-
portation. Finally, I drop carriers from markets that do not represent a competitive
presence in that market. In practice, this means I drop carriers that transport less than

100 passengers in a market-quarter.

I define a market as a directional trip between two airports. Thus SEA-JFK is a
different market than JFK-SEA. I restrict attention to airports in metropolitan areas with
populations greater than 1 million. I also focus on markets whose endpoints are at least
150 miles apart. On-Time Performance Data contains carriers with at least 0.5% of all
domestic service scheduled passenger revenue. The only carrier that does not meet this
threshold but has a significant market share in the data is Sun Country, which has a
hub at the Minneapolis-St. Paul airport. Thus I drop markets that involve Minneapolis-
St.Paul as one of the endpoints. Finally, if a metropolitan area has more than one airport,

I treat each as part of a separate market.

%See Belaich and Pisani-Ferry (2022) for evidence of this claim
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1.4.2  Product Definition

A product is a unique combination of carrier, fare, and nonstop status. A carrier can offer
at most two products in a market, a nonstop flight and a connecting flight. Unlike Berry
and Jia (2010), products are not differentiated by connecting airport. Also unlike Berry
and Jia (2010), who account for product heterogeneity by creating separate products
for different fare values, I follow Ciliberto and Williams (2014) and define a product’s
fare to be the mean fare over all tickets sold by the carrier in the market for a given
nonstop status. I use this definition because the Berry and Jia (2010) definition is prone
to a selection problem where demand shocks induce entry for certain products. Thus,
due to Ciliberto, Murry, and Tamer (2021), estimation will be biased under this product

definition.

1.4.3 Exogenous Variables

Nonprice variables are flight frequency, the size of a carrier’s network, market distance,
hub status of the endpoint airports, whether either of the endpoint airports is slot-
controlled, and the number of nonstop markets served out of the endpoint airports.
Flight frequency is measured as the number of daily departures in a quarter, as reported
in the BTS Airline On-Time Performance data. For connecting flights, I measure fre-
quency as follows: for an observed itinerary leg between airports A and C, connecting
through airport B, if a flight departs B for C at least 45 minutes and no more than 4
hours after a flight arrives at B from A, I count it as one connecting departure from A to
C. I then sum over all such combinations to find a measure of connecting frequency. If
there are multiple possible connections after the flight from A to B, I only count one.

As is well documented in the air travel literature (see e.g. Berry (1992)), the size of
a carrier’s network at a particular airport is an important determinant of demand for
that carrier. This is due to the value of frequent flyer miles for that carrier operating out

of that airport. Thus I incorporate network size into consumers’ utility. In constructing
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the network size variable for a particular carrier-airport pair, I follow Aguirregabiria and
Ho (2012) and sum over the populations of the endpoints of every market served by the
carrier out of that airport. Defining network size in this way serves two purposes: 1)
higher population areas are likely to be visited more frequently and thus matter more
as a destination to consumers who may be deciding which frequent flyer program to
join, and 2) it is less correlated with the number of nonstop destinations served out of
an airport than is the number of total markets served. This second point allows me to
use the number of nonstop destinations served out of the endpoint airports in a market
as supply side cost shifters.

I include both distance and its square. It is widely recognized in air travel demand
estimation that air travel demand’s response to distance is hump-shaped (see e.g. Berry
and Jia (2010)). At short distances, air travel competes more heavily with other forms of
transportation, such as bus and rail, than at long distances. In addition, when the length
of travel is too long, travel itself becomes less desirable.

Hub status and slot-controlled status are dummy variables equal to one if either
endpoint is a hub or slot-controlled, respectively. Flying through a hub airport could
plausibly impact the marginal cost of a product either positively or negatively. If hubs
are very congested, flying through a hub may increase marginal cost. If hubs lead to
economies of density (as estimated in BCS (2006)), flying through one could decrease
marginal cost. If an airport is slot-controlled, this means the Federal Aviation Admin-
istration assigns carriers certain time slots to take off and land. Slot-controlled airports
have high traffic and are capacity-constrained, thus flying through one should increase
marginal cost.

I use the number of nonstop destinations served out of the endpoint airports as
determinants of supply. The justification for this is that the more destinations offered
at a certain airport, the more the carrier must pay in personnel costs and gates. I also
include a dummy variable in the cost equation that is equal to one when a market is

less than 1,500 miles. This is because carriers use different planes and perhaps regional
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codeshare partners for short distance flights (Forbes and Lederman [2007]).

Finally, I follow standard practice in transportation demand studies and define the
market size as the geometric mean of the metropolitan populations at the endpoints in
the market.”

I take all nonprice variables as exogenous.® This assumption is true when equilibrium
is a result of a game where carriers first decide on product characteristics and then
decide on price. This also assumes that carriers take the network structure as given.
This assumption seems reasonable given the large fixed costs that go into creating and
maintaining a hub. A carrier is unlikely to substantially change its network in response
to a competitor’s price change in a single market.

Tables 1.1 and 1.2 report summary statistics by year for products and markets, re-
spectively. Means and standard deviations are broadly similar between both years. The
exceptions are the daily departures and passengers variables, which decreased signifi-
cantly from 2019 to 2022. There are 55,150 total products in 13,129 market-quarters in
2019 and 58,152 products in 13,580 market-quarters in 2022.

Table 1.3 reports summary statistics by carrier. Most carriers increased their fares
slightly from 2019 to 2022 with small increases in dispersion. Carriers entered about the
same number of markets, except for Southwest, which enters considerably more markets

in 2022.

1.4.4 Instruments

Price is an endogenous variable in my model and must be instrumented for. As instru-
ments, I use BLP-style “markup shifters” that serve as measures of a product’s isolation

in the characteristics space. These are:

* The exogenous product characteristics, x;

7For an alternative measure of market size, see Li et al. (2022)

8Berry and Jia (2010) model flight frequency as an endogenous variable. I find this assumption does
not make a significant difference in my parameter estimates
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2019 2022
Statistic Mean SD Mean SD
Fare (2022 $100) 2.83 0.92 2.82 1.02
Market share 0.001 0.002 0.001 0.002
Daily departures 7.66  7.80 598  6.25

Origin network size (10 million people) 2782 793 2779 749
Dest. network size (10 million people) 27.84 7.90 27.79 7.48

Nonstop 0.23 0.42 0.23 0.42
Distance (thousands of miles) 1.26 0.66 1.26 0.65
Hub 024 042 023 042
Slot 0.08  0.27 0.08  0.27
Obs. 65,016 65,610

Table 1.1: Product characteristics means and standard deviations.

Notes: Network size is the sum of populations at the endpoints of each market the carrier
serves out of that airport. Hub = 1 if either endpoint is a hub for the carrier that owns
the product. Slot = 1 if either endpoint is a slot-controlled airport.

* The exogenous cost shifters, w;
* The sums of rival network size, nonstop frequency, and connecting frequency

e Route-level variables such as the number of carriers in a market, the number of
low-cost carriers in a market, the number of nonstop products in a market, and the

market size

These are correlated with price through their competitive impact on a product’s markup,

but are uncorrelated with the unobserved component of utility, thus valid instruments.

1.4.5 Model Limitations

The model has several limitations. One, pointed out by Berry and Jia (2010), is it cannot
account for differences in price due to airlines” revenue management pricing strategies.

In short, revenue management implies that airlines intertemporally price discriminate —
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2019 2022

Statistic Mean SD Mean SD
Products 3.85 2.14 3.99 2.23
Carriers 3.29 1.59 3.41 1.66
Passengers (thousands) 16.59 28.92 15.79  26.70
Nonstop passengers (thousands) 13.99  28.31 13.28  26.13
Market size (millions) 3.54 2.45 3.60 2.48
Market-Quarters 16,866 16,445

Table 1.2: Market characteristics means and standard deviations

they sell a fixed number of seats for a low price, then raise the price as more seats are
sold.?. This, along with other ticket characteristics that certainly affect demand, such
as time and day of the week of the flight, are not observed in my dataset. Thus, I
assume that any impact this has on mean fares is captured by the unobserved product
characteristic term, ;.

Second, I do not observe the consumer’s choice set. It is probable that all products
observed in a market will not be available to a consumer at the time of purchase. Further-
more, the prices in a consumer’s choice set likely differ from the mean fares I calculate
in my dataset. Unobserved product availability will likely bias my coefficient estimates.
I follow Berry and Jia (2010) and assume that product availability is also captured by the
unobserved product characterisitics term. Those authors show that the bias due to this
assumption is likely to be small when the share of the outside good is large, as is the
case here.

Finally, my model does not allow me to estimate fixed costs. Only the slope of the
fixed cost equation with respect to frequency is estimable. This is problematic for two
reasons. The first is that estimates of profit can only be interpreted as variable profits.

The second and more substantial concern is that if fixed costs are correlated with the

For an empirical investigation of the welfare effects of these strategies, see Lazarev [2013]



19

2019 2022
Carrier # of Markets Mean Fare SD Fare # of Markets Mean Fare SD Fare
American 13,824 2.79 0.74 13,125 2.81 0.79
Alaska 1,301 2.22 0.70 1,293 2.49 0.76
JetBlue 1,480 2.35 0.78 1,663 2.29 0.90
Delta 12,551 2.75 0.81 12,112 2.85 0.93
Frontier 2,850 0.98 0.24 2,992 1.06 0.32
Allegiant 660 0.95 0.22 747 0.95 0.24
Spirit 2,059 0.93 0.23 2,700 1.18 0.38
United 10,713 2.85 0.76 10,078 2.80 0.88
Southwest 10, 096 2.13 0.51 11,393 1.95 0.61

Table 1.3: Carrier summary statistics
Note: Mean and standard deviation of fare is weighted by passenger

demand shock, (;‘j, parameter estimates will be biased. This is due to a selection prob-
lem where firms with both low fixed costs and high demand shocks enter the market.
Assuming ¢; is conditionally mean zero is hence violated. Although this is a concern in
airline markets,!? I have roughly the same number of products per market in 2019 and
2022 with about the same amount of dispersion. This suggests that entry rates are not
significantly different between the two years and that parameter estimates should still

be broadly comparable.

1.5 Results

In this section, I present estimates of the parameters of the model in Section 1.3, along
with elasticities and profits, followed by counterfactual analyses. I estimate the model
by first forming the sample analogues of the moments in (1.3) and (1.9). I then stack the
moments and perform two-step GMM to recover the parameter estimates. I allow for

arbitrary correlation between the demand and supply unobservables within markets. In

10gee Ciliberto et al. (2021) for a discussion on this point.
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practice, this affects the construction of the second step weight matrix and calculation of
the standard errors. In what follows, I interpret the first consumer type as the “leisure”

or price-sensitive type.

1.5.1 Demand Parameters

Corresponding with the conventional wisdom that business travel demand has weak-
ened since the pandemic, I expect the coefficient on fare for the business type to be
larger in absolute value in 2022. I also expect the type parameter, 7y, which is inter-
preted as the share of leisure travellers, to be larger in 2022. This is associated with a
scenario where business-type consumers drop out of the market and leisure-types enter

the market.

I also expect results to be similar to previous demand estimation studies in find-
ing that utility for all consumers increases with a nonstop flight, network size, and the
number of daily departures. Ultility is expected to respond to distance following an
upside-down parabola, as air travel competes with ground travel at short distances, and
travel becomes undesirable at long distances.

Finally, note that coefficient estimates are, in general, not comparable across logit
models estimated on different data. This is because the parameters indicate the impor-
tance of a variable to a consumer’s decision relative to the unexplained variance in their
decision. Since I estimate two models in broadly the same markets for different time
periods, I expect the magnitudes of the coefficients to be similar. However, comparisons
should be interpreted as rough approximations to the actual differences. I report more
rigorous comparisons below using elasticity estimates.

Columns 2 and 3 of Table 1.4 report demand parameter estimates for 2019 and 2022,
respectively. For both consumer types, the fare coefficient decreased. Leisure-type con-
sumers saw a drop from —4.48 to —5.38 and business-type from —0.51 to —0.34. This

suggests that consumers across the board became more price sensitive. The coefficient
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on nonstop is positive for both types in both years but decreases significantly between

the years for the leisure type.

Estimates of the type parameter, v, differ significantly from my expectations. While
the values of the coefficients of the share equation are not particularly informative, they
imply that 31% of passengers were leisure travellers in 2019 and only 8% were leisure
travellers in 2022. The Bureau of Transportation Statistics reports that roughly 20% of
domestic air travellers are traveling for business so this result casts doubt on the interpre-
tation of the two types as leisure and business travellers. Instead, this can be rationalized
with a situation where both business and leisure types were relatively price insensitive
in the strong macroeconomic environment of 2019. After the pandemic shock, a small
group of travellers became much more price sensitive, whereas another group of trav-
ellers undertook “revenge spending,” which is described by Nguyen and Chao [2021]
as a “situation in which the demand for specific goods and services suddenly skyrock-
ets and remains high for an extended period of time.” This is commonly attributed
to demand for goods and services after the pandemic as consumers who saved dur-
ing the lockdown phases of the pandemic increase their consumption heavily after the
lockdown phases end. In this scenario, the consumer types lose their interpretation as
leisure and business travellers and are more appropriately described as price-sensitive

and price-insensitive types, respectively.

The nesting parameter changed significantly, as well. In 2019, it was 0.72 while in
2022 it was 0.84, suggesting that flight products became less close substitutes for each
other in 2022. This, along with a decrease in the magnitude of the coefficient on flight
frequency, may be because of carriers offering less flights in 2022. Consumers may have

a particular flight schedule in mind and only purchase flights on that schedule.

Other demand parameters — network size, distance, and its square — all had the
expected sign. Marginal utility from distance became negative at around 5,400 miles in

2019 and around 2,100 miles in 2022, suggesting consumers valued shorter trips in 2022.
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1.5.2 Cost Parameters

Marginal cost is specified as a linear function of eight variables: distance, nonstop sta-
tus, the number of daily departures, the number of nonstop destinations the carrier
flies to out of both endpoints and short-distance, hub, and slot-controlled dummy vari-
ables. I have strong expectations for the signs of three cost-side parameters: distance,
slot-controlled dummy variable, and short dummy variable. I expect marginal cost to in-
crease with distance and slot-controlled airports as the amount of fuel required is higher
for longer distance flights and slot-controlled airports are more highly congested so there

are probably higher landing fees.

Fixed costs are assumed to be quadratic in the number of daily departures. I estimate
the slope of the fixed cost function at the observed characteristics, which is expected
to be positive. Carriers are expected to have higher costs of maintaining airport gates,
higher payroll, and higher opportunity cost of the use of planes when they have higher

flight frequency on a given route.

Marginal costs may either increase or decrease with hub, daily departures, destina-
tions, and nonstop status. Carriers may be able to capture higher economies of density
with hubs and other airports where they have large operations but they may also have
higher personnel and/or gate costs at these airports. Similarly, economies of density
may also be captured from connecting flights or increased flight frequency but a large
fraction fuel is consumed during takeoff and landing. So increased flights — whether by

the scale of operation or through more connections — may increase marginal costs.

Cost-side parameter estimates are reported in columns 2 and 3 of Table 1.5. Signs are
largely as expected, save for short, which one would expect to decrease marginal costs.
Coefficients on distance, nonstop, daily departures, and extra miles increased from 2019
to 2022. This is expected if fuel costs are higher in 2022 than 2019. Interestingly, signs
change the constant and slot-controlled airports between 2019 and 2022. The coefficient

on hub is also not significant in 2022. Together, these tell a story of flights out of large,
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connected airports becoming less costly in 2022. Finally, the coefficients for the slope of
fixed costs are small but significant. In addition, increasing daily departures increases
fixed costs over the relevant range for both years. The effect is small, most likely due to

the fact that most of the cost of daily departures is conceptualized as marginal cost.

1.5.3 Elasticities and Marginal Costs

Elasticity estimates are given in the first three rows of Table 1.6. Two price elasticities are
reported: the aggregate price elasticity, which is the percent change in demand for all
products if the price of all products rise by 1%, and the median product price elasticity.
These largely confirm the findings discussed over the demand parameters. Aggregate
price elasticity rose from —2.87 to —1.17. Type 1 elasticity increased from —6.48 to —5.24
and the corresponding values for the type 2 consumer are —1.32 and —0.81. Median
price elasticities are much smaller, as we would expect due to the effect of competition.
My overall price elasticities are within the range of those found in Berry and Jia (2010)

and Ciliberto and Williams (2014).

Nonstop semielasticity is defined as the percentage change in demand when the
nonstop variable of a flight product is changed from 0 to 1 and estimates are reported in
rows 4-6 of Table 1.6. An increase in overall nonstop semielasticity from 2.32 in 2019 to
5.25 in 2022 indicates that consumers cared relatively more about taking nonstop flights
in 2022 than they did in 2019. This could perhaps be explained by consumers being
more averse to spending time in airports in 2022. Consumers may perceive airports as
places with a large risk of COVID-19 transmission and so wish to avoid exposure by
taking more nonstop flights. Broken down by type, the more price sensitive consumer
was relatively less likely to value nonstop flights than the price-insensitive consumer
(semielasticities of 0.20 and 13.26 in 2019 and 0.79 and 10.57 in 2022). It is apparent that
the increase in willingness-to-pay for nonstop flights in 2022 is driven primarily by the

shift from price-sensitive to price-insensitive consumers.
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Estimates of marginal costs are reported in the last three rows of Table 1.6. Average
marginal costs decreased from 2019 to 2022 from 181 to 53. Marginal costs are higher
for connecting flights than for nonstop flights. The decrease in marginal costs as well as
the presence of a large number of negative marginal costs in 2022 raises the concern of
misspecification of the markup equation for that year. It’s plausible that in the high fuel
cost, labor-constrained environment of 2022, costs are not well fit by the supply side of

the model. More research is needed to investigate this finding.

1.5.4 Profits

Estimated average variable profits per market for both years are reported by carrier in
Table 1.7. Despite large changes to demand and supply during the period, average
profits increased 118% across all carriers between 2019 and 2022. Most of the legacy
carriers’! and Southwest experienced increases in average profit between the two years.
Low-cost carriers saw only small changes in average profits. Note, however, that profits
cannot be interpreted as total profits, as I do not observe fixed costs. If higher fuel and
labor costs can be interpreted as fixed over this time period, it is likely that carriers’ true

profits were much lower in 2022.

1.6 Conclusion

This study employs a differentiated products discrete choice model to estimate demand
for air travel between 2019 and 2022. To account for the endogenous nature of flight
frequency, I allow for carriers to choose flight frequency before making price decisions.
This is incorporated via the method described in Fan (2013).

I find that consumers became less price sensitive in 2022 relative to 2019, before the

" egacy carriers are those that were in operation before airline deregulation and are composed of
American, Alaska, Delta, and United. They are defined in contrast to low-cost carriers who entered the
air travel industry since deregulation and are generally associated with cheaper fares and lower quality
service.
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COVID-19 pandemic. Moreover, changes in demand are explained by large changes in
the types of consumers traveling. In 2019, 31% of consumers were relatively price sensi-
tive (elasticity of —6.48) compared to 69% who were less so (elasticity of —1.32). In 2022,
both consumers became less price-sensitive (elasticities of —5.24 and —0.81, respectively)
and the share of the most price sensitive consumers dropped to 8%. I attribute this
change to one in which many leisure travellers partake in “revenge travel” after staying
home for long periods during the pandemic, thus decreasing their price-sensitivity. In
addition, consumers value nonstop flights more in 2022 than in 2019, which I attribute to
decreased willingness to be in crowded airports. Despite these changes, carrier variable
profits grew 118% between the two years, although counterfactuals show profits would
have been much higher in 2022 under 2019 demand. I also raise concerns about the abil-
ity of the BLP-style model I use to capture the cost dynamics of airlines in 2022. Negative
marginal costs in 2022 — a year marked by high fuel costs and capacity constraints for
airline — cast doubt on the pricing equation of my model. More research is needed to

investigate how to appropriately model these costs.
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Nonlinear Variables 2019 2022 Linear Variables 2019 2022
Fare 1 —4.478%*  —5.381"* | Origin Network size 0.086*** 0.090%**
(0.008) (0.040) (0.001) (0.001)
Nonstop 1 1.394*** 0.508*** Destination Network size ~ 0.086*** 0.089***
(0.015) (0.040) (0.001) (0.001)
Constant 1 —2.458**  —4.880** | Daily departures 0.021*** 0.010***
(0.043) (0.106) (0.000) (0.000)
Fare 2 —0.513**  —0.341*** | Distance 0.9471%** 0.758***
(0.003) (0.005) (0.018) (0.016)
Nonstop 2 2.018*** 2.172%** Distance? —0.087***  —0.179***
(0.014) (0.013) (0.006) (0.006)
Constant 2 —9.755%**  —11.081*** | Extra Miles —0.416**  —0.683***
(0.001) (0.072) (0.013) (0.010)
Nest param. (A) 0.720*** 0.835*** Tour —0.019 0.030***
(0.001) (0.003) (0.010) (0.009)
Hub —0.141**  —0.317***
(0.007) (0.007)
Type function (7)
Constant 0.630%** —1.078***
(0.044) (0.188)
Personal Income 0.157*** 0.171%**
(0.004) (0.010)
Type 1 share 0.308 0.084
Function value 6173 7894

Table 1.4: Demand parameter estimates for 2019 and 2022
Notes: Standard errors in parentheses.

= < 0.01, **p < 0.05, *p < 0.1

Carrier and Quarter dummy variables are included in both regressions. Their coefficient
estimates are omitted here.



Cost Variables 2019 2022
Constant 1.245%**  —(0.522%**
(0.017) (0.026)
Short 0.203*** 0.055%**
(0.015) (0.024)
Distance 0.341*** 0.613***
(0.008) (0.014)
Nonstop —0.468**  —(0.227***
(0.004) (0.006)
Short x Distance —0.139**  —0.163***
(0.008) (0.013)
Daily departures 0.001*** 0.008***
(0.001) (0.001)
Extra Miles 0.143%** 0.201%**
(0.005) (0.009)
Hub 0.033*** 0.016
(0.005) (0.008)
Slot-control airports ~ 0.060***  —0.086***
(0.005) (0.008)
Origin destinations ~ —0.000***  —0.002***
(0.000) (0.000)
Dest. destinations —0.0007*  —0.002***
(0.000) (0.000)
Slope of Fixed Cost
Constant 0.000%*  —0.000***
(0.000) (0.000)
Daily departures 0.000*** 0.000***
(0.000) (0.000)

Table 1.5: Cost parameter estimates for 2019 and 2022
Notes: Standard errors in parentheses.
**p < 0.01, **p < 0.05, *p < 0.1
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Carrier and Quarter dummy variables are included in both regressions. Their coefficient

estimates are omitted here.



Elasticity 2019 2022
Price (Aggregate) -287 117
Type 1 —-6.48  —5.24
Type 2 -132 081
Price (Product Median) —14.01 —9.53
Type 1 -16.52 —17.26
Type 2 -1.87  —1.08
Nonstop semielasticity 2.32 5.25
Type 1 0.20 0.79
Type 2 13.26 10.57
Marginal Costs 182 58
Nonstop 126 7
Connecting 199 73

Table 1.6: Median elasticities and average marginal costs
Notes: Nonstop semielasticity is the percent change in demand when a product’s non-

stop status changes from 0 to 1

Profit ($100k)

Carrier 2019 2022
American 4.11 7.84
Alaska 0.76 2.11
JetBlue 0.80 2.05
Delta 3.39 7.12
Frontier 0.12 0.46
Allegiant 0.05 0.10
Spirit 0.18 0.76
United 3.15 6.28
Southwest  3.13 8.15
Total 1.06 2.31

Table 1.7: Carrier average variable profit per market

28
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Observed Counterfactual
Carrier 2019 2022 1 2
American 3.96 5.06 28.28 4.26
Delta 324 446 2264 414
United 3.03 3.89 18.70 3.69

Southwest 2.83 3.67 29.80 3.16

Table 1.8: Counterfactual profits under 2 different scenarios

Notes: Scenario 1: 2022 product characteristics and marginal costs, 2019 demand param-
eters.

Scenario 2: 2022 product characteristics and demand, 2019 cost parameters.
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Chapter 2

COMMON OWNERSHIP AND ENDOGENOUS PRODUCT
CHARACTERISTICS: EVIDENCE FROM BANK BRANCHING
DECISIONS

Common ownership, or the phenomenon of several diversified, institutional investors
owning overlapping shares in competing firms, has recently drawn increased attention
from researchers and policymakers. Research thus far has highlighted the common own-
ership effects on pricing and entry, but the effects on non-price product characteristics
has not drawn significant attention. I aim to fill this gap by analyzing deposit mar-
ket competition. I build a structural model of bank branching decisions in the United
States and estimate the cost of a bank branch implied by two different modes of con-
duct: own-profit maximization and common ownership. I find that if banks internalize
the competitive effect of their branch networks on commonly-owned firms” profits, the
difference in implied branch cost is large. In addition, a Vuong-type model selection test
rejects the null that both own-profit maximization and common ownership explain the

data equally well in favor of the common ownership model.

2.1 Introduction

Common ownership, or the phenomenon of several diversified, institutional investors
owning overlapping shares in competing firms, has recently drawn increased attention
from researchers and policymakers. Central to this interest is whether and how much
firms soften competition due to common ownership incentives. Authors such as Azar
et al. [2018], Azar et al. [2022], and Backus et al. [2021] empirically investigate this ques-

tion in the context of price competition, finding mixed results. Less well studied is
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common ownership’s effect on non-price dimensions of competition. I analyze the im-
plications of common ownership on the market for retail deposits, specifically in regard
to bank branching decisions. I employ a revealed-preference approach similar to Pakes
et al. [2015]. I first estimate demand for retail deposits and use the resulting estimates
to generate profit differences for deviations from the observed number of branches. I
use these profit differences to construct bounds on the cost of a bank branch. I perform
this analysis under two models of conduct: own-profit maximization and common own-
ership. I find that if banks internalize the competitive effect of their branch networks
on commonly-owned firms’ profits, the difference in implied branch cost is large. In
addition, a Vuong-type model selection test rejects the null that both own-profit maxi-
mization and common ownership explain the data equally well in favor of the common

ownership model.

My finding complements Azar et al. [2022], who find that deposit rate competition is
softened by common ownership. The approach taken by these authors differs from mine
in that they assume banks tailor their deposit rates to local markets, whereas my analysis
assumes banks set uniform deposit rates across markets. I argue that this assumption is

justified based on the work of d’Avernas et al. [2023] and Begenau and Stafford [2023].

This paper contributes to the literature on structural estimation of common owner-
ship models.! This line of research involves estimating structural models of firm com-
petition under differing conduct assumptions and applying a model selection test to
determine which conduct assumption fits the model better. Backus et al. [2021] note that
this method is preferred to reduced-form methods where the analyst regresses a mar-
ket outcome variable (typically price) on the so-called modified Herfindahl-Hirschman
Index (MHHI). These types of models suffer from problems common to the structure-
conduct-performance literature generally, notably that they rely on an assumption of

Cournot competition — a restrictive assumption when the actual data-generating process

!For a thorough review of the common ownership literature in general, see Schmalz [2021].
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is characterized by product differentiation. Examples in this literature include Backus
et al. [2021] and Park and Seo [2019] for models of price competition and Ruiz-Pérez
[2019] for entry. To my knowledge, mine is the first paper to consider non-price product
characteristics as a strategic variable in a common ownership setting. This paper is also

the first to use a conduct test based on moment inequalities, leveraging a contribution

made by Shi [2015] and Hsu and Shi [2017].

This paper is also related to the large literature on retail deposit competition. I use
a structural demand model similar to the seminal paper by Dick [2008] and used by
authors such as Egan et al. [2017], Xiao [2020], and Egan et al. [2022]. I also consider a
revealed preference approach to estimating the costs of branches, an approach previously
considered by Aguirregabiria et al. [2016]. Their application studies how banks manage
their branch network to mitigate geographic risk. In contrast to their model, I abstract
from situations where banks may face economies of scale or density in their branch

network and I emphasize tractability so as to feasibly perform the conduct test.

The paper is organized as follows. Section 2.2 provides background on common
ownership and institutional characteristics of deposit markets. Section 3.2 builds the
model. Section 2.4 presents my data. Section 2.5 discusses the results. Section 2.6

concludes.

2.2 Background

2.2.1 Common Ownership

I first set up the model of firm decision making under common ownership. I assume
that in a given market m, there are L shareholders that own | different firms. Profit to

shareholder [ is

J
=Y dymi(x))
=
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where ¢;; denotes the ownership share of firm j accruing to shareholder ! and x; denotes
a strategic variable for firm j. The variable x; most often denotes price, but in the em-
pirical analysis in section 2.5.3, X; will denote a bank’s number of branches in a market.
Firms seek to maximize shareholder profit. Because shareholders are diversified in dif-
ferent ways, shareholders will disagree on a firm’s optimal strategy. If shareholder | has

control share {j; of firm j, firm j’s objective function can be written as
L
max Z Cij m,
Y=t
Thus firm j maximizes a linear combination of its profits and its competitors” profits,

L
Yo |G+ ) Sk | -
l k7

This is proportional to

. Y1 G1iPik
it ,; Y1 Cijij Tk

The quantity i
21 61iPik

K'k =
Y Gt
is the weight firm j puts on firm k’s profits due to the the returns its shareholders earn

from firm k’s profits. Following Backus et al. [2021], I assume shareholders exercise

proportional control, so {;; = ¢;;. This gives the version of profit weights I use,

P

o _ 2.1
R @D

There are two main ways common ownership has been measured in the literature.

The first, the modified Herfindahl-Hirschman Index (MHHI), is used by Azar et al. [2018]
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and Azar et al. [2022]. The MHHI is defined by

MHHI = ZZS]'SkKjk.
j ok

Decomposing this sum, we get

Zs]2 +) ) siserik. (2.2)
j Jk#]
The second term in (2.2) is called the MHHI delta. These authors employ models re-
gressing prices on the MHHI delta for the market and interpret the coefficient as the
causal effect of institutional investor concentration on prices. This is problematic as it
relies on an assumption of symmetric Cournot competition, as pointed out in Backus
et al. [2021].2 Because of this shortcoming, I use a structural framework where firms
take into account competitors” profits directly, weighted by the profit weights, x. This is

the approach used by Backus et al. [2021] and Ruiz-Pérez [2019].

2.2.2  Uniform Rate Setting

Studies of deposit rate competition often assume uniform rate setting by banks. Recent
work by d’Avernas et al. [2023] and Begenau and Stafford [2023] validate this assump-
tion. For example, d’Avernas et al. [2023] find that bank-time fixed effects explain 98.8%
of variation in 12-month certificate of deposit rates and 94.9% of variation in 2.5K Savings
rates. In light of these findings, it seems unlikely that common ownership incentivizes
banks to soften rate competition at the market level. However, there are other strategic
variables that banks control at a market level that could be influenced by common own-
ership. Namely, Ho and Ishii [2011] and Wang et al. [2021] show that consumers heavily
value the convenience of bank branch locations relative to interest rates. Given such

an important competitive variable, it seems likely that if banks do soften competition

2This problem is common to models that use HHI, generically.
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through common ownership, their choices of branch locations would reflect this.

2.3 Model

In what follows market-years are indexed by m and products are indexed by j. For
brevity, I refer to market-years as simply markets.

Following the literature on uniform rates, I assume each bank sets a uniform rate
for all markets each period. Specifically, I assume that deposit competition takes place
in a two-stage game each period. In the first stage, regional branch managers decide
how many branches to operate in their local market. In the second stage, national banks
observe their network and set uniform rates. Finally, banks” unobserved product charac-
teristics are revealed and consumers choose where to deposit their money. I describe the

details of the model below, starting with the demand model and working backwards.

2.3.1 Demand

I assume that each consumer i is endowed with D; dollars they can choose to deposit
inje {0,...,Jm Jm + 1} products, where 0 denotes bonds and J,, + 1 denotes cash.

Consumer i’s utility from product j is given by
Uijm = XjpyB = &Pjm + Ejm + Eijm,

where xj,, is a vector of product characteristics, pj,, is the interest rate spread between
product j and the rate earned by bonds (the Federal Funds rate), {j;, is an unobservable
product characteristic, €;j;, is the logit error, a is the coefficient that governs deposit rate
sensitivity, and B is a vector of coefficients on non-price characteristics. The non-interest-
rate characteristics in x;,, are the natural log of a bank’s number of branches in a market

and the natural log of the bank’s employees per branch.?> The non-price characteristics

3The choice of simple multinomial logit vs. a model with random coefficients is worth mentioning.
Random coefficients are appealing in my case as they do not restrict substitution patterns to exhibit
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are included to capture the value of convenience and customer service to a consumer
when choosing between deposit services. The unobservable product characteristic, &jy,

is composed of bank and market-year fixed effects,

gjm = ‘:j +Cm + Agjm-

I normalize the utility of investing in bonds to 0 and assume cash earns 0 interest,
SO pj,+1 is equal to minus the Federal Funds rate in all markets. The probability that

consumer i in market m chooses to deposit $1 in product j is

exp <x;mﬁ — APjm + (f]-m)
14+ Y0y exp (), — aPin + Gkm)

P (uijm > Uikm, k # ) =
Thus, the market share of product j in market m is given by

B exp (x;.m,B — APjm + ij)
L+ L3y exp (6, — &Pk + Gon)

Sjm (2.3)

Interest rate spreads are endogenous and must be instrumented for. I use two sets of
instruments to identify price sensitivity: cost-shifters and quadratic differentiation IVs.
Following the literature (Dick [2008], Ho and Ishii [2011], Egan et al. [2022]), I use several
variables as cost-shifters: four-quarter moving averages of premises and equipment ex-
pense, salary expense, and other noninterest expense. These variables reflect the cost of
a bank’s operations and thus should be correlated with price. Moreover, they are valid
instruments as customers are unlikely to pay attention to these variables into account
when selecting a bank. I also use a bank’s contemporaneous interest income weighted
by interest bearing assets. This instrument will be correlated with the deposit rate as

banks that can earn a higher return on their depostis will have higher willingness-to-pay

the well-known Independence of Irrelevant Alternatives (IIA) property. However, a test of instrument
relevance, introduced by Gandhi and Houde [2019], did not reject the null hypothesis of IIA preferences.
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for deposits. For the other cost-shifters, I take the ratio of the instrument to the bank’s

total assets. Differentiation IVs for a characteristic, Xjm, are defined as

z}%iff = Y (xjm— ka)z.
kEJm\j

I create these differentiation IVs for the exogenous characteristics log (# branches) and
log (employees per branch). I then take the market-size-weighted average of these vari-
ables for each bank-year, similar to Egan et al. [2022]. These instruments measure a
product’s isolation in the product space and thus serve as markup-shifters that allow me

to identify «, the sensitivity of of demand to interest rates.

Let Zjy, = [Z]%’St, Z].]?niff} be the matrix of instruments for bank j in market m. The

model implies the conditional moment restrictions
E [Aéjm]ij] = 0.
These conditional moments can be transformed into the unconditional ones
E [AZjnA(Zim)] =0,

for an arbitrary function of the instruments A(-). I construct the sample moments

1 f‘l 1 Jmtl
EV; Agjmzjm =0
M = m+1H

and estimate the model using the algorithm described in Berry et al. [1995] and Conlon
and Gortmaker [2020]. This procedure involves first estimating the parameters (j,«) via
2-step GMM, then, using these estimates, constructing feasible approximations to the

optimal instruments, A(Z]-m), and estimating the model again.
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2.3.2  Branching Decisions

In the first stage, banks simultaneously choose their branch network, 7;,,;, in each market
to maximize their present value of expected profits, 7T]S-m ¢ (Mjmt,n_jyt), for a certain mode

of conduct, s. Bayesian-Nash equilibrium implies

n;mt(njmfl n—jmt) Z n]s'mt(nli n—jmt)/ (24)

for any n' # njy;.

Note that the branch decision is inherently a dynamic one, as there may be differ-
ences between a bank’s sunk and fixed costs of a bank branch. However, modelling the
problem as a dynamic one is very difficult due to the large dimension of states and ac-
tors. Hence, I follow the approach used in Aguirregabiria et al. [2016] and assume bank

managers make a static decision each period.

Let 7Tjy (1jme, 0y ) and ﬂfmcz(n]-mt,n_jmt) denote profit for firm j in market m under

own-profit maximization and common ownership, respectively, and note that

T ont (Mt D jt) = Tt (ot Do) + Y, %k (s o)

keJm\j
I parameterize the profit function in a manner similar to Aguirregabiria et al. [2016]. I
decompose 7Tjy(1jmt, N jimt) into variable profits, V Py (1, n_jt), fixed costs of bank

branches, FCiy; (1), and sunk costs of bank branches, SCiyy(1t), s0

1
7T]'rni.‘(’/l]'nﬂf/ n—jmt) = q [ijmt(njmtrn—jmt) - chmt(njmt)} - Scjmt(njmt)/ (2.5)
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where p = 0.95 is the discount factor. I make the following parameterizations:

ijmt(n]'mt, n—jmt) = rthmtsjmt(njmt’n_jmt)

FCme(njme) = (67 + i) jms (2.6)

SCimt(Mjmt) = (9}2) + V};?t) Mjmt,

where rit is the net return bank j receives from a dollar of deposits,4 M,,;;, is the market

size (total deposits) of market m, sjmt(njmt,n,]-mt) is bank j’s market share in market m

(1)

is defined by (2.3), is a function of the bank’s number of branches in that market, 6.

J
is the mean fixed cost of a branch location for bank j, 6® is the mean sunk cost of a

]
/
branch location for bank j, and vj,,; = (v].(;)t, v](i)t> is a market-bank-specific component

of branch cost unobservable to the econometrician but observable to banks at the start
of the game. Note that both FCjy; (1) and SCiyy(12¢) are linear in n,,; and thus I can

write

1 5
Tt (Mjmes N jimt) = mvpjmt(njmtrn—jmt) — (05 + Tjut) Rjpme (2.7)

y — (1) (2) o (1) (2)
where 9j = ﬁGj + 9]. and v = ﬁvjmt +ijt'

Denote the difference in variable profits due to one branch deviations as

ATVPS

jmt (njmt/ n—jmt) = VP]'Smt(njmt/ n—jmt) - VP]'Smt (njmt + 1/ n—jmt)/ and

A*VP]'smt(njmt,n,]-mt) = VP]$mt(njmt,n,jmt) — VP]-Smt(njmt — 1,n,]-mt).

Define A™ n]?mt(n]-mt, n_j,) and A‘n]s.mt(njmt,n,jmt) similarly and note that (2.4) and re-

4T use a 4-quarter moving average to mitigate the effect of seasonality.
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vealed preference implies

1

ATy (Mjmt, M jint) = ENVP ot (Mt ) + 6 + Tjme
>0, and
— 1 - j U
AT (Mt M jmt) = EA VBt (Wjmty 0t ) = 0 = Tyt

> 0.

Note that, even for the common ownership model, these equations only depend on
other banks’ branch network through the first term, AVP]-Smt(njmt,n_jmt). Assuming
E [#j,:] = 0, upper and lower bounds on a bank’s mean branch cost under conduct

assumption s can be written as

— 1 _
0 = - | AV (e, )|

] 1 —
,11) (2.8)
Q]S = —EIE [A_'_VP]-Smt(njmtr Il_]'mt)] .

I estimate 5]5' and Q]Sf by first computing variable profit from (2.6) and the demand
model in Section 2.3.1. I then find AVP by computing counterfactual market shares for
one branch deviations in a bank-market, holding all other variables fixed. To allow for
clustered dependence of the error term ¥ within bank-markets, I first take the average
of AVP,; over t and treat each bank-market average as an observation. Denote this

bank-market average as AW;m. Then the estimators of (2.8) are

9. — LZA—W}%

J N]M jom
. 1 s
0 =—Y —AtVDP,,

where Ny is the number of bank-market combinations. These equations provide esti-
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mated bounds on the cost of a bank branch.

2.3.3 Test of Conduct

To test whether banks expand their branch networks less aggressively in markets with
more overlapping ownership, I employ a Vuong-type model selection test introduced
by Shi [2015] and Hsu and Shi [2017]. The test allows selection between two models
described by moment inequalities by comparing their Kullback-Leibler distances to the
true data distribution. Note that the model described in 2.3.2 implies the following

moment inequality conditions:
E [A—vpjﬁmt(njmt,n_jmt) - 9]} >0

(2.9)
E | AV (Mt ) + 65| > 0.

Let ms(AVP,0),s € {P,CO} denote the moment conditions in (2.9) for own-profit
maximization and common ownership, respectively. Define the sample criterion function

for model s as

1 N
Ts(A,0) = N 1_21 exp (A'ms(AV P, 0)).
Then the quasi-likelihood ratio test statistic is defined as

@2 = max m)\in Tp(A,0) — max mAin Tco(A,9).

Under the null hypothesis that both models explain the data equally well, Tp = Tco
and N éLTQ ~ N (0,w?), where w? is the variance of the test statistic. Positive values
of this statistic provide evidence against the null in favor of model P. Negative values

provide evidence in favor of model CO.
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2.4 Data

My primary data comes from several sources. First, I gather information on bank charac-
teristics from the FDIC's Statistics on Depository Institutions (SDI). The SDI contains data
on every US commercial and is available on a quarterly basis. Variables include banks’
assets, deposits, deposit expenses, income from fees, and other cost variables. The second
source is the FDIC’s Summary of Deposits, which provides detailed information on the
amount of deposits held by individual bank branches. To measure common ownership
incentives, I use the dataset used by Backus et al. [2021] and made available on Michael
Sinkinson’s website. This dataset contains institutional investor holdings scraped from
SEC 13(f) filings from 1999 through 2017. By matching CUSIP numbers in this dataset
with Federal Reserve bank identifiers, I can create the profit weights for each bank pair
defined in (2.1). I gather demographic variables on county income and population from
the Bureau of Economic Analysis. Data on monetary aggregates — cash, treasury bonds,
and money market accounts held by households — are from FRED. The market definition
is a Bureau of Labor Statistics Labor Market Area (LMA). These are composed of one
or more economically integrated contiguous counties. LMAs are exhaustive and non-
overlapping and are defined so that a person can reside and find employment within
a reasonable distance. I use this definition as research shows that convenience is a ma-
jor factor is a consumer’s choice of bank, with consumers heavily valuing banks with

branches close to both their home and places of work Wang et al. [2021].

Tables 2.1 and 2.2 present selected summary statistics for banks and markets. Figure
2.1 plots the quarterly time series of mean profit weight, x, for banks in the S&P 500
index for at least one quarter. The mean x generally trends up, with a stark drop in 2007

due to the financial crisis.
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Figure 2.1: Mean profit weight for banks in S&P 500 index for at least one quarter.
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Variable Mean SD

Shares (%) 7.41 9.82
Interest rate spread 1.43 1.87
# of branches 434 14.26
Employees per branch 20.44 202.23
Net return on deposits (% of assets, MA) 2.31 0.87
Interest income (% of assets) 2.74 0.87
Premises and equipment expense (% of assets) | 0.27 0.26
Salary and benefits expense (% of assets) 1.04 0.88
Other expense (% of assets) 0.73 3.06
Observations ‘ 358102

Table 2.1: Summary statistics for bank-market-years. Sample covers the years 1999-2017.

Variable Mean SD

Banks 9.04 13.37
Population (10,000s) 14.50 71.53
Market size ($1M) 482 35.83

Market-years | 39616
Profit-weights (MA) | 055  9.39
| 817

Publicly-owned banks

Table 2.2: Summary statistics for market-years. Sample covers the years 1999-2017.

2.5 Results

This section discusses results from the model estimation. I first discuss demand estimates

and then estimates of the cost of a bank branch.



45

2.5.1 Demand

Table 2.3 presents the results of the demand estimation. The estimated coefficient on the
interest rate spread is —15.5, which is comparable to estimates from other authors such
as Dick [2008], Egan et al. [2017], and d’Avernas et al. [2023]. This coefficient corresponds
to a median own-interest-rate elasticity of —0.10, implying market shares are relatively
insensitive to deposit rates, a finding corroborated by the previous literature. Figure 2.2
plots a histogram of estimated own-interest-rate elasticities. There is a large mass around
0, as well as a significant minority of elasticities estimated to be positive. Positive price
elasticities are possible under logit demand if some prices are positive, which is true
with my data, as some banks have higher service fee rates that deposit interest rates.

In contrast, the coefficients on log branches and log employees per branch are positive
and precisely estimated. This result confirms the finding in d”Avernas et al. [2023] that
for many consumers, convenience and customer service are much more important to
their choice of bank than deposit rates. Figure 2.3 plots log branches against the log
odds ratio, log(s;y/som), for each product with fixed effects removed. It also shows a
polynomial spline fit, which is approximately linearly. This fit implies the relationship

between the number of branches and market share is captured well by my specification.

2.5.2  Cost of Bank Branch

Table 2.4 presents results for the estimates of the mean sunk cost of a bank branch. Mean
costs are estimated separately for each of the “Big Four” banks and regional banks. Since
the cost parameters are set identified, I report estimates as 95% confidence intervals. I
present estimates from several different potential models of competition: own-profit
maximization, common ownership, and collusion. Note that these conduct models are
only with respect to banks” branching decisions — price competition is assumed to still
be own-profit maximizing at the bank-year level. Since common ownership competition

depends on a time series of profit weights, I use 3 different specifications of common
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Variable Value  Std. Err.
Interest-rate spread —15.505 6.973
Log(# of branches) 1.267 0.003

Log(Employees per branch) 0.623 0.011

Bank Fixed Effects Yes
Market-Year Fixed Effects Yes
Obs. 358102
Adj. R? 0.88
Within R? 0.57
F-stat (1st stage) 1320

Table 2.3: Results of demand estimation parameters. Standard errors are clustered at the
market level.

ownership. The baseline (column “CO” in Table 2.4) represents the scenario where
banks weight competitors profits according to contemporaneous common ownership
profit weights. I also estimate specifications using the one-quarter lag of profit weights
and a 4 quarter moving average of profit weights. The collusion specification assumes

all profit weights between the relevant banks (i.e. publicy listed banks) are equal to 1.

For all banks, estimated costs are largest under own-profit maximization and smallest
under collusion. This result is expected as common ownership and collusion dampen
the potential increase in profits from adding one more branch, making the cost that
rationalizes observed branching decisions lower. Citibank has the largest estimated costs
across all specifications, likely reflecting Citibank’s propensity to primarily locate in large
city centers where the market size is large and counterfactual branching decisions have
large effects on profits. Citibank’s rather centralized branching decisions also contribute

to their presence in relatively few markets (53) and relative imprecision of cost estimates.
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Figure 2.2: Histogram of own-interest-rate elasticities, winsorized at 4-2.5.

The confidence interval for cost under own-profit maximization has a range of $ 413.3
million relative to a range of only $ 7.8 million regional banks. The three common

ownership specifications produce very similar cost estimates across all five bank groups.

At first glance, cost estimates under all models seem high relative to prior esti-
mates. For example, Aguirregabiria et al. [2016] estimate that average sunk cost of de
novo branching to be $ 1.3 million if the new branch is located in the same state as the
bank’s headquarters and $ 2.1 million for a different state. This is in line with reports
from industry publications, such as ?, which reports the mean cost of a new branch as $
1.3 million in a 2013 survey. However, recall that my measure of cost is sunk costs plus
total discounted future fixed operating costs. If a branch’s sunk cost is $1.3 million and
incurs $ 1 million in yearly fixed costs discounted by p = 0.95, this corresponds to $ 21.3

million in my measure of costs, well within the estimated costs for some of the banks
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Figure 2.3: Polynomial spline regression of log market share on log number of branches
after removing fixed effects.

and models.

95% Confidence Interval

Bank Own-profit max. CcO CO (Lag) CO (MA) Collusion  Obs.
Bank of America [ 30.9, 31.8] [ 21.6, 22.3] [ 19.7, 204] [ 204, 21.2] [ 9.1, 9.8 329
Citibank [369.3,782.6] [154.8,274.7] [142.1,257.7] [150.7,267.6] [ 85.1,153.9] 53
JP Morgan-Chase [ 33.6, 41.2] [ 17.3, 20.0] [ 169, 19.2] [ 133, 134] [ 7.0, 9.6] 212
Wells Fargo [ 359, 38.7] [ 29.2, 30.5] [ 263, 27.6] [ 29.6, 29.6] [ 13.7, 145] 415
Regional [ 243, 32.1] [ 85, 213] [ 10.0, 22.2] [ 7.8 20.1] [ 86, 149] 7531

Table 2.4: 95% confidence intervals for the cost of a bank branch, by model. Estimates
are in millions of 2010 US dollars.
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2.5.3 Conduct Test

Table 2.5 reports the results of conduct tests of the null hypothesis that own-profit max-
imization explains the observed data as well as the alternative models against the two-

sided alternative that one model better explains the data.

The test rejects own-profit maximization in favor of common ownership and lagged
common ownership at the 95% level. In addition, own-profit maximization is rejected
against a four-quarter moving average of common ownership and the collusive model at
the 90% level. I was not able to detect a significant difference between the costs implied

by the common ownership model and the collusive model.

Thus the results find significant evidence of common ownership incentives in banks’
branching decisions. However, collusion between publicly-listed banks explains the data
at least as well as common ownership. More research is needed to differentiate between

these two models.

Own-profit maximization vs. QLR test statistic
Common Ownership —2.63
Common Ownership (Lag) —2.06
Common Ownership (MA) —1.87
Collusion -1.87
Common Ownership vs. Collusion ‘ 0.79

Table 2.5: Test statistics for pairwise conduct tests between own-profit maximization and
other models. Large positive values indicate evidence against the null in favor of the
own-profit maximization model.
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2.6 Conclusion

This paper studies the effect of common ownership incentives on bank branching de-
cisions. Using a structural, partially-identified model of branch investment, I find that
common ownership implies a large difference in cost of a bank branch relative to own-
profit maximization and a model selection test rejects own-profit maximization in favor
of a common ownership model. The model has some limitations, namely it eschews any
impact of or synergies from banks’ loan business and it does not consider the dynamic
implications of common ownership. Further research should seek to illuminate whether
considering these aspects is important when discussing common ownership and retail

deposit competition.
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Chapter 3

DYNAMIC MODEL OF AQUATIC INVASIVE SPECIES
MANAGEMENT

Invasive aquatic plants (IAP) present threats to river ecosystems by altering chemical
and thermal characteristics of water bodies, displacing native plants, and compromis-
ing the habitats that native vertebrates and invertebrates rely upon. Managing inva-
sive aquatic plant species is complicated by their inherent downstream dispersal pat-
terns, and likely recurrence in already-treated invaded patches. Furthermore, as climate
change alters riparian environments, the cost and spatial dispersion of species manage-
ment will likely change as both growing conditions and control efficacy shift. To address
how costs and optimal management strategies change with a changing climate, we de-
velop a model of IAP management that incorporates spatial heterogeneity and down-
stream dispersal and can be calibrated to habitat suitability data at a coarse scale. We
utilize parametric dynamic programming techniques to quickly and efficiently compute
an approximation to the optimal policy. As a case study, we calibrate the model to sim-
ulate the management of water-primrose (Ludwigia spp.) in the Willamette River basin,
Oregon, USA using data from a climate-sensitive habitat suitability model trained on
occurrence data for water-primrose. We find the climate change model implies differen-
tial changes across different segments of the river system. Accounting for spread in the
management model leads to an optimal management policy that differs from the naive

one that allocates management in proportion to the climate change-induced differences.

This is a work-in-progress and represents my contribution to a joint work with Samuel Chan, Rebecca
Flitcroft, Sunny Jardine, Emily Smoot, and Braeden Van Deynze. I thank Sunny for funding me as her
research assistant and Braeden for the excellent guidance.



52

3.1 Introduction

Invasive aquatic plants (IAP) present threats to river ecosystems by altering chemical and
thermal characteristics of water bodies, displacing native plants, and compromising the
habitats that native vertebrates and invertebrates rely upon. For example, water prim-
rose (Ludwigia spp.), an emergent aquatic plant, changes water shading dynamics and
sedimentation processes, thus affecting water quality (Grewell et al. [2016], Khanna et al.
[2018], Bunch et al. [2010], Ebersole et al. [2001], Ecology [2017]). This compares with the
riparian invasive plant, knotweed (Reynoutria spp.), that displaces native vegetation, re-
ducing local biodiversity by compromising habitats for native species [Urgenson, 2006].
The changes wrought by either of these species have adverse effects on local wildlife
and hinder commercial and recreational activities like fishing, boating, and hydropower

generation (Colleran et al. [2020], Pelella et al. [2023], Thouvenot et al. [2013]).

Managing invasive aquatic plant species is complicated by their inherent downstream
dispersal patterns, and likely recurrence in already-treated invaded patches. Further-
more, as climate change alters riparian environments, the cost and spatial dispersion of
species management will likely change as both growing conditions and control efficacy
shift. As these changes occur, river managers and policymakers will seek solutions to
adapt their management strategies to new cost and spread conditions. This provides a

natural opportunity for bioeconomic models to inform public policy.

Previous literature has examined dynamic models of optimal invasive species man-
agement in connected river systems (Albers et al. [2018]; Hall et al. [2018]) and the role
of spatial heterogeneity in the allocation of invasive species management efforts (e.g.,
Epanchin-Niell and Wilen [2012]). However, these models incorporate spatial hetero-
geneity in a limited way, considering only a handful of invasion sites at once. This
limitation is due to the inherently intractable nature of dynamic programming models
with large state spaces: the state and action spaces increase exponentially in the number

of invasion sites. This feature makes applications involving rich spatial heterogeneity
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difficult to model. In particular, the effect of climate change on IAP management can
be diverse across many interdependent geographies. In addition, data on invasions or
spread is typically limited. Predictions of how spread will change with climate change is
often not granular enough to incorporate into models at the site level. To our knowledge
no bioeconomic models of riparian invasive species management in the peer-reviewed
literature account for spatial heterogeneity in ways that can capture potential large-scale
heterogeneous impacts of changing climate conditions.

To address this gap, we develop a model of IAP management that incorporates spatial
heterogeneity and downstream dispersal and can be calibrated to habitat suitability data
at a coarse scale. We segment a river into distinct reaches that may each hold many
potential invasion sites. We accommodate the size of these reaches by allowing states
to be characterized by an arbitrary and continuous amount of IAP. We represent the
manager’s decision as a Markov Decision Problem and solve for the manager’s optimal
policy. We assume the manager has a constant budget each period that they can allocate
to treating a stochastically growing IAP invasion in a river system. The river system
is split into distinct reaches, each of which may have a different cost of management.
This management cost may depend on reach characteristics such as access and water
flow rate, and growth rates may depend on the level of invasions in upstream reaches.
Thus, the manager’s decision to allocate part of their budget to a given reach depends
on their knowledge of the cost, growth rates, and invasions of each reach in the system.
We compare the manager’s optimal policy under suitable habitat probabilities associated
with the current climate regime and multiple future climate change scenarios. Obtaining
these policies allows us to compare the level of control achievable across representative
budgets through optimal invasive species management under current and simulated
future climates.

Our approach is not without costs. Solving a dynamic decision problem with a multi-
dimensional continuous state and action space is prohibitively complex using traditional

dynamic programming techniques. Thus we utilize parametric dynamic programming
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techniques similar to, for example, Daniel [1976], to quickly and efficiently compute an
approximation to the optimal policy. This technique allows relatively quick solutions for
problems with large amounts of spatial heterogeneity, which allows a more granular rep-
resentation of how climate impacts are distributed over space. Although the computed
policy is only an approximation, we show that it behaves intuitively for our formulation
of the problem.

As a case study, we calibrate the model to simulate the management of water-primrose
(Ludwigia spp.) in the Willamette River basin, Oregon, USA using data from a climate-
sensitive habitat suitability model trained on occurrence data for water-primrose. This
model provides estimates of growth and spread parameters and we assume that growth
and spread rates are proportional to a reach’s percent of suitable habitat. We document
that climate change is likely to change the habitat suitability of water-primrose across
different sections of the river and this has effects on optimal management strategy that
differ from a naive response. Future work will incorporate cost data from a survey of

invasive species management practitioners.

3.1.1 Related Literature

Of the rich literature on the economics of invasive species management,! our work is
most similar to that of Albers et al. [2018] and Hall et al. [2018]. These authors also model
manager decisions in a river system with stochastic downstream dispersal. However,
our model differs from theirs in that we examine relatively coarse segments of river and
allow for continuous representations of the state and action variables. We do this by
approximating the value function and solving for an approximate optimal policy.

Our model is also related to other papers in the economics of invasive species man-
agement. Examples of papers that consider optimal management of the spatial spread

of the invasive species include Epanchin-Niell and Wilen [2012], Epanchin-Niell et al.

IFor a thorough review of this literature, see Marbuah et al. [2014].
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[2012], and Sanchirico et al. [2010]. These papers often have discrete state and/or action
spaces and focus on non-riparian environments. For an example of a model with a con-
tinuous state and action space, see Olson and Roy [2002]. These authors model invasive
species control as an optimal control problem but do not consider spatial heterogeneity
or spread.

We also contribute to the literature on invasive species and climate change. Hellmann

et al. [2008] list 5 consequences of climate change on invasive species:

(1) altered transport and introduction mechanisms, (2) establishment of new
invasive species, (3) altered impact of existing invasive species, (4) altered dis-
tribution of existing invasive species, and (5) altered effectiveness of control

strategies.

Our analysis of the spread and management of water primrose in the Willamette Basin
is related to the fourth and fifth consequences put forth by those authors. Our model of
habitat suitability captures changes in the environmental constraints that allow water-
primrose to establish and thrive in various parts of the Willamette. Indeed, different
climate change scenarios lead to different distributions of the suitability of water prim-
rose in the Willamette Basin. In addition, our economic model captures changes in the
interaction between the distribution of the invasive species and the optimal manage-
ment strategy. Due to recurrence and downstream dispersal, altered habitat suitability
can cause management strategies to be more or less effective depending on the climate
change scenario.

Other authors consider how climate change interacts with invasive species generally
[Wallingford et al., 2020], and with specific regard to invasive plant’s effect on river
geomorphology [O’Briain et al., 2023]. However, to our knowledge, ours is the first
to consider how the economics of invasive species management changes with climate
change.

The paper proceeds as follows. Section 3.2 sets up the model. Section ?? presents
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model performance on simulations. Section 3.3 discusses the effect of climate change.

Section 2.6 concludes.

3.2 Model

In this section, we introduce the theoretical model. In what follows, time is indexed by ¢
and reaches are indexed by k. Let xi ; be the area of IAP cover in reach k at time period #.2
A time period is assumed to be a year (or growing season) as this most closely matches
the frequency of separate treatment actions made by managers, as reported to us by our
conversations with various practitioners. Reaches are numbered in order of upstream to

downstream, hence | < k implies reach [ is further upstream than reach k.

3.2.1 Ecological Model

Absent treatment, we assume the law of motion for the invasion area in each reach de-
pends on both the patches’ deterministic growth and random introductions. Determinis-
tic growth of an invasion in reach k of size xy is characterized by a function x; = f(xy, C)
, where Cy is carrying capacity in reach k. We parameterize f as a logistic growth func-

tion with growth rate p. Thus,

= (1+0(1-%))x

Using a logistic growth function (instead of, say, an exponential one) is important to
our application as the invasion will not diverge under the carrying-capacity-constrained
logistic growth and we can guarantee a solution to the dynamic programming problem.
In addition, the scenario in which the IAP grows without bound in a given reach is not
attractive as a model of real world population growth as resource and environmental

constraints are most often relevant in biological systems. Note also that the carrying

2We use area instead of biomass to better fit our application, where managers have a much better idea
of the size of an IAP patch than the amount of biomass.
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capacity parameter, C, does not reflect a hard limit on the size of the invasion in a given
reach. Rather, when the invasion size grows beyond the level of the carrying capacity,
the environment cannot support all of the IAP in the reach and the size tends to shrink

back.

We assume reaches experience random introductions of IAPs, u;, each period. We
further assume uy,; is distributed as a vector of exponential random variables with het-
erogeneous scale parameter ¢y + {xx;_1. This specification implies that the random intro-
ductions depend on reach-specific characteristics (summarized by ¢, {x) and upstream
invasion magnitude (xx_1).The stochastic introductions are assumed to depend on the
magnitude of invasive area in upstream reaches (xx_1 ;) because a larger amount of IAP
upstream increases the probability of dispersal downstream. In addition, these upstream
invasions are scaled by a reach-specific parameter, (i, to reflect the fact that the relative
success of establishment from upstream dispersal depends on reach specific character-
istics. For example, Ludwigia is known to establish well in sloughs and other low-flow
sections of river. Reaches that contain many sloughs may have higher Ludwigia growth
rates than other river sections. Finally, the parameter ¢ captures the mean-level estab-
lishment probability in reach k. The value of this parameter depends on the probability
of establishment from exogenous sources of dispersal such as boats or animals. This pa-
rameter can vary by reach for similar reasons to py and {, as well as the relative presence
of exogenous sources of dispersal in reach k. Capturing this reach-level heterogeneity is

an important contribution of our model.

3.2.2  Economic Model

We now put forth a model of optimal management decisions, taking as given the IAP
growth pattern described above. The agent of interest is a river manager, who we assume
makes decisions regarding IAP treatment in the river section. The section is composed of

K reaches connected linearly, each of which can be described by the vector of parameters
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(ks Ckr P, Cx) introduced in 3.2.1. Each period ¢, the state of the river section is described
by a vector, x; € RX and the manager is endowed with a budget of B labor field days they
can allocate between the reaches to reduce the invasion area present.® In the practice,
this budget depends on many things: sources of state funding, state and federal grants,
volunteer pool, etc. In the model, we abstract from how management actions may affect
the size of the budget and instead assume the manager takes the budget as given.

Let i ; represent the amount of labor used to treat reach k at time t and I; = (Iy4,..., Ik ).
We assume a production function h(ly ;i) = Ykl « € (0,1) that governs the amount
of IAP removable by one unit of labor in a time period. The function h(-) exhibits de-
creasing returns to scale as a manager cannot eliminate an invasion completely from an
individual reach in a single time period. Instead the typical management strategy is to
treat a patch with an herbicide, wait for the plants to die, observe which plants survive,
and then treat again next season. Most of the time, invasions are not completely eradi-
cated with a single treatment. In addition, the parameter 7y, determines the efficacy of
a unit of labor. This may vary by reach as some reaches may require more labor-hours
to treat than others. For example, reaches that have a high proportion of private land
may require a significant amount of field days to meet with landowners and acquire
permission to treat on their land. This source of heterogeneity is important to treating
IAP in many river systems.

Treatment allocation decisions are complicated by the dynamics of the IAP growth: if
the manager wants to minimize total invasion area, she faces an intertemporal tradeoff
between prioritizing the reduction of the largest current invasions or prioritizing treat-
ment of upstream invasions that will disperse and create larger invasions downstream
in later time periods. To formalize this tradeoff, we model the river manager’s deci-

sion problem as a dynamic programming problem. The river manager seeks to choose

3In our conversations with river managers, most noted that labor hours were their primary constraint
in treating invasion patches. Other potential costs are the costs of herbicide and equipment. We assume
the cost of herbicide is proportional to the cost of labor and equipment is most appropriately considered
a fixed cost. Thus we can use labor as the only decision variable without loss of generality.
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the optimal management strategy, {/;}:°,, that minimizes the infinite sum of discounted
cost from invasive species in a river system. The total amount of labor allocated per
period must satisfy Zszl It < B. Let w € RX be a vector of weights the manager as-
signs to each reach when making her management decisions. Weights may be different if
reaches have different recreational value or habitat value for native, endangered or other
important species. Assuming the manager is risk-neutral, her per period cost given state
x is w'x. The timing of the model is as follows: at the start of period ¢, the manager

observes x; and incurs cost w’x;. She then makes the decision /; and the state transitions

to xp11 = f(xe — YIf) + U

Formally, the manager’s decision problem can be written as

oo
min Z ,Btw'xt
{lf}?ozo t=0

st xpp1 = flxr —If,C) + g

f (X, Cr) = <1 +p (1 - Jgt)) Xkt
k

U r+1 ~ Exp (P + CixXx—14)
K

Y L <B, WVt
k=1

Z][?t S Xkts Vk, t.

where B is the manager’s rate of time preference (discount factor). Rewriting this as a

Bellman equation, we have
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Inlil’l ZUIXt + ‘B]E [V (xt+1) |xt, lt]
t

st xep1 = f(xr —If,C) + upgq

f@wik%:<1+P( —%%))ﬁx

Up i1 ~ Bxp (P + Ckxr—1,t)
K

ZlktSB

k=1

lloclt S Xkts Vk, t.

for each t, where the expectation in the first line is taken with respect to ;.

Table 3.1 summarizes the definitions of variables and parameters introduced thus far.

Variable/Parameter | Definition

Invasion area

Units of labor used

Stochastic IAP introduction
Manager’s reach weights
Carrying capacity

Manager’s labor budget

) Transition function

) Production function

Elasticity of labor

Productivity of labor

Manager rate of time preference (discount factor)
Logistic growth rate

Mean external introduction rate
Mean dispersal rate

=
NS D ™R RO Ss & =R

Table 3.1: Table of variable and parameter definitions.
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3.2.3 Growth Rate Parameters: Suitable Habitat Probability

We do not have data on growth or dispersal rates for our invasive species of interest.
Hence, we need a method of calibrating our growth and dispersal parameters, py, (g,
and ¢x. To approximate the growth parameters, we use a model of suitable habitat
probability (SHP) of the IAP in the individual reaches. The suitable habitat probability
model is a predictive model of species establishment in an environment, conditional
on certain environmental characteristics such as temperature and humidity. To predict
establishment of an invasive species in a non-native environment, the model is trained
on data from its native environment.* We model the growth and dispersal parameters
in reach k as being proportional to the SHP of the IAP in reach k. The justification for
this assumption lies in the fact that invasive species tend to grow faster and more easily
in environments that are suitable habitats. If a reach has a higher percentage of suitable

habitat, we expect an IAP to grow faster in that reach.

Figure 3.1a plots a map of average SHP by reach for water-primrose in the Willamette
Basin using data on hindcasted 1970-2000 climate conditions. It is clear that the main
stem and tributary reaches closest to the main stem have the highest habitat suitability
while the reaches furthest upstream the tributaries have the lowest. Figure 3.1b plots the
change in SHP relative to the hindcast under two climate models. These models repre-
sent different global climate model assumptions and correspond to a “warm-dry” and
“warm-wet” environment in the Willamette river, respectively. There are heterogeneous
effects across the river system: the largest changes happen in the middle reaches of the
tributaries while the ends are less affected. Note that the direction of the change depends
on the specific climate model we use. We see an increase in SHP among these reaches

under the “warm-dry” scenario and a decrease under the “warm-wet” scenario.

4For details of the Habitat Suitability model, refer to Smoot et al. [2024].
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3.2.4 Solution Method

This problem involves a multidimensional continuous state variable which poses signifi-
cant computational challenges to finding a solution. Traditional value or policy function
iteration by discretization of the state space is infeasible due to the size of the state space
and the complexity of the transition function (making it hard to ”“stay on the grid”).
Therefore, we approximate the value function using a linear combination of basis func-
tions, ¥;(x), j = {1,2,...}. Let ¥(x) be a vector of the evaluation of these basis functions

at a state, x. Then the value function approximation at is given by
V(x) =~ V(x,0) =¥(x)',

where 6 is a vector of coefficients. The parameters 6 are estimated through value or

policy function iteration on the approximate Bellman equation
17(xt,9m) = rnlin w'x; + BE [17 (X441, 0m—1) |xt, l] )

This method is useful for two reasons: 1) it provides an approximation to a function
without a closed form, and 2) given a state, it allows for relatively fast computation of
the optimal policy, provided the basis functions are differentiable. The second point
reduces the time complexity of the problem considerably, especially in a problem with

such a large state space.

This method is not without costs, however, and significant care is needed when choos-
ing the function approximation. First, the approximation V does not necessarily inherit
the contraction properties of the Bellman operator, V. Thus there is no guarantee that
the iteration actually converges. To ameliorate this issue, one may try to pick the most
flexible function approximation method they can, but this can cause further problems.
Traditional flexible function approximations such as polynomials or splines may perform

poorly when used as a value function approximation because of well-known “oscilla-
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tion” properties of these functions. In short, the approximation may overfit the value
function leading to many local optima. This distorts the computation of the optimal
policy and thus causes the algorithm to converge to a value that may not be close to
the truth. To avoid these problems, and to keep the problem tractable, we use rela-
tively simple approximations to the value function. These approximations include a
linear specification, quadratic specification, and quadratic specification with interactions

between the states.

3.3 Climate Change

This section discusses the implications of climate change on water-primrose manage-
ment. For simplicity, we first focus on changes in one tributary of the Willamette, the
Calapooia River. Then we consider basin-wide comparisons between the optimal man-

agement strategy and a naive approach.

3.3.1 Calapooia River

Figure 3.2 highlights the Calapooia River within the broader Willamette Basin.

To analyze the impact of climate change on management outcomes, we simulate
trajectories of IAP spread under different parameter values for the three different climate
scenarios discussed in Section 3.2.3. The baseline parameter values are listed in Table
3.2.

The results for various budget values are plotted in 3.3. The mean invasion size
decreases as the budget gets larger for each climate scenario. Furthermore, the warm-dry
scenario predicts similar invasions to the hindcast model, while the warm-wet scenario
predicts up to 29% less mean invasion area when the budget is 0.6. Referring to Figures
3.1a and 3.1b, this appears to be because the habitat suitability model predicts a decrease
in average SHP in the warm-wet scenario, making invasions spread more slowly and

being easier to manage. Interestingly, we do not observe the converse for the warm-
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Parameter | Definition Value
w Manager’s reach weights 1
C Carrying capacity 10
B Manager’s labor budget 1
o Elasticity of labor 0.5
0% Productivity of labor 1
B Manager rate of time preference (discount factor) | 0.97
0 Logistic growth rate 0.1SHPy
¢ Mean external introduction rate 0.55H Py
4 Mean dispersal rate 0.1SH Py

Table 3.2: Table of baseline parameter values.

dry scenario even though average SHP increases relative to the hindcast. This result
is presumably because the optimal strategy is able to shift enough to control for the
increased spread probability under this scenario.

In Figure 3.4, we plot the standard deviation of labor allocation, Ik, over reaches k for
each climate projection. This quantity represents the distribution of management action
as the budget changes. As the budget increases, the standard deviation first increases
and then trends down. For low budgets, the manager focuses attention most on reaches
that accumulate a large amount of invasive biomass from other reaches as she is unable
to fully eradicate problematic upstream invasions. As the budget increases, she shifts
her attention to first both upstream and downstream reaches, and then only downstream
reaches again. This reflects the manager focusing more treatment attention on the few
reaches with the highest exogenous invasion probability, ¢. Since the manager treats
these invasions before they get large, the invasions do not spread to other reaches as

readily.

3.3.2  Willamette River System

We now shift focus to the entire watershed. Our aim is to characterize how the distri-

bution of management changes with the projected changes in climate. To accomplish
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this, we simulate management trajectories under each of the Warm-Wet and Warm-Dry
climate scenarios using (1) the optimal management policy given a specific climate sce-
nario and (2) the optimal management policy for the hindcast scenario. The trajectories
are simulated for each section of river, where the sections correspond to either a tribu-
tary or main stem. We then take the difference between the mean labor allocation under
(1) and (2). Formally, let l_lgl) and l_lgz) correspond to mean labor allocation in reach k for

policies (1) and (2), respectively. In 3.5, we plot l_lgl) - Z_IEZ)

for each reach.

We see that using the optimal management strategy implies a significant difference
in labor allocation than under a naive management strategy where the manager’s value
function does not update to the new habitat suitability probabilities. Furthermore, there
is no apparent pattern between which reaches show increased labor allocation under the
optimal management policy and which reaches show decreased labor allocation. This
is true under both climate scenarios and there is no systematic difference between the
climate scenarios.

Our model implies that relying on a policy that is only optimal under past climate
conditions will be significantly different from the optimal policy under climate change.
Moreover, where and how management changes appears to be unpredictable. Hence,

river managers will need to take downstream dispersal and changes in habitat suitability

into account when adapting their management policies to climate change.
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Willamette Basin Hindcast (1985)

Average Habitat Suitability (%) “

20 40 60 80

(a) Map of average percent habitat suitability for each reach of the Willamette using data on
1970-2000 climate conditions.

Willamette Basin Future Projections (2090)
Warm-Dry Warm-Wet

5

(b) Map of the change in average percent habitat suitability relative to the 1970-2000 hindcast for
each reach of the Willamette. Data are from two 2090 emissions scenario projections: one that
predicts a “"Warm-Dry” climate for the Willamette and one that predicts a "Warm-Wet” climate.

A Habitat Suitability (%) -
-10 -5

0



Figure 3.2: Map of the Willamette Basin with the Calapooia River Highlighted
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Mean Invasion Size by Budget and Climate Projection

9 -
Climate Scenario
Hindcast
6 ‘.‘ -=-- Warm-Dry
’ Warm-wet
3 B

0.75 1.00 1.25 1.50
Per Period Budget

Figure 3.3: Mean Invasion Size by Budget and Climate Scenario for the Calapooia River.
Means are taken over simulated trajectories of 1000 time periods.
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St. Dev. of Management Action by Budget and Climate Projection

0.12 1
0.11 Climate Scenario
Hindcast
-- Warm-Dry
Warm-wet
0.10 1

0.09 1

0.75 1.00 1.25 1.50
Per Period Budget

Figure 3.4: Standard Deviation of Management Action by Budget and Climate Scenario
for the Calapooia River. Standard Deviations are taken over simulated trajectories of
1000 time periods.
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Difference in simulated management strategies, optimal vs. naive
Warm-Dry Warm-Wet

Figure 3.5: Difference in simulated mean labor allocation for each reach under the opti-
mal management policy given a specific climate scenario and the optimal management
policy for the hindcast scenario. Management trajectories are simulated at the section
level, where each tributary corresponds to a section.
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