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Abstract

This paper introduces the Nash-in-Kalai model, a new bargaining framework de-
signed to tractably capture forward-looking dynamics in markets with staggered con-
tracting. The Nash-in-Kalai model aligns with the usual Nash-in-Nash model in many
leading static cases, but uniquely controls state space growth in dynamic settings. I
use novel data on hospital-insurer contracts in West Virginia, which are typically trade
secrets. Typical contract durations ranged from three years to a decade or longer. I use
this data to provide the first estimated structural model of vertical market bargaining
with staggered contracts. I find that negotiators were substantially forward-looking:
I reject the null hypothesis of myopia and estimate an annual discounting rate of
6 = 0.899. I quantify a new counterfactual effect of a proposed government-driven
reform on private payment dynamics. I find that the reform would increase private
spending after nine years by $4.98 billion, while a myopic model lacking forward-looking
responses would overestimate the effect by $2.35 billion and miss short-term dynamics,

including the possibility of payments decreasing.

1 Introduction

Many vertical markets feature multiyear contracts formed through bilateral bargaining.

In industries such as telecommunications, manufacturing, and the $400 billion American
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hospital-insurer market, contracts often use price indexing schemes to manage payment
dynamics over multiple years. Vertical market bargaining models generally assume that con-
tracts are short-lived and formed simultaneously through a Nash equilibrium in Nash bar-
gains. This static framework has allowed for tractable answers to important static questions,
but it cannot quantify dynamic effects in which contracts are staggered.

This paper studies vertical market bargaining with the potential for staggered contract-
ing. I use a novel panel dataset on hospital-insurer contracts from West Virginia to demon-
strate that staggered contracting is a quantitatively important phenomenon. Typically, ver-
tical market contracts are trade secrets. I show that a typical contract duration could be as
short as three years or as long as 15 years. A static model with one-period contracts cannot
accurately capture contract dynamics or anticipatory responses to future changes, calling for
a new forward-looking model. Multiyear and staggered contracting is likely to be pervasive
in many markets (Joskow, 1987, Abbey, 2012, Marcelo, 2021).

I use a simple illustrating example to demonstrate the tractability challenges introduced
by staggered contracting. Imagine a monopolist insurer that negotiates unit-care prices with
two symmetric hospitals. Consumers become patients who each require one unit of care, and
those consumers split equally within the insurer’s network of hospitals that have contracted
with the insurer. If the insurer disagrees with the first hospital, then all patients will be
forced to go to the second hospital. In such a model, an increase in the second hospital’s
price has a spillover effect of increasing the insurer’s cost of providing care to patients if the
insurer only contracts with the second hospital. The second hospital’s price thus increases
the insurer’s willingness to pay for the first hospital’s agreement.

These bilateral contract spillovers have previously been modeled as static. In a static
model, contracts are short-lived and formed at the same time, so that spillovers only oc-
cur through anticipated simultaneous agreements. The smaller literature on dynamic Nash-
in-Nash still assumes simultaneous period-by-period contracting with no internalized price
spillovers. Suppose the illustrating insurer negotiates one-year contracts every six months.
When negotiating with the first hospital today, the insurer knows that a higher first hospital
agreement price today will lead to more costly disagreement, and a higher negotiated price,
when bargaining with the second hospital in six months. If negotiators are forward-looking
and care about future profits, staggered contracting price spillovers are internalized and gen-
erate new time-dependent bargaining states. I show that even the threat of internalizing
spillovers after disagreement can yield a complicated and opaque recursive Nash-in-Nash
bargaining solution, often for little empirical gain.

To address the limitations of the existing literature, I propose the Nash-in-Kalai model.

The Nash-in-Kalai solution is a Nash equilibrium in Kalai (1977) proportional bargains.



The approach has the exact same predictions as Nash-in-Nash in leading static cases, but
is uniquely tractable in dynamic markets. I show that the Nash-in-Kalai model uniquely
controls state space growth and yields an intuitive moment on the expected net present
value (NPV) payment. The expected NPV payment moment coincides with the Nash-in-
Nash moment under myopia, which corresponds to static-type estimation with accurate
timing. There is no such moment under forward-looking Nash bargaining.

The tractability advantages of the Nash-in-Kalai solution come from a static utility
property called step-by-step. The step-by-step property is a way of iteratively construct-
ing the Kalai proportional solution in utility space: first bargaining over a reduced utility
frontier, and then using the smaller agreement as the disagreement point in the full bar-
gain. In a dynamic setting with recursively defined disagreement, the step-by-step property
can be repeatedly applied to replace the Nash-in-Kalai disagreement point with the value
of repeated disagreement. This effective disagreement point corresponds to Binmore et al.
(1989)’s impasse point, and involves fewer bargaining states. This makes the Nash-in-Kalai
model uniquely suitable for studying settings in which negotiators are forward-looking about
long-lived contracts, while retaining the tractability and intuition of the static Nash-in-Nash
approach of previous work.

My empirical application leverages the new West Virginia contract panel dataset to pro-
vide the first estimated structural model of vertical market bargaining with staggered con-
tracting. My approach is similar to the existing empirical literature, but with two key differ-
ences made possible by the panel dataset: I estimate bargaining parameters based on gains
from trade available at the moment of bargaining rather than the moment of measurement,
and I allow negotiators to balance gains from trade across multiple periods. As in the Ho and
Lee (2017) model from which I build on, the key inputs to bargaining are hospital and insurer
demand. I estimate hospital demand using patients with a complete network, and I estimate
insurer demand and bargaining parameters through GMM. I estimate an annual discount-
ing rate of f = 0.899, strongly rejecting the null hypothesis of dynamic bargaining under
myopia. [ find that a forward-looking model is more accurate than a myopic model, even
for short-term predictions. My estimates suggest that a hypothetical dynamic Nash-in-Nash
model would be close to the estimated Nash-in-Kalai model, underscoring the usefulness of
Nash-in-Kalai as a tool for tractably capturing key dynamics in dynamic markets whether
the Kalai proportional solution is exactly or just approximately true.

I apply my estimated model to quantify the counterfactual impact of proposed increases to
Medicare rate inflation on the private insurer market, focusing on Medicare’s role as a private
payment benchmark and incorporating forward-looking responses. American hospitals have

often argued that the payments they receive from Medicare, a large government program,



have failed to keep pace with costs. To simulate a more favorable dynamic, I consider a one
percentage point annual increase in Medicare rates, roughly counteracting observed deflation
relative to reported costs. The change is implemented as a surprise announcement at the end
of 2006 that is fully known in every subsequent period.

I find that persistent Medicare payment increases would have real effects on the pay-
ments negotiated by commercial insurers, even after accounting for forward-looking offsets.
I estimate that after nine years, this change to Medicare rates would increase spending on
behalf of the commercially insurer by 1.319%. This effect is 25.4% of the predicted increase
if negotiators did not adjust their contracted multiples. Extrapolated nationally in 2015 and
converted to 2019 dollars, the effect corresponds to a $4.98-billion increase in spending. I find
that a key mechanism is negotiators’ forward-looking offset of anticipated future Medicare-
driven price increases by reducing starting prices, to the point that I estimate spending in
one year would decrease. Approaches based on the static literature would predict incorrect
effects. A myopic model that corresponds to static-type estimation with accurate dynamic
timing would overestimate the 2015 effect by $2.35 billion and miss short-run dynamics. A
static model with single-period contracting would fail to capture any effect at all.

The vertical market bargaining literature has largely focused on static models, with mod-
ern empirical work generally using the Nash-in-Nash framework, which corresponds to a Nash
equilibrium in Nash bargains. Most Nash-in-Nash models are static and include only a single
period (Crawford et al., 2018, Ho and Lee, 2019); a smaller literature considers simultaneous
period-by-period contracting with inertia (Lee and Fong, 2013, Liu, 2021, Tiew, 2022, Deng
et al., 2022, 2023). This literature cannot accurately capture dynamics of staggered contract-
ing as I show occurs in practice. I propose the Nash-in-Kalai model, a Nash equilibrium in
Kalai (1977) proportional bargains. Other bargaining solutions like the Kalai and Smorodin-
sky (1975) solution lacks the same dynamic advantages. The Nash-in-Kalai model coincides
with the Nash-in-Nash model in transferable utility (TU) settings in which negotiations are
zero-sum at the margin. TU bargaining includes the microfoundations of period-by-period
Nash-in-Nash (Lee and Fong, 2013, Collard-Wexler et al., 2019) as well as common empirical
practice (Ho and Lee, 2017, Crawford et al., 2018, Ho and Lee, 2019). Some empirical work
has estimated static models with nontransferable utility (NTU) bargaining (Crawford and
Yurukoglu, 2012, Grennan, 2013, Gowrisankaran et al., 2015). Even in these NTU models in
which Nash-in-Nash and Nash-in-Kalai do not coincide, Nash bargaining is often interpreted
as nearly following a Kalai proportional strategy of splitting gains from trade proportion-
ally to bargaining weights (Briigemann et al., 2018, Ghili, 2022). There is empirical work
on dynamic bargaining over a single good (Backus et al., 2020, Keniston et al., 2024) and
search-on-the-job (Cahuc et al., 2006, Bagger et al., 2014, Bilal et al., 2022, Gottfries, 2022),



typically with TU frameworks. My counterfactual analysis relates to work on price-setting
dynamics in the context of market inflation (Taylor, 1980, Calvo, 1983) and pharmaceutical
price caps (Abbott, 1995). I build on this literature by offering the first structural estimates
of vertical market bargaining with staggered contracts, and quantifying a new dynamic mech-
anism in an important market. I discuss other related work further in Appendix A.

The remainder of this work is as follows. Section 2 documents that West Virginia contracts
were multiyear and formed at different times. Section 3 defines the Nash-in-Nash model,
illustrates the state space disadvantage of a dynamic Nash-in-Nash model, and presents the
Kalai proportional bargaining solution. Section 4 defines the dynamic Nash-in-Kalai solution
and proves key tractability benefits. Section 5 describes the empirical model, data, estimation

procedure, parameter estimates, and estimated counterfactual effects. Section 6 concludes.

2 Motivating Descriptives

I begin by motivating the need for a dynamic bargaining model of vertical markets:
vertical market contracts are multiyear and formed at different times. I am able to say this
definitely using a public record dataset on West Virginia hospital-insurer contracts between
2006 and 2015. Static models are used in part because it is rare to see the data on contract
timing (Sorensen, 2003, Reinhardt, 2006, Gudiksen et al., 2019), making the setting an
exciting opportunity to understand vertical market dynamics.

I am able to amass a panel dataset on hospital-insurer contracts because West Virginia
made the contracts public records. The contract disclosure was a byproduct of a “corridor”
rate regulation system. The state mandated a dynamic ceiling on hospital list prices and
an average cost floor on private insurer payments. The regulator in charge of certifying
the average-cost floor made the regulated contracts public records. The state destroyed the
contracts at the end of the corridor system in 2016, but retained scans of contract summary
information that I leverage for estimation and counterfactuals.

The contract dataset I use includes Discount Contract Lists (DCLs) and Detailed Con-
tract (DC) forms. The DCLs are a panel dataset of projected discounts relative to list prices
by contract for 2006-2015. Appendix Figure 10 gives one example.! T use these reports to
observe payment rates and infer some negotiation times. The DC reports were supplemental
information for contracts that either constituted at least 5% of a hospital’s projected utiliza-

tion or which fell into certain rare exceptions, and were retained beginning midway through

!The reports exclude Medicare Advantage contracts. Medicare Advantage is a large and ostensibly com-
mercial insurance product that is funded by Medicare and often included with traditional Medicare (CMS,
2022).
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Figure 1: Contracts are multiyear. Distribution of reported contract lengths for fixed-term
contracts in general (left panel) and auto-renew contracts with reported formation dates as-of
fiscal 2015 (right panel). Colors indicates insurer. The two nonmodeled contracts correspond
to Wheeling-Pittsburgh Steel.

2010. Appendix Figure 11 presents one example. The DC data includes detailed information
on scale, as well as information on formation and expiration dates (if applicable).?

The contract data is public record, so I am able to reference specific firms and provide
the data for other researchers to use. I ultimately focus my estimation on six insurers that
were more likely to report retrospective formation dates: Highmark BCBS; a regional insurer,
HPUOV:; and the four largest for-profit firms, Aetna, Carelink, Cigna, and UnitedHealth.? I
refer to these insurers as “modeled” and group the remaining tail of small insurers into the
“nonmodeled” category in this section’s plots. The cleaned dataset is available at https:
//jacobdorn.info/files/ContractData/ContractData.zip. For more on the state’s rate
review system, see Murray and Berenson (2015). For more on the setting and data, see the
companion paper Dorn (2024).

Figure 1 demonstrates that hospital-insurer contracts in West Virginia were multiyear.
Figure 1(a) includes contracts with reported formal expiration dates. These contracts were

associated with Highmark BCBS, and corresponded to standard lengths of three or five years.

2There are also reported submission dates. I use contract approval date, rather than submission date,
as a measure of contract negotiation and start date because approval was generally quick, while contract
submission date is sometimes used to refer to a recent resubmission of an extant contract.

3Carelink was a regional subsidiary of Coventry between 1999 and Aetna’s acquisition of Coventry at the
end of 2014.
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Figure 2: Contracts are formed at different times. Histogram of contract start dates for
contracts used in the estimation sample and introduced in 2007-2014 for Highmark BCBS
(blue) and other modeled insurers (pink). Vertical lines indicate January 1 of a given year.
Contracts were not systematically introduced on the same dates.

The right panel includes “auto-renew” contracts: contracts with an annual commitment that
would automatically renew until one side requested termination. Auto-renew contracts were
associated with smaller contracts that would rarely be reported in the DC data, and so I
can generally only infer a formation dates for larger auto-renew contracts. Figure 1(b) shows
that even many of the larger auto-renew contracts with reported expiration dates in 2015
had been formed at least a decade previously. In companion work, Dorn (2024) estimates
that the average auto-renew renewal probability in this era was 93.4%.

Figure 2 demonstrates that contracts were formed at different times, even within a given
year. The figure plots contract start dates for contracts used in the estimation sample. These
are bargains with reliable start and end date information in my sample. Contracts were
visually formed in many years and all throughout a given year. This pattern of staggered
formation held both within Highmark BCBS and across insurers.

Figures 1 and 2 show a forward-looking model may be needed to accurately predict
dynamic effects. Forward-looking negotiators can respond to changes in future conditions
when choosing starting terms. The typical static approach to vertical market bargaining
assumes all contracts in place in a market were formed recently and simultaneously. There
is no static representation of staggered contracts. Static-type estimation can be applied to
staggered contracts through a dynamic model that imposes myopia, so that negotiators only
think of one period of profits and fail to offset even predictable changes to future conditions.

In Section 5, I use the West Virginia contract data to provide the first structural estimates

of a vertical market bargaining model with staggered contracts. The sections leading up



to the empirical estimates develop the necessary forward-looking model, beginning with a
static Nash-in-Nash framework for simultaneous contracting and culminating in a dynamic
Nash-in-Kalai model with staggered contracting. I will ultimately find that negotiators are
forward-looking, and as a result substantially offset my counterfactual change of interest

substantially, but incompletely.

3 Static Nash-in-Nash and Nash-in-Kalai

This section describes the existing Nash-in-Nash model and illustrates why I propose a
different characterization for dynamic vertical markets. I start with the usual static Nash-in-
Nash model, which by construction cannot capture dynamic counterfactuals with staggered
contracting. I use a example to illustrate that in the presence of potential staggered con-
tracting, dynamic Nash-in-Nash introduces new tractability challenges, often with limited

empirical gain. I then define the Nash-in-Kalai solution in static markets.

3.1 Static Nash-in-Nash

I begin with the static Nash-in-Nash model, which is a tractable solution concept for
simultaneous bargaining but turns out to be an inconvenient generalization when contracting
can be staggered.

A static Nash-in-Nash model is a Nash equilibrium in bilateral Nash bargains where
bargaining outcomes only affect the current period and do not affect any other bargaining
outcomes.

I base my notation for a static vertical market on Lee et al. (2021). n players compete
in a single period t. Each pair ¢ < j has the simultaneous opportunity to mutually choose
a non-null contract C;j; € Cjj;; if negotiations fail, then 75 choose the null contract C;jq.
A successful agreement comes with a j-to-i price p;j; and requires paying a negotiation cost
ri and rj. (This adds generality, as the literature generally assumes r;; = rj; = 0.) Once
contracts are chosen, I write the set of market contracts as C; = (C;;¢)i<;, the number of

new agreements for player ¢ as R;;, and the profits of player i as
Vie(Cy, Riy) = 74 (Cy) + T3t (Cy) — 1Ry,

where the net 75t demand is D;;;(C;) and player i’s net transfer is 7;;(C,) = Z#i DijtDijt(Cy).
Vertical markets can generally be partitioned into upstream suppliers and downstream re-

tailers, but I write the model more generally.



The Nash equilibrium restriction of Nash-in-Nash is that firms calculate gains from trade
taking as given every simultaneous strategy. The restriction on simultaneous strategies cor-
responds to a passive beliefs assumption that if ¢ or j defects and changes their behavior,
neither party adjusts their behavior in, or expectations about, other strategic decisions taken
at the same time (Lee et al., 2021). T write (Cy _;;, C;j;) for the market contract that replaces
the 75t agreement with Cijt. If 75 reach an agreement, then player ¢’s gains from trade from
a contract C;;; are Vi ((Cy 5, Cijt), Rit) — Vie((Cy—ij, Coije), Rie — 1). It is useful to write the

effect of the 15 contract on 7’s non—j transfers and pre-transfer profits as:

Z Dikt (Dikt (Ct> ~ D ((Ct’_iﬁ Co’iﬁ)»]

k#i,j

[Az’jﬂ'z’t] =K [Wz‘t (C&) — Tt <<@t,—ij; CO,ijt))] )

(AT, -5l = E

(1)

so that the ij gains from trade are GFT; (C;j;) = [Aijmi] + [Aij Tt —5] — 15 + pijeDije(Cy).

I will illustrate the Nash-in-Nash framework with a simple triangular market. A monop-
olist insurer (player 1) sells insurance at a regulated price of ¢ = $10,000. The insurer’s
sales depends on how many of the two symmetric hospitals (players 2 and 3) agree to be
in the insurer’s network. A hospital-: agreement is associated with a price per unit of care
provided p;, and is formed through Nash-in-Nash bargaining with insurer weight 7. If both
hospitals agree, the insurer sells D = 6,000 units of insurance. If only one hospital agrees,
the insurer sells DM = 5,000 units of insurance. Consumers become patients and demand
one unit of care, split evenly within the insurer’s network and at zero cost to the hospitals.
In equilibrium, both hospitals agree to be in the insurer’s network. r; = 0 for all players.

The Nash-in-Nash model allows contracts to have spillovers on each other through gains
from trade. In the illustrating example, if only hospital ¢ reaches an agreement, then hospital
1 provides 5,000 units of care. If hospital 5 — ¢ also reaches an agreement, then hospital ¢
provides only 3,000 units of care. When the insurer negotiates with hospital 5 — i, the
anticipated price paid to hospital ¢ increases the insurer’s gains from a further agreement
with hospital 5 — ¢ and typically increases the realized price paid to hospital 5 — 7. In a
static model, these spillovers in gains from trade occur through anticipated agreements, but
the spillovers are not internalized. That lack of internalization is convenient, but inaccurate
when forward-looking negotiators choose staggered contracts.

The Nash bargaining component of Nash-in-Nash is that contracts are reached through
bilateral Nash bargaining. More generally, a bargaining solution X is a function from a space
of feasible agreement values P C R? and a disagreement value v” € R? to a point C' € PUvP”
such that C; > vP and Cy > vl (Figure 3(a)). For a bargaining solution X, I write that



a set of contracts @t = {@ijt} is a Nash-in-X equilibrium if for all ij, the realized value
<Vit(@t, Ji’it), V}((@t, ]A%jt)> is equal to a solution X applied to the bargaining problem over
feasible gains from trade. If ij reach a non-null agreement, the Nash bargaining solution

maximizes an asymmetric product of gains from trade:

CWash) argmax (GFTi (Cijt) )I_Tij (GFT] (Cije) )T”.

ijt
Cije€Cijt

This asymmetric product can be viewed as a joint utility function (Nash, 1950, p. 159). If

value functions are differentiable in the price p;;; and 7;; < 1, then first-order conditions

yield that at distribution of Nash-in-Nash contracts <C§jf“5"):
MVR
plar (€))L, B[Dutpalps -l dt]
E[Grr ()] T T B D i+ s ]

where MV R is the negative of the ratio of the marginal profits as a function of p;jq.

I write that a game is transferable utility (TU) if the MVR is always equal to one in every
subgame.* In a TU game, a pair can first decide on their efficient agreement and then choose
transfers to split gains from trade as they desire. TU bargaining is an important special case
that the microfoundations of the Nash-in-Nash solution. In the TU case, the ratio of gains

from trade is equal to the ratio of bargaining weights 1%
ij

Lemma 1 (Static Nash-in-Nash payments). Consider a Nash-in-Nash equilibrium of a static

TU game in which ij reach an agreement with probability one. Then:

B D) = —ij ([Aigmae] + Ay Tu—gl]) + 0 = 7i3) ([Agymie] + [DyTje—il]) + migri — (1 — 7).
Proof. Appendix D ]

The illustrating example is a TU game. When player 1 negotiates with hospital 7 at
an expected hospital 5 — ¢ price of ps_;;, the gains from trade correspond to [A;my] =
$10,000(6,000—5,000), [Ai1T1t,—i) = —ps—i (3,000 — 5,000), [A;;m;] = 0, and [A7 Ty 1] = 0.
Then the Nash-in-Nash payment is DTMpz',t = (1 —7)(¢(DM — DM + (DM — %)pg,_i,t), and

115 : : : 139 ” -7 M—_M —T
the equilibrium price is pa; = p3 = P{static) = TDAS[l/Q-i-)(qi(—DT)(Dﬁ—)D]M) = $10, 000 11+27'

4This is a slight abuse of notation: TU is usually used in the context of coalitional games in which utility
may be transferred across sets of agents, but I focus my attention on coalitional games in which contracting
is only formed bilaterally. I also restrict my attention to games in which utility is transferable through per-
unit-demand payments. One could achieve transferable utility through lump-sum agreement payments by
writing D;;; to be an indicator of reaching a non-null contract.
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Figure 3: Left: an arbitrary Nash bargaining problem between an insurer (x axis) and hospi-
tal (y axis) with Pareto frontier PF in light blue. The disagreement point value is indicated

with v” in red, and implies Pareto improvement constraints (dotted lines). Right: the Nash

bargaining solution, indicated by C{., in blue. Dashed blue line corresponds to Nash bar-

gaining indifference curve over joint gains from trade at the Nash bargaining agreement.

The literature has so far been static. In the next subsection, I illustrate the challenges of

modeling a dynamic market with Nash-in-Nash.

3.2 Dynamic Nash-in-Nash

The goal of this work is to build a tractable model of forward-looking bargaining with
staggered contracts. I now use the running illustration example to demonstrate why a Nash-
in-Nash extension to staggered contracting introduces new tractability and interpretability
challenges through the possibility of internalized contract spillovers.

There continue to be two symmetric hospitals that can form one-year contracts, but in
equilibrium they now reach simultaneous agreements on January 1 of each year with an
annual discounting rate of 5 € [0,1). A natural starting point is an annual model with
one-year disagreement.

However, Section 2 showed that accurate empirical predictions may require acknowledging
staggered contracts. In some sense, in the presence of negotiation constraints, simultaneous
bargaining is the exception in practice rather than the rule. Whether staggered contracting
is an important feature to model depends on the setting and question. When accuracy

requires forward-looking negotiators that acknowledge the existence or threat of staggered

11



contracting, it will turn out that Nash-in-Nash bargaining will introduce new tractability
issues.

To consider the simplest case, what would happen if a pair that disagrees on January 1
can limit their losses by returning to the bargaining table on July 17 I use a device I call

split-in-half to study whether exclusion lengths matter.

Definition 1 (Split-in-half invariance). A dynamic Nash-in-X model is invariant to being
split in half if for every subgame of every Nash-in-X equilibrium of the game, there is a
corresponding subgame of a model with subsequent period lengths cut in half (formalized in

Appendiz Definition 3) and a Nash-in-X equilibrium with the same subgame predictions.

If some Nash-in-X prediction cannot be sustained after shortening the period length, then
I write the model is not invariant to being split in half. The split-in-half process to introduce
new equilibria; ruling out new equilibria is more difficult than showing a mapping of existing

equilibria to split-in-half equilibria.

Proposition 1 (Running example is not invariant). The annual illustrating Nash-in-X model
with 7 € (0,1), 8 > 0, and D™ > DM /2 > 0 is not invariant to being split in half among

split-in-half subgames with differentiable price responses.
Proof. Appendix D. O]

The logic of Proposition 1 is presented in Figure 4. Construct the value of disagreeing
via backwards induction. If the insurer disagrees with hospital ¢ on January 1 in the split-
in-half model, they will return to the bargaining table on July 1 and negotiate relative to
six more months of exclusion. If the firms negotiate on July 1, they will negotiate with
an internalized spillover on the other hospital’s next negotiation. This spillover leads Nash
bargainers to choose a July 1 disagreement contract is more favorable to the insurer. On
January 1, the firms know that disagreement will improve the insurer’s leverage, and so the
January 1 contract is shifted towards the insurer as well. The full solution involves a system
of equations in steady-state payments and spillover rates.

I refer to this phenomenon as state space growth. A recursive Nash-in-Nash model will
typically define gains from trade relative to future agreements. Those future agreements are
recursively defined, and each corresponds to a new bargaining state with different spillovers
on future negotiations. An unbounded number of bargaining states may be needed to ac-
curately approximate a bargaining process with short-lived exclusion. Even when sufficient
computing resources exist to approximate the dynamic Nash-in-Nash bargaining problem, I
show in Appendix B.4 the Nash-in-Nash model does not easily accommodate even ostensibly

ignorable uncertainty.

12
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Figure 4: In the illustration example, the predicted values (blue dot) are different in the
annual model (left, agreement C{™%!) and split-in-half model (right, agreement C’liglslﬁ rel-
ative to annual agreement indicated by grey notch). Insurer (x axis) and hospital (y axis)
values are presented relative to the value of disagreeing for one year (vyuy vop)- Full agree-
ment and associated Pareto frontier are indicated in blue, the relevant disagreement point
is indicated in red, the split-in-half disagreement point’s disagreement point is indicated in
orange, dashed lines indicate Nash product indifference curves at the chosen agreement, and
dotted lines indicate Pareto improvement constraints.

I derive the split-in-half running example’s closed-form solution in Lemma 2 in Ap-
pendix B.1, but it is opaque and hard to parse. Yet, for all the theoretical complexity of the
recursive Nash-in-Nash process, the empirical effect of incorporating the threat of forward-
looking spillovers. This is because while internalized spillovers exist in a dynamic vertical
market, they are often small in practice: the hospital contracts only overlap for six months,
and disagreement with one hospital only leads one-third of consumers to substitute to the
other hospital. The simultaneous price is around 5% smaller than the static price, but is
awkward to calculate and opaque. I propose the Nash-in-Kalai approach to arrive at an
internally-consistent model of vertical market bargaining that cuts through the complica-

tions of state space growth.

3.3 The Kalai Proportional Solution

The Nash-in-Kalai model aligns with Nash-in-Nash in many leading static cases, but will

more tractably extend to dynamic settings with staggered contracts. The principal advantage
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of this model for dynamic settings is that it will manage the growth of empirically relevant

bargaining states, but I begin by introducing the model for static bargaining.

e C,

A
/‘ C Kalai

Kalai ,

/
/

<

D
VKaIai

Hospital Value
Hospital Value

Insurer Value Insurer Value

Figure 5: Left: The Kalai proportional solution, as applied to the Nash bargaining problem
of Figure 3(a), with proportional split indicated by dashed blue line. Right: the step-by-
step property of Kalai proportional bargaining. Kalai proportional bargaining has the same
predictions when the outcome of bargaining over the smaller feasible set (PF’ with first step
outcome vE, . in pink) is used as the disagreement point in bargaining over the full set of
feasible values (PF) with agreement Cg, .. (blue dot).

The Nash-in-Kalai solution is a Nash equilibrium in Kalai proportional bargains. The
Kalai proportional bargaining solution with player-j bargaining weight 7;; chooses the con-
tract C;j; that maximizes gains from trade among contracts that give player j a 7;; share of
the joint gains from trade. That is, if Kalai proportional bargaining yields a contract Cgﬁ“l“")
and 7;; < 1, then the ratio of gains from trade satisfies:

GFT, (@Kulai))

ijt

GFT, (C(K"“l‘“')) 1oy

ijt

The solution is presented in Figure 5(a).
The Nash-in-Kalai characterization of payments generalizes the Nash-in-Nash TU pay-

ment from Lemma 1 to NTU bargaining.

Corollary 1 (Static Nash-in-Kalai payments). Let C; follow a Nash-in-Kalai equilibrium of
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a static game such that v < j agree almost surely. Then whether or not bargaining is TU,
Kalai
Elpls ™ Dije) = —i; ([Agymie] + [AijTie—51]) + (1 = 735) ([Aigme] + [AijTyeil]) + migrs — (1 — 7i5)750

In the illustrating example, the static equilibrium Nash-in-Kalai price is the Nash-in-Nash
pz‘smtic). That is because bargaining in that example is TU.

The unique feature of the static Kalai proportional bargaining solution that I exploit is
the step-by-step (Kalai, 1977) or path independence (Roth, 1979) property. I demonstrate
this property in Figure 5(b). If f is a bargaining solution over a feasible utility set S with
disagreement point vp, then the step-by-step property is that for any S’ C S that generates a
valid bargaining problem, (S, f(S’,v?)) = f(S,vP).5 That is, if one starts with a bargaining
problem, reduces the set of feasible values, applies the bargaining solution to the smaller
bargaining problem as a first step, and treats the outcome as the disagreement point when
negotiating over the full set of feasible values as a second step, then Kalai proportional
bargaining will predict the same contract as in the original bargaining problem. Kalai (1977)
shows that this feature is unique to Kalai proportional bargaining in games with free disposal,
and Roth (1979) shows that this feature is unique to bargaining solutions with “proportional
character” in games that may lack free disposal. I discuss some other relative advantages
and disadvantages of the Nash and Kalai proportional solutions as bilateral NTU solution
concepts in Appendix A.

While the step-by-step property is interesting, Kalai cautions that “one has to be careful
in the interpretation.” As he accurately notes, from a static perspective, the property “is a
condition on the feasible utility levels and not directly on the underlying game.”

The key insight of this work is to note that for a dynamic bargaining game, the step-by-
step property is an essential tool for tractability. Consider the split-in-half game, but under
Nash-in-Kalai bargaining rather than Nash-in-Nash bargaining. Return to the step-by-step
Figure 5(b). Relabel the step-by-step graph’s ultimate disagreement point v as v&_, .,
ultimate Pareto frontier PF as PF(1/1), smaller frontier PF’ as PF(7/1), smaller frontier

Split

D D : A :
agreement vi,,; as vy, and ultimate agreement Cf,,; as Ci,;- The result is an analog of

alai
the Nash-in-Nash split-in-half Figure 4(b), but now shows that the split-in-half predictions
are the same as in the original game. Any gains from trade available by excluding for six
months rather than one year are already split proportionally to bargaining weights, and so

can be treated as null. This yields an invariance to splitting the period length in half.

Corollary 2 (Running example, Nash-in-Kalai). Consider the split-in-half subgame of Lemma 2,

°I modify the notation slightly from Kalai and Roth in order to avoid imposing a disagreement point
normalization.
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Figure 6: Nash-in-Kalai split-in-half invariance in the illustrating example. Graph is based on
Figure 4, but for Kalai proportional bargaining. By the step-by-step property demonstrated
in Figure 5(b), any gains from trade available in the off-equilibrium July 1 bargain can be
ignored for the purposes of computing the equilibrium January 1 gains from trade.

but under a Nash-in-Kalai model. Then there is an equilibrium where the simultaneous price

Kalai),* . . . % —7)o(DM_pM .,
pESimul)t) is the static price D{Static) = TD]\SI/2+)((§(77)(DM73)NI) = $10, 000 11+2T_
Proof. Appendix D. ]

In a more general model with arbitrarily short period lengths, the step-by-step logic of
Figure 6 can be used to derive a tractable equivalent disagreement point. The Nash-in-Kalai
recursive disagreement point is the value of disagreeing once and then reaching an agreement.
By the step-by-step property, the econometrician can replace this disagreement value with the
value of disagreeing twice without modifying the predicted contract. By repeatedly applying
this argument, the Nash-in-Kalai recursive disagreement point can be replaced with the value
of repeated surprise disagreement.

The Nash-in-Kalai equivalent disagreement point constructed via repeated application
of the step-by-step property corresponds to Binmore et al. (1989)’s impasse point. In the 7j
impasse point, 2 and j continually attempt to reach an agreement, but surprise all actors and
continue to disagree without abandoning negotiations. Under Markov strategies, the impasse
point is well-defined regardless of how disagreement is reached. The impasse point captures
the dynamic intuition of static Nash-in-Nash disagreement: everyone behaves anticipating

1J to reach an agreement, but ij always surprise the market and disagree. The impasse
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value only depends on ¢ bargaining states through states at which others respond to an
anticipated 77 agreement. Most ¢j bargaining states under impasse have no impact on the
value of impasse, and so can be ignored for the purposes of calculating the Nash-in-Kalai
bargaining problem.

In the next section, I define a dynamic Nash-in-Kalai model and use this insight to prove

that the Nash-in-Kalai has more general tractability advantages.

4 Dynamic Nash-in-Kalai Bargaining

I now propose the Nash-in-Kalai model for dynamic vertical markets. The model has
the same predictions as Nash-in-Nash in the important TU class of static models. I show
that in a dynamic setting, the Nash-in-Kalai model yields a moment on NPV payments that
generalizes the static Nash-in-Nash moment. Further, I prove that the new dynamic term
in the Nash-in-Kalai model moment is zero in steady state, and that the model possesses a

valuable tractability simplification inside or outside steady state.

4.1 Model Timing

I study dynamic vertical markets of the following form.

Time is indexed by t. One unit of time is divided into m > 1 periods, with the time of
period s written as ts: t; = 0, to = 1/m, t14,, = 1, and so on. The per-period discounting
rate is equal to 8Y/™ € [0,1), with myopia corresponding to 3 = 0.

The timing in each period ¢, is as follows:

1. Information is revealed and non-bargaining choices are made. Information Z;_ is re-
vealed, possibly through multiple sub-periods. The resulting information includes the
history of the game, period pre-transfer profit functions m;_;(C;,), period demand func-
tions Dy, ;;(C,,), null contracts Cy,ji,, the set of feasible bilateral contracting states
Cijt, (either a single renewal contract, a single null contract, or a set of feasible agree-
ments), and any information about future values. Every feasible contract ij includes
Dijt,, the net i-to-j transfer per unit of equilibrium demand D;_ ;;(C:,) provided in

period t,.

2. Contracts are bargained. For i < j pairs with more than one feasible contract, new
contracts @ijts are chosen through bilateral Kalai proportional bargaining relative to
the null contract, with j receiving bargaining weight 7;; € [0, 1]. I write the number of

A

new contracts formed by firm ¢ as R;,.
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3. Flow profits are formed. Flow profits for agent ¢ at contract state @ts with associated

J-to-i prices p;jr, = —pjir, and network of firms with agreements G, are equal to

m1i(Co) + D Bigr D (Cr.) = riRRar,,

J€Git,
where r; > 0 is the cost of validating a new contract.

Definition 2 (Nash-in-Kalai equilibrium). A Nash-in-Kalai equilibrium is a conditional ran-
dom variable distribution T,, | (Z;._,,Cy_1), a bilateral contract choice distribution Cy, ;;(Z;.),
and recursive value functions (Appendiz B.2) such that (i) all strategies are Markov strate-
gies, (ii) any strategies in the formation of I, are in the appropriate equilibrium, and (iii)
for every ij and every subgame, the expected NPV profit of the distribution of Cts,ij (Z:,) | 7o,
when taking other strategies as given solves the Kalai proportional bargaining problem over

value functions with bargaining weight 7;; € [0, 1] on player j > i.

Due to the bilateral nature of contracting, the recursive value functions have only been
useful as collections of flow profits.

I discuss each stage in further detail.

4.1.1 Information is Revealed

The information updating stage 1 is written in a generic way in order to accommodate
many types of vertical markets.

Stages 1 and 3 can be modified to include separate games. The first stage can include
premium-setting, contract renewal, or other strategic phases. The final stage can include
demand reallocation in response to upstream prices. I focus on the bargaining stage and
abstract from these strategic responses here.

One could just as easily imagine strategic interactions after bargaining rather than before
bargaining. Such a change could be accommodated at the cost of additional notation to
track the outcome of the end-of-period response. I will eventually imagine a period to be
arbitrarily short, so that a single period is almost irrelevant. A more substantive change
would be if non-bargaining competition occurred at the same time as bargaining in stage 2.
Such simultaneous competition would be insubstantial if it occurred only at specific times,
but difficult to model if the strategic response was revisited in every period while a pair

remained in impasse.

4.1.2 Contracts are Bargained

The core of my analysis is the bargaining Stage 2.
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I assume that a contract must have a price per unit of demand, which corresponds to
transfers in the scale of utility. A contract can have other characteristics: a fixed end date
or an auto-renew clause; a benchmark rule for updating prices while the contract remains
in place; or per-period transfers as a function of each firm’s network of realized agreements.
However, I will assume that a given period’s realized contracts C, (and any Z; information
decided earlier) are sufficient statistics for flow profits before transfers and negotiation costs.

I also assume that a bilateral pair chooses a contract taking as given both future strate-
gies and all simultaneous bilateral strategies. The assumption on future strategies is to my
knowledge innocuous. The restriction on simultaneous strategies is the standard passive be-
liefs assumption that if ¢ or j defects and changes their behavior, neither party adjusts their
behavior in, or expectations about, other strategic decisions taken at the same time (Lee
et al., 2021). This decision is relatively innocuous in a dynamic market: I will have in mind
a model where the length of a period tends to zero, so that the simultaneous negotiations

will typically have no importance in the limit.

4.1.3 Flow Profits are Formed

The representation of profits in stage 3 as the sum of a pre-transfer flow profit function
and negotiated transfers generalizes many, but not all, conceivable dynamic vertical markets.

I implicitly rule out payments under null contracts. One could imagine modifying the
game to include payments outside of a contract, for example through out-of-contract pur-
chasing (Prager and Tilipman, 2022). I rule that out for conciseness. One could extend the
Nash-in-Kalai model to cover these cases at the cost of yet more notation.

I model a negotiation cost borne after bargaining succeeds. Real negotiation costs are
borne both at the stage of preparing for negotiations (Gooch, 2019, ECG, 2020, Fletcher,
2020, Beier, 2020) and at the stage of carefully checking the terms of a potential agreement
(STD TAC and Moss, 2014, PMMC, 2019, Fletcher, 2020). I model the bargaining friction
as only the ex post cost to validate a potential agreement. Some work includes a sunk
negotiation cost (Prager and Tilipman, 2022). Sunk costs can prevent firms from forming
Pareto-efficient contracts. In a static model, sunk costs have the advantage of not entering
into payments. In a forward-looking model, future sunk costs enter into current payments in
a challenging way.

The flow profit representation is not unique. For example, one can double demand and
subtract the new payments from 7 to yield the same profits. I only assume that a represen-
tation of this form exists. The representation here is motivated by static TU games in which
m can be written as a function of networks alone, and transfers reflect lump-sum or per-unit

payments.
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4.2 Key Properties of the Dynamic Nash-in-Kalai Solution

I now show that the dynamic Nash-in-Kalai model yields a moment on NPV payments
that generalizes the static Nash-in-Nash moment on current payments. The moment delivers
key tractability properties. In particular, shortening the length of disagreement does not
change the moment, so that a complex Nash-in-Kalai model defined in continuous time can
have the exact same predictions as a particular and more tractabile model defined in discrete
time. The existence of a payment moment and a tractable continuous-time foundation for a
discrete-time model are key advantages for empirical work.

I maintain some regularity conditions.

Assumption 1. (Regularity conditions)

Players are risk-neutral, share rational expectations, and follow Markov strategies. If ij reach
their null contract in ¢, and do not negotiate a new contract in ¢, then ij reach their null
contract in ¢, ;. There is a uniform transversality condition: if 7 |, (Z¢,) is the set of feasible

information sets in period ¢, > t, after information Z;, is reached in period ¢, then

lim sup sup sup gh/m 1A () (Z,

ivts+h
h—o0 Its Its+h€‘7-—ts+h\ts (Its) 1

= 0.

s+h)

4.2.1 NPV Payment Moment

The dynamic Nash-in-Kalai bargaining model yields a moment on expected NPV pay-
ments, and as a result the econometrician can construct moments on payments for estimation.
The moment naturally generalizes the static Nash-in-Nash bargaining moment to incorporate

multiple periods of gains from trade.

Theorem 1 (Nash-in-Kalai Moment). Consider a dynamic Nash-in-Kalai equilibrium that
satisfies Assumption 1. Suppose players i < j form a contract in a subgame time ty that
remains in place through the (potentially random) terminal time t* with (potentially random)
realized prices pjy,. Then the expected NPV of realized payments Dy ;;p;;,, at the moment of
contract formation is equal to the sum of the expected NPV of flow period Nash-in-Nash

payments, a negotiation cost payment, and an impasse repricing payment term:

ts—tp ¥
L Z B7m Dy b, | = Payniv + Payye + Pay e, (4)
t,

0<ts<t*
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where the expected NPV of static Nash-in-Nash payments (Lemma 1) is:

5 M( =y ([Byme] + (BT, ) )] -

Payyiny = E
Ui +(1 =75) ([Aymje] + [AiTr.—i])

the negotiation cost payment Pay o is equal to 7;;7; — (1 — 7;5)r;, and the impasse repricing

payment Pay;pp is:

~ A nA ~ D mD
P I Z /st—to —Tij T, T Tz’ts - M, — Tits> (6)
a g m A A~
Yo +(1—my) (74 +T4 —#D TP ’
ts>to ) Jts Jts Jts Jts

where ﬁ;‘:’k and TtAk correspond to the (potentially random) path of profits and net transfers
if ij enter their impasse point beginning in period t* + 1 and the ij equilibrium contract is
replaced with the ij null contract in periods tg through t*, and where ﬁg,k and Tt?k correspond

to those paths if ij enter their impasse point beginning in period to.

This is a generalization of the static Nash-in-Nash bargaining moment, which corresponds
to the myopic case § = 0. In many empirical applications, the realized payments D;_;;p7;,.
can be observed, the flow Nash-in-Nash payments in Pay,;, depend on estimable demand
functions and a small number of bargaining parameters, and Pay . depends on only a few
parameters. The term Pay;,, accounts for the fact that in future periods, the Nash-in-Nash
disagreement point differs from the Nash-in-Kalai impasse point. The static Nash-in-Nash
gains used in Pay;py are calculated relative to disagreement under the non-ij contracts
formed in equilibrium, while the Nash-in-Kalai gains are calculated relative to disagreement

under the non-ij contracts formed when continually expecting expecting ij to exit impasse.

Proof. Consider a period ty’s stage 2 subgame in which ¢ < j form a new contract with
positive probability. For simplicity, I proceed assuming there is a pure strategies equilibrium,
and that in every subgame that can be reached after t(, the expected number of subsequent
ij agreements is infinite.® Also for simplicity, assume that a realized contract C,, ;; will be
unchanged until the next period in which ij have the opportunity to negotiate. I write the
anticipated non-ij contracts in period ¢, as C;, _;;.

I consider two off-equilibrium paths: an agreement-followed-by-impasse path (super-
scripted A), and an immediate-impasse path (superscripted D). I write t§} = t§ = t4, and

I write t2 and t? for the (potentially random) a'" future period in which ij defect from

6Tn estimation, it is infeasible to include an infinite number of bargains without imposing strong assump-
tions like steady state behavior. I therefore impose a finite horizon model in estimation as an approximation
to an infinite-horizon model.
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equilibrium and reach the null contract on that path. For conciseness, I leave some scratch
work to Appendix D (Page 90).

For d > 0, define Vf(d@ to be the (potentially random) expected NPV to player k of ij
existing impasse in period 2 at the other-pair subgame equilibrium contracts Ctp _;j- Let
the subgame equilibrium have 75 choose @tD . Also define V (2 I) to be the expected NPV
of remaining in impasse, and define GFT( Q)E) = V(( 5+ V(2 E) V;E((;)D — VJ(Z] to be the
joint subgame gains from trade. Because ij follow the Kalal proportional solution, C’th’ij is

chosen to maximize joint gains from trade subject to:

2,E C e 2,1 2,D A ~ 2.1
(Tz‘j) <‘/Z'f(d)D) ((Ctg,fijactg,ij>> - V;"((d))D> = (1 - Tij) (ngd : (((Ctg’,fijaCth,ij)> - VjEd )> :

[ iteratively expand and obtain (Equation (10)):

2,1 td ~ d+h d (2,E
Vi =By | 3 87 (7D +T0) + > (- m)s GG,

ts>t? h>0

2[ tsfté) R ~ d+h (2,F
Vit = Bip | 0 8" (. 10) + L (r)s ™ GRIGS),

| ts>tD h>0

: @0 2B [ A o1
Analogous results hold to characterize Vz’,(d)A = Vz’,(d)D ((Cthv*ij’th’iO) and Vj,(d)A =

Vj(?d]);g <<@th7,ij,Ctg7ij)>, except that in periods to through (¢ — 1), ij have a contract
on the A path, so that ij profits are #4 + T4 + [Ay;m] + [AyT-] + pD;j; instead of 74 + T4
and ij pay an additional negotiation cost in period ty.

Substituting these results together, characterizing the surplus split of the ¢y = t& = t;

bargain, and moving around terms, I obtain that for any equilibrium agreement:

famt ot . Aijmi] + [Ai T, —;
Eto Z ,B mopzjtsDijtS :Eto Z B m0 { 1) ([ ] 2‘] [ 1)+ 1l J]) }
tostoctd tostocta H(=7i5)  ([Bamje,] + [AijTje,, i)
+ (rigri — (1 = 7ij)rj)
ttg —(7ij) i, + T — 7l + /?)
+ o Z g “A | PA _ AD o 5D
to<ts H(L=7y) (7, + T, — 7, + Tjts])
= Payn;n + Paync + Paypr,
which is the desired equality. O]
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4.2.2 Other Tractability Advantages

There are a few important corollaries of Theorem 1 for empirical use: the Pay;p, term
that reflects off-equilibrium behavior is zero in steady state, and a discrete-time Nash-in-
Kalai model can have the exact same predictions as a continuous-time model generated by
continually splitting the discrete model’s period length in half.

Theorem 1 writes the expected NPV payment at the time of contracting as

ts—tq .
Eq, Z B Dy ijpije, | = Payniy + Payye + Paypr.

to<ts<t*

The term Pay pr is new to the literature. This new term is zero if negotiators are myopic (8 =
0) or contracts are single-period and have no effect on future outcomes. When negotiators
are forward-looking (8 > 0) and balance multiple periods of gains from trade, the term
captures the internalized bargaining spillovers. The transfer splits the effect of impasse on
disagreement payoffs, relative to the value of disagreement at the equilibrium profit functions
and contracts.

The impasse repricing term Pay;pp is zero in also steady state.

Corollary 3 (Steady state Pay,pp is zero). Let a steady state equilibrium of a Nash-in-X
game be a Nash-in-X equilibrium such that the equilibrium profit functions and contracts
C, are constant, and in any subgame with the equilibrium outcome, if a pair ij defects and
disagrees for one period, then profit functions and contracts return to the original equilibrium

the next period. Then in any steady state equilibrium of a Nash-in-Kalai game, Pay;pr = 0.
Proof. Appendix D. O

Real-world markets are rarely in steady state. In practice, profit inputs like consumer
demand change over the course of an ij contract. As a result, if ij disagree in ¢y, and return
to the bargaining table at t; > g, it is likely that they will agree to a different path of prices
than their initial agreement. In turn, non-ij bargainers negotiating at ¢, in the 7 impasse
point negotiate relative to a slightly different anticipated 45 contract as would emerge in
equilibrium. In empirical practice, Pay;pr will then be non-zero. Where markets are close
to steady state, Corollary 3 implies that approximating Pay;rr to zero will produce an
approximately valid moment. This is the strategy I follow in my empirical application.

As demonstrated in Figure 6, the Nash-in-Kalai model tractably controls state space

growth.
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Corollary 4 (State space simplification). Let B be the set of Nash-in-Kalai games with full
networks in every original and split-in-half equilibrium (formalized in Appendiz Assump-
tion 2). Then for every b € B and every subgame of b, the Nash-in-Kalai model is invariant

to being split in half.
Proof. Appendix D. O]

In my view, Corollary 4 is the principal benefit of the Nash-in-Kalai model for dynamic
vertical markets. One can believe in a continuous-time model that is represented by re-
peatedly splitting a discrete-time model’s period length in half. Corollary 4 shows that a
discrete-time model can plausibly capture all dynamics in the continuous-time model. The
key requirement will be that if 75 enter impasse, the discrete-time model will include every
moment at which a non-ij bargain is conducted in anticipation of ij exiting impasse. The
many bargaining states that may emerge between those moments as 77 remain in impasse
and return to the bargaining table an hour, minute, or second later have no impact on the
Nash-in-Kalai model’s predictions. Because the step-by-step property is unique to the Kalai
proportional solution, Corollary 4 is unique to the Nash-in-Kalai model.

I have established that a discrete-time Nash-in-Kalai model yields the same predicted
payments as a continuous-time Nash-in-Kalai model defined as the limit as period lengths
are increasingly short. I also show that in both models, the Nash-in-Kalai model yields an
intuitive moment on expected net present value payments that is amenable to empirical
work in the presence of staggered contracts, as is common in American healthcare and other
vertical markets.

Having established the tractability of the Nash-in-Kalai model in principle, I now pro-
ceed to evaluate the model in practice. I require a setting with data on contract timing
and gains from trade over multiple years. In the next section, I provide the first estimated
structural model of vertical market bargaining with staggered contracts, using the dataset
that motivated a forward-looking model in Section 2. In my counterfactual analysis, the
forward-looking Nash-in-Kalai model allows negotiators to anticipate and offset future pay-
ment increases by reducing starting prices, allowing me to quantify both a significant effect

that static models would rule out and key dynamics that a myopic model would overlook.

5 Empirical Application

This section estimates the dynamic Nash-in-Kalai model introduced in Section 4 using
the West Virginia hospital-insurer contract data introduced in Section 2. The dataset, made

public as a byproduct of a state regulation on hospital list prices, covers ten years of contract
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formation, expiration, and payments. The data allows estimation of bargaining parameters
using accurate contract dates, while the model allows negotiators to balance gains from trade
over the multiple years a contract may remain in place.

Unlike the previous static literature, I estimate bargaining parameters with only new
contracts and allow negotiators to balance gains from trade over multiple periods. I find that
a forward-looking model is more accurate than the existing static or myopic approaches: I
estimate a discounting rate of § = 0.899 and clearly reject the null hypothesis of myopia
that corresponds to the static model’s one-period estimation with accurate contract timing.
I apply the estimated model to study the counterfactual effects of proposed dynamic gov-
ernment rate reform on private spending benchmarked to government-set rates, where I find
both a significant nine-year payment increase that a static model would rule out and a short-
run spending reduction that a myopic model would overlook. These are the first structural

estimates of a dynamic vertical market with staggered contract formation.

5.1 Empirical Model

My empirical model is motivated by Ho and Lee (2017)’s static Nash-in-Nash model.

Flow profits are adapted from Ho and Lee. Contracts can be formed between hospitals
and insurers (also known as managed care organizations, or MCOs). I adapt their notation
and refer to hospitals with subscripts ¢ or A and with superscripts H, and refer to insurers
with subscripts j or n and with superscripts M. I assume that the period length is one
day; by Corollary 4, the daily timing is equivalent to assuming a continuous-time model in
which strategic choices are made at most daily and shorter period lengths do not introduce
new contracting threats that change equilibrium behavior. I write insurer j’s network in
period t as = {hospitals i | C;j; # Coj¢}. I write a hospital i’s network G analogously,
and write gt = {ij | Cijy # Cyj} for the full network. The insurer charges premiums
®j¢, which I assume are set simultanecously during stage 1 of every January 1. I write the
vector of premiums as ¢;. The transfer demand function is hospital inpatient units of care,
D;j+(Cy) = DJI,(Gt, ¢¢), which is zero for ij that reach the null contract.

If 7 is a hospital and j is an insurer, then the pre-transfer profit functions are:

zt Ct - Z Dznt

negi

W%(Ct) = D%(Qt, ¢)(Dje — m5),

where ¢; is the hospital’s per-unit cost, Dj-‘f is the insurer j demand function, n; is insurer

j’s per-enrollee noninpatient costs. I describe the demand function specifications in Ap-
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pendix C.1. The associated flow pre-transfer gains from trade (Equation (1)) for a hospital

7 and insurer j at the equilibrium contracts C;, networks G;, and premiums ¢; are:

[Aiij] = zD'th <Ct) — G Z <Dmt (C&) — Dy <<©t,fij7 CO,ijt)))

neGH (7)
Ay} = (D (G b)) — D (Gutisi &) (S =)

where G, /ij removes ij from the equilibrium networks. I assume that premiums are set
annually through Nash-Bertrand competition, not taking into account any effect of premiums
on future contract negotiations. The stylized nature of my premium data precludes taking a
more precise approach to premium-setting.

[ assume that contracts are negotiated as a benchmark (either a Medicare-linked “prospec-
tive” price or a list-price-linked “share of charges” price), a fixed benchmark price multiple
(or equivalently initial price), and expiration (either a fixed expiration date or an auto-renew
contract that can renew on January 1 of each year). I assume that firms that enter impasse
continually attempt to reach a contract in good faith to avoid further painful exclusion,
formalized as Good-Faith Disagreement in Appendix Assumption 3. I set r; = 0 because it
is not clear the parameter is separately-identified from the insurer costs r;, and I assume the
insurer costs r; are constant for non-Highmark-BCBS insurers to increase statistical power.
I approximate Pay;p, to zero based on Corollary 3.

Based on Theorem 1, the initial price pj; given expectations over the distribution of

: Bij o
benchmark prices p;,;”" and expiration ¢* solves:

pl zyt
PijtoEto Zﬁt toDz;t G, 01)—5— : = By, Zﬁt to —Tij AZﬂrzt] + (1 —7y) [Alﬂr D
t=to lto t=to
— (1 — Tij)rj-

The left-hand side is observed up to the patience parameter 5. The right-hand side depends

on the insurer’s bargaining weight 7,;, negotiation costs r;, hospital demand D insurer

demand D™ hospital costs ¢;, insurer noninpatient costs 7;, and prices per unit of care p.
I parameterize the bargaining weights as an insurer fixed effect with hospital size effects

on a logit scale:
log (73;/(1 — 7)) = log(7;/(1 — 15)) + Tsmlog(HospSizei’2006/MeanHospSizegooﬁ), (8)

where hospital size is measured as the size of the bargaining system in my first year of 2006

and 7; is insurer bargaining power measured at the average-sized hospital system. Larger
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Table 1: Count statistics for all hospital-insurer years (All Contracts), hospital-insurer years
with modeled insurers (Modeled Contracts), and hospital-insurer years used in bargaining
estimation (Estimation Bargains).

Data Hospitals Hosp. Systems MCOs System-MCO Pairs System-MCO Years Bargain Count

All Contracts 38 33 168 613 5108

Modeled Contracts 35 30 6 159 1482

Estimation Bargains 32 27 6 53 289 63
Size

hospitals have more bargaining weight if 7°'*¢ is negative. I assume that the insurer bargain-
ing weight parameter 7; is shared for the for-profit insurers I model (Aetna, Cigna, Carelink,
and UnitedHealth). In estimation, I allow 7; to be below 0 or above 1 as a plausibility test;

if that happens, then I take 7;; = 7;.

5.2 Data and Estimation

The main estimation dataset is the public record contract data referenced in Section 2.
In the interest of brevity, I include only a high-level summary of my estimation procedure
here.

I describe the core contract data in Section 2. Table 1 presents count statistics for the
full contract data, the contract data involving the six modeled insurers, and the 63 contracts
used in bargaining estimation.

I complement the novel contract data with more standard data on hospital and insurer
quantities demanded. I group diagnoses into one of six main categories based on Ho (2006)’s
International Classification of Diseases (ICD) categories (see Appendix Table 4 for frequen-
cies). I use 2016 uniform billing (UB) data to estimate hospital and insurer quantities de-
manded for the identified insurers. The UB data is discharge data on every inpatient stay in
West Virginia, and identifies primary payor if the primary payor is one of Aetna, Highmark
BCBS, or HPUOV. The data is not claims data, because it does not include negotiated or
realized payments. I estimate insurance demand for previous years and other modeled insur-
ers using data on annual sales and premiums in the West Virginia fully insured market. The
insurer fully insured sales data is digitized from state-level accident and health reports like
Offices of the Insurance Commissioner (2016). The reports cover every plan sold in which
an insurer is paid a premium to provide comprehensive medical insurance. I also use state
financial reports on Medicare rates in supplemental analyses.

My hospital and insurer demand estimation strategy is fairly standard. I use hospital
demand as an input to both the insurer demand model and bargaining model, and use
insurer demand as an input to the bargaining model. I estimate hospital choice with logistic

maximum likelihood as a function of diagnosis category and location. I estimate insurer
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demand through the generalized method of moments (GMM). My strategies are similar
to existing approaches. The most notable feature is that I leverage Affordable Care Act
(ACA) premium restrictions, which prevented insurers from differentiating premiums within
geographic rating areas beyond a limited set of homogeneously incorporated factors. I use
these rating areas to control for most sources premium variation, and use the correlation of
sales with network quality within rating areas to identify the effect of network quality on
insurer sales.

I estimate bargaining parameters through GMM on estimated and predicted net present
value payments. Unlike existing static approaches, I allow negotiators to balance gains from
trade over the multiple years in which their contract remains in place, and I only use new con-
tracts with reliable start and end dates in estimation. I estimate a finite-horizon bargaining
model, because West Virginia was nonstationary which precludes estimating a compelling
infinite-horizon model. I consider the first 7' = 5 years of gains from trade, which I take as
an approximation to an infinite-length model.

My bargaining instruments are insurer and grouped-hospital-size dummy variables. The
insurer and hospital size generate variation in contract length and terms, generating variation
in how future conditions affect starting prices. Both instruments also identify the bargaining
weight heterogeneity. I constrain insurer noninpatient costs 7; using moments on reported
medical spending. My main specification use hospital reported costs as a proxy for the
opportunity cost of inpatient care, although I consider other cost models as robustness checks.
I bootstrap standard errors by resampling inpatient cases and state-level sales.

See Appendix C.1 for more on estimation, Appendix C.2 for sources of identification,
Appendix C.6 for key caveats, and Appendix C.7 for a detailed description of the data

analysis.

5.3 Parameter Estimates

I estimate an annual patience parameter of § = 0.899 and overwhelmingly reject the null
hypothesis of myopia (8 = 0). I find that most negotiations were close to the TU case in
which Nash and Kalai coincide, and I find no evidence that a dynamic Nash-in-Nash model
would be more accurate than the model I use.

My estimated hospital and insurer demand systems are generally plausible. The associ-
ated parameter estimates are presented in Appendix C.3.

I present bargaining estimates under two models, both of which use the same hospital and
insurer demand estimates. The first strategy is a myopic approach that estimates bargaining

parameters for contracts with confirmed start and end dates, but constrains the discount
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rate 3 to zero to recover a static-type estimation strategy. The second strategy is a forward-
looking approach described above, which allows the annual discount rate 3 to take on any

value between zero (myopia) and one (discounting after CPI inflation).

Parameter
o4 TBCBS THPUOV TFP —rSize
Myopic . 0.876%**  (.825%**  (.861***  1.037***
(Nash/Kalai) () (0.012)  (0.232)  (0.034)  (0.199)

Forward-Looking  0.899***  (.854%¥*  (.877***  (.889***  (.989***
(Pay;er =0)  (0.03)  (0.006)  (0.026)  (0.005)  (0.028)

Note: “p<0.1; *p<0.05; **p<0.01

Table 2: Estimated bargaining and patience weights for the myopic (first row) and more
general forward-looking (second row) bargaining models. The MCO 7; bargaining weights
are estimated for Highmark BCBS (BCBS), HPUOV, and the modeled for-profit insurers
(FP) and represent the insurer’s predicted share of gains from trade at the average bargain’s
hospital bargaining system log 2006 size. I present estimates of noninpatient costs (1) and net
negotiation costs (r;) in Appendix Table 8. Estimates under alternative bargaining models
are presented in Appendix Table 9.

The bargaining estimates are presented in Table 2. I find that bargainers are forward-
looking. I find excellent model fit (Appendix Figure 12). My estimated model overwhelmingly
rejects a null hypothesis of myopia, which corresponds to the case f = 0. My estimated
patience parameter of 5 = 0.899 is also below one. These indicate that firms care about
future period profits (8 > 0) but value a dollar today less than a dollar tomorrow (5 < 1).
The results are qualitatively similar under most other specifications (Appendix Table 9).

The forward-looking model does a better job of predicting initial rates than the myopic
model, even though the forward-looking model targets payments in later contract years. For
example, the correlation between forward-looking and myopic predicted and real starting
share of list prices is 0.521 and 0.452, respectively (Appendix Figure 13). The staggered
nature of contracting in Section 2 rejects a truly static model, and the forward-looking
estimates reject a myopic model in which negotiators only value one period of gains from
trade.

The estimated bargaining weights are generally empirically plausible. I find little het-
erogeneity in bargaining power across insurers: I estimate that insurers keep 85%-89% of
the joint surplus when bargaining with a medium-sized hospital system (Table 2). The es-

timated weights are somewhat larger than other estimates in the literature based on claims
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data (Ho and Lee, 2017, Ghili, 2022). There is no restriction in my estimation procedure
that both sides must gain from the negotiated contracts, so it is reassuring that the myopic
and forward-looking models estimate bargaining weights 7;; between zero and one.

I find that while bargaining was NTU, most bargains used in estimation were close to
the TU case in which Kalai and Nash coincide. I estimate the marginal effect of ij’s initial
price on NPV 45 transfers and the spillover effect on non—i5 NPV transfers. In 62 of the 63
cases, both firm’s NPV spillovers are at most 10% of the direct effect on their bilateral NPV
payment (Appendix Figure 14). In the one exception, a Nash-in-Nash model would predict a
higher payment than the Nash-in-Kalai model, but the realized payment was lower than the
estimated model predicts (Appendix Figure 15). These results are consistent with the Nash-
in-Kalai model providing a tractable approximation in my setting even if negotiators truly
followed a more complex Nash-in-Nash model, and I find no evidence that a Nash-in-Nash

model would be more accurate than the Nash-in-Kalai model I propose.

5.4 Counterfactuals

I now apply the estimated bargaining model to quantify a novel dynamic mechanism:
the effect of government-set Medicare rate dynamics on private insurer payments through
Medicare’s role as a benchmark. I find that Medicare benchmark dynamics have an important
role in private insurer spending, but a myopic model lacking forward-looking responses would
both substantially overstate the effects and miss important short-run dynamics.

Medicare, a large American government program, pays hospitals at rates that the Amer-
ican Hospital Association argues have deflated related to costs (AHA, 2022). I ask how a
counterfactual change in Medicare rates to roughly track West Virginia hospital reported

cost growth would affect spending in the private insurer market.

MCO Prospective Share of Charges
All 46.74 53.26
Modeled MCOs 60.20 39.80
Highmark BCBS 72.27 27.73
HPUOV 56.24 43.76
Other Modeled 13.14 86.86
Nonmodeled 3.03 96.97

Table 3: The estimated share of inpatient payments by benchmark type for fiscal years 2011—
16. Prospective contracts were common, especially for Highmark BCBS.

I classify contracts as either likely list-price-linked “share of charges” contracts or likely-

Medicare-linked “prospective” contracts. This notation follows Cooper et al. (2019). See

30



Appendix C.1 for more on the algorithm and Appendix C.5 for more on the logic.” I present
estimated frequencies Table 3. I classify an estimated 46.7% of inpatient spending as prospec-
tive, and find that prospective contracts were especially common for the largest insurer

Highmark BCBS, as well as for HPUOV in the regions in which it was a larger actor.

List Price:Cost
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Figure 7: The ratio of list price charges (top) and real payments (bottom) to reported costs by
Medicare (red) and private payors (blue) for West Virginia hospitals. Dashed lines represent
Medicare 2006 values extrapolated based on three ppt. and negative one ppt. annual changes.

The choice of benchmark had important consequences on how prices evolve after a con-
tract is formed. Figure 7 presents the ratio of charges and payments to hospital reported
costs. List price charges increased quickly, roughly three percentage points faster than hospi-
tal reported costs. Medicare rates depreciated relative to hospital reported costs by roughly
one percentage point annually. As a result, if insurer A formed a contract with a hospi-
tal paying a fixed multiple of charges, and insurer B formed a contract at the same time
with the same average initial payment calculated as a fixed fraction of Medicare rates, then
after five years, insurer A could easily pay 20% more. The associated divergence in pay-
ments between negotiations was an important driver of the divergence in payments between
Highmark BCBS and other insurers in this era (Dorn, 2024). A counterfactual increase in
Medicare benchmark rates over time could have real effects even in the long-run when nego-
tiators discount the future and price-setting is staggered, similar to a (Taylor, 1980) model
of staggered price-setting with inflation.

I study the counterfactual effect of an additional one-percentage-point annual increase
in hospital prospective prices, announced at the end of 2006 to begin in 2007. The one-

percentage-point increase would roughly offset the divergence between West Virginia Medi-

"Note that some charges are based on diagnoses, and are therefore also prospective. The key difference is
that Medicare-linked prices evolve based on a national formula.
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care rates and hospital costs in this era. The change would correspond to a $26.5-billion
increase in 2015 Medicare hospital expenditures (CMS, 2022, expressed in 2019 dollars). I
do not have access to the DRG weight schemes used in the construction of payments, so I
assume all prices imputed as prospective would increase one percentage point faster annu-
ally beginning in 2007. My counterfactual can also be interpreted as a world in which these
contracts’ prices were required to inflate one percentage point faster annually.

Counterfactual payments are calculated as follows. I first calculate counterfactual contract
prices holding benchmark choice, contract length, premiums, and NPV residual payment
fixed, and using plug-in estimates of counterfactual benchmark price growth. I then esti-
mate back-of-the-envelope downstream premium effects based on a Nash-Bertrand premium
competition model assuming Ho (2006)’s estimated own-price elasticity average own-price
elasticity of -1.14. I do not estimate a reinforcing effect of higher premiums on prices, which
biases my estimates towards zero. I discuss these choices further in Appendix C.1.

I summarize the effects by year under a hypothetical static model, the estimated forward-
looking model, and the estimated myopic model in Figure 8. The effects are presented as
a percentage of modeled insurer spending, which is roughly three-quarters of all private
insurer spending (Dorn, 2024). A static model with one-period contracts (black) would fail
to estimate any effect: even if Medicare doubled rates annually, Medicare-benchmarking
negotiators could cut their contracted multiples in half and arrive at the same real outcomes.

I find that contracts are multiyear, so that the reform will at least have a short-run effect.
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Figure 8: Estimated counterfactual spending effects from a one-percentage-point increase in
Medicare rates from a myopic (blue) and dynamic (red) bargaining model. The dashed line
indicates 0.20 percentage point additional annual spending increases starting in 2009.

Under the forward-looking model (red), I estimate quantitatively meaningful spending

32



effects and important short-run dynamics. The estimated effect under the forward-looking
model is negative in 2009, when Highmark BCBS and HPUOV negotiated many new prospec-
tive contracts and correspondingly would reduce their starting prices relative to the status
quo. There is a similar dip in 2012 when Highmark BCBS revised three-year contracts formed
in 2009. In later years, contracts remain in place and effects compound. After nine years, the
estimated increase in spending is 1.3%. The estimated increase in West Virginia spending
in the commercially insured inpatient market would be $7.1 million. The percent change in
spending after nine years, if extrapolated to the 2015 national hospital market and inflation-
adjusted to 2019 dollars, corresponds to a $4.98-billion effect. I present effects on insurer
payments, hospital payments, and premiums in Appendix Figures 16, 17, and 18, respec-
tively.

A myopic model would miss these short-run dynamics and generally overestimate the ef-
fects by 45% or more. In the middle of the panel, when the forward-looking model estimates
are small or negative due to many negotiations, the myopic model incorrectly predicts a sub-
stantial spending increase. The reason the myopic bargaining model overestimates the effects
of benchmark price increases is because forward-looking bargainers respond to anticipated
future increases, while myopic bargainers only care about accumulated increases so far.

The estimated 2015 spending increase of 1.319% is below the compounded benchmark
price increase of 9.37% for three main reasons: many payments were benchmarked to un-
affected list prices, the Medicare-benchmarked contracts were renegotiated every few years,
and forward-looking bargainers revise starting prices downward based on the anticipated
future benchmark price increases. I measure the importance of the first mechanism by con-
sidering a same-multiple model, wherein the firms keep their original negotiated benchmark
multiples « in place. Appendix Figure 19 presents the different estimated effects. The me-
chanical model that only accounts for list price contracts would estimate a massively too
large nine-year effect that corresponds to nine compounded 0.564 percentage point spending
increases. As seen in Figure 8, the myopic model that only includes the first two reasons and
equilibrium spillovers, would also substantially overestimate the effects and miss important
dynamics like a spending reduction in 2009.

The Nash-in-Kalai model’s ability to account for multiyear and staggered contracts allows
me to quantify both how the proposed Medicare rate reform would change price dynamics
between negotiations, and how forward-looking negotiators would respond to anticipated
future Medicare-driven price increases when choosing contract multiples and starting prices.
Approaches based on the static literature would have been biased in one of two directs: a
static model would be biased towards zero, while the myopic model that corresponds to

static-type estimation with accurate timing would be biased away from zero.
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6 Discussion

This paper studies dynamic bargaining in vertical markets. I demonstrate a new chal-
lenge in capturing dynamic vertical markets: state space growth. I propose the Nash-in-
Kalai model, which generalizes the Nash-in-Nash approach in important static settings while
uniquely overcoming this new tractability challenge in dynamic markets. I estimate an em-
pirical Nash-in-Kalai bargaining model with data from West Virginia. I find that negotiators
are forward-looking and substantially offset proposed dynamic changes to Medicare rates.
Nevertheless, I find that a dynamic increase to Medicare rates would still have significant
effects on private insurer spending through Medicare’s role as a benchmark — a mechanism
that existing static models cannot capture.

The empirical analysis here opens up exciting new avenues for future empirical work. In
the West Virginia context, my companion paper Dorn (2024) documents that smaller insurers
experienced rapid price increases under long-lived contracts. A forward-looking model is
needed to quantify the impact of these contracts on competition, spending, and premiums.
Further, static approaches to antitrust questions, such as merger effects, typically assume
that all contracts in a market were recently formed. In West Virginia, such static models
would underestimate smaller insurers’ bargaining power by misattributing fast ex post price
increases to a lack of ex ante bargaining power. Future work will explore the implications of
staggered contracting for antitrust analysis.

The Nash-in-Kalai model is likely to be valuable beyond healthcare. The framework may
prove useful for modeling media asset acquisition (Morrissette, 2023), programming disputes
with time-bound programming (Hayes, 2023), disagreement with inertia costs (Handel, 2013),
staggered team formation in the presence of aggregate wage limits (Mulholland and Jensen,
2019), and supply chain bargaining in the presence of inflation (Davidson, 1988, Baudendistel,
2023). One speculative application could be to extend popular empirical search-on-the-job
models (Cahuc et al., 2006, Bagger et al., 2014, Bilal et al., 2022) beyond TU bargaining.

This paper leaves a new methodological question for future work. I show that the Nash-
in-Kalai model is uniquely tractable in dynamic markets, but I cannot prove that the Nash-
in-Kalai model is always accurate. In the West Virginia application, I find that the Nash-in-
Kalai model likely offers similar predictions to a more complex dynamic Nash-in-Nash model.
However, not all settings will resemble West Virginia. This raises a critical open question: is
there a tractable approximation to dynamic Nash-in-Nash in settings where Nash-in-Kalai
and Nash-in-Nash predictions meaningfully differ? Yet even in these challenging new settings,
the Nash-in-Kalai model will remain a plausible and useful benchmark and a foundation for

others to build on.
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A Additional Literature

I now discuss some of the many strands of literature that interact with this paper.

There is a substantial literature on vertical market bargaining, most of which is static.
There is a theoretical literature in industrial organization on overlapping contracts in trian-
gular markets (De Fraja, 1993, Barcena-Ruiz and Casado-Izaga, 2008, Do and Miklés-Thal,
2022). Such work is highly stylized and inapplicable for empirical markets like West Virginia
with many asymmetric firms. Recent work argues the Nash equilibrium assumption can do a
poor job of replicating true responses to disagreement (Ho and Lee, 2019, Yu and Waehrer,
2019, Froeb et al., 2021, Liebman, 2022, Ghili, 2022). An interesting avenue for future work
is using a dynamic vertical market model to more realistically capture disagreement. Note
also that Lee et al. (2021) refer to the mechanism I call spillovers as contracting externali-
ties. There is also some work on the Nash-in-Nash solution for union negotiations: Davidson
(1988) introduced the Nash-in-Nash solution for multiunit bargaining between many employ-
ers and many insurers at roughly the same time as Horn and Wolinsky (1988) introduced
the solution for vertical markets with bargaining between firms. To my knowledge, the mul-
tiunit bargaining literature generally models bargaining as static, although Hermo (2024) is
a notable exception.

Nash bargaining has many advantages for empirical use in static settings. Symmetric
(1 = 1/2) Nash bargaining can be justified as a bilateral bargaining solution as the unique
solution that satisfies Pareto efficiency, independence of irrelevant alternatives, symmetry,
and scale invariance (Nash, 1950). It can be microfounded as a bilateral solution through
alternating offers (Binmore et al., 1986, Coles and Muthoo, 2003, Collard-Wexler et al., 2019)
and as a vertical market solution for TU games (Collard-Wexler et al., 2019).

The Kalai proportional solution also has many advantages for empirical use in static
settings. Symmetric (7 = 1/2) Kalai proportional bargaining can be justified as a bilateral
bargaining solution as the unique solution that satisfies Pareto efficiency, independence of
irrelevant alternatives, symmetry, and monotonicity (Kalai, 1977). The static Nash-in-Kalai
solution is microfounded in the TU case in which the Nash-in-Nash model is microfounded
(Collard-Wexler et al., 2019). Unlike the Nash bargaining solution, the Kalai proportional
solution is scale-varying: doubling player i’s utility scale leads to player j having a better
outcome. This makes the Nash-in-Kalai solution applicable only to settings in which the
scale of utility can be well-defined, and bilateral microfoundations for NTU proportional
bargaining require an external factor to fix the relative scale of utility such as arbitration
(Bossert, 1994) or revocation costs (Dutta, 2012). Scale-varying solutions can be more accu-

rate in lab settings in which utility scales are well-defined (Nydegger and Owen, 1974, Duffy
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et al., 2021). Whether the Nash-in-Nash or Nash-in-Kalai solution is more appropriate for a
given setting depends on which model best balances accuracy and tractability.

There is a long literature explicitly using the Kalai bargaining solution outside vertical
markets. The Kalai proportional bargaining solution or similar proportional solution concepts
have has been applied to study liquidity constraints in monetary economics (Boragan Aruoba
et al., 2007, Lagos et al., 2017, Hu and Rocheteau, 2020, Duffy et al., 2021), in social choice
theory (Myerson, 1981), and occasionally in labor economics (Sestini, 1999, Jacquet et al.,
2014). The Kalai proportional bargaining solution has been critiqued as not being scale
invariant, so that it can only be microfounded through von Neumann-Morgenstern utility if
bargainers care about outcomes besides the utility being divided (Serrano, 2005). Evidence
from the lab suggests the Kalai proportional solution may be more accurate in monetary
bargaining when the two disagree and utility can be expressed in dollars (Nydegger and
Owen, 1974, Duffy et al., 2021). Andreoni and Bernheim (2009) argue that negotiators
often care about being perceived as fair. Keniston et al. (2024) find that split-the-difference
bargaining strategies are common, but need not correspond to a proportional solution.

Medicare rates, the topic of my counterfactual analysis, is an active topic of regulatory
debate. Medicare inpatient expenditures amounted to $319 billion in 2019 (CMS, 2022),
comparable to the gross domestic product of Egypt (World Bank, 2023) and enough to
account for 27% of American hospital expenditures, 40% of Medicare expenditures, and 7%
of federal government spending (CBO, 2020, CMS, 2022). The American Hospital Association
argues that Medicare payment increases have failed to keep up with costs (Thompson, 2023)
as policymakers reduce Medicare rates to make up for budgetary shortfalls (Finder, 2022).
However, there is limited work on the spillovers of Medicare payment dynamics on private
insurer payment dynamics.

I find that forward-looking bargainers reduce starting prices to offset payments in net
present value terms. There is a related literature on capping the inflation of pharmaceutical
prices with forward-looking responses in price setting (Abbott, 1995, Ridley and Zhang,
2017). However, the dynamics I highlight here are closer to models of price-setting with
inflation expectations (Taylor, 1980, Calvo, 1983). My counterfactual model is especially
similar to the Taylor model; in both settings, nominal price inflation can have real effects
when price setting is staggered and price-setters discount future profits.

This work relates to literature on dynamic bargaining outside vertical markets. Much
of this literature is theoretical (Malcomson and MacLeod, 1989, MacLeod and Malcomson,
1993, Levin, 2003, Miller and Watson, 2013, Watson et al., 2020, Dutta, 2021), including dy-
namic underpinnings of static bargaining solutions (Binmore et al., 1986, Stole and Zwiebel,
1996, Briigemann et al., 2018, Collard-Wexler et al., 2019, Maskin et al., 2021, Dutta, 2022)

46



and dynamic negotiations over a single product in isolation (Roth et al., 1988, Rica and
Espinosa, 1997, Keniston, 2011, Backus et al., 2020).

An important empirical literature on dynamic bargaining involves wage negotiations. In
the search on the job literature, contracts formed at the start of employment affect the
subsequent path of wages. Early examples include Diamond and Maskin (1979), Diamond
(1982). Shimer (2006) pointed out that when workers cannot fully leverage their employer
when considering changing firms, then higher wages can prevent a worker from leaving to a
less-productive firm, the bargaining utility set can be nonconvex, and the Nash bargaining
approach may not imply unique gains from trade absent randomization. As a result, the
empirical search-on-the-job literature has used models in which initial wages do not affect
the path of employment (Cahuc et al., 2006, Bagger et al., 2014) and has generally assumed
transferable utility (Bilal et al., 2022, Gottfries, 2022). In the associated applied models, the
Nash and Kalai proportional bargaining solutions agree. Jarosch et al. (2019) independently
discovered the implications of path independence of zero-sum bargains in a special case of
their model of post-disagreement threats. (Similar results were found for a stationary vertical
market by Shapiro (2021).) The TU search-on-the-job approach is inapplicable to vertical
markets with asymmetric and time-varying spillovers. Not all search-on-the-job models can
be viewed as using Kalai proportional bargaining solution. In more recent work, Gottfries
(2022) proposes a search model that nests the TU case, but allows for NTU bargaining.
Gertler and Trigari (2009) propose a model of staggered firm Nash bargaining over multi-
period wages, in which wages reset (and have no subsequent effect) after the next bargain,
workers have quasilinear utility, and the firm has a linear and known externality on wages
paid to employees hired before the next bargain. They show that this case yields a tractable
solution incorporating the externality and calibrate the model to monthly jobs data. That
approach is applied to an empirical setting with overlapping contracts in Gertler et al. (2008).
However, in this literature, overlapping contracts interact through aggregate market states
rather than based on substitution patterns.

This paper contributes to the empirical literature on vertical market contracting beyond
West Virginia hospitals. This project sheds light on the practice of long-term contracting,
which has implications for the literature on bargaining in hospital markets — as examined in
work like Gowrisankaran et al. (2015), Ho and Lee (2017), Ghili (2022), and Prager and Tilip-
man (2022) — and may hold in other vertical markets, such as retail supply chains (Dragan-
ska et al., 2010, Baudendistel, 2023), medical device supply (Grennan, 2013, New York State
Procurement, 2014, Grennan and Swanson, 2022), and content distribution (Crawford et al.,
2018, Marcelo, 2021). This work exploits public record contract data, including Sorensen

(2003)’s analysis of contracts in Connecticut, and complements Cooper et al. (2019)’s anal-
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ysis of five years of claims data from three major national insurers. Their research measures
service-level prices and forms a crucial foundation to my work. Weber et al. (2019) com-
plement Cooper et al. by describing prices using claims data that encompasses both large
and small insurers in Colorado. My counterfactual mechanism complements Clemens and
Gottlieb (2017), who point out that Medicare can also be relevant to the outside option
for capacity-constrained physicians. Clemens et al. (2017)’s descriptive analysis of Texas
BCBS 2010 claims suggests Medicare may play a similar role as a benchmark for negotiated
physician payments.

I study West Virginia’s outcomes under a rate review system. Murray and Berenson
(2015) offer an excellent description of the West Virginia and Maryland rate review systems
from the year before the West Virginia system ended. McDonough (1997) has more on the
history of rate review systems generally from after other state systems ended. There is a lit-
erature studying rate review systems more generally — for example, Cromwell (1987), Atkin-
son (2009), Pauly and Town (2012), Diebel and Diebel (2017), Sharfstein et al. (2018b,a),
Roberts et al. (2018a,b,c), and Clemens and Ippolito (2019) — largely with a focus around
changes to Maryland’s rate-setting system in 2014.

The existence of multiyear hospital-insurer contracts begs the question of why the con-
tracts exist in the first place. Early health insurance plans took the form of either indem-
nity plans without negotiated discounts or hospital-sold prepaid plans that aimed to reduce
marginal costs during the Great Depression. In later years, negotiated discounts can be
viewed as the insurer offering to steer patients towards a given hospital in exchange for the
favorable payment rate,® with the insurer using the discounts to sell more plans (Morrisey,
2013). Viewed from this framework, hospital-insurer contracts resolve a potential holdup
problem (Goldberg, 1976, MacLeod and Malcomson, 1993). Without a contract, a hospital
could drum up business with the promise of discounts, and then renege and raise prices. In
this framework, multiyear contracts might exist to mitigate holdup created if in-network hos-
pitals become more valuable to consumers through learning. Such dynamic demand processes
or a full analysis of the drivers of contract length are outside the scope of this work.

This work also touches on several strands of theoretical literature that are outside of its
scope. There is a small and generally theoretical literature on dynamic recursive bargaining
solutions. In that literature, contracts and choices today affect the outcome under the same
bargaining solution in the future. My model is a dynamic recursive bargaining solution. There
is relevant work under specific bargaining solutions in non-vertical settings (e.g. Sorger, 2006,

Hoof, 2018, Flamini, 2020, Dutta, 2021); dynamic foundations of static bargaining solutions

8In practice, inpatient steering is typically achieved by treating a hospital as in-network rather than by
steering between in-network hospitals.
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(e.g. Binmore et al., 1986, Stole and Zwiebel, 1996, Coles and Muthoo, 2003, Briigemann
et al., 2018, Collard-Wexler et al., 2019, Backus et al., 2020, Maskin et al., 2021, Dutta,
2022); and relational contracting under potential enforcement and restrictions (Levin, 2003,
Miller and Watson, 2013, Watson et al., 2020, Kostadinov, 2021). “Dynamic bargaining” is
sometimes used to refer to bargaining in settings that change over time rather than bargaining
with contract outcomes that are dynamic (Fuchs and Skrzypacz, 2022), a related concept
that to my knowledge has not been applied in vertical market settings except in dynamic
bargaining models that lead to simultaneous formation of single-period contracts (Lee and
Fong, 2013, Collard-Wexler et al., 2019). It is likely that the price system I describe can be
exactly or approximately viewed as a linear rational expectations system. The corresponding
literature is outside the scope of this work and generally focuses on different properties. (In
the notation of Sims (2002), from my understanding the linear rational expectations literature
must solve for I'y and I'y, whereas I estimate I'y and I'; from the bargaining model and am

interested in counterfactual changes to I'y.)

B Additional Theoretical Content

B.1 Nash-in-Nash Split-in-Half

Lemma 2 (Running example, Nash-in-Nash). Consider the split-in-half subgame of the run-
ning example dynamic Nash-in-Nash bargaining model, and suppose 7 < 1. Then there is a

Markov perfect equilibrium such that the simultaneous negotiation price 1s:

Ba2(1= 5 + (14 5)
A— B x <DM@1/2(2 _ T(l _ QENGSh)Bl/Z))) )

Nash),*

Alt)

where ¢ = $10,000, DM = 6,000, D™ = 5,000, the marginal effect of a price negoti-

ated on July 1 on the other hospital’s price negotiated on the next January 1 is agl‘z;h) =

(1-7)(2DM—_DM)

T /B DM 1 812(1—n) @D D) and the two constants A and B are:

rB(L+ BY2) (aleRDM 732 e put

DM Alt)
A=r(1+ )T+ (L =)L+ 8/ (DY - DM) + -
2 2(1 = Blal )2 21 512)
ﬁMJCHW@@m?P_%%@>
5o 2 LBy 1A
DM (7 + 8122 = 7(2 = afyi™)) ) +2(1 = BY2) (DM = DM)(1 - 7)
Proof. Appendix D. []
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pgﬁjzgt; only collapses to pfswm‘c) when [ = 0, which corresponds to myopic bargain-

ing. Myopic bargaining is the special case in which bargaining over NPV gains from trade
corresponds to static-type bargaining over a single period’s gains. Myopic models cannot
accurately capture forward-looking responses to dynamic changes, so that a forward-looking

bargaining may be needed for dynamic settings.

B.2 Dynamic Value Functions

I begin with the recursively-defined expected value function.

Formalizing the expected NPV profit in bargaining requires notation for the future equi-
librium. Fix a period t; in which 75 have multiple feasible contracts. By assumption, the
null contract Cy ;;;, is also feasible. I will assume that strategies are Markov, so that future
conditions can evolve based on the contracts realized today but not whether a null contract
C:,) to be the (poten-
tially random) profit function that will occur in period ¢, with realized agreements C;, this
period. Similarly define Dy, (C;, | Cy,) for the demand functions. Also define Z (Cy,) to

be the realized information, Cg ke, 1, (Cy,) to be the realized null contracts for k¢ in period

was reached through agreement or disagreement. Define m; ; (C;,

tr, Crer,t, (Cy,) for the set of feasible contracts, and @tr\ts((cts) for the equilibrium contracts.
Define the period t, ij substitution function as (@t“_ij‘ts, Cts,ij>7 which replaces the ij el-
ement of the equilibrium contract Cts with Cts,,ij. I then extend this contract replacement
to periods t, > t, by defining (Ctr,fijlts (Ct,.ij), Cthij> to be the contract which replaces the

17 element of @tr\ts (Ctr,fij\ts (Ci,.ij), Cn,ij) with the arbitrary C,, ;.

I will now define the value function of ij agreeing to a contract C,, ;; in stage 2 of period
ts. The value function will depend in large part on the one-period-ahead value of beginning
with a modified information state. The ex ante expected value to agent ¢ of beginning the
period ¢, with information Z;, with (potentially random) realized contracts C;_(Z;, ), number

of new contracts R; (Z:,), and otherwise equilibrium response functions of that form is:

A

Tits <@ts (It5)> + ;ﬁia‘ts (Zt,) Dy, 5 (Cts (Its)> —riRi(Zy,) + B%VQSS)H (Zt.41)
JF

Vi (T.,) = Ex,

ite

Also define fx’ijts as an indicator for ¢j forming a new contract in ¢4, and Bijts > f{ijts to be
an indicator ij having the opportunity to bargain in a period ¢s;. Then the ex post expected

value of i < j choosing a contract C,, ;; € C;ji,/Cy,ji, With associated price p;j,, including

50



the negotiation cost, is:
(2,4 ~ 2 2
V;mt ) ((Cts,lj ‘ Cts —ijts ) = FEi 2 [Wz’ts ((Cts,—iﬂtsy(cts,ij)) - Ti(Rits - Rijts - 7“@)}
ZpiktsDts,ij <<Cts,—z'j\tsa Cts,ij>)]
ki

+ B#EtS.Q [Vz(tlzﬂ (Its+1 ((@ts,—ijlts7cts,ij>>)] :

The value to j > ¢ is similar, but with reindexing as needed. The value of ij disagreeing is:

+ Ly o

~

2,D) A A
,|(Uts <Cts,—z]\té) = Ey, 2 |:7Tz'ts ((Cts,—ij|ts7co,ijts>> — (R, — Rijts)i|
Z Pikt, Dt ij <<Cts,—ij\t5a (CO,ijts>>
ki,

+ /B%Etsﬂ |:‘/;§t15)+1 <Its+1 ((éts,—iﬂtsyco,z‘jts)))] .

+ E; 0

Given these ex post value functions, I recursively define the ex ante value function for 7 in
terms of the ¢ contract outcome. The three possibilities are renewing at equilibrium contract
Cts,—ijlts (Bijts = 0), successfully negotiating the (potentially random) equilibrium contract
@ts,—ijlts (Bijts = J%zjts = 1), and disagreeing to the null contract @O,ijts (Bijts =1, éijts =0).

As a result, the ex ante expected NPV profit can be written as:

Vi (T) = Ex, [0 Bin (1= R )V (Ciy | Coige) + (1= B )i

+ Er, [Bijts(l = Riji,)(1 = Rijo, )V (C’fs’*““ ﬂ '

B.3 Additional Assumptions

Definition 3 (Formal split-in-half subgame). Let the original periods be ts y, with the sub-
game corresponding to some fized s. Let the new periods be toyy,. Then for all k > 0, the new
times are ts,p = ts + (tssx — ts)/2. The new per-period discounting rate is B = VB. Ifk>0
is even, then flow profit and demand functions are the same in to s, and toypp1. If k is even
and the history in stage 1 of tsix is (after appropriate change of notation including changing
one-period disagreement to two-period disagreement) in the support of histories in original-
game period tsy /2, then (1) the conditional distribution of I, is (after appropriate the change
of notation) the same in the new tyy, and the original tyyr/o; (2) the joint conditional-on-I,
distributions of flow profits and demand functions in t, o0 for all integer £ > 0 is (after

appropriate change of notation) the conditional distribution of (flow profits) / (1++/B) and
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(demand) / (1 + +/B) in the original teiyo; and (3) the associated set of feasible contracts
in stage 2 for all pairs are unchanged. If k is odd, then Iy ., includes no new information

on future profit functions than was available from the end of stage 2 of tsip_1.

Assumption 2 (Full networks). Consider a dynamic bargaining game and an associated X

bargaining model with a first subgame. I write that the model has full networks if:

1. Subgame Nash-in-X solutions exist. For every subgame and any set of restrictions on
subsequent strategies, there is a set of strategies such that for every unconstrained
response, the response is bilaterally Pareto optimal and every nonconstrained bargain

produces the X bargaining solution to the recursive bilateral bargaining problem.

2. Full network equilibrium. For every constrained solution of that form and every history
that can be reached through equilibrium play or bilateral defections to disagreement,

the next subgame equilibrium includes agreement in all unconstrained negotiations.

The first restriction is that the process of splitting the game in half does not make it
impossible to form Nash-in-X solutions. The second restriction is that it is impossible to reach
a subgame in which the equilibrium prediction is to disagree. This full-networks assumption
is a device adapted from Collard-Wexler et al. (2019) to rule out added opportunities for
punishment. For example, consider a forward-looking model in which ¢5 prefer to wait a
full period before reaching an agreement. It is possible that in a split-in-half model, they
will prefer to reach an agreement in the first half-period; other firms, anticipating the faster
17 agreement, may change their behavior and yield a split-in-half effect. The full-network
assumption may require restrictions on the parameter space. For example, in a subgame in
which a retailer agreed to pay a negative price to one manufacturer rather than a usual
positive price, the retailer may prefer to not add an additional manufacturer in order to
maximize their off-equilibrium payment received.

The good-faith disagreement assumption is as follows.

Assumption 3 (Good-faith disagreement). Let Gﬁ}l .1 be the distribution function of equi-
librium networks Gy, ... Gy in stage 2 of period t as a function of the history hi™! reached
at the end of stage 3 of period t — 1. Consider some subgame period %, in stage 2. Let
h' be a a draw from the support of the ¢, subgame equilibrium of stage 2. Let hto be the
history formed by replacing the ij contract with the null contract. Then for all finite T
¥ (ht) = ¥ (ﬁto).

t:Tt—1 t:T|t—1

Assumption 3 essentially says that bargainers attempt to exit impasse as soon as possi-

ble: if ij bargaining fails in period ¢y, then i returns to j’s network as soon as they would
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have been in-network in equilibrium. Future networks are assumed to be unaffected by ij
disagreement because everyone continues to expect ij to reach a contract.” Good-faith dis-
agreement is in line with the empirical rarity of disagreement, which suggests disagreement
is painful and consistently avoided. The good-faith assumption is also in line with the Nash-
in-Nash bargaining model’s Nash equilibrium assumption: under single-period Nash-in-Nash
bargaining, contracts are formed assuming other bargains will succeed. I implicitly rule out
any effect of current networks on subsequent future demand. If Assumption 3 did not hold
and disagreement affected subsequent networks, as in Lee and Fong (2013)’s model, then
the form of payments would be modified to incorporate the effect of impasse on subsequent

network formation.

B.4 Uncertainty Can Introduce Bias under Nash Bargaining

In this subsection, I use a toy model to show that an empirical researcher must accurately
model uncertainty under Nash bargaining even if uncertainty is completely at random.

Imagine a researcher has access to an infinite number of samples from the following
bargaining process. A fair coin is flipped. If the coin comes up heads, the insurer’s realized
gains relative to the status quo of 0 profits are GFT M(p) = 30 — p and the hospital’s
realized gains are GFT H(p). If the coin comes up tails, the insurer’s realized gains are
GFT " (p) = 10 — p and the insurer’s realized gains are GFT H(p) = 2p. (To emphasize the
role of uncertainty, in this section, I write the realized gains from trade as GFT and the
gains from trade as £ [@ | rather than GF'T.)

After taking first-order conditions, the Nash bargaining solution over price p in terms of
gains from trade £ [Cjﬁ (p)] can be written as

OE[GFT" (p)]

—_— H
OE[GFT (p)] oo
ap b=p- -

dp

0=(1-7)EGFT (p)] lp=p= +TEIGET (p")]
The game is transferable utility in expectation, so that both the symmetric Nash and Kalai
proportional bargaining solutions yield p* = 10.

Note that if price is viewed as a treatment, uncertainty in this process is strongly ignor-

able. The coin toss outcome is completely independent of the price that is chosen. There are

9The assumption only refers to one disagreement, but Assumption 3 rules out continued impasse affecting
subsequent networks by inductively applying the following argument to construct ty + 2 networks under
impasse. First draw o+ 1 networks from Gt0(3)’t+1:°°(ﬁt0(3)), which by Assumption 3 is the same as drawing
from Gto®):t+1:00(pto(3)): then draw h'*+1(®) from the distribution of to+ 1 histories conditional on A™(3) and
to + 1 networks; and then substitute the null contract for ijty + 1. This process generates the distribution
of (Giy+1,Gty+2) under impasse. By Assumption 3 applied to both draws, this process generates the same
distribution as drawing (Gs, 11, Grot2) from GloB)st+1:00(pto(3)),
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no unobservables that the negotiators use to choose contracts.
Suppose a naive researcher presumes they can form a moment based on the realized
gains. In particular, they exactly observe the realized GF'T functions. The naive researcher

unfortunately constructs a Nash bargaining moment

- M T _—~—_H FT
0= E z(<1—+N“8h>GFT p2CEL 0 avengpp () OCET () |)]

Op Op

/\M
where the instrument Z is a dummy. When the coin comes out tails, GFT (p*) = 0. When
——H
the coin comes out heads, %p(p) lp=p= 0. As a result, the researcher correctly observes
the insurer only gains when the hospital is indifferent to payments, and incorrectly concludes

that 7Vesh = 0. Conversely, the Kalai proportional bargaining moment will set
0=E |:Z ((1 o %Kalaz)GFT <p*) o %KalazGFT <p*)>i| — E [(1 o 7A_Kalaz> (20 _p*> . %Kalazp*} 7

which is satisfied at the correct bargaining weight 7%4lat = 1/2.

At a high level, the methodological issue emerges when there can be a correlation between
one side’s gains and the other side’s marginal value based on uncertainty resolved after
the negotiation. The Nash bargaining process that just cares about expected values at the
moment of negotiation. If the correlation is incurred from uncertainty after negotiation, then
a plug-in moment will be biased. If the correlation is observed and incorporated by the

negotiators before bargaining, than a plug-in moment will be unbiased.

C Additional Empirical Content

C.1 Estimation Overview, Continued

I infer contract benchmarks based on the contract data. I infer that a payor with the
same reported discount of list prices (or a difference of 0.01% after rounding) in consecutive
hospital reports was a share of charges (list-price-benchmarked) contract that paid as a fixed
discount of list prices. For the first observation of a hospital-payor pair, I infer that a round-
number discount followed by a change of payor or a new share of charges contract was the
final year of an expiring share of charges contract. I infer all other contracts were prospective
and used Medicare as the benchmark.

I estimate a finite horizon model: I consider only the first T" years of a contract in calcu-

lating gains from trade, where T' = 5 for my current analysis. I cannot estimate a compelling
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infinite horizon model because West Virginia is nonstationary. I take 7" = 5 as an approx-
imation: as the length of available data goes to infinity, 7" would go to infinity slowly to
enable the number of bargains in estimation to go to infinity as well. The finite horizon
makes a constant patience parameter § at best an approximation because the fifth year in
should principle best approximate later years. The finite horizon model also calls for care in
modeling how impasse affects other bargainers near the end of the horizon. I calculate gains
from trade through 2016. Contracts in 2016 are calculated by linearly extrapolating list price
levels from calendar year 2015 contract reports and extrapolating contract list price shares
from 2015.

I estimate hospital demand with maximum likelihood. I adapt the notation of Ho (2006),
but similar models are widely used (Capps et al., 2003, Gowrisankaran et al., 2015, Ho and
Lee, 2017, Prager and Tilipman, 2022). I assume that to a patient, the utility of a potential
hospital is a function of the patient’s diagnosis, the hospital’s quality, and the patient’s
location. In particular, I assume the utility of consumer ¢ visiting in-network hospital ~A with

diagnosis ¢ (cancer, cardiac, digestive, labor, neurological, or other) is:
H H
U o = Opy+ Vihep + Eing,

where (5{& is a hospital-diagnosis fixed effect, v, are patient-hospital characteristics (dis-
tance in miles, distance squared, and distance interacted with emergency), and ¢ is a type 1
extreme value shock. I estimate the model with Blue Cross patients in 2016, as all hospitals
are in-network for Blue Cross.

I estimate insurer demand mainly using cross-sectional data from 2016, the year in which
I have estimates of local sales. The equation I estimate in 2016 is:

W = B4 WV TPy + G+ o

Z7J7C7m

where u; j .., is the utility of individual ¢ choosing insurer 7 in county ¢ within market m,
5M
Jik,m
et al., 2003) is the ex ante expected utility of insurer j’s network to an individual of age-

is an insurer-rating-area fixed effect that includes premium levels, WTP;; . (Capps

group k in county c, v, are age-group-dependent coefficients on WTP, &;;, . is an age—county
unobservable, and ¢ is a type 1 extreme value shock. Similar models have been used by Ho and
Lee (2017) and Ghili (2022). The equation is estimated using the moment E[WT P} & k] =
0, matching observed county-age shares for insurers identified in the inpatient data, and
matching state-level sales for all modeled insurers. I assume that the insurer-rating area
fixed effects SJMm are constant across markets for the two insurers that are not identified in
the inpatient data, Cigna and UnitedHealth.
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The utility equation does not include premiums. Since 2014, the Affordable Care Act
(ACA) restricts insurer premium setting substantially (CMS, 2023). Insurers set premiums
(outside the large-group market) by geographic rating area defined by the state of West
Virginia.!? Premium variation in 2016 is essentially subsumed into the SJMm insurer-rating-
area fixed effects.

My counterfactual analysis must account for changes in insurer attractiveness and pre-
miums over time. For years before 2016, I include an insurer-time fixed effect S% The fixed
effect 5% captures systematic changes in insurer value and premiums in previous years. |
solve for the values to match state-level sales by year after adjusting for changes in networks
and local population. I discuss other estimation details in Appendix C.7.

The bargaining model is estimated based on observed and predicted payments for ob-
served bargains. I use the estimated hospital and insurer demand systems as inputs to gains
from trade in bargaining, with other bargaining parameters like the bargaining weights 7;;
and discounting rate 3 estimating through GMM. I define wijt(é) to be the normalized NPV

residual payment from ij negotiating in period ¢ at parameters :

t to 6t o (Dz]tpmt { TU Aljﬂ-zt] ( Tl])[AUﬂ-]t]}) - (]‘ B 711])7:;\4

D
Wi = =
]t( ) ttzzan(t—to)J Bt—to 4 (mean(t — to) — |mean(t — to)|) frmean(t—to)]

(9)

where a bar denotes a parameter that is estimating in my bargaining model and mean(t —t,)
is the average bargain’s number of years elapsed. The denominator is added to express
wij+ in terms of the 45 NPV payment and an aggregate normalization to avoid attenuating
the estimated patience parameter . (As seen in Appendix Table 9, I would estimate a
similar B if T instead normalized by the average value of Y 5" across bargains used in model
estimation.) My main specification calibrates hospital costs from reported hospital average
costs, which should roughly track the outside option of Medicare rates if hospitals are near
capacity, and adjust hospital costs in robustness tests. The parameters to estimate are the

Size contribution of size to hospital bargaining weight, /3

7; insurer bargaining weights, 7
patience parameter, 7; insurer noninpatient costs, and payment-equivalent negotiation costs
7’]'.

Bargaining moments are constructed as follows. I take the NPV payment residual wm(Q)

. 2016 WD} +30, Difipnje .
from Equation (9). I define wlf () = 37,750, —= ¢ﬁD%h7t — — MLR;, as the difference

between model-implied medical loss ratio and the medical loss ratios M LR;, reported to
CMS for years 2011 and later. My moments are E[ZPwP] = 0 and E[ZYw™] = 0. The

0Tnsurers also have a limited ability to adjust premiums based on tobacco use, family size, and age. In
practice, insurers applied at most a small adjustment for tobacco use, a similar adjustment for large families,
and the same age multipliers. I hold these multiples fixed in my analysis.
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hospital-insurer payment instruments Z? are insurer dummies and indicators for hospital
size in six groups. The insurer medical loss ratio instruments Z™ are insurer dummies.

Similar strategies have been used with various datasets in static models, though there are
important differences. Some notable papers with similar identification strategies are Gren-
nan (2013), Gowrisankaran et al. (2015), Ho and Lee (2017, 2019), Ghili (2022), Lichman
(2022) and Prager and Tilipman (2022). Gowrisankaran et al. (2015) and Prager and Tilip-
man (2022) assume insurers maximize a criterion other than profits. Grennan (2013) and
Ghili (2022) have a non-zero-sum downstream response to negotiated prices, which could be
partially captured in levels by my flexible hospital-insurer bargaining weight specification
(Equation (8)). However, such time-varying NTU bargaining cannot fit into my Kalai pro-
portional bargaining model for reasons discussed in Section 3.2. Ho and Lee (2019) and Ghili
(2022) consider network formation in response to disagreement, which is at odds with my
good-faith disagreement and simultaneous bargaining Assumptions 1 and 3. Many of these
works estimate premium responsiveness (Gowrisankaran et al., 2015, Ho and Lee, 2017, 2019,
Liebman, 2022, Ghili, 2022). T instead use market premium regulations to estimate demand
given observed premiums and focus on price counterfactual effects that can be conservatively
bounded without an estimate of premium responsiveness.

I now discuss my construction of counterfactual prices. The choice of benchmark is highly
associated with bargaining power and likely to be at most moderately affected by the change
in benchmark dynamics. Most fixed-length contracts were formed by Highmark BCBS, so
holding lengths constant mostly corresponds to assuming that Highmark BCBS would not
change which contract terms were formed on a three-year or five-year basis and that the
other insurers would not change their share of charges renewal strategies. Premiums would
increase in response to higher bargained prices. I interpret the w? NPV payment residuals
as counterfactual-invariant unobserved components of gains from trade, and choose starting
payments to leave w? unchanged. This approach may introduce slight bias if benchmark price
uncertainty is first-order relative to the change to benchmark price dynamics. One potential
avenue for future work is to apply tools from the time series literature to develop a more

precise approach to counterfactuals.

C.2 Identification Intuition

Hospital demand is identified by selection on observables. If consumers are highly likely to
choose Charleston Area Medical Center (CAMC) relative to Saint Francis Hospital one mile
away, my estimates will infer that CAMC offers more utility to consumers after adjusting

for location. The degree to which patients with similar diagnoses choose closer hospitals
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identifies the p distance coefficients. There are three key assumptions for the hospital demand
model to be accurate for bargaining estimation. First, Blue Cross hospital choice should be
representative of the generic consumer hospital choice decision conditional on location and
diagnosis (i.e., no endogeneity of insurance choice with respect to hospital value). Second,
observed choices should identify counterfactual choice probabilities with different hospital
choice sets (i.e., unconfoundedness and correct functional form). Third, observed hospital

choice should capture the value of hypothetical hospital networks when choosing an insurer.
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Figure 9: Percent of 2016 inpatient discharges by county of residence that are in the 2015
reported network of (clockwise from top-left) Aetna, Cigna, UnitedHealth, and the Health
Plan of the Upper Ohio Valley. Highmark BCBS (omitted) is in-network in all West Virginia
hospital reports. The large cities of Charleston, Huntington, Morgantown, Wheeling, and
Pittsburgh, PA are indicated by letter labels.
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Insurer demand is identified based on variation in network quality conditional on premi-
ums. Insurer regional coverage was heterogeneous within West Virginia’s 11 market rating
areas (see Appendix Figure 9). The = coefficients are identified by the degree to which con-
sumers are more likely to choose an insurer with better coverage within a rating area that
standardizes premiums. The key identification assumption is exogeneity: the market-level
unobservables should be uncorrelated with network quality itself. I do not model any poten-
tial variation of large-group employer premiums within ACA rating areas. My main analysis
holds premiums fixed and calculates back-of-the-envelope downstream effects of counter-
factual prices on Nash-Bertrand optimal premiums based matching the average premium
elasticity from Ho (2006), which corresponds to a coefficient on premiums of -0.00032. As a
result, my analysis does not require estimating premium responsiveness. I discuss these and
some other caveats in demand estimation in Appendix C.6.

Identification of bargaining parameters comes from various sources. The 7; insurer nonin-
patient costs are identified primarily from the CMS medical loss ratio reports but are shifted
by the GMM procedure based on observed payments. The flow gains from trade [A;;7] are
identified from estimated demand, 1; noninpatient costs, and calibrated hospital costs c.
The 7;; bargaining weights are identified by the ratio of realized gains from trade at the
negotiated price and varying the hospital or insurer. The § bargaining weights are identi-
fied by future gains from trade and payments helping explain the realized price conditional
on current gains. The ™ negotiation costs are identified from any remaining differences in
the levels of payments and the levels of predicted payments. I discuss potential biases in

Appendix Appendix C.6.

C.3 Other Empirical Estimates and Results

I present diagnosis category frequencies in Table 4. Labor and cardiac discharges are the
largest share of actively defined categories. Medicare patients are more likely to have cardiac
discharges and less likely to have labor discharges than the commercially insured sample I
use in estimation.

I present estimated hospital demand distance parameters in Table 5. Regardless of diag-
nosis, consumers prefer closer hospitals and have a diminishing loss from distance. Consumers
with neurological conditions are relatively insensitive to distance. Patients travel less far for
emergency care outside labor cases. In the 201 hospital-diagnosis fixed effects I estimate but
omit for space, consumers place the highest value on Ruby Memorial, the West Virginia
University (WVU) Health system’s flagship hospital. Hospitals near the state’s border like
Cabell Huntington and Mon Health Medical Center are generally higher value than their
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Table 4: The percent of discharges by diagnosis category for all inpatient discharges (top row),
the commercial nonnewborn discharges I use for estimation (middle row), and the Highmark
BCBS subset of commercial discharges I use for hospital demand estimation (bottom row).

Discharges Labor Cardiac Digestive Neurological Cancer Other
All 16.86 15.42 8.29 7.47 1.04 50.16
Commercial WV 19.85 12.41 9.97 5.60 1.33  50.11
Highmark BCBS  20.22 12.49 9.84 5.952 1.49 49.72

Dependent variable:

choice
Cancer Cardiac Digestive Labor Neurological Other
(1) 2) (3) (4) (5) (6)

Distance —0.115* —0.113* —0.117* —0.121* —0.077** —0.108***

(0.014) (0.004) (0.005) (0.004) (0.003) (0.002)
Distance Squared 0.0004* 0.0004*** 0.0004* 0.0003*** 0.0002*** 0.0003***

(0.0001) (0.00002) (0.00002) (0.0001) (0.00002) (0.00001)
Distance x Emergency —0.010 —0.012%** —0.024*** 0.020*** —0.013*** —0.015"**

(0.015) (0.003) (0.004) (0.005) (0.004) (0.001)
Observations 284 2,469 2,048 4,143 1,094 10,053
R? 0.555 0.577 0.615 0.646 0.497 0.555
Log Likelihood —286.987 —2,722.077 —2,324.572 —3,923.918  —1,297.677  —12,578.030
Note: *p<0.1; *p<0.05; **p<0.01

Table 5: Estimated consumer valuation of distance in hospital choice (in utility units) by
diagnosis category. Consumers generally are admitted to closer hospitals, have a diminishing
loss from travel, and — with the exception of labor cases — are especially unlikely to travel
distances for emergency care.
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state-level share would suggest, consistent with border hospitals also competing for patients
from neighboring states. Hospital fixed effects are comparable for most diagnoses but are
smaller for labor discharges.

The insurer demand estimates are presented in Table 6 and Table 7. Table 6 includes
insurer mean 5ij fixed effects inclusive of premiums. Consumers are more likely to choose
Highmark BCBS than can be explained by the insurer’s inpatient network alone, which may
reflect a better outpatient network, better perceived quality, inertia, or Highmark BCBS’s
nonprofit status. The regional HPUOV is also nonprofit and has a larger fixed effect than the
three national for-profit insurers, which in part reflects lower premiums. Appendix Table 7
presents the estimated WTP coefficients. Consumers are more likely to purchase insurance
with a better network. The network value coefficients differ substantially by age in absolute
terms. The scale of network valuation reflects age differences: younger consumers are less
likely to get sick and so have a smaller variation in WTP across networks.

Insurer and hospital payment effects are in Figures 16 and 17. In 2009, Highmark BCBS
payments would change by -0.42% due to the forward-looking response for Highmark BCBS’s
many new prospective contracts. Other insurers often see reduced payments in years where
they negotiated new prospective contracts with the WV U Health System. Turning to hospital
payments, in 2015, most hospitals would have spending increases of 1% to 3%. A fair number
of medium-sized hospitals would be almost entirely unaffected.

Figure 18 presents the full path of estimated downstream premium effects. I estimate
that in 2015, Highmark BCBS premiums would increase by 0.2%, and HPUOV premiums
would increase by 0.51%. The other modeled insurers are less likely to use Medicare-based
benchmarks and would see premiums increase by 0.1%. Altogether, premiums would increase
by 0.21%, which extrapolates nationally based on inflation-adjusted earned premiums (NAIC,
2022) to $1.33 billion. The extrapolated premium effects are smaller than the extrapolated
payment effects because this premium extrapolation holds outpatient payments constant.

Figure 19 presents estimated effects under a mechanical model that accounts for list
price contracts not being directly affected, as well as the myopic and forward-looking esti-
mates from the main text. The mechanical model would predict a nine-year effect that corre-
sponds to nine The myopic model, which accounts for the first two responses and equilibrium
spillovers, reduces this annualized increase rate by 0.35 percentage point. The forward-looking
model, which incorporates all three responses, further reduces the annualized increase by a
further 0.068 percentage point and, as seen in Figure 8, yields dynamics that the myopic

model misses.
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Discount Contract List

Budgeted Discounts for FY 2016
Hospital Name Charleston Surgical Hospital

Enter budgeted total gross patent revenues from the B-5
Enter budgeted total operating expenses from the B-5
= Cost-to-charge ratio |

-~ Outpatient

14,164 9

' Inpabent

=Volurne threshald

“Note Utlzabon must match the total {acute and DPU) discharges and wisits on Form B-1
Volume threshold equals 5% of nongovernmental utilization To calculate contract utihization combine total inpahent

Con Li on
» Conlracts with volumes less than volume
threshold above,

» Contracts with cument approvals
» Third-party Contracts (only) and
> hon-HMO or Risk Coniracis

Entering Discount Percentages
» Do not change form template
Discounts must be in percentages not
decimals (e g 10% - not 0 10)

» Perceniages for UF and O/F must
be input 1o recenve approval of that

portion of contract

[s] r An

* I "Must Separaie” appears in edher column
contract must be reported in lower section of thes
form and separately on Form B-DC

¥ Columns will indicate of contract remburses
cost + 10% mangin

Name of T| Party Payor

Inpatient % Outpatient %

1 C&0 Employees (auto-renewal) NIA 600% "

2 Select-Net (auto-renewal) 1000% +]  1000% o
3 Cigna (autc-renewal) 1800% o 15 00%-"

4 4Most (auto-renewal) 500% |- 500% —
5 MDI (auto-renewal) 1500% 10 00%

]

determined that it must be separated

List discounts in lower sectlon that are (1) new or not
ummwmmsmm«mmmmnw Il] HMO or risk contracts, or, (5) top section of

. —

ts, {2) non-third parly (e g admm adj}, (3]
template

1 Mt State-PPO 43 38% 4158%

2 Mt State-Indemnty 43 38% 38 45%

3 Aetna 1800% o] 15 00% L
4 Carelnk 1500% ] 13 00% .~
5 United 1000% V' 10 00% ]
8

19

an

Figure 10: Discount Contract List (DCL) scan, with white space and handwritten notes
omitted, for Charleston Surgical Hospital in fiscal year 2016 The top panel of contracts lists
smaller contracts that are only included in the DCLs, while the bottom panel lists contracts

Must Separate Must Separate
Must Separate Must Separate
Must Separate Must Separate
Must Separate Must Separate
Must Separate Must Separate

with detailed information reported in the DC scans (Figure 11).
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y Information of D
Total - FY 2016 Budget

Hospital Name ar ncal He tal
Fiscal Year Ending 12/31/2016
‘Submission Date 11/2/2015

1 [Name of Purchaser or Third Party Payor 1 Total = Gombined Contracts + Mt State-PPO Mt State- nty Aetna
2 [Date of Contract 812015 1~ 812015 .~ 11171998 | —
3 [Date Contract Expires 1203172018\~ 12312018 |~ Auto Renewal «—
Projected Inpatient Discharges 92 16 50 17
Projected Gross inpatient Revenue 2878 926 417 403 1627 278 65 091 567 464
IME Discount Percent 3154%| 12 00%) 43 38%| 43 38%] 18 00%|
7 Projected Amournt of Inpatient Discount \_— 908 049 50 088 705 865 28235 102144
ted Net Inpatient Revenue 1970877 367 315 7921413 36 857 465 320
Projected Inpatient Cost = 1079 592 156 525 610226 24 409 C 212798
10 jected Inpatient Charge per Dischar, 32 545 55 32 545 55 33380 24
11 Projected Inpatient Cost per Discharge 12 204 52 12 204 52 12517 53
12 [Projected Cost to Charge Ratio 37 50% 37 50%) 37 50%| 37 50%}
3 [Projected Outpatient Visits 3985 619 2594 136 388
4 |Projscted Gross Outpatient Revenue 12312629 1276 012 8755454 | 459 037 1162818
[Outpatient Discount Percent 34 27%) 12 00%} 41 58%] 38 45%) 15 00%)
Amount of Outpatient Discount 4219778 153 121 640 518 176 500 174423
Projected Net Outpatient Revenue 8092 852 1122890 (5114936 282 537 986 395
1 [Projected Outpatient Cost — 4617 213 478 502 283279 172138 436055
1 Projected Outpatient Charge Per Visit 337527 337527 2 996 95
20 [Projected Outpatient Cost Per Visit 126572 126572 112385
21 Projected Cost to Charge Ratio 37 50% 37 50%) 37 50%| 37 50%
22 Uncompensated Care Percent of Gross Patient
[Revenue
Will Contract(s) Provide a Quantifiable Economic
23 Benefit to the Hospital?
Circle Yes Yes Yes Yos
s the Discount Amount Below Actual Cost of
24 Service?
Crrcle No No No No
Will Cost Be Shifted to Any Other Purchaser of
25 [ Third Party Payor as a Result of this Contract?
Circle No No No No
% Coniract submed 1o 7812015 —_7/8/2015 10/31/2014
[the Authority? (If yes please submit revised
27 contracts )
Circle No No No No
NOTE This page should include only the total and 3 (three) contract coll Use this form in its current version only  Any modifications will be returned

Figure 11: The first page of detailed contract (DC) data for Charleston Surgical Hospital in
fiscal year 2016. The data includes unusual information on contract formation and scale.
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NPV Predicted Payment

Figure 12: For the 63 estimation bargains, the predicted (x axis) and realized (y axis) NPV
payment within the finite horizon used in estimation. Net present values are calculated
using the estimated 5 = 0.899. Axes are log-scaled for comparability. Perfect prediction fit
is indicated with the dashed line. There may be some bias for small contracts (generally
non-Highmark-BCBS contracts at small-to-medium hospitals) that get little weight in the
estimation procedure, but otherwise the model fit seems to be quite good.
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MCO:

Aetna Highmark BCBS HPUOV Cigna UnitedHealth
-1.39%* 1.33%** (. 8%** -3.54%x* -2.43%**
(0.13) (0.13) (0.13) (0.11) (0.11)

Note:

*p<0.1; *p<0.05; ***p<0.01

Table 6: Estimated average 2016 insurer value including premiums (Sij) after accounting
for variation in inpatient network quality.

Table 7: Insurer demand coefficient on network willingness to pay by age group. Consumers
are generally more likely to purchase insurance from insurers with better networks. The
coefficients are largest for young groups with smaller standard deviations in network quality:.
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Figure 13: Predicted (x axis) and realized (y axis) bargain starting share of list prices under
myopic (left, R* = —0.116) and forward-looking (right, R?> = 0.027) bargaining models. R?
can be negative because model predictions are chosen to minimize NPV payment residuals,
while this R? reflects list price share residuals.
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Table 8: Additional estimated bargaining parameters with estimated 75%¢ hospital size co-

efficient (top) and with 7

Size

set to zero (bottom) in calculating hospital-insurer bargaining

weights. BCBS parameters correspond to Highmark BCBS. “Data” corresponds to average
difference between MLR-implied costs per life and estimated average inpatient payments per
life insured, and would exactly set the MLR moment to zero for the myopic and forward-
looking models. The estimated 8 would be similar if 7 were constrained to exactly fit MLR
reports (Appendix Table 9). The ™ net negotiation costs are close to their starting point
of $10,000 and may weakly identified or unidentified.

Parameter (79%¢ Estimated)

nBCBS NHPUOV NAetna NUnitedHealth Ncigna Ncarelink T;)Q’CBS Tﬁ%CBS
Only-2015  3657***  3404***  3658*** 2008*** 4627FFF  3139%**  10000*** 9999***
(Nash/Kalai)  (45) (85) (116) (29) (32) (39) (2614) (1441)
Myopic — 4640%**  4036***  3659*** 3197HH* 4624***  3139%FF  10000***  10000***
(Nash/Kalai)  (14) (650) (37) (374) (26) (463) (1444) (1)
Forward-Looking — 4638%**  3631*%**  3660*** 3284 4626%**  3140%F* 9999*** 9999***
(Pay;pr =0)  (130) (302) (37) (69) (30) (45) (29) (65)
Data 3600 3356 3554 1999 4635 3114
Note: p<0.1; *p<0.05; **p<0.01
Parameter (759 = 0)
nNBCBS NHPUOV NAetna NUnitedHealth Ncigna NCarelink Tg{/%CBS T7JLWBCBS
Only-2015  3639***  3412%**  3660*** 2010%*** 4622%F%  3139%FF  10001*%** 23581 ***
(Nash/Kalai)  (14) (28) (37) 27) (26) (36) (1143)  (1415)
Myopic — 4639%**  3412%**  3659%** 2008%** 4624%*% 6176 17779 10000***
(Nash/Kalai)  (14) (349) (37) (28) (26) (493) (904) (0)
Forward-Looking — 4638%**  3413%%*  3659%** 2008%** 4624***  59T2FFE 10000 FF  18098***
(Pay;pr =0) (1546) (295) (487) (447) (390) (521) (761) (699)
Data 3600 3356 3554 1999 4635 3114
Note: *p<0.1; *p<0.05; **p<0.01
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Figure 14: The estimated direct spillovers of each bargained contract on hospital (x axis)
and insurer (y axis) payments relative to direct payments under the contract. All estimated
insurer spillovers and all but three of the 63 estimated hospital spillovers are less than 10%
of payments under the contract, so that the marginal ratio term in Nash bargaining gain
from trade split would be close to one.
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Figure 15: The NPV payment residual as a percentage of predicted payment (y axis) and
marginal value ratio (x axis) for estimation bargains. Size corresponds to the NPV payment
(weight in bargaining moment). Most marginal value ratios are close to one (x axis near
one) corresponding to similar predicted Nash and Kalai proportional splits of gains from
trade. A true Nash bargaining model would predict a positive correlation between marginal
value ratio (x axis) and realized payments net of Kalai proportional prediction (y axis). The
handful of contracts with larger marginal value ratios have residuals close to zero (y values
near zero), and if anything exhibits a negative correlation.
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Figure 16: Estimated effects on payments by insurer from a one percentage point annual
increase in Medicare rates.
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Figure 17: Estimated effects of increased Medicare cost reimbursement on each hospital’s

received payments in 2015. There is some indication that smaller hospitals would see larger
private payment increases.
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Figure 18: Estimated effects on premiums by insurer for Highmark BCBS (red), HPUOV
(green), and the other modeled insurers (blue). Among the other modeled insurers, only

Carelink and Aetna have large payment effects, and those effects are reduced after 2012 (see
Figure 16).
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Figure 19: Comparison of estimated effects to a same-multiple model (green) in which bar-
gainers keep their original benchmark multiple in place. The models mainly diverge due to
contracts renegotiating a lower initial share of Medicare prices (present myopic model, red)
and firms responding to expected future price increases by negotiating lower starting prices
(present only in forward looking model, blue). There are also equilibrium spillover effects
in both the forward-looking and myopic models, but the magnitudes are smaller than the
forward-looking response needed to hold NPV payments constant.
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C.4 Other Bargaining Models

The rows in Appendix Table 9 are as follows. The first two rows are the main myopic and
forward-looking model estimates, as presented in Table 2. The third row normalizes payments
by the average value of Y 8'. The fourth row estimated hospital costs as a multiple of list
prices rather than calibrating hospital costs. (The estimated multiple is 1.45.) The fifth,
sixth, and, seventh rows multiply hospital costs by a fixed scalar. The eighth row multiplies
hospital costs by the hospital’s reported Medicare payment-to-cost ratio to proxy for the
outside option of Medicare patients if hospitals are capacity-constrained. The ninth row
takes n values to fit MLR reports rather than calculating them. The tenth row multiplies
insurer gains from trade by the hospital’s reported share of commercial costs from inpatient
care. The eleventh row fixes 5. Rows twelve, thirteen, and fourteen fix 7. Rows fifteen and

Size gize interactions. Rows

sixteen are versions of the main model estimates, but without 7
seventeen and eighteen are “only-2015” model estimates that use 2015 payments and treat
all 2015 contracts as new, with and without hospital size interactions, respectively.

Note also that the estimated discount parameter 3 is somewhat dependent on the exact
split of hospital groups in constructing instruments: bootstrapped [ standard errors with
reestimated hospital groups increase from 0.03 to 0.109, driven by the 18% of bootstraps in

which United Hospital Center’s assignment changes.

C.5 Discussion of Cooper et al.’s Work on Prospective Contracts

This work owes a tremendous debt to Cooper et al. (2019). In this section, I discuss how
their work on prospective contracts relates to my analysis.

Cooper et al. (2019) estimate 74% of large for-profit insurers’ prospective contract cases
are paid as a fixed markup over Medicare and find that Medicare benchmarks are associ-
ated with larger hospitals. Negotiations of prospective contracts in West Virginia were more
likely and more important at larger hospitals, both of which are associated with Medicare
benchmark usage in Cooper et al. (2019)’s analysis. Reinhardt (2006) also claims that het-
erogeneous DRG weights were more typical. I cannot directly compare payment schemes in
West Virginia to Medicare rates without access to claims or pricing data by insurer, but
Highmark BCBS often used customized DRG weights in inpatient prices disclosed after my
dataset ended, but used Medicare rates directly in outpatient calculations at the start of the
era I study.

I do not have service-level price disclosures in the era I look at or reliable measures of
Highmark BCBS price increases during the post-2021 price disclosure era. I therefore proceed

in my main analysis assuming that Highmark BCBS DRG weight increases tracked Medicare
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Table 9: Comparison of estimated bargaining parameters with other potential modeling
choices. I describe the rows in Appendix C.4.

Parameter
B TBCBS THPUOV TFP —rSize
Myopic . 0.876***  (0.825***  (.861***  1.037***
(Baseline) ) (0.012)  (0.232)  (0.034)  (0.199)

Forward-Looking ~ 0.899%*%  (.854%%%  (.877%% (889  (.989%¥*
(Baseline) ~ (0.03)  (0.006)  (0.026)  (0.005)  (0.028)

Forward-Looking 0.925 0.854 0.876 0.89 0.991
(Mean Y ' normalization) () () () () ()
Forward-Looking 0.497 0.939 0.938 0.942 1.009
(Estimate Hospital Costs) () () () () ()
Forward-Looking 1 1 1 1 -0.276
(Hospital Costs * 2) () () () () ()
Forward-Looking 0.931 0.838 0.858 0.875 0.969
(Hospital Costs * 0.9) () () ) () ()
Forward-Looking 1 0.778 0.781 0.821 0.903
(Hospital Costs * 1/2) () () () () ()
Forward-Looking 0.895 0.834 0.847 0.871 0.913
(Medicare Costs) () () () () ()
Forward-Looking 0.826 0.864 0.874 0.891 0.892
(n from MLR) () () () () ()
Forward-Looking 0.722 0.881 0.905 0.897 0.847
(Inpat. Share GFT Weight) () () () () ()
Forward-Looking 0.99 0.854 0.875 0.881 1
(8 =10.99) () () () () ()
Forward-Looking 0.696 0.001 0.001 0.001 .
(Hospital TIOLI) () () () () ()
Forward-Looking 0.817 0.5 0.5 0.5 .
(r=0.5) () () () () ()
Forward-Looking 0.52 0.999 0.999 0.999 .
(MCO TIOLI) () () () () ()
Myopic . 0.863%**%  0.845%**  (0.631*** .
(No Hosp. Size) () (0.006) (0.016) (0.027) ()
Forward-Looking  0.714***  (.852***  (0.86***  (0.685%** .
(No Hosp. Size) (0.032) (0.012) (0.008) (0.028) ()
Only-2015 . 0.487** -7.54 0.694%** 3.354
(Baseline) () (0.191) (17.204) (0.175) (22.875)
Only-2015 . 0.365%** 0.278%* 0.16%** :
(No Hosp. Size) ) (0.011) (0.143) (0.048) ()
Note: “p<0.1; *p<0.05; **p<0.01
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rates whether Highmark directly used Medicare weights or used customized weights in the
era [ study. My analysis can also be interpreted as a counterfactual in which Highmark BCBS
payment rates were required to increase one percentage point faster annually than in the
status quo, regardless of how the payments were calculated. The choice of benchmark only
enters the bargaining model through the realized prices. The distinction between Medicare
as a benchmark and Medicare-based benchmarks with heterogeneous weights does matter
to comparing services (that I aggregate into a generic unit of care) and the interpretation of
the counterfactual for policy purposes.

Cooper et al. also argue that Medicare-benchmarked contracts were likely to be boiler-
plate take it or leave it offers. Cooper et al. do not directly measure boilerplate usage, but
large insurers often make such offers to physicians (Abbey, 2012) and Highmark BCBS used
shared markups over Medicare for outpatient care at some hospitals (Highmark West Vir-
ginia, 2011). That said, stakeholders did not recall boilerplate Highmark BCBS contracts, I
have found qualitatively that Highmark BCBS prices disclosed under post-2021 regulations
are often calculated as hospital-specific markups over a shared diagnosis-based schedule,
and Highmark BCBS contracts were typically implemented at different times (Figure 2). I

therefore conclude the use of boilerplate contracts in West Virginia was likely limited.

C.6 Caveats and Limitations

My hospital demand model abstracts from various features to focus on price-setting.
Insurers can differ systematically and between plans based on cost-sharing and can put
hospitals in separate tiers, but as discussed in Appendix A, the effects of inpatient cost-
sharing at common American levels are generally small. I assume 2016 hospital demand
was equal to previous hospital demand and as a result do not capture historical hospital
investment or changes in patient steering through physician integration. Discussions with
stakeholders suggest hospital perceptions were mostly time-invariant. I do not model separate
hospital demand by sex, which leads to less precision and could introduce bias by missing
premium discrimination before 2014. I do not capture any supply incentives introduced by
the choice between prospective Medicare-based payments (which pay based on diagnosis)
and list-price-based payments (which pay based on services) or the level of prices, though I
hold benchmark choice constant in counterfactuals.

I only model hospital demand by West Virginia residents for West Virginia hospitals.
Some degree of state bias at borders is inevitable when data ends at state lines that real
humans can cross, and I likely miss some competition in the state’s northern panhandle

(due to the proximity of Pittsburgh area hospitals), eastern panhandle (due to the proximity
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of larger cities in Maryland and Virginia), in Wheeling (due to the proximity of East Ohio
Regional Hospital in Ohio), in Huntington (due to the proximity of King’s Daughters hospital
in Kentucky), and for the Health Plan of the Upper Ohio Valley (which had a comparable
line of business in Ohio).

I abstract away from some small potential responses to dropping a contract. I assume
there was no out-of-network care by insured patients in West Virginia. Out-of-network care
is more common for outpatient care, but can happen for emergency inpatient care and might
have become more common if a desirable hospital left an insurer’s network. I model consumer
substitution to small rural critical access hospitals in response to an insurer dropping a
modeled hospital, but treat those payments (which by construction are small) as zero.

The premium data is limited relative to other settings. Large-group premiums were not
regulated by the ACA and could reflect different age-based price discrimination or idiosyn-
cratic rating areas than in the ACA-regulated market. It is possible for there to be an
unmodeled interaction of age-based premiums with market area that is not captured by
market-insurer fixed effects; residual correlation of outpatient and inpatient networks; un-
modeled heterogeneity in Cigna, UnitedHealth, and small insurer quality across rating areas;
variation in insurer entry in the individual market within rating areas; and variation within
rating area in the self-insured market. Aetna premiums in 2015 and 2016 may be mismeasured
due to misalignment of premium payments and insurance dates after the insurer acquired
Carelink in 2015. I only observe premiums annually. Intrayear premium-setting could be
accommodated in the model with appropriate data.

My insurer demand model is highly stylized. I do not have data on choices by family
or by employer, so I model the reduced-form selection of insurance by individual based on
individual diagnoses probabilities. As discussed in Appendix A, the model of plan choice
allows selection only on observables and I treat self-funded and fully insured plans as equally
profitable to insurers despite their different business practices. I do not precisely measure
outside options across multiple insurers due to lack of identifiers of small insurers. I also
do not model the outside option of no insurance or how insurance rates might vary across
different areas in West Virginia. I do not model “BlueCard” incentives created by Blue
Cross pooling networks: in a border hospital, part of the hospital’s value of contracting
with Highmark Blue Cross might include the value of additional consumers from CareF'irst
(Maryland and Virginia) and Anthem (Kentucky and parts of Ohio) Blue Cross in a way
that Highmark does not value. There also may be asymmetric value created in other states,
but the insurers I model are present on the other sides of West Virginia’s more populous
Ohio and Pennsylvania borders. That said, the key goal of my model is accurately capturing

dynamic bargaining incentives, so the largest concerns reflect any unmodeled changes in
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these incentives over time during the era I study.
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Figure 20: Estimated concordance of benchmark classification by insurer and fiscal year
starting with larger contract scale reports in 2011. Blue and red contracts are classified by
my algorithm as prospective and share of charges, respectively. Dark colors correspond to
round-number discounts reaching the opposite conclusion. An estimated 94.2% of inpatient
payments have the same imputation across methods, 1.1% are assigned as share of charges
by only repeating non-round-number discounts, and 4.8% are assigned as prospective by only
reporting varying round-number discounts (driven by Highmark BCBS-Cabell Huntington
in 2011-13).

I capture benchmark usage imperfectly. Both one-off repeated discounts and one-off
round-number discounts can reflect coincidence or typographical errors, so each imputation
approach has tradeoffs. I generate similar estimated benchmark usage whether I use my main
definition or alternatively infer share of charges contracts from round-number discounts. I
summarize the concordance across measures in Appendix Figure 20. Both approaches treat
as fully prospective any contracts that were benchmarked to list prices with different dis-
counts within inpatient care, which may have included a few Highmark BCBS contracts in
early years of my data (Rivard, 2010); any use of per diems for subsets of care like labor
cases (Weber et al., 2019); or any use of list prices in outlier payments.

My stylized approach to hospital pricing is standard but abstracts from the relative
prices of services. For example, insurers could use list prices for different services to price-
discriminate between share of charges payors, though I found no evidence they actually did
so. I assume that units of care are proportional to hospital list prices to align with the
reported contract data. I inflation-adjust based on CPI which is imperfectly aligned with
both hospital care and specific West Virginia conditions. The CPI inflation adjustment may
be particularly problematic for noninpatient costs (1) and hospital costs (c), with offsetting
effects. It is unclear how these offsetting issues would bias estimates of the patience parameter
5, if at all.
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I treat benchmark prices as stylized prices per unit of care and treat them as updated
annually. It is standard in this literature to aggregate multiple services to a generic unit of
care. Firms could apply separate multiples to different care aggregates within a contract,
but the average should be a reasonable summary statistic. Firms could commit to time-
varying multiples, but to my knowledge they rarely (if ever) do so in practice. List price
multiples are theoretically bounded above by one, but generally list prices are intentionally
set far above what any contract could reach. I abstract from some other roles of benchmark
prices to focus on price negotiation dynamics. I discuss these other mechanisms further in
Appendix A. I do not model chargemaster and Medicare timing within a calendar year. List
prices governed by the chargemaster could be updated at frequencies other than annually,
though such higher frequencies are not standard (Reinhardt, 2006, Tompkins et al., 2006,
Jahn, 2017). In principle, chargemasters can be used to price discriminate among insurers
that use list prices as a benchmark, but I found no indication that hospitals do so (Reinhardt,
2006, Abbey, 2012, Kidder, 2013).

The model abstracts from many potential aspects of bargaining. I impose a finite horizon
model under the view that it is part of an increasingly long-term approximation to a true
infinite horizon model. The finite horizon is an approximation — for example, it might be
more appropriate to place extra weight on the fifth year as a proxy for subsequent profits.
The theoretical arguments deriving estimation moments would not hold if the negotiators
had asymmetric patience parameters, risk aversion, or different expectations of the future.
Whether these sorts of informational differences can be incorporated in dynamic bargaining
is an interesting avenue for future work. It is possible for the bargainers to implicitly or
explicitly bargain over nonprice objects like adjudication processes or cooperation, although
such objects are generally viewed as secondary (Abbey, 2012, Vega, 2013, Gooch, 2019). 1
assume that disagreement does not affect subsequent demand functions; disagreement is a
dynamic process that affects consumer inertia which I hope to explore in future work.

My estimation procedure implicitly rules out selection of negotiations on unobservable ex
ante gains from trade. If, as in the main model estimates, the insurers generally keep most
gains from trade, then unobservables leading to higher hospital costs will lead to missing
contracts with higher prices, potentially introducing selection bias. That said, networks are
substantial in core regions for the insurers I study, so that any bias would likely occur through
selection on contract length rather than selection on contract existence. Such hypothetical
selection bias is an interesting direction for future work.

The model’s timing abstracts from many real-world subtleties around timing in the ser-
vice of empirical tractability. I model bargaining as succeeding at the start of the day on

which it was accepted by the regulator and ending on an unambiguous day of the year. In
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practice, contracts are agreed to before they go into effect and occasionally expired contracts
would remain in place on a short-term basis while negotiations remained ongoing. Short-term
extensions are equivalent to auto-renew contracts in my model, but I will miss extensions
that began and ended between contract reports. Impasse is assumed to affect insurer demand
in a static process throughout the year; insurance contracts with employers and individuals
are reached at staggered times, a process that does not correspond perfectly with this paper’s
static insurer demand model. I attempt to capture annual patience with an annual patience
parameter, using contract dates within a year when estimating the bargaining model but
treating profits as equally profitable within a year, which is a convenient but unrealistic
simplification. For counterfactuals, I simplify prices and treat bargaining as being conducted
at the start of the year to focus on the counterfactual effects at the cost of some precision.

There are also a few other places wherein the bargaining model is currently simplified for
convenience. The bargaining model is estimated with a high-dimensional optimization that
may not reach a global optimum. The estimation procedure is somewhat affect by initial
conditions; most notably, negotiation cost contributions to payments do not always move
much from their initial value of $10,000. I use state-level premiums to calculate insurer gains
from trade, which may introduce some bias from relative age discrimination between insurers.
As discussed, I do not currently estimate an impasse repricing transfer term (with unclear
effect), I hold premiums constant in counterfactuals (with conservative effect), and do not
have the sufficient variation to statistically test a Nash bargaining model (which likely would
produce similar estimates as the model I estimate).

I do not model the network formation process. As argued in the literature referenced in
Appendix A, a frictionless Nash-in-Nash bargaining model rarely speaks persuasively to why
networks are not complete — for example, an insurer might exclude a hospital to increase
their leverage in other negotiations. In my model, networks are theoretically restricted by
hospital costs and negotiation costs. I do not view those bargaining frictions as a fully
compelling model of network formation. Other disagreement models could be accommodated
by adjusting the impasse repricing transfer term to include other disagreement effects. I focus
on changes to benchmark price increases that are comparable to normal levels of benchmark
price increases. As a result, the counterfactuals would be unlikely to affect network formation
substantially.

There are various limitations on counterfactuals. The one percentage point payment
increase is based on West Virginia data, but a national equivalent might be closer to 0.7
percentage point annual increase. It is possible that my deterministic stance on uncertainty
in counterfactuals introduces bias if the uncertainty over benchmark prices was first-order

relative to the changes that would be incurred in the counterfactual I consider. As mentioned
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in Appendix A, I do not model any effects on how much care would be reported or how
hospital investment might change in counterfactuals due to the limited effects of prices
on supply. The set of benchmarks used has changed over time and has shifted towards
prospective payments, making out-of-sample extrapolation unclear but potentially meaning
national effects of Medicare-based benchmark prices would be larger in years after 2015.
West Virginia is a small market, so it is possible that bargaining is less frequent than in
large markets that constitute a lot of, but by no means all of, American hospital care. The
contract data I use is partial in the earliest and latest years, and as a result I may miss
some bargains that were not reported. The downstream estimates of effects on premiums are

highly stylized.

C.7 Detailed Data Description

The first step of data processing is cleaning the contract reports. I discuss this cleaning
in Dorn (2024). Networks are inferred by calendar year of submission, with missing years
inferred from the closest report breaking ties to previous reports. There is a small amount
of manual network handling. I drop contracts for nonstandard care like psychiatric care, lab
fees, or professional fees. When an insurer reports multiple contracts (for example Highmark
BCBS separately reports their indemnity and PPO contracts), I aggregate payments using
the closest available reported number of discharges where possible. (I take an unweighted
average if I never have estimated number of discharges per contract.) In this paper, I include
First Health contracts as HPUOV contracts based on HPUOV’s description of First Health
as a “strategic partner” (Wayback Machine, 2021).

[ focus on the regulated hospitals and treat the remote Critical Access Hospitals (CAHs)
that were deregulated after 2000 as negligible. The state also allowed border hospitals to
keep their contracts private. I use the fiscal year 2016 report to infer list price payment rates
for Weirton Medical Center, and treat the small Williamson Memorial Hospital as equivalent
to a CAH.

The West Virginia bargains for estimation were identified manually. The main source
was reported contract start and end dates in the panel contract dataset, but regulator con-
tract decisions were also used as a supplement. I mitigate the bias introduced by Aetna’s
acquisition of Carelink at the start of 2015 by not including any contracts which lasted into
2016 (under the finite horizon) in bargaining estimation. I identify likely bargains for use in
counterfactuals but not estimation based on remaining occasions on which either a contract
was introduced, a share of charges contract was changed or replaced, a first year after expi-

ration (with a change in discount rates), manual research suggests a change in payments, or
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the year after a contract was reported as being expected to expire, so long as the automatic
processing identification does not happen in the last period in which I observe the contract.
[ treating the effective date as January 1 (except for one case in which other data suggests
the contract began January 2).

In the inpatient data, I exclude rehab, long-term, and psychiatric hospitals; exclude
newborns, residents of other states, and noncommercially insured patients (but including
public employees who chose HPUOV to align with the fully insured sales data); take the
hospital’s main location from Medicare cost reports; and identify systems that reported
joint contracts based on personal research. I assign patients locations by county geographic
centroid. I estimate probabilities of patients having misclassified insurance status based on
reported care frequencies where typos seem likely.

I infer diagnosis categories based on Ho (2006)’s classification of ICD-9 codes. The West
Virginia inpatient data lacks ICD-9 codes and only has ICD-10 codes for 59% of discharges,
so I convert the data’s MS-DRG codes to ICD-10 codes using CMS (2020) and then into
ICD-9 codes using NBER (2021). I supplement this conversion with manual research for
common DRG codes this method fails to classify. I drop the 2% of cases for which the DRG
conversion did not yield an ICD code and I did not reach an active category determination.
Where this process maps multiple ICD-9 codes to the same DRG category, I choose the most
common ICD-9 code’s category.

I calculate Medicare payment-to-cost ratios from state uniform financial reports (UFRs)
and linearly interpolate payment-to-cost ratios where missing in the available data.

I convert premiums and other monetary data to 2019 dollars based on consumer price
index (CPI) inflation. Federal regulations precluded the state from collecting data on sales
in the self-funded market. I infer self-funded sales in 2016 to match estimated combined sales
in the UB data and use the fully insured market to infer premiums and insurer values before
2016.

There are some subtleties to my insurer data. Fully insured sales by insurer and self-
funded sales estimates come from reports like Offices of the Insurance Commissioner (2008,
2016) for the comprehensive market. Insurer sales are aggregated by group code where pos-
sible and outliers are cleaned. In 2008-2009, sales were not reported. As a result, I linearly
interpolate the missing lives and inflation-adjusted premiums. I similarly linearly interpolate
the sales estimates for the ERISA (self-funded) market for missing years. I calculate MLRs
from 2011-2018 CMS reports for West Virginia business in the individual, small-group, and
large-group markets. I aggregate MLRs by NAIC company code where available and by
name where NAIC codes are not available and take the numerators and denominators from
the MLR_NUMERATOR and MLR_DENOMINATOR variables in part 5 (for 2011-13) or
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part 3 (for 2014 and later) of the reports. I aggregate medical loss and premium revenue
across insurance products by group code. Inflation rates are calculated using World Bank
CPI inflation over years relative to 2019 from the priceR package: 2017 nominal payments
are inflation-adjusted based on the inflation rates reported for 2017 and 2018.

Hospital demand and ex ante WTP are calculated as follows. I calculate the probability
of any diagnosis in the inpatient data in 2016 conditional on age, assuming each person has
at most one inpatient discharge per year. I then obtain the potential hospitals each Highmark
BCBS patient could have visited and run a weighted logit regression of choice on hospital
and v characteristics by diagnosis. The regression is weighted to include probability-of-Blue-
Cross-weighted choices at hospitals that misclassified Blue Cross care. I then extrapolate
the estimates to calculate the ex post willingness to pay for every conceivable county-age-
hospital combination conditional on diagnosis and aggregate the measure into an ex ante
WTP measure for every hospital-insurer-age-location-year combination. The WTP measure

is calculated as follows:

WTP,.= ZP(Diagnosis ¢ | Age group k) log Z exp(ufhvg) ,

L hegM

where the ., ex ante hospital utility to a consumer in county ¢ with diagnosis ¢ is from
the hospital choice model.

Insurer demand estimation is an involved process involving substantial data cleaning for
2016 alone. I first estimate insurer sales based on the fraction of commercially insured inpa-
tient diagnoses from an age group in a county in the inpatient data. The county commercially
insured population is taken as the Census intercensal population estimate multiplied by the
state estimated fraction of age group with commercial insurance in the inpatient data. I
then adjust the inpatient data to ensure every insurer has at least one estimated sale per
age-county (taking the needed population from other sales estimates proportionally) and
then include non-Highmark (other state) Blue Cross in the outside option. I infer state-level
insurer sales in the self-funded market in 2016 for Aetna, Highmark BCBS, and HPUOV
based on the difference between state-level sales estimates and state-level fully insured sales.
I extrapolated self-funded sales for the two insurers not identified in the inpatient data,
Cigna and UnitedHealth, by assuming the sales ratio between the markets is equal to the
median estimated ratio. I scale down estimated sales to insure the modeled insurers never
exceed 85% of a county-age group’s estimated sales individually or exceed 90% in aggregate.

Once sales are estimated, I estimate insurer demand with an outer loop—inner loop algo-

rithm. I An outer loop proposes Cigna and UnitedHealth 6 fixed effects (including state-
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level premiums) and an inner loop produces county-age-insurer implied values of v, W T P, +¢
to fit age-insurer-county ales estimates for the modeled insurers. I then iteratively update
the Cigna and UnitedHealth fixed effects based on the current WTP coefficient estimates
until conversion. The WTP coefficients are calculated by market-size-weighted regression
of WTP, + ¢ (inferred from 2016 sales estimates) on WT P, (from hospital demand and
sickness probabilities). To calculate pre-2016 demand, I calculate pre-2016 WTP in util-
ity by insurer, county, and age. I solve for changes to state-level insurer value (inclusive of
state-level premiums) to match state-level sales after adjusting for county-level population
changes and ASO market size changes changes. I assume that Carelink’s £ values before its
acquisition by Aetna at the end of 2014 were equal to Aetna’s values in those same markets.

For bargaining, I estimate the effect of insurer network on hospital and insurer sales as
follows. I predict sales under both the observed networks and under counterfactual networks
that drop the insurer—system pair at the observed premiums. (Premium changes would be
measured in Pay;p;, which estimation currently sets to zero.) I measure the effects for a
bargain year as a weighted average of calendar years: if a bargain began 3/4 of the way
through 2010, then the first year of gains from trade under the bargain will be a weighted
average of 1/4 of the gains from 2010 and 3/4 of the gains from 2011. I calculate the inputs
to gains from trade, like the change in hospital costs, for the bargaining estimator. For
calculating 7;; hospital heterogeneity, I calculate hospital costs incurred in 2006 as the sum
of reported list prices multiplied by the estimated cost-to-charge ratio. I calculate demand
estimates from the estimated models to mitigate reporting endogeneity.

The bargaining optimization proceeds as follows. For constructing 7;;, I normalize log
hospital system size by the mean log system size in bargaining to report 7; at the mean. The
hospital groups in the price instruments Z? are chosen to group hospitals by approximate size
while ensuring a reasonable number of bargains for each hospital group: the hospitals are first
ordered by the quantity of NPV realized payments in estimation bargains if § were equal to
0.8, and then split into six groups based on quantiles of payments taken to the power of 0.3, a
quantity which was chosen to balance information with group size. Bargaining parameters are
optimized over a simple moment weighting that tries to make the scales roughly comparable
across moments: it weights MLR squared moments by 10° and normalized payment squared
moments by the average NPV payment if 5 were equal to 0.8 (with the w-style denominator
normalization) by the relevant hospital group or insurer. The optimization attempts to re-
optimize 10 times before returning the estimated parameters. Standard errors are calculated
by bootstrap by resampling inpatient cases and state-level insurance choices 100 times. The
bootstrapped confidence intervals for counterfactuals take the estimated demand functions

as fixed and incorporate the uncertainty in bargaining parameters.
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The payment residual Appendix Figures 13, 14, and 15 are constructed as follows. The
validation in Appendix Figure 13 scales the initial payment rate at the level needed to match
the given model’s prediction perfectly in NPV terms. This approach intuitively corresponds
to holding benchmark price increases constant. In Appendix Figures 14 and 15, I take the
marginal effect of a dollar negotiated under a contract on each future contract in the model
and then evaluate the change in NPV profits over the finite horizon.

The counterfactual calculation process is as follows. I take the estimated 7;; from the
relevant bargaining models, calculate payment multiples to infer the realized counterfactual
ratio of starting price to NPV payment, and add 2016 data based on 2015 for computing
counterfactual effects on late inferred bargains. There is some further data handling around
the Aetna-Carelink acquisition at Davis Medical Center, which had a contract with Carelink
but not Aetna before the acquisition. On the rare occasion that a midyear negotiation led to
a change of benchmark, I infer the smaller starting price, which increases the forward-looking
offsets slightly. I construct realized price transition matrices and matrices of the ex post effect
of future prices on bargained prices, calculate the realized residual (including demand-driven
components of gains from trade) which is held fixed in counterfactuals, confirm that geometric
sum estimates of effects would converge, calculate counterfactuals by matrix inversion, and
calculate some summary statistics for later analysis.

The implementation of counterfactuals involves substantial data cleaning. I calculate
when contract terms were changed under a modeled or inferred bargain. Counterfactual
prices are adjusted at the start the year of negotiation or inferred change. Negotiations
inferred from an expected expiration date past the final contract report are implemented
at the start of the next calendar year to allow for potential roll-over. There is further data
cleaning, for example ensuring that new bargains are not inferred during years that are a part
of an estimation sample bargain, ensuring inferred benchmark choice by year is consistent
with the inferred negotiation dates around the Aetna/Carelink acquisition, and holding fixed
some small hospitals that did not provide inpatient data in 2016 that was used to estimate
hospital demand.

I estimate back-of-the-envelope downstream premium effects based on Ho (2006)’s esti-
mated own-price elasticity. I calibrate a coefficient on inflation-adjusted premiums to match
the estimated average own-price elasticity of -1.4. 1 solve for the wedge in insurer-year
marginal cost needed to make realized premiums optimal under simultaneous annual Nash-
Bertrand premium-setting. I then find the new equilibrium premiums under that change
in insurer-year marginal cost and the new predicted negotiated premiums, inclusive of any
patient reallocation in response to the new premiums. I do not model how the increased

premiums further increase the negotiated prices.
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D Proofs

Proof of Lemma 2. Suppose the insurer sells DM units of insurance with full networks at
premiums ¢ and sells D™ units with one hospital in their network. I will consider only
non-negative anticipated prices, so that joint gains from trade are always positive.

Let the gains from trade to the contracting insurer from agreeing to price p; with antic-
ipated simultaneous price p_; be GFT(,, (pi | p—i) and GFT/g; . (pi | p—i) in alternating

and simultaneous bargaining, respectively. Let the simultaneous equilibrium prices be Plaw)

and p(gxz;t) respectively. Let the hospital’s gains from trade be GEFT.
I abuse notation and write the single period discounting rate as 8 = 5%/2
I consider equilibria of the form p; = pf,,, + agi\lf;)sh) (p_i — p’y,) and p; = pgl‘;szgt;‘ +

(Nash)
a(Simult) (p—z

I first characterize gains from trade with alternating period bargaining. By agreeing at

Péimune), Which T later verify exist.

a price p;, the insurer gains ¢(D™ — D) in premium revenue this period and reduces its

payments to hospital —i from DM p_; to %p_i. It pays a NPV payment to hospital ¢ of
_1_ﬁAzz)DM (14+8) (pi— p(Alt))

. Beginning in the next period, it pays a NPV payment to

1-3 2 1—(a Egﬁjh)ﬁ)
_ DM (Nash 1+58)(pi—p*
hospital —i of iﬁpwg <A”)l (( (fﬁ‘;‘gm: (A”))DTM. By disagreeing, starting in the next

_ (Nash),* ~M
p(Szmult) D

period, it pays a NPV payment to hospital i of t= 5

and pays a NPV payment to

(Nash),* ~M

hospital —i of %p(s% Therefore:
QDM - DM BDM Nash),x *
GFT(]\Xlt) (pi | p—i) = ¢(DM - DM) + 5 p—i+ 1_ ﬁ(pﬁsmu?;) - p(Alt))
Plan DY 1+5 DY (i — Paw)
B B (Nash) » i T P(Alt)
2 L—agyy # 2
. . 2D — DM . 1+5 DM
=GF T(%t) (P(Au) | p(Alt)) + 9 (p—z‘ - p(Alt)) - o (Nash) (
iy B2
* = (Nash),
GFTH  (5; | ps) = 1 p(Alt)DM n (1+8)(pi Plawy) DM 5 p(Simult)DM
(Alt)\Fi —i) = A Nash - 2
1-5 2 1 - ((Alt) )5) 2 1-5 2
(1+p) DM .

p (Pz' - p(Alt))'

= GFT % (Piawy | Plaey) +
(At (PLauny | Play Nash)
L= (o 9)?
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The marginal value ratio between the insurer and hospital is is:

1+3 DM
Nash
1= agAlt) ' z —1 +a(Nash)B
(148) DM (Alt) )
(el B? 2
(+ (Nash)ﬂ)
so that the equilibrium gain from trade ratio is %

I next characterize the gains from trade from simultaneous bargaining. Generically, I
leverage the following useful repeated disagreement fact in the absence of uncertainty. Let
V(d) be the value to an agent of disagreeing d times. Then the gains from trade V(0) — V(1)
are equal to V(0) — V(2) — (V(1) — V(2)), the gains from trade relative to disagreeing
twice minus the gains from trade obtained by only disagreeing once. An insurer agreeing
to a simultaneous price p; relative to disagreeing twice, the insurer gains premium revenue
H(DM — DM)(1 + j3) and changes its payments in the next two periods from (1 + 3)DMp_;
to (1 + B)DM %. Similarly, by agreeing relative to disagreeing twice and returning to
the simultaneous equilibrium, the hospital increases its profits by (1 + B)%pi. Therefore
the gains from trade in simultaneous bargaining can be written as:

MPi +P—i

GFT iy (Pi | p—i) = ¢(1 + B)(DY — DM) 4+ p_;,DM(1+ 8) — (14 B)D 5

Nash
5GFT (Alt) (p(Alt) + aEAlt) )(P—i - Alt ) | p—i)

=(¢—p-i)(1+ 5)(DM — DM) +(1+ 5)DMp_Z;pi

2] * Nash
= BGFT {3y (0 amy + aEAlt) pi—p Plawy) | P—i)

_ M (Nash),x (Nash),
B GFT(SimUlt) (p(Simult) | p(Simult))

Nash)

(Nash) ; (Nash),x % ) | (Nash),*) )
GFT(%t) (p(Alt) Ty (p—i — pz(Alt)) | p—i)

43 < GF (Alt) (p(Alt) + aEAlt) (p(Simult) ~ Prawy) | P(simuit)

_ DM Nash DM Nash),x
+(1+B) <DM - 2) (i = D{gmutsy) — (1 +B) = (s ~ P{Simuty)

- DM 2 Nash .
CET Sy (pi | p—i) = (1 + B)—5pi— PGF Ty (Pl + aE Al (o= = pia) | 1)

M
. H (Nash),x (Nash), =D (Nash),x
= G Simut) P(simutty | P(simmatry) + (L 5) 5 (Pi = D(Simuli))-

It is difficult to characterize the best response oM - 1t the GFT function here is linear,

(Simult)’
so such an aggﬁzgw exists. Note that simultaneous bargaining is TU, so that the equilibrium

gain from trade ratio is ;.

(Nash),*
(Simult)

(Nash)

An equilibrium is a set of equilibrium prices pf Aty P and coefficients XA and
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(Nash)

(Simulry SUCh the following system of equations holds:

«

Nash) 5 * as
T(1+ (Alt B) B GFT(A/{lt)(p Alt) _'_aAlt) Nash) (p; — p_i) | i)

-7 GF T%t (P{argy + ) VM (pi = p—i) | p—i)
(Nash), (Nash)
T (Szmult (p(Szmult a(Simult) (pl - p—z) | p—z)
_ Nash) Nash
1 T GFTj‘gzmult (pESzmult aESimugt) (pz B p—z) | p—z)
and agreement at the equilibrium prices is profitable.
First I characterize o i) Vet via;
( NCLSh)ﬁ) GFTM ( * + (Nash) (,,. __ . )
X (al) B (Alt)\P (it (At (pi —p—i) | p—i)
L—=7 GET My (Pl + aw) Nh) (p; — p—i) | p—i)
* * QDM—DM * 14+ DM *
GF T(%t) (p(Alt) | p(Alt)) +t = ( —i _P(Au)) T 1w g%h) 52 (pi _p(Alt))
N * * 14+58) DM
GF T(Ijllt) (p(Alt) | p(Alt)) + 7 = (ENza?h) 5)2 5 (pi— p(Alt)>
* * zDM—DM 1+ DM *
GF T(%t) (PLary | Plawy) + ( —i _P(Au)> - ag%h) 52 (Pi = Plawy)
N S e S * x _ Q4B DM, o«
T(ta EJ:;;M- GF T(Alt (p(Alt) |p(Alt)> + - CORERE (pi p(Alt))

Because the equilibrium prices already split the gains from trade at the desired ratio, it must
be the case that:

as 2DM—pM R 4B DM,
( let) h)ﬂ) B 2 (p—l p(Alt)) 1— E]Xﬁ:;h)ﬂ 9 (pz p(Alt))
l-7 k) pM
el T 0 Plaw)
2DM DM 143 DM (Nash)

2 (p_i _p(Alt)> ~ a2 Y * (P~ Plaw)

(Alt)

(48) DM _(Nash) _ . .
1~ g 2 XAl (p—i p(Alt))

2DM_pM 1+8 DM (Nash)
2 Nash) 52 (Alr)
(Alt)
(1+5) DM _ (Nash)
(Nash) Alt
1- ( (Alt) 5)2 2 ( )

11—«

2pM_pM 1+3 a(Nash)
DM 1— EXlCLSh)B (Alt)

o (14-58) (Nash)
(el Ta B (el 78) (A1)
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5 ash
2DM_pM (1+5)°‘E%t> :

DM (Nash) 3
T I=aiayy B

2 Nash
1—17 (1+8) EA“) )
1— (Nu.sh)

alay B
M_pM Nash (Nash
%Cl_aéAlt) )/6) (1+ﬁ) (Alt) :

(Nash
(1+ 5) Q' A1t :

Nash Q-DM - DM Nash) »
(14 B)a (Alt f=(1- T)T(l - @EAzt) '5)

a(Nash) o DM
Alt - =DMy (1—7 M_pM
(Alt) 1+6D +(1 ,:),(1\2/2 DM)

B (1-7)(2D" - D¥)
~ 1+ A)DY + 31— 1)(2D" — DV’

which is part of the claim.

Note that 2D™ — DM > 0 and 2D — DM < DM 5o that o!Y™ € [0,1) and the system
(Alt)

is convergent.

Next consider the simultaneous equilibrium price pgﬁjzgt) I write p( Next) = p’(k Ay T

ozg;fh) (pgggzzgt; — p( Alt) ) for the next-period price with hospital ¢ after disagreement on the

simultaneous contract today. Then:

) Nash) ) % Nash),x
T (1 + B)<¢ o pESzmult )(DM o DM) - BGFT]\XH&) (p(Nemt) ‘ pESimu;t))
_ 2\ DM (Nash) * * (Nash),x
L= (1 + ﬁ) ( imult) 6GF (Alt)( (Next) | p(Simult))
(14 B)(6 — plgrmmi) (DM — DM)

2\ DM (Nash),* * (Nash),x
(1 + fB)T (Simult) ’BGF (Alt)( (Next) ‘ p(Simult))

(1+0‘(Na5h 6) (Nash
< + 1(:‘7{” ) ’BGF (Alt) (p(Nezt) | (Szmu?t))
- 2\ DM (Nash),x p* (Nash),x
( + /B)T (Simult) ’BGF (Alt)( (Next) ‘ p(Simult))
(Nash)
(Nash B % Nash),x
T ( + 6)(¢ Szmugt) )(DM - ‘DM) B%GFT(IZH)( (Nea:t) | pESimqjt))
o Nash),*
1-7 ( + B> =R (Szmul)t)

1 — DM (Nash),x 1 1 (Nash), DM DM
T( +’6) 2 p(Szmult) ( _T)( +/B)(¢ p(Simult))( = )

N h H * Nash ¥
~ 15 Alis GF T(Alt) (p(Next \ pﬁsﬁiu?t))

- DM Nash 2 Nash
T(L+ B)plgimy = (1= 7)1+ B)(6 = pigimuiy ) (DM = DY)
5 (Nash),* (Nash) ; (Nash),x* %
7',62 (Nash) DM( Alt) —Pp (Simult) ) 4 (1 + B) (Al) (p(Simult) _p(Alt)) DM
Sl 2(1-5) 1— (el B 2
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T(1+B) 5 + (1 —7)(1+ B)(DM — DM)
(Nash
sy | PO DY
(Simult) 2(1—(« (Alt) 8)?)
TB?’O‘EZ‘SMDM
2(1-5)

6%(1 + B)(a E%?h)) DM TBQOzg]X;fh DM
2(1 — (allesh) 3)2) 2(1 - B)

=(1=7)(1+ B)p(DY = DM) + p{ (
® A

Thus, pzk Alt) and pgﬁzl 5 solve the system of equations:

s 2= B)(b — Pl (DY — DM) + 2BDM (B )

1-7 (1+ a3 BYDM (p(aey- — Br{greenrs)
. ) DM ) TBQ( _1_5)( (Nash) )2DM Tﬁ3 (Nash) DM
pﬁﬁ-mﬁﬁg) (7(1 tA) 4 +A-7)(1+ B) (DY — DM) + 21— (! ]\Eislli)/@) 2) 2(1Ali 3)
(Alt)
) B+ B) oy 2DM w8t DM
=(1=7)(1+ B)p(D™ — DM) + p;
(Alt) ( 21— (N B2) 2(1— p)

where the GFT{ 4 functions are specified above.

The first equation yields:

p(gz(:Zth DMﬁ( ( ]Xlifh B)) +2¢(1 . B)(DM _ DM)(l . 7_)
DM (74 B2 = 7(2 = a{yii™)) + 21 = H(DY — DM)(1 = 7)

p?Alt) =

And the second equation yields:

Nashye  AD T 20 (@ B)) 2(1-4)

(Simult) — 7E2(1+B)( (Nash))QDM 7_83 (Nash)DM

2\ DM . 2 M _ DM A . XAl
T1+8)%5 +1—7)(1+B8)(D D™) + 21— (e B)?) 2(1-7)

B2 3) (o Nash)y2 ym 32 o (Nash) 5 _
" ( B2 (1+6) (a (Al )°D Tha Qiay D ) 4 (1 —T)(l—i—ﬁ)gﬁ(DM _DM)

Note that when 3 = 0, this yields Djv(,l/;)(f(’iﬂ)igﬁ%M); when DM, DM , and ¢ are taken

from the empirical example, this yields the static equilibrium $10, 00

1+2
that the hospitals have all bargaining power, this reduces to ¢, so that the hospitals keep all

premium revenue, even if g > 0.
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Plugging the first result into the second result, I obtain:

32148y (aNash) 2 p M g2, (Nash)DM

(Alt) B (Alt)
Nash
20(1-3)(DM _pM)(1 ) 20— (i " B2 s
pM (T+/§(2—T(2_Q§Xﬁjh))>)+2(1_5)(DM_DM)(l_T) ,.(1+/§)LM+(1,T)(1+g)(DNI,DM)+TB2(1+[§)(QE§£§}L)>2DM B ,/;3QEZZ¢;§}L)DM
2 = 21— (aNashy g2y 2(1-4)
p(Nash),x (Alt)
(Simult) = ng(HB)(QEJX’afsh))zDM7752 ENza;h)DM
. DMA—r-al) 15" ) 20— M 52 21-5)
- (Nash) - - — (Nash) 33, (Nash)
DM (7437 @-al{ii3")) +20-(DM —DM)a-m) 1By PM 1oty (DM iy AR O Gty DM 78%e gy DM
p) 20 (aNash) 5o 2(1—-8)
(Alt)
(17T>(1+B>¢(DM—D(I‘JJV) - N
TB2(+B) (e )2DM rp3al, A DM
(148 B+ (-1 (148) (DM —DM) 4 ) -,
. 20— (a3 B)?) a=5
T52(1+[§)(QEXZ‘;~‘)"L>)2DZ\/I7732(12%;;‘}")[)1\/[
) DMp2-r(-all 5" 5) 201-(a {3 )2) 20-5)
- 2 (Nash) = - a(Nash) 33, (Nash)
DM(T+ﬁ(277(27a(AH) )))+2(17B)(DM7DM)(177) r(1+B)LM+(1_T)(1+B)(DM_DM) B2a+A )2DM_ p3 (Alt)_ oM
2 2(1—(a (N‘“h)g) ) 2(1-8)
(Alt)
Define
22 (Nash)\2 ~M 23 (Nash) ~M
= DM = M M TB ( B)( (Alt ) D /8 (Alt D
A= |11 +p8)—+ 1A —-7)1+B)(DY — D)+ (Nash
2 21— (" B)?) 2(1-9)
(Alt)
_ a (Nash)\2 (Nash)
TB82DM <(1+5)(a<,4u) ) %) >
2 (Nash) 1—8
B= (@(aiy B)? p
M n . . (Nash) o o M _ M .
DM (r+ B2 = 7(2 - a{ys™) +2(1 = (DM - DY)(1 - 7)
Then I obtain:
p(Simult) _ ( B T>¢( T ) M2 Nash o)
A=Bx(DMB(2—r(1 - oy ')
which is the desired equality.
L]
Proof of Proposition 1. The claim is that for an example of the form claimed in Proposi-
. . cyeq . (Nash),* 4
tion 1, there is no equilibrium with P(simutty = P(static)-

(Nash),x
(Simult)

gaining period ty. To simplify the notation, I assume that the equilibrium is symmetric.

Proof by contradiction. Suppose not, and p = pz(Static) in some simultaneous bar-

First, I show that it is not an equilibrium response to exclude on July 1. Consider the
subgame in which hospital ¢ disagreed on January 1 of a given year. I show that there is
a strictly Pareto-improving agreement relative to disagreeing twice. Consider the value of
agreeing at the price D{Simult)- The insurer’s expected net present value is at least the value
if they disagree with hospital 5 — ¢ on January 1 of the next year, and then follow the

equilibrium (by Markov strategies) response of simultaneous-agreement equilibrium on July
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1 of next year. By agreeing at pZ‘Simult) on July 1, the insurer gains relative to disagreeing a

second time are at least

O(DM — DY) + Pgimmuary (D" — DM /2) /(1 + 5'/2)
= B2 ($(DM = DM) + Disipuan (DY — DY /2)) /(1 + 5'/2)
=(1 = 5) (¢(D™ = DY) + Plsimun (DY — DM /2)) /(1 + 5'/%) > 0.

Similarly, the hospital’s value of agreement is at least as high as the value of agreeing on July
1 and then disagreeing next July 1 and returning to equilibrium, in which case they provide
DM /(2(1 4 £'/?)) units of care in the first half-period and at least min{D™ /2, D} /(1 +
B2y = DM /(2(1 + B/?)) units of care in the second half-period at P{Simutr); With disagree-
ment, they provide those units of care at p’(ksl.mult) in the second and third half-periods.
Because 3 € (0,1), /2 € (0,1) and agreement at P{simur) Strictly Pareto-dominates dis-
agreement. By differentiability of prices responses, there is a Nash bargaining solution and
it is not an equilibrium response to exclude on July 1.

Next, write Pl for an alternating-period equilibrium price, which exists by differentia-
bility of the price response and the weakly increasing nature of gains from trade in previously
formed other-firm prices. To save on notation, I abbreviate Static and Simult to S in the
remainder of this proof.

It is useful to write V(th) (pi | ps—;) and Vg) (pi | ps—:) for the value to the hospital of
agreeing to a price p;, when the other hospital agrees simultaneous or in the last period,
respectively, to a price pz_;. Similarly let V(-)M(pi | ps—_;) be the value to the insurer. Let

pZ‘ Alt) (p3—i) be the alternating period price response function. It is useful to write p&)lt) =

*

P{ai)(P{s)) and then inductively write pg':;tl)) = D{ain) (pglt)). Then:

o0

V(%t) (pi | p3-i) = ZBUDM(? - V(th) (i | p3—i) — p3—i * DM/2 - BV(IAIZt) (p?AZt) (p:) | pi)

u=0
oo

= Z BUDMﬁb - V(th) (pi | PEFS)) — P3—i * DM/2 - BV(IZU) (P?Azt) (pi) | pfS))

+ P3—i

QU 2 Pi Pl * *
V(]g)(pi | p3—i) = Zﬁ DM¢ — (1+ 5)DM 9 - 52‘/(%(1?(5) | p(S))

u=0
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The value of disagreeing in simultaneous negotiations at anticipated price ps_; is Vg)’H(pg i) =

> N . . D,M

5‘/(211,5) (p(Alt) (p3—i) | p(3_¢)) to the hospital and is V(S) (p3—i) = DM(¢ —P3— z)"‘ﬁv(,qlt (P Dan) (Ps—i) |
p3—;) to the insurer. The value of disagreeing in alternating periods at anticipated ps_; is

V(gig(%—i) = BV(&)(0(s) | ps)-) to to hospital and ‘/(22?)4(1?3—1‘) = DM(¢—ps—) + BV (0 |

P(s)+) to the insurer.
Because simultaneous bargaining is T'U, simultaneous Nash-in-Nash bargaining solution

at pZ“S) requires:
* * D,M / x
(=7 (V¥ wis | ls) V" (1))
* * D,H/ «
=T <V<§> (P(s) | Pls)) = V(s (P<5))>
* * * o) 1 *
& (1=7) (Vs | pis) = D6 = pis)) = BV (b | Pis))

=T <V(I§’)(P>(k5) \P?S)) 5VAlt (p A)lt) ‘P?S))> :

Further, by construction of the static Nash-in-Nash solution, the static agreement splits gains

from trade relative to two split-in-half disagreements, i.e.:

(1-7) (V(]g (pfs) | P(S ) —(1+ B)DM(Cb - p?S)) - BQV({\;[) (PEFS) | pEkS)))
T (V(Ié[)(kaS) | >(k ) — 5 V(s (p >(k5) |p2‘5)))
& (1-7) (V¥ 0is) | pis) = D6 — i) — BV (i)

= (Vi&vis) | vis)) — BV i) -
Therefore, by subtraction and multiplying by the real number 37! € (1, 00)

1 * DM/ « 1 * D,H/ «
(1= 7) (Vi ol | pis) = Vi i) = 7 (Vi | pls) = Vi is)) -

But by Nash-in-Nash first-order conditions:

_ 8‘/(%[&) (plp?5>) ‘

M (1) DM/ «
V(Alt (p(Alt) | p?S)) - V(Azt) (p S)) T ap p=p{)
1) DH/ « \ ]— ovH n
V(illlt (p(Alt) |p*s)) VAlt (p s)) L—7 M |
p DP=P(a11)
8‘/(glt)(p?Alt)(p)|p?Alt)) o
T A op P=P(aur)
— ]_ + ( ,
1 — T /8 BV(}A{M(MPTS)) ’ W
op P=P(Ait)
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so that

aV(Alt (p(Alt ( ) | pz‘Alt))

=0.
op p:”ggm

avH * On*

But by assumption, M | @ > 0, so that it must be the case that p“é;”(p) | o =
P P=P{ a1t) (p(Alt)) P DP=P (A1)

0. As a result of this equality and chain rule:

_ * H = * *

8V(A1t (p{ (Alt) (P) | P(s)) 8V(A1t) (P | P(s)) ap(Alt) (p)
o = | ¥———— | o =0.
ap P=P(A1t) ap P=P(A1t) 3]) P=P(art)

More generally, the alternating price response pZ‘ Alt) (p) is assumed to be differentiable

around pgilt) and generally solves:

* (D,M) av(lzlt) (p?Alt) (ﬁ)‘pzs))
‘/(].X[lt) (p(Alt) (p) | p) - ‘/(Alt) (p> T — dp |ﬁ:p?Alt) (p)

. DH N 1_
Vi @i @) 1 2) = Vi () 1=7

W 0lris) | = “p(p{arn ()"
Op p=p(Alt)(p)

Substituting in Pis) where possible, I obtain:

V(%t) (p(sy | P(s)) — V((Alt) )(P(S)) +DY(p— Pis))
+‘/(f411t) (p(sy | P(s)) — V(Alt) (P{aiy(P) | P(s))
+5 (‘/(i[lt) (p?S) | foS)) - ‘/(th) (p?Azt) (p?Azt) () | p*S)))
=0y (1)) (Vi Pl ®) | pesre) = Vi) 1)) ) -

I totally differentiate with respect to p at p = pE Alt) (feasible by assumption of differentiable

p(%;”() | @ =0.The only term is that is
P p= p(Alt)

non-zero is DY (p — P(s))- Therefore DM = 0. But DM > 0. Contradiction. O

responses on the equilibrium path) and apply

Proof of Lemma 1. Because the game is U, the MVR is one. More generally than Equa-

tion (2), the gains from trade must satisfy:

7B [GFTZ- (@Eﬁ“"))] = (1 - 7)), E [GFTj @gash)ﬂ
Tij ([Dumie] + [AiTi,— 5] + pije Dige — i) = (1 — 7i5) ([Daemje] + [DijTje, i) — pijeDije — 75)
PitDijr = =75 ([Aimia] + [AijTir 5] + Pije Dije)
+ (1 = 735) ([Awmje] + [AiTie,—i))

+ TijTi — (1 — T,-j)rj.
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]

Proof of Corollary 1. Since bargaining is TU, the Nash-in-Nash and Nash-in-Kalai solutions

coincide and this result follows by Lemma 1. O]

Details in proof of Theorem 1. The iterative expansion is:

(2 I) tsith D d+1 td (2 E A~ ~
Vz,(d)D - Eth Z pm zt +th + B V(d+1 (CthH, iijth+1,ij
[ tP<to<tD,,
ts—tD ~D d+1 —tF (2,1) 2E)

| tP<t.<tD, |

tsftd - h d+h tq (2,E) tfll)-‘-h*th (2,I)
it Z (7% + T, ) +Z —Ty)BT T GET g0 + Jim 57V (g

| ts>tD h>0

ts—t ~ d+h ~tg (2,E
=By | 3 87 (7R +TR) + > (-8 GFTGA | |
| ts>tD h>0
(10)
t
where the final line uses limy,_ .. £ 7d+h s V;((Qéi)h) » = 0 under transversality conditions.
The gain-from-trade expansion is:
ts—t
(7ij) B Z B (1At + [AijTit,—5) + P, Dije,) — i
| to<ts<t*
bt (LA | pA _ AD _ D
+(7ij) Et Z pm (Wits + T, — g, — Tz’ts)
_tOSts
d+h tq d+h td 2E
+(rij) By | D (1= 735)8 GFTG = (= 7i)B™ GFT((d+h>)D]

>0 (11)

te— to
=(1=7))Bro | Y B ([Aymie] + [AiTje, i) + pjir, Dige,) — i
_t0<t3<t*

ts—tg R A ~

to<ts

[ d+h td t2en—td 2.E
(1= i) By | Y (1:)B  GFTG = (7)™ 7w GFT(<d+h§]
Lh>0
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Proof of Corollary 3. The path of profit functions, contracts, and transfers are the same on

the A and D path. Thus, Pay;p; = 0. ]

Proof of Corollary 2. Consider an equilibrium bargain at a period t,. In this example, con-
tracts and payments on the A and D path coincide: in the first year, the paths coincide
because the other hospital’s contract is fixed; after the first year, the paths correspond to
identical subgames by Markov strategies (Assumption 1). In addition, r; = r; = 0 for all
negotiations. Therefore Pay;p; = Payyo = 0.

As a result, by Theorem 1, the split-in-half simultaneous equilibrium contract price

pggﬁzg 5 satisfies:

o s vs DM /0S| _ o [ a0 (1= 75) (9(DM = DM) 4 (DM — DM /2)p(5on) )

This is the same equality as the static Nash-in-Nash equilibrium, so that the equilibrium is
as described. O]

Proof of Corollary 4. 1 propose strategies in the split-in-half subgame constructed as follows.

The first step is the constraining step. In any future subsubgame that corresponds (after
appropriate change of notation) to a subsubgame of the original game, follow the strategies
(with appropriate change of notations) in the original game.

The second step fills in the remaining strategies. After reaching the first subsubgame
that does correspond to a subsubgame of the original game, follow a set of Nash-in-Kalai
strategies of the type assumed to exist in Assumption 2 under the constraints from the first
step.

It remains to show that for every choice in the first step is an equilibrium step, and
every bargain is a Kalai proportional bargaining. I abstract from stage 1 and focus on the
bargaining stage 2. It remains to show that every bargain is Pareto-efficient, splits gains from
trade proportionally to ¢7 bargaining weights, and is Pareto-improving relative to the value
of disagreement.

Every bargain is Pareto-efficient among the class of feasible contracts. By construction,
every ij choice of non-null contract generates the same expected net present value profit
as in the original game. Therefore the space of feasible values with non-null agreements is
unchanged, and the proposed contracts are Pareto-efficient.

Every bargain splits gains from trade proportionally to bargaining weights. This follows
by the Kalai proportional step-by-step property, although it is so far possible for the sides

to split negative gains from trade proportionally to bargaining weights.
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Finally, I show that the proposed strategies predict weakly positive gains from trade.
Consider a pair ij in some subsubgame t,, and consider the equivalent strategies when not
restricting the pair and following the previous strategies in every subsequent subsubsubgame
t, > ts. By the full network assumption, the new Nash-in-Kalai equilibrium produces some
distribution over non-null 7jt, contracts that produce weakly positive gains from trade, are
Pareto-efficient, and split gains from trade proportionally to bargaining weights. But the
originally proposed strategies for 75t produce weakly positive gains from trade, are Pareto-
efficient, and split gains from trade proportionally. By Pareto efficiency and the fact that the
value functions for a given ijt, contract are the same due to the restriction on ¢, strategies,
the value of the two strategies to the pair must be the same, and the proposed ijt, contract

produces weakly positive gains from trade. O]
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