ProbpucT NETWORKS AND THE COMPETITIVE
EFFECTS OF ACQUISITIONS*

Athos Carvalho! Shanglyu Deng? Mario Leccese® Marco Losetod

March 2026

Abstract

We propose a network-based merger screening statistic to assess the com-
petitive effects of acquisitions. We micro-found this measure in a standard
differentiated oligopoly model where diversion ratios capture competitive links
across products and equilibrium markups decompose into monopolistic and net-
work centrality components. The centrality term summarizes the intensity of
competition by capturing product proximity in the characteristic space and de-
termines the unilateral effects of horizontal mergers. Using price and quantity
data from the European automobile industry, we find that the network model
matches substitution patterns and simulated merger effects from a random co-
efficients nested logit benchmark. Centrality based screening improves on the
2023 concentration-based presumption and performs comparably to consumer
optimal AHHI thresholds.

Keywords: Diversion Ratio, Network Centrality, Antitrust, Merger Screening.

JEL Classification: D43, G34, L13, L41

*We are grateful to Lars Hansen, Ali Hortagsu, Scott Nelson, and Andrew Sweeting for several

insightful discussions.
tBocconi University, athos.cavalcante@phd.unibocconi.it.
YUniversity of Macau, sdeng@um.edu.mo.
SBoston University, Questrom School of Business, leccese@bu.edu.
YBocconi University and IGIER, marco.loseto@unibocconi.it.



1 Introduction

The analysis of horizontal mergers requires tools that are both tractable and econom-
ically grounded. Traditional concentration indices, such as the Herfindahl-Hirschman
Index (HHI) and its change (AHHI), are easy to compute and widely used in practice.
Yet they do not capture the closeness of competition when products are differentiated
and require an ex ante market definition, a step that is often difficult and frequently
contested." Structural demand models in the tradition of Berry et al. (1995) offer
a richer, micro-founded way to recover substitution patterns and simulate merger ef-
fects. However, they require substantial data and are computationally intensive, which
limits their scalability and practical use. Moreover, substitution patterns remain tied
to modeling choices: estimates depend on the specified choice set and, possibly, on
the chosen nesting structure, whose misspecification can lead to biased substitution

patterns and merger predictions (Fosgerau et al., 2024).

A related challenge arises in the analysis of minority acquisitions, whereby firms or
institutional investors acquire stakes in competitors without obtaining control. Recent
research shows that even small shareholdings may soften competition (Azar et al., 2018;
Loépez and Vives, 2019), and enforcement agencies have begun scrutinizing such deals
more closely, as reflected in the 2023 U.S. Merger Guidelines.? Existing tools, however,
offer limited guidance: modified concentration indices still rely on an ex ante market
definition, and structural demand models become difficult to interpret and implement

when ownership links proliferate.

This paper develops a tractable and scalable framework that bridges concentration-
based screening tools and structural merger simulation. Leveraging results from net-
work theory, we show that equilibrium markups in oligopoly models admit a (locally)
additive decomposition into a monopolistic component and a network centrality com-
ponent, which captures the intensity of competition and is computed from the matrix
of diversion ratios.® We leverage this network structure to characterize the competi-
tive effects of acquisitions. Our results show that the effects of ownership changes are

summarized by the induced changes in the network centrality of the merging products.

For mergers, we derive closed-form expressions for price effects, consumer sur-
plus changes, and compensating marginal cost reductions (CMCRs), defined as the

marginal cost reduction required to keep consumer surplus at its pre-merger level.

LAs stated by Prof. Jonathan Baker, “the outcome of more cases has surely turned on market
definition than on any other substantive issue.” See https://project-disco.org/competition/
090518-antitrust-in-60-seconds-market-definition/. See also Kaplow (2015).

2Guideline #11 states: “When an Acquisition Involves Partial Ownership or Minority Interests,
the Agencies Examine Its Impact on Competition.”

3The diversion ratio for products j and k is the fraction of consumers who leave product j after
a price increase and switch to product k.


https://project-disco.org/competition/090518-antitrust-in-60-seconds-market-definition/
https://project-disco.org/competition/090518-antitrust-in-60-seconds-market-definition/

The impact of a merger can be decomposed into two forces. First, there is a direct
effect reflecting the diversion between the merging products. Second, there is an indi-
rect effect arising from equilibrium responses: when the merging firms adjust prices,
rival firms respond, and these reactions feed back through substitution patterns across
the broader set of products in the network. Because ownership links enter directly
into the markup system, the framework extends naturally to arbitrary changes in the
ownership structure, including those implied by incumbents’ acquisitions of minority

stakes in rival firms or institutional investors’ common ownership.

These results imply that changes in centrality provide a screening statistic that
summarizes unilateral effects. Unlike the HHI and AHHI, whose micro-foundations
for merger screening rely on aggregative environments where substitution patterns
are primarily driven by market shares (Nocke and Whinston, 2022), our centrality
approach naturally admits a closeness measure of competition between products and
thus allows for flexible substitution patterns. This flexibility is of great importance
because substitution patterns can vary substantially across products within the same
industry. We further demonstrate how ownership changes alter pricing incentives via

changes in centrality, driven by how firms internalize diversion across products.

To characterize the diversion network more explicitly, we consider a linear—quadratic
demand model in which substitution patterns arise from a network representation of
product characteristics. Each product is a node in a characteristic space, and its vector
of attributes determines its position in that network. In this environment, the cross-
price elasticity between two products, and hence their diversion ratio, is proportional
to a weighted inner product of their vectors of attributes. This structure implies that
the diversion network, and therefore changes in centrality induced by acquisitions, can
be approximated using only observable product characteristics. In many industries,
such information is publicly available and can be extracted at scale from websites or
other unstructured sources. Recent advances in large language models (LLM) have
substantially reduced the cost of acquiring and organizing such information, making
it feasible to implement centrality-based merger screening without requiring agencies

to seek additional information from firms or third-party market participants.

Lastly, we apply the framework to the European automobile industry and estimate
our network model using price—quantity data. We show that the demand parame-
ters are identified and can be estimated using a simple linear IV strategy, under the
assumption that unobserved characteristics shift utility additively. The resulting esti-

mates imply a diversion matrix determined by the network representation of product

4For example, in the beer market, Fan and Yang (2025) documents limited substitution between
craft and non-craft beers despite their presence in the same product category. As a result, ownership
changes across these segments may generate small price effects even when concentration measures
change substantially.



characteristics, which in turn maps directly into the centrality-based markup system.

Comparing the demand estimates obtained from this framework with those we
obtain from traditional discrete-choice models, we find that the network model captures
economically meaningful substitution patterns in the data. In particular, it generates
diversion ratios similar to those obtained from a Random Coefficients Nested Logit
(RCNL) model, capturing stronger substitution within car segments without imposing
a nesting structure ex ante. When we simulate all possible mergers across European
car manufacturers, we find that predicted price and consumer surplus effects are highly
correlated and relatively similar when we rely on estimates from the network model
and the RCNL, suggesting that our approach captures the key substitution forces

driving unilateral effects.

We also evaluate the role of centrality as a screening statistic. In the automobile in-
dustry, changes in centrality provide incremental explanatory power for predicted price
effects beyond changes in HHI, indicating that our index captures information about
substitution patterns that concentration indices alone neglect. We further assess the
performance of centrality-based screening in a policy decision framework in which the
regulator seeks to maximize expected consumer surplus from approved mergers. Using
demand estimates from the RCNL model, we simulate all possible mergers in the sam-
ple under alternative efficiency assumptions (2%, 5%, and 10%) and compare decision
rules based on changes in centrality and concentration. We find that centrality-based
screening outperforms the concentration-based presumption rules adopted in the 2023
Merger Guidelines. Quantitatively, the welfare gains from centrality screening closely
track those achieved by optimally chosen AHHI thresholds. However, centrality-based
screening does not outperform these optimal AHHI thresholds. This is consistent with
the view that the automobile industry has relatively well-defined boundaries and seg-
ments, with large firms operating across several of them, so that market shares capture

much of the relevant substitution structure.

Overall, this exercise allows us to quantify the benefits of incorporating centrality-

based rules to complement concentration-based thresholds into merger screening.

Related Literature. A large literature has developed tools for evaluating the unilat-
eral effects of horizontal mergers. Traditional concentration-based measures such as
the HHI and AH HI remain widely used because they rely only on pre-merger market
shares and are straightforward to compute and interpret. Nocke and Whinston (2022)
provide a micro-foundation for this practice by showing that, in a homogeneous-good
Cournot model, a larger AH HI implies a larger CMCR required to offset the merger’s
upward pricing incentives. However, in differentiated-product oligopoly models the
CMCR generally depends not only on concentration changes, but also on the merg-

ing parties’ shares and demand-side primitives such as elasticities and margins which
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concentration indices alone cannot capture.’

Merger simulation approaches (Nevo, 2000) incorporate detailed demand and cost
systems but are computationally demanding and sensitive to functional-form assump-
tions, such as the curvature of demand (Crooke et al., 1999). This has led to interest
in local measures derived from first-order conditions, such as upward pricing pressure
indices, which summarize merging firms’ incentives to raise prices (Farrell and Shapiro,
2009, 2010; Jaffe and Weyl, 2013).° These indices rely on estimating diversion ratios.
Although their usefulness is well understood and emphasized in the 2010 U.S. merger
guidelines, their practical application remains limited due to the challenges in mea-
suring them empirically (Conlon and Mortimer, 2021): the most natural approach is
to estimate a rich demand system, which allows flexible substitution, and use it to
compute the implied diversion ratios, but this is difficult to do at scale.” Recognizing
this, a burgeoning literature has developed data-driven proxies for diversion ratios us-
ing second-choice survey data (Conlon et al., 2023), consumer churn (Qiu et al., 2024),

and customer-overlap measures (Einav et al., 2026).

We contribute to this literature by developing a tractable framework with closed-
form expressions in which the unilateral effects of acquisitions and mergers are deter-
mined by the Bonacich centrality of the merging parties in a product network based
on diversion ratios. We further show how the diversion ratio matrix can be obtained
using product characteristics only. While our approach requires a set of characteris-
tics to construct the product network, recent advances in machine learning make this
requirement far less restrictive, as product characteristics can now be extracted di-
rectly from unstructured data and used as input in demand estimation (Bajari et al.,
2023; Compiani et al., 2025). Relatedly, Magnolfi et al. (2022) show that embed-
dings derived from online surveys of perceived product distances can be incorporated
into random-coefficient logit estimation and yield elasticity estimates similar to those
obtained using observable characteristics. This supports the broader idea that what
matters for substitution is the relative positioning of products in latent character-
istic space. Consistent with this insight, in our network model, any representation
of product attributes that preserves the same similarity structure generates identical

substitution patterns and competitive effects.

SFor aggregative demand systems such as logit and CES, Nocke and Whinston (2022) show that the
CMCR depends on a function of the merger partners’ shares other than AH HT itself, and illustrate
numerically that AHHI can still be informative about merger impacts. More generally, Nocke and
Schutz (2025) provide a comprehensive analysis for price-setting models with logit and CES demand,
deriving conditions under which a merger raises consumer surplus.

6Miller et al. (2016) and Miller et al. (2017) examine how well first-order condition measures predict
the price effects that are found in merger simulations, finding that they work well when measures of
pass-through are precise.

"Conlon and Mortimer (2021) further demonstrate that there is no single measure of diversion,
just as there is no single measure of elasticity. Estimates of both diversion and elasticity depend on
where one evaluates the demand curve.



A related strand of work studies how partial ownership or common ownership alters
firms’ pricing incentives. Bresnahan and Salop (1986) show how minority shareholdings
can induce partial internalization of rivals’ profits, and devise a modified HHI (MHHI)
to quantify competitive incentives, although this characterization is specific to Cournot
competition. A subsequent literature has focused on the potentially anti-competitive
effects of common ownership, fueling an active policy debate (Azar et al., 2018, 2022;
Antén et al., 2023).% Instead, Backus et al. (2021a) estimate a differentiated-product
demand system and use non-nested tests to distinguish standard own-profit maximiza-
tion from common ownership pricing. Their results show that ownership links can, in
principle, generate price effects comparable to a merger, but the conduct test rejects
such coordination in their setting. Rather than testing conduct, our framework offers
a scalable and complementary tool for characterizing the pricing incentives that arise

under partial or common ownership.

We also contribute to the empirical industrial organization (IO) literature on
oligopolistic competition with differentiated products. Most empirical IO models build
on discrete-choice demand with price competition a la Bertrand on the supply side
(Berry, 1994; Berry et al., 1995).” These approaches flexibly incorporate unobserved
product characteristics and enable counterfactual merger analysis, but realistic substi-
tution patterns typically require random coefficients and non-convex estimation, and
the resulting relationships between characteristics, substitution, and markups are only
implicitly characterized. Moreover, practitioners must often specify a nesting struc-
ture ex ante to capture appropriate substitution patterns, which may not always be

straightforward and, if misspecified, can bias estimates (Fosgerau et al., 2024).1°

This paper is closer in spirit to Feenstra and Levinsohn (1995), who link substitu-
tion patterns to distances in characteristic space, but differs by providing an analytical
characterization of markups rather than an implicit one. By framing differentiated-
product competition as a network game, we show that equilibrium markups can be
expressed through Bonacich centrality and that cross-price elasticities correspond to
weighted inner products of product attributes. This structure accommodates both

11

substitutability and complementarity," allows for unobserved characteristics, delivers

intuitive substitution patterns, and can be estimated with straightforward linear IV

8For example, the Federal Trade Commission featured a hearing on common ownership in
2018 (available at: https://www.ftc.gov/system/files/documents/public_events/1422929/
ftc_hearings_session_8_transcript_12-6-18_0.pdf). See also Schmalz (2018) for a review.

9Bresnahan (1987) was among the first to estimate a discrete choice model of oligopolistic compe-
tition with products that are differentiated along one dimension (i.e., a la Hotelling). For an exception
with continuous demand see Dubois et al. (2014).

10 An emerging literature is studying new approaches to infer nests directly from consumer behavior.
For example, Atalay et al. (2023) use co-purchasing patterns.

HSee Gentzkow (2007) for a discrete-choice model with complementarities; see also Thomassen
et al. (2017) and Lee and Allenby (2009) for quadratic-preference models across product categories.
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methods.

Lastly, our work relates to a growing literature that applies network theory to
study oligopolistic competition. Following Ballester et al. (2006), several papers model
differentiated-product competition as a network game. Ushchev and Zenou (2018)
analyze price competition when varieties are located on a network and show that
equilibrium prices are proportional to a sign-alternating Bonacich centrality. Galeotti
et al. (2024) exploit the network structure of Slutsky matrices to characterize optimal
tax—subsidy policies. Pellegrino (2025) develops a general equilibrium model in which
firms compete a la Cournot or a la Bertrand, and product attributes induce a similarity
network, providing empirical estimates of efficiency losses due to market power.'* We
complement this line of work by showing how network representations of competition
can be used to characterize the competitive effects of acquisitions and to construct

tractable merger screening tools.

2 A Network Approach to Equilibrium Analysis

We consider a market with J products available. The marginal (and average) cost of
production is constant, and is denoted by ¢;. The demand for product j € {1,...,J}
at price vector p = (p1,...,ps)" is ¢;(p). We assume that the demand function is
generated by utility maximization of a representative consumer with indirect utility
function V(p,y), where y represents the income of this consumer. Therefore, the
Jacobian of the demand function S(p) := dq(p)/dp’ is symmetric.

In our subsequent analysis, we highlight the role of a network built upon the

diversion ratio matrix, defined here:

D(p) := I, — [diag(S(p))] " S(p),

in determining the equilibrium prices and merger impacts. To see that this is the

diversion ratio matrix, notice that D;; = 0 for i = j and D;; = —g%gﬁ ' for 1 #

(using symmetry of S(p)), which is exactly the ratio of how much more of product j

would be purchased to how much less ¢ would be consumed when p; is raised.

12Product proximity also matters for estimation. Gandhi and Houde (2023) show that optimal
price instruments should reflect distances in product characteristics. In our framework, this intuition
follows directly from the closed-form markup system based on product similarity.

13See also Ederer and Pellegrino (2025) for an extension incorporating common institutional own-
ership.



2.1 Independent Ownership

We start with the familiar independent ownership case, where each product is inde-
pendently owned by a profit-maximizing firm, to illustrate the network approach to
equilibrium analysis.

We consider Bertrand competition among the firms, where each firm independently
and simultaneously sets the price for the product it owns. It is straightforward to derive
the first-order condition (FOC):

q(p) + diag(S(p))(p — ¢) = 0.

We assume that the first-order condition is also sufficient, and a unique solution p*
exists.

Since our interests are in comparative statics and merger analysis, we take the same
approach as Galeotti et al. (2024) and work with a locally linearized (or locally linear)
demand function around the equilibrium (p*, g*). We abuse notation slightly and let
S denote the Jacobian of q(p) evaluated at p*. Similarly, let D denote the diversion
ratio evaluated at p*. Let a := —S~1g* + p*, then the linearized demand around the
original equilibrium is ¢ = —S(a — p).

With this linearization, we are ready to show that equilibrium markups admit an
intuitive network-based decomposition.'* For that purpose, we introduce the Bonacich

centrality measure, which is defined below following Jackson (2008).

Definition 1 Consider a network with J nodes, adjacency matrix A, node weights
u, and attenuation factor 6 > 0. The J-vector of (weighted) Bonacich centralities
b(A,d,u) is given by

b(A.5,u) = (Iy — 6A) "5 Au = 3 o Aru. (1)
k=1

The j-th element of b(A, §, u) summarizes how central node j is in the network. This
measure of centrality is widely used in social networks because it captures a node’s
importance in terms of how connected this node is to others and how connected the
nodes it is connected to. According to the definition of Bonacich centrality, a node’s
importance is a weighted sum of the walks that emanate from it. Moreover, if § € (0, 1),
walks of shorter length are weighted more.'?

The following equilibrium characterization result ensues.

14 This decomposition is exact when consumers have linear-quadratic preferences and can be derived
also in oligopoly models where firms compete on quantities (Loseto, 2023).

15This interpretation is motivated by the fact that when A is a binary {0,1} it k-th power A*
counts how many walks of length k are between any two nodes.



Lemma 1 Around the original equilibrium, the new equilibrium markup after an e-

perturbation (on, e.g., ¢ or &) is

3 E

at —c¢ 1l of — ¢
f—c"=——-b|D,—-,—|.
L ( ' 9 >

Notably, o Ci is the markup charged by a monopolist facing linear inverse-demand
pj = a;j — Sjj g;- The proposition reveals that the market power of each firm is shaped
by its centrality in the competition network of all products: products that are more
central face greater competitive pressure and therefore charge lower markups. Notably,
the competition network takes the diversion ratio as the adjacency matrix, and the
monopolist’s markup (which is a measure of the standalone competition strength of
each product) as the node weights. For product j, the competition pressure is higher
if it is closer to (i.e., it has a high diversion ratio to) a strong competitor (with a high
choke price or low cost), and therefore it must charge a lower markup.

The Bonacich centrality also captures multiple-step effects, which can be clearly
seen from the walk expansion:

(04555) - £ 05 (55)

The term D* (a —c ) captures the influence of products that are k£ diversion steps
away from a given product: a strong competitor disciplines its direct rivals’ markups,
which then disciplines their rivals, and so on. Hence, competitive pressure propagates
along walks in the diversion network. The geometric decay factor (1/2)* reflects the
linear-demand marginal-revenue tradeoff: a unit of competitive pressure transmitted
one more step must pass through another best-response adjustment, and under linear
demand each such adjustment is dampened by the same 1/2 factor (as in the single-
product monopoly rule p — ¢ = (a — ¢)/2. Therefore, more distant competitors matter

less, with influence declining at rate 1/2 per additional diversion step.

2.2 General Control or Ownership Structure

Our analysis can be easily extended to the case with a general ownership or control
structure of the products. We introduce the decision weight matrix H to capture the
extent to which the ownership structure makes the pricing decision for one product

internalize the profit of another. Specifically, let

Hjj=1,  Hj€[0,1) (£#)). (2)

Y



Product j internalizes a fraction Hj, of product ¢’s profit. That is, product j chooses

p; to maximize a weighted sum of profits:

Hg<;ﬂﬂm—®MM- (3)

This nests the standard independent ownership case when H = [;. From the inde-
pendent ownership, a merger between, say, firm 1 and firm 2, can be represented by
H =1+ FEy9 + Ey, where Ej, is the matrix with all 0 entries except for an entry of 1
at row 7, column /.

This modeling approach allows flexibility in the analysis of common (partial) own-
ership and is also used in Backus et al. (2021b) and Ederer and Pellegrino (2025). The
decision matrix H can be micro-founded from common ownership as follows. Let [y,
denote shareholder (or fund) s’s cash-flow share in product j, and let ;5 be the cor-
responding governance weight that maps ownership into influence on price decisions.

The ownership structure then implies a matrix of profit weights A with H;; =1 and

H.,) — Zs Vjsﬁés

— £ 0).16
Y14 Es ")/jsﬁjs (.] 7& )

which leads directly to the control matrix H, with Hj = kj. For our purposes, it
suffices to work directly with the decision weight matrix H.

Given the decision weight matrix H, the FOC for the price competition game is

0=gq(p)+ (H© S(p)(p—c).

Again, we consider a local linearization of the equilibrium condition, with ¢ = —S(a—
p). We assume that H ® S is invertible and define the internalized diversion ratio
matrix:

Dy =1;—(H®S)'S=—-(HS) (E,—H) oS, (4)

where E; is the J x J matrix with all 1s. Clearly, for the independent ownership
case H = I, Dy is the standard diversion ratio matrix. At the other extreme when
H = E; (i.e., every product fully internalizes the profit of all other products), we
have Dy = 0. In general, [(E; — H) ® S] is the non-internalized part of the demand
diversion, and —(H ® S)~! normalizes diversion with the internalized quantity effect
(i.e., how much the quantity changes for internalized products), hence yielding a ratio.

To further illustrate this definition, consider a two-product example. The diversion

16Under the commonly used proportional-control assumption vjs = Bjs, these weights reduce to a
normalized ownership overlap, Hj, = (8;8¢)/(55;).

10



matrix, without considering profit internalization, is

p—|[" D”.
Dy 0

Now suppose product 1 internalizes a fraction h € (0, 1) of product 2’s profit (this can
arise if the owner of product 1 acquires a passive financial stake h in product 2 without
obtaining control: product 2 still chooses ps to maximize its own profit, while product

1 sets py taking into account the profit it earns from its stake in product 2):

(1)

Then the internalized diversion matrix in (4) becomes

Do — h D13Dyy (1 — h)Dss
H = .
Doy 0

Relative to D, the effective diversion link 1 — 2 is scaled down by (1 — h), because the
remaining fraction h is internalized. This internalization, in turn, generates a self-loop
1 — 2 — 1 of size h D13Ds; at node 1: When a higher p; shifts some demand to
product 2, product 1 partially values the resulting gain at product 2 (that is, hD1s).
Since this internalized gain is measured in product-2 units, D, translates it into the
corresponding strength of feedback for product 1’s own pricing incentive, yielding
h D12 Da;.

The following result shows how the diversion network approach to equilibrium

analysis extends to a general control structure.

Lemma 1’ Under a general ownership represented by the decision weight matriz H,
the new equilibrium markup after an e-perturbation (on, e.g., ¢, o, or H) around the
original equilibrium is

—c 1 o — cf)

=2 "C (D - ¢
p—c 2 <H’2’ 2

3 Network-Based Analysis of Acquisitions

In this section, we show how the diversion network approach provides new insight
into the analysis of mergers and acquisitions. We start with the analysis of a small
share acquisition and then move to the full merger case. For expositional ease, we
first consider changes to the market structure from independent ownership, and then

generalize the results to any control structure.

11



3.1 Minority Stake Acquisitions

In this part, we consider the impact of a local change to the control matrix H = I;.
Without loss of generality, we focus on a change to His, so that H becomes [; 4+ cF1s.
This can be understood as an acquisition of passive financial stake of product 2 by
the owner of product 1. It is worth pointing out that, if a minority share acquisition
is accompanied by proportional control, multiple elements of H would change at the
same time. Nonetheless, our results easily extend to that case (or any other governance
mapping), since the overall price or welfare impact—i.e., the total derivative with
respect to multiple elements of H—is simply the sum of partial derivatives that we
obtain below.

For later use, we introduce the Katz-Bonacich centrality for the J-node network

with adjacency matrix A, node weights u, and attenuation factor 4:

k(A6 u) = (I; — 6A) 'u =) §"Aru, (5)
k=0
which is simply the Bonacich centrality plus the length-0 (i.e., self) term. Further, we
define

k(j; D)=k (D, %, ej) ,

which is the discounted total length of all walks (of any length) from node j to each
node. This is a proximity measure of each node to j in the competition network: Node
¢ is “close” to node j if there are many or strong short paths from j to /.

The following result gives the impact on prices and consumer surplus (CS) of the

minority share acquisition.

Proposition 1 When a minority share acquisition changes H from [; to I; + cEs,

the price changes are:

Ip; P2 —0C . .  m—o |
Oe - -~ 9 D15 {1{] =1} +b; (Da 5,61” =3 Dyor4(1; D). (6)
By Roy’s identity, the CS impact is:
oCc's _
B) =~ D1uq'(1: D). (7)
€ e=0

The proposition reveals an intuitive network-based decomposition of the merger’s

impact. For the price effects, the prefactor P52 D1y is the direct upward pricing
pressure: firm 1 now partially captures the margin p, — ¢o on each unit diverted from
product 1 to product 2 at rate Di9, with the factor 1/2 reflecting the usual linear-

demand best-response pass-through. In particular, this formalizes the intuition that

12



the acquisition of a close substitute in terms of diversion ratio has a significant impact.

The indicator 1{j = 1} is the direct effect of a price increase for the acquirer. The
) %7
hallmark of the network approach: firm 1’s price increase propagates outward along

Bonacich centrality term b;(D, 5, e1) captures the competitive ripple effect that is the
walks in the diversion network—its direct rivals raise their prices, which in turn relaxes
competition for their rivals, and so on—so that every product in the market is affected,
with the impact on product j governed by its network proximity to product 1. By
Roy’s identity, the impact on consumer surplus is the quantity-weighted sum of price
impacts. Therefore, the total CS loss is larger when the acquirer is central to bestsellers
in the diversion network.

Next, we consider the cost synergy required to offset the CS loss.

Proposition 2 When a minority share acquisition changes H from [ to I; + cEs,
assuming that the acquirer and the target gain the same amount of cost reduction
(i.e., ¢; becomes c; — ¢ for j = 1,2), the cost synergy required for the minority share

acquisition to be CS-neutral is:

dc q'k(1; D)
& (py —e\D .
de (P2 = c2) “qk(1; D) + ¢'k(2; D)

(8)

The required synergy inherits a transparent network interpretation. The numerator
q'k(1; D) is the CS harm from the acquisition (Proposition 1), capturing the upward
pricing pressure that originates at the acquirer and propagates through the diversion
network. The denominator ¢'k(1; D) + q'k(2; D) is the downward pricing pressure
from a unit cost reduction shared equally by products 1 and 2, and it too propagates
through the network via the same walk-based mechanism: a cost saving at product j
lowers p;, its rivals face intensified competition and reduce their prices, which then
disciplines their rivals, and so on. The term ¢’k (j; D) measures the quantity-weighted
reach of this pro-competitive cascade from node j, so the denominator reflects how
broadly cost savings propagate based on the network proximity of each product to both
the acquirer and the target. The ratio is therefore a number between zero and one
that captures how much of the combined pass-through benefit is needed to neutralize
the anticompetitive harm. Notably, this ratio depends in opposite directions on the
network centrality of the acquirer and the target: if the target (product 2) is highly
central—connected, via diversion, to many high-volume products—then q'k(2; D) is
large, the denominator grows, and the synergy bar falls, because cost reductions at
a central target propagate widely and generate large consumer benefits. Conversely,
when the acquirer is central relative to the target, the ratio approaches one, and the

required synergy is close to the full direct upward pricing pressure (py — ¢)D1s.

13



3.2 Full Mergers

We now consider a full merger between firms 1 and 2. This means that the control
matrix changes from [; to My := [; + Ei5 + E3;. We again consider the case of
linear or linearized demand, assuming that the price impact is not so large that the

linearization is invalid.

Proposition 3 A merger between firms 1 and 2 changes prices by:
1l a—c 1l a—c
ap=b (D1 b (0 125 ). :
P 2 2 Mgy (9)
For the quantity-weighted price change ¢'Ap (which approximates CS loss when price

changes are small) to be 0, the required cost synergy (assumed to be the same for both

firms) is

2q'[b(D. 5. °5) ~ b (Dana- 3. °5°) |

Ac =
q,K’(l; DM12> + q,K’(2; DM12>

(10)

Just like in the minority share acquisition case, centralities in the diversion-based
competition network play a key role in determining the merger impacts and the bar of
compensating synergies. Equation (9) comes directly from the markup decomposition
result (Lemma 1), highlighting that a merger affects prices by altering the competition
network and thus the centralities of each product. Equation (10)—its denominator in
particular—again reveals the insight that the downward pricing pressure from cost

synergies propagates throughout the network from the merging parties.

3.3 Extensions and Discussions

The analysis of merger impacts through the lens of diversion network could enrich
the antitrust authority’s toolbox and entails two major benefits. First, the centrality
measures extend naturally to a general control structure. In contrast, the conventional
screening tool, HHI index, is not easily defined when there is partial common owner-
ship. Second, the computation of centrality measures does not require a full-fledged
estimation of the demand system, and can be done with product characteristics data,
which is relatively easy to obtain. We focus on the first point in this part, and develop
the second point in detail in Section 4.

To show that the diversion network-based merger screening measures are applicable
under a general initial market structure, we extend previous results accordingly. For a
market structure change that perturbs the control matrix to H¢ = H +¢AH, where

AH is an arbitrary J x J matrix, it is useful to define
wan(H) == —(H®S)'[(AH © 8)(p - ¢)], (11)
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which measures the immediate price adjustment pressure (typically upward when
AH > 0) after the change in the internalization pattern H. The term (AH ® S)(p—c)
aggregates, for each product j, the newly internalized “recapture” incentives created
by the perturbation: a positive AHj, makes the decision maker for p; place more
weight on product ¢’s margin (p, — ¢;), and this incentive is stronger when the lo-
cal substitution slope S}, indicates that changing p; shifts demand toward ¢. Just
like in the definition of the internalized diversion ratio matrix Dy in (4), the pref-
actor —(H ® S)™' normalizes these raw incentive shifts by the internalized quantity
effect under the baseline structure H—that is, by how a price change for product j
translates into quantity changes for the portfolio of products whose profits j internal-
izes. In this way, way(H) expresses the direct incentive effect of AH in the same
internalization-adjusted units that govern competitive interactions, so that it can be
propagated through the diversion network in the subsequent equilibrium adjustment.

For minority share acquisitions that change H locally, we obtain the following.

Proposition 1’ Consider a market structure change that perturbs the control matriz
to HS = H + cAH, where AH is an arbitrary J x J matriz. Then the equilibrium

price changes satisfy

_ ; k(Dir. L wan(H)) . (12)

op
Oe

e=0

By Roy’s identity, the consumer-surplus effect is

oCS
Oe

1
= -3 q'k(Dp, 3, wan(H)). (13)
e=0

Proposition 2' Consider a market structure change that perturbs the control matriz
to H* = H 4+ cAH. The cost synergies required for the market structure change to
be CS-neutral must satisfy:

J de;
S ¢'k(j; Dy) [ -52
jZIqK’(]v H)( d€>

B = q/K,(DH, %,wAH(H)) . (14)

For more significant market structure changes, such as full mergers, assuming that
the induced price changes are still within the range of linear approximation, we have

the following.

Proposition 3’ Consider an arbitrary change to the control matriz from H to H.

The price changes (without any cost synerqgy) are:

1l a—c 1l a—c
dp =0 (D5 55) ~0 (07555 (15

Suppose there are synergies that reduce costs from ¢ to ¢ — Ac at the same time
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of the control matriz change. For the quantity-weighted price change q¢'Ap (which
approximates CS loss when price changes are small) to be 0, the required cost synergies

must satisfy:

(16)

DO | —

J

l aa—c 1l a«—c
E 'k(j: Ds)Ac; = ’[b(D ,)—b(DA -, )
jZIqK’(] H) Cj q H 9’ 9 H' 9 9

4 Diversion Network and Product Attributes: A

Micro-foundation

Sections 2 and 3 established that equilibrium markups and the competitive effects of
acquisitions are governed by the diversion ratio matrix D and its centrality structure.
In those sections, we consider the local linearization of a general demand function
q(p), and take its Jacobian S (and thus the diversion ratio matrix D) as given. The
practical question for a regulator or analyst is: where does D come from, and what
data are needed to compute it?

In this section, we provide a micro-foundation based on the linear-quadratic de-
mand model that has long been a workhorse in industrial organization for differentiated
oligopoly (e.g., Singh and Vives (1984); Vives (1985)) and has more recently been used
to link product attributes to competition networks (Pellegrino, 2025). We start from a
representative consumer with quadratic preferences over the vector of product charac-
teristics.!” We show that this model generates a Jacobian S—and hence the diversion
ratio matrix—that is determined by weighted inner products of product characteris-
tics. Within this framework, the diversion ratio matrix can be obtained directly from
observed product characteristics, without estimating a full demand system. Com-
bined with the results of Sections 2 and 3, this means that the data requirement and

computational burden of the centrality-based tools for merger screening are minimal.

4.1 Preferences and Demand

Products. There are J products available. Each product j is characterized by a
vector of K attributes &; = (zj1,...,x,x), collected in the J x K matrix X. The

entry x;, measures how much of attribute k£ a consumer obtains per unit of product j.

Utility. A representative consumer takes prices p = (p1,...,ps) as given and chooses
quantities ¢ = (¢1, ..., qy)" and an outside good ¢y subject to gy +p'q < y. Preferences
are

u(g, X) = qo+qa— gq’(b +1nXX')q, (17)

170One can also obtain the demand system as aggregate demand from a mass of consumers, each
with possibly heterogeneous linear-quadratic preferences. For more details see Loseto (2023).
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where 77 > 0 governs the importance of product differentiation, a (a J-vector) captures
the consumer willingness to pay for each product, and 5 > 0 captures the consumer’s
preference for variety. The quadratic term q'(1; +nX X’)q ensures that products with
more similar attribute vectors are closer substitutes: the cross-product penalty for

consuming products j and ¢ jointly is proportional to n z’x,.

Demand. The consumer maximizes (17) subject to gy + p'q < y. Substituting the

budget constraint, the first-order condition yields

1

I+ nXX')"' (o —p), (18)

q(p)

which is always well defined because I; + nX X' is positive definite.

The substitution matrix. Define the J x J matrix © := (6;,)7,_, with

1
O = @, Q7 xy, Q= HIKH(’X. (19)

It can be verified that 2 is a positive-definite weighting matrix, and 0;, € (—1,1) for
j 7& ¢ and ij € (O, 1).18

Proposition 4 The demand system can be written in matrixz form as

a(p) = ;UJ ~0)(a—p). (20)

Equivalently, for each product j,

1 1
qj(p) = a; — B(l —0;5)p; + 3 Oje D
oy

where a; is a product-specific demand intercept given by a = %(IJ - 0)a.

Because preferences are quadratic, demand is linear in prices. All substitution pat-
terns are encoded in the J x J matrix © with entries 6;,. The Slutsky matrix (Jacobian
of demand) takes the form S = —(I; — ©)/5. Products j and ¢ are substitutes when
00 > 0 and complements when 6;, < 0. Crucially, 0;, is a weighted inner product
of the attribute vectors x; and x,, which means that the closer j and ¢ are in this

inner-product space, the more substitutable they are.

8Because n > 0, the matrix Q = %IK + X'X is positive definite: for any nonzero u € RX,
u/'Qu = %||u||2 + | Xul/? > 0. Moreover, © = XQ~1X’ is the ridge hat matriz. Writing an SVD
X =UXV’', we have © = U X(%2% + %I)*E U’, so its eigenvalues are 02/(c2 + 1/n) € [0,1), which
implies 6;; = €;©e; € (0,1) (provided x; # 0). Finally, since Q' > 0, letting z; := Q~12z; gives
00 = zjz¢, and thus by Cauchy-Schwarz, [0, < |z;]| [|z¢ll = \/0;;0e < 1 for j # L.
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The next result shows that the weights in the inner product ¢;, have a transparent

interpretation in terms of the principal components of the characteristics matrix X.

Proposition 5 Let U be the K x K matriz whose columns are the principal-component

directions of X, and let £; = U'x; be the projection of x; onto these directions. Then

0, — f:M (21)
=R VR A

where \i¥' X is the k-th eigenvalue of X'X.

Expression (21) delivers two insights. First, because U is orthogonal, the rota-
tion from x; to ; does not alter the inner-product structure (XX’ = XX'), so the
projection is without loss.

Second, the weight on the k-th principal component is inversely related to the vari-
ance of that component across all products. To see this, note that A\ X = &} &y, so
characteristics along which products are more homogeneous receive a higher weight.
The intuition is that attributes shared by nearly all products in the market are espe-
cially informative about pairwise substitutability: consumers cannot easily switch to
a differentiated alternative along a dimension on which all options are similar. Con-
versely, attributes that vary widely across products matter less for any given pair.

To sum up, the substitutability between products j and ¢ depends not only on how
similar their attribute vectors are, but also on how the similarity is distributed across

dimensions relative to market-wide variation.

4.2 Product Attributes, Diversion Network, and Merger Im-

pacts

We now connect the substitution matrix © to the diversion ratio matrix D introduced
in Section 2. Recall that D is defined as D = I; — [diag(S)]™1S, so its off-diagonal

entries are g 0
Dy =22 = £ 0,
7l Sj' 1 — ijv J #

Under the linear-quadratic demand model, the diversion ratio from product j to prod-
uct £ is therefore determined entirely by the attribute-based similarity 6;,, normalized

by the own-price sensitivity term 1 — 6;;. In particular:

o Dj, is large when x; and @, are similar in the Q™ *-weighted inner product, i.e.,

when the two products are close substitutes in characteristic space.

« Like the linear and logit models discussed in Conlon and Mortimer (2021), the

network model delivers diversion ratios that do not vary with price. However,
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the economic source of this constancy is entirely different. In our model, diver-
sion is constant because substitution patterns are generated by the geometry of
product attributes under quadratic preferences, not because of IIA or because
treatment effects are homogeneous. This structure allows us to preserve real-
istic heterogeneity in demand intercepts and marginal utilities while obtaining

closed-form markups and centrality-based merger effects.

The entire diversion matrix D can be constructed from product characteristics
alone, without estimating a demand system. This has an immediate implication for the
results of Sections 2-3.' Since equilibrium markups are determined by the Bonacich
centrality of the diversion network (Lemma 1 and 1’), and since merger impacts prop-
agate through walks in this same network (Propositions 1-2 and their primed exten-
sions), the entire centrality-based apparatus can be computed from product attributes.

The results of this section, combined with those of Sections 2-3, deliver a practical

procedure for antitrust screening:
Product characteristics X — Diversion network D — Centrality-based merger effects.

We close this section by reiterating several properties that make this procedure attrac-

tive for policy.

Low data requirements and compatibility with modern data sources. The
diversion matrix D is constructed from the attribute matrix X and the single parame-
ter n (equation (19)). No price or quantity data, no estimation of a structural demand
system, and no market-share information are needed to build the competition net-
work. In settings where product characteristics are publicly available—as they are in
automobiles, consumer electronics, pharmaceuticals, and many other industries—the
entire screening exercise can be carried out with minimal data collection. At the same
time, the framework places essentially no restriction on how characteristics are mea-
sured: recent advances in machine learning show that embeddings derived from text
descriptions, images, or other unstructured product data can capture demand-relevant
positioning and substitute for hand-coded attributes (Bajari et al., 2023; Compiani
et al., 2025). Relatedly, Magnolfi et al. (2022) demonstrate that embeddings from
perceived-distance surveys yield elasticity estimates comparable to those from observ-
able attributes. Because our construction depends on X only through inner products,
any representation of product attributes that preserves the same inner-product struc-
ture generates the same substitution patterns and thus the same diversion network

and centrality-based screening measures.

19We assume that a unique equilibrium, where all prices p; lie in the interior of [c;, a;], exists for
the linear-quadratic utility model throughout. A sufficient condition on the primitives, as shown in
Appendix B, is (1 — 0;;)(ay — ¢;) > >4 [0n](arx — cx) for all j.
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No ex ante market definition. As emphasized by Hoberg and Phillips (2016),
a key advantage of characteristic-based approaches is that they bypass the need to
define a relevant market. In our framework, the network structure ¢s the market:
products that are close in attribute space share strong links and exert competitive
pressure on each other, whereas distant products are effectively independent. Even a
very broad product universe does not distort the analysis, because the inner-product
weights in (21) automatically downweight characteristics that vary widely and hence

are less informative about pairwise substitutability.

Micro-founded in a setting with differentiated products. Related to the pre-
vious point, the centrality measure naturally emerges in the equilibrium of a price-
setting game between arbitrarily differentiated products. By contrast, while functions
of merging parties’ shares related to AH H I are shown to be indicative of merger im-
pacts in differentiated price competition for aggregative games (Nocke and Whinston,
2022), the exact micro-foundation for AH H I is obtained within a homogeneous-good

Cournot competition framework.

Coherent under arbitrary ownership structure. A further practical advantage
is that the centrality statistic used for screening is well defined under any ownership
or control structure. Ownership enters the model as a primitive of the firms’ objective
functions through the decision-weight matrix H. As shown in Sections 2-3, partial
acquisitions and common ownership modify incentives directly via the internalized
diversion network Dy, which governs equilibrium pricing. The screening statistic is
computed from this object, so changes in control—whether full mergers or minority
stake acquisitions by incumbents or financial investors—affect the measure through

the same structure that determines markups.

Scale-free substitution patterns. Under Bertrand competition, the elements 6},
lie in (—1, 1) regardless of the units in which characteristics are measured. This means
that the diversion network—and hence the centrality measures and merger effects—are
invariant to rescaling of the attribute vectors. In practice, no normalization of product

characteristics is required.

5 Application to the Automobile Industry

In this section, we estimate the model using data on the European automobile industry.
The same data have been used extensively in the empirical industrial organization
literature (e.g., Brenkers and Verboven (2006)). We then introduce our empirical
framework and use it to estimate demand, comparing the results with those we obtain

by estimating demand using discrete-choice models. Lastly, we simulate the effects of
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Table 1: Summary Statistics on the European Automobile Industry

Variable Mean SD Bel Fra Ger Ita U.K.
Sales (units) 19813.24 37719.92 392542 23305.81 31002.55 24292.14 19784.34
Horsepower (kW) 57.14 23.88 56.53 56.17 57.45 57.22 58.42
Fuel inefficiency (liter/100 km) 8.18 1.72 8.22 8.12 8.24 8.08 8.22
Width (em) 164.38 9.62 164.16 164.28 164.57 164.06 164.82
Height (cm) 140.43 4.62  140.34 140.46 140.49 140.63 140.27
Foreign (0-1) 0.81 0.39 1.00 0.75 0.73 0.76 0.77
Price Eur 8352.52 5540.92 7674.24  8315.98 8119.62 8378.81  9384.34
Price Eur (post-tax) 10089.23  6606.51 9439.35 10476.46  9283.47  9946.35 11388.33
Price Eur (Deflated) 10793.17  5962.59 9029.31 10944.30  8394.99 13292.90 12870.79
Subcompact (0-1) 0.28 0.45 0.28 0.28 0.28 0.31 0.26
Compact (0-1) 0.23 0.42 0.23 0.24 0.23 0.22 0.24
Intermediate (0-1) 0.22 0.41 0.22 0.22 0.22 0.21 0.23
Standard (0-1) 0.19 0.39 0.19 0.19 0.18 0.17 0.19
Luxury (0-1) 0.08 0.27 0.08 0.07 0.09 0.09 0.08

Notes: The number of observations is 11549; SD means standard deviation.

mergers under different assuming different demand models and assess the effectiveness

of screening mergers using centrality-based rules.

5.1 Data

We use publicly available data from Brenkers and Verboven (2006).° The dataset
covers prices, quantities, and detailed product characteristics for virtually all passenger
car models sold in five major European markets—Belgium, France, Germany, Italy,
and the United Kingdom—between 1970 and 1999. Over this period, roughly 350
distinct models appear in the data, though many represent successive generations
of existing nameplates (e.g., Volkswagen Golf, Toyota Corolla, BMW 5-Series). In
total, the panel contains 11,549 model-market—year observations, corresponding to an

average of about 80 models available per country in a given year.

For each model, we observe the list price for the base version offered in each mar-
ket, as reported in contemporary consumer catalogs. Sales are measured using new
vehicle registrations at the model range level. The dataset further includes a rich
set of physical and performance characteristics drawn from the same catalogs. These
variables capture vehicle size (e.g., weight, length, width, height), engine specifications
(horsepower and displacement), and performance metrics (top speed, acceleration, and
fuel economy). Finally, we observe identifiers for the model, brand, and manufacturer,
along with the country of origin or production location and the market segment clas-

sification (subcompact, compact, intermediate, standard, luxury).

20The  database is  available at: https://sites.google.com/site/frankverbo/
data-and-software/data-set-on-the-european-car-market7authuser=0 and has also been

used in Goldberg and Verboven (2001) and Goldberg and Verboven (2005).
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Table 1 provides summary statistics for all the key characteristics of the cars in our
sample across market and years, and separately for each country across years. The last
five rows show the penetration of each segment: not surprisingly, the luxury segment
only accounts for about 8% of the sales. By contrast, the subcompact segment tends
to be the largest (28% of the sales), followed closely by the compact and intermediate
segments, with 23% and 22% of the sales, respectively.

5.2 The Empirical Nash-Bertrand Network Model

We operationalize the network model described in Section 4, showing how to adapt it

to the specific context of the automobile industry.

An implicit assumption of our model is the absence of income effects due to the
quasi-linearity of consumer preferences in the outside good. In the context of car
purchases, this assumption might be unrealistic. For this reason, rather than parsimo-
niously extending the demand model to accommodate income effects, we follow Berry,
Levinsohn, and Pakes (1995) and model consumer preference for the inside and outside

goods in a Cobb-Douglas fashion:
Uly-ra,q:X)=(y—ra) [G(g X)) (22)

where the first term in U already substitutes for the budget constraint and

G(gq,X) = exp {q/a - gq’ (17 +nXX') q} :

Next, substituting G into (22) and taking logs, the representative consumer’s utility

can be written as

u(q,X) =log (U) = ylog(y —p'q) + qd'a — gq’ (I;+nXX')q (23)
~q <a— 5) - gq’ (I; +nXX')q (24)

where we normalize ¢ and v to 1 because they cannot be separately identified from
a and 3, and we use a first-order Taylor expansion to approximate log (y — p'q).*’
We also calibrate n to 0.12 following Pellegrino (2025). The preferences in (24) are
identical to the ones described in Section 4 except for the fact that prices are now

measured relative to income. The representative consumer’s demand system can be

2IThe same approximation has been used in Berry, Levinshon, and Pakes (1999).
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derived as before:

1 - p
alp) = 5 1y +0xx) " (o= 2). (29
s y
To map this framework to automobile data, let t denote the market (i.e., a country-

year pair) and note that equation (25) can be rearranged in vector form as

. 1 P
q; = (]Jt + nXth)qt = — (at — t) (26)

B Yt
where J; is the number of car models available in market ¢, X; is a J; x K matrix of
product characteristics and the linear preference parameter vector « is allowed to vary

over time. Next, consider the jth equation of the above system

N 1 pjt)
Go= (on -2 (27)
! B ( ! Yt
and note that, upon calibrating n and assuming that the matrix X; contains only
observables characteristics, the left-hand side in (25), denoted by §j, is directly mea-
surable. Conversely, on the right-hand side of (25), only p; and y; are observable.??
More generally, equation (27) suggests that we can estimate demand using the

following linear specification

Lpjs

B + Wi, ¢ + &t (28)

G = -
where wj; is a vector of observable product and demographic characteristics which, in
this context, includes both z;; and ;. On the other hand, {;; includes characteristics
that are unobservable to the econometrician but known by the agents.

To sum up, two assumptions allow us to estimate demand from (28). First, all the
characteristics that enter consumer preferences in the quadratic term are observable.
Second, any unobserved characteristic (§;;) enters consumer preferences only through

the linear parameter vector a, i.e.,*

ajr = Bwi ¢ + i) (29)

To consistently estimate (28), we need to instrument p;;/y; because prices will be

22To measure income in a given year, we use the simulated draws that come with the pyBLP
package developed in Conlon and Gortmaker (2020), and we average them using the weights provided.
The draws come from a log-normal distribution of income whose location and scale parameters are
estimated from the Current Population Survey (CPS) each year as described in Berry, Levinsohn,
and Pakes (1995).

23 An additional assumption is that § is constant across markets. However, this can be partially
relaxed by interacting prices with any market level observable in equation (28).
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correlated with the unobservable component &;;. The reason is that firms internalize &,
before setting prices simultaneously. To see this formally, recall that Nash equilibrium
prices are given by

Yt — Cje b.

92 Jt (30)

Pjt = Cji +
and note that those prices are a function of oy, (and in turn function of ;) both
directly and indirectly through product j’s Bonacich centrality b;;. Under this setting,
demand can be estimated with a simple linear instrumental variable strategy which is

described next.

5.3 Demand Estimation

We begin by estimating demand from the linear specification in (28). To do so, we
instrument the term pj; /vy, using the set of demand instruments z;, constructed in
Brenkers and Verboven (2006). These include the product’s own observed characteris-
tics (horsepower, fuel efficiency, width, height, and a dummy for whether the product
is a foreign one), as well as functions of competitors’ characteristics (Berry et al.,
1995). Specifically, we use: the number of products and the sums of characteristics of
other products of the same firm belonging to the same segment, and the number of
products and the sums of the characteristics of competing products belonging to the
same segment.

Equation (30) implies product characteristics affect firms’ pricing decisions through
the centrality term b;; and the observable part of oy, suggesting the relevance of our
instrument. To ensure that demand remains constant while instruments shift the
supply, the identifying assumption relies on the idea that firms choose characteristics
before observing any demand shock &;; which formally boils down to requiring that
El&tlze] = 0.

Because §;; is a function of observable product characteristics, estimating 1/5 is
sufficient to recover own-price elasticities, cross-price elasticities, and diversion ratios.
The bottom part of Table 2 shows the estimates we obtain for the average diversion
ratio, own- and cross-price elasticities, both within and across segments. For example,
our estimates imply that following a marginal increase in the price of a compact car, on
average 2.35% of the lost sales are diverted to other compact models, whereas 0.82%

are diverted to models in other segments.

Comparison with discrete-choice models. We compare the network demand esti-
mates with four standard discrete-choice specifications: Logit, Nested Logit, Random
Coefficients Logit (RCL), and Random Coefficients Nested Logit (RCNL). All models

are estimated using the same product-level data and the same set of observable char-
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Table 2: Estimated Substitution Patterns across Demand Models

Segment Own-price Cross-price elasticity Diversion ratio

Within segment Across segments Within segment Across segments

Logit
Subcompact -1.32 0.00 0.00 0.05 0.05
Compact -1.85 0.00 0.00 0.05 0.05
Intermediate -2.19 0.00 0.00 0.04 0.04
Standard -3.06 0.00 0.00 0.02 0.02
Luxury -4.22 0.00 0.00 0.03 0.03
Nested Logit
Subcompact -2.25 0.03 0.00 1.30 0.05
Compact -3.08 0.05 0.00 1.51 0.04
Intermediate -2.77 0.00 0.00 0.04 0.03
Standard -3.96 0.01 0.00 0.15 0.02
Luxury -6.99 0.40 0.00 6.12 0.02
RC Logit
Subcompact -1.54 0.02 0.02 1.12 0.97
Compact -2.15 0.02 0.02 1.06 1.06
Intermediate -2.55 0.02 0.02 0.86 0.82
Standard -3.59 0.02 0.02 0.63 0.47
Luxury -4.93 0.04 0.02 1.03 0.59
RC Nested Logit
Subcompact -2.87 0.07 0.02 2.33 0.82
Compact -3.47 0.07 0.02 2.20 0.84
Intermediate -3.15 0.03 0.02 0.82 0.60
Standard -4.55 0.03 0.02 0.78 0.36
Luxury -7.72 0.44 0.02 6.19 0.48
Network
Subcompact -4.50 0.11 0.06 2.31 0.73
Compact -5.46 0.13 0.05 2.35 0.82
Intermediate -6.93 0.17 0.06 2.38 0.85
Standard -9.53 0.24 0.06 2.53 0.87
Luxury -9.33 0.29 0.05 3.29 0.96

Notes: The table summarizes, for each of the five demand models considered, the average elasticities
and diversion ratios across all markets by segment. Values are trimmed at the 25th percentile for the
Network model.

acteristics. In each case, price is treated as endogenous and instrumented using the

BLP-style instruments described above.

We first estimate a homogeneous multinomial logit model. Consumer utility is

specified as

D;
Ugje = Tjeff — ajt + &t + €t (31)
t

where z;; includes observable characteristics and ¢;;; follows the type-I extreme value
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distribution. Mean utility is recovered using the standard logit inversion
0t = log sj: — log so. (32)
We then estimate

DPjt

§j0 = T3 — a2 + &y (33)
Yt

via two-stage least squares. This specification imposes homogeneous price sensitivity

and the Independence of Irrelevant Alternatives (ITA), and hence substitution patterns

depend only on market shares.

To relax the ITA property, we estimate a nested logit model that groups vehicles
into the five market segments available in our data: subcompact, compact, interme-
diate, standard, and luxury. This allows consumers to have correlated preferences
for products in the same segment, which share a common set of features. Utility is

specified as:
Wije = 01 + Gig + (1 — 0)eije, (34)

where ¢ indexes the nest and ¢ € [0,1) captures within-segment correlation. The

estimating equation becomes
p .
log s, — log sor = 13 — ozyit +olog sjig: + &t (35)
t

where s;,¢ denotes the within-nest share. Both price and the within-nest share term
are instrumented using BLP-style excluded instruments. Specifically, we interact these
instruments with the set of segment dummies to allow the nesting parameter to differ
across segments. This model allows stronger substitution within segments than across

segments while maintaining homogeneous price sensitivity across consumers.

We also estimate an RCL model in the spirit of Berry, Levinsohn, and Pakes (1995).
Utility is specified as

p.
Uije = Tjef3 — Oéyit + pije + &ji + €4t (36)
t

where p1;;; captures unobserved taste heterogeneity through random coefficients on
selected product characteristics and a random intercept. Specifically, coefficients on
observable characteristics are assumed to vary across consumers according to a multi-
variate normal distribution.

Importantly, the price coefficient remains homogeneous across consumers. We do

not model income as a demographic interaction with price in these discrete-choice
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specifications because we do not observe the income distribution at the market-year
level for the European automobile markets in our sample. The model is estimated by
simulated GMM using the pyBLP package, integrating over the distribution of random
coefficients (Conlon and Gortmaker, 2020). Price is instrumented using the same

excluded instruments as in the logit specification.

Finally, we estimate an RCNL model, which combines taste heterogeneity with

within-segment correlation (Grigolon and Verboven, 2014). Utility takes the form:

Pjt
Uijr = TjtS — Oéj + piji + 0Gig + &t + i (37)
t
where 41,5, represents random coefficients on product characteristics (including a ran-
dom intercept) and o captures within-nest correlation. As in the RCL specification,
price sensitivity is not heterogeneous across consumers. The model is estimated via
simulated GMM using pyBLP, with the same instrument set used in the previous spec-

ifications.

Across models, substitution patterns become progressively more flexible. Logit im-
poses ITA and homogeneous price sensitivity; Nested Logit allows stronger substitution
within segments; RCL introduces unobserved taste heterogeneity; and RCNL combines
taste heterogeneity with within-segment correlation. These differences clearly emerge
from Table 2.?* In Logit and RCL, average diversion ratios are similar within and
across segments, reflecting the absence of explicit segment-level correlation. In con-
trast, Nested Logit and RCNL generate higher within-segment diversion, as preference
correlation mechanically strengthens substitution among products in the same nest.
Interestingly, the network model is able to replicate this pattern without exogenously
imposing a nesting structure, generating average diversion ratios that are remarkably
close to those of the RCNL specification. This is particularly valuable because, in many
settings, it is difficult to determine the appropriate nesting structure ex ante, and mis-
specifying the nests can lead to biased estimates of substitution patterns (Fosgerau
et al., 2024).

We also emphasize that the network model allows consumers to exhibit a taste for
variety and to consume more than one good. In this respect, the automobile industry—
where households typically own no more than two cars and, in most cases, purchase
only one vehicle at a time—does not represent the ideal environment to apply our
framework. Therefore, the fact that the model performs well in this setting provides
a conservative assessment of its empirical relevance. Its performance is likely to be
even stronger in industries characterized by multi-product consumption and richer

substitution patterns.

24Table C.1 in the appendix shows the results we obtain when the values of the own-price elasticities
are trimmed at the 10th percentile before averaging.
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5.4 Merger simulations

Next, we consider all possible mergers—across all countries and years—between the
car manufacturers in our sample. In what follows, we will base our analyses on demand

estimates obtained from the network and RCNL models.

The first step entails recovering firms’ marginal costs. To that end, we estimate
&j for each product j and market ¢ by simply plugging our demand estimates (3,0)
and the estimated regression residuals (éjt) into equation (29). Then, from the pricing
equation in (30), we can recover marginal costs c;;, price-cost margins p;; — ¢j; and
decompose the markup into monopolistic price-cost margins (a;; — ¢;;)/2 and net-
work centrality b;;.. This decomposition implies that, in the network model, network

centrality is the primary determinant of the effects of acquisitions.

Figure C.1 shows the distribution of marginal costs across the network and the
RCNL models, focusing on the most recent year of our sample (1999). The median
marginal cost across models and markets is $7,636.17 ($6,493.51), and 75% of car
models have a marginal cost lower than $12,555.56 ($10,839.04) in the network (RCNL)
framework. Overall, the estimated marginal costs are reasonably close across the two

demand models considered.

Figure 1 compares merger simulations obtained from the network model and the
RCNL specification, holding marginal costs fixed at pre-merger levels. The two mod-
els generate strongly correlated predictions across all outcomes, indicating substantial
agreement in the ranking of mergers by their competitive impact. This is consistent
with the broadly similar diversion patterns implied by the two demand systems. The
plots, however, also reveal some systematic differences. The network model tends to
predict smaller price increases and smaller consumer-surplus losses, consistent with its
higher (in absolute value) own-price elasticities. At the same time, merger outsiders
appear more responsive under the network specification: non-merging products expe-
rience relatively larger price adjustments compared to RCNL, suggesting that com-
petitive effects propagate more broadly through the similarity network rather than

remaining concentrated within predefined nests.

To gain a better understanding of these differences in magnitudes, we zoom in on
domestic mergers, which are arguably more likely to raise competitive concerns, and
compare the simulation results obtained by relying on demand estimates obtained using
the RCNL and the network models. To tag domestic mergers, we use the information
on the country of origin or production location of each manufacturer. Since some
manufacturers produce in multiple countries (e.g., BMW and Ford), simulated mergers
involving them can span multiple countries. Table 3 summarizes the results for the

potential domestic mergers that could have happened in 1999.

We find that the two models generate reasonably close price and CS effects across all
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Figure 1: Simulation of the effects of all possible mergers

Notes: Each figure contrasts the effect of a potential merger estimated using the network model with
that estimated using the RCNL model. Each figure focuses on the percentage change in a different
outcome: the prices of the merged parties, the prices of the non-merged parties, and consumer surplus.

simulated domestic mergers. For example, a merger between the two largest domestic
manufacturers in France (Peugeot and Renault), which raises the HHI by almost 1,624
points, leads the merged entity to increase prices by 8.0% under the network model and
by 16% under RCNL. The associated consumer-surplus loss amounts to 3.4% in the
network model and 5.4% in RCNL. By contrast, a merger between BMW and MCC
in Germany, which have limited overlap across segments and induces a small change
in HHI (less than 19 points), generates much smaller effects under both models, with

price increases between 0.3-0.49% and CS losses between 0.02—0.03%.

While, on average, the network model tends to predict smaller price effects for the
merging parties, this pattern is not uniform across all transactions. For instance, in
the BMW-VW merger in Germany, the network model predicts larger price increases
for both merged and non-merged products relative to RCNL, yet the associated CS
loss is smaller. This reflects differences in demand curvature and substitution patterns
across the two specifications. Although the network model implies stronger diversion
between BMW and VW, leading to larger unilateral price effects, it also generates

broader substitution toward alternative inside products and relatively less reallocation
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Table 3: Domestic Mergers in 1999: RCNL vs. Network

Country Merger AHHI AP% - Merged AP% - Non-Merged ACS%
RCNL Network  RCNL  Network RCNL  Network

FRA Peugeot—Renault 1623.5437 15.9407% 8.0120% 0.3048%  0.9834% -5.4262% -3.3852%

GBR BMW-Ford 348.1630 3.7497% 2.8420% 0.0418%  0.3665% -1.1106% -0.8891%
GBR BMW-Opel 255.0992 2.9597% 2.2277% 0.0455%  0.2677% -0.8305% -0.6477%
GBR Ford-Opel 651.7778 5.3994% 3.5448% 0.0782%  0.4839% -2.7334% -1.5025%
GER BMW-Ford 151.0954 1.9720% 2.1863% 0.0343%  0.2974% -0.3921% -0.3608%
GER BMW-MCC 18.7394 0.3090% 0.4900% 0.0026%  0.0260% -0.0236% -0.0297%
GER BMW-Mercedes  155.4387 3.0930% 2.0623% 0.0768%  0.2260% -0.9659% -0.3604%
GER BMW-Opel 234.0387 2.3207% 2.6840% 0.0438%  0.3396% -0.5545% -0.4789%
GER BMW-VW 494.3758 3.9663% 4.4607% 0.0655%  0.8168% -1.4288% -1.1102%
GER Ford-MCC 24.0961 0.9525% 0.7483% 0.0089%  0.0408% -0.0762% -0.0516%
GER Ford-Mercedes 199.8714 2.9257% 2.3549% 0.0523%  0.2588% -0.5967% -0.4130%
GER Ford-Opel 300.9395 3.6512% 3.3459% 0.0794%  0.4110% -0.9313% -0.6367%
GER Ford-VW 635.6948 5.9811% 5.8639% 0.0768%  1.0172% -1.9570% -1.4532%
GER MCC-Mercedes — 24.7888 0.6152% 0.9370% 0.0033%  0.0233% -0.0303% -0.0359%
GER MCC-Opel 37.3236 1.6758% 1.1744% 0.0139%  0.0474% -0.1265% -0.0711%
GER MCC-VW 78.8412 1.5702% 1.3616% 0.0120%  0.1153% -0.2077% -0.1548%

GER Mercedes-Opel  309.5901 3.1861% 2.3994% 0.0684%  0.2526% -0.8399% -0.5392%
GER Mercedes-VW 653.9680 4.0745% 3.6063% 0.0948%  0.6038% -2.0943% -1.2339%
GER Opel-VW 984.6571 6.3387% 6.1152% 0.1091%  1.0259% -3.0836% -1.9051%

Notes: The table reports simulated effects of hypothetical domestic mergers among automobile man-
ufacturers in 1999. AHHI denotes the change in the HHI resulting from the merger, computed
using pre-merger market shares and expressed on the 0-10,000 scale. Columns 4-5 report the average
percentage price change for the products of the merging firms, while Columns 6-7 report the average
percentage price change for the products of non-merging firms. Columns 8-9 report the percentage
change in consumer surplus relative to the pre-merger equilibrium. Results are computed using the
RCNL model and the network demand model described in the paper. All price and welfare changes
are computed from the post-merger equilibrium implied by each model, holding marginal costs fixed
at the pre-merger level.

toward the outside option. As a result, market contraction is attenuated, and the

overall welfare loss is smaller despite larger price increases.

5.5 Changes in Bonacich Centrality as a Screening Tool

Competition authorities have long relied on concentration indices (post-merger HHI
and AHHI) to assess the competitive effects of horizontal acquisitions. The 2010
Merger Guidelines establish that markets with an HHI below 1,500 are “unconcen-
trated” whereas markets with an HHI above 2,500 are “highly concentrated.””® In
“unconcentrated” markets, deals are unlikely to be challenged. In highly concentrated
markets, mergers are unlikely to be challenged only when the AHHI is below 100. In
contrast, mergers are likely to be challenged when the AHHI is greater than 200. The
other mergers happening in highly concentrated markets are “more likely than not”

to be challenged. In the remaining “moderately concentrated” markets, with post-

25The 1982 Meger Guidelines already establish similar thresholds. The 2010 Guidelines maintained
the structure but made the thresholds less stringent.
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merger HHI between 1,500 and 2,500, a merger is considered more likely than not to

be challenged if AHHI is above 100; otherwise, agencies are unlikely to challenge it.

These thresholds have recently been updated by the 2023 Merger Guidelines, which
have re-established, as per the 1982 Merger Guidelines, markets with an HHI greater
than 1,800 as highly concentrated. Additionally, the new guidelines introduced a
structural presumption: deals leading to a change in HHI greater than 100 in highly
concentrated markets or involving parties with a combined market share above 30%
are presumed to substantially lessen competition or tend to create a monopoly. We

refer to this criterion as the 2023 concentration-based presumption (CBP).

Nocke and Whinston (2022) provides a foundation for using solely AHHI in screen-
ing mergers for whether their unilateral price effects will harm consumers. In our
framework, the decomposition of the price-cost margin into a monopolist and a cen-
trality component (Lemma 1’) and the theoretical merger analysis (Proposition 3')
micro-found the Bonacich Centrality as a novel measure to be used for merger screen-

ing. Specifically, we define a market- or industry-level index, which we call centrality,

as q'b (D ", %, a;C)—i.e., the quantity-weighted sum of all products’ Bonacich central-
ity. As mentioned in Section 2, for non-linear demands, the internalized diversion ratio
matrix Dy and demand intercept a are obtained through local linearization around

the equilibrium prices.?® Further, we define

ACentrality := ¢'b (D Hpre-merger , ;, 042_6) —q'b (D FHpost-merger ;, 042_6) :

Next, we assess the performance of ACentrality in predicting the unilateral effects
of mergers. We compare the performance with that of AHHI, and investigate to what
extent the novel measure of ACentrality may complement traditional tools adopted in
merger screening. We emphasize that ACentrality is an industry-level index, much like
conventional concentration measures. This is because a merger affects the centrality
scores of all products, not only those of the merging parties. As a result, focusing only
on the centrality change of the merging products would overlook the part of merger

incentives generated by network propagation.

Figure 2 shows the predicted percentage changes across all possible mergers in the
prices of merging parties or CS against either ACentrality or AHHI.?" The four left
figures rely on estimates from the RCNL model, whereas the four right ones use the
ones from the network model. Overall, across demand models, mergers leading to

a larger decrease in centrality generate greater price increases and reductions in CS.

EGWhen demand is estimated using prices normalized by income, the linearized system is g =
—S(a — p/y); to compute Bonacich centralities in the original price units, we then set S = S/y and
a = ya.

2TFigure C.2 in the appendix reproduces Figure 2 using the percentage change in centrality.
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Figure 2: Correlation between the Effects of Simulated Mergers and Screening Tools

Notes: The figure shows the % price or consumer surplus changes against AHHI or ACentrality (in
levels), for all possible mergers across all markets (country-year). The figures on the left (right) use
demand estimates from the RCNL (network) model.

Additionally, our analyses confirm the high predictive power of AHHI: across both
demand models, a higher increase in market concentration is associated with greater
price increases by merging parties, as well as larger losses in CS.

The evidence presented so far suggests that ACentrality can serve as a useful

screening statistic for mergers, while also confirming that AHHI performs well on
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Table 4: Simulated Price Effects and the Changes in Centrality and Concentration

(1) (2) (3)
%AP  %AP %AP

Panel A: RCNL

AHHI 0.702%** 0.537***
(0.014) (0.043)

A%Centrality -2.190%**  _(.555%**
(0.096)  (0.160)
N 21786 21786 21786
R? 0.738 0.701 0.742

Panel B: Network game

AHHI 0.717*** 0.168**
(0.016) (0.080)
A%Centrality -2.359%HF  _] . 84TH**
(0.094)  (0.306)
N 21786 21786 21786
R? 0.670 0.708 0.712

Notes: *p < 0.10, **p < 0.05, ***p < 0.01. The dependent variable is the estimated percentage price
change for the merging parties following the merger. All regressions include market (country-year)
and year fixed effects. Standard errors in parentheses.

its own. A natural question, however, is whether, by capturing substitution patterns
overlooked in concentration indices, ACentrality adds incremental information beyond
AHHI. To explore this, we regress the simulated percentage price change of the merging
parties (across all possible mergers) first on AHHI alone, then on A%Centrality alone,

and finally on both jointly, controlling for market and year fixed effects.

Panel A reports results using the RCNL demand estimates. Column (1) shows
that a 0.01 increase in AHHI (corresponding to a 100-point increase in the conven-
tional 0-10,000 HHI scale) is associated with approximately a 0.7 percent increase
in post-merger prices. Column (2) instead indicates that a one-percent increase in
A%Centrality predicts a 2.2 percentage-point decrease in prices. When both indices
are included jointly in Column (3), both coefficients remain statistically and econom-
ically significant, and the R? increases from 0.738 and 0.701 in the univariate specifi-

cations to 0.742 in the joint regression.

Panel B presents the same exercise using price effects simulated from the network
model. In this case, %ACentrality alone explains more variation than AHHI (with
R? = 0.708 versus 0.670), and the coefficient on AHHI declines substantially once
both measures are included jointly. While the joint specification yields only a modest
additional increase in fit (R? = 0.712), both measures remain statistically significant.

It is not surprising that ACentrality performs particularly well in this setting, as it is
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micro-founded in the underlying network structure of demand. Importantly, however,
ACentrality also retains substantial predictive power within the RCNL model. Taken
together, these results indicate that changes in centrality provide complementary pre-
dictive power relative to traditional concentration measures, highlighting the value of

incorporating substitution network structure into merger screening.

Performance in Merger Screening. We evaluate the performance of screening
rules based on ACentrality. Let m = 1,..., M index potential mergers and r €
{strict, baseline, lax} denote enforcement regimes, which differ in their assumed post-
merger efficiency realizations. For each merger m and regime r, we compute (i) the
change in consumer surplus ACS,,, from a full merger simulation, (ii) the change
in centrality AC,,, and (iii) whether the merger would be privately profitable and
therefore proposed, denoted by 1{II,,, > 0}.%

We restrict attention to monotone threshold rules based on AC,,. For a given
cutoff 7, the regulator challenges the merger m if AC,, > 7 and allows it otherwise.
For simplicity, we assume that challenged deals are blocked, though we recognize
that, in practice, such mergers may still be allowed after further analysis. Let d,,(7) =
1{AC,, > 7} denote the blocking decision. Conditional on the set of proposed mergers
under regime r, P, = {m : I, , > 0}, the regulator’s objective is to maximize expected

consumer surplus from allowed mergers:

Wom) = 3 (1= dp(7)) ACS,,. (38)

mePy

The welfare-optimal ACentrality threshold in regime r is therefore

T, = argmax W.,.(7). (39)

Because decisions change only when 7 crosses an observed value of AC,,, the maxi-
mization can be performed by evaluating W,.(7) over the finite set of candidate thresh-
olds. For screening rules using concentration indices, we consider the structural pre-
sumption introduced by the 2023 Merger Guidelines. When we analyze hybrid regimes
combining ACentrality with the structural presumption, we hold the concentration
threshold defined by the presumption fixed and optimize only over 7. Optimization is
conducted separately for each enforcement regime and each decision rule. The analysis

relies on demand estimates from the RCNL model.

Table 5 summarizes our results.?” Across regimes, ACentrality delivers meaning-

28 As before, the unit of analysis is a pair of firms in a given market (country-year). Thus, the same
merger appears as a separate observation across markets.

29We abstract from the dynamic effects of enforcement regimes. In practice, stricter regimes may
affect consumer surplus by deterring merger activity, potentially discouraging both harmful and
beneficial transactions. Moreover, we implicitly assume that merging parties will pass through realized
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Table 5: Merger Screening with ACentrality

Proposed Allowed ACS for allowed Type 1 Type 11
mergers mergers (%) mergers ($000)  Errors (%) Errors (%)

Panel A: Strict Regime
(2% assumed efficiency)

AHHI* 21,779 86.9 3.125 2.8 33.4
CBP 21,779 93.4 2.406 1.5 66.5
ACentrality 21,779 86.0 2.992 4.6 36.7
CBP or ACentrality 21,779 85.8 2.997 4.7 36.3
CBP & ACentrality 21,779 93.5 2.401 1.4 66.9

Panel B: Baseline Regime
(5% assumed efficiency)

AHHI* 21,786 96.6 12.305 0.7 41.1
CBP 21,786 93.3 11.748 3.9 36.5
ACentrality 21,786 96.4 12.186 1.2 47.0
CBP or ACentrality 21,786 93.1 11.749 4.0 34.1
CBP & ACentrality 21,786 96.7 12.186 1.1 494

Panel C: Lax Regime
(10% assumed efficiency)

AHHI* 21,786 99.4 31.150 0.1 44.5
CBP 21,786 93.3 28.585 5.8 4.5
ACentrality 21,786 99.0 31.083 0.5 38.5
CBP or ACentrality 21,786 93.3 28.585 5.8 4.5
CBP & ACentrality 21,786 99.0 31.083 0.5 38.5

Notes: The table shows the number of proposed mergers (i.e., those that are profitable), the per-
centage of deals allowed, the average change in CS for allowed mergers, the probability of blocking
a welfare-enhancing deal (type I error) and that of approving a welfare-reducing deal (type II error)
under three different regimes: strict, which assumes a 2% marginal cost efficiency (Panel A); baseline,
which assumes a 5% marginal cost efficiency (Panel B); and lax, which assumes a 10% marginal cost
efficiency (Panel C). Four screening approaches using the CBP and the ACentrality are considered.
The thresholds for the ACentrality are optimally set for each regime-decision rule pair to maximize
the total CS after the merger. As a benchmark, we also show the results obtained by screening
mergers by optimally choosing the AHHI threshold (AHHI*).

ful improvements relative to the current CBP thresholds. In the strict regime, where
assumed cost efficiencies reduce marginal costs by 2%, centrality-based screening in-
creases average consumer surplus by nearly 25% relative to CBP, from an average of
about $2,400 per-merger to roughly $3,000. In the lax regime, with a 10% assumed

cost efficiency, the increase in consumer surplus induced by the ACentrality thresholds

efficiencies, though this may not necessarily be the case in practice (Harrington, 2021; Leccese et al.,
2025).
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Figure 3: Unweighted Change in Centrality

Notes: The left (right) figure illustrates the relationship between the unweighted change in centrality
and ACentrality (AHHI) across all mergers.

is about 9% relative to CBP.

Although centrality-based screening improves on CBP in all regimes, the sources of
these gains differ. In the strict regime, the ACentrality rule blocks more mergers than
CBP. As a result, it is more successful at preventing harmful mergers and reduces what
we refer to as Type II error by nearly half, from 66.5% to 36.7%. In the lax regime, the
pattern reverses. Centrality-based screening is more successful at approving welfare-

enhancing mergers, reducing the Type I error.

Quantitatively, the gains from ACentrality screening track closely those generated
by the welfare optimal AH H I* thresholds, although ACentrality does not outperform
them. There are at least two reasons. First, the auto industry has relatively clear
market segments, so product substitution patterns are likely already well summarized
by market shares. This limits the scope for ACentrality to improve on AH HI. Because
our centrality measure incorporates product proximity in characteristic space, it may
be more informative in industries where market boundaries are less well defined and
substitution patterns more heterogeneous. Second, the reference model used for the
screening analysis in Table 5 is the RCNL. In logit-type models, substitution patterns
are typically well summarized by market shares, which gives a mechanical advantage
to HHI-based screening measures. By contrast, centrality measures rely on distances
in product characteristics. Under alternative demand models, centrality screening may

instead have an advantage.

Unweighted centrality. One caveat of the analyses presented is that, in practice,
merger screening requires tools that are easy to construct with limited data. Our the-
oretical measure of ACentrality requires estimating the full network model to recover
(v — ¢)/2, which may not always be feasible for enforcement agencies operating under
time and data constraints. To address this concern, we construct a simpler measure

that replaces (a — ¢)/2 with a vector of ones 1;. The resulting statistic corresponds
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to an unweighted Bonacich centrality given by:

-1
b (DH, ; 1J) = (L, ~ ;DH) ;DHlJ, (40)
which can be computed directly from product characteristics, and still encapsulates
diversion information. In particular, we construct © using the same characteristics that
enter indirect utility in Brenkers and Verboven (2006).° For any potential merger,
we then compute AC@lity as the change induced in (40). Figure 3 shows the
strong correlation between the theoretical ACentrality and its unweighted counterpart,
demonstrating that this simpler measure captures most of the economically relevant
variation in our structural index. Moreover, we also show that AC&tr\ahty is highly
correlated with the AHHI.

Importantly, this approximation only requires product characteristics, which are
typically publicly available for both merging and non-merging parties. Advances in
data collection and machine learning tools allow agencies to quickly extract such in-
formation from firm websites and industry sources, enabling low-cost merger screening

that we have shown can complement traditional concentration-based measures.

6 Conclusion

This paper develops a tractable framework for analyzing horizontal mergers and ac-
quisitions in differentiated-product industries using product networks. The key object
is the diversion network: products are connected according to how demand is reallo-
cated after a price change, and firms’ pricing incentives depend on their position in
the network. We show that equilibrium markups admit an additive decomposition
into a monopolistic component and a Bonacich-centrality component. Mergers matter
because they change how firms internalize diversion and therefore reshape the network
that governs competitive pressure.

This perspective yields transparent formulas for the unilateral effects of owner-
ship changes. For full mergers, minority stake acquisitions, and more general control
structure changes, the framework delivers closed-form expressions for price effects,
consumer-surplus changes, and the compensating marginal cost reductions needed to
offset the anti-competitive effects of ownership concentration. A central implication is
that merger harm is determined not only by direct diversion between the parties, but
also by the way pricing incentives propagate through the broader product network.
This makes changes in centrality a natural screening statistic for unilateral effects.

We also provide a micro-foundation that links the diversion network directly to

30Recall that 7 is calibrated to 0.12.
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product characteristics. Under linear-quadratic demand, diversion ratios are weighted
inner products of product attributes. This gives the approach practical appeal: unlike
detailed price—quantity data, product characteristics are often readily observable and
can increasingly be collected at scale, including from unstructured sources with the
help of LLMs. Moreover, our approach does not require an ex ante market definition
or a nest structure, and it extends naturally to settings with partial ownership and
common ownership where concentration-based measures are less straightforward to
interpret.

In our application to the European automobile industry, the network model per-
forms well despite not imposing any substitution nests ex ante. It generates substitu-
tion patterns and simulated merger impacts that are highly comparable to those from
an RCNL model. We also find that changes in centrality alone are very informative
about merger harm, and this measure improves on the concentration-based presump-
tion introduced by the 2023 Merger Guidelines. At the same time, the gains relative
to HHI-based benchmarks are moderate in the automobile industry, partly reflecting

its well-defined industry boundaries and segments.
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A Proofs

A.1 Proof of Lemma 1

Proof. This is the special case of Lemma 1’ with H¢ = I;, so Dy- = D and the stated

expression follows immediately. m

A.2 Proof of Lemma 1’

Proof. Fix the local linearization and suppress the superscript ¢ for notational con-
venience. The locally linear demand system can be written as ¢ = — S(a — p). Let
m:=p-—c.

Under the decision-weight matrix H, the decision maker for product j chooses p;

to maximize
J

max Y Hj (pe — ce) @u(p),

pPj —1

taking p_; as given. Differentiating the objective with respect to p; gives

a J
0= - Z Hjq (pe — ce) qe(p)
Dj =1
J
O(pe — cr) . 9a(p)
; p; q(p) + (pe—ce) op,
—_— ——
= 1{t=j) —: S (p)
J
= Hj;q;(p) + >_ Hjo(pe — co) Se;(p)-
=1

Using H;; = 1, the j-th first-order condition can be written as

q;(p Z 10 S0 (p)me = 0, j=1,...,J. (41)
By symmetry of S, the stacked FOCs are
q(p) + (H © 5(p))(p —¢) = 0. (42)
Substituting ¢ = — S(a — p) into (42) and writing p = ¢ + m gives

—Sla—c—-m)+(HOSm=0 < —Sa—-c)+(S+H®S)m =
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Premultiplying by (H ® S)~! and using
DH:[J—(HG)S)AS — (H@S)AS:[J—DH,

we obtain

Hence

1

m:(2IJ—DH>_1(IJ—DH)<Q—C): <IJ_;DH>_ (IJ_DH>

a—c
2

Let u := (o — ¢)/2. Since

1 1 11
b(DH,2,’U,> = (IJ_QDH> 5DHU7

we have

1 1 -1

Therefore

which is the claimed expression (and replacing (a, ¢, H) by their e-perturbed counter-

parts yields the stated ¢ version). m

A.3 Proof of Proposition 1

Proof. This is Proposition 1’ specialized to H = I; and AH = E,, for which Dy = D
and wag(H) = Dia(ps — c2)eq, and Roy’s identity then gives the CS expression. =

A.4 Proof of Proposition 1’

Proof. Consider H* = H + eAH, with a, ¢, S = g—g/ fixed under local linearization.

The locally linearized demand is

The FOC is

or equivalently
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Differentiating at ¢ = 0 gives
Sp+ (AH® S)(p—c)+ (H® S)p =0,

SO

(S+H®S)p=—(AHOS)(p- o).

Premultiplying by (H ® S)~! and using (H ® S)™1S = I; — Dy yields
2Ly = Du)p = — (H © S) ' [(AH @ S)(p — )| = wan(H).

Therefore

. _ 1 1 -1 1
p=(2I;— Dy) 'wan(H) = 3 (IJ — 2DH) wap(H) = EH(DH, %,wAH(H)) :

which is (12). By Roy’s identity, evaluated at the baseline equilibrium,

oC'S
Oe

) 1
- _q,p = _5 q/K/(DH7 %7wAH(H)) )
e=0

which is (13). =

A.5 Proof of Proposition 2

dea
de

with all other cost reductions equal to zero, together with wg,,(I;) = Dia(ps — c2)ey

_ de
0 de

Proof. This is Proposition 2’ specialized to H = I;, AH = E}5, and % 0=

from Proposition 1. m

A.6 Proof of Proposition 2’

Proof. Let H* = H + ¢AH and write post-change costs as ¢© = ¢ — s, where s, is

a marginal cost reduction. The locally linearized demand is g(p°) = —S(a — p°), so
the FOC is
—Slaa—p°)+ (H°© S)(p6 — cs) =0.

Differentiating at ¢ = 0:
Sp+(AH® S)(p—c)+(HOS)(p+s)=0.

Hence
(S+HoS)p=—(AHOS)(p—c)— (HOS)s.

45



Premultiplying by (H ® S)~%:
(2[J — DH)p = wAH(H) — 8,

SO 1
p=3 H(DH, 3 wan(H) — 3) :

CS-neutrality requires 0 = q'p, therefore
q/F"'<DH7 %7 wAH(H>) = q/F“’(DH7 %7 S) :
By linearity in node weights and s = Z}]:1 sj€;,
J
q/K’(DHa %7 S) = Zsj q/K’(ja DH)a
j=1

which gives the stated condition. m

A.7 Proof of Proposition 3

Proof. This is Proposition 3’ specialized to H = I;, H = My, and (for (10)) a

common cost reduction vector Ac = Ac(e; +e;). =

A.8 Proof of Proposition 3’

Proof. From Lemma 1’, with no cost synergy,

a—c l a—¢c
H)—c= — bl Dy, -
p(H) —c=—3 (H’z’ 2 )
(ﬁ) a—c b(D 1 a—c)
—C = — o~ —
b 2 H72’ 2

Subtracting gives

1l a—c 1l a—c

which is (15).
Now add a cost-reduction vector Ac so post-change costs are ¢ — Ac under H.

Again by Lemma 1/,

—~ a—(c— Ac) 1 a—(c—Ac)
O, Ac)—(c—Ae)= 2729 y(p,, - 27729
p(fl, Ac) — (e~ Ac) . (D552
a—c+Ac l a—c+ Ac
S M N [ 5 Pttt Mt
2 b( 092 >
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—

Using linearity of b in node weights and p(H) above,
— — A 1 A 1 1
p(H,Ac) —p(H) = _ee b(DA — c) = —K‘,(D/\ 2,Ac) .

Therefore total price change relative to the baseline H is

1l a—c 1l a—c 1 1
Aptotal = b<DH727 2) - b(Dﬁa §a 2) - 2K’<Dﬁ727AC> .

Imposing CS-neutrality in the quantity-weighted approximation, ¢’ Apiota = 0, gives

1, 1 l a—-c l a—c
- DA,,A): ’{b(D ,,)—b(DA,,) .
2q”( iy =€) =4 Hr50 g 3 g

Finally, by linearity and Ac = Z}-le Acje;,
1 J
q’f@(Dg, 3 AC) =Y q's(j; Dy)Acy,
j=1
which is (16). =

A.9 Proof of Proposition 4

Proof. From (18),

a(p) = = (I; +nXX") "' (a - p).

|

By the Woodbury matrix identity:
1 ~1
(IJ+77XX/)_1_[J—X<77[K+X/X> X,:[J_@,

where © = XQ 7' X’ and Q) = %IK + X'X. Therefore

a(p) = ;UJ —0)(a—p),

which is (20). Taking the j-th row yields
1 1
4(p) = a; = 5(1=0;)p; + 3 > e,
t#j

witha=+([; —0)a. =

1
B
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A.10 Proof of Proposition 5
Proof. By definition,
/ —1 1 /
ng:a:jQ Iy, QZEIK—FXX

Let X'X = UANX'XU’ where U = [uy, . .., ug] is orthogonal and AX'X = diag(AX'X, ... AXX).
Then

-1
1 )
QO l=U ([K +AX X) U
n
Therefore

-1
1 /

o —1
Define &; := U'z;, so &, = ujx;. Since (%IK + AX X) is diagonal, we get

kT
O =Y — T
J kz::ll/n—i-)\ﬁ{‘x

which is (21). =
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B Equilibrium Existence and Uniqueness

In this appendix, we provide a sufficient condition for existence and uniqueness of
an interior equilibrium for the linear-quadratic utility model under a general control

matrix H.

Proposition 6 Suppose 3 > 0, o; > ¢; for all j, and fiz a control matriz H with
Hjj=1and 0 < Hj, <1 forall j #k. If

(1—=0;)(c; —¢;) > > |0kl (n — &) for all j, (43)
ki

then there exists a unique Nash equilibrium p*, and it is interior—i.e., p; € (¢, ))

for all j.
Proof. Let p
K = []lej, ).

j=1
Since a; > ¢; for all j, the set K is nonempty and closed. Endow R with the weighted
sup norm

. == max aj””j 'Cj.

Because K is a closed subset of the finite-dimensional normed space (R7, || - ||.), it is
complete.

Under the control matrix H, product j chooses p; to maximize
J
> Hijo(pe — co)qe(p).
=1

The first-order condition with respect to p; is

J 0qe

0= Qj(p) +gz::1Hj (pé - Cﬁ)%-

Because I; — © is symmetric, we have 0, = 0y; and hence

04 _ 1 _p. 9q _1, .

Substituting these expressions into the first-order condition and multiplying through

by /> 0, we obtain

0=(1—0j)(0; —pj) — gejk(ak —pr) = (L= 055)(pj — ;) + ;ij@k(pk — Ck)-
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Rearranging gives the best-reply map

i) = 2 ;r 4 2(1 _1 0:) ;ejk [(0% —cr) — (1 + Hy) (e — cx) |-

Moreover, product j’s objective is strictly concave in its own price, since

2
2
*(1 — ij) < 0.

z:: 0)qe(p) = 3

Thus T}(p) is the unique best reply of product j to p_;.
We first show that T(K) C K. Take any p € K. Then for every k,

0<pp—cr <ap—c
Since 0 < Hj;, < 1, it follows that
—Hjp(ag —cx) < (ag —cx) — (L + Hjp)(pe — k) < ag — ¢,

and therefore
(. —er) — (14 Hj) (pr — ar)| < i — ¢
Using (44), we obtain

Oéj‘i‘Cj
2

Ti(p) —

< 2(1_9 )gjleﬂeH ar — ) — (1+ Hy) (P — ¢

< — 0 —

< [
where the last inequality follows from (43). Hence
c; <Tj(p) < a; for all j.

Therefore

J
H ¢j, Q)
We next show that 7" is a contraction on K. For any p,p € K, (44) implies

1

310, > (1 + Hj) 0k (pr — Pr)-

ki

Ti(p) = T5(p) =

20

(44)



1
< 14+ Hji)|0k| |lpx — D
aj = ¢ 2(1—93'1')(04]'—01);;( )l 1P = Pl
1
)

< 1+ H)|0] (i — ) |p = B+
2(1 _ (gjj (aj _ cj) 1;( Jk)‘ Jk‘ ( k k) H H

Since 0 < Hjj, <1, we have (1 + Hj;,)/2 <1, so

T (D) — T:(D Sz |0in| (a — ¢ _
T (p) 3(P)] < k;é]’ il (ak .k)Hp—PH*
7

aj—c; — (1=05)(a; —¢)

<|lp =Bl

where the strict inequality again follows from (43). Therefore there exists p € (0, 1)
such that
I7(p) = T(®)Il« < plp—pl.  forallp,pe K.

Thus T is a contraction on the complete metric space (K, || - |«)-

By Banach’s fixed point theorem, 7" has a unique fixed point p* € K. Since each T;
is the unique best reply of product j, this fixed point is the unique Nash equilibrium.
Moreover, because T'(K) C H}-le(cj, a;), the fixed point satisfies p} € (c;, a;) for all j.
[ |
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C Additional Details on Empirical Analyses

Segment Own-price Cross-price elasticity Diversion ratio

Within segment Across segments Within segment Across segments

Logit
Subcompact -1.32 0.00 0.00 0.05 0.05
Compact -1.84 0.00 0.00 0.05 0.05
Intermediate -2.17 0.00 0.00 0.04 0.04
Standard -2.84 0.00 0.00 0.02 0.02
Luxury -3.18 0.00 0.00 0.04 0.04
Nested Logit
Subcompact -2.25 0.03 0.00 1.30 0.05
Compact -3.05 0.05 0.00 1.54 0.05
Intermediate -2.77 0.00 0.00 0.04 0.03
Standard -3.75 0.01 0.00 0.16 0.02
Luxury -5.05 0.22 0.00 4.23 0.05
RC Logit
Subcompact -1.54 0.02 0.02 1.12 0.99
Compact -2.15 0.02 0.02 1.06 1.05
Intermediate -2.53 0.02 0.02 0.87 0.80
Standard -3.32 0.02 0.02 0.72 0.53
Luxury -3.69 0.05 0.02 1.33 0.96
RC Nested Logit
Subcompact -2.87 0.07 0.02 2.33 0.84
Compact -3.43 0.08 0.02 2.24 0.85
Intermediate -3.14 0.03 0.02 0.83 0.58
Standard -4.30 0.03 0.02 0.85 0.38
Luxury -5.34 0.29 0.02 4.97 1.57
Network
Subcompact -7.38 0.17 0.10 2.31 0.73
Compact -9.36 0.22 0.09 2.35 0.83
Intermediate -12.40 0.30 0.11 2.38 0.86
Standard -20.40 0.51 0.13 2.51 0.89
Luxury -19.85 0.62 0.11 3.19 1.00

Table C.1: Average elasticities and diversion ratios across all markets by segment.
Own elasticity values are trimmed at the 10th percentile before averaging.
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Figure C.1: Estimated marginal costs by country for 1999

Notes: The figure illustrates the distribution of the estimated marginal costs across countries for the
network (left) and the RCNL (models) in 1999 using a box-plot.
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Figure C.2: % Price and Consumer Surplus changes vs AHHI and ACentrality, for
all possible mergers across all markets (country-year). ACentrality is the percentage
change in centrality after the merger.
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Table C.2: Merger Screening with Aleity

Proposed Allowed ACS for allowed Type I Type I1
mergers  mergers (%) mergers ($000)  Errors (%) Errors (%)
Panel A: Strict Regime
(2% assumed efficiency)
AHHI* 21,779 86.9 3.125 2.8 33.4
CBP 21,779 93.4 2.406 1.5 66.5
ACgtr\ality 21,779 82.6 2.741 7.7 324
CBP or Aleity 21,779 82.4 2.757 7.9 31.5
CBP & Acmlity 21,779 93.6 2.391 1.3 67.4
Panel B: Baseline Regime
(5% assumed efficiency)
AHHI* 21,786 96.6 12.305 0.7 41.1
CBP 21,786 93.3 11.748 3.9 36.5
ACentrality 21,786 96.4 11.885 1.8 57.6
CBP or Acmlity 21,786 92.7 11.674 4.4 33.9
CBP & Aleity 21,786 97.0 11.960 1.3 60.1
Panel C: Lax Regime
(10% assumed efficiency)
AHHI* 21,786 99.4 31.150 0.1 44.5
CBP 21,786 93.3 28.585 5.8 4.5
AC@lity 21,786 99.2 30.827 0.5 67.0
CBP or ACe/n:cr\ality 21,786 93.3 28.585 5.8 4.5
CBP & AC@lity 21,786 99.2 30.827 0.5 67.0

Notes: The table shows the number of proposed mergers (i.e., those that are profitable), the per-
centage of deals allowed, the average change in CS for allowed mergers, the probability of blocking
a welfare-enhancing deal (type I error) and that of approving a welfare-reducing deal (type II error)
under three different regimes: strict, which assumes a 2% marginal cost efficiency (Panel A); baseline,
which assumes a 5% marginal cost efficiency (Panel B); and lax, which assumes a 10% marginal cost

efficiency (Panel C). Four screening approaches using the CBP and the Aleity are considered.

The thresholds for the ACentrality are optimally set for each regime-decision rule pair to maximize
As a benchmark, we also show the results obtained by screening
mergers by optimally choosing the AHHI threshold (AHHI*).

the total CS after the merger.
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