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This paper provides experimental evidence on the economic deter-

minants of intermediation networks by considering two pricing rules

and three group sizes of subjects – 10, 50 and 100 subjects. When

brokerage benefits accrue only to traders who lie on all paths of inter-

mediation, stable networks involve interconnected cycles, and trading

path lengths grow while linking and payoff inequality remain modest

as the number of traders grows. When brokerage benefits are equally

distributed among the traders located on the shortest paths, stable

networks contain a few hubs that provide the vast majority of links,

and trading path lengths remain unchanged while linking and payoff

inequality explode as the number of traders grows.
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Intermediation is a salient feature of the modern economy.1

In some contexts, as in online retail, there exist dominant2

intermediaries with direct links to vast numbers of buyers and3

sellers while in other cases, as in tea and coffee supply chains4

and financial instruments, there exist long paths of interme-5

diation (1–4). Networks offer us a language to reason about6

the determinants of such different outcomes. Trades between7

two actors are realized if they have a direct link or if they are8

indirectly linked through a chain of intermediaries. The links9

may embody trust relations, reflect communication channels,10

or simply reflect physical infrastructure (such as train, road11

or shipping services). As links are costly to maintain, actors12

would like to economize on the number of links they maintain.13

Consider n actors arranged in a hub-spoke network with n − 114

links. Most of the exchange takes place among spokes and15

involve the same single intermediary – the hub. On the other16

hand, consider a cycle network containing all the actors: this17

network has n links and involves potentially long chains of in-18

termediation. Moreover, as everyone is symmetric, every actor19

will act as an intermediary and everyone earns an equal payoff.20

The goal of this paper is to examine economic determinants21

that endogenously lead to networks with high or low level of22

inequality between the players (hub-spoke networks or cycle23

networks respectively).24

Our focus will be on the role of pricing rules that allocate25

the surplus from bilateral trades between connected pairs of26

subjects in the network. The first pricing rule – Criticality27

pricing – assumes that a trader earns rents for a trade between28

two other traders if it lies on all paths of trade between these29

traders (5, 6). This reflects situations where network path 30

lengths do not matter, which is natural in virtual environments 31

involving goods that can easily be processed or replicated 32

(e.g., financial instruments, digital goods). In such a setting, 33

a simple model of posted pricing yields the property that 34

traders will pay out rents only if intermediaries are critical 35

(7). By contrast, in environments where multiple links are a 36

reflection of physical distances or there are significant costs 37

of processing at every node, path lengths are expected to be 38

important. To reflect such situations, the second pricing rule – 39

betweenness pricing – assumes that a trader earns rents from a 40

trade between two other traders only if it lies on the shortest 41

path between them. This leads to payoffs for an actor that are 42

proportional to its betweenness centrality (8, 9). This pricing 43

rule is therefore more applicable in the processing of goods 44

and in the physical transporting of goods and services. 45

The dynamics of myopic best response linking help us in 46

identifying limit networks. With criticality pricing, the limit 47

networks involve one or more interconnected cycles or a hybrid 48

star-cycle structure; with betweenness pricing, the networks 49

contain one or more hubs (with a disproportionate share of 50

links). Under criticality pricing, distances grow with network 51

size but degree and payoff inequality remain modest as the 52

number of actors grows; under betweenness pricing, distances 53

remain unchanged but degree and payoff inequality explode 54

as the number of actors grows (see Figure 1 and Table 1). 55

These differences in limit networks arise out of differences 56

in local incentives for linking under the two pricing rules. 57

An individual’s linking problem is complicated because the 58

attractiveness of links depends on the overall network. As the 59

Significance Statement

Social, infrastructure and economic networks offer informa-
tional and resource advantages: so agents create links and
shape networks to their advantage. We develop a theory of
how brokerage rent protocols shape incentives for linking and
how this in turn gives rise to very different network architectures
(resp. cycles and long paths versus hubs-spoke small worlds)
and distribution of payoffs (resp. equal versus very unequal).
A large scale laboratory experiment offers strong evidence in
support of these predictions.
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number of actors grows, the informational and computational60

requirements therefore become progressively more challenging.61

So it is quite unclear if subjects will abide by the local incentive62

pressures that drive the dynamics in the theoretical model.63

This motivates an experimental investigation of the pricing64

rules and their impact on networks and the distribution of65

payoffs.66

The work of (10–13) suggests that continuous time experi-67

ments offer subjects better prospects for learning and experi-68

mentation than discrete time experiments. Our experimental69

platform builds on this insight. We consider a design with70

criticality and betweenness pricing rules, with three group sizes71

varying from 10 to 50 to 100. This allows us to systematically72

examine how local incentives matter and how they interact73

with group size.74

The first finding is that pricing rules have strong effects on75

the macroscopic features of the network. Under the criticality76

rule, networks with multiple cycles with long path lengths are77

observed, and they generate modest payoff inequality across78

all group sizes. Under betweenness pricing, networks with79

multiple hubs emerge and they support extreme degree and80

payoff inequality in large groups. These findings are consistent81

with the theory. Our second finding concerns efficiency: under82

criticality, subjects create efficient networks very early on83

and sustain them across time, for all group sizes. Under84

betweenness, subjects create efficient networks early on and85

sustain them for the group of 10, but for the 50 and 10086

groups the networks are initially inefficient but efficiency grows87

gradually over time in the experiment. The lower initial88

inefficiency is due to excessive linking: this is caused by link89

proposals of a few subjects who seek to become hubs (and90

earn large rents) and other subjects who reciprocate these link91

proposals (in an attempt to economize on rents involved in92

long intermediation chains). These incentives are absent under93

criticality pricing.94

Our paper is a contribution to the study of brokerage95

and intermediation in networks. There is a long tradition of96

research on power and exchange in networks; prominent early97

contributions include (14, 15). A great deal of work has been98

done more recently on the role of brokerage and structural99

holes in organizational social networks, see for example (16–100

20); for overviews of this research see (21, 22). This work101

draws attention to the important role of purposeful linking102

activity by agents and raises questions about the stability of103

large brokerage rents (e.g., 20, 23). A large recent literature104

in computer science and economics examines how surpluses105

and market power emerge through the deliberate creation of106

links in a network formation setting (see e.g., 7, 24–28: in107

addition to 5, 8, 29, 30, recent contributions include 31, 32).∗ 108

To the best of our knowledge, the present paper offers the first 109

experimental test of how different brokerage pricing rules shape 110

incentives to form links and the first experimental evidence 111

on how pricing of brokerage causes great payoff inequality in 112

networks. 113

Inequity aversion is an important theme in the experimental 114

literature (35–37). In the context of networks, (38, 39) argue 115

that inequity aversion explains why experimental subjects do 116

not create the hub-spoke structure predicted by the theory. 117

How can we reconcile our findings on networks with hubs and 118

very large payoff inequalities with these earlier findings? Recall 119

that in the standard model (35, 36), an individual is sensitive 120

to average payoff differences between themselves and every 121

other person: this means that aversion to isolated (possibly 122

large) inequalities is diluted in large groups and has limited 123

effects on individual incentives (40). 124

The rest of the paper is organized as follows. In Section 1, 125

we describe the pricing models and formulate our hypotheses. 126

Section 2 describes the design of the experiment. Section 127

3 presents the main experimental findings. Supplementary 128

materials (including theoretical analyses and experimental 129

instructions) are presented in SI Appendix. 130

1. Theory 131

We consider a game with N = {1, 2, ..., n} individuals, where 132

n ≥ 3. Relationships between nodes are conceptualized in 133

terms of binary variables, so that a relationship either exists or 134

does not exist. Denote by gij ∈ {0, 1} a relationship between 135

two nodes i and j. The variable gij takes on a value of 1 if 136

there exists a link between i and j and 0, otherwise. Links 137

are undirected, i.e., gij = gji. The set of nodes taken along 138

with the links between them defines the network; this network 139

is denoted by g and the collection of all possible networks on 140

n nodes is denoted by G. Let Ni(g) = {j|gij = 1} denote the 141

nodes with whom node i has a link, i.e., the neighbors of i. 142

Let ηi(g) = |Ni(g)| be the number of links or degree of i. 143

Individuals propose links with others. The strategy of a 144

player i is a vector of link proposals si = [sij ]j∈N\{i}, with 145

sij ∈ {0, 1} for any j ∈ N\{i}. The strategy set of player i 146

is denoted by Si. A link between agents i and j is formed if 147

both propose a link to each other, i.e., gij = sijsji. A strategy 148

profile s = (s1, s2, . . . , sn) induces an undirected network g(s). 149

With a slight abuse of notation, for simplicity, we will write 150

g instead of g(s). There exists a path between i and j in a 151

network g if either gij = 1, or if there is a distinct set of players 152

i1, . . . , in such that gii1 = gi1i2 = gi2i3 = . . . = ginj = 1. Let 153

d(i, j; g) denote the geodesic distance or length of the shortest 154

∗For a survey of this work see (4, 33, 34).
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path between i and j in network g. Ci(g) is the set of players155

to whom i has a path in network g and is also called the156

component of i.157

Players are traders who can exchange goods and this ex-158

change creates a surplus of V . We assume this exchange is car-159

ried out whenever a pair of traders are linked with each other160

or if there is a path between them. There is a fixed (marginal)161

cost c per individual for every link that is established. On the162

other hand, any proposal that is not reciprocated carries no163

cost.164

The central issue here is how potential surpluses are allo-165

cated between the different parties to the trade. In the case166

where two traders have a link, it is natural that they split the167

surplus equally, each earning V
2 . If they are linked indirectly,168

then the allocation of the surplus depends on the nature of169

competition between the intermediary agents. One simple idea170

is to view these paths as being perfect substitutes. Another171

possibility is that the paths offer differentiated trading mecha-172

nisms. We will develop models of intermediation that build173

on these ideas.174

A trader i is said to be critical for trader j and k if i lies175

on every path between j and k in the network. Denote by176

T (j, k; g) the set of players who are critical for j and k in177

network g and let t(j, k; g) = |T (j, k; g)| denote the number178

of critical players between j and k. Following (7) and (5), for179

every strategy profile s = (s1, s2, . . . , sn) the net payoffs to180

player i are given by:181

Πcrit
i (s) =

∑
j∈Ci(g)

V

t(i, j; g) + 2︸ ︷︷ ︸
Access Benefits

+
∑

j,k∈N\{i}

V
Ii∈T (j,k;g)

t(j, k; g) + 2︸ ︷︷ ︸
Brokerage Rents

−ηi(g)k

[1]182

where Ii∈T (j,k) ∈ {0, 1} stands for the indicator function speci-183

fying whether i is critical for j and k. Under criticality pricing,184

the surplus is equally divided between two traders and all crit-185

ical intermediaries connecting them. SI Appendix illustrates186

this pricing rule with the help of examples.187

In this model, trade can take place along arbitrarily long188

paths even when shorter paths are available, and that too189

without any costs. However, in practice there is likely to be190

costs of transiting long paths. To take this factor into account,191

we consider a model of intermediation that emphasizes the role192

of shortest paths between traders. Let njk = (d(j, k; g) − 1)193

denote the number of intermediaries on a shortest path between194

j and k in network g. Trade surplus between j and k is equally195

distributed among the source and destination j and k, and196

among the intermediaries on the shortest path. In the case197

of multiple shortest paths, one of them is randomly chosen198

(SI Appendix illustrates this pricing rule with the help of199

examples). Therefore, the (ex-ante) expected return for any 200

trader i is in proportion to the shortest paths between j and 201

k that i lies on. We write bi
jk(g) ∈ [0, 1] to denote betweenness 202

of player i between j and k. Formally, 203

bi
jk(g) = # shortest paths between j and k on which i lies

# shortest paths between j and k

Given a strategy profile s = (s1, s2, . . . , sn), the net payoffs 204

to player i are given by: 205

Πbtwn
i (s) =

∑
j∈Ci(g)

V

nij + 2︸ ︷︷ ︸
Access Benefits

+
∑

j,k∈N\{i}

V
bi

jk

njk + 2︸ ︷︷ ︸
Brokerage Rents

−ηi(g)k [2] 206

We take this model of betweenness pricing from (8). 207

Following (41), a network is said to be pairwise stable if 208

no one can benefit by removing any existing link, and no pair 209

can mutually benefit by adding a non existing link with each 210

other. SI Appendix provides a formal definition of this concept. 211

There exists a wide variety of pairwise stable networks and we 212

are unable to provide a complete characterization. But as a 213

first step in the analysis, it is useful to describe some pairwise 214

stable networks under criticality and betweenness pricing rules 215

(for the parameter ranges that are used in the experiment). 216

Proposition 1. A pairwise stable network always exists under 217

each of the pricing rules. Under criticality pricing: 218

• If c < V
∑n−2

i=1
i

2(2+i) then a cycle network is pairwise sta- 219

ble. In addition, a network with multiple cycles and spokes 220

is pairwise stable for particular subsets of parameters. 221

• If V/6 < c < V n/3 − V/6 then a star network is pairwise 222

stable. In addition, a tree with two or more hubs can be 223

pairwise stable for particular subsets of parameters. 224

• If c > V/2 then the empty network is pairwise stable. 225

Under betweenness pricing: 226

• If c < V
∑n−2

i=1
i

2(2+i) then a cycle is not pairwise stable 227

for large enough n. 228

• If V/6 < c < V n/3 − V/6 then a star network is pairwise 229

stable. In addition, a tree with two or more hubs can be 230

pairwise stable for particular subsets of parameters. 231

• If c > V/2 then the empty network is pairwise stable. 232

We see that the predictions of the static theory are per- 233

missive. In particular, when c > V/2 the empty network and 234

the hub-based networks are stable for both pricing rules. In 235

addition, cycle and hybrid cycle-star networks are stable under 236

Choi et al. PNAS | February 2, 2023 | vol. XXX | no. XX | 3
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criticality but not stable under betweenness pricing. Figure S1237

in SI Appendix presents examples of pairwise stable networks.238

We also present results describing pairwise stable networks un-239

der more general conditions on parameters (and their proofs)240

in the SI Appendix.†241

The efficiency of an outcome is measured as the ratio be-242

tween the sum of individual payoffs and the maximum sum of243

individual payoffs that can be achieved:244

E(s) =
∑

i
Πi(s)

maxs′
∑

i
Πi(s′)

[3]245

It follows that E(s) ≤ 1. A network is said to be socially246

efficient if it maximizes social welfare, i.e., E(s) = 1.247

In our model, the intermediation rents cancel out: so there248

must be no cycles in an efficient network. From standard con-249

siderations, we know that an efficient network is either empty250

or minimally connected (5), i.e., either there are no links at all251

or every pair of traders has a path that connects them in the252

network. The total payoffs in a minimally connected network253

are V n(n−1)
2 − 2(n − 1)c and they are equal to 0 in the case254

of an empty network. So it follows that an efficient network255

is minimally connected if c < V n
4 , and empty otherwise. A256

prominent example of minimally connected network is the257

star network; as it contains the same number of links (n − 1),258

a minimally connected network with multiple hubs is also259

efficient. We note that a cycle network contains n links and260

is connected, so it is close to being efficient for large n, i.e.,261

E(cycle) is close to 1 for large n.262

We define payoff inequality as the ratio of the highest payoff263

to the median payoff.264

I(s) = maxi(Πi(s))
medi(Πi(s)) [4]265

It follows that I(s) ≥ 1. The outcome is equal if I(s) = 1.266

We note that I(s) = 1 in the cycle network. On the other hand,267

in the star network, under both the criticality and betweenness268

pricing, the hub and spoke earn, respectively:269

V (n−1)
[1

2 + n − 2
6

]
−(n−1)c V

[1
2 + n − 2

3

]
−c [5]270

The median payoff corresponds to the spoke’s payoff; the271

ratio of hub payoffs to the median payoff is unbounded. Propo-272

sition 1 shows that a wide range of networks – in terms of273

†Betweenness based pricing allows trade on shortest paths of arbitrary length. (8) impose the
restriction that trade only takes if traders are within distance 2. Similarly, (29) propose restrictions
on the distance between traders. We could incorporate these considerations as follows: suppose
every intermediary on the selected shortest path earns a fixed rent 0 < p < V . Trade between j

and k only takes place if the number of intermediaries on shortest path is small enough. Traders j

and k split the remaining surplus. We have analysed this model and also conducted an experiment
on it for a group size of 50. The theoretical predictions are similar to those of the betweenness
model and subjects behave very much like in the betweenness model. In view of this similarity, we
decided to omit the distance-based model from the paper.

architecture and payoffs – is pairwise stable. We next examine 274

their robustness to the dynamics of linking. 275

A. Dynamics of Linking and Hypotheses. To develop an un- 276

derstanding of robustness, we simulate myopic best response 277

dynamics and obtain properties of limit networks under the 278

two pricing rules. By definition, every pairwise stable network 279

will be stable under best response dynamics. So the goal of the 280

exercise is to understand the size of the ‘basins of attraction’ 281

of the different pairwise stable networks and if they differ 282

under the two pricing protocols (for a discussion of basins of 283

attraction see 42–44). 284

The dynamics are defined as follows: starting from some 285

random network,‡ suppose that at each point a single indi- 286

vidual (picked at random) makes a decision. This individual 287

considers the potential payoffs that can be attained (accord- 288

ing to either pricing rule) by adding or deleting a single link 289

with any other player, given the current network. The indi- 290

vidual chooses the option with the highest immediate payoff. 291

In an iteration of the simulation, every individual gets 100 292

opportunities to make a decision. 293

The parameters used in the simulations are as follows (the 294

same parameters are used in the experiment). The value of 295

trade between any two traders is V = 10. There are three 296

groups sizes, 10, 50 and 100. The cost of a link is adjusted 297

across scale to keep incentives as similar as possible: so c = 8 298

for n = 10, c = 40 for n = 50, and c = 80 for n = 100. 299

Examples of limit networks observed in the simulations are 300

presented in Figure 1: Cycle-star networks are commonly 301

observed under criticality pricing and networks with multiple 302

hubs are commonly observed under betweenness pricing (the 303

number of hubs increases with the number of players). 304

Table 1 presents the average statistics in the resulting 305

network structures at the end of the 80 simulations run for 306

three group sizes under each pricing protocol. Further details 307

of the procedure and statistics corresponding to each initial 308

network can be found in SI Appendix Tables S1-S4. 309

We note that limit networks are (always) connected (i.e., 310

there is a path in the networks between every pair of traders). 311

Under criticality pricing, the networks involve one or more 312

interconnected cycles or a hybrid star-cycle structure. By 313

contrast, under betweenness pricing, the networks contain one 314

or more hubs (with a disproportionate share of links). As 315

a result, distances grow under criticality but remain small 316

under betweenness across group size. Under criticality pricing, 317

degree and payoff inequality grow but remain modest across 318

group sizes, but under betweenness pricing they explode as 319

group size grows. Finally, as the limit networks are connected 320

‡The initial networks were generated according to Erdos-Renyi and Barabasi-Albert models, each
with either low or high link density. All details are provided in SI Appendix.
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a Criticality: Cycle-star b Betweenness: Multiple hubs

Fig. 1. Prominent limit networks

Criticality Betweenness
N = 10 N = 50 N = 100 N = 10 N = 50 N = 100

Connectedness 1 1 1 1 1 1
Average Degree 2 2.01 2.01 1.88 2.02 2.07
Max degree / Median degree 1.58 3.83 2.8 5.83 23 37.96
Distance (largest component) 2.65 11.04 23.02 2.09 2.53 2.68
Max payoff / Median payoff 1.77 5.84 7.19 3.63 14.51 25.63
Efficiency 0.95 0.99 0.99 0.98 0.99 0.98
Obs. 80 80 80 80 80 80

Table 1. Network statistics from computer simulations (after 80 runs of myopic best response dynamics)

and have very low average degree, they attain close to full321

efficiency in all cases. These observations suggest the following322

hypotheses concerning limited networks:323

Hypothesis A Under criticality pricing limit networks are324

connected. An increase in group size leads to (i) larger325

average distances and (ii) little change in degree and payoff326

inequality.327

Hypothesis B Under betweenness pricing limit networks are328

connected. An increase in group size leads to (i) no change329

in average distances and (ii) a large increase in degree330

and payoff inequality.331

Hypothesis C Limit networks attain close to full efficiency332

for all group sizes under both pricing protocols.333

2. Experimental design334

The experiment uses the same parameters as the simulations,335

and consists of 6 treatments: 3 group sizes (10, 50, 100) × 2336

pricing protocols (criticality, betweenness). In each treatment,337

4 independent groups participated in 4 separate sessions, so a338

total of 1280 subjects took part in the experiment.339

In each experimental session, a continuous time game is 340

played over 6 minutes and is referred to as a round: the first 341

minute as a trial period and the subsequent 5 minutes as 342

the game with payment consequences. Every group played 6 343

rounds. 344

In a round, at any moment, the subject is shown the entire 345

network of reciprocated links. In addition, every subject is 346

shown all outstanding link proposals – made and received – 347

that involve them. Every subject is also provided full informa- 348

tion on the payoffs of everyone. Figure S10 in SI Appendix 349

presents the decision screen observed by subjects. At any 350

instant in the 6 minutes game, a subject can make or remove 351

a proposal to another subject by simply double-clicking on the 352

corresponding node in the computer screen. Any reciprocated 353

proposal leads to the formation of a link. Non-reciprocated 354

links were represented through different node shapes (see SI 355

Appendix for details). 356

At the end of each round, subjects’ earnings are determined 357

based on the network structure observed at a randomly selected 358

moment within the last 5 minutes. The first round is a trial 359

round with no payoff relevance and only the last 5 rounds 360

were relevant for subjects’ earnings. In analyzing the data, 361

Choi et al. PNAS | February 2, 2023 | vol. XXX | no. XX | 5
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we will focus on subjects’ behavior and group outcomes from362

these last 5 rounds. Further details about the procedure are363

provided in SI Appendix.364

3. Experimental Results365

For simplicity, in the empirical analyses, the data is organized366

on a second to second basis. So, every round yields us 360367

observations/snapshots of every subject’s choices. Although368

some information about choice dynamics between two time369

intervals may be lost, we believe that the second by second370

record is adequate for our purposes. Moreover, unless other-371

wise stated, all analyses are focused on data from the last 5372

(payoff relevant) minutes of each round of the game. Using373

this data set, we run panel regressions for the treatment effects374

with time fixed effects and standard errors clustered at the375

group level and report regression results in Table S6 in SI376

Appendix.377

Figures 2a and 2b show the snap shots of the criticality378

and betweenness treatments respectively for a large group379

(N = 100) at the end of a representative round of the ex-380

periment.§ These snap shots draw attention to three points:381

one, under both pricing protocols, subjects create sparse and382

connected networks; two, we see equal and dispersed networks383

under criticality and unequal and small distance networks un-384

der betweenness pricing; three, recalling the payoff functions385

[1] and [2], we can infer that there is little payoff inequality386

under criticality pricing but great inequality under between-387

ness pricing. We now analyze the experimental data more388

systematically.389

We begin with a summary of the findings on connectedness:390

connectivity is very high and similar across treatments: on391

average, 98.6% for N = 10, 99% for N = 50, 98.7% for392

N = 100 for criticality pricing, and 97.5% for N = 10, 99.4%393

for N = 50, 98.1% for N = 100 for betweenness pricing. This is394

in line with the prediction of connectedness under Hypotheses395

A and B.396

We next turn to the treatment effects on distance, degree397

and payoff inequality and they are summarized in Figure398

2. Distance means average geodesic distance in the largest399

component. Degree inequality is defined by the ratio of highest400

degree divided by the median degree and payoff inequality is401

defined as largest payoff divided by median payoff.402

Figures 2c and 2f show that as group size grows, distances403

grow under criticality pricing but they change only slightly404

under betweenness pricing. Under criticality pricing, average405

distance is around 2 in the small group, around 4 in N = 50 and406

§Behavioral dynamics of the groups that generated the network structures presented in Figures 2a
and 2b can be viewed through our interactive tool at the following websites: https://networks.econ.
cam.ac.uk/net_formation/animation_brokerage_critical.php (Figure 2a), and https://networks.econ.
cam.ac.uk/net_formation/animation_brokerage_betweenness.php (Figure 2b).

above 4 in N = 100. On the other hand, under betweenness 407

pricing, average distance is somewhere between 2 and 3 in 408

both small and large groups. Recall from Table 1 that average 409

distance grows sharply with group size under criticality but 410

remains around 2 for all group sizes under betweenness. We 411

attribute the relatively small increase in average distances 412

under criticality to the existence of a few excess links (this 413

is consistent with the work of (45) that a few extra links can 414

potentially lower average distances in a ring network very 415

sharply). The regression analysis in the first column of Table 416

S6 in SI Appendix confirms the treatment effects on distance 417

at the 1% significance level. 418

Figures 2d, 2e, 2g, and 2h show that as group size increases, 419

degree and payoff inequality remain modest under criticality 420

pricing but become very large under betweenness pricing. In 421

particular, under critical pricing, payoff inequality is modest – 422

between 2 and 3 – across group sizes, while under betweenness 423

pricing, payoff inequality grows massively with group size – 424

from around 2 to 16 to 35. The regression analysis in the 425

second and third columns of Table S6 in SI Appendix confirms 426

the treatment effects on degree and payoff inequality at the 427

1% significance level. These findings on network properties 428

and payoff inequality are consistent with Hypotheses A and 429

B. 430

Result 1: Subjects create networks that are in line with 431

Hypotheses A and B. The networks are close to connected 432

on all cases. Under criticality pricing, average distance 433

grows, while degree and payoff inequality remain mod- 434

est across group sizes. By contrast, under betweenness 435

pricing, average distance remains stable but degree and 436

payoff inequality grow massively with increase in group 437

size. 438

We next turn to efficiency. Figure 3a shows that under 439

criticality, high efficiency is attained early and is sustained 440

throughout, for all group sizes. By contrast, under between- 441

ness, Figure 3b shows that high efficiency is attained early and 442

is sustained for group size 10, but for groups of size 50 and 443

100 efficiency is low initially and it grows steadily over the 444

course of the experiment. The regression analysis in the fourth 445

column of Table S6 in SI Appendix confirms the treatment 446

effects on efficiency at the 1% significance level. The lower 447

initial efficiency in large groups under betweenness is slightly 448

slower but broadly consistent with the simulations on best 449

response dynamics that are presented in SI Appendix Figure 450

S4. 451

Result 2 Under criticality, high efficiency is attained early 452

and is sustained throughout, for all group sizes. Under 453

betweenness, high efficiency is attained early and is sus- 454
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a Snapshot: Criticality N = 100 b Snapshot: Betweenness N = 100

c Distance: Criticality d Degree inequality: Criticality e Payoff inequality: Criticality

f Distance: Betweenness g Degree inequality: Betweenness h Payoff inequality: betweenness

Fig. 2. Network structure and dynamics

tained for group size 10, but for groups of size 50 and 100455

efficiency is low initially and it grows steadily over the456

course of the experiment.457

Subjects create networks that are consistent with Hypothe-458

ses A and B regarding connectedness, distance, and degree459

and payoff inequality. These networks also attain high effi-460

ciency very early on under criticality and in small groups under461

betweenness. For large groups under betweenness, efficiency462

is quite low but it increases gradually over time. Thus our 463

experiment offers support for Hypothesis C under criticality 464

pricing and for small groups under betweenness pricing but effi- 465

ciency attainment is slower for large groups under betweenness 466

pricing.¶ 467

Efficiency of a network is a function of the connectedness of 468

the network and the number of links in the network – connect- 469

¶The slower rate of attaining is consistent with the simulations of best response dynamics (see Figure
S4 in SI Appendix).
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a Efficiency: Criticality b Efficiency: Betweenness

c Degree: Criticality d Degree: Betweenness

Fig. 3. Efficiency and Degree

edness enhances welfare, additional links lower welfare. We470

have noted that subjects create connected networks in all cases.471

So the differences in efficiency must be due to differences in472

number of links. Indeed, Figures 3c and 3d show that under473

criticality pricing, average degree lies between 2 and 3 and474

changes only slightly as group size increases. On the other475

hand, under betweenness pricing, average linking grows sub-476

stantially as group size grows. The regression analysis in the477

fifth column of Table S6 in SI Appendix confirms the treatment478

effect on average degree (at the 1% significance level). Thus479

pricing protocol and group size interact to push up linking480

activity. We now examine the reasons for this excessive linking481

early on in large groups under betweenness.482

A. Individual Behavior. We define three types of subjects in483

terms of the number of links they receive– one, the most484

popular individual, two, the 2nd most popular individual, and485

three, all the other individuals. Figure 4 plots the time series of486

the normalized number of link proposals by the most popular487

and 2nd most popular individuals. We see that, in the large488

groups, there is a major difference in this ratio across the two489

pricing rules. Let us examine the reason for this difference490

next. 491

Under criticality pricing, most subjects form 2 links and no 492

one forms a very large number of links; this keeps the average 493

degree close to 2. This is because, once a cycle is formed, 494

there are no brokerage rents to be earned under criticality 495

pricing. Matters are quite different under betweenness pricing: 496

in this case, there are brokerage rents to be earned even after 497

a connected network or a cycle is created. This encourages 498

individuals to seek to become hubs. On the other hand, non- 499

hubs reciprocate such proposals because that enables them to 500

shorten paths involved in trading. Both these incentives are 501

greater in big groups. Table S7 in SI Appendix elaborates on 502

these points. 503

The rents to being a hub grow with group size. So we 504

should expect greater competition to become a hub as group 505

size grows. This is indeed what we see: the number of link pro- 506

posals by the most popular individual is large and grows over 507

time (see Figures 4e and 4f). Moreover, an increase in group 508

size also leads to the second most popular subject to propose 509

many links. The second most popular subject withdraws links 510

at a later and later point in time as group size grows.‖ At 511

‖Figure S20 in SI Appendix shows that the fraction of realized links follow the same patterns as link

8 | www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Choi et al.
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the start of the experiment, the proposals are reciprocated by512

other subjects embedded in long paths, who seek to reduce513

intermediation rent payments. This leads to significant linking514

in large groups. Linking by traders has positive externalities515

on other traders, as it reduces their trading path lengths and516

hence their intermediation rent payments. Over time, this517

leads to deletion of links and a fall in average degree (while518

the average distance remains stable) as seen in Figures 2-3.519

To further explore subjects’ behavior, we consider a simple520

model of myopic best response with noise in SI Appendix. We521

estimate the level of noise in each treatment during the payoff522

effective period (i.e., the last 5 minutes) in Figure S23, and523

find that it is very similar for both pricing protocols in the524

small group (N = 10), but in the large groups (N = 50 and525

N = 100) subjects exhibit less noise under betweenness pricing.526

This behavior helps explain the efficiency increase (and the527

decrease of average degree) observed in Figure 3. However,528

this analysis remains silent on the large inefficiency initially529

produced during the trial period (i.e., the fist minute, which is530

not payoff relevant). To further identify behavioral differences,531

we then estimate noise to that period in Figure S30.532

We find higher levels of noise across all treatments in the533

first minute as compared to the last five minutes of the exper-534

iment. Since behaviour in the first minute is payoff irrelevant,535

this is appealing and intuitive. Perhaps, more interestingly,536

our analysis of the first minute also reveals greater noise under537

the betweenness pricing as compared to criticality pricing.538

This is consistent with the idea that there is a stronger need539

to reduce trading paths to cut intermediation rents under540

betweenness. After forming many links at random in the first541

minute, subjects aim to maximize their immediate payoffs by542

deleting redundant links for the remaining time.543
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Supporting Information Text12

1. Theory13

We develop an example to illustrate criticality pricing. Recall that the basic structure is as follows:14

Condition for
⇒ Connected pair

realized trade

Intermediation rents
⇒

If non critical : 0

per trade
If essential : equally shared with

members of pair & other critical player(s)

Access benefits
⇒

Equally shared with other member of pair

per trade & critical player(s)

15

Let us now develop an example to illustrate how payoffs are computed. A player is critical for a pair if it lies on every path16

between them. First consider access benefits:17

Trade with P5

1 essential broker: P1

Access benefits:

me, P5 ⇒ 10
3

Intermediation rents:

P1 ⇒ 10
3

18

Next consider intermediation benefits:19

Trade between P2 and P5

2 essential brokers: me, P1

Access benefits:

P2, P5 ⇒ 10
4

Intermediation rents:

me, P1 ⇒ 10
4

20

We next turn to a study of betweenness pricing.21

Condition for
⇒ Connected pair + short distance

realized trade

Intermediation rents
⇒

Fixed payment proportional

per trade to betweenness

Access benefits
⇒

Surplus (value - brokerage payments)

per trade shared equally with other member

22
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Let us first compute the access benefits.23

Trade with P5

2 paths with 2 brokers:

(P1, P3) or (P1, P4)

Intermediation rents:

P1 ⇒ p

P3, P4 ⇒ p
2

Access benefits:

me, P5 ⇒ 10−2×p
2

24

Finally, we compute the intermediation benefits under betweenness pricing:25

Trade between P2 and P5

2 paths with 3 brokers:

(me, P1, P3) or (me, P1, P4)

Intermediation rents:

me, P1 ⇒ p

P3, P4 ⇒ p
2

Access benefits:

P2, P5 ⇒ 10−3×p
2

26

We next present a formal definition of pairwise stable networks.27

Definition 1. A strategy profile s∗ leads to a pairwise stable network g(s∗) if the following conditions hold:28

• For any i ∈ N and any si ∈ Si, Πi(s∗) ≥ Πi(si, s∗
−i);29

• For any i, j ∈ N and any s ∈ S such that gij(s∗) = 0 and g(s) = g(s∗) + gij, if Πi(s) > Πi(s∗), then Πj(s) < Πj(s∗).30

Here is a description of pairwise stable networks under criticality pricing rule.31

Proposition 1. Suppose payoffs are given by equation (1). A pairwise stable network always exists.32

• The complete network is not pairwise stable for n ≥ 433

• If c < V
∑n−2

i=1
i

2(2+i) then a cycle network is pairwise stable. In addition, a network with multiple cycles and spokes is34

pairwise stable for particular subsets of parameters.35

• If V/6 < c < V n/3 − V/6 then a star network is pairwise stable. In addition, a tree with two or more hubs can be pairwise36

stable for particular subsets of parameters.37

• If c > V/2 then the empty network is pairwise stable and if c > V n/3 − V/6 then it is the unique pairwise stable network.38
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Proof. Pairwise stability of the Empty network is straightforward.39

In the Star network, the hub does not benefit from removing a link if c < V n
3 − V

6 . Under the same condition, no spoke can40

benefit from removing a link. No pair of spokes can benefit by adding a link with each other if c > V
6 . The Star network is41

therefore pairwise stable if V
6 < c < V n

3 − V
6 .42

In the Cycle network, no pair of players can benefit by adding a link because c > 0 and it cannot change the access benefit43

(= (n−1)V
2 ) or the intermediation rent (= 0). Given that that the access benefit obtained by a player removing a link is44 ∑n−1

i=1
V

i+1 , such an action is not profitable as long as c < V (n−1)
2 −

∑n−1
i=1

V
i+1 =

∑n−2
i=1

V i
2(2+i) . The Cycle network is therefore45

pairwise stable if c <
∑n−2

i=1
V i

2(2+i) .46

In the Complete network, if n = 3 and c < V
6 , no one can benefit by removing a link. If n > 3 and c > 0, then any player can47

benefit by removing a link because it cannot reduce either access benefit (= (n−1)V
2 ) or intermediation rent (= 0). Therefore.48

the Complete network is not pairwise stable for a sufficiently large n.49

Finally, it is easy to see that, for any values of c > 0 and n ≥ 3, there is at least one pairwise stable network among the50

Empty, Star, and Cycle networks.51

We next provide a description of pairwise stable networks under betweenness pricing rule.52

Proposition 2. Suppose payoffs are given by equation (2). A pairwise stable networks always exists.53

• If c < V/6 then the unique pairwise stable network is complete.54

• For fixed values of c and V : a cycle is not pairwise stable for large enough n.55

• If V/6 < c < V n/3 − V/6 then a star network is pairwise stable. In addition, a tree with two or more hubs can be pairwise56

stable for particular subsets of parameters.57

• If c > V/2 then the empty network is pairwise stable and if c > V n/3 − V/6 then it is the unique pairwise stable network.58

Proof. Pairwise stability of the empty network is straightforward.59

Pairwise stability of the Star network follows the same arguments as in the proof of Proposition 1.60

In the Complete network, no player can benefit by removing a link as long as c < V
6 .61

In the Cycle network, it is easy to see that, the gain in benefits (access benefits and brokerage rents) for adding a link62

between two players sitting at an extreme distance from one another increases with n. As a result, if n is sufficiently large,63

then such a move becomes profitable for both players. This argument naturally extends to any k-cycle-s-Star network with64

fixed values of k and s, and a sufficiently large n.65

Finally, it directly follows that, for any values of c > 0 and n ≥ 3, there is at least one pairwise stable network among the66

Empty, Star, and Complete networks.67

Figure S1 illustrates the permissiveness of the theory, and also gives us an idea of the overlap and the differences between68

the two pricing rules.69
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Fig. S1. Examples of pairwise stable networks

Syngjoo Choi, Sanjeev Goyal and Frédéric Moisan 5 of 50



2. Computer Simulations70

Given the large variety of pairwise stable networks under both pricing protocols, we perform computer simulations to explore71

which network structure(s) are most likely to emerge from a myopic best response dynamics. More specifically, we consider72

simulations of 100 iterations, each of which consisting of all individuals making a choice in a random sequence (so that each73

individual makes the same number of choices, i.e., 100, in any given simulation). In this case, when selected to make a choice,74

an individual considers the potential payoffs that could immediately be reached (according to either pricing protocol described75

above) by adding or deleting a single link with any other person from the group, given the most recent network structure. The76

connection corresponding to the option with the highest immediate payoff is then updated accordingly: if a proposal was (not)77

previously formed with that person, then this proposal is removed (added). Under this simulation setting, we vary the type of78

initial network structure to identify any potential effect on the dynamics and the converging networks. More specifically, we79

consider two well-known network models: the Erdos-Renyi model that generates random networks with equally distributed80

connections, and the Barabasi-Albert model that generates scale free networks with significant inequality in the distribution of81

connections (1). For each model, we also consider two levels of connection density: in the Erdos-Renyi model, we choose an82

average degree of 2 (low density)∗ and 5 (high density); in the Barabasi-Albert model, we start from an initial network of 383

individuals forming a line (2 individuals connected with the same third person), and we choose the number of links to be added84

by any newly introduced individual to be 1 (low density) and 3 (high density). We run 20 independent simulations for each of85

the 4 types of initial networks (initial networks generated according to the above stochastic models differ across all simulations).86

To describe the dynamics followed by the simulations across the different treatments, Figures S2, S3, S4, S5, S6, and S787

show the time series corresponding to the the different statistics of interest (degree, connectedness, efficiency, distance, degree88

inequality, payoff inequality).89

Tables S1, S2, S3, and S4 further describe the various statistics at the end of each simulations depending on the different90

types of initial network (Erdos Renyi with low/high density, Barabasi-Albert with low/high density). Those results show91

overall consistency of the simulation outcomes being reached, regardless of the initial network.92

Criticality Betweenness
N = 10 N = 50 N = 100 N = 10 N = 50 N = 100

Connectedness 1 1 1 1 1 1
Average degree 2 2.01 2.01 1.84 2.01 2.05
Max degree / Median degree 1.25 2.6 2.2 5.85 23.25 38.1
Distance (largest component) 2.71 11.55 23.8 2.1 2.52 2.67
Max payoff / Median payoff 1.37 3.91 3.86 3.67 14.61 25.62
Efficiency 0.95 0.99 0.99 0.99 0.99 0.98
Obs. 20 20 20 20 20 20

Table S1. Network statistics from computer simulations when starting from Erdos-Renyin networks (mean degree = 2), after 100 iterations of
myopic best response dynamics

Criticality Betweenness
N = 10 N = 50 N = 100 N = 10 N = 50 N = 100

Connectedness 1 1 1 1 1 1
Average degree 2 2 2 1.92 2.02 2.09
Max degree / Median degree 1.28 2.33 2.18 5.9 22.95 34.25
Distance (largest component) 2.71 12.09 24.35 2.04 2.53 2.71
Max payoff / Median payoff 1.44 3.09 2.8 3.54 14.39 23.43
Efficiency 0.95 0.99 1 0.97 0.99 0.97
Obs. 20 20 20 20 20 20

Table S2. Network statistics from computer simulations when starting from Erdos-Renyin networks (mean degree = 5), after 100 iterations of
myopic best response dynamics

∗We do not consider initial networks with lower density as they too often lead the simulations to converge to the empty network, which is of less interest to our study.

6 of 50 Syngjoo Choi, Sanjeev Goyal and Frédéric Moisan



Fig. S2. Time series of the mean degree across simulations (N=80)
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Fig. S3. Time series of the connectedness ratio across simulations (Nb of obs.=80)
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Fig. S4. Time series of the mean efficiency across simulations (Nb of obs.=80)
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Fig. S5. Time series of the mean distance in the largest component across simulations (Nb of obs.=80)
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Fig. S6. Time series of the mean degree inequality across simulations (Nb of obs.=80)
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Fig. S7. Time series of the mean payoff inequality across simulations (Nb of obs.=80)
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Criticality Betweenness
N = 10 N = 50 N = 100 N = 10 N = 50 N = 100

Connectedness 1 1 1 1 1 1
Average degree 1.98 2.01 2.01 1.8 2.03 2.08
Max degree / Median degree 2.33 5.6 3.48 6.2 22.45 40.7
Distance (largest component) 2.51 10.41 22.27 2.13 2.54 2.66
Max payoff / Median payoff 2.42 7.37 9.33 3.8 14.15 26.84
Efficiency 0.95 0.99 0.99 1 0.98 0.98
Obs. 20 20 20 20 20 20

Table S3. Network statistics from computer simulations when starting from Barabasi-Albert networks (1 link per every newly introduced
individuals), after 100 iterations of myopic best response dynamics

Criticality Betweenness
N = 10 N = 50 N = 100 N = 10 N = 50 N = 100

Connectedness 1 1 1 1 1 1
Average degree 2 2.01 2.01 1.97 2.01 2.06
Max degree / Median degree 1.48 4.8 3.35 5.38 23.35 38.8
Distance (largest component) 2.65 10.13 21.68 2.07 2.54 2.69
Max payoff / Median payoff 1.84 9 12.77 3.51 14.89 26.63
Efficiency 0.95 0.99 0.99 0.96 0.99 0.98
Obs. 20 20 20 20 20 20

Table S4. Network statistics from computer simulations when starting from Barabasi-Albert networks (3 links per every newly introduced
individuals), after 100 iterations of myopic best response dynamics

3. Experiment: Challenges and methodology93

Experiments in this setting pose at least several challenges to human subjects because of (i) the large decision space, (ii)94

the complexity of payoff functions, and (iii) the observability of link proposals and network structure. We discuss these95

challenges and explain how our experimental software and design address each of them. Some of the discussion is taken from96

our companion paper, (2).97

Learning and dynamics. We wish to allow subjects ample opportunities to learn about the environment of decision making,98

other subjects’ behaviors, and how to respond optimally to them. Because of the complexity of payoff functions and decision99

making, the issue of learning and behavioral convergence is particularly important. To address these issues, we run the100

experiment in continuous time with near real time updating on the evolution of network structure and link proposals made by101

subjects.† Continuous time experiments can also offer better prospects for convergence than discrete time experiments (see e.g.,102

(3)).103

In our experiment, the game is played in continuous time for 6 minutes during which every subject was free to asynchronously104

adjust their link proposals. Because subjects face a complex problem of decision making and need some time to figure out the105

game and coordinate their actions, a trial time of one minute is provided (during which subjects start choosing their actions106

with no monetary consequence). After the trial period is over, the subsequent 5 minutes are payoff relevant and one second is107

randomly chosen to determine subjects’ earnings in the game. This information is publicly known to subjects (see detailed108

instructions in the appendix).109

Two-sided linking protocol. The intermediation models we consider use the two-sided linking protocol with which a link110

between two individuals is formed if and only if both individuals consent to form it. This protocol distinguishes between111

link proposals (i.e., choices made by subjects) and realized links (i.e., link proposals that are reciprocated). Compared to112

the one-sided linking protocol, the two-sided linking protocol introduces an extra layer of the relationship between any two113

individuals: the pair is linked, or unlinked with none of them making a link proposal, or unlinked with only one of them making114

a link proposal to the other. Keeping track of such information in large groups can be a challenge for human subjects.115

In order to make it easy for the decision maker to grasp the relation with any individual, we use the visual representation116

on the status of the linking relationship between the decision maker, denoted by Me, and an individual as shown in Table S5:117

An individual who neither made a proposal to nor received a proposal from the decision maker is represented with a circle118

†More precisely, the network depicted on any subject’s screen is updated every 2 seconds or whenever the subject makes a new decision.
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shape; If an individual sent a link proposal to the decision maker who did not reciprocate it, that individual is depicted with a119

square shape; If an individual receives a link proposal from the decision maker but did not reciprocate it, the individual is120

represented with a triangle shape; If both an individual and the decision maker make link proposals to each other, the link121

between them is visualized with the individual being shaped with a circle.122

No link / no proposal ⇒

Sent proposal ⇒

Received proposal ⇒

Realized link ⇒

Table S5. Visualization of proposals and link

On the other hand, from the decision maker’s perspective, information about the relation between any other two individuals123

is provided in the binary form: the corresponding pair is shown to be either linked or not linked. Therefore, no information124

about the detail of unlinked individuals is provided to the decision maker.125

Figure S8 illustrates our method of distinguishing these different cases. In the initial network depicted on the left side126

of Figure S8, the decision maker who is represented with a yellow node identified as “me” does not make any link proposal,127

but receives link proposals from players P2, P3, and P4; these individuals are triangle shaped. From the network on the left,128

if the decision maker makes link proposals to P2, P3, P4, and P6, the network changes to the right side of Figure S8. The129

decision maker then have three realized links with P2, P3, and P4, and one pending link proposal to P6. On the other hand,130

the decision maker can only see the realized links between any other players (e.g., between P1 and P5); no information is131

provided about unlinked pairs (e.g., the pair of P5 and P7 may be unlinked because either P5, P7, or both P5 and P7 do not132

make a link proposal).133

A. Network visualization. Existing studies of network formation in economics have considered small group sizes such as 4 or 8134

people and visualized evolving networks with fixed positions of nodes. When the group size increases, such a representation of135

networks with fixed positions of nodes makes it very difficult for subjects to perceive network features.136

For example, consider a group of 20 people with fixed positions of nodes in a circle as depicted in Figure S9a; the exact137

network is barely perceptible by observing this figure. The same network structure can be represented in a transparent manner138

in Figure S9b.139

For subjects to learn their optimal choices, they must have a good idea of evolving networks. An appropriate tool for140

visualizing networks and their changes in real time is thus critical in running the experiment in continuous time. This leads us141

to develop an experimental software including an interactive network visualization tool that allows the network to automatically142

reshape itself in response to decisions made by subjects. We use force-directed algorithms to visualize networks in real time143

(see, e.g., (4–8)).144

Clearly, different network environments will offer differ levels of transparency and information on network architecture. Our145

strategy is to start with a visualization approach that is efficient and that allows us to systematically explore the effects of146

different variables – such as scale and variations in information on networks and payoffs (taken up below). Of course, the147

experimental platform is flexible enough to incorporate other ways of representing networks and can be used to explore the148

effects of network visualization itself on human behavior and network formation. Thus, the three experiments reported in this149

paper could be interpreted as benchmark findings with efficient network visualization.150

The algorithms used in the experimental software can be understood with three building components as follows.151

Barnes-Hut approximation algorithm. Due to the heavy load of computing the repulsion forces in large-scale networks,152

we adopt the approximation algorithm proposed by (9). It first constructs a quad-tree by recursively dividing the 2-dimensional153
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Fig. S8. Example of network updates after new choices
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a Fixed visualization b Adaptive visualization

Fig. S9. Examples of network visualization
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space into same size quadrants such that every node can eventually be associated with exactly only one region based on its154

position in space (or leaf of the tree). In this way, network nodes are placed in the two-dimensional Cartesian coordinate155

system.156

The approximation algorithm then aggregates groups of nodes located in the same region to determine a unique force that157

approximates the sum of individual forces in that group as if the group of nodes were a single node. Specifically, starting from158

the largest region of the quad-tree, the algorithm assesses the Euclidean distance dist(o, c) between a given node o and the159

center of mass of that region c. If this distance is sufficiently large, then the group of nodes in the corresponding region is160

considered as a single node. Otherwise, the process is iterated by considering subregions from the tree. The condition with161

distance trades off the speed of the simulation against its accuracy.162

Modelling forces. The force-directed algorithms use attraction and repulsion forces between nodes in the network and gravity163

force toward the center of the screen, in order to readjust their positions in two-dimensional space and improve the overall164

visibility on the subjects’ screen.165

Any two nodes o and o′ in the network repulse each other with a repulsion force Fr(o, o′) in order to avoid overlaps and166

allow a sparse visualization of the network. It is modelled as a decreasing function of the Euclidean distance between two167

nodes dist(o, o′), implying that close nodes repulse more than distant nodes. Two connected nodes o and o′ in the network168

apply an attractive force Fa(o, o′) towards each other to allow for visual proximity. A classical approach of modelling attraction169

force is a linear and positive relation with the distance, implying that close nodes attract less than distant nodes. Finally, every170

node o applies a gravity force Fg(o) to the center of the spatialization space O to pull the entire network towards the center of171

the screen. In particular, such a force allows disconnected components to be within reasonable distance from each other, and172

therefore more easily visualized on the screen.173

In summary, nodes are attracted by gravity and other nodes they are linked with, and repulsed by other nodes they are not174

linked with.175

The net force vector applied to any node o resulting from the above three forces is then given by the following form of176

weighted sum (where Fx and Fy represent corresponding force vectors applied to the x and y axes of the Euclidean space177

respectively):178

Fx(o) = xO − xo

dist(o, O)Fg(o) +
∑

o′∈N\{o}

xo′ − xo

dist(o, o′)Fa(o, o′) +
∑

o′′∈N\{o}

xo′′ − xo

dist(o, o′′)Fr(o, o′′) [1]179

Fy(o) = yO − yo

dist(o, O)Fg(o) +
∑

o′∈N\{o}

yo′ − yo

dist(o, o′)Fa(o, o′) +
∑

o′′∈N\{o}

yo′′ − yo

dist(o, o′′)Fr(o, o′′) [2]180

Note that the computation of the repulsion force for every node can be a complex task, especially in the context of large181

networks. In order to address this issue, the experimental software approximates this computation using the well-known182

algorithm introduced by (9). More concretely, it finds groupings of nodes in proximity and determines a repulsion force Fr(o, c)183

between node o and the group of nodes with a center of mass c, in replacement of the brute force method of computing repulsion184

forces between all pairs of nodes.185

We turn back to Figure S9 to derive some intuition of how the net force equations aggregate forces for every node and186

the network is visualized in the two-dimensional space. The adaptive visualization in Figure S9b is obtained by using the187

force-directed algorithm. The network has a petal-like structure with three independent sub-components connected through a188

common player, P5. The visualization algorithm makes P5 to be located at the center of the screen because the neighbors of189

P5 repluse each other and surround P5, while each pair of P5’s neighbors belonging to the same sub-component are in close190

proximity and positioned side by side. The three forces then operate to make the rest of players located to draw non-overlapping191

petal-like structures.192

Dynamic adjustment. The above equations (1) and (2) describe the net forces that are applied for the visualization of the193

network, given the positions of all nodes and the links between nodes. When the network changes, the algorithm updates194

dynamically the network visualization by computing the corresponding velocity of nodes on both coordinate axes.195

In our large-scale experiment, this visualization tool improves graphical clarity of evolving networks and helps subjects196

distinguish between those who are more connected and those who are less connected. It is wothwhile to note that this tool197

allows interaction between the subject and the network: while the nodes are subject to the above attraction and repulsion198
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forces, they can also be freely manipulated by the participant through the usual drag-select functionality. The creation and199

removal of links is also interactive through double-clicking on corresponding nodes. This network visualization tool is built on200

the open source Javascript library vis.js.201

4. Experimental design and procedures202

The experiment consists of 6 treatments in all: 3 group sizes × 2 pricing protocols. There were in total 18 sessions: 1 session203

with 4 groups of 10 subjects, 4 sessions with 50 subjects, and 4 sessions with 100 subjects for each of the criticality and204

betweenness treatments. In each experimental session, subjects were matched to form a group and interacted with the same205

subjects throughout the experiment. A total of 1280 subjects participated in the experiment.206

A subject participated in only one of the experimental sessions. After subjects read the instructions, the instructions were207

read aloud by an experimenter to guarantee that they all received the same information. While reading the instructions, the208

subjects were provided with a step by step interactive tutorial which allowed them to get familiarized with the experimental209

software and the game. Sample instructions are available in Section 7.210

In each experimental session, a continuous time game is played over 6 minutes and is referred to as a round. The first211

minute as a trial period and the subsequent 5 minutes as the game with payment consequences. Every group played 6 rounds.212

In a round, at any moment, the subject is shown the entire network of reciprocated links. In addition, every subject is shown213

all outstanding link proposals – made and received – that involve him or her. Every subject is also provided full information on214

the payoffs of everyone (this is done by mentioning the numeric value of the payoffs for every subject next to their player ID).215

However, subjects are not shown unreciprocated links among other pairs. The principal motivation for this design choice was216

to keep the information options available to a subject manageable. Figure S10 presents the screen observed by subjects.217

At any instant in the 6 minutes game, a subject can make or remove a proposal to another subject by simply double-clicking218

on the corresponding node in the computer screen. Any reciprocated proposal leads to the formation of a link. Non-reciprocated219

links were dealt with the protocol described in section 3. At any moment, every subject is shown the amount of access benefits,220

brokerage rents, overall cost of linking, and net payoffs. Finally, the subjects are also provided with information about the net221

payoffs of every other player (given within the corresponding node of the network).222

At the end of each round, every subject is informed of a time moment randomly chosen for payment. The subject is also223

provided detailed information on subjects’ behavior at the chosen moment, through the corresponding network structure. While224

the groups were fixed in a session, subjects’ identification numbers were randomly reassigned at the beginning of every round225

in order to reduce potential repeated game effects. The first round was a trial round with no payoff relevance and only the last226

5 rounds were relevant for subjects’ earnings.227

At the beginning of the experiment, every subject was endowed with an initial balance of 80 points for the N = 10 treatments,228

400 points for the N = 50 treatments, and 800 points for the N = 100 treatments. Subjects’ total earnings in the experiment229

were given by the sum of earnings across the last 5 rounds and the initial endowment. Earnings were calculated in terms of230

experimental points and then exchanged into euros at the rate of 20 points being equal to 1 euro in the N = 10 treatments, 110231

points being equal to 1 euro in the N = 50 treatments, and 220 points being equal to 1 euro in the N = 100 treatments.‡ Each232

session lasted on average 90 minutes, and subjects earned on average about 16.4 euros (including a 5 euros show-up fee).233

All experimental sessions were conducted in the Laboratory for Research in Experimental and Behavioral Economics234

(LINEEX) at the University of Valencia. The experimental sessions of the N = 100 treatment were conducted through the235

internet connection between LINEEX and the Laboratory for Experimental Economics (LEE) at the University Jaume I of236

Castellón. In this case the number of subjects was then evenly distributed across the two locations. Subjects in the experiment237

were recruited from online recruitment systems of the LINEEX and LEE.238

At the end of the experiment, subjects took incentivized tasks to elicit social preferences and risk preferences. They are239

a modified version of (10) and (11), respectively. In addition, subjects answered a brief version of the Big Five personality240

inventory test adapted from (12), a comprehension test related to the experimental game, and a debriefing questionnaire241

including demographic information. More details about them can be found in Section 8.242

‡Different conversion rates and initial endowments are used to maintain similar earnings across treatments.
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5. Network game interface243

The decision making interface used in the experiment is similar across all treatments. More specifically, Figure S10 illustrates a244

(fictitious) example of a subject’s computer screen in Treatment Criticality. The top part of the screen depicts information245

about the timer indicating how much time has lapsed in the current round (the timer turns red when payoffs become effective,246

i.e., after 1 minute has passed), and a comprehensive description of the subject’s own payoff. Information about payoffs include247

own benefits from own connections, brokerage rents, the cost of linking, and the net earnings. The bottom part of the screen248

shows detailed information about the network (the subject’s node is highlighted in yellow).249
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Fig. S10. Example of decision screen for Criticality Treatment
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6. Additional Tables and Figures250

A. Comparison of pricing protocols. Figures S11a and S11b show the snap shots of the criticality treatment at minute 3 and251

minute 6, respectively. Figures S11c and S11d show that the dynamics in the betweenness treatment.252

a Criticality N = 100 at minute 3 b Criticality N = 100 at minute 6

c Betweenness N = 100 at minute 3 d Betweenness N = 100 at minute 6

Fig. S11. Snap shots of the Experiment

Figures S12, S13, S14, S15, and S16 show the time series of various group statistics (average degree, distance in the253

largest component, degree, inequality, payoff inequality, and efficiency) in comparison with the theoretical predictions from the254
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computer simulations described in Section 2.255

a N=10 b N=50 c N=100

Fig. S12. Mean degree (dotted lines represent the expected values predicted by the computer simulations)

a N=10 b N=50 c N=100

Fig. S13. Mean distance (dotted lines represent the expected values predicted by the computer simulations)

a N=10 b N=50 c N=100

Fig. S14. Mean degree inequality (dotted lines represent the expected values predicted by the computer simulations)

B. Network Centrality Measures. We consider two standard measures of network centrality: closeness and degree centrality.256

Closeness centrality of a player i in a given network g captures how close i is from all other players. Formally, it is257

calculated as Cc(i; g) =
∑

j ̸=i
n−1

d(i,j;g) . Closeness centrality of a network g with n players, as used in Figure S17, corresponds258

to Cc(g) =
∑n

i=1
[Cmax

c (g)−Cc(i;g)]
(n−2)(n−1)/(2n−3) where Cmax

c (g) = maxi Cc(i; g). Average closeness centrality of networks realized across259

different treatments in the experiment is depicted in Figure S17.260

Degree centrality of a player i in a given network g captures the fraction of links realized by i. Formally, it corresponds261

to Cd(i; g) =
∑

j ̸=i

ηi(g)
n−1 . Degree centrality of a network g with n players, as used in Figure S18, corresponds to Cd(g) =262
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a N=10 b N=50 c N=100

Fig. S15. Mean payoff inequality (dotted lines represent the expected values predicted by the computer simulations)
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a N=10 b N=50 c N=100

Fig. S16. Mean efficiency (dotted lines represent the expected values predicted by the computer simulations)
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∑n

i=1
[Cmax

d
(g)−Cd(i;g)]

n−2 where Cmax
d (g) = maxi Cd(i; g). Average closeness centrality of networks realized across different263

treatments in the experiment is depicted in Figure S18.264

a N=10 b N=50 c N=100

Fig. S17. Closeness Centrality in the Experiment

a N=10 b N=50 c N=100

Fig. S18. Degree Centrality in the Experiment

C. Alternative Inequality Measure. Figure S19 depicts an alternative to the inequality measure presented in the main text,265

based on the well known Lorenz curve and Gini coefficient.266

a N=10 b N=50 c N=100

Fig. S19. Lorenz curve and Gini Coefficient

D. Explanations of Macroscopic Patterns. Figure S20 plots the time series of the normalized number of links by the most267

popular and 2nd most popular individuals. We see that, in the large groups, there is a major difference in this ratio across268

the two pricing rules. In particular, under the betweenness pricing, the link inequality between the main hub and the others269
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continuously grows over time. Moreover, we observe that the decline in the connectivity of the 2nd most popular individual270

tends to occur later during the round for the larger groups (after around 60 seconds in N = 50 and 200 seconds in N = 100).271

a Criticality N = 10 b Criticality N = 50 c Criticality N = 100

d Betweenness N = 10 e Betweenness N = 50 f Betweenness N = 100

Fig. S20. Fraction of links (number of links divided by N − 1)

Figures S21 and S22 show the distribution of the two types of benefits that can be obtained in the experiment: access272

benefit represents the gains from trading with others in the network (through being connected to them), and brokerage rent273

represents the gains from acting as an intermediary between any pair of traders in the network. Figure S21 shows that access274

benefits dominate to generate earnings in the groups. Moreover, we see a significantly larger fraction of brokerage rent under275

the betweenness pricing. Figure S21 further shows different distributions for the most connected individuals, especially in the276

large groups where individual earnings are mostly obtained through brokerage rents under betweenness pricing. This indicates277

that brokerage rent is the source of payoff inequality observed in those treatments.278

a N=10 b N=50 c N=100

Fig. S21. Distribution of gross payoffs: Sum of individual benefits

E. Regression table.279

F. Individual Decision Rule. In order to understand how subjects update their link proposals across the different treatments of280

the experiment, we consider a simple model of myopic best response with noise. The idea of noisy best responses is that the281
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a N=10 b N=50 c N=100

Fig. S22. Distribution of gross payoffs: Maximum individual benefits
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Distance Payoff Degree Efficiency Degree
inequality inequality

N = 50 1.689*** 0.850*** 1.876*** -0.030*** 0.372***
(0.037) (0.037) (0.037) (0.037) (0.037)

N = 100 2.193*** 1.284*** 4.226*** -0.081*** 0.597***
(0.044) (0.044) (0.223) (0.016) (0.063)

(N = 10)×Between -0.282*** 0.499*** 0.677*** -0.103*** 0.332***
(0.029) (0.137) (0.319) (0.023) (0.065)

(N = 50)×Between -1.486*** 12.558*** 11.239*** -0.269*** 1.150***
(0.037) (0.581) (0.993) (0.006) (0.030)

(N = 100)×Between -1.681*** 22.816*** 12.689*** -0.364*** 1.506***
(0.063) (2.450) (1.222) (0.020) (0.085)

Obs. 36,000 35,998 36,000 35,974 36,000
R-squared 0.917 0.763 0.617 0.672 0.751

Notes: Standard errors clustered at the group level (24 clusters in total) are shown in parentheses. ***
represents significance level 1%. All regressions include a list of dummies for time seconds (time fixed effects).

Table S6. Panel Regression Results of Group Outcomes

probability that player i selects a link proposal vector st
i at time t is proportional to the material payoffs associated with st

i,282

conditional on the link proposal matrix by the others at time t − 1 denoted by st−1
−i .283

Let st
i denote a vector of link proposals that can be made by subject i at time t > 1 such that st

ij ̸= st−1
ij for some j ̸= i and284

st
ik = st−1

ik for all k ̸= j. Let St
i be the set of all such vectors st

i for subject i at time t − 1. At any time t > 1 when subject i285

makes a choice, we assume i selects a link proposal vector st
i ∈ St

i with the following choice probability, conditional on a link286

proposal matrix st−1
−i chosen by all other subjects at time t − 1:287

Pr(st
i|st−1

−i ) =
exp
(
λΠi

(
st

i, st−1
−i

))∑
ht

i
∈St

i
exp
(
λΠi

(
ht

i, st−1
−i

))288

where Πi(s) = Πcrit(s) or Πi(s) = Πbtwn(s) denote the normalized payoff function,§ and λ ≥ 0 represents the degree of noise:289

when λ = 0, subjects’ choices are purely random; when λ → ∞, subjects choose optimally with no decision error. Note that290

the above decision rule rules out the choice of “doing nothing”, as our focus is on understanding how subjects update their291

connections in the network.292

Let the experimental data be organized with a finite number of group outcomes at the round level r, Xrt ≡
(
x1

rt, x2
rt, ..., xm

rt

)
,293

over time t = 1, ..., 360. We consider three main outcomes at the group level (i.e., m = 3):294

• Connectedness defined by ratio of pairs connected with each other;295

• Average degree per individual;296

• Degree inequalilty defined by the ratio of maximum degree to median degree.297

We aim at explaining the data with the simple model of myopic best response with noise described above. For any link proposal298

matrix st−1 observed at time t − 1 in the experiment (for a given group and a given round), we predict the next link proposal299

matrix at time t (i.e., st) by exclusively applying this decision rule to all subjects of the group who actually made a choice at time300

t in the experiment (i.e., the link proposals associated with inactive subjects at time t remain unchanged). These predictions301

allow us to generate the stochastic time series of group outcomes, denoted by {Yt (λ)}360
t=1 ≡

{(
y1

t (λ) , y2
t (λ) , ..., ym

t (λ)
)}360

t=1
.302

The method of estimating parameter λ is based on the generalized method of moments (GMM) that minimizes the average303

distance between Xrt and the expectation of Yt (λ), i.e. E [Yt (λ)], over different rounds r at every time t. That is, we consider304

the following moment condition with a vector-valued m × 1 function at every time t:305

Dt (λ) ≡ E [Xrt − E [Yt (λ)]] = 0306

§As the scale of individual payoffs grows significantly with group sizes, we normlize them through the conversion rates that were used in the experiment to obtain similar average earnings across treatments.
More precisely, this normalization consists of dividing individual payoffs by 20 for N = 10, 110 for N = 50, and 220 for N = 100
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We then take the sample average of this moment condition over different rounds r = 1, ..., R, at every time t307

D̂t (λ) = 1
R

R∑
r=1

[
Xrt − ˜E [Yt (λ)]

]
308

where ˜E [Yt (λ)] denotes the average of group outcomes generated from the model with parameter λ with a sufficiently large309

number of simulations (in practice, we consider 1000 such simulations for each estimation exercise). Note that the gap between310

E [Yt (λ)] and ˜E [Yt (λ)] is assumed to vanish as the number of simulations increases.311

Using the theory of generalized method of moments, we can find λ that minimizes the following objective function312

360∑
t=61

(
1
R

R∑
r=1

[
Xrt − ˜E [Yt (λ)]

])′

W

(
1
R

R∑
r=1

[
Xrt − ˜E [Yt (λ)]

])
313

where W is a positive-definite m × m weighing matrix.314

Practically, we use the two-step estimation approach as follows:315

• In the first step, we take W as the identity matrix and compute λ̂(1) that minimizes the objective function.316

• In the second step, we compute an estimated Ŵ(1) based on the first-step estimation λ̂(1):317

Ŵ(1) =
360∑

t=61

(
1
R

R∑
r=1

[
Xrt −

˜
E
[
Yt

(
λ̂(1)

)]])( 1
R

R∑
r=1

[
Xrt −

˜
E
[
Yt

(
λ̂(1)

)]])′

318

We then plug Ŵ(1) in the objective function319

360∑
t=61

(
1
R

R∑
r=1

[
Xrt − ˜E [Yt (λ)]

])′

Ŵ(1)

(
1
R

R∑
r=1

[
Xrt − ˜E [Yt (λ)]

])
320

and compute λ̂ that minimizes the above objective function.321

Note that our focus is on estimating the noise parameter to predict behavior in the payoff effective period (last 300 seconds)322

of every round from the experiment.323

Given the noisy best response model generates stochastic time series of group outcomes, we approximated the model324

predictions by averaging the group statistics across 1000 simulations (at any given second, for each parameter estimation). In325

order to assess the robustness of such estimations, we repeated the procedure for 10 iterations for each treatment.326

The resulting parameter estimations across all treatments are reported in Figure S23.327

In order to compare the performance of the noisy best response model through the estimated parameter λ, we simulated328

the corresponding dynamics when applying the average values for λ from Figure S23, and starting from the link proposal329

matrices observed at the end of the trial period across our experimental sessions. In a given simulation, the set of active players330

(updating at least one link proposal) at every second was perfectly matched with the set of active subjects in a round of the331

experiment (each simulation was therefore matched with one round and one group of the experiment). Figures S24, S25, S26,332

S27, S28, and S29 show the resulting dynamics (solid lines) in comparison with the experimental data (dashed lines), across333

various statistics (link inequality, efficiency, degree, payoff inequality, connectedness, distance).334

For comparison, we also estimate separately the noise parameter to predict behavior in the trial period (first 60 seconds)335

across all treatments, using the same method. The corresponding results are reported in Figure S30.336

G. Incentives. Table S7 shows that forming 2 links generates the highest payoffs (also observe that forming a large number of337

links is never profitable in this case). Matters are quite different under betweenness pricing: Table S7 shows that the highest338

payoffs are earned by a small fraction of subjects forming at least 5 links for N = 10, 15 links for N = 50, and 20 links for339

N = 100. On the other hand, among subjects with lower degree (the vast majority), the most profitable behavior is to form340

exactly one link.341
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Fig. S23. Estimated noise parameter λ across treatments (average values based on 10 estimations per treatment; error bars
show 95% confidence interval)
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a N=10 b N=50 c N=100

Fig. S24. Link inequality (solid lines represent the simulations based on the myopic best response model using the estimated
noise parameter lambda; dashed lines represent the experimental data)
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a N=10 b N=50 c N=100

Fig. S25. Efficiency (solid lines represent the simulations based on the myopic best response model using the estimated noise
parameter lambda; dashed lines represent the experimental data)
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a N=10 b N=50 c N=100

Fig. S26. Mean degree (solid lines represent the simulations based on the myopic best response model using the estimated noise
parameter lambda; dashed lines represent the experimental data)
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a N=10 b N=50 c N=100

Fig. S27. Payoff inequality (solid lines represent the simulations based on the myopic best response model using the estimated
noise parameter lambda; dashed lines represent the experimental data)
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a N=10 b N=50 c N=100

Fig. S28. Connectedness (solid lines represent the simulations based on the myopic best response model using the estimated
noise parameter lambda; dashed lines represent the experimental data)
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a N=10 b N=50 c N=100

Fig. S29. Distance in the largest component (solid lines represent the simulations based on the myopic best response model
using the estimated noise parameter lambda; dashed lines represent the experimental data)
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Fig. S30. Estimated noise parameter λ in the trial period (first 60 seconds) across treatments (average values based on 10
estimations per treatment; error bars show 95% confidence interval)
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Criticality Betweenness
Links Stats N = 10 N = 50 N = 100 N = 10 N = 50 N = 100

1
% 11.3 8.4 8.2 21.5 30.8 25

Payoff 20.6 109.2 220.4 20.1 100.9 176.3

2
% 45.1 42.7 42.2 25.9 19.2 21.2

Payoff 26.3 154.9 314.3 17.6 76.3 127.2

3
% 26.6 24.5 22.5 21 13.6 14.6

Payoff 24 133.8 270.3 17.2 53.5 81.9
...

...
...

...
...

...
...

...

5-10
% 5.5 11.8 13.2 16.3 19.7 18

Payoff 25.2 58.6 92.4 40.1 -0.9 -27.7

10-15
% . 0.6 1.7 . 3.9 5.9

Payoff . -38.9 0 . 2.1 -112

15-20
% . 0.1 0.5 . 1.2 2.2

Payoff . -75.3 92.4 . 114.8 -38.4

20-25
% . 0 0.1 . 0.7 1

Payoff . -387.4 -247.1 . 451.7 183.7

Table S7. Average fraction of subjects with specific numbers of links (from 1 to 25) and associated mean payoffs (values in bold highlight the
most profitable level of connectivity for each treatment)

7. Experimental instructions342

[In the following instructions, N is to be replaced with a value from {9, 49, 99}, R is to be replaced with a value from {20, 110, 220},343

C is to be replaced with a value from {8, 40, 80}, and I is to be replaced with a value from {80, 400, 800} depending on the treatment]344

345

[All treatments]346

Please read the following instructions carefully. These instructions are the same for all the participants. The instructions347

state everything you need to know in order to participate in the experiment. If you have any questions, please raise your hand.348

One of the experimenters will answer your question.349

In addition to the 5 euro show up fee that you are guaranteed to receive, you can earn money by scoring points during350

the experiment. The number of points depends on your own choices and the choices of other participants. At the end of the351

experiment, the total number of points that you have earned will be exchanged at the following exchange rate:352

R points = 1 Euro353

The money you earn will be paid out in cash at the end of the experiment. The other participants will not see how much354

you earned.355

In this experiment, you will participate in 6 independent rounds of the same form. The first round is for practice and does356

not count for your payment. The next 5 rounds will be counted for your payment. At the beginning of the first round, you357

will be grouped with 49 other participants; so there are N+1 participants in all in your group. This group will remain fixed358

throughout the six rounds.359

A round360

We now describe in detail the process that will be repeated in each of the six rounds.361

362

At the beginning of a round, you in your computer screen will be identified as the circle of ‘Me’ and the other participants363

will be randomly assigned an identification number of the form “Px” where x is a number between 1 and N, and identified as364

the circle of “Px”. The ID assignment of the other participants will remain unchanged within the round and will be randomly365

made again at the beginning of the next round (e.g., node P4 does not refer to the same participant across different rounds).366

Each round will last 6 (six) minutes. At the very beginning of the round, participants will start with an empty network367

where no link among them is formed. All participants will then be asked to propose any number of links to any of the other368

participants to whom they wish to link by double-clicking on their corresponding nodes. Anyone who makes a link proposal to369

you (while you do not make a link proposal with them) will become triangle-shaped. For example, players P2, P3, and P4370

make link proposals to you in the left part of Figure 1 (while you do not make any link proposal). Similarly, any link proposal371

38 of 50 Syngjoo Choi, Sanjeev Goyal and Frédéric Moisan



that you make to player who does not make one with you will become square-shaped.372

373

A link between two participants will be formed only if both of the participants proposed a link with each374

other. Anyone who is linked with you, called your neighbour, will become circle-shaped.375

376

For example, from the left part of Figure 1, suppose that you make link proposals to each of P2, P3, P4 and P6. Because377

you also received link proposals from P2, P3, and P4, each of them is now linked to you and becomes circle-shaped. This378

is shown in the right part of Figure 1. On the other hand, P6 did not make a link proposal to you, and as a result, P6 will379

become square-shaped on your screen. Those who neither proposed a link to you nor received a link proposal from you will380

remain circle-shaped (for example, P1, P5, and P7, in the right part of Figure 1). Note that the network depicted in Figure 1381

is also shown on your screen as a tutorial for you to test the experimental interface by creating and/or removing link proposals382

with other (virtual) players.383

384

Figure 1

385

Every participant will be allowed to add/delete link proposals with other participants at any moment during386

the six minutes of the round. If you delete a link proposal to a participant who was linked to you (someone shown circle-387

shaped in the screen), then that participant will no longer be linked to you and will revert to being triangle-shaped. If you388

delete a link proposal to a participant who received a link proposal from you but did not propose a link to you (who was389

shown square-shaped in the screen), that participant will become circle-shaped. For example, starting from the network390

in the left part of Figure 2, deleting the link proposals to P3 and P6 will result in the network shown on the right part of391

Figure 2. In these ways, the computer screen will update the network every 2 seconds or whenever you revise your linking decision.392

393
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Figure 2

394

In summary, the shape of each participant on the computer screen indicates your relationship with them.395

• Circle: they are linked with you or unlinked (no proposal from them or from you)396

• Square: you propose a link, but they do not reciprocate.397

• Triangle: they propose a link to you, but you do not reciprocate.398

The first minute of each round will be a trial period and only the last 5 minutes will be relevant for your399

earnings in that round. Your earnings in the round will be based on everyone’s choice at a randomly selected moment400

in the last 5 minutes of the round. In other words, any decision made before or after that randomly chosen moment will401

not be used to determine your points. This precise moment will be announced to everyone only at the end of the round, along402

with the corresponding behavior and earnings.403

404

In order to help you keep track of potential earnings which you and the other participants make during the round, your405

earnings at each moment will be presented at the top part of the computer screen. In addition, the payoff of each participant406

from the network is presented inside their corresponding node (rounded to the closest integer, below their identification number).407

408

After participants are informed of their earnings at a randomly chosen moment, the next round will start with the computer409

randomly assigning IDs of the other participants in your group. This group is the same as in the previous round. However, IDs410

of other players are likely to be different across different rounds.411

412

Earnings413

At the beginning of the experiment, you are given an initial balance of I points. The first round will be used to414

familiarize yourself with the experiment and will have no influence on your earnings. Your final earnings at the end of the415

experiment will consist of the sum of points you earn across the last 5 rounds, plus this initial balance. Note that if your final416

earnings go below 0, they will be treated as 0.417

418

Your earnings in each round depend on benefits you get from your own connection to the other participants and whether419

you are critical for the connection between two other participants (brokerage rent), and the cost of linking you pay.420

421

In a network, two participants are said to be connected when there exists a path linking them. For example, in the right422

part of Figure 1, you are connected with the five participants of P1, P2, P3, P4, and P5.423

424
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[Treatment Criticality only]425

A participant is said to be critical for the connection between two other participants if they are connected and the participant426

lies on ALL paths between them. In the pair between you and P5, P1 is critical because P1 lies on each of the two paths427

between you and P5.428

429

Every connected pair of two participants creates a value of 10 points. The pair creating the value of 10 points shares this430

value equally among themselves and all the critical participants between them.431

432

Your total benefits consist of433

(1) The benefits you earn from your own connection to other participants,434

(2) The brokerage rents you earn from by being critical for the connection between pairs of other participants.435

436

[Treatment Betweenness only]437

Flow of transactions between two participants will be only made through a shortest path between them in the network. This438

means that only a participant who lies on a shortest path between two other participants can be involved in transactions439

and earn brokerage rent. For instance, consider the right part of Figure 1: between Me and P5, there are two shortest paths:440

Me-P4-P1-P5 and Me-P3-P1-P5. Both paths have two participants lying on them, and can be used for trade between Me and441

P5.442

Every connected pair of two participants create a value of 10 points. This value is divided equally among the connected443

pair and participants lying on any existing shortest path. If M is the number of participants lying on any shortest path for the444

pair, then each member of the pair earns 10/(M+2) points. Other participants lying on any shortest path earns 10/(M+2)445

points multiplied by the proportion of the number of shortest paths that she lies on. By way of illustration, consider the446

right part of Figure 1: there are two shortest paths between Me and P5 with 2 participants lying on each of them (M=2), and447

therefore participants P3 and P4 who lie on one shortest path each receive 1.25 points (10/(2 + 2) × 1/2). However, participant448

P1 lies on both the shortest paths and receives 2.5 points (10/(2 + 2)).449

450

Your benefits therefore consist of451

(1) The benefits you earn from your own connection to other participants,452

(2) The brokerage rents you earn for lying on shortest paths between pairs of other participants.453

454

[All treatments]455

On the cost side, you pay C points per link that is created by you. Note that a link proposal made by you will cost you456

C points only if the participant who received your link proposal has also made a link proposal to you. Otherwise, your link457

proposal does not create a link and costs nothing.458

459

Therefore, your earnings in each round correspond to the network chosen at a random moment from the last five minutes of460

the experiment.461

Earnings = (sum of values you obtain from your connections with others) + (sum of values you obtain from brokerage) – (total462

cost of links created by you)463

The top part of the computer screen shows you the earnings that are decomposed into the three parts:464

• Benefits from being connected465

• Brokerage rents466

• Costs of linking467
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To give you a concrete idea of how each part of earnings is computed, let us take the network on the right part of Figure 1.468

You are presented as Me.469

470

First, observe that there is no path to two participants - P6 and P7: as you are not connected to them, you obtain no471

benefit from them.472

473

[Treatment Criticality only]474

Second, you are connected to four participants – P1, P2, P3 and P4 – without any critical participants. You obtain 10/2 = 5475

points from each of these connections. You are also connected to another participant, P5, and there is one critical participant,476

P4, between you and P5. You obtain 10/3 = 3.3 points. Therefore, the benefits that you get from your connections are477

10
2 × 4 + 10

3 ≈ 23.3

Third, observe that you are critical between P2 and each of the four participants – P1, P3, P4, and P5. So you obtain478

brokerage rents from these pairs. Specifically, you are the only critical participant in three pairs – (P2, P1), (P2, P3), and (P2,479

P4). In the pair (P2, P5), you and P1 are both critical. The brokerage rents you obtain are480

10
3 × 3 + 10

4 = 12.5

Recall that your payoff is only affected by the reciprocated links.481

482

[Treatment Betweenness only]483

Second, you are connected to three participants – P2, P3 and P4 – without any intermediary. You obtain 10/2 = 5 points from484

each of these connections.485

486

You are connected to participant P1, through two participants P3 and P4, lying on two distinct shortest paths, between you487

and P1. You and participant P1 each receive 10/(2 + 1) = 3.3 points. You are also connected to participant P5 through 3488

intermediaries: P3 and P4 lying on only one shortest path, and P1 lying on both shortest paths. You and participant P5 each489

receive 10/(2 + 2) = 2.5 points. Therefore, the benefits that you get from your connections are490

5 × 3 + 3.3 + 2.5 ≈ 20.8

Third, observe that you lie on all shortest paths between P2 and each of the four participants – P1, P3, P4, and P5. So you491

receive brokerage rents from these pairs – (P2, P1), (P2, P3), (P2, P4), and (P2, P5). You are the only intermediary for the492

pairs (P2,P3) and (P2,P4) and therefore earns 3.3 points (≈ 10/(1 + 2)) for each.493

494

Two other intermediaries (P3 and P4) are lying on a shortest path for the pair (P2, P1). Since they each lie on only one of495

the two existing shortest paths, you earn 2.5 points (= 10/(2 + 2)).496

497

Similarly, there are three other intermediaries lying on a shortest path for the pair (P2, P5): P3 and P4 lie on only one of498

the two shortest paths, and P1 lies on both of them (as you do). As a result, you earn 2 points (= 10/(3 + 2)).499

500

You also lie on one shortest path out of the two shortest paths between P3 and P4. You therefore receive brokerage rents501

1.7 points (≈ 10/(1 + 2) × 1/2) from this pair. The total brokerage rents you obtain are502

2 × 3.3 + 2.5 + 2 + 1.7 ≈ 12.8

Recall that your payoff is only affected by the reciprocated links.503

504
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8. Questionnaires505

At the end of the experiment, subjects answered a set of surveys aiming at measuring various types of individual differences.506

More precisely, incentivized measures of comprehension in network game, social preferences, and risk preferences were used.507

Finally non incentivized personality measures were used before which subjects filled up a debriefing questionnaire that includes508

demographics information.509

A. Comprehension check. In order to assess the subjects’ comprehension of the network game played during the experiment,510

we provided 6 questions, each of which with a unique correct answer. Each correct answer was rewarded with 0.1 euro for the511

subject.512

All the same 6 questions were used across all treatments. In all treatments, the correct answers are “10 pts” to question 1,513

and “40 pts” to question 2, and “a randomly selected moment in the last 5 mins” to question 3.514

The following questions 3, 4, and 5 relate to best response behavior in forming a link in some network. Correct answers515

are as follows: “P1” in question 4 (all treatments); “P1” (hub of the left hand side star) in question 5 (all treatments); “P18”516

(only node connecting the left and right component) for Criticality treatment, and “P1” (center of wheel on left hand side) for517

Betweenness and Distance treatments in question 6.518

Syngjoo Choi, Sanjeev Goyal and Frédéric Moisan 43 of 50



B. Social preferences. The social preferences measure was adapted from (10) and involved a series of five money allocation519

tasks between the decision maker and some anonymous external participants of another experiment at the LINEEX lab520

(corresponding payments were therefore made to these external passive participants). The five tasks used in our experiment521

were represented through sliders as shown in the following figure:522
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Note however that each question was presented in a different screen, and the order of presentation was randomized for every523

subject. Furthermore, 50 points were worth 1 euro both the subject, and the other anonymous external participant. Detailed524

instructions provided to the subjects, as well as a screenshot highlighting one of the above five questions are described below.525

Instructions: You are asked to answer a series of 5 questions, each of which consists of selecting an allocation of points that526

you most prefer between yourself and an anonymous randomly selected person who is participating to a different experiment in527

this lab. At the end of the study, we will randomly select your allocation for 1 of the 5 questions to determine the payments for528

both you and the other person in this part. Your decisions will remain unknown to the other persons you are matched with.529

C. Risk preferences. The risk preference measure was adapted from (11) and consisted of a series of five binary choices between530

lotteries, presented as in the figure below.531

D. Personality test. Non incentivized measures were used through a simplified version of the Big Five personality inventory test532

adapted from (12), as shown below.533
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