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The production of knowledge is a collective endeavor. Scien-1

tific discovery, for instance, reflects not only the insights of in-2

dividual scientists but also interactions among scientists. This3

is often taken to reflect social influences on collective epistemic4

vitality, the capacity to generate and synthesize new ideas. How-5

ever, in science, it is difficult to separate intellectual influence6

from access to material resources, such as equipment and grant7

funding, since networks of collaboration influence the circula-8

tion of both intellectual and non-intellectual resources. Here,9

as a strict test of how social structure shapes intellectual dis-10

course, we use the three-thousand-year history of a human de-11

bate in communities that relied on intellectual argumentation12

(rather than, say, empirical experiments). Building on the work13

of historians and sociologists, we digitized and quantified the14

time-evolving network structure of interaction among intellec-15

tuals (N = 3187), broadly construed, from religious debate in16

ancient India (c. 800 BCE) to 20th century debates about the17

logical foundations of mathematics in Europe and North Amer-18

ica. We find that the production or preservation of knowledge19

by a community is explained by its network structure but not20

with overall levels of antagonism, suggesting that how commu-21

nities are organized matters more for intellectual progress than22

how contentious they are. Extending tools from collective intel-23

ligence to intellectual history, we call for an integration of the24

science of science, the philosophy of science, and the history of25

ideas to forge a comprehensive understanding of the social dy-26

namics of knowledge.27
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Introduction33

The production of knowledge is often a social endeavor (1–34

7). It follows that the dynamics of knowledge production may35

depend not only on individual genius but on the distributed36

interpersonal interactions that give rise to collective think-37

ing. Within science, for instance, the collective dynamics of38

discovery are predicted by the structure of social interactions39

among scientists, as captured by co-authorship (8–14). While40

this is often taken as evidence for social influences on the dy-41

namics of ideas, scientific collaborations also shape access42

to non-intellectual resources like equipment and grant fund-43

ing, which can shape scientific productivity (15–19). This44

confounding of intellectual and non-intellectual exchange has45

made it difficult to isolate the influence of social structure on46

the dynamics of collective knowledge.47

Here, to investigate the relationship between social struc-48

ture and collective knowledge, we leverage a three-thousand-49

year record of intellectual traditions that foreground system-50

atic reasoning and argumentation (Fig. 1). From ancient51

times to the modern era, in societies across the globe, com-52

munities of thinkers have engaged in sustain discourse with53

their own influential thinkers, intellectual foci, and debates54

(20). Here, we focus on abstract argumentation by spe-55

cialized intellectuals — forms of knowledge production that56

encompass not only debates in contemporary departments57

of philosophy, mathematics, and theology, but also a much58

wider range of historical debates: metaphysical and logi-59

cal disputes among early Buddhist and Jain thinkers in In-60

dia, scholastic theology in Medieval Europe and the Islamic61

world, debates over virtue and governance in Confucian and62

Legalist schools in China, controversies surrounding the for-63

mal foundations of mathematics and logic in the modern era,64

and the natural philosophy that gave rise to modern science65

during the European scientific revolution (21). These tradi-66

tions represent some of the oldest forms of collective knowl-67

edge production, in some cases predating the emergence of68

modern institutionalized science by thousands of years.69

While these intellectual communities cover much of the70

ambit of human thought, they share in common an engage-71

ment with abstract ideas through a process of argumentation.72

They vary, however, in their epistemic outcomes — that is,73

the way they preserved or transformed knowledge. Through-74

out history, some intellectual communities are characterized75

by the emergence and synthesis of new ideas, effectively76

"changing the conversation" in a way analogous to disrup-77

tive scientific discoveries (12). We refer to this as epistemic78

vitality. Other intellectual communities primarily focus on79

taking existing ideas and preserving, interpreting, or elaborat-80

ing upon them, thus acting as a system of collective memory.81

We refer to this as epistemic stasis. Both vitality and stasis82

are valuable — one generating and integrating new ideas, the83

other preserving established ones — analogous to the distinc-84

tion between paradigm-shifting “revolutionary” science and85

paradigm-preserving “normal” science (3). A central ques-86

tion, then, is what explains why some communities become87

more epistemically vital, while others tend toward stasis. One88

possibility is that these collective epistemic dynamics reflect89

the underlying social structure of a community.90

Historically, several frameworks have emphasized the so-91

cial dynamics of intellectual thought. The 19th century the-92
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DRAFTFig. 1. Global intellectual communities throughout history. (A) All geographic locations of all intellectual networks included in the study. Inset shows the region of Europe
and the Middle East with the highest density of intellectual communities, although there are communities from throughout Africa, America, Asia, and Europe. Map created
using ggmap (22). (B) The timeline of each intellectual community, with lines indicating their start and end dates. Numbers next to the lines correspond to figures in (21);
colors indicate the vitality of each community, except for the black line that designates the network visualized in panel C; the location and identity of each numbered network
is available in the Supplemental Materials. (C) An example of one network, described in (21) as, "The European Network: The Cascade of Circles," which lasted from 1600
to 1735 CE. Nodes represent individual intellectuals (key figures labeled); edges represent intellectual relationships (solid blue = non-conflictual; dotted orange = conflictual).
Each network was divided into non-overlapping temporal periods of equal duration (indicated by horizontal black lines, with years on the right), following the temporal divisions
introduced in Randall Collins’s visual representations of the history of intellectual networks (21).

ologian and historian John Henry Newman (23) likened epis-93

temic systems to living organisms, gaining maturity through94

sustained internal debate. The 20th century philosopher of95

science Thomas Kuhn (3) described intellectual traditions as96

paradigm-bound, periodically restructured when crises spur97

the adoption of new frameworks.. At the turn of the current98

century, the sociologist Randall Collins (21) argued that intel-99

lectual traditions are structured by competition for collective100

attention among individual thinkers and their apprenticeship101

lineages. Thus, while knowledge generation is sometimes102

caricatured as the solitary pursuit of understanding, individu-103

als are nearly always operating within larger intellectual com-104

munities.105

It remains unclear, however, which features of a commu-106

nity are responsible for its epistemic vitality. One family of107

views holds that vitality arises from individual-level tension,108

disagreement, or diversity (24–26). According to these ac-109

counts, the most productive communities are those marked by110

persistent disagreement (27) or by a high degree of individual111

autonomy, where thinkers are relatively isolated and free to112

pursue independent lines of inquiry (28, 29). Others empha-113

size the placement of individuals within the larger social net-114

work, such as centralizing disruptors (12, 30) or intellectual115

outsiders in the periphery of the social network (31, 32). Still116

other accounts highlight more system-level factors such as117

the balance between tight-knit collaboration and intellectual118

distance (21, 33). Productive communities, for instance, have119

been proposed to consist of a small number of highly inte-120

grated groups that generate intellectual energy through com-121

petition and debate (21). Synthesizing these perspectives,122

recent work emphasizes the dual importance of innovation123

within independent sub-communities and the role of ‘bridg-124

ing nodes,’ individuals or institutions that connect otherwise125

disconnected subgroups (12, 33–35). According to these ac-126

counts, epistemically vital communities should exhibit struc-127

tural convergence, in which different subgroups are brought128

together. These proposals are not mutually-exclusive, but129

they highlight different structural features that may contribute130

in parallel to a community’s epistemic vitality.131

Answering these questions requires knowledge of an132

epistemic community’s social network. Purely theoretical de-133

bates rely on the exchange, critique, and collaborative explo-134

ration of ideas. In science, social networks can be inferred135

from patterns of co-authorship (7, 11, 12, 14, 36). For in-136

tellectual communities throughout history, however, quanti-137

fying the network of intellectual exchange is more difficult.138

Co-authorship was unheard of in many intellectual commu-139

nities (37), even though intellectuals engage deeply with each140

other through social interaction (21). Thus, while many in-141

tellectual traditions share with science and other epistemic142
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DRAFTFig. 2. Quantifying the structure of intellectual communities. (A) Historically notable figures were highly connected within their communities. Each point (N = 3187)
represents one intellectual’s normalized degree (y-axis) within their community, plotted against the mean degree of that community (x-axis). Columns of points represent
intellectuals within a particular community. Historically transformative intellectuals (annotated) appear consistently as high-degree nodes relative to their peers. (Color
indicates each community’s mean year.) (B) Intellectual communities were highly structured. Density plots of key network measures. Measures for each network were
z-scored relative to the network’s null distribution derived from time-respecting null networks (see Methods for details). Red lines at 0 thus represent the expected value of
the time-respecting null networks, and density plots represent z-scored values for real-world communities. (See Figure S2 for additional network measures). (C) Correlation
heatmap of the same key network measures shown in (B). (See Figure S1 for additional network measures.) (D) Rank ordering of agent betweenness centrality in vital
and static networks. For each network, the agent with the nth highest betweenness centrality was identified and points represent the group average at each rank across all
networks. Static group points are slightly right-shifted, highlighting convergence between network types. Color indicates the network’s epistemic vitality.) (E) Vital and static
communities differed in network structure. Each network was embedded in a 2-dimensional structure space, created using Principle Component Analysis. PC1 primarily
captures network integration and centralization, while PC2 relates more to community fragmentation. Color indicates the network’s epistemic vitality. Crosses represent
means ± standard errors.

practices a reliance on intellectual exchange, quantifying that143

intellectual change has been difficult to do at scale. In prin-144

ciple, traditions of abstract reasoning should serve as model145

systems for studying the social life of knowledge, but doing146

so in practice has been difficult.147

To investigate the structural features of social networks148

that generate epistemic vitality, we digitized and analyzed149

the structure of social exchange within intellectual commu-150

nities spanning nearly three thousand years (see Methods151

for details). Since co-authorship was infrequent in many of152

these communities, social networks must therefore be recon-153

structed from historical evidence. This was undertaken by154

the sociologist Randall Collins, who reconstructed the social155

structure of historical intellectual communities on the basis of156

a large-scale synthesis of 691 historical texts and biographies157

(21). We digitized and analyzed this dataset of social net-158

works, which consists of individual intellectuals (N = 3187159

nodes) and their discursive relationships (N = 5415 edges)160

across multiple historical communities (N = 55 networks)161

spanning nearly three millennia (Fig. 1). Within each net-162

work — which often spanned multiple generations — in-163

dividuals are connected through various relationships, such164

as student-teacher ties, alliances, or rivalries. Each commu-165

nity is thus characterized by a social network that emerges166

over time from a mix of differing relationships. These net-167

works vary in complexity, with some containing over a hun-168

dred nodes (intellectuals) and hundreds of edges (relation-169

ships). Additionally, drawing on Collins’s synthetic assess-170

ments based on hundreds of historical documents (21), we171

categorized communities based on their historically docu-172

mented innovation (i.e., epistemic vitality) or emphasis on173

preservation (i.e., epistemic stasis).174

Using this corpus, we quantified the structure of intellec-175

tual social networks to examine how different patterns of so-176

cial connection relate to the dynamics of collective thought.177

Drawing inspiration from the theoretical accounts surveyed178

above, we measured a variety of factors that have been pro-179

posed to facilitate epistemic vitality. We analyzed the tempo-180

ral evolution of these measures within each network, investi-181

gating how structure emerged over time. Finally, we exam-182

ined how individual actors and broader community structures183

have related to epistemic vitality throughout the history of184

knowledge production, showing that the temporal trajectory185

of a community’s network structure predicts its epistemic vi-186
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tality.187

Results188

Quantifying the social structure of intellectual debate.189

Based solely on local connectivity, foundational figures from190

the history of intellectual debate stood out as highly influen-191

tial relative to their peers (Fig. 2A). For each intellectual, we192

operationalized their relative influence within a network as193

their normalized degree (i.e., the number of links to other in-194

tellectuals, z-scored within each community). As a few illus-195

trative examples, highest-degree nodes included Confucius,196

Socrates, Husserl, John Stuart Mill, and Leibniz, all major197

figures from the history of thought; Kant was second only to198

Schiller.199

The contributions of individual intellectuals, however,200

should depend on the larger communities in which they are201

embedded. We thus quantified the social structure of in-202

tellectual debate across history by characterizing each com-203

munity’s social network using a set of structural measures.204

These included macroscale properties (e.g., modularity, num-205

ber of k-cores, sparsity), microscale features (e.g., peak cen-206

trality, cyclicity, average clustering), and global distance-207

based features (e.g., average path length, network diameter).208

These measures tended to group into three correlated clusters209

related to community structure, network centralization, and210

path length (Figure 2C; Figure S1; see Table S1 for descrip-211

tions of each measure and their correlations). To contextual-212

ize these measures, we generated time-respecting null models213

by randomly rewiring each network’s edges while preserving214

temporal structure (see Methods for details).215

Intellectual networks generally exhibited greater com-216

munity structure and network centralization than expected217

by chance. Intellectual communities exhibited significantly218

greater modularity and sparsity than their null counterparts,219

with 96.2% of networks scoring above the median of their re-220

spective null distributions for both measures. Binomial tests221

confirmed that the proportion of networks exceeding their222

null counterparts was significantly greater than chance for223

both modularity (p < 0.001) and sparsity (p < 0.001), sug-224

gesting that intellectual communities tend to be both well-225

partitioned and loosely connected. Real networks also con-226

tained more communities (79% above nulls, p< 0.001), indi-227

cating a tendency toward intellectual factionalism; were more228

cyclical (96%, p < 0.001), reflecting discursive feedback be-229

tween scholars; and more clustered (68%, p= 0.006), a sign230

of tight-knit local interactions. Additionally, peak central-231

ity was higher in 70% of networks (p = 0.003), suggesting232

the presence of individuals who were especially influential233

within their respective systems.234

The network structure of epistemic vitality. We next in-235

vestigated whether certain network structures facilitate epis-236

temic vitality. We classified intellectual communities into237

periods of epistemic vitality or of stasis, based on the ac-238

count of global intellectual exchange in Collins’ Sociology of239

Philosophies (21), which synthesized historical research on240

intellectual communities throughout history. Epistemically241

vital periods were characterized by the emergence and syn-242

thesis of new ideas, while static periods either maintained ex-243

isting ideas or involved unresolved disputes that did not lead244

to synthesis (Figure 1B). We assessed the reliability of this245

classification of epistemic vitality using a pretrained machine246

learning model (see Methods); in the Supplemental Materi-247

als (Supplementary Note S3), we show that our results are248

robust to whether we use human or machine classification of249

epistemic vitality.250

Overall, vital and static communities did not differ sig-251

nificantly in size (Mstatic = 62 vs. Mvital = 57; Student’s252

t-test: t= 0.405, p= .69) or number of edges (Mstatic = 78253

vs. Mvital = 105, t= −0.914, p= .37). The question, then,254

is whether these nodes and edges were organized differently.255

Several theoretical accounts suggest that a community’s256

epistemic vitality is shaped by its social structure, including257

factors such as interconnectedness (33), levels of disagree-258

ment (27), centralizing individuals (34), and productive frag-259

mentation (24). We evaluated these proposals using mea-260

sures of the social network’s structure: connectivity and aver-261

age degree (representing interconnectedness of each commu-262

nity), peak centrality (indicating the existence of centralizing263

figures), and the scaled number of sub-communities (captur-264

ing fragmentation versus integration). As these were corre-265

lated (Fig. 2), below we also reduced these variables to two266

dimensions using Principal Component Analysis and exam-267

ined whether networks differing in vitality occupied distinct268

regions in this reduced feature space.269

To test the role of interconnectedness, we examined270

network connectivity and degree. Vital communities dif-271

fered reliably from static ones (Fig. 2D, E). Specifically,272

individual intellectuals in vital communities were more in-273

tegrated across the whole network (network connectivity:274

Mstatic = 0.18,Mvital = 0.49,p =< 0.001) and were more275

locally connected (average degree: Mstatic = 1.33,Mvital =276

1.88,p=< 0.001).277

To test the role of centralizing figures, we examined the278

peak centrality of intellectuals within each community. As279

predicted, vital communities contained individuals who were280

more centralizing (peak centrality: Mstatic = 0.07,Mvital =281

0.18,p=< 0.001). Inspection of the rank-centrality distribu-282

tion confirmed that vital communities were characterized by283

a few extreme outliers who were highly central; in the ab-284

sence of those highly central individuals, the distribution of285

node centrality was qualitatively the same for vital and static286

communities (Fig. 2D).287

Epistemically vital communities were thus more globally288

integrated, more locally connected, and contained extreme289

individuals who were centralizing. These three features all290

loaded highly on the first principle component, which reliably291

distinguished epistemically vital communities from static292

ones (linear regression predicting PC1: b = 1.624 ± 0.543293

SE, p= 0.004; Fig. 2E).294

By contrast, vital and static communities did not dif-295

fer in the tendency of intellectuals to disagree among them-296

selves or fragment into factions. To test the role of antag-297

onism or disagreement, we examined the tendency to dis-298
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Table 1. Linear mixed effects model predicting network structural measures over time.

Predictor Connectivity Avg Degree Peak Centrality Sub-Communities Disagreement Ratio
Intercept 0.23 (0.07) [3.22] 0.61 (0.14) [4.44] 0.04 (0.03) [1.22] 0.66 (0.06) [11.27] 0.63 (0.26) [2.42]
Vitality (Start) -0.01 (0.08) [-0.08] 0.29 (0.16) [1.81] 0.06 (0.04) [1.64] -0.06 (0.07) [-0.87] 0.18 (0.30) [0.62]
Vitality (End) 0.33 (0.13) [2.60]* 0.82 (0.22) [3.75]*** 0.13 (0.04) [3.31]** -0.23 (0.06) [-4.11]*** -0.07 (0.16) [-0.42]
Time -0.04 (0.13) [0.29] 0.14 (0.21) [0.65] 0.01 (0.05) [0.25] -0.07 (0.08) [-0.87] -0.12 (0.33) [-0.36]
Vitality × Time 0.34 (0.14) [2.35]* 0.54 (0.25) [2.18]* 0.07 (0.06) [1.16] -0.18 (0.09) [-2.02]* -0.25 (0.37) [-0.67]

Note: Vitality (Start) and Vitality (End) indicate the coefficient estimates for Vitality from two different models, one where Time was centered at each community’s origin, and
another where Time was centered at the community’s culmination. These model estimates thus capture the difference between epistemically vital and static communities at
their origin and culmination, respectively. Vitaliy × Time is the interaction between the Vitaliy and Time predictors; this captures the possible divergence or convergence of
Vital and Static networks over their lifetime (e.g., top two panels of Figure 3A). Standard errors and t-statistics are in parentheses and square brackets, respectively. Statistical
significance is indicated by asterisks (*, < .05; **, <.01; ***, <.001).

Fig. 3. The temporal emergence of epistemic vitality. (A) Temporal evolution of network structure within cross-sectional time periods. Vital and static communities did not
differ at their origin. Over time, however, vital communities became less fractionated (scaled communities) and contained more highly central individuals (peak centrality). By
contrast, vital and static communities had similar amounts of disagreement throughout their existence. (Lines = means; shaded ribbons = standard errors.) See Figure S4 for
additional network measures. (B) Temporal differentiation of the network structure of vital (orange) and static (green) communities. The x-axis shows the network structure
(integration and centralization) within each non-overlapping, cross-sectional time period. The y-axis shows the network structure accumulated from a community’s origin
up until that time period. This allows us to visualize the temporal evolution of network structure, both cross-sectional (x-axis) and cumulative (y-axis). Static communities
show little change over time in the integration and centralization of intellectuals within a given time period (x-axis) and only a slight increase in cumulative structure. Vital
communities, by contrast, grew more integrated and centralized both with each subsequent time periods (x-axis) and overall (y-axis). (Points = means. Shaded circles =
standard errors.

agree within each community (ratio of conflictual to non-299

conflictual edges). Vital and static communities did not dif-300

fer in antagonism (Mstatic = 0.45,Mvital = 0.26,p= 0.19).301

This suggests that it is not the sheer amount of disagreement302

that distinguishes vital communities, but rather how that dis-303

agreement is structured. To test the role of fragmentation, we304

measured the tendency of communities to cluster into sub-305

communities (number of sub-communities, scaled by net-306

work size). Vital and static networks did not differ along307

this dimension (Mstatic = 0.19,Mvital = 0.16,p = 0.24).308

This measure loaded highly on the second principal com-309

ponent, which did not reliably distinguish vital communi-310

ties from static ones (linear regression predicting PC2: b =311

0.148 ± 0.285 SE, p= 0.61). Epistemic vitality may depend312

less on how much communities disagree or fragment into fac-313

tions, and more on how disagreements and sub-communities314

are organized to support productive tensions at the collective315

level.316

Thus, while intellectuals in vital and static communities317

were equally likely to fragment into distinct sub-communities318

(PC2 in Fig. 2D), in vital communities the overall struc-319

ture was more integrated and centralized (PC1 in Fig. 2D).320

This is consistent with theories of epistemic vitality that fore-321

ground the importance of structural coherence and centraliz-322

ing figures, who can bridge communities and facilitate the323

circulation of ideas across otherwise disconnected subgroups324

(33, 34).325

.326

The temporal dynamics of epistemic vitality. We next327

investigated the temporal emergence of these networks. To328

analyze the temporal trajectory of network structure, net-329

works were divided into non-overlapping temporal periods330
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(Fig. 1c), following the temporal divisions introduced in Ran-331

dall Collins’s visual representations of the history of thought332

(21). Within each network, these periods were of equal du-333

ration, typically corresponding to approximately one gener-334

ation, although sometimes of longer duration for communi-335

ties that persisted for hundreds of years. To examine how336

centrality and community structure shape the dynamics of337

agreement and disagreement in systems with differing levels338

of epistemic vitality, we analyzed how these distinguishing339

measures evolved over time, including the scaled number of340

communities, peak centrality, average degree, and the ratio341

of disagreement to agreement. To investigate the temporal342

evolution of these measures within each network, for each343

measure we fit a mixed effects model, with fixed effects of344

epistemic vitality, time within each community, and their in-345

teraction (Table 1; see Methods for details).346

Our analysis above of holistic community structure re-347

vealed that epistemic vitality was associated with greater348

network integration. We thus investigated how integration349

emerged over the life of an intellectual community (Table350

1; plotted in Supplementary Note 5.). We find that, at their351

origin, vital and static networks did not differ in integration,352

as measured by connectivity (effect of epistemic vitality on353

connectivity at communities’ origination (b = −0.01 ± 0.08354

SE, p = 0.94). Over time, however, the connectivity of non-355

vital communities remained stable (change over time in static356

communities: b = −0.04 ± 0.13 SE, p = 0.77), while epis-357

temically vital communities became more connected (vital358

communities: b = 0.30 ± 0.07 SE, < 0.001). At their culmi-359

nation, therefore, epistemically vital communities were more360

connected than static communities (effect of epistemic vi-361

tality on connectivity at the communities’ culmination: b =362

0.33±0.13 SE, p= 0.013).363

There was a similar pattern for community density as364

measured by average degree (Table 1 and Fig. 3A, bot-365

tom left), with no significant difference between vital and366

static communities at the beginning (b = 0.29 ± 0.16 SE,367

p = 0.080), but significantly increased in average degree in368

vital communities (b = 0.68 ± 0.12 SE, p < 0.001), so that369

vital communities had higher degree at their culmination. In370

other words, while both static and vital communities begin371

with similar measures of local and global connectivity, vi-372

tal communities became more integrated over time, with in-373

dividual nodes being more connected to nodes in disparate374

parts of their communities and overall more connected as in-375

dividuals.376

Vital communities were also distinguished by by the tem-377

poral emergence of centralizing individuals who connect dif-378

ferent parts of the network (Table 1 and Fig. 3A, top right).379

In the analyses above of the whole networks, we found that380

epistemic vitality was associated with the presence of highly381

centralizing figures, as measured by peak centrality. Initially,382

however, both vital and static communities exhibited similar383

peak centrality (centrality at origin: b = −0.06 ± 0.04 SE,384

p= 0.11), but at their culmination the vital communities had385

higher peak centrality (b= −0.13±0.04 SE, p= 0.002). This386

emergent difference reflected a significant increase over time387

in the peak centrality of vital communities (b = 0.08 ± 0.03388

SE, p= 0.008) but not in static communities (b= 0.01±0.05389

SE, p= 0.81), though this difference was not itself significant390

(b= 0.07 ± 0.06 SE, p= 0.254). Thus, while vital and static391

communities were equally connected by centralizing figures392

at their origin, only in vital communities do highly central-393

izing figures emerge who bridge divisions and consolidate394

influence, occupying key positions within the network.395

Vital discourses may emerge from the merging of many396

disparate communities into a few highly-concentrated ones.397

Our analyses of whole networks found no association be-398

tween epistemic vitality and the tendency for individuals399

to organize into sub-communities. The epistemic benefits400

of tight-knit sub-communities, however, may be specific401

to sub-communities that co-exist within the same time pe-402

riod. We thus analyzed the change over of time of sub-403

communities calculated cross-sectionally (i.e., among indi-404

viduals within the same time period; Table 1 and Fig. 3A,405

top left). When they first originated, epistemically vital com-406

munities had the same amount of sub-community structure407

as other communities (effect of epistemic vitality on number408

of sub-communities, scaled by community size of temporal409

period at the communities’ origination: b = −0.06 ± 0.07410

SE, p = 0.39). Over time, however, the community struc-411

ture of non-vital communities remained stable (change over412

time in static communities: b= −0.07 ± 0.08 SE, p= 0.39),413

while epistemically vital communities gradually coalesced414

into a smaller number of communities (vital communities:415

b= −0.24±0.04 SE, p< 0.001). At their culmination, there-416

fore, epistemically vital communities had significantly fewer417

communities than other communities (effect of epistemic vi-418

tality on scaled sub-communities at the communities’ cul-419

mination: b = −0.23 ± 0.06 SE, p < 0.001). These results420

suggest that while static and vital communities begin with421

comparable levels of fragmentation, only vital communities422

undergo a process of structural consolidation over time. This423

dynamic, not reflected in the results from the static whole424

network measures, arises as communities at each successive425

point in time became more integrated with one another com-426

pared to previous periods, showing how epistemically vital427

communities became increasingly integrated across genera-428

tions.429

The vital and static communities did not differ along all430

dimensions. Some theories of epistemic vitality, for instance,431

argue that epistemically vital communities are characterized432

by high levels of disagreement (27). To test such theories,433

we looked at the relative amount of disagreement and agree-434

ment within each network, measured as the ratio of conflict-435

ual edges to non-conflictual edges (Table 1 and Fig. 3A, bot-436

tom right). We found no evidence that epistemic vitality is437

associated with individual-level antagonism on its own. At438

their temporal origination, vital and static communities did439

not differ in the amount of disagreement (b= 0.18 ± 0.3 SE,440

p = 0.54). Both types of communities typically decreased441

in disagreement over time, but the amount of decrease did442

not differ significantly (b = −0.25 ± 0.37 SE, p = 0.50). As443

a result, at their culmination, vital communities and static444
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communities did not differ in the amount of disagreement445

(b = −0.07 ± 0.16 SE, p = 0.67). The amount of disagree-446

ment on its own, therefore, is insufficient for epistemic vi-447

tality. Vital communities are not merely cantankerous; they448

organize disagreement into tight-knit communities that are449

connected by centralizing figures.450

To synthesize these changes in network structure over451

time, we projected these network measures onto the first452

principal component derived from the Principal Compo-453

nent Analysis of whole-network measures described in the454

previous section. We did this both for network measures455

calculated cross-sectionally (i.e., for each non-overlapping456

time period) and cumulatively (i.e., for the entire network,457

from its origin to the current time period). This yielded a458

two-dimensional embedding of the network’s time-evolving459

structure (Fig. 3B). At their origin, vital (orange) and static460

(green) communities were indistinguishable on the basis of461

their cumulative (y-axis) or cross-sectional (x-axis). Over462

time, static communities changed only minimally in their cu-463

mulative and cross-sectional structure, with their core struc-464

tural attributes remaining largely stable (green trajectory in465

Fig. 3B). In contrast, epistemically vital communities showed466

consistent structural change in both their cumulative and467

cross-sectional structure. As a result, at their culmination, vi-468

tal communities differed significantly from static ones in both469

their cumulative structure (measured at the final time point:470

Mstatic = −3.82 vs. Mvital = −1.36, p < 0.001) and their471

cross-sectional structure (Mstatic = −4.37 vs. Mvital =472

−2.08, p < 0.001). This suggests that epistemic vitality is473

associated with increasing structural integration and central-474

ization over time, while static systems maintain a more frag-475

mented and diffuse configuration.476

Discussion477

Understanding the social drivers of intellectual progress is478

a long-standing challenge. Our study of three millennia479

of intellectual debate offers new insights by asking: What480

kinds of community structures facilitate epistemic vitality?481

By quantifying the social network structure of nearly 3,000482

years of intellectual debate, we found that epistemic vital-483

ity is more likely to emerge in communities characterized by484

greater interconnectedness (mean degree), increasing integra-485

tion (fewer fragmented subcommunities), and the presence486

of centralizing figures (individuals with high centrality). In-487

tellectual communities were thus more likely to sustain epis-488

temic vitality if they consisted of integrated groups connected489

by centralizing figures. Diffuse communities that lacked490

clear intellectual lineages or centralizing figures remained491

epistemically static. While epistemically vital and static com-492

munities began with similar social structures, the features as-493

sociated with vitality, such as the presence of strong central-494

izing figures and connectivity, tended to emerge over time,495

pointing to the importance of bridging nodes and integrative496

figures. At their origin, both vital and static communities497

consisted of fragmented subgroups. But while static commu-498

nities maintained this fragmentation, vital communities be-499

came integrated by centralizing individuals (Fig. 2A, D), sug-500

gesting that a key historical driver of epistemic vitality is the501

bridging of previously disconnected perspectives into a cohe-502

sive and “energetic” intellectual discourse (Fig. 3B) (21).503

Studies of collective intelligence have proposed at least504

three accounts of epistemic vitality: (1) that vital commu-505

nities are sustained by persistent, individual-level disagree-506

ment (24, 26); (2) that they emerge from loosely connected507

sub-communities pursuing parallel lines of inquiry (28, 29);508

and (3) that they depend on central actors who bridge these509

communities and integrate their insights (21, 33). Our find-510

ings inform all three accounts. Our analyses of historical in-511

tellectual communities suggested that — while disagreement512

may play a role — the structure of this disagreement, rather513

than its mere presence, is more critical. We also found that514

while most intellectual communities begin with multiple sub-515

communities, vital communities show evidence of consoli-516

dation of this community structure over time time. Further-517

more, this consolidation appears to be driven, in part, by the518

emergence of centralizing individuals who play a key role in519

linking and synthesizing across sub-communities. Notably,520

the community structures associated with epistemically vital521

communities differ from those predicted by theories empha-522

sizing sparsity and discord (24). Moreover, our findings high-523

light the degree to which network structure varies over time;524

this raises the possibility that features such as centralization525

may play different roles over the lifetime of a community,526

thus helping to resolve apparent contradictions in past work527

(e.g., (38, 39)).528

Our approach was informed by research on the role that529

social structures play in shaping the vitality of other knowl-530

edge systems and was thus idea-agnostic, focusing not on the531

content of intellectual thought but on the structural dynamics532

that shape how epistemic systems evolve and interact over533

time (4, 40–43). We have not examined the specific con-534

tent of different epistemic systems or the specific intellec-535

tual role that centralizing thinkers may have played in these536

systems, whether as radical innovators, synthesizers, or dis-537

ruptors. This allowed us to first isolate the potential role of538

network topology itself, a factor that has been implicated in539

the dynamics of other epistemic systems (31, 33, 36). Future540

work may help bridge this gap between social structure and541

intellectual content by incorporating the sociopolitical con-542

texts and ideological contents of these traditions, as empha-543

sized by sociologists and historians of ideas (20, 21, 44). For544

instance, to clarify how epistemic commitments manifest in545

both discourse and community structure, one could integrate546

community-level structural analyses, such as those presented547

here, with natural language processing of the products of548

those communities (e.g., publications, letters, etc.) (45, 46).549

One fertile direction for future research lies in a compar-550

ative project examining structural differences between differ-551

ent epistemic enterprises. Studies of epistemic communities552

of the sort pursued here and within the science of science553

could be extended to a wide range of discursive knowledge554

systems, including those found in medicine and other so-555

called "thought collectives" (2, 47). Such work could help556

clarify, for instance, whether science, philosophy, logic, and557
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religion represent fundamentally distinct social processes and558

how each contributes to the broader social systems through559

which humans understand and engage with the world. Such560

a project holds promise to integrate the science of science (7–561

18), the philosophy of science (2–5, 48, 49), and the history562

of ideas (19–21) to forge a comprehensive understanding of563

the dynamics of collective knowledge.564

Methods565

Digitizing the social networks of intellectual exchange.566

Networks were digitized from Randall Collins’s compara-567

tive history of global intellectual thought, The Sociology of568

Philosophies (21). On the basis of hundreds of historical doc-569

uments (N = 691), Collins reconstructed networks of intel-570

lectual agreement, disagreement, and master-pupil relation-571

ships for epistemic communities across history (N = 3187572

nodes representing intellectuals and N = 5415 edges across573

N = 55 networks). Communities in the dataset span over574

2700 years, from 800 BCE to 1980 CE; cover a wide ge-575

ographic range, stretching across Europe, North Africa, the576

Middle East, India, China, and Japan, and more; and en-577

compassing epistemic movements from ancient Buddhism to578

modern French existentialism. In total, the dataset includes579

55 networks:580

• 24 from Asia, including 10 with intellectuals in ancient581

China, 7 in India, 8 in Japan, and 4 encompassing Per-582

sian, Middle Eastern, and Central Asian thinkers,583

• 30 from Europe (9 from Ancient Greece, 5 from Rome,584

and the remainder spread across Western and Central585

Europe) and 5 from North Africa and the Middle East,586

• 1 from North America (the American Pragmatist587

movement).588

The dataset thus reflects a diversity of eras, regions, and intel-589

lectual traditions, across multiple languages and cultural con-590

texts, from Classical Chinese, Sanskrit, and Arabic, to Latin,591

German, French, and English.592

We digitized the network diagrams in Collins’ text (21).593

For each network, two independent coders translated Collins’594

visualization into a directed, weighted edge list. In each edge595

list, intellectual disputes were assigned a directed negative596

weight (−1), master-pupil relationships received a directed597

positive weight (+1), and acquaintances were coded as bi-598

directional positive edges (+1 in both directions). In cases599

of coding discrepancies, a third coder adjudicated. We also600

divided each network into non-overlapping temporal peri-601

ods, following the temporal divisions introduced in Randall602

Collins’s visualizations (21). Within each network, these pe-603

riods were of equal duration, typically corresponding to ap-604

proximately one generation, although sometimes of longer605

duration for communities that persisted for hundreds of years.606

To situate each individual to points in time, we follow the or-607

dering in Collins’s text, which anchors them within critical608

periods of exchange in their broader networks. To assess the609

reliability of these edge lists, we used a pretrained large lan-610

guage model (OpenAI’s GPT-4o) to independently assess re-611

lationships between intellectuals. The model agreed substan-612

tially with the edge lists (Cohen’s κ= 0.69; see SM Methods613

and Fig. S5 for details).614

Collins also evaluated the epistemic vitality of each com-615

munity using a comparative methodology that spanned a616

large temporal and geographical range. This allows for a617

bird’s eye evaluation of different intellectual communities’618

relative productivity and vitality. A coder reviewed Collins’619

discussion of each community and made a made a holistic de-620

termination of the community’s epistemic vitality. To assess621

the reliability of these judgments, we used a pretrained ma-622

chine learning model, OpenAI’s GPT-4o, to independently623

assess the epistemic vitality of each network using Monte624

Carlo cross-validation (repeated random subsampling). We625

prompted the model with a definition of epistemic vitality,626

along with a a labeled random subset of communities (75%627

each of vital and static communities). Communities were628

described only by name (e.g., “Network of Greek Philoso-629

phers from Socrates to Chrysippus”) and date range. We630

then asked the model to decide whether or not each of the re-631

maining communities was epistemically vital. This process632

was repeated 101 times, and for each community we calcu-633

lated how often it was classified as epistemically vital by the634

model. This ML-derived measure of epistemic vitality was635

significantly correlated with the human classification of epis-636

temic vitality classification derived from Collins (2000) (21)637

(r = .30). In the Supplemental Materials, we reproduce our638

main results using this machine classification of epistemic vi-639

tality.640

Quantifying network topology. For each network we cal-641

culated 13 measures of structural and relational properties:642

average degree, average clustering, peak centrality, connec-643

tivity, flow hierarchy, average path length, network diameter,644

sparsity, modularity, communities, cores, coreness, and the645

ratio of disagreement to agreement. (See Table S1 for a de-646

scription of all network measures.) We calculated these mea-647

sures for each entire network. Edge weights were only used648

to calculate the ratio of agreement to disagreement. We also649

calculated the temporal evolution of these measures within650

each community in two ways: (1) cross-sectionally, for each651

non-overlapping time period, and (2) cumulatively, incorpo-652

rating all network interactions from the beginning up to the653

given time period.654

To capture variation along theoretically-important dimen-655

sions of interconnectedness (33), centralizing individuals656

(34), and productive fragmentation (24), we performed Prin-657

cipal Component Analysis (PCA) on four key variables (con-658

nectivity, scaled communities, peak centrality, and average659

degree) calculated on the whole networks. The first principal660

component (PC1) explained 74% of the variance. We also661

used this principle component to capture the temporal evo-662

lution of network structure by projecting the cross-sectional663

measures and the cumulative measures on to PC1.664
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Time-respecting null models. For each of these growing665

networks, we constructed time-respecting null models (N =666

1000) (50) in which edges are randomly shuffled while re-667

specting the network’s temporal structure. To do so, edges668

are shuffled using a Newman edge-rewiring algorithm (51)669

in two ways. Edges between nodes within the same time pe-670

riod are shuffled to connect random nodes within the same671

time period. Edges between a given time period and a pre-672

ceding time period (i.e., between intellectuals and their pre-673

decessors) are shuffled so they connect the same two periods.674

This approach preserves the time-respecting nature of the net-675

works and the balance of edges both within and between time676

periods, while randomizing the overall network structure and677

degree distribution.678

Statistical analyses. To assess the structural distinctiveness679

of the real networks, we calculated all measures for each680

time-respecting null model and compared the real networks681

to these null distributions (i.e., z-scored using the null distri-682

butions).683

To analyze the networks’ temporal evolution, we used lin-684

ear mixed effect models to predict each measure of network685

structure. Models included fixed effects for time (normalized686

within each network to range from 0 to 1), epistemic vitality687

(static = 0, vital = 1), and their interaction, and random inter-688

cepts and slopes for time for each network. To estimate the689

effect of epistemic vitality at the networks’ culmination (i.e.,690

when time = 1), we rebaselined time so it runs from -1 (ori-691

gin) to 0 (culmination). To estimate the change over time for692

epistemically vital networks, we rebaselined epistemic vital-693

ity (i.e., vital = 0, static = 1).694

Data Availability. All data generated and analyzed in this695

study will be publicly available via the Open Science Frame-696

work (OSF). This repository includes all network data, meta-697

data, and supplementary materials necessary to replicate and698

extend the findings of this study.699

Code Availability. All custom code used for data process-700

ing, network analysis, and visualization will be available in701

the same OSF repository.702
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Supplementary Note 1: Pairwise correlations of all network metrics

Fig. S1. Correlation heatmap of all network metrics used in the study, showing relationships among structural and community-level
features. Red indicates positive correlations; blue indicates negative correlations (Pearson’s r).



DRAFT

Supplementary Note 2: Observed and null distributions of network-based structural, commu-
nity, and path length metrics

Fig. S2. Density plots of z-scored network metrics across graphs. Metrics are categorized by variable type from correlation metrics
between all variables (Fig S1): Community (black), Centralization (gray), and Path Length (green), while dashed curves indicate null
model distributions. Dashed vertical lines mark the mean of null distributions.



DRAFT

Supplementary Note 3: Reliability of Epistemic Vitality Classifications
In the Main Text, we use a measure of epistemic vitality based on human annotation of Randall Collins’ global history of
intellectual thought (21) (hereafter, "human-judged- vitality"). To assess the reliability this measure of epistemic vitality, we
used a large language model (OpenAI’s GPT-4o) to independently classify the epistemic vitality of every intellectual community
(hereafter, "ML-vitality"). We employed Monte Carlo cross-validation (repeated random subsampling). In each iteration, the
model was given a definition of epistemic vitality along with a labeled random subset of communities (75% each of vital and
static communities). We then asked the model to classify the remaining communities as either epistemically vital or static. This
process was repeated 101 times, and for each community, we calculated the proportion of runs in which it was classified as
vital. These proportions were thus a continuous measure of each community’s vitality assessment ("ML-vitality").

We first asked whether ML-vitality was consistent with the human-judged-vitality measures used in the Main Text. A linear
regression predicting ML-vitality from human-judged-vitality showed a significant positive relationship (b= 0.271±0.120 SE,
p = 0.027). A Welch two-sample t-test confirmed this association, with significantly higher ML-vitality values for human-
judged-vital communities (Mstatic = 0.39 vs. Mvital = 0.66, t53 = −2.2, p = 0.043). We thus examined whether our main
findings replicate when we use ML-vitality instead of human-judged-vitality.

At the network level, we found that ML-vitality predicted PC1 of the Principle Component Analysis of network structure,
which captures integration and centralization (linear regression predicting PC1: b= 0.894±0.270 SE, p= 0.002; Fig. 2), thus
replicating the finding in the Main Text. ML-vitality did not predict PC2, which captures fragmentation and antagonism (PC2:
b = 0.051 ± 0.139 SE, p = 0.368), once again replicating the result in the Main Text. Likewise, we find more directly that
ML-vitality does not predict the levels of antagonism in communities (linear regression predicting antagonism: b= −0.065 ±
0.057 SE, p = 0.262). Thus, epistemically vital and static communities differ significantly in their structural integration and
centralization, but not in fragmentation or antagonism, whether communities’ vitality was judged by human or ML model.

We next examined the temporal evolution of these networks. To convert the continuous ML-vitality measure into discrete
categories, we used tertile-defined categories. The temporal evolution of these ML-defined vital and static communities was
qualitatively similar to temporal evolution of human-judged categories (Fig. S3). At their culmination, ML-defined vital com-
munities differed significantly from static ones in their cumulative structure (Mstatic = −2.71 vs. Mvital = −0.69, t35 = −3.07,
p = 0.004). However, departing from the Main Text, they did not differ significantly in their cross-sectional structure at the
very end (Mstatic = −3.02 vs. Mvital = −1.60, t34 = −1.85, p= 0.071).

Fig. S3. Temporal differentiation of the network structure of vital (orange) and static (green) communities, using the first and third tertiles
of GPT-4o’s continuous vitality ratings. The x-axis shows the network structure (integration and centralization) within each time period.
The y-axis shows the network structure accumulated from a community’s origin up until that time period. This allows us to visualize
the temporal evolution of network structure, both cross-sectional (x-axis) and cumulative (y-axis). Both static and vital communities
increase in cumulative structure over time (y-axis), reflecting growing integration and centralization. However, vital communities show
more consistent and pronounced changes across both cross-sectional structure (x-axis) and cumulative integration (y-axis), whereas
static communities exhibit more modest or variable shifts in network structure across time periods. (Points = means. Shaded circles =
standard errors.
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Supplementary Note 4: Temporal evolution of network metrics by epistemic vitality

Fig. S4. Line plots of all network metrics used in the study. Shaded areas represent standard errors of the mean. Lines are grouped
by network vitality condition (Static vs. Vital).

Supplementary Note 5: Assessing the reliability of historical edge lists using LLM prediction

Fig. S5. To assess the reliability of the edge lists, we combined all edges between major intellectuals (N = 884), or those with names
in the dataset, with a surrogate set of intellectual duos who were not connected. Approximately half of these surrogate duos consisted
of intellectuals from within the same network (N = 220, “within"), with the rest from different networks (N = 275, “between"). We then
queried a pretrained large language model (OpenAI’s GPT-4o) about every pair, both real and surrogate (unconnected duos selected
from within the same network or between different networks), asking whether the two intellectuals had interacted or influenced each
other, belonged to the same community but had not interacted or influenced each other, or belonged to entirely different communities.
There was substantial agreement between the model and the edge list we derived from Collins’s text (21); (weighted Cohen’s κ =
0.69,p < .001).



DRAFT

Supplementary Note 6: Features Table

Feature Label
(Whole/Temporal)

Description Variable Type Feature Cluster

Average Clustering
Coefficient

average_clustering,
layer_clustering

Measure of proportion of how many of a
node’s neighbors are connected to one an-
other to form a complete clique.

Node average Centralization

Average Degree average_deg,
average_deg_layer

Measure of the number of neighbors an in-
dividual node has.

Node average Centralization

Coreness cp_ratio, cp_layer Graph-based measure of the number of
nodes with shortest path lengths equivalent
to the graph’s diameter to those which are
not.

Graph-based Centralization

Cyclicity cyclicity,
cyclicity_layer

The inverse of a graph’s flow hierarchy (or
the fraction of edges not participating in a
cycle), where a cycle is a path that starts
and ends at the same node, in a graph.

Graph-based Centralization

Sub-Communities communities,
layer_communities,
comm_scale

Number of distinct communities detected
in the graph using the modularity-based
Louvain optimization procedure.

Graph-based Community

Cores cores Graph-based measure of the number of
cores in a k-core decomposition of the
graph, wherein a k-core is a group of nodes
that each possess at least k connections.

Graph-based Community

Modularity modularity,
mod_layer

Measures the strength of division of a net-
work into distinct communities based on
the density of edges within communities
compared to between them. Communities
were defined using the Louvain optimiza-
tion algorithm.

Graph-based Community

Size of Layer size_layer The number of nodes in a temporal layer of
a graph.

Layer-based Community

Sparsity sparsity,
sparsity_layer

The number of edges in a network divided
by the number of possible edges in the net-
work.

Graph-based Community

Subgraphs subgraphs,
subgraphs_layer

Number of connected components in the
graph, where each subgraph is a set of
nodes that are connected.

Graph-based Community

Average
Connectivity

connectivity,
connectivity_layer

Measure of the minimum number of nodes
between two pairs which must be removed
to disconnect the pair.

Node average Path-based

Average Path Length path_length, pl_layer Measure of the shortest number of edges
between a given pair of nodes.

Node average Path-based

Diameter diameter,
diameter_layer

The maximum eccentricity (the longest
shortest path length) in a graph.

Graph-based Path-based

Peak Centrality peak_centrality,
peak_centrality_layer

The highest betweenness centrality of a
node in a graph, where betweenness cen-
trality measures how often a node lies on
the shortest paths between other nodes.

Graph-based Path-based

Disagreement Ratio disagreement_ratio,
layer_disagreement

The ratio of antagonistic to non-
antagonistic edges in a graph.

Graph-based Edge-based

Table S1. Feature descriptions and types, sorted by Feature and cluster from correlation matrices. Bolded variables are those used in
the Principal Components Analysis.
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