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Abstract8

Online communities flourish when there is a constant flow of newcomers, but9

a surge of newcomers can overwhelm existing users, leading to a loss of activ-10

ity. To address this issue, the present study aimed to examine whether existing11

users in the Japanese-speaking VRChat community on X increase or decrease12

their overall activity and engagement with pre-surge interaction partners after13

replying to newcomers. The surge of newcomers we focused on in this study14

occurred in August–September 2024. Existing users were defined as users who15

posted #VRChat始めました (“I started VRChat”) in January–February 2024.16

We defined early partners among existing users using pre-surge reply histories17

from February–April 2024. We then examined whether users who replied to18

newcomers in August or September changed their engagement with early part-19

ners after the treatment period. After common support trimming, the sample20

comprised 269 existing users (47 treated and 222 controls) observed over 2,15221

user-months. Using propensity score weighting targeting the average treatment22

effect on the treated (ATT) and difference-in-differences (DID) models with user23

and month fixed effects, we found post-treatment increases in the total number24

of posts (0.59, 95% confidence interval: [0.23, 0.95]), the total number of replies25

(0.69, [0.29, 1.08]), and the total number of replies to early partners (0.30, [0.01,26

0.59]), each of which was transformed by log(1 + x), among treated users rela-27

tive to weighted controls. These findings indicate that contact with newcomers28

was followed by increased activity without evidence of reduced engagement with29

early partners.30
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1 Introduction33

When an online community experiences a surge of newcomers, existing users’ inter-34

actions may be redistributed between newcomers and existing interaction partners.35

On one hand, rapid growth may increase existing users’ information load, competi-36

tion for attention, norm-maintenance efforts, and relational adjustment costs [1–5].37

These pressures may degrade existing users’ experiences because accommodating new-38

comers can reduce their interactions with pre-surge partners. On the other hand,39

newcomers can expand opportunities for interaction. Indeed, recent empirical studies40

indicate that surges of newcomers do not necessarily degrade online communities [6–41

8]. Distinguishing these two possibilities is essential for understanding how existing42

users respond to community growth. However, previous research has predominantly43

examined newcomer-centered processes, such as entry, norm learning, feedback, and44

retention or departure, rather than the experiences of existing users [9–15]. Less is45

known about how existing users adjust their interactions with people they had already46

interacted with before a newcomer surge. This knowledge gap matters because com-47

munity growth may be unsustainable if existing users accommodate newcomers by48

reducing engagement with their pre-surge interaction partners.49

This study therefore aimed to examine whether, after a newcomer surge, replying to50

newcomers displaces interaction with existing users’ pre-surge interaction partners or,51

conversely, increases overall activity with sustained engagement with those partners.52

Here, we focus on repeatedly contacted pre-surge interaction partners among existing53

users, which are referred to as early partners. The central question this paper addresses54

is whether existing users reduce replies to early partners after contact with newcomers.55
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We examine two competing hypotheses regarding the relationship between replies56

to newcomers and to early partners. The crowding-out hypothesis posits that, given57

constraints on reply time and attention, replying to newcomers would be associated58

with reduced replies to early partners. Conversely, the activation hypothesis posits that59

replying to newcomers reflects increased overall activity rather than a displacement60

of replies to early partners, and would therefore be accompanied by increased overall61

activity and sustained or increased replies to early partners. To distinguish between62

these hypotheses, early partners must be identified before the surge of newcomers and63

tracked consistently over time.64

Therefore, the present study required a setting in which a newcomer surge could65

be observable, newcomers identified, and reply histories used to track existing users’66

interactions with both newcomers and early partners. The Japanese-speaking VRChat67

community on X, formerly Twitter, provided such a setting. Although VRChat is68

a social virtual reality (VR) platform, participation announcements and the reply69

interactions around it are publicly observable on X. The hashtag #VRChat始めまし70

た, meaning “I started VRChat,” is used to announce entry into VRChat, and posts71

containing this hashtag increased sharply in August 2024, shortly after the release72

of a VRChat-related YouTube video by Sutanmi, a popular Japanese streamer and73

YouTuber, in late July 2024. This increase made it possible to identify the newcomer74

cohort, and X reply histories allowed us to define pre-surge interaction partners and75

track subsequent replies to both newcomers and early partners.76

We used the August–September 2024 surge to construct a monthly observational77

comparison between the pre- and post-surge periods. Existing users were defined as78

users who posted the hashtag #VRChat始めました during January–February 2024,79

whereas newcomers were defined as users who posted the same hashtag in August or80

September 2024. Treated users were existing users who replied to at least one August81

newcomer in August or at least one September newcomer in September; control users82
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were existing users who did not make such replies. Early partners for an existing83

user were defined as users to whom the user had repeatedly replied before August.84

Using this setting, we compared treated users with weighted control users through85

propensity score weighting targeting the average treatment effect on the treated (ATT)86

and difference-in-differences (DID) models. This design allowed us to assess whether87

observed replies to newcomers were followed by reduced engagement with early part-88

ners, as predicted by the crowding-out hypothesis, or by increased reply activity that89

included continued engagement with early partners, as predicted by the activation90

hypothesis.91

The remainder of the paper is organized as follows. In Section 2, we describe92

the data, research design, measures, weighting procedure, and estimation strategy.93

In Section 3, we present the results, including balance diagnostics, DID estimates,94

event study results, and robustness checks. In Section 4, we discuss the study findings,95

limitations, and directions for future research. Additional diagnostics and sensitivity96

analyses are provided in the Appendix.97

2 Methods98

2.1 Study setting and cohort definition99

This study investigated the VRChat community of Japanese-speaking users on X.100

Japanese-speaking users often post self-introductions with the hashtag #VRChat始め101

ました (“I started VRChat”) when they start using VRChat. We therefore used posts102

containing this hashtag as a signal that the poster had started using VRChat. All dates103

and monthly intervals were defined in Japan Standard Time. Figure 1 summarizes the104

research design and observation timeline in this study.105

4



2024-01-01 2024-02-01 2024-03-01

(2024-02-01 – 2024-04-30)

2024-05-01 2024-08-01 2024-10-01 2025-02-28

Existing-user cohort enters

(2024-05-01 – 2024-07-31) (2024-08-01 – 2024-09-30) (2024-10-01 – 2025-02-28)

Newcomer cohort enters

Treated

Control

Early-partner detection period Post-treatment periodPre-treatment period Treatment period

Figure 1: Research design and observation timeline. Early partners were defined
using repeated replies from February through April 2024. The DID outcome panel
compared the May–July 2024 pre-treatment period with the October 2024–February
2025 post-treatment period, with August–September 2024 used to define treatment
status.

To examine existing users’ behavior during a surge of newcomers, we defined a106

newcomer and an existing-user cohort and collected their posts. We defined August–107

September 2024 as the treatment period because a surge of newcomers was observed in108

the VRChat-related Japanese discourse on X during these months. This influx followed109

a VRChat-related YouTube video published by Sutanmi on July 24, 2024 [16]. The110

magnitude of the influx is visible in the number of VRChat-related X posts shown111

in Fig. 2. Figure 2a shows that posts containing “VRChat” increased around August112

2024, and that most of the increase came from posts for which the language was113

classified as Japanese in X language metadata. Figure 2b shows that posts containing114

#VRChat始めました increased from a monthly average of 693 during January–July115

2024 to 1,965 in August 2024. On the basis of these descriptive patterns, we used116

August–September 2024 as the treatment period.117

Hashtag posts were collected using the X API full-archive search endpoint, and118

aggregate volume series were collected using the X API full-archive counts end point119

[17]. We first constructed the putative newcomer account pool consisting of accounts120

that posted #VRChat始めました between August 1 and September 30, 2024. In121
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Figure 2: VRChat-related posts in 2024. (a) Seven-day moving average of daily posts
containing “VRChat,” comparing all language posts with Japanese-language ones
according to X language metadata. (b) Daily posts containing #VRChat始めました
and the corresponding 7-day moving average. The dashed vertical line indicates the
publication date of a VRChat-related YouTube video by Sutanmi in late July 2024.

August, we identified 1,665 posts from 1,240 accounts; in September, we identified122

1,793 posts from 1,300 accounts. Manual review of newcomer status was then con-123

ducted for accounts in this initial pool that were observed as reply targets of existing124

users during the treatment period, because replies to these accounts determined treat-125

ment assignment. We excluded accounts if prior VRChat use was observed in earlier126

posts or the profile text available at the time of data collection, or if the account was127

judged to be primarily engaged in newcomer-oriented advertising or recruitment. The128

accounts that were not excluded by these criteria constituted the newcomer cohort, and129

only replies to these accounts were counted as replies to newcomers in the subsequent130

analyses.131

The existing-user cohort was defined as accounts that announced VRChat partic-132

ipation approximately 6 months before the newcomer cohort. Specifically, accounts133
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that posted #VRChat始めました between January 1 and February 29, 2024, were134

collected. Accounts meeting the same criteria as those applied in constructing the135

newcomer cohort were excluded. Figure 2b indicates that January–February 2024,136

the period from which the existing-user cohort was drawn, did not show a surge137

comparable to that in August 2024.138

For each account in the existing-user cohort, we collected posts from February139

2024 through February 2025 using the user timeline end points of the X API [17].140

Data collection was restricted to original posts and replies; reposts were not col-141

lected and were not used in any analysis. We reconstructed the collected data as a142

monthly user-level panel. The observation period spanned 13 months, from February143

2024 through February 2025. Descriptive statistics for the monthly panel are shown in144

Table 1. We summarized reply-target diversity using Shannon entropy and reply-target145

concentration using the Herfindahl–Hirschman Index (HHI) [18, 19].146
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Table 1: User-level descriptive statistics for monthly measures

Variable N Mean SD Median Min Max

Posting activity

Posts per month 405 131.29 200.20 57.62 0.00 1168.08

Original posts per month 405 63.24 102.26 28.23 0.00 868.46

Reply posts per month 405 63.71 121.82 19.23 0.00 1016.31

Proportion of active months 405 0.78 0.34 1.00 0.00 1.00

Per-post engagement

Likes received per original post 383 9.61 25.11 3.37 0.00 286.89

Reposts received per original post 383 0.87 3.52 0.13 0.00 38.53

Replies received per original post 383 0.46 0.87 0.24 0.00 12.54

Reply network

No. of users replied to per month 405 14.93 21.78 7.46 0.00 148.15

Reply-target diversity, entropy 405 1.45 1.18 1.47 0.00 4.46

Reply-target concentration, HHI 405 0.18 0.14 0.15 0.00 0.72

Note. All observations are averaged to obtain monthly measures within users. Original posts exclude

replies, reposts, and quote posts. Proportion of active months is the proportion of months with at least

one post. Per-post engagement measures are calculated only for months with original posts and limited to

users with at least one such month N = 383. Entropy and the HHI are set to 0 in months with no

observed reply targets. SD, standard deviation.

147

2.2 Research design148

This study examined whether replying to newcomers was followed by changes in149

existing users’ engagement with early partners. We partitioned the observation period150

into four distinct periods (Fig. 1): the early-partner detection period (February–April151

2024), pre-treatment period (May–July 2024), treatment period (August–September152

2024), and post-treatment period (October 2024–February 2025).153

During the early-partner detection period, we defined a user’s early partners as154

accounts to whom the user replied in at least 2 of the 3 months. This definition iden-155

tifies users to whom the existing user repeatedly replied before the newcomer surge156
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[20–22]. We then used post-treatment replies to these early partners as an observ-157

able measure of continued interaction with them. The robustness of this early-partner158

definition was examined in sensitivity analyses.159

The treatment indicator was defined as at least one reply by an existing user to160

an August newcomer in August or to a September newcomer in September. Existing161

users who made such replies during the treatment period were classified as treated162

users, and those who did not were classified as control users. This definition should163

therefore be interpreted as same-month reply contact with newcomers rather than as164

precisely timed contact after first-observed hashtag posts. Using this classification,165

the main DID models compared outcomes in the post-treatment period with those in166

the pre-treatment period, excluding both the early-partner detection period and the167

treatment period from the outcome panel.168

2.3 Outcome families169

Wemeasured post-treatment behavioral differences in two outcome families: overall170

activity and early-partner engagement. The first family captures whether replying to171

newcomers was followed by changes in users’ overall posting and reply activity. The172

second family captures whether replying to newcomers was followed by increased or173

decreased engagement with the early partners defined in Section 2.2. All outcomes174

were constructed at the user-month level. Definitions are shown in Table 2.175

A contacted early partner is an early partner contacted by the user at least once in176

a given month. We defined replies per contacted early partner as the number of replies177

to early partners divided by the number of contacted early partners in that month.178

This outcome was set to 0 when the user replied to no early partners in the month.179

This measure captured both whether the user contacted any early partner in a given180

month and how intensively the user replied to the early partners who were contacted.181
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Table 2: Outcome families

Family Outcome Operational definition

Overall activity Log posts Monthly count of posts excluding reposts

with a log(1 + x) transformation.

Log replies Monthly count of reply posts with a

log(1 + x) transformation.

Early-partner engage-

ment

Log replies to early part-

ners

Monthly count of replies to the user’s

early partners with a log(1 + x) transfor-

mation.

Replies per contacted

early partner

Replies to early partners divided by the

number of early partners contacted in that

month; defined as 0 when none were con-

tacted.

182

2.4 Propensity score weighting183

Because the study was based on observational data, treated and control users184

may differ in regard to pre-treatment activity and reply propensity. In particular,185

existing users who replied to newcomers may have been more active or more prone to186

reply before the treatment period. To improve comparability, we used ATT-oriented187

propensity score weighting [23–25].188

The propensity score was defined as the probability that an existing user replied189

to at least one newcomer during the treatment period. We estimated this probability190

with a logit model using February–July covariates. The covariates included each user’s191

February–July means for log posts (mean log posts), log replies (mean log replies),192

unique reply targets (mean unique reply targets), and reply-target entropy (mean193

reply-target entropy) with log posts and log replies defined as monthly log(1 + x)-194

transformed counts in Table 2. To adjust for February–July activity trends, we also195
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included user-specific slopes from ordinary least-squares regressions of monthly log196

replies (trend in log replies) and reply-target entropy (trend in reply-target entropy)197

on a month index. In addition, we included the log(1+x)-transformed number of early198

partners identified during the early-partner detection period (log early partners) and199

the log(1+x)-transformed number of replies sent to early partners in the same period200

(log early-partner replies).201

We retained only users in the common support region where the treated and con-202

trol propensity score distributions overlapped [26]. ATT weights were assigned as 1203

for treated users and pi/(1 − pi) for control users, where pi is the estimated propen-204

sity score. Control weights were normalized so that the total weight of the control205

group equaled the total weight of the treated group. We assessed comparability after206

weighting using the overlap of propensity score distributions and standardized mean207

differences (SMDs) for all covariates included in the propensity score model [25, 27].208

The propensity score and common support summary and control-weight distribution209

for the main specification are reported in Appendix Tables 4 and 5; exact covariate210

means and SMDs are reported in Appendix Table 6.211

2.5 Estimation strategy212

We estimated weighted DID models with normalized ATT weights and used213

an event study specification to assess pre-treatment divergence and post-treatment214

dynamics [28–30]. This approach estimates changes among treated users relative to215

weighted control users after adjustment for observed pre-treatment characteristics.216

As described above, the main DID panel included only the pre- and post-treatment217

periods; the early-partner detection period was used to define early partners, and the218

treatment period was used to define treatment status.219

The DID is modeled by:220
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Yit = αi + γt + β (Treati × Postt) + εit. (1)221

Here, Yit is the outcome for user i in month t, αi is the user fixed effect, and γt222

is the month fixed effect. Treati and Postt are indicators for treated users and the223

post-treatment period, respectively. The coefficient β captures the difference in pre-to-224

post changes between treated and control users. Because the surge-related video was225

published on July 24, 2024, July may contain early responses; we therefore report a226

drop-July sensitivity analysis. In this specification, July 2024 is excluded from both the227

general pre-treatment covariate window and the DID outcome panel; the propensity228

score, common support trimming, ATT weights, covariate balance, and DID model229

are then re-estimated.230

To examine temporal patterns and pre-period differences, we estimated the231

following event study models:232

Yit = αi + γt +
∑

k∈K

βk (Treati × 1{rt = k}) + εit, (2)233

where K = {−3,−1, 2, 3, 4, 5, 6}. The coefficients βk are the event-time coefficients234

to be estimated. Here, rt denotes event time in months, with August 2024 coded as235

rt = 0. August and September 2024 were excluded from the estimation because they236

belong to the treatment period. June 2024 (rt = −2) is not included in K because it237

was used as the reference month.238

All models included the user and month fixed effects and used normalized ATT239

weights unless otherwise noted. Standard errors were clustered at the user level240

to account for serial dependence within users [31]. The event study was used as241

a diagnostic complement to the DID estimates rather than as a separate primary242

estimator.243

12



2.6 Robustness and sensitivity analyses244

We assessed robustness by varying the weighting scheme, early-partner criterion,245

and outcome window. The checks included unweighted DID, 95% ATT-weight capping246

[32], requiring early partners to appear in all three detection months, and dropping247

July 2024. Propensity score diagnostics are reported in Appendix Tables 4–6, and248

robustness and sensitivity estimates are reported in Appendix Table 7.249

3 Results250

3.1 Sample and covariate balance251

Figure 3 shows the sample flow for the weighted DID analysis. The existing-user252

cohort initially contained 405 users. The propensity score model was estimated among253

users with pre-treatment covariates and at least one early partner. After common254

support trimming, the sample contained 269 users, including 47 treated and 222 control255

users, observed over 2,152 user-months from the pre- and post-treatment periods.256

Figure 4 shows the propensity score distributions before and after weighting in the257

sample. Before weighting, the distribution for treated users was shifted toward higher258

estimated probabilities of replying to newcomers than that for control users, while still259

showing common support. After normalized ATT weighting, the weighted control-user260

distribution more closely matched the treated distribution. The effective sample size261

(ESS) for the weighted control group was 153.6.262

Figure 5 shows absolute SMDs before and after ATT weighting. Before weight-263

ing, several covariates showed imbalance. After weighting, covariate imbalance was264

reduced; the maximum absolute SMD was 0.085 and the mean absolute SMD was265

0.044.266
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1. All existing users

N = 405

2. Users with at least one early partner
during Feb-Apr 2024

N = 275

Excluded:

No early partner identified
N = 130

3. Treatment status during Aug-Sep 2024

3a. Treated 3b. Control

Treated definition

Replied to at least one newcomer

during Aug-Sep 2024

Control definition

Did not reply to any newcomer

during Aug-Sep 2024
N = 50 N = 225

4. Common support / trimming

N = 269

Excluded:

Outside common support / trimming

N = 6 (Treated: 3, Control: 3)

Treated

N = 47 (17.4%)

5. Final sample

Control

N = 222 (82.5%)

Weighting scheme (ATT)

Treated: weight = 1

Control: weight = p /(1 - p)

Control weights rescaled to match

the total weight of the treated

group (i.e., normalized so that the

sum of control weights equals the

sum of treated weights).

Figure 3: Sample flow for the weighted DID analysis. The diagram shows
construction of the sample, treatment-indicator assignment, common support
trimming, and ATT weighting scheme.

3.2 DID across outcomes267

Table 3 reports DID estimates for all four outcomes. For overall activity, the268

DID estimate was 0.59 for log posts (95% confidence interval [CI]: [0.23, 0.95]) and269

0.69 for log replies (95% CI: [0.29, 1.08]). These estimates indicate larger post-270

treatment increases among treated users relative to weighted control users under the271

ATT-weighted design.272

The early-partner engagement outcomes also showed positive DID estimates. The273

estimate for log replies to early partners was 0.30 (95% CI: [0.01, 0.59]), and the274
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SMDs; the dashed line indicates 0.10.
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estimate for replies per contacted early partner was 1.26 (95% CI: [0.00, 2.51]). Taken275

together, the outcomes are more consistent with the activation hypothesis than with276

the crowding-out hypothesis: users who replied to newcomers showed higher overall277

activity and no evidence of a reduction in absolute replies to early partners.278

Table 3: Main DID estimates

Outcome Estimate Std. error 95% CI p-value

Log posts 0.59 0.19 [0.23, 0.95] 0.001

Log replies 0.69 0.20 [0.29, 1.08] 0.001

Log replies to early partners 0.30 0.15 [0.01, 0.59] 0.040

Replies per contacted early partner 1.26 0.64 [0.00, 2.51] 0.049

Note. All estimates use the same sample: 2,152 user-months from 269 users. Standard

errors are clustered at the user level.

279

3.3 Event study280

Figure 6 shows event study estimates for all four outcomes. The event study uses281

June 2024 (k = −2) as the reference month and excludes August and September 2024282

as the treatment period. Joint tests of the pre-treatment lead coefficients yielded p-283

values of 0.755 for log posts, 0.576 for log replies, 0.658 for log replies to early partners,284

and 0.186 for replies per contacted early partner.285

Post-period coefficients were jointly different from zero for log posts (p = 0.008),286

log replies (p < 0.001), and log replies to early partners (p = 0.010), but not for287

replies per contacted early partner (p = 0.298). The event study diagnostics therefore288

show no clear pre-period divergence for the four main outcomes, although the short289

pre-period limits the power of lead tests.290
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Figure 6: Event study estimates across outcomes. The omitted reference month is
June 2024 (k = −2), and August–September 2024 are excluded as the treatment
period. Points show estimates; bars show 95% confidence intervals.

3.4 Robustness and sensitivity analyses291

Figure 7 summarizes the robustness and sensitivity analyses across alternative292

specifications for the four main outcomes. Overall activity estimates remained positive293

across unweighted DID, 95% ATT-weight capping, the stricter 3-month early-partner294

definition, and the drop-July specification. DID estimates for log replies to early part-295

ners also remained positive across these checks: 0.05 in the unweighted DID, 0.30 after296

95% ATT-weight capping, 0.37 under the stricter 3-month early-partner definition,297

and 0.34 after dropping July. In the re-estimated drop-July specification, the estimates298
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were 0.67 for log posts, 0.80 for log replies, 0.34 for log replies to early partners, and299

1.51 for replies per contacted early partner; the CI for the last outcome included zero.300
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Figure 7: Robustness-check DID estimates across alternative specifications. Points
show estimates; bars show 95% confidence intervals. The horizontal line indicates zero.

Additional propensity score diagnostics are reported in Appendix Tables 4–6, and301

the numerical robustness estimates corresponding to Fig. 7 are reported in Appendix302

Table 7.303

4 Discussion304

This study has examined whether replying to newcomers was followed by changes305

in existing users’ overall activity and engagement with early partners in the Japanese-306

speaking VRChat community on X. The results were more consistent with the307

activation hypothesis than with the crowding-out hypothesis: users who contacted308

newcomers showed higher overall activity and no evidence of a reduction in the num-309

ber of replies to early partners. DID estimates for log replies to early partners were310
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positive in the ATT-weighted specification and remained so across the main robustness311

checks, although their precision varied by specification. The overall activity results312

were the most stable across specifications, while the relationship-specific results pro-313

vided evidence against a reduction in the number of replies to early partners. However,314

these results should be interpreted cautiously because the treatment indicator was315

observational and self-selected. The present findings should therefore be interpreted as316

ATT-oriented observational evidence among existing users who made observed same-317

month replies to newcomers rather than conclusive causal evidence that newcomer318

contact itself changed behavior.319

The findings of this study contribute to online-community research by shifting320

attention from newcomer retention alone to existing user responses. Online commu-321

nities depend on newcomers, but existing users sustain everyday interaction, tacit322

practices, and relational continuity. Prior work on newcomer growth and surges has323

emphasized both the risks of disruption and the possibility that communities adapt324

to growth [1, 4, 6–8, 33]. The present study provides observational evidence that325

engagement with early partners can coexist with higher overall activity among exist-326

ing users who reply to newcomers. This framing is consistent with theories that327

online-community attachment can be grounded in interpersonal bonds, as well as in328

group-level identity [34, 35].329

The findings of this study also contribute to the analysis of social VR communities330

as cross-platform communities. Although the focal community was organized around331

VRChat, the data analyzed here were obtained from X. Participation in social VR332

communities often extends beyond the VR platform itself. In this setting, X is one333

of the spaces where VRChat participation is announced and where reply-based rela-334

tional activity around the community can be observed. This cross-platform framing335

is consistent with work showing that social VR supports interpersonal relationship336

building and the maintenance of social relationships beyond a single platform [36–41].337
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X-based reply behavior therefore provides a window into the broader interactional338

ecology surrounding a social VR community, even though it does not directly measure339

interactions inside VRChat.340

This study has several limitations. First, the study design was observational in341

nature. Users who replied to newcomers may have differed from controls in unobserved342

sociability, community role, free time, or prior relationships. Propensity score weight-343

ing and user fixed effects were used to adjust for observed pre-treatment characteristics344

and time-invariant user heterogeneity, but could not eliminate all unobserved con-345

founding. Relatedly, the main treatment indicator was account-level same-month reply346

contact in August or September, which does not guarantee that every reply occurred347

after the newcomers’ first hashtag posts. The estimates should therefore be read as348

ATT-oriented DID estimates for existing users who replied to newcomers in August349

or September, not as a clean causal effect of precisely timed first contact [42, 43].350

Second, the measures are behavioral proxies. Early partners are defined from351

X replies, not from VRChat friendship status, VRChat co-presence, or subjective352

relationship reports. A reply target observed in at least 2 of the 3 months in the353

early-partner detection period is a useful indicator of repeated interaction, but it354

may represent friendship, casual exchange, event coordination, information seeking, or355

another form of social connection. More generally, X reply histories do not reveal how356

close these relationships were, what the exchanges meant to participants, or whether357

related interaction occurred in VRChat or other channels outside the observed reply358

network [20, 21, 44]. The newcomer cohort was also defined through self-reported hash-359

tag use. The hashtag #VRChat始めました is a meaningful community signal but may360

include returning users, users who had already tried VRChat, or promotional posts.361

Cohort construction attempted to reduce such misclassification, but some ambiguity362

remains.363
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Third, the setting and temporal granularity limit generalization. The August 2024364

surge of newcomers was a Japanese-speaking community event associated with a365

VRChat-related YouTube video by Sutanmi [16]. In addition, the results may not be366

generalizable to other language communities, social VR platforms, or surges generated367

by different mechanisms. July 2024 may also contain anticipation or early exposure368

because the associated video was published on July 24, 2024. The drop-July analy-369

sis addresses this concern as a robustness check, but future work should use longer370

pre-treatment periods and higher-frequency daily or weekly panels around late July371

and August. Finally, the August surge was a community-level event, so both treated372

and control users were exposed to various changes in the community. The treatment373

indicator captures observed replies to newcomers rather than exposure to the surge374

itself.375

Future work can extend this study in at least three directions. First, it should dis-376

tinguish the quality and directionality of contact with newcomers. A reply may involve377

welcoming, guidance, casual conversation, event invitations, technical support, and378

other forms of interaction. The present study measured existing users’ replies to new-379

comers rather than replies that existing users received from newcomers; future work380

should examine reciprocal exchange and newcomer-initiated replies as distinct mecha-381

nisms. Second, future research should examine heterogeneity. Users with high baseline382

activity, many early partners, or community-organizing roles may respond differently383

to surges of newcomers. Third, future work should connect X-based behavior with384

VRChat experiences through surveys, interviews, or platform-level data. Such mixed-385

methods evidence could clarify the mechanisms through which replying to newcomers386

relates to engagement with early partners and connect individual-level responses to387

broader questions about online-community growth and survival [45].388
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Appendix: Supplementary diagnostics and robustness433

checks434

This Appendix reports supplementary diagnostics for the main specification and435

numerical estimates for the robustness checks summarized in Fig. 7. The first sub-436

section reports propensity score overlap, control-weight diagnostics, and covariate437
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balance. The second subsection reports the numerical DID estimates corresponding to438

the robustness checks shown in Fig. 7.439

Propensity score diagnostics440

Table 4: Propensity score and common support diagnostics for the main specification

Specification Users Treated Control Control ESS Max |SMD| Mean |SMD|

Main after trimming 269 47 222 153.6 0.085 0.044

Unweighted sample 269 47 222 222.0 0.579 0.452

441

Table 5: Control-weight distribution after common support trimming

Users Weight sum ESS Median P90 P95 Max

222 47.0 153.6 0.183 0.398 0.529 0.642

442

Table 6: Covariate balance before and after ATT weighting in the main specification

Before weighting After weighting

Covariate Treated Control |SMD| Treated Control |SMD|

Mean log posts 4.900 4.247 0.527 4.900 4.919 0.017

Mean log replies 3.945 3.203 0.560 3.945 3.971 0.021

Mean unique reply targets 24.979 18.654 0.285 24.979 26.962 0.085

Mean reply-target entropy 2.374 1.848 0.579 2.374 2.335 0.047

Trend in log replies 0.136 0.006 0.395 0.136 0.154 0.055

Trend in reply-target entropy 0.121 0.009 0.505 0.121 0.106 0.070

Log early partners 2.367 2.007 0.374 2.367 2.392 0.026

Log early-partner replies 4.467 3.869 0.394 4.467 4.509 0.028

Note. After weighting, treated means are unchanged because treated users receive weight 1 under ATT

weighting. After-weighting control means use normalized ATT weights.

443
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Robustness estimates444

Table 7: Robustness-check DID estimates for the four main outcomes

Specification
Log

posts

Log

replies

Log replies to

early partners

Replies per

contacted early partner
Users Observations

Main 0.59 [0.23, 0.95] 0.69 [0.29, 1.08] 0.30 [0.01, 0.59] 1.26 [0.00, 2.51] 269 2152

Unweighted DID 0.47 [0.12, 0.82] 0.51 [0.14, 0.88] 0.05 [−0.22, 0.32] 0.59 [−0.52, 1.71] 269 2152

95% weight cap 0.59 [0.23, 0.95] 0.69 [0.29, 1.08] 0.30 [0.01, 0.59] 1.24 [0.00, 2.49] 269 2152

3-month early-partner criterion 0.67 [0.25, 1.10] 0.78 [0.32, 1.25] 0.37 [0.01, 0.72] 1.86 [−0.13, 3.85] 188 1504

Drop-July 0.67 [0.28, 1.06] 0.80 [0.38, 1.22] 0.34 [0.01, 0.66] 1.51 [−0.03, 3.05] 270 1890

Note. Entries are DID estimates with 95% confidence intervals in brackets. The drop-July specification

omits July 2024 from the general pre-treatment covariate window and DID outcome panel, then re-estimates

the propensity score, common support trimming, ATT weights, balance diagnostics, and DID model.

445
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