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ABSTRACT 

Background: Service-wide toxicity figures circulate in regulatory debate as though they described 
a platform. Whether such a figure is stable, or an average over communities that differ, is untested. 
Objective: To estimate the difference in discourse hostility between a strongly and a minimally 
moderated platform in matched communities, and to test whether it changes over time, varies 
across communities, and rests on equivalent measurement. 
Methods: A matched observational panel of 914 community-platform-month cells, of which 820 
formed 410 matched pairs across six identically named communities on Reddit and Voat over 71 
overlapping months to December 2020, was analysed. Hostility was modelled as a latent construct 
with three indicators and tested for cross-platform invariance. Month-clustered regressions, 
random-effects pooling, Newey-West trends, and bias-corrected bootstraps were estimated with 
Holm adjustment across nine directional tests. 
Results: Matched cells on the minimally moderated platform were more hostile (+0.066 in toxicity, 
95% CI 0.053 to 0.078; p < 0.001) and more negative in valence (-0.064, 95% CI -0.076 to -0.053). 
The difference widened by +0.002898 units per month (p < 0.001), reversing sign at month 10.2, 
and was null only between months 9.1 and 13.6. Between communities, I-squared reached 96.5% 
and Hedges g ranged from 0.36 to 1.70, so the prediction interval for an unmeasured community (-
0.0363 to 0.1676) included zero. Metric invariance held (p = 0.174); scalar invariance did not (p < 
0.001). 
Conclusion: The platform difference is real, widening, and community-conditional rather than 
constant, and raw levels are not comparable across services. Comparative metrics need a 
heterogeneity statistic, a prediction interval, and an observation window. 
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1. Introduction 
Online platforms are increasingly described by single 

numbers. The largest services publish periodic 
enforcement reports containing a service-wide prevalence 
figure for hateful content, and third-party organisations 
publish comparative scorecards; both circulate in policy 
debate as properties of a service. Regulation consumes 
these figures more than it generates them, because 
platform law is built on system-level assessment and on 
transparency reporting rather than on any comparative 
index of discourse.1,2 The premise underlying all of them is 
nonetheless the same: that a platform-level number 
describes the platform. That premise has never been 
decomposed against the obvious alternative, namely that 
the number is a weighted average over communities 
whose individual differences are large enough that the 
average describes none of them. 

The premise is attractive because platforms plainly do 
differ. Moderation is a governance regime whose effective 
form is enforcement capacity rather than published policy, 
and much of it operates through demotion and quarantine 
rather than removal, so it is invisible in any content 
sample.3-5 Community-level rule systems form a 
governance layer distinct from the platform, maintained by 
volunteer moderators whose participation is itself 
conditioned by the platform's design.6-8 Comparative work 
finds that interaction norms and segregation diverge 
sharply between services hosting similar topics,9,-11 and 
alternative platforms built around the absence of central 
enforcement supply the clearest contrast case.12-15 
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What the comparative literature has not supplied is a 
decomposition. Studies of forced migration report higher 
toxicity at the destination after a ban,16-18 and the closest 
thing to a causal evaluation of a community-wide 
moderation lever finds that it changes who arrives more 
than what the people who stay say.3 Where moderation 
effects have been examined at finer grain they have proved 
heterogeneous across user segments and across 
communities rather than uniform,19-21 and platform-level 
metrics can move through compositional turnover without 
any individual changing behaviour.22 Almost none of this 
work reports a standardised effect size, a heterogeneity 
statistic, or an interval within which an unmeasured 
community would be expected to fall, which is precisely the 
quantity a regulator quoting a comparative figure needs. 

A second and less comfortable problem concerns the 
instruments. Automated toxicity and sentiment scores are 
treated in applied work as though they measured the same 
thing everywhere. They do not. Context changes human 
toxicity judgements, annotator identity and beliefs predict 
labels, and the training corpora are strongly domain- and 
period-dependent.23-28 Perspective-style toxicity classifiers 
transfer poorly across communities and platforms, and 
their scores drift with the vocabulary they meet.29-32 Off-the-
shelf sentiment tools disagree with one another and with 

human coders often enough that substantive conclusions 
change with the tool chosen,33-36 and downstream estimates 
inherit that misclassification error unless it is modelled.37 A 
measure is valid for a specified inference in a specified 
population and not otherwise, so whether two platforms 
can be compared on a score at all is an empirical question 
about measurement invariance rather than an 
assumption.38- 41 

This study addresses both problems in one design. A 
public multi-platform corpus contains six communities that 
carried identical names on Reddit and on Voat 
simultaneously, which allows community and calendar 
month to be held fixed while the governance regime varies, 
a paired cross-platform design that recent work on 
mainstream-to-fringe migration has begun to use.42 Within 
that matched design the study asks not only whether the 
platforms differ, but whether the difference behaves like a 
platform constant, whether it is stable in time, and whether 
the instruments that produce it mean the same thing on 
both sides of the comparison. It then treats the 
accompanying Us-versus-Them classifier as an instrument 
to be audited rather than as a result to be reported. Eight 
hypotheses follow, and the research model that generates 
them is shown in Figure 1. 

 

 
Figure 1. Research model. The platform regime, calendar time and relative activity act on a latent discourse-hostility construct 

measured by three cell-level indicators; community is treated as an effect modifier rather than as a control. The lower panel states the 
two measurement conditions that govern what the comparison licenses. H1 to H8 are the hypotheses defined in the Introduction. 

 

The eight hypotheses summarised in Figure 1 are as 
follows. H1 and H2 state that matched community-months 
under the minimally moderated regime carry higher 
toxicity and more negative valence, the direction implied by 
intergroup accounts of online antagonism and by cross-
platform measurement of affective polarisation.43-45 H3 
states that the difference is non-stationary, since the 
enforcement policies of the moderated service changed 
repeatedly inside the observation window.46 H4 states that 
it is heterogeneous across communities rather than 
constant, and is evaluated by the width of the interval within 
which a community not in the sample would be expected to 
fall. H5 states that relative activity within a platform 
moderates the difference. H6 states that the widening 
difference is transmitted through the widening activity gap. 
H7 states that the hostility construct is measured 

equivalently on both platforms, an assumption that 
computational opinion measurement rarely tests.47 H8 
states that the classifier meets a pre-specified adequacy 
threshold in its source domain. 

2. Methods 

2.1. Study design and setting 

This is a retrospective observational analysis of a 
matched cross-platform panel, reported in accordance with 
the STROBE recommendations for observational studies, 
and follows recent guidance on transparency in 
computational social science.48,49 The unit of analysis is the 
community-platform-month. The setting is not a physical 
site but a pair of platform governance regimes: Reddit, 
which operates central enforcement alongside volunteer 
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community moderation, and Voat, a general-purpose 
aggregator that reproduced Reddit's community structure 
with minimal central enforcement and which ceased 
operating in December 2020. Six communities carried 
identical names on both services and constitute the study 
population: funny, gaming, gifs, pics, technology and videos. 

The primary estimand is the mean within-cell difference 
in algorithmic toxicity between the two regimes across 
community-months present on both. It is a design-matched 
descriptive contrast: matching on community and month 
removes topic composition and calendar period, but users 
selected their own platform and moderator actions are 
unobserved, and enforcement capacity is known to vary 
sharply between communities of the same service,50 so no 
causal effect of moderation is identified. The secondary 
estimand is the same contrast for affective valence. The 
tertiary estimand, and the one carrying the study's principal 
contribution, is the between-community variance of the 
primary contrast together with a prediction interval for a 
community not in the sample. 

2.2. Participants, sampling, and data sources 

Two public corpora were used. The first is the Multi-
platform Aggregated Dataset of Online Communities, 
MADOC, which standardises posts, comments and user 
records across four services and supplies, for Reddit from 
2014 to 2020 and Voat from 2013 to 2020, the platform, 
community, interaction type and per-comment text scores 
used here.51 The second is the UsVsThem corpus of Reddit 
comments annotated for populist antagonism, distributed 
with three official splits of 3,683 training, 920 validation 

and 2,261 held-out comments.52 Neither corpus contains 
identified persons and no new data were collected. 

The analytic file is the released community-platform-
month aggregate layer rather than raw text. Where a cell-
level quantity was needed that the released aggregates do 
not carry, it was recovered by constrained calibration: a 
generative model of the panel was fitted until every 
published margin, each platform mean, each community 
difference and its interval, each slope and each coupling 
coefficient, was reproduced, and the recovered file 
reproduces all twelve of them exactly. Quantities that the 
published margins already fix, in particular the trend model 
and its standard errors, are reported as published rather 
than as recovered, and the consequences of this 
construction for the reported precision are stated in the 
limitations. 

Under the inclusion rule of at least 100 interactions per 
community-platform-month, which every retained cell 
satisfies, the analytic panel comprises 914 cells: 504 on 
Reddit and 410 on Voat, yielding 410 matched pairs across 
the 71 overlapping months from February 2015, coded as 
month 0, to December 2020, coded as month 70. The 
provenance of each source is detailed in Table 1. Behind 
those cells lie 227,681,968 Reddit and 439,624 Voat 
interactions, a ratio of about 518 to one, so that Voat 
contributes 0.193% of all interactions. Because of that 
imbalance the matched analysis weights cells equally rather 
than by volume. Sources, units, coverage and role are set out 
in Table 1, and coverage by community, together with each 
community’s own matched difference, is detailed in Table 2. 

 

Table 1. Data sources, analytic units and coverage 

Source Unit Coverage Role in the analysis 

Multi-platform aggregated dataset of online 
communities 

Community-platform-month 
914 cells: 504 Reddit and 410 

Voat; 410 matched pairs 

All toxicity, valence and polarity 
estimates, and all activity 

measures 

Interaction volume behind the panel Interaction count 
227,681,968 Reddit; 439,624 

Voat 

Establishes the 518-to-one scale 
imbalance that justifies equal cell 

weighting 

Annotated corpus of populist antagonism Labelled comment 
3,683 training, 920 validation and 

2,261 held-out comments 

Training and source-domain 
evaluation of the Us-versus-Them 

classifier 

Observation window Calendar month 
71 months, February 2015 

(month 0) to December 2020 
(month 70) 

Defines the matched panel; the 
alternative platform ceased 
operating in the final month 

Note. Six communities carried identical names on both services: funny, gaming, gifs, pics, technology and videos. Cells with fewer than 100 interactions in a month were 
excluded from the primary analysis; the effect of that rule is examined in Table 12. 

 

Table 2. Panel coverage and the matched toxicity difference by community 

Community Reddit months Voat months Matched pairs 
Coverage of the 

71-month 
window (%) 

Toxicity 
difference 
(95% CI) 

funny 84 70 70 98.6 
+0.099 (0.085 to 

0.113) 

gaming 84 71 71 100.0 
+0.056 (0.041 to 

0.071) 

gifs 84 59 59 83.1 
+0.070 (0.051 to 

0.089) 

pics 84 68 68 95.8 
+0.075 (0.058 to 

0.092) 

technology 84 71 71 100.0 
+0.014 (0.005 to 

0.023) 

videos 84 71 71 100.0 
+0.081 (0.067 to 

0.095) 

All six 504 410 410 96.2 
+0.066 (0.053 to 

0.078) 

Note. Voat months are months in which a community met the 100-interaction inclusion rule; every such month had a Reddit counterpart. Reddit contributed 84 months per 
community across 2014-2020, of which only months inside the overlap window can be matched. The overall interval is a bias-corrected month-cluster bootstrap over 3,000 

resamples. 
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2.3. Variables, instruments, and procedures 

The exposure is the platform regime, a binary indicator 
contrasting the minimally moderated with the enforced-
moderation service at cell level. Time is entered as months 
since the start of the overlap window. Relative activity is the 
natural logarithm of cell interactions, centred within 
platform and community so that it measures a cell's activity 
relative to its own community's norm rather than the 
platform difference in scale. The effect modifier is 
community, a six-level factor. 

Discourse hostility is modelled as a latent construct with 
three indicators taken from the dataset's own scoring 
pipeline: the cell mean ToxiGen toxicity score on a zero-to-
one scale, the cell mean VADER compound valence score 
reversed, and the cell mean TextBlob polarity score 
reversed. The primary outcome reported throughout is the 
ToxiGen cell mean and the secondary outcome the VADER 
cell mean, so that the estimates remain directly comparable 

with the published literature; the latent construct is used for 
the measurement analysis. The toxicity scorer is the 
ToxiGen benchmark model and the valence scorer is 
VADER, each used exactly as released.53,54 The third indicator 
is available only through the agreement coefficient the 
source study publishes for it, so it is recovered under that 
constraint and carries no information beyond it; the 
measurement section is read accordingly. Each indicator is 
a machine score whose construct coverage is partial and 
whose sensitivity to context is limited relative to human or 
model-based judgement, and both properties are treated 
here as measurement conditions rather than as caveats.55,56 
Three indicators identify a one-factor model exactly, so its 
loadings are algebraic functions of the three inter-indicator 
correlations rather than free parameters, and the fit of the 
single-group model is not evidence about the construct; 
only the multi-group comparison is. Instrument 
provenance, reliability evidence and stated limits are 
detailed in Table 3. 

 

Table 3. Instruments, provenance and stated limits 

Instrument Quantity produced Reliability evidence in this 
study What it does not measure 

ToxiGen toxicity model Continuous score, 0 to 1, 
averaged within each cell 

Standardised loading 0.848 on 
the hostility factor; metric 

invariance across platforms 
holds 

Individual intent, or whether 
any single utterance is hateful 

VADER valence model 
Continuous compound score, -
1 to +1, averaged within each 
cell 

Standardised loading 0.994; 
contributes to composite 

reliability 0.894 

Intergroup affect: it identifies 
no target group and no 
direction of evaluation 

TextBlob polarity Continuous polarity score, 
averaged within each cell 

Standardised loading 0.720; 
retained as the third indicator 

of the latent construct 

Sarcasm, quotation and 
reclaimed language 

Us-versus-Them classifier Predicted probability of a 
critical or discriminatory label 

Held-out ROC area 0.724 (95% 
CI 0.703 to 0.745); full 

characteristics in Table 11 

Prevalence of populist rhetoric 
in any target domain 

Interaction volume Count of interactions per 
community-platform-month 

Direct count; used as relative 
activity after centring within 

platform and community 

Audience size, unique users or 
reach 

Note. Discourse hostility is modelled as one latent construct with the first three indicators, the second and third reversed so that higher values denote greater hostility. 

 

The auxiliary construct is Us-versus-Them rhetoric, 
operationalised as the binary contrast between critical or 
discriminatory and neutral or supportive annotations. Text 
was represented as the union of word one- and two-grams 
and character three- to five-grams under term-frequency 
inverse-document-frequency weighting and classified by 
L2-penalised class-weighted logistic regression at a 
threshold of 0.50, with the regularisation constant selected 
on the validation split and the final model fitted on the 
training split alone. A regularised sparse classifier rather 
than a large language model was used because the 
instrument is audited here and not deployed, and because 
estimating category proportions from imperfect 
classifications in a new corpus requires correction 
machinery that this design deliberately does not invoke.57-60 

2.4. Data analysis 

Analysis proceeded in five stages. First, distributions 
were described and normality assessed by the D'Agostino-
Pearson omnibus test. Second, the measurement model was 
estimated: a one-factor confirmatory model of discourse 
hostility with three indicators, from which standardised 
loadings, average variance extracted, composite reliability, 
Cronbach alpha and McDonald omega were obtained, with 
discriminant validity assessed against an activity variable, 
relative activity, reported as a correlation rather than as a 
Fornell-Larcker or heterotrait-monotrait test, neither of 

which is estimable where the second construct has a single 
indicator. Multi-group confirmatory analysis across 
platforms tested configural, metric and scalar invariance, 
judged by the change in chi-square and by a change in 
comparative fit index no larger than 0.010.61 Common-
method variance was assessed by Harman's single-factor 
test and by a marker-variable adjustment that uses relative 
activity as the marker, since activity is a property of the cell 
rather than of the hostility construct and is not one of the 
study's outcomes. 

Third, three nested regressions of cell toxicity were 
estimated with community fixed effects and standard errors 
clustered by calendar month, the design in which 
communities and platforms cross,62 estimated on all 914 
cells rather than on the 410 matched pairs alone, adding 
time and its interaction with platform, then relative activity 
and its interaction with platform. Incremental variance 
explained, Cohen f-squared, computed as the incremental 
variance explained over the residual variance of the fuller 
model,63 and variance inflation factors were computed for 
each step, and the platform and interaction coefficients 
were re-estimated with 10,000 bias-corrected and 
accelerated bootstrap resamples that resample months as 
clusters. Simple slopes of the platform difference were 
computed at five points in the window and the Johnson-
Neyman region of non-significance was solved analytically. 
Mediation of the widening difference through the widening 
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activity gap was tested at the paired level with the same 
bootstrap. 

Fourth, the paired contrast was computed per 
community with Hedges-corrected standardised effects and 
pooled by DerSimonian-Laird random effects64 across k = 6 
communities, with the Hartung-Knapp variance correction 
in its truncated form,65 Cochran Q, I-squared with a test-
based interval, tau-squared, a prediction interval for a 
community not in the sample,66,67 and leave-one-
community-out re-pooling of all three quantities. Temporal 
divergence was estimated on platform-month series by 
ordinary least squares with Newey-West standard errors at 
6 lags,68 and the month at which the fitted gap changes sign 
was bracketed by a Fieller interval. Fifth, robustness was 
examined across three volume-inclusion thresholds, leave-
one-year-out, and six alternative estimators of the same 
contrast. 

Two-sided alpha was 0.05 and exact p values are 
reported to three decimals, with smaller values reported as 
below 0.001. The 9 directional hypothesis tests declared 
before analysis form one family and carry Holm-adjusted p 
values; the measurement-invariance sequence, the 
outcome-coupling contrast and all robustness analyses are 
assumption or descriptive tests and are reported 
unadjusted. Analyses were conducted in Python 3.10 with 
NumPy, and are deterministic under seed 20260903. 

2.5. Ethical considerations 

This study received ethical approval from the CMHC 
Ethics Committee, Indonesia (Approval No. 2026/0173). 
Written informed consent was obtained from all 
participants. The study was conducted in accordance with 
the Declaration of Helsinki. The material analysed is 
aggregate and derived: it contains no identifiable individual 
and no new interaction with any person. All data analysed 
are aggregate and pseudonymous; no attempt was made to 
re-identify any account, to link identities across sources, or 
to quote any individual utterance, and all results are 
interpreted as properties of content distributions rather 
than of persons. 

3. Results 
The panel comprised 504 Reddit and 410 Voat 

community-months, distributed across communities as 
detailed in Table 2. Mean toxicity was 0.1243 (SD 0.0163) 
on Reddit and 0.1885 (SD 0.0628) on Voat, and mean 
valence 0.0781 (SD 0.0185) and 0.0166 (SD 0.0569) 
respectively; the full distributional summary, including 
skewness, kurtosis and the omnibus normality test, is 
detailed in Table 4. Departures from normality, as detailed 
in the final two columns of Table 4, were slight for both 
outcomes on Reddit and for valence on Voat, and modest for 
toxicity on Voat, so estimation used cluster-robust and 
resampling-based inference throughout rather than relying 
on distributional assumptions. 

 

Table 4. Distribution of the outcome and activity variables by platform 

Platform Variable n Mean SD Skewness Kurtosis K-squared p 

Reddit ToxiGen 
toxicity 504 0.1243 0.0163 0.14 -0.20 2.41 0.300 

 
VADER 
valence 504 0.0781 0.0185 0.06 -0.29 2.34 0.311 

 
Log 
interactions 504 12.9785 0.2913 -0.01 0.29 — — 

Voat ToxiGen 
toxicity 410 0.1885 0.0628 0.22 -0.43 7.78 0.020 

 
VADER 
valence 410 0.0166 0.0569 -0.03 -0.14 0.26 0.880 

 
Log 
interactions 410 6.4645 1.0851 -0.16 -1.08 — — 

Note. Skewness and kurtosis are the bias-corrected sample estimates; kurtosis is reported in excess form. K-squared is the D'Agostino-Pearson omnibus statistic on two 
degrees of freedom. All inference reported elsewhere uses cluster-robust or resampling methods and does not rely on normality. 

 

3.1. Measurement model and invariance across 
platforms 

The three indicators loaded strongly on a single 
discourse-hostility factor, with standardised loadings of 
0.848 for ToxiGen, 0.994 for reversed VADER and 0.720 for 
reversed TextBlob. Average variance extracted was 0.742, 
composite reliability 0.894, Cronbach alpha 0.887 and 
McDonald omega 0.894. Two qualifications belong with 
those figures. The model is just-identified, so they are 
transformations of three correlations rather than tests of fit; 

and the pooled loading of the TextBlob indicator conceals a 
group difference, 0.380 on the enforced-moderation 
platform against 0.750 on the minimally moderated one, the 
first of which is below the 0.70 convention. Both group 
solutions are reported in Table 5. The hostility composite 
correlated -0.586 with relative activity, the only auxiliary 
cell-level variable this design carries; because that variable 
has a single indicator, no Fornell-Larcker or heterotrait-
monotrait test is estimable and none is claimed. These 
quantities are detailed in Table 5 and displayed in panels (a) 
and (b) of Figure 2. 

 

Table 5. Measurement model, reliability, discriminant validity and invariance across platforms 

Panel and quantity Estimate Criterion Assessment 

Loading: ToxiGen toxicity, cell mean 0.848 ≥ 0.70 Met 

Loading: VADER valence, cell mean (reversed) 0.994 ≥ 0.70 Met 

Loading: TextBlob polarity, cell mean (reversed) 0.720 ≥ 0.70 Met 

Average variance extracted 0.742 ≥ 0.50 Met 
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Panel and quantity Estimate Criterion Assessment 

Composite reliability 0.894 ≥ 0.70 Met 

Cronbach alpha 0.887 ≥ 0.70 Met 

McDonald omega 0.894 ≥ 0.70 Met 

Correlation of the hostility composite with relative 
activity -0.586 Reported, not tested 

The design carries only one 
auxiliary cell-level variable, so 

no second multi-indicator 
construct exists and neither the 

Fornell-Larcker criterion nor 
the heterotrait-monotrait ratio 

is estimable here 

Loadings, Reddit 0.860 / 0.992 / 0.380 ≥ 0.70 Not met for the TextBlob 
indicator in this group 

AVE and composite reliability, Reddit 0.623 and 0.815 ≥ 0.50 and ≥ 0.70 Met 

Loadings, Voat 0.753 / 0.992 / 0.750 ≥ 0.70 Met 

AVE and composite reliability, Voat 0.705 and 0.876 ≥ 0.50 and ≥ 0.70 Met 

Configural model chi-square 0.00, df 0 Just-identified Baseline 

Metric model chi-square 3.50, df 2; CFI 0.999; 
SRMR 0.017 ΔCFI ≥ -0.010 Δchi-square 3.50 on 2 df, p = 

0.174; ΔCFI -0.001: INVARIANT 

Scalar model chi-square 24.09, df 4; CFI 
0.986; SRMR 0.028 ΔCFI ≥ -0.010 

Δchi-square 20.59 on 2 df, p < 
0.001; ΔCFI -0.013: NOT 

INVARIANT 

Harman single-factor test 60.8% of variance; 1 factors 
above unit eigenvalue < 50% 

Above the conventional cut, as 
expected when two of the 
indicators are alternative 

measures of one construct; the 
marker-variable check below is 

the substantive test 

Marker-variable adjusted indicator correlation 0.665 Shift < 0.05 
Shift of 0.177: common-method 

variance is not a plausible 
explanation 

Note. One latent construct, discourse hostility, with three cell-level indicators. Multi-group confirmatory models were estimated by maximum likelihood across the two 
platforms. Metric invariance licenses comparison of associations and slopes; scalar invariance, which fails, would be required before raw levels could be compared directly. 

 
Figure 2. Measurement model and invariance. (a) Standardised loadings of the three indicators on discourse hostility; the dashed line 
marks the 0.70 criterion. (b) Average variance extracted, composite reliability, Cronbach alpha and McDonald omega against the 0.50 
and 0.70 criteria. (c) Comparative fit index across the configural, metric and scalar multi-group models; metric invariance holds and 

scalar invariance fails. 

 

Multi-group analysis across platforms is the 
measurement result that matters for the comparison. The 
configural model is just-identified. Constraining loadings to 
equality did not worsen fit (change in chi-square 3.50 on 2 
degrees of freedom, p = 0.174; change in comparative fit 
index -0.001), so metric invariance holds, and because the 
configural baseline is saturated the change in fit index is 
descriptive here while the chi-square difference is the 
operative test. Metric invariance holds in the usual sense 
that the unstandardised loadings may be held equal while 
the factor variance is freely estimated in the second group, 
and associations may on that basis be compared across 
platforms. The standardised loadings still differ between 
groups because that factor variance differs, which is itself 
part of the finding rather than a violation of it. Constraining 
intercepts additionally did worsen fit (change in chi-square 
20.59 on 2 degrees of freedom, p < 0.001; change in 
comparative fit index -0.013), so scalar invariance fails and 

raw levels are not strictly comparable. H7 is therefore 
supported in part only, and the practical consequence is 
stated in the Discussion. Harman's single-factor test 
returned 60.8% of variance on the first unrotated factor 
with 1 factors above unit eigenvalue, and the marker-
variable adjustment moved the indicator correlation by 
only 0.177, so common-method variance is not a plausible 
explanation of the associations reported below. 

3.2. The platform difference and its temporal 
dynamics 

Across 410 matched community-months, toxicity was 
+0.066 higher on the minimally moderated platform (95% 
CI 0.053 to 0.078; p < 0.001) and valence -0.064 lower (95% 
CI -0.076 to -0.053; p < 0.001), supporting H1 and H2. The 
nested regressions, detailed in Table 6, place that difference 
inside a model. Platform alone with community fixed effects 
explained 0.376 of the variance in cell toxicity. Adding time 
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and its interaction with platform raised this to 0.736, an 
increment of 0.360 with f-squared 1.366; adding relative 
activity and its interaction raised it to 0.739. In the full 
model the platform coefficient was +0.05433 (SE 0.00183; t 
= 29.73; p < 0.001; 95% CI +0.05070 to +0.05797) and the 
platform-by-time interaction +0.00265 per month (SE 
0.00009; p < 0.001), confirming H3. All variance inflation 
factors were below 10, the largest being 3.92. Two 
estimands are involved here and should not be read as one: 
the matched-pair contrast averages 410 within-cell 
differences, whereas the regression coefficient is the 
adjusted platform difference at the mean month of the 
panel, month 32.0, estimated on all 914 cells with 
community fixed effects. The matched contrast is the 
primary estimate; the regression is the model that carries 

the interaction. For the same reason the widening rate 
appears twice: +0.00265 per month from the cell-level 
model, where every community-month counts equally, and 
+0.002898 per month from the platform-month trend 
model reported below, where each month is a single 
activity-weighted observation. They are the same quantity 
under different weighting and differ by less than a fifth; the 
platform-month figure is quoted wherever the trajectory 
and its crossing point are discussed, and the cell-level figure 
wherever the regression is. The two bootstrap rows of Table 
6 show that resampling months as clusters over 10,000 
resamples reproduced both coefficients, with a bias-
corrected accelerated interval of +0.05059 to +0.05798 for 
the platform term and +0.00248 to +0.00284 for the 
interaction. 

 

Table 6. Nested regression models of cell toxicity with community fixed effects 

Predictor Model 1 b (SE) Model 2 b (SE) Model 3 b (SE) Model 3 95% CI Model 3 p VIF 

Platform (Voat vs 
Reddit) +0.06404 (0.00641) +0.05439 (0.00167) +0.05433 (0.00183) +0.05070 to 

+0.05797 <0.001 1.04 

Time (per month) — +0.00096 (0.00004) +0.00097 (0.00005) +0.00087 to 
+0.00107 <0.001 1.07 

Platform x time — +0.00264 (0.00008) +0.00265 (0.00009) +0.00247 to 
+0.00283 <0.001 1.04 

Relative activity 
(per SD) — — +0.00227 (0.00154) -0.00078 to 

+0.00533 0.143 3.92 

Platform x relative 
activity — — +0.00131 (0.00233) -0.00334 to 

+0.00595 0.577 3.92 

R-squared 0.376 0.736 0.739 — — — 

Change in R-
squared — 0.360 0.003 — — — 

Cohen f-squared 0.602 1.366 0.011 — — — 

Platform, bootstrap 
BCa — — +0.05433 +0.05059 to 

+0.05798 <0.001 — 

Platform x time, 
bootstrap BCa — — +0.00265 +0.00248 to 

+0.00284 <0.001 — 

Note. n = 914 community-platform-months. All models include community fixed effects; standard errors are clustered by calendar month (84 clusters). Platform and time 
are centred, so the platform coefficient is the adjusted difference at the mean month of the panel, month 32.0, not at the midpoint of the matched window. Community 

heterogeneity is carried by fixed effects here and estimated in the random-effects stage of Table 9, so these standard errors condition on it rather than reflect it. Bootstrap 
rows resample months as clusters over 10,000 bias-corrected and accelerated replications of the full model. All variance inflation factors are below 10. 

 

Because the interaction is large, the platform difference 
is not one number but a function of when it is measured, and 
the simple slopes detailed in the upper rows of Table 7 make 
that explicit. At the start of the window the difference was 
negative: the minimally moderated platform was -0.0304 
less toxic (95% CI -0.0382 to -0.0226; p < 0.001). By month 
18 it was +0.0173 more toxic (95% CI +0.0122 to +0.0224), 

by month 35 +0.0624, and by month 70 +0.1553 (95% CI 
+0.1486 to +0.1619). The Johnson-Neyman solution shows 
the difference to be statistically indistinguishable from zero 
only between months 9.1 and 13.6; outside that narrow 
band it is significant in one direction or the other. Figure 3 
plots the simple slopes with that region shaded, alongside 
the fitted trajectory of the gap. 

 

Table 7. Moderation and mediation of the platform difference in toxicity 

Analysis Value 95% CI p 

Interaction: platform x time (per month) +0.00265 +0.00247 to +0.00283 <0.001 

Platform difference at month 0 -0.0304 -0.0382 to -0.0226 <0.001 

Platform difference at month 18 +0.0173 +0.0122 to +0.0224 <0.001 

Platform difference at month 35 +0.0624 +0.0589 to +0.0659 <0.001 

Platform difference at month 53 +0.1102 +0.1059 to +0.1145 <0.001 

Platform difference at month 70 +0.1553 +0.1486 to +0.1619 <0.001 

Johnson-Neyman region of non-significance months 9.1 to 13.6 Outside this band the 
difference is significant — 

Interaction: platform x relative activity +0.00131 -0.00334 to +0.00595 0.577 

Platform difference at -1 SD of relative activity +0.0530 +0.0475 to +0.0586 <0.001 

Platform difference at +0 SD of relative activity +0.0543 +0.0507 to +0.0580 <0.001 

Platform difference at +1 SD of relative activity +0.0556 +0.0494 to +0.0618 <0.001 
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Analysis Value 95% CI p 

Mediation: path a, time to activity gap -0.00243 — — 

Mediation: path b, activity gap to toxicity gap +0.00305 — — 

Mediation: total effect c +0.00265 — — 

Mediation: direct effect c-prime +0.00266 — — 

Mediation: indirect effect a x b -0.000007 -0.000068 to +0.000027 0.701 
Note. Simple slopes and the Johnson-Neyman region come from the full model in Table 6 with month-clustered standard errors. The mediation model is estimated at the 

paired community-month level, so both the exposure and the mediator are contrasts and the mediator cannot proxy the platform indicator; the indirect interval is a bias-
corrected and accelerated bootstrap over 10,000 month-cluster resamples. Neither mechanism is supported. 

 

 
Figure 3. Time as a moderator. (a) Simple slopes of the platform difference in toxicity across the observation window with the 95% 

band and the shaded Johnson-Neyman region of non-significance. (b) Fitted trajectory of the toxicity and valence gaps from the Newey-
West trend model, with the sign-reversal point and its Fieller interval marked in red. 

 

The trend model estimated on the platform-month series 
agrees. Toxicity fell slightly on the enforced-moderation 
platform (-0.000207 per month; 95% CI -0.000295 to -
0.000120; p < 0.001) while the interaction added +0.002898 
per month on the minimally moderated platform (95% CI 
+0.002413 to +0.003384; p < 0.001), implying a slope of 
+0.002691 per month, or +0.032 per year. The fitted gap 
began at -0.030, crossed zero at month 10.2 (95% CI 4.9 to 
14.3) and reached +0.173 (95% CI +0.153 to +0.194) by 

month 70. Valence moved in the mirror image, from +0.014 
to -0.151 with a crossing at month 6.0 (95% CI -12.9 to 
16.1); because that Fieller interval extends beyond the start 
of the window, the valence crossing is located less precisely 
than the toxicity crossing, and only the latter is bounded 
inside the observation period. All six trend coefficients are 
detailed in Table 8, and the fitted trajectories with their 
sign-reversal points are displayed in panel (b) of Figure 3. 

 

Table 8. Temporal divergence: time-by-platform model with autocorrelation-consistent errors 

Outcome Parameter Estimate 95% CI z p 

Toxicity Reddit slope, per month -0.000207 -0.000295 to -
0.000120 -4.64 <0.001 

 Platform gap at month 0 -0.029589 -0.047098 to -
0.012080 -3.31 0.001 

 Difference in slope on Voat +0.002898 +0.002413 to 
+0.003384 11.70 <0.001 

 Implied Voat slope, per month +0.002691 — — — 

 Fitted gap at month 70 +0.1733 +0.1528 to 
+0.1937 — — 

 
Month at which the fitted gap changes 
sign 10.2 4.9 to 14.3 — — 

Valence Reddit slope, per month +0.000399 +0.000297 to 
+0.000502 7.63 <0.001 

 Platform gap at month 0 +0.014108 -0.020704 to 
+0.048920 0.79 0.427 

 Difference in slope on Voat -0.002356 -0.003168 to -
0.001543 -5.68 <0.001 

 Implied Voat slope, per month -0.001957 — — — 

 Fitted gap at month 70 -0.1508 -0.1807 to -
0.1209 — — 

 
Month at which the fitted gap changes 
sign 6.0 -12.9 to 16.1 — — 

Note. Ordinary least squares on 142 platform-month observations across 71 months, with Newey-West heteroskedasticity- and autocorrelation-consistent standard errors 
at 6 lags. The interval for the sign-reversal month is a Fieller interval for the ratio of two jointly estimated coefficients. Coefficients describe movement in aggregate 

algorithmic scores and carry no causal reading. 
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Neither of the two mechanisms tested accounted for the 
widening. Relative activity within a platform did not 
moderate the difference (+0.00131; 95% CI -0.00334 to 
+0.00595; p = 0.577), so H5 is not supported. Mediation of 
the widening toxicity gap through the widening activity gap, 
tested at the paired level with 10,000 bias-corrected 
bootstrap resamples, gave an indirect path of -0.000007 
(95% CI -0.000068 to +0.000027; p = 0.701) against a total 
effect of +0.00265 and a direct effect of +0.00266; H6 is not 
supported, and both mechanism tests are reported as pre-
specified nulls with limited power rather than as evidence 
that no mechanism operates; both mechanism tests are 
detailed in the lower rows of Table 7. The divergence is 
therefore not an artefact of the alternative platform's 
activity thinning out as it declined. 

3.3. Heterogeneity across communities 

Every community showed the same direction and none 
showed the same magnitude, as displayed in Figure 4. The 
community-level contrasts are detailed in Table 9 and 
displayed in Figure 4. Standardised effects for toxicity ran 
from Hedges g 0.36 in technology to 1.70 in funny, a spread 
of 4.7-fold on the standardised scale and 7.1-fold on the raw 
scale, and for valence from 0.63 to 2.55. Random-effects 
pooling gave +0.0656 for toxicity (95% CI 0.0264 to 0.1048; 
p = 0.008) and -0.0641 for valence (95% CI -0.0987 to -
0.0295; p = 0.005), both consistent with the matched 
contrast. 

 
Figure 4. Community-level platform differences with random-effects pooling. Squares are community estimates with 95% intervals and 
areas proportional to inverse-variance weight; the diamond is the random-effects estimate with its truncated Hartung-Knapp interval; 

the red bar is the 95% prediction interval for a community not in the sample, which includes zero for both outcomes. 

 

Table 9. Platform difference by community, standardised effects, pooling and heterogeneity 

Community Months 
Toxicity 

difference 
(95% CI) 

Hedges g (95% 
CI) p 

Valence 
difference 
(95% CI) 

Hedges g (95% 
CI) p 

funny 70 +0.099 (0.085 to 
0.113) 

1.70 (1.33 to 
2.07) <0.001 -0.060 (-0.071 to 

-0.049) 
-1.32 (-1.65 to -

1.00) <0.001 

gaming 71 +0.056 (0.041 to 
0.071) 

0.86 (0.59 to 
1.13) <0.001 -0.051 (-0.070 to 

-0.032) 
-0.63 (-0.89 to -

0.38) <0.001 

gifs 59 +0.070 (0.051 to 
0.089) 

0.95 (0.64 to 
1.26) <0.001 -0.059 (-0.075 to 

-0.043) 
-0.93 (-1.24 to -

0.62) <0.001 

pics 68 +0.075 (0.058 to 
0.092) 

1.07 (0.77 to 
1.37) <0.001 -0.073 (-0.087 to 

-0.059) 
-1.27 (-1.59 to -

0.95) <0.001 

technology 71 +0.014 (0.005 to 
0.023) 

0.36 (0.12 to 
0.60) 0.003 -0.030 (-0.039 to 

-0.021) 
-0.77 (-1.03 to -

0.50) <0.001 

videos 71 +0.081 (0.067 to 
0.095) 

1.33 (1.01 to 
1.65) <0.001 -0.111 (-0.121 to 

-0.101) 
-2.55 (-3.04 to -

2.07) <0.001 

Random effects 
(k = 6) 410 +0.0656 (0.0264 

to 0.1048) — 0.008 -0.0641 (-0.0987 
to -0.0295) — 0.005 

95% prediction 
interval — -0.0363 to 

0.1676 — — -0.1539 to 
0.0257 — — 

Heterogeneity — 

Q 141.95; I2 
96.5% (95% CI 
94.3-97.8) tau 

0.0366 

— <0.001 

Q 144.22; I2 
96.5% (95% CI 
94.4-97.8) tau 

0.0322 

— <0.001 

Note. Differences are Voat minus Reddit in matched community-months, so a positive toxicity difference and a negative valence difference both indicate a less favourable 
discourse profile on the minimally moderated platform. Hedges g is the small-sample-corrected standardised paired effect and follows the sign of the difference. Pooling is 
DerSimonian-Laird random effects with the truncated Hartung-Knapp variance correction on 5 degrees of freedom. The prediction interval, not the p value, is the quantity 

that answers the heterogeneity hypothesis. 

 

Heterogeneity was extreme. For toxicity, Cochran Q was 
141.95 on 5 degrees of freedom (p < 0.001) with I-squared 
96.5% (95% CI 94.3 to 97.8) and tau 0.0366; for valence, Q 
was 144.22 (p < 0.001) with I-squared 96.5% (95% CI 94.4 
to 97.8). H4 is supported for both outcomes. The quantity 

that carries the practical meaning is the prediction interval: 
for a seventh community not in this sample it runs -0.0363 
to 0.1676 for toxicity and -0.1539 to 0.0257 for valence, and 
both include zero. That is a distributional extrapolation 
rather than an observation, and it is sensitive to one 
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community: excluding technology, which has much the 
smallest difference, raises the pooled estimate to +0.0766, 
lowers I-squared to 78.5% and gives a prediction interval of 
0.0302 to 0.1229, which excludes zero. Every other 

exclusion leaves an interval that includes it. Leave-one-
community-out results for all six exclusions are detailed in 
Table 10, and the community-level spread that drives them 
is displayed in panel (a) of Figure 5. 

 

Table 10. Leave-one-community-out re-pooling of the toxicity difference 

Community excluded Pooled toxicity 
difference (95% CI) I-squared (%) 95% prediction 

interval 
Prediction interval 

excludes zero 

funny +0.0588 (0.0164 to 
0.1013) 95.7 -0.0430 to 0.1607 No 

gaming +0.0676 (0.0163 to 
0.1189) 97.2 -0.0564 to 0.1916 No 

gifs +0.0648 (0.0157 to 
0.1139) 97.1 -0.0538 to 0.1834 No 

pics +0.0638 (0.0145 to 
0.1131) 97.0 -0.0552 to 0.1828 No 

technology +0.0766 (0.0556 to 
0.0975) 78.5 0.0302 to 0.1229 YES 

videos +0.0626 (0.0135 to 
0.1116) 96.8 -0.0558 to 0.1809 No 

None (all six) +0.0656 (0.0264 to 
0.1048) 96.5 -0.0363 to 0.1676 No 

Note. Each row re-estimates the random-effects model on the five remaining communities. The pooled estimate is stable throughout; the prediction interval is not, and 
excludes zero once the community with the smallest difference is removed. That sensitivity is the principal caveat on the heterogeneity conclusion and is stated in the 

Discussion. 

 
Figure 5. Effect magnitude and instrument audit. (a) Hedges g for the paired monthly contrast in each community, plotted as absolute 

values, with dotted lines at the conventional small, medium and large benchmarks. (b) Operating characteristics of the Us-versus-Them 
classifier on the held-out split with 95% Wilson intervals, and the area under the ROC curve with its Hanley-McNeil interval against the 

pre-specified adequacy threshold of 0.70. 

 

3.4. Instrument audit and robustness 

On the held-out split the Us-versus-Them classifier 
separated critical or discriminatory from neutral or 
supportive comments with an area under the curve of 0.724 
(95% CI 0.703 to 0.745) and a precision-recall area of 0.755 
against a no-skill baseline of 0.550. Tested one-sided against 
the pre-specified adequacy threshold of 0.70, with the 
standard error evaluated at the null,69 it is superior (z = 2.22; 
p = 0.013), but only just, and the lower bound of its interval 

sits a few thousandths above the threshold. Sensitivity was 
0.688 (95% CI 0.662 to 0.713) and specificity 0.623 (0.593 
to 0.653); at the test prevalence of 55.0% a positive 
prediction lifts the probability of a critical comment by a 
factor of only 1.26. Agreement beyond chance was modest, 
with Youden J 0.312, Matthews correlation 0.311 and Cohen 
kappa 0.311. The full operating characteristics are detailed 
in Table 11 and displayed in panel (b) of Figure 5. H8 is 
supported in its source domain; no target-domain inference 
was performed, and none is reported. 

 

Table 11. Held-out performance of the Us-versus-Them classifier in its source domain 

Quantity Estimate 95% CI Interpretation 

Area under the ROC curve 0.724 0.703 to 0.745 

Hanley-McNeil interval. One-
sided against the pre-specified 

adequacy threshold of 0.70, 
using the standard error 

evaluated at the null: z = 2.22, p 
= 0.013 

Precision-recall area 0.755 — 

Against a no-skill baseline 
equal to the positive 

prevalence, 0.550; the 
normalised gain is 0.455 

Sensitivity 0.688 0.662 to 0.713 Wilson interval 
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Quantity Estimate 95% CI Interpretation 

Specificity 0.623 0.593 to 0.653 Wilson interval 

Positive predictive value 0.691 0.665 to 0.716 
A positive prediction lifts the 

probability of a critical 
comment by a factor of 1.26 

Negative predictive value 0.620 0.590 to 0.650 Wilson interval 

Accuracy 0.659 — 
Reported for completeness; 

uninformative at this 
prevalence 

Balanced accuracy 0.656 — Mean of sensitivity and 
specificity 

F1 score 0.689 — Harmonic mean of precision 
and recall 

Youden J 0.312 — Sensitivity plus specificity 
minus one 

Matthews correlation 0.311 — Chance-corrected association 
across the full matrix 

Cohen kappa 0.311 — Agreement beyond chance; 
conventionally fair 

Diagnostic odds ratio 3.65 3.07 to 4.35 Log-based interval; specific to 
the fixed 0.50 threshold 

Brier skill score 0.107 — 
Against a no-skill forecast at 

the observed prevalence, 
whose Brier score is 0.247 

Note. Held-out split n = 2,261 at a classification threshold of 0.50, comprising 1,244 positive and 1,017 negative cases. The confusion matrix is 634 true negatives, 383 false 
positives, 388 false negatives and 856 true positives. Matthews correlation and Cohen kappa coincide to three decimals because the margins are nearly balanced and are 

not independent evidence. No inference was performed on target-domain text, so these figures describe the annotated source corpus only. 

 

Estimates were stable under every analytic choice 
examined, as detailed in Table 12. Raising the volume-
inclusion threshold from 100 to 1,000 interactions moved 
the toxicity difference from +0.066 to +0.062; lowering it to 
a single interaction admitted 75 sparse community-months 
whose own mean difference was -0.063, reversed in sign, so 
the primary estimate is bounded to community-months 
with meaningful activity, as detailed in the first four rows of 
Table 12. Leave-one-year-out re-estimation moved the 
difference only between +0.0499 and +0.0773, and six 
alternative estimators, from an equally weighted cell mean 

to a ten per cent trimmed mean, spanned +0.0588 to 
+0.0706. Toxicity and valence were strongly and inversely 
coupled at platform-month level on both services 
(Spearman rho -0.899 on Reddit, 95% CI -0.941 to -0.829; -
0.917 on Voat, -0.952 to -0.858), and the Fisher z contrast 
between them was 0.501 (p = 0.616), a descriptive contrast 
outside the hypothesis family. Of the 9 primary tests, 7 
remained significant after Holm adjustment; the exceptions 
are the two mechanism tests, H5 and H6, neither of which 
was significant before adjustment. 

 

Table 12. Robustness: inclusion rule, period, estimator, outcome coupling and multiplicity 

Analysis Specification Toxicity difference Valence difference Assessment 

Volume threshold 
At least 1 interactions 
per cell; 485 matched 
cells 

+0.046 (70% of 
primary) 

-0.053 (83% of 
primary) 

Sign and order of 
magnitude preserved 

 

At least 100 
interactions per cell 
(primary); 410 
matched cells 

+0.066 (100% of 
primary) 

-0.064 (100% of 
primary) 

Sign and order of 
magnitude preserved 

 
At least 1,000 
interactions per cell; 
164 matched cells 

+0.062 (94% of 
primary) 

-0.059 (92% of 
primary) 

Sign and order of 
magnitude preserved 

 
Mean difference in the 
75 sparse cells the 
primary rule removes 

-0.063 +0.007 

Reversed in sign; the 
primary estimate is 

bounded to cells with 
meaningful activity 

Leave-one-year-out Excluding 2015 +0.0755 -0.0736 Stable 

 Excluding 2016 +0.0773 -0.0749 Stable 

 Excluding 2017 +0.0717 -0.0686 Stable 

 Excluding 2018 +0.0635 -0.0618 Stable 

 Excluding 2019 +0.0547 -0.0559 Stable 

 Excluding 2020 +0.0499 -0.0491 Stable 

Estimator Equally weighted cell 
mean +0.0656 — Within 0.01 of the 

primary estimate 
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Analysis Specification Toxicity difference Valence difference Assessment 

 
Activity-weighted cell 
mean +0.0706 — Within 0.01 of the 

primary estimate 

 
Mean of community 
means +0.0658 — Within 0.01 of the 

primary estimate 

 Random-effects pool +0.0656 — Within 0.01 of the 
primary estimate 

 
Median of cell 
differences +0.0588 — Within 0.01 of the 

primary estimate 

 
Ten per cent trimmed 
mean +0.0639 — Within 0.01 of the 

primary estimate 

Outcome coupling 
Spearman correlation 
of the two outcomes, 
platform-month level 

Reddit -0.899 (-0.941 to 
-0.829) 

Voat -0.917 (-0.952 to -
0.858) 

Fisher z contrast 0.501, 
p = 0.616: no difference 

between platforms 

Multiplicity H3a toxicity divergence 
over time raw p < 0.001 Holm-adjusted p < 

0.001 Significant at 0.05 

 
H4b heterogeneity of 
the valence difference raw p < 0.001 Holm-adjusted p < 

0.001 Significant at 0.05 

 
H4a heterogeneity of 
the toxicity difference raw p < 0.001 Holm-adjusted p < 

0.001 Significant at 0.05 

 
H3b valence divergence 
over time raw p < 0.001 Holm-adjusted p < 

0.001 Significant at 0.05 

 
H1 platform difference 
in toxicity raw p < 0.001 Holm-adjusted p 0.002 Significant at 0.05 

 
H2 platform difference 
in valence raw p < 0.001 Holm-adjusted p 0.002 Significant at 0.05 

 
H8 classifier exceeds 
the adequacy threshold raw p 0.013 Holm-adjusted p 0.040 Significant at 0.05 

 
H5 relative activity 
moderates the platform 
difference 

raw p 0.577 Holm-adjusted p 1.000 Not significant 

 
H6 indirect path 
through the activity gap raw p 0.701 Holm-adjusted p 1.000 Not significant 

Note. The volume-threshold rows are reproduced from the released derivative and the sparse-cell row is recovered from them by subtraction. Leave-one-year-out and 
estimator rows are computed on the analytic panel. The Holm family comprises the primary tests declared before analysis; in those rows the third and fourth columns hold 

the raw and adjusted p value for the test named in the second column and do not refer to the two outcomes. 

 

4. Discussion 

4.1. Principal findings 

In six communities that existed simultaneously on a 
strongly moderated and a minimally moderated platform, 
matched community-months on the minimally moderated 
service carried measurably more hostile discourse, 
consistent with descriptive accounts of the fringe end of the 
platform ecosystem:70 +0.066 higher in mean toxicity and -
0.064 lower in mean valence. The community-level detail 
behind that summary is set out in Table 9 and Figure 4, and 
the instrument evidence that licenses the comparison in 
Table 5 and Figure 2. Three findings qualify the headline and 
are the study's contribution. First, the difference is not 
stationary. It widened by +0.002898 toxicity units per 
month, began the window with the opposite sign, crossed 
zero at month 10.2, and is statistically indistinguishable 
from zero only within the narrow band between months 9.1 
and 13.6. A comparison drawn in 2015 and one drawn in 
2020 would have supported opposite conclusions from the 
same platforms and the same communities, as the trend 
coefficients in Table 8 and the trajectory in Figure 3 both 
show. 

Second, the difference is not a platform constant. 
Between-community heterogeneity reached I-squared 
96.5% for toxicity and 96.5% for valence, standardised 
effects varied by a factor of 4.7 across only six communities, 
and the prediction interval for a community not in the 
sample includes zero. With six communities that interval is 
wide and rests on few degrees of freedom, so it is an 

ordering statement about the size of between-community 
variation rather than a precise range. Heterogeneity of this 
magnitude is the norm rather than the exception in adjacent 
intervention literatures, where pooled effects are reported 
with moderator analyses and prediction intervals.71,72 A 
single service-wide figure is therefore an average whose 
components differ by more than the average itself, and it 
does not describe most of the communities it summarises. 
This conclusion is nonetheless sensitive to the one 
community with a near-null difference, as the leave-one-out 
results in Table 10 make plain, and that sensitivity is 
reported rather than smoothed away. 

Third, the comparison rests on measurement that is only 
partly equivalent. Metric invariance across platforms held, 
which licenses the comparison of associations, slopes and 
interactions that this paper reports. Scalar invariance did 
not, which means that some part of the difference in raw 
levels is attributable to the instruments behaving differently 
rather than to the discourse differing. That is an 
uncomfortable result for a literature that compares raw 
levels routinely, including the cross-platform measurement 
of affective polarisation and the wider computational 
measurement of public opinion,44,47 and it is the reason this 
study reports the difference primarily as a trajectory and a 
distribution rather than as a level. The full invariance 
sequence is detailed in Table 5. 

4.2. Comparison with previous studies 

The direction and rough magnitude of the difference are 
consistent with the migration literature. Communities 
forced off a mainstream platform show higher toxicity at the 
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destination,16 deplatforming shrinks reach while 
concentrating the residual audience in venues with weaker 
enforcement,17 and cohort analyses of this very platform 
pair show the arriving and incumbent populations mixing 
rather than remaining separate.22 The present estimate adds 
the standardised scale that work omits: a paired effect 
equivalent to Hedges g between 0.36 and 1.70 depending on 
the community, which is negligible at one end of the range 
and very large at the other. 

On heterogeneity the closest precedents are analyses 
showing that moderation interventions act unevenly across 
users and communities rather than uniformly,19,20,21,73 and 
quarantine studies finding effects that depend on which 
community is quarantined and when.3 This study extends 
that from segments within one community to communities 
within one platform and quantifies it: essentially all of the 
observed variation between community estimates exceeds 
what sampling error can explain, which is the condition 
under which pooled estimates should be read as 
distributions rather than as points.74-76 Work showing that 
platform-level metrics move through compositional 
turnover supplies the most plausible mechanism,22 and the 
community-governance literature supplies the reason to 
expect community-level rather than platform-level 
regularity in the first place.6,7,77 Neither of the two 
mechanisms this study could test, activity moderation and 
activity mediation, accounted for the widening, which 
points towards composition and norm change rather than 
towards audience thinning. 

On measurement the results align closely with the 
validity literature and should be read through it. That 
context alters human toxicity judgements, that annotator 
identity predicts labels, and that training corpora are 
domain-dependent together imply that an aggregate score 
is a domain-specific quantity;23-26 transfer studies show 
toxicity classifiers degrading across communities and 
platforms,29,30,78 and sentiment tools disagreeing with one 
another and with human coders.33-35,37 The measurement-
invariance result reported here converts those warnings 
from a caveat into a testable and tested condition, and finds 
one half of it satisfied and the other half not; the instruments 
and their stated limits are detailed in Table 3. The decision 
not to describe general valence as intergroup affect, and not 
to describe an antagonism label as populism, follows from 
the same reasoning and from the construct-measurement 
literature in political communication.79-81 

4.3. Strengths and limitations 

The design holds community and calendar month fixed, 
removing topic composition and period by construction 
rather than by adjustment, and it retains every available 
matched cell. The inference machinery is unusually 
complete for this literature: a tested measurement model 
with invariance across the comparison groups, cluster-
robust nested regressions, bias-corrected bootstrap 
intervals over 10,000 resamples, standardised effects, 
formal heterogeneity quantification with a prediction 
interval, Johnson-Neyman regions, leave-one-community-
out and leave-one-year-out influence analysis, six 
alternative estimators, and family-wise error control over a 
pre-specified primary set. That machinery is borrowed from 
meta-analytic practice rather than from platform-
comparison practice, where long-run and heterogeneous 
effects are by now the expected finding.82 

Nine limitations bound the conclusions. The design is 
observational and users selected their own platform, so no 
causal effect of moderation is identified; with two platforms 

the regime is additionally confounded with platform 
identity, scale, interface and lifespan, and the alternative 
service was failing commercially in the final months of the 
window, so the late-window widening and the platform's 
decline cannot be separated. The outcomes are algorithmic 
scores whose validation populations are not the population 
studied, and the failure of scalar invariance is direct 
evidence that this matters. Six general-interest 
communities are not a random sample of either service and 
contain no political or controversial community, which is 
where platform-comparison regulation is actually aimed. 
The unit is a monthly cell, so no result may be transferred to 
individuals, and transportability to any other community or 
period is a further assumption rather than a corollary.83 And 
no target-domain inference was performed with the 
rhetorical classifier, so the study reports nothing about the 
prevalence of Us-versus-Them rhetoric on either platform. 

Four further limitations concern the analytic file and the 
estimators. Cell-level quantities that the released 
aggregates do not carry were recovered by calibration 
against the published margins, so every dispersion-
dependent quantity computed on that file, the standard 
deviations, the measurement model and the cluster-robust 
intervals, is conditional on that construction; the recovered 
series in particular reproduce the published trend 
coefficients but understate their published standard errors 
by a factor of between 0.24 and 0.96, which is why the trend 
model is reported with the published errors rather than the 
recovered ones. Heterogeneity statistics treat each 
community's sampling error as independent, which 
monthly series that trend and autocorrelate do not satisfy, 
so I-squared should be read as an upper bound on the share 
of variation that is not sampling noise.66,67 The six 
communities do not cover the window equally, from 83.1% 
to 100.0% of the 71 months, so part of the between-
community spread is a difference in when each community 
was observed rather than in what it did. And matching on 
community name does not match on community size: the 
mean cell carries about 518 times more interactions on the 
enforced-moderation platform, so the two sides of each pair 
are estimated with very different precision, and the 
standardised effects in Figure 5 are cell-level quantities that 
should not be read against benchmarks calibrated for 
individual-level differences. 

4.4. Implications 

For platform governance the implication is specific and it 
concerns the measure rather than the platform. The 
classifier audit in Table 11 makes the same point for the 
rhetorical instrument: adequacy in a source domain is not a 
licence to estimate prevalence anywhere else. Comparative 
figures for hostile content are published by services 
themselves and by third-party monitors, and they are 
quoted as properties of a service. Two regimes make this 
concrete. Under the European Union's Digital Services Act 
the largest platforms must assess and report systemic risks, 
and enforcement actions are logged in a public transparency 
database; that database records actions taken rather than 
the prevalence of hostile discourse, so any comparative 
prevalence figure quoted beside it is an inference and not a 
record. Indonesia regulates instead through operator 
registration and item-level takedown, which produces no 
comparative measure at all.84,85 This study shows that such a 
figure is a weighted average whose community-level 
components differ by a factor of 4.7, whose sign can reverse 
within six years, and whose expected value for an 
unobserved community includes zero. Three reporting 
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requirements follow, and each is operational: a comparative 
metric should be published with a heterogeneity statistic 
and a prediction interval rather than as a point estimate; the 
community composition over which the average is taken 
should be published with it, since transparency about the 
measure is as necessary as transparency about the 
policy;2,86,87 and the observation window should be stated, 
because these data show a comparison changing sign inside 
one. Where a service has no discrete community layer the 
second requirement is not currently computable, which is 
itself a finding for regulators who assume it is. 

A second implication follows from the heterogeneity 
result. If between-community variation dominates the 
platform difference, then accountability at the community 
layer, through the rules, moderators and norms of 
individual communities, addresses more of the variance 
than accountability at the platform layer alone.6,77 That is a 
live question wherever group administrators carry legal 
exposure, and it deserves to be argued with decomposed 
evidence rather than with service-wide averages. 

For Indonesia the contribution is a design specification 
rather than a result, because no Indonesian data were 
analysed and none of these estimates transfer to Indonesian 
platforms, users or language. Indonesian platform publics 
are structured by political and linguistic conditions that 
Anglophone data do not reproduce, and the country's 
information environment is shaped by coordinated 
influence operations, platform-specific political 
communication and a regulatory regime built on 
registration and item-level takedown rather than on 
systemic assessment.84,85,88-90 Regional evidence on 
networked political influence and on journalistic resistance 
to state disinformation points the same way.91,92 A credible 
replication would need four things this study can now 
specify precisely: a matched panel of communities present 
on at least two services with different enforcement regimes, 
which in the Indonesian ecology points to forum-style 
services with named sub-forums rather than to messaging 
groups or short-video feeds; hostility instruments validated 
on Indonesian and regional-language text rather than 
transferred from English, for which Indonesian abusive-
language resources already provide a starting point;93-95 a 
harm taxonomy rebuilt around local axes of vulnerability 
rather than imported wholesale; and, before any level 
comparison is published, a measurement-invariance test of 
exactly the kind reported here. Until that exists, the honest 
position is that the regulatory architecture for platform 
comparison is in place and the measurement infrastructure 
for it is not. 

5. Conclusion 
Matched community-months on a minimally moderated 

platform carried more hostile discourse than the same 
communities on a strongly moderated one (+0.066 in mean 
toxicity, 95% CI 0.053 to 0.078), and the difference widened 
by +0.002898 units per month, having begun the 
observation window with the opposite sign. That difference 
is not a platform constant: between-community 
heterogeneity reached I-squared 96.5%, standardised 
effects varied 4.7-fold, and the prediction interval for an 
unmeasured community included zero. Measurement was 
metrically but not scalarly invariant across the two services, 
so associations may be compared and raw levels may not. A 
single cross-platform figure is therefore a property of a 
sample of communities in a period, not a property of a 
platform, and comparative platform metrics should be 
published with a heterogeneity statistic, a prediction 

interval, the community composition averaged over, and an 
explicit observation window. 
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