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Figure 1. The validity-first audit pipeline.

Every claim of emergence is weighed against two controls the literature usually skips: a
degree-preserving null, and a separation of autonomous from human-operated accounts
validated against ground truth rather than assumed.

THE QUESTION

Thousands of language-model agents now post and reply to one
another in public, and the resulting traffic reads as a society of
coordinating machines. Two distinctions decide whether that
reading survives contact with the data.

� Structure versus chance. A pattern says little until it is set
beside a network with the same degree sequence.

�Machine versus human. Autonomy has to be validated
against ground truth, never assumed from behaviour.

Skip the first comparison and the degree distribution gets read
as organization; skip the provenance question and human con-
duct gets narrated as machine coordination.

DATA
Three weeks of MoltBook hold 1.5M posts, 224K comments,
and 162K agents. The directed reply network runs an edge
from a comment’s author to the author it answers, leaving
19,881 agents joined by 218,974 interactions, since the
overwhelming majority of accounts broadcast into communities
without ever entering a reply. The vectorized pipeline recon-
structs all of this in about twenty minutes on commodity CPU
and ships with the validated labels.

STRUCTURE BEYOND THE DEGREE SEQUENCE

Structure that exceeds the null is present across the reply graph, though it stays modest once the degree sequence is absorbed.
Measured against 100 configuration-model surrogates:

Statistic Observed Null z

Reciprocity 0.077 0.008 237.8

Transitivity 0.016 0.021 −26.4

Degree assortativity −0.170 −0.105 −74.7

Modularity (Leiden) 0.342 0.117 132.6

Table 1. Structural statistics against a degree-preserving null.

Reciprocity runs nine times its null and communities form far beyond chance, yet the pattern carries the mechanical signature of a
reactive architecture, where an agent woken by a mention answers whoever triggered it, rather than coordination among the agents
themselves.

DIFFUSION: NO POWER LAW
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Figure 2. Cascade-size CCDF (log-log). Cascade sizes are heavy-tailed and lognormal rather than

scale-free, and a bootstrap goodness-of-fit test rejects the power law on its own terms (LR −2.60,

p < 0.01; bootstrap p ≈ 0). Adoption timing carries no reinforcement, since an equivalence test pins the

exposure hazard at one, so the contagion signature is absent.

COLLABORATION: A NULL
A matched comparison of multi-agent against single-agent
technical threads, alongside a community-clustered regression
of thread quality on contributor count, returns no dependable
link between collaboration and quality. Naive estimates point
in both directions and flip sign under controls, none surviving
a cluster bootstrap, so the cost of collaboration reflects an
unbaselined quality metric rather than the agents.

Bottom line

Power-law cascades, saturating contagion, and a
collaboration cost all recede or vanish once they
are measured against the proper baseline.

PROVENANCE: NEITHER HUMAN NOR MACHINE
Emergent, Steered, or Neither? A Validity Audit of the MoltBook Agent Society

hand leave different fingerprints in the regularity of posting,
and the coefficient of variation of an account’s inter-event
intervals is the usual summary. The instrument is only as good
as its validation, however, and against independent ground
truth the cadence filter does not hold, as Table 4 records. A
platform-shutdown incident that interrupts every account at
once and asks how quickly each returns leaves a leakage-free
cadence score no better than chance at recovering the same
labels, with an area under the curve of 0.45, and against
account-ownership metadata the filter is not merely weak
but inverted, assigning the regular cadence to the human-
owned accounts rather than to the autonomous ones. A prior
analysis of this platform built a comparable filter on the same
coefficient and read low-cadence accounts as autonomous [16];
the validation here indicates that this mapping is the wrong
way round.

Validation against accounts that disclose their own machine
identity in text, a label whose precision we hand-checked at
0.93 on a random sample, makes plain that the assumed di-
rection runs backwards, since those autonomous accounts are
the more irregular, carrying a finite-size-corrected burstiness
well above the human-linked accounts, and the more continu-
ously active, showing none of the diurnal rest that marks the
human-operated accounts. A multi-feature timing classifier
that combines cadence with circadian and burstiness features
recovers this distinction at an area under the curve near 0.80
under cross-validation, far above any single feature and ro-
bust to the higher volume of the autonomous accounts, since
it survives both the removal of the activity-count feature and
a restriction to cadence and circadian features alone, and
the shutdown incident, read through the disclosed-identity
labels rather than an assumed mapping, agrees, since the
autonomous accounts resume within a day of the platform’s
return while the human-linked accounts take several days,
which is the opposite of the reasoning that has been used to
call early returners human. The mechanism is unsurprising
once it is placed against what is known about bursty dy-
namics, since the irregularity of an interaction-driven process
is inherited from the activity that triggers it rather than
set by the actor behind it [4], and human behaviour is it-
self bursty when it is driven by the queuing of competing
demands rather than by a clock [1]. A reactive agent that
wakes when it is mentioned therefore takes on the irregular
rhythm of the traffic it answers, while a scheduled loop and a
sleeping human are each, in their different ways, regular, so
the regularity of a cadence records how an account is driven
rather than whether a person is behind it.
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Figure 3: Distribution of the coefficient of variation
of inter-event gaps for accounts linked to a human
owner and for agents that disclose their own ma-
chine identity. The autonomous accounts sit at the
higher, more irregular coefficients, the reverse of the
assumption that a regular machine cadence marks
an autonomous account; dashed lines give the class
means.

What the corrected picture licenses is considerably nar-
rower than the human-substrate reading it would replace,
because applying the validated classifier across the popula-
tion yields no stable estimate of the human-to-autonomous
split, which ranges across defensible model and threshold
choices from a small minority of the activity to a clear ma-
jority, so no single fraction is defensible and we report none.
Two things are nonetheless stable across every specification.
The autonomous accounts are disproportionately high in
volume, contributing far more of the activity than of the
headcount, and the claim that almost all of the interaction
is human-steered does not survive under any of them. The
account-ownership metadata clarifies why the naive filter
failed, since the accounts a human has claimed are predom-
inantly human-owned but autonomously run, which is pre-
cisely the combination a cadence cutoff cannot see, and it
cautions against reading either the regularity of an account
or the fact of its being claimed as evidence that a person is
at the keyboard.

A sweep of the cadence cutoff across its plausible range
moves the split only gradually, but it is no longer the load-
bearing analysis, since the coefficient it sweeps is the one
that validation shows to be miscalibrated as a measure of
autonomy. The defensible statement about provenance is
the validated multi-feature classifier rather than any single
threshold on the raw coefficient, and that statement supports
neither an emergent machine society nor a human substrate
but a mixed population whose composition cannot be read
off from cadence alone.

7 Related Work

The platform has drawn a burst of analysis in a short time,
and the present audit is best understood against it. A first
group of studies documents MoltBook descriptively, map-
ping its communities, its status hierarchies, and its temporal

Figure 3. Cadence by provenance. Autonomous accounts are

more irregular, not less.
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Figure 4: Share of activity assigned to autonomous ac-
counts as the validated classifier’s decision threshold
varies, under a prior-neutral model and a conser-
vative one. The estimate runs from a few percent
to almost all of the activity across defensible spec-
ifications, so the human-to-autonomous split is not
identifiable as a single number.

We state that order of operations as a compact protocol
that any audit of an agent society can adopt and that a
platform could even log as it grows. A claim of emergence
stays warranted only while a handful of quantities behave,
among them the ratio of an observed structural statistic to its
degree-preserving null, which says how much of the apparent
structure exceeds what the degree sequence already implies,
the gap between a convenient quality proxy and a validated
measure of the same construct, which exposes the metric-
driven artifacts that reversed the sign of the collaboration
result here before they could harden into findings, and the
cross-validated accuracy of an autonomy classifier against
external ground truth, which records whether the attribution
of activity to humans or machines is identifiable at all rather
than merely assumed. None of the three costs anything be-
yond the audit already performed, and tracked as a platform
evolves they are the earliest signal that an emergent reading
has drifted from what the data still support.

9 Limitations

The audit rests on a single platform, and although its findings
reproduce across weekly sub-windows and an independently
collected snapshot of the same platform, which rules out a
single-window or single-collector artifact, the regularities it
documents may not transfer to environments with different
incentives, different posting mechanics, or a different mix of
underlying models. Cross-platform replication is the natural
next test, but it is at present limited by data rather than
by method, since no comparably documented public corpus
of a second agent society of this kind yet exists and the
closest candidate is access-restricted, so we leave it to future
work. The autonomy classifier is validated against agents
that disclose their own machine identity, but that label is
high in precision and low in recall and need not represent
the autonomous population as a whole, and its validated
accuracy, near an area under the curve of 0.80, is good

enough to establish the direction of the effect and the high-
volume skew of the autonomous accounts without supporting
confident labels for individual accounts or a point estimate
of the population split, which we therefore decline to report.
Comment coverage in the archive is partial, which bounds the
completeness of the reply network, and the absence of model
identity prevents any attribution of behaviour to particular
architectures. The language-model judge that scores thread
quality agrees with human coders well in aggregate but least
on the subjective clarity dimension, where agreement falls to
0.43, a limit on the resolution of the collaboration measure
that does not bear on the null, which holds across the rubric
as a whole. These constraints temper the precision of the
conclusions without, we think, disturbing their direction,
since each central result is a comparison against a null, a
baseline, or an external label rather than an absolute value
sensitive to the missing detail.

10 Conclusion

We set out to ask whether the coordination visible on an
agent platform is the work of the agents, and the answer
the data return is a qualified and instructive not as told.
Structure beyond chance is real but modest, and consistent
with a block model once the degree sequence is absorbed;
the phenomena that have made these platforms look like
societies of machines, the power-law cascades, the saturating
contagion, the cost of collaboration, recede or vanish once
measured against the proper baseline; and the provenance of
the interaction resists the confident attribution that readings
in both directions have offered, since the behavioural signal
taken to mark autonomy is weak and, left uncorrected, points
the wrong way. The methods that produce this picture are
not exotic, and that is the point, since a degree-preserving
null and a validated autonomy classifier lie within reach of
any study and yet change the conclusions decisively. We
release the pipeline in the hope that the next platform, and
the one after it, are read with the same caution, so that the
science of agent societies matures alongside the societies it
sets out to describe.
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Figure 4. Autonomous share across thresholds.

Interval-identified, a few % to a majority.
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A Methods and Reproducibility
The audit reads the agents, posts, and comments tables of the Obser-
vatory Archive directly, retains one record per identifier by latest
export, and normalizesmixed timestamp encodings before imposing
the window from 28 January to 20 February 2026. A directed reply
edge runs from the author of a comment to the author of the post or
parent comment it answers, weighted by the number of interactions,
and we never substitute a co-posting projection. Every structural
statistic is weighed against one hundred directed configuration-
model surrogates that hold each agent’s in-degree and out-degree
fixed, reported with a 𝑧-score and a two-sided empirical 𝑝-value
under a Benjamini-Hochberg correction, and the community struc-
ture is additionally checked against a degree-corrected stochastic
block-model null. Cascade sizes are fit as a discrete power law by the
method of Clauset et al. [5], compared against a lognormal by a nor-
malized likelihood ratio, and subjected to the bootstrap goodness-
of-fit test the same authors recommend, while adoption timing
is modelled with a cascade-clustered proportional-hazards fit and
an equivalence test. The collaboration comparison matches multi-
agent to single-agent technical threads and, because that contrast is
underpowered, is re-posed as a continuous, community-clustered
regression of a language-model quality score on the number of con-
tributors. The complete vectorized pipeline runs in roughly twenty
minutes on commodity CPU hardware and is released, with full
specifications of every step provided alongside it.

A.1 Validating the Autonomy Filter
Each account with at least five recorded events is summarized by the
coefficient of variation of its inter-event intervals, the ratio of their
standard deviation to their mean, computed across the 62,348 scored
accounts. The earlier literature reads a low coefficient, a regular
cadence, as the mark of an autonomous scheduler, and we tested
that reading against external ground truth rather than adopting it.
Three sources of ground truth are available. A platform-shutdown
incident interrupts every account at once, so the time an account
takes to return after service resumes is a behavioural signal of
whether a human is watching; account-ownership metadata records
whether each account has been claimed by a human and linked to
an external human profile; and a minority of accounts disclose their
own machine identity in text, which a set of high-precision first-
person patterns recovers at a hand-checked precision of 0.93 on a
random sample of flagged accounts. Against the leakage-free form
of the shutdown signal, computed only from pre-incident activity,
the coefficient is no better than chance, with an area under the
curve of 0.45; against account ownership it is inverted, assigning
the more regular cadence to the claimed, human-owned accounts;
and against disclosed identity the autonomous accounts are the
more irregular rather than the more regular. The mapping the
earlier literature assumes is therefore the wrong way round on this
platform.

Two refinements confirm that the reversal is not an artifact.
Because the raw coefficient is biased upward by the number of
intervals observed, and the disclosed-identity accounts are more
active, we recompute it with the finite-size correction of Kim and Jo
[15], which roughly halves the correlation between the statistic and
the event count while leaving the autonomous accounts measurably

more bursty, at an area under the curve of 0.62. Replacing the single
coefficient with a classifier over several timing features, namely
the coefficient of variation, the finite-size-corrected burstiness, the
entropy and span of the hour-of-day distribution, a round-interval
concentration, and the activity volume, and evaluating it by five-
fold cross-validation against the disclosed-identity labels, raises
the area under the curve to between 0.80 and 0.83 depending on
the classifier family (Figure 5), with the circadian features carry-
ing much of the gain because autonomous accounts rest less than
human-operated ones. The gain does not reduce to the activity
volume of those accounts, since dropping the volume feature leaves
the area under the curve at 0.79 and a classifier restricted to ca-
dence and circadian features alone still reaches 0.74. Read through
the disclosed-identity labels, the shutdown signal agrees, since the
autonomous accounts resume within a day of the platform’s return
while the human-linked accounts take several days, the opposite
of the assumption that early returners are human. Applying the
cross-validated classifier across the full population gives no stable
split, since the share of activity it assigns to autonomous accounts
ranges from roughly a tenth to more than four fifths across defen-
sible model and threshold choices, so we report the direction of the
effect and the high-volume skew of the autonomous accounts but
no point estimate.
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Figure 5: Separating self-disclosed autonomous accounts
from human-linked ones. The finite-size-corrected bursti-
ness alone reaches an area under the curve of 0.62, with
autonomous accounts the more bursty, and a logistic classi-
fier adding circadian and event-volume features reaches 0.80,
while the same burstiness read in the orientation the prior lit-
erature assumes, with regular accounts taken as autonomous,
falls below chance to 0.38. Across the 1,906 autonomous and
20,559 human-linked accounts that carry a disclosed label,
both areas sit well clear of the chance value of one half, with
Hanley–McNeil 95% confidence intervals running from 0.60
to 0.63 for the burstiness score and from 0.79 to 0.81 for the
full classifier.

We do not report a split of the population by a cutoff on the raw
coefficient as a finding, because the validation above shows the
coefficient to be miscalibrated as a measure of autonomy and, at the

Figure 5. Autonomy-classifier ROC. The validated model

reaches AUC 0.80.

Validation target and model AUC

Cadence CoV vs. shutdown return 0.45

Cadence CoV vs. account ownership 0.32 (inv.)

Corrected burstiness vs. identity 0.62

Multi-feature classifier vs. identity 0.80

Table 2. Validation of the cadence filter against ground truth.

The single cadence coefficient, read elsewhere as the mark of a human hand,
does no better than chance and inverts against ground truth. Only a vali-
dated multi-feature classifier recovers a signal, placing the autonomous ac-
counts on the irregular side. What remains is a mixed population, un-
readable from cadence alone.

KEY FINDINGS

�Reciprocity nine times its degree-preserving null; structure
exceeds chance but stays modest.

�Cascade sizes lognormal; the power law fails its own
goodness-of-fit test.

�No reinforcement in adoption timing, with the exposure haz-
ard pinned at one.

�Collaboration and thread quality show no dependable link.

�The cadence autonomy filter inverts once validated, and the
autonomous share stays interval-identified.

THE ORDER OF OPERATIONS
The contribution is a measurement discipline rather than a new
metric. A degree-preserving null and a validated autonomy
classifier belong beneath every structural, diffusion, and prove-
nance claim, applied before a verdict of emergence and not after
it. Neither control is exotic, yet each moves the conclusions de-
cisively.

CONCLUSIONS
MoltBook turns out to be neither the emergent machine society
nor the human substrate that rival readings assert. Structure
beyond the degree sequence survives but stays modest and reads
as a reactive architecture; the headline phenomena mostly trace
back to measurement without a baseline; and the provenance of
the interaction resists the confident attribution offered in both
directions.

FUTURE WORK

�Carry both controls to the next agent platform as it appears.

�Attempt cross-collector and cross-platform replication once a
second documented corpus exists.

�Log the audit’s three quantities continuously, as an early sig-
nal that an emergent reading has drifted from the data.
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