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Abstract

A set of “stylized facts” about state-backed influence operations now circulates across journalism,
policy, and the peer-reviewed literature: that they are monolithic troll armies; that they win by
weaponizing moral-emotional language; that they manufacture their own virality; that they learn and
optimize against feedback; and that they have become indistinguishable from ordinary users. Most
rest on single-campaign studies, uncontrolled comparisons, and large-sample significance reported
without baselines or multiple-comparison control, and are rarely re-tested. We assemble complete,
government-attributed archives of seven state campaigns (25,076,853 tweets from 9,071 accounts)
with a matched organic-user baseline for five of them, and re-test all five claims under one protocol:
pre-registration, Benjamini-Hochberg false-discovery control, permutation nulls, a future-reception
placebo, and a takedown-snapshot decomposition. Scoped to these campaigns, every claim weakens
or reverses. The operations are narratively segregated, thinly staffed production desks, not a unified
army; an organic moral-contagion law fails to replicate in any of them, and a meaningless placebo
predicts engagement as well; internal amplification supplies only 0.10%-5.31% of top-percentile reach,
the rest captured from an external audience the operation does not control; behavior is scripted, with
rare apparent feedback mean-reverting toward baseline; and while their per-account language has
drifted off the 2016 “troll” fingerprint, they still coordinate 7-70x more tightly than matched real
users—a regularity a frozen re-test reproduces, with the language-drift and segregation patterns, across
twelve further country-groups. The corrected picture is coherent: an industrial content factory siloed
in production but coordinated in execution, whose reach it does not internally manufacture (its external
composition, organic versus undetected coordination, left unresolved). The detectable signature has
migrated from language to coordination: per-account content fingerprints age out, while cross-account
coordination remains the durable, cross-national marker. Because these operations run scripts rather
than optimize against feedback, an adversary that genuinely optimized—now feasible with large
language models—would look measurably different from the operations studied here: a forward
warning, not a present finding. The recurring lesson is methodological: on corpora of confirmed
manipulation, baseline-free significance reconstructs the analyst’s expectations, and platform and
policy decisions rest on those beliefs.

Keywords: influence operations; coordinated inauthentic behavior; disinformation; social media

1. Introduction

Few online phenomena have been studied as intensively as state-backed influence operations (10).
Since the public release of the first platform-attributed archives, a research and policy ecosystem has
grown around them, and with it a set of widely repeated claims about how these operations achieve
influence. Many of these claims have hardened into “stylized facts”: statements that circulate across
investigative journalism, government and think-tank reporting, and the peer-reviewed literature with
the confidence of settled knowledge.
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This paper examines five of them. (1) That an influence operation is a monolithic troll army, acting
in concert. (2) That it wins on emotion, that moral-emotional and outrage-laden language is what drives
the spread of its content. (3) That it manufactures its own virality through sockpuppet self-amplification.
(4) That it is a sophisticated, optimizing adversary that learns from reception and adapts what it says to
what works. (5) That it has become indistinguishable from real users, or, in the mirror-image folk belief,
that it is still detectable by the crude linguistic tics of the 2016-era troll. Figure 1 previews each claim,
its provenance, the test we apply, and the corrected finding; Table 1 gives the signature statistics.

Five Myths About State-Backed Influence Operations

25,076,853 tweets -

1

“A monolithic
troll army”

IN NEWS & POLICY

AP: an “army of trolls”;

DOJ: “information warfare”

WHAT WE TESTED

Internal cells + cross-
campaign overlap against
a time-matched null

27 X

below chance

WHAT WE FOUND

Cross-campaign narrative
overlap runs far below
random; median 3 operator
hands vs. 5 for organic

TAKEAWAY

Compartmentalized desks,
few operators running
national playbooks —
not one army

9,071 accounts -

P

“Wins via emotion /

moral outrage”

IN NEWS & POLICY

U.S. State Dept.: fear &
anger that “go viral”

WHAT WE TESTED

Moral-emotional Poisson
per operation + a letter-
count placebo feature

0/5

operations replicate

WHAT WE FOUND

The law fails everywhere;
Russia sign-reverses (IRR
0.85), and a meaningless
placebo predicts as well

TAKEAWAY

Moral language does not
predict reception in
these campaigns

seven state campaigns -

3

“Manufactures its

own virality”

IN NEWS & POLICY

Mueller: bot networks
that “amplify”

WHAT WE TESTED

Takedown-snapshot
provenance split of top-
percentile viral reach

0.1-5.3%

internally made

WHAT WE FOUND

Internal amplification is a

sliver of reach; =94.7% is

captured externally, and it
is post-hoc, not ignition

TAKEAWAY

Reach is captured,
not manufactured

matched organic baseline -

4

“A sophisticated,
optimizing adversary”

IN NEWS & POLICY

DiResta: a “sophisticated
operation”; DOJ “tracked” it

WHAT WE TESTED

Lead-lag feedback models
gated by a future-
reception placebo

8%

feedback-consistent

WHAT WE FOUND

9 of 110 cells survive the
placebo — and all mean-
revert (¢ 0.17-0.70); ~52%
of each shock undone

TAKEAWAY

Playbook-executed, not
feedback-adaptive:
superstitious noise-

chasing

one re-test protocol

5

“Indistinguishable
from real users”

IN NEWS & POLICY

DISA: “indistinguishable
from genuine users”

WHAT WE TESTED

49-cue language print +
coordination detectors
vs. matched organic

7-70x%

more coordinated

WHAT WE FOUND

Language drifted off the
2016 fingerprint, but they
still coordinate like
machines — in 12 new
countries too

TAKEAWAY

The tell migrated from
language to
coordination

Scoped to these campaigns; relationships associational.
One protocol: pre-registration - BH-FDR - permutation nulls - future-reception placebo - takedown-snapshot decomposition

Figure 1. The five myths at a glance. For each: the folk belief and a representative verbatim framing of it in
authoritative news or policy reporting (catalogued in Appendix A), what we tested, the headline finding when
scoped to these seven campaigns, and the scoped takeaway. All relationships are associational; every statistic is
detailed in the corresponding section.
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Table 1. The five myths at a glance: the folk belief, the corrected finding when scoped to these seven campaigns,
and one signature statistic. Full evidence and section references follow.

Folk belief Corrected finding (these campaigns) Signature statistic
M1: a monolithic troll Narratively segregated, thinly staffed desks executing spanning ~ 27 x below null;
army national playbooks median 3 hands/desk
M2: wins on moral The moral-contagion law does not replicate; a meaningless .

: . Russia IRR 0.848 vs. placebo 1.537
emotion placebo predicts as well
M3: manufactures its Top-percentile reach is externally captured, not internally internal share 0.10-5.31%
virality generated
M4: an optimizing Scrlp'ted; the rare apparent feedback mean-reverts toward Galton ¢ € [0.17,0.70], all Cls < 1
adaptive adversary baseline
MS5: indistinguishable / a  Language drifted off the 2016 fingerprint, yet coordination  synchrony 7.7-70.3 x; replicated
crude 2016 troll stays many-fold above organic in 12 countries

Each of these beliefs has a published provenance, and we attach that provenance to each myth
rather than debunking a strawman: every section below opens by attributing its claim to at least one
peer-reviewed or authoritative source, and wherever possible to a source that makes the claim about
state influence operations specifically rather than about social media or human psychology in general. The
point is not that these sources are careless. It is that the claims were, for the most part, established on
evidence that cannot by itself separate a genuine signal from a measurement artifact: single campaigns
rather than portfolios, the manipulation arm with no organic comparison, statistical significance on
enormous samples reported without placebos or false-discovery control, and a near-total absence
of re-testing. Beyond the scholarly provenance, each belief also circulates as received wisdom in
journalism and policy reporting; Appendix A catalogues representative statements of each myth across
authoritative news outlets and government, intelligence, and policy-institution documents.

The move.

We assemble complete archives (not samples) of seven government-documented influence cam-
paigns released through the Twitter Information Operations program: 25,076,853 tweets posted by
9,071 accounts attributed to operations linked to Russia, Iran, Venezuela, and Bangladesh, spanning
2009-2018. We pair these with a matched organic-user baseline drawn from an independent release
of same-country, same-period accounts that were never taken down [19]. Against this evidence base
we re-test each of the five claims under a single, pre-registered rigor protocol described in Section 3.
Where a claim was originally established on the manipulation arm alone, we re-establish it as a contrast
against real users; where it rested on uncorrected significance, we apply false-discovery control and
permutation nulls; and where it could be confounded by trend or regression-to-the-mean, we introduce
placebo features that a genuine effect must beat.

Scope guard.

Three cautions bound every claim in this paper. First, our evidence concerns these specific, already-
investigated campaigns; we make no claim about influence operations that platforms never caught,
and “these operations do not do X” is never “no influence operation does X.” Second, all reported
relationships are associational: we describe what co-occurs, never what causes what. Third, finding that
a popular belief is an artifact of these campaigns does not make the campaigns harmless: several of
our corrected findings describe a more efficient adversary than the folk picture, not a less consequential
one.

Contributions.

(i) A portfolio-scale, baseline-anchored, pre-registered re-test of five recurring IO claims, each
weakened or reversed when scoped to these campaigns. (ii) A corrected, internally coherent mecha-
nism picture: the compartmentalized, thinly staffed content factory whose reach is captured rather
than manufactured. (iii) A reusable methodological lesson, instantiated repeatedly: baseline-free
significance on a corpus of confirmed manipulation reproduces the very patterns analysts expect,
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and only placebos, matched baselines, and pre-registration distinguish signal from mirage. (iv) An
out-of-sample replication on twelve further country-groups establishing that the corrected regularities
are cross-national, not idiosyncratic to the original four countries.

2. Related Work
From content to coordination.

Early empirical accounts of state-backed influence operations characterized campaigns through
the content and behavior of disclosed troll accounts [1,13], while a parallel literature warned that
automated amplification could distort public discourse [54,55]. Two developments have since reshaped
the field. First, large-scale studies of organic diffusion indicate that human resharing, not automation,
accounts for much of the differential spread of low-credibility content, with bots accelerating true
and false material comparably [30]. Second, the disclosed operations proved to be staffed largely by
human-operated accounts whose individual behavior resembles that of ordinary users [14,18], leaving
individual-account features a weak discriminator. Together these results shifted the analytic target
from what operation accounts say toward how they coordinate.

Network signatures of coordinated inauthentic behavior.

A now-substantial body of work detects coordinated inauthentic behavior through behavioral
synchrony rather than content alone, fusing co-retweet, co-URL, text-reuse, and hashtag-sequence
similarity into account-similarity networks [23,26], and extending these signatures across platforms [24,
52]. Recent work emphasizes that coordination is temporally unstable and decomposes into behavioral
archetypes, so that static snapshots can misrepresent its structure [25]. In parallel, classifiers trained
on archived disclosures generalize across campaigns by exploiting shared operational tactics [20,22],
including graph-learning detectors that generalize inductively across operations [42], and explainable
detectors recover interpretable operator signatures [21]. The recurring lesson is that coordination
intensity, rather than any single linguistic feature, is the most durable indicator of an operation.

What actually drives reach and engagement.

The mechanisms behind online attention have been progressively disentangled. Engagement ap-
pears most strongly associated with out-group animosity [28] (though in-group solidarity can dominate
engagement around conflict events [44]) and, in causal settings, with negativity [29], while misinfor-
mation may spread in part by evoking moral outrage that prompts resharing without reading [33].
The robustness of moral-emotional “contagion” is itself contested: a pre-registered replication and
meta-analysis by the original authors reports a positive but small and heterogeneous effect, including
a sign reversal in one corpus [27], a fragility that motivates placebo-controlled re-testing rather than
reliance on a single headline effect. Linked exposure—outcome studies of the Russian Internet Research
Agency find that exposure was concentrated among a few strongly partisan users, small relative to
domestic media exposure, and not measurably associated with shifts in attitudes or voting [31,32].

Generative Al and the limits of “sophistication.”

The generative-Al turn has prompted concern that operations will scale and adapt [56,57]. The ev-
idence is mixed: Al-generated propaganda can approach human-authored material in persuasiveness,
but typically requires human curation to do so [34], and machine-generated text can be perceived as at
least as credible as human-written text [48]; large randomized trials find that LLM-based microtarget-
ing does not reliably outperform untargeted messaging [35], although conversational LLMs supplied
with basic personal information can out-persuade humans in dialogue [47]. These results temper the
framing of influence operations as sophisticated, autonomously adaptive optimizers.

Reproducibility and the baseline problem.

Computational social science has increasingly confronted measurement-validity and reproducibil-
ity concerns, including demonstrations that analytic flexibility can manufacture almost any effect from
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a single dataset [36,49], and that reporting results across the full set of defensible specifications is a
corrective [50]. A recurring finding is that claims about influence operations can change substantially
once an appropriate null or organic baseline is introduced: reported inter-state coordination among sep-
arate operations [37], for instance, is substantially attenuated under proper baseline comparison [38].
Building on this trajectory, we re-test five recurring claims under a pre-registered protocol that anchors
every comparison to a matched organic baseline and treats coordination intensity, not content, as the
primary observable.

3. Data and Methods
3.1. Campaigns

The primary corpus comprises seven state-attributed campaigns released through the Twitter
Information Operations archive [58]: two operations attributed to the Russian Internet Research
Agency and associated Russian activity, two attributed to Iran, two attributed to Venezuela, and one
to Bangladesh. In total the corpus contains 25,076,853 tweets from 9,071 released accounts (8,275 of
which authored at least one tweet), spanning posting dates from 2009 to 2018. Because the data are
takedown snapshots, engagement counters reflect their state at suspension; we treat this explicitly
(Section 3.5) rather than ignoring it. Throughout, accounts and internal groupings are referred to
only by pseudonymous desk or cluster identifiers; no real handles or numeric account identifiers
appear in this paper. Table 2 summarizes the seven campaigns; account and tweet totals are public
Twitter-release metadata.

Table 2. The seven state-attributed campaigns in the primary corpus (Twitter Information Operations archive).
“Released” counts all disclosed accounts; tweet counts are the released totals. “Organic control” indicates whether
a matched, never-suspended same-country/period arm is available for the Myth 1/3/5 contrasts.

Operation (attribution) Accounts Tweets Span Organic control

Russia (IRA) 3,608 8,768,633 2009-2018 Yes

Russia (other) 416 765,246  2010-2018 Yes (power-flagged)

Iran (Oct-2018) 770 1,122,936 2010-2018 Yes

Iran (Jan-2019) 2,311 4,447,056 2009-2018 Provisional (not pooled)
Venezuela-1 1,196 8,961,788 2010-2018 No (descriptive)
Venezuela-2 755 984,980 2015-2018 Yes

Bangladesh 15 26,214 2009-2018 Below network power floor
Total 9,071 25,076,853 2009-2018 5 usable + 1 provisional

3.2. Organic Baseline

For five of the seven campaigns we draw a matched organic-control arm from an independent
release of accounts that were active in the same country and period but were never taken down [19].
“Matched” here means matched on topic/period activity, not on demographics or account age. This
baseline is what converts a within-corpus description (“IO accounts do X”) into the comparison that
the claims actually require (“IO accounts do X more than comparable real users”). One campaign
(the largest Venezuelan operation) has no available control and is reported descriptively; one Iranian
mapping is provisional and is never pooled into the confirmed-five contrasts. All organic-control
results are reported at the aggregate class level only (no per-account dossiers, rankings, identifiers, or
text), consistent with the control accounts being ordinary users and with the baseline’s license terms.

3.3. Rigor Toolkit
A shared protocol underlies every test:

®  Pre-registration. Each analysis run committed a timestamped pre-registration file (fixing its
hypotheses, estimators, feature definitions, and pass/fail decision rules) to the project repository
before any model was fit on the outcome data, and a fixed random seed was used throughout for
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reproducibility. Deviations forced during analysis (for example, a campaign dropping below the
power threshold for a given test) are logged as registered deviations rather than silently absorbed.

*  Multiple-comparison control. Benjamini-Hochberg false-discovery control is applied within each
pre-registered test family, and we report g-values rather than raw p-values for those families.
A family is the full set of campaign-level (or pair-level) contrasts for one research question, so
that, for instance, all cross-campaign sharing tests form one family and all moral-contagion
specifications another. Where the design admits only a small number of matched control draws
(the Seckin baseline supplies ten, giving a one-sided add-one p-floor of .0909 that BH cannot push
below .05), we say so explicitly and carry the conclusion on confidence-interval exclusion of the
null ratio rather than on a g-value.

*  Permutation and rewiring nulls. Reference distributions for the network and segregation statis-
tics are built by resampling rather than assumed: recovered coordination cells are validated
against a degree-preserving rewiring null [59] that holds each account’s connectivity fixed while
randomizing partners; cross-campaign narrative, domain, and target overlap is tested against a
time-matched (and, separately, popularity-matched) null that preserves each campaign’s activity
volume and timing; nulls use > 1000 draws where the per-permutation cost permits, with the
smaller draw counts used for the most expensive tests disclosed in place and framed as exact
tests.

e  Effect sizes with uncertainty. We report effect sizes (incidence-rate ratios, Cliff’s §, abnormality
ratios) with bootstrap confidence intervals rather than p-values alone.

*  Three signature placebos/decompositions. (a) A future-reception placebo for the learning test
(Section 7): because future reception cannot precede present behavior, a genuine feedback signal
must show a large dependence on past reception and a near-zero dependence on future reception;
where the two are equal, the apparent “learning” is trend or autocorrelation. (b) A takedown-
snapshot decomposition for the virality test (Section 6), isolating the one campaign whose snapshot
permits a clean external/internal subtraction. (c) A letter-count placebo and dual moral-foundations
dictionaries reported side-by-side for the emotion test (Section 5).

3.4. Estimands and Test Statistics

Four estimands recur across the five tests. First, reception is modeled per operation i with a
no-follower fixed-effects Poisson regression,

Elyi] = exp(a; + Bxit + ')’Tzit)/ 1)

where y;; is the engagement count of tweet £, x;; the standardized feature of interest (moral-emotional
load, or the letter-count placebo), z;; persona controls, and the reported effect is the incidence-rate ratio
IRR = ¢f per standard deviation. The future-reception placebo (Myth 4) re-fits a lead-lag form and
contrasts the coefficient on past reception, Bpast, with that on future reception, Bg,: a genuine feedback
signal requires Bpast > Byt ~ 0, whereas Bpast ~ Bg¢ indicates trend or autocorrelation.

Second, coordination and overlap statistics are scored against resampled nulls as a lift,

Sob
lift = —=—, )
Enun [S }
with S a coordination or cross-campaign-overlap count and the null built by degree-preserving
rewiring (internal structure) or time-/popularity-matched resampling (cross-campaign); lift < 1 with
the observed value below the null interval indicates segregation rather than convergence.
Third, the matched-baseline contrast (Myth 5) is an abnormality ratio per detector d,

10
Sd
S organic

d

Ag = , )
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declared abnormal-high only when the bootstrap 95% confidence interval of A; excludes 1 and A; > 1.
Fourth, whether reception-chasing yielded a durable benefit (Myth 4) is read from a Galton
mean-reversion coefficient,

Tepl = @1+, 4)

where 7 is the rank-reception of a reallocated-toward content class in window f: ¢ — 1 would indicate
a persistent, rational hold-up, while ¢ < 1 with its bootstrap interval strictly below 1 indicates mean-
reversion (a transient response to noise). Within each pre-registered test family, the resulting p-values
are converted to Benjamini-Hochberg g-values [51].

3.5. Measurement Honesty

Three limitations are stated explicitly rather than understated. The engagement counters are
takedown-final snapshots, a proxy we validate where possible but never treat as live telemetry. The
external audience of these operations is structurally unobservable: the archives record only the
operations’ own accounts, so an outside user who amplified an operation’s content leaves no row, a
hard ceiling we return to in Sections 6 and 10. And the organic baseline’s license forbids redistribution,
so only derived aggregate statistics are reported. None of these constraints is a reason to withhold the
analysis; each is a reason to scope its claims precisely.

4. Myth 1: “A Monolithic Troll Army”
The claim and its provenance.

In popular and policy discourse the “troll factory” is imagined as a single, unified army acting
in concert (Appendix A). The foundational scholarship is in fact more specific: Linvill and Warren,
analyzing the IRA’s English-language activity, describe an industrial operation “mass produced from a
system of interchangeable parts, where each class of part fulfilled a specialized function,” identifying
distinct handle categories [1]. The myth, then, is the popular reading of “troll factory” as one undiffer-
entiated mass; the published account already points toward specialization. Recent network studies
reinforce this reading: coordinated communities decompose into behavioral archetypes rather than a
single mass [25,39], while reported coordination among separate operations [37] weakens once proper
baselines are applied [38]. Our task is to measure that compartmentalization directly and ask what it
implies about how the factory is staffed.

The test.

We reconstruct each operation’s internal structure from co-activity, shared-infrastructure, and
content-overlap networks, validating recovered cells against a degree-preserving rewiring null. We
then measure cross-campaign overlap of narratives, domains, and external retweet targets against a
time-matched null and, as a production-side capstone, estimate how many distinct authorial “hands”
sit behind each desk [40] using a joint stylometric-and-behavioral clustering with the number of
operators selected by prediction strength and bracketed by bootstrap.

The finding.

The operations are not one army; they are narratively segregated desks, and the segregation is far
below chance. Across the portfolio, cross-campaign near-duplicate narrative spanning is observed at
39,113 shared clusters against a time-matched null of roughly 1,064,682, a lift of 0.037, i.e. about 27 x below
chance (Figure 2). Operations share narratives, domains, and external targets less than random pairs
would: 12 of 21 campaign pairs share fewer domains, and 14 of 21 fewer external retweet targets, than
popularity-matched chance. The internal topology is national-playbook-specific: the Iranian operations
are genuinely cellular (one resolves into eight language-aligned consensus cells); the IRA is a single
dominant fabric concealing a 569-account Russian-language retweet desk that is Cyrillic-dominant (Cliff’s
6 = +0.61), distinct in client mix (Jensen-Shannon divergence 0.54 against a null maximum of 0.01,
p = .001), yet keeps the same office-hour rhythm as the English side: one organization running parallel
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desks. The only reliable cross-campaign link is between the two Iranian operations (shared-domain lift
1.42, g = .018; shared external-target lift 1.52; six bespoke clients exclusive to the pair). And campaign
identity explains roughly twice as much cell-feature variance as automation level (adjusted R? 0.155 vs.
0.084): the desks are campaign-shaped first, automation-shaped second.

Internal architecture (RQ1)
cell census, ira
cell census, iranian 'S
cell census, russia
cell census, iran_1901 'S
cell census, ven_1 ®

cell census, ven_2

within-cell weight, ira -o-
within-cell weight, iranian IQ
within-cell weight, russia -l—
within-cell weight, iran_1901 I-Q-

within-cell weight, ven_1 —_——
within-cell weight, ven_2 -@r

Cross-campaign structure (RQ3)
shared domains, iran_1901<->iranian ¢
shared domains, russia<->ven_2 ¢
shared RT targets, iran_1901<->iranian ¢
shared RT targets, russia<->ven_2
near-dup clusters spanning campaigns x
cross-lang clusters spanning campaigns %
iranian->iran_1901 continuity (rank)

Automation origin (RQ5)

cell-profile variance, campaign identity 2

cell-profile variance, automation tier <

MR | T T AL LA | AR | T
107t 10° 10! 10?2 103
observed + null expectation (log scale; 1 = chance)

@ significant / confirmed ¥ below null (segregation) null 95% interval
fragile ® not significant

Figure 2. Myth 1. Observed cross-campaign narrative spanning (and related coordination statistics) against
time-matched and degree-preserving nulls. Cross-campaign narrative overlap falls about 27x below chance: the
operations are mutually segregated, not a single coordinated army.

How many hands.

Behind these large multi-account desks sit notably few operators. A joint style-and-behavior
clustering returns a single stable signature (k = 1) for 20 of 33 analyzable desks, with every desk
at k < 6; the two largest IRA desks (1,249 and 1,100 active accounts) and the largest Venezuelan
desks each collapse to a single hand. Because short, multilingual tweets under-individuate authors
(the same pipeline collapses organic accounts too), the defensible comparison is the absolute operator
count at matched sample size: IO desks carry a median of 3 distinct hands versus 5 for comparable
organic crowds (one-sided Mann-Whitney p = 0.023). A synthetic positive control confirms the
estimator tends to over-split, making “few hands” a conservative reading. Staffing density is itself
playbook-specific (a ~ 5x spread): the scripted IRA and Venezuelan fabrics show the fewest hands
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per account, the cellular Iranian operations the most. A neural authorship-style representation (LUAR
content-independent embeddings) [60], computed independently on the same desks, reproduces the
collapse and is if anything sharper (24 of 33 desks at a single neural signature; median one hand in
both arms); the two representations agree at the aggregate level but not on the precise per-desk count
(Spearman p = —0.08), so we report “hands” as a range, not a headcount.

Convergent validity against independent hand labels.

Because Linvill and Warren assigned each IRA account to a functional category by hand [1], their
labels furnish an external check on desks we recovered from coordination and style with no access to
those labels. Matching their public account-category release to the IRA arm by screen name returns a
role for 2,604 of our IRA accounts (91.6% of their distinctly labeled handles; the shortfall concentrates
in the RightTroll category, consistent with its heavier suspension and handle turnover). The hand
labels fall along our recovered structure rather than across it (Table 3). The two giant single-hand desks
split by language exactly as the manual categories do: the Russian-language desk (giant hand #2)
is essentially entirely NonEnglish, while the English-language desk (giant hand #1) absorbs all four
English functional categories—RightTroll, LeftTroll, HashtagGamer, and Fearmonger. Two readings
follow. First, a desk reconstructed without the hand labels reproduces the first cut an independent team
drew manually. Second, and more consequentially, that single English desk is one stylometric hand yet
co-hosts all four English categories: the much-discussed handle “types” are job functions resident in a
single authoring desk, not separate armies—real at the level of content function, collapsed at the level
of authorship. The lone partial exception, NewsFeed (automated headline-amplifier accounts), sits
mostly in smaller desks, consistent with a low-coordination feed function rather than a manned role.
This check is confirmatory and IRA-only—no comparable external hand labeling exists for the other
operations—and alters no primary estimate.

Table 3. Myth 1, convergent validity. Share of each Linvill-Warren [1] hand-labeled IRA category whose accounts
fall in the two giant single-“hand” desks recovered here (row %; n = 2,604 IRA accounts carrying an external
label). Pseudonymous desk IDs; IRA-only; associational.

Hand label (L&W) DO (Eng.) D1 (Rus.) Reading

RightTroll 61.5% 0.0% English partisan — English desk

LeftTroll 53.6% 0.0% English partisan — English desk

HashtagGamer 95.5% 0.0% trend amplifier — English desk

Fearmonger 78.4% 0.0% English alarm — English desk

NewsFeed 27.8% 0.0% mostly smaller automated desks

NonEnglish 0.3% 74.0%  Russian-language — Russian desk
Scoped takeaway:.

These operations are compartmentalized production run by few operators executing national playbooks,
not a unified army. This finding extends rather than contradicts the specialization Linvill and Warren
first described, and quantifies just how thinly the factory is staffed.

The architecture, drawn.

Figure 3 renders this compartmentalization directly for the two largest operations. Each node is
an account and each edge a within-operation co-retweet; node colour marks the largest coordination
desks the clustering recovers, and node size scales with within-operation degree. The IRA (top) is a
single dense fabric that nonetheless braids two co-equal desks: a low-retweet, hashtag-driven English-
language content desk and a high-retweet, link-amplifying Russian-language desk—the same D0/D1
division that the Linvill-Warren overlay in Table 3 independently labels English versus non-English.
Iran (January 2019, bottom) instead resolves into functionally distinct cells—a retweet-amplifier cell,
a reply/engagement cell, and a hashtag-campaign cell—rather than one undifferentiated mass. The
two operations are wired along visibly different national playbooks, yet each is a compartmentalized
production floor of specialized desks rather than a unified army; the contrast between a single braided
fabric and a set of separated cells is exactly the national-playbook specificity the cell statistics report.
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Figure 3. Internal co-retweet coordination networks of the two largest operations (top: the IRA; bottom: Iran,
January 2019). Nodes are accounts; edges are within-operation co-retweets; node size scales with within-operation
degree; node colour marks the largest coordination desks (with soft “territory” hulls, and labels derived from
each desk’s retweet/reply/link /hashtag behaviour and, for the IRA, the Linvill-Warren overlay of Table 3), while
smaller desks and unclustered accounts are grey. Layout is force-directed (Fruchterman-Reingold), shown for
accounts in connected components of at least eight. The IRA forms one dominant fabric that braids two co-equal
desks (the D0/D1 split of Table 3); Iran resolves into functionally distinct cells—the same compartmentalization,
organized along a different national playbook. Pseudonymous desk identifiers only; all relationships associational.
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5. Myth 2: “Wins via Emotion / Moral Outrage”
The claim and its provenance.

Having established what the factory is, we turn to what it produces and whether that content earns
attention. The general principle is Brady and colleagues’ moral-contagion law: in organic networks,
each added moral-emotional word is associated with substantially greater diffusion [3], an effect whose
expression is itself amplified by social-feedback learning [43]. The belief that this law drives influence
operations has been instantiated directly on real troll data: analyzing the released IRA Twitter corpus,
Suk and colleagues report that “negative tweets had 1.206 times the rate of retweets than those without
negative sentiment” [2], and the policy literature describes the operations as engineering emotionally
resonant memes and human-interest content for spread [5] (Appendix A). There is also independent
reason for caution: Burton, Cruz, and Hahn show that the contagion model can perform no better
than an implausible alternative [4], precisely the fragility we test for inside state propaganda. A large
pre-registered replication and meta-analysis by the original authors likewise finds the effect positive
but small and heterogeneous, even reversing sign in one corpus [27], while adjacent work locates
the engagement lever in out-group animosity [28] and negativity [29] rather than in moral-emotional
content as such.

The test.

On the 16,459,645 original (non-retweet) tweets in the corpus, we fit the moral-emotional re-
ception model per operation, using fixed-effects Poisson with persona controls. We report two
moral-foundations dictionaries side-by-side, never averaged because they genuinely diverge (mean
Spearman p = 0.25), and, critically, a letter-count placebo: a meaningless feature that should predict
nothing if the corpus is well-behaved.

The finding.

The organic moral-contagion law does not replicate in any operation (Figure 4). Against an
organic anchor incidence-rate ratio (IRR) of about 1.13, the Russian operation sign-reverses: moral-
emotional wording is associated with less engagement net of persona (IRR 0.848, 95% CI [0.810, 0.889],
0 of 9 specifications positive), while its letter-count placebo is strongly positive (1.537). The corpus
manufactures a spurious positive effect for a meaningless feature even where morality is genuinely
negative. The Iranian (Oct-2018) operation’s moral effect (IRR 1.083, [1.025,1.145]) is statistically
indistinguishable from its letter-count placebo (1.103, [1.053,1.155]). The remaining operations sit
weakly positive but below the organic anchor and outside its confidence interval (Iran 1.037, Venezuela
1.044), or at the reception floor. This is the “large-corpus mirage” Burton and colleagues warned of,
demonstrated inside state propaganda: on samples this large, baseline-free significance attaches to
noise.

Scoped takeaway:.

Moral-emotional language does not predict reception in these campaigns’ data, and a meaningless
placeholder predicts as well. This is a claim about these operations and this measurement, not that
affect or morality is irrelevant to virality in general. One methodological caveat distinguishes this
myth from the others: because the organic baseline lacks engagement counts (Section 10), Myth 2 alone
is placebo-anchored rather than baseline-anchored. We do not contrast IO against a like-for-like organic
reception model; instead the letter-count placebo shows that the apparent moral-emotional effect is not
feature-specific: a meaningless placeholder earns the same or larger coefficient on the same samples.
That is sufficient to defeat the specific claim (that morality drives reception in these operations) without
resting on a within-corpus positive, but it is a weaker instrument than the matched-baseline contrasts
that carry Myths 1, 3, and 5, and we flag it as such. If anything, the prior literature sharpens the result:
even the IO-specific instantiation finds sentiment to be one driver among informational and topical
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ones, with positive sentiment slightly suppressing retweets [2], so the belief we test is narrow, and it

does not hold here.
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Figure 4. Myth 2. Moral-emotional reception (IRR) by operation against the organic anchor and the letter-
count placebo. The contagion law fails to replicate everywhere; Russia sign-reverses, and the placebo predicts
engagement as well as morality.

6. Myth 3: “Manufactures Its Own Virality”
The claim and its provenance.

A central image of influence operations is sockpuppet self-amplification: the operation engineers
its own viral ignition (Appendix A). The mechanism is well established in the diffusion literature:
automated accounts amplify low-credibility content, especially early in a cascade and by targeting
influential users [7], and coordinated accounts can boost a cascade’s reach up to a saturation thresh-
old [8]. Against this, linked exposure studies find that Russian IRA reach was concentrated among a
few partisan users and dwarfed by domestic media, with no measurable attitudinal effect [31], that dif-
ferential spread is carried more by human resharing than by automation [30], that automated accounts
are less central to diffusion than verified or high-profile human accounts [46], and that amplification,
where present, often runs through cross-platform laundering of external media [24]. The question is
how much of these operations’ actual viral reach this internal machinery accounts for.

The test.

We decompose the reach of each operation’s top-percentile viral originals into internally manufac-
tured amplification (retweets by the operation’s own accounts) versus externally captured reach, using
a takedown-snapshot decomposition (the IRA snapshot permits a clean external subtraction). We then
ask whether the internal amplification that is present looks like synchronized manufactured ignition or
like diffuse after-the-fact sharing, by relating within-author seeding synchrony to external reach.

The finding.

Internal manufacture is a small fraction of viral reach (Figure 5). Across operations it supplies
0.10% (IRA), 0.57% (Iran, Jan-2019), 0.69% (Iranian, Oct-2018), 0.78% (Venezuela-1), and 5.31% (the
Russian hub) of top-percentile reach; the captured share is therefore > 99.2% everywhere except the
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Russian hub (94.7%), and the per-original median manufactured share is 0 in every stratum, consistent
with prior findings that the bulk of state-propaganda dissemination is carried by ordinary users rather
than the operation’s own accounts [9], and that dissemination of low-quality content concentrates
in a small set of ordinary “supersharer” users [45]. Internal amplification is enriched among the
winners (1.7-12.5x), but enrichment is consistent with either manufactured ignition or undetected
external coordination, and it does not account for the reach. The enrichment looks like diffuse post-
hoc sharing, not synchronized ignition (Figure 6): within-author seeding synchrony is associated with
fewer external accounts, not more, in the IRA (IRR 0.68, g = .0004) and Iran (0.93, g = .003), null in
Venezuela, and positive in only one operation, the confirmed Iranian (Oct-2018) operation (IRR 1.27,
g < 1071, the lone ignition-like signature. (This ignition result, and the cellular Iranian structure
noted under Myth 1, both derive from the operations” own released archives; the provisional Iranian
mapping noted in Section 3 concerns only the matched-control contrast of Myth 5, where it is flagged
in place.) Within-author seeding synchrony here means same-author co-timed posting; it is distinct
from the cross-account same-minute synchrony that distinguishes IO from organic users under Myth 5:
the former anti-predicts reach, the latter marks inauthenticity. External reach tracks the breadth of
amplifiers, not their same-minute synchrony. Producer and amplifier roles are distinctly divided by
playbook (Cramér’s V = 0.304, a moderate association), from a 12-account Russian seeding squad to a
717-account Iranian one.

OP-A ira (federation) 4 0.10%

OP-B iran (cellular) 4 0.57%
OP-A ©®0.10

OP-C iranian (cellular) 4 0.69% OP-B |—©0.57

OP-C |~——@0.69

OP-E ven_1 (broadcast) 4 0.78% OP-E ——©0.78
OP-D @5.31
0 J . 1
OP-D russia (hub) 5.31% manufacture share (%), 0-6% zoom
7
I ' J T T 1
0 20 40 60 80 100

% of viral top-1% amplification

##4 manufacture LOWER bound (internal) capture UPPER bound (external — NOT organic)

Figure 5. Myth 3, provenance decomposition of top-percentile viral reach by operation. Internally manufactured
amplification (manufacture lower bound, 0.1-5.3%) versus externally captured reach (capture upper bound, > 94.7%);
the external bound is not “organic”: it mixes genuine users, unrelated bots, and any undetected coordination the
archive cannot see. The inset re-plots the manufactured share alone on a 0-6% axis, where the Russian hub (5.3%)
stands well above the others (all < 0.8%). Pseudonymous operation labels; associational throughout.
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Figure 6. Myth 3, ignition verdict: the association between within-author seeding synchrony and external reach
(incidence-rate ratio per SD, within-author fixed effects). IRR < 1 (IRA, Iran) indicates diffuse post-hoc sharing
rather than synchronized ignition; the Iranian (Oct-2018) operation is the lone ignition-like positive; the Russian
hub is fixed-effect-absorbed (not identified, not a null). Winner-enriched internal amplification is diffuse post-hoc
sharing, not synchronized manufactured ignition. Pseudonymous operation labels; associational throughout.

Scoped takeaway:.

Reach in these operations is captured, not manufactured, which is not “no reach.” We state the
bounding limit plainly and quarantine it in Section 10: because the archives record only the operations’
own accounts, the external pool cannot be split into genuine organic uptake versus undetected
coordination the corpus sees only the internal tip of. The captured/manufactured contrast holds; the

internal composition of the captured share is not resolvable here.

7. Myth 4: “A Sophisticated, Optimizing, Adaptive Adversary”
The claim and its provenance.

Having found that reception (Myth 2) and viral reach (Myth 3) lie largely outside these operations’
control, we now ask whether they nonetheless reallocate toward them. The operations are widely
described as learning machines that optimize against feedback (Appendix A). The authoritative policy
account portrays the IRA as “run like a sophisticated marketing agency” that “developed their content
using digital marketing best practices” [5], and the doctrine literature calls Russian propaganda
“remarkably responsive and nimble” [6]. The academic literature makes a weaker, temporal claim
(that tactics, language, and identities change over time [12,13], which we do not dispute), while our
own prior work finds trolls act “regardless of the feedback” they receive from genuine users [14] and
that automated accounts lack the time-varying behavioral dynamics that characterize genuine human
activity [11]. Consistent with a scripted reading, a campaign-agnostic classifier across nineteen state
operations attributes their detectability to shared, templated tactics [22], field experiments find no
measurable persuasive effect from IRA contact [32], and even large-language-model microtargeting
does not reliably outperform untargeted messaging [34,35]. We test the strong belief: do operators
reallocate content toward what earns reception?
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The test.

Exploiting the temporal axis, we fit lead-lag reception-to-behavior models at the operation, desk,
and account levels, and gate every apparent feedback signal through the future-reception placebo. For
the cells that survive, we ask whether reception-chasing yielded a durable benefit: whether a reception
shock persisted or mean-reverted.

The finding.

The operations are scripted, not feedback-adaptive (Figures 7 and 8). Of 110 feasible operation-
level cells, only 9 (8%) are genuinely feedback-consistent once the placebo is applied; 18 (16%) are
the corpus’s largest apparent-adaptation coefficients, unmasked by the placebo as time-symmetric
trend; and 83 (76%) are flat. Eight of the nine surviving cells are surface-presentation axes (whether to
include a URL, hashtag, or mention), never content; the cleanest case (IRA URL-formatting) shows the
canonical signature (past-reception coefficient ~ +1.3, placebo coefficient slightly negative). And every
feedback-consistent cell mean-reverts: Galton coefficients of 0.17-0.70 with every bootstrap interval
strictly below 1, a median ~ 52% of each reception shock reverting within one window: transient
responses to noise rather than durable optimization, with no persistent hold-up. The IRA shows
content drift negatively associated with its own reception gradient: it moves away from, not toward,
the agendas that earned the most engagement. Feedback, where present, is centralized at the operation
or desk level and essentially absent at the account level (the feedback-consistent count collapses
9 — 6 — 2 from operation to desk to account). Without the placebo, the 9 genuine cells and the 18
trend artifacts together would have read as some 27 “learning” cells.

- @=0:full revert ¢@=1: HOLD-UP (durable / rational)
: ®

Iran-A script:like

Iran-B format_mention:ert -

IRA format_url:ert 1 —
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Iran-B format_length:like @
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(rank-reception,, + 1 on rank-reception,,, reallocated-toward class,

Figure 7. Myth 4, pay-off of reception-chasing (reversion). Reversion/persistence coefficient ¢ for each feedback-
consistent cell (regression of next-window on current-window rank-reception, reallocated-toward class), with a
>2000-iteration block-bootstrap CI; ¢ = 1 marks durable hold-up, ¢ = 0 full reversion. Every feedback-consistent
cell mean-reverts (¢ in [0.17,0.70], all 95% CIs below 1): apparent “learning” reflects transient responses to noise,
not durable optimization. Associational; pseudonymous/aggregate cell labels; reception is rank of takedown-final
counts (snapshot-timing proxy).

Scoped takeaway:.

These operations are playbook-executed, not feedback-adaptive. We use “learn” descriptively, never as
a claim of cognition or operator intent, and all relationships are associational. Scripted is not the same
as harmless, and it sets a baseline: an adversary that genuinely optimized against reception, as large
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language models now make feasible [53], would look measurably different from this. That contrast is
a forward warning, not a present finding.
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Figure 8. Myth 4, pay-off of reception-chasing (trajectory). A top-quantile reception shock and its partial
reversion one window later (median ~52% of the shock reverts within one window). The reception gain
does not persist, consistent with transient responses to noise rather than durable optimization. Associational;
pseudonymous/aggregate cell labels; reception is rank of takedown-final counts (snapshot-timing proxy).

8. Myth 5: “Indistinguishable from Real Users” (and Its Mirror, “Still a Crude 2016
Troll”)

The claim and its provenance.

Two opposing folk beliefs coexist, both widely circulated in news and policy reporting (Ap-
pendix A). One holds that modern IO accounts are individually indistinguishable from real users:
the human-operated troll accounts in coordinated networks “present traits more similar to regular
users” and lack the synchronization signatures of bots, so that loose coordination, not individual
features, is what detection must target [18]; our own clustering work similarly finds trolls “appear
indistinguishable” on behavior and intermingle with genuine accounts [14,15]. The other holds that
operations remain catchable by 2016-era linguistic fingerprints: behavioral and linguistic signatures
separate trolls from users at high accuracy [16], content-based features generalize across campaigns
and platforms [41], and dozens of deception-linked language markers achieve strong classification [17].
Recent detectors bear out both halves of this tension: cross-campaign linguistic drift forces continual
model adaptation [20,21], while fused coordination signatures remain the durable tell [23,26]. We test
both against the matched organic baseline.

The test.

On the five campaigns with a matched control arm, we re-compute the 49-cue deception fin-
gerprint and a battery of coordination-network detectors in the family established for uncovering
coordinated activity [10] (same-minute synchrony, copypasta text similarity, co-retweet synchrony;,
co-hashtag) for IO versus matched real users. Because the baseline draws are budget-limited (ten
matched draws give a one-sided p-floor of .0909), a contrast is declared abnormal only when the 95%
confidence interval excludes 1 and the ratio exceeds 1.

The finding.

The language has evolved off the 2016 fingerprint, but the coordination has not (Figure 9). The
deception fingerprint only partially replicates (mean sign-agreement 0.54 across the confirmed five,
ranging 34%—66%): the “non-immediate, low-affective stance” markers persist, but the conversational
markers the 2016 literature relied on (questions, punctuation, hashtags) reverse, with 10 using fewer in
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every campaign. Modern IO in this corpus is more moralized and more negatively emotional than
organic users while being less conversational, the opposite of the 2016 high-hashtag, high-engagement
conversational profile. Yet on coordination the operations are abnormal relative to matched real
users: same-minute synchrony runs 7.7-70.3 X organic, copypasta similarity 2.2-16.4x, and co-retweet
synchrony 15.7-35x in the powered campaigns, while co-hashtag, as pre-registered, realizes the
predicted honest null (0.73-1.0x, never above 1) in every campaign, confirming that the matched
baseline did not manufacture the contrasts.
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Figure 9. Myth 5 (confirmed five). Coordination abnormality of IO versus matched organic users by detector and
campaign, on a log, abnormality-ratio axis (IO statistic / matched-size organic draw, 95% bootstrap CI, ratio= 1
reference). Detectors: coRT (co-retweet synchrony), tempSync (same-minute co-activity), textSim (copypasta/near-
duplicate), coHashtag (pre-registered honest-negative). Synchrony, copypasta, and co-retweet run many-fold above
organic; co-hashtag realizes the pre-registered honest null. Aggregate class-level only. Associational, not causal.

Cross-national replication.
To test whether these are regularities or artifacts of the original four countries, we re-ran the frozen

pipeline (no re-tuning) on twelve new, non-corpus country-groups against their matched controls
(Figure 10, Table 4). All three regularities replicate out-of-sample and the null of indistinguishability is
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rejected in every country: copypasta similarity is abnormally high in 11 of 12 (pooled random-effects
ratio 4.20x, CI [2.56, 6.89]), same-minute synchrony in 11 of 12 (20.7 %, [6.2,69.2]), co-retweet synchrony
in 10 of 12 (376 x where finite), and the co-hashtag honest-null reproduces in 9 of 12. The language-drift
split reproduces (mean English sign-agreement 0.594), and cross-campaign content segregation persists
(16 x below null, p = 0.001), indicating no global template. Four small-arm country-groups (Armenia
31, Qatar 29, Ghana 60, Catalonia 76 IO accounts) lean on degeneracy-driven verdicts, and three
co-hashtag matches fail on the smallest arms; we flag these rather than down-weighting them.

coRT tempSync
armenia - ? - E -deg
catalonia{ | ~—deg 8 ! —e
china_1 A i — . i —-—
china 24 | ~—deg : 1 ——
cuba A i —e . i -0—
ecuador - | —_— 8 | ——
egypt_uae A i —deg . i —o
ghana_nigeria E ~deg 8 E —e
gatarq | ~—deg a I —deg
spain - i —deg - i ——
thailand 1 @ . !
uae { 1 —o— 1 o
i < i
i pooled 376/6x i pooled 20.7x
0 2 4 6 8 0 2 4 6 8

log, abnormality ratio (10 / organic) log, abnormality ratio (10 / organic)

textSim coHashtag

armenia -
catalonia -
china_1 4
china_2 4
cuba A
ecuador A
egypt_uae A
ghana_nigeria A
qatar -
spain A
thailand -
uae A

pooled 4.2x

0 2 4 -4 -2 0 2 4
log, abnormality ratio (10 / organic) log, abnormality ratio (10 / organic)

@® abnormal-high (10 > organic) honest-null / inverted
B matching (I0 = organic) ‘ pooled (random-effects)

Figure 10. Myth 5 (cross-national replication). Frozen-pipeline re-test on twelve new non-corpus country-groups,
by detector (log, abnormality ratio, IO versus matched organic; right of the dashed line = IO more coordinated).
Black diamonds are random-effects pooled estimates per detector; “—deg” marks degenerate cells (organic
statistic 0, IO > 0). The coordination abnormality replicates out-of-sample; the null of indistinguishability from
real users is rejected in every country.
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Table 4. Cross-national replication of the coordination abnormality (frozen pipeline, twelve new non-corpus
country-groups). Each detector contrasts IO against matched organic users; “abnormal-high” counts country-
groups whose ratio exceeds 1 with the confidence interval excluding 1. Pooled ratios are random-effects
(DerSimonian-Laird) over the countries with finite estimates. Co-hashtag is the pre-registered honest null, which
should not fire, and largely does not.

Detector Abnormal-high  Pooled Ratio (95% CI) Reading

Copypasta text similarity 11/ 12 4.20% [2.56,6.89] replicates

Same-minute synchrony 11/ 12 20.7x [6.2,69.2] replicates

Co-retweet synchrony 10 / 12 376 % (finite k = 4) replicates

Co-hashtag (honest null) 9 / 12 honest-null 0.10-0.88 % null reproduces
Scoped takeaway.

Neither folk belief holds: these operations no longer talk like 2016 trolls, but they still coordinate
like machines. The detectable signature has migrated from language to coordination, and that migration is
cross-national.

9. Discussion
What is true: the corrected picture.

The five corrected findings are not five disconnected negatives; they compose a single, coherent
account. These operations are industrial content factories: compartmentalized into nationally finger-
printed desks (Myth 1), thinly staffed by few operators executing calendars rather than crowds of
improvisers (Myth 1), producing content on a script rather than optimizing it against reception (Myth
4). What they cannot do internally is make that content travel: the moral-emotional lever that the folk
model treats as their primary mechanism does not move reception in their own data (Myth 2), and
their viral reach is predominantly captured from an external audience they do not control rather than
manufactured by their own retweets (Myth 3). What durably distinguishes them from real users is not
the content of any single account, whose language has converged toward the ordinary (Myth 5), but
the machine-like coordination across accounts that persists regardless of individual-account linguistic
convergence (Myth 5). “Siloed in production, coordinated in execution” is not a contradiction; it is the
corrected mechanism.

Why the reach limit and the coordination evidence fit together.

The hardest limit in this paper, that we cannot decompose external reach into organic uptake
and undetected coordination (Myth 3), is partly backstopped by the coordination evidence (Myth
5). The two myths use the word “synchrony” for two different objects, and separating them is what
makes the reconciliation work. Under Myth 5, the discriminating signal is cross-account same-minute
synchrony: many accounts acting in lockstep, which is what separates the operations from matched
organic users at 7-70x. Under Myth 3, the question is whether within-author seeding synchrony, one
account’s own co-timed posting of a viral original, predicts how far that original then travels externally;
it does not, and in the IRA and Iran it weakly anti-predicts reach. These are consistent: cross-account
coordination is a reliable indicator of inauthenticity, but the same synchrony does not drive external
reach. Thus, where reach is observable, on the operations’ own accounts, the synchrony that marks
the operation as coordinated is precisely not the mechanism that propagates its content externally;
the diffuse external sharing that does carry the bulk of reach shows no such lockstep signature in the
operations where we can look. The unresolved part of the reach question, whether the external pool
is organic or partly undetected coordination, is therefore bounded by what coordination looks like
where we can measure it: if undetected coordination were carrying the external reach, it would have
to do so without the same-minute, copypasta, and co-retweet signatures that coordination otherwise
leaves in every measurable context. This is an inference from the internal accounts to an unobservable
external pool, not a measurement of that pool; it narrows the question rather than closing it.
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The methodological lesson.

The common thread across all five myths is that a corpus of platform-confirmed manipulation
will, analyzed without a baseline, a placebo, or false-discovery control, reproduce the patterns analysts
expect to find. A meaning]less letter-count predicts engagement on these samples (Myth 2); the corpus’s
largest “adaptation” coefficients are time-symmetric trend (Myth 4); within-corpus significance on
the manipulation arm says nothing about how these accounts compare to real users until an organic
arm is added (Myths 2 and 5). Pre-registration, matched baselines, placebo features, and permutation
nulls are not procedural formalities here; they are what separates a genuine regularity from a spurious
artifact. Several of our positive controls (detectors that do fire on coordination, a co-hashtag test
that reproduces as a clean null, a fingerprint classifier that separates campaigns at high accuracy)
demonstrate that the null findings are not attributable merely to insufficient statistical power.

10. Limitations

These results concern seven specific, already-investigated campaigns and twelve further country-
groups; they do not speak to operations that platforms never detected, and no claim here generalizes to
“all influence operations.” The engagement counters are takedown-final snapshots, a small acknowl-
edged limitation addressed by the snapshot decomposition. The genuinely bounding limitation is the
external-reach decomposition of Myth 3: the archives record only the operations” own accounts, so the
external audience is structurally invisible and the organic-versus-undetected-coordination split of the
captured reach is not a computable quantity in this corpus, a limit partly, not wholly, addressed by
the coordination evidence of Myth 5. The matched-baseline contrasts rest on budget-limited draws (a
p-floor of .0909), so confidence-interval verdicts, not false-discovery-corrected g-values, carry several
of the Myth 5 conclusions; small-arm cross-national countries lean on degeneracy-driven verdicts
and are flagged individually. The organic baseline lacks engagement counts, which makes an organic
moral-contagion replication impossible and leaves Myth 2’s debunk anchored to the within-corpus
placebo rather than a like-for-like organic comparison. Stylometric “hands” estimates are ranges, not
headcounts, and the classic and neural representations agree only in aggregate. The Linvill-Warren
convergent-validity overlay (Myth 1) is confirmatory and IRA-only: it joins by screen name (incomplete
coverage, concentrated in the heavily churned RightTroll category), no comparable external hand
labeling exists for the other operations, and the NewsFeed category is the one label that does not fall in
the two giant desks. All relationships reported are associational. Control-subject content is reported
only in aggregate, consistent with its license and with the controls being ordinary users.

11. Conclusions

Scoped to these seven state campaigns, five widely circulated beliefs about how influence opera-
tions work either weaken or reverse under baseline-anchored, pre-registered testing. The operations
are not monolithic armies but compartmentalized, thinly staffed production desks; they do not win on
moral-emotional language, which fails to predict reception in their own data; they do not manufacture
their own virality, which is predominantly captured rather than internally generated; they do not
optimize against feedback, behaving instead on scripts whose rare apparent adaptation is statistically
indistinguishable from noise; and they are neither indistinguishable from real users nor still caught by
2016-era language, having drifted linguistically toward the ordinary while continuing to coordinate
7-70x more tightly than matched organic users. The corrected picture, an industrial content factory
whose reach is predominantly captured from an external audience it does not control rather than inter-
nally manufactured (with the organic-versus-undetected-coordination composition of that external
reach left unresolved), accounts for the evidence more consistently than the folk model it replaces.
The recurring lesson for the field is methodological: on corpora of confirmed manipulation, signifi-
cance without baselines and placebos reconstructs the analyst’s expectations, and only pre-registered,
baseline-anchored, placebo-gated testing tells us which “stylized facts” are facts.
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Appendix A. Provenance of the Five Myths in Public and Policy Discourse

Each myth is attributed in the body to peer-reviewed or authoritative scholarship. To document
that these beliefs are not academic strawmen but circulate as received wisdom, Table A1 catalogues
representative statements of each myth in authoritative news reporting and in government, intelligence,
and policy-institution documents. This catalogue is illustrative, not exhaustive, and is kept deliberately
separate from the scholarly References: its purpose is to evidence the popular and policy framing the
paper tests, not to endorse these sources. All entries are verbatim excerpts (abridged with ellipses
where noted); each was retrieved from the cited outlet, and the full catalogue with URLs and retrieval
notes accompanies the project’s supplementary materials. Quotation here documents how a claim was
publicly framed and implies no judgment of the cited authors.

Table Al. Representative framings of each myth in authoritative news and policy discourse. “Type” is News, Pol-
icy/Govt (government, intelligence, or legal documents), or Think-tank / NGO (including reports commissioned
by the U.S. Senate Select Committee on Intelligence). Quotes are verbatim, abridged with “...” where indicated.

Myth Source (outlet, year) Type Representative framing (verbatim) What it portrays / distorts

M1  Associated Press, News “Russia’s army of trolls lead Putin’s online A single unified “army” of
2015 propaganda campaign” (headline) trolls acting in concert.

M1 IRA Indictment Policy/Govt ~ “...conduct what it called ‘information One organization waging
(DQOJ/Special warfare against the United States of America’ unified information
Counsel), 2018 ” warfare.

M1 Reuters, 2018 (Iran) News “a sprawling network of anonymous websites The Iran operation as one
and social media accounts in 11 different vast, sprawling, unified
languages” network.

M1  The Conversation, News “...hired hundreds of online commentators “Troll factory” of

2024 (trolls) ... responsible for promoting and hundreds serving one
amplifying the narratives that suited the centralized agenda.
Kremlin’s agenda”

M1  New Knowledge Think-tank /  “a sweeping and sustained social influence The flagship

(SSCI report), 2018 NGO operation ...aimed directly at US citizens” Senate-commissioned
report frames it as one
unified operation.

M2  US. State Dept. GEC, Policy/Govt  “...fear, and anger—are the very A government report
Weapons of Mass characteristics that increase the likelihood a asserting emotion is what
Distraction, 2019 message will go viral.” drives spread.

M2  IRA Indictment Policy/Govt  “...a strategic goal to sow discord in the U.S.  Anchors the
(DQJ/Special political system ...” divisive-emotional
Counsel), 2018 framing of the operation.

M2  Oxford Internet Think-tank /  “spreading sensationalist, conspiratorial, and  Attributes reach to
Institute / Graphika NGO other forms of junk political news and sensational, inflammatory
(SSCI report), 2018 misinformation” content.

M2  PBS NewsHour, 2018 News “elicit outrage with posts about liberal The core tactic framed as

appeasement of ‘others’ at the expense of US
citizens”

eliciting outrage.
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Myth Source (outlet, year) Type Representative framing (verbatim) What it portrays / distorts

M2  Univ. of Colorado News “...fear and anger appeals work really well in  Attributes engagement
Boulder (Vargo getting people to engage.” success to fear/anger
study), 2020 appeals.

M3  Mueller Report, via  Policy/Govt  “...individual accounts that would post A two-tier internal
Brookings, 2019 content, which bot networks would then machine where bots

amplify.” amplify own content.

M3  Symantec (threat Think-tank /  “Auxiliary accounts were configured to A designed
intelligence), 2019 NGO retweet content pushed out by the main self-amplification

accounts.” architecture.

M3 Atlantic Council Think-tank /  “...artificially amplified ... to make the Manufactured appearance
DFRLab, 2020 NGO hashtags seem more popular and organic than of organic popularity.
(Venezuela) they were.”

M3  CBS News, 2018 News “Russian bots retweeted Mr. Trump almost Bot-driven retweeting cast

470,000 times ...” as the amplification
engine.

M3  Iran International, News “...made software for the tweets and retweets An automated self-retweet
2022 (Iran) and had created at least 256 accounts ...” network manufacturing

reach.

M4  IRA Indictment Policy /Govt “...tracked the performance of content they Basis for the data-driven,
(DQJ/Special posted over social media.” metrics-optimizing
Counsel), 2018 framing.

M4  RAND (Paul & Think-tank /  “Itis rapid, continuous, and repetitive.” Casts the operation as a
Matthews, Firehose of NGO fast, agile, responsive
Falsehood), 2016 machine.

M4  Oxford Internet Think-tank /  “adapted existing techniques from digital Likens the IRA to a
Institute / Graphika NGO advertising to spread disinformation ...” professional
(SSCI report), 2018 digital-marketing

operation.

M4  CBS News (quoting ~ News “a sophisticated operation that does not The “sophisticated
DiResta), 2018 hesitate to reach out to individual Americans” operation” framing.

M5  IRA Indictment Policy/Govt ~ “...posing as U.S. persons and creating false  (a) IO accounts blend in as
(DQJ/Special U.S. personas ...” ordinary Americans.
Counsel), 2018

M5  DISA, 2025 Think-tank /  “...often indistinguishable from genuine users (a) States flatly that

NGO ” accounts are
indistinguishable.

M5  The Intercept, 2024 News Al personas “undetectable by social media (a) Undetectable,

algorithms” human-seeming personas.

M5  DQ]J press release (RT Policy/Govt  “...create fake but authentic-appearing social (a) A 2024 U.S.
“Meliorator” bot media personas en masse.” government case: Al
farm), 2024 personas authentic at scale.

M5  Atlantic Council Think-tank /  “...inability to use the grammatical (b) The crude linguistic-tell
DFRLab (Nimmo), NGO articles—’a” and ‘the’—appropriately.” stereotype.

2018
M5  Propastop (Estonian ~ Think-tank /  “...they slip and start writing in native (b) Trolls betrayed by

Defence League),
2024

NGO

Russian.”

crude operational slip-ups.
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