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Abstract

Coordinated inauthentic behavior (CIB) threat-
ens the integrity of public conversation, yet
existing detectors remain unreliable in practice.
Most systems measure correlation between ac-
count activities, which conflates genuine in-
fluence with shared reactions to trending top-
ics. They also apply fixed detection parame-
ters and require extensive manual labeling, so
configurations tuned on one campaign rarely
transfer to another. We present ACCD (Adap-
tive Causal Coordination Detection), a frame-
work that treats this problem as memory-guided
causal inference. ACCD screens account pairs
in three stages that each narrow the candidate
set: it retrieves convergent-cross-mapping pa-
rameters from a context-indexed memory of
past performance to estimate causal influence,
concentrates annotation on uncertain accounts
through active learning in a semi-supervised
classifier whose labels filter the surviving pairs,
and validates the remainder with estimators and
thresholds chosen from prior experience. On
the Twitter Internet Research Agency (IRA)
dataset, ACCD improves pair-level F1 from
75.8% to 87.3% over a fixed-parameter causal
baseline, reduces manual labeling by 68.3%,
and cuts end-to-end detection time by 2.5 x. On
Reddit coordination traces it reaches 84.7% F1.
On synthetic data with known causal structure,
it recovers true influence edges at 0.934 area
under the ROC curve (AUC) against 0.708 for
correlation-based detection, and the gap widens
to 0.861 against 0.586 once strong confounding
is introduced. These results suggest that adapt-
ing causal configurations to detection context
provides a practical and efficient screening tool
for protecting online public discourse.

1 Introduction

Coordinated inauthentic behavior (CIB) uses mul-
tiple accounts to manipulate public discourse
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Figure 1: Motivation of ACCD. Existing approaches
(left) rely on static, correlation-based parameters and
cannot separate genuine causal influence from spuri-
ous correlation induced by confounders. ACCD (right)
adapts detection configurations from accumulated expe-
rience rather than fixing them by hand.

through synchronized posting, amplification, or
harassment (Linvill and Warren, 2020). Recur-
ring signals include short-interval co-retweet/co-
mention bursts (Pacheco et al., 2021; Weber and
Neumann, 2020), reused hashtags or near-duplicate
templates (Alizadeh et al., 2020; George et al.,
2025), and division of labor between seeding and
amplifying accounts (Chen, 2026; Thiele et al.,
2025). These patterns span co-activity, content
similarity, and temporal synchrony (Mannocci
et al., 2024); ACCD targets the temporal axis by
asking whether one account’s activity drives an-
other’s. Reliable detection supports election in-
tegrity, public-health communication, and online
safety (Lazer et al., 2018; Varol et al., 2017; Cresci
et al., 2017), aligning with NLP for positive social
impact (D. Lewis et al., 2025).

Prior approaches use CCM for temporal influ-
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ence (Sugihara et al., 2012), behavior classifiers
for account screening (Breiman, 2001; Cresci et al.,
2018), or causal machine learning for estimator
selection (Chen and Jing, 2025). They remain vul-
nerable to confounding and often rely on fixed em-
beddings, heavy labeling, or fixed statistical thresh-
olds that transfer poorly across campaigns. We
propose Adaptive Causal Coordination Detection
(ACCD), a memory-guided three-stage pipeline
that retrieves context-specific CCM parameters, fil-
ters candidate pairs using an active-learning semi-
supervised classifier, and validates survivors with
experience-selected causal estimators and thresh-
olds (Figure 1).

We evaluate ACCD on Twitter IRA, Reddit co-
ordination traces, and synthetic data. The contribu-
tions are:

1. A context-indexed memory that adapts causal
configurations to coordination context, help-
ing separate influence from confounded corre-
lation.

2. A sequential three-stage design combining
adaptive CCM, semi-supervised role filtering,
and experience-driven validation; hierarchical
clustering reduces pairwise evaluation from
O(N?) to O(N4).

3. On Twitter IRA, ACCD improves pair-level
F1 by 11.5 points over CCM, reduces label-
ing by 68.3%, and cuts end-to-end time by
2.5x; it reaches 84.7% F1 on Reddit and
0.934/0.861 AUC on synthetic data under low-
noise/strong-confounding conditions.

2 Related Work

2.1 Causal and Time-Series Detection

CCM (Sugihara et al., 2012) reconstructs time-
series state spaces via Takens’ theorem (Takens,
1981) and has been used for cross-mapped tempo-
ral influence (Isufaj et al., 2025). Granger causal-
ity (Granger, 1969) is simpler but assumes linear,
stationary dynamics. Standard CCM avoids those
assumptions yet fixes (F, 7) and a threshold and
costs O(N?) pairwise. Graph neural networks cap-
ture relational structure (Wu et al., 2026; Guyan
et al., 2025) but require explicit graphs and model
temporal coordination indirectly. ACCD instead
adapts temporal causal parameters from prior de-
tection experience.

2.2 Behavioral and Network Classification

Behavioral methods classify accounts from activity
features. Social-footprint methods (Cresci et al.,
2018; Wang et al., 2025; Zhou et al., 2025) and
Random Forest classifiers based on the troll tax-
onomy of Linvill and Warren (2020) can iden-
tify influence-operation accounts, while AMDN-
HAGE (Sharma et al., 2021) models temporal
group behavior and LCN+HCC (Pacheco et al.,
2021) builds coordination graphs from co-retweet,
co-tweet, and co-mention signals. Their labeling or
graph-construction burden can hinder rapid transfer
to new campaigns.

2.3 Automated Causal Inference and
Positioning

Automated causal learning supports estimator se-
lection and treatment-effect estimation. Double
machine learning debiases flexible nuisance mod-
els (Chernozhukov et al., 2018; Colangelo and
Lee, 2026); related work studies heterogeneous ef-
fects and policy optimization (Chen and Jing, 2025;
Nizam et al., 2025; Imai and Li, 2025), and surveys
cover instrumental-variable and representation-
based estimators (Wu et al., 2025; Abécassis et al.,
2025). These pipelines remain largely domain ag-
nostic. ACCD combines causal inference with
context adaptation, semi-supervised filtering, and
experience-driven validation at O(N1) cost.

3 Problem Formulation and Preliminaries

3.1 Problem Formulation

Observational unit. The observation period is di-
vided into non-overlapping detection windows of
fixed length |WW|. An account is co-active in a win-
dow if it produces at least np,iy posts inside it, and
the observational unit is an unordered pair (u, v) of
accounts co-active in the same window. Accounts
active in different windows are never compared.
Within a window, candidate pairs are restricted to
the hierarchical clusters described in Section 4.1,
supplemented by a small random sample of cross-
cluster pairs, so the evaluated candidate set is a
strict subset of all (%)) pairs.

Target variable. Each candidate pair carries a
binary label y(u,v) € {0,1}. We set y = 1 when
both accounts are attributed to a campaign con-
firmed as coordinated and are co-active in the same
window, and y = 0 when at least one member is an
authentic account. The system predicts g(u, v) and,
for predicted-positive pairs, additionally reports a
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causal effect estimate with a confidence interval.
Detection quality is thus binary classification over
pairs. The four-way behavioral labels produced in
Stage 2 are an intermediate account-level represen-
tation, not the evaluation target; they are reported
separately as an auxiliary metric.

Decision rule. A candidate pair is returned as
coordinated only when all three stages agree:

g(u,v) =1 [inﬂuence(u,v) > Gadapt]
- 1[r(u) € R V r(v) € R] - 1[valid(u,v)]
(1

The first indicator uses the Stage 1 influence score
of (5) against the Stage 3 adapted threshold of (8).
The second requires that at least one member re-
ceives a campaign-plausible Stage 2 label, where
‘R contains the fake-or-troll and organizational cat-
egories. The third, valid(u,v), holds when the
Stage 3 causal effect is significant and survives
every refutation test.

Causal quantities. Stage 3 evaluates the ordered
direction v — v. The treatment T,,(¢t) € {0,1}
equals one when w’s posting rate in time slice ¢
exceeds « times its own historical baseline; the
outcome Y, (t) € Z>q is v’s activity count over
the following A hours; and the covariate vector
Xcov Collects window-level confounders such as
topic popularity, overall window volume, and each
account’s baseline activity. The estimand is the
conditional average treatment effect of (10). Iden-
tification relies on the usual assumptions of uncon-
foundedness given X.oy, overlap, and the stable
unit treatment value assumption. The refutation
tests of Stage 3 probe violations of the first.

3.2 Technical Background

We briefly review the three technical foundations
on which ACCD is built.

Convergent Cross Mapping (CCM) (Sugihara
et al., 2012) infers causal influence between dy-
namical systems by testing whether the history of
one variable can predict another’s through cross-
mapping in a reconstructed phase space. Let
Xy (t) € Z>o denote the activity count of account
u in discrete time step ¢, with embedding dimen-
sion E € Z* and time delay 7 € Z measured in
time steps of one hour. Following Takens’ embed-
ding theorem (Takens, 1981), X, (¢) is lifted into

the delay-embedding vector X, (t) € R¥:

Xu(t) = [Xu(t)’ Xu(t_T)v SRR
X, (t—(E-17)]. @

Small 7 captures rapid synchronization such as
coordinated retweets, while larger values expose
slower influence campaigns. Because the best
(E, 7) depends on the coordination context, we
select them adaptively; Section 5 evaluates this
choice empirically.

Behavioral classification assigns accounts to
activity-based categories from observable features
such as posting frequency, temporal regularity,
content diversity, and linguistic markers. Follow-
ing Linvill and Warren (2020) we distinguish four
types, fake or troll, organizational, political, and
individual, which are the labels predicted in Stage
2.

Causal inference separates correlation from cau-
sation in observational data, a distinction that mat-
ters here because shared trending topics routinely
induce spurious correlations among unrelated ac-
counts. Standard pipelines fix significance thresh-
olds such as p < 0.05 and generalize poorly
across datasets with different activity dynamics;
ACCD’s Stage 3 validator replaces them with
dataset-specific settings learned from past detec-
tion experience.

4 Method

ACCD addresses coordination detection through
three sequential stages (Figure 2), summarized in
Algorithm 1. Stage 1, the Adaptive Causal Coor-
dination Detector, infers temporal causal influence
through memory-guided parameter selection. Stage
2, the Active-Learning Semi-Supervised Classifier,
reduces annotation cost by directing human effort
toward uncertain accounts. Stage 3, the Adaptive
Causal Validator, automates estimator selection and
threshold determination from accumulated detec-
tion experience.

The three stages are strictly sequential, and each
one narrows the candidate set. Stage 1 converts
raw activity streams into a candidate set S of ac-
count pairs whose CCM influence exceeds a loose
screening threshold prin = 0.25. Stage 2 labels
the individual accounts appearing in S7 and dis-
cards every pair in which neither member carries
a campaign-plausible role, producing Sio2 C Si.
Stage 3 estimates a causal effect for each surviving
pair and keeps only those that clear the adapted
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Figure 2: Architecture of ACCD. Stage 1 retrieves context-appropriate (F, 7) from memory and computes CCM
influence within hierarchical clusters; Stage 2 classifies accounts in a semi-supervised manner, using active learning
to label only uncertain cases; Stage 3 selects causal estimators and thresholds from past experience and validates

candidate links with refutation tests (placebo, subsetting, temporal holdout).

significance threshold and pass all refutation tests.
The final output is therefore the conjunction of (1):
no pair enters the returned set P without passing
all three stages, and each stage can only remove
pairs, never add them.

4.1 Stage 1: Adaptive Causal Coordination
Detector

The core of Stage 1 is a parameter memory M, a
lightweight key-value store whose key is a context
bucket b encoding coarse characteristics of the cur-
rent detection window, and whose value records
historical precision and usage counts for candidate
parameter pairs (F,7) drawn from a finite set C.
At each time window, the system selects with (3)
the pair that balances past reliability against under-
exploration, using exploitation weight A € [0, 1]
and decay rate p € R™:

(B, 7%) = a(rb;g n)ﬂacx [A - precys (F, 7,b)
,T)E

+ (1 - )‘) ’ eXp( — K- nuse(EaT))i|a (3)

where precy;(E,7,b) is the historical preci-
sion of parameter pair (E,7) in context b, and
nuse(E, T) € Z>( counts prior uses of that pair, so
that a pair never tried before receives the maximal
exploration bonus. We set A = 0.8 and pt = 0.1, se-
lected by grid search over A € {0.6,0.7,0.8,0.9}
and p € {0.05,0.1,0.2} on a held-out validation
set.

Each context bucket b is defined by three coarse
window-level features. Activity density n =
|U|/ span(W') measures active users per unit time,
discretized into low, medium, and high terciles.
Temporal burstiness B = oa:/pa; is the coeffi-
cient of variation of inter-event times. Content ho-
mogeneity H = 1 — entropy (hashtag distribution)
captures topic concentration. Each combination
of discretized values forms a distinct bucket from
which the memory retrieves relevant historical con-
figurations.

Given the selected (E*, 7*), each account u is
represented by the delay embedding of (2) instan-
tiated with those values, written e, (t) € RF". It
is maintained incrementally from a rolling activity
buffer that appends the newest observation and dis-
cards the oldest, avoiding full reconstruction across
long sequences.

For each account pair (u,v), the shadow man-
ifold S, reconstructed from v’s embedding is in-
dexed with a ball-tree or an approximate nearest-
neighbor graph for efficient retrieval. Let t; be
the timestamp of the j-th nearest neighbor on
Sy, dj € R the distance to that neighbor, and
dy = min;d; the smallest such distance. The
trajectory of w cross-mapped through S, is the
distance-weighted convex combination of (4),

knn
5 >0 wi Xu(ty)
Xys,(t) = -
Zj:l wj

,  Wj; = e_dj /d 5

“
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using kn, = F + 1 neighbors, the minimum for
a valid simplex in E-dimensional space (Sugihara
et al., 2012). Scaling the exponent by d; makes the
weights scale-invariant, and normalizing by their
sum keeps X on the same scale as X. Predictions
are computed across library lengths L € [10, 50]
and cached to avoid redundant computation. The
final CCM influence score, (5), takes the maximum
correlation over library lengths:

influence(u, v) = max ﬁCCM(Xu, XU|SU), 5)

where pccn denotes the Pearson correlation be-
tween the observed and cross-mapped trajectories.

Evaluating all O(N?) pairs is infeasible at scale.
To reduce this cost, accounts are first grouped
by hierarchical clustering over temporal activity
statistics (mean, variance, burstiness, and entropy).
CCM is then applied within K clusters of ap-
proximate size N/K, yielding intra-cluster cost
O(N?/K), supplemented by a small sample of
cross-cluster pairs. Setting K = N9 minimizes
the combined cost and yields overall O(N14) com-
plexity, down from the naive O(N?). Clusters are
evaluated independently, enabling parallel execu-
tion.

4.2 Stage 2: Active-Learning Semi-Supervised
Classifier

Each account u is represented by a feature vec-
tor x, € RY with F = 24, capturing posting
frequency, retweet behavior, hashtag usage, senti-
ment distribution, and temporal engagement pat-
terns. The classifier assigns one of four behavioral
labels from the troll taxonomy of Linvill and War-
ren (2020): fake or troll, organizational, political,
and individual.

Rather than labeling all accounts, the sys-
tem prioritizes annotation using uncertainty sam-
pling (Wen et al., 2025). Let Niee = 100 denote
the number of trees in the random forest and h; the
prediction of the i-th base learner. The uncertainty
of account u in (6) follows from the vote distri-
bution over the four behavioral classes c given by

(7):

unc(x,) = 1 — max P(c| xy), (6)
where
1 Ntree
Pe|xy) = 1hi(xy) =¢]. ()
Ntree i=1

Each active-learning round sends the ¢ = 64 most
uncertain accounts for human review, concentrat-
ing effort on borderline cases such as accounts that
mix political messaging with individual-like en-
gagement.

Training follows a curriculum in which difficulty,
measured by uncertainty, increases progressively.
The model begins on accounts with uncertainty
below 0.3 and advances to higher thresholds (0.5,
0.7, 1.0) as validation accuracy exceeds 0.85 at
each stage. High-confidence predictions above 0.9
are stored as pseudo-labels and incorporated into
subsequent training rounds, further reducing an-
notation requirements while maintaining accuracy
above 0.85.

The resulting account labels re-enter the pipeline
as the role filter a,qe of Eq. (1). A candidate pair
from Stage 1 is forwarded to Stage 3 only if at
least one of its two accounts is labeled fake or
troll or organizational; pairs whose members are
both labeled political or individual are discarded
here. This filter removes pairs of ordinary users
whose activity happens to be temporally aligned,
and it is the only channel through which account-
level classification affects the final coordination
decision.

4.3 Stage 3: Adaptive Causal Validator

Stage 3 receives the filtered candidate set S12 and
decides which of its pairs survive as validated co-
ordination links. Fixed significance thresholds and
universal estimator choices perform poorly when
datasets differ in size, treatment prevalence, or tem-
poral dynamics, so Stage 3 adapts both from histor-
ical detection experience.

Let Hp denote the set of past detection cases
retrieved for dataset D using coarse dataset-level
features (sample size, treatment ratio, temporal cov-
erage). Given baseline cutoff .5 € R and sen-
sitivity parameter x € R™T, the dataset-specific
threshold of (8) is

eadapt (D) - ebase : eXP(’i . SI(D))) (8)

where K = 0.2 and sr(D) =
> henp Prec(h)/[Hp| is the mean histori-
cal precision over retrieved cases. We set
Opase = 0.40, stricter than the Stage 1 cutoff
Pmin = 0.25, 50 Oaqapy € [0.40,0.49] and Stage
3 can only remove pairs that Stage 1 admitted.
Contexts with reliable detection history thus
receive a stricter final cutoff, while difficult
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contexts keep the threshold near its baseline and
send more candidates to the refutation tests.

Candidate estimators, including Generalized
Synthetic Control, CausalForestDML, and GAN-
ITE, are ranked by the weighted objective of (9),
with (81, B2, 83 € RT:

ss(j(mniln) + B2 prec(m) + B3 rec(m),
9

with (81, B2, 83) = (0.4,0.3,0.3), where se(m) is
the standard error of the causal effect estimates
from estimator m and sepi, = min,, se(m’). The
ratio places all three terms on the same (0, 1] scale.
Top-scoring estimators produce conditional aver-
age treatment effects for covariate vector X¢oy:

score(m) = [

0(Xcov) = E[ Yy (1) = Y4 (0) | X = Xcov ], (10)
where Y, (1) and Y, (0) are the potential outcomes
of v’s activity under 7,, = 1 and T,, = 0, with
95% confidence intervals § & 1.96 se(8). Only
effects significant at p < 0.05 whose intervals
overlap across multiple high-scoring estimators are
retained, and automated refutation tests (placebo
treatment assignment, random subsetting, temporal
holdout) flag any that prove inconsistent.

5 Experiments

We evaluate whether ACCD improves pair-level de-
tection, reduces annotation, recovers causal struc-
ture under confounding, and remains useful as co-
ordination tactics drift.

5.1 Experimental Settings

Twitter IRA. The release of Linvill and Warren
(2020) contains 2.9 million tweets published by ac-
counts attributed to the Internet Research Agency.
We sampled 472 of these accounts as the coordi-
nated class. Because the release contains no au-
thentic accounts, we assembled a control set of
2,360 accounts that posted under the same political
hashtags over the same period, January 2015 to
December 2017, and that appear on no published
influence-operation list; this control set contributed
2,184,673 tweets. The evaluation pool thus held
2,832 accounts at a 1:5 coordinated-to-authentic
ratio.

Pair construction. Following Section 3.1, we di-
vided the observation period into non-overlapping
24-hour windows (|| = 24 h) and retained a win-
dow when at least two accounts posted nyin, = 6
or more times inside it, giving 368 usable windows.

Algorithm 1 Adaptive Coordinated Attack Detec-
tion

Require: Accounts U = {us,...,un} with timestamp se-
quences 7, profiles P,, window W
Ensure: Validated coordination pairs P
1: Init long-term parameter memory Myt
2: // Stage 1: Adaptive Causal Detection

3: Extract context bucket: b < (n,B,H) // density,
burstiness, homogeneity
4: Select params: (E*, ) —

arg maxp . [Aprecyi (B, 7,b) + (1=X)e #"use]
5: Cluster accounts by temporal statistics: clusters <
Agglom({(Xu, 0%, Bu, Hu)}, K)
6: Build embeddings: e, (t) € R”" via rolling buffer with
(E* )
7: Compute CCM within clusters: S1 +  {(u,v)
influence(u, v) > pmin}  / pmin = 0.25
8: // Stage 2: Semi-Supervised Classification
9: Extract features: x,, € R // frequency, retweets, hash-
tags, sentiment, timing
10: Uncertainty: unc(x,) = 1 — max. P(c | x4)
11: Query labels: cand < TopK(unc(x.), q)
12: Train: Sa — {(u,r(u))} —
Classify (x4, labels, curriculum)
13: Update pseudo-labels for high-confidence predictions
14: Role filter: S12 < {(u,v) € Sy : r(u) € RV r(v) €
R} M/ r(-) from S,
15: // Stage 3: Adaptive Causal Validation
16: Threshold: Oadapt < Obase - exp(k sr(D))
17: Score: score(m) <« [31 Semin / se(m) + B2 prec(m) +
B3 rec(m)
18: for each (u,v) € S12 do
19:  Estimate: §(Xcov) — E[Y,(1)=Y,(0) | X=Xcov),
CI + 8:|: 20.025 S€
20:  Refutation: placebo, subsetting, temporal holdout
21: end for )
22: P+ {(u,v,0,CI) € Si2 : influence(u, v) > Oadapt A
valid(u, v)}
23: return P

Within each retained window, candidate pairs were
drawn from the hierarchical clusters of Section 4.1
plus a small random sample of cross-cluster pairs.
This produced 220,800 candidate pairs, of which
9,600 were positive, meaning both members were
IRA-attributed and co-active in the same window,
and 211,200 were negative, meaning at least one
member was authentic. The resulting positive-to-
negative ratio is 1:22. Because campaign attribu-
tion is available only at the account level, positive
pairs represent joint campaign membership rather
than verified direct links; we return to this proxy in
the Limitations section.

Reddit. Pushshift (Baumgartner et al., 2020) is
a raw archive rather than a labeled coordination
benchmark, so we constructed the labels ourselves.
We selected 12 subreddits that were targets of pub-
licly documented brigading episodes between June
2016 and June 2017 and collected 1,176,392 com-
ments from 1,648 accounts active in them. An
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account was labeled coordinated when it took part
in a documented episode and that participation
survived manual verification against the episode
record, which gave 284 coordinated accounts and
1,364 authentic ones. Windowing, clustering, and
pair construction followed the Twitter procedure
without modification.

Implementation. We implemented ACCD in
PyTorch 2.0.0 and scikit-learn 1.3.0, trained on
NVIDIA A100 GPUs for 100 epochs with batch
size 64, learning rate 0.001, and CosineAnnealing-
WarmRestarts scheduling. In Stage 3, the treatment
threshold is o = 2.0 times an account’s own base-
line posting rate, the outcome lag is A = 3 h, and
Xcov has nine dimensions. Evaluation used strati-
fied 5-fold cross-validation; folds are split by win-
dow so that no window contributes to both training
and test, which prevents temporal leakage between
pairs drawn from the same burst of activity.

Baselines. We compared against methods from
three categories, all evaluated on the identical can-
didate pair set and the same folds. For causal de-
tection, we used standard CCM (Sugihara et al.,
2012) with fixed parameters (£ = 3, 7 = 1h,
Pmin = 0.3, the recommended configuration from
the original paper) and a Pearson correlation base-
line to assess the value of causal over correlational
detection. For network-based detection, we used
LCN+HCC (Pacheco et al., 2021), which builds
coordination graphs from co-retweet, co-tweet, and
co-mention patterns. For temporal modeling, we in-
cluded AMDN-HAGE (Sharma et al., 2021), which
jointly models individual activities and latent group
behaviors using temporal point processes. Meth-
ods that natively output account-level scores are
converted to pair-level predictions by scoring a pair
positive when both members are flagged.

Metrics. Precision, recall, and F1 are com-
puted over candidate pairs with the coordinated
class as positive, on held-out test folds. Stage 2
performance is reported separately as four-class
account-level accuracy. Labeling reduction mea-
sures the percentage decrease in manually anno-
tated accounts relative to a fully supervised base-
line: (1 — nlabeled/Ntrain> x 100%.

5.2 Main Results

Detection performance. Table 1 shows that
ACCD reaches 87.3% F1 on Twitter IRA, 11.5
points above CCM (75.8%), with 85.6% precision
and 89.2% recall. On Reddit it reaches 84.7% F1
versus 71.2% for correlation.

=—{1— Naive CCM —0O— ACCD

Detection time (s)
=
(=)

500 1000 2000 4000 8000

Number of users

Figure 3: Detection time versus number of accounts.
The log-log slope is 1.41 (R? = 0.988), consistent with
O(N14).

Table 1: Pair-level detection performance on held-out
folds. Subscripts are standard deviations over 5 folds;
bold marks the best result. IRA = Twitter IRA; Reddit
= Pushshift traces.

Method | Prec. Rec. F1 | Time
Twitter IRA dataset

CCM (Sugihara et al., 2012) 72.1x14 79.8+16 75.8+15 | 181.3m
Correlation 69.3+17  78.1+18  73.5+16 | 122.5m
LCN+HCC (Pacheco et al., 2021) T4.5+12 76.2+14 753+13 | 96.7m
AMDN-HAGE (Sharma et al., 2021) | 68.9+10 82.4+12 75.1+11 | 211.4m
ACCD (Ours) 85.6:06 89.2:10s 87.3x07 72m
Reddit coordination traces

Correlation 68.4+19 743121 T1.2+20 | 98.4m
ACCD (Ours) 82.1+09 87.6+11 84.7+10 61m

Table 2: Computational efficiency. Speed is relative to
exhaustive CCM; Pair Ret. is the share of CCM-detected
coordinated pairs retained after clustering (coverage, not
classification accuracy).

Method ‘ Iter. Mem. Speed Pair Ret.
CCM (Sugiharaetal., 2012) | 65ep 82G  1.0x 100%
Fixed Param. 58ep 79G 1.1x 98.3%
ACCD |40ep 455G  2.8x  96.7%

Labeling efficiency. Annotation is requested
at the account level, since Stage 2 labels accounts
rather than pairs. With a 70/30 split of the 2,832-
account pool, a fully supervised approach would
label all 1,982 training accounts; ACCD’s active-
learning module reached equivalent accuracy using
only 628 labeled accounts, a reduction of 68.3%.

Computational efficiency. Table 2 and Fig-
ure 3 show a 2.8 x average speedup over exhaustive
CCM while retaining 96.7% of its detected coor-
dinated pairs. At N = 2,832, the end-to-end gain
is 2.5x. ACCD converged in 40 versus 65 itera-
tions and used 4.5 versus 8.2 GB. Runtime over
N € [500,8000] has slope 1.41 (R?> = 0.988),
consistent with O(N14).
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Table 3: Causal-edge recovery AUC on synthetic data;
bold marks the best result.

Method | Low noise  High noise + conf.
Pearson Corr. 0.708 0.586
Fixed CCM 0.842 0.732
ACCD (Ours) | 0.934 0.861

5.3 Synthetic Causal Recovery

Synthetic series use known directed links, a la-
tent leader for coordinated accounts, and a shared
trending confounder. Table 3 shows ACCD at
0.934 AUC under low noise and 0.861 under strong
confounding, while Pearson correlation falls from
0.708 to 0.586.

5.4 Ablation Study

The full model achieved 87.3% pair-level F1 and
88.9% Stage-2 account accuracy. Removing adap-
tive parameters reduced pair-level F1 by 8.2 points;
removing active learning reduced Stage-2 accu-
racy by 5.4 points; removing adaptive validation
reduced out-of-distribution generalization by 3.7
points. These quantities are not additive.

Adaptive parameters matter because bursty cam-
paigns favor short embeddings (E = 2), whereas
slower operations favor longer ones (£ = 5). Un-
der the IRA pool’s 5:1 account imbalance, uncer-
tainty sampling focuses labels on minority coor-
dinated accounts. Adaptive validation mainly im-
proves transfer beyond the training distribution.

5.5 Concept Drift and Retraining Cadence

With memory and Stage 2 frozen after training on
the first six IRA months, temporal extrapolation
reduced pair-level F1 by 1.6, 5.1, and 11.2 points
after one, three, and six months. Updating the
memory and classifier on newly labeled uncertain
accounts took 9.4 minutes versus a 72-minute de-
tection run. A six-week cadence therefore keeps
degradation near two F1 points; faster-changing
deployments can update more often.

6 Conclusion

ACCD combines context-adaptive CCM, active-
learning role filtering, and experience-driven causal
validation in a sequential pipeline. It reaches 87.3%
pair-level F1 on Twitter IRA and 84.7% on Red-
dit, reduces labeling by 68.3%, and gives a 2.5
end-to-end speedup with empirical O(N ') scal-
ing. Synthetic recovery reaches 0.934 AUC and

remains 0.861 under strong confounding, support-
ing context-adaptive causal inference for practical
coordination screening.

7 Limitations

Computational cost. Despite the O(N'4) re-
duction achieved through hierarchical clustering,
CCM-based causal analysis remains more expen-
sive than simple correlation heuristics. Deploy-
ments at the scale of millions of accounts may re-
quire additional approximations to maintain practi-
cal response times.

Cold start. The memory-guided mechanism re-
quires historical detection experience to function
well. For entirely novel coordination patterns with-
out analogous precedents, the system falls back
to default parameters and may underperform un-
til sufficient experience accumulates. The explo-
ration term in the parameter selection objective
partially mitigates this, but initial detection of un-
precedented attack patterns remains difficult.

Pseudo-label bias. High-confidence predic-
tions above 0.9 are incorporated as pseudo-labels
in subsequent training rounds. If the model ini-
tially misclassifies a coordinated account with high
confidence, this error can propagate through self-
training. Periodic re-evaluation of pseudo-labels
and confidence calibration reduce but do not elimi-
nate this risk.

Pair-level label proxy. Positive pairs are de-
fined as two accounts attributed to the same con-
firmed campaign and co-active in the same window.
Campaign membership does not establish that two
specific accounts influenced each other directly, so
some positive pairs may reflect parallel rather than
mutual coordination. This proxy is the strongest
label available for public influence-operation re-
leases, but it means reported precision is measured
against campaign attribution rather than against ver-
ified pairwise links. The Reddit labels, built from
documented brigading episodes with manual verifi-
cation, carry the same caveat at a smaller scale.

Role filter dependence. The final decision re-
quires at least one member of a pair to receive a
campaign-plausible Stage 2 label. Coordination
conducted entirely through accounts that appear
political or individual would be filtered out before
causal validation, trading recall for fewer false pos-
itives among ordinary users.

Adversarial adaptation. Sophisticated actors
who become aware of the detection mechanism
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may adapt their coordination patterns to evade it.
While the memory-guided system can update from
new patterns over time, deliberate evasion target-
ing known detection signatures remains an open
research problem.

8 Ethical and societal implications

Positive impact. By reducing manual annotation
by 68.3% and cutting end-to-end detection time by
2.5x, ACCD lowers the barrier for civil-society
organizations, academic researchers, and platform
trust-and-safety teams to identify influence opera-
tions at scale, directly supporting the protection of
democratic discourse and election integrity. More
broadly, ACCD’s outputs, which include flagged
coordination pairs with causal effect estimates and
confidence intervals, can serve as quantitative in-
struments for measuring the scale and intensity of
coordinated inauthentic behavior, contributing to
the broader goal of evaluating AI’s social impact.

False positive risks. Automated coordination
detection carries inherent risks of falsely flagging
legitimate collective action, including grassroots
movements, fan communities, or activist networks
that exhibit coordination-like patterns for authentic
purposes. We recommend that ACCD be used as
a screening tool, with human review of flagged ac-
counts before any enforcement action, particularly
in politically sensitive contexts.

Dual-use concerns. Coordination detection tech-
nology could be misused to suppress legitimate
dissent or target specific communities. We advo-
cate for transparency in deployment, clear appeal
mechanisms for affected users, and independent
auditing of detection systems to prevent misuse.
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