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Abstract

Most intrinsic association probes operate at the word, sen-
tence, or corpus level, obscuring author-level variation. We
present POLAR (Per-user On-axis Lexical Association Re-
port), a per-user lexical association test that runs in the
embedding space of a lightly adapted masked language
model. Authors are represented by private deterministic to-
kens; POLAR projects these vectors onto curated lexical axes
and reports standardized effects with permutation p-values
and Benjamini–Hochberg control. On a balanced bot–human
Twitter benchmark, POLAR cleanly separates LLM-driven
bots from organic accounts; on an extremist forum, it quan-
tifies strong alignment with slur lexicons and reveals right-
ward drift over time. The method is modular to new attribute
sets and provides concise, per-author diagnostics for compu-
tational social science.

Code — https://github.com/pedroaugtb/POLAR

Introduction
Measuring social associations in language technologies is
often approached through intrinsic probes that quantify how
strongly words relate to semantic categories in embed-
ding spaces. Among such probes, association tests inspired
by psychological instruments have become widely used to
study how distributional representations encode stereotypes
and domain semantics across tasks and models (Sun et al.
2019; Gonen and Goldberg 2019; Kurita et al. 2019). These
tests provide a compact, model-agnostic signal, by pro-
jecting embeddings onto interpretable lexical axes and ask
whether observed differences are larger than expected under
exchangeable labelings of the attribute sets.

At the same time, user embeddings have surged in promi-
nence across machine learning subfields. In recommender
systems, neural collaborative filtering represents each per-
son with a learned vector that captures stable preferences
(He et al. 2017). In networked settings, node-embedding
methods such as DeepWalk, node2vec, and GraphSAGE
map users to points in a geometry that preserves so-
cial neighborhoods and behavioral regularities (Perozzi,
Al-Rfou, and Skiena 2014; Grover and Leskovec 2016;
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Hamilton, Ying, and Leskovec 2017). In dialogue, persona-
conditioned models leverage profile representations to steer
generation style and content (Zhang et al. 2018). Across
these lines, a shared intuition emerges: low-dimensional user
vectors act as condensed, reusable summaries of a person’s
linguistic habits, social position, and topical affinities.

Despite the ubiquity of intrinsic association tests and user-
level embeddings, there is still no methodology that directly
applies association testing to individual user vectors. Exist-
ing intrinsic probes overwhelmingly target words, sentences,
or a single shared model space (Sun et al. 2019; Kurita et al.
2019), so author-level associations are typically accessed
only indirectly, via task-specific classifiers or by aggregat-
ing users into group summaries. This is limiting for com-
putational social science: aggregation can obscure within-
group heterogeneity, and in extreme cases even reverse or
cancel effects that are consistently present at the individual
level (the ecological fallacy) (Robinson 1950). For instance,
a corpus might exhibit a strong average association between
“immigrants” and “crime” while actually mixing users who
consistently use neutral or humanizing language with others
who repeatedly deploy slurs; a single aggregate score cannot
distinguish these trajectories.

Concretely, common “aggregate-probe” strategies col-
lapse many authors into one representation, for exam-
ple, computing a corpus-level WEAT/SEAT score in a
shared embedding space, averaging sentence-level associa-
tion scores across all posts, or pooling representations such
as mean [CLS] over the dataset. These summaries answer
a different question: they characterize the average associa-
tion of the corpus, not the distribution of associations across
authors (Wakefield and Lyons 2010). POLAR instead treats
each author as the unit of analysis, producing per-user ef-
fect sizes s(u;A,B) that retain heterogeneity and can reveal
whether an association is widespread, concentrated in a mi-
nority, or shifting over a user’s posting history.

This gap motivates a method that treats each user vector
as a first-class object for calibrated association testing. We
propose POLAR, a per-user lexical association test that op-
erates in the same embedding space as the language model.
Concretely, we hash each author to a private token, lightly
adapt a masked language model so that the token’s vector
summarizes that author’s linguistic context, and then com-
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Figure 1: Overview of POLAR, which first learns user vectors via masked language modeling with injected tokens (Phase 1),
then computes association scores through cosine similarity and permutation testing against lexical attribute sets (Phase 2).

pute standardized effect sizes by projecting the user vector
onto curated semantic axes (e.g., X vs. Y) with Monte Carlo
permutation p-values and false-discovery control. Because
user and lexical embeddings cohabit the same space, associ-
ations are immediately interpretable in both sign and magni-
tude, revealing not only which side of a semantic contrast a
user falls on, but also by how much, without requiring labels
or external supervision. POLAR thus enables: (i) user-token
adaptation in pretrained language models, (ii) effect-size in-
ference over lexical axes, and (iii) author-level diagnostic
applications, bridging a key methodological gap in current
probing paradigms.

We demonstrate that POLAR surfaces author-level struc-
ture that aggregate probes miss. On a balanced bot–human
Twitter corpus, POLAR recovers clear register differences
across multiple axes without using labels at training time.
On an extremist forum, POLAR quantifies strong positive
alignment with slur lexicons and reveals rightward drift as
users continue posting – an interpretable, label-free indicator
of progressive radicalization. Together, these findings show
that (i) compact user vectors capture stable lexical prefer-
ences; (ii) association testing can be cleanly adapted to the
author level; and (iii) the resulting scores provide actionable,
statistically grounded diagnostics for sociotechnical analy-
sis.

Related Work
Here we span three strands: (i) user representations and
compact conditioning that learn concise per-user vectors;
(ii) intrinsic association probes (e.g., WEAT/SEAT) applied
to words, sentences, or shared spaces; atnd (iii) author-
identified datasets on bots, toxicity, and political discourse.
These threads motivate our contribution of applying cali-
brated association testing directly to individual user embed-
dings.

User Representations in NLP and CSS
User embeddings are now a standard primitive for person-
alization and social analysis, learned from text, interactions,
or both (Pan and Ding 2019a; Kumar, Zhang, and Leskovec

2019; Cécillon et al. 2021; Pougué-Biyong et al. 2023; Ci-
nus et al. 2025). Dense user vectors have long supported per-
sonalization and social analysis, with early work learning
multiview embeddings from text, networks, and profile sig-
nals to predict behavior and demographics (Benton, Arora,
and Dredze 2016). In dialogue, persona-based models en-
code speaker embeddings to capture style and audience ef-
fects across interactions (Li et al. 2016). Beyond prediction,
user-level vectors illuminate audience effects and individ-
ual differences in community settings (Sepahpour-Fard et al.
2023). These works established that users can be represented
as stable vectors, making it possible to analyze individual
differences and audience effects in online communities.

User Profiling and Bot Detection with Embeddings
A substantial literature builds user representations from so-
cial media activity for profiling and detection tasks, includ-
ing bot identification. For example, Alekseev and Nikolenko
(2017) study word-embedding-based user profiling in online
social networks, and Heidari, Jones, and Uzuner (2020) use
deep contextualized embeddings for text-based user profil-
ing to detect social bots on Twitter. More broadly, user em-
beddings have been leveraged to separate bots from organic
accounts using learned representations of language and be-
havior. POLAR is complementary: instead of training a task-
specific classifier as the primary object, it provides per-user
association effect sizes with permutation p-values along in-
terpretable lexical axes, which can then optionally be used
as features for downstream models.

Compact Conditioning for Personalization
Recent work compresses user histories into low-dimensional
vectors or soft prompts that efficiently steer language mod-
els without concatenating long input traces (Doddapaneni
et al. 2024; Liu et al. 2025). Prompt tuning, prefix-tuning,
adapters, and low-rank adaptation all demonstrate that a
small, efficient per-user state can steer large language mod-
els (Li and Liang 2021; Lester, Al-Rfou, and Constant 2021;
Houlsby et al. 2019; Hu et al. 2021). These methods demon-
strate the practicality of compact per-user state for condi-
tioning and retrieval.
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Intrinsic Bias and Association Tests
The Word Embedding Association Test (WEAT) intro-
duced cosine-based association testing with permutation
significance for static embeddings (Caliskan, Bryson, and
Narayanan 2017). Subsequent variants extend to sentence
encoders and highlight design sensitivities (May et al. 2019;
Goldfarb-Tarrant et al. 2020). Prior work has noted that in-
trinsic bias scores can be unstable or only loosely connected
to downstream harms (Blodgett et al. 2020). These analy-
ses, however, remain largely aggregate, targeting words, sen-
tences, or model-wide shared spaces and treating the cor-
pus or model as a single unit of analysis. As a result, they
miss heterogeneity across individual authors and cannot dis-
tinguish whether a stereotype is uniformly encoded across
users or concentrated in a subset of accounts. These con-
cerns motivate complementary approaches that refine how
such probes are applied, for instance by shifting attention
from aggregate to individual-level embeddings.

In parallel, user-level embeddings are widely used for
personalization and prediction in social media, including
mental-health assessment (Amir et al. 2017), lifestyle and
motivation modeling (Islam and Goldwasser 2021), and un-
supervised stance detection in polarized settings (Rashed
et al. 2021), with broader surveys reviewing social-media-
based user embedding methods (Pan and Ding 2019b).
These approaches typically learn low-dimensional user rep-
resentations from posting histories or social graphs and
then feed them into downstream classifiers or clustering
pipelines, without quantifying calibrated associations with
specific lexical axes. POLAR bridges this gap by treating
individual user vectors as first-class targets of association
testing, yielding author-level effect sizes and p-values along
interpretable semantic frames rather than corpus-level surro-
gates.

Bots, Toxicity, and Political Discourse
The fox8-23 benchmark documents LLM-powered bot ac-
counts alongside humans (Yang and Menczer 2024), while
hate-speech corpora from extremist forums such as Storm-
front (de Gibert et al. 2018) provide author-identified data on
hostile language. Beyond NLP, social science studies have
documented how exposure and community norms shape po-
larization and radicalization (Bail et al. 2018; Matias 2019).
Hate/toxicity corpora with author identifiers provide a com-
plementary lens on hostile language and community norms,
while political-discourse datasets capture stance and polar-
ization in the wild. Together they stress-test whether PO-
LAR captures domain-general signals or domain-specific
structure.

Despite advances in user embeddings, compact personal-
ization, and intrinsic bias probes, no prior work has system-
atically adapted association testing to the level of individual
users. Existing approaches remain focused on words, sen-
tences, or aggregated representations, overlooking how as-
sociations may vary across individual authors. To our knowl-
edge, this leaves an actionable gap: a method that treats
user embeddings as first-class targets of calibrated associ-
ation testing, yielding interpretable, statistically grounded,
per-user scores rather than aggregate surrogates.

Methodology
We introduce POLAR: a per-user lexical association test
run directly in the embedding space of a masked-language
model (MLM). The pipeline has two phases. First, we obtain
a compact vector for each user by inserting a private, deter-
ministic user token into their posts and lightly adapting the
MLM so that the token vector summarizes that user’s typical
linguistic context. Second, holding the model fixed, we com-
pare each user vector to curated attribute word/phrase sets
(e.g., gun safety vs. gun rights) and compute standardized,
permutation-tested effect sizes with false-discovery control,
as illustrated in Figure 1.

Attribute-Set Construction and Documentation
Attribute pairs (A,B) define the semantic axes probed
by POLAR, so their construction is part of the method
rather than an afterthought. We build these sets by com-
bining resources from prior association-test work (e.g.,
WEAT/SEAT-style lists) with domain knowledge and
platform-specific lexicons (such as bot-disclaimer phrases or
slur/jargon lists used in hate-speech research), and we apply
simple sanity checks to keep the resulting axes interpretable
and stable. In practice, we balance list sizes when possi-
ble, favor high-frequency lexical items and short phrases
to reduce tokenization drop-out, remove near-duplicates and
overly ambiguous items, and record per-(user, pair) coverage
statistics indicating how many attributes survive tokeniza-
tion.

Data Construction and User Tokens
Let D = {(ui, xi)}Ni=1 denote posts xi authored by users ui.
Each user u is mapped to a deterministic token

tu = usr∥SHA1(u)[:10],

added to the tokenizer vocabulary and prepended to every
post: x̃i = (tui

∥xi). We lowercase, apply wordpiece to-
kenization (BERT-base-uncased by default), discard users
with fewer than two posts, and optionally cap per-epoch
posts per user to curb dominance by prolific accounts.

Training sketch Starting from bert-base-uncased,
we resize the input embedding matrix E ∈ RV ′×d to include
the user tokens. Batches are balanced across users. We op-
timize the standard masked-LM loss with user-aware mask-
ing (higher mask probability on the user token) and a small
alignment term that nudges the user vector E[tu] toward the
average representation of the post’s non-user tokens. A short
freeze–then–unfreeze schedule stabilizes user token learn-
ing; all hyperparameters are documented in the Appendix.

POLAR in the Learned Space
After training, each user u is represented by the row-
normalized embedding

êu =
E[tu]

∥E[tu]∥2
∈ Rd.

Attributes are specified as two finite sets (A,B) of lexical
items, each item being either a unigram or a phrase. We map
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any item w to an embedding by averaging its wordpiece vec-
tors under the trained tokenizer and then ℓ2-normalizing; de-
note this map by ϕ : vocab → Rd. Stack the resulting unit
vectors into matrices

A =

ϕ(a1)
⊤

· · ·
ϕ(am)⊤

 ∈ Rm×d, B =

ϕ(b1)⊤· · ·
ϕ(bn)

⊤

 ∈ Rn×d.

Statistic. POLAR follows the geometry of the original
WEAT statistic, adapted to the user-embedding setting. For
a given user u, we measure cosine similarities

dA = A êu ∈ Rm,

dB = B êu ∈ Rn,

dall =

[
dA
dB

]
∈ Rm+n.

and define the standardized effect size

s(u;A,B) =
mean(dA)−mean(dB)

sd(dall)
. (1)

The numerator can be written (ā − b̄) · êu, where ā =
1
m

∑m
i=1 ϕ(ai) and b̄ = 1

n

∑n
j=1 ϕ(bj); thus s is a pro-

jection of the user vector onto the semantic axis ā −
b̄ rescaled by the empirical dispersion of all similarities
for that user–pair. Standardization yields a unitless, scale-
stable quantity that is comparable across pairs with different
(m,n) and internal variability.

Null, p-value, and exchangeability. The null hypothesis
states that user u exhibits no differential association with
A versus B. Under this null, labels on the m+n entries of
dall are exchangeable. We estimate a two-sided p-value by
Monte Carlo permutation with M random re-labelings (de-
fault M=2000). Writing sobs for the observed statistic and
s(k) for the statistic at permutation k, the estimate

p̂ =
1 +

∑M
k=1 I

(
|s(k)| ≥ |sobs|

)
1 +M

uses add-one smoothing to avoid zero p-values under finite
M and to bound the Monte Carlo error. This test requires
no distributional assumptions beyond exchangeability and
remains valid for small lists as long as m,n > 0.

Multiplicity Control. Because each attribute pair is tested
across many users, we control the expected false discovery
proportion per pair via the Benjamini–Hochberg procedure
at level α=0.05, applied to the vector of permutation p-
values {p̂(u;A,B)}u. Reporting both the raw statistic s and
the FDR-adjusted decision enables effect-size interpretation
alongside inferential guarantees.

Interpretability and Benefits. Two properties make PO-
LAR particularly useful for computational social science.
First, user vectors and lexical items occupy the same em-
bedding geometry; the sign of s encodes direction along a
named semantic axis, while its magnitude captures graded
alignment. Analysts may therefore read results as which side
of a frame a user aligns with, and by how much, without
training auxiliary classifiers. Second, inference is modular:
adding or revising attribute sets does not alter the estimation
or testing machinery, and phrase-level attributes are han-
dled natively via subword averaging. In practice, we accom-
pany per-user scores with basic diagnostics: realized cover-
age (how many attributes survived tokenization for a pair
and user), a separability sanity check via cos(ā, b̄), and ex-
plicit flagging of degenerate cases where sd(dall) = 0.

Evaluation Protocol and Baselines
We evaluate discriminative performance on the fox8–23
bot–human benchmark using a one-layer logistic regression
model trained on four distinct, label-agnostic feature sets.
These include: (i) POLAR axes – per-user association scores
s(u;A,B) computed with labels held out; (ii) Mean CLS –
the mean pooled [CLS] embedding of a user’s posts, reduced
via PCA to 64 dimensions; (iii) Aggregated Sentence WEAT
– post-level s(x) scores using the same attribute sets as PO-
LAR, averaged across posts per user; and (iv) Detox/Bot-
speak proxies – average toxicity scores and simple behavior
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Figure 3: Box-and-swarm plots of per-user POLAR scores s(u;A,B) (y-axis; Eq. 1) for humans and bots across four lexical
axes. Points are individual users; boxplots summarize median and interquartile range.

indicators such as URL, hashtag, mention, and call-to-action
rates.

To avoid label leakage, we apply stratified 5-fold cross-
validation. For (i), we select the top-k axes within each
training fold by ranking them via univariate AUROC. Lo-
gistic regression is then trained on those selected axes and
evaluated on the held-out fold. We report out-of-fold (OOF)
metrics, including AUROC with 95% confidence intervals
from 2,000 bootstrap resamples, as well as PR–AUC and
Brier score. Paired bootstrap tests on OOF predictions assess
whether increasing the number of axes (e.g., k = 2, 3, 4) sig-
nificantly improves performance over k = 1. All POLAR
computations – including axis statistics and permutations –
remain fully unsupervised; only the logistic regression clas-
sifier is trained with labels.

Alongside discrimination, we report expected calibration
error (ECE), computed on out-of-fold (OOF) probabilities
with 10 equal-width bins unless stated otherwise. ECE sum-
marises the average gap between predicted confidence and
empirical accuracy across bins; lower is better. We include
ECE to show that the probabilities derived from single-axis
POLAR scores can be used as risk-aware signals, not just
for ranking.

Reproducibility
We fix stochastic seeds, store paths and hyperparameters
in meta.json, and save the exact tokenizer (including
user tokens). Unless noted otherwise, defaults are: sequence
length 128, batch size 128, learning rate 5×10−5, 4 epochs,
warm-up ratio 0.03, gradient clip 1.0, user-mask probability
0.30, MLM mask 0.15, alignment weight 0.2, and M=2000
permutations. Mixed precision (bf16 when available, else
fp16) is used automatically. Full training details are provided
in the Appendix; the inference described above is unchanged
by those choices.

Datasets
We evaluate POLAR on two corpora with user identifiers
but distinct sociolinguistic regimes: (i) a balanced Twitter
benchmark of LLM-powered bots and humans, used as a
“vanilla” test of whether per-user lexical associations cap-
ture broad register differences; and (ii) a white-supremacist
forum corpus with sentence-level hate labels, used to probe

users’ stance and association with sensitive targets and pol-
icy frames.

Bot–Human Twitter Benchmark (fox8–23)
The fox8–23 collection comprises recent tweets from 1,140
accounts identified as AI-powered social bots and 1,140 hu-
man accounts, yielding a balanced bot–human sample at
the user level. Accounts were discovered and validated in
a study of an LLM-driven botnet; the release provides tweet
timelines for both groups.1

What we test with POLAR. This corpus serves as a san-
ity check that POLAR detects coarse stylistic divergences
without supervision. We instantiate attribute pairs that con-
trast LLM-style “bot speak” against ordinary conversational
language – e.g., apology/safety disclaimers and instructional
scaffolding (“I apologize”, “as an AI. . . ”, “let’s break
this down”) versus colloquial, experiential, and interactional
markers (“I think/feel”, “lol”, “gonna”, “in my experi-
ence”). The hypothesis is that bots align more strongly with
the former and humans with the latter; POLAR operational-
izes this as a per-user standardized effect s(u) along each
lexical axis with permutation p-values and BH–FDR con-
trol.

Stormfront White-Supremacist Forum
The Stormfront dataset contains 10,568 English sentences
extracted from posts published between 2002 and 2017 on a
white-supremacist forum. Sentences were annotated at sen-
tence granularity (HATE vs. NOHATE, plus auxiliary la-
bels) under detailed guidelines; crucially for our purposes,
the release includes per-sentence user identifiers, post po-
sitions, and subforum metadata, enabling reconstruction of
user histories while shielding the original source via place-
holder IDs.

What we test with POLAR. Here we use POLAR to
quantify each user’s lexical alignment with sensitive top-
ics and targets. Attribute pairs trace ideologically loaded
frames and target-group semantics, contrasting derogatory

1We treat any dataset-provided account identifier as a user
key for tokenization; raw screen names are never emitted by our
pipeline.
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or securitizing lexicons (e.g., outgroup slurs; “invasion”,
“criminal aliens”) against neutral or humanizing counter-
parts (e.g., group self-references; “immigrants”, “refugees”,
“equal rights”). Additional pairs cover policy frames fre-
quently debated in such forums (immigration enforcement
vs. reform, religious intolerance vs. freedom, gendered dero-
gation vs. gender equality). POLAR yields per-user effect
sizes and significance flags, surfacing heterogeneity within
the community (users with strong positive/negative align-
ment on different axes) beyond aggregate hate/no-hate rates.

Preprocessing and inclusion. Across both corpora we
lowercase, tokenize with the trained wordpiece model, and
retain users with at least two posts (or sentences) to ensure
stable vectors; each user is mapped to a deterministic hashed
token and raw text is not required during testing.

Results
This section quantifies how POLAR surfaces meaningful
linguistic variation at the author level. We first use the fox8–
23 bot–human benchmark to verify that our method detects
coarse stylistic divergences when the underlying language
models differ sharply (LLM-generated vs. organic tweets).
We then turn to Stormfront to probe ideological alignment
and radicalisation. Unless noted, figures show standardized
effect sizes s(u;A,B) (Eq. 1) after Benjamini–Hochberg
correction, with each dot representing a single user.

Bot–Human Baseline
Figure 2 projects each user into the first two principal
components of the four-dimensional POLAR score space.2
Users with similar association profiles concentrate near cat-
egory centroids (black ×), suggesting that frames such as
Promo/CTA or Toxicity capture stable register preferences.
Clusters are elongated and overlapping: many accounts mix
registers, and a non-trivial share of humans lie near bot-
dominated regions along PC1, reflecting topic drift and short
timelines.

To quantify separability, we train out-of-fold (OOF) lo-
gistic regressions on POLAR scores in two complemen-
tary ways: (i) one score at a time to assess the infor-
mativeness of individual axes (Table 1), and (ii) a com-
pact top-k model that selects axes within each training
fold to test whether combining them helps (Table 2). On
the single-axis setting (users N=2,277), Scam/Finance vs.
Daily Life and Newswire vs. Personal Experience each ex-
ceed AUROC 0.95, with strong PR–AUC and good proba-
bility quality (low Brier; moderate ECE), while Promo/CTA
vs. Hedges remains informative and Toxicity vs. Civility
is clearly weaker – consistent with style and topical fram-
ing, not generic toxicity, driving the bot signal. The attribute
anchor sets themselves are well separated in embedding
space (cosine between positive/negative centroids 0.74–0.86
across axes), supporting construct validity of the frames.

A complementary view of raw score distributions appears
in Figure 3: four box-and-beeswarm panels (one per axis)

2Colours encode the user’s dominant category, i.e., the category
where |s| is largest.

Axis AUROC PR–AUC Brier ECE
SCAM/FINANCE 0.961 0.973 0.061 0.073
NEWSWIRE 0.950 0.962 0.087 0.108
PROMO/CTA 0.915 0.930 0.116 0.068
TOXICITY 0.868 0.878 0.145 0.054

Table 1: Single-axis OOF performance on fox8–23 (one LR
on each POLAR score). Best two AUROC in bold.

Features (axes) AUROC [95% CI] PR–AUC Brier
POLAR (k=1) 0.961 [0.952, 0.970] 0.911 0.060
POLAR (k=2) 0.960 [0.951, 0.969] 0.913 0.061
POLAR (k=3) 0.961 [0.952, 0.970] 0.918 0.060
POLAR (k=4) 0.961 [0.952, 0.970] 0.918 0.060

Table 2: OOF performance on fox8–23 using a 1-layer lo-
gistic regression fed only with POLAR axis scores. AUROC
CIs from 2,000 bootstrap resamples.

where humans (blue circles) and bots (red triangles) form
two clouds with medians differing by more than one pooled
standard deviation on every axis, and whiskers that rarely
overlap – making the separation visually apparent.

Finally, the top-k OOF model (Table 2) shows that
adding axes beyond k=1 yields negligible differences:
AUROC/PR–AUC remain essentially unchanged and cali-
bration hardly improves. Paired bootstrap comparisons ver-
sus k=1 are not significant after Benjamini–Hochberg cor-
rection. Overall calibration is reasonable (ECE ≤ 0.108),
with Scam/Finance offering the best Brier (0.061).

Note the k=1 model reselects the top axis within each
training fold by AUROC; consequently, its fold-varying
choice can yield lower aggregate PR–AUC than the best
fixed single-axis model in Table 1.

These results validate POLAR on a setting where lin-
guistic differences are stark: without supervision, it exposes
author-level effect sizes aligned with intuitive category se-
mantics and yields diagnostic plots that make the separation
visible.

White-Supremacist Forum
Figure 4 summarises POLAR scores for seven semantic axes
in the Stormfront corpus (N=2,082). All slur-based cate-
gories – Racial, Gender, LGBTQ, and Incel jargon – clus-
ter on the positive side, with means of 1.33, 1.32, 0.71,
and 1.24, respectively; Violence shows a moderate positive
mean (0.26), and Sentiment is negative (−0.79). The corre-
sponding anchor centroids are also strongly separated (co-
sine 0.78–0.87 across axes), indicating coherent attribute
sets. Thus, in a community with an overt ideological lean-
ing, POLAR pinpoints that bias numerically and visually,
expliciting that the users embeddings sit closer to hateful or
derogatory lexicons than to their neutral counterparts across
every sensitive dimension we probe.

Because the forum lacks user-level gold labels, we re-
port descriptive statistics for each axis: the mean stan-
dardized effect s across users and the fraction signifi-
cant after Benjamini–Hochberg at α=0.05. Slur/jargon axes
show large positive means with near-universal significance,
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Figure 4: Stormfront per-user POLAR associations on sensi-
tive targets and policy frames.

while generic Toxicity and Violence exhibit small or non-
significant shifts (Table 3), indicating that domain-specific
lexicons – not blanket hostility – drive the embedding signal
here.

Figure 5 illustrates how selected users’ POLAR scores
change as their posting histories grow. For each highlighted
author, we recompute a cumulative association score after
the t-th post, denoted st(u;A,B), using all posts observed
up to index t. Each panel plots these cumulative scores on
the x-axis (labeled “WEAT score” for historical continuity
with prior association-test literature), while the y-axis is an
uninformative jitter used only to reduce overlap and make
individual steps visible. Colored markers correspond to suc-
cessive posting steps (numbers indicate t), and connecting
lines are drawn solely to guide the eye through the temporal
order.

The highlighted trajectories drift steadily rightward across
all four axes, indicating that continued participation is as-
sociated with increasing alignment between user embed-
dings and the slur lexicons. This pattern is observational
(not causal) but consistent with progressive radicalization
signals accumulating in users’ text histories. Because PO-

Axis Mean s Sig. BH
RACIAL SLURS VS. NEUTRAL 1.332 1.00
GENDER SLURS VS. RESPECT 1.320 1.00
INCEL JARGON VS. RELATIONSHIPS 1.232 1.00
LGBTQ SLURS VS. NEUTRAL 0.707 1.00
VIOLENCE VS. PEACE 0.258 0.00
TOXICITY VS. CIVILITY 0.033 0.00
SENTIMENT (NEG. VS. POS.) −0.784 1.00

Table 3: Stormfront: axis-level descriptives. Sig. BH is the
share of users significant after BH–FDR at α=0.05 for that
axis.

LAR is lightweight, label-free, and recomputable after each
message, these rightward drifts offer an interpretable early-
warning indicator – even for short or sparsely annotated his-
tories.

Conclusion
This study introduced POLAR, the first per-author lexi-
cal association test that operates directly in the embedding
space of a lightly adapted masked-language model. By hash-
ing user identifiers into private tokens and fine-tuning only
those token vectors, we generate compact, interpretable rep-
resentations that remain geometrically compatible with or-
dinary wordpieces. Standardized effect sizes computed be-
tween each user vector and curated attribute sets then pro-
vide a scale-stable, author-level measure of stance or bias
– complete with permutation p-values and false-discovery
control.

Empirical results across two contrasting corpora under-
score the method’s versatility. On the fox8–23 bot–human
benchmark, POLAR cleanly separates LLM-driven bots
from organic accounts along multiple stylistic axes with-
out ever observing class labels. In the Stormfront forum,
the same statistic exposes strong, uneven alignment with
hateful or derogatory lexicons, and cumulative trajectories
signal progressive radicalization over time. Taken together,
these findings show that user embeddings capture stable lex-
ical preferences, that these preferences can be probed with
lightweight, modular tests, and that the resulting scores of-
fer immediate, interpretable diagnostics for computational
social science.

Limitations and Future Work
Scope of corpora. Our evaluation spans Twitter and a sin-
gle extremist forum; generalising to other platforms (e.g.,
long-form blogs, chat applications) or multilingual settings
remains future work.

Short histories and silent users. POLAR requires at least
two posts per author; users with very sparse histories are dis-
carded. Alternative smoothing or hierarchical pooling strate-
gies could extend coverage.

Attribute design bias. Choice of attribute sets steers in-
terpretation. Although our pairs are drawn from prior liter-
ature and domain expertise, they may omit salient frames
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Figure 5: Stormfront dynamics: per-user scatterplots mark least- (blue) and most-aligned (red) accounts on four slur axes;
coloured trajectories track selected users with the fastest drift toward alignment.

or inadvertently encode researcher bias. Crowdsourced or
community-generated attributes are a promising mitigation.

Ethical Statement
We use only public, researcher-released datasets (fox8–23;
Stormfront) under their licenses – no new collection or user
interaction. Analyses rely on pseudonymous IDs and irre-
versible hashed user tokens; we release no account map-
pings or additional personal data. Sensitive lexicons are used
solely for measurement; quotes are minimized with content
warnings; results are aggregate only. Code is research-only
and explicitly forbids surveillance/profiling uses. This ob-
servational public-data study did not require human-subjects
review; we follow ICWSM ethics guidelines and discuss
risks and limitations.
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Appendix
Artifacts & File Schema

We release one run folder per corpus:

• fox8–23 (bots vs. humans):
out bot human bert space/

• Stormfront (white-supremacist forum):
out hate bert space/

Each contains:

• model/: HuggingFace tokenizer and embeddings (in-
cludes user tokens).

• users.csv: columns user id, n posts; optional
token, label majority, targets.

• meta.json: run metadata (e.g., usr prefix,
min posts per user, seed, training flags).

• per user scores.csv (long format): user id,
pair, s, p perm, n posts, n pos attr,
n neg attr, label majority, targets,
signif bh fdr 0.05.

Attribute Sets
We embed exact word/phrase lists directly from the trained
vocabulary and publish them with the code/artifacts. Exam-
ples (only to aid figure reading):

fox8–23 (register axes). Newswire vs. Personal Experi-
ence (e.g., “court, officials” vs. “tbh, lol”); Promo/CTA vs.
Hedges (“offer, discount” vs. “I think, not sure”); Toxicity vs.
Civility (“idiot, garbage” vs. “thank you, empathy”); Scam/-
Finance vs. Daily Life (“airdrop, seed phrase” vs. “movie
night, weekend”).

Stormfront (sensitive axes). Sentiment; Toxicity vs. Ci-
vility; Racial slurs vs. Neutral; Gender slurs vs. Respect;
LGBTQ slurs vs. Neutral; Violence vs. Peace; Incel jargon
vs. Relationships.
Sensitive lexicons are used strictly for measurement on pub-
lic datasets; outputs are anonymized at analysis time.

Diagnostics & Edge Cases
• Coverage: per (user, pair) we record how many attribute

items survive tokenization; low coverage is flagged in
per user scores.csv.

• Axis sanity: we log cos(ā, b̄) (centroid similarity) to de-
tect poorly separated pairs.

• Degeneracy: if sd([dA; dB ]) = 0 or one side is empty
post-tokenization, we set s/p perm=NaN; these remain
non-significant after FDR.

• Missing user tokens: users whose tokens are absent
from the saved vocabulary are skipped and counted at
inference time.

Compute & Scaling
Let U be users, d the embedding dimension, and K total at-
tributes per pair. Inference costs O(UKd) for dot products;
each permutation replicate operates in O(K) (relabel only).
With M=2000 and modest K (tens), runtime grows linearly
with U and the number of tested pairs.

Training & Hyperparameters
This section centralizes training settings to avoid cluttering
Methodology.

Base LM & user tokens. bert-base-uncased (Hug-
gingFace). One deterministic private token per user, format
usr<sha1[:10]>, prepended to every post. Vocabulary
resized once to include all user tokens. Users with <2 posts
are excluded.

Objective. Masked-LM cross-entropy with mask prob.
0.15. Additional user-token mask prob. 0.30. Alignment
term that nudges the user token toward the mean of non-user
token embeddings in the post; weight 0.2.

Batching. Batches are approximately balanced across
users. Optional per-epoch cap of posts per user (default: off).
Values are recorded in meta.json.

Optimizer & schedule. AdamW (betas [0.9, 0.999], ϵ =
10−8, weight decay 0.01). Learning rate 5×10−5 with linear
warm-up (ratio 0.03) then linear decay. Gradient clip 1.0.

Run settings. Sequence length 128; batch size 128;
epochs 4; gradient accumulation 1; dropout as in BERT-base
defaults. Mixed precision: bf16 when available, else fp16.
Random seed 123 (NumPy/PyTorch). No early stopping; fi-
nal checkpoint is used.

Stability. Short freeze–then–unfreeze schedule for user-
token rows during early steps (stabilizes token learning with-
out changing downstream inference).
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Compute. Single-GPU training; inference is CPU/GPU
agnostic.

Provenance. Runs write meta.json (hyperparameters,
usr prefix, min posts per user) and save the tok-
enizer with user tokens under model/.
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