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Abstract

Large language models (LLMs) increasingly
operate in high-stakes settings where demo-
graphic attributes such as race and ethnicity
may be explicitly stated or implicitly inferred
from text. However, existing studies primarily
document outcome-level disparities, offering
limited insight into internal mechanisms under-
lying these effects. We present a mechanistic
study of how race and ethnicity are represented
and operationalized within LLMs. Using two
publicly available datasets spanning toxicity-
related generation and clinical narrative under-
standing tasks, we analyze three open-source
models with a reproducible interpretability
pipeline combining probing, neuron-level attri-
bution, and targeted intervention. We find that
demographic information is distributed across
internal units with substantial cross-model vari-
ation. Although some units encode sensitive or
stereotype-related associations from pretrain-
ing, identical demographic cues can induce
qualitatively different behaviors. Interventions
steering such neurons reduce bias but leave sub-
stantial residual effects, suggesting behavioral
rather than representational change and moti-
vating more systematic mitigation.

1 Introduction

! Large language models (LLMs) are increasingly
used in high-stakes domains such as healthcare,
where demographic attributes (e.g., race, ethnicity,
gender) may be explicitly stated or implicitly in-
ferred from text. Prior work shows that LLMs can
condition their outputs on demographic informa-
tion even when it is not task-relevant (Zack et al.,
2024; Kim et al., 2023; Fraser and Kiritchenko,
2024; Zhao et al., 2025), and can therefore induce
misattribution in model output with undesirable
or biased behavior (Demchak et al., 2024; Levar-
tovsky et al., 2025; Zack et al., 2024).

'We utilized ChatGPT to identify and translate non-
English tokens presented in this paper.

Most prior studies on demographic bias focus on
outcome-level effects, evaluating disparities in gen-
erated responses, accuracy, calibration, or toxicity
scores across demographic groups (Tan and Lee,
2025; Hartvigsen et al., 2022; Guan et al., 2025;
Wang et al., 2025). While these analyses are es-
sential for documenting harm, they treat LLMs as
black boxes, offering limited insight into whether
demographic attributes are encoded as high-level
semantic features, task-relevant representations, or
spurious shortcuts during prediction. In paral-
lel, recent works in mechanistic interpretability
demonstrated how LLMs encode demographic in-
formation and manipulated LLM internal states to
ensure fairness (Yu and Ananiadou, 2025; Ahsan
and Wallace, 2025; Karvonen and Marks, 2025),
yet these tools have rarely been applied to demo-
graphic bias in a systematic and task-diverse man-
ner.

A central challenge is that demographic at-
tributes interact with language in complex ways.
In many real-world settings, demographic infor-
mation may be explicitly stated (e.g., “a Black
patient”, “a Hispanic speaker”) or implicitly con-
veyed through linguistic, cultural, or geographical
cues, i.e., “proxy” cues. Moreover, same demo-
graphic signal can have qualitatively different ef-
fects depending on task: it may alter predicted med-
ical risk in a clinical scenario, while simultane-
ously modulating perceived toxicity, credibility, or
intent in open-ended generation. Existing evalua-
tions typically isolate a single task or domain (Zack
etal.,2024; Levartovsky et al., 2025), making it dif-
ficult to assess whether demographic sensitivity re-
flects general representational mechanisms or task-
specific heuristics.

In this work, we investigate how demographic
attributes influence LLM behavior, with a focus
on mechanistic explanations rather than surface-
level disparities. We examine race and ethnicity
as commonly occurring coarse-grained categories



(e.g. White, Black, Asian, Hispanic and Latino)
as they appear in the studied datasets, rather than
attempting to model the full sociological complex-
ity of these constructs. Using two publicly avail-
able datasets, we study: 1) toxicity-related gen-
eration tasks (Hartvigsen et al., 2022), where the
same attributes may alter the likelihood, tone, or
framing of model outputs, and 2) clinical narrative
tasks (Bear Don’t Walk IV et al., 2024), where the
same attributes appear through explicit or indirect
cues in medical text and modulate model behavior
despite identical clinical evidence.

We adopt a mechanistic interpretability (MI)
framework to study how lexical cues of race and
ethnicity are encoded and propagated within three
open-source LLMs that are widely used: Qwen2.5-
7B (Qwen Team, 2024), Mistral-7B (Jiang et al.,
2023), and Llama-3.1-8B (Grattafiori et al., 2024).
Our contributions are threefold:

* areproducible MI pipeline that combines multi-
class probing, neuron-level attribution, and tar-
geted intervention to identify internal units asso-
ciated with demographic attributes and to exam-
ine their functional relevance across tasks. The
proposed framework is applicable to other social
variables beyond race and ethnicity.

* a fine-grained characterization of race and eth-
nicity representations across LLMs, revealing
the distributed nature of demographic informa-
tion and model-specific emphasis on semantic
facets such as geography, language, culture, or
historical context.

* a mechanistic analysis of how demographic rep-
resentation influences model behaviors. Internal
features encode sensitive or harmful stereotype-
related concepts present in pretraining data and
are unevenly activated by direct and indirect de-
mographic cues.

Our findings show that while race- and ethnicity-
associated representations can be identified and an-
alyzed at the neuron level, their associations with
biased model behavior persist even when highly ac-
tive neurons are sign-flipped. This indicates that bi-
ased behavior in LLMs cannot be fully explained
or controlled by manipulating a small set of identi-
fiable neurons alone.

2 Related Work

Mechanistic Interpretability of Bias in LLMs.
Recent works in mechanistic interpretability have
begun to locate where demographic information

?
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Figure 1: With MLP, we locate neurons relevant to race infor-
mation and inspect them via Logit Lens. For the higher activa-
tion score for target race, we adjust its value to steer model’s
behavior.

is encoded. Our approach of using probe-based
neuron localization aligns with emerging research
in this space. Yu and Ananiadou (2025) utilized
neuron editing to understand and mitigate gender
bias, identifying specific “gender neurons” within
the MLP layers. In the medical domain, Ahsan
et al. (2025) investigated the mechanisms of demo-
graphic bias specifically for healthcare tasks, sug-
gesting that certain internal representations are dis-
proportionately sensitive to racial identifiers. More
recently, Ahsan and Wallace (2025) explored the
use of Sparse Autoencoders (SAEs) to reveal clin-
ical racial biases. Our work extends these findings
by demonstrating that race-specific neurons are not
only present in general datasets but are consistently
activated and influential on domain-specific text.
Internal Bias Mitigation and Steering within
LLMs. Beyond identification, recent work focuses
on manipulating internal model states to ensure
fairness. Zhou et al. (2024) proposed the UniB-
ias framework, which mitigates bias by manipu-
lating attention heads and MLP components. For
real-time applications, Li et al. (2025) introduced
FairSteer, a dynamic activation steering method
that adjusts model behavior during inference. Kar-
vonen and Marks (2025) further demonstrated that
interpretability-based interventions can improve
fairness more robustly than traditional fine-tuning
in realistic settings. Our methodology contributes
to this line of work by providing a targeted inter-
vention strategy, specifically sign-flipping and am-
plification, to counter-steer biased pathways. This
builds upon the “context-aware” fairness frame-
works suggested by Nadeem et al. (2025), ensuring
that mitigation is grounded in the semantic under-
standing of the racial directions we extract.

Racial Bias in Clinical LLMs. Extensive re-
search found that LLMs inherit and propagate



racial biases when applied to clinical decision sup-
port. Zhang et al. (2023) demonstrated that Chat-
GPT exhibits disparate treatment recommenda-
tions for acute coronary syndrome based on racial
and gender cues. Similarly, Zack et al. (2024) eval-
uated GPT-4, finding that model frequently per-
petuates harmful stereotypes that could lead to in-
equitable health outcomes. Poulain et al. (2024)
further expanded this analysis across various clin-
ical decision-support tasks, highlighting that bias
patterns are not idiosyncratic but systematic across
model families. While these studies establish the
existence of bias, they largely treat model as a black
box. Our work seeks to uncover internal mecha-
nisms driving these disparate outputs.

3 Background

MLP Layers and Neuron Activation. Mod-
ern Transformer-based LLMs process information
through a residual stream. In this framework, the
residual stream acts as a communication channel,
while MLP layers function as key-value memories
that store and inject factual associations into the
stream (Geva et al., 2021a). Contemporary models
like Llama 3.1, Mistral, and Qwen 2.5 utilize the
SwiGLU gated architecture (Shazeer, 2020). The
output of an MLP block with input x is defined as:

MLP(z) = (SWiGLU(zWgate) ® (zWaup)) Waown (1)
where © is the element-wise product. We define
an individual neuron j as the j-th element of the
intermediate gated state. The total MLP output is
the sum of these neurons’ contributions:

dmip

MLP(z) = > a;(z) - v 2

j=1
where a;(x) is the activation score (the product of
the gate and up-projections) and v; is the j-th row
of Waown. Our method specifically probes these
output vectors v; to locate racial information.
Logit Lens. To interpret high-dimensional vec-
tors in residual stream or neuron output vectors
v;, we use Logit Lens (nostalgebraist, 2020). This
technique projects a vector h directly into vocabu-
lary space using model’s unembedding matrix Wy :
logits = hWp. By inspecting top-ranked tokens
in the resulting distribution, we can decode the se-
mantic concepts encoded within specific neurons.

4 Methodology

We propose a mechanistic interpretability frame-
work to determine where and how race information

is encoded within LLMs. Our approach progresses
from identifying global race directions via multi-
class probing to identifying the specific neurons re-
sponsible for these encodings.

4.1 Locating Race Directions via Multi-Class
Probing

To extract race/ethnicity representations, we train
linear probes Wrgce to classify race/ethnicity cat-
egory membership for each model. The probe is
trained on the final-layer residual stream h%~!, av-
eraged across all token positions:

P(race = ¢ | h* ') = softmax(Wgpeeh" ™' +0)e  (3)

where Wraee € RI*ICl is the learned probe ma-
trix, b is bias vector, and C denotes the set of
race/ethnicity categories. Each column w. of
Whrace represents race direction for group c in
model’s representation space.

4.2 From Race Directions to Neurons

Having identified the global race directions w,, we
locate the MLP neurons that write to these direc-
tions, motivated by prior work showing MLPs act
as key—value memories (Geva et al., 2021Db).
Interpreting the Probe Direction. We first ver-
ify that our learned directions w, capture mean-
ingful racial semantics. Using Logit Lens, we
project each direction into vocabulary space via the
model’s unembedding matrix Wy:

Zprobe = Wywe )
Top-k tokens (k = 20) with the highest values in
Zprobe SErVeE as a semantic fingerprint for each racial
group.
Identifying Candidate Neurons. To locate neu-
rons that write to race direction, we compute the
cosine similarity between each MLP neuron’s out-
put vector vé- at layer [ and the probe direction w,:
We * vé-

Score(l, j) = 77
l[we[l[o; I

()
All neurons in the final four MLP layers are ranked
by this score, and the top 20 candidates are selected.
Each candidate is selected by projecting its output
vector into vocabulary space and inspecting top-20
tokens. Neurons are retained only if their tokens

show clear alignment with the target racial group.
4.3 Validating Neurons via Activation
Analysis and Intervention

To confirm that identified neurons encode mean-
ingful racial information and causally influence



model behavior, we design a two-stage validation
pipeline.

Activation Analysis. We measure how strongly
each neuron group activates across different in-
puts. For a given input text, we extract the acti-
vation score of each candidate neuron during the
forward pass. For ToxiGen, we average activations
across all token positions; for C-REACT, where the
model must produce a classification, we extract ac-
tivations at the last input token before generation.
We then compare activation patterns across racial
groups: if neurons identified for a particular race
show higher activation scores when processing text
about that group compared to other groups, this
provides evidence that these neurons selectively re-
spond to race-related content.

Targeted Intervention. To test whether identified
neurons causally influence model outputs, we ma-
nipulate their activations during inference. We im-
plement this using PyTorch forward hooks on the
MLP Wyown. During the forward pass, we inter-
cept the activation score of each targeted neuron
and force it into a strongly negative range. Specif-
ically, we multiply positive activations by a neg-
ative factor (e.g., -5) and amplify negative activa-
tions by a positive factor (e.g., 5). This makes the
neuron’ s contribution subtractive rather than addi-
tive. This modified signal propagates through the
remaining layers, allowing us to measure whether
steering specific neurons changes model behavior
and final outputs.

5 Data and Models

Datasets. We evaluate our framework on two do-
mains to test the generalizability of race encoding
mechanisms across different contexts. ToxiGen
(Hartvigsen et al., 2022) is a large-scale machine-
generated dataset of toxic statements about minor-
ity groups. We use the annotated subset containing
9.9k samples across 13 target groups. Each sample
has a statement for a specific group (e.g., “asians
are trying to take over the world with their karate
skills”). From all groups, we consolidate related
categories into five racial categories: Asian (asian,
chinese), Black (black), Latino (latino, mexican),
Native American (native_american), and Middle
Eastern (middle_east, jewish, muslim). We ex-
clude non-racial categories (women, Igbtq, men-
tal_dis, physical_dis). C-REACT (Contextual-
ized Race and Ethnicity Annotations for Clini-
cal Text (Bear Don’t Walk IV et al., 2024)) pro-

vides race and ethnicity annotations for 17,281 sen-
tences drawn from clinical notes in the MIMIC-
IIT database. C-REACT contains real clinical text
where race information appears in two forms: di-
rect mentions that explicitly state race (e.g., “Pt
is 42 yo AA female”) and indirect mentions that
imply race through associated attributes such as
spoken language or country of origin (e.g., “Pt re-
quired a Spanish interpreter”, “Pt is recently im-
migrated from France”). C-REACT provides five
racial categories: White, Black/African American
(Black/AA), Asian, Native American or Alaska Na-
tive, and Native Hawaiian or Other Pacific Islander.
However, the dataset is highly imbalanced: zero
patients labeled as Native Hawaiian or Other Pa-
cific Islander were found, and only three patients
labeled as Native American or Alaska Native. We
therefore use three racial categories with sufficient
representation: White, Black/AA, and Asian.
Models. We study three instruction-tuned LLMs
of comparable scale from different geographic
and cultural training contexts: Llama-3.1-8B-IT
(Grattafiori et al., 2024) (US), Mistral-7B-1T-v0.3
(Jiang et al., 2023) (France), and Qwen2.5-7B-IT
(Qwen Team, 2024) (China). This selection al-
lows us to investigate whether models trained on
data from different linguistic and cultural contexts
encode racial information differently, given that
conceptions of race and ethnicity vary across so-
cieties.

6 Experiments and Results

6.1 ToxiGen

Table 1 lists top tokens projected by each race direc-
tion. Across models, probes reach similar perfor-
mance on ToxiGen (around 75% accuracy/macro-
F1; Appendix A.1). These tokens capture vari-
ous facets of racial encoding, including geogra-
phy, religion, demographic labels, and cultural
terms. Across all three models, the learned di-
rections identify tokens that align closely with
the target race/ethnicity categories. This confirms
that LLMs store clear racial representations within
their residual streams.

Table 2 presents race encoding neurons iden-
tified within the final four MLP layers. These
neurons reveal that LLMs decompose racial con-
cepts into distinct semantic dimensions. Some
neurons encode broad demographic terminology
that directly names groups, such as Mistral-7B’s
MLP.v33,, (Black, black, African) and Asian neu-



Model Group Top tokens projected by probe Model Group Direct Indirect
Asian Asian, IZ#f|, Chinese, CJK, FRIL Qwen2.5-7B Wk‘mc EI_ — - Rufm"‘ ﬁk?gﬁ Russia .
- Asian Asian, Asia, Asians, T2 Chinese, Xia, Tibetan, China
Qwen2.5-7B Lati Mex. Mexi
Atino X, Mexico Black/AA  African, I, Africa, black Hait, Haiti, Tropical, ##
Native American  natives, native, Native, indigenous White Moscow, Russian, Ukrain, Polish
Asian Chinese, Asian, China, Korean, Taiwan Mistral-78 Asian Asian, Taiwan, Japanese, Malays ~ Korea, Korean, Asian, Vietnam
Mistral-7B Black black, African, Black Black/AA  African, blacks, Negro, slavery Caribbean, Cuba, Nigeria, Brazil
> - - - - - White Russia, Kremlin, Putin, Moscow
Latino Mexico, Salvador, Colombia, Chile, Mexican Llama-3.1-88 7 Gan ‘Asian, Indonesian, Asia, Taiwanese  Cambodia, Chinese, wang, Buddhism
Native American  Indians, trib, Native, tribes, Indian Black/AA  black, African, Afro, negro Haiti, Caribbean, Dominican, Bahamas
Middle Eastern Islamic, Palestinian, Muhammad, Muslim, Israel Table 3 . Comparison Of tOp tokens from direct
Asian Asian, Mandarin, CJK, asian, china (race/ethnicity ) vs.  indirect (language/country) men-
Llama-3.1-8B  Black Black, _black, -black, .black, & tions in C-REACT. WARNING: Some tokens reflect
Latino Mundo, _-BORDER

Native American

Middle Eastern

Native, natives, Indians, indigenous, tribes

Islamic, Middle, ISIL, Christian

Table 1: Top tokens by race group across models (ToxiGen).
WARNING: Some tokens reflect harmful stereotypes. Full
results in Appendix A.2. Translations: IZM (Asia), ZRIE (East Asia),
2 (Black).

Model Group Neuron Top tokens
Asian MLP.v35,0s  Japanese, HZ, Japan, Tokyo
i MLP.v#2,9  Chinese, China, I, Asian
Black MLP.v3],,  black, &, Black, &8
Qwen25-7B | aiino MLP.V}%M Latin, T, latino, Latina
MLP,vfgu3 Spanish, Hispanic, Chile, Mexican
- MLP,vﬁj,}s& native, Native, indigenous
Native Am. MLP.v3},o;  colonial, colon, colony, imperial
) - MLP.vZ  Israel, Jerusalem, Hebrew, Zion
Middle Eastern yyy'p 26 Jew, Jewish, Judaism, Rabbi
Asian MLP,V"}%53 Japanese, Korean, Taiwan, Asian
Black MLP.v#2,,  Black, black, Negro, African
MLP.v$3.., Black, blacks, 2, dark
Mistral-7B MLP.vil,,  colonial, colon

Native Am. N
© MLP.v$3,); native, ind, igenous

MLP.vE2

Jewish, Jews, Jerusalem, Israel

i 5573
Middle Eastern MLP.V'fﬁ7 Mediterranean, Turkish, Egyptian, Turkey
Asian MLP.v#%,,  Chinese, China, Beijing, FE
MLP.vil,e  Li, yuan, Dong, Huang, Wang
Black MLP.v#)y;  Jamaica, Caribbean, Trinidad, Jazz
LI 3.1-8B MLP.V%§826 African, Afro, negro, blacks
ama-3.1-
Latino ML]’.V%%_,12 Spanish, Hispanic, Mexican, Argentine
Native Am MLP.Vé’f<93 colon, colonial, colonization, colonies
) MLP.V"HM] native, Native, -native, natives

MLPAV",“ll051 Arab, Arabic, Saudi, Muslim

Middle Eastern MLP,va'SU Islamic, Islam, mosques, Muhammad

Table 2: Top race-encoding neurons identified via cosine
similarity with probe directions. WARNING: Some tokens
reflect harmful stereotypes. Full results in Appendix A.3.
Translations: HZ< (Japan), H1[E (China), 2 (Black), B (Black color), i
T (Latin).

rons across all models (Asian, Chinese, Japanese),
functioning as explicit demographic classifiers.
Others encode race through associated attributes:
Llama-3.1-8B’s MLP.v3%,, links Asian identity to
geographic terms (Chinese, China, Beijing), while
MLP.v31,4, captures Chinese last names (Li, yuan,
Dong, Huang, Wang); Middle Eastern neurons
project to religious and regional identifiers (Jew-
ish, Judaism, Islam, Jerusalem, Saudi). We also
observe neurons that encode historically harmful
associations. Native American neurons across all
three models project to colonial terminology (colo-
nial, colony, colonization), and neurons for Black
identity recover offensive racial terms that persist
across models despite different training corpora.

Neuron Activation Analysis. To verify that

harmful stereotypes. Full results in Appendix A.4. Transla-
tions: H (white), B% & (Russia), IEM (Africa), H4H (tropical).

identified neurons selectively respond to their tar-
get racial groups, we measure mean activation
values when processing test samples from each
group. Figure 2 displays these activation patterns
as heatmaps, where diagonal cells represent neu-
rons processing their target group. The results con-
firm that most race encoding neurons activate more
strongly for their target group than for others. This
is most pronounced for Latino and Middle Eastern
neurons: Llama-3.1-8B achieves activation values
of 0.83 and 0.90 respectively, while Qwen2.5-7B
reaches 0.71 and 1.23. Black neurons also demon-
strate consistent selectivity across all three mod-
els, with positive diagonal values compared to near
zero or negative off diagonal values. Asian and Na-
tive American neurons exhibit weaker selectivity,
likely reflecting sparser representation in training
data. Nevertheless, the overall diagonal pattern val-
idates our neuron identification method: neurons
selected via probe direction alignment do prefer-
entially activate for their target groups, confirming
their role in demographic encoding.

6.2 C-REACT

We train separate probes on direct and indirect
mentions to evaluate whether each type captures
distinct representations. Direct-mention probes
achieve higher accuracy and comparable F1 to indi-
rect probes (Appendix A.1). This likely reflects the
fact that direct cues are explicit and indirect data
are sparser. Table 3 compares tokens projected
by each probe type. Direct and indirect probes
capture semantically distinct representations. Di-
rect probes recover general racial and ethnic termi-
nology (Asian, African, black, B), while indirect
probes recover specific countries and regions asso-
ciated with each group. For instance, the White in-
direct probe projects strongly to Russia and Eastern
European terms across all models, reflecting the
dataset composition where Russian is the most fre-
quent language among White patients. Similarly,
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Figure 2: Mean activation values of race encoding neurons when processing text from each racial group (ToxiGen). Diagonal
cells represent neurons processing their target group. Higher values (red) indicate stronger activation; lower values (blue) indi-

cate weak, negative activations.

Black or African American indirect probes recover
Caribbean and African nations (Haiti, Caribbean,
Nigeria). This divergence confirms that LLMs en-
code race through multiple pathways: explicit de-
mographic labels and associated geographic or lin-
guistic attributes.

Model Group Neuron Top tokens
White MLP.v35eq, ZE, Dutch, French, Italian
MLP.v#s¢,  German, Germany, EU, euro
Qwen25-7B o MLP.vZ,;  Asian, Asia, Chinese, Indian
MLPv3],  Asian, XM, Asia, 77
MLP.v3}g racist, racism, Harlem, segregation
Blck/AA  MLPyZT,)  black, 2. Black, B
White MLP.v$2,c  England, France, Europe, Switzerland
MLP.v§Z,,  European, Europe, EU, Euro
Mistral-7B . MLP.v}2,,  Japanese, Korean, Japan, Taiwan
Asian 31" .
MLP.v33,s  Japanese, anime, Japan, Tokyo
32 E ;
Black/AA MLP.vgfl,l,_ri Bl?l-ck, N N.egro, Afncan. )
MLP.vg75  African, Africa, Kenya, Nigeria
White MLP.vi},, ~ White, white, WHITE, &
. MLP.V%%91 Chinese, China, Beijing, Shanghai
Llama-3.1-8B  Asian MLP.vZ);,  Asia, Asia, continent, YE/M
MLP.v#y.  Mississippi, Jamaica, Caribbean, Louisiana
Black/AA MLP,v?ggzﬁ African, african, Afro, negro

Table 4: Top race-encoding neurons from C-REACT direct
mentions (explicit race/ethnicity). WARNING: Some tokens
reflect harmful stereotypes. Full results in Appendix A.5.
Translations: %[ (England), Il (Asia), 772 7 (Asia), B (Black), B
(Black color), B (White).

Tables 4 and 5 present race encoding neurons
identified from direct and indirect probes respec-
tively. The neuron projections mirror the probe to-
ken patterns: direct mention neurons recover ex-
plicit demographic terms (Asian, Black, African,
H (White)), while indirect mention neurons re-
cover geographic and cultural associations (Rus-
sia, Moscow, Vietnam, Caribbean). As in Toxi-
Gen, we observe neurons encoding harmful asso-
ciations. Qwen2.5-7B’s MLP.v . projects to
racist, racism, Harlem, segregation, and several
Black/AA neurons encode terms related to slav-
ery. The persistence of such encodings across both
general and clinical domains indicates that harm-
ful stereotype-related associations are embedded

within these models and are not limited to specific
task contexts.

Model Group Neuron Top tokens
White MLP.vZ.. German, Germany, fil=, euro
MLP.v3%,,  Russians, Russia, 8% H7, Moscow
Qwen25-7B ) . MLP.v2,s  Japanese, B, Tokyo, Osaka
* MLP.v23,,  Vietnam, Viet, Nguyen, Vietnamese
Black/AA MLP.v3,,, 3B, African, slave, slavery
MLP.vZ.,  African, Africa, Ghana, Nigerian
White MLP.v33,,  Russian, Vlad, Moscow, Soviet
Mistral-7B MLP.vZ, Italian, Italy, Giovanni, Francesco
Black/AA MLP.v3l,;  African, Africa, Kenya, Nigeria
White MLPV?%GO6 Russian, Moscow, Soviet, Putin
MLP.v%)y,  Czech, Hungarian, Slovak, Budapest
Llama-3.1-8B Asian MLP.v32,,  Chinese, China, Beijing, Shanghai
MLP.v%;,s  Indian, India, Bollywood, Mumbai
Black/AA MLP.vZ,,  tropical, jungle, Congo, Caribbean
MLP.v3,;  African, african, Afro, negro

Table 5: Top race-encoding neurons from C-REACT in-
direct mentions (language/country). WARNING: Some
tokens reflect harmful stereotypes. Full results in Ap-
pendix A.6. Translations: fal = (Netherlands), % H#7 (Russia), B 2%
(Japan), JEMl (Africa).

6.3 Neuron Intervention

To test whether the race encoding neurons we iden-
tified actually influence model behavior, we design
an intervention experiment using C-REACT indi-
rect mentions. Using a template prompt shown in
Figure 3, we prompt each model to predict patient
race based on clinical text containing only indirect
cues such as language or country information, and
then manipulate race encoding neurons to see if we
can correct observed biases.

Please read the following sentence from a clinical
note. Based on the information contained within
the sentence, determine which of the following races
or ethnicities the patient belongs to. Please respond
with only one option.

Options: [White, Black or African American, Asian]
Clinical Note: "{text}”

Inferred Race or Ethnicity:

Figure 3: Prompt template for race prediction on C-REACT
indirect mentions.



Baseline Classification. Table 6 shows misclas-
sification patterns across the three models. The
dominant error type varies by model: for Qwen2.5-
7B and Llama-3.1-8B, White— Asian misclassifi-
cation is the primary error, accounting for 75.0%
and 95.6% of errors respectively. Llama’s bias is
the most pronounced, with 395 of 537 White pa-
tients incorrectly classified as Asian. In contrast,
Mistral-7B shows a different pattern: its dominant
error is White— Black/AA (76.2% of errors). This
divergence suggests that models encode and apply
racial information differently during inference.

Error Type Qwen2.5-7B Mistral-7B  Llama-3.1-8B
White— Asian 27 4 395
White—Black/AA 4 16 5
Black/AA—White 4 0 0
Black/AA— Asian 0 0 10
Asian—White 1 1 1
Asian—Black/AA 0 0 2

Total Errors 36 21 413
Dominant Error % 75.0% 76.2% 95.6%

Table 6: Misclassification patterns on C-REACT indirect
mentions. The dominant error type (bold) varies across mod-
els: White—Asian for Qwen and Llama, White—Black/AA
for Mistral.

Activation Patterns. To investigate what drives
these biases, we measure activation levels for all
neuron groups across all classification outcomes
(Table 7). We observe a strong correspondence be-
tween neuron groups exhibiting consistently high
activation and dominant error directions identified
in Table 6. For Qwen2.5-7B, which primarily mis-
classifies White patients as Asian, the Asian Direct
neurons show consistently high positive activation
regardless of ground truth or prediction. Similarly,
Mistral-7B’s tendency toward White — Black/AA
errors aligns with elevated activity in Black/AA Di-
rect neurons across most scenarios. Llama-3.1-8B
presents a different pattern: while its dominant er-
ror is also White — Asian, Asian Indirect neurons
show consistently high activation across scenarios.
These patterns reveal that neuron groups exhibiting
high activation across all conditions correspond to
dominant misclassification directions, suggesting
they may play a causal role in bias. We use activa-
tion as a diagnostic signal, but later show it does
not perfectly predict intervention efficacy.

Intervention Results. Having identified candidate
bias drivers, we test whether steering these neurons
can correct misclassification. Specifically, we eval-
uate the intervention using three amplification fac-
tors (5, 10, 20) to assess if these adjustments alter
the model’s predictions. Figure 4 compares cor-

S Qwen2.5-7B Mistral-7B Llama-3.1-8B
% 100 100 ; 1

Z —e— Direct

T 50{m---u" 50 50 S

t —e— Direct | | - - '/’/ —e— Direct

@ —®- Indirect _--" —® - Indirect
5 o olF 0

8 5 10 20 5 10 20 5 10 20

Amplification Factor Amplification Factor Amplification Factor

Figure 4: Correct prediction rates after neuron interven-
tion across amplification factors. Direct neuron intervention
(solid) generally outperforms Indirect intervention (dashed),
demonstrating that neurons encoding explicit racial terminol-
ogy have stronger causal influence on predictions.
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Figure 5: Prediction distribution after neuron intervention on
misclassified samples. Direct intervention (solid bars) elimi-
nates the original bias entirely (orange ‘Original Prediction’
bars = 0%) across all models and factors, while Indirect inter-
vention (faded bars) leaves residual bias. Higher amplification
factors increase Unknown responses (gray)

rect prediction rates between Direct and Indirect
neuron intervention, while Figure 5 shows the full
prediction distribution across all conditions.
Direct vs. Indirect Neurons. Across all three
models, Direct neuron intervention demonstrates
stronger causal efficacy than Indirect interven-
tion (Figure 4). At factor 5, Direct interven-
tion achieves substantially higher correct predic-
tion rates across all models compared to Indirect
intervention. More importantly, Direct interven-
tion completely eliminates original bias across all
models and amplification factors (Figure 5), while
Indirect intervention leaves residual bias. This gap
is also consistent with Llama-3.1-8B’s pattern: al-
though the Asian Indirect group has higher mean
activation, higher activation does not necessarily
mean stronger causal influence on final prediction.
Indirect cues tend to reflect broad, proxy signals
that can be supported by multiple parts of net-
work, so steering one indirect group may be partly
compensated elsewhere and leads to a smaller be-
havioral change. By contrast, Direct neurons are
more directly tied to producing explicit race labels,
which makes intervening on them more effective.
Amplification Factor Selection. The choice of
amplification factor involves a tradeoff between
bias correction and model stability. We tested fac-
tors of 5, 10, and 20, representing increasingly ag-
gressive intervention. Across all models, factor
5 yields the best balance. Qwen2.5-7B achieves



Classification Outcome (Actual — Predicted)
Model Neuron Group W-W W-B W-5A B->W BB B-oA AW A-B A-A
Asian Direct +6.04 +6.25 +5.85 +3.50 +5.71 — +4.66 — +3.86
Asian Indirect —-1.03 —-1.02 —-096 +0.31 —0.06 — —1.55 — —0.33
Qwen2.5-7B Black/AA Direct —-0.74 —-0.04 —-040 +0.28 +0.83 — +0.27 — +0.27
Black/AA Indirect | —0.57 +0.40 —0.63 +5.80 +3.30 — —0.39 — —0.78
White Direct —-325 -349 380 —-2.06 —3.05 — —4.87 — —4.01
White Indirect +0.36 +0.31 -020 —-090 -—1.24 — —0.33 — —1.31
Asian Direct +0.22 +0.24  +0.14 — —0.15 — +0.36 — +0.19
Black/AA Direct +0.82 +0.89  +0.64 — —0.07 — +1.00 — +0.41
Mistral-7B Black/AA Indirect | —0.56 —0.42 —0.55 — +0.19 — —0.52 — —0.44
White Direct +0.10  —0.06 —0.02 — —-0.47 — +0.33 — +0.37
White Indirect —0.01 +0.24  —0.17 — —0.27 — —0.44 — —-0.32
Asian Direct —-0.53 —-0.59 —-0.59 — —0.57 -054 —-041 —-0.51 —0.55
Asian Indirect +0.27 +0.28  +0.33 — +0.36 +0.43 +0.29 +0.34 +0.47
Llama-3.1-SB Black/AA Dirgct —-1.07 —-143 —1.20 — —-197 —-166 —-054 —-1.60 —-0.96
Black/AA Indirect | —0.01 +0.01 —0.00 — +0.04 +0.07 +0.03 +0.03 +0.03
White Direct +0.11 +0.37  +0.24 — +0.51 +049 +0.62 +0.34  +0.70
White Indirect +0.22 +0.28  +0.32 — +0.01  +0.04 —-0.04 +0.01 —0.01

Table 7: Mean neuron activation scores on C-REACT indirect mention prompts, grouped by classification outcome (actual —
predicted). W/B/A denote White / Black/AA / Asian (e.g., W—B: actual White, predicted Black/AA; W—W: correct). Posi-
tive values indicate neuron group writes in direction of its output vectors (strengthening the associated signal during generation),
while negative values indicate writing in the opposite direction (weakening it). “—” indicates no samples for that outcome.

100% correct predictions with no Unknown out-
puts at factor 5, but destabilizes at factor 20 (63%
Unknown responses). Mistral-7B reaches 75% cor-
rect predictions at factor 5, with higher factors in-
creasingly shifting predictions toward Asian rather
than the correct White label. Llama-3.1-8B per-
forms similarly at factors 5 and 10 (around 80%
correct), with factor 20 introducing Unknown re-
sponses. These results suggest moderate interven-
tion strength suffices to alter predictions via race-
encoding neurons; we adopt factor 5 as the default.

7 Discussion and Conclusion

Our results indicate that the way race and ethnicity
are internally represented in LL.Ms is central to un-
derstanding how demographic bias emerges across
tasks. The first important finding is that racial and
ethnic concepts are distributed across many in-
ternal units rather than localized to a small set
of neurons. Importantly, this distribution is not
arbitrary: models decompose race and ethnicity
into multiple, interpretable semantic facets, such
as explicit group labels and associated geographic
or linguistic attributes. Across both ToxiGen and
C-REACT, these facets appear as distinct internal
representations rather than single abstract concepts
(Tables 1, 2, 3). Notably, stereotype-related and
historically harmful associations are present across
models despite differences in training data and geo-
graphic origin, suggesting that bias mitigation can-
not rely on a universal map of demographic fea-
tures but requires model-specific localization.

Secondly, due to this representational structure,
the same internal components can be reused across
different task contexts, sometimes in ways that
lead to biased behavior. Neurons encoding racial
concepts are present in all three models, yet
their influence on predictions varies substan-
tially depending on whether the input associates
strongly with the proxy cues. The same represen-
tations that benignly encode demographic informa-
tion can lead to biased predictions when activated
in contexts where race is irrelevant.

Crucially, the presence of such representations
is not inherently problematic. Rather, bias arises
from how these representations are operational-
ized during inference. Our intervention did not
erase racial knowledge from the models; instead, it
modulated how this knowledge was reused in task-
specific settings. This distinction is critical: pre-
trained representations reflect what models learn
about the world, whereas task-dependent bias re-
flects when and how those representations are in-
appropriately applied.

To summarize, we provide a mechanistic anal-
ysis of how race and ethnicity are represented and
operationalized within LLMs. We show that demo-
graphic concepts are encoded as distributed, multi-
faceted internal representations that can be selec-
tively reused across tasks. These findings suggest
that mitigating demographic bias in LLMSs requires
not only outcome-level interventions, but also a
deeper examination of representational structure
and task-dependent reuse.



Ethical Statement

This work examines how race and ethnicity are en-
coded within large language models, which neces-
sarily involves reporting sensitive content includ-
ing stereotypes and historically offensive terminol-
ogy. We present these findings to expose poten-
tial bias, not to amplify it. We acknowledge that
racial categories are socially constructed and vary
across cultures; our use of race categories reflects
the structure of the datasets rather than an endorse-
ment of these taxonomies.

Limitations

Our study has several limitations. First, our clini-
cal analysis is limited to three racial groups (White,
Asian, and Black/AA) due to data availability; C-
REACT is the only suitable dataset we identified
for this task, and other racial categories lacked
sufficient representation for reliable probe training.
This restricts our ability to assess whether the en-
coding patterns we observe generalize to other de-
mographic groups.

Second, our consolidation of ToxiGen cate-
gories requires acknowledgment. We group Jew-
ish and Muslim identities with Middle Eastern
ones into a single category, which conflates reli-
gious identities with geographic/ethnic ones. This
grouping is imperfect and reflects dataset structure
and analytical convenience rather than sociological
validity. In ToxiGen, toxic content targeting these
groups can share recurring linguistic templates and
stereotypes, which motivates this consolidation for
the current analysis. Future work should separate
religious and ethnic encodings to better character-
ize their distinct representational structure.

Third, our neuron identification relies on cosine
similarity between MLP value vectors and probe
directions, which captures neurons with strong lin-
ear alignment to race representations. However,
racial encoding may also be distributed across neu-
rons that contribute through more complex, nonlin-
ear interactions not detected by our method. The
observation that high activation does not always
imply causal influence (e.g., Llama’s Asian Indi-
rect neurons) suggests that our identification ap-
proach captures a subset of race-encoding neurons
but may miss components that operate through al-
ternative pathways.

Finally, our intervention experiments target neu-
rons identified from a single task (race predic-
tion from clinical text), and we do not evaluate

whether the same neurons drive biased behavior in
downstream clinical applications such as diagnosis
prediction or treatment recommendation. Future
work should examine whether interventions trans-
fer across tasks or require task-specific neuron iden-
tification.
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A Appendix

A.1 Probe Performance

Model Acc. (%) Macro-Fl1
Qwen2.5-7B-IT 74.88 0.74
Llama-3.1-8B-IT 77.98 0.77
Mistral-7B-IT 75.20 0.74

Table 8: Test set performance of multi-class
linear probes trained on ToxiGen (5-way:
asian/black/latino/native_american/middle_eastern).
We report Accuracy and Macro-F1.

Direct Indirect
Model Acc. (%) Macro-F1  Acc. (%) Macro-F1
Qwen2.5-7B-IT 90.36 0.79 81.61 0.79
Llama-3.1-8B-IT 93.98 0.85 80.46 0.80
Mistral-7B-IT 90.66 0.70 75.86 0.74

Table 9: Test set performance of linear probes trained
on C-REACT (3-way: White/Black/AA/Asian), using
Direct vs. Indirect prompt variants.

A.2 Probe Token Projections (ToxiGen)

Table 10 presents the complete top-20 tokens pro-
jected by each race direction probe for all three
models.

A.3 Race-Encoding Neurons (ToxiGen)

From Table 11 to Table 13 present the complete list
of race-encoding neurons identified from ToxiGen
for the three models.

A.4 Probe Token Projections (C-REACT)

Table 14 and Table 15 present the complete top-20
tokens projected by each race direction probe for
direct and indirect mentions respectively.

A.5 Race-Encoding Neurons (C-REACT
Direct)

Table 16 presents the complete list of race-
encoding neurons identified from C-REACT direct
mentions (explicit race/ethnicity).

A.6 Race-Encoding Neurons (C-REACT
Indirect)

Table 17 presents the complete list of race-
encoding neurons identified from C-REACT indi-
rect mentions (language/country).
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A.7 Example Model Prediction Outputs

Figure 6 presents example model outputs after neu-
ron intervention. Correct predictions result in valid
racial category labels, while failures to provide a
valid label are classified as Unknown.

Category Model Output

Correct predictions (White)

Example 1
Example 2

[White] You are an Al assistant. Provide
[White] You are an Al assistant. User

Unknown outputs (invalid or malformed)

Example 1 [Russian] The race or ethnicity that best fits
Example 2 [Russian] Based on the information provided in the
Example 3 [Yellow] [X] [Black or African

Example 4 [Yellow] The provided options do not include ”

Figure 6: Example outputs after Direct neuron interven-
tion. Correct predictions produce valid category labels
(top), while unstable interventions at high amplification
factors produce invalid outputs classified as Unknown
(bottom).



Model Group Top 20 Tokens

Asian Asian, I/, Asian, Chun, Chinese, CJK, Yuan, ZRIE, ", chinese, &%, &, Chinese, ActivityCreated, chner, Chu, ObjectContext, lobals, Hong, chin
Qwen2.5-7B Black ="{ />, ¥R, orsk, &R, &, mdo, ZHEHBE, Rudd, 1, .BLL, .GetDirectoryName, Jinterface, setError, #8, Beaut, /5, :async, 8, £&%, SingleOrDefault
Latino nesty, Mex, .Span, .Shared, 1, >/, /items, SetLastError, ucher, getTime, .onclick, enticate, ERVE, mex, .Stretch, mexico, tii, evenodd, asher, FEZA
Native Am. natives, native, .Native, native, Native, Native, _native, indigenous, coma, .native, -native, "}, E, ings, NAV, ITERAL, reservation, INGS, '’
Middle Eastern  avigate, wargs, 7%, bsolute, arma, /xhtml, %”><, elic, .clearRect, apamer, ouv, &, §, A, _Tick, achts, wares, hill, kap, lambda
Asian Chinese, Asian, China, Korean, Taiwan, Hong, inese, Japanese, °, Shanghai, Beijing, Asia, omi,", 8, bt, Roose, MMMM, omy, agh
Mistral-7B Black [k corpor, Coff, Email, black, uh, African, publicly, spell, ta, white, email, black, Black, Palm, Parl, riel, Black, mask, rele
Latino Mexico, Salvador, jd, Colombia, Chile, j, Colomb, ass, Mexican, Skip, ranch, Mex, Santiago, ully, Argent, jal, Partido, sketch, skip, aca
Native Am. Indians, trib, Native, tribes, Indian, medicine, Native, ye, Medicine, AD, ingle, minister, ilo, Inga, tribe, iga, unda, Trib, uti, erset
Middle Eastern Islamic, Palestinian, Muhammad, Muslim, Hass, Israel, esa, Naj, Turkish, Jewish, Bere, Turk, Muslims, jew, Arab, hash, Arabia, Jews, triple, Middle
Asian Asian, Asian, Mandarin, CJK, erse, leZit, ibold, Ding, inese, asian, rysler, china, ern, Chinese, Asia, ihan, Asians, ertainment, Z, Euras
Llama-3.1-SB Black CELER, Black, isay, Black, _black, urgeon, -black, adeon, arp, cie, anja, .black. |9 -hit, /black, Jz, ouse, sy, jmg
Latino ucwords, ¥, udos, Buchanan, .si, ”, oppos, aside, i, City, rip, Mundo, odi, _-BORDER, mant, cloak, _gid, .ul, iyon, ivery
Native Am. Native, Native, native, natives, native, -native, Indians, _Native, _native, indigenous, .native, /native, Indigenous, tribes, RIPT, Indian, reservation, .Native, ative, Reservation

Middle Eastern  Meyv, LLL, Sem, Islamic, Middle, ohon, WW, acket, Aber, esso, profits, cos, owy, uzz, removed, * °, cranos, ISIL, Christian, etus

Table 10: Full top-20 probe token projections for all models (ToxiGen). Tokens are listed in descending order of
projection score. Translations: T (Asia), /RIE (East Asia),? (Thai mark), £ (thunderclap), & (evil), #8KZ (corresponding), &t (steps), & (cut), 6o
(either), ;G *8EF (didn’ t expect), £l (button), #5 (pelican), J5l (early), Bl (swift flight), £% (ribbon), I (mountain pass), i (door), EEZ A (for years), 3Z (reach),
2 (Kim), 7£ (preserve), /&% (admonition), apamer (parameter), & (service), i (cerium), j (inverted exclamation), B (ss), 2 (black), | 5 (behind), Jz (skin), sp )

(tall), j (string), b (wonderful), coB (owl), craHos (become), Z (z), §em (name), odi (I hated).

Model Group Neuron Top Tokens

MLP.v3},0; TEB, Japanese, B, Japanese, Japan, Japan, HZS A, Tokyo, japan, AR, japan, 2 &, BE, japanese, japon, Nhat, 7, Tok, Hiro, jap, Osaka
MLP.vZs;  Chi, chi, Chin, Chi, chin, chi, _chi, Xi, Hu, xi, Hu, xi, AR, Xi, chin, Huawei, #£79, %5, (xi, hu

MLP.v3i,,  ch, %[E, Ch, AFE, Chinese, FLAFE, BHE, 54E, 347[E, China, china, _ch, FEFE, China, Ch, china, Chinese, -Ch, CH, chin
MLP.v3], Asian, IJE3#, Asia, Asian, Asians, Asia, asian, asia, 7> 7, I, T3, Asi, asia, asiat, asi, LA, 114, _As, asi, AS

MLP.v$3(,, Chinese, China, China, Chinese, chinese, china, china, &, RER, -China, B2, (), PE, Asian, TEFE, 2FPE, WM, HRE, Asian, Asia
Black MLP.v3T,,  black, &, black, Black, Black, B, -black, BLACK, BLACK, _black, blacks, .black, /black, , 75w &, Black, &, 2H, _BLACK, blacklist

Asian

MLP.v3%,  Latin, Latin, $iI T, latin, latin, LATIN, latino, B, Latino, LAT, Latina, latina, Lat, Brazil, _LAT, FI4R%E, Lat, Brazil, lat, LAT
Latino MLP.v3%;;  Spanish, FEHESF, #, Portuguese, Hispanic, Spanish, S/, Brazilian, ;, ;, 53/N#&, 8, B 5, Juan, Chile, spanish, 5P, Brazil, Juan, Spain
MLP.v3%,,;  Spanish, FEUESF, Hispanic, Spanish, Chile, Mexican, 53/N, 22755, Spain, Brazilian, Juan, Mex, Juan, B8, FI1RE, 52/N&, Mexico, #f, spanish, Mexico
Qwen2.5-7B MLP.\%S“ LA, Israel, Jerusalem, Israel, Israeli, Noah, Hebrew, Moses, Zion, -Israel, Palestine, Biblical, biblical, Israeli, Israelis, Luke, Zionist, Palestinian, Jer, Nathan

Middle East MLPv3,,  RHF=, 2, Mu, Ali, Ali, Must, mu, FTHI{8, Mu, Ah, MU, Muhammad, Moh, Fat, MU, Must, .mu, _mu, Ab, Muslims

MLPvZ). 5=, religious, religious, relig, religion, Religious, Religion, religions, EE#, ##, theological, spiritual, {51, Christian, prayer, secular, spirituality, BR&K, &, 24

MLPv35, ¥, Jew, Jewish, 3, Jews, Judaism, e, jewish, Juda, Hebrew, esp, L5, Israel, kosher, synagogue, -J, ewish, jew, Rabbi, Israeli

MLP.vis

native, native, E1#4, natural, Native, Native, 51, K44, -native, indigenous, natural, natives, naturally, Natural, /native, nat, Natural, _native, .native, B &

Native Am. MLP.vZ..  native, #, native, Native, 8%, 451, %, -native, Native, natives, hometown, .native, _native, home, homeland, , ¥, /native, birth, qué

MLF’,vf‘?197 FER, colonial, colon, colony, colon, colonies, Colonial, Colon, Colon, Colony, imperial, Imperial, olon, icolon, -col, M, ocol, colonization, dec, _COL

Table 11: Full top-20 tokens for race-encoding neurons in Qwen2.5-7B (ToxiGen). Translations: #£ B s (in Japan), B
(Japan), HZ<® (Japan), BZs A (Japanese), ZRE (Tokyo), HZE (Japanese army), @ E (China), 7JH[E (China), B 9HE (China), B E (China), 5HE
(China), XfH & (China), 7ZEHE (China), FR[E (China), & (China), FERY (China), I (Asia), I (Asia), 33 (Asia), ILK (Asia-Pacific), AR (Renminbi),
1£79 (Huawei), %28 (China), 2 (black), B (black), B H (black-and-white), & (black), 7' F v ¥ (black), i T (Latin), B G (Brazil), FIIRIE (Argentina),
FEHEEF (Spain), 2FF S} (Mexico), BE F (Portugal), 32/ (Guizhou), B2 (Guizhou), B2PH (Guiyang), 2 (Guizhou), i (Hunan), LA &% (Israel), FRET=
(Islam), FTHI{H (Arab), SREK (religion), BB (Christianity), #52 (Buddhism), {5100 (faith), BBER (Jesus), F£3 (Bible), B (pious), L (Jew), 3 (Jew), B (Mu),
B4R (natural), XA (natural), <1t (native), #{% (hometown), R % (hometown), # (hometown), EE (motherland), 8 (colonial), F & (empire), 7 7
(Asia), & (Japan), &= (China), lol% (Asia), Oswed! (China), es (Jew), esp (Jew), pox (homeland), ; (1), Viét: Nhat (Japan), Portugués: qué (homeland).

Model Group Neuron Top Tokens
Asian MLRvﬁsx Japanese, Korean, Kol, Japan, Kor, Kaz, Sak, Taiwan, Korea, Nak, Kur, Kom, Bangl, Pakistan, Kab, Kon, Pak, Tibet, Ku, Asian
MLP.vi2,;  Black, black, Black, black, blacks, #&, &, Negro, BL, blk, African, BL, uep, Afr, Dark, u, dark, Yep, nex, =
Black MLP.v§3.., Black, black, Black, black, blacks, &, BL, &, BL, Negro, blk, uep, dark, African, Afr, £, nek, dark, Yep, u
Mistral-7B MLPN%%IM‘ black, black, Black, blacks, Black, white, 2&, white, whites, African, &, Negro, H. Afr, White, White, BL, uep, Af, brown
Middle East MLP,v}fgn Jewish, Jews, Jerusalem, Israel, Israeli, JS, js, JavaScript, JS, Palest, JSON, JSON, js, json, Json, json, ajax, Palestinian, javascript, jQuery
MLP.V%.SZ’D3 Mediterranean, Turkish, Egyptian, Turkey, Israeli, Iran, Jordan, Israel, Arab, Egypt, Palestinian, Iraq, Tur, Leb, Greek, Jerusalem, Saudi, Gulf, Arabia, Palest
Native Am. MLRV%,'““ imperial, fasc, Imperial, colonial, militar, Kent, /*#%#%**/ colon, popul, racist, gent, antal, neo, provinc, Emitter, colon, carriage, TES, omena, ounds

MLP.v3),0; native, native, Native, Native, nat, ind, ab, igenous, Ma, nat, Ab, Ma, abor, Nat, primitive, Nav, born, Mas, nav, Ab

Table 12: Full top-20 tokens for race-encoding neurons in Mistral-7B (ToxiGen). Translations: 2 (black), & (black), uep (black),
4 (ch), Yep (black), nex (lek), = (black), B (white).
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Model Group Neuron Top Tokens

MLP.v3%,,  Chinese, China, Chinese, China, chinese, china, -China, Beijing, FE, Cin, £, Shanghai, R, china, ;sz, FIE, Zhang, Jiang, Tencent, Guang

Asian MLP.v,0,  Li, yuan, Dong, Huang, Liu, Wang, Chen, Yang, Tian, Zhou, Ding, Wu, dong, dong, Feng, wang, Zhang, Qin, Jiang, Guang

MLP.v{0ss  East, East, EAST, Eastern, east, -East, eastern, 3, Eastern, east, 7R, -east, 3, Dogu, %, Dong, G,z vych, Bocr, orient
Latino MLP.v33,,  Spanish, Hispanic, Spanish, spanish, Mexican, Argentine, Santiago, Mexico, Puerto, Madrid, pesos, Chavez, Ecuador, Spain, Juan, Hispan, Colombian, Hispanics, Carlos, Chile
Native Am. MLP.v¥%,;  colon, Colon, Colon, colon, colonial, Colonial, colonization, colonies, Colony, colony, Colonel, 5. olon, icolon, Colin, OLON, kol, COL, -Col, colore

Llama-3.1-8B e 5 - "
MLP.vilgs  native, energy, Energy, native, energy, Native, Native, -native, Energy, natives, _native, .native, _energy, -energy, supply, B8, culture, /native, nice, Higher

MLP.v‘,“,’Dm Arab, Middle, arab, Arabic, Arabs, Middle, Arabian, Arabia, Saudi, Yemen, Egypt, Cairo, Palestinian, Bahrain, Kuwait, Egyptian, Saudi, Riyadh, ¢, Libya
MLP.v3)

2750
30
Black MLP.vTig;

MLP.v#,;  African, african, Africans, Africa, Africa, afr, Afro, Afr, frican, negro, Af, Afrika, Af, africa, Negro, blacks, black, af, frica, Blacks

Middle East

Islamic, Islam, Islam, Arabic, Islamic, mosques, mosque, Muslim, Muhammad, Muslim, Muslims, Abdullah, Mosque, Quran, Islamist, Mohammad, Ramadan, isl, myc, muslim

Mississippi, Jamaica, Jama, Caribbean, Louisiana, Trinidad, Haiti, LSU, Ghana, Hait, Baton, Harlem, Nigeria, negro, Negro, Jazz, Bahamas, Memphis, Nigerian, Zimbabwe

Table 13: Full top-20 tokens for race-encoding neurons in Llama-3.1-8B (ToxiGen). Translations: FIE (China), B (China),
H[E (China), Usz (China), Cin (China), = (China), R (East), 7R (East), Dogu (East), Dong (East), ;. (East), vych (East), ocr (East), 5 (colonial/colonize),
BEJR (energy), —,¢ (Arab), myc (Muslim).

Model Group Top 20 Tokens
‘White B, generado, -Nazi, ksam, onn, pl, owl, ucas, *&, "#{, .toByteArray, EXTENSIONS, avras, onFailure, 8, ski, Nederland, ¥i&, Luft, Ski
Qwen2.5-7B Asian Asian, Asian, Asians, Asia, 3, Asia, asia, Asi, 7 7, asiat, asian, fill, Taiwan, Singapore, . Singapore, Tai, Canton, Taiwanese, pakTu

Black/AA  african, African, 3, -AA, Africans, Africa, ienda, Africa, 3. ), JE, mongo, /black, aina, AA, .BL, .Black, .Mongo, Afro, Nigerian, Black

White ogle, ASC, cip, Kurt, heid, unichst, kle, p, criptor, 6r, NOP, och, zym, hid, eu, cow, ci, zens, vas, awa
Mistral-7B Asian Asian, Taiwan, Japanese, Hong, Malays, Japan, Singapore, Chinese, Malaysia, Pak, Indones, Korean, Tai, Asia, Philippines, Philipp, Tokyo, Tok, jap, Sri
Black/AA  African, Afr, Africa, blacks, Niger, Jama, Negro, Nigeria, Black, Af, ament, slavery, sist, black, external, external, Af, AA, lando, slave
‘White ithe, lan, Fres, ycz, hs, Wake, Bread, bread, itra, bairro, Fans, 1, Josh, wie, Jackets, 7, Marina, yi, Josh, avan
Llama-3.1-8B Asian Asian, Asian, Asians, asian, Indonesian, Asia, Taiwanese, Asia, asiat, Vietnamese, Japanese, Korean, Oriental, Malaysian, Buddhist, M, orean, Filipino, Chinese, Indones

Black/AA  black, African, Black, african, black, frican, Afro, /black, negro, Negro, &, blacks, BLACK, zwarte, /&, Black, .Black, _black, Africa, Africans

Table 14: Full top-20 probe token projections for C-REACT direct mentions (explicit race/ethnicity). Translations: &
(white), generado (generated), $& (money), Nederland (Netherlands), $¥3i& (good luck), Luft (air), JLil (Asia), 77 < 77 (Asia), fill (Shantou), fH (ship), paxTu
(practice), JEM (Africa), 290+l (black), JE (malaria), unichst (initially), p (th), 6r (or), cf (here), zens (citizens), bairro (neighborhood), ¥ 7 (Geo), yu (gi), &
(black), zwarte (black).

Model Group Top 20 Tokens
White RaisePropertyChanged, Russian, S Z #ff, #, 15, ocaly, Russia, _backward, Kremlin, Russian, *)((, .defaultValue, RU, russian, egrator, ipsis, Rad, UCE, abis, ENCIL
Qwen2.5-78 Asian .Dao, £ A, Chinese, I, .insertBefore, Xia, chinese, ettel, Chinese, Tibetan, China, Wong, /apache, £, dao, dx, Z}, Jun, utenant, stylesheet

Black/AA  Hait, Haiti, Tropical, )__, eneg, %;”, ($., 3&, %;">, &, tropical, 3%, |, .iterator, ¥, %;”>, 1/, loo, estring,

White Moscow, Russian, Ukrain, Ukraine, Russians, Polish, Ukr, Russia, vod, Soviet, Vlad, russ, Kaz, Bulgar, Lieutenant, Mik, icz, Roma, dou, Serge
Mistral-7B Asian Korea, Korean, Asian, trag, apis, Shan, Vietnam, gram, sg, apore, ga, Aires, Assembly, WD, lag, Nor, Viet, Schw, gan, cent

Black/AA  Caribbean, Jama, Braz, Af, Cuba, Niger, Nigeria, Cub, Bah, Sao, Core, Currency, Bras, island, Hy, hur, Curt, Af, Brazil, mont

White Russia, Kremlin, Russian, Russians, Putin, Moscow, Ukraine, Putin, Ukrainian, Russian, Russia, Ukrain, russian, Rus, Belarus, Rus, russe, russ, Kiev, Rusya
Llama-3.1-8B Asian Cambodia, Asian, Chung, Cheng, Chinese, Camb, Kang, wang, Chinese, chinese, Buddhism, asian, Hong, Bangalore, Buddhist, Bang, Asian, Malaysia, Korean, epr

Black/AA  Hait, Haiti, Caribbean, Maurit, Dominican, Bahamas, hait, Cre, Cre, Jama, ibbean, Trinidad, ingt, Jean, Cameroon, Frangois, Maurice, Jean, auka, Santo

Table 15: Full top-20 probe token projections for C-REACT indirect mentions (language/country). Translations: S
(Russia), # (yuan; Chinese monetary unit), 15 (plaster), £ A (ethnic Chinese), I& (ridge), Z£7 (South China), Z} (went), 3H (clay),  (comet), 3% (vast number),

] (tropical), Sdo (Saint/Sao), Rusya (Russia), epr (erg), aHka (anka).
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Model Group Neuron Top 20 Tokens

MLP.v3iss, S, Dutch, French, 3A[E, BAF, Italian, German, =, France, British, Belgian, European, Britain, Germany, f8[E, Spanish, Italy, Spain, BUM, French
660 German, JIBRTT, KA /. 78, German, Germany, Germans, EU, {8 =, euro, €, KA, Germany, Swiss, BA7T, Euro, Dutch, I L, BX, Switzerland

§ UEFA, #iF178, Mediterranean, Cyprus, Pane, Roman, X2, Euro, Roman, chalk, #5Bg, Europe, UES, Rom, %5, EU, Kn, Europe, 1%, 1%

fod, ], [J>, sterdam, U, Spain, Gaines, Spain, EGAIBY, , WRITE, 22, europe, <!-[, Je@”, 7, PAUESF, IMPORTED, euros

106 TERZ, Japanese, BN, Japanese, Japan, Japan, HZS A, Tokyo, japan, 7R, €&, HE, japanese, japon, Nhat, Tok, Hiro, HZ5®, Osaka, jap

-0 ), &, 1%, habit, )15, BY>JT, habitual, Habit, & 18, habit, habits, accustomed, SEF, TR 7, | TR0, SIS, SHEFER, 260

Asian, Asian, YU, Asia, Chinese, Asia, Chinese, China, ENFZ, Indian, India, India, Asians, China, Indian, chinese, JHEd, Oriental, Japanese, asian
Asian, I, Asia, Asian, Asians, Asia, asian, asia, 7> 7, IF, &2, Asi, asia, asiat, asi, JLK, (0tf, _As, asi, AS

Chinese, Italian, Chinese, Irish, Italian, Asian, Japanese, chinese, Mexi . Korean, German, Greek, Asian, Portuguese, Latin, Indian, African, German, italian
TN, Asian, Asia, Asian, Latin, BX, Asia, I, B, JEM, ZR0F, Southeast, Europe, i J , European, 2R dL, /M, 7 < 7, Euras, Asians

Asian V2029 Chinese, China, China, Chinese, chinese, china, china, RE], FFEH, -China, 33, Js s ). FE. Asian, {EPE, k& P&, I, FFE. Asian, Asia
s racial, racially, racist, FRH, racism, racial, Harlem, segregated, segregation, Rac, interracial, Ethnic, Afro, hetto, ethnic, rac, Interracial

01s I, CIX, oix, 1, (ctx, Ken, Ken, Ctx, Cape, _ctx, .ctx, ctx, ji, _CTX, F33F, context, CTX, Kenya, |t, context

black, &, black, Black, Black, 28, -black, BLACK, BLACK, _black, blacks, .black, /black, 77 77, Black, 7&, FEH, BLACK, blacklist

506 Ken, Ken, 5, Nam, Liber, Bot, Tanz, Burk, Bur, Chad, ken, 3%, Nam, Kenya, Ug, Jordan, ken, Maur, Per, Jordan

261 ==, black, black, B8, Black, -black, Black, _black, .black, dark, 3, BLACK, /black, 22Bg, blacks, .Black, BLACK, den, darken

$ T black, 28, Black, Black, black, -black, BLACK, BLACK, /black, blacks, _black, dark, Blacks, Dark, blacklist, 2B, &, .Black

230 AL af, IE7W, AT, African, slave, AF, Africans, AF, african, slavery, SR, 3%, slaves, Slave, slave, Afro, Slave, Africa, afr

SE. African, Africa, Africa, Africans, african, Ghana, Nigerian, Nigeria, afr, Kenya, Nairobi, Niger, -Saharan, Nd, Tanzania, Uganda, africa, Nz, Lagos.

White

Qwen2.5-7B

Rlack/A - 10739

England, France, Europe, Switzerland, Britain, Holland, Spain, Australia, Espaiia, Austria, Germany, Denmark, Francia, Canada, Europa, America, Wales, D Belgium, Sweden
€, €, Finn, Mcditerrancan, Belgium, Ttaly, Finland, Belg, Luxem, Netherlands, Milan, Ttalian, Portugal, Denmark, Czech, Madrid, Norway, Sweden, Spain, Amsterdam

European, Bu, Europe, Europe, EU, eu, Europ, Euro, europe, eu, Europa, europ, Espo, urope, UEFA, €, urop, ., €, Bpo

F ia, Michigan, Kansas, Phi ia, Verm, ahl, Detroit, rus, muki, zel, Vic, Buc, ru, dispos, Hein, gotta, xa, una, anne, onic

White V12760

Japanese, Korean, Kol, Japan, Kor, Kaz, Sak, Taiwan, Korea, Nak, Kur, Kom, Bangl, Pakistan, Kab, Kon, Pak, Tibet, Ku, Asian
Japanese, anime, Japan, Tokyo, jap, Jap, Korean, oji, apan, Tok, Asian, Taiwan, Israeli, Chinese, Korea, Indones, aku, Viet, Sak, oshi
V51 Wil, mal, Mal, Ker, Mal, mal, Malays, Malaysia, ker, <\, $\, -\, $|\, Carm, ($\, A, mals, -\, +\, >\

MLP.vi0y,  asis, asi, Ash, lic, ox, Asia, yk, ke, ash, ym, as, ass, Async, is, cper, ob, ash, ck

MLP.v32,,  Black, black, Black, black, blacks, 2, £, Negro, BL, blk, African, BL, sep, Aft, Dark, 4, dark, Yep, ek, £

MLP.v3l,; African, Africa, Afr, Niger, A¥, frica, Kenya, Af, Nigeria, fr, Negro, af, Afghan, blacks, FR, airo, Caribbean, Johannes, N, Jama
Black/AA “MLPi0ys _ Alvican, Africa, Afr, AT, AT, Asian, fr, Niger, Aaron, Afghan, Kenya, frica, af, AF, Mexican, AF, European, Nigeria, af, Egyptian

MLP.v}J.;, Black, black, Black, black, blacks, 2, BL, &, BL, Negro, blk, uiep, dark, African, Afr, =, niek, dark, Uep, 1

MLP-v73,55  black, black, Black, blacks, Black, white, 2, white, whites, African, B, Negro, H, Afr, White, White, BL, uep, Af, brown

Mistral-7B Asian

White MLP.v}ly,  White, white, White, white, WHITE, -white, F§, WHITE, _white, .White, whites, H, .white, _\WHITE, Whites, beyaz, :white, tring, ss3_., .-WHITE
MLPyv32,,  Chinese, China, Chinese, China, chinese, china, -China, Beijing, &, Cin, 3, Shanghai, [, china, sz, FEl, Zhang, Jiang, Tencent, Guang
Asian MLP.v{l,q Li, yuan, Dong, Huang, Liu, Wang, Chen, Yang, Tian, Zhou, Ding, Wu, dong, dong, Feng, wang, Zhang, Qin, Jiang, Guang
Llama-3.1-8B MLPVZ),,  Asia, Asia, Asian, Asian, asia, continent, Africa, continental, asian, Africa, asia, Asians, Continental, Y, Asi, Europe, Continent, Latin, asi, Europe

MLP.v)y,  Mississippi, Jamaica, Jama, Caribbean, Louisiana, Trinidad, Haiti, LSU, Ghana, Hait, Baton, Harlem, Nigeria, negro, Negro, Jazz, Bahamas, Memphis, Nigerian, Zimbabwe
MLP.viJss  black, Black, BLACK, Black, black, /black, BLACK, -black, 7, blacks, _black, Black blacklist, &, Blacks, .black, %, Blackburn, _BLACK, blackout

MLP.vi3506  African, african, Africans, Africa, Africa, afr, Afro, Afr, frican, negro, Af, Afrika, Af, africa, Negro, blacks, black, af, frica, Blacks

MLP.vig,,  tropical, jungle, Tropical, Jungle, jung, ropical, trop, Fiji, Belize, mango, Congo, Jama, Caribbean, Hait, Honduras, Mango, BSON, Haiti, Safari, Jamaica

Black/AA

Table 16: Full list of race-encoding neurons identified from C-REACT direct mentions. Translations: ZEE (UK), 3%
(France), EAF (Italy), ff= (Netherlands), 2E (Germany), BXiM (Europe), J5 R TT (ten-thousand euros), K -7 *Y (Germany), BRE& (EU), BXTT (euro), ¥t
(Switzerland), BX (Europe), #171% (Mediterranean), 5 (Greece), 5 (Rome), 18 (0ak), i (soar), U (yes), LLFIBT (Belgium), (subsetneq), 7% (show), FEHE
ZF (Spain), 7E B2 (in Japan), HZs (Japan), BZ4s A (Japanese), ZR R (Tokyo), & & (Japan), HE (Japanese army), Nhat (Japan), HZs®D (Japan), 3 (Xi), B (Xi),
18 (habit), )18 (habit), BISJ18 (habit), B'& (habit), SJITF (Xi Jinping), SR T (used to), & (habit), SJIF (Xi-), 185 (convention), & (custom), ST E
(Xi Jinping), P18 (general secretary), Il (Asia), ENEE (India), & (China), IF (Asia), 38 (Asia), I K (Asia-Pacific), Loit (Asia), ZRI (East Asia), BN
(Europe), JEM (Africa), I T (Latin), ZREIIL (Southeast Asia), =il (Americas), 77 < 7 (Asia), FE (China), FEIRY (China), &= (China), s e ) (China), 7E
H[E (China), A E (China), FHF[E (China), Fi& (race), BI3E (South Africa), 2 (black), & (black), 75 v 7 (black), 2 (black), ZH (black-and-white),
B (Ken), 5% (praise), 5 (dark), den (black), IEIH (Africa), IR (slave), ¥ (slave), Espo (Euro), (Euro), Bpo (Euro), nuku (niki), 2 (black), uep (black), u (ch),
Yep (black), ntek (lek), = (black), B (white), beyaz (white), tring (white), s . (white), F[E (China), HEd (China), ;sz (China), Cin (China), = (China), I
M (Asia).
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MLPy2y,  Maryland, P ia, Baltimore, Ohio, Wisconsin, Maine, Mi Illinois, Pittsburgh, Iowa, Ohio, C icut, Phi ia, Chicago, Michigan, Milwaukee, Nebraska, Detroit, Seattle, L 75%
MLPZ,  LUESY, Tsracl, Jerusalem, Isracl, Isracli, Noah, Hebrew, Zion, Moses, -Isracl, Palestine, Isracli, Israclis, Biblical, biblical, Zionist, Luke, Palestinian, Jer, Nathan
MLP.35,5_ Ohio, Columbus, sz, Cleveland, Ohio, (sz, sz, #13L, BN, Sz, Sz, 3. LR, BN, SZ, Cincinnati, #i, _sz, Akron, Croatian
White MLPviZg5 German, JTBATT, F AV, %8, German, Germany, Germans, EU, {91 =, curo, €, BAEH, Germany, Swiss, A7, Euro, Dutch, Ik, BX, Switzerland
MLP.v3),, k. Jew, Jewish, %, Jews, Judaism, es, jewish, Juda, Hebrew, esp, IAE851], Israel, kosher, synagogue, -J, ewish, jew, Rabbi, Israeli
MLP.v3%, P Rus, Russ, RU, rus, Russians, Russ, Russia, Russian, russe, B¢ 11, russ, Russo, . ZHEL Mos, Russia, Moscow, -Russian, RU
MLPy7};;  UEFA, 38575, Mediterrancan, Cyprus, Pane, Roman, K&, Euro, Roman, chalk, #5B8, Europe, UES, Rom, % 55, EU, Kn, Europe, 13, H&
MLP.vZ,, Ukraine, 3, 353=, Russia, Ukrainian, Russian, 4% B, Ukrain, k3, 5352, Russia, war, Russian, -Russian, /958, russian, Russo, Conflict, conflict, 2
Qwen2.5-7B MLPy2,,, TEEZ, Japanese, 17K, Japanese, Japan, Japan, BIZE A, Tokyo, japan, 5T, 2, HF, japanese, japon, Nhat, Tok, Hiro, 1250, Osaka, jap
MLP.vZi,; _ Asian, Asian, I, Asia, Chinese, Asia, Chinese, China, EPZ, Indian, India, India, Asians, China, Indian, chinese, FFEJ, Oriental, Japanese, asian
MLP.v3], M, Opcode, (equalTo, Singapore, Singapore, *).”, wi¢. (defvar, tp, Jla, Hoso, yne, (Is, Tah, 75 7, établissement, airobi, I, 1
Asian MLPvaos  Jodl, olJ) Malays, Indones, protester, HitpMethod, Zambia, lsz ), Rodrig, Taiwanese, 22, Jama, BIL]_, 5, ), Karnataka, UserDao, Rousse, BG, african
MLP.35gsy _chop, Conf, Mand, Canton, ZA, mand, Dragon, Chop, Dragon, Conf, mand, dragon, Cant, dragon, Fu, Portsmouth, Bruce, Cath, 6%, Fuk
MLPv3, W, Vietnam, EE Viet, Nguycn Viet, Victnamese, .vn, Ho. Ph. Vu, Tran, viet, mﬁ, Ph, D.cn,m anh,
MLPV2 0 &, Asian, Asia
Black/aa PVl .
MLP-v3};59  3EM, African, Africa, Africa, Africans, african, Ghana, Nigerian, Nigeria, afr, Kenya, Nairobi, Niger, -Saharan, Nd, Tanzania, Uganda, africa, Nz, Lagos
MLP.vi3,,  Russian, Vlad, Moscow, Soviet, Russia, Ukrain, Russians, Ukraine, Czech, Ukr, Bulgar, Slov, vod, Cz, Aleks, Serge, sov, russ, Polish, Stalin
White MLPyL;;  Russell, Rus, Russ, Russian, rus, Russia, russ, Russians, Soviet, Moscow, pyc, rust, rus, rust, py. sov, Rug, Rud, ruin, Ruth
Mistral-7B MLP.vi0;;  Russell, Russ, russ, Russian, Rus, Russia, Russians, rus, rus, Moscow, pyc, Pocci, Poccii, uss, Soviel, ussia, ussian, Vlad, USS, sov
MLP~3),  Italian, Ital, Italy, ital, italien, Italia, italiano, ital, Giovanni, Francesco, Carlo, Gian, Sic, Gi, IT, Milan, Serie, acci, Giov, IT
Black/AA MLP.v3},,  African, Africa, Afr, Niger, Af, frica, Kenya, Af, Nigeria, fr, Negro, af, Afghan, blacks, FR, airo, Caribbean, Johannes, N, Jama
MLP.y#5;  Russian, Russians, Russia, Russian, Moscow, Soviet, Russia, -Russian, Putin, russ, russian, Kremlin, £, russe, Russ, USSR, Russell, .ru, Vladimir, Sergei
White MLP.v{7,59  Baltic, Sloven, Celtic, Gron, Flem, Slovenia, Austria, Sch, L Monaco, Gros, Croatia, Naples, Blond, Croatian, Baron, Austrian, Mont, Trent, Malta
MLP.viL;, Russell, Russ, Russ, Rus, RUS, Rus, russ, rus, Russo, Russia, Russian, Rusya, B, Russi
MLPly;  Czech, Hungarian, Boh, Slovak, Budapest, Hungary, Hung, Slovakia, Prague, Poland, polish, Polish, Sloven, Croatian, Krak, lovak, Brno, Slovenia, Romania, Croatia
Llama-3.1-8B Chinese, China, Chinese, China, chinese, china, -China, Beijing, . Cin, 3, Shanghai, FE. china, oz , Zhang, Jiang, Tencent, Guang

Asian Bhar, Bh, Sinh, Nagar, Shah, Muk, Hindi, Allah, Tamil, Gujar, Bollywood, Kh, Dh, Gujarat, Punjab, Kh, Mumbai, Uttar, Jain

MLP235,5 Indian, Indian, Indians, India, indian, India, india, An, Bollywood, sssJ) Indi, Indianapolis, Mumbai, , Hindu, Bombay, Hindi, Hindus, EJ, Delhi

MLP.v&),;  Mississippi, Jamaica, Jama, Caribbean, Louisiana, Trinidad, Haiti, LSU, Ghana, Hait, Baton, Harlem, Nigeria, negro, Negro, Jazz, Bahamas, Memphis, Nigerian, Zimbabwe
Black/AA “MLPvZJ,, _ tropical, jungle, Tropical, Jungle, jung, ropical, trop, Fiji. Belize, mango, Congo, Jama, Caribbean, Hait, Honduras, Mango, BSON, Haiti, Safari, Jamaica
MLPv73s,,  Alfrican, aftican, Africans, Africa, Alrica, afr, Afro, Alr, frican, negro, AT, Afrika, AT, africa, Negro, blacks, black, af, frica, Blacks

Table 17: Full list of race-encoding neurons identified from C-REACT indirect mentions (language/country). Trans-
lations: ;T & (Jiangsu), A5 (Israel), JFRRTT (ten-thousand euros), 1Y (Germany), {2E (Germany), f&f= (Netherlands), K28 (EU), BXTT (euro), It
(Switzerland), BX (Europe), L (Jew), 58§ (Jew), eB (Jew), ep (Jew), fi (Russia), i Z Hf (Russia), f[E (Russia), ZHF} (Moscow), #IF#§ (Mediterranean),
& (Greece), 5 (Rome), 1% (0ak), i (soar), & (Ukraine), B 58 = (Ukraine), & (Ukraine), 52 (Ukraine), /A5 (conflict), #! (land), £ H 2 (in Japan), H
7 (Japan), HZK A (Japanese), R R (Tokyo), €& (Japan), HZE (Japanese army), Nhat (Japan), B2 (Japan), IM (Asia), ENE (India), & (China), Ma
(code), wig (bond), JTa (La), Hoso (Novo), #8F (Hainan), 1% (Penang), T (1), Jl ) (Tue), OeslJl (Mon), lezJl (jihad), el JI (exception), 22 (carriage), NI/~
(factory), Bol (region), T3 (kung fu), 57X (laundry), # (Viet), #7& (Vietnam), FiE (then more), K (bigger), #5F (better), FE (China), FEHY (China),
&= (China), yse! (China), TEHRE (China), RFE (China), HHE (China), IEM (Africa), IR (slave), X (slave), pyc (Russian), py (ru), Poccu (Russia),
Poccun (Russia), italiano (Italian), italien (Italian), Italia (Italy), An (India), s;e )| (India), El (India).
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