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Abstract

The recent rapid real-world adoption of multi-
modal generative artificial intelligence (GenAI)
raises concerns about how social biases en-
coded in language may propagate into visual
generation. In this work, we examine whether
socioeconomic stereotypes, expressed through
occupation and income-related linguistic cues
in prompts, systematically influences skin-tone
representations in text-to-image (T2I) gener-
ation, with a focus on colorism as a visual
marker of social inequality. We first bench-
mark 3 vision-language models (VLMs) and
60 human annotators on the Monk Skin Tone
(MST) scale using the MST-E dataset. We
then conduct a large-scale T2I generation study
in which we systematically vary the linguis-
tic framing of income in prompts describing
210 occupations, producing over 2,500 por-
traits across 3 commercial T2I generators. The
skin-tone audit of the portraits by the best-
performing annotator (GPT-5 mini) reveals
strong color bias: high-income prompts con-
sistently produce lighter-skinned faces, with
prompt constraints only modestly attenuating
this effect. Bias magnitude varies across gen-
erators, with GPT-5 Image-mini and Gemini-
2.5 Flash-Image exhibiting more pronounced
shifts in MST than Grok-2 Image. Our findings
indicate that T2I models encode and amplify
ethnoracialized socioeconomic stereotypes in
language-conditioned image generation, under-
scoring the need for cross-modal fairness audits
and human-centered evaluations.

1 Introduction

Socioeconomic inequalities worldwide are deeply
linked to ethnoracial hierarchies and stereotypes,
which mostly manifest through differences in com-
plexion and phenotype. Colorism—the stratifica-
tion of life chances by skin tone within and across
racial groups—is a pervasive, persistent, and well-
documented social phenomenon. An extensive
body of sociological and economic research reveals

Figure 1: Overview of the experimental pipeline for:
benchmarking VLM & human annotators on Monk Skin
Tone (blue); language-conditioned T2I image genera-
tion (red); auditing skin tone (green); and evaluation of
color bias (gray).

systematic biases against darker-skinned individu-
als leading to worse outcomes in the labor market,
criminal justice, education, health, and more—even
after accounting for family background and for-
mal racial categories (Monk, 2014, 2019, 2021a,b;
Abascal and Garcia, 2022; Bucca, 2024). Studies
using longitudinal and inter-generational data show
that these disadvantages in employment, earnings,
and mobility (Hersch, 2024; Woo-Mora, 2026) ac-
cumulate over time into substantial wealth dispar-
ities (Adames, 2023; Painter and Holmes, 2023).
Work on perceived skin tone within families shows
that even among siblings, darker skin is linked
to poorer educational and marital outcomes, es-
pecially for women (Abramitzky et al., 2023), and
that colorism also has measurable consequences
for physical health and well-being (Monk, 2015,
2021a; Yetsenga et al., 2024). Together, the liter-
ature provides ample (and growing) evidence of
the significant connection between skin tone and
socioeconomic status in human societies.

More recently, the rapid advancement and
widespread application of generative artificial in-
telligence (GenAI) has necessitated accompanying
‘ethics and fairness’ research, showing that these
systems can reproduce and even amplify societal
biases. Deep neural networks, the machine learn-
ing (ML) algorithms or architectures underlying
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modern AI models are trained on large and di-
verse datasets, which also expose them to the biases
and inaccuracies contained within that data (Galle-
gos et al., 2024). Large language models (LLMs)
like the GPTs (Radford et al., 2018; Brown et al.,
2020) have transformed natural language process-
ing (NLP) tasks of machine translation, informa-
tion retrieval, text summarization, speech recogni-
tion, and conversation (Zhao et al., 2023). But they
are known to hallucinate (Zhang et al., 2025; Kalai
et al., 2025) and propagate political, racial, gen-
der, and age biases (Choudhary, 2025; Mirza et al.,
2025), even toxicity and misinformation (Desh-
pande et al., 2023; Maurya et al., 2025).

Multimodal GenAI models that process both text
and images extend these concerns to appearance-
based inequalities present in our society. In com-
puter vision, early audits revealed stark intersec-
tional disparities in commercial face-analysis soft-
ware, with misclassifications highest for darker-
skinned women (Buolamwini and Gebru, 2018).
More recently, vision-language models (VLMs)
such as CLIP (Radford et al., 2021) and text-to-
image (T2I) generative models like Stable Diffu-
sion (Rombach et al., 2022) have been shown to un-
derrepresent marginalized identities, reinforce oc-
cupational stereotypes, and produce homogenized
depictions of race and gender (Baherwani and Vin-
cent, 2024; Luccioni et al., 2023; Girrbach et al.,
2025; AlDahoul et al., 2025; Wilson et al., 2025).
There is already enough evidence that all derived
large VLMs and T2I models, in general, inherit and
express such social bias (See Wan et al., 2024, for
a review). In particular, racial and gender stereo-
types across demographics, occupations, descrip-
tors, and persona attributes have been explored,
e.g., in recent datasets and frameworks such as Sta-
ble Bias (Luccioni et al., 2023), PAIRS (Fraser and
Kiritchenko, 2024), ModSCAN (Jiang et al., 2024),
and ‘unified’ benchmarks (Sathe et al., 2024). Gen-
der roles in the workplace are clearly replicated by
open-source vision-language assistants (Girrbach
et al., 2024) and contrastive vision-language en-
coders (Konavoor et al., 2025). While there are
some studies that address skin tone bias in T2I gen-
eration (e.g., Wilson et al., 2025), most research
focuses on racial categories and its occupational
and demographic aspects (Bianchi et al., 2023; Wu
et al., 2024; Cheong et al., 2024; Wan et al., 2024)
rather than socioeconomic status or perceptions
of income & wealth arising from the skin color
spectrum.

In this work, we ask whether commercial VLMs
and T2I generative models perpetuate and replicate
ethnoracial socioeconomic stereotypes when cat-
egorizing and generating images of human faces.
Specifically, we examine how prompts describing
high versus low income levels, when paired with
occupational descriptors, systematically shift the
skin tone of generated human faces—a pattern that
would echo well-documented real-world gradients
of colorism. To investigate this question, we bench-
mark human annotators and multiple VLMs on
skin-tone classification using the Monk Skin Tone
(MST) scale (Schumann et al., 2023), generate over
2,500 occupational portraits across three major T2I
generative models, and use a high-agreement small
VLM as a consistent perceptual auditor.

Our results show robust evidence of socioeco-
nomic stereotype propagation in T2I generation.
Across models, higher-income prompts consis-
tently yield lighter-skinned portraits, while lower-
income prompts produce darker-skinned ones. A
higher degree of prompt control attenuates but does
not eliminate the effect, and within-occupation
comparisons confirm that income alone drives sys-
tematic skin-tone differences. These findings in-
dicate that T2I models implicitly encode racial-
ized socioeconomic priors, mapping linguistic sig-
nals of affluence onto lighter skin. Bridging in-
sights from social-science research on colorism
with multimodal bias auditing, we argue that such
cross-modal stereotype propagation poses signifi-
cant risks in socially consequential domains such as
hiring, education, and digital identity verification.

The paper is organized as follows. After this
introduction (Sec. 1) that provides motivation for
the presented work and places it among relevant
literature, we elaborate the three-stage empirical
pipeline implemented in this study—including
details of the scales, models, prompts, and metrics
(Sec. 2). The resulting output and analysis in
terms of the evaluation metrics are subsequently
reported (Sec. 3). We conclude the paper with a
discussion (Sec. 4) and a summary of limitations,
with directions for future work. Additional
analysis is provided in Appendix A. For the
implementation details of the project, follow
https://github.com/RajGM/EACL_VLM_Paper.
The generated image dataset can be found at
https://drive.google.com/drive/folders/
1pXSv8lFTmacM_kPHM0HbpbaVHL9vY9YB?usp=
sharing.
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2 Experimental Methodology

Our study evaluates whether multimodal GenAI
models internalize and reproduce ethnoracial so-
cioeconomic stereotypes when generating images
of human faces from text prompts. Our approach
is experimental, in three stages, as follows: 1)
benchmarking VLMs and humans for skin tone
annotation, 2) simulating income-conditioned oc-
cupational image generation by T2I models, and 3)
auditing generated images using the best VLM clas-
sifier. Figure 1 illustrates the experimental frame-
work of this paper.

2.1 Benchmarking Skin Tone Classifiers

Skin Tone Scales Quantifying colorism in
GenAI models requires robust measures of skin
tone in ML pipelines. The pioneering ‘Gender
Shades’ study (Buolamwini and Gebru, 2018) uti-
lized the Fitzpatrick Skin Type (FST) classifica-
tion system (Fitzpatrick, 1988), a 6-point scale
that had been the dermatologist-approved ‘de-facto
tech standard’ for categorizing skin tone. How-
ever, since it is based on the self-reported reactivity
of (primarily white) skin to ultraviolet A radiation
(i.e., tanning, sunburn), it is known to be an inac-
curate measure of skin phototypes and skewed to-
wards lighter skin tones (Gupta and Sharma, 2019;
Howard et al., 2021). Therefore, even in clinical
and cosmetic applications, FST is nowadays paired
with more objective scales such as the Individual
Typology Angle (ITA) measured by CIELab col-
orimetry (Chardon et al., 1991; Osto et al., 2022).

While alternatives such as the New Immigrant
Survey (NIS) scale provide a simple, more in-
clusive 11-point light–dark continuum that is
interviewer-rated and agnostic to clinical phototype
(Massey and Martin, 2003), they lack grounding in
color science and are not optimized for computer-
vision applications. Further, the latest “colorimetric
scale for skin of color” (Cohen et al., 2023) may
help clinicians in non-ethnoracial classification and
treatments of darker-skinned patients, but its 5 col-
ors exclude lighter skin tones. On the other hand,
in the cosmetic industry there could be more than
40 shades (e.g., of foundation; L’Oréal, 2024) for
granulating skin color, which is excessive for ML
use cases from both practical and statistical stand-
points—e.g., human annotators can not reliably
distinguish subtle skin tone variations in images
captured in poor lighting conditions.

Figure 2: MST scale: orbs and swatches, representing
skin tone variations from 1–10 (Monk, 2019).

Monk Skin Tone Considering these limitations,
we choose the MST scale1 as a balanced, per-
ceptual, and practically annotatable representation
of a broad range of human skin tones for socio-
technological applications. The 10-point scale and
the exemplar dataset (MST-E)2 were developed pre-
cisely to address the issues of fairness in ML sys-
tems viz. skin tone bias in image annotation (Monk,
2019; Schumann et al., 2023). The scale defines 10
skin tone categories represented by exemplar color
patches (spherical orbs or flat swatches; see Fig. 2).
The MST-E dataset consists of 1515 images and 31
videos of 19 human subjects photographed in dif-
ferent lighting conditions, facial expressions, and
poses. Their skin tone spans the full MST scale,
and they come from varied ethnicities and gender
identities. We use the MST resources as intended,
i.e., providing an “illustrative reference” to (human
or VLM) annotators to assess & label skin tone
(1–10) of the people depicted in the images.

Skin Tone Classifiers We start by evaluating 3
state-of-the-art VLMs on the MST-E benchmark:

1. Google gemini-2.0-flash-lite-001,

2. OpenAI gpt-4o-mini, and

3. OpenAI gpt-5-mini

All models were accessed programmatically via
Python using OpenRouter3, an API aggregation
service that provides a unified chat-based inter-
face to multiple commercial VLMs. We used the
providers’ official model identifiers and default in-
ference configurations. Each model query con-
sisted of two images (the MST scale orbs and an
MST-E image) and a standardized textual prompt,
and all model outputs were textual—particularly,
the predicted MST label of the MST-E image was
recorded as an integer 1–10 (See Fig. 3). To as-
sess robustness to stochastic decoding, we ran three

1https://skintone.google/
2https://skintone.google/mste-dataset
3https://openrouter.ai/docs
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independent passes per model, each querying the
full dataset. Not all model queries resulted in valid,
parseable MST predictions due to refusals, empty
responses, or malformed outputs. Such cases were
excluded from evaluation on a per-pass basis. As
a result, the effective number of evaluated im-
ages varies slightly across models and passes (e.g.,
1489 per pass for gemini-2.0, fewer for gpt-4o).
These exclusions correspond to missing predictions
rather than incorrect predictions.

In parallel, we conducted a human annotation
study to establish a perceptual baseline. An anony-
mous, web-based survey was distributed via QR
codes placed in the TU Munich main library and the
TUM School of Social Sciences and Technology
building. Approximately 210 participants initiated
the survey, of whom 60 completed it in full. The
survey consisted of three passes, each containing
36 images randomly sampled from MST-E. For
each image, participants assigned an MST label
from 1 to 10. No time limits were imposed. Hu-
man annotations were aggregated per image and
evaluated using the same metrics as the model pre-
dictions, enabling direct comparison between hu-
man and VLM performance.

Benchmarking Metrics Let yi ∈ {1, . . . , 10}
denote the ground-truth MST label for image i
and ŷi the predicted label. We calculate mean and
median absolute error (MAE, MedAE), with

MAE =
1

N

N∑

i=1

|ŷi − yi|. (1)

In addition, we evaluate agreement under a
coarse-grained 3-bucket scheme: Light (1–3), Fair
(4–6), and Dark (7–10), reporting 3-bucket accu-
racy (Acc3). To account for chance agreement,
we measure the inter-rater reliability by Cohen’s κ
(Cohen, 1960) between predicted and ground-truth
buckets,

κ =
po − pe
1− pe

, (2)

where po and pe denote observed and expected
agreement, respectively. All metrics are computed
per pass and averaged across passes and classifiers
to ensure fair comparison despite unequal sample
sizes. The best-performing model is selected as the
automated skin-tone auditor for subsequent analy-
ses (see Sec. 3 for results).

Figure 3: Flowchart showing one step of the process
to evaluate VLM and human annotators on the MST-E
benchmark; iterates over a subset of images in the MST-
E dataset. [Image and logo credits: Google, OpenAI]

2.2 Generating Language-Conditioned
Images

The core of our study was generating images of
human faces from textual prompts in professional
settings with linguistic cues about income back-
ground or social status. For this experiment, we ran-
domly selected over 200 occupations from ISCO-
08 (ILO, 2008), spanning a diversity of skill levels
and socioeconomic associations. Further, we used
national occupation classification databases of sev-
eral “western” and “Asian/African” countries to
rewrite (some of) the occupation titles to their spe-
cific local variants (e.g., “boda boda driver” instead
of “chauffeur”). This adds demographic-related
linguistic cues into the generation process, making
the ‘lighter versus darker’ dichotomy more distinct.
The final vetted list consists of 210 occupations.

Prompt Design For each occupation (O), we
frame 4 prompt variations based on the levels of

a) Income (I) = high (H) or low (L), and

b) Constraint (C) = uncontrolled (0) or Con-
trolled (1), yielding the following templates:

Prompt [O][I]0:

A hyperrealistic portrait of a [Occupa-
tion] from a [Income] income family, fac-
ing directly toward the camera for a gov-
ernment ID card photo, do not have any
text on the photo.

Prompt [O][I]1:

A hyperrealistic portrait of a [Occupa-
tion] from a [Income] income family,
facing directly toward the camera for
a government ID card photo, without
makeup, neutral expression, plain back-
ground, photorealistic. Do not include
other people, do not have any text on the
photo.
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Figure 4: Collages of images generated by the three T2I
models from the prompt templates, for two occupations
[O] = driver and barista. Top and bottom rows in each
collage represent the results for high- and low-income
[I] prompts, respectively. Columns show the prompt
variation used ([C] = 0 for ‘uncontrolled’ and 1 for
‘controlled’). The orbs showing respective MST colors
and labels were overplotted after VLM-auditing of the
generated images. This generation-auditing process
iterates to produce 210 such collages. [Logo credits:
Google, xAI, OpenAI]

Here, [Occupation] is replaced by one of 210
professional titles like “accountant” and [Income]
is either “high” or “low”. The prompt control
(0 or 1) enforces tighter visual constraints to test
whether linguistic (income) cues alone drive vi-
sual disparity. The term “controlled” merely lim-
its the compositional degrees of freedom of the
generated image, rather than to explicitly instruct-
ing the model to avoid or correct for bias. Each
prompt condition is thus identified by the pair
(I, C), with I ∈ {H,L} and C ∈ {0, 1}, for a
given [O] ∈ {001, 002, ..., 210}.

Image Generation Models The prompts serve
as input to multimodal GenAI models that produce
images as output. In this study, we evaluate three
state-of-the-art commercial T2I models for image
generation. All models were queried via Python
from their public image-generation APIs using a
chat-completions interface, official model identi-
fiers, and default inference settings. These were:

1. Google gemini-2.5-flash-image

2. xAI grok-2-image-1212

3. OpenAI gpt-5-image-mini

Gemini 2.5 and GPT-5 were accessed via the
OpenRouter API, while Grok 2 was accessed di-
rectly through xAI’s public API using an OpenAI-
compatible client interface.4

Each model generates 840 images (210 occu-
pations × 2 income levels × 2 prompt variations),
yielding 2520 outputs. We name them in the pattern
[model]_[occupation]_[income]_[prompt], where
we will refer the models with shorthands ge, gr,
and gp, respectively. For example, ge001H0 refers
to Gemini’s image of “... a accountant from a high
income family, ....” (uncontrolled prompt). After
filtering out 2 failed generations and 13 invalid (no
face, non-human) generations, 2515 usable images
remain in the sample for further analysis. The gen-
eration process is summarized in Fig. 4 along with
a sample of images generated by the 3 models for 2
specific occupations across all 4 prompt variations.

2.3 Auditing Skin Tone
Skin Tone Labels Each valid model-generated
image is passed as an input to gpt-5-mini, the
“best-performing” annotator identified in Sec. 3.1,
which assigns a skin tone label on the 10-point
MST scale following the same inference pipeline
as shown in Fig. 3. The resulting output v ∈
{1, . . . , 10} is treated as an ordinal measure in all
fine-grained analyses reported in this work. We
also report results under a coarse binarization of
the MST scale:

light = {1, 2, 3, 4, 5}, dark = {6, 7, 8, 9, 10}.

This 2-bucket binning follows prior fairness
work (such as Buolamwini and Gebru, 2018), and
is included as an auxiliary analysis to facilitate
high-level comparisons and distributional analysis.
It reflects coarse boundaries of perceptual bias in
human judgment.

Evaluation Metrics For each model and each of
the four prompt variants, we compute:

1. Skin tone distribution as a) percentages of
light versus dark skin tones within each
bucket, and b) fractions of portraits under each
of the 10 MST labels.

2. Income effect with a) The group mean differ-
ence:

∆income = H̄ − L̄ (3)
4https://openrouter.ai https://api.x.ai
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where H and L denote the sets of MST val-
ues corresponding to high-income and low-
income prompts, respectively.

b) Cohen’s d: The difference is normalized by
computing an equal-weighted pooled standard

deviation, σpooled =
√
(σ2

H + σ2
L)/2, giving

us the standardized effect size (Cohen, 1992):

d =
∆income

σpooled
. (4)

The sign of d captures the direction of the
income effect, with negative values indicating
darker skin tones for low-income prompts;
while its magnitude reflects the strength of the
income–MST association relative to within-
group dispersion.

c) Pearson’s r: The point-biserial correlation
between income indicator (yi : 1 = high, 0 =
low) and MST score (xi) defined as (Rodgers
and Nicewander, 1988):

r =

∑
i(xi − x̄)(yi − ȳ)√∑

i(xi − x̄)2
√∑

i(yi − ȳ)2
. (5)

This complementary measure captures the lin-
ear association between income conditioning
and perceived skin tone across all samples,
without explicit group-wise aggregation.

3. Prompt-constraint effect similarly defined as

∆prompt = C̄ − Ū (6)

with C and U denoting sets of MST values
obtained from controlled and uncontrolled
prompts, respectively.

4. Interaction effects to examine whether income
effects differ across prompt constraints. With
the income differences calculated separately
within controlled and uncontrolled prompts:

∆C = HC − LC , ∆U = HU − LU , (7)

where HC and LC denote the sets of MST
scores generated from high- and low-income
prompts under controlled conditions, respec-
tively, and HU and LU denote the correspond-
ing sets under uncontrolled prompts. The in-
teraction effect is then defined as a difference-
in-differences:

∆int = ∆C −∆U . (8)

Positive values will indicate mitigation of in-
come bias through prompt control.

We additionally report pooled estimates of all
metrics by aggregating all valid MST observations
across models and prompts. Uncertainty in all re-
ported scalar metrics is estimated via nonparamet-
ric bootstrap resampling over 10,000 resamples.

3 Evaluation Results

We now present our main findings from each stage
of the experimental pipeline described in Sec. 2.
We begin with benchmarking analyses of skin tone
annotation performance, followed by an audit of
income-conditioned image generation and prompt
effects across models.

3.1 Benchmarking Performance

Table 1 reports benchmarking results on MST-E
for all evaluated VLMs, averaged over three inde-
pendent passes. The MAE, Acc3, and Cohen’s κ
are computed over successfully annotated samples
only (as defined in Sec. 2.1).

Across all metrics, gpt-5-mini achieves the
strongest agreement with MST-E labels, exhibiting
the lowest MAE and the highest categorical agree-
ment. The multimodal gemini-2.0 performs com-
parably, while gpt-4o shows substantially higher
error and lower inter-rater agreement. Performance
for each model is highly stable across passes, indi-
cating robustness to stochastic inference; observed
cross-model differences are considerably larger
than pass-to-pass variability.

Human annotator performance is shown for refer-
ence. Individual annotators exhibit substantial vari-
ability, with Acc3 ranging from 52% to 72%. The
aggregate human baseline (60 annotators) achieves
lower agreement than all evaluated VLMs under the
same evaluation protocol. Notably, gpt-5-mini
exceeds average human agreement and surpasses
the best individual human annotator across all re-
ported metrics, motivating its use as an automated
skin-tone auditor in subsequent analyses.

3.2 MST Distributions

In this and the following subsections, we report and
analyze the observed values of the evaluation met-
rics obtained after the gpt-5-mini audit (Sec. 2.3)
of the images generated by the 3 T2I generators—
Gemini 2.5, Grok 2 and GPT-5 (Sec. 2.2).

First, we count the model-wise occurrences of
light and dark skin tones across all 210 occupa-
tional portraits for each of the 4 prompt variations
(H1, H0, L1, L0), as well as aggregated for each

942



Model MAE↓ Acc3↑ κ↑ Zeros N

GPT-5-mini 0.928 81.05% 0.714 1564 4449
Gemini-2.0 0.979 79.23% 0.687 1198 4467
GPT-4o 1.353 71.47% 0.571 640 3365

Best Human 1.20 72.22% 0.60 40 108
Worst Human 1.60 51.85% 0.20 21 108
Mean Human 1.46 58.98% 0.34 1659 6480

Table 1: Benchmarking results on MST-E. Metrics are
averaged over 3 independent passes for each VLM.
MAE measures ordinal deviation from ground-truth
MST labels, while Acc3 and Cohen’s κ quantify cat-
egorical agreement under a 3-bucket scheme. Zeros
denote exact MST matches (|ŷ − y| = 0). N indicates
the sample sizes. Human results are reported for refer-
ence; “Mean Human” aggregates performance across
60 annotators.

MST % Light

Set Gemini GPT-5 Grok Pooled

HC 100.0 98.6 91.9 96.8
HU 100.0 97.1 90.9 96.0
LC 89.9 64.7 73.1 75.9
LU 77.4 54.6 56.9 63.0

H 100.0 97.9 91.4 96.4
L 83.7 59.7 65.0 69.4

C 95.0 81.8 82.5 86.4
U 88.8 76.0 73.9 79.6

Table 2: 2-bucket MST distribution in terms percentage
of light skin tone generations across models and prompt
conditions.

income level (H and L) and prompt constraint (1
and 0). The percentage of light MST (1–5) in each
of the corresponding sets is tabulated in Table 2 for
the 3 T2I models. This 2-bucket MST distribution
reveals stark under-representation of dark-skinned
faces irrespective of the model and prompt-type,
especially on high-income prompts with over 96%
generated portraits labeled between 1–5. Prompts
conditioned with low-income linguistic cues shift
the distribution towards higher MST values, es-
pecially in GPT-5, highlighting the ingrained mis-
representation of darker-skinned professionals in
poorer settings. Prompt control (i.e., requesting
stricter neutral settings) only slightly mitigate this,
with the average change of around 80% → 86%
when going from uncontrolled to controlled.

The full MST distributions are shown as
population-pyramid style histograms in Fig. 5.
Across all models, generations are concentrated
in lighter MST categories, with a clear rightward
shift toward darker skin tones as prompts transition

Figure 5: 10-point MST distributions for Gemini-2.5,
GPT-5, and Grok-2 as ‘High Income–Low Income’ pop-
ulation pyramid. The colored bars denote the respective
MST from lightest to darkest: non-dotted for ‘Con-
trolled’ and dotted for ‘Uncontrolled’ prompts.

from high-income to low-income settings and from
controlled to uncontrolled prompts. Table 3 sum-
marizes the corresponding mean (µ), variance (σ2),
and median (m̃) MST values. For all models, both
the mean and median increase monotonically from
high-income to low-income prompts, indicating a
systematic redistribution of probability mass across
the MST scale rather than isolated changes in the
distribution tails. Variance generally increases un-
der low-income and uncontrolled conditions, re-
flecting a broader spread of generated skin tones
alongside the darker central tendency. Prompt con-
trol consistently attenuates these shifts in central
tendency and dispersion, but does not eliminate
them. For example, for Gemini, the median MST
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MST
Gemini GPT-5 Grok

Set µ σ2 m̃ µ σ2 m̃ µ σ2 m̃

HC 2.81 0.61 3 3.41 0.57 3 4.22 1.16 4
HU 2.96 0.72 3 3.63 0.73 4 4.31 1.18 4
LC 4.24 1.18 4 4.94 1.14 5 4.86 1.23 5
LU 4.61 1.28 5 5.32 0.58 5 5.25 1.57 5

H 2.88 0.67 3 3.52 0.66 3 4.26 1.17 4
L 4.42 1.26 4 5.13 0.89 5 5.06 1.43 5

C 3.52 1.40 3 4.17 1.43 4 4.54 1.29 5
U 3.78 1.68 4 4.47 1.37 5 4.78 1.59 5

Table 3: Mean (µ), variance (σ2), and median (m̃) of
MST values across models and prompt conditions. Ag-
gregated rows pool MST observations across the corre-
sponding subsets. Lower MST values indicate lighter
skin tones.

increases from 3 (HC) to 4 (LC) under controlled
prompts, compared to a larger shift from 3 (HU )
to 5 (LU ) under uncontrolled prompts; similar pat-
terns hold for GPT-5 and Grok.

We next quantify these associations between
MST values and income- and constraint-level
prompt variations using group-wise differences and
association-based effect measures. For complete-
ness, we additionally report an ordinal-aware dis-
tributional analysis using Earth Mover’s Distance
(EMD), which directly measures the magnitude of
full-distribution shifts in MST across income and
prompt conditions (Appendix A.1).

3.3 Prompt Effects

The prompt-conditioning effects on assigned skin
tone is computed using the group-wise & correla-
tional metrics defined in Sec. 2.3, and summarized
in Table 4.

Income Effects Across all three T2I models, in-
come conditioning induces a strong and system-
atic shift in MST scores. The mean difference
is consistently negative, indicating that portraits
generated from low-income prompts are assigned
darker MST values than those from high-income
prompts. The largest point estimate is observed
for GPT-5 (∆income = −1.61), closely followed by
Gemini (−1.54), and substantially weaker for Grok
(−0.79).

The standardized effect sizes reinforce this pat-
tern. Cohen’s d reaches large magnitudes for GPT-5
(d = −1.82) and Gemini (d = −1.57), indicating
that the income-induced separation between MST

distributions is large relative to within-group vari-
ability. In contrast, Grok exhibits a moderate effect
(d = −0.70), suggesting comparatively weaker
sensitivity to income cues.

Consistent with these findings, the point-biserial
correlation r between income labels and MST
scores is strongly negative for GPT-5 (r = −0.67)
and Gemini (r = −0.62), and more moderate for
Grok (r = −0.33). Bootstrap confidence inter-
vals (CIs) for all three metrics exclude zero across
models (bracketed in Table 4), indicating that the
observed income–skin tone associations are stable
under resampling.

Constraint Effects Prompt control exerts a com-
paratively smaller influence on MST outcomes.
The prompt-constraint effect ∆prompt is modest and
negative across all models, with values between
−0.24 and −0.30. This indicates that controlled
prompts yield slightly lower MST scores than un-
controlled prompts, corresponding to marginally
lighter skin-tone generations. Although bootstrap
CIs for ∆prompt exclude zero for all models, their
widths are large relative to the point estimates, in-
dicating that prompt-control effects are modest and
substantially weaker than income-driven shifts.

3.4 Interaction Effects

To assess whether prompt control mitigates income-
based disparities, we examine income effects sepa-
rately under controlled and uncontrolled conditions
and compute the interaction term ∆int (Equations 7–
8), reported in Table 4.

Across all three models, income effects are
smaller in magnitude under controlled prompts
than under uncontrolled prompts. For Gemini, the
income effect shifts from ∆U = −1.65 under un-
controlled prompts to ∆C = −1.43 under con-
trolled prompts; for GPT-5, from −1.69 to −1.52;
and for Grok, from −0.95 to −0.64. These dif-
ferences yield positive interaction point estimates
of ∆int = 0.22 for Gemini, 0.16 for GPT-5, and
0.31 for Grok, suggesting a potential attenuation of
income effects under prompt control.

However, the corresponding bootstrap confi-
dence intervals for ∆int include zero for all mod-
els, indicating that the magnitude of attenuation
is uncertain and not statistically robust under re-
sampling. Notably, the controlled-income effects
∆C remain large and negative for Gemini (−1.43)
and GPT-5 (−1.52), demonstrating that substantial
income-associated shifts in perceived skin tone per-
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Metric Gemini GPT-5 Grok

∆income -1.54 [-1.67, -1.41] -1.61 [-1.72, -1.48] -0.79 [-0.95, -0.64]
d -1.57 [-1.74, -1.40] -1.82 [-2.04, -1.62] -0.70 [-0.84, -0.55]
r -0.62 [-0.66, -0.57] -0.67 [-0.71, -0.63] -0.33 [-0.39, -0.27]

∆prompt -0.25 [-0.43, -0.08] -0.30 [-0.46, -0.14] -0.24 [-0.41, -0.08]

∆C -1.43 [-1.61, -1.25] -1.52 [-1.70, -1.34] -0.64 [-0.85, -0.43]
∆U -1.65 [-1.84, -1.46] -1.69 [-1.84, -1.53] -0.95 [-1.18, -0.72]
∆int 0.22 [-0.05, 0.48] 0.16 [-0.07, 0.40] 0.31 [-0.00, 0.61]

Table 4: Income, prompt-type, and interaction effects
on MST scores with metrics and notations from Sec. 2.3.
Point estimates are reported with 95% bootstrap confi-
dence intervals over 104 resamples.

.

sist even under constrained prompting.
Overall, these results indicate that while prompt

control may modestly reduce income–skin tone
disparities, the dominant driver of bias remains the
semantic content of income-related language itself.

4 Conclusion

Socioeconomic stereotypes and biases are deeply
embedded in language, yet their manifestation
in multimodal generation remains underexplored.
Motivated by concerns about how such linguistic
cues may shape visual representations, this work
examines whether income-related language system-
atically influences skin-tone portrayals in text-to-
image generation.

We conducted a controlled empirical study
that benchmarks vision-language models on skin-
tone annotation, generates occupational portraits
across multiple text-to-image models & income-
conditioned prompts, and audits the resulting im-
ages using the Monk Skin Tone scale. This ex-
perimental setup allows us to analyze how linguis-
tic framing propagates into visual attributes across
models and occupations.

Our results show a consistent association be-
tween socioeconomic language and perceived
skin tone: higher-income prompts tend to pro-
duce lighter-skinned portraits, while lower-income
prompts yield darker-skinned ones, even when oc-
cupation is held constant and prompt constraints
are applied. These findings suggest that multimodal
models encode and reproduce structured associa-
tions between socioeconomic meaning and visual
appearance, mirroring the real-world effects of col-
orism.

More broadly, this work links social-science re-
search on colorism with fairness studies in genera-
tive AI, showing that large vision-language models
reproduce patterns of under- and misrepresentation

of darker skin. These cross-modal stereotypes are
structured, model-dependent, and largely robust to
prompt controls, raising concerns for applications
where generated images can influence perceptions
of competence, trust, or identity. As multimodal
systems are increasingly used in socially conse-
quential settings, our findings underscore the need
for human-centered, cross-modal audits that go be-
yond unimodal or purely technical metrics to better
understand and mitigate language-mediated visual
bias. Although we stress that reducing disparities in
generated imagery does not necessarily imply align-
ment with real-world socioeconomic distributions,
and that the normative goals of bias mitigation in
generative models require careful consideration.

Limitations

The primary limitations of our study relate to
model coverage, prompt design, statistical mod-
eling choices, and the scope of linguistic and occu-
pational variation considered.

Limited model coverage: Our evaluation in-
cludes three vision-language models for skin-tone
benchmarking and three large text-to-image gen-
erators for image synthesis. While these models
are representative of widely deployed commercial
systems, this limited coverage constrains the gener-
alizability of our findings across alternative archi-
tectures, training regimes, and open-source models.
In particular, our focus on proprietary systems pre-
cludes direct comparisons with open-weight VLMs
and T2I models.

Prompt design and semantic entanglement: In-
come conditioning is introduced using a small set
of prompt templates that bundle multiple semantic
elements, including income background, profes-
sional context, and ID-style framing. This design
does not isolate the marginal contribution of indi-
vidual linguistic cues. A more incremental prompt
formulation, where we progressively introduce oc-
cupation, income, professional setting, and visual
constraints, could enable finer-grained attribution
of how specific prompt components contribute to
observed visual disparities.

Discrete operationalization of skin tone: Al-
though skin tone is treated as a fine-grained ordinal
construct using the 10-category Monk Skin Tone
scale, some analyses additionally employ coarser
binarizations (e.g., light vs. dark) for comparabil-
ity with prior work. This aggregation necessarily
obscures variation within categories. While we mit-
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igate this by reporting full MST distributions and
ordinal-aware metrics, future work could explore
alternative representations or continuous perceptual
scales.

Dependence structure and paired prompts: Our
analysis treats generated images as conditionally
independent given income and prompt constraints,
even though prompts are paired by occupation
across conditions. As a result, income and prompt
effects are computed by aggregating across images
rather than explicitly modeling within-occupation
contrasts. A more statistically faithful approach
would involve paired analyses or hierarchical ordi-
nal models with occupation as a random effect.

Benchmark–audit domain mismatch: Skin-tone
annotation models are benchmarked on MST-E,
which contains real human portraits with var-
ied poses, lighting conditions, and image quality,
whereas the bias audit is conducted on syntheti-
cally generated images. Differences in realism, tex-
ture, and illumination between real and generated
faces may affect annotation behavior, and some
observed effects may partially reflect generative
artifacts rather than real-world visual bias. Eval-
uating annotator reliability directly on synthetic
images would help clarify this distinction.

Language scope: All prompts in our study are
formulated in English, implicitly encoding socioe-
conomic cues and social hierarchies specific to
Western contexts. Linguistic framing in other lan-
guages may activate qualitatively different social
associations that are not reducible to income alone.
For example, prompts formulated in Hindi or other
South Asian languages may encode caste-related
distinctions, which intersect with but are not equiv-
alent to socioeconomic status and skin tone. As
a result, the income–appearance associations ob-
served here should not be assumed to generalize
across languages or cultural contexts. Extending
this analysis to multilingual prompting remains an
important direction for future work.

Ethics Statement
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identifiable information. All analyzed portraits are
synthetically generated and do not represent real
individuals. Results are reported only in aggregate
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closed, and their limitations are discussed through-
out the paper. No generative model outputs are
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uation, and bias mitigation in generative AI sys-
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A Appendix

A.1 Distributional Shift via Earth Mover’s
Distance

To complement the mean-, median-, and
correlation-based analyses reported in the main
text, we conduct an ordinal-aware comparison of
MST distributions using Earth Mover’s Distance
(EMD). EMD quantifies the minimum amount of
probability mass that must be transported along
an ordered scale to transform one distribution into
another, and is therefore well suited to the discrete,
ordinal nature of the MST labels.

Given two empirical MST distributions P and Q
over bins k ∈ {1, . . . , 10}, we compute EMD as

EMD(P,Q) =
10∑

k=1

|FP (k)− FQ(k)| , (9)

where FP and FQ denote the corresponding cumu-
lative distribution functions. EMD is expressed in
units of MST bins and admits a direct interpretation
as the average magnitude of distributional shift.

We report EMD values for all relevant pairwise
comparisons across income levels (high vs. low),
prompt types (controlled vs. uncontrolled), and
their combinations, computed separately for each
model using all valid MST observations.

Comparison Gemini GPT-5 Grok

HC vs. HU 0.1485 0.2173 0.1597
LC vs. LU 0.3846 0.3913 0.4456

HC vs. LC 1.4318 1.5229 0.6367
HU vs. LU 1.6486 1.6873 0.9474

H vs. L 1.5400 1.6053 0.7926
C vs. U 0.2643 0.3057 0.2584

HC vs. LU 1.7972 1.9046 1.0345
LC vs. HU 1.2832 1.3056 0.5591

Table 5: Earth Mover’s Distance (EMD) between MST
distributions across income and prompt conditions.
EMD is measured in MST bins and quantifies the mag-
nitude of full-distribution shifts along the ordinal skin
tone scale.

A.2 Occupation-level Analysis

All reported results so far aggregated the MST
outcomes across occupations, treating job titles
primarily as a mechanism for generating diverse
human depictions. This pooling may obscure sub-
stantial variation in income–skin tone associations
across occupations, particularly where job titles
carry strong implicit socioeconomic or cultural con-
notations. Thus, here we analyze some occupation-
specific effects.

Light v. Dark Jobs Analysis of 210 occupa-
tions reveals systematic colorism in AI-generated
images: professional occupations are rendered
with significantly lighter skin tones (mean MST
= 3.36) compared to manual labor and informal
sector occupations (mean MST = 5.25), produc-
ing a 1.89-point bias gap (Figure 6). The light-
est occupations—pharmacist (3.50), business ana-
lyst (3.50), data scientist (3.42)—represent profes-
sional and technical roles, while the darkest—auto
rickshaw driver (5.58), herdsman (5.50), shepherd
(5.33)—predominantly involve manual labor or in-
formal sector work. Notably, Global South-specific
occupations (boda boda rider, auto rickshaw driver)
consistently rank among the darkest, suggesting
that models conflate geographic origin, socioeco-
nomic status, and skin tone. The asymmetric distri-
bution relative to the MST midpoint (5.5)—light-
est mean at 3.36 versus darkest at 5.25—indicates
a systematic skew toward lighter representations
in professional contexts, with darker tones emerg-
ing primarily when occupational cues invoke low-
status or region-specific work.

Figure 7 disaggregates these patterns by model,
revealing convergent directional bias but varying
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Figure 6: Aggregate occupational skin tone bias. Top 10
lightest (mean MST = 3.36) and darkest (mean MST =
5.25) occupations averaged across three models, show-
ing a 1.89-point bias gap. Professional roles cluster
lighter, manual labor darker. Bar colors represent Monk
Skin Tone scale values.

Figure 7: Model-specific bias comparison for occupa-
tiona sking tone bias. Grok-2 exhibits the largest bias
gap (2.90 points, range 2.75–7.50), GPT-5 the smallest
(2.33 points). Cross-model consistency in extreme oc-
cupations indicates shared training data stereotypes.

magnitudes. While all three models associate pro-
fessional occupations with lighter tones and man-
ual labor with darker tones, Grok-2 demonstrates
the largest bias gap (2.90 points, range 2.75–7.50),
followed by Gemini 2.5 (2.45 points) and GPT-5
(2.33 points). Cross-model consistency in specific
occupations—plumber junior among the lightest
for all models (MST 2.50–3.00), auto rickshaw
driver among the darkest (MST 5.00–6.00)—pro-
vides strong evidence for shared training data bi-
ases rather than model-specific artifacts. GPT-5’s
24% smaller bias gap relative to Grok-2 demon-
strates that model design can modulate bias expres-
sion, yet the persistent directional bias across all
models indicates that superficial debiasing tech-
niques are insufficient. Effective mitigation re-

quires systematic training data auditing, occupa-
tional representation balancing across skin tones,
and counterfactual augmentation to break learned
correlations between occupational status and skin
tone.

Male-leaning Female-leaning

Auto rickshaw driver Beautician
Barber Business analyst
Bellboy Care assistant
Bicycle mechanic Clinic manager
Boatman Cook
Bricklayer Flower vendor
Driver Hairdresser
Electrician Housekeeper
Electrician helper Housekeeping
Farmer Hostess helper
Herdsman Human resources officer
Hotel porter Kitchen manager assistant
Mason Lawyer
Oil rig worker Legal assistant
Phone repairer Manicurist
Plumber Medical technician
Plumber helper Nanny
Plumber junior Nurse
Pool cleaner Office administrator
Quarry worker Physiotherapist
Scaffolder Receptionist
Software engineer Researcher
Systems administrator School principal
Taxi driver Sewing machine operator
Truck driver Social worker
Water tanker driver Teacher
Well digger Textile worker

Table 6: Occupations exhibiting exclusive gender pre-
sentation across all generated images. All listed occupa-
tions were rendered as either male-presenting (left) or
female-presenting (right) across all models and prompt
conditions.

Gender Roles When we assign binary gender to
the generated images, we clearly notice the domi-
nance of female portraits for stereotypical female
professions—such as nanny, nurse, housekeeping,
manicurist, office administrator, teacher, beauti-
cian, while most of the professions have male-
dominance.

We list occupations with the highest percentage
of male portraits generated across all 3 T2I models
and 4 prompt conditions, along with the ones with
female-dominance in Table 6). The former is an
abridged list as most of the jobs have a predominant
male population, while we the latter shows the
limited number of jobs where the percentage of
females to male is from 83.3% to a 100%.
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This gender exclusivity compounds the colorism
bias documented in the main paper: individuals are
being stereotyped along both skin tone and gen-
der dimensions simultaneously, creating intersec-
tional misrepresentation that affects darker-skinned
women and lighter-skinned men differently depend-
ing on occupational context.

Child Labor We observe an additional and con-
cerning pattern in a subset of generated images: the
depiction of underage individuals in professional
roles. This phenomenon occurs most frequently
in outputs from Grok 2, suggesting comparatively
weaker age-related guardrails than those observed
in other models. The effect appears to be associ-
ated with occupational titles containing terms such
as “helper”, indicating that certain linguistic cues
may trigger age-related stereotypes alongside so-
cioeconomic ones. While we do not quantify this
effect systematically, its recurrence warrants fur-
ther investigation.
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