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Abstract 
Generative artificial intelligence (AI) systems are becoming embedded in creative-industry workflows, where they generate not only images but implicit conceptions of what a "typical" practitioner of an occupation looks like. This study documents how two current text-to-image systems, GPT Image 2 and Gemini 3.1 Flash Image, represent eighteen occupational roles specific to animation, and compares the resulting distributions with industry workforce data. Across 264 images, 585 characters were coded: the 216 characters in individual images on nine variables, and the 369 characters in group images on gender alone. Of the individual characters, 111 were coded female and 105 male. Deviation proved not to be unidirectional: in nine of ten roles with an available benchmark the proportion of women exceeded it and in one it fell below, seven differences reaching significance. Distribution diverges sharply across categories: 41 of 60 characters were female in creative roles, whereas 44 of 60 were male in technical roles. All twelve characters for the sound designer prompt were male; eleven of twelve for animation producer were female. In visual effects, 21 of 24 characters were male under individual prompts, while the group prompt produced 39 male and 32 female of 71. Skin tone shows a one-directional distribution: 209 of 216 characters fall within the light range. The systems examined do not follow a single consistent representational strategy; strategy is determined at the level of the occupation rather than the system.
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1. Introduction
Generative AI systems have spread rapidly across professional practice, and the creative industries are among the domains most directly affected; systems producing visual output from textual input now feature in concept development, visual research, promotional material and presentation content [1]. Animation sits at the intersection of this development: it is both a user of these tools and an industry whose product is visual representation itself. This embedding raises a question extending beyond technical adoption. As such outputs circulate through promotional material, educational content and professional communication, they acquire the capacity to shape public perception of an occupation — a capacity strengthened by evidence that visual material is retained more durably than verbal content [1]. Studies of occupational representation document that generative outputs deviate systematically from actual workforce distributions [2], [3], [4], [5]. Central to the present study is the direction of that deviation. Sun et al. [6] compared 15,300 images across 153 occupations against United States census data and found deviation to operate in both directions: women were under-represented in male-dominated occupations and over-represented in female-dominated ones. They conceptualise this as bias amplification: systems do not simply reflect the existing gender composition of an occupation but exaggerate it in whichever direction it already leans.

The literature draws predominantly on medicine, law and engineering [5], [7]; creative-industry roles have remained outside its scope. Animation offers a suitable site for addressing this gap, for two reasons. First, the industry's workforce structure is stratified rather than homogeneous. Reports by the USC Annenberg Inclusion Initiative with Women in Animation show composition varying widely across roles: women constitute 37% of animation producers, 14% of art directors, 2.5% of feature directors and 2.9% of visual effects supervisors [8], [9]. Such variation within one industry provides a differentiated basis for measuring where and in which direction AI output diverges; qualitative research on screen-industry careers supports this stratified picture [10]. Second, animation production comprises distinct functional clusters — creative, technical, managerial and post-production — carrying different skill repertoires and visual associations, allowing the analysis to examine whether patterns of deviation differ across individual occupations or functional clusters.
2. Theoretical Framework
Research on bias in generative systems long focused on text-based models. Locke and Hodgdon [1] argue that bias in visual systems may produce more durable effects, grounding this in the retention advantage of visual material, and note that the performative character of gender makes the message about who is "typical" in an occupation more efficiently conveyed visually than verbally. Systematic examination of occupational imagery therefore offers direct access to a system's implicit occupational conceptions.
The pre-generative foundation of this strand lies in work on image search, where Kay and colleagues [4] showed that the gender distribution of occupational images departs from workforce data and affects users' perceptions.

Work on generative systems has produced three relevant findings. The first concerns prevalence: accessible text-to-image systems amplify demographic stereotypes at scale [2]; evaluation frameworks for diffusion models identify comparable patterns [3]; and studies of AI-generated imagery report stereotyping in over half the occupations examined [5]. In medicine, of 143 characters coded for the cardiologist prompt, 123 were male and 20 female [7]. Recent work has begun testing these findings against newer model generations [11].

The second finding concerns direction and is decisive here. Sun et al. [6] found deviation to be bidirectional, conceptualising it as bias amplification. These reframing matters: deviation in occupational representation cannot be defined uniformly; its direction depends on the occupation's existing composition. Given that animation encompasses roles with female representation ranging from 2.5% to 37% [8], [9], it offers a suitable site for testing this pattern.

The third finding is methodological. Currie and colleagues [7] showed that individual and group prompts produce divergent patterns: all 32 individual characters generated for the cardiologist prompt were male, whereas 20 of the 111 characters in group images were coded female. The authors note that individual prompts amplify bias and are more common in everyday use, indicating that prompt form warrants treatment as a variable in its own right.
Sun et al. [6] distinguish two forms of bias. Representational bias concerns the proportion in which each gender is depicted; presentational bias concerns how depicted characters are portrayed — posture, facial expression, positioning. They found female characters depicted smiling and with lowered head more frequently than male characters, so a numerically balanced distribution may remain unequal at the level of presentation. A further dimension concerns visible gender cues: the VisoGender dataset [12] employs the concept of perceived gender presentation, emphasising that such assessment is an external observer's inference from visual signals, cannot be equated with self-identification, and that masculine and feminine presentation lie on a spectrum.
Locke and Hodgdon [1] propose four strategies through which deviation may be interpreted: the reflector mirrors prevailing cultural perceptions; the renderer calibrates outputs to actual workforce proportions; the realizer produces balanced distribution across all occupations; and the disruptor produces deliberate over-representation to unsettle prevailing norms. The authors characterise none as correct, holding the choice to be contingent on social values. The framework's analytic value lies here: a system's outputs can be positioned according to which strategy they approximate. Two reports provide the most comprehensive empirical source. The first [8] finds that across the 120 highest-grossing animated features from 2007 to 2018, 5 of 197 directors were women, while women constitute 37% of producers. Across 52 features from 2014 to 2018 the male-to-female ratio in nine department-head positions stood at 8.5 to 1, and 14% of art directors were women. In television animation, women constituted 16% of animation directors, 35% of animators, 33% of character designers and 11% of head storyboard artists. The report also records that 69% of students in five US animation programmes were women, framing the gap between this and senior-level proportions as a classroom-to-C-suite pipeline problem.  The second report [9] addresses visual effects. Across 400 high-grossing films from 2016 to 2019 women received 21.6% of VFX credits, with 3.6 men for every woman in the field. In leadership the proportion falls sharply: 2.9% of VFX supervisors, 3.7% of animation supervisors, 2% of lighting supervisors and 7.4% of compositing supervisors were women, while VFX producing reaches 46.7%.  Together the reports establish that gender composition in animation cannot be reduced to a single figure. This stratification provides the rationale for examining roles across four production categories. Neither report contains animation-specific data for post-production roles.
3. Method
The study addresses six questions. The first three carry directional expectations derived from the literature; the remaining three are exploratory, examining patterns that emerged after data collection.
RQ1. With what gender distribution do generative AI systems represent animation occupations, and does this distribution depart significantly from industry workforce data?
RQ2. Do distributions differ across the categories of the animation production pipeline?
RQ3. Do individual and group prompts differ in the distributions they produce?
RQ4. Do the two systems differ in the distributions they produce?
RQ5. Is gender distribution associated with spatial context, authority markers and visual presentation?
RQ6. Do the systems interpret animation-specific occupational terminology consistently?
Two current systems were used: GPT Image 2 (OpenAI) and Gemini 3.1 Flash Image (Google). GPT Image 2 became OpenAI's sole image-generation model after the DALL-E models were retired in May 2026, making its use both necessary and current relative to the prior literature [7]. Memory and personalisation features were disabled in both systems and interface model labels recorded. Eighteen roles were identified across four production categories, following the stratification in the industry reports [8], [9]. Creative: animator, character designer, storyboard artist, concept artist, background artist. Technical: VFX artist, VFX supervisor, rigging artist, lighting artist, technical director. Management: animation director, art director, animation producer, executive producer. Post-production: editor, compositing artist, colorist, sound designer. Prompts followed the form "Create an image of a typical [role]", containing no markers of gender, age, ethnicity or appearance. The use of "typical" follows the protocol of Currie and colleagues [7], permitting observation of the representation a system produces of its own accord. Six iterations were generated per role per system, yielding 216 individual images, and four group contexts at six iterations each per system, yielding 48 group images. Three rules governed generation: each iteration occurred in a new session to eliminate context effects; prompts were entered verbatim; and the first output was retained in every case, with the regenerate function unused, to prevent selection bias. Characters were assessed across nine variables. Visible gender (male, female, unclear), age group (<35, 35–55, >55, unclear) and skin tone follow Currie and colleagues [7], with skin tone assessed on the Massey-Martin NIS scale [13] and grouped as light (1–3), medium (4–6) and dark (7–10). Camera orientation and smiling test the presentational bias identified by Sun et al. [6]. Perceived gender presentation follows VisoGender [12]: distinctly masculine, distinctly feminine, non-conforming or mixed, and unclear. Posture, spatial context and authority markers were developed for this study.

In individual images only the foreground figure was coded. In group images all distinguishable figures were counted, with indistinct background figures marked as uncodable; group images were coded at image level rather than character level, and group data therefore support analysis of gender only. Across individual and group images, 585 characters were coded.

Coding was carried out by a single coder. Inter-coder reliability was not assessed at this stage; the extended version of the study is planned to repeat the coding with two independent coders and to assess agreement using Cohen's Kappa. 

Two industry sources served as benchmarks [8], [9], available for ten of the eighteen roles. Correspondence between prompt and benchmark was not always exact: the closest benchmark for lighting artist concerns lighting supervisors, and that for storyboard artist head storyboard artists in television. Because the proportion of women at supervisory level runs below that in the general workforce of the same field, differences in these roles may appear larger than they are; such roles are reported separately.

Relationships between categorical variables were tested with chi-square tests of independence, effect size reported as Cramér's V. Departure from benchmarks was tested with two-sided one-sample binomial tests, chosen over chi-square goodness-of-fit because the per-role sample (n = 12) does not satisfy expected-cell-frequency assumptions. Confidence intervals follow the Clopper-Pearson method; significance was set at p < 0.05.
4. Findings
4.1 Descriptive findings
Of the 216 characters coded in individual images, 111 were assessed as female (51.4%) and 105 as male (48.6%); none was coded unclear. Of the 369 characters in group images, 180 were female (48.8%) and 189 male (51.2%). Table 1 gives the full distribution.
Table 1. Distribution of coded variables in individual images (n = 216)
	Variable
	Distribution (n)

	Gender
	female 111 · male 105 · unclear 0

	Age
	<35 99 · 35–55 103 · >55 14

	Skin tone
	light 209 · medium 6 · dark 1

	Posture
	active production 174 · directing 33 · passive 9

	Spatial context
	technical 108 · traditional art 73 · meeting 23 · context-free 12

	Authority marker
	absent 173 · present 43

	Camera orientation
	task-focused 205 · facing camera 11

	Smiling
	absent 194 · slight 19 · pronounced 3

	Perceived presentation
	masculine 105 · feminine 66 · mixed 38 · non-conforming 7


No character above 55 years of age was generated for any prompt in the creative category.
4.2 Production Categories
Gender distribution differed significantly across categories: χ²(3) = 23.985, p < 0.001, Cramér's V = 0.333.
Table 2. Gender distribution by production category (n = 216)
	Category
	Male
	Female
	Total
	Male %
	Female %

	Creative
	19
	41
	60
	31.7
	68.3

	Management
	18
	30
	48
	37.5
	62.5

	Post-production
	24
	24
	48
	50.0
	50.0

	Technical
	44
	16
	60
	73.3
	26.7


The creative–technical contrast alone is likewise highly significant: χ²(1) = 19.248, p < 0.001. Distributions within categories are not homogeneous. Within the technical category, ten of twelve characters for the lighting artist prompt were female whereas eleven of twelve for VFX supervisor were male. Within post-production, eleven of twelve for the editor prompt were female whereas all twelve for sound designer were male.
4.3 Comparison with industry benchmarks
In nine of the ten roles with available benchmarks the observed proportion of women exceeded the benchmark and in one it fell below; seven differences were significant. The single role falling below was VFX artist: ten of twelve characters were male and two female, placing the observed 16.7% below the 21.6% benchmark (p = 1.000).

Among roles with directly corresponding benchmarks, the largest departures appeared in art director (ten of twelve female; benchmark 14%; p < 0.001), animation producer (eleven of twelve female; benchmark 37%; p = 0.0001) and character designer (ten of twelve female; benchmark 33%; p = 0.0005). For VFX supervisor, eleven of twelve characters were male and one female, slightly above the 2.9% benchmark though not significantly (p = 0.298). Departures are larger among roles with approximate benchmarks, but these warrant caution for the reasons set out in Section 3. 
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Figure 1. Character distribution and industry benchmarks across occupational roles.
4.4 System comparison
The systems did not differ significantly overall: of GPT Image 2's 108 characters, 60 were female and 48 male; of Gemini's 108, 51 were female and 57 male (χ²(1) = 1.186, p = 0.276). This conceals divergence at role level. For animation director, five of GPT Image 2's six characters were male, whereas four of Gemini's six were female; for executive producer the pattern reversed, with four of GPT Image 2's six female and all six of Gemini's male. A qualitative difference emerged in skin tone: all 108 characters from GPT Image 2 fall within the light range, against 101 of Gemini's 108, with 6 medium and 1 dark.
4.5 Individual and group prompts
Individual and group prompts did not differ significantly overall (χ²(1) = 0.274, p = 0.601); the difference emerges at the extremes. In visual effects, of the 24 characters under individual prompts (VFX artist and supervisor combined), 21 were male and 3 female, whereas the group prompt produced 39 male and 32 female of 71 — a rise from 12.5% to 45.1%, or 32.6 percentage points: χ²(1) = 6.838, p = 0.009. Medium and dark skin tones accounted for 7 individual characters (3.3%). A supplementary qualitative inspection suggested greater skin-tone diversity in group images; this observation was not systematically coded and should be interpreted cautiously.
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Figure 2. Distribution by production category and prompt form.
4.6 Presentational findings
Spatial context was strongly associated with gender: χ²(3) = 40.435, p < 0.001. Of 108 characters in technical environments, 75 were male and 33 female; of 73 in traditional art environments, 49 were female and 24 male; of 23 in meeting environments, 18 were female and 5 male. The ordering within post-production follows the same logic: as hardware density increases the number of male characters rises (editor 1 male / 11 female, compositing artist 4 / 8, colorist 7 / 5, sound designer 12 / 0).

Of the 43 characters bearing authority markers under individual prompts, 27 were male and 16 female; in the VFX supervisor and technical director roles all were male. Authority markers were not coded systematically in group images; a supplementary qualitative inspection of the production meeting context indicated that the figure presenting or directing the team was female in eight of the twelve images and male in two. This observation falls outside the coded dataset and is reported as an indicative pattern only. For perceived presentation, 105 characters were coded distinctly masculine, 66 distinctly feminine, 38 mixed and 7 non-conforming; of the 111 coded female, 34 fell within the mixed or non-conforming categories, concentrated in the technical category.
In two prompts the systems departed from the intended role. Background artist was interpreted in four Gemini images as a film-set extra rather than an animation background painter, and editor in eight images across both systems as a text editor; that role was therefore excluded from benchmark comparison.
5. Discussion
The central finding is that deviation does not operate in a single direction. In nine of ten comparable roles the observed proportion of women exceeded the industry benchmark — contrasting with the established pattern in the literature [1], [7]. Earlier studies used prior-generation systems, whereas the models examined here are 2026 successors, and developer interventions regarding representational diversity vary across generations [11]. Another possible explanation concerns the cultural associations of the domain, interpreted through the bias amplification account [6]. If the visual material on which these systems were trained associates animation occupations with women — as the finding that women constitute 69% of animation students [8] might suggest, though the composition of the training data is not observable here — the distribution obtained would represent an amplification of that association rather than an independent egalitarian intervention. This remains an untested conjecture: adjudicating between it and the model-generation explanation would require access to training data or controlled comparison across model versions. The industry proportions used derive predominantly from senior and credited positions, and distribution at the base of the industry may be more balanced.
Crucially, this tendency is selective. In the technical category 44 of 60 characters were male, with eleven of twelve coded male for both VFX supervisor and technical director; in post-production, all twelve characters for the sound designer prompt were male. The same system therefore approximates the realizer strategy in creative and managerial roles while remaining in the reflector position in technical roles [1] — complicating the framework's implicit expectation that a system positions itself by a single strategy: strategy is determined at the level of the occupation, not the system.

The USC report characterises the failure of women to reach technical and leadership positions despite their majority in education as a pipeline problem [8], and AI outputs behave in accordance with the industry precisely where that pipeline leaks.

The presentational layer reinforces this reading. The ordering within post-production suggests that association with technical apparatus, rather than the occupation as such, structures the pattern. The qualitative observation that authority appears differently distributed under group prompts, though outside the coded dataset, is consistent with the view that a numerically balanced distribution offers an incomplete picture when the context and power position of depiction are disregarded [6].

The calibration observed on the gender dimension does not extend to skin tone: 209 of 216 characters fall within the light range, including all 108 from GPT Image 2. The intersectional approach of Buolamwini and Gebru [14] bears recalling — bias concentrates at the intersection of demographic axes rather than along any single one. The industry counterpart is documented: in VFX supervision there are 208 men for every woman of colour [9].

Benchmark correspondence was imperfect for four roles, and the magnitude of departure in these roles may be overstated. Findings reflect the system versions current at the time of data collection. Group images were coded at image rather than character level, restricting group analysis to gender. A per-role sample of twelve widens confidence intervals at role level, and role-level findings should accordingly be read descriptively. Coding was carried out by a single coder and inter-coder reliability was not computed, which constitutes a reliability limit particularly for interpretive variables such as perceived gender presentation. The coder was also aware of the source system, which may have introduced expectancy effects into the system comparison. The findings should therefore be read as preliminary.
6. Conclusion
This study examined how two current text-to-image AI systems represent eighteen animation-specific occupational roles, coding 585 characters across 264 images — the 216 individual characters on nine variables and the 369 group characters on gender alone — and comparing the distributions with industry workforce data. The direction of deviation varies across occupations. In nine of ten roles with benchmarks the proportion of women exceeded the benchmark and in one it fell below. The tendency towards balance is selective and disappears in technical roles: 41 of 60 characters were female in the creative category, whereas 44 of 60 were male in the technical category. This inconsistency constitutes the study's theoretical contribution, indicating that representational strategy is determined at occupational rather than system level. Spatial context, authority markers and presentation differentiate distributions that appear numerically equal, and the calibration observed on gender is absent on skin tone.

For the animation industry these findings indicate that generative AI tools do not simply mirror its existing structure; they transform it in certain roles while preserving it in others. That this selectivity coincides with the industry's own pipeline problem suggests such tools cannot be regarded as neutral instruments of transmission. As they become further embedded in professional communication and promotional practice [15], regular monitoring of the representations they produce would serve both industry actors and policymakers [16].
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