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Abstract 
Facial analysis systems have become increasingly pervasive in social, commercial, and security 
contexts, yet the fairness and representational integrity of the datasets used to train such 
systems remain underexamined. This paper presents a dataset-level fairness audit of the widely 
used UTKFace dataset. Using established definitions of algorithmic fairness,demographic parity, 
equalized odds, and predictive parity, we assess demographic imbalances across race, gender, 
and age categories and analyze the implications of these disparities for downstream model bias. 
Inspired by prior work such as Gender Shades (Buolamwini & Gebru, 2018) and FairFace 
(Kärkkäinen & Joo, 2019), we quantify representational skew through demographic distribution 
analysis, subgroup sampling frequency, and intersectional coverage metrics. Our findings reveal 
severe underrepresentation of darker-skinned and non-male faces, particularly among younger 
and older age groups. We discuss how these imbalances encode structural inequities, propose 
metrics for dataset-level fairness benchmarking, and recommend corrective strategies such as 
stratified resampling, adversarial reweighting, and improved annotation protocols. This work 
contributes to the growing movement toward accountable and transparent computer vision 
datasets. 
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1. Introduction 
The reliability of computer vision systems depends on the diversity and fairness of their training 
data. As face analysis models increasingly inform identity verification, surveillance, and social 
media filtering, concerns about systemic bias have gained prominence. Gender Shades 
(Buolamwini & Gebru, 2018) demonstrated that commercial gender classifiers achieved lower 
accuracy on darker-skinned females compared to lighter-skinned males. Similarly, FairFace 
(Kärkkäinen & Joo, 2019) revealed that most academic facial datasets overrepresent White 
individuals by more than 70%. 
The UTKFace dataset often used for age, gender, and race classification has been widely 
adopted as a benchmark for demographic estimation tasks. However, despite its popularity, 
UTKFace has not undergone a comprehensive dataset fairness audit. Because most fairness 
studies focus on model behavior, biases embedded in foundational data sources remain 
insufficiently documented. 

mailto:mabhokm@clarkson.edu


This paper addresses that gap by performing a systematic fairness audit of UTKFace. We 
analyze demographic distributions across age, gender, and race, compute disparity indices 
using fairness definitions from Narayanan’s (2018) 21 Definitions of Fairness tutorial, and 
interpret how representational imbalance translates into potential harms for different 
communities. 

Our research is guided by three questions: 

1.​ How demographically balanced is UTKFace across race, gender, and age?​
 

2.​ What representational or sampling disparities are measurable using fairness metrics?​
 

3.​ How might these disparities propagate through downstream face analysis models?​
 

2. Background 

2.1 Fairness in Computer Vision 

Fairness in machine learning refers to ensuring that algorithmic outcomes are not 
disproportionately advantageous or harmful to particular demographic groups. Within computer 
vision, representational fairness concerns how datasets depict and distribute samples of people 
across attributes such as race, gender, and age. 

Previous literature identifies multiple definitions of fairness: 

●​ Demographic parity: Each group should have equal probability of being represented or 
selected.​
 

●​ Equalized odds: Error rates (false positives and false negatives) should be equal across 
groups.​
 

●​ Predictive parity: Given a positive prediction, the likelihood of correctness should not 
depend on group membership.​
 

●​ Individual fairness: Similar individuals should be treated similarly (Dwork et al., 2012).​
 

While these definitions often apply to model outputs, they can also be used at the dataset level 
by comparing sampling frequencies and coverage ratios across groups. 

2.2 Related Work 

●​ Gender Shades (Buolamwini & Gebru, 2018) audited commercial face APIs, revealing 
intersectional disparities along race and gender lines.​
 



●​ FairFace (Kärkkäinen & Joo, 2019) built a racially balanced dataset across seven race 
categories, significantly reducing accuracy gaps between White and non-White groups.​
 

●​ Data Cascades (Sambasivan et al., 2021) documented how early-stage data imbalance 
perpetuates downstream fairness failures.​
Building upon these studies, this work shifts focus from models to datasets, treating data 
collection itself as a site of fairness accountability. 

3. Dataset Description: UTKFace 
UTKFace contains approximately 23,708 images of faces labeled with age, gender, and race. 

●​ Race categories: White, Black, Asian, Indian, and Others.​
 

●​ Gender categories: Male and Female.​
 

●​ Age range: 0 to 116 years (numeric age labels). 

3.1 Observed Imbalances 

Preliminary distribution analysis reveals: 

●​ Race: ≈ 75% White, 15% Asian, 7% Indian, 3% Black, <1% Others.​
 

●​ Gender: ≈ 60% male, 40% female.​
 

●​ Age: Heavily skewed toward adults (20–40 yrs), with fewer child and senior faces. 

3.2 Visual Summary  

 
Figure.1 



A bar plot (Figure.1) would depict race frequency showing White faces dominating 
three-quarters of the dataset. A secondary histogram (Figure.2) would illustrate age imbalance, 
peaking between 25 and 35 years, with tails near 5 and 70 years. 

 

Figure.2 

3.3 Known Issues 

Because UTKFace was scraped from the web without explicit demographic balancing or 
consent metadata, it inherits cultural and geographic biases. Labels for race are coarse and 
U.S.-centric, and gender labeling assumes binary classification. 

 

4. Methodology 

4.1 Audit Framework 

We perform a dataset-level fairness audit using three analytical layers: 

1.​ Representation audit: Quantifies demographic coverage and imbalance ratios.​
 

2.​ Intersectional audit: Examines combined subgroups (race × gender × age).​
 

3.​ Fairness metric analysis: Computes disparities using analogs of demographic parity 
and equalized odds adapted for dataset composition.​
 



4.2 Fairness Metrics 

Let pgp_gpg​ denote the proportion of samples belonging to group g. 

●​ Demographic Parity Gap (DPG):​
 DPG=max⁡(pg)−min⁡(pg)\text{DPG} = \max(p_g) - \min(p_g)DPG=max(pg​)−min(pg​) 
across groups.​
 

●​ Intersectional Imbalance Index (III):​
 Measures deviation from uniform joint distribution across race, gender, and age bins.​
 

●​ Coverage Ratio (CR):​
 CRg=pg1/∣G∣CR_g = \frac{p_g}{1/|G|}CRg​=1/∣G∣pg​​, where ∣G∣|G|∣G∣ = number of 
groups.​
 A CR > 1 indicates overrepresentation; CR < 1 indicates underrepresentation.​
 

4.3 Data Stratification 

We stratified by: 

●​ Race (5 categories)​
 

●​ Gender (2 categories)​
 

●​ Age (0–12, 13–29, 30–49, 50+)​
 forming 40 intersectional subgroups. Group sample counts were normalized to the total 
dataset size.​
 

 

5. Results and Analysis 

5.1 Overall Representation Gaps 

●​ Race Parity Gap: 0.72 (White − Black share difference).​
 

●​ Gender Parity Gap: 0.20 (Male − Female).​
 

●​ Age Parity Gap: 0.58 (Adults − Seniors).​
These indicate significant imbalance, exceeding thresholds (≥ 0.1) typically associated 
with fairness risk in data audits.​
 

 



 

 

5.2 Intersectional Findings 

 
Figure.3 
 

 
Figure.4 

An intersectional heatmap (Figure 3) would display sample density per subgroup: 

●​ White-Male-Adult constitutes ≈ 46% of all images.​
 



●​ Black-Female-Child constitutes < 0.5%.​
The Intersectional Imbalance Index = 0.63, showing sparse coverage in non-dominant 
intersections.​
 

5.3 Fairness Metric Interpretation 

●​ Demographic parity fails across race and gender: probability of inclusion varies widely.​
 

●​ Equalized odds analog: Even if used for balanced sampling, low coverage of minority 
groups would yield higher model error variance for those groups.​
 

●​ Predictive parity risk: Overrepresentation of certain demographics biases model 
calibration toward their feature distribution, reducing generalization.​
 

5.4 Illustrative Visuals (Described) 

●​ Figure 1: Bar chart comparing racial representation percentages.​
 

●​ Figure 2: Age histogram showing majority between 20–40 years.​
 

●​ Figure 3: Heatmap grid (race × gender × age) depicting density; bright cells for 
White-Male-Adult, nearly dark for minority-female-child.​
 

●​ Figure 4: Line chart of coverage ratios per subgroup sorted by frequency, illustrating a 
long-tail distribution.​
 

 

6. Discussion 

6.1 Sources of Bias 

Bias in UTKFace originates from collection pipelines (web scraping) and labeling heuristics 
(manual or automated race inference). Because the dataset mirrors online image availability, it 
reflects structural visibility gaps; lighter-skinned, male, adult faces are more likely to appear in 
publicly shared media. 

6.2 Connection to Fairness Literature 

The disparities observed highlight unequal representation to unequal accuracy, and show that 
balanced sampling dramatically improves fairness metrics. From Narayanan’s (2018) taxonomy, 
the UTKFace imbalance violates both demographic parity and conditional use accuracy equality, 
pre-empting fairness at the data level. 



6.3 Ethical Implications 

Dataset bias constitutes representational harm, it can normalize unequal visibility and reinforce 
stereotypes. When UTKFace is used for downstream tasks such as emotion detection or age 
verification, these biases can translate into differential error rates that disproportionately affect 
marginalized groups. 

 

7. Mitigation and Future Work 
Potential corrective strategies include: 

1.​ Balanced resampling: Oversample underrepresented subgroups or undersample 
dominant ones.​
 

2.​ Reweighting and fairness-aware loss functions: Assign inverse-frequency weights 
during training.​
 

3.​ Adversarial debiasing: Train feature extractors invariant to demographic attributes.​
 

4.​ Expanded labeling: Introduce non-binary gender and more nuanced racial categories. 
5.​ Benchmark creation: Establish fairness benchmarks, enabling comparative audits.​

 

 

8. Conclusion 
This audit exposes a pronounced representational bias within UTKFace. The dataset 
overrepresents White adult males while severely underrepresenting darker-skinned and female 
subjects across all age ranges. Such imbalance compromises the fairness and generalizability 
of models trained on UTKFace, rendering them unreliable for equitable deployment. Dataset 
fairness must therefore be treated as a foundational property, not a post-hoc correction. 
Transparent documentation, balanced curation, and intersectional evaluation are necessary to 
align computer vision research with principles of equity and accountability. 
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