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INTRODUCTION

FACE RECOGNITION TECHNOLOGY 

▸ What is it? 

▸ AI application used to identify people  
using biometric data 

▸ How does it work? 

▸ Detection of human face 

▸ Visual features extraction 

▸ Recognition of the person
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EXAMPLES JSON FILE 3



EXAMPLES

AWS
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EXAMPLES

CLARIFAI
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MOTIVATION

CRITICAL ISSUES

6

▸ Black people, in particular 
black women  

▸ LGBTQ+ community              
Uber Case 

▸ Tool of power in dictatorships

[1] J. Buolamwini and T. Gebru, “Gender shades: Intersectional accuracy disparities in commercial gender classification”

[1]

[2] O. Keyes, “The misgendering machines: Trans/HCI implications of automatic gender recognition”

[2]



MOTIVATION

UNCOVERED OPPORTUNITIES
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[3] United Nations, General Assembly, Rights of person with disabilities,  December 2021

What about disability?
ACCESSIBILITY

INCLUSION

Experimental group: Down Syndrome

[4] Ableism And Disability Discrimination in New Surveillance Technologies, Center for Democracy &    
Technology

“Various aspects of facial analysis software may not work well for people with 
conditions such as Down’s syndrome, achondroplasia, cleft lip or palate, or other 
conditions that result in facial differences.” [3]



RESEARCH QUESTIONS

RQ1: 
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RQ2:

How does the face recognition technology 
work, with images of Down syndrome people, 
regarding the predictions of gender and age?

Are the labels assigned differently to people 
with or without Down syndrome by specific 

algorithms?



STUDY DESIGN

DATASET
▸ Experimental Group - 200 images 

▸ Female - 100 images 

▸ Male - 100 images 

▸ Control Group - 200 images 

▸ Female - 100 images 

▸ Male - 100 images
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TOT: 400 images



STUDY DESIGN

ALGORITHMS
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GENDER AGE LABELS

MODEL NAME

gender-demographics- 
recognition

OUTPUT LABELS

MODEL NAME

OUTPUT LABELS

age- 
demographics- 

recognition

general-image- 
recognition

detect_face detect_face detect_labels

Female, Male

Feminine, Masculine

random ranges

0-2, 3-9, 10-19, 
20-29,   30-39, 
40-49, 50-59, 
60-69, 70-100

20 over 10,000  
labels 

20 over 3,000  
labels 



RESULTS

GENDER RECOGNITION
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Clarifai Results Comparison
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Performance Evaluation for Gender Prediction

Experimental Group: Down Syndrome

Algorithm ClarifAI

Female Male Accuracy Precision Recall F1-score

Female 97 3
91%

87% 97% 92%

Male 15 85 97% 85% 90%

Algorithm AWS

Female Male Accuracy Precision Recall F1-score

Female 100 0
93%

87% 100% 93%

Male 15 85 100% 85% 92%

Control Group: Male-Female

Algorithm ClarifAI

Female Male Accuracy Precision Recall F1-score

Female 98 2
98%

97% 98% 98%

Male 3 97 98% 97% 97%

Algorithm AWS

Female Male Accuracy Precision Recall F1-score

Female 99 1
97%

94% 99% 97%

Male 6 94 99% 94% 96%

AWS Results Comparison
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RESULTS

GENDER RECOGNITION
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GUIDELINE OF THE AWS ALGORITHM:

“We recommend using a threshold of 99 or more 
for use cases where the accuracy of classification 
could have any negative impact on the subjects of 
the images”



RESULTS

GENDER RECOGNITION - CONFIDENCE LEVELS
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RESULTS

GENDER RECOGNITION - CONFIDENCE LEVELS
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RESULTS

GENDER RECOGNITION - CONFIDENCE LEVELS
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AWS
Control Group Experimental Group

Female 93% 95%
Male 90% 66%

FINAL RESULTS:
CLARIFAI

Control Group Experimental Group

Female 89% 83%
Male 75% 60%



RESULTS

AGE PREDICTION
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Age Prediction General Results

ClarifAI

Experimental Group Control Group

Correct Age 48% 49%

Incorrect Age 52% 51%



RESULTS

AGE PREDICTION
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Age Prediction General Results

AWS

Experimental Group Control Group

Correct Age 52% 45%

Incorrect Age 48% 55%



RESULTS

GENERAL IMAGE RECOGNITION
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AWS CLARIFAI
Labels divided in 40 categories  
(e.g. Education, Hobbies and Interests, 
Profession, Sports, Person Description etc.) 

No category division 

Category analyzed: 
Person Description  

Creation of categories to analyze: 
Aesthetics, Education, Person Description  
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AESTHETICS
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PERSON DESCRIPTION
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PERSON DESCRIPTION
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RESULTS GENERAL IMAGE RECOGNITION 26

PERSON DESCRIPTION
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CONCLUSION

ANSWERS

▸ RQ1: Yes, there are differences for both predictions of 
gender and age.  

• GENDER: Lower results for gender prediction, in 
particular for the experimental group male class 

• AGE: Attribution of child age range to adult belonging 
to the experimental group 

▸ RQ2: There are no significant differences between EG and 
CG but the differences between genders are more relevant
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“THE CHALLENGE OF DIVERSITY COULD BE    
SOLVED BY BUILDING A DATA SET COMPRISED 
FROM THE FACE OF EVERY PERSON IN THE 
WORLD”

IBM Researchers

CONCLUSION 28


