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Purpose of Study
The Geena Davis Institute on Gender in Media partnered with University of Southern California’s Signal Analysis and 
Interpretation Laboratory (which contributed insights and analysis), Google Research (which provided the machine 
learning technology), and the International Advertising Association India Chapter (which provided subject matter 
advisement) to undertake this longitudinal representation study of the most popular scripted TV series in India over the 
past five years, across five different languages.

The goal of this report is to analyze the evolution of representation of gender, age, skin tone, and their intersections in 
scripted television in India. The novelty of this study is in leveraging artificial intelligence advances in computer vision and 
natural language processing to analyze media at scale, and in inferring insights that are less tenable to harness manually. 
This process provides a powerful technology-enabled lens to understand media representation, and these insights can be 
used to encourage more equitable representation in media.

Entertainment media, such as scripted television, profoundly shapes the minds of viewers as well as social narratives. 
It influences how we perceive the world, how we see ourselves holding place in society, what we should value, what we 
should respect, what careers we may pursue, who gets to be the hero, and more.

This study is an expansion of our previous study #SeeItBeIt: What Families Are Seeing on TV, in which we analyzed 12 
years of representation in popular TV in the U.S.1 To expand our understanding of the global media environment, we now 
apply this lens to the Indian TV industry.

Home to over 1.3 billion people, the Indian subcontinent includes a number of  ethnicities, languages, cultures, and 
religions. India also has a vibrant entertainment-media ecosystem, which offers content dubbed and adapted across 
languages and regions—and television plays a key part. For example, TV-owning households make up two-thirds of the 
nearly 300 million Indian households, and this level of penetration has nearly doubled from 2001 to 2020.2 Therefore, 
studying the representation and portrayals of characters in these stories is important to understanding how these stories 
are told, and in understanding their societal impact. For example, a study of the portrayal of women in Indian TV soap 
operas reports that despite governmental policies and industry efforts, there has been little improvement in the portrayal 
of women.3 For this reason, there is a critical need for supporting such analyses both at scale and in nuanced, objective 
ways to gain insights about media narratives. Computational approaches that can process and map constructs of human 
representation—such as perceived gender, age, and other human attributes—can facilitate such analyses.

Given the profound influence television has on people’s daily lives, this endeavor represents a critical undertaking in 
identifying representation inequalities and offers potential solutions to the gaps that persist.
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This study is pioneering in four meaningful ways:

1.	 Intersectionality of human-centric signals: With Google Research’s machine learning innovations, we were able to 
infer human-centric signals at scale, including perceived gender expression, perceived age, and perceived skin tone. 
We also extrapolated many intersectional patterns across these signals.

2.	 Scaled Analysis: Leveraging this technology, we were able to process a large volume of data: 430 hours of video 
viewing time, about 15 million frames, and a total of about 38 million face tracks. If done manually, processing this 
data would have taken a significantly longer time and cost much, much more. 

3.	 Longitudinal Trends: With the speed of automation, we were able to extend the study across five languages (Hindi, 
Bengali, Tamil, Telugu, and Kannada) and a time span of five years, giving us historical trends across 5 Indian 
languages. 

4.	 Language Analysis: We leveraged Google Research’s natural language processing innovations, which are novel to this 
report. These allowed us to understand character portrayal patterns. For this analysis, we used large language models 
to study names mentioned in dialogue and explored future avenues of its application. 

Data insights about representation in entertainment media can help eliminate unconscious bias that reinforces harmful 
stereotypes and unfavorable behavior toward different groups, such as gender, skin tone, body image, and age. Our 
sincere hope is that this report will be a tool to enhance and support efforts already being made to improve equitability 
across media. 
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Executive Summary 
For this study, we leveraged machine learning innovations in computer vision (CV) and natural language processing (NLP) 
to analyze representation of perceived gender expression, perceived age, perceived skin tone, screen time, and language 
usage. Using these technologies, we inferred representation of human-centric signals at scale, inferring longitudinal 
trends, cross-language patterns, and intersectional insights. We analyzed the most popular scripted television series in 
India over five years, from 2018 to 2022, according to the Broadcast Audience Research Council India, and across five 
languages: Hindi, Bengali, Tamil, Kannada, and Telugu. We also applied NLP methods on the transcribed dialogue to 
analyze the frequency of person-name mentions and whether the mentioned names are perceived to be more masculine 
or more feminine. Altogether, we analyzed 1,188 episodes, amounting to 430 hours of footage, 15 million frames 
processed, 38 million faces, and 1.8 million words.

Deepak Sethi/E+ via Getty Images
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The main findings are as follows:

1.	 Across all years and all languages, the share of screen time for female characters is higher than for male 
characters (55.8% compared with 44.2%). The longitudinal analysis suggests these proportions are steady from 
2018 to 2022. Across all years, female characters have the highest share of screen time in Bengali- (59.0%) and 
Telugu-language (58.7%) series.

Share of screen time for male and female characters

0% 20% 40% 60% 80% 100%
Kannada

Telugu

Tamil

Bengali

Hindi

All languages

Perceived female Perceived male

55.8%

53.5%

59%

54.5%

58.7%

53.8%

44.2%

46.5%

41%

45.5%

41.3%

46.2%

Share of screen time for children, young adult, adult, and older characters

2.	 Across all years and all languages, the vast majority of characters shown on screen are young adults (ages 18 
to 33). Young adults account for 75.6% of all characters perceived on screen, while those ages 60 and older are given 
only 1.3% of all screen time.

0% 20% 40% 60% 80% 100%

Children (0–17) Young adults (18–32) Middle-aged adults (33–59) Older adults (60+)

Share of
screen time

4.8% 75.6% 18.4% 1.3%
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3.	 Older characters are rarely seen; there is more age diversity among male characters than female characters. 
Girls (ages 0 to 17) and young women (18 to 32) receive 89.3% of female screen time, while boys (0 to 17) and 
young men (18 to 32) account for 70.2% of male screen time. For middle-aged (33 to 59) and older (60 and older) 
characters, more screen time is given to male characters (67.6% and 54.9%, respectively). This suggests that older 
women are less visible on screen than older men.

Share of male and female characters from different age groups

0% 20% 40% 60% 80% 100%

Perceived
male

Perceived
female

Children (0–17) Young adults (18–32) Middle-aged adults (33–59) Older adults (60+)

6.3%

3% 67.2% 28.1% 1.8%

83% 9.8% 1%

4.	 Characters with a light skin tone are eight times more common on screen than characters with medium or dark 
skin tones; but the percentage of screen time given to characters with a medium tone has increased slightly 
over time. Across all years and regions, applying the Monk Skin Tone scale (MST) (which categorizes skin tones across 
a range from 1, the lightest, to 10, the darkest), we find that 81.2% of all screen time is given to characters who have 
a light skin tone (1 to 3 MST); only 2.2% of screen time is given to characters who have a dark skin tone (8 to 10 MST). 
From 2018 to 2022, the share of screen time for characters with a light skin decreased by about 8 percentage points, 
while the share of screen time for characters with a medium skin tone increased about 7 percentage points.

Share of screen time for light, medium, and dark skin tones, 2018 to 2022
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5.	 When on screen, female characters have lighter skin tones than male characters do. Female characters on 
screen are more likely to have a light skin tone than male characters are (84.0% compared with 78.6%). This may 
suggest that female characters are being held to Eurocentric beauty standards more rigorously than male characters 
are. Characters with dark or medium skin tones are given the most screen time when they are older adults — for 
characters 60 and older, those with a dark skin tone occupy 3.9% of screen time and characters with a medium skin 
tone occupy 21.9% of screen time (compared with screen time for all characters under 18, where characters with a 
dark skin tone occupy 1.6% of screen time and characters with a medium skin tone occupy 6.7% of screen time).

Light, medium, and dark skin-tone representation among male and female characters

0% 20% 40% 60% 80% 100%

Perceived
female

Perceived
male

Perceived
female

Perceived
male

Perceived
female

Perceived
male

Light Medium Dark

84%

78.6%

14.9%

17.7%

3.7%

+5.4
pts-2.8

pts

-2.6
pts

Looking at skin tone by age and gender, we find that most characters overall are young adults (ages 18 to 32) with a light 
skin tone — 70.0% of female characters and 52.9% of male characters. For male characters, the next-most dominant 
group was middle-aged adults (33 to 59) with a light skin tone (21.4%). This shows a clear preference for featuring 
younger, lighter-skinned characters, especially for female characters, whereas male characters are allotted slightly more 
age and skin-tone diversity. 

6.	 Characters in Tamil- and Telugu-language series have the most skin-tone diversity of the languages analyzed. In 
Tamil- and Telugu-language shows, characters with medium or dark skin tones occupy more screen time than they do 
in shows featuring other languages (23.5% for Tamil and 22.9% for Telugu, compared with 17.9% for Hindi, 16.2% for 
Bengali, and 13.6% for Kannada). From 2018 to 2022, along with series in Hindi, series in Tamil and Telugu showed 
a significant decrease in screen time given to characters with a light skin tone, and increased screen time given to 
characters with a medium skin tone.

Light, medium, and dark skin-tone representation among all characters, by language

0% 20% 40% 60% 80% 100%

Kannada

Telugu

Tamil

Bengali

Hindi

All languages

Light Medium Dark

81.2%

82.1%

76.6%

83.8%

77.1%

86.4%

16.6%

15.4%

19.7%

14.3%

21%

12.6%

2.2%

2.5%

3.7%

1.9%

1.9%

1%

Note: Positive differences represent more screen time for women than for men of the same MST category. Negative differences represent more screen 
time given to men than women of the same MST category.
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7.	 Across all years and all languages, the percentage of female names mentioned is higher than that for male 
names mentioned (55.6% compared with 44.4%). Across all years, female names have the highest proportion of 
mentions in Hindi (68.8%) and Bengali (61.3%) series. In Kannada, there is a reverse trend, with male names having 
a slightly higher percentage of mentions (53.7%). Across all years and languages, the proportion of male and female 
names mentioned is 55.6% and 44.4%, respectively, and follows the distribution of male and female screen time 
(55.8% and 44.2%). For Bengali-language series, female names mentioned have decreased roughly 15 percentage 
points and male names mentioned have increased roughly 15 percentage points. Male names mentioned have also 
increased roughly 32 percentage points in Hindi TV series. The distribution of gendered names has remained steady 
for the other languages.

Mentions of male and female character names

0% 20% 40% 60% 80% 100%

Perceived female Perceived male

55.6%

68.6%

61.3%

51.9%

52%

46.3%

44.4%

31.2%

38.7%

48.1%

48%

53.7%Kannada

Telugu

Tamil

Bengali

Hindi

All languages

8.	 Across all years and all languages, the percentage of unique female names mentioned is lower than that for 
male names mentioned (46.7% compared with 53.3%). Although the mention of female names occurs at a higher 
frequency than male names mentioned (similar to screen time), there are fewer unique female names being mentioned 
than unique male names. In other words, while female characters overall are seen on screen more than male 
characters, the mention of unique female names in dialogue is less than that of unique male names. Across all years, 
female characters have the lowest proportion of unique name mentions in Bengali (35.2%), even though they occupy 
the majority of total name mentions (61.3%). In Hindi series, the proportion of unique female names (65.6%) remains 
higher than that of unique male names (34.4%), although dropping slightly relative to total female names (68.8%). 
Tamil, Telugu, and Kannada series have lower proportion of unique female character mentions and experience a drop 
relative to proportion of total female character mentions.

Unique mentions of male and female names

0% 20% 40% 60% 80% 100%
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All languages

Unique female name mentions Unique male name mentions

46.7%
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Data and Methodology 
The data for this analysis is the most popular scripted broadcast television series in India from 2018-2022 in 5 languages 
(Bengali, Hindi, Kannada, Tamil, and Telugu), according to Broadcast Audience Research Council (BARC) India metrics. For 
each year, we look at the 10 most popular series in each of the 5 languages. The sample includes the five latest episodes 
from each series during the year in which it was ranked most popular, where available, for a total of 1,188 episodes.4

The Geena Davis Institute on Gender in Media, in collaboration with IAA India Chapter, curated the broadcast TV dataset 
based on BARC India ranking metrics, described above. As the next step, the Signal Analysis and Interpretation Laboratory 
at the University of Southern California’s Viterbi School of Engineering and the Institute, in partnership with Google 
Research, applied the Representation ML Pipeline (RP) to perform visual and language analysis on the dataset to derive 
raw analytics of character presence and screen time.

The Representation ML Pipeline (RP) was designed to run at scale to process large volumes of data and uses machine 
learning models to infer visual and language signals. The RP derives visual signals perceived from face images: perceived 
age, perceived gender expression, and perceived skin tone. The RP aggregates these signals and their intersections over 
face tracks across the videos. The current study does not attempt to measure the attributes of the actors cast to the 
attributes of their roles (e.g., an older actor playing the role of a younger character).

The language analysis component of the RP leverages natural language processing capabilities and the multilingual 
nature of large language models to extract names mentioned in dialogues and to infer perceived gender associated with 
the name. The pipeline aggregates this data at a language level to allow comparisons across languages. We recognize that 
gender is multifaceted; using algorithmic estimates in the RP of perceived gender expression and gendered names is one 
way to identify gender inclusion. For more information about the RP, please see the Appendix.

Using the output measures from the RP vision and language analysis, the Geena Davis Institute on Gender in Media and 
the Signal Analysis and Interpretation Laboratory at the University of Southern California’s Viterbi School of Engineering 
collaborated on conducting statistical analyses and insights. We report statistical estimates of “screen time” from a linear 
mixed model. Linear mixed models are appropriate for examining longitudinal data like this, where some series are in the 
dataset over multiple years because of their longstanding popularity. This model accounts for data dependencies in the 
observations. The data presented in this report include analysis of the raw data, and insights based on the statistical 
analysis of the raw data. 
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Findings 
The analyses presented below are done at scale using machine learning to infer “visual appearance” and “spoken 
language usage,” and therefore provide high-level quantitative findings of screen time and language usage for popular 
scripted television in India. The findings cannot provide a deeply nuanced understanding of how a character is portrayed 
(e.g., if a character in a leadership role versus a subservient role). In other words, while these findings are important for 
understanding who is seen on screen, they do not account for potentially problematic portrayals, such as reinforcement of 
harmful stereotypes, the lack of agency, limited narrative prominence, or subjugation; these are areas of ongoing research 
in computational understanding of media portrayals.

From 2018-2022, we found that women occupy more than half of screen time in Indian television, but there is room for 
improvement in representation of older adults, people with a medium or dark skin tone, and in intersectional diversity 
among women, especially. While these overall findings are true across languages, they do vary in degrees. For example, 
popular series in Tamil see older adults and those with a medium or dark skin tone occupy more screen time than series 
in the other languages (Hindi, Bengali, Telugu, Kannada). In contrast, the share of screen time occupied by women, older 
people, and people with a medium or dark skin tone was below-average for series in Kannada and Hindi. Table 1 presents 
an overview of our gender, age and skin tone findings across all years, for series in the 5 languages analyzed.

TABLE 1 
Ranking by language across perceived gender, age, and skin tone

PERCEIVED GENDER 
EXPRESSION (RANK BY MOST 
WOMEN ON SCREEN)

PERCEIVED AGE (RANK 
BY MOST 60 AND OLDER 
CHARACTER ON SCREEN)

PERCEIVED SKIN TONE (RANK 
BY MOST CHARACTERS WITH 
MEDIUM AND DARK SKIN TONE)

Bengali (59.0%) Tamil (2.1%) Tamil (23.4%)

Telugu (58.7%) Bengali (2.0%) Telugu (22.9%)

Tamil (54.5%) Kannada (0.9%) Hindi (17.9%)

Kannada (53.8%) Hindi (0.8%) Bengali (16.2%)

Hindi (53.5%) Telugu (0.7%) Kannada (13.6%)

Note: The bottom three in each column are below the overall average for all Indian television. The top two in each column are above the overall average 
for all Indian television. 
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GENDER REPRESENTATION ON SCREEN 
How has women’s representation on TV in India evolved over the last 5 years? In our analysis of the most popular 
scripted series in India across 5 languages from 2018 to 2022, we find that women occupy more screen time than 
men, accounting for 55.8% (compared to 44.2% of screen time given to men). In contrast, our analysis of popular 
television programming in the US found that female characters occupy 38.2% of all screen time (on average from 2010 
to 2021).5 Series in Bengali have the greatest share of screen time for women, with women occupying 59.0% of all 
screen time, followed closely by series in Telugu, where women occupy 58.7% of all screen time. Since most families 
in India (98%) are a ‘One-Unit, One-TV’ household and women spend a lot of time co-viewing with their families,6 it 
is possible that women’s TV preferences were favored in this dataset and they may prefer shows with more female 
representation. 

Hiraman/E+ via Getty Images

CHART 1 
Share of screen time for female and male characters
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While over the time frame screen time slightly decreases for men and slightly increases for women, the longitudinal 
analysis suggests these changes are not statistically significant and the proportions remain relatively steady from 2018 to 
2022. Gendered screen time does not vary significantly for any of the languages analyzed, over this time frame.

CHART 2 
Share of screen time for female and male characters, 2018 to 2022
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CHART 3 
Share of screen time given to different age groups by gender

0% 20% 40% 60% 80% 100%

Older adults (60+)

Middle-aged adults (33-59)

Young adults (18-32)

Children (0-17)

Perceived female Perceived male

76.4%

61.2%

32.4%

45.2%

23.6%

38.8%

67.6%

54.9%

Gender at the Intersection of Age 
How does the share of screen time for older women compare to older men and younger women? When looking at 
the intersection of gender and age, a telling pattern emerges. Older characters, especially older women, are rarely seen. 
Among middle-aged (33 to 59) and older adults (60+) onscreen, more than half of screen time is given to male characters 
(67.6% to men 33 to 59 and 54.9% to men 60 and older). On the flip side, among young characters 0 to 17, young girls 
occupy 3 times the screen time of young boys (76.4% compared to 23.6%). Among young adult characters (18 to 32), 
women occupy almost twice as much screen time as men (61.2% compared to 38.8%). In short, women outnumber men 
among younger characters (under 33), but men outnumber women among older characters (33 and older).
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Regardless of gender, we find that youth is favored on television. Overall, girls (0 to 17) and young women (18 to 32) 
receive 89.3% of female screen time, while boys (0 to 17) and young men (18 to 32) account for 70.2% of male screen 
time. Only 1.0% of female characters’ screen time and 1.8% of male characters’ screen time is given to people 60 and 
older. This phenomenon is mirrored across the globe. According to a similar study in the U.S., just 1.2% of female screen 
time in 2021 and 5.5% of male screen time is given to characters over 60.7

CHART 4 
Share of screen time given to female and male characters from different age groups

Children (0–17) Young adults (18–32) Middle-aged adults (33–59) Older adults (60+)

0% 20% 40% 60% 80% 100%

Perceived male

Perceived female 6.3%

3%

83% 9.8% 1%

1.8%67.2% 28.1%

When looking at differences across languages, the finding that older women are rarely seen remains true, especially 
in Kannada, Hindi, and Telugu series (where women 60 and older receive less than 1.0% of all female screen time). 
Women 60 and over are given the most screen time in series in Tamil and Bengali; here, women are given 1.5% and 
1.4% of female screen time, respectively.

When looking at age differences for men across languages, we also see that men are more diverse with respect to age 
and that older men (60 and older) receive more screen time than older women (1.8% compared to 1.0%). Men 60 
and older receive the most screen time in Bengali and Tamil series (3.3% and 2.9%, respectively).

CHART 5 
Share of female and male screen time for different age groups, by language

ALL LANGUAGES HINDI BENGALI TAMIL TELUGU KANNADA

Children 
(0-17)

6.3% 3.0% 6.1% 3.1% 5.4% 2.6% 6.5% 3.6% 6.8% 2.0% 6.5% 3.6%

Young 
adults 

(18-32)
83.0% 67.2% 83.5% 75.8% 83.1% 65.6% 79.8% 59.7% 85.7% 69.2% 82.9% 64.7%

Middle-
aged adults 

(33-59)
9.8% 28.1% 9.7% 20.4% 10.1% 28.8% 12.2% 30.8% 7.1% 27.8% 9.7% 30.8%

Older 
adults 
(60+)

1.0% 1.8% 0.7% 0.8% 1.4% 3.3% 1.5% 2.9% 0.4% 1.0% 0.9% 0.9%

Over time, young women (18 to 32), and girls and boys (0 to 17) have seen significant changes in their share of screen 
time. Young women’s screen time has increased roughly 2.4 points over the 5 years analyzed. Girls’ and boys’ screen time 
has decreased roughly 0.6 and 0.9 points, respectively. Older characters’ screen time has been steady.

Perceived female Perceived male
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Gender at the Intersection of Skin Tone
How does female characters’ screen time differ by skin tone?  Even though the concepts of beauty and skin tone 
diversity in India have evolved,8 we see lighter skin tone is favored, which is true also for films in Bollywood9 and 
advertising in India.10 Female characters are more likely than male characters to have a light skin tone and less likely to 
have a medium or dark skin tone. Also, when female characters are on screen, they are more likely to have a light skin 
tone than when male characters are on screen (84.0% compared to 78.6%). Of women’s screen time, 16.0% is given to 
women with a medium or dark skin tone. In comparison, men with a medium or dark skin tone occupy 21.4% of men’s 
screen time. This may suggest that women are being held to more Eurocentric beauty standards than men and that 
male characters are more diverse with respect to skin tone. 

CHART 7 

Light, medium, and dark skin tone representation among female and male characters
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CHART 6 
Screen time for female and male characters by age cohort, 2018 to 2022
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Across all languages, women with a light skin tone receive more screen time than women with a medium or dark 
skin tone, especially in Kannada, Bengali, and Hindi. Women with a light skin tone receive 90.1% of female screen 
time in Kannada, 86.2% of female screen time in Bengali, and 85.5% of female screen time in Hindi. Series originating in 
languages in the south (Telugu and Tamil), but also Hindi, give the most screen time to women with a medium or dark skin 
tone (21.4%, 19.9%, and 14.5%, respectively).

Men on screen are more diverse with respect to skin tone across all languages. Men with a medium or dark skin 
tone occupy the greatest share of screen time in series in languages spoken primarily in the south, such as Tamil (27.8% 
of male screen time) and Telugu (24.6% of male screen time), but also Hindi (21.0% of male screen time). Series in 
Kannada and Bengali show the highest share of men with a light skin tone (82.2% and 80.7%, respectively).

TABLE 2 
Light, medium, and dark skin tone representation among female and male characters, by language

LIGHT SKIN TONE MEDIUM SKIN TONE DARK SKIN TONE

PERCEIVED FEMALE PERCEIVED MALE PERCEIVED FEMALE PERCEIVED MALE PERCEIVED FEMALE PERCEIVED MALE

All 
Languages 84.0% 78.6% 14.9% 17.7% 1.1% 3.7%

Hindi 85.5% 79.1% 12.8% 17.6% 1.7% 3.4%

Bengali 86.2% 80.7% 12.6% 16.4% 1.2% 2.9%

Tamil 80.1% 72.2% 18.3% 21.2% 1.6% 6.6%

Telugu 78.6% 75.4% 20.6% 21.2% 0.8% 3.4%

Kannada 90.1% 82.2% 9.5% 15.9% 0.4% 1.9%

Over time, we see a slight trend toward more diverse skin tones both for women and men on screen. From 2018 
to 2022, the share of screen time has decreased for women and men with a light skin tone (3.0 and 5.1 points, 
respectively), but has increased for women and men with a medium skin tone (4.9 and 2.3 points, respectively). Screen 
time for men and women with a dark skin tone has remained relatively stable over the past 5 years.

CHART 8 
Screen time for male and female characters by skin tone, 2018-2022
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Gender at the Intersections of Age and Skin Tone
When looking at skin tone by age and gender, there is a preference for featuring younger and lighter-skinned 
characters, especially for female characters. The majority of female and male characters overall are young adults (18 
to 32) with a light skin tone — 70.0% of female characters and 52.9% of male characters. For female characters, the next 
most dominant group was young women (18 to 32) with a medium skin tone (12.1%). For male characters, the next most 
dominant group was middle-aged men (33 to 59) with a light skin tone (21.4%). Older women and men with a dark skin 
tone are nearly erased from the television screen — 0.0% of female characters and 0.1% of male characters.

TABLE 3 
Female and male screen time by age and skin tone

LIGHT SKIN TONE MEDIUM SKIN TONE DARK SKIN TONE

PERCEIVED 
FEMALE

PERCEIVED 
MALE

PERCEIVED 
FEMALE

PERCEIVED 
MALE

PERCEIVED 
FEMALE

PERCEIVED 
MALE

Children (0-17) 5.4% 2.6% 0.8% 0.4% 0.1% 0.1%

Young adults (18-32) 70.0% 52.9% 12.1% 11.8% 1.0% 2.4%

Middle-aged adults (33-59) 8.2% 21.4% 1.5% 5.7% 0.1% 1.1%

Older adults (60+) 0.6% 1.2% 0.4% 0.5% 0.0% 0.1%

Despite this, some of the following findings may suggest a trend toward more diversity across gender, age, and skin tone:

•	 Over time, the share of screen time awarded to children (0 to 17) with a light skin tone has decreased, for girls (1.0 
points) and boys (0.7 points). 

•	 The share of screen time given to young adults (18 to 32) with a medium skin tone has increased, for women (4.1 
points) and men (1.8 points).

•	 The share of screen time for young men (18 to 32) and middle-aged men (33 to 59) with a light skin tone has 
decreased (2.3 points and 1.6 points, respectively). 

Other cohorts’ share of screen time has remained relatively stable over the past 5 years.

CHART 9 
Share of screen time for male and female characters by age and skin tone, 2018 to 2022
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AGE REPRESENTATION ON SCREEN
Which age cohorts are more visible on screen? Television in India is viewed by multi-generational groups of friends and 
families, who come together to watch.11 As such, the TV screen can be a place to bring people together from different 
genders, ages, spoken language(s), and appearances. Furthermore, TV serves as a window into popular Indian culture 
and is a source of inspiration for younger audiences.

The next segment spotlights screen time across different age cohorts. Overall, young adults enjoy the highest screen time 
on scripted television across languages, whereas the oldest age cohort is nearly invisible. Skin tone diversity on screen 
also varies with age, with older adults having the highest share of characters with a medium or dark skin tone. In contrast, 
children and young adults are more likely to have a light skin tone compared to other age cohorts.

The pattern across all languages shows that young adults (18 to 32) occupy the most screen time while older 
adults (60 and older) occupy the least. Young adults (18 to 32) account for three-fourths (75.6%) of all screen time, 
while those 60 and older occupy only 1.3%. By language, older adults (60 and older) receive the most screen time in Tamil 
(2.1%) and Bengali (2.0%) series. Young adults (18 to 32) receive the highest share of screen time in series originating in 
Telugu, Hindi, and Bengali, occupying more than three-fourths of all screen time from each language.

TABLE 4 
Share of screen time for children and teen, young adult, adult, and older characters, by language

ALL LANGUAGES HINDI BENGALI TAMIL TELUGU KANNADA

Children (0-17) 4.8% 4.6% 4.2% 5.2% 4.8% 5.1%

Young adults (18-32) 75.6% 76.5% 76.2% 70.6% 78.8% 73.6%

Middle-aged adults (33-59) 18.4% 16.0% 17.6% 22.1% 15.7% 20.5%

Older adults (60+) 1.3% 0.8% 2.0% 2.1% 0.7% 0.9%

triloks/E+ via Getty Images
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From 2018 to 2022, children’s (0 to 17) screen time has significantly decreased (1.5 points) and the share of young 
adults’ screen time has significantly increased (2.2 points). The share of screen time given to middle-aged and older 
adults has remained relatively stable over this time frame. This could be because children characters on long-running 
series, which are popular in India, have aged into young adult characters, or due to the evolution of regulations that limit 
children’s participation in the labor force, such as the entertainment industry. However, this trend does not translate into 
increased screen time for middle-aged or older adults, as their screen time remains relatively the same from 2018 to 
2022.

When comparing languages, in Tamil and Telugu series there is a decline in screen time for children (0 to 17) and an 
increase in screen time for young adults (18 to 32). Bengali television also shows a significant increase of 5.1 points in 
young adults’ share of screen time from 2018 to 2022. Screen time for middle-aged and older adults has remained stable 
across all languages.

CHART 10 
Share of screen time given to different age cohorts, 2018 to 2022
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Age at the Intersection of Skin Tone 
Does skin tone diversity increase with age? Yes. Characters 60 and over have the greatest skin tone diversity, 
compared to the other age cohorts. Of characters 60 and older, 3 in 4 have a light skin tone, compared to 79.1% of 
middle-aged, 82.2% of young adults, and 91.7% of children on screen. Children (0 to 17) have the least skin tone diversity 
— just 6.7% have a medium skin tone and 1.6% have a dark skin tone. Across all age cohorts, characters with a light skin 
tone have the majority of screen time in all languages.

CHART 11 
Share of screen time for different age cohorts with different skin tone

LIGHT MEDIUM DARK

Children (0-17) 91.7% 6.7% 1.6%

Young adults (18-32) 82.2% 15.7% 2.1%

Middle-aged adults (33-59) 79.1% 17.9% 3.1%

Older adults (60+) 74.3% 21.9% 3.9%

Series in Tamil and Telugu have the greatest representation of characters with a medium or dark skin tone, yielding 
the highest share of screen time given to children, young adults, and middle-aged adults with a medium or dark skin tone. 
Older adults with a dark and medium skin tone receive the highest screen time in Tamil and Hindi television.

From 2018 to 2022, the share of screen time for characters with a light skin tone has decreased across all age cohorts 
except for older adults (60 and older), where the share has remained relatively stable. For example, the share of screen 
time for children (0 to 17) with a light skin tone has decreased 1.7 points. The share of screen time occupied by young 
adults (18 to 33) with a medium skin tone has increased over time (6.0 points). Other age cohorts at the intersection of 
skin tones are stable over time. This suggests a trend toward more skin tone diversity for children and young and 
middle-aged adults.

CHART 12 
Share of screen time of different age cohorts and different skin tones, 2018 to 2022
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SKIN TONE REPRESENTATION ON SCREEN
How diverse is skin tone representation on screen in popular scripted TV in India? Regardless of the region or 
language, Indians with lighter skin tones are favored in Indian television, suggesting Eurocentric beauty standards are 
reinforced by popular scripted TV across the country. Applying the Monk Skin Tone scale (MST) (which ranges from 1 to 
10), we grouped skin tones into three categories: light skin tone (1 to 3 MST); medium skin tone (4 to 7 MST); and dark 
skin tone (8 to 10 MST). For more information on the Monk Skin Tone scale (MST) and our grouping of skin tones, see the 
Appendix.

Across all years and regions, we find that 81.2% of all screen time is given to characters that have a light skin tone. Only 
2.2% of screen time is given to characters that have a dark skin tone.

We expected to see some skin tone variation by language, because there are skin tone differences between the regions 
in which these languages are spoken. Characters in series in Tamil and Telugu have the most skin tone diversity of the 
languages analyzed. In Tamil and Telugu, characters with a medium or dark skin tone occupy more screen time than they 
do in the other languages (23.5% for Tamil and 22.9% for Telugu, compared to 17.9% for Hindi, 16.2% for Bengali, and 
13.6% for Kannada). However, across all languages more screen time is given to characters with a light skin tone 
than any other skin tone.

simon2579/E+ via Getty Images
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TABLE 5 
Light, medium, and dark skin tone representation among all characters, by language

ALL LANGUAGES HINDI BENGALI TAMIL TELUGU KANNADA

Light skin tone 81.2% 82.1% 83.8% 76.6% 77.1% 86.4%

Medium skin tone 16.6% 15.4% 14.3% 19.7% 21.0% 12.6%

Dark skin tone 2.2% 2.5% 1.9% 3.7% 1.9% 1.0%

While most characters shown on screen have a light skin tone, the percentage of screen time given to characters with a 
light skin tone has decreased slightly over time. From 2018 to 2022, the share of screen time for characters with a light 
skin decreased by about 8 points while the share of screen time for characters with a medium skin tone has increased 
about 7 points. However, representation of characters with dark skin tone was largely steady over this time frame. 
Our previous study that looked at popular TV in the US found a decline in characters with light skin tone from 2010 to 
2021, from 81% of screen time to 55% of screen time.12

From 2018 to 2022, series in Hindi, Tamil and Telugu showed a significant decrease in screen time given to characters 
with a light skin tone (6.4 points, 18.1 points, and 15.8 points, respectively) and a significant increase in screen time 
given to characters with a medium skin tone (roughly 6.7 points, 14.4 points, and 16.1 points, respectively). We also 
found that the share of screen time occupied by characters with a dark skin tone has increased significantly (3.7 points) in 
series originating in Tamil. The share of screen time occupied by characters with other skin tones and in other languages 
not reported has remained relatively stable over time.

CHART 13 
Share of screen time for light, medium, and dark skin tone, 2018 to 2022
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A COMPARISON: POPUL AR SCRIPTED T V IN THE U.S .  AND INDIA
In our U.S. study published in 2022, the most popular scripted television dataset included a large portion of police 
procedurals, medical dramas, and half-hour comedies, while the Indian scripted television dataset includes mostly 
mythological and drama serials.13 Because of these general differences, as well as population differences, especially with 
respect to age and skin tone, it is expected that these regions will differ in representation of gender, age and skin tone on 
screen. Table 6 presents an overview comparing gender, age and skin tone on screen for India (2018 to 2022) and the 
U.S. (2010 to 2021).

TABLE 6 
A comparison of findings for screen time in the U.S. and Indian popular scripted television

POPULAR SCRIPTED TV IN 
INDIA (2018-2022)

POPULAR SCRIPTED TV IN 
THE U.S. (2010-2021)

Perceived female 55.8% 38.2%

Perceived light skin tone 81.2% 78.3%

Perceived older adult (60+) 1.3% 3.4%

L ANGUAGE ANALYSIS
By using the RP’s natural language processing capabilities, we analyzed how often women were spoken about by 
extracting all instances of person-name mentions in the dialogue and inferring whether the name is more likely to be 
feminine or masculine. Second, we were able to analyze how often the extracted names were unique names. In other 
words, removing names that were repeated across a series or episode.

Gender and Name Mentions
How often are women spoken about by name on screen? Across all years and all languages, the share of names 
mentioned identified as belonging to women is higher than that of men (55.6% compared with 44.4%) and follows the 
distribution of female and male screen time (55.8% compared with 44.2%). Across all years, women’s names have the 
highest proportion of mentions in Hindi (68.8%) and Bengali (61.3%) series. In Kannada, there is a reverse trend, with 
men’s names having a slightly higher percentage of mentions (53.7% of all names).

CHART 14  
Mentions of female and male identified names
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Across languages, the share of female and male identified names mentioned remained relatively stable over time. Female 
names mentioned have decreased roughly 15 points over time in Bengali TV series, and male character mentions have 
increased roughly 15 points over time. Male names mentioned have also increased in Hindi TV series by 32 points. The 
distribution of gendered names has remained steady for the other languages.

CHART 15 
Mentions of male and female names overall, 2018 to 2022
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Across all years and all languages, the percentage of unique female names mentioned is lower than male names 
mentioned (46.7% compared with 53.3%). Unique mentions are new names said in the dialogue. This could indicate 
that although women occupy more screen time and more female names are spoken about than male names, there are 
fewer individual female names mentioned than male names. In other words, while female characters overall are seen on 
screen more than male characters, they are uniquely the subject of dialogue less often than male characters. It could also 
indicate that named female characters are receiving more attention and development than named male characters, as 
they are being spoken about more frequently in the dialogue.

Across all years, female names have the lowest proportion of unique mentions in Bengali (35.2%), even though they 
occupy the majority of total mentions (61.3%) in that language. In Hindi series, the proportion of unique female names 
(65.6%) is higher than that of male names (34.4%), but less than total female names mentioned (68.8%). Tamil, Telugu, 
and Kannada series have lower proportions of unique female names mentioned than total female names mentioned.

Over time, the percentage of unique male names has increased significantly — 7.6 points from 2018 to 2022. The 
percentage of unique female names has remained relatively stable. By language, the percentage of unique male names 
has increased for Hindi series — 28.3 points from 2018 to 2022. Unique female and male names remained relatively 
stable for other languages.
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Recommendations 
Based on these findings, the Institute presents the following recommendations to diversify inclusion in popular TV in India 
with respect to gender, age, and skin tone. 

1.	 Continue to show an equal share of women and men on screen but cast more diverse women with respect to 
age and skin tone. Since women were found to be shown as younger and to have lighter skin tone compared to men 
on screen, increase the intersectional diversity of women onscreen by featuring more middle-aged women, older 
women, and women with a medium or dark skin tone. 

2.	 Show more middle-aged and older adults onscreen. Children and young adults are well represented on screen in 
popular scripted Indian television. Bring more age diversity to screen by writing narratives that feature older adults, 
especially older women, such as stories about intergenerational families, female leaders, or matriarchs. 

3.	 Increase skin tone diversity on screen. Cast characters with more diverse skin tones in prominent roles. By 
increasing screen time given to those with a medium or dark skin tone, popular scripted Indian television series will 
more accurately represent the diversity of skin tones and people of India.

Deepak Sethi/E+ via Getty Images
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Appendix

THE REPRESENTATION ML PIPELINE (RP) METHODOLOGY 
The Representation ML Pipeline (RP) was developed by Google Research’s MUSE team (Media Understanding for 
Social Exploration). It provides AI-enabled technology, across computer vision (CV) and natural language processing 
(NLP) modalities, for measuring and understanding the presence and portrayals of people in media content at scale. 
The RP uses machine learning models to infer human-centric signals perceived from faces: perceived age, perceived 
gender expression, and perceived skin tone, and whether people on screen are speaking. As well, the RP provides NLP 
capabilities via the use of LLMs (large language models) to understand language usage patterns.

The first step of the pipeline runs a model that localizes the appearance of faces in a video at the rate of 10 frames 
per second. This approach comes with some limitations despite continued development and training. In particular, the 
accuracy of the system decreases for situations of low light or poor image quality. Since most of the content we analyzed 
is produced in high quality, we believe this limitation has minimal effect on our findings.

Once the faces in frame have been localized, the model uses the output features from the bounding box and facial 
landmarks to compute a cropped region of the image around each face. We then run these “face thumbnail” images 
through several classification models to produce the attributes that we wish to measure. Note that this approach means 
that any face that is not detected in the first stage of the pipeline cannot be classified and therefore will not contribute to 
our overall statistics.

Share of screen time for a group (e.g., over 60 characters with light skin tone) in each video is based on the fraction of 
detected faces associated with different possible attribute combinations. For example, to estimate the share of screen 
time of middle-aged female characters in a video, we divide the number of feminine faces estimated to be between the 
ages of 33 and 60 by the total number of detected faces in the video. Normalizing by the total number of faces in a video 
allows for a comparison of these summary estimates across the videos in the study sample.

Details of the specific classifiers and summary groups used in this study follow.

Perceived Gender Expression
We recognize that gender is not a simple binary attribute and that one’s gender identity may not match one’s gender 
expression. For the purposes of this study, we use a model that classifies perceived gender expression as either 
predominantly feminine or predominantly masculine based on face thumbnails. Because we are interested in how 
characters depicted on screen are perceived by the audience, we use the algorithmic estimates of perceived gender 
expression to identify female and male characters. We do not analyze representation of people whose gender expression 
falls outside of this binary representation, and we do not attempt to infer the gender identity of the actors cast in the 
roles. We note that norms around gender expression vary across cultures and that no single aspect of a person’s 
appearance suffices to determine their gender expression. A limitation of this study is that the model does not consider 
aspects of a person’s appearance outside of the cropped face thumbnail.
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Language Analysis
The language analysis is performed on automatic speech recognition (ASR) based transcription of the video content, 
as we don’t have access to the actual TV series scripts. The ASR transcription provides, in essence, subtitles for the TV 
series which would be less precise than having the screenplays/scripts which detail who the speaker is, among other 
factors.

Our approach is to prompt a large language model (LLM) to extract person names from the transcript, along with the 
name’s corresponding gender association. This approach gives us results across all five languages: Hindi, Bengali, 
Kannada, Tamil and Telugu. We also validated a representative sample of the LLM output through human annotators.

Perceived Age
The age attribute is computed by a multiclass classifier that produces an estimated probability distribution over the age 
range zero through 100 years, in intervals of 0.5 years. We estimate the age of a face as the mean of this probability 
distribution for the purposes of statistical analysis. For the purposes of this study, age is grouped into four groups: 
children (under 18), young adults (over 18, under 33), middle-aged adults (over 33, under 60), and older adults (over 
60).

Skin Tone
The RP uses a multiclass classifier model to measure skin tone from the face using a 10-point scale referred to as the 
Monk Skin Tone (MST) Scale developed by Harvard professor Dr. Ellis Monk. For the purposes of this study the 10-point 
scale has been further grouped into three coarse categories that we refer to as “light,” “medium,” and “dark” skin tones.
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