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ABSTRACT 
We present behavioral characteristics of teens and adults in 
Instagram and prediction of them from their behaviors. Based on 
two independently created datasets from user profiles and tags, we 
identify teens and adults, and carry out comparative analyses on 
their online behaviors. Our study reveals: (1) significant 
behavioral differences between two age groups; (2) the empirical 
evidence of classifying teens and adults with up to 82% accuracy, 
using traditional predictive models, while two baseline methods 
achieve 68% at best; and (3) the robustness of our models by 
achieving 76%—81% when tested against an independent dataset 
obtained without using user profiles or tags. Our datasets are 
available at: https://goo.gl/LqTYNv 

CCS Concepts 
• Human-centered computing~Social media  
• Human-centered computing~Social network analysis  
• Human-centered computing~Social networking sites    
• Human-centered computing~Empirical studies in collaborat-
ive and social computing 
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1. INTRODUCTION 
We live in a digital era where technologies have enabled us to 
create and interact with a variety of information based on our 
needs and situations and to develop and maintain social 
relationships with other people, including family members, 
friends, co-workers, and even strangers. Social media has greatly 
re-shaped the way people are present online by providing a 
channel and space to socially connect with others, share one’s life 
updates, express one’s opinions, and receive up-to-date 
information on topics that they care about and are interested in 
[20]. It allows people to share content in text, image, or video as 

well as engage with others by offering simple and interactive 
features, such as Likes or comments. 

There exist many demographical and psychological factors that 
can be considered for the study of social media use and 
engagement. Especially when it comes to age, the influence of 
social media on teens is significant [3,5,15], because they not only 
grow up with an abundance of communication technology but also 
are the heaviest users among all age groups [33]. The 2015 Pew 
report [22] indicates that 92% of teens go online daily, where 24% 
of them answered “almost constantly,” and 71% of teens use more 
than one social media platform, showing high platform diversity. 

This heavy and diverse use and engagement in social media 
provides an opportunity to articulate teens’ online behaviors from 
their real usage data. This is important, because social media has 
already been indispensable part of their life, and its usage directly 
shows many aspects of themselves such as their personal interests, 
goals, situations, moods, concerns, etc. Given that teens are in the 
developmental stage where they experience rapid physical, 
emotional, intellectual, and social changes, it is our role, as 
researchers, to understand how they behave and engage in online 
space and to think about how social media can be used as an 
effective channel for teens’ development.  

With such motivations, as the first step, we investigate the 
behavioral patterns of teens in social media. We especially study 
Instagram with the following research questions: (RQ1) what are 
the behavioral characteristics of different age groups in 
Instagram? (RQ2) can one predict age groups based on the 
studied behavioral characteristics? To answer these questions, we 
employ a comparative analysis method from teen and adult 
groups. This paper leverages our preliminary findings [16] and 
makes the following contributions:  

• We address a growing concern in social media research on 
the use of a “biased” dataset and attempt to mitigate the issue 
by collecting two independently created and verified datasets, 
named Profile-based data (P-data) and Tag-based data (T-
data), having a total of 20,000 teens and adults, and 
crosschecking the findings. 

• Using both P-data and T-data, then, we analyze the 
behavioral characteristics of teens and adults through the 
lenses of three perspectives: content-, interaction-, and 
relation-based activities, covering how teens and adults 
create and use content, and interact with others in Instagram. 
We report that there are statistically significant differences in 
behavioral characteristics between teens and adults, 
especially in content- and interaction-based activities. 
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• We demonstrate a possibility of building fairly accurate 
supervised learning models that can identify teens and adults 
with 82% accuracy (0.89 AUC) at best, while two baseline 
methods achieve 68% accuracy at best. 

• We provide empirical evidence that activity-based variables 
used in the models are representative enough to differentiate 
two age groups by showing that our prediction models still 
yield up to 81% accuracy (0.85 AUC) when tested against a 
3rd independent test dataset obtained without using user 
profiles or tags.  

2. RELATED WORK 
2.1  Understanding Teens and Adults in Social 
Media  
Among other age groups, teens are believed to be the most 
engaged and adventurous in social media. Being acclaimed as 
digital natives [34], teens grow up with an abundance of 
communication technology and are believed to be more interested 
in using technologies than adults.  

Teens appear to be early adopters and active users of social media 
[5]. For them, social media has become a new way to represent 
themselves [32], share their everyday activities and thoughts [8], 
establish and maintain social connections [27], and learn 
something new and useful [15]. According to prior research 
reports, teens tend to consider social media as an exciting 
opportunity for social interaction [15] and self-display [23], while 
adults may be more concerned about their information privacy in 
online disclosure [24]. Given the fact that socialization is an 
influential process in childhood and adolescence, interaction with 
their peers through social media plays an important role in teens’ 
life and has an impact on teens’ self-esteem and psychological 
well-being [38]. Their social needs drive their social media 
behaviors, and they actively interact in online to build and 
maintain connections with their peers. 

Research has also presented social media use through a 
comparative analysis from different age groups. Pfeil et al. [29] 
showed that teens tend to express themselves and share their 
stories in online space more than older users (ages over 60). Teens 
also tend to use many social networking sites and maintain 
multiple forms of communications, compared to older users, 
because each channel offers different ways of interacting with 
others. Quinn et al. [35] found that younger users (ages 15-30, 
including teens) tend to use different social media features (e.g., 
updating their status, etc.) more than older users (ages over 50).  

However, there have been much fewer quantitative studies on 
understanding teens and their behaviors in social media compared 
to those with qualitative approaches. Even those quantitative 
studies mostly rely on survey responses from small sample size 
(e.g., 50-300). In this paper, we present a possible way to 
overcome that issue.  

2.2  Sampling and Generalization Issues  
Much research has explored the impacts of social media on people 
and society; however, there has been a growing concern over 
using a limited method (e.g., single) for data collection and 
analysis. Many researchers have realized and claimed that social 
media research is not coherent with an established set of data 
collection, methods, evaluations, and documentation standards 
[6,40].  

Recognizably, data collection is one of the most important 
processes for social media studies. Recently, much research has 
raised a potential issue of social experiments on limited datasets 
and warned a danger of having biased results from those 
experiments [30,31]. Apparently, many studies have relied on 
using public APIs, if available, or crawling web pages. However, 
the issue is about using a single method to collect datasets, which 
implies sampling and generalization issues on the study analyses 
and reports. Although it is challenging to completely resolve these 
concerns in social media studies, we attempted to mitigate them by 
using two data collection methods. Through this, we collected a 
total of 20,000 samples of teens and adults and investigated their 
behavioral differences in using and engaging in Instagram. 

2.3 Modeling User Characteristics and 
Behaviors  
We have seen an exceptional growth in social media data both in 
terms of their volume and diversity, as they include various types 
(e.g., text, photo, video), interactive activities (e.g., Likes), and 
social relationships (e.g., following others). As such, it is 
acknowledged that there is enough data to create reasonably 
accurate predictive models about users or social phenomena.  

We are especially interested in the modeling and prediction of user 
characteristics and behaviors. There are indeed many studies in 
this topic. For example, Kosinski et al. [21] studied the application 
of Like activities to predict a number of user’s personal traits such 
as gender, ethnicity, religion, political views, sexual orientation, 
intelligence, etc. from 58,000 volunteers on Facebook. They 
predicted individual psycho-demographic profiles from Likes 
through a regression model. They found that their model predicted 
homosexual and heterosexual men in 88% of cases, African 
Americans and Caucasian Americans in 95% of cases. Gilbert and 
Karahalios [11] presented a model built from a dataset of over 
2,000 Facebook friendships. Each friendship was assessed by the 
metric called tie strength, which is based on 74 indicators. They 
found that a level of intimacy (e.g., days since last 
communication, number of friends, and intimacy words) is the 
most important factor to predict tie strength, followed by levels of 
intensity, duration, and social distance.  

Similarly, we focus on understanding users (i.e., teens and adults) 
based on their social media use. However, our work is unique, 
because we present various types of activities and behaviors that 
clearly characterize teens in social media. 

It is important to note that our objectives of this paper are not to 
simply compare teens with other specific age groups, but to 
explore the variables that reflect teens’ social media activities and 
verify a possibility of building comprehensive models from those 
activity variables. 

3. DATA COLLECTION 

3.1 Instagram  
Instagram is one of the most popular social networking sites [22]. 
Instagram users also show high engagement, as 59% of them are 
on the platform daily [7]. Because of its high popularity, there 
have been a growing number of studies on Instagram; for example, 
exploring the relationship between photo content and engagement 
[2], analyzing photo content and user types [14], exploring Like 
activities and networks [17], studying tag-based Like networks 
formed by users who share common tags [12], etc. 



3.2 Challenges 
To carry out a comparative study between teens and adults, 
ideally, one needs: (1) unbiased samples of Instagram users, and 
(2) ground truth about the ages of users in the samples. As neither 
is readily available to researchers outside of Instagram, we resort 
to the following methods: 

• Collect 2 million Instagram users via followships from 1,000 
random seed users.  

• Using two different heuristics, create two separate datasets of 
45,000 users each from 2 million users whose ages, either 
teen or adult, are accurately inferred and manually verified. 

Using the Instagram API, we collected data for six months 
(October 2014-March 2015). With the data, we defined our target 
user populations by following Erikson’s eight stages of 
psychosocial development [9]. We chose two age groups, 
“adolescence” (13-19 years old) and “early adulthood” (20-39 
years old), because they are primary user populations in Instagram 
[7]. However, we had to add a 10-year gap between two age 
groups, due to a limitation of current age-detection tools, which 
will be explained in the next section, to warrant that all samples 
correctly represent each group. As a result, the followings are two 
user groups studied in this paper. For simplicity, we refer to 
adolescence as teens and early adulthood as adults. 

• Teens: people who are between 13 and 19 years old. 
• Adults: people who are between 30 and 39 years old. 

We retained only active users for the study by excluding users 
who did not post any photo between October 2014 and March 
2015.  

3.3 Two Heuristics to Determine Ages  
Given an Instagram user, how can we accurately tell if the user is 
a teen or adult? Obtaining ages of users is not easy since many 
users set their age private. In addition, many social networking 
sites, including Instagram, do not ask users to indicate their age 
during registration. Therefore, we employed the following two 
heuristics (Figure 1) to obtain two age-inferred datasets, called P-
data and T-data.  

• Profile-based age detection. We previously reported a 
hybrid method to infer a user’s age using profile photos and 
textual bio description [16]. Our method used a computer 
vision-based age detection tool, Face++1, on profile photos 
and textual cues such as “I am a junior in high school” to 
identify age information. With this method, we were able to 
collect a large number of teens in Instagram. However, since 
Face++ estimates age in a range (e.g., 18±5), many users lie 
in multiple age groups, e.g., adolescence (13-19) and early 
adulthood (20-39). Further, even during a manual verification 
process (will be described later), it was difficult for human 
judges to distinguish users in their late 10s and early 20s by 
looking at their profile photos. Therefore, we intentionally 
placed a 10-year gap (the maximum range returned by 
Face++) between two age groups to reduce ambiguity. 
Finally, we collected 30,000 teens and 30,000 adults 
(unverified samples). 

• Tag-based age detection. As a new data collection method, 
we exploited a set of specific tags in photos, which imply age 

                                                             
1 http://www.faceplusplus.com/ 

information. For example, #sweet16 or #my18birthday would 
imply that the user is a teen, while #30birthday or #hot35 
would imply that the user is an adult. Finally, we identified 
15,000 teens and 15,000 adults where none of them is 
included in the profile-based samples (unverified samples). 

After obtaining teens and adults from the heuristic methods, we 
further manually verified its correctness as follows. For each 
Instagram user, three human judges (i.e., authors) checked user’s 
profile photo, bio description, and posted photos, and then labeled 
as a teen or an adult. We only kept users whose age group is 
unanimously determined. This manual verification process took 
about 3 days to complete all data in both profile-based and tag-
based samples. 

After human verification, we created: (1) P-data, 5,000 teens and 
5,000 adults randomly chosen from the verified profile-based 
samples; and (2) T-data, 5,000 teens and 5,000 adults randomly 
chosen from the verified tag-based samples. Note that both P-data 
and T-data are mutually exclusive (i.e., no common users). It was 
our intention to have the same sample size in two datasets to 
minimize the bias caused from unbalanced data sets.  

After we finalized a total of 10,000 sample users in each of P-data 
and T-data, we further collected various activities of those users 
including: (1) the number of photos, Likes, tags, comments, 
followers, and followings, (2) text information of tags and 
comments, and (3) locations of photos. Our final datasets are 
available at: https://goo.gl/LqTYNv 

It is worthwhile to note that we paid special attentions to protect 
users’ privacy from data collection to analysis. No user-sensitive 
information (e.g., name, gender, etc.) was retained, except 
Instagram user IDs that were needed in the Instagram API to 
collect user activities. 

3.4 Benefits of Two Sample Datasets 
Given two independently sampled datasets, we can analyze them 
either separately or together. When a similar result or trend is 

 
Figure 1. Data collection method. We collected a total of 20K 

teens and adults—5K teens and 5K adults from profile (i.e., P-
data), and the same from tag (i.e., T-data) for data analysis. 

 



observed consistently in both datasets, one can be more confident 
about the finding. As we have P-data and T-data, here we describe 
our rationale of using them. 

We first investigated whether distributions of each variable for 
each label in two datasets are different. We adopted a 
Kolmogorov-Smirnov (KS) two-sample test [25] and found that 
most variables (except teen’s number of photos), used in our 
analyses, are significantly different (p<0.001) partly due to the 
size of data. Even when we substantially mitigated the effect of 
large data size on p-values by testing only on 100 random samples 
out of 10,000, we could still confirm that two data are quite 
different (p<0.05). Therefore, the distributions of each variable are 
statistically different, while having a similar shape in general. 

We also compared two datasets with respect to the amount of 
difference, embedded in the variables of each dataset, between 
teens and adults. Those variables represent user’s Instagram 
activities (e.g., number of photos, Likes, etc.), which will be 
described in the later section. We constructed predictive models to 
classify teens and adults and compared the performance of the 
models. Significant differences in their performances mean that 
two datasets are statistically different.  

Table 1 illustrates different predictive ability of the models. There 
are notable differences when the model trained on T-data was 
tested on the same T-data or the other P-data. A careful 
examination reveals that the learned difference of two age groups 
in P-data also exists in T-data, since models trained with P-data 
yield similar performance on both P-data and T-data as test data. 
On the contrary, learned difference represented in T-data is rather 
unique, since it is not well generalized to P-data (i.e., performance 
gap between tests with P-data and with T-data given T-data 
trained models). 

Table 1. Performance of Logistic Regression (LR) and 
Support Vector Machine (SVM) where Acc. and AUC stands 

for accuracy and Area Under Curve, respectively. 

Training Test LR SVM 
Acc. AUC Acc. AUC 

P-data 
P-data 0.720 0.783 0.752 0.826 
T-data 0.721 0.775 0.744 0.814 

T-data 
P-data 0.588 0.604 0.625 0.669 
T-data 0.803 0.875 0.824 0.892 

These results justify the use of separate analysis from each dataset 
for hypothesis tests, which will reduce biases caused by using a 
single (merged) dataset. On the other hand, it was also found to be 
plausible to run analysis on a single merged dataset when 
researchers want to report descriptive statistics. Based on these 
insights, we employed both ways of handling data, depending on 
an analysis.  

4. RESULTS 
Our data analysis is based on three types of activities (i.e., content-
based, interaction-based, and relation-based). Each type of 
activities represents different characteristics of social media use 
and engagement that Instagram users exhibit (Figure 2).  

We define each perspective as follows:  

• Content-based activities represent what posters added to their 
photos, such as tags or locations (Figure 2-1). 

• Interaction-based activities refer to the actions derived from 
shared content such as Likes or comments (Figure 2-2). 

• Relation-based activities represent follow-based actions 
between users (Figure 2-3). 

In the following three sections, we present how we measure three 
activities in detail. Note that many variables used in the analysis 
are large and non-normalized. To correctly measure the difference 
in those variables between teens and adults, we used eta-square 
(i.e., the effect size), denoted as η2, which refers to the proportion 
of variance associated with each of the main effects, interactions, 
and error in an ANOVA study [37]. As a rule of thumb, η2 = 0.01, 
0.13, 0.26 are considered to be small, medium, and large, 
respectively. 

4.1 Content-based Activities 
We first measured how many tags and locations were added to 
each photo. We then identified the topics in the photos from the 
tags and checked if the two age groups showed different topic 
distributions. 

4.1.1 Difference in tags, selfies, and locations 
Table 2 summarizes the number of tags and selfies (i.e., photos 
with #selfies and/or #me) per photo and the location diversity of 
photos. Teens showed higher activities in both tags and selfies per 
photo. Having more tags per photo often improves the 
accessibility of the photo, because most social networking sites 
provide a list of photos with the same tag, when the tag is clicked 
[28]. Hence, teens’ higher tagging activities may indicate their 
intention to be searched more by other users. From selfies, we can 
assume that teens showed higher self-representation through photo 
activities.  

Table 2. # Tags and # Selfies per photo, and photo location 
diversity (T: Teens, A: Adults; *p<0.001; median). Blue cells 

and orange cells indicate higher influence from teen and 
adults, respectively. 

 P-data T-data 
T A η2 T A η2 

# Tags / # Photos 1.75 1.70 0.00 3.52 3.35 0.01* 

# Selfies / # Photos 0.06 0.02 0.02* 0.07 0.02 0.04* 

Location diversity 0.92 2.97 0.06* 1.89 2.48 0.02* 

Regarding location diversity, because not all users indicated geo-
location in their photos, we randomly chose 1K teens and 1K 

Figure 2. Three perspectives for data analysis. We 
investigated three aspects of differences between teens and 

adults and used them to build prediction models. 

 



adults to have the same number of users for the analysis. Given the 
photos for each user, we first identified the center location that has 
the minimum distance with all other locations. Then, from the 
center location, we grouped other locations within a radius of 10 
miles. In this sense, the number of groups indicates location 
diversity. Table 2 shows that adults have photos with higher 
location diversity than teens. Perhaps this is because adults may 
have more chances to go to or visit different places (which also 
relates to the finding in Table 3, where adults have more location 
tags) and have a more flexible and/or dynamic lifestyle than teens. 

4.1.2 Difference in topic distribution and relationship 
We also looked into a difference in “content” that people in two 
age groups create or share. However, analyzing photos (e.g., 
recognizing objects) using current computer vision techniques is 
still found to be challenging. One way to infer photo content is 
looking at the tags in the photos, because research indicates that 
people tend to add tags that represent the photos they post [13]. 
Hence, we analyzed the tags in the photos as “proxies” by treating 
them as a bag-of-words in LDA [4]. We identified 11 latent topics 
and applied the same method to our datasets and clustered photos 
into 11 topics (Table 3).  

As shown in Table 3, we calculated the percentage of topics from 
posted photos for each topic group. As a result, we found that both 
P-data and T-data exhibited similar trends in topics with a 
particular difference. That is, teens in both P-data and T-data 
showed more cases in “Mood/emotion” and “Follow/like,” while 
adults showed more cases in “Location” and “Nature.” This result 
is not only consistent with, but also extends what was reported in 
our prior study [16] using more expanded heterogeneous datasets.  

Table 3. Topic distributions (T: Teens, A: Adults; *p<0.001; 
median). Orange cells (or blue cells) highlight topics that teens 
(or adults) have more interests with η2 > 0.01 from both P- and 

T-data. 

Topics P-data T-data 
T A η2 T A η2 

Arts/photo/design 0.10 0.09 0.00* 0.02 0.03 0.00* 
Entertainment 0.05 0.04 0.00* 0.08 0.09   0.00 
Fashion/beauty 0.08 0.10 0.00* 0.18 0.05 0.12* 
Follow/like (T) 0.07 0.04 0.02* 0.07 0.04 0.02* 
Food 0.03 0.04 0.01* 0.04 0.06 0.03* 
Instagram-tag 0.18 0.18 0.00 0.10 0.09 0.00* 
Location (A) 0.12 0.17 0.03* 0.15 0.22 0.03* 
Mood/emotion (T) 0.19 0.10 0.08* 0.20 0.14 0.03* 
Nature (A) 0.11 0.16 0.02* 0.03 0.05 0.02* 
Social/people 0.02 0.03 0.00* 0.10 0.17 0.06* 
Sports/wellness 0.05 0.05 0.00* 0.03 0.06 0.02* 
 

4.1.3 Difference in topic entropy 
With the eleven topics identified, we defined topic entropy as the 
degree of uncertainty of each user’s topic distribution. The entropy 
of a user’s topic distribution X is: 

Entropy(X) = − P(xi )
i=1

11

∑ log2 P(xi )
 

where P(xi) is the probability (i.e., proportion) of topic xi.  

A user of high entropy tends to post photos with diverse topics, 
while a user of low entropy tends to post photos with specific (or 
fewer) topics. We found that the topic entropy ranges from 0.0 to 
3.46 — i.e., a user has minimally 1 topic (20=1) and maximally 11 
(23.46≈11). With this range, we defined the users with entropy ≤
  1.59 (i.e., ≤  3 topics) as specialists and those with entropy ≥   
3.17 (i.e., ≥  9 topics) as generalists (same topic range).  

Figure 3 shows the percentage of specialists and generalists in 
teens and adults, demonstrating a significant difference (p<0.001). 
There are fewer specialists but more generalists from teens than 
adults, meaning that, from the same number of users, more teens 
are likely to have photos with diverse topics, whereas more adults 
are likely to have photos with specific topic(s). 

4.2 Interaction-based Activities 
We now switch our focus to interaction-based activities, which 
account for Liking and commenting. We measured the differences 
between teens and adults in the number of Likes, comments, and 
self-comments and in response time to others’ comments.  

4.2.1 Difference in Likes, comments, and popularity 
 
Table 4. Number of Likes and comments per photo, number of 
comments from others, and popularity (T: Teens, A: Adults; 
*p<0.001; median). Blue cells indicate higher influence from 

teens. 

 P-data T-data 
T A η2 T A η2 

# Likes / # Photos 38.2 31.8 0.00 33.0 15.0 0.01* 

# Comments  
/ # Photos 1.92 1.81 0.01* 1.66 1.40 0.00 

# Comments 
received  
/ # Photos 

1.28 1.23 0.01* 1.28 1.12 0.01* 

Popularity 10.6 10.4 0.01* 10.0 9.23 0.02* 

As shown in Table 4, teens tend to have more Likes, all comments 
(including self-comments), and comments from others per photo, 
presenting higher overall interactions than adults. As one’s 
popularly can be inferred by the number of Likes and comments 
received from others, we devised a measure of popularity of a user 
as follows: 

 
Figure 3. Percentage of specialists and generalists in teens 

and adults. 
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That is, a user is considered “popular,” if her photos receive many 
Likes and comments, and she has many followers. The popularity 
result in Table 4 shows that teens tend to have a higher popularity 
than adults in both datasets. 

In addition, we measured the relationship between entropy-based 
user groups (i.e., generalists and specialists) and popularity to see 
an additional difference between teens and adults. Our hypothesis 
was that specialists would be more popular, because they would 
have photos with high quality and more focused topics that might 
attract more other users.  

As a result, we found that teens showed nothing significant, but 
adults showed a strong negative relationship (t(2148)=-8.22, 
p<0.001). In other words, for adults, the more popular they are, the 
less photo topics they have. This indicates that, for adults, 
receiving Likes, comments, and having followers are somewhat 
related to their photos. For teens, on the other hand, whether they 
are specialists or generalists does not seem to strongly affect their 
popularity, perhaps because getting attention in social media is 
simply a goal for them, and the photo iteself might be less 
influential.  

4.2.2 Difference in self-comments and response time 
We examined the number of self-comments (i.e., comments to 
one’s photos) and the response time to others’ comments. We 
expected that teens would show more self-comments and shorter 
response time than adults. As shown in Table 5, this turned out to 
be true from both datasets. 

Table 5. Number of self comments per photo and one’s 
response time to others comments (minutes) (T: Teens, A: 

Adults; *p<0.001; median). Blue cells indicate higher influence 
from teens. 

 P-data T-data 
T A η2 T A η2 

# Self comments  
/ # Comments 0.30 0.23 0.02* 0.20 0.17 0.02* 

Response time to 
others’ 
comments 

24.6 54.1 0.01* 14.6 30.2 0.00 

Regarding response time, we considered a scenario where an 
original photo poster, @robinson, checked one comment (e.g., 
“Nice pic, where did you take it?”) added to his photo by another 
user, @johndoe. Then, @robinson added a new comment (e.g., 
“@johndoe, I took this photo when I visited New York”) and 
mentioned @johndoe in his comment.  

Adding user’s name right after the “@” symbol (i.e., mention) has 
been widely used in social media for replying to another users as 
well as communicating with others. Based on the scenario above, 
we measured how quickly posters replied to others’ comments on 
their photos. As shown in Table 5, teens replied in around 24.6 (P-
data) and 14.6 minutes (T-data). The time gap from adults is 
larger, showing 54.1 (P-data) and 30.2 minutes (T-data). Overall, 
teens are more engaged in comment-based communications 
through self-comments and quicker responses. 

4.3 Relation-based Activities 
Lastly, for relation-based activities, we used the number of 
followers (i.e., people who follow me) and that of follows (i.e., 
people whom I follow). Table 6 shows the results. 

Table 6. Number of follows and followings (T: Teens, A: 
Adults; *p<0.001; median). Orange cells indicate higher 

influence from adults. 

 P-data T-data 
T A η2 T A η2 

# Followers 464 487 0.01* 285 300 0.01* 

# Follows 359 359 0.00 263 328 0.01* 

We found that adults tend to have more followers in both datasets 
and have more follows in T-data. We expected that teens might 
have more relation-based activities than adults, as they are 
generally more active in social media, but it turned out to be the 
opposite. Although we could not draw specific reasons for this 
from our datasets, we assume that adults might have more 
opportunities to meet people in real life, having diverse networks, 
compared to teens whose network might be mostly limited to their 
friends at school.  

4.4 Modeling, prediction, and classification 
In this section, we investigate if it is possible to exploit the 
differences in a number of activities (i.e., features) to build 
accurate prediction models to classify teens and adults.  

We applied four widely adopted supervised learning models — 
Logistic Regression (LR), Support Vector Machine (SVM) with 
radial-basis kernel, Random Forest (RF), and Adaptive boosted 
Decision Trees (ADT). We evaluated all of them using 10-fold 
cross validation. We preprocessed the features by taking logarithm 
except topic related features. This in general reduces the side 
effect of a long-tail distribution. We used a uniform topic 
distribution for a missing topic distribution when there was no tag. 

Table 7. Classifiers performance for content- (C), interaction- 
(I), and relation-based activities (R) from the merged datasets 

(P-data and T-data) and through 10-fold cross validation. 
Type Classifier Accuracy Precision Recall AUC 

C 

LR 0.686 0.661 0.765 0.749 
SVM 0.726 0.713 0.756 0.794 
RF 0.721 0.722 0.721 0.784 

ADT 0.719 0.699 0.774 0.796 

I 

LR 0.688 0.681 0.710 0.734 
SVM 0.721 0.715 0.740 0.781 
RF 0.703 0.694 0.730 0.765 

ADT 0.715 0.715 0.718 0.776 

R 

LR 0.539 0.537 0.577 0.534 
SVM 0.558 0.567 0.534 0.567 
RF 0.525 0.525 0.588 0.520 

ADT 0.555 0.553 0.591 0.567 
 

4.4.1 Baseline 
To validate how well our prediction models work, we used two 
baseline methods to classify a user based on the estimated age: (1) 
using the user’s profile image; and (2) as the median of user’s 



mutual friends’ ages. We again used Face++. Regarding the first 
method, we only considered users who have their face in their 
profile photo. The second method is justified by an assumption 
that one’s mutual friends are more likely to be in the same age 
group based on the notion of homophily [1]. We believe that these 
two methods represent reasonable baselines to determine user’s 
ages in Instagram. As a result, using the first method, we observed 
68% and 64% accuracy for P-data and T-data, respectively. Using 
the second method, we observed 62% accuracy for both P-data 
and T-data.  

4.4.2 Classifications by activities 
In Table 7, we compared the accuracy of prediction models from 
each of three perspectives (i.e., content-, interaction-, and relation-
based activities) using a merged dataset (P+T data). While 
accuracy varies depending on the choice of a method and features, 
we found that (1) both content- and interaction-based features 
yield 72% accuracy at best and (2) relation-based features perform 
worse than two baselines do. It does not seem effective to solely 
look at the number of followers and follows in determining age 
groups.  

4.4.3 Classifications by datasets 
Table 8 shows the performance of classifiers trained from each of 
P-data, T-data, and P+T data. All four classifiers performed 
similarly on each dataset. The highest accuracy is achieved using 
SVM with T-data (0.824). All classifiers performed better with T-
data than P-data. We conjecture that as all users in T-data have age 
indicated more directly via tags, the quality of estimated ages in T-
data may be better than that in P-data, resulting in more 
homogenous age group samples (and in turn more effective 
features).  

We also investigated how much each variable has an effect on 
classification. Table 9 shows coefficients obtained from logistic 
regression models for a subset of variables. In general, variables 
with positive (or negative) coefficient imply that teens have higher 
(or lower) average on those variables than adults have.  

We can see that most variables (except the number of tags per 
photo and entropy) showed similar contributions to classifying 
teens and adults for both datasets. We should be careful not to 
interpret this result by individual variables, because such estimates 
are based on the interaction with other variables (i.e., 
multicollinearity). Yet, it is still valid to examine the significance 
of each variable. If the variable is associated with low p-value, it 
presents unique strength to discriminate teens and adults in 
underlying datasets. When we look at each variable for each 
activity, for both P- and T-data, the number of selfies per photo 
(for content-based activities), the number of comments per photo, 
response time (for interaction-based activities), and the number of 
followers (for relation-based activities) showed stronger influence 
(p<0.05) on classifying teens and adults. 

4.4.4 Verify models with an independent test dataset 
Our last measurement was to verify our models trained by P-data, 
T-data, and P+T data with new and non-overlapping 3rd test 
datasets obtained without using users’ profiles or tags. This 
verification process was necessary because it is important to see 
the robustness of our models that were built from the activities 
identified in this paper. Based on our experience, we noted that 
quite a lot of people create their online account name by using the 
year of birth; for example, lovelife1997, jingkim92, ksruss83 (all 
fabricated usernames), etc. From our user samples not included in 
P-data and T-data, therefore, we looked into their usernames and 
obtained users who specified year in them. We then manually 
checked if they are teens or adults by visiting their Instagram 
page. We confirmed that these users are unique samples not found 
in P-data and T-data, because they did not have a photo of 
themselves on their profile and did not share tags that indicate 
their age. As a result, we had a total of 254 new users (i.e., 151 
teens and 103 adults) for the test dataset. 

Table 10 shows the performance results of classifiers, trained by 
P-data, T-data, and P+T data, and tested using the new 254 test 
users. Note that our models predict two groups quite accurately, 
which is around 81% in accuracy and 85% in AUC at best. This 
result strongly indicates that the activity variables used in our 
study capture two age groups’ behavioral characteristics well 
across independent user datasets collected through different 
methods. 

Table 8. Classifiers’ performance for P-data, T-data, and P+T 
data. The highest accuracy is achieved using SVM across all 

cases. 
Data Classifier Accuracy Precision Recall AUC 

P-
data 

LR 0.720 0.705 0.757 0.783 
SVM 0.752 0.740 0.780 0.826 
RF 0.748 0.740 0.775 0.825 

ADT 0.748 0.740 0.775 0.825 
Baseline 0.680 N/A N/A N/A 

T-
data 

LR 0.803 0.826 0.766 0.875 
SVM 0.824 0.853 0.784 0.892 
RF 0.808 0.837 0.769 0.885 

ADT 0.815 0.836 0.790 0.888 
Baseline 0.640 N/A N/A N/A 

P+T 
data 

LR 0.733 0.724 0.754 0.803 
SVM 0.779 0.784 0.770 0.855 
RF 0.773 0.789 0.749 0.854 

ADT 0.771 0.778 0.760 0.851 
 

Table 9. Coefficients of a subset of variables, content-based 
(C), interaction-based (I), and relation-based (R), and their 
statistical results (***p<0.001, **p<0.01, *p<0.05, +p<0.01). 
Variables were log transformed. Blue cells indicate higher 

influence from teens, and orange cells indicate higher 
influence from adults. 

Type Variable P-data T-data 

C 
# Tags / # Photos 0.00 -0.66*** 
# Selfies / # Photos 1.84*** 1.41* 
Entropy 1.13 -3.86*** 

I 

# Likes / # Photos 0.79+ 4.12*** 
# Comments / # Photos -2.01*** -0.59* 
# Self comments / # Comments 2.47*** 0.27 
Response time to comments -0.11*** -0.13*** 

R 
# Followers -0.49** -1.25*** 
# Follows 0.48*** 0.09 

 



5. DISCUSSION 
Data that represent people’s use and engagement in social media 
provide ample opportunities to understand how they behave 
online. With this rationale, we aimed not only to understand 
behavioral patterns of two special age groups — teens and adults 
— through comparative analyses of large datasets collected from 
two different methods but also to create prediction models for 
identifying teens and adults. 

5.1 Behavioral Differences and Classification 
We identified users’ ages from their profiles and tags and through 
manual verification. With a total of 20,000 teens and adults, we 
investigated a number of different behavioral patterns based on 
content-, interaction-, and relation-based activities. Overall, we 
found that teens and adults exhibited different behaviors across 
three activities from both P-data and T-data—i.e., overall, 
relatively stronger differences in content- and interaction-based 
activities and weaker ones in relation-based ones. 

First, regarding content-based activities, teens tend to have more 
tags and selfies, and have less location diversity on their photos 
than adults. For photo topics, teens tend to post more photos with 
“Mood/Emotion” or “Follow/Likes” tags, whereas adults tend to 
post more photos with “Location” or “Nature” tags. This extends 
our previous findings with T-data. We also found more generalists 
from teens and more specialists from adults. It seems that teens’ 
interest in more diverse topics, as generalists, relates to their 
developmental stage, and topics might become more focused as 
teens grow up. Second, regarding interaction-based activities, 
teens have more Likes and self-comments per photo, and tend to 
reply to others’ comments quicker than adults. We lastly found 
that popular adults are more likely to be specialists, whereas teens 
showed no strong relationships.  

Overall, our study results show teens’ different use patterns 
compared to adults. Although prior research has extensively 
studied teens’ online behaviors [3,5,15], our study methods and 
results present unique empirical evidence and insights on teens’ 
online engagement. They also substantiate prior findings; that is, 

social media use has become pervasive in teens’ lives, and much 
of their social activities is formed and developed through 
interactions in online space.  

In addition, we demonstrate the identification of teens and adults 
based on their activities up to 82% accuracy. We also measured 
how classifiers are influenced based on three types of activities. 
Interaction-based activities were found to be the most influential 
especially with comment-related actions on classification. At the 
same time, the number of selfies and that of followers showed a 
unique strength to discriminate teens and adults from two other 
activities.  

Lastly, we confirm the robustness of our models by testing them 
with a new user dataset. This demonstrates that our models are 
comprehensive and empirically validates that the activity variables 
in our study well represent behavioral characteristics of two age 
groups. 

5.2 Study Implications 
Our study suggests several implications and opportunities.  

First, social networking sites could provide users with a summary 
of their activities in a text or visualization format. Users can see a 
summary of their activities (e.g., how many photos that they 
posted, Likes or comments that they added or received, when they 
posted photos or comments, what the topics of their photos are, 
etc.). With these reports, users will be aware of and can reflect on 
their activities. This will be beneficial for teens in a practical 
sense, as awareness has been considered as a key aspect that 
would allow teens to manage their shared content and privacy 
[19].  

Second, social networking sites could use those summary items to 
recommend topics with similar interests or users who have shown 
similar behavioral activities. The current design of Instagram 
offers some recommendation features; however, mostly, they are 
limited to user’s follow-based or location-based recommendation. 
Thus, we believe that an activity-based recommendation would 
give users a chance to discover similar topics and to interact with 
people who show similar interests, activities or in the same age 
group. Especially teens, as active social media users, may find 
those recommended topics, contents, and users interesting and 
useful, given that they tend to be more open to new opportunities 
and have closer social connections with their peers than other age 
groups [1]. However, a careful design of supporting this new idea 
should be taken into account, such as allowing users to control a 
recommendation process and/or their activity visibility from 
others. 

Lastly, extending the second point, social networking sites could 
control media content, once they identified teens not from their 
explicit profile information, but from their usage activities, given 
that teens are exposed to inappropriate content in social media. 
Like the parental controls included in many digital television 
services and mobile software, the content in social media can be 
filtered and controlled after social networking sites identify 
vulnerable users.  Moreover, there is a potential for detecting and 
automating cases of misuse from them. Social networking sites 
could collect and analyze teens’ usage to provide suggestions on 
how to use social media properly to teens as well as to their 
parents or guardians, if any of misuse or wrong activities is 
detected. This would be a huge win for many teens, parents, 
societies, and social media communities, and should be one of the 
goals in research communities as well. 

Table 10. Classifiers’ performance using P-data, T-data, 
and P+T data for “training” and the new 3rd dataset for 

“testing.” 
Data Classifier Accuracy Precision Recall AUC 

P-
data 

LR 0.811 0.820 0.874 0.852 
SVM 0.756 0.799 0.788 0.829 
RF 0.717 0.734 0.821 0.771 

ADT 0.780 0.784 0.868 0.845 
Baseline 0.680 N/A N/A N/A 

T-
data 

LR 0.693 0.695 0.861 0.742 
SVM 0.740 0.815 0.728 0.781 
RF 0.740 0.758 0.828 0.783 

ADT 0.768 0.824 0.775 0.787 
Baseline 0.640 N/A N/A N/A 

P+T 
data 

LR 0.795 0.832 0.821 0.849 
SVM 0.764 0.814 0.781 0.816 
RF 0.728 0.789 0.742 0.777 

ADT 0.772 0.804 0.815 0.814 
 



5.3 Limitations and Future Work 
One of the limitations in our study is due from sampling. In 
general, any non-random samples are inevitably biased, and in our 
case, both datasets were sampled from users who had their profile 
photos open or hinted their ages in a bio description, or post age-
inferable hashtags. Such users might be less concerned about their 
privacy than those who do not indicate their ages at all. Therefore, 
our random samples, P-data and T-data, might be from the users 
who are biased to share their “age” information willingly in 
Instagram. The additional 3rd dataset used for testing the 
robustness of our models might be also biased; however, we 
believe that users’ intention to reveal their ages in this test dataset 
seems less obvious than P-data and T-data. As such, our findings 
should be carefully interpreted with a limitation. To generalize our 
findings beyond Instagram, we plan to repeat the study in other 
photo-sharing sites such as Flickr or Tumblr as well as other social 
networking sites such as Facebook. 

We used tags to infer the latent topics of photos. However, photos 
contain abundant semantically rich information that is not well 
captured in the LDA analysis. There have been growing interests 
and promising results using deep-learning and its tools, such as 
Caffe [18], for detecting and extracting objects and semantics 
presented in photos. In future work, we plan to use deep-learning 
based extraction of features to discriminate teens and adults even 
better.  

While our study was based on quantitative analyses, there are 
many questions remaining that could be better answered through 
qualitative studies. For example, we are interested in studying 
what a Like really means to teens, whether/how they manage their 
Likes, etc. We plan to conduct qualitative studies to answer these 
questions better in the future.  

6. CONCLUSION 
This paper contributes to a better understanding of teens’ 
behavioral characteristics through comparative, large data-driven 
analyses. We used those patterns for the prediction of teens and 
adults and obtained 82% accuracy, while our baseline methods 
present 68% accuracy at best. Our models further achieved 81% 
accuracy from a new and independent test dataset obtained 
without access to users’ profiles or tags. Our datasets are available 
at: https://goo.gl/LqTYNv 
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