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Abstract:Although a lot of information is available in interpersonal organizations there are events where clients are not ready to reveal a portion of their 
information that incorporates age, sex, and different socioeconomics. This is an important issue as slant investigation uses such information to create 
valuable applications in individual’s everyday lives. These include demographics such as age and gender. There are several cases in social networks 
where a user does not provide their age or the age provided is incorrect. This affects the accuracy of the sentiment analysis by which many of the 
applications are made that depend on the data available on social networks. Here comes this age prediction model to aid. In the above-mentioned 
situations, this proposed model could increase the accuracy of sentiment intensity metrics. The composition styles which incorporate the utilization of 
grins, accentuations, emoticon are being examined utilizing the deep convolutional neural system (DCNN) and are executed into the eSM (upgraded 
assessment measurements) for giving increasingly exact and exact outcomes. The deep convolutional neural system had the best execution, arriving at 
an accuracy of 0.95 in the validation tests. 
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1. INTRODUCTION: 
There are a lot of applications that work in and outside of 
social networks that make the daily life of the users easier. 
These include advertisements, news generation, comments 
posted by the users in e-commerce sites regarding the 
review of different products or promotion of any other topics 
relevant to the user.  These applications work on the 
personal preferences of the users even though they haven’t 
made any customization. These personal preferences are 
found out using different methods. One such method is 
based on the data available on social networks. One such 
important data is age. But sometimes users may not give or 
gives an incorrect age. Using sentiment analysis this can be 
found out. The found-out age may differ from their biological 
age in certain cases but they are equal to their mental age 
which is more important to those applications based on 
sentiment analysis. This finding is based on their 
interactions on social media. Those interactions include 
their writing characteristics and, posts and other media 
sharing. It is observed that a particular age group responds 
towards certain issues or the way of response is identical. 
These identical things include their writing characteristics. 
The slangs, punctuations, abbreviations, and usage of 
smiles are part of that. Here we use the application of 
sentiment analysis with the help of the above-said 
parameters to classify the age groups. In this context, the 
main contribution of this work is to demonstrate that 
parameters, such as, the use of punctuation which includes 
the emotion icons, the number of characters in the 
message or sentence lengths, slang, the utilization of 
Uniform Resource Locator (URL) to share media data, the 
quantity of individuals the client pursues, the quantity of 
adherents, the overall number of tweets posted on informal 
community and the moved toward subjects are significant to 
expand the self-assuredness and exactness for arranging 
the age gathering. This grouping is tried by the AI 
calculation of Deep Convolutional Neural Networks. The 
proposed model is actualized into an upgraded estimation 
metric (eSM) framework for the approval procedure. 
 

 
 
 

2. LITERATURE SURVEY:  
To validate the quality of the projected model to arrange 
age gatherings, it is executed into the enhanced Sentiment 
Metric. The literature review conveys many methods used 
by authors such as artificial neural networks, MATLAB with 
GUI and all other methods for this purpose.  Xiong 
Changzhen, Wang Cong [1] in 2016 proposed a model to 
detect all the Chinese traffic signs. The trained model can 
be used to capture the traffic sign from videos by on-board 
camera or driving recorder and construct a complete traffic 
sign dataset. He proposed the traffic sign detection 
algorithm based on Deep Convolutional Neural Network 
(CNN) utilizing Region Proposal Network (RPN) to 
distinguish all Chinese traffic signs.  Huijie Lin, Jia Jia [2]  in 
2014 found that users stress state is closely related to that 
of his/her friends in social media, and employed a large-
scale dataset from real-world social platforms to 
systematically study the correlation of users’ stress states 
and social interactions. He proposed a novel hybrid model - 
a factor graph model combined with Convolutional Neural 
Network to leverage tweet content and social interaction 
information for stress detection. Experimental results show 
that the proposed model can improve the detection 
performance by 6-9 percent in F1-score. Ke Zhang, CE 
GAO [3] proposed a novel method based on our attention 
long short-term memory (AL) network for fine-grained age 
estimation in the wild, inspired by the fine-grained 
categories and the visual attention mechanism. This 
method combines the residual networks (ResNets) or the 
residual network of a residual network (RoR) models with 
LSTM units to construct AL-ResNets or AL-RoR networks 
to extract local features of age-sensitive regions, which 
effectively improves the age estimation accuracy. He 
described the CNN-based method for age group and 
gender estimation leveraging residual networks of Residual 
Networks (RoR), which exhibits better optimization ability 
for age group and gender classification. Jie Li, Lirong Qio 
[4] in 2015used a set of text mining, sociolinguistic-based, 
and content-related text features, and evaluated some well-
known and widely used machine learning algorithms for 
classification, to examine their appropriateness on this task. 
The experimental results showed that the Random Forest 
algorithm offered superior performance achieving accuracy 
equal to 61%. He ranked the classification features after 
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their informativity, using the ReliefF algorithm, and analyzed 
the results in terms of the sociolinguistic principles on age 
linguistic variation. He described age and gender through 
text messages using naïve Bayes, support vector machine, 
J48 decision tree. BenWang Sun, Fang Tian [5] described 
that analysis of micro-blog sentiment tendency can reveal 
the changes in people's emotions, which has become a hot 
topic in text research. There is a relative lack of research on 
the Tibetan language. In this paper, the deep learning 
algorithm is introduced into the Tibetan sentiment analysis 
to study the accuracy of different algorithms on Tibetan 
micro-blog sentiment classification. This describes Tibetan 
micro-blog sentiment analysis based on mixed deep 
learning using a support vector machine, a convolutional 
neural network. Maryam Hasan [6] in 2014 depicted that 
distinguishing feelings in the content has a wide scope of 
utilizations including recognizing tension or wretchedness of 
people and estimating the prosperity or open disposition of 
a network. He used the entrenched Circumplex model that 
describes viable experience along two measurements: 
valence and excitement. He chose Twitter messages as 
information informational index, as they give an enormous, 
different and unreservedly accessible group of feelings. He 
looked at the precision of a few AI calculations, including 
SVM, KNN, Decision Tree, and Naive Bayes for arranging 
Twitter messages. His strategy has an exactness of over 
90% while exhibiting strength crosswise over learning 
calculations. R. Ragavi, G. Maheswari, S. Geeitha [7,8] in 
2015 estimate the user behavior and stress levels. The 
correlations of user interactions and stress are analyzed for 
the stress detection process. The social network data 
values are parsed and three types of attributes are 
extracted for the stress detection process. The hybrid 
model is enhanced to detect multi-level stress categories. 
The sparse user connotation parameters are integrated with 
the stress detection process. R. M. Pickering [9] reviews the 
use of descriptive statistics to describe the participants 
included in a study. It discusses the practicalities of 
incorporating statistics in papers for publication in Age and 
Aging, concisely and in ways that are easy for readers to 
understand and interpret. The center of a distribution can 
be described by its mean or median, and the spread by its 
standard deviation (SD), range, or interquartile range (IQR). 
Definitions and properties of these statistics are given in 
statistical textbooks. HannahZeilig [10] in 2017 investigates 
how co-creativity can affect well-being from the 
perspectives of people with dementia and their carers and 
explores how well-being and agency might be usefully 
reconsidered. The analysis of the CWS indicated some 
improvements in well-being. Following this analysis using 
multiple data sources, the paper argues that well-being and 
agency are best understood as relational, and ongoing, 
rather than completed states. He proposed the traffic sign 
detection algorithm based on deep Convolutional Neural 
Network (CNN) using Region Proposal Network (RPN) to 
detect age groups. 
 

3. AGE GROUPS DETECTION: 
It is the technique in age processing that deals with 
detecting behavior, sentiments from different platforms 
(Twitter, Facebook, Instagram, etc.) in posts and 
comments. 
 

3.1 DATA GATHERING: 
There is an increasing number of commercial services that 
scrape social networking media and then provide paid-for 
access via simple analytics tools. Also, companies such 
as Twitter are both restricting free access to their data and 
licensing their data to commercial data resellers, such as 
Gnip and DataSift. Gnip is the world's largest provider of 
social data. Gnip was the first to partner with Twitter to 
make their social data available, and since then, it was the 
first to work with Tumblr, Foursquare, WordPress, Disqus, 
StockTwits and other leading social platforms. Gnip 
delivers social data to customers in more than 40 
countries, and Gnip's customers deliver social media 
analytics to more than 95 % of the Fortune 500. Real-time 
data from Gnip can be delivered as a ‘Firehose' of every 
single activity or via PowerTrack, a proprietary filtering tool 
that allows users to build queries around only the data 
they need. PowerTrack rules can filter data streams based 
on keywords, geo boundaries, phrase matches and even 
the type of content or media in the activity. The company 
then offers enrichments to these data streams such as 
Profile Geo (to add significantly more usable geodata for 
Twitter), URL expansion and language detection to further 
enhance the value of the data delivered. In addition to 
real-time data access. 
 
3.2 TEXT DETECTION: 
The age information is not always provided in some social 
networks, for instance, Twitter. After verifying that this 
information could alter the results of several analysis, some 
research, have worked on trying to predict it. One strategy 
used was to search for descriptions in the profile that 
contained the expressions ‘‘X years’’, ‘‘I have X years’’ or ‘‘I 
did X years’’, where X represents the user’s age. However, 
it was verified that on Twitter, informing the age in the 
profile description is not a common habit and therefore 
these studies would not provide reliable results. It is 
common among teenager users of social networks to 
discuss more topics that occur in their daily lives, impacting 
their real world. Topics such as relationships, school, and 
friends are more frequent in this age group. Adult users are 
concerned with their images; then, they are more careful 
with the comments they write, and who can read them Age 
Groups Classification in Social Network Using Deep 
Learning sentences with positive sentiments, not using self-
reference, making less use of negation, and consequently 
the use of slang also becomes less frequent. The fact that 
adults write less about themselves can also be justified by 
the time users spend online; in adulthood, users have more 
commitments throughout the day, and teenagers spend 
more hours a day in online media; then, for teenagers, the 
social networks become the major means of expressing 
their opinions to the world. In addition to the classic identity 
markers in adulthood, such as the topics of religion, 
ideology, politics, and work; adults are also characterized 
by using online media to express their comments. Adult 
users are accustomed to attaching photos, videos or share 
links of another page that will complement the information 
that was initiated in the tweet. This research will consider 
two main age groups, teenagers and adults, because of the 
large difference in behavior between these two groups. 
Users of Twitter under the age of thirteen are not 
considered in this research, because many social networks 
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require users to be at least thirteen years old to sign up in it. 
Thus, the teenager group is composed of users from 13 to 
20 years old, known as teenagers and the adult group is 
composed of all users aged 20 or over. 
3.3 SENTIMENT ANALYSIS: 
In this context, it is common to find studies that analyze the 
comments of e-commerce sites and also social networks by 
punctuating the sentiments of that comment. In this way, it 
is possible to gauge how much a product or service is well 
seen by the market or, likewise, it is possible to verify which 
aspects still need improvement. Besides, the sentiment 
analysis can be useful to analyze, almost in real-time, a 
specific topic to determine some statistics. There are many 
studies about sentiment analysis, but the majority does not 
consider the user profile such as the Sentimeter-Br2 metric 
that is based on a lexicon dictionary, in which each word 
has a positive or negative value of sentiment. This metric 
considers n-grams, adverbs and no stop words, 
differentiates sentiment values depending on verbal tenses, 
in which verbs in past tense have a lesser sentiment value 
than verbs in the present tense. The eSM is used for our 
analysis which considered the characteristics of the user’s 
profile, amongst them, the gender, level of education, 
geographic location and age are mentioned. The eSM is the 
association of a lexicon-based sentiment metric, the 
Sentimeter-Br2, with a correction factor based on the user’s 
profile information. The eSM model of a sentence Fi is 
given by (1). Note that it is assumed that the age 
information is available in the user profile.  
eSM(Fi) = Sentimeter_Br2(Fi) ∗ C ∗ exp(a1 ∗ A1 + a2 ∗ A2 
+ . . . + an ∗ An + g1 ∗ M + g2 ∗ F + e1 ∗ G + e2 ∗ nG + t1 ∗ 

T 2 + . . . + tm ∗ Tm) 
  Where: • C is a scale constant, obtained by subjective 
tests [18]; • a1 . . . an are binary factors related to age 
groups A1 . . . An are the weight factors of each age group, 
been considered four groups; • g1 and g2 are binary factors 
related to the gender; M and F are the weight factors of 
gender, man or woman, respectively; • e1 and e2 are binary 
factors related to educational level (higher education or 
not); • G e nG are the weight factors of educational level. 
 

4. ARCHITECTURE DIAGRAM:  
 

 
 
 
 
 
 
 
 
 
 
 
 

 
Explanation: After the analysis of the database containing 
the comments of people on social networking, the age 
groups have been categorized by text analysis and 
observing the emojis, slangs, punctuations used by the 
people in their sentences the users are being categorized in 
various age groups, such as Elders, Teenagers… using 
CNN. The abbreviations and variations in writing are 

considered in our research. The use of slang has been 
incremented with the predefined abbreviations in a 
dictionary, besides the spelling variations of the words. The 
entry that refers to the attached media, the URL is 
composed of the tweet messages that contain a link 
pointing to another page, or some kind of attachment such 
as photos or videos. We also considered if the message 
has the markers or symbols, ‘‘#'' that highlight some topic, 
and ‘‘@'' which is used to mention the name or nickname of 
another user. 1000 sentences of each topic selected were 
used to classify users as teenagers or adults, the sentences 
were extracted via Twitter’s Application Programming 
Interface (API). 
 

5. ALGORITHM: 
The DCNN captures better the semantic of texts compared 
to the recursive neural network. For this reason, in this 
work, the DCNN was used. The DCNN used in the work 
needed the following steps:  

1. To train the deep learning model for classification:  
2.  It used the word2vec neural language model;  
3.  A convolutional neural network was performed to 

refine the supervised corpus 
4. The parameters of the network were used to 

initialize the network obtained in a previous stage 
to training the supervised corpus. 

In the experiments, the topology of DCNN used a linear 
learning rate of 0.0004, batch size of 128, decay factor of 
0.001 and momentum of 0.9. Each network of the algorithm 
was trained using 100 epochs. The SoftMax classifier was 
used in the DCNN. 
 

6. RESULT:  
In the model training phase, the DCNN obtained a precision 
of 0.910 for users classified as teenagers and 0.956 for 
users classified as adults with the methodology used; also, 
the recall values reached 0.919 and 0.931, respectively y. 
Through this data, it is possible to calculate the F-Measure 
which is the harmonic average between the information 
obtained. In this research, the F-Measure reached the value 
of 0.930 for the general classification, as can be seen in 
Table 1 together with the other results obtained by the other 
machine learning algorithms.The prediction of age groups 
has been successfully predicted using Deep Convolutional 
Neural Network with acceptable accuracy. 
 

Precision Recall F- Measure Class 

0.819 0.838 0.830 Teenagers 

0.872 0.864 0.812 Adults 

0.912 0.974 0.875 General 

0.814 0.838 0.860 Teenagers 

0.972 0.764 0.912 Adults 

0.922 0.934 0.975 General 

0.876 0.997 0.801 Teenagers 
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7.CONCLUSION:  
To obtain the most relevant parameters, an extensive 
number of sentences were analyzed qualitatively, to 
determine the characteristics of teenager and adults age 
groups, considering the writing style and both users' history 
and profile. The experimental results show that the 
parameters used in this research can reach high accuracy 
for determining the age groups of users on Social 
networking platforms. 
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