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Abstract: For almost every online service, it is fundamental to understand patterns, differences and
trends revealed by age demographic analysis—for example, take the discovery of malicious activity,
including identity theft, violation of community guidelines and fake profiles. In the particular case
of platforms such as Facebook, Twitter and Yahoo! Answers, user demographics have impacts on
their revenues and user experience; demographics assist in ensuring that the needs of each cohort
are fulfilled via personalizing and contextualizing content. Despite the fact that technology has
been made more accessible, thereby becoming evermore prevalent in both personal and professional
lives alike, older people continue to trail Gen Z and Millennials in its adoption. This trailing brings
about an under-representation that has a harmful influence on the demographic analysis and on
supervised machine learning models. To that end, this paper pioneers attempts at examining this
and other major challenges facing three distinct modalities when dealing with community question
answering (cQA) platforms (i.e., texts, images and metadata). As for textual inputs, we propose an
age-batched greedy curriculum learning (AGCL) approach to lessen the effects of their inherent class
imbalances. When built on top of FastText shallow neural networks, AGCL achieved an increase of
ca. 4% in macro-F1-score with respect to baseline systems (i.e., off-the-shelf deep neural networks).
With regard to metadata, our experiments show that random forest classifiers significantly improve
their performance when individuals close to generational borders are excluded (up to 20% more
accuracy); and by experimenting with neural network-based visual classifiers, we discovered that
images are the most challenging modality for age prediction. In fact, it is hard for a visual inspection
to connect profile pictures with age cohorts, and there are considerable differences in their group
distributions with respect to meta-data and textual inputs. All in all, we envisage that our findings
will be highly relevant as guidelines for constructing assorted multimodal supervised models for
automatic age recognition across cQA platforms.

Keywords: community question answering; user demographics; imbalanced data; multimodal data;
age prediction; supervised learning

1. Introduction

There is no question that demographic analysis is essential for running a successful
social media network. In essence, this analysis is considered virtually indispensable for en-
gaging members on an individual level, and consequently for building social capital. By all
means, a comprehensive demographic analysis provides crucial elements in fostering the
participation of its members as it yields contextualized understanding of their perceptions.

Needless to say, almost all demographic studies consider age as one of its principal
and mandatory variables to be explored, since it usually determines behavioral patterns
such as buying habits and how we respond to advertising. People at different ages have
distinct ways of expressing themselves and often spend their time on separate platforms.
Consider the case of Millennials, who may spend most of their time on Instagram and
Facebook, whereas older people prefer relying heavily on their email inboxes. This can
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also be found on community question answering (cQA) sites such as Yahoo! Answers
(https:/ /answers.yahoo.com (accessed on 1 February 2021)), where our figures show that
Millennials and GEN Z comprise almost 91% of its members. As a means of having a rough
approximation of the actual size of these sites, consider the three billion Yahoo accounts
that compromised the 2017 data breach [1]. Aside from that, another report mentions that
Yahoo! Answers had enrolled about one hundred million fellows as of December 2015 [2].

When considering age demographics, it is convenient to think in terms of generations
or cohorts. Despite the fact that these divisions are always somewhat arbitrary, demog-
raphers normally recognize some “standard” groupings. To give an example, fashion
designers view this variable as specific age ranges or life cycle stages: babies, children,
adolescents, adults, middle-aged adults and seniors. From a different viewpoint, age seg-
mentation can also be grounded in generations such as the Baby Boomers and Millennials.
It is important to find the right segmentation, since using the same strategy with different
groups is highly likely to obtain unfortunate and unintended results (e.g., Baby Boomers
and Gen Z), because they do not share similar characteristics and thought processes. Gener-
ally speaking, modeling age cohorts is a very challenging task due to three chief obstacles:
(a) unclear boundaries between different clusters; (b) it depends on the practical use of the
model; and (b) individuals gradually change when moving from one cohort to the next.

It goes without saying that overcoming these obstacles is not only vital for the descrip-
tion and analysis of various classes of demographic data, but it is also crucial for assisting
most online systems in numerous tasks, including recognizing identity theft, deception,
violation of community guidelines (e.g., underage youths), filtering and banning fake
profiles and malicious activity overall. In the particular case of cQA platforms, age de-
mographics are vital for diversifying and boosting their dynamicity, when integrated into
question routing, expert finding, personalization and dedicated displays [2]. Evidently,
displaying diverse outputs aims in part at kindling the interests of community peers in
gaining knowledge by browsing new topics.

In fact, these obstacles make the construction of effective supervised machine learning
models very hard, especially class imbalances caused by generational trailing. To the best
of our knowledge, this work is one of the first studies to delve into how these phenomena
impact the automatic recognition of age groups across Yahoo! Answers. More precisely,
it focuses its attention on their repercussions in three distinct modalities: metadata (e.g,
posting timestamps and categories), texts (e.g., questions, answers and self-descriptions)
and profile images. We additionally present and experimentally demonstrate effective
solutions for alleviating the impacts of two of these three modalities (i.e., texts and meta-
data).

The roadmap of this work is as follows. First, relevant studies are presented in
Section 2, and later Section 3 outlines the acquisition and the annotation process of our
working corpus. Then, Sections 4—6 dissect the three different modalities: texts, meta-data
and images, respectively. Eventually, Section 7 puts together the outcomes of the three
separate analyses in a discussion; and Section 8 touches on the key findings and some
future research directions.

2. Related Work

Recent research topics regarding cQA users relate to modeling their areas of expertise
and quantifying their impacts on answer selection [3]; how the evolution of their roles in
the community impacts the content relevance between the answerer and the question [4];
the intimacy between askers and answerers [5]. From another angle, current research
has focused its attention on discovering informative features of genuine experts [6-8],
and discovering patterns of interactions between community fellows [9]. Contrary to the
vast bulk of recent research, we take the lead on studying the challenges faced by super-
vised models when discovering discriminative patterns of the age demographics of cQA
members. To be more exact, our work is the first effort at looking into plausible, effective
solutions to overcome the obstacles that show up when zooming in on data distilled from
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three different modalities (i.e., meta-data, texts and profile images). We envisage that the
automatic and successful identification of age demographics can positively contribute to
the aforementioned tasks.

Unlike Facebook [10] and Twitter [11-14], there is only a handful of studies dissecting
age demographics across cQA services [2,15]. Particularly notable is the investigation
of [15], who conducted a study into sentiment analysis for cQA sites; when doing so,
they superficially touched on age demographics, focusing on the effects of age on the
attitude and sentimentality of their members. By the same token, [16] inspected age-related
trends in StackOverflow (https:/ /stackoverflow.com/questions (accessed on 1 February
2021)) as they relate to programming experts. In juxtaposition to our study, these stud-
ies paid attention only to textual inputs as a source of informative attributes, and they
did not deal with the intrinsic hindrances to supervised learning techniques built on
textual corpora.

However, it is important to bear in mind some findings concerning other social
networks. For instance, the research of [17] revealed that it is difficult to correctly predict
ages across mature Twitter users. Additionally, by examining words, phrases and topic
instances within Facebook messages, [10] discovered substantial variations in language
in consonance with age. To exemplify, slang and emoticons are prominent across the
youngest group, while in the 23-29 cluster, conversations about work come up. From a
general view of topics across all age cohorts, they pinpointed that conversations concerning
relationships continuously increase across the life span, and the progression of school,
college, work and family. Incidentally, it is worth noting that PAN (https://pan.webis.de/
(accessed on 1 February 2021)) is a series of scientific events directing its attention to
how language expressed in everyday social media reflects basic social and personality
processes. From 2013 to 2016, these shared tasks considered age author profiling (https:
/ /pan.webis.de/clefl6/panl6-web/author-profiling.html (accessed on 1 February 2021))
in Twitter, blogs and social media [11-14]. Fundamentally, the best systems capitalized on
logistic regressions and simple content features, such as bag-of-words or word n-grams [12];
on the flip side, word embeddings performed poorly on Twitter data [18].

Modern image recognition is, by and large, powered by deep learning, specifi-
cally convolutional neural networks (CNN). Some widely used neural networks include
AlexNet [19], VGG 16 [20] and ResNet [21]. It is worth underlining also that more recent
high-performing neural networks architectures make use of hundreds of millions of pa-
rameters [22]. In relation to age demographics, image processing has focused mainly on
facial age estimation. For instance, the work of [23] proposed a methodology for age and
gender identification grounded on feature extraction from facial images. Classification is
then done using neural networks according to the different shape and texture variations of
wrinkles. Along the same lines, [24] predicted age and gender by means of convolutional
networks capable of learning under the limitations of few samples. Another study was
done by [25], who estimated age and gender based on SVMs and multi-level local phase
quantization features extracted from normalized face images. The work of [26] integrated
CNNs and extreme learning machine (ELM) for to recognizing age and gender. The former
was exploited for collecting features from input images, whereas the latter categorized
intermediate results. Lastly, the feed-forward attention mechanism of [27] was able to
discover the most informative and reliable parts of given faces for improving age and
gender classification. In the case of Yahoo! Answers, members use assorted images on
their profiles, including avatars, landscapes, objects, shields, flags and real faces of course.
This wide variety together with their small size make the recognition of age based on this
modality a very challenging task.

Allin all, automatic age prediction across cQA members is a largely unexplored area of
research. This work pioneers the efforts in that direction by dissecting the main challenges
across different modalities, and by presenting an effective way of alleviating two of them
(texts and meta-data), independently.
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3. Dataset

In order to fetch user profiles (see Figure 1) and question-answers pages (see Figure 2)
from Yahoo! Answers, we took advantage of the web scraper implemented in [28], which
ran for around three years (September 2015-2018). As a result, about 53 million of question-
answers pages were retrieved, wherefrom all question titles, bodies and answers were
extracted accordingly; and in the same manner, ca. 12 million profile pages were down-
loaded. From these pages, we extracted self-descriptions, images and lists of questions.
We then singled out all textual content written predominantly in English by means of a
language detector (https:/ /code.google.com/archive/p/language-detection/ (accessed
on 1 February 2021)). See a sample record in Figure 3.

3 points

+ ElmsofTaste

Favorite Answers Answers Questions
Block
5% 1,359 428

Lick the trees and you will know everything. Free Diabetes screenings with every Happy Meal. If you chas: ...More

Questions Answers Followed Questions Following Users Followe

The rain in Spain is mainly made of cocaine?

7 Answers * Polls & Surveys * 2 days ago

Have you ever seen someone eat a whole chicken?
2 Answers * Polls & Surveys + 3 days ago

Does Ghislaine Maxwell stand a chance against those big prison muff pirates?
...Show mare
2 Answers * Politics + 3 days ago

Have you used Yahoo! News since they got rid of the comments?
...Show more
2 Answers * Polls & Surveys * 3 days ago

What's Ghislaine Maxwell up to right now?
...Show more
2 Answers ¢ Polls & Surveys « 4 days ago

Figure 1. Public profile belonging to ElmsofTaste. This page shows a self-description, a list of
questions asked and a profile image.
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Courtesyclerkgirla3

e asked in Food & Drink > Cooking & Recipes - 4 days ago
| eat an egg sandwich every day and sometimes it
doesn't have any flavor..how can | make it less bland? ?

I'll make scrambled eggs Into a paity and put It on bread..sometimes It tastes so bland
_.how can | jazz It up?

55 Answers Relevance ~

= sw-e @D

! 8 mins ago

My b/f loves when | make him a scrambled egg omlette In the microwave. | break 2 eggs
/ 2 egg whites In a big glass measuring cup, put onlon and green pepper and bacon bits
In, dash salt dash pepper, a little milk, scramble It all together, put In microwave for 1
minute, scramble It up, another minute, scramble It up, top with shredded cheddar -
done. | am sure something like this would taste great on bread. :)

yo &fo R

‘3‘_“‘ out2lunchdnow?2 (EE)
I 7 nours ago

A slice of cheese. A slice of onion. A slice of meat lilke ham or bologna. A dollop of

salsa. Go out and buy an Imagination and use It once In a while.

ho &fo R

HmFan 5D

Figure 2. An instructive question-answers page posted on 12th August 2020. This page highlights its
title, the body and two of its responses.

Our automatic annotation process starts off by searching for valid putative birth
years (1910-2008) and ages (10-99) at the paragraph level. Additionally, correspondingly,
all mismatching paragraphs are eliminated. The next step consists of splitting the se-
lected paragraphs into sentences via CoreNLP (http://stanfordnlp.github.io/CoreNLP/
(accessed on 1 February 2021)). For each sentence, we verified if it starts with any of
following three surface patterns: (a) [I am|I m|I'm|Im|I turned] [|an|now|only|age|turning]
NUMBER; (b) I was born [in | on] [DATE|YEAR]; and (c) My age is NUMBER.

We conducted a case-insensitive alignment, and checked as to whether or not after
the number we could find an occurrence of a unit such as kg and mg, or a period of
time such as weeks or days. In so doing, we made sure that these matched numbers did
not correspond to commonly used metrics/units explicitly mentioned in the text. Every
time these alignments failed, we carried out a POS-based analysis by basically ensuring
that: (a) there was only one pronoun and no additional verb before the first identified
number/year; and (b) there was no negation before the first number/year.


http://stanfordnlp.github.io/CoreNLP/
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<questions>

<gquestion 1d="2011011€13014BAAULWGE” category="Diet & Fitness">
<title>Can't do even cne pull-up/chin-up. Help?</title?
<body>I am 13 years old and &6ft tall. Flease don't tell me to try negatives. I tried to do a
negative today and I couldn't, i ... [edited contemt] ... And if you could specify how to do
it7</beody>
</question>

<gquestion 1d="20110504142522AAMZpvu” categor
<title>5Some Questions about d</title
<body>0k so0 I'm 13 and I already know I want to be an officer in either the Marines as a fighter pilot

Military

or an officer in the ... [edited content] ... </body>
</question>
<question id="20110512164906ARAy)70r" category="Diet & Fitness">
<title>How Much SHould I Weigh?</title>
<body>I am & foot 1 inch in height and I am 13. I used to weigh 180 but I lost 20 pounds and now I
weight 160. I would like to know what my ideal weight should be for my height and age.</body>
</guestion>
<question id="20110626073402RAAHSDFW" category="Rap and Hip-Hop">
<title>How to get my music out there?</title>
<body>I'm a 13 year old rapper, and I'm definitely a beginner. Other than post my music on YouTube, how
could I get recognition?</body>
</question>

<guestions>
<ANSWEers>

<answer guestion-id="20110117103024AAwWPHID"” category="Diet & Fitness">
Well, exercise is the best way to lose weight and you are right that running is one of the best
ways but since you can't there's gonna be a small preblem.<br/>Well, I'd suggest walking then.

[edited content]
</answer>

</answers>

Figure 3. An instructive user record. In bold red, phrases used for inferring the age, and in bold black, timestamps.

On the whole, 657,805 users were automatically labelled, and all sentences used
to determine their age where removed from the respective texts. Note that, from these
members, only 219,626 (33.39%) used a non-default profile image.

Table 1 gives an intuition about the age distribution observed within our corpus across
both modalities (i.e., texts/metadata and images). As a means of facilitating this compari-
son, samples were grouped by following the theory of William Strauss and Neil Howe [29].
This is premised on the proposition that each generation belongs to one of four classes,
and that these classes repeat sequentially in a fixed pattern. By virtue of these descriptors,
five distinct cohorts were identified: Matures, Baby Boomers, Generation X-ers, Millenni-
als/Gen Y-ers and iGen/Gen Z-ers (https:/ /www.kasasa.com/articles/generations/gen-
x-gen-y-gen-z (accessed on 1 February 2021)). It is worth mentioning there that people
born earlier than 1944 became members of the additional cluster "Matures."

For experimental purposes, these samples were randomly divided into 394,745 train-
ing (60%), 131,519 testing (20%) and 131,541 evaluation (20%) instances in such a way
that we ensured similar distributions of all five target categories across these three splits
(see Table 1). Additionally, as for images, the distribution was as follows: 131,682 (59.94%)
training, 43,972 (20.02%) testing and 44,029 (20.04%) evaluation. It is worth stressing here
that we kept full consistency between text and image splits; that is to say, each community
peer was used for the same purpose (i.e., training, testing or evaluation) for both sets (i.e.,
texts and images).

In summary, our corpus unveils that, like other online platforms, older people continue
to trail both Gen Z and Millenials in the adoption of online cQA platforms, especially Yahoo!
Answers (see Figure 4). As a natural consequence, the data are skewed; this means most
of the data are on the right-hand side of the graph (younger generations) and the long
skinny tail extends to the left (mature people). More specifically, the entropy of the text set
is 1.4536, whereas this value is 2.322 for perfectly balanced classes. Note also that about
50% of the text samples belong to the youngest generation (Gen Z), and ca. 50% of the
image samples are members of Gen Y; and in this set, the entropy is 1.5447, indicating a
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higher uncertainty in the distribution of its prior probabilities. Lastly, it worth stressing
that differences in age distributions might also be sharp across distinct modalities (i.e.,
texts, images and metadata).

Table 1. Definitions and distributions of the different age clusters across the United States and
our collection.

Generation Birth Years USA (Million) Texts/Metadata  Profile Images

Gen Z 1995-2008 74 321,912 (48.94%) 82,162 (37.40%)
GenY 1980-1994 73 276,493 (42.03%) 110,463 (50.28%)
Gen X 1965-1979 82 37,301 (5.67%) 17,330 (7.89%)
Baby Boomers ~ 1944-1964 76 17,705 (2.69%) 8083 (3.68%)
Matures 1910-1943 - 4394 (0.67%) 1645 (0.75%)
Total 657,805 219,683

Texts and Images
m= Texis == |mages

0.100
LI. LILI

1920 1940 1960 1880 2000
920 040 960

Year

Figure 4. Prior distribution across texts and images (the abscissa denotes user birth year).

4. Text Analysis

The trailing discussed in the previous section brings about an under-representation
that has a marked and harmful influence on the demographic analysis and on machine
learning models, especially supervised approaches. In our study, we cast age prediction
as a classification task via capitalizing, in the first place, on the segmentation provided by
Strauss and Howe (see Table 1). Based on these divisions, we quantify the significance of
this repercussion on the following state-of-the-art neural network classification models
built solely on textual inputs:

e  FastText (https://fasttext.cc/docs/en/support.html (accessed on 1 February 2021)):
It is a simple and efficient library for learning word embeddings and text classification,
rivaling deep learning classifiers in terms of accuracy, but many orders of magnitude
faster. This model is a simple shallow neural network with only one layer. The bag-of-
words representation of the text is first fed into a lookup layer, where the embeddings
are retrieved for every single word. It constructs averaged n-gram text representations,
which are fed to a linear classifier afterwards (multinomial logistic regression). A
softmax layer is utilized for obtaining a probability distribution over pre-defined
classes, and stochastic gradient descent is combined with a linearly decaying learning
rate for training [30,31].
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Deep Neural Networks (https:/ /www.tensorflow.org/ (accessed on 1 February 2021)):
We capitalized with four word-level text classification strategies implemented in Ten-
sorflow (https://github.com/dongjun-Lee/text-classification-models-tf (accessed on
1 February 2021)): CNN [32], bidirectional RNN (B-RNN), attention-based bidirec-
tional RNN [33] and RCNN [34].

In order to reduce the bias in our assessments, or in other words, to consider distinct

plausible applications, we took advantage of three different metrics in our evaluations that
are widely used across several text-oriented multi-class settings: Accuracy, MRR (mean
reciprocal rank) and macro-F1-score. A brief description of each metricfollows:

Accuracy: the fraction of instances that were correctly predicted by a given model.
Mean reciprocal rank (MRR): The multiplicative inverse of the position in the confi-
dence ranking of the first correct label [35]. Accordingly, the MRR is the average of
the reciprocal ranks of the predictions output for an array of community members.
Macro-averaged F1-score, or macro-F1 in short: this combines the per-class F1-scores
into a single number by computing their simple arithmetic mean. This metric is more
influenced by the performance on rare categories [36].

Table 2 underscores the outcomes accomplished by each configuration of neural net-

work learner and metric. Fundamentally, our experiments point to the following findings:

1.

Although Accuracy and MRR are, by and large, fairly high for a five-class task
(the former over 64% and the latter over 0.8), macro-F1 is quite low (between 0.24
and 0.35). Both things together indicate that trained models are likely to be almost
“two-sided”; in other words, they mainly specialize in discriminating between the two
largest age cohorts (i.e., Gen Y and Z).

A shallow neural network (FastText) outperformed much more complex architec-
tures by a considerable margin regardless of the metric in consideration. It assigns,
for instance, the correct age group to 2.38% more members than its closest rival
(Attention RNNSs). This result suggests that more research efforts should go into tack-
ling imbalances produced by trailing than into designing more complex architectures.
However, more importantly, FastText accomplished a marked improvement in terms
of macro-F1 (over 27%), meaning that it performed better across the five cohorts
on average, and this entails that it was relatively successful at coping with the data
imbalance. It is worth highlighting here that this a desired, but not easy to achieve
result. See, for instance, the outcomes of CNN; this deep neural network improved in
terms of this metric, but its performance diminished in relation to Accuracy and MRR.

Table 2. Accuracy (%)/MRR/macro-F1-score achieved by the for the different age cohort distributions (test set).

Reduced .

Strauss & Howe Strauss & Howe cso.ie Ten Year Groups
FastText 70.30/0.8388/0.3444  71.79/0.8530/0.6350 70.18/0.8398/0.3343 66.73/0.8095/0.2172
CNN 64.66/0.8079/0.2696  62.24/0.8002/0.4361 64.87/0.8089/0.2752  65.52/0.8126/0.1978
RCNN 66.61/0.8194/0.2371 67.77/0.8311/0.5752  66.55/0.8190/0.2221 66.87/0.8207/0.2372
Bi-RNN 67.23/0.8232/0.2337  68.10/0.8334/0.5639  67.64/0.8254/0.2230  67.11/0.8225/0.2387
Attention RNN  67.92/0.8268/0.2447  68.08/0.8332/0.5924  67.75/0.8259/0.2401 67.68/0.8254/0.2443
Average 67.34/0.8232/0.2659  67.60/0.8302/0.5605  67.40/0.8238/0.2589 66.78/0.8181/0.2270

In summary, the best configuration finished with a fairly high performance, pointing

not only to the fact that age groups can be effectively identified from their textual inputs,
but also that this can be done efficiently, since FastText can run under very limited resources.
However, our figures indicate that class imbalances manifested across age groups seriously
hurt the learning of text-based neural network models.
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The next step in our study was testing different age cohort descriptors; this way we

could conduct experiments with different numbers of classes and distributions. For this
purpose, we accounted for the following three additional segmentations:

Reduced Strauss and Howe: We amalgamated the three oldest and under-represented
groups into only one cluster named "Matures" (see Table 3). We devised this distribu-
tion based on our prior empirical observations. More precisely, our intuition is that
having only one larger, but still under-represented group would lighten the burden
on learning model parameters, resulting in fitter models.

cso.ie: We took advantage of the grouping utilized for the 2016 Irish census (https://
www.cso.ie/en/releasesandpublications/ep/p-cp3oy/cp3/agr/ (accessed on 1 Febru-
ary 2021)) (see Table 4). The underlying reason behind this choice is that its two largest
cohorts are slightly smaller than the other considered distributions, summing up to a
total of 88.88%. Like Strauss and Howe, it divides people into five clusters, but unlike
Strauss and Howe, these divisions are substantially more uneven.

Ten year groups: We also made allowances for a traditional ten year segmentation
(see Table 4). This kind of division is utilized across several sorts of demographic
analyses, and in our case, it produces an extremely imbalanced prior distribution
encompassing seven age groups. More specifically, the 1989-1998 cluster comprises
62.56% of the members.

Table 3. Different age cohort descriptors (reduced Strauss and Howe).

Group Birth Years Texts/Metadata
GEN Z 1995-2008 321,912 (48.94%)
GENY 1980-1994 276,493 (42.03%)
Matures 1910-1979 59,400 (9.03%)
Total 657,805

Table 4. Different age cohort descriptors (distributions).

cso.ie Ten Year Groups
Group Birth Years Texts/Metadata Group Texts/Metadata
Primary 2006—-2008 212 (0.03%) 19992008 103,995 (15,80%)

Secondary 2000-2005 62,804 (9.55%) 1989-1998 411,574 (62,56%)

Young adults 1994-1999 309,002 (46.97%) 1979-1988 87,189 (13,25%)

Matures 1954-1993 275639 (41.91%)  1969-1978 26,496 (4,03%)
Adults 1910-1953 10,148 (1.54%)  1959-1968 13,768 (2,09%)
1949-1958 7988 (1,21%)
1910-1948 6795 (1,03%)

Total 657,805 657,805

Table 2 juxtaposes the performance reaped by each neural network learner when

considering these three segmentations. In this light of these outcomes, we conclude:

1.

Interestingly enough, FastText outclassed all deep architectures by a clear margin
every time community fellows were represented by means of three or five cohorts.
This superiority was also seen regardless the metric used for the assessment. However,
on the flip side, its competitiveness notoriously worsened when members were
modeled by means of ten groups.

Independently of the metric, the larger the number of age groups, the larger the
decrease in average performance. In particular, when targeting ten clusters, neural
networks models finished with an accuracy between 65.52% and 67.68%. These
values are only 3-5% over the majority class baseline, which scored an accuracy of
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62.56%. On the other hand, when aiming at five cohorts, the majority baselines scored
accuracies of 46.97% and 48.94%, and the values achieved by the deep networks range
from 64.66% to 67.92% (accuracy). All these things considered, learning was less
effective in the presence of greater class imbalances and when increasing the number
of age cohorts.

3. Independently of the metric, FastText and most of deep learning methods accom-
plished better performance when community members were represented via three
age cohorts. While this might seem self-evident due to the fact that the average is
computed on a lower number of unrepresented classes, it is also pertinent to con-
sider its increase in accuracy. That is to say, there was a noticeably higher rate of
correct predictions.

To sum up, clustering all under-representing age cohorts into one group showed to be
an efficient way of casting age prediction as a classification task. In particular, using three
groups lessens the distortion attributed to data imbalances. Needless to say, our empirical
results also highlight the efficiency of FastText as a strong, efficient and simple baseline for
age classification.

Another way of tackling data imbalances is adjusting its class distribution. To illustrate,
one common strategy is removing some training instances. This practice is supported
by the debated Newport’s "less is more" hypothesis [37]; i.e., child language acquisition
is aided, rather than hindered, by limited cognitive resources. In the case of supervised
machine learning, this means that model generalization can be hurt by an excessive amount
of training material. This can happen, for example, if there is an over-representation of
some traits that typify a class.

In curriculum learning [38], a learning plan is devised by ranking samples based
on carefully chosen and thoughtfully organized difficulty metrics. In that vein, the work
of [39] proposed a battery of heuristics for sorting the training samples to be fed to their
learning algorithm. Broadly speaking, these heuristics select the next element within
the training material that will be adjoined to the array of instances already presented for
learning. Since feeding one example at a time is computationally expensive, one can gain
a significant speed advantage by picking samples in batches. In practice, this results in a
small loss in terms of accuracy. Following the spirit of this kind of technique, we designed
a greedy algorithm (age-batched greedy curriculum learning) that systematically and
incrementally creates sample batches according to birth years, and feeds FastText with
these instances afterwards.

At length, age-batched greedy curriculum learning, or AGCL for short, starts with
three empty bags of batches: one for each age cohort in accordance with the reduced Strauss
and Howe segmentation (see Table 3). Let these bags be: @7 (Gen Z), ®y (Gen Y) and
@)1 (Matures). After each iteration, this algorithm adds the combination of batches that
performs the best (i.e., single, pair or triplet). In order to determine this tuple, this procedure
tests each non-selected combination of zero or one batch from each cohort together with all
the batches already contained in these three bags (see this flow on Table 5). The algorithm
stops when it is impossible to add a tuple that enhances the performance. As for the
metric and learning approaches, macro-F1 score and FastText were used, respectively. It is
worth underscoring here that we opted for looking into this metric, since our previous
experiments indicated that this is seriously challenged by class imbalances. Note also that
the evaluation set remained unchanged during the entire iterative process; i.e., it always
comprised all 131,541 samples sketched in Section 3.

The outcome of AGCL is a sequence of inputs ordered by their power of generalization
and informativeness regarding the three categories that leads to more resource-efficient
learning (see Table 5). In the first iteration, this curriculum determines the tuple (up to three
age batches) that makes both a broader generalization and a clearer separation of the three
groups. In our case, the years 1978, 1994 and 1997 were added to ®);, Py and Pz, respec-
tively. Interestingly enough, AGCL singled out batches that were alongside both category
borderlines; i.e., 1978 is in the vicinity of the 1979-1980 border, and 1994 and 1997 are near
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to the 1994-1995 border. We interpret this as an attempt at finding effective separations
between classes by discovering fine-grain discriminative characteristics between pairs of
consecutive generations—that is to say, by finding out distinctive traits that signal the shift
from one generation to the next one. Naturally, and as a means of gaining generalization
power, the algorithm prefers to choose two batches from the 1994-1995 border, instead of
the 1979-1980 border, due to their bigger share of the dataset.

In the second iteration, AGCL selected a pair of batches instead of a triplet (i.e., 1977
and 2007). We view this selection as a confirmation of the initial trend. In other words,
examples born in the year 2007 are likely to correspond to members bearing the sharpest
differences to any individual born in 1994 or earlier. Although this array of individuals
is very small (19 samples), they aided in enriching the model with very discriminative
features, while at the same time keeping their relative share of the training input virtually
intact. On the other hand, the addition of 3585 mature members born in 1977 aimed
mainly at enhancing generalization by counterbalancing the representations of the other
two groups in terms of number of instances (see data distribution in Table 5).

Table 5. Curriculum discovered by AGCL. Results are shown in terms of macro-F1-score on the evaluation set (Eval).

This table also highlights the percentage of the data (from the 394,745 training instances) used for building each model

(Total). It additionally displays its respective class distribution (%) and entropy.

Batch(es) Added Data Distribution
Step  Matures(®y;)) GenY(Py) GenZ(dy) Eval Matures GenY GenZ Total(%) Entropy
1 1978 1994 1997 0.5570 3.71 46.01 50.28 16.55 0.358
2 1977 2007 0.6104 6.78 4453 48.69 17.10 0.388
3 1979 1990 1999 0.6323 6.66 40.08 53.26 27.33 0.383
4 1970 2002 0.6421 7.30 37.45 55.25 29.25 0.385
5 1964 2003 0.6478 7.68 36.07 56.24 30.37 0.386
6 1976 1988 2004 0.6523 8.34 39.47 52.19 33.50 0.397
7 1973 2006 0.6557 9.30 39.02 51.68 33.88 0.404
8 1966 2005 0.6583 9.90 38.60 51.51 34.25 0.407
9 1972 1989 2000 0.6591 9.06 38.43 52.51 41.32 0.401
10 1968 0.6625 9.68 38.17 52.16 41.61 0.405
11 1975 1993 1998 0.6649 7.90 39.82 52.28 56.17 0.394
12 1957 0.6671 8.18 39.69 52.12 56.34 0.396
13 1962 2001 0.6679 8.17 37.92 53.91 58.98 0.393
14 1974 0.6697 8.73 37.69 53.58 59.34 0.397
15 1951 1984 0.6709 8.71 38.95 52.34 60.75 0.399

In summary, the goal at the beginning of learning plan is two-fold: (a) adding a large
number of instances distilled from the under-represented cohort (i.e., Matures); and (b)
finding out attributes informative of the two largest groups (i.e., Gen Y and Z). Note also
that the former goal keeps going until the seventh iteration, where six out of the seven
batches picked by AGCL belong to community fellows born in the 70s (cf. Figure 4).

Furthermore, one of the primary focuses of attention during the last iterations was
harvesting salient attributes from the Matures. In so doing, ACGL chose batches from this
group that were small and far from the 1979-1980 border. With its last additions, AGCL
reaps modest improvements via bringing specifics into the model. In a nutshell, AGCL
devises the curriculum by sorting age batches in consonance with their contributions to
the learning process from more general to more specific features. In quantitative terms,
our experiments yielded the following results:

1.  Overall, AGCL finished with macro-F1-scores of 0.6709 and 0.6660 on the evaluation
and test sets, respectively. Conversely, the best model constructed on top of the
entire training material achieved on the test set a score of 0.6350. This means an
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improvement of 3.94% (0.6350—0.6660) caused by smartly reducing the training set
by 40% (cf. Table 2).

2. More precisely, AGCL needed 60.75% of the training set in order to accomplish the
mentioned score of 0.6660. Specifically, this subset encompassed 58.52%, 56.29% and
64.98% of the available training instances for Matures, Gen Y and Gen Z, respectively.
On the one hand, Gen Z increased its share of the data used for building the model
from 48.94% to 52.34%; on the other hand, its two largest batches were not chosen
(1995-1996). Why? We deem this to be a result of trying to capture a wider variety
of informative traits that seem to be spread all throughout the generation. Addition-
ally, presumably, the two largest batches share a lot of commonalities with both the
previous generations and the instances selected from their own cohorts.

3. Injuxtaposition, AGCL singled out few from the batches available for Gen Y, and there-
fore took a smaller fraction of the training material; i.e., its share diminished from
42.03% to 38.95%. Given that fewer data are required for their accurate representation,
we conclude that community members belonging to this generation are much more
homogeneous (see Figure 5).

4. If we pay attention to the selections for the Mature cluster, we discover an additional
piece of information on how AGCL is increasing the diversity of the discriminative
features across the training set. From 1962 to 1972, AGCL integrated solely even
years into the model (dismissing odd years). We perceive this skipping pattern as
an indication of prioritizing trait diversity over enlarging its share of the training set
(see Figure 5). Note here that batches systematically decrease in size in consonance
with their birth year (cf. Figure 4).

Training Samples Distribution vs. Age Group

raining Batch

Size ofthe T

5000

. Matures . Gen Y Gen Z

Birth Year (training batch)
Figure 5. Training samples chosen by AGCL (cf. Table 5).

In conclusion, our findings point out to the fact that the distribution of classes should
be in tandem with the diversity of their members. Put differently, it is not a matter of
gathering an equal amount of instances of each class, but of having enough samples for
covering the diversity of each category. It is here where generational trailing has its greater
negative impact, because it makes building this collection for older members much harder.
It is crystal clear that the unbalance discovered by AGCL stems from this and another two
factors: (a) the larger amount of diverse young people coming from different walks of life
that have adopted the use of online platforms such as Yahoo! Answers; and (b) although
Gen Y is a massive cohort, it is much more heterogeneous, and hence it can be represented
by a comparatively smaller set of instances.
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5. Meta-Data

In order to dig deeper into the meta-data view, we capitalized on the training material
used for our text analysis (see also Section 3), namely, the 394,745 training instances (due to
computational limitations (Intel Corei5 CPU), it was infeasible to run the R software on the
entire dataset), for extracting 95 meta-data non-negative integer variables. Most of these
elements correspond to frequency counts (see variable descriptors on Tables A1 and A2 on
Appendix A).

The methodology of analysis consisted of four different steps: (1) we cleared the
data by detecting and eliminating anomalous values; (2) as a means of reducing the
number of dimensions, we applied principal component analysis (PCA) for identifying
the subset that largely contributed to the total variability; (3) we applied a correlation
function for determining the groups of variables that exhibited the highest correlations
with the different age cohorts; and finally, (4) we implemented random forest classifiers
to distinguish between the two youngest age clusters (i.e., GenZ and GenY). As a result,
we discovered the most informative variables.

First, graphical tools and summary statistics have been used for detecting anomalous
values, which were eliminated accordingly. Anomalous values stem from several reasons,
including errors during the pre-processing of the corpus. Next, PCA was performed on the
clean material. Note that PCA is a technique aimed at describing a multidimensional data,
using a smaller number of uncorrelated variables (the principal components) that incorpo-
rate as much information from the of the original dataset as possible (see Reference [40] and
the references therein). (We used the implementation from the FactoMineR package [41]
in R software [42]). In light of this analysis, we found out that the first two principal
components take into account 54.26% of the total variance (Figure 6). It additionally reveals
the contributions of the first 20 variables to components 1 and 2, which are represented
in Figure 7a,b, respectively. Although the differences among contributions are very small,
variables harvested from questions seem to help the first component more. However, given
that almost all variables provide a significant variability, it is not possible to select a few
elements which represent most of the variance of the entire data set.

40-

Percentage of explained variances

1 2 3 4 5 i 7 ] g 10
Principal Components

Figure 6. Percentage of variables explained by each principal component.
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Figure 7. Contributions to the first (PC1) (a) and second (PC2) (b) components by the 20 most significant variables. The red
line represents the threshold for the significant variables (see variable descriptors on Appendix A).

Furthermore, correlation analysis unveils that age (year of birth) is more correlated
with variables distilled from questions than from answers. To be more precise, Figure 8
highlights their Pearson correlation coefficients. From these results, we can conclude that
question variables (from 51 to 94 ) seem to be better age predictors than their counterparts
extracted from answers (from 2 to 44). The first correlation equal to one indicates that the
correlation of the first variable is with itself. However, the highest correlations are with
variables 45 and 46; those are the years that the members started and ended their activities,
respectively. Additionally, from Figure 8, it emerges that answers are negatively correlated
with the year of birth, while questions are positively correlated.

1.00

=
i
3]

Correlations
)
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[
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P
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Variables

Figure 8. Pearson correlations between age (year of birth) and all predictors. Variables 2-44 and 51-94
were extracted from answers and questions, respectively.

Our last analysis consisted of applying random forest classifiers (introduced by [43])
for identifying which variables are more informative of the different age cohorts. For this,
we grouped the data into five age cohorts according to the definitions in Table 1. However,
since these groups are highly unbalanced (as shown in Figure 9 and Table 1), we only
considered the two youngest clusters (i.e., Gen Y and Gen Z) for this analysis. Given the
aforementioned computational restrictions, the training data were randomly split into 75%
and 25% for the training and testing, respectively.
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Figure 9. Sample distribution across different birth years. The vertical lines separate the age cohort
represented in Table 4.

By using n = 500 trees, RF classifiers obtained an accuracy of 0.74, a sensitivity
of 0.7794 and a specificity of 0.7149. The performance significantly improved when RF
was implemented by excluding samples corresponding to birth years close to the border.
For example, by considering from Gen Z all the individuals who were born between 2000
and 2008 and from Gen Y all members born between 1985 and 1990, the accuracy increased
to 0.9248, and the sensitivity and specificity were 0.9486 and 0.9020, respectively. This means
that individuals close to the border are very similar, and hence difficult to classify.

Overall, RF classifiers singled out eight discriminative year-based variables (see
Table 6): (1) when the user started his/her activity in the community; (2) when his/her
activity finished; (3) when he/she was prompted with the first question; (4) when he/she
asked more questions; (5) when he/she posted the last question; (6) when he/she answered
more questions; (7) when his/her first answer was published; and (8) when his/her last
answer was posted. Since we used the implementation of RF classifiers provided by the
caret package of R software, the importance of variables was evaluated using statistical
non-parametric methods included in its tt varImp function.

If we observe the histogram plot corresponding to the top selected variable (con-
sidering N = 77,018 samples), that is to say the element denoting the year when a
community member starts his/her activity in the site, we find a different behavior for Gen
Z (class 1) with respect to Gen Y (class 2), which allows one to improve the classification
rate (see Figure 10).

From all these analyses, we can conclude that the years of starting and ending ac-
tivities in the social network are important variables for estimating the age of the users.
Additionally, it seems that the age is more correlated to variables related to questions than
to answers, allowing a better predictive ability. Finally, the age cohort prediction signifi-
cantly improves when no continuous classes are considered, suggesting a new definition
of their limits.
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Table 6. The top 20 most important variables (out of 95). The values are scaled between 0 and 100. Q,
A and G denote elements extracted from questions, answers and global (combines all information),
respectively (see variable descriptors on Appendix A).

Ranking Source Variable Importance
1 G initActYear 100.00
2 G endActYear 99.08
3 Q minYear 85.43
4 Q year.highest.frequent 85.03
5 Q maxYear 83.56
6 A year.highest.frequent 58.74
7 A minYear 57.07
8 A max Year 57.04
9 A 3rd.level.cat.highest.frequency 35.95
10 A 1st.level.cat.highest.frequency 35.56
11 A ampm.marker.highest.frequency 34.16
12 A minute.hour.unique 34.11
13 A second.minute.unique 33.77
14 G no. questions 33.61
15 A day.month.unique 33.56
16 A day.month.unique 33.56
17 A day.year.unique 33.48
18 A 2nd.level.cat.highest.frequency 33.41
19 A month.year.highest.frequency 32.83

20 A year.highest.frequency 32.48
5000 - Age class

[ -
2

Number of community members
X

2010 2015
Year of the first activity

Figure 10. Histograms of the top variable selected by RF classifiers. It displays the values for two
youngest cohorts (1 =Gen Z, 2 = Gen Y).

6. Image Analysis

Computer vision seeks to give computers human capabilities for pattern recognition
from images and it is an essential part of the Internet of Things [44], robotics [45] and
human brain interfaces [46]. Despite the progress made, research in this area is still
evolving. Needless to say, visuals differ in textual patterns, and thus they can work
together as complementary sources of effective features for any given prediction task that
has both modalities at hand.
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Like textual patterns, the complexities of visual patterns are best captured by machine
learning methods. In this case, machine learning algorithms are based on finding the
underlying relationship in the image information and thus making decisions without
requiring explicit instructions. Multiple classical approaches applied to artificial vision
have been considered [47,48]. Similarly to texts (see Section 4), convolutional neural
networks [49] has shown great potential in tasks related to computer vision.

Experimentally, deep variants of CNNs are some of the best techniques for recogniz-
ing image content and perform effectively in tasks such as segmentation, classification
and detection [50]. Even this type of neural network is being used by companies such
as Google, Microsoft and Facebook [51], which have developed active research groups
seeking continuous improvements in CNN architectures to solve increasingly complex
machine vision problems.

The key feature of CNNss is that they can find the correct spatial correlations in the pixel
space of images such that neural networks usually can perform visual classification tasks.
The typical CNN architecture is based on a sequence of convolutional layers that represent
the multiple levels of learning where non-linear processing units and subsampling layers
are additionally incorporated. The first network that showed superior performance to the
classic alternatives was a deep variant called Alexnet [19]. Currently there are powerful
variants of CNNs such as GoogleNet, DenseNet [52] and ResNet [21], among others.

Given these antecedents, an attractive alternative for the recognition of the age group
considering the available database is through the use of the images associated with each
user, that is, their avatars. We think that the information from image avatars could reveal
discriminatory patterns between age groups using deep variants of CNNs. In this section,
we will conduct experiments to test this hypothesis. It should be mentioned that in the
bibliographic review carried out, there was no precedent for this task.

6.1. Experimental Setting

The dataset consists of the avatar images of the Yahoo! Answers users. Unlike
photos found across other social networks, including Flicker (https://www.flickr.com/
(accessed on 1 February 2021)) and Instagram (https:/ /www.instagram.com/ (accessed on
1 February 2021)) (cf. [53,54]), these profile pictures are low resolution; i.e., their size is 128
x 64 pixels on average. The distribution of the classes is given in Table 7:

Table 7. Number of samples by age group and partition.

Generation Training Set Validation Set Test Set
GenZ 61,468 20,380 20,391
GenY 66,915 22,492 22,509
Gen X 3157 1053 1088

Baby boomers 85 26 27
Matures 17 11 5

An inspection of the dataset indicates a huge class imbalance. Due to this imbalance,
preliminary experiments on the entire dataset gave poor performance; therefore, we first
decided to simplify the learning process by only considering classes Gen Z and Gen Y,
since they are the most frequently used to facilitate the task of the visual classifier.

We plan the following experiments to identify the age group of users from their avatar
images:

(i). Classification of age groups using original avatars. Original avatars have a
high heterogeneity and represent diverse objects such as people, animals, symbols and
landscapes. Figure 11 shows random samples of the original avatars.
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Figure 11. Original samples. The labels 0 and 1 indicate the classes Gen Z and Y, respectively.

In this task, multiple standard visual recognition architectures such as convolutional
neural networks, VGG [20], ResNet and DenseNet were tested. The convolutional neural
network is composed by three convolutional layers and one final fully-connected layer.
We used this CNN configuration in the rest of experiments. In the last three neural networks,
the transfer learning process was applied based on the weights learned on Imagenet and
where the last layer was replaced by a full-connected layer.

(ii). Classification of age groups using virtual human avatars. The original avatars
present great diversity, therefore, we decided to test more homogeneous avatars to facilitate
the classifier’s work. Specifically, we consider virtual human avatars based on entire bodies.
First, we trained a virtual human avatar classifier over a subset of validation data, and then
it was applied to the original dataset. Figure 12 shows random samples of virtual human
avatars detected.
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No virtual human Virtual human Virtual human No virtual human

™ }

No virtual human No virtual human No virtual human Virtual human

No virtual human No virtual human No virtual human Virtual human

Virtual human Virtual human Virtual human No virtual human

' 1)

Figure 12. Samples of the virtual avatar dataset. The label Virtual human indicates a virtual human
avatar; otherwise it does not correspond to a virtual human avatar.

In this task, we tested convolutional networks with/without data aggregation. The
other neural networks were not tested because their performance in the previous task was
similar between methods.

6.2. Results
6.2.1. Classification of Age Groups Using Original Avatars

The performances of the neural networks appear to be similar (see Table 8), either
using standard convolutional networks or using more sophisticated networks. The use
of data augmentation delays overfitting, but the results appears to be similar as well.
To analyze the behavior of visual classifier, we show in Figure 13 the evolution of the values
of loss function and accuracy in training and testing sets.

Table 8. Accuracy by age group.

Method Test (Training)

CNN 59.2% (85.7%)

CNN + data augmentation 58.7% (82.9%)
VGG 59.4% (58.4%)

ResNet 60.6% (60.1%)

DenseNet 57.5% (57.2%)
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Figure 13. The accuracy and loss function for convolutional neural networks. The overfitting is quickly reached after
few iterations. (a) Accuracy; (b) loss function.

6.2.2. Classification of Age Groups Using Virtual Avatars

Given the previous results, we proceeded to simplify the problem considering the
classification of age groups using virtual human avatars. First, we trained a CNN for
classify between virtual and non virtual human avatar. We obtained 91.4% considering the
validation set, where the errors are likely explained by the difficulty of human labeling.
Considering the good performance obtained, this classifier was applied to the simplified
dataset. We only applied a CNN because the previous results indicate that the more
sophisticated neural networks appear to have similar performance to the CNN. The results
are shown in Table 9:

Table 9. Accuracy by age group using virtual human avatars.

Method Test Accuracy (Training Accuracy)
CNN 59.4% (66.3%)
CNN + data augmentation 59.2% (65.9%)

We note again that data augmentation does not improve the classification accuracy.
Moreover, the performances of virtual human avatars and original avatars were similar.
Finally, we evaluated the classification accuracy considering different temporal gaps be-
tween generations Y and Z. We consider a CNN for these experiments. We report the
results in Table 10:
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Table 10. Accuracy by age group considering different temporal gaps for the virtual human avatars
classification task. The gaps are reported in years.

Data Partitions Gap Test Accuracy
Gen Y:{1980-1994} , Gen Z:{1995-2008} 0 59.4%
Gen Y:{1980-1991} , Gen Z:{1996-2008} 4 63.4%
Gen Y:{1980-1988} , Gen Z:{1997-2008} 8 67.4%
Gen Y:{1980-1985} , Gen Z:{1998-2008) 12 67.0%
Gen Y:{1980-1982} , Gen Z:{1999-2008) 16 68.9%

The results indicate that as the temporal gap between generations Y and Z is increasing,
the classification performance improves, reaching an accuracy of 68.9%. This result suggests
that the virtual human avatars follow different visual patterns according to the ages of
users; however, a major change requires a gap of several years.

In summary, when we consider the total intervals for each generation, we observe
that the classification of age groups is a challenging task, as can be seen in the classification
performance, even though class imbalances were removed by focusing only on the two
major classes. We have several hypotheses that explain this phenomenon:

¢ Thereis a great heterogeneity in the avatars which makes the task of classifiers difficult.
Ideally, the visual classifiers are designed to classify classes where internally there
is visual closeness. In this case, within a possible class, such as humans, there are
sub-classes, such as faces, torsos and bodies of people.

e Avatars used by community members are very arbitrary and represent subjective
representations of themselves. In particular, we found few visual differences between
avatars of users with ages nearby, which makes it difficult to discriminate avatars
born on the border between generations.

*  Clear differentiating instances are rare, such as the photo of a fashionable singer for a
particular generation. Mostly, there are general instances such as virtual avatars.

* A significant change of visual patterns of avatars takes several years; for example,
a gap of eight years leads to an improvement of 8.0% in accuracy. This suggests
proposing subclasses based on temporal gaps to facilitate the learning of classifiers.

7. Discussion

Briefly speaking, this work makes a first move on digging into the major challenges
posed by the predictive modeling of age cohorts across cQA platforms (i.e., Yahoo! An-
swers). In particular, our object of study was a massive sampling of community fellows,
which included their inputs in three distinct modalities: texts, profile images and meta-data.

First of all, our experiments indicate that class imbalances severely hurt performance
regardless of the modality. After testing with a handful of demographic segmentations,
our outcomes show that merging comparatively under-represented cohorts into a bigger
group can help not only to increase the classification rate, but also to reduce the amount of
model parameters by preventing from learning boundaries for classes with many missing
informative traits. To be more accurate, our results reveal that choosing few, but signifi-
cant, age groups can enhance the average classification rate from 0.8181 to 0.8302 (MRR),
and from 0.2270 to 0.5605 in terms of macro-F1-score (see Table 2). Many people had
this intuition before, but to the best of our knowledge, we provide the first empirical
confirmation and quantification on a large-scale corpus.

Another important finding unveils that, contrary to what might be popular belief,
perfectly evenly balanced classes are unsuitable for this task. To be more exact, our figures
on texts point out to a distribution in consonance with the diversity of each age group.
In fact, our results suggest that Gen Y is a much more heterogeneous segment than Gen Z,
and hence fewer training samples are required to cover most of its informative attributes.
This makes sense since younger people stand out for their technology use, which also
entails a wider diversity from that group accessing online platforms. On the flip side,
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generational trailing has a strongly negative impact on building a representative collection
for older members of the community. To put it more exactly, the best model constructed
by AGCL comprised 34,761 and 155,638 and 209,178 training instances harvested from
Matures, Gen Y and Gen Z, respectively (see discussion on Section 4).

Secondly, outcomes on texts and metadata show how the gradual evolution from
one to the succeeding group affect the construction of effective models. More accurately,
they show its impact on the selection of training instances, especially of samples coming
from the proximity to class borders (see Figure 5). These elements must be carefully
selected, since they are likely to share a significant number of traits with both clusters,
and thus their inclusion might bring a distortion that makes both cohorts to look as one
heterogeneous group, when they are not. In short, our experiments indicate that adding
these individuals to the training material depends on whether or not the corresponding
traits are adequately represented by samples of the respective class that are further from
that borderline. Of course, this finding serves as a guideline for how to reduce the number
of training samples in order to find a distribution that cooperates on building a better
fit model.

Thirdly, our analysis of the meta-data reveals that the years of starting and ending
activities in the social network are important variables for estimating the age of its users.
Specifically, these are the two most relevant attributes selected by RF classifiers (see Table 6).
Further, it disclosed that age is more correlated to variables coming from questions than
from answers.

Fourthly, there are considerable differences in group distributions across distinct
modalities. As a consequence of the nature of cQA sites, almost all community fellows
have posted at least one question or answer, and hence associated not only to some textual
input, but also to some meta-data. Given it is unneeded to participate in the platform, just a
third of the members provide an image for their profiles. It is worth highlighting here two
interesting aspects: (a) when considering images only, the majority class is Gen Y instead of
Gen Z by a very large margin; and (b) only one fourth of the samples belonging to Gen Z is
linked to a profile picture, whereas 40% of Gen Y peers yield their image. In brief, the use
of profile pictures is more prominent in Gen Y individuals, and thus their information
accessible to supervised machine learning approaches.

Lastly, even though image and some of the text approaches used in this study were
based on the same class of deep neural networks (CNNS), the classification accuracy was
significantly low for original avatars in relation to texts (i.e., a decrease from about 62-65%
to around 59% in terms of accuracy). Particularly, if we additionally consider that our image
classifiers conducted a two-sided task by targeting solely at the two youngest cohorts. As a
logical conclusion, it is harder to infer high quality predictors for age from profile pictures
than from texts. In reality, we also found it hard to label each individual by an eyeball
inspection of his/her profile picture only.

8. Conclusions and Further Work

This work is breaking new ground in cQA research by addressing the key challenges
faced by supervised learning when automatically identifying age groups across their
community fellows. In particular, it discusses class imbalances, different class distributions
across distinct modalities (i.e., texts, images and meta-data) and the gradual evolution from
one cluster to the next.

By devising a random forest classifier from the meta-data viewpoint and an age-
batched curriculum learner operating on text, we discovered a way of mitigating the effects
of class imbalances. In essence, instances close to generational borders must be carefully
selected and the distribution of classes must adjust to the diversity of each cohort. In the
same vein, putting together all under-represented age cohorts into one cluster proves to be
an efficient strategy, when conceiving age prediction as a classification task.

Although our age-batched curriculum learner presents interesting qualitative and
quantitative findings on Yahoo! Answers, its application to textual inputs distilled from
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other sorts of social media networks still remains an open research question, because of the
complexity and diversity that are intrinsic to this area of human activity.

As future work, we envisage the extension of this study to consider not only extra
techniques for coping with unbalanced data, but also to cover other kinds of views, such as
user activity, which would give access to additional, and hopefully highly reliable predic-
tors. In so doing, a battery of graph mining algorithms should be utilized for determining
sub-graphs, roles and centralities, just to name a few.

Despite the poor performance reaped by visual classifiers on original avatars, we do
not think that the task is desperately lost for them. As a means of enhancing their accuracy,
we envision a preliminary step consisting of clustering images into distinct types of pro-
file images (e.g., faces and animals), which which subsequent classifiers will be trained,
this way facilitating the task of inferring visual predictive patterns.

Since AGCL is built on top of a greedy search algorithm, it can get trapped in local
optima; therefore, the curriculum discovered by the algorithm is highly unlikely to be
the optimal, albeit a good one. While it is true that the amount of combinations is small
when considering three cohorts, thereby increasing the likelihood of finding the optimal
curriculum, it is also true that this number might skyrocket if a larger amount of age groups
is considered or if cohorts are modeled with a finer granularity (e.g., per month). Note here
also that the level of granularity used by AGCL depends on how well these fine-grained
clusters are represented.

All in all, we envisage that our findings will be highly relevant as guidelines for
constructing assorted multimodal supervised models for automatic age recognition across
cQAs and other sorts of online social networks. In particular, we contemplate as a possibility
that our outcomes will aid in the design of multi-view and/or transfer learning models.
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Appendix A

Table A1. Descriptions of variables (questions or answers).

Variable

Meaning

birth.year
1st.level.cat.highest.frequency
1st.level.cat.highest.frequent
1st.level.cat.unique
2nd.level.cat.highest.frequency
2nd.level.cat.highest.frequent
2nd.level.cat.unique
3rd.level.cat.highest.frequency
3rd.level.cat.highest.frequent
3rd.level.cat.unique
ampm.marker.highest.frequency
ampm.marker.highest.frequent
ampm.marker.unique
day.month.highest.frequency
day.month.highest.frequent
day.month.unique
day.week.highest.frequency
day.week.highest.frequent
day.week.unique
day.year.highest.frequency
day.year.highest.frequent
day.year.unique
hour.day.highest.frequency
hour.day.highest.frequent
hour.day.unique

maxYear

minYear
minute.hour.highest.frequency
minute.hour.highest.frequent
minute.hour.unique
month.year.highest.frequency
month.year.highest.frequent
month.year.unique"
second.minute.highest.frequency
second.minute.highest.frequent
second.minute.unique
week.month.highest.frequency
week.month.highest.frequent
week.month.unique
week.year.highest.frequency
week.year.highest.frequent
week.year.unique
year.highest.frequency
year.highest.frequent
year.unique

Year of birth

Frequency count of most recurrent 1st level categories
Most recurrent 1st level categories

Number of different 1st level categories

Frequency count of most recurrent 2nd level categories
Most recurrent 2nd level categories

Number of different 2nd level categories

Frequency count of most recurrent 3rd level categories
Most recurrent 3rd level categories

Number of different 3rd level categories

Frequency count of most recurrent am/pm timestamp
Most recurrent (none, AM or PM)

0,1 or 2 (none, AM and/or PM)

Frequency count of most recurrent day in the month (1-31)
Most recurrent day in the month

Number of different days in the month

Frequency count of most recurrent day in the week (1-7)
Most recurrent day in the week

Number of different days in the week

Frequency count of most recurrent days in the year (1-365)
Most recurrent day in the year

Number of different days in the year

Frequency count of most recurrent hour (0-23)

Most recurrent hour in the day

Number of different hours in the day

Latest year within the timestamps

Earliest year within the timestamps

Frequency count of most recurrent minute (0-59)

Most recurrent minute

Number of different minutes in the hour

Frequency count of most recurrent month in the year (1-12)
Most recurrent month in the year

Number of different month in the year

Frequency count of most recurrent second (0-59)

Most recurrent second

Number of different seconds

Frequency count of most recurrent week in a month (1-5)
Most recurrent week in the month

Number of different weeks in the month

Frequency count of most recurrent week in a year (1-52)
Most recurrent week in a year

Number of different weeks in the year

Frequency count of most recurrent year (2006-2018)
Most recurrent year

Number of different years
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Table A2. Descriptions of variables (global).

Variable Meaning

endActYear the year when the user finished his activity in the community
initActYear the year when the user started his activity in the community
yearsActive Number of years of activity in the community

no.answers Number of posted answers

no.best.answers Number of posted best answers

no.questions Number of posted questions

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Weise, E. Yahoo Says 2013 Hack Hit All 3 Billion User Accounts, Triple Initial Estimates, 2017. Available online: https://eu.usatoday.
com/story/tech/2017/10/03/3-billion-yahoo-users-breached-company-says/729155001/ (accessed on 27 April 2020).

Figueroa, A. Male or female: What traits characterize questions prompted by each gender in community question answering?
Expert Syst. Appl. 2017, 90, 405—413. [CrossRef]

Wen, J.; Tu, H.; Cheng, X_; Xie, R.; Yin, W. Joint modeling of users, questions and answers for answer selection in CQA. Expert Syst.
Appl. 2019, 118, 563-572. [CrossRef]

Fu, C. Tracking user-role evolution via topic modeling in community question answering. Inf. Process. Manag. 2019, 56, 102075.
[CrossRef]

Fu, C. User intimacy model for question recommendation in community question answering. Knowl. Based Syst. 2020, 188, 104844.
[CrossRef]

Faisal, M.S.; Daud, A.; Akram, A.U.; Abbasi, R.A.; Aljohani, N.R.; Mehmood, I. Expert ranking techniques for online rated
forums. Comput. Hum. Behav. 2019, 100, 168-176. [CrossRef]

Lyu, S.; Ouyang, W.; Wang, Y.; Shen, H.; Cheng, X. What We Vote for? Answer Selection from User Expertise View in Community
Question Answering. In Proceedings of the WWW 19, San Francisco, CA, USA, 13-17 May 2019; Association for Computing
Machinery: New York, NY, USA, 2019; pp. 1198-1209. [CrossRef]

Roy, PK.; Singh, J.P.; Baabdullah, A.M.; Kizgin, H.; Rana, N.P. Identifying reputation collectors in community question answering
(CQA) sites: Exploring the dark side of social media. Int. J. Inf. Manag. 2018, 42, 25-35. [CrossRef]

Paranjape, A.; Benson, A.R.; Leskovec, J. Motifs in Temporal Networks. In Proceedings of the Tenth ACM International
Conference on Web Search and Data Mining, WSDM 17, Cambridge, UK, 6-10 February 2017; Association for Computing
Machinery: New York, NY, USA, 2017; pp. 601-610. [CrossRef]

Schwartz, H.A.; Eichstaedt, ].C.; Kern, M.L.; Dziurzynski, L.; Ramones, S.M.; Agrawal, M.; Shah, A.; Kosinski, M.; Stillwell, D.;
Seligman, M.E.; et al. Personality, gender, and age in the language of social media: The open-vocabulary approach. PLoS ONE
2013, 8, €73791. [CrossRef]

Rangel, F.; Rosso, P.; Koppel, M.; Stamatatos, E.; Inches, G. Overview of the author profiling task at PAN 2013. In Proceedings of
the CLEF Conference on Multilingual and Multimodal Information Access Evaluation, CELCT, Valencia, Spain, 23-26 September
2013; pp. 352-365.

Rangel, F; Rosso, P; Chugur, I; Potthast, M.; Trenkmann, M.; Stein, B.; Verhoeven, B.; Daelemans, W. Overview of the 2nd author
profiling task at pan 2014. In Proceedings of the CLEF 2014 Evaluation Labs and Workshop Working Notes Papers, Sheffield, UK,
15-18 September 2014; pp. 1-30.

Rangel, F.; Rosso, P.; Verhoeven, B.; Daelemans, W.; Potthast, M.; Stein, B. Overview of the 4th author profiling task at PAN 2016:
Cross-genre evaluations. In Proceedings of the Working Notes of CLEF 2016—Conference and Labs of the Evaluation Forum,
Evora, Portugal, 5-8 September 2016; pp. 750-784.

Rangel Pardo, FEM.; Celli, F,; Rosso, P; Potthast, M.; Stein, B.; Daelemans, W. Overview of the 3rd Author Profiling Task at PAN
2015. In Proceedings of the CLEF 2015 Evaluation Labs and Workshop Working Notes Papers, Toulouse, France, 811 September
2015; pp. 1-8.

Kucuktunc, O.; Cambazoglu, B.B.; Weber, 1.; Ferhatosmanoglu, H. A Large-scale Sentiment Analysis for Yahoo! Answers.
In Proceedings of the Fifth ACM International Conference on Web Search and Data Mining, WSDM 12, Seattle, WA, USA, 8-12
February 2012; ACM: New York, NY, USA, 2012; pp. 633—-642. [CrossRef]

Morrison, P.; Murphy-Hill, E. Is programming knowledge related to age? An exploration of stack overflow. In Proceedings of the
2013 10th Working Conference on Mining Software Repositories (MSR), San Francisco, CA, USA, 18-19 May 2013; pp. 69-72.
[CrossRef]

Nguyen, D.; Trieschnigg, D.; Dogrutz, A.S.; Gravel, R.; Theune, M.; Meder, T.; De Jong, F. Why gender and age prediction from
tweets is hard: Lessons from a crowdsourcing experiment. In Proceedings of the COLING 2014, the 25th International Conference
on Computational Linguistics: Technical Papers, Dublin, Ireland, 23-29 August 2014; pp. 1950-1961.

Bayot, RK.; Gongalves, T. Author Profiling using SVMs and Word Embedding Averages. In Proceedings of the CLEF, Evora,
Portugal, 5-8 September 2016.


https://eu.usatoday.com/story/tech/2017/10/03/3-billion-yahoo-users-breached-company-says/729155001/
https://eu.usatoday.com/story/tech/2017/10/03/3-billion-yahoo-users-breached-company-says/729155001/
http://doi.org/10.1016/j.eswa.2017.08.037
http://dx.doi.org/10.1016/j.eswa.2018.10.038
http://dx.doi.org/10.1016/j.ipm.2019.102075
http://dx.doi.org/10.1016/j.knosys.2019.07.015
http://dx.doi.org/10.1016/j.chb.2018.06.013
http://dx.doi.org/10.1145/3308558.3313510
http://dx.doi.org/10.1016/j.ijinfomgt.2018.05.003
http://dx.doi.org/10.1145/3018661.3018731
http://dx.doi.org/10.1371/journal.pone.0073791
http://dx.doi.org/10.1145/2124295.2124371
http://dx.doi.org/10.1109/MSR.2013.6624008

Information 2021, 12, 48 26 of 27

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.
42.

43.
44.

45.

Krizhevsky, A.; Sutskever, I.; Hinton, G.E. ImageNet Classification with Deep Convolutional Neural Networks. Commun. ACM
2017, 60, 84-90. [CrossRef]

Simonyan, K.; Zisserman, A. Very Deep Convolutional Networks for Large-Scale Image Recognition. In Proceedings of the 3rd
International Conference on Learning Representations, ICLR 2015, San Diego, CA, USA, 7-9 May 2015.

He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016; pp. 770-778. [CrossRef]

Touvron, H.; Vedaldi, A.; Douze, M.; Jegou, H. Fixing the train-test resolution discrepancy. In Advances in Neural Information
Processing Systems; Curran Associates, Inc.: Red Hook, NY, USA, 2019; Volume 32, pp. 8252-8262.

Kalansuriya, T.R.; Dharmaratne, A.T. Facial image classification based on age and gender. In Proceedings of the 2013 International
Conference on Advances in ICT for Emerging Regions (ICTer), Colombo, Sri Lanka, 11-15 December 2013; pp. 44-50. [CrossRef]
Levi, G.; Hassncer, T. Age and gender classification using convolutional neural networks. In Proceedings of the 2015 IEEE
Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), Boston, MA, USA, 7-12 June 2015; pp. 34—42.
[CrossRef]

Bekhouche, S.E.; Ouafi, A.; Benlamoudi, A.; Taleb-Ahmed, A.; Hadid, A. Facial age estimation and gender classification using
multi level local phase quantization. In Proceedings of the 2015 3rd International Conference on Control, Engineering Information
Technology (CEIT), Tlemcen, Algeria, 25-27 May 2015; pp. 1-4. [CrossRef]

Duan, M; Li, K,; Yang, C.; Li, K. A hybrid deep learning CNN-ELM for age and gender classification. Neurocomputing 2018,
275,448-461. [CrossRef]

Rodriguez, P; Cucurull, G.; Gonfaus, ].M.; Roca, EX.; Gonzalez, ]. Age and gender recognition in the wild with deep attention.
Pattern Recognit. 2017, 72, 563-571. [CrossRef]

Figueroa, A.; Gémez-Pantoja, C.; Neumann, G. Integrating heterogeneous sources for predicting question temporal anchors
across Yahoo! Answers. Inf. Fusion 2019, 50, 112-125. [CrossRef]

Strauss, B.; Strauss, W.; Howe, N. Generations: The History of America’s Future, 1584 to 2069; William Morrow and Company:
New York, NY, USA, 1991.

Joulin, A.; Grave, E.; Bojanowski, P.; Douze, M.; Jégou, H.; Mikolov, T. FastText.zip: Compressing text classification models. arXiv
2016, arXiv:1612.03651.

Joulin, A.; Grave, E.; Bojanowski, P.; Mikolov, T. Bag of Tricks for Efficient Text Classification. arXiv 2016, arXiv:1607.01759.
Kim, Y. Convolutional Neural Networks for Sentence Classification. In Proceedings of the 2014 Conference on Empirical
Methods in Natural Language Processing (EMNLP), Doha, Qatar, 25-29 October 2014; Association for Computational Linguistics:
Doha, Qatar, 2014; pp. 1746-1751. [CrossRef]

Zhou, P; Shi, W.; Tian, J.; Qi, Z.; Li, B.; Hao, H.; Xu, B. Attention-Based Bidirectional Long Short-Term Memory Networks for
Relation Classification. In Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics (Volume 2:
Short Papers), Berlin, Germany, 7-12 August 2016; Association for Computational Linguistics: Berlin, Germany, 2016; pp. 207-212.
[CrossRef]

Lai, S.; Xu, L.; Liu, K;; Zhao, J. Recurrent Convolutional Neural Networks for Text Classification. In Proceedings of the
Twenty-Ninth AAAI Conference on Artificial Intelligence, AAAI'15, Austin, TX, USA, 25-30 January 2015; pp. 2267-2273.
Voorhees, EM. The TREC-8 Question Answering Track Report. In TREC; National Institute of Standards and Technology:
Gaithersburg, MD, USA; 1999; Volume 99, pp. 77-82.

Yang, Y.; Liu, X. A re-examination of text categorization methods. In Proceedings of the 22nd annual international ACM SIGIR
Conference on Research and Development in Information Retrieval, Berkeley, CA, USA, 15-19 August 1999; pp. 42—49.
Goldowsky, B.N.; Newport, E.L. Modeling the Effects of Processing Limitations on the Acquisition of Morphology: The Less
is More Hypothesis. In Proceedings of the 24th Annual Child Language Research Forum, Clark, Eve E, Chicago, IL, USA,
16-18 April 1993.

Bengio, Y.; Louradour, J.; Collobert, R.; Weston, ]J. Curriculum Learning. In Proceedings of the 26th Annual International
Conference on Machine Learning, ICML ‘09, Montreal, QC, Canada, 14-18 June 2009; Association for Computing Machinery:
New York, NY, USA, 2009; pp. 41-48. [CrossRef]

Sachan, M.; Xing, E. Easy Questions First? A Case Study on Curriculum Learning for Question Answering. In Proceedings of the
54th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), Berlin, Germany, 7-12 August
2016; Association for Computational Linguistics: Berlin, Germany, 2016; pp. 453-463. [CrossRef]

Jolliffe, I. Principal Component Analysis; Springer: New York, NY, USA, 2002.

Lég, S.; Josse, J.; Husson, F. FactoMineR: A Package for Multivariate Analysis. J. Stat. Softw. 2008, 25, 1-18. [CrossRef]

R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,
2020.

Breiman, L. Random Forests. Mach. Learn. 2001, 45, 5-32. [CrossRef]

Singh, D.; Tripathi, G.; Jara, A.]. A survey of Internet-of-Things: Future vision, architecture, challenges and services. In Proceed-
ings of the 2014 IEEE World Forum on Internet of Things (WF-IoT), Seoul, Korea, 6-8 March 2014; pp. 287-292.

Al-Kaff, A.; Martin, D.; Garcia, F.; de la Escalera, A.; Armingol, ].M. Survey of computer vision algorithms and applications for
unmanned aerial vehicles. Expert Syst. Appl. 2018, 92, 447-463. [CrossRef]


http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/ICTer.2013.6761153
http://dx.doi.org/10.1109/CVPRW.2015.7301352
http://dx.doi.org/10.1109/CEIT.2015.7233141
http://dx.doi.org/10.1016/j.neucom.2017.08.062
http://dx.doi.org/10.1016/j.patcog.2017.06.028
http://dx.doi.org/10.1016/j.inffus.2018.10.006
http://dx.doi.org/10.3115/v1/D14-1181
http://dx.doi.org/10.18653/v1/P16-2034
http://dx.doi.org/10.1145/1553374.1553380
http://dx.doi.org/10.18653/v1/P16-1043
http://dx.doi.org/10.18637/jss.v025.i01
http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.1016/j.eswa.2017.09.033

Information 2021, 12, 48 27 of 27

46.
47.
48.
49.
50.
51.
52.

53.
54.

Pun, T.; Alecu, T.I; Chanel, G.; Kronegg, J.; Voloshynovskiy, S. Brain-computer interaction research at the Computer Vision and
Multimedia Laboratory, University of Geneva. IEEE Trans. Neural Syst. Rehabil. Eng. 2006, 14, 210-213. [CrossRef]

Lowe, D.G. Object recognition from local scale-invariant features. In Proceedings of the Seventh IEEE International Conference
on Computer Vision, Corfu, Greece, 20-25 September 1999; Volume 2, pp. 1150-1157. [CrossRef]

Dalal, N.; Triggs, B. Histograms of oriented gradients for human detection. In Proceedings of the 2005 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition (CVPR'05), San Diego, CA, USA, 20-25 June 2005; Volume 1, pp. 886-893.
Lecun, Y.; Bottou, L.; Bengio, Y.; Haffner, P. Gradient-based learning applied to document recognition. Proc. IEEE 1998, 86,
2278-2324. [CrossRef]

Liu, X,; Deng, Z.; Yang, Y. Recent progress in semantic image segmentation. Artif. Intell. Rev. 2019, 52, 1089-1106. [CrossRef]
Parloff, R. Why deep learning is suddenly changing your life. In Fortune; Time Inc.: New York, NY, USA, 2016.

Huang, G.; Liu, Z.; Van Der Maaten, L.; Weinberger, K.Q. Densely connected convolutional networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21-26 July 2017; pp. 4700-4708.

Moscato, V.; Picariello, A.; Sperli, G. An emotional recommender system for music. IEEE Intell. Syst. 2020. 3026000. [CrossRef]
Amato, F; Castiglione, A.; Mercorio, F.; Mezzanzanica, M.; Moscato, V.; Picariello, A.; Sperli, G. Multimedia story creation on
social networks. Future Gener. Comput. Syst. 2018, 86, 412—420. [CrossRef]


http://dx.doi.org/10.1109/TNSRE.2006.875544
http://dx.doi.org/10.1109/ICCV.1999.790410
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1007/s10462-018-9641-3
http://dx.doi.org/10.1109/MIS.2020.3026000
http://dx.doi.org/10.1016/j.future.2018.04.006

	Introduction
	Related Work
	Dataset
	Text Analysis
	Meta-Data
	Image Analysis
	Experimental Setting
	Results
	Classification of Age Groups Using Original Avatars
	Classification of Age Groups Using Virtual Avatars


	Discussion
	Conclusions and Further Work
	
	References

