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6 A B S T R A C T7
8

For online social networks, demographic analysis is absolutely essential for improving their9

services in many ways. It is instrumental in understanding their different audiences, members10

and competitors. As well as that, it is pivotal in designing effective personalization and11

contextualization strategies, especially for displaying and creating better content. There is, for12

this reason, a great bulk of research into how demographic variables are characterized and how13

they impact online platforms such as Facebook and Twitter. But surprisingly, only a handful14

of works delve into their characterization and effect on community Question-Answering (cQA)15

websites. In this particular context, the subject of age demographics remains largely unexplored.16

This paper takes the lead on interpreting automatic age recognition on CQAs (a.k.a. age17

screening) as a regression task. To this effect, it compares state-of-the-art graph-based neural18

network regression and embedding models on a massive activity-graph encompassing ca. 1619

and 837 million nodes (members) and edges, respectively. For this study, a large-scale subset of20

ca. 657,000 community fellows was automatically associated with their age via aligning their21

profile texts with a limited number of linguistic patterns.22

In short, our results show that Node2vec significantly outperforms other embeddings regard-23

less of the regression model used for casting predictions. When this embedding is combined with24

Artificial Neural Network Regressions, we obtained our best configuration scoring a Root Mean25

Square Error (RMSE) of 8.39. An interesting qualitative feature of this embedding space is that26

age-based centroid vectors tend to form a trail ordered by age. Lastly, our outcomes also signal27

that activity graph based models can rival its counterparts based on image and textual inputs,28

paving the way for constructing effective multi-modal approaches.29

30

1. Introduction31

Essentially, cQA services provide a versatile online framework whereby their members can satisfy their information32

needs by publishing questions expecting to be answered by other community peers. This dynamic is a decisive33

advantage over traditional web searches since every fellow can ask and retrieve responses that are not readily found34

across web documents. In many cases, these websites also allow for conducting opinion polls and surveys, making the35

interaction between humans of all ages and walks of life much easier. This versatility is a determining factor when36

seeking and sharing information.37

Undoubtedly, demographic analysis is essential for enhancing user experience and enforcing terms of service and38

local laws. To exemplify, as per their terms, Facebook and Instagram require people to be at least thirteen years old to39

register, and this minimum age is higher in some countries. Moreover, age verification is in the spotlight of several new40

and proposed regulatory frameworks on data protection, online harm, and child safety. Nevertheless, age screening is41

not as simple as it might sound since platform abusers, criminals, and young people get around it by misrepresenting42

their age.43

By and large, people can provide their demographic information when registering by filling out a form composed44

of mandatory (e.g., email and alias) and optional fields (e.g., age, gender, and postal codes). But most of the time,45

optional fields are left blank as people are increasingly jealous of their privacy and see it as another annoying form in46

their lives. Nevertheless, their activity in the community can unwittingly yield clues about some of this missing data.47

Unquestionably, almost all demographic analyses deal with age as one of their principal variables since it typically48

determines behavioral patterns like buying habits and our responses to advertising. However, age differences can also49

be perceived across specific online services, including recommender systems, where suggestions are more frequently50

clicked by elderly users [1]. In addition, people at different stages of their lives have distinct interests and ways of51
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expressing themselves, and often they spend their time on separate platforms. In the case of cQAs, the absence of this52

demographic information makes it harder to enhance safety and user experience by, for instance, managing content53

effectively and discovering members that can readily respond to unresolved questions.54

As far as we can tell, automatic age detection remains unexplored mainly in the context of cQA sites, where a55

handful of prior studies have addressed this as a multi-class classification problem on textual and/or visual inputs [2].56

Hence, the novelty of this paper lies in exploring the performance of several frontier regression models working on57

activity graphs for age prediction [3, 4, 5, 6]. The underlying motivation behind using regression is two-fold: a) most58

of the time, decision boundaries corresponding to a particular age cohort are arbitrary; and b) for some tasks, such59

as age screening and fake profile detection, you need predictions much more fine-grained than a generational period.60

With this in mind, our contributions to this body of knowledge are summarized as follows:61

• First and foremost, automatic age recognition is perceived as a regression instead of a classification task.62

Therefore, we provide the graph-based approach for the age prediction of the users by only analyzing their63

activities in Q&A communities.64

• We direct our attention to infer informative patterns from user activity graphs rather than from their texts or65

avatars. More precisely, our object of study is a massive graph comprising the activity of 16 million community66

fellows, where 657,805 were automatically labeled with their age.67

• As for graph modeling, we considered several continuous feature representations for community members68

(nodes), including state-of-the-art embedding algorithms such as Graph Convolutional Network and Node2vec.69

We then capitalized on these low-dimensional spaces for testing several regression strategies such as Linear70

Regression, Support Vector Regression, Random Forest Regression, k-Nearest Neighbors, and Artificial Neural71

Networks.72

• Node2Vec with a smaller space dimension close to 80 contributes the best age recognition error.73

In a statement, our empirical outcomes unveil that integrating Node2Vec with Artificial Neural Network regressions74

yields the best results. Furthermore, in this continuous space, we also discover that age-based centroid vectors form75

a path ordered by age. Lastly, our outcomes show the promise of activity graph-based models since they suggest that76

this strategy can compete with approaches built on top of texts and images. The remainder of this paper is organized77

as follows. For starters, section 2 outlines the related work. Next, sections 3 and 4 present our research questions and78

methods, respectively. Subsequently, sections 5 and 6 report and discuss our experiments and findings. Eventually,79

section 7 draws some conclusions and sketches some future work.80

2. Related Work81

As far as we know, our work pioneers the idea of profiting from regression models for predicting the age of cQA82

members. We start this effort by casting this problem as a regression task, and in so doing, we capitalize on state-of-83

the-art neural networks. Additionally, this paper introduces the use of their activity graphs to build these models.84

In the broader sense, our study is at the crossroads of research areas, including cQA platforms, user analysis, age85

prediction, and neural network regression models on large-scale graphs. In particular, our focus is on the relationship86

between age demographics and question-answer activity patterns.87

2.1. Community Question Answering88

Recently, several challenging aspects of cQA websites have caught the attention of researchers concerning the89

application of word embeddings and neural networks to question analysis [7, 8, 9], expert finding [10, 11, 12, 13, 14],90

question routing [15, 16] and answer selection [8, 17, 18, 19, 20].91

Word embeddings have been utilized for vectorizing questions, whereby semantically equivalent elements are92

fetched from the archives every time a new question is posted [7, 21]. Likewise, semantic embedding spaces have been93

devised as a foundation for inference strategies, especially for mapping factoid questions onto logical representations94

of correct answers guided by knowledge bases [22]. Another approach scores word co-occurrence likelihoods across95

question-answer pairs via a word embedding-based correlation strategy that capitalizes on translation models [23].96

Also, semantic embeddings have been employed to find experts across cQA sites [11], especially coupled with Bayesian97

models in multi-modal multi-view frameworks [24].98
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One way of refining the understanding of questions is separating informational from conversational elements99

[25, 26]. It has been discovered that the performance substantially increases when exploiting semi-supervised learning,100

pre-trained Yahoo! Answers embeddings, and label propagation operating on Recurrent Neural Networks (RNNs)101

together with LSTM (Long Short Term Memory) [26]. From another viewpoint, neural network architectures have102

been designed for automatically distinguishing useful clarification questions across cQA threads [27]. Moreover, by103

jointly learning representations of questions, new elements can be recommended to potential answerers grounded on104

a heterogeneous information network embedding algorithm and LSTM models [15].105

Among other tasks, neural networks have shown to be most fundamental when devising techniques for choosing the106

best answers [17]. More concretely, they were proven to be instrumental for constructing hybrid models that mix outputs107

of different components: a) built on content, and non-content attributes [28]; and b) that jointly capture the semantic108

relevance and member expertise [29]. Other hybrid approaches have proposed attention mechanisms to semantically109

model question-answer pairs individually and interactively [30], and asymmetric multi-faceted ranking networks to110

jointly exploit the deep semantic relevance between question-answer pairs and the authority of the answerers [31]. On111

the same subject, the work of [32] built a multi-task learning framework for re-ranking answer candidates, where the112

main task models question-answer pairs, whereas the auxiliary sub-task is the partial order between pairs of answer113

candidates.114

Due to their versatility, neural networks are utilized for dealing with a wide diversity of cQA challenges. For115

instance, Convolutional Neural Networks (CNNs) and RNNs are combined for modeling the question-answer semantic116

matching and the semantic correlation in chronological sequences of answers [33]. Further, they have been used for117

learning novelty-related properties from unlabeled data as a way of emphasizing diversity in answer ranking [34] and118

for detecting promising answers [35]. Finally, in a different light, the strategy of [36] represented the cQA archive119

by constructing a knowledge map where questions and answers are its two main dimensions, and their intersection120

comprises a cluster of the related question–answer pairs.121

2.2. User Analysis in cQA Platforms122

Researchers have studied cQA members from several angles, like their evolution, motivations, and expertise. For123

instance, their evolution can be analyzed according to their reaction to changing norms at distinct stages of their124

community lives [37], or in conformity to their shifts between the asking and answering roles over time [38]. On125

the one hand, some factors make newcomers more excellent contributors [39], but also, factors that push askers to126

switch away from free-based to payment-based platforms [40].127

The motivations behind the participation of cQA members have also grabbed some attention [41, 42, 43]. While it is128

true that many fellows post and obtain information periodically, it is also true that few peers take the time to contribute129

knowledge to the community consistently. Notably, it has been shown that psychological, social, and functional factors130

differ across lurkers and askers, answerers as well [42]. At significant, positive votes motivate knowledge sharing;131

and conversely, negative votes are significantly detrimental. Most importantly, comments moderate the relationships132

between voting and knowledge contribution [43].133

Community peers, who play a pivotal role as producers of high-quality material, are known as experts or134

authoritative sources [44, 45], whereas reputation collectors are primary sources of low-quality answers as well as of135

answers to duplicate questions [46]. For detecting these individuals, general measures of expertise have been proposed,136

primarily based on the theory of belief functions that account for member’s attributes and the time they spend on the137

website [47]. For the same purpose, the probability of becoming an expert can be computed on the grounds of four138

property groups, namely, user behavior, topic similarity, emerging topics, and topic transition [48]. Another aspect to139

consider when seeking suitable answerers is their intimacy over different topics [49]. Many studies have explored the140

inherent relationship between user criteria and answer quality [18, 50, 51].141

Over the past few years, neural networks have been employed to automatically identify experts. Take, for instance,142

the work of [29], who encoded latent user expertise into answer representation by hierarchical attention mechanisms143

within LSTM networks, capturing more informative and implicit topic interests. Parallel with this, a cognitive-based144

lightweight method was devised for simultaneously assessing the expertise and reliability of community peers [52]. In145

the same light, by modeling users, one can bridge the semantic gap between distinct members, as similar peers may146

use similar wordings across their answers [53]. This way, user representations can be learned in an end-to-end neural147

network in a way that best explains user expertise on question topics.148

Several additional active research topics concerning user modeling, such as [54], discovered a homophilous149

behavior across undetected abusive fellows by examining their flagging patterns. Further, the propensity to become150
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loyal has shown to be apparent from initial interactions in the community, and loyal members employ language that151

signals collective identity and engage with more esoteric, less popular content [55]. From what and how individuals152

post, one could predict with high accuracy if they are willing to answer an unknown peer when the question fits their153

expertise [56, 57]. Along the same lines, the work of [58] showed that identity-based trust, feedback from previous154

knowledge contributions, opportunities for social exposure, word-of-mouth marketing, and pressure from norms of155

reciprocity have a positive impact on the continued knowledge contribution behavior of the members.156

2.3. Age Recognition on cQA Platforms157

Few studies have dug deeper into demographic factors and their impact on cQA services [2, 59, 60]. Instead, most158

try to discover discriminative patterns by inspecting texts authored by community fellows [2, 61]. For instance, the159

research of [59] touched on age demographics when examining their attitude and sentimentality. Interestingly, they160

revealed that members are likely to respond to peers of the same age more positively; and that sentimentality decreases161

with age.162

In Stack Overflow1, programmer reputation scores were observed to increase relative to age well into the 50’s,163

that programmers in their 30’s tend to focus on fewer areas relative to those younger or older in age, and that there164

is not a strong correlation between age and scores in specific knowledge areas [61]. Since older people continue to165

trail Gen Z and Millennials in the adoption of technologies, there is an under-representation of these groups that has a166

harmful influence on demographic analysis. By casting age recognition as a classification task, the work of [2] delved167

into this impact on three distinct modalities (i.e., texts, images, and metadata), in particular, focusing on the effects of168

the gradual evolution from one cohort to the next; while [62] dealt only with texts.169

2.4. Embedding Models for Large-scale Graphs170

In general, graphs are categorized into four different groups: (a) homogeneous graphs, (b) heterogeneous graph,171

(c) graph with auxiliary information, and (iv) graph constructed from non-relational data [63]. Each of these groups172

aims at dealing with different types of challenges related to the construction of continuous graph feature spaces. These173

continuous feature spaces are vector representations of a graph’s entities and, in some cases, relations. Thus, generating174

graph embeddings involves finding a function, 𝑓 , which maps each node to the embedding space. Defined formally,175

𝑓 ∶  → ℝ||× 𝑑 where 𝑑 is the dimensionality of the embedding space,  is the nodes such that 𝑑 <<  and ℝ176

denotes the set of all real numbers.177

In the case of our work, the object of study is a large-scale homogeneous graph. In this kind of network, all nodes and178

edges belong to one type only. There are different embedding approaches proposed for different variants of this class of179

graph, i.e., unweighted-undirected [64], weighted [65], directed [66], and weighted-directed [67]. The fundamental role180

of all these strategies is capturing structural information and preserving the connectivity patterns observed in the input181

networks through the embedding [68]. These low-dimensional representations enable exploiting similarities based on182

neighboring associations to solve various graph mining tasks including node classification [69, 70], link prediction [71]183

and graph reconstruction [72].184

A classic approach to infer embeddings in homogeneous networks is by conducting random walks over its structure.185

Some promising methods in this category include DeepWalk [64] and Node2vec [67]. Recently, some techniques,186

such as APP [73] and VERSE [74], have improved the quality of the inferences by refining the learning step by187

personalized page-rank-oriented random walks. However, the main caveat of this sort of strategy has to do with its188

computing costs since they will be proportional to the number of random walks, which can be prohibitive for large189

graphs [75]. In addition, non-random graph-based embedding methods have also been proposed. These approaches190

use deep neural networks instead of performing random walks, but their training also demands a lot of computational191

resources, especially for large graphs [74].192

Random walk enables the extraction of node structures by learning their vector representations based on some193

notion of topological similarity (or proximity). The construction of an embedding starts by selecting a random-walk194

method such as rooted PageRank [76]. Then, a similarity function maps realizations of the random-walk process195

into real values that represent the notion of node proximity. Likewise, non-random graph-based embedding strategies196

employ deep learning techniques where there is a specific task to optimize. In the case of Structural Deep Network197

Embedding (SDNE), there is a first unsupervised component that has an encoder-decoder network architecture for198

reconstructing the input signal [65]. This reconstruction is believed to preserve the proximity of a network. The199

1stackoverflow.com
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supervised component is the second element of the loss function and this will preserve the first-order proximity of200

the graph. The third and final component is a regularization term.201

Incidentally, Graph Convolutional Networks (GCN) has proven to be very promising for learning node embeddings202

and for performing their classification in semi-supervised approaches [77]. Conversely, Graph Auto Encoders (GAE)203

can be integrated with GCN and auto-encoder models to infer these contiguous feature spaces [77, 78]. From another204

perspective, recent techniques, including GraphGAN [79], ANE [80] and DWNS [81], have adopted Generative205

Adversarial Networks (GAN) to model node connectivity probabilities accurately. Unfortunately, all these methods206

do not scale to large graphs [75].207

Another novel approach to dealing with homogeneous graphs is factorizing their adjacency matrix. For instance,208

some studies directly compute the adjacency matrix in order to obtain node embeddings [82, 83, 84]. More recently,209

this matrix factorization strategy enhanced with spectral propagation (known as ProNE) has shown its efficacy in210

the context of node classification tasks [85], but on the flip side, its performance has been less competitive for link211

prediction and graph reconstruction [75]. It is worth noting here that this embedding has not been tested in node212

regression settings. Lastly, it should be highlighted that GRA (Global Resource Allocation), which iteratively tunes213

the proximity matrix, enables reaping effective results in multi-label node classification problems at the expense of214

high computational costs [86].215

2.5. Graph-based Age Screening on Other Social Networks216

There is a vast bulk of research into age demographics on Facebook [87] and Twitter [88, 89, 90, 91]. For instance,217

word embeddings have reaped poor performance on Twitter when training Wikipedia-based CBOWs mixed with SVMs218

(RBF kernels) [92].219

As for age screening based on graph analysis, we find the work of [93], who used regression to predict six220

variables (i.e., gender, age, ethnicity, education, income, and child status) of ca. 46k Twitter users based solely on their221

network activity (i.e., whom they follow). Later, they extended this study to political preferences [94]. Concerning222

node embeddings, these have been recently utilized for discovering similar users [95] and experts [24, 96].223

3. Research Questions224

With prior works as a foundation, we pioneer the attempts at conducting an in-depth study into age predictors built225

on top of regression models and node contiguous feature spaces in the context of question-answers interchanges. To226

this end, we conducted a comprehensive analysis of state-of-the-start graph embeddings devised mainly for coping227

with massive activity graphs. Specifically, we aim primarily to answer the following three research questions:228

RQ1: What are effective kinds of machine learning regression approaches for predicting age in a large-scale setting?229

In section 5, our empirical results indicate that the most effective configuration integrates Artificial Neural Network230

Regression with Node2vec embeddings.231

RQ2: Is there any pattern that characterizes birth years in a low-dimensional space?232

In section 6.1, we discovered that age-based centroid vectors tend to form a sequence ordered by age from youngest to233

oldest (i.e., forty years old).234

RQ3: How does age prediction based on graph regressions perform in compared to prior works on other modalities235

such as texts and images?236

In section 6.2, experimental outcomes suggest that activity graphs are a better option than profile images and are237

competitive to textual models.238

239

4. Methodology240

Figure 1 highlights the framework of our study. Each step in this pipeline is described in the following subsections.241

4.1. CQA Graph Creation242

In order to fetch question-answers pages (see Figure 2a) and user profiles (see Figure 2b) from Yahoo! Answers,243

we took advantage of the web scraper implemented in [97], which ran for around three years (September 2015–2018).244

According to community guidelines, askers must categorize their questions in conformity to a taxonomy of up to245

three levels (e.g., Home & Garden → Decorating & Remodeling in Figure 2a) whenever they publish a new question.246

Hence, top-level entries are broad and embody a constantly growing number of questions and answers, whereas most247
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Generate Node
Embedding

(e.g. Node2Vec,
GCN, ProNE)
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Linear Regression,
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Undirected  Graph

Evaluation

Node

Relationship

Node
Embedding 

Figure 1: Machine learning pipeline to predict the user’s age exploiting graph embeddings.

fine-grained categories at the bottom (third-level) are more specific, providing narrow coverage, and ergo most of them248

seldom get new questions.249

Therefore, this crawler browses through questions contained only in the first two levels, retrieving the top ten250

questions displayed on each category page. Each of these category pages was visited several times during the three251

years. As a result, about 53 million question-answers pages were downloaded, where all question titles, bodies, and252

answers were extracted accordingly, and, like manner, ca. twelve million profile pages were fetched. From them, self-253

descriptions and questions were extracted, which were used later to get more questions and reach additional users using254

recursively navigating a network.255

In order to determine the age, all content predominantly written in English was singled out via a text-based language256

detector2, and subsequently, we looked for valid putative birth years (1910–2008) and ages (10–99) at the paragraph257

level. We split matched paragraphs into sentences via CoreNLP3, and accordingly, we kept every sentence that starts258

with any of following case-insensitive surface patterns: (a) [I am | I m | I’m | Im | I turned] [ | an | now | only | age |259

turning] NUMBER; (b) I was born [in|on] [DATE | YEAR]; and (c) My age is NUMBER.260

When aligning, we checked if we could find an occurrence of a unit such as kg and mg or a time such as weeks or261

days. This way making sure that these matched numbers did not correspond to commonly used metrics/units. Every262

time these alignments failed, a POS-based analysis was conducted by basically ensuring that: (a) there was only one263

pronoun and no additional verb before the first identified number/year; and (b) there was no negation before the first264

number/year.265

From the overall 16,580,746 members involved in the corpus, we could automatically discover the birth year of266

657,805 (3.97%) community peers. Note here that the tag for an individual was preserved if and only if all references267

fell into a gap of two years, where the earliest year was kept as the final label. Then, we created an undirected graph by268

linking every asker with all his/her answerers, resulting in a total of 836,513,013 edges. In detail, each question-answer269

page was mapped into a small graph where its involved users are nodes, and every edge connects an answerer to the270

respective asker (see Figure 3). Eventually, all these small graphs were merged into one final activity graph. In so271

2code.google.com/archive/p/language-detection/
3stanfordnlp.github.io/CoreNLP/
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(a) Question-answers page discussing “What’s the best way
to increase kitchen space?”

(b) Profile page belonging to “Ashley M” Here, a self-
description and a list of asked questions are illustrated.

Figure 2: Sample pages from Yahoo! Answers.

doing, we considered all 16 million members. For empirical purposes4, labelled samples were randomly divided into272

394,745 training (60%), 131,519 testing (20%) and 131,541 evaluation (20%).273

4.2. Generating Node Embeddings274

To learn continuous feature representations of community members (Node2Vec [67] and PRONE [85]), we275

explored the fast and scalable suite of graph embedding models implemented by Matt Ranger’s library5. By and large,276

the algorithms provided by this toolkit are prevalent since they are proven to be helpful in coping with various kinds277

of graph mining tasks like node classification, link prediction, sub-graph mining, and community analysis. For matrix278

factorization-based embeddings, we used the scikit API6. Similarly, for Graph Convolutional Networks (GCNs), we279

used the open-source library known as Stellargraph7. In general, graph embeddings are believed to yield highly accurate280

representations of the underlying latent structures of a given graph.281

From this suite, we capitalized on the following strategies to capture the graph, edge and node topology, and other282

relevant information as well:283

• Graph Convolutional Network (GCN): It consists of graph convolution layers, whereby embeddings are284

constructed for each node via mixing its neighbors from the previous layer in the network [77].285

𝐻 𝑙+1 = 𝐴′𝑋(𝑙)𝑊 (𝑙), 𝑋(𝑙+1) = 𝜎𝑅𝑒𝐿𝑈 (𝐻 (𝑙+1)), (1)286

In this equation, 𝑋(𝑙) ∈ 𝑅𝑁×𝐹𝑙 is the embedding at the 𝑙𝑡ℎ layer for all the 𝑁 nodes and 𝑋(0) = 𝑋;𝐴′ is the287

normalized and regularized adjacency matrix and 𝑊 (𝑙) ∈ 𝑅𝐹𝑙×𝐹𝑙+1 is the feature transformation matrix which288

4The full activity graph and the labels used for this study will be publicly available online upon acceptance.
5github.com/VHRanger/nodevectors
6scikit-learn.org/stable/modules/classes.html
7github.com/stellargraph/stellargraph
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Figure 3: The activity graph creation process for three illustrative question-answer pages.

will be learnt for the downstream tasks. The activation function 𝜎𝑅𝑒𝐿𝑈 (⋅) is usually set to be the element-wise289

Rectified Linear Unit (ReLU).290

• Node2Vec: This method integrates Deep Learning with random walks to automatically sample paths from the291

graph employing exploiting neighborhood structures [67]. To describe this random walk process, let 𝑐𝑖 denote292

the 𝑖𝑡ℎ node in the walk, starting with 𝑐0 = 𝑢 where 𝑢 is the source node. Then, the probability corresponding to293

the node 𝑐𝑖 is generated by the following distribution:294

𝑃 (𝑐𝑖 = 𝑥|𝑐𝑖−1 = 𝑣) =

{𝜋𝑣𝑥
𝑍 = 𝑎𝑖+1 if (𝑣, 𝑥) ∈ 𝐸
0 otherwise , (2)295

where 𝜋𝑣𝑥 is the unnormalized transition probability between nodes 𝑣 and 𝑥, and 𝑍 is the normalizing constant.296

It is worth noting here that the generation of these random walks is defined by two input parameters (cf. [67]).297

• ProNE: This approach learns embeddings via matrix factorization with the enhancement of spectral propagation298

[85]. ProNE leverages the simplest edge structure to represent a node-context pair. The edge set then forms a299

node context pair set  = 𝐸. Here, 𝐸 represents edge set and  is the set of node pairs (𝑣𝑖, 𝑣𝑗). Formally, the300

probability of occurrence of a context 𝑣𝑗 given a node 𝑣𝑖 is defined as:301

𝑝𝑖,𝑗 = 𝜎(𝑟𝑇𝑖 , 𝑐𝑗) (3)302

In this mathematical formula, 𝜎(.) is the sigmoid function and 𝑟𝑖, 𝑐𝑖 ∈ 𝑅𝑑 represent the embedding and context303

vectors of node 𝑣𝑖 respectively. Similarly, 𝑝𝑖𝑗 = 𝐴𝑖𝑗∕𝐷𝑖𝑖 indicates the weight of (𝑣𝑖, 𝑣𝑗) in  and 𝐴 is the304

adjacency matrix of the graph.305

• Non-Negative Matrix Factorization (NMF): Since the adjacency matrix 𝐴 is a non-negative, where each306

column represents a particular node, the NMF can be utilized for obtaining two non-negative matrices 𝑀 and307
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𝐺 such that the dimensions of 𝑀 and 𝐺 are 𝑞 × 𝑘 and 𝑘 × 𝑞, respectively (𝑘 < 𝑞) [98]. In this decomposition,308

the product of these two new matrices (i.e., 𝑀 × 𝐺) is very close to the original 𝐴:309

𝐴 = 𝑀𝑞×𝑘𝐺𝑘×𝑞 (4)310

Here, 𝑘 is a parameter and denotes the dimension of the latent space. 𝑀 is referred to as the base matrix, since311

it consists of the bases of the latent space. Conversely, 𝐺 is called the coefficient matrix, since it represents312

the combination of coefficients of bases necessary for reconstructing 𝐴. Generally, this decomposition task is313

modelled as the following Frobenius norm optimization problem:314

min
𝑚,𝑔

‖ (𝐴 −𝑀𝐺)‖2𝐹 such that 𝑀,𝐺 ≥ 0 (5)315

• Singular Vector Decomposition (SVD): This factorization aims at computing a low (𝑘) rank representation 𝐴𝑘316

of the adjacency matrix 𝐴𝑞×𝑏 via the following mathematical relation:317

𝐴 = 𝑀Σ𝐺𝑇 (6)318

where 𝑀 is an 𝑞 × 𝑘 unitary matrix, Σ is an 𝑘 × 𝑘 diagonal matrix and 𝑉 is an 𝑘 × 𝑏 unitary matrix.319

• GGVec: It is a new embedding algorithm for undirected graphs available in the Nodevector library8. The320

algorithm is based on sampling edgewise local methods which update the embedding weights on each step.321

The advantage of GGVec is that, it easily scales for large graphs.322

4.3. Supervised Regression323

In order to make a fair comparison of different graph embedding models, supervised regressions require data in324

tabularized form. In so doing, we first set the number of dimensions of the embedding space to 128 (default value).325

Then, after learning, each vector in this space is labeled with an outcome variable, in this case, the age of the user.326

Once the data was tabularized, it was divided into training, evaluation (parameter tuning) and testing in conformity to327

the splits described in section 4.1. As for learning regressions, we profited from the following array of approaches:328

• Linear Regression: This is the most widely used analytic technique for predicting quantitative responses. Let329

𝑌 denote the “dependent” variable (the one we are interested in forecasting), and let 𝑋1,… , 𝑋𝑝 represent the330

“independent” variables, wherefrom we want to build a prediction model for 𝑌 . Then the linear regression model331

takes the form:332

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + .. + 𝛽𝑛𝑋𝑝 + 𝜖 (7)333

where 𝛽 is the set of regression coefficients and 𝜖 is the error term in the regression model.334

• k-Nearest Neighbor (𝑘-NN) Regression: It is another classical method employed for determining quantitative335

outcomes. To assign a new vector with a label, this strategy finds the 𝑘 nearest neighbors using a pre-defined336

distance metric (e.g., Euclidean or Mahalanobis). This distance is computed for all samples across the training337

material, and the final estimate is given by averaging the labels of the 𝑘 closest training instances. More338

concretely, the 𝑘-NN regression function 𝜂 for an unseen point ⃖⃖⃗𝑣′ is as follows:339

𝜂̂𝑘−𝑁𝑁 ( ⃖⃖⃗𝑣′ ) = 1
𝑘

𝑘
∑

𝑖=1
𝑌 ( ⃖⃗𝑣𝑖) (8)340

where 𝑌 returns the class label of a point ⃖⃗𝑣 within the seen samples ( ⃖⃖⃗𝑉 ). In this approach, the number of nearest341

neighbors is a parameter, and 𝜂̂ is the predicted label for the new data point ⃖⃖⃗𝑣′ .342

8github.com/VHRanger/nodevectors
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• Support Vector Regression (SVR): For a given training set consisting of 𝑛 data points ⃖⃗𝑣𝑖 and their respective343

labels 𝑦𝑖 (𝑖 = {1, 2, 3, ..., 𝑛} ), the support vector regression model is expressed as:344

𝑌 ( ⃖⃖⃗𝑣′ ) =
𝑛
∑

𝑖
𝛽𝑖𝜙( ⃖⃖⃗𝑣′ , ⃖⃖⃗𝑣𝑖) + 𝑏 (9)345

where 𝛽 is defined as the weight vector which corresponds to a nonlinear mapping function (𝜙) and a constant346

threshold 𝑏. The parameters 𝛽 and 𝑏 need to be estimated externally in the model.347

• Ridge Regression: This technique is similar to the linear regression, but enriched with a regularization term. The348

goal of this term is shrinking the coefficients of the model, which are produced in an effort to reduce the variance.349

In this way, this strategy aims at achieving much lower prediction errors. In particular, the ridge regression350

coefficients estimates 𝛽 are the values that minimize:351

𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝛽0 −
𝑝
∑

𝑗=1
𝛽𝑗𝑋𝑖𝑗

)2
+ 𝜆

𝑝
∑

𝑗=1
𝛽𝑗2 (10)352

Here, 𝜆 > 0 is a tuning parameter that needs to be determined separately and the term 𝜆
∑𝑝

𝑗=1 𝛽𝑗
2 is called a353

shrinkage penalty.354

• Lasso Regression: It is conceptually similar to Ridge Regression, but this approach applies the penalty by using355

an absolute value:356

𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝛽0 −
𝑝
∑

𝑗=1
𝛽𝑗𝑋𝑖𝑗

)2
+ 𝜆

𝑝
∑

𝑗=1
|𝛽𝑗| (11)357

Likewise, 𝜆 > 0 is a tuning parameter that needs to be set separately, and 𝜆
∑𝑝

𝑗=1 |𝛽𝑗| denotes the absolute value358

of the shrinkage penalty.359

• Random Forest Regression: This is a non-parametric ensemble regression method, which comprises a set of360

𝑀 trees: {𝑇1(𝑋), 𝑇2(𝑋), ..., 𝑇𝑀 (𝑋)}, where 𝑋 = {𝑥1, 𝑥2, ..., 𝑥𝑝}, is a p-dimension input feature vector. The361

ensemble produces 𝑀 outputs for each tree 𝑌1 = 𝑇1(𝑋), ..., 𝑌𝑀 = 𝑇𝑀 (𝑋), where 𝑌𝑚, 𝑚 = 1, ...,𝑀 is the 𝑚𝑡ℎ
362

tree output. The final regression output is computed as the average of all predictions given by the tree.363

• Artificial Neural Network Regression (ANNR): It learns a function 𝑓 (⋅) ∶ 𝑅𝑛 → 𝑅𝑜 by training on a dataset. In364

this function, 𝑛 denotes the number of dimensions for the input vectors; whereas 𝑜 is the number of dimensions365

for the output. For a set of feature vectors 𝑋 = {𝑥1, 𝑥2, 𝑥3, ...𝑥𝑝} where 𝑝 is total number of features and a366

continuous variable 𝑦 as a target, this function can learn a non-linear approximator that performs the regression.367

Note that hyperparameters for every regression model, their respective search spaces, and their scoring functions368

are shown in Table 1.369

4.4. Evaluation Metric370

The Root Mean Square Error, or RMSE for short, is typically used for evaluating supervised regression algorithms.371

Two distinct advantages of RMSE over other metrics are: a) it penalizes large errors, and b) it avoids absolute values,372

which are highly undesirable in many mathematical calculations [99, 100]. More precisely, RMSE is calculated as the373

square root of the averaged squared differences between each prediction 𝑦𝑖 and its actual observation 𝑦𝑖:374

𝑅𝑀𝑆𝐸 =
√

1
𝑛
Σ𝑁
𝑖=1(𝑦𝑖 − 𝑦𝑖)2 (12)375

Note that in this formula, 𝑛 is the total number of observations, and the “squared” error prevents the cancellation376

of positive and negative values.377
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Model Hyperparameters and Search Space Scoring Function
Linear Regression no parameter required –
Ridge Regression alpha: [1e-15,1e-10,1e-5,1e-2,1e-1,1,5,10] Mean squared error
Lasso Regression alpha: [1e-15,1e-10,1e-5,1e-2,1e-1,1,5,10] Mean squared error
K-Nearest Neighbor Regression neighbors: [1, 2, 3, 4, 5, 6, 7, 8, 9, 10] Mean squared error

Artificial Neural Network Regression (ANNR)

number of hidden layers: [2, 4, 6, 8, 10, 20, 30, 40]
number of hidden units :[8, 16, 32, 64]
dropout rate [0.2, 0.5]
epochs [50, 100]
batch size [32, 64]

Mean squared error

Support Vector Regression
C: [1e-3, 1e-2, 1e-1, 1, 10]
gamma: [1e-5, 1e-3, 1,10] Mean squared error

Random Forest Regression
Estimators: [100, 200]
max Depth: [3, 4, 5, 6, 7, 8, 9] Mean squared error

Table 1
Hyperparameters search space used for tuning the different regression models.

Similarly, we also used the Mean Absolute Percentage Error (MAPE) metric. It is scale independent and provides378

meaningful error as a percentage. It can be used, therefore, to compare prediction performance over different datasets.379

MAPE is computed as:380

𝑀𝐴𝑃𝐸 = 1
𝑛

𝑛
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦𝑖
𝑦𝑖

|

|

|

|

× 100% (13)381

5. Results382

Table 2 displays the results obtained by each combination of regression and embedding models. In light of these383

figures, we draw the following conclusions:384

1. Continuous feature spaces built by Node2Vec outperform all its counterparts regardless of the regression strategy385

used for the predictions.386

2. It is worth noting that GCN learns node embeddings by incorporating node features into the graph. There are no387

external node features in this task, which might have been detrimental to its performance.388

3. Most important, ANNR trained with Node2Vec and ProNE embeddings accomplished the best performance,389

namely the two lowest RMSE scores. The difference between these two values is 4.7%. Conversely, when trained390

with GCN embeddings, the RMSE decreased by 20.51% with respect to the best configuration.391

4. As for Support Vector Regressions, they quickly converge but yield significant training errors. It might be due392

to the fact that the training data is still sparse with respect to the labels, despite the high number of embeddings.393

As for embeddings, Figure 4 confirms the superiority of Node2Vec as it also reaps the lowest MAPE value. In this394

embedding, Support Vector Regression and K-Nearest Neighbour Regression finish with tie scores, and the gap with395

ANNR is very narrow. To be more concrete, Support Vector Regression accomplishes marginally lower MAPE values396

wrt. ANNR when operating on top of Node2Vec, GGVec, ProNE, NMF, and SVD. Regarding RMSE (see Table 2),397

ANNR performs better under Node2Vec, GGVec, ProNE, GCN, and NMF. Since we prefer minimizing the error to398

minimizing the relative error, using RMSE is a much more suitable option. It is worth recalling here that RMSE is399

more useful for showing bigger deviations than MAPE, and it heavily penalizes outliers [101].400

To check statistical significance, we applied the Wilcoxon signed rank test between the results produced by ANNR401

and all other regression techniques (see Table 3). Overall, significant differences were found between predictions cast402

by ANNR and most of the other approaches (𝑝-values <0.05).403

Figure 5 highlights the RMSE score obtained by varying the dimensions for the Node2vec space from 10 to 128.404

In short, a larger space is capable of storing more information. In Figure 5, we observe that when the embedding405

dimension is greater than 80, the RMSE starts to decrease. Eventually, Node2Vec finished with its best performance406

using its default embedding parameter (128). However, this improvement is marginal compared to lower amounts of407

dimensions, namely 110 and 120. It also means that enlarging this space does not necessarily entail a significantly408

better performance.409
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Figure 4: Performance of different regression algorithm in predicting age. X-axis is the regression algorithms and Y-axis is
the MAPE score.

Node2Vec learns feature representations of nodes in the network. Generally speaking, as the number of target410

features increases, the node representation is likely to improve, leading to the construction of more effective regression411

models. In our case, from 10 to 80 dimensions, Node2Vec did not help to reduce the RMSE score significantly.412

However, from 80 on, it begins to have a greater impact on the performance of the regression models, namely413

notoriously decreasing the RMSE value. We also observe that the performance starts to asymptotically converge when414

the size of the feature vectors reaches a value of around 100. This result confirms the observations discussed in the415

original work of Node2Vec (cf. [67]). On the whole, we conjecture that this is also, in part, a result of the sensitivity of416

the various hyperparameter combinations found in ANNR. Thus, the optimal performance of the Node2vec+ANNR417

configuration depends on all its factors: the hyperparameters, the network, and the regression task.418

6. Discussion419

6.1. Node2Vec Embeddings420

The best regression models were built on top of Node2Vec embeddings (see Table 2). On average, they score an421

RMSE of 8.84 (𝜎 = ±0.287), and the best fit in this group finishes with a value of 8.39. Curiously enough, 𝑘-NN422

regression is the runner-up reaping an RMSE of 8.56. Given that, in this model, a predicted age is the average of its 𝑘423
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Embedding Models

Regression Models Node2Vec GGVec ProNE GCN NMF SVD
Linear Regression [102] 8.95 9.31 9.10 10.21 9.8 9.89
Support Vector Regression [103] 9.26 9.75 9.47 10.47 10.31 10.18
Ridge Regression [104] 8.95 9.31 9.10 10.21 9.8 9.89
Lasso Regression [105] 8.95 9.31 9.11 10.20 9.8 9.88
K-Nearest Neighbor Regression [106] 8.56 8.91 8.92 10.17 8.9 9.85
Random Forest Regression [107] 8.84 9.26 9.03 10.11 9.11 9.69
Artificial Neural Network Regression [108] 8.39 8.81 8.79 10.11 8.82 9.72

Table 2
Results achieved by each graph embedding algorithm coupled with different supervised machine learning regression models.
Figures denote the respective RMSE scores.

Linear
Regression

Support Vector
Regression

Ridge
Regression

Lasso
Regression

K-Nearest
Neighbor Regression

Random Forest
Regression

Node2Vec <2e-16 <2e-16 <2e-16 <2e-16 <2e-16 <2e-16
GGVec <2e-16 <2e-16 <2e-16 <2e-16 <2e-16 <2e-16
ProNE <2e-16 <2e-16 <2e-16 <2e-16 <2e-16 <2e-16
GCN <2e-16 <2e-16 <2e-16 <2e-16 <2e-16 0.00441
NMF <2e-16 <2e-16 <2e-16 <2e-16 <2e-16 <2e-16
SVD <2e-16 <2e-16 <2e-16 <2e-16 <2e-16 <2e-16

Table 3
𝑃 -values corresponding to the Wilcoxon Signed Rank Test (𝛼 = 0.05). Figures in bold indicate significant 𝑝-values.

nearest neighbors, we can conclude that there is a significant degree of homogeneity among fellows of the same age in424

terms of their activity patterns in the community.425

As a means of finding the optimal amount of neighbors, we carried out experiments considering the following426

values for 𝑘: {2, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60}. It is worth stressing that we used the Euclidean distance427

since it is well-known to be the best method for continuous feature vectors [69, 109]. Note that Figure 7 shows that the428

optimal value for 𝑘 is 30. Until 𝑘 = 30, the RMSE decreases when the number of neighbors increases, and after that,429

the RMSE starts to increase slowly. It is because by adding more neighbors, the prediction starts to approach the mean430

value of the user’s age. Hence, the identification of the optimal quantity of neighbors is crucial for reliable predictions.431

That is to say, each birth group has its own array of informative characteristics that are present across their members432

to the extent that these traits define them. Consequently, the corresponding centroid vector can capture the pertinence433

of each discriminative feature to a specific cohort.434

Since these regression models were constructed in the 128-dimensional embedding space, we capitalized on PCA435

(Principal Component Analysis) to infer the three main components and plot the respective centroids on a 3D-graph436

afterward (see Figure 6a).437

From eighteen to forty years old, these centroid vectors form a trail ordered by age, which gradually and438

systematically moves from one age cluster to the other. To be more precise, the prior and succeeding age groups439

are likely to be the closest neighbors of a particular cluster. This move changes its direction in conformity to the440

distinct components that start to become, to a certain degree, less and more informative. Therefore, there is a gradual,441

continuous change of these three latent attributes when transitioning from one age cohort to the other. We conjecture442

that the minimum age requirement to enroll in the platform (i.e., twelve years old) is, in part, one of the main causes443

for the noise observed before eighteen years old since younger people sometimes misrepresent their age as a way of444

circumventing the policies of the platform.445

In the case of members older than forty, we conjecture that there is less diversity in this segment due to the fact446

that most of these people trail in the adoption of cQA technologies. For this reason, the data represents a segment that447

belongs to a specific profile of people who is more likely to enroll in this sort of service. Another reason might be448

that additional, but relatively insignificant variables are needed to draw a more apparent distinction. Similarly, we find449
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Figure 5: Impact of the Node2vec space dimensionality on the performance of ANNR.

(a) The three components were obtained via PCA on the 128-
dimensional Node2Vec embedding used by the best models (cf.
Table 2).

(b) The three components were obtained by directly training
three-dimensional Node2Vec embeddings.

Figure 6: Three-dimensional centroid vectors. Each point represents the centroid of an age group from twelve to 80 years
old.

similar qualitative results when training three-dimensional embeddings straightforwardly (see Figure 6b). Given these450

findings, we built an ANN regression model on top of this new embedding, and accordingly, the final RMSE value451

achieved by this configuration was 9.849. Thus, learning the remaining embedding dimensions is necessary since they452

bring about a tangible performance improvement.453

Another attractive aspect of this space is that centroids are linearly separable to a great extent (i.e., older/younger454

than a particular age). Note that a centroid vector here is the geometric center of an age group; that is to say, it is the455

arithmetic mean position of all points (community members) within that particular group. It opens up the opportunity456

of exploiting well-studied linear classification models, which are also typically computationally efficient. Furthermore,457

in the event of casting this problem as a classification task, it would be interesting to investigate if more considerable458
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Figure 7: Impact of the number of neighbors on the Node2vec space on the performance of ANNR.

distances between consecutive centroids are better candidates for class (generational) boundaries, following a similar459

principle to Support Vector Machines (SVMs) [110].460

Lastly, Figure 6b suggests that these centroids might form some kind of loop or spiral, which might give support to461

the recurring generation cycle (i.e., four archetypes of generations) theorized by William Strauss and Neil Howe [111].462

6.2. Graph-based versus Text/Image-oriented Models463

From another standpoint, the outcomes reaped by the best regression model (i.e., Node2Vec + ANN) can be464

mapped into their respective age cohorts, this way we can compute its corresponding Accuracy and F1-Score, and465

consequently, we can have a rough estimate of how this graph-based model compares to systems that have been modeled466

as a classification task.467

As a reference, we can use the five age groups proposed by Strauss and Howe for obtaining both classification468

metrics [111] . Accordingly, our best graph regression finished with Accuracy and F1-Score of 62.27% and 0.3423,469

respectively. If we consider the suggestion of [2] on reducing these five age cohorts to three, our best regression achieves470

an Accuracy of 63.52% and an F1-Score of 0.5705.471

Our study benefited from the same datasets as from [2], but in juxtaposition, this prior research focused on the text472

view of this collection instead of the underlying graph. Interestingly enough, the results accomplished by exploiting473

graph activity patterns rival their counterpart’s neural networks for texts. More precisely, their best F1-Score is 0.3444474

in the case of five cohorts, while in the event of three age groups, it varies from 0.4361 to 0.6350 (cf. [2]).475

The work of [2] also tried models based on profile images, but in this case, their models were less effective. They476

concluded that it is hard to find visual patterns related to age, even by an eyeball inspection. For this modality, their477

best Accuracy was 60.6% for three classes. It is worth stressing here that this empirical setting was different from the478

one used in our graph and their text models due to the fact that many community members do not have a profile image.479

Therefore, this array of image samples belongs to a subset of the community fellows utilized for devising graph and480

text-based models.481

Overall, our results signal that graph-based neural network regression models hold promise, especially since they482

seem to be a better option than profile images for this task. Moreover, they are competitive with textual models and483

can be used for constructing classifiers that take advantage of the synergy between these two modalities, leveraging484

age-related activity and language patterns. A good example is tackling data sparseness, which characterizes fellows485

that produce few texts and/or exhibit low activity in the community.486
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7. Conclusion487

In a statement, this paper dissects the application of assorted regression models and continuous feature spaces to the488

prediction of age across cQA service members. In a nutshell, Node2vec significantly outperforms other embeddings489

regardless of the regression strategy exploited for automatically assigning an age to a community fellow. Furthermore,490

it is worth highlighting that our best prediction rate (i.e., RMSE = 8.39) was reaped when Node2vec was amalgamated491

with Artificial Neural Network Regressions. It is also worth experimenting in the future about the synergy between492

deep-learning based regression model [112] with graph-embeddings.493

In the Node2vec space, we also discovered that age-based centroid vectors tend to form a trail ordered by age. This494

finding brings up several research questions that are worth investigating. For instance, the magnitude of the distance495

between consecutive points (e.g., 17 and 18 years old) can signal good cohort borders. The answer to this question496

would significantly impact the design of cost-efficient linear classifiers. Another important discovery is that activity497

graph-based models can compete with strategies built on top of images and texts.498

As for future research directions, we envisage that these activity patterns will make the design of practical multi-499

modal approaches and linear age predictors easier. We also envision that graph, image and text based models can help500

each other in multi-view, multi-task or transfer learning settings.501
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