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Abstract

Large-scale annotated data is essential for age prediction in
social media, yet obtaining such data is costly. Age is a key
psychological and cognitive marker influencing communica-
tion and social behavior. Understanding age-related patterns
in online interactions can provide insights into cognitive de-
velopment and identity formation. To address data limitations,
we propose a semi-supervised multimodal regression model
leveraging Transformer-based variational autoencoders to in-
fer age from textual and social features. This approach aligns
with cognitive and social science theories on age-related be-
havioral patterns. Our framework effectively utilizes unlabeled
data, reducing annotation dependency while enhancing predic-
tive accuracy. Empirical results demonstrate superior perfor-
mance over traditional classification and supervised baselines,
advancing interdisciplinary research in age inference and on-
line behavior modeling.

Keywords: Age inference; Cognitive modeling; Social behav-
ior; Semi-supervised learning; Multimodal analysis.

Introduction

The popularity of social media platforms has significantly in-
creased the demand for technologies capable of automatically
analyzing users’ profiles and their multimodal content (Chen,
Cheng, Yang, et al., 2019). Age prediction, as one of the
foundational tasks in this context, plays a vital role in under-
standing the psychological and social aspects of online be-
havior. In cognitive and social sciences, age is not merely
a demographic feature but a marker of developmental and
cognitive stages that influence how individuals express them-
selves and interact with others. For example, understanding
age-related patterns in communication is crucial for cognitive
theories that examine developmental changes in linguistic be-
havior and social engagement (Bleidorn et al., 2016; Suh,
2024) as shown in Figure 1. Moreover, in social contexts, age
can significantly affect online behaviors such as posting fre-
quency, topic preferences, and social interactions, which have
broad implications for personalized marketing, user profiling,
and social media analytics (Farnadi, Tang, Cock, & Moens,
2018; Zhu et al., 2024).

Traditionally, age prediction has been approached as a clas-
sification problem, dividing individuals into broad age groups
(Liu, Nowson, & Perez, 2017). However, this simplistic cate-
gorization often overlooks the nuanced nature of age-related
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Figure 1: An example of user information in the social media.

differences. More recently, scholars have shifted toward treat-
ing age as a continuous variable to facilitate finer-grained
predictions that can better align with cognitive and psycho-
logical research that seeks to understand developmental dif-
ferences in behavior over time (Flekova, Preotiuc-Pietro, &
Ungar, 2016; Wang, Li, & Zhou, 2017; Krdamer et al., 2024).
The continuous nature of age, however, complicates the pre-
diction task and requires models capable of making precise
numerical estimates, rather than grouping users into prede-
fined categories.

One of the main challenges in age prediction, particularly
when using social media data, is the scarcity of large-scale
labeled datasets. Accurately annotating age from users’ posts
and social profiles is a time-consuming and costly process.
Furthermore, some users may not post frequently or may only
interact with others without contributing content themselves,
making it difficult to infer their age from textual or social
modality data alone (Nguyen et al., 2014; Zhang, Li, Wang,
& Zhou, 2016; Fittipaldi et al., 2024). This issue is espe-
cially pertinent in psychological and cognitive studies, where
fine-grained age prediction is necessary for understanding de-
velopmental stages that span a lifetime.

To address this challenge, we propose a semi-supervised
learning approach to infer user age from both textual and
social modalities. Semi-supervised learning is particularly
suitable for scenarios where labeled data is limited, as it al-
lows for leveraging large amounts of unlabeled data to im-
prove prediction accuracy. In the context of social media, this
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method has the potential to exploit the rich, unlabeled data
that often exists in user profiles and posts to enhance model
performance (Younis et al., 2023; Starck et al., 2024). Specif-
ically, we introduce a semi-supervised multimodal regression
model, the Multimodal VAE-R, which combines both textual
and social features to predict age. Our model employs a vari-
ational autoencoder based on Transformer architectures, en-
abling it to learn from both labeled and unlabeled data while
preserving the consistency between the two modalities. By
using multimodal data, our approach aims to improve the pre-
cision of age prediction and address the limitations of uni-
modal approaches that only rely on one type of feature.

The contribution of this paper lies in the development of a
semi-supervised multimodal regression model that effectively
integrates textual and social features to infer age in social me-
dia contexts. Our empirical evaluations demonstrate that this
approach outperforms several baseline methods in both re-
gression accuracy and the ability to handle unlabeled data,
marking an important step forward in age inference for psy-
chological and social applications.

Related Work

Previous studies typically cast automatic age prediction as
a classification problem, although this approach often suf-
fers from ad hoc and dataset-dependent age boundaries (Cao
et al., 2022). From a cognitive science perspective, age is
not merely a numerical label but an essential factor influ-
encing language use, emotional expression, and social be-
havior (Suh, 2024). Cognitive and developmental psychol-
ogy suggest that as individuals age, their linguistic complex-
ity, syntactic structures, and emotional expressiveness change
systematically (Zhu et al., 2024). Younger individuals often
use more expressive, informal language, while older individ-
uals exhibit more structured, formal, and topic-driven com-
munication styles (Han et al., 2023). These differences make
age inference particularly relevant for studying cognitive and
social development across the lifespan. Unlike traditional
classification-based approaches, which categorize users into
discrete age bins, regression-based models offer a more nu-
anced understanding of how age-related cognitive and social
patterns manifest in digital communication. Recent works in
psychology and computational linguistics emphasize that age
prediction should be treated as a continuous variable to better
capture age-related cognitive and behavioral shifts (Cameron
etal., 2021). Therefore, we overview the related work on age
inference by classification and age inference by regression,
respectively.

Age Inference by Classification

Over the last decade, conventional studies on age predic-
tion typically consider it as a classification problem and con-
duct their empirical research on two main domains, i.e., blog
and social media (Chen, Cheng, Deng, Liang, & Qi, 2019;
Chen, Cheng, Yang, et al., 2019). In blog domain, (Goswami,
Sarkar, & Rustagi, 2009) and (Rosenthal & McKeown, 2011),
explore both the textual and social modality information in
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Figure 2: Unimodal VAE-R. Dashed line means the score of
y is provided by the regressor when using unlabeled data, but
when the labeled data is used, we employ the real observed
score y.

automatic age classification. In social media domain, (Zhang
et al., 2016) propose a supervised ensemble model to predict
the age groups with multiple textual perspectives. More re-
cently, (Weishampel, Staicu, & Rand, 2023) propose an inter-
pretable, modeling framework to extract lower-dimensional
relevant features of a user’s posting behavior on social media,
but still cast user attribute prediction as classification.

Although age classification has been extensively explored
in previous studies, related work on semi-supervised learning
on age classification is rather few. (Ikeda, Takamura, & Oku-
mura, 2008) propose a semi-supervised approach to age clas-
sification by training multiple sub-classifiers with textual fea-
tures (Khare, Agrawal, Sharma, Awasthi, & Prakash, 2023).

Unlike their unimodal approaches, this paper proposes a
semi-supervised multimodal approach. Moreover, this study
focuses on a regression problem while their studies focus on
the classification problem.

Age Inference by Regression

In contrast to age classification, much fewer studies model
age prediction as a regression problem. (Flekova et al., 2016)
present the study to investigate the correlations between the
stylistic measures and exact age, in which age is viewed as
continuous variables. From psychology and engineering per-
spectives (Bleidorn et al., 2016), finer grained prediction of
user age is useful for downstream applications which use ex-
act values (O’Connor et al., 2024).

To the best of our knowledge, no previous studies focus
on semi-supervised regression for age inference. It is also
worthwhile to note that, in the machine learning community,
related studies on semi-supervised regression are also rare.

Methodology for Age Inference

In this section, we introduce our Unimodal VAE-R and Multi-
modal VAE-R approaches for age inference in details. Figure
2 and 3 shows our Unimodal VAR-R and Multimodal VAE-R
approaches, respectively. Note that semi-supervised learn-
ing is particularly valuable in psychological and cognitive re-
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Figure 3: The overview of our proposed Multimodal VAE-R

search, where labeled datasets are often sparse, and behav- diagonal Gaussian distribution g (z|x,y):
ioral patterns vary across cultural and social contexts (Chen, R
Stantic, & Chen, 2022). The ability to leverage large amounts X Jene(%), @)
of unlabeled social media data allows for more scalable and qo(zlx,y) = N(u(%,y)diag(c*(%,y))), €)]
generalizable models that can adapt to individual differences z ~ qo(zlx,y) 4)

in language processing, social cognition, and emotional reg-
ulation (Kim & Fingerman, 2022).

Prior research in cognitive psychology suggests that learn-
ing from limited labeled data is akin to human cognitive pro-
cesses, where individuals generalize knowledge from partial
observations (Suh, 2024). By incorporating semi-supervised
learning into age prediction, we can model age-related cog-
nitive and social traits in a way that mirrors natural learning
mechanisms, making the approach not only technically robust
but also cognitively plausible.

Unimodal VAE-R

Components. Basically, it consists of three main compo-
nents: a regressor, an encoder network and a decoder net-
work, which are corresponding to go(y|x), g¢(zx,y) and
Po(x|y,z). These networks are presented as follows.

(a) Regressor: For the regressor g¢(y|x) as shown in Fig-
ure 2(a), we employ the Transformer network (Vaswani et al.,
2017) to capture the semantic representation of user informa-
tion and a max-pooling layer to obtain the user age represen-
tation for prediction, i.e.,

y = ReLU(MP(Trans(x)))W " )]

where MP and Trans(-) denote the Transformer encoding
and max-pooling, respectively. The output dimension of
MP(Trans(x))W' is 1, and ReLU is the Rectified Linear
Units.

(b) Encoder: For the encoder network depicted in Fig-
ure 2(b), each data pair (x,y) gets encoded into a soft ellip-
soidal region within the latent space (Zhang, Li, Zhu, & Zhou,
2020). More precisely, the distribution of z is modeled as a

where fo,(-) is the encoder function, implemented by
Trans(-). N(-) denotes a Gaussian distribution with the
reparameterization trick (Kingma, Mohamed, Rezende, &
Welling, 2014).

(c) Decoder: As shown in Figure 2(c), the decoder is a
conditional generative model (Zhang et al., 2020). It es-
timates the probability of generating x given latent vari-
able z and real/predicted numbered value y:

Po(x[y,z) = D(x|fuec(y,2)) 5)

where fy..(v,z) parameterizes a distribution D, usually a
Gaussian distribution for input data. For implementing the
decoder network, this paper adopts a potential conditional
Transformer structure (W. Xu, Sun, Deng, & Tan, 2017).
This structure integrates word embedding and score tensor
at each time step, which is widely used (Serban, Sordoni,
Bengio, Courville, & Pineau, 2016). We call this structure
C-Transformer, which takes the concatenation of both words
and regression score as input.

Loss Function. Through the joint training on both labeled
and unlabeled samples, the loss is defined as follows,

Jo= ) Llxy)+ Y Uk
(X,y>€C[ xeCy
+ QB e, [~ logge(y[x)] (6)

where C; and C, are labeled and unlabeled datasets respec-
tively, o is a hyper-parameter of additional regression loss of
labeled data. £(x,y) and U(x) are the variational bound of a
single data point in the labeled data and the unlabeled data re-
spectively (Zhang et al., 2020). Obviously, Unimodal VAE-R
approach can be input with one of the textual modality and
social modality, or even the features mixing of textual and
social modalities.
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Multimodal VAE-R

In order to make full use of the textual and social modality in-
formation, we can put the textual and social features together
by concatenation with Unimodal VAE-R. However, textual
and social modalities contain two different kinds of features
and simply mixing them together does not seem a good way.

Instead, we propose a better way to perform semi-
supervised regression with these two kinds of modalities by a
novel model, namely Multimodal VAE-R. In this model, we
first train two regressors with two kinds of features from tex-
tual and social modalities and then limit the two outputs from

the regressors to be as similar as possible. The final objective
function is defined as follows,

7= Y L)+ Y Ux)

(. Y)ET; %€,
+ Z L(x5,y) + Z U(xs)
(x5,y) €S XsESy

+OE(y, yyer[—loggo (y|x)]
+BE(xg.y)€S, [_ log qo (y|xs)]
HYE (4, e (10 y)es 102 1ao (Y ]x1) — g0 (y1x5)[13)] M

where the symbols containing subscript ¢ are related to the
textual modality, and the symbols containing subscript s are
related to the social modality.

Note that although we just leverage two modalities and lim-
its the consistency of the output of these two modalities, in
fact our model can be easily extended to three or more modal-
ities by making the predicting of more than two modalities as
the same as possible.

Experimentation
Experimental Settings

Data Settings: Our data is collected from Sina’ randomly.
We crawl each user’s homepage which contains user infor-
mation (e.g., name, age, gender, followers, followings, veri-
fied type), and their posted tweets (e.g., original and retweeted
tweets). In total, we collect the homepages of about 5079
users, together with their posted messages and followings at
a fixed period, such as June to December 2018. We ran-
domly split the labelled, unlabeled, validation and test data
as 5%/80%/5%/10%.

Feature Embedding (FE): To learn the feature represen-
tation, word content and word order of user-generated mes-
sages are used in the textual modality, while the following
and follower IDs, and their descriptions are used in the social
modality. We use LINE (Tang et al., 2015) to pre-train feature
embedding based on all our crawled data with unsupervised
learning.

Hyperparameters and Training: Here are the hyperpa-
rameters for training the model (based on validation-dataset
loss). Word embedding dimension is 300. Both the encoder
and decoder have a hidden size of 128. Latent variable z is 64
dimensional. Mini-batch size is 40. Hyper-parameters o, J3,
and 7y range from 0.5 to 0.9. Models are trained end-to-end
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with the Adamax optimizer (Kingma & Ba, 2014), using a
learning rate of 0.001.

Evaluation Metrics and Significance Test: Pearson’s cor-
relation coefficient (r, higher is better)(Nikoli¢, Muresan,
Feng, & Singer, 2012) and Mean Squared Error (MSE, lower
is better)(Y. Li, Zha, & Zhou, 2017) between predictions and
real ages are used as the performance metrics. Furthermore,
t-test is used to evaluate the significance of the performance
difference between two approaches.

Baselines and Implementation

Uni-modal Approaches. For thorough comparison, we im-
plement the following approaches to user age inference when
either textual or social modalities are employed. For all orig-
inal classification approaches, in our implementation, the last
layer is replaced with a fully-connected layer with non-linear
activation function, similar to the Equation (1).

o LSTM-R: A supervised regression approach imple-
mented with Long Short Memory Network for Regression
(Graves et al., 2013), applied for textual and social perspec-
tives respectively.

e Self-SVR: A semi-supervised learning approach which
extends the supervised SVR approach based on self-training
(Kostopoulos et al., 2018).

o LP-TE: The state-of-the-art of semi-supervised learning
based on Transformer for either verbal or non-verbal input,
which decomposes a neural network M into two components
F and U. The layers in F are then frozen and only the layers
in U will be updated during most time of the training (A. H. Li
& Sethy, 2020).

o GFDA: The SOTA on social tasks formulated as regres-
sion problem (Weishampel et al., 2023).

e GPT-40 mini: A famous large language model (LLM)
as SOTA on various social tasks (OpenAl, 2024).

Multi-modal Approaches. For thorough comparison, be-
sides the unimodal approaches with early fusion, we imple-
ment the following approaches to age inference when both
textual and social modalities are employed with late fusion
or joint learning. For all original classification approaches,
in our implementation, the last layer is replaced with a fully-
connected layer with non-linear activation function, similar
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Textual Social
Model 7T [MSEJ | 7T | MSEJ
LSTM-R (Graves, Jaitly, & Mohamed, 2013) 0.531 6.088 0.536 5.970
Self-SVR (Kostopoulos, Karlos, Kotsiantis, & Ragos, 2018) | 0.480 6.370 0.466 6.963
LP-TE (A. H. Li & Sethy, 2020) 0.540 5912 0.541 5.985
GFDA (Weishampel et al., 2023) 0.539 5.899 0.546 5.896
GPT-40 mini (OpenAl, 2024) 0.542 5.900 0.546 5.859
Unimodal VAE-R 0.558" | 5.6017 | 0.5637 | 5.675"

Table 1: Experimental results of different regression approaches to user age inference with either textual or social modalities.
The mark 71 indicates that a larger value is better, while | indicates that a lower value is better. The marker | refers to p-value

< 0.05 when comparing with GFDA.

Model rt MSE|
LSTM-R (Textual+Social) (Graves et al., 2013) | 0.548 | 5.806
UDMF (Farnadi et al., 2018) 0.561 | 5.769
CoREG (Z. Zhou & Li, 2007) 0.480 | 6.806
Weighted Voting (Z. H. Zhou, 2012) 0.501 | 5.964
SAFER (Y. Li et al., 2017) 0.572 | 5.636
LP-TE (Text+Social) (A. H. Li & Sethy, 2020) 0.561 | 5.552
MVSA (Q. A. Xu, Jayne, & Chang, 2024) 0.571 5.554
GPT-40 mini (Textual+Social) (OpenAl, 2024) 0.568 | 5.590
Unimodal VAE-R (Textual+Social) 0.555 5.728
Multimodal VAE-R 0.596" | 5.3287

Table 2: Experimental results of different regression approaches to user age inference with both the textual and social modalities.
The mark 71 indicates that a larger value is better, while | indicates that a lower value is better. The marker { refers to p-value

< 0.05 when comparing with MVSA.

to the Equation (1).

e UDMF: A supervised user attributes classification ap-
proach, considered as the state-of-the-art to age inference
with multimodal learning(Farnadi et al., 2018).

e CoREG: A co-training style semi-supervised learning
approach by (Z. Zhou & Li, 2007). This approach employs
two k—nearest neighbor regressors based on two views re-
spectively.

e Weighted Voting: An ensemble learning approach,
which uniformly weights multiple regressors to perform
semi-supervised regression (Z. H. Zhou, 2012). In our imple-
mentation, we build two regressors based on two modalities
respectively.

e SAFER: A semi-supervised regression approach to learn
a safe prediction from multiple semi-supervised regressors
(Y. Li et al., 2017). This approach is considered as the state-
of-the-art in semi-supervised regression. In our implemen-
tation, this approach is performed on the textual and social
regressors.

e MVSA: The SOTA on multi-view learning for social
tasks (Q. A. Xu et al., 2024).

e GPT-40 mini (Textual+Socal): We concatenate both
the textual and social features as input fed into GPT-40 mini
(OpenAl, 2024).

e Unimodal VAE-R (Textual+Socal): We concatenate

both the textual and social features as input fed into our uni-
modal approach.

Results on Uni-modality

Table 1 shows the experimental results of different regression
approaches to user age inference with either textual or social
modalities. From this table, We can see that each approach
using the features of textual modality achieves similar perfor-
mance, compared to using social features. This result means
that the two kinds of modalities are both helpful to predict
user age. Therefore, the ability of just using one type of user
information to predict age is relatively weak. Among all su-
pervised learning approaches, LSTM-R performs best.

Additionally, we can observe that semi-supervised regres-
sion is challenging since the self-SVR(TF-IDF) performs
much worse than LSTM-R and LP-IE performs not better
than LSTM-R. As large language models (LLMs), GPT-40
mini performs better than most baselines on r, while a little
worse on MSE. This is mainly due to the small number of la-
beled data, which are not sufficient for it to conduct in-context
learning.

In contrast, the Unimodal VAE-R approach outperforms
all the other six approaches, which demonstrate that our semi-
supervised approach could leverage the unlabeled data to im-
prove regression performance. Significance test shows that
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Figure 5: The statistics of textual and social features’ number
in labelled, unlabelled and test sets respectively

the improvement of our unimodal semi-supervised approach
over LP-TE and LSTM-R is significant (p-value < 0.05).

Results on Multi-modality

Table 2 shows the experimental results of different regression
approaches to user age inference with both the textual and
social modalities. From this table, we can see that, compared
to using only one type of modality, using both textual and
social modalities always achieves better performance. For
instance, the LSTM-R (Text+Social) approach outperforms
unimodal LSTM-R with a large margin. In the supervised
baselines, UDMF with multimodal learning performs best.
This indicates that multimodal features need to well capture
the uni-modal independent and multimodal dependent char-
acteristics. In the semi-supervised baselines, the COREG ap-
proach fails to improve the performance with two kinds of
features and it is even worse compared to the baseline Self-
SVR. This may be due to the fact that co-training normally
brings in the error transition. While SAFER outperforms
other baselines except on MSE compared with LP-TE and
MVSA, suggesting that: First, SAFER is effective to build a
regressor on each modality; Second, LP-TE based on Trans-
former and MVSA based on multi-view learning also have
certain advantages in age inference. For LLMs GPT-40 mini,
it outperforms most baselines on metric r, but performs a litter
worse on MSE. This suggest that this method is unstable and
there is an urgent need to design a comprehensive approach.

Among all approaches, our approach, Multimodal VAE-
R, performs best. Particularly, it outperforms the best-
performed supervised baseline UDMF by 3.5% and 0.441 in
terms of r and MSE respectively. Besides, it outperforms the
best-performed semi-supervised baseline MVSA by 2.5% on
r and LP-TE by 0.226 on MSE. Significance test shows that
the improvement of our Multimodal VAE-R approach over
Unimodal VAE-R and other strong baselines is significant
(p-value < 0.05).

Further Analysis

From Figure 5, it can be seen that a large number of the fea-
tures in the test samples do not appear in the labelled samples,

but there are many overlapping features with the unlabelled
samples, in either textual or social modalities. In other words,
when we use unlabelled information to help age inference, it
is more likely to improve the prediction performance. Ac-
cording to the previous subsection, our experimental results
are consistent with this hypothesis.

Discussion

From a cognitive science perspective, age is a critical marker
of developmental and psychological stages, influencing how
individuals express themselves and interact with others. Our
model captures these age-related patterns by leveraging lin-
guistic and social features, which are known to evolve sys-
tematically with age (Cameron et al., 2021). For example,
younger individuals tend to use more informal, expressive
language, while older individuals exhibit more structured and
topic-driven communication styles. These findings are con-
sistent with cognitive theories that emphasize the role of age
in shaping linguistic complexity, emotional expression, and
social engagement.

Our semi-supervised learning framework also mirrors
human cognitive processes, where individuals generalize
knowledge from partial observations. By incorporating unla-
beled data, our model mimics the way humans learn from lim-
ited information, making it not only computationally effec-
tive but also cognitively plausible. This alignment with nat-
ural learning mechanisms enhances the model’s applicability
to psychological and cognitive research, where understanding
developmental trajectories is crucial (Cao et al., 2022).

A practical example of our model’s utility can be seen in
educational settings. Imagine a scenario where an online
learning platform aims to tailor its content to different age
groups. By using our Multimodal VAE-R model, the plat-
form can infer the age of its users based on their posts and
interactions, allowing it to deliver age-appropriate content.
For instance, younger students (e.g., Grade 2 normally cor-
responds to 8 years old) might benefit from more interactive
and visually engaging materials, while older learners might
prefer structured and detailed resources (e.g., Grade 10 nor-
mally corresponds to 16 years old). This personalized ap-
proach can enhance learning outcomes by aligning content
with the cognitive and developmental needs of users.

Conclusion

Our work not only advances the technical capabilities of age
prediction in social media but also contributes to the broader
field of cognitive science by providing a computational tool to
study age-related cognitive and social behaviors. By bridging
computational methods with psychological theories, we offer
a framework that is both technically robust and cognitively
meaningful, paving the way for future research in understand-
ing human development and behavior in digital environments.
Additionally, investigating the cultural and contextual factors
that influence age-related online behaviors could also provide
deeper insights into cognitive and social development across
diverse populations.
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