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Abstract

The analysis of social network data plays a fundamental role in uncovering
users’ behavioral patterns. Multimodal models that combine textual, visual,
and other information sources are effective tools for such analyses.
However, a major challenge in these models is the absence of certain
modalities in parts of the dataset; for instance, a user may post only text
without sharing any images. This issue prevents multimodal models from
fully exploiting all available information.In this paper, a method is proposed
for leveraging incomplete data within multimodal models. First, unimodal
models are trained independently to process each modality. Then, a
contrastive learning—based encoder is designed and trained to estimate the
feature vector of the missing modality using the features of the available
modalities.Finally, textual and visual data—either real or reconstructed—
are fused in a multimodal model to analyze user behavior. Experimental
results on the MDDL dataset, based on accuracy and F1-score metrics,
demonstrate that the proposed multimodal model achieves superior
performance, reaching an accuracy of 90.17% and an F1-score of 90.64%,
outperforming unimodal text-based (87.87% accuracy) and image-based
(73.37% accuracy) models. These findings confirm that the proposed
model effectively utilizes available information without discarding
incomplete data.
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