Journal of [SSN: 23956720

Artificial Intelligence
Research & Advances

G

STM JOURNALS

Volume 12, Issue 3, 2025
September—December

DOI Journal: 10.37591/J0AIRA

https://journals.stmjournals.com/joaira

Study of Social Trends Prediction Using Al

Smaran Das', Anamika Gupta™*

Abstract

Al (Artificial Intelligence) has fundamentally changed the ability to analyze social trends by using
large datasets to develop predictions about human behavior, public sentiment, and global events.
Using methodologies such as Natural Language Processing (NLP), Time-Series Forecasting, and
Graph-Based Social Network Analysis, Al is able to find hidden correlations in a variety of available
datasets, from social media to economic indicators to public records, and fundamentally changes
decision-making based on data for business, politics, and public health. As data-driven decision-
making becomes informed by the outcomes of Al forecasting with the potential for major influences on
public health and institutions, rapid adoption creates ethical challenges including algorithmic bias,
privacy issues, transparency, and misuse of Al-generated predictions of public opinion. This study
considers foundational Al methods for predicting social trends such as sentiment analysis, topic
modeling, ARIMA (Autoregressive integrated moving average), LSTMs (Long Short term Memory
Networks), and agent-based models and considers their use for practical applications such as
consumer behavior analysis, election outcome forecasting, tracking pandemic events, and crime
prevention. The study considers emerging developments such as Generative AI, multimodal analytics,
and explainable Al (XAI), which will further the use of Al to improve accuracy of forecasting while
addressing challenges of interpretability. After this, the ethical and regulatory implications of Al are
addressed, and considerations for fairness-aware algorithms, techniques for privacy, and the
importance of human oversight to foster responsible use of Al are presented.

Keywords: Artificial intelligence (Al), social trend prediction, ethical AI, NLP, time-series
forecasting, bias, explainability

INTRODUCTION

In recent years, artificial intelligence has been and is continuously progressing in how it interacts
with society, and its impact on how the entire society functions has been tremendous [1, 2].
Consequently, it has sparked huge debates on the ethical aspects of using data that is publicly available
to predict outcomes that may financially or in any
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other manner indirectly affect someone other who
is unaware of its presence.

Predictive Social trends implement various
forms of Al techniques that range from Natural
Language Processing (NLP), Machine Learning
(ML), and Deep Learning (Neural Networks) to
discern patterns and trends often invisible to
human eyes in large datasets [3—5]. The said
techniques enable us, to some extent, to make
accurate predictions of consumer behaviors, public
sentiments, demographic shifts, and even global
events like pandemics or economic downfalls [6].
For Instance, Al has been pivotal in analyzing
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social trends, sentiments, and major public agendas to influence monumental diplomatic decisions, as
seen by the US administrations [7], and political parties in India [8].

However, despite the proven potential, the end-to-end process raises critical challenges
encompassing various crucial questions like ethical concerns, biases in data, privacy/ownership issues,
and the interpretability of the models trained [4]. This rapid evolution of Al has as a result given rise
to the need for discussions about regulation, transparency, and responsible deployment.

This study aims to discuss this intersection of Al and its use in predicting the corresponding social
trends by exploring pivotal areas such as the methodologies, ethics, and challenges constituting the
entire workflow for a real-world application implementing Al forecasting to deliver results. The study
also dives a little deeper into the future of the technology discussing emerging trends and innovations
that will shape the future of predictive analysis in social sciences, business, and policy-making. Table 1
represents the different studies that served as the inspiration for the study.

Table 1. Reviewed academic sources.

Author(s) and Year Main Contribution
Succi and Coveney (2019) [1] Conceptual discussion on how Big Data is transforming the scientific method
Gerlach et al. (2018) [2] Network-based approach to topic modeling
Okeleke et al. (2024) [3] Predictive analytics for consumer market trends using Al
Salganik (2019) [4] Book on digital-era social research methodology
Lazer et al. (2018) [5] Study of misinformation and fake news dynamics
Ziems et al. (2024) [6] Role of LLMs in computational social science
Mallipeddi et al. (2022) [7] Influencer marketing model in social networks
Varol et al. (2017) 8] Characterization of bot-human interaction online
Wang et al. (2019) [9] Demographic inference from multilingual social media data
Mekimah et al. (2024) [10] Bibliometric analysis of BI in decision-making
Zareie and Sakellariou (2023) [11] Survey on influence maximization techniques
Cambria et al. (2022) [12] Overview of sentiment analysis research
Jelodar ef al. (2019) [13] Survey of LDA and topic modeling applications
Wang et al. (2023) [14] NMF-based deep clustering model
Liet al. (2020) [15] Survey on deep learning methods for NER
Brownlee (2018) [16] Practical book on deep learning for time series
Greft et al. (2016) [17] Review of LSTM variants
Souravlas et al. (2021) [18] Classification of community detection methods
Alali et al. (2022) [19] Forecasting COVID-19 with ML models
Antelmi et al. (2022) [20] Agent-based modeling tools
Gkikas and Theodoridis (2021) [21] | Al applications in consumer behavior
Benkler ef al. (2018) [22] Disinformation and polarization in politics
Chen et al. (2024) [23] Al in epidemiology and health modeling
Cortes and Silva (2021) [24] Al models for urban crime prediction
Pearl (2019) [25] Philosophical essay on Al opacity
Gonzalez-Bailon (2013) [26] Sociology's role in big data analysis
Gilpin et al. (2018) [27] Overview of interpretability methods in ML
Mehrabi et al. (2021) [28] Survey of bias and fairness in ML
Hollingshead et al. (2022) [29] Sampling issues in social media research
Tulli and Aha (2024) [30] Collected works on explainable Al agents
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FOUNDATIONS OF PREDICTIVE SOCIAL TREND ANALYSIS

While the ability to predict social trends has long been a goal of the top academics, political figures,
and big financial institutions, the amount of progress made in recent years due to the advent of Al and
a never-ending multitude of data to train has been tremendous [9, 10]. This section introduces the
foundational Al methodologies used in predictive social trend analysis, shedding light on key machine
learning techniques, data sources, and the role of Al-driven analytics in social forecasting.

Key Al Techniques for Predicting Social Trends
As discussed before, the advancement of Al and its predictive competence could be credited to the
following foundational techniques (Figure 1):

Natural Language Processing

As technology has prospered over the years, creating an abundance of textual data with platforms
like Twitter, Reddit, and huge repositories of user reviews, Natural Language Processing (NLP) has
emerged as a pivotal methodology in social trend analytics [6]. NLP plays a vital role in our day-to-
day lives by allowing machines to interpret and process human language. The most prominent example
of Al evolution, "CHATGPT", is a Large Language Model (LLM) that highly relies on NLP techniques
to portray itself as human as possible to have humanly natural conversations with people. NLP allows
the different Al models to dissect text from social media, news, articles, and other sources to gauge
public sentiment, detect emerging topics, and predict societal changes [11]. Natural language
Processing could be majorly extended into the following three forms: sentiment analysis, topic
modeling, and name entity recognition (NER).

Firstly, sentiment analysis, sometimes synonymously referred to as opinion mining, is a key NLP
technique used to discern and extract opinions from textual data [12]. In a very rudimentary sense, by
classifying text as positive, negative, and or neutral, sentiment analysis progresses to detect emotions
like joy, anger, or fear. As per more recent developments, by using models like BERT and RoBERTa,
models can handle sarcasm, idioms, and domain-specific jargon much more effectively,

Secondly, topic modeling which is an unsupervised machine learning technique implemented to
uncover abstract topics in a larger set of documents. It majorly aims to reveal implicit themes and
group large-scale textual data into meaningful clusters. Algorithms such as Latent Dirichlet Allocation
(LDA) [13] and Non-negative Matrix Factorization (NMF) [14] serve as the foundation of topic
modeling, with more recent approaches that incorporate neural embeddings and dynamic topic
modeling. The technique is most prominently helpful in exploratory data analysis, revealing dominant
discussions in public dialogue.

Key Al/Machine learning techniques for
predictive social trends

Natural
language
processing

Graph based
social network
analysis

Agent based
modeling

Time series
forecasting

* Sentiment * Sentiment * Community ABMis a

Inalysis Analysis detection computational

* Topic modeling ¢ Topic * Influencer simulation that
* Name entity modeling analysis, models individual
recognition * Name entity * Spread behaviours within
recognition prediction asystem to study
collective societal

pattemns

Figure 1. Al/machine learning predictive techniques.
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The third and last topic of discussion under NLP for the study is Named Entity Recognition [15], a
process used to analyze and assign named entities present in textual data into predefined categories
such as people, organizations, locations, and more. NER plays a crucial role in structuring information
from unstructured text and plays a foundational role in downstream tasks like knowledge graph
construction, information retrieval, and event prediction. Modern NER setups implement deep
contextual embeddings and sequence labeling techniques, which often offers high performance even
across multilingual datasets. Furthermore, it can be extended to detect domain-specific entities like
diseases, financial instruments, or political figures.

Time Series Forecasting

A prominent technique to predict the social trends often requires observing patterns over set periods
of time. This concept is more commonly brought into being with the following methods:
Autoregressive integrated moving average (Arima), Long Short term memory networks (LSTMs), and
Transformer-based models [16].

Arima is a conventional statistical modeling technique used primarily for time series analysis and
forecasting which is comprised of three components namely, autoregression (AR): modeling the
variable using its own past values; integration (I): this means subtracting past values from the data to
make it more stable and easier to analyze over time; and moving averages (MA): modeling the error
term as a linear combination of error terms form past periods. Due to its extensive influence of
foundational mathematical concepts, Arima is often a strong baseline for many forecasting roles, quite
majorly for situations where interpretability is crucial.

Long Short term Memory Networks (LSTMs) are a form of recurrent neural network (RNN)
designed to model sequential data by training on long term dependencies [16, 17]. In contrast to
traditional RNNs, LSTMs can hold data over much greater time periods, which makes them
particularly suited for modeling non-linear temporal patterns in complex datasets including but not
limited to social media platforms, stock market or sentiment fluctuations.

Lastly, Transformer-based models for time series, which were essentially designed for NLP tasks,
have evolved to adapt time series prediction methodologies. In contrast to LSTMs, transformers depend
on self-supervised mechanisms modelling temporal dependencies without sequential processing
enabling them to handle long sequences much more effectively and on larger perspective [16].

Graph-Based Social Network Analysis

This form of analysis examines the relationships and interactions between different entities, ranging
from individuals, organizations, or communities. It is a foundation for topics like community detection,
influencer analysis, and spread prediction. While the topics are quite simple and self-explanatory, here
is a brief overview of each respective topic:

Community detection is primarily about identifying groups/clusters of data points that have more in
common with each other than with the rest of the network [17]. As a matter of fact, the communities
may represent real-world clusters/groups, including but not limited to political fractions, interest-based
groups, or regional societies.

Influencer Analysis focuses on distinguishing key individuals or things that have a substantial
impact on information distribution in a network. These influencers can often mold opinions, direct
trends, and serve as viral content inspirations [18].

At last, similar to its former counterparts, as the name suggests, spread prediction models how
information, behaviors, or events propagate through networks over time. It implements both structural
features, like the node connectivity and content dynamics, to forecast the magnitude and trajectory of
spread [19].
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Agent-Based Modeling

Unlike its counterparts, ABM is a powerful computational method used to simulate the actions and
behavioral patterns of autonomous agents such as people, organizations, or even nations within a well-
defined environment [20]. Unlike traditional top-down approaches that aggregate behavior at a macro
level, ABM adopts a bottom-up perspective. It enables researchers to explore how complex social
phenomena emerge from simple behavioral rules followed by individuals. The most prominent features
of an agent are autonomy, heterogeneity, and interactivity.

Data Sources for Predictive Social Trend Analysis

The foundation of any successful Al-driven predictive model lies in the quality, quantity, and
relevance of the data it is trained on. In the context of social trend analysis, diverse and representative
datasets are essential to ensure accurate and meaningful insights. The following are key sources
commonly utilized in predictive social analytics (Figure 2):

Social Media Platforms

Websites such as Twitter, Facebook, Reddit, and Instagram offer real-time, human-generated
content that reflects a variety of ideas like public sentiment, trending topics, and behavioral patterns.
These platforms are hence often pivotal for mining opinions, detecting emerging events, and analyzing
social dynamics.

Economic and Market Statistics
Structured data from financial markets, consumer indices, macroeconomic, and microeconomic
indicators holds insights into consumer behavior, market trends, and major/minor economic shifts.

News and Online Publications

Digital news outlets, blogs, and forums serve as curated reflections of public discourse and societal
priorities. They are useful for tracking narrative framing, policy discourse, and public agenda-setting.
Government and Public Records

Open data portals, census reports, health statistics, electoral data, and policy documents are
authoritative sources that contribute structured and verified data essential for longitudinal and
demographic analyses.

Each of the aforementioned sources has its own pros and cons in terms of coverage, bias, access,

and frequency, and therefore it is important to incorporate multiple data streams to improve the
robustness and contextual validity of predictive models and facilitate more nuanced analysis of social

processes.
» Twitter (X.com)
Social » Facebook
media o Reddit
* Instagram
* Investing.com
* Yahoo Finance
» CoinMarketCop
> . D
. PUblic Government Data
Bl data
banks

* Repositories
Domain ¢ News Outlets.

* World Bank
* United Nations

specific * Blog Posts
article; * Forums

Figure 2. Common Data Sources for Al Training.
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APPLICATIONS OF AI IN SOCIAL TREND PREDICTION

Al-assisted predictive analysis is starting to mold a lot of industries enabling organizations,
governments, and businesses to expect major changes and adapt accordingly. As discussed earlier, all
this is only possible due to the large sets of data repositories and publicly available data clusters. This
section sheds some light over the key real world applications of Al in social trends predictions across
various domains.

Al in Business and Consumer Behavior Prediction

As Al has developed and been made more and more accessible, businesses have started to use Al-
powered analytics to predict market trends, supply chains, and optimize pricing strategies [21]. A very
common use case is the Al-driven recommendation system used by big tech giants like Amazon and
Netflix to suggest user-specific content or products. Another indisputable source of information is the
social media platforms, which provide a wealth of information that could generate important insights
into understanding customer sentiment. The use of Al tools like sentiment analysis and NLP helps
businesses gauge public perception in real-time, facilitating high-level notions like Brand Monitoring
and Crisis Management.

Al in Political and Public Opinion Analysis

The influence of Al-assisted forecasting has also managed to find its place in the extensively
opinion-driven industry of politics as well. Al is being increasingly used to predict election outcomes
and understand voter behavior [22, 23]. Major Political parties and government officials leverage Al
now to track voter sentiment on key issues. Another prominent application of Al in the political sector
is in combating misinformation by identifying and flagging false narratives achieved by Fact-Checking
Algorithms and Deepfake Detections like the Google's Fact Check Explorer.

Al in Public Health and Epidemiology

Al-powered tools analyze epidemiological data to predict and mitigate public health crisis
preventing disease outbreaks [24]. A good example would be the Al powered tools for Covid-19
Forecasting which analyzed mobility data and health records to predict infection rates and inform
public policy. Additionally, Al tools are being developed to assess mental health trends using digital
data sources like Woebot and Wysa.

Al in Crime Prediction and Public Safety

Another sector that is incorporating Al is the Crime Sector in predicting policing and crime
prevention strategies [25]. The following use different forms of Al surveillance, like Crime Heat Maps
and Facial Recognition systems to detect suspicious activities and enhance public safety measures.

FUTURE DIRECTIONS AND CHALLENGES

While Al evolves further and further, its role in predicting social trends is becoming more and more
complex, giving rise to new opportunities but also issues that come hand in hand. Innovations in Al
models and advancements in computational power are consistently changing the predictive analytics
landscape.

EMERGING AI TECHNOLOGIES FOR SOCIAL PREDICTION
This section aims to introduce the latest trends in Al technologies.

Generative Al and Large Language Models (LLMS)

Recent advances in Generative Al, particularly through Large Language Models (LLMs) like
OpenAl’s GPT-4 and Google’s Gemini, have dramatically expanded AI’s capacity to model and
predict complex social phenomena. These models, trained on vast corpora of textual data, can generate
human-like language, simulate realistic social discourse, and even forecast public sentiment and
opinion shifts with impressive contextual understanding [6, 26]. Their capacity for fine-tuned
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applications in tasks like sentiment classification, trend extrapolation, and policy impact simulations
marks a transformative step in predictive social analytics.

Multimodal AI for Comprehensive Analysis

While traditional Al models primarily analyze text or numerical data, multimodal Al interacts and
combines various data types, like text, images, audio, and video, providing a holistic view of societal
trends. Some forms of this can be observed in forms of Al processing video content from platforms
like Tiktok and Youtube to detect visual and behavioral trends analyzing facial expressions and speech
patterns to gain deeper insights into public sentiment.

Explainable Al for Transparency

Like with most advanced technologies, a major-challenge in Al-driven social forecasting is the
"black box" problem, where the models may provide predictions without clear explanations.
Explainable AI (XAI) has hence risen importance to interpretable predictions that include transparency
mechanisms that allows us to see the reasoning behind the decisions [27]. XAl enables the
interpretability and transparency of Al decisions, offering tools such as attention mechanisms, saliency
maps, and feature attribution methods to reveal how predictions are derived [28]. In social forecasting,
this is essential for ethical deployment, especially when Al predictions influence policy, finance, or
public discourse.

ETHICAL AND SOCIETAL CONSIDERATIONS IN AI DRIVEN SOCIAL FORECASTING
With Al's proven prowess in predicting social trends, several ethical concerns and challenges are
mandatory to be addressed to achieve responsible usage (Figure 3).

Bias and Fairness

One of the key ethical issues surrounding Al forecasting, is algorithmic bias. Predictive models
trained on actual or historical data likely reflect and exacerbate inequalities embedded in society. For
example, biased data can lead to biased and discriminatory predictions related to race, gender, or socio-
economic status, particularly in the areas of crime prediction and political targeting [29]. Attempts to
promote fairness in Al include the de-biasing of training datasets, the deployment of fairness aware
algorithms, and the implementation of auditing procedures to track potential disparate impact across
various demographic groups. However, there remains a considerable disagreement on how fairness
should be defined or enacted across various sociocultural contexts.

Privacy and Data Ethics
The utilization of large datasets sourced from social media platforms, search engines, and mobile
applications presents substantive challenges with regards to privacy and data ownership.

Privacy &

1 data ethics = {2

Ethical & Societal
Concerns For Al

Manipulation
& autonomy
MEHNE 5

Transparency &
explainability

3
Figure 3. Five major ethical concerns for developing Al.
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While data leveraged in predictive systems may come from publicly available sources, users often
do not expect or consent to their digital footprints being used to predict behaviors or sentiments at scale
[30]. Regulatory frameworks, such as the General Data Protection Regulation (GDPR) in Europe and
similar legislations developed worldwide, are intended to re-establish individual control and agency
over their personal data. Additionally, ethical frameworks suggest that if and when sensitive users' data
is being collected, user privacy considerations should be implemented using privacy-ensuring methods
like differential privacy, anonymization, and secure multiparty computation.

Transparency and Explainability

Al systems for social forecast scenarios often function in such a way that users cannot see inside
them, as they are often opaque "black box" systems, which makes it hard for users to know how
decisions are made. Such lack of interpretability may decrease public trust and limit effective
oversight of Al in social forecasting. This may be especially concerning when Al-generated forecasts
are used to influence large-scale important decisions for policy, public health, policing etc. On
COVID-19 policy implementation, assessed high-consequence scenarios highlighted the need for
swift decisions, strong healthcare systems, and clear communication [28]. Explainable Al (XAI)
development is important, in that it aims to improve interpretability and auditability of Al-generated
decisions [30]. XAl uses a number of techniques to create accounts of Al decision-making that are
aimed to help explanation of what features of the domain potentially influenced a prediction,
including SHAP values, LIME, and attention visualization. These techniques are being integrated into
platforms used for social analytics, to facilitate discussion of which features and particular data points
contributed to making a prediction.

Manipulation and Autonomy

When used irresponsibly, predictive Al can alter the actions and behavior of the public through
micro-targeted advertising, misinformation campaigns or political influence; which raises questions of
autonomy, freedom of thought, and democracy. Responsible use of prediction requires defining limits
on the predictors uses, particularly relating to shaping voter opinion, consumer preferences, or public
opinion in general. While there are ethical guidelines from organizations like the OECD, UNESCO,
and IEEE calling for the development of value-based Al systems that uphold human dignity and
freedom.

Accountability and Human Oversight

With increasing autonomy of Al, there will be greater questions of responsibility regarding
errors or harms from a predictive system. Defining responsibility is crucial if Al deployment is to be
seen as a tool for human empowerment rather than outsourcing. The human-in-the-loop model where
human experts verify or approve decisions is generally seen as being a safeguard. In addition to
verifying the role of human judgement and responsibility in predictive systems, ongoing impact
assessments, public engagement and interdisciplinary work will be necessary to adjust the system to
unintended consequences.

CONCLUSION

The integration of Artificial Intelligence (AI) and Machine Learning into social trend prediction
represents a paradigm shift in what we can know and imagine. By utilizing techniques such as Natural
Language Processing (NLP), time-series analysis, graph-based analysis, and agent-based modeling, Al
enables scientists, business organizations, and policymakers to uncover patterns in enormous,
heterogeneous data sets that are too complex to deduce and make use of in previous times. As
highlighted in this study, increasing predictive capability of Al has useful applications in various fields,
from predicting consumer activity and political sentiment fluctuations to improving public health and
security.

Likewise with all newer technologies and with these superior capabilities also come serious
responsibilities and concerns that need to be kept in check. Ethical issues like algorithmic bias, data
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privacy, transparency, and accountability must be addressed with great care to ensure that such
technologies are employed justly and sensibly. The arrival of such powerful tools like large language
models and multimodal analytics only heightens the demand for explainable Al systems and effective
governance mechanisms.

Advancements of technology cannot be simply controlled and as artificial intelligence evolves, so
will its prediction capacity in social forecasting, guiding decision-making that influences economies,
societies, and global governance making it an undeniable and integral part of our society. The future
is not simply about creating more sophisticated algorithms but also about embedding human values
within such technological systems. Maintaining interpretability, fairness, and accountability in Al
deployment and development will be essential for realizing its predictive power for the benefit of
everyone.

GLOSSARY OF TERMS
Large Language Models

Large Language Models are a type of advanced deep-learning method that leverage huge textual
corpora of data to allow a model to “understand, generate and manipulate” human language. OpenAl’s
GPT series and Google’s Gemini are two examples of a Large Language Model. These models use
transformer-based architectures to perform several tasks related to natural language, including
translation, summarization, question answering, and in some cases, conversational dialogue.

Neural Networks

Neural networks are computational models derived from the way that the human brain operates.
Generally, they consist of layers of connected nodes (neurons) that learn a specific task from the input
data by recognizing patterns and subsequently making predictions. Neural networks are the basis for
many Al applications available today, such as computer vision, natural language processing, and
speech synthesis.

Temporal

Temporal refers to time-based qualities. Temporal data tracks how values change across time and is
essentially a data characteristic that holds importance for time-series analysis, forecasting, and
prediction. Recent examples include stock market prices, weather data, and recorded activity on a
social media platform, etc.

Autonomy

Autonomy refers to the ability of an Al system to act independently, or operate without human
intervention or oversight. Autonomous systems are capable of operating based on a number of
variables, including data, the environment, or the system's internal rules. Some examples include self-
driving vehicles or an intelligent virtual assistant.

Heterogeneity

Heterogeneity is often used to refer to the differences or variation that exist in a dataset or system.
In Al, heterogeneity can refer to the differences or variation that can exist in types of data (e.g., text,
images, audio), differences in data sources (e.g., social media slice, government records), or
differences in behaviors of the populations of interest. Addressing heterogeneity is essential to
effectively building durable models that will generalize appropriately.

Supervised learning is a machine learning approach where we train and evaluate a model on a labeled
dataset as opposed to unlabeled. By labeled we mean that we know what the target outcome/result is.
The idea being, a model should learn association rules between all the input features and what the
outcome will be. An example of the application of supervised learning is spam detection or image
classification. Similarly, Unsupervised Learning means training a model using data without labeled
data. Examples are clustering and dimensionality reduction.
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Epidemiology

Epidemiology is the study of the distribution and determinants of health-related states or events in
populations. In the domain of Al, epidemiological models will generally employ data analytics to
monitor, predict, and curtail disease outbreaks or health trends by monitoring the infection rates,
mobility patterns, and social behavior.
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