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Abstract— This paper presents a unified artificial intelligence framework for multi-platform
trend analysis and forecasting by integrating heterogeneous data from social media platforms
such as Twitter/X, Reddit, Instagram, and YouTube along with Google Trends. Unlike existing
approaches that focus on isolated analytical tasks, the proposed system combines topic
modeling (NMF), sentiment analysis (VADER), geo-analytics, influencer detection, and LSTM-
based time-series forecasting within a single scalable pipeline. The framework processes large-
scale real-time data to extract meaningful insights, including emerging topics, sentiment
dynamics, and regional engagement patterns. Experimental evaluation demonstrates that the
system achieves sentiment classification accuracy of 85-88%, topic coherence of 0.60-0.65, and
forecasting RMSE of 0.12, outperforming baseline models such as ARIMA by 12-15%. The
proposed approach provides a comprehensive and scalable solution for real-time digital
intelligence, enabling researchers, policymakers, and businesses to effectively analyze and
predict emerging trends.

Index Terms— Multi-Platform Trend Analysis, Al-driven Social Media Analytics, Trend
forecasting using LSTM, Natural language processing (NLP), Topic Modeling using NMF,
Sentiment Analysis (VADER), Geo-spatial Analytics, Influencer detection, Time-series
forecasting, Digital Trend Intelligence.

1. INTRODUCTION

Social media has emerged as a powerful medium for capturing public expression, collective attention, and
evolving behavioural patterns. Millions of users across the world actively engage on platforms such as
Twitter/X, Instagram, Reddit, and YouTube to share opinions, respond to events, and disseminate information.
In parallel, Google Trends provides aggregated insights into global search behaviour, serving as an important
indicator of public interest and emerging topics. Together, these digital platforms generate vast volumes of real-
time data that reflect the dynamic pulse of society.

Analyzing and forecasting trends within this digital ecosystem has significant value across multiple domains.
Governments monitor online discourse to assess public response to policies and societal developments.
Businesses leverage trend analytics to anticipate market demand and consumer preferences. Public health
organizations track digital conversations related to disease outbreaks and health awareness, while media agencies
examine the propagation of viral content and public engagement patterns.
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Despite its potential, extracting meaningful insights from such large-scale digital data presents several
challenges. First, the heterogeneity of social media platforms results in diverse data formats, metadata structures,
and content types. Second, the velocity of online interactions causes trends to evolve rapidly, often within
minutes or hours. Third, user-generated content is highly unstructured and context-dependent, introducing
significant levels of noise. Additionally, temporal variability in user engagement across regions and time scales
complicates the process of identifying consistent patterns. Finally, most existing analytical systems focus on
isolated tasks such as sentiment analysis or forecasting, lacking a unified framework that integrates multiple
analytical capabilities.

To address these limitations, this paper proposes a unified artificial intelligence framework for multi-platform
trend analysis and forecasting. The proposed system integrates modular analytical components capable of
transforming raw digital signals into meaningful intelligence. The key contributions of this work include: a
scalable multi-platform social media data ingestion pipeline; a natural language processing framework utilizing
TF-IDF, NMF-based topic modeling, spaCy processing, and VADER sentiment analysis; a geo-analytics engine
for extracting and normalizing geographic information from noisy metadata; an influencer scoring mechanism
for identifying high-impact content creators; and a forecasting module based on long short-term memory
(LSTM) neural networks for predicting future keyword interest. Furthermore, the system incorporates a unified
API-driven backend that enables real-time deployment and integration. Unlike existing studies that focus on
isolated analytical tasks, this work provides a unified multi-module framework integrating NLP, geo-analytics,
influencer detection, and deep learning-based forecasting in a single system.

II. LITERATURE REVIEW

The rapid expansion of social media and digital platforms has enabled researchers to study human behavior,
information diffusion, and public sentiment at unprecedented scale. Recent advances in natural language
processing (NLP), machine learning, and time-series forecasting have significantly improved the ability to
analyze and predict digital trends. This section reviews key developments across social media analytics,
sentiment analysis, topic modeling, geo-analytics, influencer identification, and trend forecasting.

A. Social Media Analytics

Social media platforms provide large-scale real-time data that can reveal patterns of communication, public
opinion, and information flow. Stieglitz et al. [1] demonstrated the value of social media data for crisis
communication, political analysis, and public engagement studies. Similarly, Kwak et al. [2] analyzed Twitter as
an information network and showed that the platform functions as a powerful medium for rapid news
dissemination and collective awareness. These studies established the foundation for using social platforms as a
rich data source for behavioral and trend analysis.

B. Sentiment and Opinion Mining

Understanding public sentiment is a fundamental component of social media analytics. Sentiment analysis
techniques have been widely used to determine emotional polarity and subjective opinions expressed in online
text. The VADER sentiment analysis model [3] is particularly effective for analyzing short and informal social
media content due to its rule-based approach optimized for microblogging platforms. Liu’s pioneering work on
opinion mining [4] further contributed foundational techniques for extracting sentiment polarity and subjectivity
from large-scale user-generated datasets.

C. Topic Modeling

Topic modeling methods are commonly used to identify hidden thematic structures within large collections of
text data. Latent Dirichlet Allocation (LDA) [5] introduced probabilistic modeling for discovering latent topics
within document corpora. Non-negative Matrix Factorization (NMF) [6] later emerged as an effective alternative
that provides interpretable topic representations through matrix decomposition. Research by Kim et al. [7]
demonstrated the application of topic modeling techniques to track evolving discussions and thematic trends
across social media platforms.

D. Geo-Analytics and Regional Trend Analysis

Geographic context plays a critical role in understanding how trends propagate across regions. Jurgens et al. [8]
explored techniques for inferring user locations from metadata, linguistic patterns, and profile information.
Lampos et al. [9] utilized geo-tagged social media posts for epidemiological forecasting, demonstrating that
geographic signals embedded in digital data can reveal regional patterns and emerging public health concerns.
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E. Influencer Identification and Information Diffusion

The spread of information in social networks is often accelerated by influential users who amplify content reach.
Bakshy et al. [10] investigated how influential individuals contribute to large-scale information diffusion on
Twitter. Cha et al. [11] further demonstrated that follower count alone is insufficient to measure influence,
emphasizing the importance of engagement metrics, retweet activity, and network centrality measures in
identifying true influencers.

F. Trend Forecasting

Forecasting emerging digital trends has become an important research area in computational social science and
marketing analytics. Time-series forecasting methods and machine learning models have been widely applied to
analyze patterns in search behavior and social engagement. Recurrent neural network architectures, particularly
Long Short-Term Memory (LSTM) networks, have proven effective in capturing temporal dependencies and
predicting future trends from sequential data sources such as search queries and social media activity.

From prior research, it is evident that while individual studies have addressed sentiment analysis, topic
extraction, influencer detection, and forecasting independently, few frameworks integrate these analytical
components within a unified system. This motivates the present work, which proposes a comprehensive Al-
driven framework that combines multi-platform data ingestion, NLP-based analytics, geo-spatial insights,
influencer identification, and LSTM-based forecasting to enable scalable and real-time trend intelligence.

III. SYSTEM ARCHITECTURE

The architecture is designed as a modular pipeline where each component performs a specific analytical
function, enabling seamless integration and scalability across multiple data sources.

A. Data Ingestion Layer

Handles multi-platform data collection using APIs, web scrapers, and third-party services. A normalization
process stores raw metadata in a consistent structure.

Trend Analyzer Dashboard

Trend Analysis

Figure 1: Trend Analysis Forecast Graph
B. NLP & Topic Modeling Layer

Processes raw text using:

» spaCy for tokenization and preprocessing
» TF-IDF for document vectorization

» NMF for topic extraction

» VADER for sentiment scoring

Outputs enriched post-level analytics.

C. Geo-Analytics Layer

Extracts and normalizes location data from JSON fields, user bios, and platform metadata using pattern matching
and external libraries such as pycountry.

D. Influencer Analysis Layer

Scores authors using:

» follower count

» engagement metrics

» posting frequency

The weighted hybrid formula improves robustness over single-metric approaches.
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E. Forecasting Layer

Uses sequence modeling via LSTM networks to predict trend trajectories. Automatically detects temporal
granularity (daily or weekly).

F. Backend API Layer

Flask-based REST API enables:
» keyword analysis triggers

» dashboard integration

» external system connectivity

Figure 2: Code implementation of the GoogleTrendsConnector module

IV. METHODOLOGY

A. Data Preprocessing and Normalization

All collected social media posts undergo a standardized preprocessing routine to ensure consistency across
platforms.

Text is lowercased and stripped of URLs, emojis, punctuation, and platform-specific artifacts. Stopwords are
removed to reduce noise, while lemmatization is applied to preserve semantic meaning. Metadata such as
timestamps, engagement metrics, and author identifiers are cleaned and validated before entering the subsequent
stages of analysis. This preprocessing ensures that the heterogeneous data obtained from different platforms can
be processed under a unified representation.

B. NLP Pipeline: Vectorization, Topic Modeling, and Sentiment Analysis

The cleaned textual data is transformed into numerical feature representations using term frequency—inverse
document frequency (TF—IDF), which captures the importance of each word relative to the full dataset. Non-
negative Matrix Factorization (NMF) is then employed to extract latent thematic structures, producing coherent
and interpretable sets of topics. Each post is associated with a dominant topic based on the corresponding factor
weights. Sentiment analysis is performed using the VADER model, which is particularly suited for short,
informal text typical of social platforms. VADER generates polarity metrics (positive, negative, neutral) and a
compound sentiment score, enabling a detailed understanding of public attitudes associated with a given
keyword.

Public Sentiment Analysis

ve Wl Negative

Figure 3: Distribution of sentiment polarity (positive, negative, neutral) across collected social media datasets.
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C. Geographic Signal Extraction and Normalization

Social media platforms provide inconsistent and often incomplete location information. To address this, the geo-
analytics module applies a hierarchical extraction process that first identifies explicit country or place attributes
within the raw JSON metadata. For posts lacking structured location fields, heuristic text-matching is applied to
infer potential location phrases from user bios or profile metadata. All extracted location names are then
normalized using ISO country codes through the pycountry library, while geopy provides fallback resolution for
ambiguous entities. The resulting geographic signals are aggregated temporally to enable regional trend analysis.

D. Influencer Identification and Impact Assessment

Influencers play a central role in shaping trend dynamics and accelerating information diffusion. The system
identifies influential users by analyzing follower statistics, engagement behaviors, and posting frequency related
to the target keyword. Instead of relying solely on follower count—which has been shown to be an unreliable
metric—the framework applies a composite scoring function that incorporates engagement metrics and posting
activity. This hybrid scoring approach better aligns with established influence measurement research and offers a
more accurate representation of user impact within the digital discourse.The influencer score is computed using a
weighted combination of multiple factors as follows:

Influence Score = a x Followers + 3 x Engagement Rate + y x Posting Frequency

where a, B, and y are weighting coefficients that determine the importance of each factor. Followers represent the
reach of the user, engagement rate is calculated based on likes, shares, and comments per post, and posting
frequency reflects the user’s activity level. In this study, weights are empirically set to balance reach and
engagement, ensuring that highly interactive users are prioritized over users with only high follower counts.In
this study, a, B, and y are empirically set to 0.4, 0.4, and 0.2 respectively to balance reach and engagement.

Influencer Leaderboard

Money Saving Man (vouTube) u
engagements: 127,907,000 « score: 25581400.0

Tech Master Shorts (oulube)
engagements: 97,044,300 ¢ score: 19408900.0

4) Communication (YouTube)
engagements: 37,291,800 + score: 7458460.0

NetSpeed7 (vouTube)
engagements: 28,476,200 « score: 5695340.0 ¥

Figure 4. Influencer leaderboard showing the top-ranked content creators contributing to the conversation.

E. Time-Series Forecasting Using LSTM Networks

The final stage of the methodology involves forecasting future interest levels using a long short-term memory
(LSTM) neural network. Prior to training, the historical trend data—typically sourced from Google Trends—is
resampled to ensure uniform temporal spacing and is interpolated when necessary. MinMax scaling is applied to
stabilize numerical ranges. The model automatically detects whether the data follows a daily or weekly pattern
and adjusts the sequence length accordingly. During training, sliding windows of previous trend values are fed
into the LSTM to predict future points. The network consists of stacked LSTM layers followed by dense layers,
providing a robust architecture capable of capturing nonlinear temporal dependencies. The trained model outputs
forecasted interest for a horizon of either 90 days (for daily data) or 12 weeks (for weekly data), enabling
forward-looking trend analysis.

V. IMPLEMENTATION DETAILS

A. Backend Technology Stack

The proposed system is implemented using a Python-based analytical environment, chosen for its broad
ecosystem of machine learning and data processing libraries. Flask is employed as the primary backend
framework, enabling lightweight deployment of REST APIs that interface with the analytical modules. MySQL
serves as the system’s persistent storage solution, maintaining both raw and processed datasets. Time-series
forecasting is powered by TensorFlow and the Keras deep learning API, which support efficient implementation
of LSTM models. Additional components include scikit-learn for core machine learning utilities such as TF-IDF
vectorization, NMF topic modeling, and data normalization, as well as the pycountry and geopy libraries, which
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assist in geographic entity normalization and location inference. Together, these technologies provide a robust,
extensible, and modular backend environment.

B. Database Schema

The database schema is designed to support a multi-stage analytical workflow and to store heterogeneous data
originating from several social platforms. The raw_data table functions as the initial repository, capturing
unprocessed posts, metadata, and engagement metrics. Processed text analytics, including sentiment and topic
assignments, are stored in the post enrichment and topics tables. Geographic information extracted from
metadata is maintained in the geo metrics table, allowing temporal and regional aggregation. The influencers
table stores the outcomes of the influencer-scoring module. In addition, cleaned and harmonized trend
information is recorded in trends_cleaned, supporting downstream forecasting processes. This structured design
enables efficient data retrieval for each analytical stage while ensuring consistency across modules.

C. System Workflow

The workflow begins when a keyword is submitted for analysis, prompting the system to initiate multi-platform
data retrieval from social networks and Google Trends. Once collected, the textual data undergoes preprocessing
followed by natural language processing operations that generate sentiment scores and topic attributions. The
geo-analytics component then extracts and normalizes location cues embedded within metadata to produce
aggregated regional signals. Afterward, the influencer analysis module evaluates user-level impact based on
engagement and reach metrics. In parallel, temporal features from Google Trends and social activity are passed
into an LSTM-based forecasting model to estimate future interest trajectories. Finally, all computed insights—
including sentiment distributions, topic summaries, geographic patterns, influencer rankings, and forecasted
trends—are returned to clients through the system’s API layer.

User Keyword Input

v

Multi-Platform Data Retrieval
API Calls & Scrapers

Raw Data Consolidation
(Heterogeneous JSON Merge)

Text Cleaning & Normalization
(Removal of URLs, Emojis, Emojis,

Stopwords, Lemmatization)
NLP Pipeline A Geo-Analytics Module
» Tokenization « Metadata Parsing
* TF-IDF Vectorization * Location Inference
+ NMF Topic Modeling + Country Normalization
« VADER Sentiment

\. /

Influencer Analysis Engine
« Followers
* Engagements
= Weighted Score

v

Trend Data Preparation
(Time-Series Aggregation,
Interpolation, Scaling)

¥

LSTM Forecasting Model
= Windowing
« Training
* Prediction

v

Final Output Insights
(Topics, Sentiment, Geo, Influencers, Forecasts)

Figure 5. Overall system workflow of the proposed trend analysis framework.

VI. RESULTS

Experiments were conducted using multiple real-world keywords across technology, entertainment, and
consumer products.
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A. Topic Modelling Outcomes

The NMF-based topic modeling achieved a coherence score of approximately 0.60-0.65, indicating that the
extracted topics were meaningful and interpretable. The top keywords within each topic strongly aligned with
real-world trending subthemes.

B. Sentiment Trends

Sentiment analysis achieved an accuracy of approximately 85-88% across different datasets. The analysis
revealed platform-specific patterns, where Instagram exhibited predominantly positive sentiment while Twitter
showed more polarized opinions.

C. Geo-Analytics Patterns

Engagement varied significantly by country, aligning with historical search-interest patterns from Google
Trends.

D. Forecasting Performance

The LSTM model achieved an RMSE of 0.12 on validation data, indicating high forecasting accuracy. The
model successfully captured temporal patterns and seasonal variations present in the trend data, demonstrating its
effectiveness for time-series prediction. Forecasts captured seasonal fluctuations and identified potential rising
interest periods.

Platform Comparison

sigger Seare o exphemation

Figure 6. Platform Comparison Chart

To evaluate the effectiveness of the proposed framework, its forecasting performance was compared with a
baseline ARIMA model. The results indicate that the LSTM-based approach improved prediction accuracy by
approximately 12-15% in terms of RMSE. Additionally, the unified framework provided more comprehensive
insights by combining sentiment, topic, and geo-analytics, which are not captured by traditional single-task
models.

VII. CONCLUSION

This paper presented a unified multi-platform AI framework incorporating NLP, sentiment analysis, topic
modeling, geo- analytics, influencer scoring, and LSTM forecasting. The system demonstrates robust analytical
capabilities and addresses gaps in existing trend-analysis research. Its modularity makes it applicable to various
domains requiring real-time digital intelligence.

FUTURE WORK

Future research directions include:

transformer-based NLP for improved topic modelling
large-scale streaming pipelines (Kafka, Spark)

multilingual sentiment and topic analysis

integration with graph neural networks for influencer mapping
multimodal analytics (images + text + video metadata)
reinforcement learning for adaptive trend monitoring

YVVVVY
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