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Abstract: 

The rapid growth of Twitter has transformed it into a critical real-time sensor for world events, 

often surfacing information about disasters, political upheavals, and public health crises ahead of 
traditional sources. While detecting major events is valuable, the ability to identify sub-events—
fine-grained, evolving components—is crucial for deeper situational awareness. This survey 
provides a comprehensive review of NLP techniques for sub-event prediction and evolution on 
Twitter. We introduce a novel taxonomy that categorizes methods from traditional text-based and 
graph-based approaches to modern deep learning and transformer-based architectures, 
specifically evaluating their capacity to capture sub-event dynamics. Our analysis covers widely 
used benchmarks (e.g., CrisisNLP, CrisisBench, COVID-Twitter datasets) and evaluation 
protocols (e.g., precision, recall, F1, clustering metrics). The findings indicate that while 

significant advances have been made, the fusion of multimodal data, the application of large 
language models, and the adoption of privacy-preserving frameworks such as federated learning 
represent the most promising pathways to robust sub-event detection. By synthesizing 
methodological advances and evaluation practices, this paper underscores the central role of sub-
event analysis in advancing research and its critical importance for real-time, high-stakes 
applications in disaster response, public health, and security. 
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1. Introduction 

Event detection on Twitter (now X) involves automatically 

identifying real-world events from ongoing streams of text 

data. An event is formally characterized as a cluster of 

temporally and semantically coherent tweets that reflect a 

specific occurrence [1, 2]. However, real-world events are 

rarely monolithic; they typically comprise multiple sub-

events—smaller, evolving components representing 

specific phases, localized incidents, or thematic facets of the 

larger occurrence. The significance of detecting these sub-

events extends far beyond academic interest, as it 

fundamentally transforms our capacity to achieve granular 

situational awareness.  

This enables a nuanced response to crises, precise 

monitoring of public health progression, and a detailed 

understanding of societal dynamics. Twitter-based systems 

have demonstrated the ability not only to issue earthquake 

alerts but to track aftershocks and damage patterns [3], not 

only to detect disease outbreaks but to identify variant-

specific waves and superspreader events days before official 

hospital reports [4], and to provide critical early warnings 

for the evolution of civil unrest and natural disasters [5, 6]. 

However, the computational challenges inherent in sub-

event detection are multifaceted and demanding. The 

platform generates approximately 500 million tweets daily 

[2], each limited to 280 characters yet rich in linguistic 

complexity through hashtags, mentions, and emojis. This 

brevity fosters a unique lexicon of abbreviations, slang, and 

contextual references that consistently challenge traditional 

Natural Language Processing (NLP) techniques, especially 

when trying to discern the subtle linguistic cues that 

differentiate one sub-event from another [7, 8].  

Furthermore, the high velocity of information flow 

necessitates real-time processing capabilities to track event 

evolution, while the platform's global nature introduces 

significant multilingual and cross-cultural complexities [3] 
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[9]. Twitter’s dual role as an information medium presents 

both opportunities and obstacles for sub-event tracking. Its 

real-time nature enables rapid information propagation, 

with significant events and their sub-components often 

trending within minutes of occurrence [10]. However, this 

immediacy also introduces substantial noise from spam, 

misinformation, and off-topic content, obscuring genuine 

sub-event signals [11, 12]. Similarly, while the social graph 

structure—follower relationships, retweets, and mentions—

provides valuable signals for understanding diffusion 

patterns of sub-event information [10, 13], it also 

complicates disambiguation between organic viral content 

and artificially amplified messages. 

A diverse and evolving set of methodologies has been 

developed to address these challenges. These approaches 

can be broadly categorized into several groups: text-based 

approaches, which analyze linguistic patterns to extract key 

terms and entities that signal specific sub-events [2, 10]; 

graph-based approaches, which leverage the social network 

structure to uncover patterns of information diffusion and 

community interactions related to event phases [5, 9]; time-

series and machine learning methods, which apply 

statistical and learning algorithms to identify temporal 

patterns and predict the evolution of sub-events [1, 14]; and 

deep learning-based approaches, which utilize neural 

networks to model complex, nonlinear relationships that 

define sub-event sequences within large-scale data [15, 16]. 

 The development and comparison of these methods rely 

heavily on standardized benchmark datasets—such as 

CrisisNLP, TREC, and domain-specific corpora (e.g., 

COVID-19 Twitter datasets)—and a suite of evaluation 

metrics including precision, recall, F1-score, and clustering 

measures, forming the essential framework for assessing 

sub-event segmentation accuracy and detection timeliness. 

Recent technological advances have dramatically 

expanded the methodological landscape. The emergence of 

transformer-based language models (e.g., BERT and its 

variants) enables sophisticated contextual understanding of 

short-form text, vital for distinguishing similar sub-events 

[17-19], while progress in graph neural networks facilitates 

richer exploitation of Twitter’s network structure for 

identifying evolving community roles during events [20]. 

Furthermore, multimodal approaches that integrate textual 

data with images and videos have gained traction for their 

potential to provide richer contextual signals for verifying 

and characterizing sub-events [21, 22]. 

Despite these significant advancements, a clear research 

gap remains. Existing methods predominantly focus on 

identifying major events without adequately addressing the 

complex dynamics of their constituent sub-events. Current 

approaches often struggle to capture the multi-scale, time-

varying nature of sub-events effectively, and the potential of 

recent advances such as large language models (LLMs) and 

federated learning (FL) for this task remains underexplored. 

This survey addresses this gap by providing a 

comprehensive review and classification of content-based 

event detection methods, with a specific focus on their 

capacity for sub-event prediction and evolution. We 

examine methodologies across the spectrum, from 

traditional keyword-based detection to state-of-the-art deep 

learning and LLM applications [15, 16] to emerging 

privacy-preserving FL techniques [14, 22]. Our analysis is 

structured around a clear taxonomy that categorizes existing 

approaches, facilitates comparison, and evaluates their 

strengths and limitations in capturing the intricate dynamics 

of sub-events. Particular attention is given to challenges and 

opportunities in modeling the progression and relationships 

between sub-events, highlighting this as the next frontier in 

advancing event detection research for real-time, high-

stakes applications. 

2. A Comprehensive Taxonomy of Event 
Detection Methods 

A comprehensive taxonomy of event detection methods 

provides a systematic classification of techniques for 

identifying and describing important events across multiple 

data types, including text, images, and sensor data. This 

framework details the core principles, algorithmic 

strategies, and domain-specific adaptations of event 

detection methods, encompassing traditional rule-based 

systems, statistical models, and modern machine learning 

and deep learning approaches. By providing a clear 

overview, the taxonomy enables detailed comparisons, 

guides the selection of methods for specific tasks, and 

highlights common challenges and research opportunities in 

event detection. The taxonomy categorizes existing sub-

event detection methods into six main groups: text-based, 

graph-based, time-series, machine-learning, deep-learning, 

and emerging techniques. The overall framework is 

illustrated in Figure 1, and the Conceptual Workflow of 

Sub-Event Detection Methods is shown in Figure 2. 

2.1. Text-Based Approaches 

Traditional text-based event detection methods form the 

foundation of Twitter event detection research, leveraging 

linguistic signals to identify unusual patterns indicative of 

emerging events and their constituent sub-events. These 

approaches assume that significant events and their finer-

grained components manifest as sudden changes in term 

frequency distributions, topic compositions, or linguistic 

patterns within Twitter streams [2, 9]. 

For sub-event detection, early systems that rely on TF-IDF 

(Term Frequency-Inverse Document Frequency) provide a 

basic capability for identifying keywords associated with 

specific event phases. By monitoring temporal shifts in term 

frequencies [23], these systems can flag sudden spikes not 

only for main events but also for terminology signaling new 

sub-events (e.g., a shift from "fire" to "evacuation" within a 

disaster event). 

A pivotal advancement is Kleinberg’s burst detection 

algorithm, which models keyword frequency patterns as a 

state-based process [10]. Its value for sub-event detection 

lies in identifying the precise onset of distinct activity 

phases. However, its initial formulation had limitations. 

Multi-level burst detection extensions are crucial, enabling 

detection of both short-lived, high-intensity sub-events 

(e.g., explosions) and prolonged, lower-intensity sub-events 
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(e.g., recovery efforts) within the same overarching event 

[10], providing a multi-scale view of event evolution. 

 

Figure 1. A taxonomy of content-based methods for sub-event detection on Twitter. The diagram categorizes approaches into six 

primary groups based on their core data processing principles: Text-Based, Graph-Based, Time-Series, Traditional Machine 

Learning, Deep Learning, and Emerging Techniques 

 

Figure 2. A conceptual workflow for a generalized sub-event detection system

Beyond keyword-centric methods, Latent Dirichlet 

Allocation (LDA) and its variants are cornerstone 

techniques for unsupervised discovery of thematic sub-

events [2, 24]. By tracking the temporal evolution of topic 

distributions [25], these models identify the emergence, 

peak, and decline of specific sub-themes within larger 

events. This is enhanced by temporal adaptations like 

Dynamic Topic Models (DTM) and Continuous Time 

Dynamic Topic Models (cDTM), which explicitly model 

topic evolution over time [26, 27], making them directly 

applicable for mapping sub-event progression. 

Furthermore, online topic modeling techniques (e.g., Online 

LDA, Online TwitterLDA [28, 29]) are essential for 

incrementally updating event models as new sub-events 

unfold in real time, allowing systems to adapt to evolving 

narratives. 

Named Entity Recognition (NER) serves a critical role in 

contextualizing and distinguishing sub-events [30]. 

Identifying specific entities (e.g., locations, persons, 

organizations) enables systems to progress from merely 

detecting that something is happening to understanding 

what is happening, where, and to whom. This is 

fundamental for isolating discrete incidents within larger 

events—for example, differentiating sub-events affecting 
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different locations or involving distinct key figures. 

Transformer-based NER models fine-tuned on social media 

text [30] Are key enabling technologies for this granular 

analysis. 

2.2. Graph-Based Approaches 

While text-based methods analyze what is being discussed, 

graph-based methods leverage Twitter’s inherent network 

structure to detect events and their sub-events by analyzing 

how information propagates through social interactions and 

community dynamics [10, 13, 20]. These approaches 

recognize that significant events and their evolving phases 

often manifest through textual changes and measurable 

shifts in network behavior and information flow. Twitter’s 

social graph provides rich structural signals for tracking 

event progression, with different network representations 

offering complementary insights into sub-event activity. 

Community detection algorithms such as the Louvain 

method and Leiden algorithm are valuable for sub-event 

detection. They identify densely connected user groups 

whose communication patterns may indicate coordination 

around specific sub-events [10]. Sudden changes in 

community structure—such as new clusters or bridges 

between previously disconnected groups—often correlate 

with major events and the emergence of new sub-event 

phases that disrupt typical social boundaries. Similarly, 

centrality measures (degree, betweenness, PageRank) help 

identify influential users whose behavioral changes may 

signal emerging sub-events. Temporal monitoring of these 

metrics reveals how sub-events propagate through networks 

and which users act as key information sources or amplifiers 

for specific phases [31-33]. 

Retweet networks provide explicit traces of information 

diffusion, enabling the detection of viral content patterns 

characteristic of specific sub-events [10]. Event detection 

systems analyze these networks using metrics such as 

cascade size, propagation speed, and structural virality to 

distinguish organic sharing from event-driven information 

cascades linked to different sub-events. Mention networks 

similarly reveal communication patterns that often intensify 

during sub-events, with sudden increases in network density 

or novel interaction patterns serving as reliable indicators of 

new phases requiring coordinated discussion among 

previously unconnected users. 

Dynamic network analysis techniques are particularly 

crucial for sub-event detection, as they track the temporal 

evolution of Twitter’s social structure through graph 

similarity metrics. These approaches detect sub-events by 

identifying significant deviations from baseline network 

dynamics, capturing moments when real-world occurrences 

alter typical interaction patterns at the sub-event level. More 

recently, graph neural networks (GNNs) have emerged as 

cutting-edge tools for temporal network analysis [20], with 

variants like Dynamic Graph Neural Networks (DGNNs) 

and Temporal Graph Networks (TGNs) explicitly modeling 

temporal dependencies to learn evolving node and edge 

representations that capture local changes and global 

structural shifts indicative of sub-event progression and 

transitions. 

Complementing these approaches, graph embedding 

techniques such as Node2Vec generate low-dimensional 

vector representations of network elements that preserve 

structural properties while enabling efficient machine-

learning analysis [34, 35]. These embeddings—learned 

using methods such as temporal random walks—capture 

user behavior patterns, community membership, and local 

topology in a compact form. For sub-event detection, 

systems monitor changes in these embeddings over time, 

with sudden shifts in vector space often corresponding to 

behavioral changes associated with transitions between sub-

events or participation in specific phases. Advanced variants 

incorporate dynamic embedding updates to better track 

evolving user roles during event propagation across sub-

events [36, 37], offering powerful tools for identifying event 

occurrence and participant engagement through network 

geometry. 

2.3. Time-Series and Burst Detection Methods 

Complementing the structural view of graph-based 

methods, time-series analysis offers a purely temporal lens, 

providing powerful techniques to identify statistical patterns 

and anomalies in Twitter data streams that signal event 

occurrence and evolution [10, 23]. These methods are 

crucial for sub-event detection, providing the quantitative 

foundation for temporally segmenting continuous events 

into constituent phases by detecting statistical anomalies in 

metrics like keyword frequencies, posting rates, sentiment 

scores, and network activity. 

The Kleinberg burst detection algorithm remains seminal 

for identifying discrete sub-event onsets, modeling keyword 

occurrences through a two-state Hidden Markov Model, and 

distinguishing baseline and elevated usage periods [38]. It 

identifies bursts by computing the most likely state 

sequence from observed frequencies, effectively capturing 

sudden surges in terminology specific to new sub-event 

phases. More sophisticated extensions employ multivariate 

time-series analysis, using Vector Autoregressive (VAR) 

models to capture dependencies between related terms or 

Principal Component Analysis (PCA) to identify dominant 

patterns in high-dimensional keyword spaces [39, 40]. 

These multivariate methods are essential for detecting 

coordinated shifts across multiple keywords characterizing 

new sub-events, beyond isolated term spikes. 

Wavelet transforms enhance temporal analysis by 

decomposing signals across multiple timescales 

simultaneously [10], making them uniquely powerful for 

sub-event detection. The continuous wavelet transform 

reveals evolving periodic patterns, enabling detection of 

short-term spikes (abrupt sub-events such as explosions) 

and sustained trends (evolving sub-events such as recovery 

efforts) within the same data stream. This multi-resolution 

analysis is fundamental for understanding complete event 

lifecycles composed of multiple sub-events. 

To address Twitter's inherent temporal patterns, seasonal 

decomposition techniques like STL (Seasonal-Trend 

decomposition using Loess) separate the time series into 

trend, seasonal, and residual components [23]. By analyzing 

residual irregular components, event detection systems gain 
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improved sensitivity to genuine anomalies while filtering 

predictable fluctuations. This is valuable for distinguishing 

routine activity spikes from meaningful sub-event signals, 

ensuring detected anomalies reflect actual deviations rather 

than periodic behaviors. 

Change point detection algorithms are arguably the most 

direct statistical tools for sub-event detection, identifying 

statistically significant shifts in time-series properties [23]. 

Bayesian methods model data as piecewise stationary 

processes, with change points marking regime transitions. 

These often correspond precisely to boundaries between 

sub-events (e.g., a shift from a crisis event to a humanitarian 

response). For real-time monitoring, online variants like the 

CUSUM (Cumulative Sum) algorithm continuously test for 

distributional changes. They detect sub-event onsets 

through sudden shifts in mean activity or variance while 

processing streaming data, enabling immediate 

identification of new phases as they emerge. A comparative 

overview of sub-event detection approaches, including their 

strengths, weaknesses, and typical applications, is 

summarized in Table 1.

Table 1. A comparative analysis of sub-event detection methodologies, summarizing their core principles, key techniques, primary 

strengths, and inherent limitations 

Method 

Category 
Strengths Weaknesses Typical Use Cases Key References 

Text-Based 
Simple, interpretable; effective for 

keyword bursts and topic shifts 

Limited context understanding; sensitive 

to slang and abbreviations 

Disaster phase tracking, protest 

theme evolution 
[2, 10, 23, 24] 

Graph-Based 
Captures diffusion and community 

dynamics; robust to noise 

Requires network data; complex 

modeling 

Viral sub-event tracing, 

misinformation detection 

[9, 10, 20, 31-

33] 

Time-Series 
Precise temporal segmentation; anomaly 

detection 
Sensitive to noise; lacks semantic depth 

Sub-event onset detection, 

phase transitions 
[10, 23, 38-40] 

Machine 

Learning 

Fast training; interpretable; handles 

structured features well 

Requires feature engineering; limited 

generalization 

Sub-event classification, early 

warning systems 
[17, 24, 41, 42] 

Deep Learning 
Captures complex patterns; handles 

short text and multimodal inputs 
Data-hungry; less interpretable 

Multimodal sub-event detection, 

sentiment shifts 
[43-49] 

Emerging 

Techniques 

Privacy-preserving; adaptable to novel 

sub-events 
Computationally intensive; still maturing 

Real-time crisis monitoring, 

federated health alerts 

[14-16, 21, 22, 

50-52] 

2.4. Machine Learning and Deep Learning Approaches 

Building upon the foundational signals identified by text, 

graph, and time-series methods, modern event detection 

systems increasingly leverage machine learning and deep 

learning techniques to uncover complex, non-linear patterns 

that traditional statistical methods often miss [17, 18, 41]. 

These approaches are particularly valuable for sub-event 

detection, as they can learn the nuanced patterns that 

distinguish between different phases and facets of a larger 

event. 

Classical supervised methods, such as Support Vector 

Machines (SVMs), are effective for binary event 

classification. They perform well with high-dimensional 

features such as TF-IDF vectors, linguistic attributes, and 

metadata. A key advantage is their robust performance even 

with limited training data [17, 41]. For complex multi-class 

tasks—such as classifying specific sub-event types—

ensemble methods, such as Random Forests, are often used. 

These provide interpretable models by combining decision 

trees and generating feature importance metrics. Gradient 

boosted variants (XGBoost, LightGBM) excel at handling 

heterogeneous features that combine textual, temporal, and 

network attributes [17, 42]. 

In unsupervised settings, clustering algorithms offer 

valuable alternatives for sub-event discovery without 

predefined labels. DBSCAN stands out for its ability to 

identify irregularly shaped clusters while handling noise. 

This is a critical feature for discovering emerging sub-

events in messy Twitter data [9, 24]. While simpler K-

means variants require careful parameter tuning, 

hierarchical clustering methods are especially relevant. 

They reveal the nested structure of events and sub-events 

through their dendrogram outputs, providing a multi-

resolution view of event composition. 

Deep learning has brought significant advances for 

modeling sub-event sequences and context. Convolutional 

Neural Networks (CNNs) extract local n-gram patterns via 

multi-scale filters operating on word embeddings. Text-

CNN variants are optimized for short text classification [43, 

44] and are effective at capturing key phrases indicative of 

sub-events. Recurrent architectures such as LSTMs and 

their bidirectional variants capture sequential dependencies 

in tweets over time [44–46], making them suitable for 

modeling sub-event evolution. GRUs offer similar 

performance at reduced computational cost. Attention 

mechanisms further enhance these models by focusing on 

relevant text segments, which helps characterize different 

sub-events. 

The state-of-the-art resides in transformer architectures, 

particularly BERT and its variants. These models leverage 

self-attention to build rich contextual representations, 

accounting for word sense disambiguation and syntax [17, 

18, 47]. This capability is crucial for distinguishing similar 

sub-events that share much of the same vocabulary but 

differ subtly in context. Domain-adapted models such as 

BERTweet and COVID-Twitter-BERT achieve superior 

performance through specialized pretraining on Twitter 
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corpora [48, 49]. RoBERTa’s optimized training also 

enhances capabilities across multiple benchmarks [19, 47]. 

These transformers are often combined with ensemble 

strategies. These strategies aggregate multiple model 

predictions via voting or stacking [18], thereby creating 

robust detection systems capable of handling Twitter’s 

diverse sub-event content. 

The multimodal nature of modern Twitter content has 

spurred the development of integrated systems. These 

systems combine textual analysis with visual feature 

extraction using CNNs pretrained on large image datasets 

(ResNet, VGG) [21]. They employ various fusion strategies 

to merge information from different modalities, which helps 

verify and characterize sub-events more comprehensively. 

Simultaneously, Graph Neural Networks (GNNs) have 

emerged as powerful tools for incorporating social network 

structure into sub-event detection. Graph Convolutional 

Networks learn user representations from neighborhood 

information. Scalable solutions like GraphSAGE enable the 

analysis of Twitter’s massive networks [20]. Temporal 

extensions of these architectures (DynGCN, EvolveGCN) 

prove particularly valuable for tracking evolving events. 

They do this by modeling dynamic changes in network 

structure and user behavior over time [20], which enables 

the detection of how sub-events propagate and evolve 

through social networks. 

2.5. Multimodal and Transformer-Based Approaches 

Multimodal approaches leverage multiple data types 

available on social media—mainly textual, visual (images, 

videos), and sometimes audio—to enhance event detection 

beyond the limitations of unimodal methods. By integrating 

complementary information across modalities, these 

methods can better verify and characterize events and sub-

events. Recent studies employ convolutional neural 

networks (CNNs), pretrained on large image datasets such 

as ResNet or VGG, to extract visual features, while 

transformers or CNNs handle text data. Interaction 

mechanisms such as attention enable the capture of deep 

semantic correlations between text and images, improving 

robustness to noisy, ambiguous, or misleading single-modal 

signals. For example, multimodal event memory networks 

have demonstrated improved accuracy in false information 

detection by combining text embeddings from BERT and 

image features from VGG-19 with attention-based feature 

fusion, outperforming previous models by about 7% in 

accuracy [53]. 

Transformer-based approaches, especially LLMs like 

BERT and its Twitter-specialized variants (e.g., BERTweet, 

COVID-Twitter-BERT), have revolutionized text-based 

event detection by modeling contextual word 

representations and disambiguating meanings in short, 

noisy social media posts. These models utilize self-attention 

mechanisms to capture relevant semantic and syntactic 

relationships, which is critical for distinguishing highly 

similar sub-events. Moreover, modern transformer 

architectures extend to multimodal fusion by jointly 

learning from text and visual inputs, leading to state-of-the-

art results in social media event and misinformation 

detection. Generative multimodal models, including GPT-

4o and LLaVA, have also been explored, showing promise 

in handling complex social media language phenomena 

such as leet speak and text elongation. However, supervised 

models currently lead in precision [50, 51]. 

Efforts to benchmark multimodal LLMs on social media 

reveal performance variability, highlighting ongoing 

challenges in understanding social context, detecting 

misinformation, and interpreting affective communication. 

Novel graph neural networks that incorporate transformer 

principles further enhance event detection by modeling 

network interactions and temporal dynamics among users 

and posts [52, 54]. 

In summary, each category within the taxonomy offers 

distinct advantages and faces specific limitations for sub-

event detection. Text-based approaches are highly 

interpretable and foundational, but can struggle with 

semantic nuance without advanced models. Graph-based 

methods excel at capturing information diffusion and social 

dynamics but are less effective for content understanding in 

isolation. Time-series techniques provide robust, 

quantitative temporal segmentation but may lack contextual 

depth. Traditional machine learning offers a good balance 

of performance and interpretability for specific 

classification tasks, while deep learning methods, 

particularly transformers and multimodal systems, achieve 

state-of-the-art performance by capturing complex, 

contextual patterns across data types, albeit at the cost of 

computational complexity and reduced interpretability. This 

comparative landscape, summarized in Table 1, underscores 

that the most effective sub-event detection systems often 

hybridize these approaches, leveraging their 

complementary strengths to overcome their individual 

weaknesses. 

3. Datasets and Evaluation Metrics 

3.1. Common Datasets 

Evaluating Twitter event detection systems requires high-

quality, annotated datasets that capture diverse events and 

temporal patterns. Several benchmark datasets have become 

community standards, each with unique characteristics and 

challenges [2, 55]. Table 2 summarizes these widely used 

datasets and their characteristics. 

3.2. CrisisNLP and Crisis-Related Datasets 

CrisisNLP is among the most comprehensive collections 

of crisis-related Twitter data, aggregating labeled tweets 

from multiple natural disasters such as earthquakes, floods, 

hurricanes, and wildfires [55]. The dataset spans several 

years and diverse geographic regions, providing rich 

examples of disaster-related communication patterns. 

Annotations cover event relevance, information type 

classifications (e.g., casualties, infrastructure damage, 

resource needs), and humanitarian categories. 

. 
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Table 2. Overview of benchmark datasets commonly used for evaluating sub-event detection on Twitter 

Dataset Name Size (Tweets) Event Types Covered Annotation Scheme Key References 

CrisisNLP ~50K–200K Earthquakes, floods, wildfires Relevance, humanitarian categories [55] 

CrisisBench ~300K+ Multi-crisis Binary/multi-class labels, standardized protocols [55] 

TREC TS ~100K Disasters, accidents, planned events Time-stamped tweets, newswire ground truth [2] 

COVID-Twitter Millions Pandemic phases, misinformation Sentiment, misinformation, health topic categories [12, 48, 49, 56] 

AIDR Varies Real-time crises Rapid annotations, latency metrics [51] 

WNUT Shared Tasks ~10K–50K COVID-19, noisy text Informativeness, fine-grained event categorization [48, 49, 56], 

Traffic Events ~20K–100K Accidents, congestion Location, timestamp, severity [57] 

Political Events ~50K+ Elections, protests Stance, demographic metadata [58, 59] 

Building on CrisisNLP, CrisisBench provides standardized 

evaluation protocols and additional annotations across 

multiple crises [50]. This benchmark enables fair 

comparison of detection methods through binary and multi-

class classification tasks. 

Additionally, the Artificial Intelligence for Disaster 

Response (AIDR) datasets provide real-time, rapidly 

annotated crisis event collections [51], enabling system 

evaluation under operational constraints with metrics for 

detection latency and temporal accuracy 

3.3. TREC Temporal Summarization Datasets 

The TREC Temporal Summarization track supplies time-

stamped tweet streams aligned with newswire ground truth, 

enabling evaluation of both detection accuracy and temporal 

precision [2]. These datasets provide precise event 

timestamps derived from authoritative news sources, 

supporting latency-based metrics that measure the delay 

between actual event occurrences and system detections. 

TREC datasets encompass diverse event types, including 

natural disasters, accidents, and planned events, and are 

carefully annotated with event boundaries and evolutionary 

phases. Including non-event periods allows evaluation of 

false favorable rates under realistic operational conditions. 

3.4. COVID-19 and Pandemic-Related Datasets 

The COVID-19 pandemic generated unprecedented 

volumes of health-related social media content, leading to 

the creation of multiple specialized datasets for pandemic 

event detection [12, 48, 49]. These collections include 

multilingual content, diverse geographic regions, and 

temporal coverage spanning different phases of the 

pandemic response. 

COVID-Twitter datasets provide keyword-filtered and 

manually annotated subsets, enabling evaluation of different 

sampling strategies and annotation approaches. Specialized 

annotations include misinformation labels, sentiment 

classifications, and health topic categories. 

The WNUT (Workshop on Noisy User-generated Text) 

shared tasks have produced several COVID-related datasets 

with standardized evaluation protocols, including functions 

for identifying informative tweets and fine-grained event 

categorization [48, 49, 56]. 

3.5. Specialized Domain Datasets 

Traffic event datasets focus on transportation-related 

incidents, providing location-specific events with clear 

temporal boundaries [57]. These datasets often include 

geographic metadata and integration with official traffic 

incident reports for ground truth validation. 

Sports event datasets capture planned events with 

predictable temporal patterns, enabling the evaluation of 

systems on different event characteristics compared to crisis 

or breaking news scenarios [24]. These datasets support 

analysis of how event detection approaches generalize 

across event types with different temporal and linguistic 

characteristics. 

Political event datasets include elections, protests, and 

policy announcements, often incorporating geographic and 

demographic metadata that enable analysis of event-

detection performance across different populations and 

regions [58, 59]. 

3.6. Synthetic and Simulation-Based Datasets 

Synthetic datasets generated through data augmentation 

and simulation techniques address the scarcity of labeled 

examples for specific event types [5]. These approaches 

employ strategies such as paraphrasing, entity substitution, 

and temporal shifting to generate additional training 

examples while preserving essential event characteristics. 

Simulation-based datasets model the information 

propagation process during events, generating synthetic 

Twitter streams that exhibit realistic temporal and network 

dynamics. These datasets enable controlled evaluation of 

system performance under varying network conditions and 

event evolution patterns. 

3.7. Evaluation Metrics 

3.7.1.Traditional Classification Metrics 

Precision, recall, and F1-score are fundamental for 

evaluating event detection, especially in binary 

classification [2, 56]. Precision is the fraction of correct 

detections, recall is the fraction of actual events successfully 

detected, and F1 is their harmonic mean: 

Precision =
TP

(TP+FP)
  (1) 
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Recall =
TP

(TP+FN)
  (2) 

F1 = 2 ×
Precision×Recall

Precision+Recall
  (3) 

where 𝑇𝑃 represents True Positives, the number of correctly 

detected events that were actually relevant; 𝐹𝑃 represents 

False Positives, the number of events detected by the system 

that were not relevant. 𝐹𝑁 represents False Negatives, the 

number of relevant events not detected by the system. 

Macro-averaged and micro-averaged versions of these 

metrics provide different perspectives on system 

performance across multiple event types. Macro-averaging 

computes metrics separately for each event type before 

averaging, giving equal weight to rare and common event 

types: 

MacroPrecision =
1

N
∑

TPᵢ 

(TPᵢ +FPᵢ )
N
i=1   (4) 

MacroRecall =
1

N
∑

TPᵢ 

(TPᵢ +FNᵢ )
N
i=1   (5) 

MacroF1 = 1
𝑁

∑
Precisionᵢ× Recallᵢ

Precisionᵢ+ Recallᵢ 

𝑁
𝑖=1   (6) 

where 𝑁 is the total number of event types; TPᵢ, FPᵢ and, 

FNᵢ represent the true positives, false positives, and false 

negatives for event type 𝑖, respectively, Precisioni and 

Recalli represent the precision and recall for event type i. 

Micro-averaging aggregates predictions across all event 

types before computing metrics, emphasizing performance 

on frequent event types: 

MicroPrecision =
∑ TPᵢ N

i=1

∑ TPᵢ+FPᵢ N
i=1

  (7) 

MicroRecall =
∑ TPᵢ N

i=1

∑ TPᵢ+FNᵢ N
i=1

  (8) 

MicroF1 = 2 ×
Micro−Precision×Micro−Recall

Micro−Precision+Micro−Recall
  (9) 

Multi-class extensions of precision and recall support 

evaluation of fine-grained event categorization tasks, where 

systems must detect events and classify them into specific 

types. Confusion matrices provide a detailed analysis of 

classification errors, revealing which event types are most 

frequently confused with each other. The confusion matrix 

is represented as follows: 

Confusion Matrix = |𝑇𝑃 𝐹𝑃
𝐹𝑁 𝑇𝑁

|  (10) 

Precision, recall, and the F1-score are core metrics for 

evaluating event detection systems. They balance detection 

accuracy and completeness. Macro-averaging treats all 

event types equally. In contrast, micro-averaging prioritizes 

frequent events. Together, they offer distinct insights into 

system performance. These metrics are often analyzed 

alongside confusion matrices. Confusion matrices highlight 

specific misclassifications between event types. This 

combined analysis provides a comprehensive view of a 

system's strengths and weaknesses. It is essential for 

guiding targeted improvements in detection and 

classification. 

3.7.2. Clustering and Information Retrieval Metrics 

Event clustering tasks require specialized evaluation 

metrics that assess the quality of tweet groupings rather than 

individual classification decisions [60]. Normalized Mutual 

Information (NMI) measures the mutual dependence 

between predicted and ground truth clusterings, with values 

ranging from 0 (independent clusterings) to 1 (identical 

clusterings): 

𝑁𝑀𝐼 =
𝐼(𝑈,𝑉)

√𝐻(𝑈) .𝐻(𝑉)
  (11) 

Here, 𝐼(𝑈, 𝑉) represents the mutual information between 

the predicted clustering 𝑈 and the ground truth clustering 𝑉, 

while 𝐻(𝑈) and 𝐻(𝑉) are the entropies of the predicted and 

ground truth clusterings, respectively. 

Adjusted Rand Index (𝐴𝑅𝐼) provides an alternative 

clustering evaluation metric for chance agreement between 

clusterings. 𝐴𝑅𝐼 values range from −1 to 1, with higher 

values indicating better clustering quality. The metric's 

adjustment for chance agreement makes it more suitable for 

comparing clusterings with different numbers of clusters. 

The formula for 𝐴𝑅𝐼 is: 

𝐴𝑅𝐼 =

∑ (
𝑛𝑖𝑗

2
)𝑖𝑗 −

[∑ (
𝑛𝑖+

2
) ∑ (

𝑛+𝑗
2

)𝑗𝑖 ]

(𝑁
2 )

[∑ (
𝑛𝑖+

2
)+∑ (

𝑛+𝑗
2

)𝑗𝑖 ]

2
 − 

[∑ (
𝑛𝑖+

2
) ∑ (

𝑛+𝑗
2

)𝑗𝑖 ]

(𝑁
2 )

  (12) 

In this formula, 𝑛𝑖𝑗  is the number of items in both the 𝑖 −

𝑡ℎ predicted cluster and the 𝑗 − 𝑡ℎ ground truth cluster, 𝑛𝑖+ 

and 𝑛+𝑗  represent the sizes of the predicted and ground truth 

clusters, respectively, and 𝑁 is the total number of items. 

The binomial coefficients (𝑛𝑖𝑗
2

) compute pairwise 

combinations within clusters. 

Purity and inverse purity metrics evaluate clustering 

quality from complementary perspectives. Purity measures 

the extent to which clusters contain tweets from a single 

event, while inverse purity assesses whether tweets from 

individual events are grouped into a single cluster. The 

formula for Purity is: 

Purity =
1

N
∑ max

j
|Ci ∩ Gj|

k
i=1   (13) 

Here, 𝐶𝑖 represents the 𝑖 − 𝑡ℎ predicted cluster, 

𝐺𝑗  represents the 𝑗 − 𝑡ℎ ground truth cluster, and 𝑁 is the 

total number of tweets. The cardinality|𝐶𝑗 ∩ 𝐺𝑗| denotes the 

number of tweets in both the 𝑖 − 𝑡ℎ predicted cluster and 

the 𝑗 − 𝑡ℎ ground truth cluster. 

The formula for Inverse Purity 14 is similar to Purity, but 

focuses on maximizing the overlap between ground truth 

clusters and predicted clusters for each ground truth cluster 

𝐺𝑗 . 

Inverse Purity =
1

N
∑ max

𝑖
|Ci ∩ Gj|

m
j=1   (14) 
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The harmonic mean of purity and inverse purity 15 

provides a balanced assessment similar to the F1-score for 

classification tasks. The formula for the harmonic mean is: 

Harmonic Mean = 2 ×
𝑃𝑢𝑟𝑖𝑡𝑦×𝐼𝑛𝑣𝑒𝑟𝑠𝑒 𝑃𝑢𝑟𝑖𝑡𝑦

𝑃𝑢𝑟𝑖𝑡𝑦+𝐼𝑛𝑣𝑒𝑟𝑠𝑒 𝑃𝑢𝑟𝑖𝑡𝑦
  (15) 

Here, the harmonic mean combines the Purity and Inverse 

Purity values into a single metric that balances both 

perspectives. 

3.7.3. Temporal and Latency Metrics 

Real-time event detection systems require evaluation 

metrics that assess not only detection accuracy but also 

temporal precision and response latency [2, 9]. Detection 

latency is the time between the occurrence of an event and 

its detection, typically measured in minutes or hours, 

depending on the event type and application requirements. 

This can be formulated as: 

Detection Latency = 𝑡𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛−𝑡𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒  (16) 

where 𝑡𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 is the timestamp when the system detects 

the event, and 𝑡𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 is the timestamp when the event 

actually occurs. 

Temporal precision metrics evaluate the accuracy of 

estimated event timestamps, measuring the deviation 

between predicted and actual event onset times. These 

metrics are particularly important for applications that 

require precise temporal localization, such as disaster 

response and emergency management systems. This can be 

expressed as: 

Temporal Precision = |𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑡𝑎𝑐𝑡𝑢𝑎𝑙|  (17) 

where 𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the predicted timestamp of the event's 

onset, and 𝑡𝑎𝑐𝑡𝑢𝑎𝑙  is the actual timestamp of the event's 

onset. 

Event duration estimation accuracy assesses systems' 

ability to predict the temporal extent of events, measuring 

the difference between expected and actual event durations. 

This metric becomes crucial for resource allocation and 

response planning applications that depend on accurate 

predictions of event timelines. This can be formulated as: 

Event Duration Accuracy = |∆𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − ∆𝑡𝑎𝑐𝑡𝑢𝑎𝑙|  (18) 

where ∆𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the predicted duration of the event, and 

∆𝑡𝑎𝑐𝑡𝑢𝑎𝑙 is the actual duration of the event. 

3.7.4. Coverage and Completeness Metrics 

Event coverage metrics evaluate the comprehensiveness of 

detection systems across different event types, geographic 

regions, and temporal periods [2]. These metrics assess 

whether systems exhibit systematic biases toward particular 

event characteristics or demonstrate consistent performance 

across diverse conditions. 

Geographic coverage analysis examines detection 

performance across different spatial regions, identifying 

potential biases toward urban areas with higher social media 

activity or specific linguistic communities. Temporal 

coverage metrics assess performance consistency across 

various periods, identifying potential degradation during 

high-activity periods or specific temporal patterns. 

Population coverage metrics evaluate whether event 

detection systems provide equitable performance across 

different demographic groups and communities. These 

metrics address algorithmic bias concerns and ensure 

detection systems effectively serve diverse populations. 

Coverage Metric = 𝑓 (

𝐸𝑣𝑒𝑛𝑡 𝑇𝑦𝑝𝑒𝑠,
𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑅𝑒𝑔𝑖𝑜𝑛𝑠,

𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑙 𝑃𝑒𝑟𝑖𝑜𝑑𝑠,
𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝐺𝑟𝑜𝑢𝑝𝑠

) (19) 

In this formula, 𝐸𝑣𝑒𝑛𝑡 𝑇𝑦𝑝𝑒𝑠 represents the different 

categories or kinds of events being detected by the system, 

such as natural disasters, political events, or social 

movements; 𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑅𝑒𝑔𝑖𝑜𝑛𝑠 refers to the spatial 

areas under consideration, which may include urban, rural, 

or specific linguistic or cultural regions that might influence 

detection performance; 𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑙 𝑃𝑒𝑟𝑖𝑜𝑑𝑠 denotes the 

time frames over which the system's performance is 

evaluated, identifying if performance changes during high-

activity periods, such as holidays or crises; 

𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝐺𝑟𝑜𝑢𝑝𝑠 represents the various population 

groups, categorized by age, gender, ethnicity, or 

socioeconomic status, to ensure the detection system serves 

them fairly and equitably. 

3.7.5. Multimodal Evaluation Approaches 

Multimodal event detection systems require specialized 

evaluation frameworks that assess performance across 

different modalities and their integration [21]. Visual-

textual alignment metrics evaluate the consistency between 

textual descriptions and accompanying images, identifying 

cases where visual and textual information provide 

complementary or contradictory evidence. The formula for 

this metric is: 

VTA =
1

N
∑ 𝑠𝑖𝑚(𝑇𝑖 , 𝑉𝑖)

N
i=1   (20) 

where VTA is the visual-textual alignment metric, 

measuring how well the textual and visual information 

align; 𝑇𝑖 is the textual description of the 𝑖 − 𝑡ℎ event; 𝑉𝑖  is 

the corresponding visual content for the 𝑖 − 𝑡ℎ event; 

𝑠𝑖𝑚(𝑇𝑖 , 𝑉𝑖) is the similarity function between the text 𝑇𝑖 and 

visual content 𝑉𝑖  quantifying the degree of alignment; 𝑁 is 

the total number of events being evaluated. 

Cross-modal retrieval metrics assess systems' ability to 

identify relevant content across different modalities, such as 

finding images related to textual event descriptions or 

identifying tweets that describe visual content. The formula 

for this metric is: 

CMR =
1

M
∑ 𝑟𝑎𝑛𝑘(𝑇𝑖 , 𝑉𝑖)

M
i=1   (21) 

where 𝑇𝑖 is the textual event description for the 𝑖 − 𝑡ℎ 

retrieval task; 𝑉𝑖 is the visual content related to the event in 
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the 𝑖 − 𝑡ℎ retrieval task; 𝑟𝑎𝑛𝑘(𝑇𝑖 , 𝑉𝑖) represents the rank of 

the retrieval of relevant content from the modality 𝑇𝑖 to 

modality 𝑉𝑖, reflecting how well the system identifies the 

most relevant content; 𝑀 is the total number of retrieval 

tasks being evaluated. 

These metrics are particularly important for applications 

requiring comprehensive multimodal understanding. 

Modality contribution analysis evaluates the relative 

importance of different information sources for event-

detection decisions, identifying cases in which specific 

modalities provide crucial information that others cannot 

capture. The formula for this analysis is: 

𝑀𝐶𝐴 =
𝑤𝑇

𝑤𝑇+𝑤𝑉
× 100  (22) 

where 𝑤𝑇  is the weight of the textual modality in the event 

detection system, quantifying its contribution to the overall 

detection process; 𝑤𝑉  is the weight of the visual modality in 

the event detection system, quantifying its contribution to 

the overall detection process. This analysis guides system 

design decisions regarding modality weighting and fusion 

strategies. 

3.7.6. Emerging Evaluation Metrics Beyond Classical 

Measures in Machine Learning 

Recent advances in machine learning have revealed 

limitations in traditional evaluation metrics such as 

precision, recall, and F1-score, especially when applied to 

complex or large-scale problems. To address these 

challenges, several emerging metrics and evaluation 

frameworks have been introduced to provide a more 

comprehensive and context-sensitive assessment of model 

performance. 

Probabilistic extensions of these classical metrics 

incorporate classifier confidence scores rather than relying 

on binary decision thresholds. Metrics such as confidence-

Precision (cPrecision), confidence-Recall (cRecall), and 

confidence-F1 (cF1) capture prediction uncertainty and 

provide robust performance estimates in real-world 

applications [61]. 

Ranking-based metrics such as the Area Under the 

Precision-Recall Curve (AUPR), Area Under the ROC 

Curve (AUC), and Normalized Discounted Cumulative 

Gain (NDCG) have gained popularity for evaluating models 

on imbalanced datasets or for cases requiring fine-grained 

ranking. These metrics assess how well a model prioritizes 

true positive instances and discriminates among prediction 

confidences [62]. 

For unsupervised tasks such as clustering and event 

detection, traditional classification metrics are insufficient. 

Measures like Normalized Mutual Information (NMI), 

Adjusted Rand Index (ARI), and Purity quantify cluster 

quality and help evaluate alignment against labeled 

groupings [63]. Temporal evaluation metrics have also been 

proposed for real-time detection applications to measure 

detection latency, temporal precision, and duration 

accuracy, emphasizing the timeliness as well as accuracy of 

system outputs [63]. Coverage and completeness metrics 

assess model fairness across various dimensions such as 

event types, geographic regions, and demographic groups, 

helping to identify and mitigate bias [64]. 

In multimodal settings, where information is drawn from 

text, images, and other sources, composite metrics like 

Visual-Textual Alignment (VTA) and Cross-Modal 

Retrieval (CMR) evaluate how effectively multi-source data 

contribute to performance [63]. Finally, the integration of 

uncertainty quantification and interpretability metrics 

enables more reliable, nuanced evaluation by explicitly 

modeling the confidence and error risk associated with the 

metrics [65, 66]. Together, these emerging evaluation 

approaches provide a richer understanding of model 

behavior, enabling more reliable, fair, and effective 

deployment of modern AI systems. 

3.8. Quantitative Comparison of Recent Models 

To provide an analytical overview of methodological 

progress, Table 3 summarizes representative sub-event 

detection models from 2021–2025, highlighting datasets, 

feature modalities, model types, and their reported F1 or 

accuracy scores. Performance differences result from 

variations in dataset size, event domain, and evaluation 

metrics, but overall trends show that transformer-based and 

multimodal architectures consistently outperform earlier 

baselines.

Table 3. Performance comparison of representative sub-event detection models across methodological eras 

Year Model/ Study Dataset Modality Approach 
Reported F1 / 

Accuracy 
Key Contribution 

2021 
Kleinberg + LDA Hybrid 

[5] 
CrisisNLP Text Statistical + Topic 0.71 F1 

Early hybrid of burst & topic 

modeling 

2022 DBSCAN + GloVe [24] TREC TS Text 
Unsupervised 

Clustering 
0.76 F1 

Noise-resistant unsupervised sub-

event grouping 

2023 GCN–BERT Fusion [20] COVID-Twitter 
Text + 

Graph 

GNN + 

Transformer 
0.84 F1 Structural + semantic fusion 

2023 
Multimodal Event 

Memory Net [50] 
CrisisBench 

Text + 

Image 

CNN + BERT 

Fusion 
0.88 Accuracy 

Attention-based multimodal 

fusion 

2024 LLaMA-EventDet [59] Multi-domain Text LLM few-shot 0.90 F1 
Prompt-based cross-event 

generalization 

2024 
Federated BERTweet 

[22] 

Health Social 

Media 

Text 

(Private) 
FL + Transformer 0.87 Accuracy 

Privacy-preserving multi-source 

learning 

2025 
Hyperbolic Graph Model 

[20] 
Multi-Crisis 

Text + 

Graph 
HGNN 0.89 F1 

Temporal community evolution 

tracking 
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4. Applications of Sub-Event Detection and 
Evolution 

Within the broader scope of event detection, sub-event 

detection focuses on identifying finer-grained, often 

sequential components that make up a larger event. A sub-

event, as defined earlier, is a significant occurrence that is 

temporally contained within and semantically part of a 

larger parent event, representing a specific phase, localized 

incident, or thematic aspect of the overall happening. 

Detecting and tracking these sub-events—such as 

aftershocks following an earthquake, variant-specific waves 

during a pandemic, or tactical shifts within a social 

movement—provides a dynamic, high-resolution view of 

event progression that is crucial for effective response and 

analysis. 

This granular capability has fundamentally transformed 

disaster response and emergency management. Twitter-

based systems now excel at tracking not only the main 

shock of an earthquake but also aftershocks and localized 

damage patterns through keyword clustering and spatial 

analysis [3]. In hydrological disasters, sub-event detection 

monitors flood progression street-by-street, using location-

specific reports to identify the most critically affected areas 

[5]. For wildfires, analysis extends beyond ignition to track 

smoke-plume dispersion and detect new flare-ups, with 

user-reported air-quality changes providing real-time 

insights into evolving health risks [3, 6]. These systems 

leverage NLP and geographic clustering to model the 

progression of disasters through constituent phases. 

In public health surveillance, sub-event evolution offers 

unparalleled detail. Twitter analysis moves beyond outbreak 

detection to identify variant-specific COVID-19 waves via 

emerging symptom clusters [4, 67]. Frameworks like 

SPEED detect superspreader events and localized flare-ups 

as critical sub-events within larger pandemics through 

network propagation patterns [4]. Additionally, mental 

health surveillance tracks the progression of depressive 

episodes or escalation of suicidal ideation via linguistic 

shifts, enabling timely interventions at specific crisis points 

[46, 68]. Public health behavior monitoring identifies sub-

populations driving vaccine hesitancy as sub-events within 

broader campaigns, facilitating dynamic, targeted strategies 

[17, 47]. 

This paradigm is equally vital for political and social 

monitoring, deconstructing major events into defining sub-

events. Protest detection systems analyze how movements 

evolve by identifying tactical shifts and splinter group 

formation through evolving hashtag networks [58, 69]. 

Election monitoring tracks sub-events such as the impact of 

individual or disinformation campaigns on public sentiment 

[58, 59]. Policy impact analysis is refined to monitor 

demographic-specific reactions as sub-events within 

broader public responses [59], while misinformation 

analysis tracks narrative pivots, treating each as a detectable 

sub-event [11, 70]. 

Finally, commercial applications leverage sub-event 

detection for a high-resolution view of market dynamics. A 

brand crisis is decomposed into a sequence of sub-events: 

initial defect reports, complaint spikes, and influencer 

reactions [18]. Market trend detection identifies micro-

trends and geo-concentrated demand spikes within broader 

movements. Competitive intelligence focuses on detecting 

sub-events like supply chain disruptions via subtle shifts in 

employee social media activity—often preceding public 

announcements [18]. This approach provides a dynamic and 

granular measure of the business landscape. 

5. Challenges and Open Problems in Sub-
Event Detections  

Detecting sub-events—the constituent phases and facets of 

larger events—introduces challenges beyond general event 

detection. These problems center on the need for finer 

granularity, more precise temporal segmentation, and the 

ability to disambiguate closely related occurrences within a 

noisy, fast-moving data stream. 

5.1. Noise and Misinformation 

The prevalence of noise and misinformation in Twitter data 

represents one of the most significant challenges facing sub-

event detection systems [11, 12, 70]. For sub-events, this 

problem is exacerbated, as misinformation can specifically 

target and amplify a phase of an event (e.g., fabricating a 

detail of a disaster) or create an entirely fabricated sub-event 

within a real occurrence, making it extremely difficult to 

distinguish genuine, granular reports from false or 

misleading information [11, 12]. Sophisticated 

misinformation campaigns and bot networks [70] can 

artificially create the illusion of a sub-event's evolution or 

suppress reports of a real one, directly polluting the data 

needed to model an event's true progression. Developing 

robust, real-time frameworks for assessing information 

quality at this granular level, potentially through multi-

dimensional source credibility modeling and consensus-

based validation that accounts for information cascades, 

remains an open challenge [12]. 

5.2. Multimodal Fusion for Granularity 

The increasing prevalence of multimedia content is both a 

necessity and a challenge for sub-event detection. Truly 

understanding a sub-event—such as the specific damage 

from an aftershock or the exact water level on a street—

often requires integrating text with images and videos [21]. 

However, current multimodal systems struggle with the 

semantic alignment of different modalities at this fine-

grained level; a text description of a specific sub-event may 

be paired with a generic or repurposed image, leading to 

misidentification [21]. Furthermore, analyzing user-

generated visual content for sub-event evidence requires 

robust computer vision techniques to handle poor quality, 

unusual angles, and irrelevant backgrounds to verify 

specific, transient details. Effectively combining these 

inconsistent, noisy multimodal signals in real time to build 

a coherent picture of sub-event evolution is a significant 

unsolved problem. 

5.3. Ethical and Privacy Concerns at Scale 



Hassanpour et al. /Contrib. Sci. & Tech Eng, 2026, 3(2) 

22 
 

The use of social media data for sub-event detection raises 

significant ethical and privacy concerns, intensified by the 

granular nature of the analysis [17, 22, 71]. Tracking the 

evolution of an event involves continuous, detailed 

monitoring of conversations, which can inadvertently 

expose sensitive personal information or group dynamics 

that users never intended to be analyzed by automated 

systems [14, 72]. Furthermore, the algorithmic biases 

inherent in these systems can be more damaging at the sub-

event level; geographic bias may mean specific 

neighborhoods within a disaster zone are overlooked, and 

demographic bias could cause the concerns of a subgroup 

within a protest to be systematically suppressed [73]. There 

is a serious risk that sub-event detection capabilities, 

designed for beneficial purposes like crisis response, could 

be repurposed for detailed surveillance of specific 

populations or to suppress the emergence of dissenting sub-

movements [14]. Ensuring fairness, transparency, and 

privacy through techniques like FL [14, 22, 71] is therefore 

paramount. 

5.4. Scalability and Real-Time Processing for Evolution 

The computational challenges of scale and velocity are 

magnified for sub-event detection [2, 9, 41]. Systems must 

process millions of tweets per minute and maintain complex 

stateful models of an event's ongoing evolution, tracking 

multiple, potentially overlapping sub-events in parallel with 

low latency. This requires distributed stream processing 

architectures [9, 10] and online learning algorithms [9] that 

can update models incrementally without expensive batch 

retraining, allowing the system to adapt as a sub-event 

unfolds. The core open problem is achieving this at scale: 

performing precise, granular, and multimodal analysis 

under extreme computational constraints and near-zero 

latency requirements to provide timely insights into an 

event's progression. 

6. Future Directions for Sub-Event Detection 

While event detection has matured as a field, the task of 

sub-event detection and evolution introduces distinct 

challenges and opportunities that warrant dedicated 

research. To move beyond coarse-grained event 

identification, future work should focus on developing 

methods to identify, characterize, and link the constituent 

phases of larger occurrences. The following directions 

outline promising pathways toward this goal, shifting 

attention from whether an event is happening to how it 

unfolds in detail [74-77]. 

6.1. Large Language Models for Granular 

Understanding 

The emergence of LLMs such as GPT-4 and LLaMA 

presents significant opportunities to advance sub-event 

detection [15, 16, 78, 79]. Their strong contextual reasoning 

is particularly valuable for interpreting the abbreviated and 

ambiguous language often used to describe specific event 

phases on Twitter [15, 16]. Moreover, their few-shot and 

zero-shot learning capabilities enable rapid adaptation to 

novel or emerging sub-event types without extensive 

retraining, which is essential given the diversity of potential 

event facets [59]. 

With carefully designed prompts [79], LLMs could also 

reason about temporal dependencies and causal 

relationships between sub-events [78], supporting the 

automatic construction of semantic causal graphs that map 

how one sub-event (e.g., a building collapse) triggers 

another (e.g., a rescue operation). This would move beyond 

simple identification toward modeling the narrative 

structure of an event’s evolution. In addition, LLMs could 

generate detailed, multi-perspective summaries for each 

event phase [80], giving analysts coherent narratives of sub-

event progression. 

To illustrate, consider a hurricane event. An LLM could be 

tasked with analyzing a stream of tweets to identify sub-

events. It could distinguish between "preparations" (e.g., 

tweets about boarding up windows, evacuations), "landfall 

impact" (e.g., reports of flooding, power outages), and 

"post-storm recovery" (e.g., requests for aid, reports of road 

closures). Furthermore, it could infer a causal link: "The 

mandatory evacuation order (sub-event A) was followed by 

a reduction in reports of civilian injuries during landfall 

(sub-event B)." 

However, several challenges remain. Real-time analysis of 

high-volume event streams poses substantial computational 

demands [16]; hallucinations may fabricate entire sub-event 

sequences [70, 79]; and biases could cause models to 

underrepresent sub-events affecting marginalized 

communities [78]. Addressing these challenges will be 

critical for deploying LLMs responsibly in sub-event 

detection. 

6.2. Privacy-Preserving Collaboration on Sub-Event 

Data 

The fine-grained nature of sub-event data amplifies 

privacy concerns, as it often contains sensitive information 

about affected individuals and communities. FL offers a 

promising direction for addressing these concerns [14, 22, 

71, 81]. By enabling multiple entities—such as emergency 

services, NGOs, or social media platforms—to 

collaboratively train models without sharing raw data, FL 

allows detection systems to benefit from diverse datasets 

while preserving individual privacy [82, 83]. 

Cross-silo FL between organizations [71] could produce 

powerful models trained on sub-event data from different 

jurisdictions and crisis types [84, 85]. To ensure robust 

privacy protections, techniques such as differential privacy 

[71, 81, 86] and secure multi-party computation [87, 88] 

will be essential. Together, these approaches can safeguard 

sensitive information while enabling collaborative learning. 

A practical application could involve a federated system 

for public health surveillance. Imagine a model for detecting 

sub-events of a disease outbreak (e.g., "suspected cases," 

"testing site overload," "vaccination drives"). Hospitals in 

different countries could collaboratively train this model 

using their local, privacy-sensitive data on positive cases 

and Twitter chatter. The model learns to recognize global 

patterns in sub-event evolution without any hospital patient 
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data ever leaving its secure server, thus complying with 

regulations such as HIPAA (the U.S. Health Insurance 

Portability and Accountability Act) or GDPR (the European 

Union's General Data Protection Regulation). 

Nonetheless, significant challenges remain. The 

heterogeneity of sub-event data across sources poses 

difficulties for FL algorithms [81, 89], since the definition 

and characteristics of a “rescue operation” may differ 

significantly between datasets. In addition, the 

communication overhead required for distributed training 

[90] and the vulnerability of federated systems to 

adversarial attacks [89, 91] must be addressed to ensure 

both efficiency and security in real-world applications. 

6.3. Cross-Platform and Multimodal Integration for 

Richer Context 

Future sub-event detection systems must move beyond 

single-platform analysis to capture a complete and more 

accurate picture of unfolding events. Cross-platform 

integration—combining data from sources such as Twitter, 

Facebook, Reddit, and TikTok [3]—is critical, as different 

sub-events may surface more prominently on other 

platforms (e.g., emergency requests on Twitter vs. 

community organizing on Facebook) [92]. 

A key technical challenge is data standardization: unifying 

disparate formats and APIs into consistent representations 

of sub-events. Hybrid systems that fuse social media signals 

with traditional news feeds, government bulletins, and 

official data sources [93] will also be essential for ground-

truthing, helping to validate sub-events and filter noise. 

The ultimate vision is multimodal systems that integrate 

text, images, video, audio, and sensor data to characterize 

sub-events in detail [21]. For instance, confirming a 

"flooding" sub-event could involve synchronizing a tweeted 

photo of rising water with audio of sirens and a textual plea 

for help. This requires advanced cross-modal reasoning to 

infer sub-event characteristics from partial evidence, 

producing a richer and more verifiable event model. 

6.4. Emerging Technologies for Novel Paradigms 

Longer-term research should investigate how emerging 

computing paradigms might fundamentally reshape sub-

event detection. Quantum computing, for example, could 

offer new approaches to solving the complex optimization 

problems involved in tracking millions of potential sub-

event signals across high-dimensional data streams [94].  

Neuromorphic computing and spiking neural networks 

[95] They are especially promising due to their event-driven 

and energy-efficient architectures. These characteristics 

align naturally with the sparse, temporal nature of sub-event 

data, potentially enabling real-time analysis at scales not 

achievable with conventional hardware. 

As digital ecosystems evolve, systems must also prepare 

for immersive media from AR/VR environments [96]. Such 

platforms will generate rich spatial and contextual 

information about sub-events, requiring new techniques for 

spatial event detection within virtual and augmented worlds. 

Finally, blockchain technology [11, 71] offers the 

possibility of immutable, tamper-resistant ledgers for 

recording the provenance and verification status of sub-

event reports. This capability could provide trusted audit 

trails from initial detection through resolution, 

strengthening defenses against misinformation at the sub-

event level. 

6.5. Standardization and Benchmarking for Sub-Event 

Detection 

The advancement of sub-event detection depends on the 

development of standardized evaluation frameworks 

tailored to its unique challenges [97]. Existing benchmarks 

for general event detection are inadequate for measuring 

key aspects such as temporal segmentation accuracy, causal 

linking precision, or the recall of subtle sub-events. 

Therefore, Future work must establish dedicated datasets 

with annotated sub-event sequences and reproducible 

evaluation protocols that capture detection accuracy and the 

progression and evolution of events over time. 

Evaluation should also be multi-dimensional, assessing 

whether models can fairly detect sub-events across diverse 

demographics, geographies, and event types. As the field 

matures, professional standards and certification processes 

will become essential for deploying sub-event detection 

systems in high-stakes settings. These efforts will help 

ensure that such systems are accurate but also ethical, 

robust, and trustworthy in practice. 

6.6. Conclusion 

Content-based event detection on Twitter has seen 

remarkable advancements, transitioning from basic 

keyword monitoring to complex AI-driven systems capable 

of real-time analysis of rich, multimodal data streams. This 

survey has outlined a comprehensive taxonomy and 

discussed key challenges in event detection, particularly in 

understanding sub-events and their evolution. 

Looking ahead, future research should be guided by 

several actionable recommendations to bridge current gaps 

and build more robust systems. First, we recommend 

developing specialized benchmarks that challenge models 

to perform nuanced temporal reasoning, explicitly requiring 

them to identify sub-event sequences and causal 

relationships within event narratives. Second, the field 

should prioritize creating standardized protocols and open-

source frameworks for federated learning in a multi-modal 

context, enabling privacy-preserving collaboration across 

institutions without centralizing sensitive user data. Third, 

researchers must adopt and extend rigorous auditing toolkits 

to proactively measure and mitigate biases—such as 

geographic, demographic, and linguistic biases—in training 

data and model outputs for event detection systems. Finally, 

we urge a stronger focus on interdisciplinary collaboration 

with domain experts in disaster response and public health 

to co-design evaluation metrics that truly reflect real-world 

operational needs, moving beyond purely academic 

performance scores. 
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By addressing these interconnected research avenues, the 

field can move toward creating comprehensive, trustworthy, 

and practical event detection frameworks that translate 

cutting-edge technological innovation into meaningful, 

positive real-world impact. 
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