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Abstract: The rapid growth of mass gathering events — spanning sports tournaments, religious 

congregations, political rallies, and cultural festivals — presents significant challenges for public safety 

authorities, urban planners, and emergency response teams. Traditional crowd management 

approaches, largely reliant on historical data and manual observation, often fall short in providing 

real-time, adaptive, and accurate predictions of human mobility patterns. This study proposes a novel 

data-driven framework that leverages Large Language Models (LLMs) to enhance predictive human 

mobility analytics in mass gathering environments, with the overarching goal of supporting informed 

decision-making and proactive safety planning. The proposed framework integrates multi-source 

heterogeneous data — including social media streams, geospatial records, event schedules, 

transportation logs, and historical crowd movement datasets — to train and fine-tune LLM-based models 

capable of capturing complex spatiotemporal mobility patterns. By exploiting the contextual reasoning 

and natural language understanding capabilities of LLMs, the system interprets unstructured situational 

data and translates it into actionable crowd movement forecasts. The model further incorporates 

real-time event dynamics, environmental variables, and behavioral indicators to continuously refine its 

predictive outputs.Experimental evaluations conducted across multiple large-scale public event datasets 

demonstrate that the proposed LLM-based approach significantly outperforms conventional machine 

learning baselines in prediction accuracy, adaptability, and interpretability. The framework also supports 

scenario simulation and risk zoning, enabling safety personnel to anticipate crowd surges, identify 

high-density hotspots, and optimize resource deployment well in advance. Furthermore, the integration 

of an explainable AI component ensures that decision-makers receive transparent, human-readable 

justifications for model predictions, fostering trust and operational confidence 

Keywords: Human Mobility Prediction; Mass Gathering Events; Crowd Analytics; Spatiotemporal 

Modeling; Explainable AI. 

 

 

Introduction 

Mass gatherings, including sports tournaments, religious pilgrimages, political demonstrations, and 

cultural festivals, bring large populations together within limited locations and time periods. Although 

these events promote social interaction and cultural exchange, they also create significant challenges for 

crowd safety, emergency response, and urban infrastructure management. Incidents such as stampedes, 

congestion, bottlenecks, and uncontrolled crowd surges highlight the need for intelligent and proactive 

crowd-management systems. Predicting human mobility in these environments is complex because 
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crowd behaviour changes dynamically based on location, time, event activities, and surrounding 

conditions [3]. Traditional methods, including CCTV monitoring, manual crowd counting, and historical 

data analysis, are largely reactive and have limited ability to predict emerging risks in real time [4]. 

Furthermore, integrating diverse data from social media, transportation systems, geospatial records, and 

event schedules remains challenging. Recent developments in Large Language Models offer improved 

contextual reasoning, pattern recognition, and data interpretation, enabling more accurate and adaptive 

crowd-mobility forecasting [5],[8],[10]. 

 

Related work 

Human mobility prediction has evolved from traditional Markov chains, gravity models, and statistical 

approaches to advanced deep-learning techniques. RNNs and LSTMs improved sequential movement 

modelling, while multimodal geospatial-temporal frameworks enhanced urban mobility prediction [16], 

[5]. Transformer architectures further improved the modelling of long-term dependencies. Wu et al. 

(2024) represented mobility trajectories using location sequences, whereas Hong, Martin, and Raubal 

(2022) jointly predicted travel modes and future locations [13]. Recent studies demonstrated that LLMs 

can effectively interpret mobility patterns using contextual instructions and structured reasoning, 

sometimes outperforming conventional LSTM and attention-based models [14],[15]. Context-aware 

frameworks have also integrated environmental, behavioural, and spatiotemporal information for 

mobility and trip prediction [2]. Deep-learning-based crowd-management systems have demonstrated 

effective anomaly detection and real-time crowd monitoring. However, most existing studies focus on 

routine urban mobility. Real-time multimodal LLM frameworks for interpretable mobility prediction 

during irregular, high-density mass gatherings remain underexplored, motivating the proposed research.. 

Table 1: Comparison of This Work with Related Research 

 

Reference Uses LLM-Based 

Approach 

Real-Time Multimodal 

Data Integration 

Mass Gathering / 

Crowd-Specific Focus 

S.K.B. et al. (2024)  No Yes No 

Wu et al. (2024)  No 

(Transformer-based) 

No No 

Hong, Martin & 

Raubal (2022)  

No 

(Transformer-based) 

No No 

Wang et al. (2023)  Yes No No 

GPT-based trajectory 

studies  

Yes No No 

This Work Yes Yes Yes 

 
 

Key Contribution 
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This study introduces an LLM-based mobility prediction framework specifically designed for the irregular 

and high-density crowd movements observed during sports events, religious pilgrimages, political rallies, 

and cultural festivals. Unlike existing approaches focused on routine mobility, the proposed framework 

integrates social media data, GPS records, event schedules, transportation logs, historical mobility 

patterns, and environmental information through a unified multimodal pipeline. A pre-trained 

transformer-based LLM is fine-tuned using domain-specific mobility data, transfer learning, and 

structured reasoning prompts to improve prediction accuracy and interpretability. The framework also 

supports emergency scenario simulation and automated risk-zone identification for proactive crowd 

management. An explainable AI component provides clear, human-readable reasons for predictions and 

achieved a usefulness rating of 4.4/5. Experimental results demonstrated a prediction accuracy of 94.7%, 

an anomaly-detection F1-score of 0.943, and an average crowd-surge warning lead time of 4.2 minutes. 

Ablation analysis confirmed the importance of geospatial and historical mobility data. 

 

Method, Experiments and Results 

Method 

This study proposes a five-phase LLM-based framework for predicting human mobility during mass 

gatherings. First, data from social media, GPS records, event schedules, transportation systems, historical 

mobility patterns, and environmental conditions are collected and integrated. Second, the data are 

cleaned, normalized, temporally aligned, and transformed into relevant spatiotemporal features. Third, a 

pre-trained transformer-based LLM is fine-tuned using domain-specific mobility data and structured 

prompts. Fourth, the model predicts crowd movements, density patterns, and potential surge hotspots 

while supporting emergency scenario simulations and risk zoning. Finally, explainable AI generates clear 

predictions and visual insights, evaluated using MAE, RMSE, accuracy, and F1-score. 

Experiments  

The proposed framework was evaluated using datasets from three large public events: an international 

sports tournament, a religious pilgrimage, and a cultural festival. The datasets included geospatial 

records, social media data, event schedules, transportation logs, and environmental information. The 

fine-tuned LLM was compared with LSTM, MHSA, GBM, and ARIMA models under identical experimental 

conditions. Performance was evaluated using MAE, RMSE, accuracy, inference time, Precision, Recall, 

F1-score, and AUC-ROC. An ablation study examined the contribution of individual data sources. 

Emergency scenarios were simulated to assess risk detection, while 24 public safety professionals 

evaluated the explanations for clarity, trustworthiness, actionability, and usefulness. 

Results 

The proposed LLM-based framework demonstrated superior performance compared with LSTM, MHSA, 

GBM, and ARIMA across all event types. As illustrated in Figure 1, the model achieved prediction 

accuracies of 94.7% for the sports tournament, 93.2% for the religious pilgrimage, and 91.8% for the 

cultural festival, exceeding MHSA by an average of 7.3%. The average inference time was 40.7 ms, 

supporting real-time applications. Figure 2 presents anomaly-detection performance, with F1-scores of 

0.943, 0.931, and 0.918, respectively. The ablation results in Figure 3 identified geospatial and historical 

mobility data as the most influential inputs, while removing geospatial information reduced accuracy by 

10.6%. Scenario simulations achieved an average warning lead time of 4.2 minutes, 91.3% risk-zone 

precision, and a 5.4% false-alarm rate. Finally, the explainable AI evaluation involving 24 safety 
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professionals achieved an overall usefulness rating of 4.4/5, demonstrating strong interpretability, 

reliability, and operational value. 

Figure 1 Mobility prediction accuracy — the proposed LLM outperformed all baselines across all three event types: 

 
 
Figure 2 Ablation study — impact of removing each data modality on prediction accuracy (sports tournament 

dataset), sorted by severity: 

 
Figure  Scenario simulation and XAI evaluation — surge detection lead time / risk precision by scenario, 

and user ratings of the explainability component: 

 
 

Discussions 

These findings carry clear practical meaning for public safety planning at mass gathering events. The 

consistent accuracy advantage of the proposed LLM over MHSA — the strongest conventional baseline 

— shows that contextual reasoning and language-based understanding add real predictive value beyond 
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what pure attention mechanisms can capture, particularly for the irregular, high-density crowd behavior 

typical of large events. The ablation results tell planners something actionable: if resources are limited, 

geospatial tracking and historical mobility records should be prioritized over environmental sensors, 

since removing spatial data caused by far the steepest accuracy loss. The 4.2-minute average surge 

detection lead time matters operationally because it exceeds the 3–5 minutes crowd management teams 

typically need to mobilize, meaning the system's warnings arrive early enough to act on, not just observe 

after the fact. Perhaps most importantly, the high XAI ratings from safety professionals suggest that 

accurate predictions alone are not enough — decision-makers need to understand why the model is 

flagging a risk before they will trust and act on it. Together, the results indicate that LLM-based 

forecasting is not just marginally better than existing methods but is operationally deployable: accurate, 

fast enough for real-time use, and interpretable enough to support human judgment during 

safety-critical decisions. 

Conclusions 

Mass gatherings create significant crowd-safety challenges because traditional monitoring methods are 

often reactive and cannot effectively process diverse mobility data. To address this issue, a five-phase 

LLM-driven framework was developed by integrating social media, geospatial records, event schedules, 

transportation data, historical mobility patterns, and environmental information. The framework 

performs data preprocessing, feature extraction, LLM fine-tuning, mobility prediction, scenario 

simulation, and explainable decision support. Experimental results showed that the proposed model 

achieved a maximum prediction accuracy of 94.7%, outperforming MHSA by 7.3 percentage points. It 

achieved an anomaly-detection F1-score of 0.943 and provided crowd-surge warnings approximately 4.2 

minutes in advance. Geospatial and historical mobility information were identified as the most influential 

data sources. The explainable AI component received a usefulness score of 4.4/5. Future research will 

focus on privacy-preserving federated learning, edge-based deployment, improved data governance, and 

real-world validation across diverse public events and geographical locations 
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