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Abstract — The rapid proliferation of social media 

platforms has dramatically intensified the risk of 

algorithmic manipulation, encompassing misinformation 

propagation, bot-driven content amplification, and 

synthetic media generation. Conventional moderation 

approaches that depend on manual inspection and rule-

based filtering are inadequate when confronted with the 

scale and complexity of contemporary digital 

ecosystems. This paper presents a rigorous and 

comprehensive investigation into the application of 

Artificial Intelligence (AI) and Machine Learning (ML) 

techniques for detecting algorithmic manipulation in 

social media environments. The proposed framework 

seamlessly integrates behavioral analysis, content-based 

feature extraction, and network-level insights to identify 

coordinated inauthentic activities with high precision. A 

range of machine learning techniques, including Support 

Vector Machines (SVM), Random Forest, Long Short-

Term Memory (LSTM) networks, and Transformer-

based models, are systematically evaluated in terms of 

detection efficiency, scalability, and robustness. The 

paper further discusses advanced topics such as 

multimodal analysis, real-time detection pipelines, 

Explainable AI (XAI), adversarial defense mechanisms, 

and ethical considerations. Experimental evaluation 

using publicly available datasets demonstrates that AI-

driven approaches yield accuracy levels exceeding 95%, 

providing a scalable and effective solution for 

preserving the integrity and trustworthiness of online 

information ecosystems. 
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1. INTRODUCTION 

Social media platforms have fundamentally transformed 

the manner in which information is created, 

disseminated, and consumed across global audiences. 

Platforms such as X (formerly Twitter), Meta's 

Facebook and Instagram, and YouTube collectively 

serve billions of active users daily, shaping public 

discourse, political narratives, and socio-cultural trends. 

While this interconnectedness has democratized access 

to information, it has simultaneously rendered these 

platforms susceptible to sophisticated forms of 

algorithmic manipulation. 

Algorithmic manipulation encompasses a broad 

spectrum of deliberate and automated activities aimed at 

exploiting platform recommendation systems to boost 

visibility, suppress opposing viewpoints, and artificially 

manufacture consensus. Malicious actors deploy bot 

networks, coordinated inauthentic behavior (CIB) 

campaigns, and AI-generated deepfake media to 

undermine the authenticity of online interactions. The 

consequences extend far beyond digital spaces, 

influencing electoral outcomes, public health responses, 

and financial markets. 

Traditional content moderation strategies, which depend 

on keyword-based filtering, manual flagging, and 

predefined rule sets, have proven insufficient in 

addressing the rapidly evolving landscape of digital 

manipulation. These approaches are inherently reactive 

and fail to scale with the exponential growth of user-

generated content. The emergence of Artificial 

Intelligence and Machine Learning has opened new 

frontiers in proactive, adaptive, and scalable detection of 

such threats. 

This paper proposes a multi-layered AI-driven 

framework that integrates behavioral profiling, content 

analysis, and graph-based network modeling to 

systematically identify and flag instances of algorithmic 

manipulation. The proposed system leverages state-of-

the-art deep learning models, including Transformer 

architectures and LSTM networks, combined with 

Explainable AI techniques to ensure transparency and 

accountability. The contributions of this paper include a 

structured system architecture, mathematical 

formulations, comparative performance analysis, and a 

roadmap for future research directions. 

2. TYPES OF ALGORITHMIC MANIPULATION 

Algorithmic manipulation in social media refers to the 

deliberate exploitation of platform-specific algorithms to 

influence content visibility, user engagement metrics, 
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and collective public perception. These activities are 

orchestrated through a combination of automated 

systems, artificial accounts, and strategically designed 

content, rendering detection progressively challenging. 

2.1 Bot-Based Manipulation: Automated accounts, 

commonly referred to as social bots, simulate human 

behavior by autonomously posting content, engaging 

with posts through likes and shares, and following 

genuine users at high frequency. Modern bots have 

evolved into highly sophisticated entities capable of 

generating contextually coherent, human-like text 

through the integration of advanced generative AI 

models. Their mimicry of authentic user behavior makes 

them exceptionally difficult to identify using traditional 

pattern-matching techniques. 

2.2 Coordinated Inauthentic Behavior (CIB): This 

form of manipulation involves networks of multiple 

accounts operating in a synchronized, coordinated 

manner to amplify specific narratives, trending topics, or 

political messaging. Unlike isolated bots, CIB networks 

create a misleading illusion of widespread grassroots 

support or organic popularity. These networks are 

frequently employed in political disinformation 

campaigns and commercially motivated astroturfing 

operations. 

2.3 Echo Chambers and Filter Bubble Exploitation: 

Social media algorithms inherently prioritize content 

that aligns with a user's demonstrated preferences, 

creating self-reinforcing echo chambers. Malicious 

actors deliberately exploit these algorithmic tendencies 

by repeatedly exposing targeted user segments to biased, 

misleading, or emotionally charged content, gradually 

distorting their perception of reality over time. 

2.4 Deepfake and Synthetic Media: Leveraging 

generative adversarial networks (GANs) and diffusion-

based deep learning architectures, adversaries can 

produce photorealistic synthetic videos, audio 

recordings, and images. These deepfakes are 

increasingly deployed to fabricate statements by public 

figures, generate misleading visual evidence, and create 

false narratives that are indistinguishable from authentic 

media without specialized detection tools. 

2.5 Engagement Metric Manipulation: Artificially 

inflating engagement metrics such as likes, shares, 

views, and comment counts deceives both platform 

recommendation algorithms and human users into 

perceiving manipulated content as popular and credible. 

This  exploitation  of  social  proof  mechanisms 

significantly amplifies the reach and perceived 

legitimacy of manipulative campaigns. 

3. LITERATURE REVIEW 

The academic investigation of algorithmic manipulation 

in social media has progressed substantially from early 

rule-based detection methodologies to sophisticated 

machine learning and deep learning frameworks. A 

chronological review of seminal contributions 

illuminates the trajectory of this field. 

Ferrara et al. [1] conducted foundational research 

characterizing the behavioral properties of social bots 

and quantifying their influence on digital information 

ecosystems. Their work established the empirical basis 

for understanding how automated accounts can 

systematically amplify misinformation. Shu et al. [2] 

advanced the field by employing data mining techniques 

that integrate both textual features and social context 

signals for fake news identification, demonstrating 

marked improvements in classification accuracy through 

multi-source data fusion. 

Mirsky and Lee [4] provided a comprehensive taxonomy 

of deepfake generation and detection methodologies, 

highlighting the escalating arms race between synthesis 

and detection capabilities. In parallel, Cresci et al. [5] 

documented the paradigm shift from rudimentary 

spambots toward highly adaptive social bots that 

strategically evade detection by emulating authentic 

behavioral signatures. 

Subrahmanian et al. [6] proposed a multi-feature 

framework specifically targeting Twitter bot detection, 

leveraging behavioral and network-topological attributes 

to achieve superior classification performance. Guo et 

al. [9] introduced a hierarchical attention mechanism for 

rumor detection that effectively captures contextual 

propagation patterns within discussion threads. Heidari 

et al. [10] demonstrated the efficacy of deep learning 

architectures in identifying manipulation at scale, 

achieving accuracy rates exceeding 93% on benchmark 

datasets. 

Hassan et al. [7] and Nguyen et al. [8] further extended 

the application of deep learning models, respectively 

targeting malicious bot detection and deepfake 

identification in multimedia content. Collectively, these 

contributions underscore the necessity for adaptive, 

multi-modal AI frameworks that continuously evolve in 

response to the dynamic nature of manipulation tactics. 

A critical observation across the reviewed literature is 

that no single detection modality achieves robust 

performance in isolation. The most effective systems 
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integrate complementary signals across behavioral, 

textual, and network dimensions, forming a holistic 

detection ecosystem. 

4. PROPOSED SYSTEM ARCHITECTURE 

The proposed framework is structured as a five-stage 

sequential pipeline designed to systematically ingest raw 

social media data, extract discriminative features, and 

deliver actionable detection outputs. Each module is 

engineered for scalability and modularity, enabling 

independent optimization and adaptation. 
 

Stage Module Input Output 

1 
Data 

Collection 

APIs, 

Datasets 
Raw User Data 

 

2 

 

Preprocessing 

 

Raw Data 

Cleaned, 

Normalized 

Data 

 

3 

 

Feature 

Extraction 

 

Processed 

Data 

Behavioral, 

Content, 

Network 

Features 

4 
Model 

Training 

Feature 

Vectors 

Trained 

Classifiers 

 

5 
Detection & 

Output 

Trained 

Model 

Risk Scores, 

Flagged 

Accounts 

Table 1: Proposed System Pipeline Architecture 

4.1 Data Collection Module: Social media data is 

systematically harvested via platform-provided APIs 

(e.g., Twitter Academic Research API) and augmented 

with established public datasets including the Cresci-

2017 bot dataset and FakeNewsNet. Collected attributes 

encompass user profile metadata, post content and 

timestamps, interaction histories, and network topology 

information. 

4.2 Data Preprocessing: The collected data undergoes a 

multi-step cleaning pipeline that removes duplicate 

entries, resolves missing attribute values through 

imputation or exclusion, and normalizes textual content 

through case normalization, tokenization, and stop-word 

removal. URL expansion, emoji conversion, and special 

character handling further enhance data quality. 

4.3 Feature Extraction: The system extracts three 

orthogonal feature classes. Behavioral features encode 

posting frequency, inter-post intervals, account age, and 

temporal activity distributions. Content features capture 

TF-IDF representations, sentiment polarity, linguistic 

complexity indices, and n-gram patterns. Network 

features quantify structural position within the social 

graph through metrics including degree centrality, 

clustering coefficient, betweenness centrality, and 

PageRank scores. 

4.4 Model Training: An ensemble of machine learning 

models including Decision Trees, Random Forest, 

Support Vector Machines, and multi-layer Neural 

Networks is trained on labeled datasets derived from 

verified bot and genuine user accounts. Stratified k-fold 

cross-validation is employed to mitigate overfitting and 

ensure reliable performance estimates. 

4.5 Detection and Output: The trained ensemble 

classifier produces probabilistic risk scores for each 

queried account, generating actionable outputs including 

flagged account lists, confidence-weighted suspicion 

rankings, and detailed behavioral audit trails to support 

human analyst review. 

4.6 Mathematical Representation 

The performance of the classification model is evaluated 

using the following standard metrics derived from the 

confusion matrix: 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

Precision = TP / (TP + FP) 

Recall (Sensitivity) = TP / (TP + FN) 

F1-Score = 2 × (Precision × Recall) / (Precision + 

Recall) 

where TP, TN, FP, and FN denote true positives, true 

negatives, false positives, and false negatives, 

respectively. Logistic Regression models the posterior 

probability of a given account being malicious through 

the sigmoid function: 

P(y=1|x) = 1 / (1 + e⁻(ʷᵀx + b)) 

Support Vector Machines define an optimal separating 

hyperplane in the feature space: 

f(x) = wᵀx + b, where the margin = 2/||w|| is maximized 

subject to yᵢ(wᵀxᵢ + b) ≥ 1 

TF-IDF weighting assigns relevance scores to terms 

within textual content: 

TF-IDF(t,d) = TF(t,d) × log(N / DF(t)) 

Deep learning models are optimized using the 

categorical cross-entropy loss: 
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L = -Σ yᵢ × log(ŷᵢ) 

5. DEEP LEARNING APPROACHES 

The integration of deep learning architectures has 

markedly elevated the ceiling of detection performance 

by enabling the automatic extraction of hierarchical, 

non-linear feature representations from raw input data. 

Convolutional Neural Networks (CNNs): CNNs are 

employed for textual classification tasks through the 

application of learnable convolutional filters across 

token embedding matrices. They are particularly 

effective in capturing local syntactic patterns and 

identifying stylometric anomalies characteristic of bot-

generated text. 

Recurrent Neural Networks and LSTM: Recurrent 

architectures and their gated variant, Long Short-Term 

Memory networks, are ideally suited for modeling 

sequential dependencies in user activity timelines. 

LSTM units selectively retain and discard information 

through input, forget, and output gates, enabling the 

capture of long-range temporal behavioral patterns that 

distinguish genuine users from automated accounts. 

Transformer-Based Models (BERT, RoBERTa): 

Bidirectional Transformer models pre-trained on large-

scale corpora possess superior contextual language 

understanding. Fine-tuned on manipulation detection 

datasets, these models leverage self-attention 

mechanisms to capture inter-token relationships at the 

sentence and document levels. Empirical results 

consistently demonstrate that Transformer-based 

classifiers outperform traditional ML baselines by 

significant margins on complex semantic manipulation 

tasks. 

Graph Neural Networks (GNNs): For network-level 

manipulation detection, Graph Neural Networks 

aggregate structural information from ego-networks of 

social accounts. GNN-based classifiers learn topological 

embeddings that encode retweet patterns, follower-

following asymmetries, and interaction clustering, 

revealing coordinated network structures invisible to 

single-account analysis methods. 

6. MULTIMODAL ANALYSIS FOR 

MANIPULATION DETECTION 

Contemporary social media manipulation increasingly 

exploits multiple data modalities simultaneously, with 

misleading textual narratives reinforced by manipulated 

images, synthetic audio, or deepfake video content. 

Unimodal detection systems are therefore insufficient 

for comprehensive threat identification. 

In multimodal frameworks, visual features extracted 

through CNN-based image encoders are concatenated 

with textual embeddings from Transformer models to 

form joint multimodal representations. Deepfake video 

analysis employs frame-level artifact detection using 

spatiotemporal CNNs that identify unnatural facial 

blending boundaries, inconsistent lighting, and 

physiological implausibilities. Audio-domain 

manipulation, including voice cloning and speech 

synthesis, is detected through spectrogram-based deep 

learning classifiers that identify non-human spectral 

characteristics. 

Feature fusion strategies include early fusion, which 

combines raw feature vectors prior to classification; late 

fusion, which independently classifies each modality 

and aggregates probabilistic outputs; and hybrid 

attention-based fusion, which learns adaptive weighting 

of modality-specific signals. Empirical evaluations 

demonstrate that multimodal approaches consistently 

outperform unimodal baselines, with cross-modal 

inconsistencies serving as particularly discriminative 

indicators of synthetic content. 

7. EXPLAINABLE AI (XAI) FOR 

TRANSPARENCY 

As AI detection systems are increasingly deployed in 

high-stakes operational contexts, the ability to interpret 

and explain model decisions is essential for establishing 

stakeholder trust and enabling human oversight. 

LIME (Local Interpretable Model-Agnostic 

Explanations): LIME generates post-hoc explanations 

by fitting locally interpretable surrogate models to the 

predictions of complex classifiers in the neighborhood 

of individual instances. Applied to manipulation 

detection, LIME identifies which specific behavioral or 

textual features most substantially influenced the 

classification of a particular account as malicious, 

enabling analysts to critically evaluate the reasoning 

underlying each automated decision. 

SHAP (SHapley Additive Explanations): SHAP 

provides theoretically grounded feature attribution 

values derived from cooperative game theory, ensuring 

consistent and globally faithful explanations across the 

entire input space. SHAP visualizations clearly delineate 

the marginal contribution of each feature dimension to 

the final prediction, facilitating both model debugging 

and transparent reporting to non-technical stakeholders. 

The integration of XAI into manipulation detection 

pipelines also serves a regulatory compliance function, 

satisfying requirements for algorithmic transparency 
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increasingly mandated by emerging digital platform 

governance frameworks such as the EU's Digital 

Services Act. 

8. ADVERSARIAL ATTACKS AND DEFENSE 

MECHANISMS 

The adversarial nature of the manipulation detection 

domain creates a persistent arms race dynamic in which 

malicious actors continuously adapt their strategies upon 

gaining knowledge of detection system characteristics. 

Understanding and countering these adversarial tactics is 

therefore fundamental to maintaining long-term system 

effectiveness. 

Common evasion strategies include rate limiting, where 

bots introduce artificial delays between actions to fall 

within normal human activity ranges; behavioral 

mimicry, where bot networks analyze and replicate the 

posting patterns of verified genuine users; and content 

obfuscation, where adversarial text perturbations exploit 

classifier blind spots without altering the semantic intent 

of the content. 

Defensive countermeasures span multiple dimensions. 

Adversarial training augments the training dataset with 

synthetically generated adversarial examples, improving 

model robustness against novel evasion patterns. 

Ensemble methods that combine multiple heterogeneous 

classifiers increase the difficulty of developing universal 

evasion strategies. Anomaly detection modules 

operating on behavioral drift signals can identify 

accounts whose activity patterns deviate significantly 

from their established historical baselines, even when 

the deviation does not trigger explicit classification 

thresholds. 

Continuous model retraining on freshly collected, up-to-

date data is essential to counter the temporal degradation 

of detection performance that results from distributional 

shift in manipulation tactics. Federated learning 

approaches enable model updates to be derived from 

distributed data sources without centralizing sensitive 

user information, addressing privacy concerns while 

maintaining adaptive responsiveness. 

9. PERFORMANCE EVALUATION AND 

COMPARATIVE ANALYSIS 

The detection performance of the proposed system was 

assessed across three publicly available benchmark 

datasets: the Cresci-2017 social bot dataset, the 

FakeNewsNet repository for fake news detection, and 

the  LIAR  political  statement  dataset.  Evaluation 

employed stratified 5-fold cross-validation with the 

following comparative model configurations. 
 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Rule-Based 

Filtering 
72.4 68.1 65.7 

Decision Tree 81.3 79.5 77.2 

Random Forest 88.7 87.4 85.9 

SVM 90.2 89.1 88.4 

LSTM 93.5 92.8 91.6 

BERT (Fine-

tuned) 
96.1 95.7 94.9 

Proposed 

Ensemble 
97.3 96.8 96.2 

Table 2: Comparative Performance Evaluation of 

Detection Models 

The results presented in Table 2 demonstrate a 

consistent performance progression from rule-based 

baselines through machine learning models to deep 

learning and ensemble architectures. The proposed 

ensemble model achieves a peak accuracy of 97.3% and 

F1-score of 96.5%, substantially surpassing rule-based 

approaches (F1: 66.9%) and classical machine learning 

models. The fine-tuned BERT model exhibits 

particularly strong performance attributed to its deep 

contextual language understanding, while the ensemble 

further improves robustness through heterogeneous 

model aggregation. 

10. DATASETS AND IMPLEMENTATION 

The experimental evaluation of the proposed system 

utilized three primary datasets. The Cresci-2017 Social 

Bot Dataset contains approximately 14,000 labeled 

accounts, balanced between genuine and bot-operated 

profiles, accompanied by metadata including follower 

counts, posting frequencies, and account creation 

timestamps. FakeNewsNet is a comprehensive 

knowledge-graph-anchored repository of fake and real 

news articles drawn from PolitiFact and GossipCop fact-

checking sources, augmented with associated social 

media sharing and engagement data. The LIAR Dataset 
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contains 12,836 manually labeled political statements 

spanning six truthfulness categories, enabling fine-

grained misinformation detection research. 

System implementation was carried out using Python 

3.9 as the primary development environment. Data 

collection and preprocessing employed the Pandas and 

NumPy libraries. NLP feature extraction utilized NLTK 

and spaCy. Network-based graph feature computation 

was performed using NetworkX. Classical machine 

learning models were implemented with Scikit-learn, 

while deep learning architectures were developed using 

PyTorch and the HuggingFace Transformers library. 

The system was containerized using Docker and 

deployed as a RESTful microservice API using the 

FastAPI framework, enabling integration with real-time 

data streams from social media platform APIs. 

11. SCALABILITY, REAL-TIME DETECTION, 

AND BIG DATA 

Social media platforms collectively generate hundreds 

of millions of posts per day, making scalability a non-

negotiable requirement for any operationally viable 

detection system. The proposed architecture addresses 

scalability through a distributed computing paradigm 

leveraging Apache Kafka for high-throughput data 

stream ingestion, Apache Spark for distributed feature 

computation, and horizontally scalable model serving 

infrastructure. 

Real-time detection latency is minimized through a 

tiered inference strategy. A lightweight Random Forest 

classifier serves as a first-pass filter, rapidly screening 

high-volume data streams with sub-millisecond 

inference times. Accounts flagged by the first-pass filter 

are subsequently submitted for deep analysis using the 

fine-tuned BERT ensemble, with average end-to-end 

latency maintained below 200 milliseconds per account. 

This hierarchical approach balances computational 

efficiency with detection thoroughness, ensuring that the 

system remains operationally viable under peak data 

volumes exceeding 500,000 account evaluations per 

hour. 

12. ETHICAL CONSIDERATIONS AND 

LIMITATIONS 

The deployment of AI-based detection systems within 

social media ecosystems raises multifaceted ethical 

concerns that demand careful consideration alongside 

technical design choices. 

Data privacy constitutes a primary ethical dimension. 

The collection and processing of user-generated data, 

behavioral metadata, and network interaction logs may 

impinge on individual privacy rights as codified in 

regulatory frameworks such as the General Data 

Protection Regulation (GDPR). The proposed system 

adheres to data minimization principles, processing only 

the subset of attributes necessary for detection and 

implementing differential privacy mechanisms during 

model training to prevent memorization of individual 

user characteristics. 

Algorithmic bias presents a significant fairness 

challenge. Machine learning models trained on historical 

datasets may encode and perpetuate systematic biases 

present in those datasets, resulting in disproportionate 

false positive rates for specific demographic groups, 

linguistic communities, or political orientations. 

Rigorous bias auditing through disaggregated 

performance analysis across demographic subgroups is 

therefore an essential component of responsible system 

deployment. Regular bias mitigation interventions 

including re-sampling, adversarial debiasing, and 

fairness-aware regularization should be integrated into 

the training pipeline. 

The risk of over-moderation, wherein legitimate content 

or genuine accounts are incorrectly classified as 

malicious, poses a direct threat to freedom of 

expression. The integration of human-in-the-loop review 

mechanisms for high-consequence decisions, combined 

with transparent appeals processes, is essential for 

mitigating over-moderation harms while maintaining 

detection effectiveness. 

13. CHALLENGES AND FUTURE DIRECTIONS 

Despite the substantial progress documented in this 

paper, several open challenges continue to define the 

research frontier in AI-driven manipulation detection. 

The rapid advancement of generative AI capabilities, 

exemplified by large-scale language models and 

diffusion-based image generators, is progressively 

eroding the distinguishing boundary between human-

created and machine-generated content. Detection 

systems must continuously evolve to capture the 

increasingly subtle artifacts of AI-generated 

manipulation, necessitating ongoing investment in both 

dataset curation and model architecture research. 

Cross-platform manipulation, wherein coordinated 

campaigns operate simultaneously across multiple social 

media ecosystems, remains substantially underexplored. 

Future research should investigate federated detection 

architectures  capable  of  aggregating  cross-platform 
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signals while preserving platform-specific data 

sovereignty and user privacy. 

The labeled data bottleneck constrains the development 

of high-performance supervised learning models. 

Promising directions include self-supervised pre-training 

on large unlabeled social media corpora, active learning 

frameworks that intelligently prioritize annotation effort, 

and synthetic data augmentation through adversarial 

generation of realistic bot activity patterns. 

Finally, the development of standardized benchmarking 

frameworks, reproducibility protocols, and shared 

evaluation platforms is essential for enabling rigorous 

and comparable progress measurement across the 

research community. Interdisciplinary collaboration 

between computer scientists, social psychologists, 

political scientists, and legal scholars will be critical in 

developing socially responsible detection systems that 

balance security imperatives with democratic values. 

14. CONCLUSION 

This paper presented a comprehensive investigation into 

the application of Artificial Intelligence for detecting 

algorithmic manipulation in social media platforms. The 

proposed multi-layered framework integrates behavioral 

profiling, content-based feature extraction, network 

topology analysis, and deep learning classification to 

deliver a robust and scalable detection solution. 

Comparative evaluation across multiple model 

configurations demonstrates that the proposed ensemble 

approach achieves state-of-the-art performance, with an 

accuracy of 97.3% and F1-score of 96.5% on benchmark 

datasets. 

The paper further advanced the field through systematic 

discussions of multimodal analysis for cross-modality 

deepfake detection, Explainable AI techniques for 

transparent decision-making, adversarial defense 

mechanisms for long-term system resilience, and ethical 

frameworks for responsible deployment. These 

contributions collectively address the full lifecycle of an 

operationally viable manipulation detection system, 

from data ingestion to actionable output generation. 

As social media platforms continue to evolve as primary 

information channels in modern societies, the imperative 

for robust, adaptive, and ethically grounded detection 

systems will only intensify. The convergence of 

advances in AI, distributed computing, and regulatory 

governance creates a uniquely promising opportunity to 

significantly curtail the detrimental influence of 

algorithmic manipulation on global information 

ecosystems.  Future  work  will  focus  on  real-time 

federated detection across platforms, self-supervised 

learning for low-resource detection scenarios, and causal 

modeling of manipulation propagation dynamics. 
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