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Abstract: 

Ethiopia's political landscape, characterized by ethnic federalism and the National Dialogue 
process, faces escalating polarization amplified by TikTok's algorithmically curated content. 
Traditional machine learning approaches struggle to capture the quantum-like dynamics of 
political discourse, superposition of identities, entanglement of ethnic and ideological factors, and 
context-dependent meaning. This study introduces the first quantum-enhanced multimodal 
framework for analyzing political discourse on Ethiopian TikTok, integrating quantum 
entanglement-driven fake news detection (Q-ALIGNer), quantum LSTM sentiment analysis, and 
quantum frequency-based opinion shift modeling (OpinionXf). We developed a hybrid quantum-
classical pipeline processing 50,000 Amharic, Oromo, Tigrinya, and English TikTok videos. Q-
ALIGNer encodes text, video, and audio modalities as quantum states with entanglement-based 
fusion. Quantum LSTM captures temporal sentiment evolution, while OpinionXf models opinion 
shifts using frequency-domain transformations. Performance was evaluated against classical 
baselines using 10-fold cross-validation. Q-ALIGNER achieved 92.5% accuracy, outperforming 
classical models by 8.2–13.9%, with only 4.6% accuracy drop under adversarial attack versus 
11.9% for classical models. Quantum LSTM achieved 89.7% accuracy with 15.2% MAE 
reduction over AfriBERTa. Sarcasm detection improved by 8.4% and coded political language by 
9.1%. OpinionXf achieved 85.7% precision and 100% recall for 72-hour early warning, detecting 
shifts 3–6 days before classical models. Ablation study revealed quantum layers contributed 
46.3% and entanglement 53.7% of total performance gain. Entanglement-based similarity maps 
revealed three political actor clusters with intra-cluster entanglement 0.85–0.92 versus inter-
cluster 0.65–0.72. Quantum-enhanced frameworks significantly improve detection of 
misinformation, sentiment polarization, and opinion shifts in Ethiopian political discourse, 
enabling proactive early warning systems. Deploy the 3-layer quantum model with all-to-all 
entanglement for Ethiopia's National Dialogue Commission, prioritizing high-persuadability local 
issues while approaching identity-based topics through deliberative processes. 
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I. Introduction 
 

Ethiopia’s political landscape is characterized by a unique system of ethnic federalism, 
established in 1991, which has simultaneously provided regional autonomy and become a source 
of escalating polarization and interethnic conflict (Goshu, 2025, p. 315). The Tigray War (2020–
2022) and subsequent violence exemplify the fragility of this system. In response, the Ethiopian 
National Dialogue Commission (ENDC) was established to foster inclusive national consensus, 
with recent consultative forums engaging media professionals from the Tigray Region to amplify 
local voices in the peace process (ENDC, 2025). However, alongside these formal efforts, a 
parallel digital public sphere has emerged that profoundly shapes political discourse. 
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In this digital arena, social media, particularly TikTok has become the de facto ―digital 
agora‖ for millions of Ethiopians, including approximately 8.3 million active users (Addis 
Standard, 2025). TikTok’s algorithmically curated short-form content has proven especially 
influential among youth and functionally illiterate populations who comprise roughly 80% of 
Ethiopia’s rural populace (Addis Standard, 2025). This platform has emerged as a double-edged 
sword: a space for civic expression and solidarity, yet simultaneously a ―crucible for 
disinformation, tribal chauvinism, and performative antagonism‖ (Addis Standard, 2025, para. 8). 
Reports document TikTok accounts with multimillion followings inciting political violence, while 
recent government crackdowns on creators reflect escalating tensions between digital expression 
and state regulation (Addis Standard, 2025). This volatile digital ecosystem requires sophisticated 
analytical tools capable of modeling the inherent ambiguity and rapid opinion shifts characteristic 
of Ethiopia’s political discourse. 

 
1.1 Problem Statement 

Classical machine learning approaches to social media analysis face fundamental limitations 
when applied to politically volatile contexts like Ethiopia. Traditional methods struggle to 
capture what scholars term ―quantum-like‖ social dynamics: the superposition of multiple 
political identities, the entanglement of ethnic, regional, and ideological factors, and the context-
dependent nature of meaning in politically charged discourse (Singh et al., 2025, p. 171). 
Furthermore, existing multimodal models for fake news detection require extensive parameters, 
often exceeding 48 hours of training time and demonstrate vulnerability to adversarial 
manipulation, with accuracy drops of 7–9% under attack (Tehsin et al., 2026, p. 71). These 
limitations are particularly acute in low-resource language contexts like Amharic, Oromo, and 
Tigrinya, where pre-trained models are scarce. 

 
Moreover, current approaches inadequately capture the spatiotemporal dynamics of rumor 

propagation. As Jia et al. (2025, p. 1) note, most methods overlook how rumors evolve through 
social networks over time, treating propagation graphs as static structures rather than dynamic 
systems. This oversight is critical in Ethiopia, where misinformation spreads rapidly through 
algorithmically amplified TikTok content, often triggering real-world violence before traditional 
detection mechanisms can respond. There exists a pressing need for frameworks that can 
simultaneously handle multimodal content (text, video, audio), model uncertainty and ambiguity, 
and provide robust early warning of conflict escalation. 
 
1.2 Contribution 

This paper introduces the first application of quantum-enhanced multimodal frameworks 
to political discourse analysis on TikTok in an African fragile-state context. Our contribution is 
threefold: 

 
First, we present an integrated framework combining three quantum-inspired models 

specifically adapted for Ethiopia’s digital public sphere. We employ Q-ALIGNer, a quantum 
entanglement-driven multimodal architecture that achieves 91.2–92.9% accuracy across 
benchmark datasets while reducing training time from 48.2 to 19.6 hours and maintaining 
robustness with only a 2.6% accuracy drop under adversarial attack (Tehsin et al., 2026, p. 71). 
This framework enables robust detection of fake news across text, video, and audio modalities. 

 
Second, we incorporate quantum neural network architectures for sentiment and 

polarization analysis. Singh et al. (2025, p. 170) demonstrate that quantum-inspired approaches 
using Variational Quantum Eigensolvers achieve up to 7.5% higher accuracy than classical 
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methods in multimodal sentiment analysis, with F1-scores reaching 87.3% on complex 
dialogue datasets. We adapt these methods to capture the subtle linguistic cues and coded 
political language prevalent in Ethiopian TikTok discourse. 

 
Third, we integrate LQMF-RD, a lightweight quantum-driven multimodal fusion 

framework that captures spatiotemporal propagation patterns through dynamic graph networks 
while requiring only 0.01M trainable parameters (Jia et al., 2025, p. 2). This enables efficient 
modeling of how rumors and polarizing content evolve through Ethiopia’s social networks over 
time, providing early warning of potential conflict escalation. 
 
1.3 Objectives and Significance 

The primary objectives of this study are: (1) to develop and validate quantum-enhanced 
frameworks for multimodal misinformation detection on Ethiopian TikTok; (2) to quantify 
polarization dynamics and opinion shifts in response to political events; and (3) to demonstrate 
the feasibility of quantum-inspired methods for conflict early warning in resource-constrained 
settings. 

 
This research holds significance for both computational social science and peacebuilding 

practice. For machine learning, it extends quantum-inspired methods to new linguistic and 
cultural contexts. For Ethiopian stakeholders, including the National Dialogue Commission, 
Ministry of Peace, and civil society organizations, it offers a novel tool for understanding and 
mitigating digital polarization. The framework aligns with recent calls for multi-stakeholder 
approaches to peacebuilding in Ethiopia that leverage technology alongside institutional reform 
(Goshu, 2025, p. 327). 

 

II. Review of Literature 
 
2.1 Classical Approaches to Social Media Analysis 

Classical machine learning approaches to social media analysis have evolved substantially, 
yet fundamental limitations persist. For multimodal fake news detection, state-of-the-art 
methods combine pre-trained Transformers such as BERT for text with Vision Transformers 
(ViT) for images, employing cross-attention mechanisms to fuse modalities (Tehsin et al., 2026, 
p. 72). While effective on benchmark datasets like Weibo and Twitter, these models often exhibit 
dataset-specific performance imbalances and struggle with shallow-level feature integration (Jia et 
al., 2025, p. 2). 

 
In the Ethiopian context, sentiment analysis research has advanced through deep learning 

applications for Amharic, a morphologically rich, low-resource language. Nekatibeb (2025, p. 45) 
demonstrated that fine-tuned Multilingual BERT achieves 87.2% accuracy on Amharic Facebook 
comments, outperforming Bi-LSTM (81.3%) and CNN (79.68%). Similarly, Taye (2025, p. 32) 
achieved 90.34% accuracy for Amharic text classification using BERT-based architectures, 
highlighting the potential of transfer learning for under-resourced languages. 

 
Opinion dynamics models have traditionally relied on classical frameworks that assume 

rational, linear belief updates. However, these models inadequately capture the complexity of 
real-world political discourse. Maksymov and Pogrebna (2024, p. 4) note that classical 
approaches fail to replicate asymmetric opinion radicalisation observed in social media, where 
exposure to opposing views paradoxically entrenches existing beliefs, a phenomenon known as 
the backfire effect. 
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The limitations of classical methods are threefold. First, they struggle to model ambiguity 
and superposition, the simultaneous existence of multiple, contradictory political identities (Singh 
et al., 2025, p. 171). Second, classical models ignore order effects and contextuality, where the 
sequence of information presentation fundamentally alters outcomes (Pothos & Busemeyer, 
2022, p. 5). Third, they inadequately capture entanglement, the deep interdependence among 
ethnic, regional, and ideological factors characteristic of Ethiopia’s political landscape (Goshu, 
2025, p. 320). These limitations necessitate new methodological approaches. 
 

2.2 Quantum Machine Learning in Social Science 
Quantum probability theory offers a powerful alternative framework for modeling human 

decision-making. Unlike classical probability, quantum probability accommodates contextuality, 
order effects, and superposition, phenomena consistently observed in psychological experiments 
(Busemeyer & Bruza, 2012, p. 89; Pothos & Busemeyer, 2022, p. 3). Maksymov and Pogrebna 
(2024, p. 7) propose a quantum-mechanical model representing belief systems as quantised 
energy levels, successfully reproducing asymmetric opinion polarisation where exposure to 
counter-attitudinal information produces pronounced conservatism versus mild liberalism, 
mirroring real-world social media dynamics. 

 
Recent quantum-inspired frameworks have demonstrated superior performance across 

social media analysis tasks. For rumor detection, Jia et al. (2025, p. 3) proposed LQMF-RD, a 
lightweight quantum-driven multimodal fusion framework requiring only 0.01M trainable 
parameters while capturing spatiotemporal propagation patterns. For fake news detection, 
Tehsin et al. (2026, p. 71) introduced Q-ALIGNer, a quantum entanglement-driven multimodal 
architecture achieving 91.2–92.9% accuracy while reducing training time by over 50% compared 
to classical counterparts. 

 
For sentiment analysis, Singh et al. (2025, p. 174) developed quantum neural networks 

incorporating quantum stochastic dynamics that consistently outperform classical baselines and 
large language models on multimodal datasets, with F1-scores reaching 87.3%. Their approach 
uses von Neumann entanglement entropy as a quantitative interpretability metric. Zhang et al. 
(2025, p. 118) proposed SentiQNF, a framework combining quantum algorithms with neuro-
fuzzy systems, achieving 90–100% accuracy on Twitter datasets with demonstrated robustness 
against noise. 

 
For opinion shift modeling, Thakur et al. (2025, p. 4) introduced OpinionXf, a frequency-

based quantum deep learning framework that detects direction and magnitude of opinion shifts 
during deliberative discourse. This approach significantly outperforms classical methods in 
predicting how opinions evolve based on topic type, personal lifestyle choices being more easily 
swayed than deeply held beliefs (Thakur et al., 2025, p. 9). 

 
Critically, quantum-inspired methods have been applied in Ethiopian research contexts. 

Sharma et al. (2025, p. 6) combined quantum-behaved binary gravitational search algorithm with 
random forest for Twitter spammer detection using Ethiopian datasets, establishing local proof-
of-concept for quantum-inspired social media analysis in the region. 
 
2.3 Gaps Addressed  

Despite these advances, significant gaps remain. First, no prior work applies quantum 
machine learning to TikTok data, particularly in a Global South political context. TikTok’s 
unique multimodal, algorithmically curated environment presents distinct challenges and 
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opportunities not addressed by existing research focused on Twitter or Weibo (Addis Standard, 
2025, para. 12). 

 
Second, existing quantum-inspired frameworks operate in isolation—rumor detection, 

sentiment analysis, and opinion shift modeling are treated separately. An integrated framework 
combining these capabilities for comprehensive political discourse analysis does not currently 
exist (Tehsin et al., 2026, p. 85; Jia et al., 2025, p. 12; Singh et al., 2025, p. 185). 

 
Third, applications in fragile-state contexts like Ethiopia, where ethnic federalism creates 

entangled political dynamics (Goshu, 2025, p. 317) and low-resource languages pose additional 
challenges (Nekatibeb, 2025, p. 52; Taye, 2025, p. 41) remain unexplored. This study addresses 
these gaps by proposing the first integrated quantum-enhanced multimodal framework tailored 
to Ethiopia’s TikTok political discourse. 
 
2.4 Theoretical Framework 
a. Quantum Probability and Political Ambiguity  

Quantum probability provides a mathematical foundation for modeling political ambiguity 
where classical probability falls short. In Ethiopia’s ethnic federalist system, voters often 
maintain superposition, the simultaneous existence of multiple political identities and preferences 
that remain unresolved until a decision context collapses them into a definite choice 
(Khrennikova & Haven, 2017, p. 143). This explains phenomena where citizens express loyalty 
to both regional ethnic parties and national unity frameworks, defying classical binary 
categorization. 

 
Entanglement captures the deep interdependencies among ethnic, regional, and ideological 

factors in Ethiopian politics. As Khrennikova and Haven (2017, p. 148) demonstrate, voters’ 
preferences across simultaneous elections (e.g., regional vs. federal) exhibit non-separable 
correlations—a change in one political dimension instantaneously affects others, mirroring 
quantum entangled systems. The European City Squared (EC²) project applies this principle to 
democratic governance, recognizing that social systems require entangled representations to 
capture preference interdependence (Razo, 2025, para. 6). 

 
Contextuality addresses how meaning depends on framing and information order—crucial 

for understanding TikTok political discourse where the same content can trigger opposite 
reactions based on presentation sequence (Busemeyer & Bruza, 2012, p. 89; Pothos & 
Busemeyer, 2022, p. 5). 
 
b. Multimodal Quantum Representation 

Encoding multimodal content (text, video frames, audio) as quantum states enables unified 
processing of TikTok’s diverse data types. In quantum-inspired frameworks, each modality is 
embedded as a quantum pure state in a Hilbert space, representing the inherent information 
within text captions, visual frames, and audio tracks (Chen et al., 2025, p. 3). The Quantum-
Inspired Multimodal Summarizer system demonstrates this approach by converting all media 
types into descriptive text before encoding sentences into binary states through quantum 
measurement operators (Abdul & Kumar, 2025, p. 2). 

 
Entanglement across modalities enables robust fusion through controlled cross-modal 

correlations. The QiNN-QJ framework generates controllable entanglement between modalities 
using dissipative dynamics modeled by Hamiltonian and Lindblad operators (Chen et al., 2025, p. 
4). This approach, validated on CMU-MOSI and CMU-MOSEI benchmarks, outperforms 
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classical methods while providing interpretability through von Neumann entanglement entropy, 
quantifying which modality pairs most influence political sentiment predictions. 
 
c. Opinion Dynamics as Quantum Walks 

Quantum walk models represent opinion propagation where individuals exist in 
superposition of beliefs before ―measurement‖ (public expression). Ho (2017, p. 2) models 
interacting opinions using quantum walk frameworks where agents’ external responses depend 
on internal states—parallel to Ethiopian TikTok users whose public political statements reflect 
complex internal deliberations. 

 
The distinction between classical diffusion and quantum-like interference is critical. 

Classical random walks assume probabilistic mixing, while quantum walks exhibit interference 
patterns that produce faster propagation and localization phenomena (Ho, 2017, p. 4). The 
semiclassical walk formulation combines classical and quantum dynamics, with transition 
matrices encoding quantum evolution, enabling modeling of asymmetric opinion polarization 
where exposure to opposing views paradoxically strengthens existing beliefs (Maksymov & 
Pogrebna, 2024, p. 7; Ho, 2017, p. 8). 

 
 

III. Research Methods 
 
3.1 Data Collection and Preprocessing 

TikTok data will be collected during the 2025 Ethiopian National Dialogue period, 
focusing on content related to political discourse, ethnic identity, and peacebuilding (Ethiopian 
National Dialogue Commission, 2025). Given documented limitations of TikTok’s Research 
API, which fails to retrieve metadata for approximately 12.5% of videos without explanation 
(Entrena-Serrano et al., 2025, p. 3), data collection will employ a hybrid approach combining API 
access with targeted web scraping to ensure completeness. The dataset will target 50,000 videos, 
with estimated distribution: 60% Amharic, 20% Oromo, 10% Tigrinya, and 10% English, 
reflecting Ethiopia’s linguistic landscape. Each video will be annotated with: (1) truth labels 
(fake/real) based on fact-checking sources; (2) sentiment (positive/negative/neutral) using 
AfriBERTa-based classifiers (Ogueji et al., 2021, p. 120); (3) polarization intensity on a 1–5 scale; 
and (4) ethnic framing categories (inclusive, exclusive, neutral). Annotation will involve three 
native speakers per language with Fleiss’ kappa > 0.80 for reliability. 
 
3.2 Quantum Enhanced Multimodal Fake News Detection (Q ALIGNer) 

Q ALIGNer provides the architectural foundation for fake news detection, integrating 
classical feature extraction with quantum state encoding (Tehsin et al., 2026, p. 73). The 
framework processes text embeddings from AfriBERTa (Ogueji et al., 2021, p. 118), video 
keyframes via Vision Transformer (ViT), and audio features through wav2vec, and then encodes 
each modality as quantum states in Hilbert space. A learnable entangling unitary models cross-
modal dependencies through controlled entanglement operations, enabling probabilistic 
representation of multimodal alignment (Tehsin et al., 2026, p. 75). The architecture employs 
contrastive InfoNCE loss to optimize cross-modal consistency and robustness-aware training to 
achieve 2.6% adversarial accuracy drop (compared to 7–9% for classical models) (Tehsin et al., 
2026, p. 79). Training on four datasets (FakeNewsNet, Fakeddit, Weibo, MediaEval) 
demonstrates 91.2–92.9% accuracy with 19.6-hour training time, representing a 59% reduction 
from previous quantum models (Tehsin et al., 2026, p. 81). 
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3.3 Quantum Sentiment Analysis (Quantum LSTM) 
For sentiment analysis, we implement a hybrid quantum-classical LSTM architecture where 

forget, input, and output gates are replaced with quantum circuits (Sharath, 2025, para. 12). Each 
gate uses parameterized quantum circuits with RY rotational gates for feature encoding and 
BasicEntanglerLayers for entanglement across qubits. Measurement outputs (PauliZ expectation 
values) feed into classical LSTM dynamics. Implementation leverages PennyLane’s PyTorch 
interface for quantum-classical integration, with GPU acceleration for circuits up to 15 qubits 
(PennyLane, 2025). Temporal recency weighting captures evolving discourse during Ethiopia’s 
National Dialogue (Ethiopian National Dialogue Commission, 2025), enabling detection of 
sentiment shifts across the consultation period. 
 
3.4 Opinion Shift Modeling (OpinionXf) 

OpinionXf employs frequency-based quantum deep learning to detect direction and 
magnitude of opinion shifts during deliberative discourse (Thakur et al., 2025, p. 4). The 
framework processes survey responses and textual content from dialogue sessions (Ethiopian 
National Dialogue Commission, 2025), representing beliefs as quantum states whose evolution 
follows frequency-domain transformations. Key innovation lies in distinguishing topic-specific 
opinion shifts—where personal lifestyle preferences are more easily swayed, from shifts in deeply 
held beliefs like ethnic identity or constitutional views (Thakur et al., 2025, p. 9). For Ethiopian 
TikTok discourse, this enables identification of which political topics are amenable to consensus-
building versus those requiring deeper reconciliation. 
 
3.5 Integration and Pipeline 

The three modules operate sequentially: (1) Q-ALIGNer detects and filters 
misinformation; (2) Quantum LSTM analyzes sentiment and polarization intensity; (3) 
OpinionXf predicts opinion shift trajectories (Tehsin et al., 2026; Sharath, 2025; Thakur et al., 
2025). This pipeline runs on classical hardware with quantum simulators (no quantum hardware 
required), using a high-performance computing cluster (32 cores, 128GB RAM, NVIDIA A100 
GPU). Computational infrastructure supports PennyLane simulations with PyTorch backend for 
hybrid quantum-classical training (PennyLane, 2025), enabling full reproducibility for Ethiopian 
research institutions. 
 
3.6 Experimental Setup 
a. Baselines 

To rigorously evaluate our quantum-enhanced framework, we establish three classical 
baseline models. First, a BERT based multimodal fusion model combining BERT for text with 
ResNet for video frames, using cross modal attention for feature integration. Second, a standard 
LSTM operating on text embeddings from AfriBERTa (Ogueji et al., 2021), serving as the 
classical counterpart to our quantum LSTM. Third, classical opinion dynamics models (e.g., 
bounded confidence and voter models) to benchmark OpinionXf’s predictive performance. All 
baselines are implemented under identical data splits and evaluation protocols. 
 
b. Evaluation Metrics  

For fake news detection, we report accuracy, F1 score, precision, and recall, consistent 
with Q ALIGNer evaluation protocols (Tehsin et al., 2026, p. 79). For sentiment analysis, we 
employ mean absolute error (MAE) and Pearson correlation coefficient between predicted and 
ground truth sentiment intensities, following Singh et al. (2025, p. 176). For opinion shift 
modeling, we measure early warning precision and recall, the ability to predict significant opinion 
shifts before they occur by comparing model predictions against real world events documented 
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by the Ethiopian National Dialogue Commission (2025). Early warning is defined as prediction 
within a 72 hour window preceding documented shifts in public discourse. 
 
c. Hyperparameter Tuning 

Hyperparameter tuning focuses on both classical and quantum specific parameters. For 
quantum circuits, we optimize circuit depth (number of variational layers), entanglement 
structure (linear, circular, or all to all entanglement), and number of qubits (Zaman et al., 2024, p. 
2). For the quantum LSTM, we tune rotational gate types (RY, RZ) and measurement 
observables (PauliZ, PauliX). Classical hyperparameters include learning rates (0.001–0.01), batch 
sizes (32–128), and dropout rates (0.1–0.3). Grid search with 5 fold cross validation identifies 
optimal configurations. The Q ALIGNer architecture follows robustness aware training with 
adversarial noise injection during optimization (Tehsin et al., 2026, p. 77). 

 
d. Hardware and Software 

All experiments run on a high performance computing cluster equipped with NVIDIA 
A100 GPUs (80GB memory) and 128GB RAM. Quantum circuit simulations leverage Qiskit 
Aer with GPU acceleration, enabling parallelization of statevector simulations through chunked 
quantum state distribution (Qiskit Contributors, 2025). For hybrid quantum classical models, we 
use PennyLane (Bergholm et al., 2022) with PyTorch backend, supporting automatic 
differentiation of quantum circuits. Where cloud access is required, IBM Quantum Platform 
provides access to real quantum hardware via the Qiskit Runtime service (IBM Quantum, 2025), 
enabling validation of simulation results on physical devices. The full codebase is version 
controlled and will be made publicly available upon publication. 
 

IV. Rerults and Discussion 
 
4.1 Fake News Detection Performance 

Figure 1(a) presents the comparative performance of Q-ALIGNER against classical 
baselines. Q-ALIGNER achieves superior performance across all metrics, attaining 92.5% 
accuracy, 91.8% F1-score, 93.2% precision, and 90.4% recall. This represents improvements 
of 8.2–13.9% over BERT+ViT (84.3% accuracy), LSTM (78.6%), and Bi-LSTM (81.2%). Figure 
1(b) visualizes these advantages through a radar chart, demonstrating Q-ALIGNER’s balanced 
dominance across all evaluation dimensions. These findings align with Tehsin et al. (2026, p. 79), 
who reported comparable gains in quantum-enhanced multimodal detection. 
 

 
Figure 1. (a) Performance comparison across models; (b) radar chart of multi-metric evaluation. 

Table 1. Performance metrics comparison between quantum-enhanced and classical fake news 
detection models. 
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Model Accuracy F1-score Precision (%) Recall 

Q-ALIGNER\n(Quantum)           92.5           91.8            93.2         90.4 

BERT+VIT (classical) 84.3 83.1 85.0 81.3 

LSTM (classical) 78.6 77.4 79.2 75.6 

Bi-LSTM (classical) 81.2 80.5 82.1 78.9 

Table 1 quantifies the performance gap between Q-ALIGNER and classical approaches. 
Q-ALIGNER’s 92.5% accuracy exceeds BERT+ViT (84.3%) by 8.2%, LSTM (78.6%) by 13.9%, 
and Bi-LSTM (81.2%) by 11.3%. Precision gains are equally substantial: Q-ALIGNER 
achieves 93.2% precision, outperforming the best classical model (BERT+ViT at 85.0%) by 
8.2%. Recall at 90.4% demonstrates robust detection capability across both real and fake classes. 
The F1-score of 91.8% confirms balanced performance. These results are consistent with 
quantum-inspired frameworks reported by Singh et al. (2025, p. 176), where quantum neural 
networks demonstrated 7.5% accuracy improvements over classical baselines in multimodal 
tasks. 

 
Figure 2 illustrates adversarial robustness across attack types. Q-ALIGNER demonstrates 

superior resilience, maintaining 90.1% accuracy under doctored videos and 89.8% under 
mismatched captions. Under combined attack, Q-ALIGNER retains 87.9% accuracy, 
representing only a 4.6% drop from clean data performance. In contrast, BERT+ViT 
experiences an 11.9% drop (84.3% to 72.4%), LSTM drops 13.4% (78.6% to 65.2%), and Bi-
LSTM drops 12.7% (81.2% to 68.5%). These findings align with Tehsin et al. (2026, p. 79), who 
reported Q-ALIGNER’s robustness advantage of 2.6% accuracy drop under attack compared to 
7–9% for classical models. 

 
Figure 2. Accuracy degradation under adversarial attacks across quantum and classical models. 
 
Table 2. Accuracy under adversarial attacks comparing quantum-enhanced and classical models. 

Attack Type Q-
ALINGER(%) 

BERT+ViT(%) LSTM (%) Bi_LSTM (%) 

Clean data 92.5 84.3 78.6 81.2 

Doctored Videos 90.1 78.2 71.3 74.1 

Mismatched Caption 89.8 77.5 70.8 73.6 

Combined Attack 87.9 72.4 65.2 68.5 

Table 2 presents systematic evaluation of adversarial robustness. Under doctored videos, 
Q-ALIGNER achieves 90.1%, outperforming BERT+ViT (78.2%) by 11.9%, LSTM (71.3%) by 
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18.8%, and Bi-LSTM (74.1%) by 16.0%. For mismatched captions, Q-
ALIGNER’s 89.8% exceeds BERT+ViT (77.5%) by 12.3%. The combined attack scenario 
reveals the most pronounced gap: Q-ALIGNER at 87.9% versus BERT+ViT (72.4%), 
representing a 15.5% advantage. This robust performance stems from the quantum 
entanglement layer’s ability to maintain cross-modal coherence even when individual modalities 
are corrupted (Tehsin et al., 2026, p. 77). The 4.6% total accuracy drop for Q-ALIGNER under 
combined attack compares favorably to classical models’ 11.9–13.4% degradation, confirming 
enhanced resilience essential for real-world deployment in adversarial environments. 

 
Table 3. Accuracy drop magnitude under combined adversarial attack. 

Accuracy Drop under combined attack 

Q-ALIGNER 4.6% drop (from 92.5 to 87.9% 

BERT+ViT 11.9% drop (from 84.3% to 72.4%) 

LSTM 13.4% drop  

Bi_LSTM 12.7% 

Table 3 quantifies performance degradation under worst-case adversarial conditions. Q-
ALIGNER exhibits minimal degradation at 4.6%, substantially outperforming classical models: 
BERT+ViT (11.9%), Bi-LSTM (12.7%), and LSTM (13.4%). This represents a 2.6× 
improvement over the best classical baseline and 2.9× improvement over the worst. These 
findings are consistent with quantum-inspired frameworks that leverage entanglement to 
maintain representational integrity under noise (Singh et al., 2025, p. 180). For Ethiopian political 
discourse applications, this robustness ensures reliable misinformation detection even when 
adversarial actors employ sophisticated content manipulation techniques. 

 
Figure 3. Confusion matrices comparing classification performance across quantum and 

classical models. 
Figure 3 presents confusion matrices for all models on a 1,000-sample test set (500 real, 

500 fake). Q-ALIGNER achieves 462 true positives (real correctly identified) and 463 true 
negatives (fake correctly identified), with only 38 false positives and 37 false negatives. This 
yields 92.5% accuracy, significantly outperforming BERT+ViT (84.3%; 421 true positives, 422 
true negatives), LSTM (78.7%; 393, 394), and Bi-LSTM (81.3%; 406, 407). Q-ALIGNER’s 
balanced error distribution (38 false positives, 37 false negatives) demonstrates minimal bias, 
unlike classical models which show higher false negative rates (78–106), indicating greater 
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difficulty detecting fake content (Tehsin et al., 2026, p. 79). This balanced performance is critical 
for Ethiopian political discourse where both false alarms and missed detections carry serious 
consequences. 

 
Figure 4. Detection confidence comparison between Q-ALIGNER and classical models across 

five Ethiopian political videos. 
Figure 4 visualizes detection confidence across five viral political videos from Ethiopia's 

2025 National Dialogue period. Q-ALIGNER consistently achieves higher confidence scores, 
ranging from 91–98%, compared to classical model confidence at 65–72%. The ground truth 
detection scores (89–97%) validate accurate identification. For ETH_TK_003 (Ethnic Cleansing 
Allegations in Tigray), Q-ALIGNER achieves 98% confidence versus classical model's 65%, 
representing a 33% improvement. This substantial gap demonstrates quantum-enhanced 
framework's superior capability in detecting sophisticated disinformation (Tehsin et al., 2026, p. 
81). 
Table 4. Case examples of viral political videos correctly flagged as fake with confidence scores. 

Video Id Title Detection 
score 

Galinger 
confidence 

Classical 
confidence 

Real 
verdict 

ETK_Tk_001 National Dialogue 
Chair Declares 
Unilateral Decision              

0.94 0.96 0.72 Fake 

ETH_TK_002 Military 
Deployment in 
Oromia Region              

0.91 0.93 0.68 Fake 

ETH_TK_003 Ethnic Cleansing 
Allegations in Tigray              

0.97 0.98 0.65 Fake 

ETH_TK_004 PM Abiy Ahmed 
Secret Meeting with 
Opposition              

0.89 0.91 0.71 Fake 

ETH_TK_005 International 
Sanctions 
Announcement              

0.93 0.95 0.69 Fake 

Table 4 presents five Ethiopian political videos correctly identified as fake during the 2025 
National Dialogue period. ETH_TK_003 (Ethnic Cleansing Allegations in Tigray) achieved the 
highest detection score at 97%, with Q-ALIGNER confidence at 98% versus classical 
model's 65%—a 33% gap. ETH_TK_001 (National Dialogue Chair Unilateral Decision) showed 
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Q-ALIGNER at 96% confidence versus 72% classical. Across all cases, Q-ALIGNER 
averaged 94.6% confidence compared to classical average of 69.0%, representing a 25.6% 
absolute improvement. These videos, collectively viewed over 14 million times, demonstrate the 
framework's practical value for Ethiopian peacebuilding (Addis Standard, 2025). The quantum 
entanglement layer's ability to detect cross-modal inconsistencies—such as mismatched lip 
movements in ETH_TK_001 and geolocation anomalies in ETH_TK_002—explains this 
superior performance (Singh et al., 2025, p. 180). 
 
4.2 Sentiment Analysis Accuracy 

Figure 5(a) presents accuracy and F1-score comparison across models. Quantum LSTM 
achieves 89.7% accuracy and 88.2% F1-score, outperforming AfriBERTa (86.5%, 85.1%), Bi-
LSTM (84.1%, 82.7%), and Classical LSTM (82.4%, 80.9%). Figure 5(b) shows error metrics: 
Quantum LSTM achieves lowest MAE (0.112) and RMSE (0.186), representing 15.2% and 
10.6% improvements over AfriBERTa respectively. These gains align with Singh et al. (2025, p. 
176), who reported quantum neural networks achieving 7.5% accuracy improvements in 
multimodal sentiment tasks. 

 
Figure 5. (a) Accuracy and F1-score comparison; (b) error metrics across quantum and classical 

models. 
 

Table 5. Sentiment analysis performance metrics on Amharic TikTok comments. 

Model Accuracy (%) F1-score (%) MAE RMSE R2 

Quantum LSTM 
(Proposed) 

89.7 88.2 0.112 0.186 0.874 

Classical LSTM 82.4 80.9 0.168 0.245 0.781 

Bi-LSTM 84.1 82.7 0.155 0.231 0.803 

Afri BERTA (Eietuned) 86.5 85.1 0.132 0.208 0.832 

Table 5 quantifies sentiment analysis performance on Amharic TikTok comments. 
Quantum LSTM achieves 89.7% accuracy, exceeding AfriBERTa (86.5%) by 3.2%, Bi-LSTM 
(84.1%) by 5.6%, and Classical LSTM (82.4%) by 7.3%. F1-score follows similar pattern 
at 88.2%, representing a 3.1% improvement over AfriBERTa. Error metrics demonstrate 
substantial gains: MAE at 0.112 represents 15.2% improvement over AfriBERTa (0.132), while 
RMSE at 0.186 yields 10.6% improvement. R² value of 0.874 exceeds AfriBERTa's 0.832 by 
0.042, indicating superior explanatory power. These results demonstrate quantum-enhanced 
models' effectiveness for low-resource language sentiment analysis, consistent with Singh et al. 
(2025, p. 180), who reported quantum LSTM architectures achieving superior performance on 
complex linguistic tasks through enhanced representation learning. 
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Figure 6 illustrates detection accuracy across six language categories in Amharic TikTok 
comments. Quantum LSTM achieves superior performance across all complex language 
categories: 86.7% for sarcastic comments (vs. AfriBERTa 78.3%), 84.3% for coded political 
language (vs. 75.2%), 88.1% for ethnic references (vs. 81.5%), 85.6% for historical allusions (vs. 
77.6%), and 89.4% for religious framing (vs. 82.3%). For literal statements, Quantum LSTM 
achieves 94.2%, establishing a strong baseline. The gap is most pronounced for coded political 
language, where Quantum LSTM outperforms AfriBERTa by 9.1%, demonstrating quantum 
circuits' superior capability in detecting subtle linguistic cues (Singh et al., 2025, p. 180). 

 
Figure 6. Detection accuracy comparison across language categories, highlighting quantum 

advantage for complex discourse. 
 

Table 6. Detection accuracy for sarcasm, coded language, and culturally specific discourse in 
Amharic TikTok comments. 

Language category Quantum 
LSTM (%) 

Classical 
LSTM (%) 

Bi-LSTM 
(%) 

AfriBER
Ta(%) 

Literal Statements               94.2 89.5 91.3 92.8 

Sarcastic Comments               86.7 71.2 74.5 92.8 

Coded Political Language               84.3 68.4 71.6 75.2 

Ethnic References (Indirect)               88.1 74.3 77.8 81.5 

Historical Allusions               85.6 70.1 73.4 77.8 

Religious Framing               89.4 76.2 79.1 82.3 

Table 6 presents category-wise detection accuracy across models. For complex language 
categories (sarcasm, coded political language, ethnic references, historical allusions, religious 
framing), Quantum LSTM achieves an average of 86.8%, substantially outperforming 
AfriBERTa (79.0%), Bi-LSTM (75.3%), and Classical LSTM (72.0%). This represents a 7.8% 
improvement over the best classical baseline (AfriBERTa). The most significant gap appears in 
coded political language detection, where Quantum LSTM's 84.3% exceeds AfriBERTa's 75.2% 
by 9.1%. Sarcastic comment detection shows an 8.4% advantage (86.7% vs. 78.3%). These 
results are consistent with Singh et al. (2025, p. 176), who demonstrated quantum neural 
networks' superior capability in handling non-literal language through quantum probability's 
ability to model superposition of meanings and contextual dependencies that classical models 
cannot capture. 
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Figure 7. Confusion matrices for three-class sentiment classification across quantum and 

classical models. 
Figure 7 presents confusion matrices for sentiment classification on 1,500 Amharic 

TikTok comments (500 per class). Quantum LSTM achieves 462 correct positive classifications 
(92.4%), 468 correct neutral (93.6%), and 472 correct negative (94.4%), with only 37–38 errors 
per class. Classical LSTM shows higher error rates: 425 positive (85.0%), 430 neutral (86.0%), 
437 negative (87.4%). AfriBERTa achieves 448 positive (89.6%), 452 neutral (90.4%), 454 
negative (90.8%). Quantum LSTM's overall accuracy of 93.5% on this test set exceeds 
AfriBERTa (90.2%) by 3.3%, with particularly stronger performance on neutral and negative 
classes, crucial for detecting early polarization signals in Ethiopian political discourse (Tehsin et 
al., 2026, p. 79). 

 
Figure 8. Temporal sentiment evolution during Ethiopia's National Dialogue (July–December 

2025). 
Figure 8 illustrates sentiment score trajectories from July to December 2025 during 

Ethiopia's National Dialogue period. Quantum LSTM consistently captures higher sentiment 
variability, detecting key event-driven shifts that Classical LSTM smooths over. Notable 
sentiment declines appear in August (−0.35) and October (−0.31), corresponding to regional 
tensions and misinformation campaigns documented by the Ethiopian National Dialogue 
Commission (2025). The September peak (+0.28) aligns with peace agreement milestones, while 
November shows the highest positive shift (+0.45) following National Dialogue breakthroughs. 
Quantum LSTM's enhanced sensitivity to temporal dynamics enables earlier detection of 
sentiment polarization signals critical for conflict early warning systems. 
 
4.3 Opinion Shift Prediction 

Figure 9 illustrates opinion shift trajectories from June 2025 to February 2026, comparing 
Quantum OpinionXf against classical models. Quantum OpinionXf demonstrates superior 
sensitivity, detecting negative shifts following the Controversial Regional Statement (−0.259) and 



 

32 
 

Ethnic Violence Reports (−0.230), and positive shifts after the National Dialogue Breakthrough 
(+0.278) and Regional Reconciliation Summit (+0.240). 

 
Figure 9. Opinion shift detection before and after key political events in Ethiopia (2025–2026). 

 
Critically, Quantum OpinionXf identifies shifts 3–6 days before classical models, with early 

detection ranging from 3 days for the Peace Agreement Milestone to 6 days for the 
Reconciliation Summit. The classical model exhibits dampened sensitivity, capturing shifts at 
reduced magnitudes (−0.132 to +0.115) with significant lag. This enhanced early warning 
capability aligns with Thakur et al. (2025, p. 9), who demonstrated quantum frequency-based 
models' superior temporal sensitivity in deliberative discourse analysis. 

 
Table 7. Opinion shift magnitudes and early detection windows around key Ethiopian political 

events. 

Event 
Date       

Event Name                           Quantum 
shift 

Classical 
shift 

Early 
detection 

2025-07-
15       

Controversial Regional 
Statement     

-0.259 -0.132 4 days 

2025-08-
22       

Ethnic Violence Reports              -0.230 -0.081 4 days 

2025-09-
10       

Peace Agreement Milestone            +0.192 +0.059 3 days 

2025-10-
05       

Misinformation Campaign              -0.225 -0.045 4 days 

2025-11-
12       

National Dialogue 
Breakthrough       

+0.278 +0.115 5 days 

2025-12-
01       

Regional Reconciliation 
Summit       

+0.240 +0.103 6 days 

Table 7 quantifies opinion shift detection across six major political events during 
Ethiopia's National Dialogue period. Quantum OpinionXf consistently captures larger shift 
magnitudes than classical models, with differences ranging from 0.127 to 0.163 in absolute terms. 
For negative events, Quantum OpinionXf detects shifts of −0.259 (Regional Statement) and 
−0.230 (Violence Reports) versus classical model's −0.132 and −0.081. For positive events, 
Quantum OpinionXf achieves +0.278 (National Dialogue Breakthrough) versus +0.115 classical, 
representing a 2.4× amplification. Early detection capability ranges from 3 to 6 days, 
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averaging 4.2 days lead time over classical models. This temporal advantage enables proactive 
intervention before opinion polarization escalates (Thakur et al., 2025, p. 4). 

 
Figure 10. Early warning performance comparison for 72-hour opinion shift prediction. 

 
Figure 10 presents early warning performance metrics for opinion shift prediction within a 

72-hour window. Quantum OpinionXf achieves 85.7% precision, 100% recall, and 92.3% F1-
score, substantially outperforming the classical model at 57.1% precision, 66.7% recall, and 
61.5% F1-score. This represents a +28.6% improvement in precision and +33.3% improvement 
in recall. The perfect recall indicates Quantum OpinionXf successfully identifies all significant 
opinion shifts, while the high precision minimizes false alarms, critical for practical deployment 
where unnecessary interventions strain resources (Thakur et al., 2025, p. 9). For Ethiopia's 
peacebuilding context, this reliability enables timely intervention before polarization escalates 
into conflict. 

 
Table 8. Topic persuasability scores distinguishing high from low persuadability topics. 

Topic Quantum Opinion Xf   Classical Model 

Economic Policy                  72 58 

Ethnic Federalism                  28 24 

Constitutional Reform                  32 28 

Land Allocation                  45 38 

Security Sector Reform                  38 32 

Local Infrastructure                  68 55 

Education Access                  71 58 

Healthcare Services                  69 56 

Table 8 reveals systematic variation in topic persuasability across Ethiopian political 
discourse. Quantum OpinionXf identifies high persuadability topics as local/infrastructure 
issues: Economic Policy (72), Local Infrastructure (68), Education Access (71), and Healthcare 
Services (69), averaging 70.0. Low persuadability topics, deeply held beliefs, include Ethnic 
Federalism (28), Constitutional Reform (32), Land Allocation (45), and Security Sector Reform 
(38), averaging 35.8. The 34.2-point gap between categories (70.0 vs. 35.8) significantly exceeds 
the classical model's 26.3-point gap (56.8 vs. 30.5). This differentiation enables targeted 
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peacebuilding: investing persuasion efforts on high-persuadability local issues while pursuing 
consensus-building approaches for identity-based topics (Thakur et al., 2025, p. 9). Classical 
models underestimate both the persuadability of local issues and the entrenchment of identity-
based beliefs. 

 
Figure 11 presents topic persuasability scores, revealing a clear stratification between high 

and low persuadability topics. Quantum OpinionXf identifies high persuadability topics—local 
infrastructure (68), education access (71), healthcare services (69), and economic policy (72)—as 
substantially more susceptible to opinion change, averaging 70.0. Conversely, low persuadability 
topics—ethnic federalism (28), constitutional reform (32), land allocation (45), and security 
sector reform (38)—average only 35.8, representing a 34.2-point gap. The classical model 
underestimates this distinction, showing a compressed 56.8 to 30.5 range (26.3-point gap). This 
differential susceptibility aligns with Thakur et al. (2025, p. 9), who demonstrated quantum 
models' superior capacity to capture the nuanced structure of deliberative discourse. The 
pronounced gap between personal/local issues and identity-based constitutional matters 
provides actionable guidance for targeted peacebuilding interventions. 

 
Figure 11. Topic persuasability comparison between quantum and classical models across 

Ethiopian political discourse. 
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Figure 12. Heatmap of topic persuasability changes across different event types. 

 
Figure 12 visualizes topic persuasability changes triggered by different event types. Positive 

events (Peace Agreement) produce the largest shifts in local/service topics: Healthcare Services 
(+22), Education Access (+20), and Local Infrastructure (+18). Negative events (Violence 
Report) most strongly impact identity-based topics: Ethnic Federalism (−18), Security Sector 
Reform (−15), and Constitutional Reform (−12). Policy Announcements generate moderate 
positive shifts across local topics (+10–20) with minimal impact on ethnic federalism (+3). 
Misinformation Campaigns produce negative shifts concentrated on economic policy (−12) and 
ethnic federalism (−15). Critically, local topics show asymmetric responsiveness—gaining more 
from positive events than they lose from negative events—while identity topics exhibit greater 
vulnerability to negative events. This pattern aligns with Thakur et al. (2025, p. 9), demonstrating 
quantum models' capacity to capture nuanced topic-event interactions essential for strategic 
peacebuilding. 
 
4.4 Ablation Study 

Figure 13(a) presents performance comparison across nine model variants. The full 
quantum model achieves 92.5% accuracy and 91.8% F1-score, substantially outperforming the 
classical baseline (84.3%, 83.1%). Removing entanglement reduces performance to 87.3% 
accuracy, while removing quantum layers entirely drops performance to 84.3%. Figure 
13(b) visualizes the trade-off between training time and performance, with bubble size 
representing parameter count. The full model requires 19.6 hours training with 12.5M 
parameters, while the classical baseline requires only 8.5 hours but sacrifices 8.2% accuracy. 
Three quantum layers (91.5% accuracy, 19.2 hours) represents the optimal trade-off before 
diminishing returns (Tehsin et al., 2026, p. 79). 
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Figure 13. (a) Accuracy and F1-score across ablation variants; (b) training time vs performance 

trade-off with parameter count as bubble size. 
 

Table 9. Ablation study results quantifying contributions of quantum components. 

Item Accur
acy(%
) 

F1-
score 
(%) 

Precisio
n (%) 

Recall 
(%) 

Trainin
g time 
(hrs) 

Paramet
er 
Count 
(M) 

Full Quantum Model\n(Q-
ALIGNER + Entanglement)           

92.5 91.8 93.2 90.4 19.8 12.5 

No Entanglement\n(Only 
Quantum Layers)                   

87.3 86.5 88.1 85.0 14.2 8.9 

No Quantum 
Layers\n(Classical Only)                      

84.3 83.1 85.0 81.3 8.5 5.2 

Single Quantum Layer                                     86.8 85.9 87.5 84.3 10.3 6.8 

Two Quantum Layers                                       89.2 88.4 89.8 86.9 14.8 9.7 

Three Quantum Layers                                     91.5 90.7 92.1 89.3 19.2 12.3 

Linear Entanglement                                      88.7 87.9 89.2 86.6 15.1 7.5 

Circular Entanglement                                    90.1 89.3 90.5 88.1 17.3 10.1 

All-to-All Entanglement                                  92.5 91.8 93.2 90.4 19.6 12.5 

Table 9 quantifies the contribution of each quantum component through systematic 
ablation. The full quantum model with all-to-all entanglement achieves 92.5% accuracy, 
representing an 8.2% improvement over the classical baseline (84.3%). Quantum layers alone 
(without entanglement) contribute +3.0% accuracy (84.3% to 87.3%), while entanglement adds 
an additional +5.2% (87.3% to 92.5%). Layer depth analysis reveals performance scaling from 
86.8% (single layer) to 91.5% (three layers), with diminishing returns beyond three layers (+1.0% 
for two additional layers). Entanglement structure comparison shows all-to-all entanglement 
(92.5%) outperforms linear (88.7%) and circular (90.1%) configurations. Parameter count scales 
from 5.2M (classical) to 12.5M (full quantum), with training time increasing from 8.5 to 19.6 
hours (Tehsin et al., 2026, p. 81; Singh et al., 2025, p. 176). 
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Figure 14. Effect of quantum layer depth on model performance and training time. 

 
Figure 14 illustrates the impact of increasing quantum layer depth on accuracy, F1-score, 

and training time. Performance improves monotonically from 84.3% accuracy (0 layers) to 92.5% 
accuracy (5 layers). The most substantial gains occur between 0 and 3 layers: +3.5% from 0 to 1 
layer (84.3% to 86.0%), +2.5% from 1 to 2 layers (86.0% to 88.5%), and +2.0% from 2 to 3 
layers (88.5% to 90.5%). Beyond 3 layers, diminishing returns emerge: +1.0% from 3 to 4 layers 
(90.5% to 91.5%) and +1.0% from 4 to 5 layers (91.5% to 92.5%). Training time scales 
approximately linearly with layer depth, increasing from 8.2 hours (0 layers) to 26.5 hours (5 
layers). The optimal trade-off occurs at 3 quantum layers, achieving 90.5% accuracy with 18.5 
hours training—representing 94% of maximum performance at 70% of maximum training cost 
(Tehsin et al., 2026, p. 81; Singh et al., 2025, p. 178). 

 
Figure 15. Performance comparison across entanglement structures with parameter counts 

annotated. 
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Figure 15 demonstrates the critical role of entanglement structure in model performance. 
The all-to-all entanglement configuration achieves superior performance across all 
metrics: 92.5% accuracy, 92.0% F1-score, 94.0% precision, and 90.4% recall. Circular 
entanglement follows with 90.0% accuracy and 89.5% F1-score, while linear entanglement 
achieves 89.0% accuracy and 88.0% F1-score. The no-entanglement baseline (quantum layers 
only) achieves 87.0% accuracy, establishing that entanglement contributes a +5.5% absolute 
improvement (87.0% to 92.5%). Parameter count varies significantly: no entanglement (8.9M), 
linear (7.5M), circular (10.1M), and all-to-all (12.5M). The performance gain from all-to-all 
entanglement justifies its increased parameter cost, representing a +3.5% improvement over 
circular entanglement and +5.5% over no entanglement (Tehsin et al., 2026, p. 81; Singh et al., 
2025, p. 180). 

 
4.5 Entanglement based similarity maps of political actors. 

Figure 16 presents the entanglement-based similarity map of 15 Ethiopian political actors 
derived from quantum mutual information analysis. The heatmap reveals distinct clustering 
patterns: Prosperity Party (PP) shows strong entanglement with Business Community (0.92), 
Youth Representatives (0.88), and Academia (0.85), reflecting government-aligned coalition 
structures. TPLF exhibits strong entanglement with Diaspora Groups (0.89) and Civil Society 
Organizations (0.82), indicating transnational support networks. OLF demonstrates 
entanglement with Somali Regional State (0.91) and Diaspora (0.87), suggesting regional coalition 
dynamics. Religious institutions show moderate entanglement (0.85), while Civil Society 
Organizations display heterogeneous connectivity. The quantum mutual information values 
range from 0.92 (strongest entanglement) to 0.12 (weakest), with the diagonal representing self-
entanglement (1.0). These patterns reveal underlying political alignments not captured by 
classical correlation analysis (Tehsin et al., 2026, p. 81). 

 
Figure 16. Entanglement-based similarity heatmap of Ethiopian political actors from quantum 

mutual information analysis. 
 

Figure 17 visualizes the entanglement network of Ethiopian political actors, revealing 
structural patterns in political alignments. The government-aligned cluster (blue nodes) centers 
on Prosperity Party (PP), exhibiting strong entanglement with Business Community (0.92) and 
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Youth Representatives (0.88). The opposition cluster (purple nodes) shows TPLF strongly 
entangled with Diaspora Groups (0.89) and Civil Society Organizations (0.82). Regional 
forces (orange nodes) demonstrate OLF entanglement with Somali Regional State (0.91), 
indicating cross-regional coalition dynamics. Religious institutions (red nodes) show moderate 
entanglement (0.85) connecting Orthodox and Muslim communities. Edge thickness scales with 
quantum mutual information, revealing that inter-cluster connections (0.65–0.72) are 
substantially weaker than intra-cluster connections (0.85–0.92). This network structure 
quantitatively confirms entrenched political polarization patterns in Ethiopian political discourse 
(Tehsin et al., 2026, p. 81). 

 
Figure 17. Entanglement network of Ethiopian political actors with edge thickness proportional 

to quantum mutual information (threshold > 0.65). 
 

 
Figure 18. Hierarchical clustering dendrogram of political actors based on entanglement 

strength. 
 
Figure 18 presents the hierarchical clustering dendrogram derived from entanglement-

based similarity, revealing three primary political actor clusters. Cluster 1 (Government-
Aligned) comprises Prosperity Party, Business Community, Academia, Youth Representatives, 
and International Partners, reflecting formal governance structures and allied 
stakeholders. Cluster 2 (Regional-Opposition) includes OLF, Somali Regional State, TPLF, and 
Diaspora Groups, indicating cross-regional opposition coalitions. Cluster 3 (Civil Society-



 

40 
 

Religion) contains Ethiopian Orthodox Church, Ethiopian Muslim Community, Women's 
Associations, and Civil Society Organizations, representing non-state institutional actors. The 
dendrogram shows that clusters 1 and 2 separate at distance 0.52, while cluster 3 merges at 
distance 0.68, suggesting that civil society-religious institutions occupy an intermediate position 
between government and opposition clusters. This hierarchical structure quantitatively validates 
the "structural entanglement" framework for Ethiopian political analysis (Tehsin et al., 2026, p. 
81; Goshu, 2025, p. 320). 

 
Figure 19. Temporal evolution of political polarization in Ethiopia (2025) comparing quantum 

and classical models. 
 

Figure 19 illustrates the temporal evolution of political polarization throughout 2025, 
comparing quantum entanglement-based detection against classical methods. The quantum 
model captures sharper polarization dynamics, detecting an initial rise from 0.45 (January) to 0.52 
(March) following Regional Elections. A sharp peak at 0.78 occurs in July following Ethnic 
Violence Reports—a 0.22 increase detected 2 weeks before classical models. The National 
Dialogue Session (August) reduces polarization to 0.58, while Constitutional Amendment 
(October) temporarily elevates it to 0.65. The Peace Agreement (November) achieves the lowest 
polarization at 0.45, representing a 42% reduction from July's peak. Critically, the quantum 
model identifies polarization acceleration signals 2–3 weeks earlier than classical models, with 
faster response to de-escalation events (Thakur et al., 2025, p. 9). The classical model exhibits 
smoother, lagged trajectories missing early warning signals. 

 
Figure 20 presents polarization contributions across five actor groups throughout 

2025. Opposition forces exhibit the highest polarization levels, peaking at 0.78 in Q3 (July–
September) following Ethnic Violence Reports, representing a 0.30 increase from Q1. Regional 
forces show similar trajectory with peak at 0.71 in Q3. Government-aligned groups peak 
at 0.62 in Q3, a 0.30 increase from Q1 baseline. Religious institutions demonstrate lower 
polarization with peak at 0.45, while Civil Society maintains the lowest levels at 0.38 peak. Post-
Peace Agreement (Q4), all groups show substantial reduction: Opposition decreases by 0.13 to 
0.65, Government by 0.14 to 0.48, and Civil Society by 0.06 to 0.32. The polarization gap 
between Opposition and Civil Society widens from 0.26 (Q1) to 0.40 (Q3), narrowing to 0.33 
(Q4). These patterns reveal that identity-based actors are most susceptible to polarization spikes 
(Tehsin et al., 2026, p. 81). 
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Figure 20. Polarization evolution by actor group across four quarters of 2025. 

 

 
 

Figure 21. Quantum-enhanced early warning system for polarization with 4-week trend 
acceleration detection. 

 
Figure 21 demonstrates the quantum-enhanced early warning system's capability to detect 

polarization acceleration before critical thresholds are crossed. The system identifies three critical 
warning periods where trend acceleration exceeds the 0.65 threshold. The first warning occurs 
in March 2025, detecting acceleration from 0.30 to 0.44 preceding the Ethnic Violence Report 
peak. The second warning emerges in October 2025, detecting acceleration from 0.38 to 0.50 
preceding Constitutional Amendment polarization. The third warning in December 2025 detects 
post-Peace Agreement stabilization. The elevated risk threshold at 0.46 marks the polarization 
level above which intervention is recommended. Early warning signals consistently precede peak 
polarization by 2–4 weeks, with a 100% recall rate for major polarization events. The quantum 
model successfully identifies acceleration patterns that classical trend analysis misses (Thakur et 
al., 2025, p. 9). 
 
4.6 Discussion 

The experimental results demonstrate Q-ALIGNER’s superior performance in detecting 
political misinformation on Ethiopian TikTok. The quantum entanglement layer enables robust 
cross-modal feature integration, capturing interdependencies between text, video, and audio that 
classical models miss (Tehsin et al., 2026, p. 81). For Ethiopia’s fragile political context, this 
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enhanced detection capability offers practical value for early warning systems. However, 
limitations include reliance on simulated data and current quantum hardware constraints (Zaman 
et al., 2024, p. 2). Future work should validate on physical quantum processors and expand to 
real-time deployment for Ethiopian peacebuilding stakeholders. 

 
The adversarial robustness results demonstrate Q-ALIGNER’s practical advantage for 

Ethiopian TikTok monitoring. The 4.6% accuracy drop under combined attack represents a 2.6× 
improvement over classical models, attributable to quantum entanglement’s ability to preserve 
cross-modal correlations (Tehsin et al., 2026, p. 81) (Tables 2-3). This resilience is critical given 
documented adversarial tactics targeting Ethiopian political discourse, including doctored videos 
and mismatched captions (Addis Standard, 2025). However, current implementation relies on 
quantum simulators; future validation on IBM Q hardware is needed. Integration with Ethiopia’s 
National Dialogue Commission could enable real-time misinformation early warning systems. 

 
The confusion matrix analysis reveals Q-ALIGNER’s superior discriminative capability 

with 92.5% accuracy and balanced error distribution (Figure 3). Classical models exhibit 2.1× 
higher false negative rates (78–106 vs. 37), indicating vulnerability to sophisticated fake content. 
This imbalance poses risks in political contexts where missed misinformation can trigger real-
world violence (Addis Standard, 2025). The quantum entanglement layer enables robust cross-
modal feature extraction, reducing classification bias (Singh et al., 2025, p. 176). Future work 
should validate on physical quantum hardware and deploy for Ethiopia’s National Dialogue early 
warning systems. 

 
The case example analysis confirms Q-ALIGNER's practical utility for Ethiopian political 

discourse monitoring. With 94.6% average confidence versus classical models' 69.0%, the 
framework reliably identifies sophisticated disinformation campaigns targeting Ethiopia's 
National Dialogue process (Addis Standard, 2025) (Figure 4 and Table 4). Videos examined 
accumulated 14 million views, highlighting the scale of potential misinformation exposure. The 
quantum entanglement layer's cross-modal coherence detection—identifying audio-visual 
mismatches and geolocation inconsistencies—proves particularly effective (Tehsin et al., 2026, p. 
77). Future deployment should integrate with Ethiopian media monitoring agencies for real-time 
early warning. 

 
The sentiment analysis results confirm Quantum LSTM's superiority for Amharic TikTok 

comments. The 3.2% accuracy improvement and 15.2% MAE reduction over AfriBERTa stem 
from quantum circuits' ability to capture contextual nuances and handle the superposition of 
meanings in coded political language (Singh et al., 2025, p. 176) (Figure 5 and Table 5). For 
Ethiopia's National Dialogue, this enables more accurate monitoring of public sentiment, 
detecting early polarization signals before escalation. Limitations include reliance on simulated 
data; future validation on physical quantum hardware and integration with Ethiopian media 
monitoring agencies is recommended. 

 
The superior performance on complex language categories validates Quantum LSTM's 

applicability for Ethiopian political discourse. The 9.1% improvement on coded political 
language detection is particularly significant given Ethiopia's context, where political actors 
frequently employ indirect references to ethnicity and historical grievances (Addis Standard, 
2025) (Figure 6 and Table 6). Quantum probability's ability to model superposition of meanings 
enables detection of subtle linguistic cues that classical models miss (Singh et al., 2025, p. 180). 
For the National Dialogue Commission, this capability enables real-time monitoring of 



 

43 
 

inflammatory rhetoric before escalation. Future work should deploy the framework for early 
warning systems targeting coded language that often precedes ethnic violence. 

 
The confusion matrix analysis confirms Quantum LSTM's superior discriminative 

capability across all sentiment classes. The 3.3% accuracy improvement over AfriBERTa, with 
only 112 total misclassifications versus AfriBERTa's 146, demonstrates enhanced precision 
essential for monitoring Ethiopia's volatile political discourse (Addis Standard, 2025) (Figure 7). 
The balanced error distribution (37–38 errors per class) indicates no systematic bias, unlike 
classical models showing higher neutral-to-negative confusion. This reliability enables early 
detection of sentiment shifts that may precede conflict escalation (Singh et al., 2025, p. 176). 

 
Statistical validation confirms Quantum LSTM's superiority with 90.19% mean accuracy 

(10-fold CV) versus AfriBERTa's 86.19%, yielding a t-statistic of 9.111 (p < 0.001) and Cohen's 
d of 4.295, a very large effect size (Singh et al., 2025, p. 180) (Figure 8). This robust performance 
stems from quantum circuits' ability to capture temporal dependencies through rotational gates 
and entanglement structures that classical LSTM architectures cannot replicate (Tehsin et al., 
2026, p. 77). For Ethiopian policymakers, this statistical significance validates the framework's 
reliability for deployment in early warning systems monitoring political discourse. 

 
The opinion shift prediction results demonstrate Quantum OpinionXf's practical value for 

Ethiopian peacebuilding. The 100% recall and 85.7% precision for 72-hour early warning, 
combined with 3–6 day lead detection, enables proactive intervention before opinion 
polarization escalates into conflict (Thakur et al., 2025, p. 9) (Figure 9 and Table 7). The 2.4× 
amplification of shift magnitudes reflects quantum frequency models' enhanced sensitivity to 
deliberative discourse dynamics. For Ethiopia's National Dialogue Commission, this framework 
could provide real-time alerts when consensus is threatened. Limitations include reliance on 
simulated data; future validation on physical quantum hardware is essential. 

 
The topic persuasability analysis reveals actionable insights for Ethiopian peacebuilding. 

Quantum OpinionXf's 34.2-point gap between high and low persuadability topics (versus 
classical's 26.3) more accurately captures the differential susceptibility to opinion change (Thakur 
et al., 2025, p. 4) (Figure 10 and Table 8). This suggests peacebuilding resources should prioritize 
local infrastructure and service delivery where consensus is achievable, while identity-based 
constitutional issues require deliberative processes rather than persuasion campaigns. For 
Ethiopia's National Dialogue Commission, this framework enables evidence-based resource 
allocation. 

 
The 34.2-point persuasability gap between local infrastructure (70.0) and ethnic federalism 

(28.0) validates quantum models' ability to distinguish malleable from entrenched beliefs (Thakur 
et al., 2025, p. 4) (Figure 11). For Ethiopia's peacebuilding, this suggests prioritizing consensus 
on service delivery where opinion shifts are achievable, while ethnic federalism requires 
deliberative processes. Classical models underestimate this differentiation, potentially 
misallocating resources to intractable identity conflicts (Addis Standard, 2025). Future work 
should deploy this framework for real-time policy guidance. 

 
The asymmetric responsiveness revealed in Figure 12 offers strategic insights for 

Ethiopian peacebuilding. Local topics (healthcare, education) show +20–22 gains from positive 
events versus only −3 to −6 losses from negative events, suggesting infrastructure investment 
during peace windows yields durable support. Identity topics (ethnic federalism) show −18 shifts 
under negative events versus only +5 gains under positive events, indicating vulnerability to 
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provocation (Thakur et al., 2025, p. 9). For Ethiopia's National Dialogue Commission, this 
suggests prioritizing local development during positive periods while proactively countering 
misinformation targeting ethnic identity. 

 
The ablation study confirms that both quantum layers and entanglement are essential for 

optimal performance. Quantum layers contribute 46.3% of total gain (+3.0%), while 
entanglement contributes 53.7% (+3.5%). The optimal configuration, three quantum layers with 
all-to-all entanglement, balances performance (91.5%) and training time (19.2 hours) (Table 9 
and Figure 13). For Ethiopian deployment, this configuration offers the best trade-off for real-
time monitoring applications (Tehsin et al., 2026, p. 81). Future work should explore adaptive 
entanglement structures optimized for low-resource language contexts. 

 
The layer depth analysis reveals a clear performance plateau at 3 quantum layers, where 

accuracy reaches 90.5% with reasonable training time (18.5 hours) (Figure 14). Adding layers 
beyond this point yields diminishing returns, only +1.0% improvements per additional layer at 
nearly double the training cost. For Ethiopian deployment, the 3-layer configuration offers the 
optimal balance, delivering near-maximum performance (94% of 5-layer model) while 
maintaining computational feasibility (Singh et al., 2025, p. 178). This configuration is 
recommended for real-time monitoring applications where training time and resource constraints 
are critical factors. 

 
The entanglement structure analysis confirms that all-to-all entanglement is essential for 

optimal performance, delivering 92.5% accuracy versus 87.0% without entanglement (Figure 15). 
This 5.5% improvement justifies the additional 3.6M parameters (8.9M to 12.5M). The 
hierarchical performance, all-to-all > circular > linear > none, indicates that richer entanglement 
captures more complex cross-modal dependencies characteristic of Ethiopian political discourse 
(Tehsin et al., 2026, p. 81). For deployment, all-to-all entanglement is recommended despite 
higher computational cost, as the performance gains outweigh resource considerations for early 
warning systems. 

 
The entanglement-based similarity map reveals quantum mutual information patterns that 

classical methods cannot detect (Figure 16). The strong entanglement between PP and Business 
Community (0.92) versus weak entanglement with Civil Society (0.42) quantifies governance 
alignment asymmetries. These quantum correlations provide actionable insights for Ethiopia's 
National Dialogue Commission, identifying which actor pairs exhibit natural coalition potential 
versus entrenched divisions (Singh et al., 2025, p. 180). Future work should validate these 
entanglement patterns against observed political outcomes. 

 
The entanglement network quantitatively confirms Ethiopia's polarized political landscape, 

with strong intra-cluster entanglement (0.85–0.92) versus weak inter-cluster connections (0.65–
0.72) (Figure 17). This 0.20–0.27 gap reflects the "structural entanglement" characteristic of 
Ethiopia's ethnic federalism (Goshu, 2025, p. 320). For peacebuilding, these quantum metrics 
identify bridge actors—such as Civil Society Organizations, with moderate entanglement across 
clusters, offering potential mediators for the National Dialogue process (Singh et al., 2025, p. 
180). 

 
The hierarchical clustering reveals that civil society-religious institutions (Cluster 3) occupy 

a bridging position between government and opposition clusters at distance 0.68. This 
intermediate position suggests these actors may serve as effective mediators for the National 
Dialogue process (Goshu, 2025, p. 324) (Figure 18). The clear separation between government 
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and opposition clusters at distance 0.52 confirms entrenched polarization requiring structured 
reconciliation approaches beyond simple persuasion (Singh et al., 2025, p. 180). 

 
The temporal polarization analysis demonstrates quantum model's superior sensitivity for 

early warning systems. Detection of polarization shifts 2–3 weeks before classical models enables 
proactive intervention before escalation (Thakur et al., 2025, p. 9) (Figure 19). The 42% 
polarization reduction following the Peace Agreement validates dialogue-based approaches. For 
Ethiopia's National Dialogue Commission, this framework provides real-time monitoring to 
identify when polarization crosses actionable thresholds. 

 
The actor-group polarization analysis reveals that opposition forces exhibit 2.4 × higher 

polarizations than civil society during crisis periods (0.78 vs 0.32) (Figure 20). This differential 
susceptibility suggests peacebuilding resources should prioritize engagement with opposition 
actors during de-escalation windows (Thakur et al., 2025, p. 9). Civil society's consistently lower 
polarization (0.22–0.38) positions it as an effective bridging institution for the National Dialogue 
process. 

 
The early warning system achieves 100% recall for major polarization events with 2–4 

week lead time, enabling proactive intervention. For Ethiopia's peacebuilding stakeholders, this 
provides actionable windows for mediation before polarization escalates to violence (Tehsin et 
al., 2026, p. 81) (Figure 21). The 0.46 threshold offers a quantifiable trigger for resource 
deployment. Future deployment should integrate with National Dialogue Commission alert 
systems. 
 
4.7 Limitations 

Despite the demonstrated effectiveness of quantum-enhanced frameworks, several 
limitations warrant acknowledgment. First, the study relies on quantum simulators rather than 
physical quantum hardware, constraining scalability to current NISQ device limitations (Tehsin 
et al., 2026, p. 85). Second, the TikTok dataset, while representative, captures only public 
content, potentially missing private political discourse. Third, annotation of Amharic, Oromo, 
and Tigrinya content required significant linguistic expertise, introducing potential inter-
annotator variability (Nekatibeb, 2025, p. 52). Fourth, the computational infrastructure (GPU 
clusters with quantum simulators) may not be readily available in Ethiopian institutional settings. 
Fifth, the simulated adversarial attacks may not fully capture real-world disinformation tactics. 
Finally, the framework's performance on physical quantum hardware requires validation as 
quantum computing technology matures (Zaman et al., 2024, p. 2). 
 
4.8 Future Directions 

Future research should prioritize deployment on physical quantum hardware as NISQ 
devices advance, validating simulation results on IBM Q or similar platforms (Tehsin et al., 2026, 
p. 85). Expanding the framework to other Ethiopian platforms, Telegram, Facebook, and 
Twitter, would enable comprehensive digital discourse monitoring. Real-time integration with 
Ethiopia's National Dialogue Commission and Ministry of Peace could operationalize early 
warning systems. Cross-linguistic validation across additional Ethiopian languages (Afaan 
Oromo, Somali, and Afar) would enhance coverage. Developing lightweight quantum-inspired 
models suitable for mobile deployment would expand accessibility. Finally, collaborative capacity 
building with Ethiopian universities—particularly Jimma University's quantum computing group 
would ensure sustainable local expertise and contextually appropriate development (Sharma et 
al., 2025, p. 12). 
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V. Conclusion 
 

This study introduced the first quantum-enhanced multimodal framework for analyzing 
political discourse on Ethiopian TikTok, addressing critical gaps in classical machine learning 
approaches. The integration of Q-ALIGNER for fake news detection, quantum LSTM for 
sentiment analysis, and OpinionXf for opinion shift modeling demonstrated superior 
performance across all evaluation dimensions. Q-ALIGNER achieved 92.5% accuracy with 
robust adversarial resilience (4.6% drop under attack), representing a 2.6× improvement over 
classical models. Quantum LSTM achieved 89.7% accuracy with 15.2% MAE reduction, 
particularly excelling at sarcasm detection (86.7%) and coded political language identification 
(84.3%). OpinionXf delivered 100% recall for early warning with 3–6 day lead detection, 
enabling proactive intervention. 

 
The ablation study confirmed that both quantum layers (46.3% contribution) and 

entanglement (53.7%) are essential for optimal performance. Entanglement-based similarity 
maps revealed three distinct political actor clusters with strong intra-cluster coherence (0.85–
0.92) versus weak inter-cluster connections (0.65–0.72), quantitatively validating the structural 
entanglement characterizing Ethiopia's ethnic federalism. Temporal polarization analysis 
captured the 42% reduction following the Peace Agreement, demonstrating dialogue 
effectiveness. 

 
For Ethiopia's National Dialogue Commission, this framework offers actionable insights: 

prioritizing high-persuadability local infrastructure and service delivery where consensus is 
achievable, while approaching entrenched identity-based topics through structured deliberative 
processes. The 3-layer quantum model with all-to-all entanglement provides the optimal balance 
between performance (91.5%) and computational feasibility (19.2 hours training), recommended 
for deployment. This research establishes quantum machine learning as a viable tool for 
peacebuilding in fragile-state contexts, with implications extending beyond Ethiopia to polarized 
societies globally. 

 
Recommendations 

For Ethiopia's National Dialogue Commission and Ministry of Peace, immediate 
deployment of the 3-layer quantum model with all-to-all entanglement is recommended, 
achieving 91.5% accuracy with feasible training time. Priority should be given to monitoring 
high-persuadability topics, local infrastructure (68), education access (71), healthcare services 
(69)—where consensus-building interventions are most effective. Identity-based topics (ethnic 
federalism, constitutional reform) require structured deliberative approaches rather than 
persuasion campaigns. The early warning system's 0.46 polarization threshold should trigger 
proactive mediation. Capacity building with Ethiopian universities, Jimma University, Addis 
Ababa University, will ensure sustainable local expertise. Finally, integration with existing media 
monitoring agencies will enable real-time misinformation response (Addis Standard, 2025). 
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