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Abstract 
Movie recommendation systems play a vital role in digital entertainment, helping users navigate vast 
content libraries to find movies that match their preferences. These systems enhance user engagement 
through tailored suggestions, addressing the challenge of overwhelming movie choices. Traditional 
approaches, often rely on historical ratings or simple content attributes, overlooking the emotional 
context shaping viewer preferences. This can lead to recommendations misaligned with a user’s current 
mood or psychological state. The Emotion-aware Hybrid Explainable Movie Recommender System 
(EHEMRS) tackles this issue by integrating emotional analysis with clear, user-focused explanations 
for highly personalized and reliable recommendations. EHEMRS combines collaborative filtering, 
content-based filtering, VADER sentiment analysis, NRCLex, and Plutchik’s wheel to capture not only 
the basic eight emotions from NRCLex but also complex emotional states, enabling deeper alignment 
with users’ emotional experiences during movie selection. LIME and SHAP methods further clarify the 
system’s decision-making process, enhancing users trust. Evaluated on IMDb and MovieLens datasets, 
EHEMRS achieved precision scores of 0.9354 and 0.9720, respectively, outperforming standard models 
like SVD and other emotion-aware systems such as Chat-Rec. Plutchik’s wheel helps the system capture 
a wider range of emotions, allowing the system to detect subtler emotions like love or optimism, which 
are equally important to users’ watching experience. This method makes recommendations connect 
better with users’ feelings creating a more enjoyable watching experience. Future improvements should 
focus on improving computational efficiency to shorten training times and incorporate multilingual 
sources to minimize biases known in English-based tools like NRCLex.  
 
Keywords: Emotion-aware, Movie recommendations, Plutchik’s wheel, Personalized 
suggestions, Explainable AI 
 
INTRODUCTION 
Movies provide a vital source of entertainment, relaxation, and emotional enrichment for 
audiences worldwide. With the extensive selection available on platforms such as Netflix, 
Hulu, and Amazon, choosing films that align with personal tastes and emotional needs 
presents a significant challenge. Traditional recommendation systems rely on collaborative 
filtering, which examines user behavior patterns like ratings, or content-based filtering, which 
matches movie attributes such as genre or cast to user preferences. These methods, while 
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effective for predicting general likes, often fail to consider the emotional impact of movies, a 
factor very important in enhancing viewer satisfaction and mental wellbeing. Research 
indicates that movies with uplifting themes can reduce stress and foster positive emotions, 
proving the need for systems that prioritize such effects (Dillon & Wingfield, 2021). This study 
introduces the Emotion-Aware Hybrid Explainable Movie Recommender System (EHEMRS), 
which integrates matrix factorization, sentiment analysis, emotion detection, and explainable 
AI to deliver personalized, emotionally resonant, and transparent movie recommendations. 
Current recommendation systems, primarily built on collaborative and content-based 
approaches, face limitations in addressing emotional resonance and transparency.  
 
Collaborative filtering, exemplified by matrix factorization, predicts preferences based on user 
interactions but overlooks the emotional context of movie content (Koren, 2009) Content-
based filtering leverages metadata like plot summaries or genres yet rarely incorporates 
sentiment or emotional tone, potentially missing opportunities to recommend films that uplift 
or inspire (Burke, 2002). Hybrid models, combining these techniques, improve accuracy by 
mitigating issues like data sparsity or cold-start problems, where new users or films lack 
sufficient data (Adomavicius & Tuzhilin, 2005). However, these systems seldom integrate 
tools like VADER for sentiment analysis or Plutchik’s Wheel for emotion detection, which can 
identify feelings such as joy or trust in movie narratives (Hutto & Gilbert, 2014; Plutchik, 
2001).The absence of emotional focus limits their ability to support mental health, while their 
opaque decision-making erodes user trust, as users cannot discern why specific films are 
suggested (Ribeiro et al., 2016). 
 
To address these gaps, EHEMRS combines matrix factorization with VADER sentiment 
analysis and Plutchik’s Wheel-based emotion detection to recommend films that align with 
user preferences and promote positive emotional states. VADER analyzes movie overviews 
to assign sentiment scores, while Plutchik’s framework maps emotions like optimism or love, 
ensuring recommendations resonate with users’ emotional needs (Hutto & Gilbert, 2014). 
Explainability is achieved through Local Interpretable Model-agnostic Explanations (LIME) 
and SHapley Additive exPlanations (SHAP), which clarify the influence of factors like genres, 
sentiment, or emotions on recommendations, fostering trust and fairness (Ribeiro et al., 2016; 
Lundberg et al., 2019). Unlike prior systems, such as CineMe or Chat-Rec, which struggle with 
complex emotions or inconsistent outputs, EHEMRS uses movie overviews for robust 
emotional analysis and avoids reliance on noisy user-generated content (Ahire et al., 2025; Gao 
et al., 2023). This approach tackles limitations identified in studies like Leung et al., 2020 which 
faced inaccurate emotion classifications, and Balfaqih, 2023 which encountered computational 
complexity. 
 
The significance of this research lies in its development of a hybrid system that prioritizes 
emotional alignment and transparency, addressing gaps in emotional nuance, scalability, and 
user trust found in existing models. Previous studies highlight the potential of emotion-aware 
systems but reveal challenges, such as limited emotion categories or dependence on user 
reviews (Orellana-Rodriguez et al., 2015; Sahu et al., 2022). For instance, CineMe achieves 89% 
accuracy but struggles with complex emotions, while SARA lacks quantitative metrics for 
emotional filtering (Ahire et al., 2025; Pecune et al., 2019). EHEMRS overcomes these by 
integrating matrix factorization with VADER and Plutchik’s Wheel, applied to IMDb 25K and 
MovieLens 700K datasets, to ensure scalable, nuanced recommendations. LIME and SHAP 
mitigate oversimplification concerns raised by Quadir et al. (2024), providing clear 
explanations that enhance user engagement and regulatory compliance, as emphasized by 
GDPR (Adadi & Berrada, 2018). 
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The primary objective of this study is to design and evaluate EHEMRS, a system that fuses 
collaborative filtering, content-based filtering, sentiment analysis, and emotion detection to 
recommend films that support mental health and user preferences. Key research questions 
explore the effectiveness of the hybrid model in matching preferences, the role of VADER and 
Plutchik in identifying uplifting films, and the impact of LIME and SHAP on user trust.  
This work advances movie recommendation systems by addressing critical gaps in emotional 
awareness and transparency, offering a scalable solution that enhances user satisfaction and 
mental wellbeing. Through use of robust datasets and advanced tools, EHEMRS sets a new 
standard for personalized recommendations that resonate emotionally and build trust 
through clear, interpretable decision-making. The study’s findings, grounded in rigorous 
evaluation and comparison with systems like MoRGH and ASKAT, aim to inform the 
development of next-generation recommendation platforms that prioritize both user 
preferences and psychological benefits (Ziaee et al., 2024; Cui et al., 2024). 
 
MATERIALS AND METHODS 
This section introduces the materials used and methodology for developing and evaluating 
the Emotion-Aware Hybrid Explainable Movie Recommender System (EHEMRS), designed 
to provide personalized movie recommendations that align with users’ emotional preferences 
while ensuring transparency through explainable AI techniques. The approach integrates 
collaborative filtering, content-based filtering, sentiment analysis, and emotion detection, 
using datasets from IMDb and MovieLens. The system employs VADER for sentiment 
analysis, NRCLex with Plutchik’s Wheel for emotion mapping, and LIME and SHAP for 
explainability, with performance assessed through robust metrics like Precision, Recall, F1-
score, MAE, and RMSE. 
 
The research framework for EHEMRS follows a structured process to address limitations in 
traditional recommendation systems, particularly their lack of emotional awareness and 
interpretability. It begins with problem identification through a literature review, highlighting 
gaps in emotional alignment and transparency (Berkovsky et al., 2017). Data collection 
leverages IMDb 25K for metadata (genres, overviews) and MovieLens 700K for user ratings, 
providing a rich foundation for analysis (Koren, 2009). Sentiment analysis using VADER 
extracts polarity from movie overviews, while NRCLex maps emotions to Plutchik’s Wheel 
categories, such as joy or trust (Hutto & Gilbert, 2014; Plutchik, 2001). A hybrid model 
combines matrix factorization for collaborative filtering with content-based filtering, 
incorporating emotional and sentiment scores. LIME and SHAP ensure explainable 
recommendations, enhancing user trust (Ribeiro et al., 2016; Lundberg et al., 2019). Evaluation 
involves quantitative metrics and qualitative feedback to assess emotional alignment and 
explanation clarity. 
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Figure 1: EHEMRS Research Framework Diagram illustrating the workflow: problem identification, data 
collection, sentiment analysis, emotion mapping, hybrid recommendation, explainability, and evaluation. 

 
Data pre-processing ensures the quality of IMDb 25K and MovieLens 700K datasets. Cleaning 
removes incomplete or duplicate entries, standardizing formats like genres or dates. Text 
processing with NLTK tokenizes and cleans movie overviews, removing stop words and 
punctuation, while scikit-learn’s TfidfVectorizer transforms text into TF-IDF vectors for 
content-based filtering (Sahu et al., 2022). User ratings are normalized to a [0,1] scale for 
consistency. The datasets are split into 70:30 train/test ratios using scikit-learn’s 
train_test_split with stratified sampling to maintain genre distribution, followed by fivefold 
cross-validation via StratifiedKFold to ensure robustness and minimize overfitting (Ahire et 
al., 2025). 

 
Figure 2: Data Pre-processing Workflow Diagram showing the pipeline: data input, cleaning, text processing, 

feature extraction, and normalization. 

 
The EHEMRS architecture integrates four modules: movie dataset processing, sentiment 
analysis, emotion detection, and recommendation generation. The merged IMDb and 
MovieLens dataset, with 9,000 movies and 700,000 ratings, supports collaborative filtering via 
user ratings and content-based filtering via metadata. VADER assigns sentiment scores to 
overviews, emphasizing emotionally charged words, while NRCLex extracts emotions, 
mapped to Plutchik’s Wheel for nuanced classification (e.g., joy + trust = love) (Mohsin & 
Beltiukov, 2019; (Robert Plutchik, 2001). The hybrid model uses matrix factorization for 
collaborative filtering and cosine similarity for content-based filtering, merging candidate lists 
with weighted scores (Zubi et al., 2022). LIME and SHAP provide local and global 
explanations, highlighting features like genres or emotions driving recommendations (Yang 
et al., 2022). 
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 Figure 3: 
 EHEMRS Architecture Diagram showing the flow from datasets through sentiment analysis, emotion detection, 

hybrid recommendation, and LIME/SHAP explanations. 

 
Figure 4: Plutchick’s Wheel of Emotions 

 
Table 1: Emotion Mapping Based on NRCLex and Plutchik’s Wheel  

Top Emotion 1 Top Emotion 2 Adjacent on Plutchik’s Wheel? Mapped Emotion 

Joy Trust Yes Love 
Joy Anticipation Yes Optimism 
Joy Fear No (Opposite) Joy 
Joy Surprise No Joy 
Joy Sadness No Joy 
Joy Anger No Joy 
Joy Disgust No Joy 
Trust Joy Yes Love 
Trust Fear Yes Submission 
Trust Anticipation No Trust 
Trust Surprise No Trust 
Trust Sadness No Trust 
Trust Anger No Trust 
Trust Disgust No (Opposite) Trust 
Fear Trust Yes Submission 
Fear Surprise Yes Awe 
Fear Joy No (Opposite) Fear 
Fear Anticipation No Fear 
Fear Sadness No Fear 
Fear Anger No Fear 
Fear Disgust No Fear 
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Surprise Fear Yes Awe 
Surprise Sadness Yes Disappointment 
Surprise Joy No Surprise 
Surprise Trust No Surprise 
Surprise Anticipation No (Opposite) Surprise 
Surprise Anger No Surprise 
Surprise Disgust No Surprise 
Sadness Surprise Yes Disappointment 
Sadness Anger Yes Envy 
Sadness Joy No Sadness 
Sadness Trust No Sadness 
Sadness Fear No Sadness 
Sadness Anticipation No Sadness 
Sadness Disgust No (Opposite) Sadness 
Anticipation Anger Yes Aggressiveness 
Anticipation Joy No Anticipation 
Anticipation Trust No Anticipation 
Anticipation Fear No Anticipation 
Anticipation Surprise No (Opposite) Anticipation 
Anticipation Sadness No Anticipation 
Anticipation Disgust No Anticipation 
Anger Anticipation Yes Aggressiveness 
Anger Sadness Yes Envy 
Anger Joy No Anger 
Anger Trust No Anger 
Anger Fear No Anger 
Anger Surprise No Anger 
Anger Disgust No Anger 
Disgust Sadness No (Opposite) Disgust 
Disgust Joy No Disgust 
Disgust Trust No (Opposite) Disgust 
Disgust Fear No Disgust 
Disgust Surprise No Disgust 
Disgust Anticipation No Disgust 
Disgust Anger No Disgust 

Notes: Adjacency is based on Plutchik’s Wheel, where adjacent emotions form primary dyads (e.g., joy + trust = 
love). For non-adjacent pairs, the highest-scoring emotion is selected (Plutchik, 2001). 

 
The system is implemented using Python 3.8 on Google Colab with GPU acceleration for 
training and a Lenovo T560 laptop for pre-processing. Libraries include scikit-learn for feature 
extraction and matrix factorization, pandas for data cleaning, NLTK and spaCy for text 
processing, VADER for sentiment analysis, NRCLex for emotion detection, and LIME/SHAP 
for explainability. Evaluation metrics include Precision, Recall, F1-score for recommendation 
relevance, and MAE/RMSE for rating prediction accuracy, supplemented by user feedback 
on emotional alignment and explanation clarity (Quadir & others, 2024). This methodology 
ensures EHEMRS delivers accurate, emotionally resonant, and transparent movie 
recommendations, addressing gaps in scalability, emotional nuance, and user trust identified 
in prior work (Gajula, 2025; Balfaqih, 2023) 
 
RESULTS AND DISCUSSION 
This section presents the findings and analysis of the Emotion-Aware Hybrid Explainable 
Movie Recommender System (EHEMRS), designed to deliver personalized movie 
recommendations by incorporating emotional parameters and transparent explanations. The 
evaluation assesses the system's performance across recommendation accuracy, 
explainability, alignment with user well-being, and user experience, using IMDb 25K and 
MovieLens 700K datasets. Results are compared with existing systems to highlight EHEMRS's 
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advancements in emotional nuance, transparency, and scalability, while addressing 
challenges and limitations. 
 
EHEMRS leverages IMDb 25K and MovieLens 700K datasets for their rich metadata and user 
interaction data, enabling robust sentiment and emotion analysis (Koren, 2009) Data pre-
processing involved cleaning duplicates, handling missing values, and extracting features like 
genres, TF-IDF vectors, and sentiment scores using VADER and NRCLex (Hutto & Gilbert, 
2014; Mohsin & Beltiukov, 2019). The system integrates collaborative filtering via matrix 
factorization, content-based filtering with TF-IDF and emotional features, and explainability 
through LIME and SHAP (Ribeiro et al., 2016; Lundberg et al., 2019). Performance metrics 
include RMSE, MAE, Precision, Accuracy, and F1-score, with qualitative feedback assessing 
user satisfaction. Comparative analysis with systems like CineMe, Chat-Rec, and SARA 
highlights EHEMRS's strengths in emotional alignment and transparency (Ahire et al., 2025; 
Gao et al., 2023; Pecune et al., 2019)). 
 
 
 
 
Table 2: Initial Dataset Statistics  

Dataset Movies Features Missing 
Summaries(%) 

Missing 
Reviews(%) 

Avg. 
Genres/Keywords 

Avg. 
Rating/Vote 

IMDb 24,832 12 18 10 15 genres 6.8/10 
MovieLens 712,456 14 12 15 10 keywords 6.5/10 

 
Data pre-processing reduced duplicates (1,245 IMDb, 8,732 MovieLens) using pandas’ drop 
duplicates (), yielding 23,587 and 703,724 entries, respectively. Missing summaries (18% 
IMDb, 12% MovieLens) were filled with “NaN” placeholders, while missing genres were 
inferred via keyword clustering with scikit-learn’s CountVectorizer (Sahu et al., 2022). Text 
was tokenized, lowercased, and lemmatized using NLTK and spaCy, removing stop words 
and punctuation. Ratings were normalized to [0,1], and TF-IDF vectors captured textual 
features. Datasets were split 70:30 (train/test) with stratified sampling, and fivefold cross-
validation ensured robustness (Ahire et al., 2025). 
 

 
Figure 5: Missing Data Reduction 

 
Bar chart comparing missing summaries and ratings before and after pre-processing, showing 
reductions from 18% to 2% (IMDb) and 12% to 1% (MovieLens). 
 
Table 3: Dataset Statistics After Preprocessing  

Dataset Movies (Pre/Post) Features 
(Pre/Post) 

Missing Data (%) 
(Pre/Post) 

Avg. Features per Movie 
(Post) 

IMDb 24,832 / 23,587 12 / 25 18 / 2 20 (incl. sentiment, emotion) 
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MovieLens 712,456 / 703,724 14 / 28 12 / 1 22 (incl. sentiment, emotion) 

 

Table 5: Dataset Statistics After VADER Sentiment Scores  
Dataset Movies Avg. Positive Score Avg. Negative Score Avg. Compound Score 

IMDb 23,587 0.45 0.15 0.75 
MovieLens 703,724 0.42 0.18 0.70 

 
EHEMRS’s performance was evaluated using SVD++ enhanced with emotion-aware features, 
achieving RMSE of 0.8912 (MovieLens) and 0.8975 (IMDb), with MAE of 0.6873 and 0.6914, 
respectively. Precision reached 0.9354 (MovieLens) and 0.9720 (IMDb), reflecting high 
relevance, particularly on IMDb due to richer metadata (Zubi et al., 2022). Accuracy and F1-
scores (0.7050/0.6232 for MovieLens, 0.7611/0.7095 for IMDb) indicate balanced performance. 
Fit times averaged 64.86 seconds (MovieLens) and 140.69 seconds (IMDb), with test times of 
0.72 and 0.77 seconds, showing efficiency (Balfaqih, 2023). 
 
 
 
 
Table 4: Cross-Validation Results for SVD++ Enhanced (Mean RMSE and MAE)  

Dataset Mean RMSE Std RMSE Mean MAE Std MAE 

MovieLens 0.8912 0.0154 0.6873 0.0112 

IMDb 0.8975 0.0104 0.6914 0.0097 

 
 
Table 5: Model Evaluation Metrics  

Dataset RMSE MAE Precision Accuracy F1-Score 

MovieLens 0.8912 0.6873 0.9354 0.7050 0.6232 

IMDb 0.8975 0.6914 0.9720 0.7611 0.7095 

 
EHEMRS prioritizes positive emotions using VADER and NRCLex with Plutchik’s Wheel, 
capturing mixed emotions like love or optimism, unlike simpler systems (Leung et al., 2020; 
Orellana-Rodriguez et al., 2015). User feedback from 30 participants rated emotional 
alignment at 4.2/5, indicating enhanced satisfaction. LIME explanations highlighted genres 
and sentiment as key drivers (avg. weight 0.45), while SHAP showed emotion as the dominant 
factor, contributing twice as much as ratings or sentiment (Yang et al., 2022). 
Figure 6: LIME Explanation for Keeping the Faith Plot showing LIME explanation: 93% confidence, 

driven by joy (emotion), 0.98 sentiment score, and 3.53 predicted rating. 
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Figure 7: LIME Explanation for Forrest Gump Plot showing LIME explanation: 95% confidence, driven by love 
(emotion), 0.98 sentiment score, and 3.94 predicted rating. 

 

 
 

Figure 8: SHAP Summary Plot showing emotion as the highest-impact feature, followed by sentiment_score and 
predicted_rating. 

 
Figure 9: SHAP Violin Plot showing feature impact distribution, with emotion causing the largest prediction 

variability. 

 
Figure 10: SHAP Force Plot for a single prediction (score 0.94), showing positive contributions from 

sentiment_score (0.9867), predicted_rating (3.72), and joy. 

 
Figure 11: SHAP Waterfall Plot for a prediction (score 0.943), showing contributions from joy (+0.01), 

predicted_rating (+0.01), and neutral sentiment_score. 

 
EHEMRS outperforms standard systems like SVD (RMSE 0.973, Candès & Recht, 2009) and 
emotion-aware systems like MoRGH (RMSE 0.881, Ziaee et al., 2024) and CineMe (Accuracy 
0.89Ahire et al., 2025). Compared to Chat-Rec (RMSE 0.785, Precision 0.3240, Gao et al., 2023), 
EHEMRS achieves higher precision (0.9720 IMDb). SARA (Pecune et al., 2019) lacks 
quantitative metrics, while EAR (Leung et al., 2020) struggles with inaccurate emotion 
classification, issues EHEMRS mitigates through VADER and Plutchik’s Wheel. emoMR 
(Wang et al., 2021) and ASKAT (Cui et al., 2024) show lower precision due to limited emotion 
models or review dependency, unlike EHEMRS’s overview-based approach. 
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Table 6: Comparative Analysis with Existing Systems  
System Dataset RMSE MAE Precision Accuracy F1-

Score 
Key Features 

Proposed 
System (2025) 

MovieLens 0.8912 0.6873 0.9354 0.7050 0.6232 Hybrid CF/CBF, 
VADER, Plutchik, 
LIME/SHAP 

Proposed 
System (2025) 

IMDb 0.8975 0.6914 0.9720 0.7611 0.7095 Hybrid CF/CBF, 
VADER, Plutchik, 
LIME/SHAP 

CineMe (Ahire 
et al., 2025) 

MovieLens - - 0.8900 0.8900 - CF, CBF, SVM sentiment 
analysis 

Chat-Rec (Gao 
et al., 2023) 

MovieLens 
100k 

0.785 0.593 0.3240 - - LLM-based, prompt 
constructor 

 
The evaluation demonstrates EHEMRS’s robust performance, with low RMSE/MAE, high 
precision, and effective emotional alignment. LIME and SHAP enhance trust, with user 
feedback (4.1/5 for LIME, 4.3/5 for SHAP) confirming clear explanations. Challenges include 
reliance on overview accuracy, cold-start issues for new users, and computational demands 
(fit times up to 140.69 seconds), limiting scalability (Balfaqih, 2023). Language bias in NRCLex 
and real-time processing constraints further restrict adaptability (Xiong & Zhang, 2023). 
Future improvements could incorporate multilingual emotion models and optimized 
algorithms to enhance scalability and inclusivity. 
 
CONCLUSION 
The Emotion-Aware Hybrid Explainable Movie Recommender System (EHEMRS) 
demonstrates significant advancements in personalized movie recommendations by 
integrating collaborative filtering, content-based filtering, VADER sentiment analysis, and 
Plutchik’s Wheel-based emotion detection, enhanced by LIME and SHAP for transparency. 
Achieving RMSE of 0.8912 (MovieLens) and 0.8975 (IMDb), precision of 0.9354 and 0.9720, 
and F1-scores of 0.6232 and 0.7095, EHEMRS outperforms traditional systems like SVD (RMSE 
0.973) and emotion-aware models like EAR, addressing their limitations in emotional depth 
and interpretability. Case studies, such as Keeping Faith (93% confidence, joy-driven) and 
Forrest Gump (95% confidence, love-driven), highlight its ability to align recommendations 
with complex emotional states, while robust pre-processing reduced missing data from 18% 
to 2% (IMDb) and 12% to 1% (MovieLens). Despite challenges like reliance on overview 
accuracy and computational demands (fit times up to 140.69 seconds), EHEMRS enhances 
user trust and satisfaction, setting a new standard for emotionally resonant and transparent 
recommendations. To further improve, we recommend optimizing scalability through 
parallel processing, incorporating multilingual emotion analysis to reduce language bias, and 
integrating real-time user feedback for enhanced emotional nuance. 
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