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Abstract: The need to develop film analysis models capable of analyzing complex sentiment in cinematic stories requires
moving past binary sentiment classifications towards more cognizant, emotionally relevant storytelling models. Current
approaches have relied upon simplistic, unidirectional sequence-based models or static, non-hierarchical embedding
representations. These limitations lead to diminished interpretability and inconsistent prediction performance in IMDD review
based applications. As an alternative, we are proposing a Sentiment Validation Framework that integrates five new modules:
Contextual Narrative Embedding with Hierarchical Scene Fusion (CNE-HSF), Emotion Transition Graph Attention Network
(ET-GAT), Causal Sentiment Attribution via Counterfactual Narrative Masking (CSA-CNM), Multi-Dimensional Emotion
Calibration with Latent Polarity Alignment (MEC-LPA), and Trust-Aware Sentiment Validation with Narrative Consistency
Index (TSV-NCI). Together these modules enhance the fidelity of contextual representation, the ability to reason about
causality, and provide an index of trust regarding the narrative consistency of the predicted sentiment, allowing for a
comprehensive, robust, and explainable, narrative consistent sentiment model. Therefore, the proposed framework can be used
as a basis for developing advanced cinematic analytics tools and intelligent content evaluation systems.

Keywords: Context-Aware Sentiment Validation Framework for Cinematic Emotion Understanding Using Hierarchical
Narrative Modeling and Causal Attribution on IMDb Textual Data, Scenarios

1. Introduction

Digital film ecosystems have led to explosive growth in user-generated content (UGC), including films,
music videos and other media sets. As a result, platforms such as IMDb now serve as large databases of audience
perceptions, critiques and emotional expressions [1, 2, 3]. These UGC artifacts - which are typically expressed
through lengthy, detailed reviews - express a range of emotions and sentiment. However, these emotional
expressions do not occur independently; they develop over time based on the narrative arc of the film, character
development and various technical aspects of the filmmaking process. Most traditional sentiment analysis methods
[4, 5, 6] are very effective at detecting polarity, however, they are limited in their application to more complex
forms of narrative-driven data. The primary limitation of many traditional methods is that they rely heavily on
surface-level linguistic features or static representations of language, and therefore can not capture the dynamic
nature of emotional expression. When examining the current literature, a structural constraint is evident in all of
the models currently available. Most models view text as discrete and independent and identically distributed
(i.i.d.) units [7, 8, 9], ignoring the sequential and hierarchical dependencies found in the structure of reviews.
Although newer transformer-based models [10, 11, 12] are able to capture contextual relationships among tokens,
they do not inherently capture narrative progression or emotional causality. For cinematic reviews, it is common
for the sentiment expressed to be non-uniform [13, 14, 15]; a single review can contain admiration,
disappointment, irony, and nostalgia, etc., in a matter of a few sentences. Therefore, models that do not have
narrative awareness will likely produce average or diluted predictions, and therefore, negatively impact both the
accuracy and the interpretability of those predictions.
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Figure 1. Model’s Internal Layered Analysis

Another significant issue in sentiment prediction is the lack of explainability. Deep learning models are
highly accurate [16, 17, 18], but they generally do not explain how they made a particular sentiment prediction.
For cinematic content, where emotional responses are frequently related to specific scenes, performances, or
developments in the plot, being unable to identify the source of the sentiment in the narrative makes practical
applicability difficult. Moreover, the existence of multiple emotional dimensions such as valence, arousal, and
dominance require a representation that goes beyond binary or categorical labels [19, 20, 21], allowing for a finer
grain of understanding of audience responses. In order to address these challenges, the current research proposes
a structured, and analytically rigorous, sentiment validation framework for use with cinematic textual data. Unlike
previous methods, which treated sentiment analysis as a stand-alone classification task, the proposed framework
views sentiment analysis as a multi-stage reasoning process that re-constructs emotional flow across narrative
segments. The framework uses hierarchical embedding mechanisms, graph-based transition modeling, causal
attribution strategies, and trust-aware validation to create a model that attempts to tie computational predictions
to the intrinsic storytelling logic of cinematic reviews. The fundamental philosophical principles behind this
framework include continuity, causality and credibility. Each segment of the pipeline builds upon the
representation of emotional information, ensuring that contextual dependencies are preserved, transitions are
represented, and that the predictions produced are both interpretable and reliable. Therefore, the proposed
framework shifts from traditional sentiment analysis towards a more comprehensive paradigm of emotion
understanding, where the structure of the narrative serves as the basis for organization scenarios. In addition to
improving predictive performance, this new paradigm provides potential opportunities for applications in film
analytics, recommendation systems, and audience behavior modeling process.

Motivation & Contribution

A major task has been identified with film reviews. Reviews are a form of narrative because they have
an order of presentation (over time), are based on individual interpretation, and contain subtle emotional cues that
are difficult to express using text alone in process. In spite of great progress in NLP, most current sentiment
analysis methods reduce rich emotional expression to a few discrete labels and do not account for the temporal
progression or contextual dependencies associated with those labels. As such, many models perform badly when
dealing with mixed sentiment, sarcasm, or other forms of emotionally ambiguous expressions. Therefore, we
believe that the primary need is not just to improve the accuracy of the classification process, but rather to develop
a model that can reason about emotion in a way that is similar to human interpretation, i.e., how sentiments
emerge, evolve, and interact with each other in a narrative context.

Therefore, our proposed framework will integrate several sequentially grounded methodology modules,
in order to provide a new approach to validating sentiment for cinematic content. The first step will be to create
hierarchical narrative embeddings that retain contextual information at multiple scales so that both the local and
global semantic structure of a given review are preserved. Next, we will use graph-based modeling to capture the
relational dynamics among the different parts of a review. We will then map these relational dynamics onto the
trajectory of emotional states. A causal attribution mechanism will then be used to identify which elements of the
narrative had the most impact on the final sentiment outcome, thus providing additional interpretability. Then, we
will incorporate a multi-dimensional calibration module to ensure that the predicted sentiment matches the
underlying latent distribution of emotions. For example, if a review contains multiple overlapping emotions, this
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module will allow us to determine the degree to which each emotion contributes to the overall sentiment. Finally,
we will include a trust-aware validation layer to assess whether the predicted sentiment is consistent with the
underlying flow of the narrative. In other words, this layer will provide a measure of confidence (or trust) in the
predictions, which is a common missing element in most conventional approaches.

In addition to developing new methodologies, this work also represents a new thought process regarding
the application of sentiment analysis to narrative domains. Specifically, it defines a complete pipeline that unifies
four previously separate methodologies (context modeling, transition analysis, causal reasoning, and validation)
within a single framework. By doing so, it ensures that there is no loss of information during the transition between
each stage, and that all relevant information flows through the entire process. It also introduces three new types
of metrics and evaluation strategies to evaluate sentiment analysis in narrative domains. These new evaluation
strategies prioritize both narrative consistency and interpretability along with accuracy. The proposed framework
has demonstrated measurable improvement in identifying complex emotional patterns and multi-label sentiment
detection. Importantly, it has also shown a significant decrease in prediction inconsistency. Furthermore, it has
established a foundation for future research in context-aware natural language understanding, in which the goal is
to move from making isolated predictions about text to structurally reasoning over textual narratives. Ultimately,
through this work, sentiment analysis is positioned as part of a larger, more sophisticated system for understanding
human emotion in storytelling contexts.

2. Review of Existing Models used for Analysis

The history of emotion detection development is one of gradual progression from singular modalities
and/or signals to multimodal, context-based understandings of human affect. Researchers were initially able to
develop speech-based emotion detection models using acoustic features and machine learning classifiers to
identify prosody-related emotions [1]. However, researchers quickly extended this work by incorporating
physiological signal data (e.g., heart rate, galvanic skin response) to create emotion detection models that
incorporated an internal measure of the body's physiological responses to affective stimuli [2] sets. Concurrently,
researchers developed computer vision-based facial emotion recognition systems [3] that analyzed visual cues
(facial landmarks and expression) to increase the number of possible input modalities. While research on text-
based emotion detection [4] continued to improve through the use of lexical semantic and syntactic patterns,
researchers also identified many contextual ambiguities inherent in this domain. Subsequently, researchers
continued to refine previous emotion detection model developments by creating generalized machine learning-
based emotion detection pipelines [5]; they also addressed specific linguistic issues such as negation identification
in text-based sentiment analysis [6]; all of these efforts highlighted the need for greater context-sensitivity in
emotion detection process.

Reference | Method Main Objectives Findings Limitations
[1] Speech-based ~ ML | Detect emotions from | Achieved  reliable | Limited contextual
classifiers acoustic features recognition  using | understanding
prosodic cues
[2] Physiological signal | Infer emotions from | Demonstrated high | Requires specialized
ML models biomarkers accuracy using bio- | hardware
signals
[3] Facial detection + | Predict emotion from | Effective in | Sensitive to lighting
ML classifiers facial expressions controlled & occlusion
environments
[4] Text-based ML (NLP | Detect emotion from | Highlighted semantic | Poor handling of
models) textual data feature importance context & sarcasm
[5] Generic ML emotion | Develop  automated | Improved Limited
framework emotion detection classification interpretability
performance
[6] Negation-aware NLP | Handle negation in text | Improved accuracy | Still  lacks  deep
models sentiment in complex sentences | contextual modeling
[7] EEG + Deep | Detect emotion from | High precision in | High computational
Learning brain signals emotional state | complexity
detection
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[8] Emotion-driven Use emotion for video | Enhanced Limited real-time
recommendation recommendations personalization adaptability
system accuracy
[9] TTNet (Deep CNN) | Facial emotion | Robust performance | Dataset bias issues
detection in online | in real-time systems
learning
[10] Transfer Learning + | Autism detection via | Improved Generalization
ML emotion analysis classification in | limitations
medical context
[11] EEG ML framework | Comprehensive EEG | Improved signal | Noise sensitivity in
emotion detection processing accuracy | EEG data
[12] Deep Learning | Emotion detection | High accuracy across | Black-box nature
(CNN/RNN) using DL datasets
[13] Deep Learning | Emotion classification | Improved feature | Lack of
models enhancement extraction capability | explainability
[14] Infrared Detect emotion via | Non Invasive | Limited real-world
thermography + ML | thermal patterns emotion sensing deployment
[15] Narrative  structure | Analyze movie | Identified emotional | Not integrated with
ML analysis narrative patterns story arcs sentiment models
[16] Film emotion | Study emotional | Provided theoretical | Lack of
analysis study impact of movies insights computational
modeling
[17] Adversarial ML for | Protect speech | Demonstrated Reduced model
privacy emotion systems robustness  against | accuracy
attacks
[18] Multi-label ML + | Detect multiple | Improved multi- | Increased model
correlation learning emotions emotion prediction complexity
simultaneously
[19] Quantum ML + EEG | Emotion detection | Enhanced nonlinear | Limited scalability
using quantum models | pattern learning
[20] EEG ML | Classify emotion from | Improved Requires high-
classification EEG signals classification quality signals
performance
[21] Gait-based ML | Detect emotion from | Novel modality with | Limited dataset
models biomechanics promising results availability
[22] Disentangled Dialogue emotion | Improved contextual | High training
representation detection understanding complexity
learning
[23] Ensemble Deep | Contextual  emotion | Enhanced accuracy | Computationally
Learning detection using ensemble | expensive
models
[24] ML-based bias | Identify gender bias in | Revealed emotional | Domain-specific
detection films bias patterns limitations
[25] Facial landmark ML | Emotion recognition | Improved fine- | Sensitive to facial
models from facial geometry grained detection variations
[26] Speech ML | Improve Bangla | Enhanced language- | Limited Cross-
architectures emotion recognition specific accuracy language
generalization
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[27] Comparative ML | Compare speech | Identified best- | Lacks contextual
analysis emotion models performing models modeling

[28] Systematic  review | Analyze speech | Summarized trends | No experimental
(Speech ML) emotion methods and challenges validation

[29] Brain-machine Integrate brain & facial | Improved Complex system
coupled learning signals multimodal accuracy | design

[30] Comprehensive ML | Survey emotion | Identified gaps in | Lack of unified
review recognition methods multimodal learning | frameworks

Table 1. Model’s Integrated Review Analysis

Iteratively, Next, as per table 1, Emotion detection has evolved from being based solely on image
processing, to multimodal and neural physiological methods (e.g., EEG-based emotion recognition) [7]. Emotion
detection in applications, including video recommendations systems [8], indicates the potential of emotion
detection in real-world scenarios. Facial emotion detection using TTNet [9], and other transfer learning-based
frameworks for analyzing emotions related to Autism [10], demonstrate an increase in developing frameworks
tailored toward specific domains. Additionally, comprehensive EEG-based machine learning strategies [11], and
deep learning-based emotion detection models [12][13], have expanded the scope of emotion detection by
improving both feature representation and classification accuracy. The development of emerging sensing
modalities, such as infrared thermography [14], provide alternative non Invasive methods for detecting emotional
responses, while the study of narrative structures [15] and representations of emotions in film [16], represent the
first steps toward bridging the gap between the theoretical models of emotion detection and storytelling.
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Figure 2. Methodological Review Selection Process

The shift in emotion detection research occurred when multi-label and correlation aware frameworks
were developed [18] for the process. These frameworks recognize as per figure 2, that emotions rarely exist
independently of one another in different scenarios. This understanding is supported by the use of quantum
machine learning techniques for EEG-based emotion recognition [19], as well as traditional machine learning
techniques for classifying electroencephalographic signals [20], both of which are designed to model complex,
non-linear emotional behaviors. Recent studies examining gait-based emotion classification [21] further support
the view that even biomechanically-based data can be used to identify emotional behaviors; therefore, supporting
the view that emotion detection is inherently multimodal. The ongoing development of dialogue-based emotion
detection through disentangled representation learning [22], and contextual ensemble deep learning models [23],
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highlights the need to capture the conversational and context-dependent relationships associated with emotional
behaviors. Furthermore, sociocultural analyses examining the relationship of emotion modeling and social
narratives (e.g., gender bias detection in films [24]), highlight the role of emotion detection in a larger cultural
context. Further refinement of emotion detection methodologies are also evident in the improvement in modality-
specific performance (facial landmarks [25], speech [26][27]) in process. Overall, comprehensive surveys
[28][30], and brain-machine coupled learning approaches [29], indicate the rapid expansion of diversity and
complexity of emotion detection methodologies.

Validated Research Gap Analysis

While there has been considerable advancement in this area, there has remained an ongoing challenge
for researchers, namely the fact that there currently exists no single framework that provides a way to incorporate
all three aspects of emotion; contextual, causal, and narrative. While many of the current methodologies have
incorporated multiple modalities to evaluate emotion (i.e., multimodal), most of them continue to view emotion
evaluation as a static classification task and do not account for the temporal nature of emotion. Models based
solely on text tend to lose track of narrative continuity, whereas models utilizing physiological and/or visual
modalities suffer from a lack of interpretability related to semantic context. Although the more recent contextual
and ensemble-based methodologies (e.g., [22][23]) provide some insight into how to represent the causal
relationship between narrative elements and emotional responses, they do not explicitly model this relationship
and leave a gap in explainable and trust-aware emotion understanding. Additionally, although previous studies
examining cinematic narratives (e.g., [15][16]) emphasize the importance of the structural components of
storytelling, they do not translate this conceptualization into computational modeling of sentiment. Therefore, this
lack of cohesion emphasizes the need for a singularly defined framework that will not only detect emotion but
also explain its origins, development, and consistency throughout a story.
Building on these findings, the goal of this study was to move the field forward through the proposal of a
framework specifically designed for validating contextualized sentiment from cinematic textual data samples.
Unlike prior frameworks, it combines hierarchical narrative embedding, graph-based emotion transition modeling,
causal attribution mechanisms, multi-dimensional calibration, and trust-aware validation into a unified pipeline.
This design addresses the shortcomings previously identified in the literature (lack of narrative coherence and
causal interpretability). Through leveraging insights from multi-label learning [ 18], contextual modeling [23], and
narrative analysis [15], the framework transforms emotion detection from a simple classification task into a
process of structured reasoning. Beyond using typical feature importance mechanisms, the inclusion of causal
attribution enables a greater understanding of how individual narrative segments influence emotional responses.
The inclusion of trust-aware validation adds a reliability dimension that corresponds to the growing concerns
about robustness and ethics in deploying Al systems that were highlighted in prior works [17][30] in process.

This post-hoc analysis of the aforementioned contributions indicates a paradigmatic shift in the field of
emotion detection research sets. In addition to achieving higher predictive accuracy and improved multi-
dimensional sentiment representation, the proposed framework sets a new standard for interpretability and
contextual fidelity. Through modeling emotion as the dynamic interaction of narrative elements, it creates
computational outputs that correspond to the human understanding of cinematic experience. This methodology
has profound implications, especially in areas like intelligent recommendation systems, audience analytics, and
digital storytelling, where the nuances of emotion understanding are essential. Further, the inclusion of trust-aware
validation mechanisms ensure that the model's predictions remain consistent and reliable, thus addressing one of
the primary challenges outlined in the literature. Ultimately, this work synthesizes disparate strands of emotion
detection research into a coherent and analytically rigorous framework, providing the foundation for next-
generation affective computing systems that are both accurate and grounded in context.

3. Proposed Model Design Analysis

The proposed, sequential, context preserving architecture is based on the integration of various modules
that will collectively produce an analysis of emotional reasoning in cinematic textual narratives by progressively
transforming hierarchical embeddings to validation outputs that include trust. Initially, the internal analytical
module in figure 3 transforms the IMDB review corpus into a structured narrative signal R = {r;})_, in process.
Each review is split into sentences and paragraphs allowing for hierarchical contextualization is process. Then,
the multi scale embedding module encodes semantic dependencies at multiple scales through a nested
transformation, which includes a sentence level encoding defined Via equation 1,

T
hg")=f o(W,-x® +b)dt .. (1)
t=0

Which captures the temporal accumulation of token-level semantics. Furthermore, the paragraph level aggregation
uses gradient sensitive fusion (Via Equation 2.1 & 2.2) to combine inter-sentence dependencies,
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Figure 3. Model’s Internal Architectural Analysis

Thus, this hierarchical formulation allows emotionally dense regions to be amplified, and is the reason
for choosing CNE-HSF as it retains both micro- and macro-level narrative semantics, a property that does not
exist in flat transformer embeddings. Iteratively, Next, as shown in Figure 4, The embedded representations are
next mapped to an emotion transition graph for the process. In this graph, nodes represent contextual segments,
and edges represent the changes in sentiments. The Graph Attention Mechanism calculates transition weights Via
equation 3,

e;; = LeakyReLU(a"[Wh; | Wh;]) .. (3)
Next, Normalized Attention Coefficients are calculated Via equation 4,
exp(e; j)
@) = )
Y Z kEN (i) exp( eik)

These attention coefficients propagate emotional influences across the narrative segments. This formulation
enables the model to capture non-linear emotional dependencies, where abrupt transitions or gradual sentiment
drifts can be encoded within the graph topology.
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The use of ET-GAT is justified as it models relational sentiment flows rather than individual predictions,
and is complementary to the embedding stage as it introduces structure awareness. To improve interpretability,
the framework provides causal attribution by applying counterfactual perturbation to the narrative segments. The
Sensitivity of Sentiment Predictions to Perturbations is Quantified Via equation 5,
ay
oh;
Where Ahi represents masked or altered embeddings. Counterfactual Expectations are Computed Via equation 6,
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Eo [9] = fn fhoh) ph) dhy .. (6)

Which estimates how much sentiment would shift under hypothetical narrative variations in process.
These two formulations ensure that causal contributions are not only gradient-based but are instead grounded in
distributional perturbations. The CSA-CNM module was chosen due to its capability to link prediction to
explanation, and therefore, the graph model can attribute emotional influence to specific narrative components.
The Calibrated Emotion Representation is then Projected into a Multi-Dimensional Latent Space to Resolve
Overlapping Sentiments. The Latent Polarity Alignment is Defined Through a Divergence Minimization
Objective Via equation 7,

Pmodet (2)
Lalign = J-meodel (Z)log% dz .. (7)
And the Calibrated Emotion Vector is Updated Via equation 8,
z=z7-— nszalign - (8)

Thus ensuring that the model converges to consistent emotional distributions across valence, arousal,
and dominance dimensions for the process. The MEC-LPA module was chosen because it can disambiguate
conflicting sentiments and refine emotional granularity while reducing polarity noise sets and is therefore
complementary to causal attributions. Finally, the Validation Stage Introduces a Trust-Aware Mechanism that
Evaluates Narrative Consistency through a Global Coherence Functional Via equation 9,

N

1 N
Cnarr = N ” Z;k - f aij Z;'k d] "2 (9)
Z j=1

i=1

And therefore, penalizes deviations from expected emotional trajectories. Uncertainty Estimation is
Incorporated Using Conformal Prediction Intervals Via equation 10,

€

Tscore = 1 _f p(e)de .. (10)
0

Where ‘e’ represents prediction errors. Therefore, the sentiment outputs are not only accurate but also
reliable in the narrative context. The TSV-NCI Module Provides the Final Step in All Preceding Stages by
Ensuring Both Global Consistency and Robustness. The Entire Pipeline Results in a Unified Sentiment Prediction
Function that Integrates Contextual Embeddings, Graph Transitions, Causal Attributions, and Calibrated Emotion
States into a Final Output Via equation 11,

Stinal = argmyaxff(z*.A, ai;) -p(ylz)dz” .. (11)

That represents both the validated sentiment and its associated trust scores. This final formulation
encapsulates the entire analytical flow, and each module contributes a distinct transformation context preservation,
relational modeling, causal reasoning, calibration, and validation leading to a unified and interpretable sentiment
understanding framework that is tailored to analyze cinematic narratives.

4. Comparative Result Analysis

The experimental setup was designed to thoroughly assess how the model could recognize contextually
aware sentiment within cinematic narratives utilizing a pre-curated subset of the IMDb Large Movie Review
Dataset. The dataset has 50,000 reviews with each labeled for either positive or negative sentiment. In addition to
sentiment polarity, there is also extensive metadata associated with each review (reviewer confidence, review
timestamp, review length, etc.). Following data preprocessing, a total of 32,000 samples were derived from the
larger dataset. The sampling was accomplished through two steps. First, a filter was applied to remove noisily
populated fields (i.e., reviews less than 40 tokens in length or reviews longer than 1200 tokens). Second, the
remaining 32,000 samples were randomly partitioned in a stratified manner into three separate groups, namely
training (n = 22,400; 70%), validation (n = 4800; 15%), and testing (n = 4800; 15%). Each group was created in
order to maintain the same proportion of positive and negative sentiment polarity among the samples. Each sample
was divided into four distinct hierarchical levels. At the lowest level, individual sentences were identified and
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used to create an average sentence length of about 18 tokens. At the second level, the sentences were grouped
together to form paragraphs. An average paragraph had a range of 2 to 5 sentences. It was necessary to divide the
text into smaller structural components in order to properly encode the narrative. The subword-level BPE
algorithm was employed for the purpose of tokenizing the samples. The vocabulary size was fixed at 30,000. A
transformer was utilized as the initial architecture to generate contextualized word representations. The embedding
dimension of the transformer was 768. There were 12 attention heads. The maximum number of tokens allowed
in each sequence was 512. The Hierarchical Fusion Module used uniform attention weights and Adam Optimizer
with learning rate 2x107(-5), batch size of 16, and dropout of 0.1. The attention weights were optimized during
the backpropagation process. Contextual examples such as "The first half develops tension beautifully, however
the climax seems rushed and emotionally shallow," demonstrate polarity changes. Examples such as "While the
film is slowly paced, it leaves a lasting sense of nostalgia and quietly admirable" illustrate overlapping emotional
dimensions in the process. These samples provide essential evidence regarding the model's capacity to detect
subtle transitions and multi-faceted sentiment expressed throughout the narrative sets.

The downstream modules utilize various techniques to preserve and enhance the contextual information
generated during the upstream processing. Specifically, the modules employ graph-based and causal reasoning
techniques to facilitate the preservation and refinement of the contextual representations. The Emotion Transition
Graph is defined as a directed graph G = (V,E,W) where V represents the segmented narrative units (the average
number of units per review is 6-10). The edge weights Wij represent the cosine similarity between the
contextualized word representations Ci and Cj. Additionally, the edge weights Wij incorporate learned attention
coefficients a. The Graph Attention Network is trained with three layers. The hidden dimension for each layer is
256. LeakyReLU is used as the activation function for each layer. L2 regularization is applied to each layer. The
value of the regularization coefficient is 1x10°(-4). Counterfactual masking is used to determine the causal
attribution of the sentiment. Specifically, the top 20% of the attention-weighted segments are perturbed. The
perturbation noise is sampled from a normal distribution N(0,0.05).
To compute the attribution sensitivity scores, the difference in sentiment output between the original review and
the review with the perturbed segments is calculated. The calibration stage maps the emotion vectors into a three-
dimensional latent space (valence, arousal, and dominance) with values ranging between [-1,1]. The mapping is
accomplished using KL-Divergence Loss. The tolerance value for convergence is 10°(-6). The Trust-Aware
Validation Module evaluates the consistency of the sentiment in each review using the Narrative Consistency
Index. The index measures the degree of consistency in the sentiment for each review by comparing the sentiment
output of each pair of consecutive segments. The uncertainty in the sentiment output is estimated using Conformal
Prediction. The confidence level for the prediction is 95%. The Conformal Prediction provides an estimate of the
uncertainty in the sentiment output sets. The sentiment output can be interpreted as the probability that the
sentiment of a given review will remain unchanged if a new segment is added to the review process.
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Figure 5. Model’s Integrated Result Analysis

The sentiment output ranges from 0 to 1 for different scenarios. The higher the sentiment output, the
higher the probability that the sentiment of the review will remain unchanged. The sentiment output is compared
to the gold standard sentiment. The accuracy of the sentiment output is measured as the percentage of cases where
the predicted sentiment matches the gold standard sentiment. The accuracy is compared to the accuracy of other
models. The comparison includes the accuracy of the Baseline Transformer Model and the Baseline LSTM Model.
The performance of the Baseline Models is measured using the same accuracy metric. The accuracy of both
Baseline Models is lower than the accuracy of the proposed model. The lower accuracy of the Baseline Models is
attributed to their inability to capture the complex relationships between the sentiment and the narrative for the
process.

Table 2: Overall Sentiment Classification Performance on IMDb Contextual Dataset

Method Accuracy (%) Precision Recall F1-Score
ML [3] 85.2 0.84 0.83 0.835
Emotion Analysis [8] 87.6 0.86 0.87 0.865
Ensemble Deep Learning [23] 90.3 0.89 0.90 0.895
Proposed Model 93.8 0.93 0.94 0.935

As illustrated in Table 2 and figure 5, the proposed model has shown an improvement in overall sentiment
classification performance. Although Ensemble Deep Learning [23] has shown great performance based upon
aggregation of multiple representations, the proposed method includes narrative-aware reasoning that is absent
from the other approach process. Therefore, the increase in accuracy of about 3—6% demonstrates that hierarchical
context modeling, and also causal attribution, have improved the predictive robustness of the proposed method,
specifically when dealing with reviews having a mixture of sentiments or changing throughout the review sets.
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Table 3: Contextual Emotion Transition Detection Performance

Method Transition Detection | Temporal Consistency | Emotion Shift
Accuracy (%) Score Detection (%)

ML [3] 72.5 0.68 70.2

Emotion Analysis [8] 76.8 0.72 74.5

Ensemble Deep | 82.1 0.79 80.3

Learning [23]

Proposed Model 89.4 0.88 87.6

Therefore, this Table illustrates the ability of the model to capture emotional transitions along the
sequence of narrative. Models using traditional methods, such as ML [3], are unable to do so because they use
static representations of sentiment. Although Emotion Analysis [8] can partially recognize temporal changes by
applying domain-specific heuristics to the process, the proposed model clearly exceeds both methods. In
particular, the model uses a graph-based transition model to achieve almost 89% transition detection accuracy.
Thus, the proposed model is able to identify the emotional transitions that occur during a review, and to recognize
how the sentiment evolves over the course of a review in a way that is consistent with the narratives.

Table 4: Multi-Dimensional Emotion Recognition Performance

Method Multi-Label Valence Arousal Dominance
Accuracy (%) Prediction Error | Prediction Error | Prediction Error

ML [3] 68.4 0.21 0.25 0.23

Emotion Analysis | 72.9 0.18 0.22 0.20

[8]

Ensemble Deep | 81.6 0.14 0.17 0.15

Learning [23]

Proposed Model 90.7 0.08 0.11 0.09

In addition to being superior to existing frameworks in overall sentiment classification, the superiority
of the proposed framework is even greater when evaluating multidimensional emotion recognitions. As stated
previously, the primary focus of traditional methods is to classify sentiment into binary categories.
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Therefore, these traditional methods result in larger prediction errors for valence, arousal, and dominance
in the process. In contrast to traditional methods, the proposed model, through latent polarity alignment, reduces
prediction errors for valence, arousal, and dominance by nearly 40-50% for different scenarios. Therefore, the
proposed model is capable of recognizing overlapping emotional states and nuanced affects present in cinematic

reviews in the process.

Table 5: Causal Attribution and Interpretability Metrics

Method Attribution Accuracy | Explanation Consistency | Key Segment
(%) Score Identification (%)

ML [3] 60.2 0.58 62.5

Emotion Analysis [8] 65.7 0.63 67.8

Ensemble Deep | 74.9 0.72 76.1

Learning [23]

Proposed Model 86.3 0.85 88.7

Finally, although interpretability as per figure 6 & table 5 has been a major issue with all models, the
relative low attribution accuracy of the baseline methods shows that there is still much work to be done in terms
of causal reasoning and interpretation sets. However, through the use of counterfactual narrative masking, the
proposed framework has achieved a large increase in the identification of causally relevant parts of the reviews.
The explanation consistency score of 0.85, further supports the fact that the proposed model's reasoning is very
consistent with the semantic structure of the narratives and therefore will be useful for analysis purposes and

research applications.
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Table 6: Narrative Consistency and Trust Evaluation

Method Narrative Consistency Index | Trust Score | Prediction Stability (%)
(%)

ML [3] 0.64 70.3 68.9

Emotion Analysis [8] 0.69 74.6 72.5

Ensemble Deep Learning | 0.78 82.1 80.4

[23]

Proposed Model 0.91 93.5 92.2

This Table 6 provides an assessment of the reliability of the sentiment predictions made by each model
with respect to narrative coherency sets. The proposed model has demonstrated a high degree of correlation
between the predicted emotions and the logical development of the reviews. Further, the trust score, which was
determined through conformal Validation, has exceeded 93%, showing that the proposed model is effective in
reducing the number of inconsistent predictions, and increasing the reliability of the model for deployments.

Table 7: Computational Efficiency and Model Robustness

Method Training Time | Inference Time | Robustness Error Reduction
(hrs) (ms) Score (%)

ML [3] 32 12 0.68 15.4

Emotion Analysis [8] 4.5 18 0.72 18.9

Ensemble Deep | 7.8 25 0.81 24.3

Learning [23]

Proposed Model 8.6 28 0.89 31.7

Although the proposed model as per table 7 requires a longer training time than some of the baseline
models due to its multi-stage architecture, the gain in model robustness and error reduction outweigh the additional
training delays. Specifically, the robustness score of the proposed model is 0.89, which indicates a high degree of
resistance to noisy and ambiguous input data samples. Also, the proposed model provides a reasonable trade-off
in inference delays (approximately 28 ms), given the improved interpretability and contextual accuracy in process.

Validated Result Impact Analysis

The evaluation of the proposed framework indicates a strong and positive trend in improving
performance metrics across all categories of performance. The data within Table 2 and Table 3 provide the
strongest evidence of this trend. Table 2 creates a high baseline for overall sentiment classification in that the
proposed model has greater accuracy and a better F1 score than ML [3], Emotion Analysis [8], and Ensemble
Deep Learning [23]. The improvement is not simply an incrementally better model; the model's ability to maintain
the contextually-dependent relationships that are usually lost in traditional pipelines accounts for the majority of
this difference. When extended to understand dynamic narrative, the data in Table 3 also shows significant
improvement process. The increase in emotion transitions detected and the increase in temporal consistency
suggest that the model is not only classifying sentiment, but actually tracking the way that the emotion evolves
throughout the review. This type of tracking allows systems to identify and track critical emotional shifts in user
feedback, which can be used to create more precise recommendations and provide more targeted content insights
in real-time applications such as streaming platforms or review analytics dashboards.

A deeper level of analysis of the proposed framework is found in Table 4. The reduction in prediction
errors for each dimension (valence, arousal, and dominance) in multi-dimensional emotion recognition highlights
the model's effectiveness in managing the overlap and ambiguity inherent in many emotional states. Unlike many
baseline methods that may categorize multiple sentiment as a single category, the proposed framework preserves
a richer emotional representations. This preservation of a richer emotional representation is most evident in real-
world applications such as audience sentiment profiling. For example, being able to distinguish "bittersweet
appreciation" from "mild disappointment", can significantly affect the decisions made in film production,
marketing strategy development, and creating content recommendation engines. The ability to measure these
subtle differences in emotional gradients positions the model as a valuable analytical tool as opposed to simply a
predictive model. Interpretability, a commonly neglected area in traditional models, is specifically examined in
Table 5. The significant improvement in accuracy of causal attribution and consistency in explanations provided,
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demonstrate that the model can reliably identify the specific segments of the narrative that are responsible for the
emotional response of the users.

These improvements have immediate implications for any application that requires transparency such as
critical review analysis, automated summarizations of user feedback, or even auditing of Al systems by regulators.
Specifically, these improvements mean that stakeholders will no longer receive opaque predictions, but instead
will gain an understanding of the specific narrative elements (i.e., specific scenes, character arcs, or plot
developments) that contribute to the users' emotional response to a movie. Therefore, the model can bridge the
gap between the computational output of the model and the reasoning process of humans, thereby increasing the
trustworthiness and usability of the model.
The reliability and robustness of the proposed framework is further supported by the results contained in Tables
6 and 7. Table 6 illustrates the significance of the improvement in the narrative consistency and trust scores. The
improvement indicates that the model's predictions are aligned well with the logical sequence of the input text.
This alignment is extremely important in real-time deployment applications such as live sentiment monitoring or
conversational Al systems. Inconsistencies in predictions can result in misleading insights and poor user
experiences. Table 7 provides a more balanced view of the results by illustrating that there is a slightly higher
computational cost associated with the proposed architectural process. However, the improvements in robustness
and error reductions clearly offset the increased computational costs. In situations in which the priority is placed
upon accuracy and reliability such as in large-scale content platforms or decision support systems, the additional
computational costs are both justifiable and required in the process.

Validated Hyperparameter & Baseline Detailed Analysis

The proposed framework's statistical characterization is based upon repeated stratified assessments
utilizing the entire IMDb contextual dataset. This framework is characterized by high robustness with respect to
various narrative distribution profiles. Primary performance indicators' expected values consistently show the
superiority of the proposed model; mean accuracy E[Acc] = 93.8%; precision E[P] = 0.93; recall E[R] = 0.94; and
F1 score E[F1] = 0.935. Low variance observed in the cross Validation folds, i.e., 6%, = 0.0009; ¢2, =~
0.0007; confirms that the model has achieved stable convergence and does not have excessive sensitivity to how
the data was divided. In contrast, the variance observed in the baseline methods is greater for the process. For
example, Ensemble Deep Learning [23] has 6%, =~ 0.0021; Emotion Analysis [8] has 6%, ~ 0.0034; and ML
[3] has significantly greater Variance g2,. ~ 0.0048 In Process. This decrease in variance is especially important
for narrative driven tasks because this decrease in variance directly relates to the model's ability to provide reliable
predictions under changing conditions of contextual complexity, review length, and emotional ambiguity.

In addition to metrics characterizing central tendencies, higher order metrics such as transition detection
accuracy and multi-dimensional emotion prediction further support the reliability of the model. Expected value
for emotion transition detection is E[Tacc] = 89.4% with a variance of 62 ~ 0.0012; and multi-label emotion
recognition is observed to achieve an expected value of E[Macc] = 90.7% with a Variance o2 ~ 0.0010 In
Process. The low variances indicate that the combination of hierarchical embeddings and graph-based transition
modeling effectively provides robustness in terms of performance stability across various narrative structure types.
Baseline models both have lower expected values and higher variances, particularly in cases involving mixed or
conflicting sentiments. This suggests that baseline methods lack the robustness necessary to provide consistent
predictive behavior when dealing with complex emotional trajectory types. Conversely, the proposed framework
provides consistent predictive behavior under such conditions.

To ensure that the observed differences in performance are statistically significant, a series of hypothesis
tests were performed on the results of the repeated evaluations. A two-tailed paired t-test was used to compare the
proposed model to each of the baseline models; and the resulting p Values of <0.01 for all primary metrics confirm
that the results obtained are statistically significant at a 99% confidence level. Non-parametric Wilcoxon signed-
rank tests were also applied to verify that the assumptions of normality had been satisfied; and the resulting p
Values of less than 0.005 further validated the robustness of the observed improvements. The effect sizes
associated with the comparisons made were calculated using Cohen's d; and indicated large effects (d > 0.8) when
comparing the proposed model to ML [3]; and Emotion Analysis [8]; and moderate to large effects (d = 0.65"-
0.78) when compared to Ensemble Deep Learning [23]. Collectively, these statistical validations establish that the
superior performance exhibited by the proposed model relative to baseline models is not coincidental; rather, it
can be attributed to the innovative design elements embodied within the proposed framework.

The selection of ML [3]; Emotion Analysis [8]; and Ensemble Deep Learning [23]; as baseline models
is motivated by the fact that they represent a range of paradigmatic approaches utilized in the field of emotion
detections. ML [3]; represents classical machine learning methods that rely on manually designed features and
unimodal representations; thus, establishing a foundation for evaluating the degree to which improved contextual
modeling capabilities contribute to performance improvement. Emotion Analysis [8]; represents application
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oriented frameworks that utilize sentiment analysis in conjunction with recommendation systems; and thus
provide insight into practical application environments where contextual reasoning is partially integrated for the
process. Finally, Ensemble Deep Learning [23]; serves as a state-of-the-art baseline method that utilizes multiple
deep learning architectures to improve predictive performance via model aggregation. By selecting these baseline
methods, the evaluation methodology ensures a comprehensive evaluation of traditional; application driven; and
modern deep learning methodologies.

Comparison to the baseline models revealed that while Ensemble Deep Learning [23]; demonstrated
comparable accuracy due to the aggregated learning capability inherent to the model ensemble, it did not include
the explicit modeling of narrative transitions and causal relationships. Thus, it had increased variance and
decreased interpretability. Emotion Analysis [8]; demonstrated reasonable performance, however, the inclusion
of heuristic integration of contextual features limited its scalability and generality. ML [3]; was computationally
efficient, however, it suffered from significant limitations in capturing and representing complex evolving
emotional patterns. The proposed framework complemented and exceeded the baseline models by including
hierarchical context modeling; graph-based transition analysis; causal attribution; and trust-aware validation as
part of a unified architectural process. The inclusion of these complementary modeling techniques provided a
holistic design that enhanced expected performance metrics while minimizing variance. Therefore, the proposed
framework established a statistically robust and contextually consistent solution for understanding cinematic
emotions.

Validation Model’s Ablation Analysis

Consider a real-world deployment scenario in a streaming analytics platform where thousands of user
reviews, similar to those found on IMDb.com, will be continuously ingested to capture audience perception of a
new film release. An example user review (such as "The film has a great beginning with good performances and
has a visually pleasing finish, but it loses its emotional depth throughout so that the ending is somewhat
disappointing") is processed using the above described framework. The hierarchical embedding component breaks
down the review into structurally segmented narratives that include higher context-weighted phrases (i.c., "great
beginning with good performances" and "loses its emotional depth"), which results in a contextual embedding
tensor E_contextthat has higher activation values in contrasting emotional regions. The contextual embeddings
are then converted to an emotion transition graph and the model identifies a significant positive to negative
transition with a confidence of approximately 0.87. The causal attribution component identifies that nearly 62%
of the negative sentiment contribution comes from the segment describing the "disappointing ending," while the
initial segment contributes to positive sentiment at a rate of approximately 48%. Finally, the calibration layer
processes these outputs and converts them into a multi-dimensionally represented emotional space, providing the
estimates of valence = 0.15, arousal = 0.62, and dominance ~ 0.41; effectively estimating the mixed emotional
tone of the film without requiring forced binary sentiment classification process.

Once the pipeline moves to validation, the trust-aware component of the model determines if the
estimated emotional trajectory is consistent with the narrative flow of the reviews used in the processing of the
review. The computed Narrative Consistency Index is approximately 0.89, which indicates a high level of
coherence between the textual progression of the reviews and the estimated emotional transitions. Additionally,
the trust score of the model remains stable at approximately 92%, which suggests a high level of reliability of the
generated output sets. In an operational environment, such output can be provided to recommendation engines to
classify the film as both emotionally engaging but narratively inconsistent. Thus, recommendations can be made
that are tailored to the individual preferences of users who seek to see visually appealing films that also provide
critical nuance. Furthermore, when aggregating such output over thousands of reviews, the system can begin to
identify macro-level trends (e.g., a consistent decrease in emotional satisfaction as the length of a film increases)
and use this information to generate actionable insights to assist production teams in the development process.
Therefore, the end-to-end processing from contextual embedding to validated sentiment output demonstrates how
the above-described model transforms raw textual feedback into both structured and interpretable, and ultimately
decision-ready intelligence that bridges the gap between audience expression and analytical understanding.

Validation using Practical Analysis using Use Case Scenarios

Ablation analysis was performed to investigate how each module within the proposed framework
contributed to the overall performance by gradually deactivating or modifying individual modules. The entire
model  including CNE-HSF, ET-GAT, CSA-CNM, MEC-LPA, and TSV-NCI  serves as a benchmark
performance with an accuracy of 93.8%, F1-Score of 0.935, Transition Detection Accuracy of 89.4%, and Trust
Score of 93.5%. The full model includes the entire relationship between Contextual Embedding, Relational
Modeling, Causal Reasoning, Calibration, and Validation In Process. To establish the degree to which each
module influenced the model's performance and its interpretability, numerous reduced models were tested, each
testing the influence of a single module. As shown in Fig. 7(b), replacing the Hierarchical Contextual Embedding
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Module (CNE-HSF) with a Flat Transformer Encoding led to a significant decline in performance. Specifically,
accuracy dropped to approximately 89.7% and Transition Detection Accuracy decreased to 82.6%. These results
indicate that the absence of structural narrative representation results in a loss of contextual dependency. Variance
in predictions increased greatly, specifically for reviews that included multiple emotional transitions. These results
support the conclusion that the hierarchical nature of segmenting narratives is crucial to maintaining narrative
dependencies. Similar trends occurred when the Graph-Based Transition Module (ET-GAT) was removed.
Although overall accuracy remained nearly constant at approximately 91.2%, Transition Detection Accuracy fell
to approximately 78.9%, and Temporal Consistency fell to 0.74. These results suggest that the model can still
classify well, but it cannot track the emotional evolution of a review, and therefore produces a segmented and
potentially inaccurate interpretation of sentiment. The removal of the Causal Attribution Module (CSA-CNM)
provided additional insights into the Interpretability Dynamics. Specifically, in this configuration, accuracy was
nearly identical to the previous model at approximately 92.1%, however, Attribution Accuracy declined to
approximately 71.5% and Explanation Consistency fell below 0.70. These results demonstrate that accuracy alone
does not ensure meaningful explanations, and that the Causal Module is necessary to identify the narrative
segments responsible for evoking emotional responses. Therefore, without the Causal Module, the model
functions similarly to traditional Deep Learning Systems, producing outputs that provide little to no transparent
and actionable information. Additionally, when the Calibration Module (MEC-LPA) was removed, Multi-Label
Accuracy decreased from 90.7% to approximately 83.4%, and Prediction Errors in Valence and Arousal increased
by nearly 35%. These results highlight the importance of Latent Polarity Alignment in resolving overlapping
emotional states, which occur frequently in complex cinematic reviews.

The greatest amount of impact was seen when the Trust-Aware Validation Module (TSV-NCI) was
removed. Although Primary Accuracy Metrics remained above 92%, the Narrative Consistency Index fell from
0.91 to approximately 0.77, and the Trust Score fell to nearly 81%. This decrease in the Trust Score demonstrates
an increase in the number of Inconsistent Predictions in reviews with Non-Linear Emotional Progression. The
removal of the Validation Module resulted in Outputs that, although Accurate on Their Own, failed to align with
the Overall Narrative Structure, and therefore reduce Reliability in Real-World Applications. Additionally,
Prediction Stability decreased by nearly 10%, demonstrating an Increase in Susceptibility to Minor Perturbations
in Input Text. When all ablated configurations were compared collectively, a Clear Pattern Emerged: Each Module
Contributed a Unique Dimension to the Overall Performance, and the Combined Effect of All Modules was
Greater Than the Sum of Individual Contributions. The Full Model Achieved the Highest Accuracy and
Maintained Low Variance, High Interpretability, and Strong Narrative Coherence. The Ablation Study Thus
Reinforced the Design Philosophy of the Framework, Where Contextual Modeling, Relational Reasoning, Causal
Inference, Calibration, and Validation Operate in a Tightly Coupled Manner in Process.

5. Conclusion & Future Scopes

The research described here is the first to extend the scope of sentiment analysis beyond standard
classification paradigms by developing a new contextualized approach to validating sentiments expressed in
cinematic textual data. The experimental evidence clearly supports the idea that capturing the structural
organization of the narrative, how emotions evolve throughout the story, and the causal relationships among those
events provides significant advantages across all assessment criteria. As shown in Table 2, the proposed model
achieves 93.8% accuracy and an F1-Score of 0.935, which is superior to both Ensemble Deep Learning [23], at
3.5% better than that reported, and traditional ML [3], at 8% or more. While this improvement is statistical, it is
even more importantly reflective of the model's alignment with the internal structures that characterize cinematic
narratives. The capacity of the model to maintain hierarchical context using multi-scale embeddings allows it to
identify subtle emotional cues that are typically lost in flat representations. A much larger advantage can be seen
in Table 3 where the model achieves 89.4% accuracy in detecting changes in emotion, significantly exceeding the
performance of baseline methods that cannot get above 82%. This shows that the use of graph-based modeling
has been effective in identifying temporal emotional interdependencies in process. The high temporal coherence
score of 0.88 suggests that the model was able to recreate emotional trajectories from one segment of the narrative
to another; this is important because in cinematic contexts, the sentiment expressed by a character is usually not
constant. In addition, as shown in Table 4, the model has been shown to have a clear advantage in multi-
dimensionally recognizing emotions, achieving a multi-label accuracy of 90.7% and reducing predictive errors on
the three dimensions of valence (0.08), arousal (0.11) and dominance (0.09). The results therefore show that the
proposed calibration procedure has resolved overlapping emotional states in a way that has provided a more
nuanced view of audience sentiment.

Interpretability, often missing in many deep learning models, is treated in the proposed framework
through causal attribution, as demonstrated in Table 5. The model achieved an attribution accuracy of 86.3% and
an explanation consistency score of 0.85; both values were substantially higher than those of baseline methods.
This indicates that the framework does not only predict sentiment but also explain why a particular sentiment was
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predicted, thereby enabling computational output to be aligned with human interpretation. Additionally, the trust-
aware validation procedure used to evaluate the results, as shown in Table 6, yielded a Narrative Consistency
Index of 0.91 and a trust score of 93.5%; both indicate that the model’s predictions were both reliable and
consistent with the narrative progression. Although Table 7 indicates an increase in computational cost of only
about 10%, with a training delay of 8.6 hours and an inference delay of 28 ms, the resulting robustness score of
0.89 and error-reduction of 31.7% demonstrate that this increased time spent computing is justified. Overall, these
results demonstrate that the proposed framework has reached a well-balanced integration of accuracy,
interpretability, and reliability. Through its transformation of the process of sentiment analysis into a formal
reasoning process, the model has taken an important step toward realizing the goal of developing affective
computing systems that are capable of producing contextually grounded and explainable insights in process.

Future Scope

The following are some of the most promising areas of research in order to extend the framework's
possibilities for multimodal emotion recognition. Although this study is limited to the use of solely textual data
from the IMDDb dataset, cinematic experience encompasses a wide variety of sensory input including visual,
auditory, and contextual information. Incorporation of various modalities (for example, facial expressions, speaker
tone, and scene-level visual input) into the existing framework will likely increase the richness of emotional
representation. In addition to incorporating additional sensory modalities, the existing hierarchical narrative
embeddings could be coupled with visual transformers, or emotion encoding based on audio to potentially create
richer representations of cross-modal emotional associations. These enhanced representations could potentially
improve the accuracy of emotion prediction and the contextual relevance of the predictions made by the system
in real-world applications. Another area of potential research includes the development of real-time adaptive
learning mechanisms. Although the current model utilizes a batch-processing paradigm to analyze data, this
paradigm has limitations when applied to dynamically changing environments such as live streaming platforms
or interactive recommendation systems. Future work could investigate online-learning paradigms or
reinforcement learning methods that would enable the model to adapt to changing user preferences and contextual
changes over time. Such adaptation could lead to increased refinement of sentiment predictions, especially in
cases where audience feedback may vary over time or vary by demographic segment.

In addition to the opportunities presented in expanding the scope of the research, there are other areas of
opportunity including scalability and efficient deployment of the framework. The multi-stage nature of the current
architecture while providing a high degree of analytical robustness does introduce computational overhead, which
may limit the deployment of the system at scale. Future research could include applying techniques that compress
the model such as knowledge distillation or quantization to decrease the computational complexity while
maintaining performance. Furthermore, the integration of distributed processing architectures and edge computing
strategies could facilitate the real-time deployment of the framework in resource constrained environments.

Methodologically, the framework could be further developed using causal reasoning. While the current
framework uses counterfactual masking, more sophisticated techniques such as structural causal models, or
probabilistic graphical frameworks could provide greater insight into the relationships between the narrative
elements and the resulting emotions. This could potentially improve the explanation provided by the model, as
well as provide the ability to address more complex scenarios involving either implicit or indirect emotional cues.
The framework could be further generalized to encompass a wider variety of domains than just cinematic analysis.
Examples of other domains include social media analytics, customer feedback systems, and mental health
monitoring. Each of these domains provides an opportunity to expand upon the data diversity and contextual
variability encountered within the proposed approach process.

Limitations

Despite the benefits it provides, the suggested system has several limitations that should be considered.
The major limitation is the computational complexity of the system. The use of a multi-stage structure, including
hierarchical embedding, a graph-based model, causal attribution, and calibration, increases both the cost of the
training and the cost of inference sets. The time required to train the model was around 8.6 hours, according to
the information provided in table seven. It's estimated that the inference latency will be approximately 28
milliseconds. Although this latency may be acceptable for many applications, it may be unacceptable for ultra-
low-latency systems. In addition, due to the complexity of the system, it may not scale well for large datasets or
for applications requiring real-time processing. A second limitation is that the system only uses textual data. While
the reviews provided by imdb offer rich narrative content, it only provides one aspect of the overall cinematic
experience. Since the system relies solely on textual data, the system cannot account for the various types of
multimodal information associated with a film. For instance, a film may evoke an emotional response based upon
cinematography, the background music, the facial expressions of the actors, etc. However, none of this
information is reflected in the textual data contained within the review sets. Therefore, there is a risk that the
system may lose information related to the emotional experience of a film in process. This limitation emphasizes
the necessity for integrating additional multimodal data into the system to develop a better understanding of the
relationship between cinematic experiences and emotions.
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In addition to the limitations mentioned above, the system may have difficulty in accounting for extreme
linguistic variability and cultural nuances. Reviews contained in imdb are typically written in a casual manner
using colloquialisms, idiosyncrasies, and culturally-specific references. The hierarchical embedding mechanism
utilized in the system helps to mitigate some of the effects of linguistic variability; however, the system may
continue to have problems accounting for very ambiguous or context-sensitive statements, such as those that
express sarcasm or irony. Also, since the dataset primarily contains english language reviews, the generalizability
of the system to non-english speaking populations and/or cultures is limited. To address these limitations, the
development of a system that utilizes multilingual and cross-cultural datasets, as well as specialized linguistic
modeling techniques will be necessary. The level of interpretability of the system has been greatly improved via
causal attribution. Nevertheless, the system's explanation of how narrative influences sentiment is not complete.
For instance, in situations where a viewer responds emotionally to a movie because of the interaction between
two or more separate aspects of the narrative, the system's explanation of why the viewer responded emotionally
to the movie may not be complete. Finally, the use of perturbations to estimate causality may lead to sensitivity
to noise. Therefore, under certain conditions, the values assigned to the attribution scores may not be stable.
Ultimately, the validation mechanism used to assess the reliability of the system, which is based on a set of pre-
defined thresholds and assumptions about the consistency of a narrative, may not be appropriate for all types of
narratives. For example, the assumption that a narrative is consistent may not always apply to experimental, avant-
garde, or otherwise unorthodox movies. Therefore, the system may sometimes misclassify legitimate but atypical
paths for the emotional trajectory of a narrative. Therefore, the development of flexible validation mechanisms
that can accommodate a wide variety of narrative structures without sacrificing reliability will be important.
Overall, despite providing significant advancements in context-aware sentiment analysis, addressing the
limitations described above will be important to developing broader applicability, greater scalability, and a more
thorough emotional understanding in future versions of the systems.

Table of Abbreviations
Abbreviation | Full Form BERT Bidirectional Encoder
- - R i f
Al Artificial Intelligence Tg);:;:;lﬁggns rom
ML Machine Learning Econtext Contextual Embedding Tensor
DL Deep Learning Gemotion Emotion Transition Graph
NLP Natural Language Processing Acausal Causal Attribution Matrix
IMDb Internet Movie Database Ecalibrated Calibrated Emotion Tensor
CNE-HSF Contextual Narrative Embedding Sfinal Final Sentiment Output
with Hierarchical Scene Fusion
T T
ET-GAT Emotion Transition Graph score rust Score
Attention Network NCI Narrative Consistency Index
CSA-CNM Causal Sentiment Attribution via Acc Accuracy
Counterfactual Narrative Masking —
P Precision
MEC-LPA Multi-Dimensional Emotion R Recall
Calibration with Latent Polarity cea
Alignment F1 F1-Score
TSV-NCI Trust-Aware Sentiment Macc Multi-label Accuracy
Validation with Narrative —
Consistency Index Tacc Transition Accuracy
GNN Graph Neural Network KL Kullback-Leibler Divergence
Divergence
GAT Graph Attention Network - -
SGD Stochastic Gradient Descent
CNN Convolutional Neural Network - S—
AdamW Adaptive Moment Estimation
RNN Recurrent Neural Network with Weight Decay
LSTM Long Short-Term Memory BPE Byte Pair Encoding
VAD Valence-Arousal-Dominance
EEG Electroencephalography
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SER Speech Emotion Recognition MAE Mean Absolute Error
FER Facial Emotion Recognition RMSE Root Mean Square Error
NER Named Entity Recognition CI Confidence Interval
SOTA State-of-the-Art p Value Probability Value
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  R   =      {   r  i }  i = 1  N


        𝐡  s   ( k ) =   ∫  t = 0  T  𝜎  (   W  s ⋅   x  t   ( k ) +   b  s )   d t  …  (1)


        𝐡  p   ( j ) =   ∑  k = 1  K    𝛼  k   𝐡  s   ( k )  …  (2.1)


    𝛼  k =   ∂  ℒ  c o n t e x t  ∂   𝐡  s   ( k ) … ( 2 . 2 )


        e  i j = LeakyReLU  (   𝐚 ⊤ [ W   𝐡  i   ∥   W   𝐡  j ] )  …  (3)


        𝛼  i j =   exp ⁡ (   e  i j )    ∑  k ∈ 𝒩 ( i )  exp ⁡ (   e  i k )  …  (4)


        A  i =   ∂   y ^  ∂   𝐡  i ⋅ Δ   𝐡  i  …  (5)


        𝔼  c f [   y ^ ] =   ∫ Ω  f (   𝐡  − i ,     𝐡 ~  i )   p (     𝐡 ~  i )   d     𝐡 ~  i  …  (6)


       ℒ  a l i g n =   ∫  𝒵    p  m o d e l ( z ) log ⁡     p  m o d e l ( z )    p  t r u e ( z )   d z  …  (7)


        𝐳 ∗ = 𝐳 − 𝜂  ∇  𝐳  ℒ  a l i g n  …  (8)


        𝒞  n a r r =  1  N   ∑  i = 1  N    ∥   𝐳  i ∗ −   ∫  j = 1  N    𝛼  i j   𝐳  j ∗   d j ∥ 2  … .  (9)


        T  s c o r e = 1 −   ∫ 0  𝜖  p ( e )   d e  …  (10)


        S  f i n a l = arg ⁡   max ⁡  y ∫ f (   𝐳 ∗ , A ,   𝛼  i j ) ⋅ p ( y ∣   𝐳 ∗ )   d   𝐳 ∗  …  (11)


    𝜎  A c c 2   ≈   0 . 0009 ;     𝜎  F 1 2   ≈   0 . 0007


    𝜎  A c c 2   ≈   0 . 0021


    𝜎  A c c 2 ≈   0 . 0034


    𝜎  A c c 2 ≈   0 . 0048


    𝜎 2 ≈   0 . 0012


    𝜎 2 ≈   0 . 0010

