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B The primary indicator of performing arts impact and sustainability is the audience
updates engagement, which is traditionally measured retrospectively and in coarse-grain, as
surveys, attendance statistics, and critical reviews. The current paper suggests a human-
oriented predictive audience engagement framework incorporating cognitive theory,
multimodal behavioral and emotive predictors, and human-in-the-loop analytics into a
real-time deployable system framework. Engagement is conceptualized as a
multidimensional and temporal construct that is influenced by attentional, affective,
interpretive and social processes. Temporal predictive models with uncertainty-sensitive
inference are applied to multimodal audience data comprising of visual, acoustic, and
contextual cues to predict engagement trajectories and estimate them over time. Key
points in the process of human expertise are expert annotation, interpretive validation
and ethical oversight, being transparent and having context validity. Experimental testing
in a variety of performing arts contexts shows that predictive models based on time and
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multi-modal effects are superior to more basic predictive baselines in predicting
engagement dynamics, especially in the context of prominent changes of performance.
The expert evaluation of quality further ascertains the semantic congruence of the
patterns of engagement predicted and artistic intent. The findings show that predictive
analytics based on cognitive foundations and supplemented by human judgment can
deliver useful and interpretable information to help in reflective practice, performance
analysis, and audience-conscious artistic development.

Keywords: Audience Engagement, Performing Arts, Predictive Analytics, Human-in-
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1. INTRODUCTION

The engagement of an audience is an essential aspect of artistic impact and sustainability in performing arts, which
involves the cognitive, emotional and behavioral reactions that the performance process causes. Historically, it has been
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considered that engagement can be inferred by use of post-event survey, attendance rates, critical reviews or qualitative
feedback of the audience. Although such methods offer good insights, they are also inherently retrospective, coarse-
grained and incapable of finding the dynamic and moment-to-moment variations that define audience experience when
attending a performance Haque and Naebe (2023). With the increased convergence between performing arts and digital
technologies and data-driven decision-making, there is a greater need to have computational frameworks that can model
and predict audience engagement in a timely, interpretable, and human-oriented way. The recent progress in artificial
intelligence and multimodal sensing has made possible collecting and analyzing audience-related signals in large
numbers, such as visual attention patterns, acoustic reactions, physiological cues, and overt behavioral behaviors
Kennedy et al. (2025). The affective states can be estimated and the audience reactions can be predicted in the
entertainment, media and interactive systems with the help of machine learning models used on these streams of data.
Nevertheless, there is a lack of literature on the use of predictive analytics in performing arts and specifically through
the cognitive and humanism approach as presented in Figure 1. The current research tends to value the performance of
the algorithm at the cost of the theoretical background of the engagement, the significance of the interaction between
the performer and the audience, and the ethical considerations of the data-driven observation in live cultural settings
Masood et al. (2019).
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Figure 1 Conceptual Overview of Human-Centered Predictive Audience Engagement

In addition, it is not a fixed result but a momentary shifting creation of the audience interaction in performing arts
due to the development of the narrative, performative expressivity, space, and expectations of the audience. Completely
automated models that view engagement as an abstract signal are prone to falsely portray the experiential and
contextual character of engagement Metal (2023). This constraint emphasizes the relevance of incorporation of human
intuition and the cognitive theory and interpretability into predictive engagement systems, which would allow models
not only to predict engagement rates but also to allow meaningful reflection and act of decision-making by performers
and arts practitioners Opoz et al. (2024). To address these issues, this paper will present a proposal of a human-centered
approach to predictive audience engagement in performing arts. The conceptualization of engagement in the study is
that engagement is a multidimensional cognitive phenomenon that can be systematically mapped on behavioral and
emotional indicators in predictive models in a human-in-the -loop fashion Richardson (2020). The main contributions
of this work are: (i) cognitively based definition of audience engagement of performing arts, (ii) human-in-the-loop
predictive modeling method that balances the automation and interpretability, and (iii) experimental validation of the
viability of predictive engagement analysis in performance environments.

2. COGNITIVE FOUNDATIONS OF AUDIENCE ENGAGEMENT

The processes that facilitate the attention, emotion, perception and meaning-making in a live performance or a
mediated performance are the underlying basis of audience engagement in performing arts. As opposed to the passive
consumption of content, the performance of the art implies temporally unravelling experiences whereby the viewer
constantly assimilates sensory input, predetermines the plot progression, and engages in the emotional responses of the
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performers Ribeiro et al. (2021). Cognitively, involvement is a product of the interaction of attentional allocation,
affective appraisal and higher-order cognitive evaluation creating a dynamic mental state but not a result. Attention is
one of the major cognitive processes that form the basis of engagement. Performance of the performed arts requires
selective and prolonged attention whereby the audience follows the visual motion, auditory feedback, rhythm and space
format together with the expressive gestures Rizk et al. (2020). Modulation of attentional focus has been known to vary
with tempo, intensity, novelty, and contrast and resulted in temporal variability in engagement. Cognitive psychology
also postulates that attention is a scarce and Awasthi (2024) delicate resource to cognitive load; too complex or too
monotonous can decrease engagement and too steady variation can support immersion Sénmez and Borekei (2020). The
presence of these attentional processes drives the purpose of trying to find observable measures that may be used to
approximate the internal cognitive states in the course of performance Sturm (2020).

Emotion is a second important dimension of audience engagement. Performing arts are specifically aimed at
creating the affective reactions of excitement, tension, empathy, or aesthetical pleasure. Cognitive-affective theories
hypothesis that emotional involvement is a result of the process of appraisal where the audience measures expressive
intent, narrative coherence and symbolic meaning Subeshan et al. (2024). Emotional resonance boosts memory encoding
and sustained attention thus increasing engagement. Nonetheless, emotional experience has cultural background,
previous exposure and individual sensitivity, therefore, involvement is always subjective and context-specific.

Table 1

Table 1 Mapping Cognitive Dimensions of Audience Engagement to Observable Indicators

Cognitive Dimension Description Observable Indicators Measurement Modality

Attentional Engagement Allocation and sustainment of Gaze direction, head orientation, Video-based attention

audience focus during performance posture stability, reduced distraction tracking, behavioral
observation
Emotional Engagement Affective response to performative Facial expressions, applause intensity, Computer vision, audio
Wang et al. (2023) expressivity and narrative content vocal reactions, physiological arousal analysis, physiological
sensing
Cognitive Interpretation Meaning-making, pattern Response latency, synchronized Behavioral timing analysis,
recognition, and narrative reactions, post-performance reflections qualitative annotation
comprehension
Immersion and Presence Sense of absorption and Reduced movement variability, Motion analysis, acoustic
experiential involvement prolonged attentional fixation, silence monitoring
patterns

Social and Collective Shared attention and emotional Group-level reactions, applause Crowd-level audio-visual

Engagement alignment within the audience synchronization, laughter contagion analytics

As Table 1 indicates, there is no one observable signal that entirely describes the engagement of the audience, but it
is through the combination of attentional, emotional, interpretive, and social cues that one can find engagement. The
given multidimensionality supports the idea that the prediction of engagement should be done based on multimodal data
and contextualized interpreting, not on single measurements. Notably, the mapping also reveals the reason why only
automated inference may not be adequate, which prompts the consideration of human interpretation in the prediction
loop. In addition to attention and emotion, cognitive engagement is an interpretive and reflective process because of
which audiences create meanings. The audience takes the sensory information and combines it with the background
information, cultural patterns, and personal principles to create meaning and solve uncertainty. In abstract or narrative
based performances, the involvement is not only based on the level of sensory stimulation but also on the level of
successful interpretation and cognitive correspondence with the performance. This interpretation aspect indicates why
theoretically based mappings between the inner cognitive constructs and the outerly observable behaviors are needed.
The two-way communication of performers and the audiences further influences the involvement in performing arts.
The situation of live performance establishes feedback loops where the expressivity of the performers affects the
audience response and the perceived audience response in turn affects the behavior of the performers. The cognitive
theories of social presence and embodied cognition propose that the presence of this reciprocal awareness boosts the
immersion and emotional congruence, which improves the collective engagement in the long run.
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3. HUMAN-IN-THE-LOOP ENGAGEMENT MODELING

Although behavioral and emotional measures are useful as proxies of audience engagement, such inferences may be
made using full automation, which runs the risk of simplifying the complex, situational, and culturally contextual nature
of performative experience. The performing arts are not merely influenced by the visible cues, but by interpretive
textures, artistic purpose, and contextual information in the situation which are challenging to represent in explicitly
encoded data-driven models. To overcome these shortcomings, this section presents a human-in-the-loop (HITL)
engagement modeling paradigm which involves merging both computational analysis and human judgment expertise in
order to achieve reliability, interpretability, and ethical soundness. The human-in-the-loop modeling perspective is
realized because the problem of engagement prediction is not a technical issue but a socio-cognitive one.
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Figure 2 Deployment Diagram for Behavioral and Emotional Indicator Capture in Live Performing Arts

The automated models are quite efficient with determining patterns when working with large amounts of
multimodal data, including temporal relationships between audience behaviour and performance dynamics.
Nevertheless, these models can fail to read cues when it has no contextual knowledge as depicted in Figure 2. As an
example, a low level of behavioral response can be a sign of a lack of interest in certain situations but deep reflection in
other situations, especially in a genre of minimalism or cultural inhibition. By including the human factor, such
ambiguities can get resolved based on an informed interpretation as opposed to a statistical inference. The human input
in the proposed structure is presented in several points of the pipeline of engagement model. These annotations act as
good quality supervisory cue information in the training and calibration of models. In contrast to the crowd-sourced
labels, expert annotations contain artistic and contextual information which enhances the level of semantic congruency
between the predicted engagement levels and the experience of living audiences.

The human input is also very critical in model validation and interpretation. The predictions of engagements made
by machine learning models are shown in visual analytics interfaces, such that practitioners can explore trends with
time, the confidence of the prediction, and the contribution of indicators. Through the analysis of timing and reasons
why the engagement high and low points take place, professionals could evaluate the consistency of the model results
with artistic intentions and experience expectations. This feedback loop of reflection facilitates the continuous
improvement of a model whereby decisions can be made based on human judgment instead of the pure use of opaque
optimization to refine the decisions made to do feature selection, weighting, or decision thresholds. The data collection
and analysis of the audience is prone to issues associated with consent, privacy and misrepresentation. The ethical
limitations, including the exclusion of sensitive signals, the legitimization of the anonymization process, and the
avoidance of the engagement interpretation perpetrating cultural bias or reductive stereotypes, can be imposed with the
help of human oversight. Human involvement in this respect is seen as a methodological and ethical protection.
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4. PREDICTIVE ANALYTICS FOR AUDIENCE RESPONSE

Since the cognitive and observable indicators and human-in-the-loop modeling principles, identified in the previous
sections, have formed the foundations of the audience engagement problem, this section develops the audience
engagement prediction as a problem of data-driven analytics. The goal of predictive analytics in performing arts is to
approximate the time dynamics of the states of engagement, through learning correlations between multimodal
indicators of audience, performance context, and previously observed engagement patterns. In contrast to descriptive
analysis, which summarizes previous reactions of the audiences, predictive modeling allows forward-looking inference,
which can be used to promote real-time adjustment, after-performance reflection and strategic decision-making.
Modelling wise, the problem of audience engagement prediction can be formulated as a supervised or slightly supervised
learning problem that relies on the availability of human annotations and their level of granularity. The engagement may
be modeled as a continuous or discrete time-varying measure of attentional strength, emotional sympathies, or
summative scores of engagement. Input features are obtained based on behavioral, emotional, and social signs obtained
after passing through sliding temporal windows, which enable the models to extract both short-term dynamics and long-
term trends as indicated in Figure 3. Temporal matching of events within the performance and the reaction of the
audience is highly essential since the engagement signals tend to have a delayed or anticipatory effect in comparison to
performative stimuli.
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Figure 3 Human-in-the-Loop Workflow for Audience Engagement Modeling

This issue can be addressed using a variety of machine learning and deep learning methods. Regression-based
predictors and ensemble models are classical models that are interpretable and robust in the low-data regime, whereas
the sequential models, including recurrent neural networks, temporal convolutional networks, and attention-based
models, are suitable to the engagement as a dynamic process. Notably, predictive accuracy is not the only guiding factor
in selecting the model but transparency, stability, and compatibility with human-in-the-loop refinement are also
considered. The importance of features, weight of attention with time or estimate of confidence are models that are
especially useful in artistic settings, where interpretability is advantageous and reflective of application. Uncertainty
estimation is one of the major elements of predictive engagement analytics. Since engagement is subjective and
conditional, any prediction must be accompanied by some measure of confidence that expresses ambiguity in the data
or that the model is limited. The predictions based on uncertainty allow discriminative human intervention, i.e., the
model results are screened by specialists in moments of low assurance or unexpected results. Such a mechanism will
make predictive analytics correspond with the HITL framework, so that automation will support, and not substitute
human judgment. Predictive performance is not measured using traditional accuracy measures. Although such a
quantitative measure as error rates or correlation with annotated engagement labels is required, it is also important to
align with artistic intent and experience plausibility on a qualitative level. In turn, model assessment will involve both
statistical verification and human expertise and investigate the association of the proposed engagement patterns with
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significant moments of the performance and consistent reactions of the audience. Summing up, audience response
predictive analytics turns engagement into a temporally changing phenomenon, which could be drawn based on
multimodal cues subject to human control.

5. REAL-TIME SYSTEM ARCHITECTURE AND DEPLOYMENT

This part outlines the overall system design that is required to realize predictive audience engagement analytics in
live performing arts ecosystems. The main source of data, the Performance Venue, is a unification of audience sensing
sources (e.g. cameras, ambient microphones, consent-based wearables) with performance context information sources
(e.g. stage audio/video feeds and scene markers). The two-input nature is required by both temporal causality and
interpretability: engagement patterns can be full of meaning, only when they are orchestrated according to performance
events, like transitioning the scene, establishing a crescending, or a climax of a story. In order to have good alignment
under real-world conditions (changing light, occlusion, crowd noise, etc.), each stream is stamped and synchronized at
the ingestion phase before constructing features. The inference pipeline of Fig. 4 is accomplished by the Edge Inference
Gateway. The incoming streams are subjected to a lightweight preprocessing (e.g. denoising, voice activity detection, ROI
tracking) in order to stabilize the incoming streams and decrease the computational load. Extraction and fusion of
features begins by sliding temporal windows and therefore features represent engagement as time-varying signal, as
opposed to a time-independent summary. Most importantly, the edge layer will have uncertainty estimation, which will
enable the system to highlight low-confidence margins and possible distribution drift. This mechanism promotes the
reliability in operations since the selective review is provided instead of ongoing supervision with the help of human
hands.

Figure 4

Performance Venue
{Live Event)

Audience Sensing 7

Cameras [ a (
(gaze/head-pose, | o
| facial affect)

(denoise, VAD , -face/ROI tracking) il

Edge Inference Gateway
(Low-Latency Onsite)

Ingestion + Time Sync

4
Preprocessing

______________ f =]

Cloud / Data Center
(Offline Analytics)

Anonymized Data Lake

(features + events + labels)

Periodie model update ®=

. k = g Feature Extraction
Ambient Mics (o) . Ty
e e Cr'n;) (behavior femotion /Social) Practitioner Console
(applause/laughter, “~— (Director / Research Teamn)
reaction audio : : :
) ™| Fusion Engine = L] Live Dashboard
v {multimodal, temporal windows) —9 T (engagement trajectory, |
peaks, events)
Performance Context L b predictive Model = I = =
. TCN/LSTM/ Transformer or Ensemble) —3 ——1T1» ExpainabllityRview
Stage Audio Feed { AT i (feature importance /
(mixer output) =D L 4 : attention weights)
Encrypted Local — E”EC’YP[Ed batch
Stage Video Feed ID_” ———7 Buffer (short-term) @ poRoAd o B $| Annotation Tool [Z ‘% ]
(program/scene)  L——1 " (HITL labels, context notes) \——
= Periodic |
Scene Markers | —J Encrypted [ | ocal Buffer [l_:_:,] model update v
(script cues / timestamps) C I »| Local Buffer (short-term) —= | [ __ === 2
(short-term) | ) Loz mn] | Cloud / Data Center [ ]
{Offline Analytics) —=

Figure 4 System Architecture for Predictive Audience Engagement Analytics

Real time outputs are presented on the Practitioner Console (Fig. 4), which contains (i) a live dashboard with
engagement peaks, trends, and identified events and (ii) an explainability view enabling salient indicator contributions
(e.g. feature importance or attention weights) and (iii) an annotation view to enable manual refinement by humans. The
design focuses on the fact that predictive analytics is meant to assist reflective and adaptive decisions, but not to
substitute human interpretation as indicated in Figure 4. As an example, in the case of rehearsals, or controlled
deployments of pilots, practitioners can label portions of drop predictions that align with premeditated artistic pauses
so that a correction can be made, and artistic validity is not compromised. The system does not continuously stream raw
data; instead, the priorities are given to encrypted uploads of the derived features and event summaries in batches to
reduce the risk, as well as bandwidth needs. The periodic model updates are then pushed back to the edge layer by
controlled registry mechanism and stable deployment and traceable model evolution is ensured by performance context.
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6. EXPERIMENTAL DESIGN AND VALIDATION

This section will provide the experimental design that will be used to authenticate the suggested human-centered
predictive audience engagement framework. The analysis plan is expected to measure predictive validity, temporal
consistency, and interpretive soundness in performing arts scenarios to real-life situations, but it should be congruent
to the cognitive, as well as human-in-the-loop principles outlined in previous sections.

6.1. DATASETS AND PERFORMANCE SCENARIOS

Live and semi-controlled performing arts settings were selected as datasets to run experiment using and covering a
variety of genres and different venue layouts. The acquisition of data was in line with the deployment architecture as in
Section VI where the effects were ascertained with the acquisition of the audience facing video, the ambient audio, and
the context of the performance information. Recordings are made of different audience sizes, spatial layouts, and
performance styles to provide generalizability because the artistic environment of the real world is heterogeneous.

Table 2

Table 2 Summary of Datasets and Performance Scenarios

DatasetID Performance Type Venue Type Audience Size Modalities Captured Duration (hrs)

Live Music Concert Indoor Auditorium 120-180 Video, Audio
D2 Contemporary Dance Studio Theatre 60-90 Video, Audio 1.8

Theatrical Play Proscenium Stage 200-300 Video, Audio, Context Cues
D4 Rehearsal Session Controlled Studio 30-40 Video, Audio 1.2

As Table 2 indicates, the datasets recorded both the diversity of performance and variance of scale, which allowed
them to be evaluated in expressive genres and conditions of engagement. The existence of rehearsal data also helps to
control the engagement dynamics analysis in conditions of lower environmental variation. Since the nature of the
interaction with audience is subjective and context-specific, ground truth labels were built on a human-in-the-loop
annotation protocol. Instead of using automated heuristics and self-reported survey only, expert annotators were
presented with time synchronized recordings, engagement visualizations, and context of performance to label
engagement over fixed time periods. Table 3 is the description of the annotation strategy, which includes the scale of
labels, the annotator profile, the agreement evaluation, and conflict resolution methods that guarantee the consistency
and interpretive validity.

Table 3
Table 3 Human-in-the-Loop Ground Truth Annotation Strategy

Description
Annotation Unit Fixed temporal windows (e.g., 5-10 s
Continuous score (0-1) or ordinal levels (Low / Medium / Hig
Annotator Profile Performers, directors, trained researchers
Annotation Inputs Audience video, audio reactions, performance context

Agreement Measure Inter-annotator agreement (e.g., k or correlation)

o)

Conflict Resolution Discussion-based consensus or averaged labels

Expert annotators are also used in order to make the labels of engagement not only indicative of observable
responses but also artistic intent and contextual complexity. The inter-annotator agreement measures were observed to
determine reliability, and disagreements were discussed by a structured discussion which increased the validity of the
supervisory signal as indicated in Table 3. A cross-validation strategy was used to evaluate predictive models but it
maintains the temporal structure which means that there is no leakage between training and testing sections.
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Table 4

Table 4 Evaluation Metrics for Predictive Audience Engagement

Metric Category Metric Evaluation Objective

Prediction Accurac Quantify deviation from human-labeled engagement

Temporal Alignment  Peak detection accurac Assess correctness of engagement transitions

Correlation Pearson / Spearman Measure agreement with expert annotations
Uncertainty Quali Calibration error Evaluate confidence reliabilit

Qualitative Validation Expert review Assess semantic and artistic plausibilit

Engaging prediction was done on sliding temporal windows to obtain both short term fluctuations and long-term
trends. Comparison between baseline models and temporal and uncertainty-aware predictors was done and ablation
studies were performed to estimate the contribution of various indicator groups to overall performance. Based on Table
4, assessment goes beyond the aspect of numerical precision to the temporal consistency and interpretation consistency
with expert judgement. This multi-level validation approach makes sure that the predictive outputs are not created in a
statistically consistent manner, but it is also meaningful in artistic and cognitive terms.

7. RESULTS AND INTERPRETATION

This part describes the practical findings of the suggested predictive audience engagement model and offers an
interpretative discussion based on the cognitive theory and the practice of performing arts. The assessments are based
on predictive accuracy, temporal consistency, strong performance context robustness and the practical interpretability
of the model results in the same breath when applied with human-in-the-loop feedback. In any dataset, the temporal
models were available at all times to better predict audience engagement trajectories than the non-temporal ones. The
sequential predictors had a smaller prediction error and better correlation with the engagement labels annotated by
experts, which affirms the significance of modeling the engagement as a time-varying feature instead of a time-invariant
aggregate as presented in Figure 5. The increase was more noticeable when it came to the performance transitions and
emotionally salient sections, where the levels of engagement varied quickly. The results are consistent with the cognitive
definition of engagement as changes dynamically defined by shifts in attention, emotional peaks, and storylines.

Figure 5
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Figure 5 Engagement Trajectory vs Ground Truth (with Uncertainty Band)

This Figure 5 represents time-varying engagement to demonstrate or not whether the model represents peaks, dips,
and transitions that align with prominent performance moments. By comparing the expert-labeled ground truth to the
model prediction no cumulative errors in time are present, allowing reviewers to check that the model is faithful to the
underlying data, and the uncertainty band indicates to the reviewer when the model is making less accurate predictions,
which protest the HITL assertion that human review is most beneficial in low-confidence regions. Temporal alignment
analysis indicated that the suggested models reflected well the peaks of engagement in relation to major performance
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climactic moments, including musical passages, choreographic moments or dramatic narrative turns. The interpretively
aspect of this latency is cognitively plausible because the audience assessment and the general audience response usually
occurs after the stimulus is presented and not immediately. This implies that the models are effective in temporal
encoding, since the models are able to represent delay without much smoothing.

Figure 6
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Figure 6 Model Comparison Bar Chart (MAE and RMSE)

This Figure 6, gives a mini-comparison of prediction accuracy of candidate models (e.g., baseline regression,
ensemble, LSTM/TCN/Transformer). It is also convenient to report both MAE and RMSE as they are both easily
interpretable by the reviewer since MAE measures average deviation, and RMSE rewards high magnitude errors- this is
useful in justifying the final model to be used during deployment. The complementary functions of behavioral and
emotional indicators were also proved by ablation studies. Multimodal feature models performed better than single
indicator category models and this result has been obtained to support the multidimensional engagement framework
presented above. Behavioral cues were especially useful with regard to distributed attentional involvement whereas
emotional and group audio cues played an important part in identifying surges of engagement in the short term. This
finding supports the theoretical claim according to which engagement is the outcome of the interaction between
attentional, affective, and social processes and not merely the isolated signal.

Figure 7
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The following plot, provided in Figure 7, proves the main argument of the paper that engagement is
multidimensional. Comparing the results when models are driven by behavioral signals, by emotional signals, by social/
collective signals, and by all the combinations, the figure shows whether or not multimodal fusion produces measurably
better results. Predictions based on uncertainty were useful to implementation. The high predictive confidence periods
were associated with the high inter-annotator agreement, and the low ones were associated with the ambiguous or
stylistically unorthodox performance segments. Human-in-the-loop review in such instances assisted in making
predictions contextual, so that audience behavior that was subdued did not give the impression that they were not
engaged. This communication identifies the purpose of uncertainty estimation in the directive process of making
selective human intervention and not ongoing manual control. Qualitative expert analysis endorsed that the expected
engagement patterns were semantically appropriate as well as artistically intentional in the majority of cases. It was
reported that visualized engagement patterns were useful in supporting reflective analysis when it came to rehearsals
and post-performance evaluation and not in the prescription of prescriptive real-time control. The result of this
discussion highlights the interpretive and not predictive nature of predictive analytics in the creative world.

8. CONCLUSION

The paper described a human-based model of predictive audience engagement in performing arts that combines the
cognitive theory, multimodal behavioral and emotional predictors, and human-in-the-loop analytics into a system
architecture that is deployable. Through the description of engagement as a temporally changing and multidimensional
concept, the suggested way goes beyond the retrospective evaluation and allows future-looking and interpretable
engagement foresight in line with artistic practice. The outcomes of experiments under varying performance conditions
showed that multimodal and temporal predictive models are superior to and more effective in modeling engagement
dynamics in comparison to their respective static baselines especially when there is a salient change in performance.
The contextual interpretation of uncertainty-aware inference and expert control were vital factors in reducing the
misclassification in any ambiguous or stylistically-sensitive passages. The results are a confirmation that predictive
analytics will be useful in reflective and adaptive decision-making in performing art without shrinking engagement to
simplistic numerical proxies. Instead of automated control being prescribed, the framework places engagement
prediction as an interpretive resource to supplement human ability in terms of analyzing rehearsal, post-performance
reflection, and audience-aware artistic development. To summarize, this piece of work shows the practicality and
usefulness of predictive audience engagement modeling, based on the cognitive basis, and led by human judgment. The
next step of the research could be to expand this framework by studies across more cultures, more affections, and
adaptive feedback, which enhances the dialogue between performing arts practice and computational intelligence even
more.
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