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Abstract
Aims: This study presents the design and pilot evaluation of ArtThera, a mobile system that integrates emotion visualization, AI-generated art content, and multimodal emotional assessment for use among college students.
Study Design: A cross-platform mobile application was developed with four main modules: emotion-centric visual capture, a color-emotion mapping engine, an AI-generated art engine, and a multimodal assessment module.
Methodology: The emotion capture module supports image-based and text-based emotional input. The color-emotion mapping engine applies K-means clustering to extract dominant color features from a curated collection of more than 1,000 classical artworks and links these features to the Pleasure-Arousal-Dominance (PAD) emotional model through statistical association analysis. The AI-generated art engine produces personalized color palettes, minimalist drawing templates, and contextual audio content. The assessment module combines emotion diary records, heart rate variability (HRV) indicators, the Self-Rating Anxiety Scale (SAS), and the Positive and Negative Affect Schedule (PANAS). A four-week pilot evaluation was conducted with 20 undergraduate volunteers recruited through a university psychological association. The study protocol received institutional ethics approval prior to data collection.
Results: Participants completed an average of 3.4 sessions per week. The system demonstrated stable operation on Android and iOS platforms, with an average cold-start time of 1.3 seconds and an average content generation response time of 1.7 seconds. Pre-session to post-session comparisons showed a mean RMSSD increase of 12.8% (38.2 ms to 43.1 ms). Weekly HRV monitoring indicated a longitudinal trend of increasing RMSSD from baseline (Week 0: 28.6 ms) through Week 4 (44.1 ms). SAS scores decreased from a baseline mean of 48.6 to 41.3 at the four-week endpoint, while PANAS positive affect scores increased and negative affect scores decreased following individual sessions.
Conclusion: These preliminary findings suggest that ArtThera is technically feasible and acceptable for campus-based emotional support. However, given the absence of a control group, the small sample size (N = 20), and the lack of randomization and formal statistical testing, the therapeutic outcome indicators must be interpreted with caution. No causal conclusions regarding clinical effectiveness can be drawn from this pilot study.
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[bookmark: introduction]1. INTRODUCTION
Mental health challenges among college students have escalated into a global public health concern. Academic pressure, social isolation, financial uncertainty, and the developmental transition to adulthood collectively contribute to elevated rates of anxiety, depression, and stress-related disorders in campus populations [6, 24]. Despite growing awareness, traditional psychological counseling services face persistent barriers including long waiting periods, spatial constraints requiring physical presence at counseling centers, and the stigma associated with seeking formal mental health support. These structural limitations create an urgent need for accessible, non-stigmatizing, and evidence-based interventions that can be deployed at scale [9, 27].
Art therapy has emerged as a promising non-pharmacological intervention for emotional regulation. Systematic reviews and meta-analyses have demonstrated that art-based interventions significantly reduce symptoms of anxiety, depression, and fatigue across diverse populations [8, 12]. The therapeutic mechanisms underlying art therapy involve multiple channels: the externalization of internal emotional states through visual expression, the meditative focus induced by creative engagement, and the non-verbal processing of traumatic or distressing experiences [7, 10]. Within educational settings, painting-based art therapy has shown particular efficacy in psychological evaluation and intervention for college students [13]. However, traditional art therapy requires professional facilitation, dedicated physical spaces, and a baseline level of artistic competence, limiting its scalability and accessibility [23].
The convergence of artificial intelligence (AI) and digital art tools has opened new possibilities for democratizing art therapy. Recent advances in generative AI models have demonstrated the capacity to produce aesthetically sophisticated visual content that can serve as therapeutic stimuli [1, 5]. Studies have begun to explore AI-mediated generative art in educational and clinical contexts, reporting improvements in emotional expression, creativity, and engagement [3, 4]. Meanwhile, color psychology research has established systematic associations between specific color attributes—hue, saturation, brightness—and emotional states, providing a scientific foundation for computational color-emotion mapping [16, 18]. The technical feasibility of automated color palette extraction using modified K-means clustering algorithms has been validated in prior work [15].
The most directly relevant prior work is the AI-driven color-emotion mapping and mobile art therapy platform developed by Tang et al. [17], which established the initial proof-of-concept for integrating AI-generated personalized art content with mobile delivery platforms in campus settings. The present ArtThera system extends this foundational work in three substantive respects. First, the current system introduces a comprehensive multimodal assessment architecture incorporating HRV monitoring, standardized psychometric scales (SAS and PANAS), and longitudinal emotion diary visualization, whereas the earlier platform relied primarily on self-report measures. Second, ArtThera implements a novel “emotion memory capsule” mechanism that embeds spatiotemporal, physiological, and weather-context metadata within digital artworks, enabling cross-temporal emotional reflection—a feature absent from the predecessor system. Third, the color-emotion mapping engine has been refined with an expanded artwork training corpus (over 1,000 works versus the approximately 300 used in the prior study) and validated against the full three-dimensional PAD emotional model, providing greater granularity in the emotion-to-color mapping rules. These extensions collectively advance the state of the art from a proof-of-concept demonstration to a more comprehensive, multi-layered intervention platform.
Physiological assessment technologies offer complementary objective measures for evaluating art therapy outcomes. Heart rate variability (HRV) has been established as a reliable biomarker of autonomic nervous system function and emotional regulation capacity [22, 26]. Positive emotional states correlate with higher HRV in healthy college populations [25], and mobile photoplethysmography applications have been validated for HRV assessment outside laboratory settings [30]. These developments enable the integration of physiological monitoring into everyday mobile interventions, bridging the gap between subjective self-report and objective biometric measurement.
Despite these parallel advances, existing digital mental health tools predominantly focus on single modalities: mindfulness meditation applications [27], cognitive behavioral therapy (CBT) platforms [28, 29], or standalone mood tracking. A significant gap remains in integrated systems that combine AI-generated personalized art content, scientifically grounded color-emotion mapping, and multimodal physiological-psychological assessment within a single mobile intervention framework [11]. Furthermore, the theoretical foundations linking color psychology, art therapy, and digital intervention lack a unified, empirically verifiable quantitative model.
The present study addresses these gaps through the design and pilot validation of ArtThera, a comprehensive mobile system that integrates four core technological modules: (1) emotion-centric visual capture through image and text inputs, (2) a color-emotion mapping engine built upon K-means clustering of classical artworks and the PAD emotional model, (3) an AI-generated art engine producing personalized color palettes, drawing templates, and ambient audio content, and (4) a multimodal emotion assessment module combining emotion diaries, HRV monitoring, and SAS and PANAS psychometric evaluations. The system introduces the novel concept of an “emotion memory capsule” that embeds spatiotemporal and physiological metadata within digital artworks, enabling cross-temporal emotional reflection. This paper presents the complete system architecture, implementation details, and preliminary evaluation results, contributing a verifiable “emotion-color-behavior” quantitative model to the interdisciplinary field of digital art therapy and mobile health technology.
[bookmark: related-work]2. RELATED WORK
[bookmark: X6efca9073cad39603dd2e186b06ef9e02d56b4e]2.1 AI AND GENERATIVE ART IN THERAPEUTIC CONTEXTS
The application of artificial intelligence to art therapy represents a rapidly evolving interdisciplinary frontier. Lee et al. [1] pioneered work on AI-generated art for emotional self-expression, demonstrating that generative models could produce visual content that users perceived as emotionally resonant and personally meaningful. Their study established the foundational premise that AI need not replace human creativity but can instead serve as a collaborative partner in the creative therapeutic process. Zhou and Lee [5] further examined the broader implications of generative AI for human creativity, arguing that AI systems fundamentally reconfigure the relationship between human intention and artistic output, with important consequences for therapeutic applications.
Building on these foundations, Peng et al. [3] conducted a dual structural equation modeling and artificial neural network analysis of adolescent engagement in generative AI art therapy, identifying key emotional and behavioral outcomes including enhanced self-efficacy and reduced negative affect. Their findings underscored the importance of perceived autonomy and creative control in mediating therapeutic benefits. Ramos-Vallecillo et al. [4] extended this line of inquiry to primary education settings, documenting both the potential and the limitations of AI-mediated generative art for emotional expression and creativity development among younger populations.
In clinical contexts, Li et al. [2] developed a CNN-transformer-based brain-computer interface model specifically targeting depression intervention through digital art therapy among college students. Their approach represents a more direct physiological interface compared to mobile-based interventions, though at the cost of reduced accessibility. Cao [6] provided empirical evidence for the effectiveness of digital art therapy interventions on adolescent anxiety, establishing a dose-response relationship between engagement frequency and symptom reduction that informs the design of minimum viable intervention protocols.
2.2 ART THERAPY EFFECTIVENESS AND ASSESSMENT FRAMEWORKS
The measurement of art therapy outcomes has advanced considerably through the development of standardized assessment instruments. Haeyen et al. [7] constructed and validated the Self-expression and Emotion Regulation in Art Therapy Scale (SERATS), providing a psychometrically robust tool for quantifying the specific mechanisms through which art therapy facilitates emotional regulation. This instrument captures dimensions including emotional awareness, expressive capacity, and cognitive reappraisal that are directly relevant to the multimodal assessment architecture of the proposed system.
The evidence base for specific art therapy modalities has been strengthened through systematic reviews. Jakobsson Støre and Jakobsson [8] conducted a systematic review and meta-analysis of mandala coloring interventions, finding significant effects on state anxiety reduction with moderate to large effect sizes. Their work established the empirical credibility of structured coloring activities—which share conceptual similarities with the minimalist drawing templates in ArtThera—as legitimate therapeutic tools. Newland and Bettencourt [12] provided meta-analytic evidence for the effectiveness of mindfulness-based art therapy across symptoms of anxiety, depression, and fatigue, supporting the integration of mindfulness-oriented design principles into digital art therapy platforms.
Lee and Choi [10] developed a comprehensive framework for art-based emotion regulation in major depression, articulating the sequential stages through which artistic engagement facilitates emotional processing: sensory engagement, emotional activation, symbolic expression, cognitive reframing, and integration. This framework provides a theoretical architecture that maps directly onto the multi-stage interaction flow of the ArtThera system. Kim and Choi [9] proposed a practical development protocol for evidence-based digital integrative arts therapy content in public mental health services, addressing implementation considerations including stakeholder engagement, iterative prototyping, and outcome measurement that inform the system design methodology.
Cross-cultural perspectives have enriched the understanding of art therapy’s applicability. Mochimaru and Demaine [11] examined digital art therapy interventions for social withdrawal in Japan, a context particularly relevant given the rising prevalence of hikikomori-like phenomena among college students globally. Their findings highlighted the particular suitability of digital delivery formats for populations reluctant to engage in face-to-face therapeutic encounters. Grushka [23] conceptualized the studio art therapy learning ecology, articulating the interconnected roles of physical space, materials, social interaction, and creative process that digital platforms must reimagine when translating art therapy to virtual environments.
In Chinese higher education contexts, Rongjuan [13] demonstrated the application of painting art therapy in psychological evaluation and educational intervention for college students, providing direct evidence for the cultural appropriateness and educational integration potential of art-based mental health interventions. Lu and Abdullah [24] evaluated the efficacy of person-centered expressive art therapy on reducing depression, anxiety, and stress among college students, reporting significant pre-post improvements that support the therapeutic potential of expressive arts approaches in campus settings.
2.3 COLOR-EMOTION MAPPING AND COMPUTATIONAL APPROACHES
The scientific study of color-emotion associations has a long history in psychology, but computational approaches to operationalizing these associations for generative art systems are relatively recent. Sayma Nasrin Shompa [16] examined the use of color theory in expressing mental health states in contemporary art, documenting systematic correspondences between specific color palettes and emotional conditions including anxiety (dark, desaturated tones), depression (monochromatic, low-contrast schemes), and euphoria (bright, high-saturation combinations). These qualitative observations provide the phenomenological grounding for quantitative color-emotion mapping.
Zhao [18] proposed a theme-color-emotion framework for understanding viewer-reported emotional regulation, demonstrating that the semantic content of visual themes interacts with color attributes to produce compound emotional effects that cannot be reduced to either component alone. This interaction effect has important implications for AI-generated art systems, as it suggests that color palette generation must be contextualized within thematic and compositional parameters rather than treated as an isolated variable.
Kong [14] applied emotion-driven digital visualization color mapping to graphic coloring applications, demonstrating that user emotional states could be systematically translated into color scheme recommendations with measurable effects on engagement and satisfaction. This work directly validates the core premise of the ArtThera color-emotion mapping engine. Lertrusdachakul et al. [15] provided the technical foundation for automated color palette extraction through modified K-means clustering algorithms, demonstrating that unsupervised machine learning methods can reliably identify dominant color distributions in complex visual artworks.
The AI-driven color-emotion mapping platform developed by Tang et al. [17] shares the core technical architecture of the ArtThera system and established the initial proof-of-concept for AI-generated personalized art content delivered through mobile platforms. As detailed in Section 1, the present ArtThera system builds upon this foundation with expanded multimodal assessment capabilities, the novel emotion memory capsule feature, and a refined color-emotion mapping engine trained on a significantly larger artwork corpus.
2.4 MOBILE MENTAL HEALTH AND PHYSIOLOGICAL ASSESSMENT
The proliferation of mobile mental health applications has generated substantial evidence regarding the efficacy and usability of digital interventions. Huberty et al. [27] conducted a randomized controlled trial of the mindfulness meditation app “Calm” among college students, demonstrating significant reductions in stress and improvements in mindfulness relative to waitlist controls. Moberg et al. [28] provided randomized controlled evidence for the effectiveness of Pacifica, a mobile app integrating cognitive behavioral therapy and mindfulness components, in reducing anxiety and depression symptoms. Purkayastha et al. [29] compared engagement and usability between a cognitive behavioral therapy mobile app and web-based delivery, finding superior engagement metrics for the mobile format among college student populations. Collectively, these studies establish the viability of mobile-delivered psychological interventions and provide benchmarks for usability, engagement, and efficacy against which novel systems can be evaluated.
Physiological assessment technologies have undergone parallel development. Chadwick et al. [22] conducted a randomized waitlist-controlled trial of HRV biofeedback targeting cardiac vagal activity and emotion regulation, demonstrating that HRV-based interventions produce measurable improvements in both physiological and psychological outcomes. Sakakibara [26] provided a comprehensive evaluation of HRV measurement methodologies and the application of HRV biofeedback, particularly emphasizing slow-paced abdominal breathing protocols that can be integrated into guided relaxation components of mobile interventions. Oswald and Abram [25] established the correlation between positive emotional states and higher HRV specifically within healthy college student populations, providing normative reference data essential for interpreting physiological measurements in the target demographic.
The technical validation of mobile HRV assessment has been critical for enabling physiological monitoring outside laboratory settings. Van Dijk et al. [30] validated photoplethysmography-based HRV measurement using mobile phone applications against gold-standard electrocardiogram methods, demonstrating acceptable accuracy for consumer-grade devices (mean absolute error < 5 ms for RMSSD). This validation provides the methodological justification for incorporating smartphone-based HRV monitoring into the ArtThera assessment module. In the present study, HRV signals were acquired using a 2-minute fingertip recording protocol. Raw photoplethysmography waveforms were preprocessed with a bandpass filter (0.04–0.4 Hz), and inter-beat intervals were extracted using a peak detection algorithm. Time-domain parameters (SDNN, RMSSD) and frequency-domain parameters (LF: 0.04–0.15 Hz; HF: 0.15–0.40 Hz; LF/HF ratio) were computed in accordance with the Task Force guidelines.
In the context of text-based emotion recognition, Wang [19] provided a comparative analysis of machine learning and deep learning models for text emotion classification within federated learning frameworks, establishing performance benchmarks and architectural considerations for the emotion classification component that processes user text inputs in the emotion-centric visual capture module.
[bookmark: system-design-artthera]3. SYSTEM DESIGN: ArtThera
The ArtThera system is designed as a cross-platform mobile application built on the Flutter framework (version 3.16), with backend services deployed on Firebase (Firestore for structured data, Cloud Storage for artwork assets) and AI model inference powered by the DeepSeek-V2 large language model accessed via API. The system architecture follows a modular design pattern comprising four integrated core modules connected through a central orchestration layer that manages data flow, user state, and content delivery. Figure 1 presents the high-level system architecture, illustrating the bidirectional data flow between modules and the user feedback loop that enables iterative refinement of generated content.
[image: ]
Figure 1: ArtThera System Architecture. Four core modules with bidirectional data flow and user feedback loop.
[bookmark: emotion-centric-visual-capture]3.1 EMOTION-CENTRIC VISUAL CAPTURE
The Emotion-Centric Visual Capture module serves as the primary user interaction entry point, supporting two complementary input modalities: image-based emotion recognition and text-based emotion description. Both modalities converge on a unified emotion representation schema that feeds into the downstream color-emotion mapping engine.
Image-Based Emotion Recognition. Users may capture facial expressions or upload existing photographs, which are processed through a MobileNetV3-based convolutional neural network fine-tuned for facial emotion recognition. The model was trained on the FER2013 and AffectNet datasets, achieving a test accuracy of 71.3% on the seven-class emotion classification task (happiness, sadness, anger, fear, surprise, disgust, neutral) after quantization to INT8 for mobile deployment. The system extracts facial action units using a MediaPipe-based face mesh detector and maps them to the six basic emotion categories plus neutral state, with continuous valence-arousal coordinate outputs derived from the PAD emotional model. Model inference is performed on-device using TensorFlow Lite, maintaining sub-second inference times (average 0.4 seconds) on consumer devices.
Text-Based Emotion Input. Alternatively, users may describe their current emotional state through free-text input. The system employs a fine-tuned DistilBERT-based natural language processing classifier to extract emotion labels, intensity scores, and contextual modifiers from the text [19]. The classification architecture draws on comparative evidence from machine learning and deep learning approaches to emotion classification, utilizing an ensemble of transformer-based and traditional models (DistilBERT + XGBoost) to balance accuracy (F1 = 0.79 on GoEmotions benchmark) with computational efficiency. Users who prefer not to type may select from a visual emotion wheel interface that presents 24 nuanced emotion states organized by valence and arousal dimensions. This design was informed by the circumplex model of affect and validated through iterative usability testing.
The dual-modality design accommodates varying user preferences and situational constraints: image-based capture provides immediacy and bypasses verbal articulation barriers, while text-based input allows nuanced emotional description and is less affected by environmental lighting conditions.
[bookmark: color-emotion-mapping-engine]3.2 COLOR-EMOTION MAPPING ENGINE
The Color-Emotion Mapping Engine constitutes the theoretical and computational core of the ArtThera system, translating abstract emotional states into concrete visual color parameters through a multi-stage pipeline grounded in both color psychology and machine learning. Figure 2 illustrates the complete mapping pipeline from input through clustering to emotion label output, as described below。
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Figure 2: Color-Emotion Mapping Pipeline. Four-stage process from image/text input through K-means clustering to PAD emotion label output.
Artwork Dataset Construction. The engine is built upon a curated dataset of 1,184 classical artworks sourced from open art databases including WikiArt and the COSMOS dataset, each annotated with emotion labels derived from a structured annotation protocol. Emotion annotations were collected through a crowdsourced survey in which 15 trained annotators (graduate students in art history and psychology) independently rated each artwork on the three PAD dimensions (Pleasure, Arousal, Dominance) using 9-point Likert scales. Inter-rater reliability was assessed using intraclass correlation coefficients (ICC); artworks with ICC < 0.6 were excluded or re-annotated. The final dataset achieved a mean ICC of 0.78 across all three PAD dimensions. The dataset spans multiple artistic periods and movements (Renaissance, Baroque, Impressionism, Post-Impressionism, Abstract Expressionism, Contemporary) to ensure diversity in color usage patterns and emotional associations across cultural and historical contexts.
K-Means Color Clustering. For each artwork in the dataset, the system applies a modified K-means clustering algorithm to extract dominant color palettes [15]. The clustering process operates in the CIELAB color space—selected for its perceptual uniformity—extracting K = 6 representative colors per artwork (optimal K determined through elbow method analysis of within-cluster sum of squares). Each extracted color is characterized by its CIELAB coordinates (L*, a*, b*), which map directly to perceptual dimensions: L* represents lightness (luminance), a* represents the green-red axis (negative toward green, positive toward red), and b* represents the blue-yellow axis (negative toward blue, positive toward yellow). These dimensions correspond to the psychological color attributes of brightness, saturation, and hue that have been systematically linked to emotional responses [16]. The modified algorithm incorporates a spatial weighting factor that accounts for the perceptual salience of centrally positioned color regions, improving clustering relevance for compositionally complex artworks.
PAD Model Integration. The extracted color distributions are cross-referenced with emotion annotations using the PAD three-dimensional emotional model. Through statistical analysis of the annotated dataset, the system derives color-emotion association rules mapping specific color attribute ranges to PAD coordinate regions. Each training artwork contributes a 9-feature vector (six colors × three CIELAB attributes reduced to six cluster centroids, plus hue diversity, saturation variance, and brightness contrast) that is regressed against its three PAD annotation scores. A multivariate regression model (R² = 0.64 for Pleasure, 0.58 for Arousal, 0.51 for Dominance on held-out validation data) was constructed to enable bidirectional mapping: given an emotion state, the model predicts the most probable CIELAB attribute ranges. For example, low-arousal negative emotions (sadness, melancholy) correlate with low-saturation, low-brightness palettes dominated by cool hues (blue-green regions); high-arousal positive emotions (excitement, joy) correlate with high-saturation, high-brightness palettes featuring warm hues (red-yellow regions) and strong contrast ratios [18]. Low-arousal positive emotions (calm, serenity) associate with medium-brightness, low-to-medium saturation palettes exemplified by Morandi color schemes.
Rule Base Construction. The association rules are formalized into a structured “emotion-color feature rule base” organized as a lookup table indexed by PAD coordinate regions. Each entry specifies recommended ranges for hue angle (0°–360°), saturation (0%–100%), brightness (0%–100%), and contrast ratio, along with confidence scores derived from the frequency and consistency of the association in the training dataset. The rule base is designed to be extensible, allowing continuous refinement as additional annotated artworks are incorporated into the training corpus. This architecture aligns with the theme-color-emotion framework proposed by Zhao [18], while extending it with quantitative, computationally actionable parameters suitable for real-time generative applications [17]. The mapping engine also draws on the emotion-driven color mapping techniques validated by Kong [14] for graphic coloring applications.
[bookmark: ai-generated-art-engine]3.3 AI-GENERATED ART ENGINE
The AI-Generated Art Engine transforms the color parameters output by the mapping engine into concrete, multimodal therapeutic content delivered to the user. This module comprises three integrated generation pipelines coordinated through a unified content assembly layer.
Personalized Color Palette Generation. Upon receiving the target color parameter ranges from the mapping engine, the system invokes the DeepSeek-V2 generative model to produce a customized color palette. The model prompt is structured with explicit constraints derived from the emotion-color rule base, specifying hue ranges, saturation levels, contrast requirements, and harmony rules (complementary, analogous, or triadic schemes). The generated palette typically includes 5–8 colors with hexadecimal codes and natural language descriptions of the emotional intention behind each color combination. The DeepSeek API was accessed with a temperature parameter of 0.7 and a maximum token limit of 512 to balance creativity with consistency. This approach extends beyond traditional static color schemes by enabling dynamic, context-sensitive palette generation that adapts to the specific nuances of individual user emotional states [5, 17].
Minimalist Drawing Template Generation. Drawing upon the generated color palette, the system produces a minimalist line-art drawing template tailored to the user’s emotional context. The template generation process considers three parameters: emotional theme (e.g., nature motifs for calm states, geometric patterns for focused states, organic flowing forms for expressive states), complexity level (adjustable based on user preference and estimated emotional energy), and color application zones (regions mapped to specific palette colors). The minimalist design philosophy deliberately lowers the artistic skill barrier, enabling users without formal art training to engage in creative expression [4]. Templates are generated using SVG-based procedural graphics with user-configurable stroke weights and detail levels. This approach operationalizes the accessibility principle articulated in art therapy literature, where the therapeutic mechanism lies in the process of engagement rather than the aesthetic quality of the output [10, 13].
Contextual Ambient Audio Generation. To enhance immersive engagement, the system generates or selects contextual ambient soundscapes matched to both the emotional state and the visual content theme. Sound categories include natural environments (rainfall, ocean waves, forest ambience), urban textures (café background, library quiet), and abstract soundscapes (pink noise, binaural beats). The audio content is processed through FFmpeg (version 6.0) for seamless looping and cross-fading between tracks, with loudness normalization to -16 LUFS (Loudness Units relative to Full Scale) using the EBU R128 standard to ensure consistent listening comfort. The integration of auditory elements with visual art creation draws on multisensory therapeutic principles documented in mindfulness-based art therapy research [12].
Emotion Memory Capsule. A distinguishing feature of the ArtThera system is the “emotion memory capsule” concept, as depicted in the upper-right component of the system architecture diagram (Figure 1). Upon completion of a creative session, the system automatically embeds contextual metadata—including timestamp, geolocation coordinates, local weather conditions (retrieved via OpenWeatherMap API), heart rate data (when available through wearable integration), and the original emotion input—into the generated artwork file as EXIF and custom XMP metadata fields. The completed artwork is rendered at high resolution (2048 × 2048 pixels) and stored in the user’s personal emotion diary gallery.
Recognizing the sensitivity of the data embedded in the emotion memory capsule, the system implements a multi-layered privacy and data governance framework. All metadata embedding is opt-in: users are explicitly informed during the onboarding process about which data categories will be collected (geolocation, weather, HRV, emotion input) and must provide granular consent for each category before the feature is activated. Users may retroactively disable specific metadata fields or delete individual memory capsules at any time through the privacy settings panel. All capsule data is encrypted at rest using AES-256 and in transit using TLS 1.3. Geolocation data is stored at city-level resolution only (not precise coordinates), and HRV data is pseudonymized and stored separately from identifiable user profiles. The emotion diary gallery is accessible only through biometric authentication (fingerprint or face recognition) on the user’s device. This privacy architecture was designed in accordance with the principles of data minimization and purpose limitation as articulated in international data protection frameworks. The memory capsule enables retrospective browsing of emotional trajectories, facilitating self-reflection and providing visual documentation for counseling sessions, while ensuring that users retain full control over their personal emotional data. This feature operationalizes the cross-temporal emotional resonance concept that distinguishes ArtThera from conventional mood tracking applications [17].
[bookmark: multimodal-emotion-assessment]3.4 MULTIMODAL EMOTION ASSESSMENT
The Multimodal Emotion Assessment module provides systematic evaluation of the therapeutic intervention’s effectiveness through three complementary measurement dimensions: subjective self-report, physiological monitoring, and psychometric scale assessment. Figure 3 presents the deployment timeline of these three modalities across the four-week intervention period, as outlined below.
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Figure 3: Multimodal Assessment Framework. Three assessment modalities—emotion diary (daily), HRV monitoring (weekly), and SAS psychometric scale (pre/post)—deployed along a 4-week timeline.
Emotion Diary. The emotion diary serves as the longitudinal self-report component, recording each creative session with structured metadata: pre-session and post-session emotion states (selected from the 24-emotion wheel), session duration, engagement metrics (template completion rate, color usage statistics), and free-form reflection notes. The diary interface presents emotion trajectories as interactive visualizations including line charts of valence and arousal over time, calendar heatmaps of emotional states, and color-palette evolution timelines. This visualization transforms abstract emotional data into intuitive visual representations that facilitate both self-understanding and clinical communication [7].
Heart Rate Variability Monitoring. The system integrates HRV measurement through smartphone camera-based photoplethysmography, leveraging the methodological validation provided by van Dijk et al. [30]. HRV monitoring is conducted at two temporal scales with distinct analytical purposes. At the session level, users complete a 2-minute HRV measurement immediately before and after each creative activity, during which the camera captures fingertip blood volume pulse signals. The system computes time-domain HRV parameters including SDNN (standard deviation of NN intervals) and RMSSD (root mean square of successive differences), along with frequency-domain measures (LF power, HF power, LF/HF ratio). These pre-post session comparisons capture acute physiological responses to the creative intervention. At the weekly level, a dedicated 5-minute resting HRV measurement is scheduled at the same time each week, establishing a longitudinal baseline trend that is independent of any single session’s immediate effects. This dual-scale measurement design is explicitly reflected in Figure 3, where the weekly HRV monitoring shows a progressive increase from a baseline (Week 0) RMSSD of 28.6 ms to Week 4 RMSSD of 44.1 ms, representing the cumulative physiological trend across the intervention period. In contrast, Section 4.3 reports the aggregated session-level pre-post RMSSD change (38.2 ms to 43.1 ms), which captures the average acute within-session response. The two measurement scales are complementary rather than contradictory: the weekly trend reflects sustained autonomic adaptation over time, while the pre-post difference reflects immediate session-induced shifts. RMSSD specifically reflects parasympathetic (vagal) activity associated with emotional regulation capacity [22, 26]. Baseline normative values for the college student population are referenced from Oswald and Abram [25].
Psychometric Scale Assessment. The Self-Rating Anxiety Scale (SAS) is administered at initial registration and at the end of the four-week intervention period, providing pre-post quantification of anxiety symptom severity with established reliability and validity in Chinese populations (Cronbach’s α = 0.83 in the present sample). The Positive and Negative Affect Schedule (PANAS) is administered immediately before and after each creative session for session-level mood assessment, capturing acute emotional changes attributable to individual creative sessions. This multi-timescale assessment architecture—session-level (PANAS, session-level HRV), weekly (longitudinal HRV trend), and intervention-level (SAS, emotion diary)—provides a comprehensive evaluation framework that captures both immediate therapeutic effects and sustained emotional regulation improvements, consistent with the multidimensional outcome measurement approach recommended by Kim and Choi [9].
[bookmark: pilot-evaluation]4. PILOT EVALUATION
A pilot evaluation was conducted to assess the technical performance, user acceptance, and preliminary physiological and psychometric indicators of the ArtThera system in a campus setting.
[bookmark: user-feedback-and-engagement]4.1 ETHICAL APPROVAL AND PARTICIPANTS
This study was reviewed and approved by the Institutional Review Board of the University Psychological Research Ethics Committee (Approval No. PSY-2025-038) prior to participant recruitment and data collection. All procedures were conducted in accordance with the ethical standards of the institutional research committee and with the 1964 Helsinki Declaration and its later amendments.
Twenty undergraduate student volunteers (14 female, 6 male; age range 18–22 years, M = 19.6, SD = 1.3) were recruited through the university psychological association. All participants provided written informed consent after receiving a detailed explanation of the study procedures, data collection practices, privacy protections, and their right to withdraw at any time without penalty. Participants completed baseline SAS and PANAS assessments during the initial registration session. Participants were instructed to use the ArtThera application for a minimum of three creative sessions per week over a four-week period, with each session comprising emotion input, AI content generation, creative engagement with the drawing template, and post-session HRV measurement and PANAS rating.
4.2 TECHNICAL PERFORMANCE
The ArtThera application achieved the target technical performance metrics. Application cold-start time averaged 1.3 seconds (SD = 0.2), within the ≤1.5 second target. Content generation response time—from emotion input submission to delivery of the complete multimodal package (color palette, drawing template, and ambient audio)—averaged 1.7 seconds (SD = 0.4), meeting the ≤2 second target. The system operated stably on both Android (tested on Android 13 and 14) and iOS (tested on iOS 17) platforms with no critical failures during the pilot period. End-to-end data encryption (AES-256 at rest, TLS 1.3 in transit) was implemented for all user data transmission and storage, in compliance with applicable personal information protection regulations.
4.3 PRELIMINARY PHYSIOLOGICAL AND PSYCHOMETRIC INDICATORS
Physiological and psychometric measures were assessed at two temporal scales as described in Section 3.4. At the session level, aggregated pre-post comparisons across all completed sessions revealed encouraging trends. Mean RMSSD values increased from a pre-session aggregated baseline of 38.2 ms (SD = 12.4) to 43.1 ms (SD = 13.8) following creative sessions, representing an average within-session increase of 12.8%, exceeding the ≥10% improvement target.
At the weekly longitudinal scale, resting HRV measurements (depicted in Figure 3) showed a progressive increase in RMSSD from a Week 0 baseline of 28.6 ms to 44.1 ms at Week 4, representing a 54.2% increase over the intervention period. SDNN values similarly increased from 42.1 ms at baseline to 60.2 ms at Week 4. These weekly measurements reflect cumulative autonomic adaptation across the full intervention period and should be distinguished from the session-level pre-post change reported above.
SAS scores decreased from a baseline mean of 48.6 (SD = 7.2) to 41.3 (SD = 6.8) at the four-week endpoint, representing a 15.0% reduction that exceeded the ≥12% reduction target. PANAS positive affect scores increased from 26.4 (SD = 5.1) to 31.8 (SD = 4.7) following individual sessions, while negative affect scores decreased from 18.9 (SD = 6.3) to 14.2 (SD = 4.9).
It is important to emphasize that these preliminary observations are descriptive in nature. No formal statistical testing (e.g., paired t-tests, Wilcoxon signed-rank tests) was conducted given the small sample size (N = 20), the absence of a control or comparison group, and the lack of randomization. The reported changes should therefore be interpreted as exploratory trends rather than statistically significant effects. The observed improvements in HRV and SAS scores may partially reflect factors unrelated to the ArtThera intervention, including regression to the mean, placebo effects, or the natural course of emotional fluctuation over a four-week academic period.
These preliminary trends are broadly consistent with findings from prior digital art therapy interventions targeting adolescent and young adult populations [3, 6], and with the pilot validation results reported for the predecessor AI-driven color-emotion mapping platform [17]. The HRV improvements align directionally with the established relationship between positive emotional states and cardiac vagal activity in college populations [25] and with the demonstrated efficacy of HRV biofeedback interventions [22].
4.4 USER FEEDBACK AND ENGAGEMENT
Session completion logs indicated an average of 3.4 sessions per participant per week (range: 2–6), exceeding the minimum prescribed frequency. Emotion diary entries totaled 272 completed sessions across the four-week period. No participants withdrew from the study. Qualitative feedback gathered through semi-structured post-study interviews (approximately 20 minutes per participant) highlighted three predominant themes: (1) appreciation for the personalization of color palettes and templates, which participants described as “surprisingly accurate” in reflecting their emotional states (endorsed by 17 of 20 participants); (2) the accessibility of the minimalist drawing templates, with participants without prior art experience reporting that the templates “made creative expression feel possible” (endorsed by 15 of 20); and (3) the value of the emotion memory capsule for retrospective self-reflection, with several participants noting that reviewing their emotion trajectory visualizations provided insights into mood patterns they had not previously recognized (endorsed by 13 of 20). These qualitative findings resonate with the therapeutic mechanisms identified in art-based emotion regulation frameworks, particularly the role of symbolic expression and cognitive reframing through visual media [10].

[bookmark: discussion]5. DISCUSSION
[bookmark: X037db70be4329f941b318008778c12d52f17955]5.1 INTEGRATION OF AI AND ART THERAPY
The ArtThera system represents a novel integration of generative AI, color psychology, and multimodal assessment within a unified mobile art therapy platform. Unlike existing mobile mental health applications that focus on single therapeutic modalities—mindfulness meditation [27], cognitive behavioral therapy [28, 29], or standalone mood tracking—ArtThera combines active creative engagement with passive content consumption and physiological monitoring. This multi-component design is grounded in the integrative arts therapy development protocol proposed by Kim and Choi [9], which emphasizes the synergistic effects of combining complementary therapeutic elements.
The color-emotion mapping engine addresses a fundamental gap in the digital art therapy pipeline: the translation of subjective emotional experiences into computationally actionable visual parameters. By grounding the mapping in empirical analysis of classical artworks and the psychometrically validated PAD model, the system establishes a theoretically defensible and empirically testable framework for AI-generated therapeutic content. This approach extends beyond the intuitive color-emotion associations documented in qualitative research [16] by providing quantitative, verifiable mapping rules that can be systematically refined through iterative data collection.
5.2 LIMITATIONS
Several limitations of the current study warrant explicit acknowledgment. First, the pilot evaluation employed a small convenience sample (N = 20) recruited from a single university psychological association, without a control group, random allocation, or blinding. These methodological constraints fundamentally limit the generalizability of the findings and preclude any causal attribution of the observed physiological and psychometric changes to the ArtThera intervention. The absence of a randomized controlled design means that the observed directional improvements in HRV and SAS scores may reflect regression to the mean, placebo effects, Hawthorne effects (behavioral changes due to being observed), or the natural temporal course of emotional fluctuation rather than a genuine treatment effect. No formal statistical hypothesis testing was performed, and no p-values or confidence intervals were computed for any outcome measure.
Second, the four-week intervention duration, while sufficient for assessing technical feasibility and initial user engagement, is inadequate for evaluating sustained therapeutic effects or the durability of emotional regulation improvements. Longitudinal studies with extended follow-up periods (e.g., 3-, 6-, and 12-month assessments) and larger, more heterogeneous samples are necessary to establish the long-term efficacy and generalizability of AI-mediated art therapy interventions [6].
Third, the HRV measurement relied on smartphone camera-based photoplethysmography, which, despite validation against gold-standard electrocardiogram methods [30], introduces measurement noise and motion artifacts that may obscure subtle physiological changes. The validation study by van Dijk et al. [30] reported a mean absolute error of approximately 5 ms for RMSSD under controlled conditions; real-world usage with varying lighting and movement may yield larger errors. Integration with dedicated wearable devices (e.g., chest-strap heart rate monitors or research-grade photoplethysmography sensors) would substantially improve measurement precision in future iterations.
Fourth, the emotion classification components—both the facial expression recognition model and the text-based emotion classifier—exhibit moderate accuracy levels (71.3% and F1 = 0.79, respectively) that, while acceptable for a pilot feasibility study, may introduce misclassification errors that propagate through the downstream color-emotion mapping pipeline. More sophisticated emotion recognition architectures incorporating temporal, contextual, and multimodal information could improve the granularity and reliability of emotion state identification [19].
Fifth, the color-emotion mapping engine is predominantly trained on Western classical artworks, potentially limiting its cultural generalizability for non-Western user populations. Color-emotion associations exhibit cultural variation—for example, white is associated with purity in Western contexts but with mourning in some East Asian traditions. Cross-cultural validation studies and expansion of the artwork corpus to include diverse artistic traditions (e.g., Chinese ink painting, Japanese ukiyo-e, Indian miniature painting, African textile art) would enhance the system’s global applicability and cultural sensitivity [11].
Sixth, the use of personal emotional records, physiological data, geolocation information, and contextual metadata within the emotion memory capsule raises important privacy and data governance considerations. While the present implementation includes opt-in consent, granular data control, and encryption safeguards as described in Section 3.3, future work should involve formal privacy impact assessments and compliance verification with relevant regulatory frameworks.
5.3 IMPLICATIONS FOR DIGITAL HEALTH AND CURRENT RESEARCH
The ArtThera system’s technological architecture presents significant implications for the broader field of digital health and current research in mobile health technologies. The integration of AI-generated personalized content with multimodal physiological-psychological assessment aligns with emerging research priorities in digital therapeutics and mobile health (mHealth) research, domains that are central to the scope of the Asian Journal of Current Research.
The color-emotion mapping methodology developed in this study has potential applications beyond the immediate therapeutic context. The computational framework for quantifying the relationship between visual color attributes and emotional responses can be adapted for use in human-computer interaction research, where emotion-aware interface design is an active area of investigation. The PAD-based mapping rules could inform adaptive user interface color schemes that respond to inferred user emotional states, enhancing user experience and accessibility in applications ranging from educational technology to telehealth platforms.
The emotion memory capsule architecture—which embeds spatiotemporal, physiological, and emotional metadata within digital artifacts—represents a novel approach to longitudinal personal health data management. This architecture could be extended to broader digital health applications, including chronic disease self-management platforms that integrate symptom tracking with contextual data (medication adherence, physical activity, environmental exposures), and mental health monitoring systems that provide clinicians with temporally annotated patient-reported outcome data. The privacy-preserving design principles implemented in the capsule (granular consent, pseudonymization, local encryption) offer a reference model for other digital health applications that handle sensitive personal data.
Furthermore, the multimodal assessment framework combining session-level, weekly, and pre-post intervention measurements provides a methodological template for evaluating complex digital interventions where both acute and cumulative effects are of interest. This multi-timescale approach addresses a recognized challenge in digital health research: the need to distinguish between immediate engagement effects and sustained behavioral or physiological changes. The explicit separation of session-level pre-post HRV changes from weekly longitudinal HRV trends, as implemented in this study, enhances the interpretability of physiological outcome data and should be considered in future digital therapeutic evaluations.
Future research directions emerging from this work include: (1) conducting a fully powered randomized controlled trial comparing ArtThera against an active control condition (e.g., a simplified mood tracking app without the AI-generated art components) to establish causal efficacy; (2) validating the color-emotion mapping rules with culturally diverse participant samples and artwork corpora; (3) investigating the dose-response relationship between session frequency, engagement intensity, and therapeutic outcomes to establish evidence-based minimum effective intervention protocols; (4) integrating wearable-derived physiological data (continuous HRV, electrodermal activity, sleep quality metrics) to enrich the multimodal assessment framework with passive, ecologically valid measurements; (5) conducting qualitative longitudinal studies to understand how users integrate the emotion memory capsule into their self-reflective practices over extended periods; (6) exploring the potential of federated learning architectures to improve emotion recognition model accuracy while preserving user data privacy across distributed deployment scenarios; and (7) assessing the cost-effectiveness and implementation feasibility of ArtThera-type systems within university counseling service workflows.
[bookmark: acknowledgements]Conclusions
This study described the design, implementation, and preliminary pilot evaluation of ArtThera, a mobile system intended to support emotion visualization and art-based emotional expression among college students. The system integrates four functional components: emotion-centric visual capture, color-emotion mapping, AI-generated art content, and multimodal emotional assessment. Through these components, subjective emotional inputs are translated into personalized visual and auditory materials, while session-level and longitudinal data are recorded through emotion diaries, HRV measures, and standardized self-report scales.
The pilot evaluation with 20 undergraduate volunteers indicated that the application was technically stable and acceptable to users during a four-week use period. The observed directional trends in RMSSD, SAS scores, and PANAS scores are consistent with the hypothesis that AI-mediated creative engagement may support emotional well-being, and the emotion memory capsule and personalized color-palette functions appeared to support retrospective reflection on emotional experiences. However, these observations remain strictly preliminary. The absence of a control group, the small sample size (N = 20), the lack of randomization and formal statistical testing, and the limited intervention duration prevent any firm conclusions regarding clinical effectiveness or causal mechanisms. The findings should be interpreted as feasibility indicators that warrant further investigation through methodologically rigorous studies.
Future research should employ fully powered, randomized controlled designs with active comparison conditions, larger and more diverse participant samples, extended follow-up periods, validated wearable-based physiological monitoring, and detailed validation of the emotion recognition and color-emotion mapping components across cultural contexts. Only through such rigorous evaluation can the therapeutic potential of integrated AI-art therapy platforms be established with the level of evidence required for clinical translation.
Limitations
Several limitations should be explicitly acknowledged. First, the pilot evaluation included only 20 undergraduate volunteers recruited through convenience sampling from one university psychological association, which severely limits the statistical power and generalizability of the findings to broader populations, age groups, and cultural contexts. Second, the study employed a single-arm, pre-post design without a control or comparison group, without random allocation, and without blinding of participants or assessors. Consequently, any observed changes in HRV, anxiety scores, and affect scores cannot be attributed to the ArtThera intervention specifically; they may reflect placebo effects, Hawthorne effects, regression to the mean, spontaneous recovery, or concurrent life events. Third, no formal statistical hypothesis testing was conducted; no p-values, effect sizes, or confidence intervals are reported for any outcome measure, and all presented trends should be considered exploratory and descriptive. Fourth, the four-week study period was sufficient for preliminary feasibility and acceptability testing but was not long enough to evaluate sustained emotional or behavioral effects, nor to assess the durability of any observed changes beyond the intervention period. Fifth, HRV was assessed using smartphone camera-based photoplethysmography, which is known to be less precise than dedicated electrocardiogram or chest-strap heart rate monitoring devices, particularly under real-world conditions with variable lighting and user movement. Sixth, the emotion recognition and color-emotion mapping components, while technically functional, require further validation across larger, more diverse, and culturally heterogeneous populations to establish their accuracy, reliability, and cultural appropriateness. Seventh, the use of personal emotional records, physiological data, geolocation information, and contextual metadata within the emotion memory capsule requires ongoing attention to informed consent, privacy protection, data minimization, secure storage, user control over data retention and deletion, and compliance with evolving data protection regulations. Eighth, the AI-generated art content was produced using a single large language model (DeepSeek-V2); the generalizability of the color palette and template generation approach to other generative AI platforms has not been assessed.
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