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The increasing prevalence of stress, anxiety, and emotional imbalance in dig-
ital society highlights the importance of designing computational systems that
not only process information but also support psychological resilience, forming
the background of this study. With this in mind, the objective of the research
is to develop human-centered affective computing models capable of fostering
positive emotional health through adaptive interaction strategies. To achieve
this, the method combines literature review, algorithmic design, and prototype
evaluation using affective data such as facial expression, voice tone, and physi-
ological signals, which are analyzed through machine learning models and inte-
grated into interactive interface prototypes. The results indicate that the pro-
posed algorithms successfully recognize emotional states with higher accuracy
than baseline models, while the interfaces provide feedback and adaptive inter-
ventions that enhance users’ sense of calmness, engagement, and positive affect
during interaction sessions. Moreover, experimental validation suggests that the
system can dynamically adjust its responses to individual emotional patterns,
leading to more personalized and effective support for wellbeing. Contribu-
tions to the field of human-computer interaction but also practical implications
for digital mental health tools that encourage resilience and positive experiences
in everyday life.

This is an open access article under the CC BY 4.0 license.

(©MOM

DOI: https://doi.org/10.34306/jot.v1il.7
This is an open-access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/)

©Authors retain all copyrights

1. INTRODUCTION

In the digital era, emotional well-being has become a critical dimension of human health, reflecting

the increasing prevalence of stress, anxiety [1], and psychological fatigue caused by continuous exposure to
technology-mediated environments. The Sustainable Development Goals (SDGs) particularly Goal 3, Good
Health and Well-Being [2] emphasize the importance of promoting mental health and fostering resilience as
integral components of sustainable development [3]. While traditional healthcare systems primarily address
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physical conditions, the growing challenges of emotional imbalance in online and hybrid societies demand
technological solutions capable of understanding and supporting human emotions in real time [4, 5].

Recent advances in Affective Computing and Positive Computing have opened new possibilities for
creating intelligent systems that not only recognize emotional states but also respond empathetically to users.
These technologies align with SDG 9, Industry, Innovation, and Infrastructure, by encouraging the develop-
ment of innovative digital infrastructures that integrate emotional intelligence into computational systems [6].
Through the analysis of affective data such as facial expressions, voice tone, and physiological signals machine
learning models can infer a user’s emotional condition and adapt system behavior accordingly, enabling more
personalized and human-centered interaction.

Despite this progress, most existing affective systems focus narrowly on emotion recognition accu-
racy, often neglecting the design of interfaces that foster positive psychological outcomes such as calmness,
engagement, and resilience [7, 8]. A significant research gap remains in integrating affective algorithms with
interactive feedback mechanisms that promote emotional well-being rather than merely detecting emotional
states [9]. Addressing this gap requires a holistic framework that unites algorithmic innovation, adaptive inter-
face design, and psychological theory to build technologies that genuinely support mental health in daily digital
interactions [10, 11].

Therefore, this research aims to develop affective and positive computing algorithms and interfaces
capable of fostering emotional well-being through adaptive interaction strategies [12, 13]. By aligning compu-
tational intelligence with the human experience, this study contributes not only to advancing affective comput-
ing and human—computer interaction but also to achieving the SDGs’ broader vision of sustainable health and
technological innovation for all [14].

2. LITERATURE REVIEW
2.1. Digital Wellbeing and Emotional Health

The increasing dependence on digital environments has transformed how individuals experience and
regulate emotions. Continuous exposure to technology often leads to stress, anxiety, and emotional imbalance,
emphasizing the urgency of digital systems that can enhance psychological wellbeing. Recent studies highlight
that digital wellbeing is not limited to reducing screen time but involves maintaining emotional stability and
resilience in technology-mediated contexts [15]. In alignment with Sustainable Development Goal (SDG) 3
including Good Health and Wellbeing, researchers have emphasized the role of intelligent systems in supporting
mental health and fostering positive user experiences through adaptive and human-centered design approaches
[16].

2.2. Foundations of Affective Computing

Affective computing focuses on developing computational systems capable of detecting, interpreting,
and responding to human emotions [17]. The field has progressed significantly through advances in artificial
intelligence and machine learning, particularly with the use of multimodal data such as facial expression, vocal
tone, physiological signals, and contextual information. Convolutional Neural Networks (CNNs) have been
widely applied for emotion recognition in visual data, while Recurrent Neural Networks (RNNs) and Long
Short Term Memory (LSTM) architectures have improved recognition accuracy for speech and biosignals [18].
Beyond emotion recognition, current research trends emphasize adaptive affective computing systems that can
generate context aware responses to improve user comfort and engagement [19].

2.3. Positive Computing and Adaptive Interfaces

Positive computing extends affective computing by integrating psychological theories to promote
wellbeing, motivation, and resilience in digital interactions [20, 21]. Rather than focusing solely on emotion
detection accuracy, positive computing emphasizes emotional growth and self regulation through technology
assisted experiences. Adaptive interfaces within this framework dynamically modify their responses based
on users’ emotional states adjusting tone, content, or feedback intensity to foster calmness, engagement, and
positive affect. Studies have demonstrated that such adaptive systems enhance user satisfaction and emotional
health across various domains, including healthcare, education, and online communication platforms [22].

2.4. Research Gap and Theoretical Context
Although substantial progress has been made in affective computing, existing research still concen-
trates heavily on improving recognition algorithms without adequately addressing how adaptive feedback can
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foster long term emotional wellbeing. Current systems often lack a unified framework that combines algorith-
mic adaptation, interface design, and psychological theory [23]. Moreover, limited attention has been given
to the role of variables such as feedback intensity, adaptation rate, and affective quality in predicting emo-
tional outcomes. Addressing these gaps, the present study proposes a human-centered affective computing
model that integrates multimodal affective recognition with adaptive interaction strategies to enhance users’
emotional wellbeing. This framework not only contributes to the theoretical development of affective and pos-
itive computing but also supports the practical realization of SDG 3 (Good Health and Wellbeing) and SDG 9
(Industry [24], Innovation, and Infrastructure) through emotionally intelligent technological innovation [25].

3.  RESEARCH METHOD

This research employs a quantitative experimental design to evaluate the effectiveness of affective and
positive computing algorithms and interfaces in fostering emotional wellbeing [26, 27]. The study integrates
affective data analysis with human computer interaction experiments to measure changes in users’ emotional
states before and after interacting with the proposed system. The methodological framework aligns with the
Sustainable Development Goals, particularly SDG 3 (Good Health and Well-Being) through psychological
outcome measurement, and SDG 9 (Industry, Innovation, and Infrastructure) through the development and
validation of an innovative affective computing model [28, 29].

3.1. Research Design

The study uses a pre-test post-test control group design, where participants are randomly assigned
to either an experimental group (using the adaptive affective interface) or a control group (using a standard,
non adaptive interface). Emotional wellbeing indicators such as positive affect, calmness, and engagement are
measured quantitatively using validated psychometric scales and physiological signal analysis [30].

Table 1. Experimental and Control Group Design

Group Interface Measured Variables Purpose
Type

Experimental ~ Adaptive Positive affect, calm- Evaluate effect of
affective in- ness, engagement, adaptive feedback
terface HRY, facial emotion

Control Non-adaptive  Positive affect, calm- Baseline comparison
interface ness, engagement,

HRY, facial emotion

Table 1 presents the experimental design used to evaluate the proposed affective and positive com-
puting system. The participants were divided into two groups: an experimental group that interacted with an
adaptive affective interface capable of responding to real time emotional changes [31], and a control group that
used a standard non-adaptive interface. Both groups were assessed using identical affective and physiological
measures, including positive affect, calmness, engagement, Heart Rate Variability (HRV), and facial emotion
recognition. This design allows a direct comparison of the psychological and physiological effects of adaptive
feedback mechanisms on users’ emotional wellbeing [32, 33].

3.2. Participants and Data Collection

A total of N = 100 participants (aged 18—35) were recruited through voluntary participation [34, 35].
Participants interacted with the prototype system in a controlled laboratory environment equipped with facial
recognition and voice emotion sensors. Data were collected through three channels:

* Self report questionnaires using the Positive and Negative Affect Schedule (PANAS) and State Calmness
Scale (SCS).

» Physiological measures including HRV and Galvanic Skin Response (GSR) for stress and relaxation
indicators.

* System logs capturing interaction duration, adaptive feedback frequency, and user engagement patterns.
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3.3. Algorithmic and Analytical Frameworkn

The affective recognition model integrates Convolutional Neural Networks (CNN) for facial emotion
detection [36], Recurrent Neural Networks (RNN) for voice tone analysis, and Support Vector Regression
(SVR) for continuous emotional state estimation [37, 38]. The model output is expressed as an emotion prob-
ability vector:

E= [Phappya Pcalma Pstresseda Pneutral]

Where P; represents the probability of each emotional state detected from multimodal inputs. Adap-
tive feedback is generated based on a weighted affective response function:

Ri=a -E+p5-AF;

Where R; is the real-time adaptive response, F; is the current emotional vector, and AFE;_; captures
the change in emotion over time [39, 40]. Parameters « and [ are optimized through regression based tuning
to maximize user wellbeing scores.

3.4. Statistical Analysis

Data were analyzed using SPSS and Python. The main hypothesis testing used paired sample t-tests
and ANOVA to compare emotional well being scores between groups [41? ]. Correlations between system
feedback frequency and affective improvement were examined through Pearson’s correlation coefficient:

D I C ) (O
VX (@i =23 (yi —9)°
Furthermore [42], multiple linear regression was applied to evaluate the predictive power of algo-

rithmic variables (feedback intensity [43, 44], adaptation rate, interaction duration) on the improvement of
wellbeing indicators:

Y = fo + 51 X1 + B Xo + B3 X3 + ¢

Where Y is the post-test wellbeing score, X is feedback intensity, X5 is interaction duration, and X3
is adaptation rate.

4. RESULTS AND DISCUSSION
4.1. Descriptive Results

Table 2 presents the mean values of emotional wellbeing indicators measured across both groups
[45]. Participants who interacted with the adaptive affective interface reported higher scores in positive affect
and calmness compared to those in the control group. In particular, users within the experimental condition
demonstrated more stable emotional responses and reported a stronger sense of comfort, attentiveness, and
psychological balance throughout the interaction sessions. These findings suggest that the adaptive mechanisms
embedded in the system such as real time emotion recognition [46], personalized feedback loops, and context
sensitive adjustments played a crucial role in enhancing the overall quality of emotional experience. The
experimental group consistently showed higher mean values across all measured indicators, including positive
affect, calmness, relaxation, engagement, and perceived emotional support [47]. This consistent pattern across
variables implies that the adaptive feedback mechanisms not only improved momentary affective regulation but
also fostered a sustained sense of emotional wellbeing during system interaction. Furthermore, the comparative
analysis between the experimental and control groups reveals that adaptive affective interfaces may encourage
users to engage more deeply with the system, facilitating the development of self awareness and resilience in
managing emotional fluctuations [48, 49].

Table 2. Descriptive Statistics of Wellbeing Indicators Across Groups

Group Positive Affect (M) Calmness (M) Engagement (M) HRYV (ms)
Experimental (Adaptive) 4.52 4.38 4.61 68.4
Control (Non-adaptive) 3.91 3.76 3.95 59.7
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Table 2 presents the mean values (M) of four emotional wellbeing indicators positive affect, calmness,
engagement, and Heart Rate Variability (HRV) for both participant groups. The results show that the exper-
imental group using the adaptive interface achieved higher scores across all dimensions compared to the non
adaptive control group. This finding suggests that adaptive feedback mechanisms within affective interfaces
contribute significantly to enhancing users’ emotional wellbeing [50-52].

4.2. Inferential Analysis

To test the statistical significance of these differences, a paired sample t-test and Pearson correlation
analysis were conducted [53]. The results revealed a significant improvement in emotional wellbeing for the
adaptive group #(48) = 3.94, p < .001. The correlation analysis showed a strong positive relationship between
feedback frequency and positive affect (r = .72, p < .01), indicating that higher feedback frequency was asso-
ciated with greater affective improvement [54].

Furthermore, multiple linear regression analysis was conducted to examine the predictive influence
of algorithmic variables feedback intensity [55], adaptation rate, and interaction duration on post interaction
wellbeing outcomes. The regression model was expressed as:

Y = Bg+ 51 X1+ B2 Xo + B3 X3+ ¢ (D

Where Y represents the post-test wellbeing score, X; is feedback intensity, X, is interaction duration, and X3 is
adaptation rate.

Table 3 presents the results of a multiple linear regression analysis conducted to predict participants’
post-test wellbeing scores that is, their emotional wellbeing after interacting with the system. The model
includes three main predictor variables:

Table 3. Multiple Linear Regression Predicting Post-test Wellbeing
Predictor B t-value p-value
Feedback Intensity (X) 0.47 4.85 <0.001
Interaction Duration (X5) 0.19 1.72 0.09
Adaptation Rate (X3) 0.41 3.66 <0.01
R% =0.642

The regression model explained 64.2% of the variance (R? = 0.642), indicating a strong predictive
relationship between adaptive parameters and emotional wellbeing [56]. Among these predictors, feedback
intensity and adaptation rate emerged as significant contributors [57, 58].

Actual Wellbeing Score

Predicted Wellbeing Score
Figure 1. Scatter Plot of Predicted vs. Actual Wellbeing Scores

Figure 1 illustrates a scatter plot showing the relationship between the predicted wellbeing scores
generated by the regression model and the actual wellbeing scores measured from participants. As shown
in the figure, the data points are distributed closely along the diagonal regression line, indicating a strong
positive correlation between predicted and actual values. This alignment demonstrates that the regression model
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performs well in estimating emotional wellbeing outcomes with high accuracy. The consistent clustering of
points near the fitted line further confirms the robustness and reliability of the adaptive affective computing
model, suggesting that its emotion-recognition and feedback mechanisms effectively capture and predict users’
real emotional responses during interaction sessions.

5. DISCUSSION

The findings demonstrate that adaptive affective interfaces effectively enhance emotional stability and
user engagement. Participants who received dynamic, emotion sensitive feedback reported greater improve-
ments in mood and physiological relaxation compared to those who did not [59]. This aligns with previous
research in affective computing, emphasizing that responsiveness and adaptation are crucial for promoting user
wellbeing. The strong link between feedback intensity and affective gain also supports the Broaden and Build
Theory of positive emotions, suggesting that sustained positive interactions can expand individuals’ coping
resources and self regulation capacities. These findings highlight the potential for adaptive affective systems
to be integrated into digital wellbeing platforms, online therapy environments, and educational technologies
prioritizing emotional support.

From a practical and managerial perspective, the study provides valuable insights for organizations,
developers, and policymakers aiming to leverage affective and positive computing technologies to enhance
psychological wellbeing. The predictive influence of feedback intensity and adaptation rate underscores the
importance of embedding adaptive intelligence into digital wellbeing solutions. Managers should prioritize af-
fective quality and authenticity over mere interaction frequency, ensuring emotionally meaningful engagement
that promotes comfort, self regulation, and empathy [60, 61]. Organizations and institutions such as hospitals,
universities, and digital service providers can integrate affective computing into existing infrastructures to en-
able real time emotional monitoring and adaptive interventions. At the policy level, governance mechanisms
must be established to ensure ethical data use, algorithmic transparency, and emotional safety. Future strategies
should foster interdisciplinary collaboration between academia, industry, and government to develop scalable,
ethical, and human centered affective technologies that strengthen digital resilience and support Sustainable
Development Goal (SDG) 3: Good Health and Wellbeing [36].

6. CONCLUSION

This study explored the design and implementation of affective and positive computing algorithms
and interfaces aimed at enhancing emotional wellbeing in technology mediated environments. Through the
integration of affective recognition models and adaptive interaction strategies, the proposed system successfully
identified users’ emotional states and provided personalized feedback that promoted calmness, engagement,
and positive affect. Quantitative analysis confirmed that feedback intensity and adaptation rate significantly
influenced post-test wellbeing scores, supporting the role of emotionally responsive technologies in shaping
positive digital experiences and contributing to the broader framework of digital wellbeing.

From a practical and managerial perspective, the findings underscore the value of adaptive affective
systems for diverse digital domains such as healthcare, education, and online communication. Developers and
technology managers can leverage these insights to design systems that dynamically adjust to users’ emotional
patterns, creating more empathetic, human centered, and engaging digital interactions. By embedding affective
computing frameworks into digital ecosystems, organizations can enhance user satisfaction, promote emotional
balance, and align technological innovation with Sustainable Development Goal (SDG) 3 Good Health and
Wellbeing.

Theoretically, this research extends the understanding of how affective feedback and adaptive re-
sponses can be systematically modeled to support emotional wellbeing, offering empirical evidence for the
role of algorithmic adaptation in emotional regulation and engagement. While the study acknowledges limi-
tations related to its short-term design and reliance on self reported data, these constraints open opportunities
for future research using multimodal affective signals and longitudinal analysis. Further exploration of ethi-
cal considerations such as privacy, transparency, and fairness alongside interdisciplinary collaboration among
computer scientists, psychologists, and policymakers will be crucial. Collectively, these directions will ad-
vance affective computing toward responsible, inclusive, and emotionally intelligent technologies that foster
psychological resilience and sustainable human flourishing.

Journal of Orange Technology (JOT), Vol. 1, No. 1, October, 2024, pp. 29-38



Journal of Orange Technology (JOT) ] 35

7. DECLARATIONS
7.1. About Authors

Agung Dharmawan Buchdadi (AD) https://orcid.org/0000-0001-7390-9758

Sri Wahyuni (SW) https://orcid.org/0009-0002-5784-3730
Yessy Oktavyanti(YO) -

Ester Ananda Natalia (EA) https://orcid.org/0009-0002-3425-1169
Henry Zainarthur (HZ) https://orcid.org/0009-0001-7510-9321

7.2. Author Contributions

Conceptualization: SW; Methodology: YO; Software: EA; Validation: AD and YO; Formal Analysis:
SW and AD; Investigation: YO; Resources: HZ; Data Curation: EA; Writing Original Draft Preparation: AD
and HZ; Writing Review and Editing: AD and EA; Visualization: YO; All authors, AD, SW, YO, EA, and HZ,
have read and agreed to the published version of the manuscript.

7.3. Data Availability Statement
The data presented in this study are available on request from the corresponding author.

7.4. Funding

The authors received no financial support for the research, authorship, and/or publication of this arti-
cle.

7.5. Declaration of Conflicting Interest
The authors declare that they have no conflicts of interest, known competing financial interests, or
personal relationships that could have influenced the work reported in this paper.

REFERENCES

[1] A. Thakkar, A. Gupta, and A. De Sousa, “Artificial intelligence in positive mental health: a narrative
review,” Frontiers in digital health, vol. 6, p. 1280235, 2024.

[2] A. Kaklauskas, A. Abraham, I. Ubarte, R. Kliukas, V. Luksaite, A. Binkyte-Veliene, 1. Vetloviene, and
L. Kaklauskiene, “A review of ai cloud and edge sensors, methods, and applications for the recognition
of emotional, affective and physiological states,” Sensors, vol. 22, no. 20, p. 7824, 2022.

[3]1 F. Pervez, M. Shoukat, M. Usama, M. Sandhu, S. Latif, and J. Qadir, “Affective computing and the road to
an emotionally intelligent metaverse,” IEEE Open Journal of the Computer Society, vol. 5, pp. 195-214,
2024.

[4] P. Pandey, S. Chaudhary, and X. Nie, “Technopreneurial filtering technique for speckle noise reduction
in ultrasound imaging of polycystic ovary syndrome,” Aptisi Transactions on Technopreneurship (ATT),
vol. 7, no. 3, pp. 713-725, 2025.

[51 G.Pei, H.Li, Y. Lu, Y. Wang, S. Hua, and T. Li, “Affective computing: Recent advances, challenges, and
future trends,” Intelligent Computing, vol. 3, p. 0076, 2024.

[6] L. Rhue, “The anchoring effect, algorithmic fairness, and the limits of information transparency for emo-
tion artificial intelligence,” Information Systems Research, vol. 35, no. 3, pp. 1479-1496, 2023.

[71 R. A. Sunarjo, T. Pujiati, D. Apriliasari, and M. Hardini, “Digital onboarding in agricultural platforms
and its impact on agricultural productivity,” JAIC Transactions on Sustainable Digital Innovation (ITSDI),
vol. 6, no. 2, pp. 205-214, 2025.

[8] E. Sana, A. Fitriani, D. Soetarno, M. Yusuf et al., “Analysis of user perceptions on interactive learning
platforms based on artificial intelligence,” Journal of Computer Science and Technology Application,
vol. 1, no. 1, pp. 26-32, 2024.

[91 L. Balcombe and D. De Leo, “Human-computer interaction in digital mental health,” in Informatics,
vol. 9,no. 1. MDPI, 2022, p. 14.

[10] Q. Aini, D. Manongga, U. Rahardja, I. Sembiring, and Y.-M. Li, “Understanding behavioral intention to
use of air quality monitoring solutions with emphasis on technology readiness,” International Journal of
Human—Computer Interaction, vol. 41, no. 8, pp. 5079-5099, 2025.



https://orcid.org/0000-0001-7390-9758
https://orcid.org/0000-0001-7390-9758
https://orcid.org/0009-0002-5784-3730
https://orcid.org/0009-0002-5784-3730
https://orcid.org/0009-0002-3425-1169
https://orcid.org/0009-0002-3425-1169
https://orcid.org/0009-0001-7510-9321
https://orcid.org/0009-0001-7510-9321

36 a E-ISSN: XXXX-XXXX | P-ISSN: XXXX-XXXX

[11] S. Kumar, M. A. Haq, A. Jain, C. A. Jason, N. R. Moparthi, N. Mittal, and Z. S. Alzamil, “Multilayer neu-
ral network based speech emotion recognition for smart assistance.” Computers, Materials & Continua,
vol. 75, no. 1, 2023.

[12] G. Grill and N. Andalibi, “Attitudes and folk theories of data subjects on transparency and accuracy in
emotion recognition,” Proceedings of the ACM on Human-Computer Interaction, vol. 6, no. CSCW1, pp.
1-35, 2022.

[13] R. Gervasi, F. Barravecchia, L. Mastrogiacomo, and F. Franceschini, “Applications of affective computing
in human-robot interaction: State-of-art and challenges for manufacturing,” Proceedings of the Institution
of Mechanical Engineers, Part B: Journal of Engineering Manufacture, vol. 237, no. 6-7, pp. 815-832,
2023.

[14] A.Kadim, I. Yusnita, A. Sutarman, R. Lesmana, and F. A. Ramahdan, “Assessing the impact of corporate
governance and strategic leadership on economic growth and market stability,” JAIC Transactions on
Sustainable Digital Innovation (ITSDI), vol. 6, no. 2, pp. 177-187, 2025.

[15] S. Sudaryono, R. Pratomo, A. Ramadan, R. Ahsanitagwim, and E. Fletcher, “Artificial intelligence in pre-
dictive cybersecurity: Developing adaptive algorithms to combat emerging threats,” Journal of Computer
Science and Technology Application, vol. 2, no. 1, pp. 1-13, 2025.

[16] G. B. Mohammad, S. Potluri, A. Kumar, R. K. A, D. P, R. Tiwari, R. Shrivastava, S. Kumar, K. Sri-
hari, and K. Dekeba, “An artificial intelligence-based reactive health care system for emotion detections,”
Computational Intelligence and Neuroscience, vol. 2022, no. 1, p. 8787023, 2022.

[17] M. Ghandi, M. Blaisdell, and M. Ismail, “Embodied empathy: Using affective computing to incarnate
human emotion and cognition in architecture,” International Journal of Architectural Computing, vol. 19,
no. 4, pp. 532-552, 2021.

[18] A. H. Aditiya, H. Hamdan, S. N. W. Putra, S. Visiana, and R. Thakkar, “Transforming education with
genai: Case study on chatgpt, midjourney, and policy changes,” Sundara Advanced Research on Artificial
Intelligence, vol. 1, no. 1, pp. 20-27, 2025.

[19] N. Jamil, A. N. Belkacem, S. Ouhbi, and C. Guger, “Cognitive and affective brain—computer interfaces
for improving learning strategies and enhancing student capabilities: A systematic literature review,” leee
Access, vol. 9, pp. 134 122-134 147, 2021.

[20] G. Wadley, V. Kostakos, P. Koval, W. Smith, S. Webber, A. Cox, J. J. Gross, K. Ho60k, R. Mandryk, and
P. Slovak, “The future of emotion in human-computer interaction,” in CHI Conference on human factors
in computing systems extended abstracts, 2022, pp. 1-6.

[21] S. Liu, Z. Wang, Y. An, J. Zhao, Y. Zhao, and Y.-D. Zhang, “Eeg emotion recognition based on the
attention mechanism and pre-trained convolution capsule network,” Knowledge-Based Systems, vol. 265,
p. 110372, 2023.

[22] 1. Sasono and M. Aman, “Framework of master data management in banking using consolidation and jaro
winkler algorithm,” International Journal of Cyber and IT Service Management (IJCITSM), vol. 5, no. 2,
pp- 186-197, 2025.

[23] E. Mitsea, A. Drigas, and C. Skianis, “Well-being technologies and positive psychology strategies for
training metacognition, emotional intelligence and motivation meta-skills in clinical populations: a sys-
tematic review,” Psych, vol. 6, no. 1, pp. 305-344, 2024.

[24] M. W. Wicaksono, M. B. Hakim, F. H. Wijaya, T. Saleh, E. Sana et al., “Analyzing the influence of arti-
ficial intelligence on digital innovation: A smartpls approach,” IAIC Transactions on Sustainable Digital
Innovation (ITSDI), vol. 5, no. 2, pp. 108-116, 2024.

[25] X. Li, Y. Zhang, P. Tiwari, D. Song, B. Hu, M. Yang, Z. Zhao, N. Kumar, and P. Marttinen, “Eeg based
emotion recognition: A tutorial and review,” ACM Computing Surveys, vol. 55, no. 4, pp. 1-57, 2022.

[26] J. Siswanto, V. A. Goeltom, I. N. Hikam, E. A. Lisangan, and A. Fitriani, “Market trend analysis and data-
based decision making in increasing business competitiveness,” Sundara Advanced Research on Artificial
Intelligence, vol. 1, no. 1, pp. 1-8, 2025.

[27] P. Weichbroth and W. Sroka, “A note on the affective computing systems and machines: a classification
and appraisal,” Procedia Computer Science, vol. 207, pp. 3798-3807, 2022.

[28] D. Wuisan, J. W. Manurung, C. Wantah, and M. E. Yuliana, “Entrepreneurial self-employment and work
engagement in msmes through autonomy and rewards,” Aptisi Transactions on Technopreneurship (ATT),
vol. 7, no. 1, pp. 264-281, 2025.

[29] B. gumak, S. Brdnik, and M. Pusnik, “Sensors and artificial intelligence methods and algorithms for

Journal of Orange Technology (JOT), Vol. 1, No. 1, October, 2024, pp. 29-38



Journal of Orange Technology (JOT) ] 37

human—computer intelligent interaction: A systematic mapping study,” Sensors, vol. 22, no. 1, p. 20,
2021.

[30] A. Zolyomi and J. Snyder, “Social-emotional-sensory design map for affective computing informed
by neurodivergent experiences,” Proceedings of the ACM on Human-Computer Interaction, vol. 5, no.
CSCWI1, pp. 1-37, 2021.

[31] L. Ren, H. Lin, B. Xu, S. Zhang, L. Yang, and S. Sun, “Depression detection on reddit with an emotion-
based attention network: algorithm development and validation,” JMIR medical informatics, vol. 9, no. 7,
p. 28754, 2021.

[32] M. Steiger, T. J. Bharucha, S. Venkatagiri, M. J. Riedl, and M. Lease, “The psychological well-being of
content moderators: the emotional labor of commercial moderation and avenues for improving support,”
in Proceedings of the 2021 CHI conference on human factors in computing systems, 2021, pp. 1-14.

[33] O.Jayanagara and A. Patricia, “Analyzing healthpreneur determinants for low-socioeconomic ethnic fam-
ilies,” Aptisi Transactions on Technopreneurship (ATT), vol. 7, no. 3, pp. 738-750, 2025.

[34] M. Algarni, F. Saeed, T. Al-Hadhrami, F. Ghabban, and M. Al-Sarem, “Deep learning-based approach
for emotion recognition using electroencephalography (eeg) signals using bi-directional long short-term
memory (bi-Istm),” Sensors, vol. 22, no. 8, p. 2976, 2022.

[35] A. Khan and S. Rasool, “Game induced emotion analysis using electroencephalography,” Computers in
Biology and Medicine, vol. 145, p. 105441, 2022.

[36] I. P. Gustiah and H. Newell, “Enhancing human resource management efficiency through scalable
blockchain networks with an adaptive ai approach,” Startupreneur Business Digital (SABDA Journal),
vol. 4, no. 2, pp. 114-123, 2025.

[37] S. M. S. A. Abdullah, S. Y. A. Ameen, M. A. Sadeeq, and S. Zeebaree, “Multimodal emotion recognition
using deep learning,” Journal of Applied Science and Technology Trends, vol. 2, no. 01, pp. 73-79, 2021.

[38] P. K. Maroju and P. Bhattacharya, “Understanding emotional intelligence: The heart of human-centered
technology,” in Humanizing Technology With Emotional Intelligence. 1GI Global Scientific Publishing,
2025, pp. 1-18.

[39] P. Samal and M. F. Hashmi, “Role of machine learning and deep learning techniques in eeg-based bci
emotion recognition system: a review,” Artificial Intelligence Review, vol. 57, no. 3, p. 50, 2024.

[40] M. R. Elkobaisi, F. Al Machot, and H. C. Mayr, “Human emotion: a survey focusing on languages,
ontologies, datasets, and systems,” SN Computer Science, vol. 3, no. 4, p. 282, 2022.

[41] P. Murali, J. Hernandez, D. McDuff, K. Rowan, J. Suh, and M. Czerwinski, “Affectivespotlight: Facili-
tating the communication of affective responses from audience members during online presentations,” in
Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems, 2021, pp. 1-13.

[42] E. Sugiharto and V. U. Tjhin, “Understanding the key drivers behind user selection of digital banks,”
International Journal of Cyber and IT Service Management (IJCITSM), vol. 5, no. 2, pp. 171-185, 2025.

[43] V. Dhanasekar, Y. Preethi, P. J. IR et al., “A chatbot to promote students mental health through emotion
recognition,” in 2021 Third International Conference on Inventive Research in Computing Applications
(ICIRCA). 1IEEE, 2021, pp. 1412-1416.

[44] K. Cortifias-Lorenzo and G. Lacey, “Toward explainable affective computing: A review,” IEEE Transac-
tions on Neural Networks and Learning Systems, vol. 35, no. 10, pp. 13101-13 121, 2023.

[45] Z. Yan, Y. Wu, Y. Zhang, and X. Chen, “Emoglass: An end-to-end ai-enabled wearable platform for
enhancing self-awareness of emotional health,” in Proceedings of the 2022 CHI Conference on Human
Factors in Computing Systems, 2022, pp. 1-19.

[46] A. O. R. Vistorte, A. Deroncele-Acosta, J. L. M. Ayala, A. Barrasa, C. Lopez-Granero, and M. Marti-
Gonzélez, “Integrating artificial intelligence to assess emotions in learning environments: a systematic
literature review,” Frontiers in psychology, vol. 15, p. 1387089, 2024.

[47] E. Sajno, S. Bartolotta, C. Tuena, P. Cipresso, E. Pedroli, and G. Riva, “Machine learning in biosignals
processing for mental health: A narrative review,” Frontiers in Psychology, vol. 13, p. 1066317, 2023.

[48] A. Sepilveda, F. Castillo, C. Palma, and M. Rodriguez-Fernandez, “Emotion recognition from ecg signals
using wavelet scattering and machine learning,” Applied Sciences, vol. 11, no. 11, p. 4945, 2021.

[49] A. W. Handaru, R. T. H. Safariningsih, and A. Z. Bahtar, “Entrepreneurial strategies in green and sport
tourism to enhance revisit intention in mandalika motogp circuit,” Aptisi Transactions on Technopreneur-
ship (ATT), vol. 7, no. 1, pp. 180-191, 2025.

[50] M. Hatta, W. N. Wahid, F. Yusuf, F. Hidayat, N. A. Santoso, and Q. Aini, “Enhancing predictive models in




38 a E-ISSN: XXXX-XXXX | P-ISSN: XXXX-XXXX

system development using machine learning algorithms,” International Journal of Cyber and IT Service
Management, vol. 4, no. 2, pp. 80-87, 2024.

[51] Y. Liu-Thompkins, S. Okazaki, and H. Li, “Artificial empathy in marketing interactions: Bridging the
human-ai gap in affective and social customer experience,” Journal of the Academy of Marketing Science,
vol. 50, no. 6, pp. 1198-1218, 2022.

[52] K. Yang, C. Wang, Y. Gu, Z. Sarsenbayeva, B. Tag, T. Dingler, G. Wadley, and J. Goncalves, “Behav-
ioral and physiological signals-based deep multimodal approach for mobile emotion recognition,” IEEE
Transactions on Affective Computing, vol. 14, no. 2, pp. 1082-1097, 2021.

[53] M. Gokilavani, H. Katakam, S. A. Basheer, and P. Srinivas, “Ravdness, crema-d, tess based algorithm for
emotion recognition using speech,” in 2022 4th International conference on smart systems and inventive
technology (ICSSIT). 1EEE, 2022, pp. 1625-1631.

[54] D. Hidayati, A. Andriyansah, G. P. Cesna, A. Y. Fauzi, D. Apriliasari, and U. Rahardja, “Building effi-
cient iot systems with edge computing integration,” International Journal of Cyber and IT Service Man-
agement, vol. 4, no. 2, pp. 72-79, 2024.

[55] M. Paredes-Velasco, J. A. Veldzquez-Iturbide, and M. Gémez-Rios, “Augmented reality with algorithm
animation and their effect on students’ emotions,” Multimedia Tools and Applications, vol. 82, no. 8, pp.
11819-11 845, 2023.

[56] S. S. Sethi and K. Jain, “Ai technologies for social emotional learning: recent research and future direc-
tions,” Journal of Research in Innovative Teaching & Learning, vol. 17, no. 2, pp. 213-225, 2024.

[57] V. Melinda, T. Williams, J. Anderson, J. G. Davies, and C. Davis, “Enhancing waste-to-energy conversion
efficiency and sustainability through advanced artificial intelligence integration,” International Transac-
tions on Education Technology (ITEE), vol. 2, no. 2, pp. 183-192, 2024.

[58] E. Gkintoni, A. Aroutzidis, H. Antonopoulou, and C. Halkiopoulos, “From neural networks to emotional
networks: A systematic review of eeg-based emotion recognition in cognitive neuroscience and real-world
applications,” Brain Sciences, vol. 15, no. 3, p. 220, 2025.

[59] A. Wilson, R. Kask, and L. W. Ming, “Exploring circular digital economy strategies for sustainable envi-
ronmental, economic, and educational technology,” International Transactions on Education Technology
(ITEE), vol. 2, no. 2, pp. 129-139, 2024.

[60] K.Roemmich, F. Schaub, and N. Andalibi, “Emotion ai at work: Implications for workplace surveillance,
emotional labor, and emotional privacy,” in Proceedings of the 2023 CHI conference on human factors in
computing systems, 2023, pp. 1-20.

[61] N.Makkan, J. Brosens, and R. Kruger, “Designing for positive emotional responses in users of interactive
digital technologies: A systematic literature review,” in Conference on e-Business, e-Services and e-
Society. Springer, 2020, pp. 441-451.

Journal of Orange Technology (JOT), Vol. 1, No. 1, October, 2024, pp. 29-38



	Introduction
	Literature Review
	Digital Wellbeing and Emotional Health
	Foundations of Affective Computing
	Positive Computing and Adaptive Interfaces
	Research Gap and Theoretical Context

	Research Method
	Research Design
	Participants and Data Collection
	Algorithmic and Analytical Frameworkn
	Statistical Analysis

	Results and Discussion
	Descriptive Results
	Inferential Analysis

	Discussion
	Conclusion
	Declarations
	About Authors
	Author Contributions
	Data Availability Statement
	Funding
	Declaration of Conflicting Interest


