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This study provides a thoughtful description of my experience working on our Artificial Intelligence (AI) project in a cooperative team. The project's main goal was to create safe, effective, and moral AI systems for the medical field (Source: AHMED MOHAMED ABDI outlook.pptx). Understanding how AI may improve productivity, health outcomes, and data security while evaluating related technological and ethical issues was one of our goals. Through this partnership, I gained important knowledge about leadership, cooperation, communication, and the significance of risk management in applied AI systems.
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With each member concentrating on a distinct aspect of AI in healthcare, our team operated as a multidisciplinary team. For example, Kelly Idemudia presented AI in Surgery and Robotics, Evgeni Manov worked on Predictive Analytics and Preventive Care, and Sentiljano Kacokaj investigated Medical Imaging and Diagnostics. The ethical, legal, and security concerns in AI applications were the focus of my personal contribution (Source: slide 50). Because of these varied areas of interest, we were able to comprehend AI from a variety of angles, including operational, ethical, and technical.
Regular group meetings and a common WhatsApp channel helped to foster collaboration. Although general coordination was successful, there were differences in member communication. Sentiljano, our team leader, regularly scheduled meetings and made sure that assignments were finished on schedule. His guidance gave us direction and inspiration, especially when it came to coordinating our many components into a coherent presentation. Everyone fulfilled their allocated tasks, exhibiting accountability and respect for deadlines, even though certain members were occasionally less talkative, especially via the group chat. This experience made clear how important structured communication is, particularly while working remotely.
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My evaluation of each team member's performance and contribution, based on involvement, dependability, and communication throughout the project, is shown in the accompanying table.
Sentiljano Kacokaj (ID: 2313169) was a superb team leader who made sure our group was cohesive and productive with his organisation, clarity, and communication abilities. His encouraging demeanour kept the squad on track, and his leadership encouraged confidence. His constant direction was essential to our achievement, so I give his performance a five.
Evgeni Manov (ID: 2314194) made a substantial contribution with his analytical skills and careful approach to preventative care and predictive analytics. His portion showed a thorough comprehension of AI's possibilities in healthcare and was thoroughly studied. I give him a four because of his significant contribution and dedication to teamwork.
Ivan Tsvetkov (ID: 2314195) did a good job with his topic on personalised medicine, however he occasionally needed reminders to finish assignments on time. In spite of this, his writing provided insightful information about customised medical care. I give him a 3, appreciating his efforts but also pointing out that his participation has been inconsistent.


As for my personal position, Ahmed Abdi (ID: 2312731), I concentrated on the security, ethical, and legal aspects of AI, stressing accountability, fairness, and data security (Source: slide 50). When necessary, I made effective contributions and made sure our initiative remained morally sound. I give my performance a four since I consistently contributed and offered helpful criticism to improve the project.

Kelly Idemudia (ID: 2314662) discussed the use of AI in robotics and surgery. Although he occasionally communicated seldom in the WhatsApp group, his research was thorough and perceptive. I give him a 3, praising her excellent performance and recommending that she participate more actively in team discussions.

Overall, the team collaborated effectively under capable leadership, utilising our diverse areas of expertise to create a presentation that was both professional and cohesive.

Reflection

By taking part in this project, I was able to gain a deeper grasp of both responsible AI system development and teamwork. Working with people who have different communication styles and academic strengths taught me the value of flexibility and initiative. Reviewing the literature on data privacy, regulatory compliance, and model explainability was necessary for my contribution on ethical and legal issues (Source: slide 50). Through this approach, I improved my critical thinking abilities and my capacity to convert difficult ethical concepts into useful suggestions.
Additionally, I gained confidence in my ability to explain technical concepts to non-specialist audiences, which is an essential skill for my future career. Even though I occasionally needed other people's reminders to achieve temporary deadlines, I constantly helped the team when my knowledge was needed. This contemplation reaffirmed the importance of shared accountability and the necessity of fair communication among all participants to sustain project momentum.
There were significant ethical and technical limitations. We ran into several recurring issues during the creation and evaluation of our solution, which are commonly reported in the literature.
Data Fairness and Bias. The biases present in training datasets are naturally reflected in AI systems. The resulting models may continually penalise marginalised populations when these datasets are unbalanced or under-represented. This problem is especially important in the healthcare industry and other fields where algorithmic choices affect people's rights and access to basic services. Strict data selection, methodical bias assessments, and fairness adjustments following model creation are necessary to address such prejudice. Recent research on algorithmic bias in medical AI has thoroughly addressed these concepts and mitigating strategies[1].

Data exposure and privacy risks. Unless safeguards are put in place, AI models trained on private information—such medical records or user reviews—are susceptible to privacy violations through methods like membership inference or data reconstruction. Potential protections are provided by strategies like federated learning and differential privacy, but they have drawbacks: stricter privacy regulations may impair model accuracy and reproducibility, while more lax restrictions increase the possibility of data leakage. This conflict between privacy and performance is highlighted by recent studies, which support precise privacy budget estimation and thorough testing for reconstruction vulnerabilities[2].

User confidence and interpretability. Because deep learning models frequently function as opaque systems, it might be difficult for users—clinicians, moderators, or ordinary users—to decide when to trust their predictions. Although some clarity is provided by interpretability tools like attribution techniques, example-driven insights, and simpler proxy models, the problem is not entirely resolved by them. Existing techniques for assessing practical usability and explanation quality are still in their infancy. Systems must include extra security measures, such as thorough validation, customised user-facing explanations, and workflows that incorporate human oversight, to promote trust [3].
Distributional shifts and generalisation. When evaluated on data that is close to their training distribution, AI models usually perform well; however, when exposed to unexpected inputs, such as data from different populations, institutions, or platforms, their performance frequently deteriorates. This is a serious obstacle to their dependability in practical situations. Although they can increase robustness, techniques like domain generalisation, validation on separate datasets, and harmonising data sources cannot completely remove the possibility of performance loss [4].

Reference 
1. M. S. Islam et al., “Biases in AI models and their impact on clinical decision-making,” PLOS Digital Health, vol. 3, no. 7, Jul. 2024. [Online]. Available: https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000651
2. A. M. Obermeyer et al., “Algorithmic bias in healthcare: A systematic review,” European PMC, Jul. 2023. [Online]. Available: https://europepmc.org/article/MED/37044052
3. A. M. Alzahrani et al., “Explainable artificial intelligence in healthcare: A systematic review,” Healthcare, vol. 13, no. 17, p. 2154, Sep. 2023. [Online]. Available: https://www.mdpi.com/2227-9032/13/17/2154
4. J. S. Yoon, “Domain generalization for medical image analysis: A review,” arXiv preprint, arXiv:2310.08598, Oct. 2023. [Online]. Available: https://arxiv.org/abs/2310.08598
image1.png




image2.png




