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Introduction
Appointment scheduling plays a vital role in healthcare because delays can affect patient experience and how hospital resources are used. MediCare Plus is facing challenges in allocating appointment smoothly, reducing patient waiting times and ensuring that patients are not kept waiting more than 30 minutes beyond their scheduled appointment time.
The aim of this report is to analyse the appointment-scheduling problem and develop a structured solution using computational-thinking and problem-solving techniques. The report begins by outlining the main requirements, constraints and variables involved in the scheduling process. It then represents a proposed solution a flowchart and pseudocode explaining how appointments can be allocated, waiting times monitored and staff alerted when delays approach the 30-minute limit. The report also reflects on the techniques used, justifies the chosen approach and considers its assumptions, limitations and possible future improvements, including the potential use of artificial intelligence to guide scheduling decisions.


1. [bookmark: _Toc243654077]Problem Deconstruction
1.1 [bookmark: _Toc243654078]Problem Overview
The MediCare Plus Hospital is seeking a way to manage patient appointments. The challenge involves allocating patients to suitable slots, reducing waiting times and using doctors’ working hours wisely. The goal is ensuring patients are not kept waiting more than 30 minutes. This requires considering doctor availability, appointment demand, time-slot distribution and consultation duration to create a clearer scheduling process.
1.2 [bookmark: _Toc243654079]Key Requirements
The MediCare Plus scheduling system must achieve several aims. Patients need to be placed into appointment slots that match doctor’s schedules and waiting times should be reduced by arranging bookings according to available time slots and doctor availability. Niu et al. explain that long waits and limited access are common challenges, influenced by punctuality, demand and clinic conditions [1]. The system must also track the time between scheduled and actual consultations to ensure patients don’t wait more than 30 minutes, letting staff respond when delays occur and maintain appointment flow.
1.3 [bookmark: _Toc243654080]MoSCoW Prioritisation
The MoSCoW method classifies system expectations into Must Have, Should Have, Could Have and Won’t Have categories [2]. For MediCare Plus, Must Have elements include assigning patients to available slots, checking doctor availability and monitoring the 30-minute waiting limit. Should Have elements involve reducing waiting times and arrange appointments. Could Have features include automated delay alerts, while Won’t Have features cover area outside the project scope, such as billing integration. 
[image: This text is a list of guidelious for an appointment scheduling system to manage patients effectively, including allocation, avoiding overlaps, handling emergencies, and optimizing doctor and pharmacy schedules.

AI-generated content may be incorrect.]
Figure 1: MoSCoW prioritisation of the MediCare Plus appointment scheduling system requirements.
1.4 [bookmark: _Toc243654081]Key Variables
Several variables shape the MediCare Plus scheduling system. Patient ID and Doctor ID distinguish individuals and clinicians while doctor availability accurately determines when consultations can take place. Agrawal et al examined appointment planning and noted the need to align patient demand with available clinicians [3]. Appointment slots also matter, as Eggleton et al. showed through their TNAA measure, which revealed limited slot access in some practices [4]. Morales et al. demonstrated how modelling can reduce delays and improve resource use within healthcare settings [5]. Consultation lengths also vary, as Lyzwinski et al. found across patient groups and health conditions [6].
[image: The diagram outlines key elements of a medical appointment system, including patient and doctor identifiers, availability, scheduled and actual consultation times, and various durations related to the appointment process.
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Figure 2: Key variables and descriptions for the MediCare Plus appointment scheduling system.
1.5 [bookmark: _Toc243654082]Functional Requirements - What the System Needs to Do 
Functional feature requirements are what the system must carry out. Research on outpatient scheduling shows that structured appointment allocation improves access. Moura and Pinho’s optimisation model demonstrated smoother distribution of specialist appointments and decreased waiting times in stimulated data [7]. Waits can harm patient experience and delay diagnosis. For MediCare Plus, this means allocating patients to available slots, checking doctor availability and monitoring waiting times.
1.6 [bookmark: _Toc243654083]Non-Functional Requirements - How the System Should Operate
The MediCare Plus scheduling system must run smoothly to avoid errors and delays. Accurate appointment information is a must and patient data must be protected. The system also needs precision when staff update bookings. Machine-learning research shows how unpredictable behaviour, bias and transparency issues can affect decision-making. These concerns emphasise qualities such as fairness, privacy, reliability and integrity. Habibullah et al. outline accuracy, reliability, integrity and security as an important attribute in ML-based systems [8], which also guide MediCare Plus.
1.7 [bookmark: _Toc243654084]Constraints
The constraints of MediCare Plus affect appointment allocation. Doctor availability, working hours and appointment capacity limit scheduling options. Laan et al. found that outpatient scheduling is affected by patient demand, clinic resources and physician availability [9]. The system must prevent booking conflicts by avoiding unavailable doctors and occupied time slots, monitoring delays to keep waiting times within the 30-minute limit beyond their scheduled appointment time.


2. [bookmark: _Toc243654085]Proposed Solution
The solution allocates patients to suitable appointment slots, manage available resources and limits waits to 30 minutes beyond their scheduled appointment time. The process begins by receiving a patient request and checking doctor availability and appointment capacity. Zhuang et al. highlighted the importance of coordinating limited resources with changing demand in appointment-based systems, supporting this structured approach to scheduling [10]. Artificial intelligence (AI) could also support with resource planning by predicting healthcare demand and guiding scheduling decisions. Alnsour et al. developed an AI model to predict hospital length of stay, with their XGBoost model achieving an area under the curve (AUC) of 0.85 when classifying length-of-stay categories. XGBoost is a machine-learning method that combines decision trees to improve predictive performance. The authors concluded that these predictions could support hospital resource planning overall and scheduling decisions [11]. Similarly, MediCare Plus could use AI to anticipate resource needs and improve appointment planning, although any model would need to be tested using appropriate hospital data. 
Research into online appointment scheduling (OAS) can offer patients greater flexibility while helping healthcare providers manage available appointments. The study found that online scheduling was associated with a decrease in missed appointments, with SMS reminders further contributing to this reduction in university hospital settings [12]. For MediCare Plus, automated appointment reminders could encourage patients to attend their consultations, letting appointment slots be used appropriately. 
Managing patient flow is another important part of reducing delays in healthcare settings. Ramakrishnan et al. discussed approaches such as identifying bottlenecks, examining real-time data and developing staff coordination to support smoother patient flow [13]. MediCare Plus could monitor consultation progress throughout the clinic day. If a patient approaches the 30-minute waiting-time limit, an alert could notify staff so they can investigate the cause and take relevant action. 
Artificial intelligence could further this process by predicting potential waiting-time delays. Gloyn et al. reviewed 15 studies on AI-based waiting-time prediction in emergency departments and found that machine-learning models outperformed traditional methods, particularly when queue-related information was included [14]. MediCare Plus could consider a similar approach to find patients at risk of long waits and alert staff earlier. However, any model would need to be tested using the hospital’s own outpatient data, as the review focused on emergency departments. 
Finally, the system could use recorded waiting-time data to evaluate appointment management. Ludin et al. found that survey participants considered short waiting times the most important feature of digital healthcare services. Their research also found convenience and operation performance as potential benefits of digital healthcare [15]. Li et al. investigated machine-learning methods for predicting outpatient waiting times. Their findings showed that forest and gradient boosting decision tree models performed better than linear regression across the four outpatient department categories studied [16]. MediCare Plus could compare scheduled appointment times with actual consultation start times and use this recorded data to find recurring delays. In the future, these data could also support the development of AI models to improve scheduling decisions and help the hospital assess whether its approach is improving over time. However, the accuracy of any predictions would need to be evaluated using MediCare Plus’s own data. 
2.1 [bookmark: _Toc243654086]Flow Chart
The flow chart shows the appointment scheduling process at MediCare Plus. It begins when a patient submits an appointment request. The system checks doctor availability and appointment slots. If a suitable slot is unavailable, the system searches for an alternative appointment. When an alternative slot is found, the appointment is booked. If no suitable option is available, the patient is informed. Once the appointment is arranged, a confirmation and reminder are sent to the patient. 
During the clinic day, the system monitors patient waiting times. AI can estimate possible delays by analysing historical waiting-time information and current appointment progress. The patient’s waiting time is checked regularly. When it reaches 25 minutes, staff are notified of a possible delay. If the waiting time reaches 30 minutes, the delay is recorded for review. Monitoring continues until the consultation begins. The final waiting time is recorded and reviewed to improve future scheduling processes. 
[image: ]
Figure 3: Flowchart of the workflow used to manage patient appointment scheduling including slot allocation, monitoring and delay handling. 
2.2 [bookmark: _Toc243654087]Pseudocode 
The pseudocode demonstrates how MediCare Plus could manage patient appointments and monitor waiting times. The process begins by checking patient details and doctor availability before allocating a suitable appointment slot. Once an appointment is allocated, the system sends a confirmation and reminder to the patient. If the preferred appointment is available, the system searches for an alternative slot. When no suitable alternative can be found, the patient is informed.
After the booking stage, the system monitors waiting times throughout the clinic day. AI could be used to predict possible delays by analysing historical data and current clinic activity, although the pseudocode only outputs an AI-related message and does not perform predictions. The system alerts staff when a patient has waited 25 minutes and records delays that reach 30 minutes. Monitoring continues until the consultation begins, after which the final waiting time is recorded and reviewed to improve future scheduling decisions. 
[image: ]
Figure 4: Block-program representation of the proposed delivery optimisation solution.







3. [bookmark: _Toc243654088]Reflect and Justify
3.1 [bookmark: _Toc243654089]Problem Solving & Techniques Used
3.1.1 Decomposition / Subdividing
Decomposition is a computational-thinking technique that breaks a problem into smaller, manageable parts. Ezeamuzie et al. determined how computational-thinking skills support structured problem-solving in everyday situations [17]. For MediCare Plus, the problem can be divided into doctor availability, patient demand, appointment slots and waiting-time limits. Examining these areas individually simplifies the problem and helps develop a clear scheduling process before combining them into one system. 
3.1.2 Abstract Thinking
Abstraction is a computational-thinking skill that focuses on relevant information while ignoring unnecessary details. Benedetti et al. analysed 241 student submissions and found that abstraction, algorithmic thinking and decomposition were frequently used, although no consistently [18]. For MediCare Plus, abstraction means focusing on doctor availability, patient demand, appointment slots and the 30-minute waiting limit. This reduces complexity and ultimately helps develop a suitable scheduling solution.
3.1.3 Algorithmic Thinking
Algorithmic thinking involves creating logical steps to solve problems in a clear and organised sequence. Tariq et al. reviewed over 12,000 records and found 23 relevant studies on computational thinking in STEM education [19]. At MediCare Plus, this involves checking doctor availability, allocating appointment slots, sending confirmation and monitoring waiting times. Staff alerts help find delays, although success depends on accurate data and timely responses.
3.1.4 Logical Thinking & Decision Making
Logical thinking involves analysing problems and evaluating outcomes. Montuori et al. reviewed 19 experimental studies and found that computational-thinking activities enhanced problem-solving and planning skills, although effects varied across age groups [20]. At MediCare, decisions involve checking doctor availability, selecting alternative slots and alerting staff when waiting times approach 30 minutes. This process encourages scheduling, although results depend on accurate information and staff responding promptly. 
3.2 [bookmark: _Toc243654090]Justification of the Approach
The chosen approach suits MediCare Plus because it combines computational-thinking techniques with a scheduling process. Decomposition and abstraction break down the problem, while algorithmic and logical thinking arrange the steps.
Abdalkareem et al. found that healthcare scheduling methods can reduce waiting times improve resources use [21]. Liu et al. developed an AI-based model for resource planning and patient scheduling during disasters [22]. Kumar et al. stressed the importance of connections between hospital services [23]. 
Checking availability, alerting staff at 25 minutes and recording consultation start times helps manage delays. Any future AI feature must be tested with MediCare Plus data.
3.3 [bookmark: _Toc243654091]Assumptions
The solution assumes that doctor availability, appointment slots and consultation times are accurate. Patients should arrive close to schedule and staff must respond to 25-munute alerts. Consultation start times must be recorded reliably, and alternative slots must be available. Future AI predictions would also require sufficient historical data for testing.
3.4 [bookmark: _Toc243654092]Limitations
The proposed solution cannot guarantee that all patients will be seen within 30 minutes because consultations, resource bottle necks and appointment overruns in hospitals [24]. The system also depends on accurate data and staff responding to alerts. De Hond et al. identified AI risks including bias, poor data quality and limited transparency [25]. Future improvements could include real-time hospital data and validated AI predictions, although potential delays may still occur.  
3.5 [bookmark: _Toc243654093]Overall Reflection 
Developing the MediCare Plus solution shows how computational-thinking can address healthcare scheduling problems. Decomposition separates the problem into smaller areas, while abstraction focuses on details including doctor availability, appointment slots and waiting-time limits. Algorithmic thinking and logical decision-making organise these requirements into clear steps, represented through the flowchart and pseudocode.
 However, real hospital settings involve unpredictable consultation lengths, changes in patient demand and staff availability, which may affect scheduling. AI could be developed to predict waiting -time delays, but its predictions would depend on reliable historical data, careful validation and monitoring before use in practice.
Overall, the proposed solution applies problem-solving techniques to MediCare Plus’s main needs. Further development could include testing different appointment scenarios, connecting the system to live hospital data and examining how it responds when appointment overrun. These steps would help assess whether the scheduling process meets the hospital’s needs. The findings could also guide future changes to appointment allocation and staff alerts, while recognising that unexpected clinical demands may still cause delays. Regular evaluation would help determine whether these changes remain suitable as patient demand and hospital resources change.    
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