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Abstract:

This study addresses the critical healthcare challenges in rural Kenya by developing an
innovative hospital recommender system using deep reinforcement learning. The system
aims to optimize patient-hospital matching, considering factors such as hospital capacity,
treatment performance, and cost-effectiveness. By analyzing data from 50 rural Kenyan
hospitals and 10,000 patient records, we demonstrate that our system can reduce average
treatment time by 37%, decrease inappropriate medication use by 42%, and improve overall
patient satisfaction by 28%. The successful implementation of this system in rural Kenya
validates the algorithm's accuracy and adaptability, and we plan to integrate it into more rural
healthcare systems across the country. Our findings suggest that this Al-driven approach has
the potential to significantly improve healthcare delivery in resource-constrained

environments, particularly in developing countries.
Introduction:

The healthcare system in rural Kenya faces significant challenges, including a severe shortage
of medical professionals and limited resources. The World Health Organization recommends
a doctor-patient ratio of 1:1000, but in rural Kenya, this ratio often exceeds 1:10,000 (Mbuthia
et al., 2019). This disparity leads to overburdened healthcare facilities, increased treatment

times, and suboptimal patient outcomes (Wamai, 2009).

In rural settings, patients often lack awareness about appropriate healthcare facilities for their
specific conditions. Consequently, they tend to visit the nearest hospital regardless of its

specialization or capacity. This practice results in:
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1. Prolonged treatment times due to multiple hospital visits

2. Increased consumption of inappropriate medications

3. Potential side effects from unsuitable treatments

4. Overburdening of doctors with cases outside their expertise

To address these pressing issues, we have adopted and adapted the innovative approach
developed by Jha et al. (2023) and proposed a hospital recommender system tailored for rural
Kenyan settings. This system aims to match patients with the most suitable hospitals based
on their specific health conditions, taking into account factors such as hospital capacity,

treatment performance, and cost-effectiveness.

Our study builds upon recent advancements in artificial intelligence and machine learning in
healthcare. While Al cannot replace doctors, it can significantly enhance healthcare delivery

by improving decision-making processes and resource allocation (Jiang et al., 2017).

The significance of this research lies in its potential to address several critical issues in rural

Kenyan healthcare:

1. Reducing the burden on overworked healthcare professionals by optimizing patient
distribution across available facilities.

2. Minimizing unnecessary travel and associated costs for patients by recommending the
most appropriate and accessible hospitals.

3. Improving overall healthcare outcomes by ensuring patients receive timely and
appropriate care.

4. Enhancing the efficiency of resource allocation in a healthcare system with limited

resources.

By leveraging advanced Al techniques, we aim to create a more equitable and efficient
healthcare system that can serve as a model for other developing countries facing similar

challenges.
Literature Review:

Applications of Recommender Systems in Healthcare:
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Recommender systems have gained significant traction in various domains, including
healthcare. Several studies have explored their potential in improving patient care, resource

allocation, and treatment outcomes.

Ali et al. (2018) developed a medical diagnosis neutrosophic recommender system to support
personalized healthcare. Their system showed a 22% improvement in diagnosis accuracy
compared to traditional methods. This approach demonstrates the potential of Al-driven

systems in enhancing medical decision-making processes.

Kaur et al. (2018) proposed a privacy-preserving healthcare recommender system, which
improved the accuracy of offline and online healthcare service generation by 18%. Their work
highlights the importance of maintaining patient privacy while leveraging the benefits of

recommender systems in healthcare.

Ekici et al. (2017) established a recommender system for oral and dental healthcare services.
Their system improved prophylactic services and patient satisfaction by providing

personalized recommendations based on individual oral health profiles.

In the context of rural healthcare, Ouma and Herselman (2008) proposed a hybrid e-health
framework that combines telemedicine and m-health to improve healthcare access in rural
areas of developing countries. Their work emphasizes the potential of technology-driven

solutions in addressing healthcare challenges in resource-constrained settings.
Deep Reinforcement Learning in Healthcare:

Deep reinforcement learning (DRL) has emerged as a powerful tool in healthcare applications,

particularly in addressing complex decision-making processes.

Liu et al. (2017) used DRL techniques to estimate optimal dynamic treatments, providing data-
driven personalized decisions for doctors and patients. Their approach reduced treatment
errors by 31% in a simulated environment, demonstrating the potential of DRL in improving

treatment outcomes.

Mahmud et al. (2018) reviewed applications of deep learning and reinforcement learning in
biological data analysis. They highlighted the potential of these techniques in areas such as

drug discovery, personalized medicine, and genomics.
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Yu et al. (2019) applied deep reinforcement learning to optimize treatment strategies for sepsis
patients in intensive care units. Their model demonstrated improved patient outcomes

compared to standard treatment protocols.
Rural Healthcare Challenges in Kenya:

Several studies have highlighted the unique challenges faced by rural healthcare systems in

Kenya.

Mbuthia et al. (2019) conducted a comprehensive study on rural healthcare challenges in
Kenya, highlighting the severe shortage of healthcare professionals and the impact on patient
outcomes. They found that 67% of rural patients had to travel more than 50 km to reach a
suitable healthcare facility, underscoring the need for improved healthcare access in rural

areas.

Wamai (2009) analyzed the Kenyan health system, emphasizing the disparities between urban
and rural healthcare provision. The study highlighted the need for innovative solutions to

address the shortage of healthcare professionals and limited resources in rural areas.
Mobile and Connected Healthcare:

Mobile healthcare, leveraging wireless technology, has shown promise in providing services
to urban and rural areas with the concept of 'connected healthcare' anytime and anywhere
(Istepanian et al., 2009). This approach has particular relevance for rural Kenya, where mobile

phone penetration is high even in remote areas.
Hybrid Filtering Approaches:

Hybrid filtering approaches have been shown to perform better than content-based or
collaborative filtering alone in healthcare recommender systems. Devika &
Subramaniyaswamy (2018) demonstrated the effectiveness of hybrid filtering in fetching

relevant information about local hospitals based on user inputs.
Patient Feedback in Hospital Recommendations:

Swarnalatha et al. (2019) and Tabrizi et al. (2016) emphasized the importance of incorporating

patient feedback data in hospital recommender systems. Their work showed that patient
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satisfaction and experiences could significantly improve the accuracy and relevance of

hospital recommendations.

Methodology:

Our methodology closely follows that of Jha et al. (2023), with adaptations to suit the Kenyan
rural healthcare context. We used their deep reinforcement learning approach, which

formulates the hospital recommendation problem as a Markov Decision Process.
Data Collection:

We collected data from 50 rural hospitals in Kenya, including information on hospital
capacities, treatment costs, ratings, and specializations. Patient data, including their locations,
medical conditions, and financial capabilities, were gathered from 10,000 anonymized patient

records.
The data collection process involved:

1. Hospital data: Capacity, specializations, treatment costs, ratings, and geographical
location.

2. Patient data: Anonymized records including age, gender, medical conditions, location,
and financial status.

3. Treatment outcomes: For patients who received care during the study period, we
collected data on treatment duration, medication prescribed, and patient satisfaction

scores.
Model Development:

Our recommender system is formulated as a Markov Decision Process with the following

components:
e States: 23 common diseases requiring treatment
e Actions: Available hospitals for each disease (50 in total)

e Rewards: Preferences and outcomes for selecting each hospital
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We use a Monte Carlo learning approach to detect the optimal combination of hospitals for
each patient case. The model learns by running through multiple combinations of hospitals

and evaluating the outcomes.
Performance Matrix Calculation:

A performance matrix is calculated for all hospitals based on their capacity, ratings, and
treatment charges. This matrix serves as the basis for assigning rewards to hospitals in the
reinforcement learning process. The performance score for each hospital is calculated as

follows:

Performance Score = (Capacity Weight * Normalized Capacity) + (Rating Weight *
Normalized Rating) - (Cost Weight * Normalized Cost)

Where the weights are determined based on their relative importance in the Kenyan rural

healthcare context.
Model Learning:
The model uses the following update rule to learn and improve its recommendations:
V(a) < V(a) + y* (R - V(a))Where:
e V(a) is the value of any action

e Ris the terminal reward (+1 or -1)

e yis the learning rate (set to 0.5 initially)

Introducing Preferences:

To account for personal preferences and hospital-specific factors, we introduce individual
rewards for each hospital while maintaining a terminal reward that encourages fulfillment of

initial conditions. The reward function is modified as follows:
R = Terminal_Reward + (Sum of Individual Hospital Rewards) / Number of Diseases

This allows the model to balance between meeting the overall system requirements and

accommodating individual patient preferences.
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Model Training and Optimization:

We trained the model using 80% of the collected data and tested it on the remaining 20%. The

training process involved:

A

Initializing the model with random weights.

Running episodes of hospital recommendations for each disease.

Calculating rewards based on the performance matrix and patient outcomes.
Updating the model weights using the reinforcement learning update rule.
Repeating steps 2-4 for a specified number of episodes (initially 1000, later increased

to 5000 for better convergence).

We experimented with different learning rates (y) and reward structures to optimize the

model's performance.

Evaluation Metrics:

To assess the effectiveness of our recommender system, we used the following metrics:

1. Average Treatment Time: Measured in days from initial hospital visit to treatment
completion.

2. Inappropriate Medication Use: Percentage of prescriptions deemed unnecessary or
unsuitable for the patient's condition.

3. DPatient Satisfaction: Measured on a scale of 1-5 based on post-treatment surveys.

4. Doctor Workload Balance: Calculated using the Gini coefficient of patient distribution
across hospitals.

5. Cost-effectiveness: Average cost savings per patient compared to random hospital
assignment.

Results:

Our implementation of the algorithm developed by Jha et al. (2023) in the Kenyan rural

healthcare setting has shown promising results. The system successfully recommended

appropriate hospitals for each of the 23 common diseases identified in our study.

Model Performance:

Table 1: Model Performance Metrics
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Metric Before System After System Improvement
Average Treatment Time | 14.3 days 9.0 days 37% reduction
Inappropriate 28% 16.2% 42%

Medication on Use

Patient Satisfaction 62% 79.4% 28% increase
Doctor Workload | 0.72 (Gini coefficient) | 0.58 (Gini | 19%

Balance coefficient) improvement

Hospital Recommendations:

The system provided recommendations for each of the 23 common diseases. Figure 1 shows

the distribution of recommended hospitals for the top 5 most common diseases in rural Kenya.

Fig.1
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Figure 1: Bar chart showing recommended hospitals for top 5 diseases
Learning Rate Analysis:

We experimented with different learning rates (y) to optimize the model's performance.

Figure 2 illustrates the model's convergence for different y values.
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Figure 2
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Figure 2: Line graph showing model convergence for different learning rates
Key findings from the learning rate analysis:

e vy =0.1: Slow learning, requiring more episodes to converge
e vy =0.5: Balanced learning, good convergence within 3000 episodes

e vy =0.9: Fast initial learning but prone to oscillations

Cost-Effectiveness:

The recommender system demonstrated significant cost savings for patients. On average,
patients saved 3,200 Kenyan Shillings (approximately $30 USD) per hospital visit when
following the system's recommendations. This represents a 22% reduction in out-of-pocket

expenses for patients.
System Accuracy and Reliability:

To assess the system's accuracy, we compared its recommendations to those made by a panel
of experienced healthcare professionals for a subset of 500 cases. The system's
recommendations aligned with the experts' choices in 82% of cases, demonstrating high

reliability.

Impact on Healthcare Resource Utilization:
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The implementation of the recommender system led to a more balanced distribution of
patients across available healthcare facilities. The Gini coefficient for patient distribution

improved from 0.72 to 0.58, indicating a more equitable use of healthcare resources.

Discussion:

The results of our study demonstrate the potential of the adapted hospital recommender
system in improving healthcare delivery in rural Kenya. Building upon the innovative
approach developed by Jha et al. (2023), we have successfully implemented and tested this
system in a real-world setting. The 37% reduction in average treatment time is particularly
significant, as it directly impacts patient outcomes and reduces the burden on healthcare
facilities. This improvement can be attributed to the system's ability to match patients with
hospitals that have the appropriate expertise and capacity for their specific conditions,

reducing the need for multiple hospital visits and referrals.

We tested our model in one of the chains of rural hospitals in Nairobi, Kenya. The results were
extremely promising, with more than 90% satisfaction reported from doctors, hospital staff,
and patients. This high level of satisfaction across all stakeholders validates the effectiveness
of the approach proposed by Jha et al. (2023) and demonstrates its adaptability to the specific
challenges of rural Kenyan healthcare. The success of this implementation proves that this
model works exceptionally well in real-world settings, and we plan to integrate it into more

rural healthcare systems across the country.

The 42% decrease in inappropriate medication use not only improves patient safety but also
contributes to cost savings in the healthcare system. This reduction is likely due to the system's
ability to recommend hospitals with appropriate specializations, leading to more accurate

diagnoses and treatment plans.

The improvement in doctor workload balance, as indicated by the 19% reduction in the Gini
coefficient, suggests that the system effectively distributes patients across available healthcare
facilities. This more equitable distribution of patients could lead to reduced burnout among

healthcare professionals and potentially improve the quality of care provided.
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The cost-effectiveness of the system, demonstrated by the average savings of 3,200 Kenyan
Shillings per hospital visit, is particularly important in the context of rural Kenya, where many
patients have limited financial resources. These savings could potentially increase healthcare

accessibility for low-income patients.

The high alignment (82%) between the system's recommendations and those of experienced
healthcare professionals further validates the reliability of the Al-driven approach. This
suggests that the system could be a valuable tool for supporting decision-making in resource-

constrained healthcare settings.
Conclusion:

Our study demonstrates the successful adaptation and implementation of the hospital
recommender system in the context of rural Kenya. The system shows great promise in
optimizing patient-hospital matching, reducing treatment times, and improving overall

healthcare efficiency in resource-constrained environments.

The positive outcomes of this study validate the accuracy of the original algorithm and its

potential for wider application in developing countries. Key achievements include:

37% reduction in average treatment time
42% decrease in inappropriate medication use
28% improvement in patient satisfaction

19% improvement in doctor workload balance

A T

22% reduction in out-of-pocket expenses for patients

As we move forward with plans to integrate this system into more rural healthcare facilities
across Kenya, we anticipate significant improvements in healthcare delivery and patient

outcomes. Future work will focus on:

1. Expanding the system to cover more diseases and healthcare facilities across rural
Kenya

2. Developing a user-friendly mobile application to increase accessibility for patients and
healthcare workers

3. Incorporating real-time data updates to improve the system's adaptability to changing

healthcare landscapes
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4. Conducting long-term studies to measure the system's impact on health outcomes and
resource utilization
5. Exploring the potential for integrating the system with existing health information

systems in Kenya

This research underscores the potential of Al-driven solutions in addressing healthcare
challenges in developing countries. By optimizing resource allocation and improving patient
care pathways, such systems can contribute to more equitable and efficient healthcare

delivery in rural areas.

The success of this project in rural Kenya provides a model that could be adapted and
implemented in other developing countries facing similar healthcare challenges. As we
continue to refine and expand this system, we hope to contribute to the broader goal of

improving global health equity and access to quality healthcare for all.
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