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Insufficient long term care (LTC) capacity is a problem causing long waiting times and congestion in hospitals. The scheduling of patients to LTC is a complex problem that is compounded by the non-homogeneity of long term care beds (different facilities and room accommodations), the presence of client choice and level of care, and the competing demands of the hospital and community populations.    

We analyze scheduling policies for both hospital and community demands with the introduction of supportive housing (SH) capacity. Some patients that are in SH might need to be transfer to LTC, say if their condition worsens. There is a reneging process from each waiting list representing the patients that exit without being placed, this could happen for example in case of death, or if the patient condition improves. Figure 1 illustrates the complete scenario, the three sources of patients and the two care facilities with the respective flow of patients.
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Figure 1: The three sources of patients (Hospital, Community and SH) and the two care facilities (SH and LTC) with the respective flow of patients
Queueing Models

Initially we applied queuing theory for the long term care (LTC) problem using data from some facilities in Ottawa. A first analysis without supportive housing determined that it is necessary to increase 63% of the current capacity in LTC in order to maintain hospital waiting list below a desired threshold and community waiting times below a given target. With a second model we determined the required capacity for the Supportive Housing in order to achieve the desired objectives. 

For the queueing models we need to make assumptions that are far from reality, dynamic programming offer a more flexible approach for modeling. 

Dynamic Programming Model

We develop a semi-Markov decision model to determine the access policy to available capacity at LTC and SH. Given information on demand and the available capacity a decision must be taken on how much capacity to allocate to the demand. The decision is taken on a daily basis. In order to simplify the decision space we break the decision process into three sequential steps. First we look for how many patients from the hospital to allocate to LTC, then we allocate community patients to LTC, the remaining capacity at LTC is given to SH patients. Finally we determine the capacity from SH for hospital patients, and the remaining capacity at SH is given to community patients. The system then transitions to the next day with new arrivals and exits occurring before the next decision epoch. The state at each decision epoch is a vector that contains information on demand, the available capacity and the step number in the sequential decision making process. There is a daily penalization cost for congestion at the hospital and at the community (patients that wait more than a given threshold) and the objective is to find the policy that minimizes the total expected discounted cost.

We will solve the model with Approximate Dynamic Programming (ADP) using Q-learning (QL) to obtain the allocation policy for a given capacity. In order to adjust the learning parameters we will use a methodology as in [2]. Finally with an enumeration method we will determine the minimum capacity values in order to satisfy the objectives: maintain the hospital census below a given threshold and community wait times below 90 days. 

Next, we will extend this model to consider other complexities of the LTC scheduling problem (different facilities and room accommodations, client choice and level of care). We believe the ADP approach is flexible enough to help determine good solutions even for the more complex models.
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