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Abstract. Home care is the face-to-face delivery of medical care in the
patients’ homes. In recent years, home health care has been growing
rapidly due to an increase in the elderly population, and due to people
who have chronic illnesses, or are underprivileged. In order to obtain
sustainability of health, it is important to use home care resources ef-
ficiently, but the dynamic nature of hospital operations such as limited
available personnel, high no-shows and cancellation rates of treatments
reduce the productivity and efficiency of hospitals. To overcome diffi-
culties arising due to continuously changing operational conditions, we
propose a dynamic patient assignment system for home care physiother-
apy and rehabilitation hospital operations. The proposed framework is a
rolling-horizon algorithm that iteratively solves an integer linear model
for assigning home care physiotherapy patients to operators. Our objec-
tives are ensuring the continuity of care and balancing operator work-
loads while keeping patient waiting times low. Based on historical data
from one of the largest rehabilitation hospitals in Istanbul, the resulting
dynamic patient assignment framework was tested under several simu-
lated scenarios. The results show the effectiveness of the proposed system,
especially in terms of decreased waiting times.

Keywords: Dynamic Patient Assignment - Physiotherapy and Rehabil-
itation - Continuity of Care - Workload Balance - Integer Linear Model
- Rolling Horizon

1 Introduction

Operational cost increase and limitations related to customers or service oper-
ators constrain the service industry to minimize costs while providing better
service quality. This challenge is crucially important, especially for mobile ser-
vices that allow patients to receive personal care at home, called Home Care
(HC). Home Health Care (HHC) is one of the most rapidly growing mobile
services around the world and covers a wide range of services. In this paper,
we will directly focus on HC for physiotherapy and specifically assigning re-
habilitation patients to operators. There are three key stakeholders in Home



2 S. Bag Giire et al.

Health Care Systems (HHCS), each with specific requirements: patients, oper-
ators, and health care service providers. While health care service providers in
physiotherapy and rehabilitation put requirements related to planning period,
service territory, given service type, continuity of care, patients have require-
ments on frequency of visit, visit date, and personal preferences. For operators,
requirements about working hours, workloads, skills, and territory preferences
may exist. Considering these requirements concurrently increases the complexity
of the assignment problem. Assignment and routing solutions have been success-
fully applied in many research areas other than HHCS, and thus they constitute
a viable approach to solve HHCS problems as well, albeit with customizations to
handle specific requirements of HHCS. Moreover, continuity of care constraints
present in physiotherapy treatments pose a different HHCS problem compared to
the rest of the literature. Continuity of care means that HC provider assigns only
one operator to each patient and keeps the operator same during the treatment
process. While it limits the flexibility of the provided service to a certain degree,
it is crucial in physiotherapy HHCS, since giving care to patients with the same
operator is helpful for establishing good patient-operator communication, and
rapport between the patient and the operator, and avoiding information loss
among operators. Studies that have been carried out in Norway showed that
continuity of care not only increases patient satisfaction but also saves time by
accumulating a medical history of patients for operators [1].

Due to a large increase in demand recently, HHC service providers have faced
several operational issues, and management problems that attracted the atten-
tion of many researchers. Therefore, the number of research publications about
HHCS increased considerably, especially within the last two decades. Existing
research generally focuses on two kinds of problems: tactical problems (e.g. as-
signing HHC operators to geographic service districts), and operational problems
(e.g. routing and scheduling HHC operators) [2]. Recent detailed literature re-
views are presented by Di Mascolo et al. [3], Grieco et al. [4], Cissé et al. [5],
Fikar and Hirsch [6], and Sahin and Matta [7]. The studies addressing routing
and scheduling applications in the HHC industry in the last years make use of
several objectives such as minimizing travel time, cost, travel distance, overtime
and waiting time [8]. In our literature review, we focused on works about assign-
ments in HHC. HHC assignment problem is studied by considering continuity of
care in [9]-[17]; workload balance in [18]-[26]; and both of them in [29]-[36].

Wirnitzer et al. [9] developed five mixed integer programming models for
a monthly home care nurse rostering problem that considers the assignment
of nurses to the required patients. This planning task is under-controlled for a
monthly basis in order to see the impact on continuity of care. They claimed
that continuity of care is overcome by the decomposition of the current problem
to a single nurse problem in the literature but in that case one nurse is not able
to cover all shifts of a day for a specified district. That’s why they planned a
monthly nurse roster where nurses are assigned to master tours with respect to
nurse availability, daily and monthly working time restrictions, and patient-nurse
compatibilities. Giiven et al. [10] solved the problem using an integer program-
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ming approach and a variant of the petal heuristic method. Their objectives were
to maintain continuity of care by minimizing daily deviations from the current
schedule and to ensure some consistency in caregiver assignments. Cappanera
and Scutella [11] used a mathematical model and a pattern-based algorithmic
framework derived from decomposition where their objectives were to optimize
assignment, scheduling, and routing decisions over multiple days while ensuring
arrival time consistency, person-oriented consistency, and robustness against de-
mand uncertainty. Algendi et al. [12] solved the problem using a mixed-integer
linear programming (MILP) model, which was further enhanced with two sets
of valid inequalities. Their objectives were to minimize the number of extra
shifts for caregivers, maximize the allocation of caregivers to emergencies, and
minimize the total route durations over the planning horizon. Hewitt et al. [13]
carried out a different study in terms of the planning horizon length, instead of
analyzing a week or a shorter planning horizon, they examined the long plan-
ning horizon length as two to three months considering continuity of care and
demonstrated that a long planning horizon is superior to short planning horizon
in terms of transportation cost and staffing levels savings. Gamst and Jensen
[14] proposed a branch-and-price algorithm in HHC scheduling problem. In this
study, first a one-day plan is generated for each employee then all the generated
daily plans are merged into a master schedule considering regularity constraints.
They mentioned continuity of care as employee regularity in their study and
their objective is that all visits of a patient are conducted by the same medical
staff and minimized the sum of the visits of a citizen by the number of different
employees on the objective function for providing employee regularity. Nickel et
al. [15] proposed a two-stage approach, in the first stage they used a constraint
programming heuristic to find a good feasible solution to the master plan for
nurse to patient assignment and in the second stage they applied an adaptive
large neighborhood search to overcome local optima. They defined continuity of
care as the patient-nurse loyalty which means visits of patients during the plan-
ning horizon is delivered by the same nurse and they minimized patient-nurse
loyalty to provide continuity of care. Bachouch et al. [16] proposed an integer lin-
ear program to minimize the travelled distance for the routing problem in HHC
and also they decide nurse to patient assignment during the planning horizon
while considering the continuity of care. Carello and Lanzarone [17] developed a
cardinality-constrained robust assignment model in order to solve the nurse-to-
patient assignment problem under continuity of care. They divided patients into
five subsets as who require hard continuity of care, who require partial continuity
of care and who do not require continuity of care.

Bachouch et al. [18] proposed a model for assignment of nurses in a French
HHC office. They provided workload balance among health care workers in their
study by minimizing the difference between the upper bound of the workload of
each nurse and the lower bound of the workload of each nurse. Torres et al. [19]
used a MILP model within an e-constraint multi-objective optimization frame-
work. Their objectives were to accommodate nurses’ scheduling preferences (in-
cluding days off), and to achieve a balanced workload distribution among nurses,
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thereby increasing nurse satisfaction and reducing job dissatisfaction. Blais et al.
[20] have studied workload balancing among nurses for the Cotedes-Neiges CLSC
in Montreal by health care districting problem with the tabu search heuristic al-
gorithm. The difference of this problem from literature is that they measured
workload not only by the time spent with patients but also they included the
time spent travelling between visiting locations. Cappanera and Scutella [21]
proposed an integer linear programming model to maximize the minimum op-
erator utilization factor and minimize the maximum operator utilization factor
in order to address assignment, scheduling, and routing decisions while limiting
the number of operators that can be assigned to each patient for the weekly
plan. Thus, they reduce the loss of information among operators and increase
service quality. Errarhout et al. [22] proposed a two-stage stochastic model with
the uncertainty of the time required for the cares in order to balance the work-
load of the nurses considering nurses’ skill, travel load and capacity. Hertz and
Lahrichi [23] proposed a mixed integer programming model and solved with a
tabu search algorithm. Their aim is to balance the workload of the nurses and at
the same time to avoide long travels while visiting the patients. Nasir et al. [24]
worked on a flexible HHC planning problem and proposed a mixed integer linear
programming model to minimize the total distance travelled, cost to hire nurses,
cost for idle time and workload difference, and the costs associated with waiting
patients. They suggested using two heuristic methods to solve the model by ex-
ploiting the variable neighborhood search algorithm considering compatibility,
time restrictions, contract durations, idle time and workload balance. Benzarti
et al. [25] formulated the HHC districting problem as a mixed-integer program-
ming model by considering locations where patients live, compactness, workload
balance between human resources and compatibility. Lahrichi et al. [26] analyzed
a territorial approach to deliver nursing HC services to a territory public health
based on a historical data. With respect to the historical data analysis, they
suggested that it is better to use a more dynamic assignment system for the
patients not only considering patients’ geographic locations but also considering
each nurse’s workload and case load. They underlined the importance of the
workload balance among nurses.

There are some studies in the literature for HHC problem that consider
continuity of care and workload balance at the same time. Fathollahi-Fard et
al. [27] addressed a complex optimization problem using efficient heuristic and
advanced nature-inspired metaheuristic methods. The main objectives were to
optimize the total cost of logistics activities, minimize the total idle time of
caregivers, and ensure continuity of care. Zhao and Bard [28] used a two-stage
approach with two new MILP models. The first MILP is used for weekly patient-
therapist assignments, while the second determines daily routes. Their objectives
include minimizing the number of unscheduled visits and the total travel and
service costs, while considering care continuity, workload balance, time windows,
overtime, and mileage costs. Bowers et al. [29] studied the assignment and rout-
ing problem of midwives using multiple travelling salesmen problem algorithm
with the objective of minimizing total travel time while considering the relative
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workloads. Their aim is to perform care for each mother by the same midwife
to achieve a better relationship between mothers and midwives. Borsani et al.
[30] proposed a linear integer scheduling model to decide which human resource
should be used and when to execute the service during the planning horizon, in
order to satisfy the care plan for each patient served by the HC providers consid-
ering continuity of care of patients and workload balance of the nurses. Hiermann
et al. [31] presented a general framework for solving a HHC scheduling problem
from a major Austrian HHC provider, they proposed a two-stage approach. In
the first stage they generated initial solutions by constraint programming tech-
niques or by a random procedure while in the second stage the initial solution is
improved by variable neighborhood search, a memetic algorithm, scatter search
and a simulated annealing hyper-heuristic. Cappanera et al. [32] studied HC
problem under demand uncertainy over a multiple-day time horizon and used a
cardinality-constrained robust approach to balance the caregiver workload un-
der continuity of care with skill constraints. Carello et al. [33] proposed a set
of mathematical models for the nurse to patient assignment problem in HC
under continuity of care. They tested these models on real life instances with
deterministic and uncertain patient demands balancing the workload of nurses.
Lanzarone and Matta [34] developed analytical policies to assign patients while
balancing the workload among the operators and respecting the continuity of
care. They penalize the overtime of operators by minimizing the expected value
of a cost function. Lanzarone et al. [35] developed mixed integer mathematical
models to balance the workload of the operators considering several properties
of HHCS such as the continuity of care, operator’s skill, and geographical areas
while examining single district and multiple district cases in their study. Lastly,
Lanzarone et al. [36] proposed a stochastic model to represent the workload
planning and distribution among the operators while preserving the continuity
of care.

Research efforts with respect to assignment of physiotherapy patients in HHC
are rare in literature compared to other health care problems. Ogulata et al. [37]
proposed a hierarchical mathematical model for a highly demanded hospital in
physiotherapy to generate weekly staff scheduling. In the first hierarchical stage
the patients are selected, and in the second stage the assignment of patients
to the staff are provided, and in the last stage these patients are scheduled
throughout a day considering only the workload balance. Schimmelpfeng et al.
[38] developed a decision support system for rehabilitation hospital scheduling
using a mixed-integer linear program where they determined patient appoint-
ments while maximizing the number of treatments scheduled for all patients
without considering the workload balance and continuity of care. Podgorelec
and Kokol [39] developed a scheduling method based on a heuristic (genetic)
algorithm and machine learning methods taking into account the different phys-
ical therapy needs for a limited number of therapeutic devices and therapists
without considering the workload balance and continuity of care. Chien et al.
[40] proposed a genetic algorithm to obtain near-optimal solutions in order to
schedule rehabilitation patients so that patient waiting times are reduced and
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therapy equipment utilization is increased to result in increased service quality
and operation efficiency. They also did not examine the workload balance and
continuity of care criteria. Although the number of publications and journals
devoted to health care has shown a significant increase recently, to the best of
our knowledge, assignment of physiotherapy patients to operators considering
workload balance and continuity of care simultaneously has not been applied in
physiotherapy for home care patients so far.

In this research, we develop a general and conceptual integer programming
framework for the problem of assigning HC physiotherapy patients to opera-
tors. In order to overcome assignment problems occurring due to continuously
changing operational conditions, we implement a rolling horizon algorithm that
iteratively solves an integer linear model for an effective management of this dy-
namic environment rather than considering a prior knowledge of future incoming
patients contrary to the rest of the studies in the literature. Furthermore, we an-
alyze a real case using data from the HHC department of a large physiotherapy
and rehabilitation Hospital in Istanbul, referred as Hospital X. Hospital X pro-
vides neurological rehabilitation services at home to patients who have cerebral
palsy, spinal cord injury, hemiplegia, paraplegia, parkinson, etc. HHC depart-
ment of Hospital X faces many problems such as low patient satisfaction due to
long waiting times to receive medical service, non-continuous care provided by
different operators in each visit, and also low operator satisfaction due to lack
of workload balance among operators. The proposed model handles these issues
with a combination of objective functions through a rolling horizon algorithm
while keeping patient waiting times low.

The paper is structured as follows: The mathematical model and rolling hori-
zon algorithm are described in Section 2 whereas the computational experiments
performed on the realistic cases are reported in Section 3. Section 4 ends the ar-
ticle with a conclusion and discussion on future work.

2 The Mathematical Model and Rolling Horizon
Algorithm

In this section, we provide an integer linear model for the studied patient assign-
ment problem. First, a static model is described. However, we solve this static
model daily, each time for the next seven days, using a rolling horizon. The use
of the model in this manner suits the dynamic nature of hospital operations
as there are frequent changes to the available personnel, and cancellations of
treatments due to several reasons which may make a static assignment plan for
an extended period not applicable. It is foreseen that, in practice, only the first
day’s recommendations by the model will be implemented each time after the
optimization is run. However, a look-ahead optimization policy using a longer
optimization period such as a week and all of the then-available information
would help with obtaining more stable daily assignments. Our rolling horizon
algorithm’s pseudocode and algorithm’s explanation follow the description of the
static model.
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2.1 Integer Linear Model

The mathematical model uses the following notation. I, J and K refer to the
set of patients, operators and days in the planning period, respectively. Set G
is the set of districts where patients live and operators serve. The operator
set includes a dummy operator j¢ with infinite capacity. Untreated patients
are assigned to the dummy operator, i.e. their treatments are being delayed.
x;jk are the main decision variables (binary) specifying whether patient i has
been assigned to operator j on day k. b;; are indicator variables set to 1 if
patient ¢ is ever assigned to operator j during the planning period. Finally, fx
are positive decision variables stating the minimum number of patients served by
all real operators working on day k. First, we make the assumption that patient
treatment times are equal. The extension of the model where this assumption
is relaxed will be given later. Let d;; be parameters indicating whether patient
1 requires care on day k. Daily treatment capacity of each operator j on day k
expressed as number of patients is denoted by a;,. When set to 1, m ;4 parameters
show that operator j can serve district g whereas c;, parameters are set to 1 if
patient ¢ lives in district g. card(K) refers to the cardinality of the set K. The
mathematical formulation is provided next.

Zv=> fi

keK

Z=% Y

i€l jeJ,j#54

Zy=3 > D v

i€l j=jd keK

Z4: w§~a:ijk
PO DS

i€l jeJ,j#jd keK

=Y Y Vb

i€l jed,j#£jt k€K
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subject to

> @ik = dix VieLke K (2)
jes

> @k < da Vielke K (3)
JETj#G?
Z dik * Tijk < Qjk Vje ke K (4)
i€l
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i€l
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bij €{0,1} Viel,jelJ (10)

In planning the assignments, several issues need to be considered, most im-
portantly continuity of care, and operator workload balance. Our model has
a weighted objective function to handle this multi-objective problem. Z; helps
with balancing the workload of operators over the planning period. The balanced
workload objective is achieved by linearizing a nonlinear objective function where
the daily minimum of the number of assigned patients to each operator on day k
is maximized. The linearization is accomplished by Constraints 6 and Z;. Recall
that the decision variables fj refer to the minimum number of patients served
by real operators on day k. By maximizing (note the negative sign for Z; in the
objective function) the sum of these minima, the operator workload is being bal-
anced. Minimizing the number of assigned real operators given by Zs helps with
fulfilling the continuity of care since assigning a patient to different operators
will only increase this sum. Z3 equals the number of patients assigned to the
dummy operator, and minimizing this sum will increase the number of patients
receiving care. Z, and Zs prioritize certain assignments with the help of respec-
tive weights. The smaller w} in Z,, the more important is assigning patient i
to an operator. On the other hand, smaller w?j in Z5 make assigning patients
to certain operators more desired. How w} and wfj are calculated will be ex-
plained when the rolling horizon algorithm is detailed. In general, the values of
the weights in a weighted objective function such as ours is subjective in nature,
and they reflect the importance given to individual issues by the decision-maker.
In other words, the different objectives can be prioritized by using weights that
reflect the decision-maker’s choices.

Constraints 2 make sure that all patients are cared for every day. Observe
that an assignment to the dummy operator is possible. However, the number
of these assignments is going to be kept to a minimum since the sum of these
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assignments is being minimized in the objective function with Z3. Constraints 3
guarantee that each patient will be assigned to at most one operator on each day.
Constraints 4 do not allow the daily capacity of the operators to be exceeded.
Constraints 5 prohibit assigning a patient to an operator if the operator cannot
serve the district where the patient lives in. Constraints 6 state that all real
operators should care for more patients daily than the minimum number of
patients served on each day. Constraints 7 capture the information on whether
a patient is ever assigned to an operator over the planning period. Constraints
8 through 10 specify the types of the decision variables.

The model can slightly be changed to deal with cases where the treatment
times for patients are not equal. Let d;; give the treatment time in minutes for
each patient ¢ on day k. Also, let a;;, denote the availability of operator j on day
k in minutes. Then, Constraints 2, 3, and 4 can be changed as follows assuming
that each patient will still be served by one operator.

D wip =1 VieLke K (11)
JjeJ

> wig < di Viel,keK (12)
JEJ,j#j¢
Z dik; - Tijr < ajk VieJ ke K (13)
el

The modified constraints are interpreted a bit differently with unequal treat-
ment times. Constraints 11 say that each patient should be assigned to an oper-
ator on each day. As before, this assigned operator can be the dummy operator
if necessary. Constraints 12 make sure that a patient does not get assigned to a
real operator if s/he does not need to be treated that day. Finally, Constraints
13 are there so that the daily available working time in minutes of each operator
does not get exceeded.

2.2 Rolling Horizon Algorithm

Every day, new patient registrations are made to the HHCS system, or patients
with completed treatments leave the HHCS system. Thus, parameters in the
model are required to be updated daily. Therefore, solving the linear integer
model once and fixing the treatment plan for the near future may not be feasible
beyond one day. To handle the dynamic nature of the hospital operations, we
propose the static model to be solved every day in a rolling horizon manner. We
opted for solving the model for the next seven days on each day as it is impor-
tant to know about the work schedules, albeit approximately, for the near future.
For new patients, w; and wj; are assigned high values. Initially, a new patient
has not been delayed, and has not been assigned to any operator. Input data is
updated before each optimization. At each day’s optimization, patient-operator
assignments are (optionally) kept the same as in the previous day’s optimization.
These fixed assignments ensure continuity of care. However, the model has other
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mechanisms to motivate assigning the same operator to a patient throughout
the patient’s treatment, namely, Z; and the use of wfj in Z5. Once a solution
is obtained, we update several values. If a patient did not receive treatment al-
though one was due (detected by an assignment to the dummy operator), the
waiting time for that patient (waitedPat;) is increased. Furthermore, an addi-
tional treatment session is added to the end of that patient’s existing treatment
plan to account for the unrealized treatment. If a patient is assigned to a real
operator, then the number of times that patient is assigned to that operator
(nPatOp;;) is increased by 1. waitedPat; are used to update w}, and nPatOp;;
are used to update wfj. The more patient i waits, the smaller w} becomes. Simi-
larly, the more times patient i is assigned to operator j, the smaller w?j becomes.
Since we are solving a minimization problem, smaller weights in the next opti-
mization push the assignments towards prioritizing longer waiting patients, and
keeping the same patient-operator assignments as in the previous optimizations.
In other words, at each iteration of the rolling horizon algorithm, weights w}
are fine-tuned depending on how long patients have waited, and weights wfj are
fine-tuned based on how many times patients have been assigned to the oper-
ators. The steps of the rolling horizon algorithm are summarized in Algorithm
1.

Algorithm 1 Pseudocode of the rolling horizon algorithm

1: wi « 10

2: wy; + 10

3: waitedPat; + 0

4: nPatOp;; < 0

5: for k' =1,--- do

6: Get the updated patient, treatment and operator information

T Optional: Assign previously treated patients to their existing operators for day
kl

8: x7;, < Solve the integer linear model for the 7 days starting with K

9: Implement the resulting optimal policy for &’

10: waitedPat; < waitedPat; + 1 if patient 7 is assigned to the dummy operator

11: Add a session to the end of the treatment plans of the untreated patients on
day k'

12: nPatOp;; < nPatOp;; + 1 if patient 7 is assigned to a real operator j on day
k;/

13: w) 1/waitedPat; for waitedPat; # 0

14: wfj < 1/nPatOp;; for nPatOp;; # 0

3 Computational Experiments

To test the proposed algorithm’s performance, we conducted simulations based
on the real data obtained from Hospital X. Hospital X currently attends to pa-
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tients from 12 districts. The treatment times are about 50 minutes since patients
served in Hospital X are of the same type. Hence, we assumed the daily opera-
tor capacity to be 8 patients. The number of operators in the simulations were
taken as 25 equaling the number of operators in the data. The patient distri-
bution across districts is not uniform. Thus, we used the percentages calculated
from real data for generating patient data from each district. We considered dif-
ferent scenarios where an operator served one, two or three preassigned districts.
Operators currently visit patients from two districts. Also, the daily patient to
operator ratio was a parameter in the simulations. We tested different values
of this ratio ranging from 2 to 10 in multiples of 2. Currently, the patient to
operator ratio is somewhere around 6 to 8 in the Hospital X data. 100 different
instances were generated for each patient to operator ratio. Each instance com-
prised of simulated data for a month. To generate the month-long simulation
data, we first picked a longer time horizon, 100 days. The number of treatments
required for each patient was 30 meaning that once started each patient’s treat-
ment took 30 business days. Given a patient to operator ratio, the total number
of expected patients over the picked time horizon would be time horizon divided
by the treatment duration multiplied with the number of operators and the pa-
tient operator ratio. For example, for a patient operator ratio of 8, a time horizon
100 days and a treatment duration of 30 days with 25 operators, the expected
number of total patients in 100 days would be 100/30 - 25 - 8. The arrivals of the
patients to the system were assumed to be uniform across the time horizon. Since
the rolling horizon algorithm was tested for a month of data, we picked a 36 day
interval (corresponding to 30 optimizations for the next 7 days) from the middle
of the generated data to allow for some warm-up period so that the patient num-
bers in the generated data would reach the density levels corresponding to the
set ratio. The districts where the patients originated in the generated data were
based on the real percentages in the data for each district. Daily optimizations
were run as described in the rolling horizon algorithm. We also distinguished
between fixing and not fixing the already assigned patient-operator pairs for
the first day of the next day’s weekly optimization. Fixing the assignments, i.e.
assigning the patients to their already assigned operators (possibly until their
treatments are over), is in line with the hospital’s current practice. This prac-
tice helps observing continuity of care. The reported numbers in Table 1 and
Table 2 are the averages of the 100 instances. Table 1 shows a summary of the
results for the scenario where each operator serves one district only (the least
flexible scenario), and the patient-operator assignments are not fixed after daily
optimizations (continuity of care not guaranteed). When operators serve more
districts (not reported here), the results are improved as one would expect. In
addition, when assignments are fixed after daily optimizations (in Table 2 we
only report some fixed results with cancellations for the patient-operator ratio
of 8), continuity of care reaches 100% but observe that they are already very
close to 100% even without fixing.

When the patient to operator ratio increases, balancing the workload is less
of an issue since the operators start reaching their maximum capacity. When the
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Table 1: Simulation results without fixing the assignments, one district only
Daily Pat/Op Ratio Daily # of Pat Waiting Days to First Care Same Op (%)

6 6.12 0.62 99.29
8 36.87 2.81 99.16
10 108.42 6.59 99.64

hospital first started its home care operations, the number of patients were low
but it has been increasing since then. It seems that earlier low patient densities
can only be encountered again if the number of operators is increased at some
point. The average wait time before a patient gets her first treatment in the
simulations is seven days which is very good compared to the current delay of 30
days. It should be noted that limiting the districts operators serve increases pa-
tient waiting times since an operator cannot attend patients from other districts
even when available.

We also tested the impacts of treatment cancellations by patients. While the
cancellation rates of the hospital are not very high, currently running around 2%,
they make some of the assignment planning obsolete, and manually dealing with
abrupt changes is difficult. In fact, all such sudden changes are difficult to re-
spond to quickly and efficiently with a manual process. Another example causing
the hospital administrators difficulty occurs when operators call in sick requiring
immediate changes to the treatment plans. The results for cancellation simula-
tions with the same data can be seen in Table 2 where the patient to operator
ratio was taken to be 8. In the reported results, operators were responsible of one
district only. To simulate cancellations, each patient in the generated data was
assumed to cancel with a probability equaling the cancellation rate. Mimicking
how the hospital operates, the experiments were run by fixing the assignments
of the first day of treatment to those already made by the previous optimization
when a new optimization was run. However, if a treatment was cancelled, those
assignments were relaxed. As the cancellation rate increases, the average waiting
times to first care decrease since the openings resulting from cancellations can
be used to treat waiting patients. Observe that average waiting times to receive
first care are already very low even without cancellations. However, continuity
of care gets negatively affected by cancellations since the responsible operators
are assigned to other patients for the cancelled slots, and these new assignments
might slightly change operators’ assignments in the future. However, since most
assignments are fixed between optimizations, continuity of care percentages still
stay quite high also when there are cancellations.

Overall, the simulations verified that the suggested rolling horizon algorithm
can adequately handle the assignment process which is currently dealt with
manually.
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Table 2: Simulation results with cancellations, fixed assignments, daily pa-
tient/operator ratio is 8

Cancellation rate (%) Daily # of Pat Waiting Days to First Care Same Op (%)

0 27.94 2.27 100.00
2 26.12 2.12 98.99
5 22.97 1.86 98.19

4 Conclusion and Future Work

In this research, we considered the problem of assigning home care physiotherapy
patients to operators. To deal with continuously changing operational conditions,
we implemented a rolling horizon algorithm that repetitively solved an integer
linear model. The main concerns of the algorithm were achieving the continuity
of care and balancing the operator workload while keeping patient waiting times
low. Our algorithm was shown to perform well using simulations for several
scenarios which were based on real data obtained from the hospital we worked
with.

Routing of the operators is left to the operators at the moment. If the number
of districts served by each operator increases, routing may pose another challeng-
ing problem to be solved. In the current practice, some operators do their visits
by walking from one patient to another while some operators use automobiles.
The routing problem may also need to consider differences between operators on
foot and with vehicles. Operators with vehicles are more likely to visit several
districts covering a larger area, and their routing may become more critical with
increased numbers of patients per operator. Currently, an MS Excel-based appli-
cation is under development for the use of the hospital administrator in charge of
the home care treatment planning. This decision support tool will make it much
easier to respond to changes in the patient and operator information that occur
very often. It is expected to save much time in dealing with these changes, and
at the same time, to provide enhanced treatment plans that were not possible
before.
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