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ABSTRACT

To determine the budget needed by a healthcare network to provide government mandated mental health
services, a simulation model of those services was built, verified and validated; it was then used to identify
where mandated delivery times were not being met and where staff should be reallocated. In addition to
the obvious benefits of this approach, a less obvious benefit was that the discovery process needed to build
the model identified additional opportunities for providing better care with less resources. A further benefit
of this work was the potential, recognized by the chief financial officer, that this approach could be used
throughout the network to rationalize staffing levels, and thus make it possible to provide more, better or
timelier outcomes with the same resources throughout the network.

1 INTRODUCTION

In 2005, Canada’s provinces and territories, which are responsible for managing and funding public
healthcare, announced common goals for performing several medical procedures within pre-defined periods
of time. In particular, those governments announced (Ontario 2005) goals for performing “radiation therapy
to treat cancer within four weeks of patients being ready to treat, hip fracture fixation within 48 hours, hip
replacements within 26 weeks, knee replacements within 26 weeks, surgery to remove cataracts within 16
weeks for patients who are at high risk, breast cancer screening for women aged 50 to 69 every two years,
and cervical cancer screening for women aged 18 to 69 every three years after two normal tests.” Not
surprisingly, since that announcement many of those governments have struggled to provide the resources
needed to achieve those goals (CIHI 2017, Sutherland and Repin 2014). Contributing to that struggle is
the difficulty of finding an appropriate approach for determining healthcare budgets.

In an ideal world it would be easy to argue that zero based budgeting (Wetherbe and Montanari 1981)
should be used to budget healthcare expenditures. In zero based budgeting, budgets for products or services
are based on the cost of the resources used to provide those products or services, multipled by the number
of those products or services provided per fiscal period.

Unfortunately, there are many challenges to applying zero based budgeting, particularly when government
provided information systems do not track important process drivers such as the time spent preparing for
client interactions, charting those interactions, and training and administrative activities. Because of this,
in Quebec it is not always possible to determine the amount of resources used to address each client’s
needs, or the time actually available for providing services.

Another challenge to applying zero based budgeting to healthcare delivery arises when services, whose
demand varies over time, need to be provided within pre-defined periods of time. Sources of demand
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variability include the instantaneous variablity around the mean rate at which new requests occur, as well
as the variability in the mean rate itself which may change with the season or the day of the week. They
also include the variability in the amount of resources needed to provide each type of service, which is a
function of patients’ ages, levels of risk, co-morbidities, and family support, all of which are inherently
highly variable. And while it is conceivably possible to achieve near to 100% utilization of resources when
there is no variability, it is more difficult to do so when there is variability and when resource levels are
set to address peak or near peak demand levels. This is because variability under those conditions will
almost always result in periods of time during which some resources are not used. And while it might
seem useful to just adjust budgets using a utilization percentage, the value this percentage should be set
to is highly contingent on the length of time during which the service needs to be provided, the size of
the pool of resources providing the services, and the extent of each type of variability. Thus there do not
appear to any readily available rules for setting this percentage.

While the challenges described above are faced by many healthcare groups, in the spring of 2016 they
were specifically faced by the management of the mental health and addiction directorate at the Centre
intégré universitaire de santé et de services sociaux (CIUSSS) du Centre-Ouest-de-l’Île-de-Montreál, the
McGill University affiliated integrated health and social services network of west central Montreal. In
particular, they needed to determine staffing requirements in context of the Mental Health Action Plan of
2015 - 2020, which required centralization of access to mental health services within the CIUSSS via an
intake center, without providing additional resources for staffing that center. This plan also required that all
intake requests be oriented to first line specialized mental health services within seven days, or 48 hours for
more urgent requests, and that when needed, first line psychiatric nurses, social workers, or psychologists
meet with clients within 30 days, or within one week in the case of urgent needs. Compounding these
challenges was that demand for mental health services provided by the CIUSSS differed by location within
the CIUSSS, in addition to varying for the reasons discussed above. Finally, these challenges also needed
to be addressed in context of an ongoing search for budget cuts by the CIUSSS’s chief financial officer.

Given the limitations of zero based budgeting for such an environment, a member of the CIUSSS’s
analytics team proposed, and mental health management agreed to, a project in which a discrete event
simulation would be built to model the interactions between resources used by the process. As part of the
project, after the model was verified and validated, it would be used to determine the number of each type
of staff needed in each location, in context of the variability in demand and the government’s mandates for
the period of times during which each type of service was to be provided. In order to validate the model
it would be necessary to statistically determine the parameters of existing mental health processes, or to
otherwise obtain estimates of those parameters where data for statistical analysis did not exist.

After the model was built, verified and validated, it was used to rigorously determine where there was
an excess of resources and where addditional resources were needed. In addition, the act of developing an
understanding of the current processes to build the simulation led to questions about the current processes.
This in turn led to a search for ways of improving the processes.

This is not the first time that simulation has been applied to healthcare. In fact, the use of simulation
for healthcare goes back more than five decades to Fetter and Thompson (1965), who used it for evaluating
hospital tactical decisions. More recently, Jacobson, Hall, and Swisher (2013) authored a detailed “overview
of discrete-event simulation modeling applications to health care clinics and integrated health care systems
(e.g. hospitals, outpatient clinics, emergency departments, and pharmacies) over the past forty years.”
Particularly relevant to this project is a tutorial on the use of discrete event simulation for health policy
design and decision making by Ramwadhdoebea, Buskensb, Sakkers, and Stahl (2009), as well as articles
on the use of discrete event simulation for mental health and community planning services (Meadows et al.
1997, Kim et al. 2013). Also relevant to this project, Bedoya-Valencia and Kirac (2016) discussed the
successful reallocation of resources in an emergency department using discrete event simulation to reduce
patient length of stay and time to be seen by a physician or physician assistant. In addition, in an attempt to
apply lessons learned from the use of simulation for manufacturing, Fowler and Monch (2015) compared
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the use of simulation for manufacturing and healthcare and pointed out that for healthcare “there is a larger
need to model the stochastic behavior of resources and working objects” and that “the more complicated
service structure of healthcare is a serious modelling issue.”

In context of this literature, it appears that this is the first time that simulation has been applied on
such a granular level for a large healthcare network to determine the number of each type of staff needed
each day of the week at each location to ensure that maximum delays are not exceeded. And when this
approach was presented to the CIUSSS’s chief financial officer, her reaction was that all of the CIUSSS’s
operating units should consider similar analyses for improving processes and determining staffing needs.

This paper describes different aspects of the project, with an explicit focus on describing them, and
an implicit focus on suggesting the potential value of similar projects for other healthcare services. In
particular, section 2 discusses the request for data, section 3 discusses the simulation model, section 4
discusses the steps taken to prepare data for use in the model, and section 5 discusses verification and
validation of the model. Then, section 6 discusses experimentation performed with the model, and section
7 discusses conclusions and the opportunities found for further improvements.

2 THE REQUEST FOR DATA

To build a discrete event simulation model for this project, it was necessary to determine the relative
likelihoods of each possible value that would affect the amount of time between events, as well as the
characteristics of those events. For this simulation, the type of events are listed in Table 1.

Table 1: Types of events modeled by the simulation.

Type Of Event
Receipt of new requests each day
Start and end of staff sick days
Start and end of staff meetings
Start and end of staff vacations
Enqueuing of requests
Start and end of interventions
Start and end of planned delays

Table 2: Information needed for the model.

Status For All Information Needed For The Model
* *** Requests date of request, episode id* ***
* *** Interventions staff type, intervention id, amount of staff time required, episode id
* ** Interventions intervention id, amount of staff time required for transportation
* ** Interventions intervention id, amount of staff time required for reporting

Interventions intervention id, intervention type
Interventions intervention id, location
Staff at each location staff type, staff id, weekdays worked

*** Staff at each location staff id, date and time taken off for illness
*** Staff at each location staff id, date and time taken off for vacation
*** Meetings start and length of each meeting for each staff type at each location

Statuary holidays date

During meetings subsequent to requesting data (see Table 2), it was discovered that some of the data
was not available (*), that it would be more feasible to use average times specified by mental health
team members for some types of data(**), or that another approach should be used to create some of the
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data (***). With respect to the last grouping, new episodes were identified as occurring for a particular
client whenever there was an intervention for that client after an interval of six months or more without
interventions. It was also decided that staff members’ maximum allotment of ten days of sick time would
be randomly distributed throughout the year with a heavier likelihood during the winter months, that
staff meetings would be spaced regularly with small random pertubations so that part time staff would
occasionally attend those meetings, and that vacation times would be staggered to preclude, except for the
summertime, two staff members of the same type at the same location taking vacation at the same time.

It is worth noting that for future analysis it would be better if all fields except for the vacation and
illness data were to be collected.

3 THE MODEL

Figure 1: A visual representation of the model.

The model is best understood by viewing its display (see Figure 1) which is organized so there is one
location (on the left) for the intake center (referred to as the guichet), and an additional location for each
of the four physical locations at which first line services are provided. Within each of the latter locations
are areas for the types of mental health staff that work at those locations (see Figure 2 which displays the
area for psychiatric nurses at the Cavendish location). Just below the row of headers (r, i, h, li, lh, and
rc) displayed for each area, the number of requests, the number of interventions, the hours worked, the
number of late interventions, the average late hours of each late intervention, and the requests completed
year to date for the whole area are displayed. Below that row, there are two queues displayed as tall and
narrow rectangles that span the remaining rows of the area; each red dot displayed in those queues (and in
the other queues discussed below) represents one request. The leftmost common queue is for requests for
the area that have not yet been assigned to specific staff. The rightmost common queue is for unassigned
requests that have been prioritized because they have already waited the maximum allowable time.

In the same rows in which the common queues are displayed, parameters and information for each
staff member in the area are displayed. The leftmost staff specific rectangle displays the queue of requests
previously assigned to the staff member that are currently waiting for a secondary intervention. The narrow
green vertical bars represent the days of the week the staff member works. The next staff specific rectangle
displays the queue of all requests that have been assigned to the staff member and given higher priority
because they have already waited the maximum allowable time. The following staff specific rectangle
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represents the state of the staff member and is red, green or clear when the staff member is not available,
is working, or has nothing to do, respectively. The wide staff specific rectangle to the right displays one
red dot per request being delayed for a week until it is enqueued for an additional intervention by the
same staff member. The statistics displayed next are the number of interventions completed, the number
of hours worked, the number of late interventions, the average late hours for each late intervention, and
the number of requests completed for the staff members.

Figure 2: A visual representation of the model for one type of staff in one location.

As is typical of many discrete event simulation models, this model is driven by activities that are
triggered by events. Each workday morning there is an event that generates new requests for each location
and each client profile, based on the analysis of new requests described in the next section. At that time,
all random quantities for each new request, including the urgency, number of interventions from each type
of staff for each request and amount of time for each intervention, are randomly generated. The requests
are then moved to the unallocated queue in the guichet, the leftmost common queue, where they wait to
be assigned to and then processed by a guichet staff member. If a request waits longer in the unallocated
request queue than the time mandated for it by the government, an event is generated that moves the request
to the second unallocated request queue in the guichet, the rightmost common queue, where it waits with
a higher priority for a guichet staff member. In response to requests being added to the unallocated request
queue, logic is executed to determine if there currently is a guichet staff member that can process a request
immediately. If there is, the request is moved to that staff member’s high priority request queue which
immediately feeds it to the staff member’s activity (since the staff member is not busy at the time of the
move) for processing.

When a staff member activity completion event occurs, logic is used to determine whether all activities
required by the request have been completed, and if so the request is counted as a completed request. If the
activities have not been completed, logic is used to determine whether the request’s remaining activities
can be processed by the same staff member in the guichet, by determining whether it only requires four
or less interventions by a social worker and the extent of backlogs in the guichet. If the request requires
additional activities that can be performed by the staff member in the guichet, the request is sent to that
staff member’s delay area where it is held for a week, after which it is sent to that staff member’s allocated
request queue. If the request requires additional interventions that cannot be handled at that time by the
staff member in the guichet, it is sent to the low priority (leftmost) common request queue of the correct
staff member type at the appropriate location, where it is handled in pretty much the same way as it was
handled in the guichet. If the request needs processing by more than one type of staff member, the request
is cloned to the low priority common request queue of each appropriate staff type. In contrast to the limit
for the guichet, there is no limit on the number of interventions first line staff members can perform for
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specific clients, though larger numbers of interventions for individual clients are likely to lead to longer
delays for the start of interventions for other clients.

Vacations, sick leave, and meetings are also handled by the start of day event handler which invokes the
simulation package’s breakdown capability. That capability then turns off the appropriate staff members
for the time of the vacation, sick leave or meeting, and schedules an event for turning the staff members
back on at the appropriate time.

While building the model, special attention was made to ensuring that the model’s animation provided
management with information needed to reallocate staff, i.e., staff utilization, the number of requests not
handled on time, and the average lateness of late requests. Thus the animation of each area (see the first
row of numbers in Figure 2) also includes statistics (discussed above) for the area as a whole as well as
for each individual staff member. These indicators can be set to be updated either while the simulation is
running, at the end of each run, or at the end of each trial. In addition to encouraging managers to view the
simulation’s animation while it was running and at the end of a trial, managers were encouraged to scroll
through and look at the results of individual runs so they could obtain a better feeling for the variability
of results between runs in a trial.

4 DATA CLEANING AND CHARACTERIZATION

A considerable amount of effort was required to clean and characterize the data so that it could be used
by the model. This effort started with data cleaning operations listed in Table 3.

Table 3: Data cleaning operations.

Operation
Harmonizing client ids (so that leading letters and zeroes where removed)
Changing all text to lower case (so that appropriate data not in the same case could be matched)
Filling in empty cells (since provided data was formatted for reporting instead of analysis)
Standardizing date formats
Standardizing values in other fields
Replacing birth date data with birth year data (for anonymyzation purposes)
Replacing 6 digit postal codes with three digit postal codes (for anonymyzation purposes)
Converting intervention times from hh:mm format to minute format
Consolidating multiple records of data for a single intervention into a single record
Removing irrelevant interventions
Recoding long telephone interventions as face to face interventions
Assigning episode numbers to interventions
Assigning profile numbers to individual interventions

After cleaning the data, the number of face to face interventions and the amount of time between the
start of those interventions was computed for each episode and staff type. Then, a cluster analysis was
performed on the episodes based on these factors. (See Figure 3 for the results of clustering episodes by
the number of interventions and the average time of all interventions between the start of face to face
interventions for nursing and social worker interventions at one location.) For the clustering, all values
were normalized to between 0 and 1. For the display, the height and width of bubbles are divided by a
constant so as to minimize the amount large bubbles hide smaller bubbles, the x axis is used to indicate the
number of psychiatric nurse (infirmiere) face to face interventions, the y axis is used to indicate the number
of face to face social worker (travailleur social) interventions, the height of bubbles is used to indicate the
average intervention time between the start of psychiatric nurse face to face interventions, and the width
of bubbles is used to indicate the average intervention time between the start of social worker face to face
interventions. As the clustering did not seem to effectively characterize the episodes, episodes were instead
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assigned profiles based on the mix of staff types that performed interventions during an episode (see Table
4). All subsequent characterization of the data was performed separately for episodes grouped into those
profiles at each location.

Figure 3: Bubble diagram displaying results of clustering of episodes.

Table 4: Episode profiles based on the type of staff that intervened for a particular episode of care.

Profile Number Profiles
1 Psychiatric nurse
2 Social worker
3 Social worker and psychiatric nurse
4 Psychologist
5 Psychologist and psychiatric nurse
6 Psychologist and social worker
7 Psychologist and social worker and psychiatric nurse

Given the profiles used to group client interventions, the next step was to characterize the number
of new requests received each day into the guichet for each profile and location, for the two fiscal years
during which data was collected. Note that there were 251 working days in each fiscal year and that the
fiscal years started at the beginning of April. (See Figure 4.) As initial attempts to detect seasonality by
month of the year or by the fall, winter, summer and spring seasons did not yield statistically significant
results, a twenty one day moving average of the data was computed and a seasonal pattern that occurred
both years was identified. (See Figure 5.) (Note that there only appears to be one line between days 201
and 236 because there was only data for one of those years during that period of time, and thus the average
for that period of time exactly overlaps the line for that data.)
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Figure 4: Scatter diagram of the number of reqests received at one of the locations on each of the 502
working days analyzed.

Figure 5: Line graph of twenty one working day moving average of the total number of received requests.

Having identified that pattern, the twenty one day moving average of new requests for each profile and
location was used to normalize the data. A linear regression analysis was performed on the results of the
normalization using day of the week dummy variables; that regression detected a small day of the week
effect. Since there was no expectation that they would be normally distributed, an inverse Bezier distriution
(Wagner and Wilson 1993) of the residuals was computed to make it possile to randomly generate the
number of new requests each day.

A similar but simpler approach was used to characterize the number of face to face interventions, and
the total intervention time between the start of face to face interventions, for episodes of each location
and profile. In particular, the mean of both quantities and an inverse Bezier distribution of both sets of
residuals was computed to make it possible to randomly generate those quantities.

5 VERIFICATION AND VALIDATION OF THE MODEL

Sargent (2011) explicitly states that “computerized model verification ensures that the computer programming
and implementation of the conceptual model are correct.” The steps taken to ensure this include: displaying
the state of the simulation as well as the cumulative results to make it easy to check the state of the
simulation at any time during a simulation run; stepping through the model to make sure that individual
requests were fully processed and that staff members attended meetings, went on vacations and got sick;
presenting the model for review to other simulation modelers; carefully reviewing the model logic several
times; testing the model with too few staff members to ensure that backlogs were created; and testing the
model with too many staff members to ensure that significant backlogs did not occur.

Schlesinger et al. (1979) defines validation as “substantiation that a computerized model within its
domain of applicability possesses a satisfactory range of accuracy consistent with the intended application
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of the model.” For this analysis, the validation of the model was considerably more difficult than its
verification because the process being modelled had new components for which results data did not exist.
In particular, there was no historical data for transportation, charting, and reporting times, requests received
per day data was missing for some months and locations, and existing data to recreate the state of the
system that existed at the start of the data collection period was not readily available.

Steps taken to validate the model included informing stakeholders in advance of the need for their
involvement in the validation of the model, reviewing with stakeholders the analysis of seasonality and day
to day variability in the number of new requests, the profiling mechanism, the variability in the number of
each type of intervention, and the variability in the amount of total intervention time between the start of
face to face interventions. Results of simulation trials were also reviewed with stakeholders who found that
in all but one case, the number of psychiatric nurses needed at the Cavendish location, results made sense
and corresponded with their expectations. These results included the number of new requests per year,
the number of interventions performed each year by each staff type at each location, and the time spent
performing those interventions. Where the results did not make sense, further effort is being expended to
identify the issues, and adjustments to the results discussed in this paper will be made based on an analysis
of additional simulation runs.

6 EXPERIMENTATION

The results of simulating the existing configuration can be seen by looking at the numbers for each staff
type at each location in Table 5. Note that all results, except for full time equivalent staff counts (FTEs),
are rounded to the nearest integer; thus it is possible to get an average of 0 late interventions with an
average greater than 0 of late hours per intervention. These results were tabulated from the second year
of each simulation run, after first running the simulation for one year so that the simulation at the start of
the data collection period would more closely resemble the state of the real system.

Table 5: Experimentation Results - Current Staff Allocation.

Staff Late Late Requests
Location Type FTEs Requests Interventions Hours Interventions Hours Finished
CDN Inf 2.0 90 626 1080 0 0 89
Cavendish Inf 4.0 279 3312 5059 84 31 122
Metro Inf 1.8 27 271 491 0 0 27
Parc Ex Inf 1.4 36 248 359 0 0 36

9.2
Guichet TS 7.6 2662 3520 8027 27 7 2659
CDN TS 3.0 137 1358 3132 0 0 135
Cavendish TS 5.0 353 2789 6364 130 46 230
Metro TS 2.6 56 1189 2344 0 0 56
Parc Ex TS 1.0 51 570 1119 2 14 47

19.2
CDN Psy 4.4 428 3346 5592 89 31 364
Cavendish Psy 2.4 78 1420 2550 0 0 71
Metro Psy 1.0 40 683 1170 5 21 36
Parc Ex Psy 2.0 21 310 625 0 0 22

9.8

Using this information, we can see that there are not enough social workers (TS) in the guichet (there
are 27 late requests averaging 7 hours late), there are too many nurses (Inf) at Cote Des Neiges (there are
no late requests and the number of hours each nurse is busy is very low compared to that in the guichet),
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there are not enough nurses at Cavendish, and there are too many nurses at both Metro and Parc Extension.
Likewise, there are not enough social workers at Cavendish, too many social workers at Metro, a small
need for more social workers at Parc Extension, not enough psychlogists (Psy) at Cote Des Neiges, too
many psychologists at Cavendish, and too many psychologists at Parc Extension.

These results led to simulation experiments in which underutilized staff were reallocated to locations
that didn’t have enough of the same type of staff. The results are displayed in Table 6 where we see that
with the same amount of staff we have improved the nursing situation at Cavendish, somewhat improved
the situation for social workers at Cavendish, and addressed the psychologist situation at Cote Des Neiges.
Should budget for additional staff become available, additional experiments can be performed to see how
many additional staff are required to meet the needs of all areas at each location.

Table 6: Experimentation Results - Proposed Staff Reallocation.

Staff Late Late Requests
Location Type FTEs Requests Interventions Hours Interventions Hours Finished
CDN Inf 1.2 85 579 1001 0 0 83
Cavendish Inf 7.0 279 5626 8642 2 4 205
Metro Inf 0.6 28 250 450 0 11 27
Parc Ex Inf 0.4 35 232 337 0 0 34

9.2
Guichet TS 7.6 2670 3514 8001 36 22 2672
CDN TS 2.6 134 1296 2979 1 4 130
Cavendish TS 5.8 351 3182 7357 107 46 261
Metro TS 2.0 58 1151 2279 0 4 49
Parc Ex TS 1.2 54 636 1268 0 1 51

19.2
CDN Psy 5.6 428 3840 6416 0 0 407
Cavendish Psy 2.2 82 1404 2517 3 13 73
Metro Psy 1.2 41 771 1321 2 13 38
Parc Ex Psy 0.8 21 285 570 0 0 21

9.8

7 CONCLUSIONS AND OPPORTUNITIES FOR FUTURE WORK

This paper suggests an approach for rationalizing budgets when providing healthcare services within
mandated delivery periods. This approach is to: collect appropriate data on demanded services; build,
verify and validate a simulation model of the process; use the model to identify where mandated delivery
times are not being met; reallocate staff to ensure that delivery times are just being met; and identify
possibilities for reducing or pooling needed resources without negatively impacting services.

In addition to rationalizing budgeting, another benefit of this approach is the realization, achieved
due to the discovery process needed for building, testing and using the model, that there are aspects of
the process that need further examination to identify opportunities for providing more, better or timelier
care with the same or less resources. These opportunities include: the possible use of tablets, with forms
carefully designed to reduce the time needed for charting and reporting; the recording of time needed to
support client activities; better categorization of client needs at the start of their journey through the system;
categorization of the type of care provided each client; measurement of outcomes; the use of newly collected
data to design mental health care pathways and to determine which staff members are most appropriate for
specific client needs; dynamically deciding the interval of time between face to face interventions so as to
level demand (and thus reduce variability and waiting times); dynamically making decisions as to whether
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clients remain in the guichet (for small number of interventions) based on the relative workloads of staff in
the guichet and in the relevant first line areas and thus reduce the effects of variability of demand; merging
the two smaller locations, at least from a service perspective, to reduce the effects of variability of demand.

A final benefit of this work is the potential, recognized by the chief financial officer, that our approach
could be used throughout the CIUSSS to rationalize staffing levels while also improving service levels.
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