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ABSTRACT 

An application of discrete-event simulation is performed on an unique outpatient primary care clinic serv-
ing a military population at Fort Sill, OK.  Access to the clinic is on an exclusively walk-in basis.  Arri-
vals occur primarily in batches; arrival times and batch sizes are stochastic in nature.  The nursing and 
medical staffs available each day also follow a stochastic process.  The arrival process is characterized 
through discrete distributions.  Several alternatives are modeled to examine procedural changes that may 
result in improved patient flow and provider utilization.  A hybrid appointment/walk-in model was deter-
mined to have the best promise for improvement, but the possible benefits it may yield do not seem to 
justify the costs of its implementation in this setting.  Possible applications of the hybrid model to other 
facilities such as urgent care facilities are discussed. 

1 INTRODUCTION 

Many of us are aware of the increased attention access to health care has received and the reports on 
struggles of balancing costs and resources with the quality and availability of care and services.  The mili-
tary is not immune to these challenges either.  In providing healthcare to its service-members, the military 
must concern itself not only with quality of health and life issues, but also with readiness.  To that end, 
the military devotes tremendous resources.   

One such example can be seen at the U.S. Army’s Sergeant Bleak Troop Medical Clinic (TMC) in 
Fort Sill, OK.  There, the TMC provides outpatient primary care services to Soldiers in basic combat 
training with a dedicated staff made up of 9 healthcare providers (physicians and physician’s assistants), 
10 nurses and 12 medics.  The clinic is supported by an administrative staff and also has an in-house 
pharmacy, basic laboratory, and X-ray imaging capability.  Moreover, the clinic is equipped with a treat-
ment area where minor procedures and treatments can be performed.  

Depending on the time of the year, there may be fewer than 1,000 Soldiers in basic combat training 
or, in the case of summer, the population of basic combat training Soldiers may swell to well over 6,000 
as the Army experiences a large influx of new enlistees.  The staff of the TMC calls this time of the year 
the “summer surge” and it should come as no surprise that it is then that they see the highest volume of 
patients. 

Soldiers have access to the clinic during two sick call periods—a two-hour period both in the morning 
and afternoon—on an exclusively walk-in basis.  The number of Soldiers arriving on sick call and the 
acuity of their complaints vary greatly from day to day.  During the summer surge, this uncertainty often 
stresses the clinic’s systems and its staff.  The TMC leadership speculates that there may be better ways to 
operate the TMC.  This research is an effort to provide the TMC with an analysis of their current opera-
tional policies and potential alternatives via discrete-event simulation (DES).  A further aim of this re-
search is to expand the body of knowledge on the application of DES to outpatient healthcare settings, es-
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pecially those with uncertain arrival rates.  Many examples of DES applications have been studied, but 
none have considered a situation like the TMC that provides acute primary care with exclusively walk-in 
access to that care. 

2 LITERATURE REVIEW & BACKGROUND 

Numerous studies have been performed that apply the use of DES to healthcare settings.  Mustafee, 
Katsaliaki, and Taylor (2010) produced a systematic survey of the healthcare simulation in the literature.  
They found that no fewer than 51 papers published between 1970 and 2007 had used DES in an applica-
tion to healthcare (Mustafee, Katsaliaki, and Taylor 2010).  Jacobson, Hall, and Swisher (2006) also offer 
a thorough review of such efforts over the last 40 years.   

Jacobson, Hall, and Swisher (2006) state, “High quality, efficient patient flow is a function of high 
volume patient throughput, low patient waiting times, short total visit times, and low levels of staff over-
time coupled with the maintenance of reasonable staff utilization rates and low physician idle times.”  In 
fact, there are plentiful examples in the literature of researchers using these measures, especially patient 
times and physician utilization, to describe system performance.  Among these are the papers by Edwards 
et al. (1994) and Rising, Baron, and Averill (1973). 

Emergency departments are characterized by unpredictable patient arrivals and a broad spectrum of 
complaint acuity (Jacobson, Hall, and Swisher 2006).  Emergency department staffs are well aware of the 
stresses these stochastic processes cause.  Since demand at emergency departments is increasing and pa-
tient conditions can be life-threatening, endeavors to mitigate these stresses in emergency departments are 
the reasons why they are among the most popular applications to improve patient flow.  Work done by 
Takakuwa and Shiozaki (2004) and by Sinreich and Marmor (2004) are examples of such research.  
Whereas the Takakuwa and Shiozaki (2004) work described a model suited specifically for their applica-
tion, Sinreich and Marmor (2004) proposed a model that could be applied much more generically.    

Research involving applications to emergency departments are of particular relevance to a TMC ap-
plication, because they have similar arrival processes.  Both operate exclusively on a walk-in basis with 
random patient arrivals.  As we will discuss later, the TMC arrival process is not completely unpredicta-
ble.  Neither is the case with most emergency departments.  Analysis of arrival patterns will sometimes 
show trends according to the day of the week or time of day.  Such consideration to these patterns is wit-
nessed in the research done by Garcia et al. (1995), Mahapatra et al. (2003), and by Medeiros, Swenson, 
and DeFlitch (2008).   

The new ideas on patient flow in emergency departments presented in the literature produce great re-
sults and they certainly merit consideration for adaptation to the design of alternatives for patient flow in 
the TMC.  However, the patients arriving to the TMC do not present nearly the spectrum of complaint 
acuity as seen in emergency departments.  The TMC’s role is to provide primary care to its patients.  
Even though there is a triage station at the TMC, its function is mostly limited to an administrative one—
checking for complete documentation and ensuring a relatively uniform assignment of patients to the pro-
viders available that day.  Patients in the TMC are not routinely prioritized according to their complaint.  
Even when a patient is deemed acute enough to justify being moved ahead in the queue, these occurrences 
are so rare that access to care at the TMC can comfortably be characterized as first come, first serve.  The 
TMC differs from emergency departments in another respect as well.  In general, emergency departments 
are continuously open.  The TMC has set hours—it opens and closes every day and is completely closed 
on Sundays.   

Clearly, applications to emergency departments do not provide a complete basis of knowledge for un-
derstanding the TMC system.  Fortunately, much research has been completed on applications to outpa-
tient clinics, including primary clinics, with the intent of improving patient flow. 

Clinics operating under an appointment system also concern themselves with the problems of no-
shows, which have a significant impact on the variability in patient arrivals.  Even a clinic providing spe-
cialized care such as the cancer clinic studied by Santibáñez et al. (2009), experienced a no-show rate of 
6%.   Appointment no-shows are of such concern, research has even been done to identify what factors 
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can accurately predict the likelihood a particular appointment will be honored.  Lee et al. (2005) devel-
oped such a model with 80% accuracy.  

Research by Giachetti et al. (2005) discusses how a clinic with a high average no-show rate attempted 
to compensate by “over-booking” appointments.  Sometimes, this over-booking policy led to longer wait 
times and patient dissatisfaction.  The researchers proposed as a solution a policy called Open Access, in 
which a majority of appointment slots were deliberately kept open so that same-day appointments could 
then be scheduled, as there was good reason to believe that patients receiving an appointment on the day 
of the request were much less apt to no-show (Giachetti et al. 2005).   

Research performed at an urgent care facility with walk-in arrivals shows how a proposed change to 
doctor scheduling to better serve demand can result in significantly reduced patient waiting times (Tan, 
Gubaras, and Phojanamongkolkij 2002).  The Rising, Baron, and Averill (1973) study also shows the ef-
fects of physician scheduling changes on waiting times.  Another study of an outpatient clinic shows how 
changing the flow of patients from a serial queueing system to a “quasi-parallel” system improved per-
formance (Edwards et al. 1994).  At those facilities discussed in the literature that accept walk-in arrivals, 
the patients were subsequently examined by staff on a first-available basis (Tan, Gubaras, and Phojana-
mongkolkij 2002; Rising, Baron, and Averill 1973).  In the TMC, patients are assigned early on in the 
process to a particular provider with some regard in keeping these assignments uniform in quantity across 
the providers available on that day.   

None of the outpatient examples discussed so far involve situations with exclusively walk-in patients.  
The clinic studied in the paper by Rising, Baron, and Averill (1973), however, did allow walk-in patients 
in addition to its scheduled appointments.  What makes the TMC system unique among those studied in 
the literature is also the most challenging to characterize: the arrival process.  As mentioned earlier, arri-
vals occur to the TMC on a walk-in basis.  The arrival times are stochastic and each arrival actually repre-
sents a batch of patients.  The sizes of these batches are also stochastic.  Therefore, multivariate data must 
be collected on the arrival process.  However, it cannot be assumed that these variates are independent of 
each other.  In fact, observations at the TMC quite definitively showed that the batch size was greatly in-
fluenced by the time of the arrival.  Law (2007) discusses that it can very difficult to estimate a multivari-
ate distribution for collected data.  He proposes some distributions that have been shown to be useful in 
simulations that explicitly specify the correlation structure and joint distributions, but concedes this may 
be too rigid for all cases.  It was  decided in this research to use an empirical distribution of the batch siz-
es and use the correlation structure observed directly.  Law (2007) cautions that the risk of using an em-
pirical distribution is that it may not completely represent all of the values possible.  The relative abun-
dance of arrival data available, though, makes the risk in this case acceptable. 

Not only is the aim of this research project to have its results applied to the TMC in particular, but al-
so to other settings in general.  No studies were found on applications to facilities that combine the fea-
tures of exclusively walk-in access and outpatient health services, such as the TMC.  Dozens of such fa-
cilities exist elsewhere in the military and no doubt they would be interested in the results presented here.  
These results should also be applicable to the TMC’s civilian cousin: the urgent care facility.  Since the 
prevalence of urgent care facilities is on the rise (Hendrick 2008) as more and more people discard tradi-
tional doctor offices and hospitals in favor of them, the TMC research may prove to have broad implica-
tions. 

3 METHODOLOGY 

3.1 General System Description 

Arrivals may occur to the TMC during two two-hour periods, one in the morning and one in the afternoon 
Monday through Friday.  Patients arrive only during the morning period on Saturdays.  Arrivals occur on 
an exclusively walk-in basis.  The TMC has no foreknowledge of who will be seeking care on any given 
day; let alone what their individual complaints may be.  Arrivals occur primarily in batches as the patients 
are transported by their training unit to the clinic en masse.  
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When a patient enters the TMC, they must first pass through a triage station.  The medic positioned at 
the triage station assigns patients to a specific provider.  Patients are subsequently directed to the check-in 
area.  The triage medic also takes care to ensure self-care patients—those with minor complaints and only 
requiring over-the-counter treatments—are routed directly to the pharmacy area.  Self-care patients are 
not required to wait in the triage queue and they exit immediately after receiving service at the pharmacy. 

At the check-in station patients are served by one of 3 clerks.  Upon completion of the check-in ser-
vice, the clerks direct patients to one of three particular screening areas according to the provider with 
whom they have been assigned by the triage medic.  At the screening area, patients have their vital signs 
taken and are interviewed by a nurse or medic (nurses and medics are largely utilized interchangeably at 
the TMC).  Upon conclusion of most of these interviews, the nurse or medic will next route the patient to 
their assigned provider’s area.  However, some of these interviews result in the nurse or medic invoking a 
protocol called Algorithm Directed Troop Medical Care (ADTMC).   

Under ADTMC, the nurse or medic initiates care, some of which can be completed in the screening 
room.  Other times, the nurse or medic may bring the patient to the treatment room for services that must 
be performed there.  It is only after initiation of care under ADTMC that the nurse or medic consults with 
the patient’s assigned provider.  Sometimes, the consultation alone is sufficient, and the patient may not 
even have a traditional encounter with the provider in the examination room as the provider is satisfied 
the patient received the appropriate level of care.  At the other extreme, the patient may require a proce-
dure—such as a toenail removal—at which point the patient takes priority over all others already present 
in their provider’s queue.  
 Patients routed to their assigned provider are served on a first come first serve basis.  Upon conclu-
sion of this encounter, patients may or may not require further treatment and ancillary services.  Some pa-
tients are sent to the treatment room.  The provider may also determine a procedure is necessary and per-
form this in the treatment room.  Other patients are sent to the X-ray area.  Others are sent to the 
pharmacy.  And there is also a subset of patients whose care is complete with the conclusion of the pro-
vider encounter.  These patients are sent directly to the check-out area. 

The treatment room provides many services and items such as intravenous fluids, wound care, and 
blood draws.  There are normally two nurses dedicated to providing these services in the treatment room 
to all the patients there at any given time.  The treatment room does not follow a conventional queueing 
model for service where patients compete for the resources, nurses.  Rather, the nurses perform tasks as 
needed.  The nurses are free to attend to many patients and do not provide service to the patients sequen-
tially.  Following the treatment room, patients are routed either to the pharmacy or to the check-out sta-
tion according to the orders of their provider. 

The X-ray area follows a more conventional single server queueing model.  Patients arrive and are 
served on a first come first serve basis.  X-ray images are taken according to the providers’ orders.  Fol-
lowing service in the X-ray area, patients are routed to the check-out station. 

The pharmacy is operated by a two-person team made up of a pharmacy technician and a pharmacist.  
Patients turn in their documents to the pharmacy technician and wait to be called by the pharmacist when 
their prescriptions have been filled.  Patients proceed directly to the check-out station after receiving their 
prescriptions.  The check-out station is in the same physical location as the check-in area and is served by 
the same clerks.  Patients checking out from the clinic take priority over patients that are checking in.  
The check-out station serves to close out the patients’ visit at the TMC.   

One other rule governing the TMC’s operation has a significant impact on patient flow.  When the 
lunch break starts, and if there are still patients present in the TMC, those patients not actively receiving 
service are asked to leave and invited to return following the break.  When these patients do return, they 
may immediately return to the queue they were in before lunch, although their rank in the queue may not 
have been preserved.  Figure 1 provides a visual representation of the TMC system.  This conceptual 
model determined what data were to be collected and also served as the basis for implementation.   
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Figure 1: Conceptual model describing TMC patient flow.  Variables A, B, C, & D describe the likeli-
hood patients require ancillary services. 

3.2 Modeling Assumptions 

A few assumptions were made; some due to limited data and others made in order to simplify modeling 
the system.  First, not all patients arriving at the clinic represented an original visit for any one complaint.  
Often, patients were placed on “quarters”, a means to exclude Soldiers from training and allow them to 
rest, and then re-evaluated the following day to determine if they were fit to return to duty.  Others re-
turned the day after their first visit in order for the provider to follow-up on results from a test ordered the 
previous day, such as from the lab or X-ray.  It was assumed, then, that these follow-up patients were well 
represented in the arrival data and no effort was made to model patients requiring a follow-up visit. 

There are a relatively large number of patients in the TMC system; and the presence or absence of 
any one patient has a negligible impact on the overall resource utilization in the TMC.  Moreover, arrivals 
are generated by as many as a dozen or more sources (the training units) and the decisions leading to arri-
vals from those sources are independent of one another.  For these reasons, it is fair to assume that the 
size of the arrival batches can be represented with a Poisson process. 

Since the service time data on the TMC’s processes were collected over many days—even weeks for 
some processes—and on different individual resources it was assumed that the collected service times are 
independent.  Since there was also a lack of anecdotal evidence pointing to correlation of service times for 
adjacent processes and because of the large number of patients in the system, it was assumed any such 
correlations, if they did exist, would have a negligible effect on the overall system.  Therefore, the threat 
of introducing bias into the model was perceived to be very low.   

Even though it may have been possible to determine differences in the service times of individual 
providers, it was decided to ignore any such differences.  This simplified the modeling effort in avoiding 
the need to track and reproduce the work schedules of individuals.  This assumption also reduced the need 
to collect service time data for all providers, although an effort was made to collect at least a sample from 
a majority of the providers.  Finally, treating the providers generically prevents a situation in which the 
providers may feel that they are being compared with one another.  This rationale was also applied to the 
data collected for the nurses and the medics in the screening process.  They were also considered to be a 
generic resource.  The validity of these assumptions will be borne out further in the discussions on input 
analysis and model validation. 
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3.3 Input Analysis 

Based on the conceptual model, data had to be collected on several distinct processes.  These data were 
collected over the course of the summer of 2010.  To the extent possible, data were used that were already 
being captured by the TMC.  In the absence of reports, automatic or otherwise, summarizing the TMC’s 
processes, data were collected through personal observation.  For 13 days during the summer period, data 
were collected on the arrival process by recording the time of each arrival and the number of patients (or 
batch size) in that arrival.  Care was taken to also note how self-care patients and patients interrupted by 
the lunch break were represented in the arrivals.  423 distinct observations were recorded in this fashion. 

The check-in process, screening process, and provider encounters were also observed personally at 
various points over the summer, numbering 192, 100, and 227 observations, respectively.  The service 
time of these processes were recorded for each patient observed.  The patient’s destination was also noted, 
when possible and appropriate, following service in these processes.  Data were similarly collected on the 
triage, pharmacy, and check-out processes.  285 service times for the treatment room and 421 service 
times for X-ray area were obtained from their own records.   
 To characterize the arrival process, random distributions were fitted to the inter-arrival times data.  
Then, an empirical distribution was developed to represent the batch sizes of these arrivals.    The same 
empirical distribution generated from aggregating the batch sizes from each of the 13 days arrival data 
was therefore used to model the arrival patterns for each day of the week.  However, in terms of the abso-
lute volume of arrivals, differences were noted based on the day of the week. The empirical distribution 
was scaled appropriately to account for the differences in patient volume amongst the days of the week.  
These scaling factors were developed by comparing the average daily patient census for each day of the 
week and also taking into account the relative weight each day of the week had in the original empirical 
distribution.   Modeling the arrival process in this way allows for an empirical description of the correla-
tion between batch size and arrival time.  When an arrival is generated in the model according to the pa-
rameterized random distribution fitted to the inter-arrival data, the model will then take a random draw 
according to a Poisson distribution with mean value from the appropriate time interval of the empirical 
distributions shown in Figures 2 and 3.  This result is scaled according to the factors in Table 1 and yields 
the batch size for the generated arrival.   
 

 

Figure 2: Batch sizes aggregated over 13 days for 
morning arrivals by 5-minute intervals. 

 
Figure 3: Batch sizes aggregated over 13 days for 
afternoon arrivals by 5-minute intervals. 

Table 1: Average daily arrivals are relative to the busiest day, Monday. 

 M T W Th F Sa 

Normalized average arrivals 1 0.77 0.71 0.65 0.78 0.27 

Calculated scaling factors 0.65 0.50 0.46 0.42 0.51 0.17 

1171



Findlay and Grant 
 

Describing the service times for the various processes in the TMC system was much more straight-
forward.  Parameterized random distributions were fitted using the Arena Input Analyzer (Kelton, Sa-
dowski, and Sturrock 2007) on the observed data of each process, except for the triage station, pharmacy, 
and check-out station.  The ratio of self-care patients to gross arrivals was calculated based on personal 
observations of the arrival process. To determine which portion of patients required ancillary services 
such as treatment, X-ray, or pharmacy during the visit, the total number of visits at those services was di-
vided by the net arrivals of patients for those days the service data were available.  No attempt was made 
to identify correlation amongst these ratios.  Again, because of the large number of patients in the system, 
it was reasoned any impact attributable to any such correlations would be lost in the noise of the model. 
The number of providers and screening nurses and medics available on weekdays also vary.   

The TMC maintains static staffing levels of 3 providers and 6 nurses/medics on Saturdays. TMC dai-
ly and weekly rollup reports were used to count the number of providers that worked each day.  From 
this, discrete probability distributions were constructed to describe how many providers, nurses and med-
ics may be on duty any given day.  Those patients whose visits to the TMC were interrupted by the lunch 
break did not return to the TMC in a deterministic fashion.  Some returned right as the clinic reopened for 
the afternoon, but others did not return until almost halfway through the afternoon arrival window.  Based 
on observations of the arrival process it was determined that these interrupted patients should be modeled 
as having an additional delay in hours following lunch according to the UNIF(0,1) distribution. 

3.4  Validation of Base Model 

To validate the model implemented in Arena, several measures were examined.  First, it was necessary to 
validate that the arrival logic was an appropriate description of the actual arrival process.  To do so, 95% 
confidence intervals were constructed of both the observed and simulated average net arrival values and 
compared to see if there was statistical evidence of significant differences (Walpole et al. 2007).  As Fig-
ure 4 illustrates, no statistically significant differences were found. 

Next, the total time patients spent in the TMC system was evaluated.  As patients were received at the 
triage station, the triage medic time stamped their paperwork.  When these same patients checked out of 
the TMC, the clerks recorded the triage time stamp and the check out time—the difference being the time 
the patients had spent in the TMC.  610 observations were recorded in this fashion.  An identical statistic 
was collected in the simulation.  The electronic reports of the X-ray area made it an excellent candidate 
for collecting statistics on its queue.  85 observations from a week with arrival numbers similar to the av-
erage values were used for comparison. Again, there is no statistical evidence to suggest differences exist 
when comparing the actual system to the model.  Validation results are shown in Figure 5. 

 

 

Figure 4: 95% confidence intervals of average daily 
arrivals. 

 

Figure 5: 95% confidence intervals of selected val-
idation statistics. 
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3.5 Experimentation 

With a validated base model, attention turned to investigating several alternatives to current TMC opera-
tions.  Alternatives were modeled in the Arena software environment.  Each replication consisted of one 
week of TMC operations and a total of 30 replications were run for each alternative.  To compare the var-
ious alternatives, three performance measures were identified.  First, the average time in system (TIS) was 
used to gauge how the alternatives performed in terms of patient flow.  Second, a modified provider utili-
zation statistic was used to judge how efficiently the bottleneck resource of the TMC was being used.  So 
that more accurate values of provider utilization could be obtained and to reduce the influence variation in 
patient census would have on the measure, provider utilization was not calculated across the entire repli-
cation.  Instead, a provider utilization statistic was calculated only for the period from 6:30 to 3:00 daily 
for those providers on duty that day, taking in to account their breaks and lunch.  These daily utilization 
results were then aggregated for the week from Monday through Friday.  Third, the average numbers of 
patients interrupted by the lunch break daily were compared to assess performance in patient throughput. 

Since Monday was the busiest day at the TMC by a wide margin, it was thought that ensuring that 
there was a certain minimum number of providers available on Monday may lead to increased perfor-
mance.  An alternative that guaranteed a minimum of seven providers, in contrast to five under the base 
model, was examined.  Under the TMC’s observed provider scheduling paradigm, they can on average 
expect 38 provider-days per week.  The Saturday census is held static at three providers.  To compensate 
for the increased minimum provider level on Monday, the probability distribution for Tuesday through 
Friday had to be adjusted accordingly to maintain 38 provider-days for the week.   

Next, an alternative that eliminated most of the occasions when a patient would have their visit inter-
rupted by the lunch break was examined.  In this alternative model, the schedules of the providers, nurses, 
and medics were staggered such that these resources would always be available in the TMC.  During the 
lunch break, directed queue jockeying was modeled to shift patients from one provider queue to another 
as their lunch schedules dictated in an attempt to minimize waiting times.  Since the pharmacy and X-ray 
areas possess low-density resources, though, patients requiring these services over the original lunch 
break period still experienced an interruption to their visit.  In these instances, the model logic for inter-
ruptions under this alternative proceeded as it did for the base model. 

Two alternative models were developed to consider changes in queueing behavior.  First, an alterna-
tive model using a queue common to all screening nurses/medics and a queue common to all providers 
was designed.  As a result, patients were not assigned a specific provider at the triage station.  This model 
maintained all other procedural logic found in the base model.  There is a concern, however, that a model 
of this type may be impractical to actually implement in the TMC due to its physical layout.  To address 
this concern, a model with parallel queues was developed.  Instead of assigning patients to a specific pro-
vider and being screened by a set of nurses/medics according to this assignment, patients were instead 
routed first to the screening nurse/medic with the fewest patients waiting in their queue.  Next, to be rout-
ed to a provider, the patient was put into the shortest provider’s queue.  The disadvantages of the common 
queue and shortest-queue assignment models are that they do not preserve continuity from patient to pro-
vider nor do they maintain TMC team integrity.   

The implementation of an appointment system may encounter difficulties in being implemented; chief 
among these are decreased responsiveness and lack of an adequate transportation infrastructure.  In case 
these difficulties were ever to be overcome, it was worth exploring what the system performance might 
look like if an appointment system was imposed upon the TMC.  A model was developed that eliminated 
the walk-in arrival process for weekday operations (Saturday still employed an exclusively walk-in arrival 
process).  Under the base model, the average number of weekly arrivals was roughly 1,100 patients.  An 
appointment schedule was developed that brought 216 patients to the clinic daily. 

Finally, a model that was a hybrid of an appointment and walk-in system was created.  In this model, 
appointments were allocated such that they agreed with the provider census.  The number of appointments 
available was determined by the provider census.  It was assumed that patient demand for the TMC would 
remain the same as it was under the base conditions.  Whatever average demand could not be absorbed by 
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the appointment structure was considered to be walk-in.  In this way, patients not able to obtain an ap-
pointment on the day they desired care would be allowed access to the TMC on a walk-in basis during the 
two walk-in periods used in the base model.  Patients with appointments were assigned a specific provid-
er, whereas walk-in patients were routed to the providers with the shortest queues at the time.  Again, just 
as it was in the pure appointment model, a 0% no-show rate was assumed. 

4 RESULTS AND ANALYSIS 

Three of the alternatives offer significant reductions for patient average TIS: the staggered lunch scheme, 
and both the pure and hybrid appointment models.  These results should not be unexpected.  Since the 
staggered lunch model reduces the waiting time patients incur on average by not interrupting as many 
over the lunch period, a reduced average TIS should naturally follow.  The models involving appoint-
ments act to spread out the arrival times of patients, so again it is not that surprising that the average TIS 
would decrease.  See Table 2. 

Table 2: 95% confidence intervals of selected performance measures. 

 Average TIS        
(minutes) 

Average provider 
utilization 

Base (151.34, 166.62) (0.564, 0.604) 
Weighted Monday (148.61, 164.71) (0.572, 0.612) 
Staggered lunch (129.14, 149.70) (0.591, 0.651) 
Shortest queue (153.95, 176.47) (0.600, 0.660) 
Common queue (139.24, 155.82) (0.567, 0.607) 

Appointment (67.69, 70.59) (0.476, 0.496) 
Hybrid (106.31, 117.27) (0.584, 0.604) 

 
Analysis of patients interrupted by the lunch break gives insight to the dynamics of the TMC system.  

As Figure 6 demonstrates, there is a significant reduction in average interruptions on Monday in both the 
staggered lunch and appointment models.   

 

 

Figure 6: 95% confidence intervals of average interruptions due to the lunch break. 

Only the appointment model shows a significant reduction in average interruptions on Tuesday.  Al-
so, the interruption behavior of all the models across Tuesday through Friday is similar, which agrees 
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with their comparable patient volumes.  Monday, in contrast, has a markedly higher average patient vol-
ume than the other days of the week.  These results taken together lead to the conclusion that the primary 
source of patient interruptions on Monday is that providers are unable to exhaust their queues before 
lunch.  Because Tuesday through Friday did not exhibit similar behavior, it would seem that the primary 
source of interruptions on those days is due to the queues in ancillary services, such as pharmacy and X-
ray, not being vacant at the start of the lunch break.  

5 CONCLUSIONS  

What, if any, of these alternatives should be recommended?  Both the staggered lunch and hybrid models 
show improvements in average TIS with no decrease in average provider utilization, so they are likely 
candidates.  The cost of implementing the staggered lunch alternative may not be worth the modest sav-
ings in average TIS.  Introducing a staggered lunch schedule would create an item that would have to be 
vigilantly managed.  Then, there is the question of lunch for patients that are not interrupted as they would 
be under current policies.  In the basic training environment, skipping lunch is just not an option, so 
providing that lunch for patients in the TMC over the traditional lunch period adds a logistical burden to 
the training units.  They would probably not agree that a staggered lunch model best serves their needs.   

Even though there are modest gains in the average TIS for the staggered lunch and hybrid models, 
these models do not produce a significant change in weekly provider utilization.  Though these alterna-
tives do reduce the length of a TMC visit from the patient’s perspective, it is not because the procedural 
changes result in delivering patients to the providers any more efficiently.  In fact, the pure appointment 
model actually causes a significant reduction in provider utilization.  It would seem that an appointment 
system, while minimizing the average TIS, results in a tradeoff in provider utilization. 

The appointment component of the hybrid model represents an idealized situation.  It is unimaginable 
that in practice 100% of the appointment slots would be filled, let alone honored.   The objections that the 
training units would have to appointments still remain.  Appointments, by definition, are not immediately 
responsive.  They guarantee care at a future time.  As it is now, there is immediate access to care, and us-
ing our average TIS statistic, the visit is complete just over 2.5 hours later.  It is also hard to imagine the 
training units investing the resources required to transport Soldiers to individual appointments.  At best, 
they would bring them all at once and Soldiers with appointments later on would simply wait on the 
benches positioned conveniently outside of the TMC’s front entrance.  It would be true, then, that those 
patients waiting outside until their appointment would, on average, have a shorter TIS, but they would not 
enjoy any actual time savings.  At the other extreme, patients arriving all at once would simply be treated 
as walk-in arrivals, thereby relegating the appointment structure obsolete. 

The average provider utilization rates—generally around 60%—may make it appear that the TMC 
system is inefficient.  There is scheduled provider capacity that is idle in the system and this generally oc-
curs right before and after lunch; as some days the morning arrival patients are exhausted before lunch 
and it also takes time for patients arriving after lunch to reach the providers.  This conclusion is further 
corroborated by the fact that attempts to improve patient flow in the shortest queue and common queue 
models had no significant effect on performance.  It appears that potential starving of the provider queues 
(the premise of constructing the alternative queue models) is not what drives the utilization rates. Instead, 
it is the periodicity of patient arrivals.  As it has already been discussed, strategies for smoothing out the 
stream of patients are untenable.  So, the TMC is left with little recourse to capitalize on the identified 
unused provider capacity.   

Should this be viewed adversely?  On very busy days, possibly exacerbated by a low provider census, 
the provider utilization rate can be as high as 98%.  In essence, the TMC uses provider capacity as a buff-
er against the uncertainty associated with variability in patient volume.  It should also be said that even 
though these models report provider idle times, in actuality the providers are still gainfully employed.  
Providers can use the time they are not actively seeing patients to perform other administrative duties, fol-
low-up on tests they ordered, consult with specialists, etc.  In fact, many providers view this “idle” time as 
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an opportunity to catch up on the work they must put off when they experience a day with high patient 
volume. 

What, then, of the attempt to weight capacity to the busiest day: Monday?  In order for that attempt to 
show significant improvements, it would probably have to guarantee eight or even the maximum, nine, 
providers work on Monday, as opposed to the minimum of seven as modeled.  That is probably not 
achievable as many of the factors—sick days, diversions to higher-priority missions, mandatory training, 
to name a few—contributing to the stochasticity of provider scheduling are beyond the TMC’s ability to 
influence. 

Through experience, the TMC has judged that having two walk-in periods at the start of both the pre- 
and post-lunch portions of the day results in the best throughput as can be obtained given external con-
straints.  The training units prefer this arrangement as well, as they must only concern themselves with 
transporting Soldiers to and from the TMC at specified times of the day.  When viewed in a broader con-
text, the TMC system is actually quite remarkable.  In an average week at the TMC during the “summer 
surge”, volume is around 1,100 patients.  Considering that there are an average of 7 providers on duty 
each day, this equates to each provider seeing more than 30 patients per day, making the TMC the busiest 
primary care facility in the entire Fort Sill medical system.  Yet, they are able to accommodate patients on 
a same-day basis,  on average in a little over 2.5 hours.  The TMC performs as well as it probably can un-
der its current operating procedures and any interventions that may result in modest benefits in some areas 
are more than outweighed by the cost of their implementation. 

Should a facility like the TMC find itself under different circumstances, such as a location with a ro-
bust transportation infrastructure, or the ability to pool resources with other like facilities, then perhaps it 
would be wise to consider some of the alternatives tried here, such as the hybrid model.  Such a model 
would most likely suit an urgent care facility very well as their patients are ostensibly able to provide their 
own means of transportation.  It would also be worth further research to examine the effects a dynamic 
scheduling scheme would have on system performance.  Although such a scheme could not be imple-
mented at the TMC for practical reasons, it may suit other like systems in order to better match capacity 
against demand, so that such a large capacity buffer would not have to be maintained. 
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