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Abstract  

Healthcare is primarily delivered in the ambulatory care setting. The high variability in 

service delivery encountered in this environment negatively impacts efficiency, quality of 

care, costs, patient satisfaction and safety. Care coordination, a process to manage 

dependencies between clinicians who provide care to a patient, has been proposed as a 

critical and challenging step in improving care delivery and health outcomes. In this 

study, we develop optimal care coordination models and policies for the ambulatory care 

delivery environment that optimize important service delivery metrics using a novel data 

collection strategy that employs RFID technology. Time and location stamped data is 

collected using RTLS-based Gen2IR/RFID-enabled badges worn by patients, clinicians, 

and staff as they complete each clinic visit. This data is mapped to facility and personnel 

resources and specific tasks associated with each visit to track patient flow. We analyze 

process variability using discrete event simulation and sequential pattern analysis, and 

formulate a Markov decision process model to identify best practice plans that improve 

care coordination. 389 office visit records associated with 327 unique patients and 12 

clinicians and staff, collected over a 2-month period, are used to instantiate our models 

and identify optimal policies. The results also highlight the value of RTLS solutions and 

the challenges in deploying them to understand variability in patient care and 

opportunities to re-engineer services to improve service delivery in the ambulatory care 

environment.  These methods and approaches are generalizeable to other care delivery 

settings and have the potential to improve healthcare services significantly. 
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1 Introduction  

Most of the healthcare worldwide is provided in the ambulatory care setting. According 

to a recent report by the Centers for Disease Control (www.cdc.org), there were over 1.1 

billion patient visits to ambulatory services such as physician offices, hospital outpatient 

clinics, and emergency rooms in the United States in 2006, with rates of visits increasing 

over the past decade for all types of health care settings studied (Burt et al. 2007). Faced 

with this increasing demand for safe and high quality care, increasing cost, and growing 

shortages in trained clinical personnel, the imperative to re-engineer the delivery process 

in ambulatory healthcare has been growing stronger by the year.  Consistently, many 

studies have reported significant variability in care delivery that negatively impacts 

efficiency, productivity, patient satisfaction and quality of care.  As highlighted in a New 

York Times editorial over a decade ago, there is an overwhelming need to ñturn 

idiosyncratic medical practice into a more reliable scienceò (NY Times 1997), which is 

even more relevant and critical today. 

Faced with the complexities of the current healthcare delivery system, care coordination, 

a process to manage dependencies between clinicians who provide care together, has 

been regarded as a key to improve care delivery and the outcome of care.  An outcomes 

oriented perspective is provided by the American College of Physicians and the 

American Academy of Family Physicians who believe that fragmentation of care is the 

core problem that drives up costs and reduces care quality (Bach, 2007).  A process 

oriented perspective has been articulated recently by Michael Porter, a Harvard Business 

School professor, also known as the ñfather of the modern strategy field,ò who 

emphasized the critical need for a well coordinated care delivery process when he 

commented on transforming the health care system on CNBC on September 17, 2009: 

ñéby trying to increase the coverage without actually addressing delivery, we 

are walking out of the clifféThe patients go from one visit to another, one service 

to another.  Itôs poorly coordinatedé.There is a lot of duplication of careé.The 

system is hyper-fragmentedé.We are not delivering good value and good quality, 

and certainly we are not doing efficiently.ò 
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From a cost-oriented perspective, comprehensive claims analyses on Medicaid-only 

enrolled patients in five large states found that uncoordinated care patients had average 

annual total costs of $15,100 vs. $3,116 for those with better coordinated care in the 

remaining population (Owens, 2009). 

In this study, we analyze service delivery, care coordination, and patient flow for 

enhancing and standardizing care delivery processes in an outpatient surgery clinic 

associated with a major medical center using a novel, IT-enabled, unobtrusive data 

collection method. Time and location stamped data is collected using special 

Gen2IR/RFID tags worn by patients, clinicians, and staff as they complete each clinic 

visit. The unobtrusively collected RTLS data allows us to analyze the clinicôs detailed 

workflow, which is a major challenge with current methods such as time - motion studies 

or self-reported surveys.  This data is mapped to facility and personnel resources and 

specific tasks associated with each visit.  We apply multiple methods to understand the 

challenges associated with care coordination and model and analyze the causes of delays. 

 

 

 

 

 

 

Figure 1. Analysis Schema 

Discrete event simulation enables us to evaluate the impact of alternative scheduling rules 

on patient waiting time.  Sequential pattern analysis provides insights into delivery 

process variability and its impact on patient waiting time.  Markov decision process 

provides an analytical model to determine the best policy for care coordination that 

minimizes patient waiting time during the encounters. The analysis schema is delineated 
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in Figure 1. The nodes with thin borders denote the objectives we are focusing on, the 

nodes beside the arcs represent the intermediates, and the boxes with bold borders 

indicate the methods we are using.  These methods and approaches are generalizeable to 

other care delivery settings and have the potential to improve healthcare services 

significantly. 

Section 2 summarizes the key literature in this area; section 3 describes the study setting 

and data collection and details the visit process; section 4 presents the research problem 

and questions; section 5 describes the specific methodologies used in this study; section 6 

describes the procedure for data preparation; section 7 analyzes the status quo process 

captured by the data; results of the models are presented in section 8, followed by a 

discussion of the insights in section 9 and conclusions in section 10. 

2 Literature  

Many studies have detailed the importance of care coordination by using experimental 

designs, interviews, and surveys.  Katon et al. (1995; 1999; 2002) compare the impact of 

coordinated care on depression in primary care, where patients assigned to a treatment 

group receive care coordinated among primary care physicians, psychiatrists, and care 

coordinator and patients assigned to a control group receive care solely from primary care 

physicians.  The results show that care coordination results in greater adherence to 

adequate dosage of medication, improved satisfaction, and greater decrease in severity of 

depressive symptoms.  A similar study conducted by Unützer et al. (2002), but targeting 

elders, find that intervention patients have greater reduction in depression symptoms, 

greater rates of depression treatment, more satisfaction with depression care, lower 

depression severity, less functional impairment, and greater quality of life.  Schillinger et 

al. (2000) studied the effects of primary care coordination on public hospital patients, 

where patients assigned to a treatment group require primary care physicianôs approval to 

receive specialty and emergency department services and patients assigned to a control 

group do not require such approval. They conclude that care coordination decreases the 

use of specialty and yearly hospitalizations.  Palfrey et al. (2004) evaluate the outcomes 

of coordinated care in pediatric practices. The intervention consists of a team to 
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coordinate among physicians, practitioners, families, and patients.  The result shows that 

coordinated care makes care delivery easier and increases parent satisfaction. Generally, 

most of the studies find evidence of a better outcome of care provided by coordinated 

care. 

Another stream of literature discusses the impact of different levels of coordination on 

the quality of care and aims to find evidence to support or reject the corresponding 

organization theory from their qualitative investigations.  Gillies et al. (1993) examine the 

relationship between functional coordination and functional effectiveness by distributing 

self-administered questionnaires to employees in nine health systems.  They found that 

perceived coordination is positively associated with perceived effectiveness.   Faraj and 

Xiao (2006) focus on a medical trauma center and aim to find good coordination 

strategies for such a fast-response organization. Using data collected through review of 

archival records, observations, shadowing, and in-depth interviews, they conclude that 

the coordination of a highly emergent practice, such as a trauma center, cannot 

necessarily be pre-specified.  Young et al. (1998) investigate the impact of coordination 

level on quality of care in surgical services by conducting survey and focus groups.  

Contrary to Faraj and Xiao (2006), the results partially support the hypothesis that high 

levels of feedback, or flexibility, and programming, or regularity, should be combined for 

optimal quality of care.  Similar results are found in Gittell (2002), who studies the effect 

of three types of coordination mechanisms on quality of care and length of stay from 

surgical care in nine hospitals.  The measures of coordination mechanisms are obtained 

from telephone interviews and questionnaires and the measures for performance are 

obtained from patient questionnaires and patient hospitalization records.  The results 

suggest that by increasing the level of relational coordination, the performance measures 

can be improved by all of the three types of the formal coordination mechanisms 

(boundary spanners, team meetings, and routines).  Health System Change (OôMalley et 

al., 2009) also conducts a study to find strategies for better care coordination qualitatively 

via interviews.  

To summarize, most of the studies conclude that coordinated care improves quality of 

care, effectiveness, and efficiency, whatever the mechanism of coordination is.  They also 
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indicate that in a healthcare environment, good coordination should be achieved not only 

through timely and personal communication, but also through more widely applicable 

guide lines. The data used in previous studies are all collected through interviews, 

questionnaires, surveys, observations, or review of archival records.  Since most of these 

are self-reports, the data used for analysis is rarely objective.  More importantly, none of 

the prior research studies have proposed a plan for care coordination. 

While data is always collected via interviews or surveys for care coordination analysis, 

time-motion studies have been used to analyze how clinicians perform each of the 

clinical tasks (what, when, where, for how long) to understand the current care processes, 

the sequence of tasks comprising them, and the time and resource requirements to 

perform the tasks (Hollingworth et al. 2007, Pizziferri et al. 2005, Lo et al. 2007).  

However, these studies have focused on a simple measure, total amount of time spent on 

different types of clinical tasks, which does not fully reveal the dynamics of workflow. In 

other words, while many of the existing studies assess the overall time efficacy related to 

ñworkflow,ò they provide little insights into understanding ñthe flow of the work.ò 

Understanding ñthe flow of the workò is key to identifying components of the process 

that need to be re-engineered for improved efficiency and effectiveness.  Among the 

studies, patient waiting time is particularly a common measurement of outcome.  

However, the measurement only includes the waiting time before encounters and ignores 

the waiting time during the encounters, such as Anderson et al. (2007) and Camacho et al., 

(2006).  This is mainly due to the inability of their data collection methods to obtain data 

about tasks completed in the encounter rooms.  In addition, traditional time and motion 

studies are both resource intensive and subject to data issues such as observer bias. 

Therefore, researchers have been exploring alternative methods to accurately measure 

processes unobtrusively and at an affordable cost.  

Following the successful use of Active RFID or Real-time Location Systems (RTLS) in 

improving process management in industries outside healthcare, new studies have 

investigated the feasibility of RFID and RTLS to monitor the process of hospitalization 

(Lee and Chin 2006), match medications to patients (Anshel and Levitan 2007) and 

provide medical decision support at the point of care (Khosla and Chowdhury 2007). 
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Furthermore, RFID attached to items such as pill bottles at home, patient charts, and 

medical equipment in the facility (Costlow 2004; Lee et al. 2006; Sangwan et al. 2005; 

Boginski et al. 2007) or worn by patients in emergency room (Lee et al. 2006) and in 

hospitals (Shen et al. 2007; Sangwan et al. 2005) have generated useful insights into these 

operations. The technology has also been used to track cliniciansô flow in an emergency 

room (Lee et al. 2006). However, due to accuracy limitations and excessive deployment 

cost of such RTLS systems, little is documented about how patients receive medical care 

in the ambulatory setting using RFID technology. In particular, tracking patient flow 

from check-in to check-out can help us understand care delivery within the encounter 

rooms, patterns in queueing for service at various points in the flow, and care 

coordination challenges in the clinic. A recent study, entitled "Trends in RFID 2008," 

reports that ñincreasingly, wireless identification and location data is being used to 

streamline and repair a range of healthcare workflows and business processesò, resulting 

in a tripling of the number of RFID-based applications from 25% of healthcare 

organizations reporting deployment in 2005 to 76% in 2008 (Cox 2008). 

3 Study Site and Data Collection  

The empirical data for this study was collected in an outpatient surgery clinic associated 

with a major medical center.  The service provided by this clinic includes consultant, 

procedure, and occupational therapy (OT).  Six physicians (MD), one physician assistant 

(PA), and three medical assistants (MA), along with hundreds of patients a month, 

participated in this study.  The clinic shares two check-in/out rooms and one waiting area 

with other departments and has seven examination rooms, one OT room, and one 

procedure room for its own use.  The encounters in this clinic are appointment-oriented 

and have few walk-ins.   
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3.1 Conceptual Visit Process Model 

 

Figure 2. Conceptual Process Model for Ambulatory Care Settings 

In any outpatient settings, patients start their visit from check-in.  After check-in, the 

patients then wait in the waiting room to be called for encounters, which could be 

extended to any services provided by the outpatient setting and could include sub-

activities.  After the encounter is done, patients finish their visit by check-out (Figure 2). 

3.2 Actual Visit Process 

In this clinic, patients enter the clinic from entrance/exit and check-in in one of the check-

in/out rooms.  If both of the rooms are occupied, the patients can wait in the corridor.  

After check-in, the patients proceed to the reception desk to hand in documents and then 

wait in the waiting room to be called for encounters.  The encounter could happen in 

exam rooms, procedure room, or OT room based on their condition.  After the encounter 

is done, some patients may go to the reception desk to schedule for the next appointment 

in other clinics but all patients would need to check-out in one of the check-in/out rooms.   

3.3 RFID-enabled data collection 

Figure 3 shows the floor plan of our study site.  Gen2IR/RFID Monitors installed in 13 

locations emitted unique signatures that the badges received and transmitted them to the 

collecting antennas to record time and location stamped data in a data repository on the 

network.  The red dots indicate the locations of the Monitors. Gen2IR/RFID badges were 

assigned to clinic staff on a permanent basis. When a patient arrived at the facility, they 

were assigned a badge as part of the check-in process. The badges were clipped to a 

personôs clothing or worn on a lanyard. As patients traveled through the facility, from the 

waiting room to the exam room, etc., their badge provided the RTLS system with 

location information every few seconds. If a care provider joined the patient in the room, 

the presence of both individuals was recorded and the time spent together was computed. 

Check-in
Wait for 
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Encounter Check-out
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Once the visit was completed, the patient returned the badge to the check-out person. 

This location specific data was logged every 12 seconds with a unique patient identifier 

and badge identifier. 389 office visits recorded between January 5, 2009 and February 25, 

2009 are analyzed in this study. These records are associated with 327 unique patients 

and 12 clinicians (4 MDs, 1 PA, and 7 MAs) over 19 business days. 

 

Figure 3. Floor Plan and RFID Deployment 

4 Research Problem and Questions 

The primary objective of this research is to develop optimal care coordination models, 

plans, and policies in the ambulatory care delivery environment that minimize a service 

delivery metric defined by patient waiting time. We address this objective by analyzing 

the data to identify patient flow measures that provide good service delivery metrics, such 

as patient waiting time; examining variability in arrival and service delivery processes 

using Discrete Event Simulation (DES) and Sequential Pattern Analysis (SPA), 

formulating the care coordination process as a Markov Decision Process (MDP) to 

discover best practice plans that improve care coordination. We anticipate that this 

approach will also increase process visibility and improve service delivery. In the next 

section, we provide a brief overview of the methodologies used and review some of the 

literature describing their application to the healthcare field.   
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5 Methodologies  and Models 

5.1 Discrete Event Simulation  

Simulation enables us to evaluate possible outcomes of various decisions without 

physically implementing the decision.  It is also a popular approach to evaluate different 

policies in health care.  Since our objective is to evaluate the impact of different 

scheduling rules on patient waiting times, Discrete Event Simulation (DES) is used to 

evaluate different policies and outcomes.  Several studies have applied DES in health 

care research.  Duguay and Chetouane (2007) use DES to model and analyze emergency 

department systems; Alexopoulos et al. (2008) use simulation to model patient arrivals in 

community clinics; VanBerkel and Blake (2007) use DES to evaluate the effects of 

different policies on waiting time and differing capacity plans. 

5.2 Sequential Pattern Analysis  

Sequential Pattern Analysis (SPA) is an algorithm to find the repeated or common 

patterns among sequences of event transitions. It has been widely applied in electronic 

commerce.  Huang and Huang (2009) use SPA to predict consumerôs purchasing 

behaviors.  Zheng et. al. (2007) applied this method to analyze clickstream data and 

optimize the interface of an electronic medical record system.  In this study, we analyze 

variability in service delivery by computing the distinct patterns in the sequences and 

employ SPA to the sequences of patient flows mapped from their specific visit activities. 

In this study, we employ the algorithm developed by Zheng et al. (2007).  Let A be the set 

of all possible activities, with cardinality m=|A|, that could occur during any patientôs 

visit. Let ὠộὠ1,ὠ2,ȣ,ὠὲỚ denote the visit sequence for each patient, where ὠὭ,Ὥ= 1,ȣ,ὲ 

indicating the i
th
 activity of the patient, ὠὭɴ  A, n Ò m. The sequential pattern algorithm is 

designed to find the pattern ὛộὛ1,Ὓ2,ȣ,ὛὶỚ which is a subset of V of all visit sequences 

that satisfies a minimum support threshold. When this minimum requirement is met, the 

pattern S is included as a Sequential Pattern. The maximal S which satisfies the minimum 

support threshold is defined as the Maximal Sequential Pattern. 
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5.3 Markov Decision Process  

In a Markov chain, the process moves from one state to another with a pre-specified 

transition probability, which depends on the current state only.  Markov Decision 

Processes (MDP) extends Markov chain models by adding two more components: 

decisions at each stage and rewards for making the decisions.  The transition probability 

now not only depends on the current state but also the decision that is made in the current 

state.  In other words, MDP allows decision makers to have controls over the state 

transitions based on pre-specified policies and there will be numerical outcomes 

associated with each decision and policy.  Those numerical outcomes then enable 

decision makers to evaluate and determine the best policy. 

MDP has been widely applied in manufacturing, such as finding the optimum 

maintenance policy for a component (Chan and Asgarpoor, 2006; Pavitsos and Kyriakidis, 

2009) and inventory planning (Yin et al., 2002; He et al., 2002).  The model has also been 

applied in the field of health care.  For instance, Nunes et al. (2009) used it to study the 

control of hospital elective admissions, Umar (2001) used the model for prosthodontic 

treatment, and McClean and Millard (1998) apply the concept to model patient flow in a 

geriatric department, although they do not explicitly use MDP.  However, to the best of 

our knowledge, no researchers have employed MDP to model and solve the best 

sequence problem for clinician coordination.  In this study, we aim to find the best 

practice sequence for providing care as a guideline for care delivery in encounter rooms. 

The research question thus is who should provide the service to the patient and in what 

order so that the patient waiting time can be minimized. 
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We apply the model presented by Bertsekas and Tsitsiklis (1991) with some 

modifications.  We have a discrete-time dynamic system with n states denoted 1, 2, é, n.  

If the state is i and control όὯ is chosen at the k
th
 stage, the expected cost incurred is 

ὧὭ(όὯ); the system then moves to state j with given probability ὴὭὮ(όὯ) .  The cost of a 

transition from state i to state j is a scalar ὥὭὮ that also depends on j.  A graphical 

illustration is given in Figure 4. 

Therefore, the expected cost for step 1 in a system which has only one possible starting 

state i will be 

ὧό1 = В ὴὭὮό1
ὲ
Ὦ= 1 ὥὭὮ,ύὬὩὶὩ В ὴὭὮό1

ὲ
Ὦ= 1 = 1.                           (1) 

The expected cost from all of the possible states i to state j at any step k is 

ὧὮόὯ = В ὴὭὮ
ᴂόὯ

ὲ
Ὥ= 1 ὥὭὮ,ύὬὩὶὩ В ὴὭὮ

ᴂόὯ
ὲ
Ὥ= 1 = 1.                          (2) 

A sequenceό1,ό2,ȣ,όὸ1 , where όὯ is the decision made at stage k, is called a policy. 

Let ὖ(όὯ) be the transition probability matrix at the k
th
 stage corresponding.  Thus, there 

will be k-1 transition matrices for each of the k-1 stages. 

For any policy “= ό1,ό2,ȣ , we have 

Pr ὛὸὥὸὩ Ὥί Ὦ ὥὸ ίὸὥὫὩ Ὧ|ὍὲὭὸὭὥὰ ίὸὥὸὩ Ὥί Ὥ,ὥὲὨ “ Ὥί όίὩὨ =

ὖό1 ὖό2 ȣὖ(‘Ὧ 1) ὭὮ.                                                                                                (3) 

Therefore, the expected cost for step k, where k>1 in a system which has only one 

possible starting state i will be 

ὧόὯ = В ὖό1 ὖό2 ȣὖ‘Ὧ 1 ὭὮὧὮόὯ ,ύὬὩὶὩ Ὧ> 1.ὲ
Ὦ= 1                  (4) 

Therefore, if ὼ(“)  is the expected total cost for policy “= ό1,ό2,ȣ , we have 

ὼ“ = В ὧ(όὯ)
Њ
Ὧ= 1                                                     (5) 



13 

 

assuming the above series converges.  When the above series is not known to converge, 

we use the definition 

ὼ“ = lim infὯO ЊВ ὧ(όὯ)
Њ
Ὧ= 1 ,                                        (6) 

where the lim inf is taken separately for each coordinate sequence.    We say that the 

policy “ᶻ is optimal if  

ὼ(“ᶻ) = Inf“ὼ“.                                                   (7) 

This model has the following assumptions: 

a. The system has one possible starting state and one possible terminating state. 

b. The distributions of ὥὭὮ are independent of one another. 

c. The decision they prescribe at any time depends only on the states of the process 

at that time. 

d. State n is absorbing and the cost associated with state n is zero, that is, ὴὲὲό =

1, and ὧὲόὯ 1 = 0. 

6 Data Preparatio n 

A sample extract of the raw data is shown in Table 1.  

Table 1. An Extract of the Raw Data 

Date Appt. Time Tag Id Room Id Staff/Patient Id Entered Time Exited Time 

02/09 08:00 AM 953 169 MA[22]  08:48 AM 08:49 AM 

02/09 08:00 AM 1118 161 2283 09:03 AM 10:02 AM 

02/09 08:00 AM 758 161 MA[20]  10:00 AM 10:02 AM 

02/09 08:00 AM 4330 161 MD[8]  10:00 AM 10:02 AM 
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Each record includes information such as date of service, appointment time, badge ID, 

room ID, clinician/patient ID, and the exact time when an individual entered and exited a 

room. The data is recorded separately for each individual who wears the badge. This is 

concatenated in a logical and chronological order to generate the correct flow sequence 

representing a patientôs experiences during the clinic visit. In the encounter rooms, the 

patients may receive care from any combination of MD, PA, and MA. They may also 

wait in the encounter rooms in between seeing the next provider or wrapping up after the 

encounter is finished.  These activities are defined as distinct events. For example, if a 

clinician is observed to be in the encounter room when a patient is also there, we denote 

the overlapped time as meeting time with that clinician. If no clinicians are observed in 

the exam room with the patient, then the patient may be waiting for service or completing 

the encounter session. Each of these can be identified based on subsequent events. 

Patientsô activities outside the exam room are delineated by their time and location 

stamps. When a patient is in an area where a Gen2IR/RFID Monitor device has not been 

installed, we categorize this as an ñIntransitò activity. 

Once the key activities are defined, each is labeled using a unique symbol, as listed in 

Table 2. Patient visits in the study clinic are composed of varied combinations of the 24 

well defined activities shown in the table. ñPost-visitò represents the activity when 

patients stay in the waiting room after all of the encounters.  ñIntransitò are situations 

where the exact location information is not recorded.  This could happen when the 

patients stay in a location where no RFID Monitor is installed or the badge was carried in 

some way that the RFID Monitor failed to detect.  The flow sequences are 

chronologically constructed using the symbols. Figure 5 is an example illustrating the 

conversion of raw data for each patient to a sequence representing the flow of the visit 

which results in the sequence ITWEMEDJMYCO. 
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Figure 5. Illustration of Sequence Formulation in Chronological Order 

Using this procedure, 389 sequences were defined for the 389 visit records (dataset R). 

Excluding 145 patient visits which did not encounter with either a MD or a PA, we have 

244 records, including complete visits and renege visits (dataset R-all).  Further 

excluding 40 patient renege visits, we have 204 records with complete visits only (dataset 

R-complete).  Considering that the 244 records in dataset R-all do not represent the actual 

visit size of the clinic during the period, we additionally have the actual daily 

appointment schedule (including the walk-ins) from the clinic manager, which includes 

474 appointments with 53 no-shows (dataset S). 

Table 2. Activities and Overall Frequency of Access 

Label Patient's Activity Frequency 
Proportion 

(%) 

I Check in 205 12.29 

W Wait in waiting room 194 11.63 

E Wait in exam room 253 15.17 

D Meet with 1 MD 206 12.35 

L Meet with 1 MD and 1 PA 12 0.72 

J Meet with 1 MD and 1 MA 35 2.10 

G Meet with 1 MD and 2 MA 2 0.12 

N Meet with 1 MD, 1 PA, and 1 MA 3 0.18 

A Meet with 1 PA 16 0.96 

K Meet with 1 PA and 1 MA 1 0.06 

M Meet with 1 MA 194 11.63 

B Meet with 2 MA 25 1.50 

X Meet with 3 MA 3 0.18 

Y Stay in exam room alone after all meetings (ie. dress-up) 106 6.35 

A
c
tiv

itie
s
 in

 E
x
a
m

 R
o

o
m 



16 

 

U Occupational therapy (OT) 1 0.06 

F Post-visit 60 3.60 

T Intransit 94 5.64 

C Stay in corridor (ie. wait for check-in/out or encounters) 51 3.06 

O Check out 207 12.41 

 
Total 1668 100.00 

7 Analysis of the Current Process  

Table 2 also computes the frequency of occurrence of each activity across all visits and 

their proportion in dataset R-complete. It is easy to understand that ñwait in exam roomò 

is the activity that the patients have experienced the most, since most of the patients 

would need to see multiple clinicians in the encounter.  Ranked second are ñcheck-in,ò 

ñcheck-outò and ñmeet with 1 MD.ò  Some combinations of clinician activities are rare 

events in this data set. However, every activity is present with some frequency in the set 

of sequences. An analysis of the number of unique patterns in the sequences indicates 

that there are 157 unique clinic visit patterns and 90 unique encounter patterns! This is an 

amazing amount of variability in the sequencing of 204 visit activities. As shown in 

Table 3, only 17% of the clinic patterns belong to the top 6 patterns and only 46% of the 

encounter patterns are in Top 6.  Mainly withinπencounter flows contribute to this 

variation. In the following sections, we describe the use of Sequential Pattern Analysis 

and Markov Decision Process to analyze these patterns to understand the bottlenecks in 

coordination and sequencing and further help to improve the coordination of clinician 

activities. 

Table 3. The six most frequent clinic and encounter patterns 

Clinic Patterns  # Visits  Encounter Patterns  # Visits  

IWMEDYO  11  MEDY  28  

IWEDO  8  EDY  25  
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IWEDYFO  4  MED  17  

IWEDEMO  4  ED  12  

IWEDYO  4  EDEM  7  

IWMEDO  4  EMEDY  5  

 

 

Figure 6. Distribution of Patientsô Clinic Visit Time by Physician (waiting time is defined 

from patientsô perspective) 

On average, patients who finish the encounter spend 67 minutes in the clinic, within 

which, they spend 42 minutes, or 62.69% of the time in the clinic, in waiting and only 8 

minutes (11.94%) in seeing a MD or PA.  Noticeably, in addition to waiting in the 

waiting room before encounters for 23 minutes, the patients need to wait in the encounter 

room for another 19 minutes, accounting for 45.45% of total waiting time.  Although the 

distribution of patientôs time in the clinic varies among physicians, waiting time always 

dominates the total clinic time.  Figure 6 shows the detail break down of time distribution 
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for each of the physicians. The mean time and the standard deviation of records which 

have values greater than zero for each activity for each physician are further detailed in 

Table 1 in the Appendix. 

Different scheduling rules among physicians and assigning slots randomly result in large 

variance in appointment rates and patient arrival rates.  Figure 7 to 9 show that the 

average number of appointments/arrivals per hour ranges from 1 to 11 among physicians 

across the day.  Additionally, the trend of arrivals basically follows the same trend as 

appointments, but usually runs one hour ahead of the appointment trends.  All the three 

graphs show that the peak of the arrivals lies in the second hour after the first 

appointment. 

From the information given in Figures 7 to 9, we hypothesize that, in addition to the 

limited resources, the scheduling rule may be a significant factor that affects patient 

waiting time.  In this paper, we describe the use of simulation to verify this hypothesis. 

 

Figure 7. Average appointment and arrival rates for MD8 (Monday) 
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Figure 8. Average appointment and arrival rates for MD6 (Wednesday) 

 

Figure 9. Average appointment and arrival rates for MD4 (Tuesday/Thursday) 
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8 Results of Model Implementation  

8.1 Discrete Event Simulation  

As shown in Figure 6, only MD8 and MD6 have sufficient records to run simulation, 

because other physicians only have records less than 10.  Therefore, we are unable to 

build a whole-week model for the clinic, but can only have two separate models each for 

the two major physicians.  Generally speaking, we use dataset S to generate patient 

arrivals and no-show rates, use dataset R-all to generate renege rate, and use dataset R-

complete to generate the distributions for sojourn time for each activity.  Only the data 

related to MD6 and MD8 is utilized. The system is always initialized between 

replications.  To ensure independence among random variables, we assign a different 

random number seed to each variable.  The simulation schema is shown in Figure 10. 

8.1.1 Patient Generator and Patient Attributes  

Figures 7-9 indicate that the arrival rate is basically driven by the appointments and it 

reaches the peak in the second hour of operation, on average.  This leads to our modeling 

the arrival rate hourly.  We assume that patients arrive in the clinic independently.  

Therefore, a non-homogeneous Poisson process is assumed for our arrival process.  To 

estimate the parameters, we use the following procedure.  Since the dataset R is just a 

sub-sample of the entire visits that the clinic has, in addition to the actual arrival times we 

have from dataset R, we also estimate arrival times which do not exist in the dataset by 

using the clinicôs appointment schedule (dataset S).  To estimate, first we obtained the 

distributions of arrival time deviation by subtracting the appointment times from the 

actual arrival times for each of the 389 visits in dataset R.  Secondly, for each of the 

records in dataset S which cannot find a match in dataset R, we drew a random number 

from the distribution of arrival time deviation.  Finally, the estimated actual arrival times 

for those mismatch values will be appointment time (from dataset S) plus the time 

deviation (the random number from arrival time deviation).  Combining actual and 

estimated arrivals, this set of data is used to calculate the hourly arrival rates, which are 

also the parameters of our non-homogenous Poisson arrival process. 
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Figure 10. Simulation Schema for a single MD 

After the patients with their expected arrival times are generated, they will be determined 

to be a no-show or not (to be discussed later).  Patients who show up in the clinic are then 

assigned the corresponding attributes used to determine the right distributions from which 
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the encounter patterns and service time will be generated.  The first attribute is arrival 

type, which has three possible values: early arrival (with probability .58 for MD8 and .76 

for MD6), on-time arrival (with probability .01 for MD8 and .02 for MD6), and late 

arrival (with probability .41 for MD8 and .22 for MD6).  The reason to have this 

assignment is to enable analysis of waiting time from different perspectives.  From the 

patientsô perspective, they care about the entire length of time they have spent in waiting, 

no matter whether they arrive early or not.  On the other hand, from the clinicôs point of 

view, the waiting time is the time difference between the appointment time and the 

roomed time.  Therefore, having this assignment, we are able to calculate these two 

different versions of patient waiting time before encounters.  The second attribute is the 

time deviated from appointment time upon arrival.  This attribute is also for calculating 

different versions of waiting time.  For example, if a patient, whose appointment is at 

10:00am, arrives at the clinic at 9:30am and is roomed at 10:30am, the waiting time from 

the patientôs perspective would be 60 minutes while the waiting time from the clinicôs 

perspective would be 30 minute.  Therefore, we assign the arrival type and the time 

deviation for each patient to be able to calculate waiting time from both perspectives. 

The service time of each clinician is generally dependent on the set of clinicians who 

provide service. Hence, the third attribute to be assigned is visit type.  For example, the 

service time of an MD when the MD conducts the entire encounter alone may differ from 

the service time of an MD when the MD conducts the encounter with a Physician 

Assistant (PA).  The attribute includes all the combinations of major services including 

consulting with an MD, consulting with a PA, having OT, and having procedure.  For 

consulting with an MD, we further check the appearance of a Medical Assistant (MA).  

From MD 8 and MD6ôs visits in dataset R-complete, we have four categories: consulting 

with MD and PA (regardless of the appearance of a MA), consulting with MD and MA, 

consulting with MD, and consulting with PA (regardless of the appearance of a MA).  

The probabilities for each visit type for MD8 and MD6 are listed in the first rows of 

Table 2 and Table 3 in the Appendix. 
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8.1.2 Decision Nodes 

The first decision node determines whether the generated patient is a no-show or not.  

Assuming the no-show rate to be the same across days for the same physician, we 

obtained a universal rate for MD8 to be 10.23% and for MD6 to be 12.44%, from dataset 

S.  From dataset R, we observed that some patients leave the clinic without receiving 

service after check-in.  Since some may leave after waiting for 60 minutes and some may 

leave after waiting for only 5 minutes, we simply estimate the renege rate from dataset R.  

Assuming this to be constant across the days for the same physician, the renege rate for 

MD 8 is estimated to be 11.25% and MD 6 is estimated to be 13.64%.  Finally, none of 

MD8ôs or MD6ôs patients have OT, which results in a 0% OT rate for both of the models. 

8.1.3 Task Nodes 

Task nodes represent the activities that the patient will experience during the clinic visit.  

A binary variable denotes whether the patient will meet with a specific set of clinicians. 

This is controlled by patientôs visit type, which is a random assignment conditional on 

physician.  The sojourn time of encountering with different set of clinicians is a random 

number from pre-specified distribution.  The time distribution for check-in, dress-up, post 

visit, intransit, and check-out is assumed to be independent and is universal across all 

patients.  The distributions for the binary variable and time variable are all estimated 

from dataset R-complete.  As indicated in Biller and Nelson (2002), there is a myth in 

using statistical testing in choosing the input models.  A larger size of sample tends to 

reject the null hypothesis since there is more evidence and a smaller size of sample tends 

to not reject the null, no matter how good the model is.  Usually, a subjective judgment 

from Q-Q plot is suggested and sometimes an empirical distribution is preferred.  Since 

our data is sparse and it is dangerous to make distribution assumptions, empirical 

distributions are used for many variables in our model despite the fact that this may limit 

the generalization ability of the model.  Tables 2 and 3 in the Appendix display the actual 

probabilities and sojourn time distributions used for each encounter activity for MD8 and 

MD6.  Table 4 shows that probability distributions for non-encounter activities for MD8 

and MD6.  In addition, a constant sojourn time is added to the first encounter with MD 

for each patient to reflect physicianôs preparation time for each encounter.  This 
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preparation time could include the time when the physician is dictating, moving, talking 

to assistants, checking the charts, or waiting to be notified of the presence of the patient.  

Since each physicianôs habit differs, the preparation time is designed to be associated 

with the physician.  MD8 and MD6 need 2 and 1.75 minutes for preparation, respectively. 

Table 4. Time Distributions of Non-encounter Activities by Physician 

 MD8 MD6 

Check-In Empirical Empirical 

Dress-Up -0.5 + 48 * BETA(0.328, 2.96, 15) -0.5 + 25 * BETA(0.237, 2.79) 

Post-Visit Empirical -0.5 + WEIB(2.1, 0.705) 

Intransit -0.001 + EXPO(5.07, 17) -0.5 + WEIB(2, 0.689) 

Check-Out Empirical 10 * BETA(0.477, 2.7) 

 

8.1.4 Assumptions  and Model Validation  

To define the model limits based on the available data, a few assumptions are made as 

follows. 

(a) Due to incompleteness of the data, we have separate models for MD8 and MD6. 

Each work on a single weekday, MD8 on Mondays and MD6 on Wednesdays. 

(b) Time delays are dependent only on MD, PA, MA, and availability of encounter 

rooms. 

(c) Only physicians are assigned preparation time, which can include reading the 

chart and dictating outside of the encounter rooms, communication time, talking 

to other clinicians, being unaware of the presence of patients, conducting 

encounters in other departments and answering the phones.  Other clinicians, such 

as PA and MA, can provide service immediately when the patient is in need. 

(d) After check-in, as long as there are rooms available, the patient will be roomed 

immediately. 

(e) Post-visit includes the time at the reception desk for obtaining referral information. 
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(f) Residents and physicians from other departments do not wear badges.  Therefore, 

the time when the patient is meeting with them is regarded as ñwaitingò if the 

activity is followed by meeting another clinician or ñdress upò if the activity is 

followed by leaving the room. 

To validate the models, we compare the key performance measures of simulated results 

with the observed data (Table 5).  Since service time is dependent on the patientôs needs 

and cannot be controlled, the major goal of this study is to minimize total waiting time.  

Therefore, we focus our attention on waiting time.  From Table 5, we find that the 

observed for MD8 and MD6 are both included in the 95% confidence intervals of the 

simulated waiting times, so we believe this model represents the clinic well.  

Table 5. Simulation outputs vs. observed data (time in minutes) 

 

MD8 MD6 

Observed Simulated Observed Simulated 

Mean Mean SD 95%CI Mean Mean SD 95%CI 

Total Encounter Time 10.39 9.97 1.28 [9.79,10.15] 15.03 14.02 1.61 [13.80,14.24] 

Total Service Time 14.01 13.58 1.53 [13.37,13.79] 18.36 17.35 1.68 [17.12,17.58] 

Total Waiting Time 38.46 38.84 25.73 [35.27,42.41] 36.53 35.50 22.86 [32.33,38.67] 

Total Clinic Time 70.41 63.09 26.40 [59.43,66.75] 70.14 59.01 23.23 [55.79,62.23] 

8.1.5 Scenario Analyses 

We consider scheduling rules as our main control variable.  Initially, the clinic randomly 

assigns appointments to time slots which are pre-specified by physicians.  Generally, 

MD8ôs appointment length is 10 minutes from 8:00am to 1:00pm and MD6 has slots for 

15 minutes each from 12:00pm to 4:00pm.  However, many of the slots are double or 

even triple booked.  Since this study aims to find a better scheduling rule which can 

minimize patient waiting time, our alternatives are basically manipulations of scheduling 

rules.  Each alternative is simulated using 200 replications of a day.  To reduce the 

variance among scenarios and ensure the effect of different scheduling policies, common 
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random number technique is used.    Scenarios which have significant results are shown 

in Table 6 and 7.  In MD8ôs status quo, patients spend 15.41 minutes in waiting before 

encounters and 21.19 minutes in waiting during encounters, for a total of 38.46 minutes.  

Ideally, if patientsô arrival rates are equal, the total waiting time can be significantly 

reduced by 7 minutes.  However, since there is no way to control patient arrival rates, we 

can only indirectly control the arrival rates by choosing a better scheduling policy.  

Among the different policies we have tried, the last scenario in Table 6, ñ5-minute-interval 

for odd hours and 10-minute-interval for even hoursò results in the smallest waiting time. 

Although scheduling policies do have an impact on total waiting time, they do not show 

an obvious impact on ñwaiting time during encounter.ò  As shown in Table 6, the waiting 

times are all around 21 and 22 minutes.  Therefore, we hypothesize that there are other 

factors which actually affect the waiting time during encounter. In particular, we 

hypothesize that care coordination issues might be one of the significant factors. 

Table 6. Significant Results for MD8 

Scenarios 
Wait 

b/f 

Wait 

d/r  

Total 

Wait  
P-Value 

Status Quo 15.41 21.19 38.46  

Equal arrival rates 10.80 20.41 31.43 <.0005 

Equal appt. intervals with 3 empty slots after the 2
nd

 

hour 
13.29 21.82 35.32 0.006 

Equal appt. intervals with 1 empty slot after the 3
rd

 

hour 
13.43 22.26 35.88 0.037 

Break the number of appt. evenly across hours with 

1 fewer slot in each of the 2
nd

 and 4
th
 hours and with 

2 more slots in the last hour 

13.17 21.85 35.21 0.017 

Break the number of appt. evenly across hours with 

1 fewer slot in each of the 1
st
 and 3

rd
 hours and with 

1 more slot in each of the last 2 hours 

13.98 21.37 35.54 0.023 
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10-minute-interval for odd hours and 5-minute-

interval for even hours 
12.18 20.98 33.37 0.001 

5-minute-interval for odd hours and 10-minute-

interval for even hours 
10.95 20.56 31.70 < .0005 

 

Table 7. Significant Results for MD6 

Scenarios 
Wait 

b/f 

Wait 

d/r  

Total 

Wait  
P-Value 

Status Quo  16.36 16.65 36.53  

Equal arrival rates 5.16 23.77 28.99 < .0005 

Break the number of appt. evenly across hours with 

1 fewer slot in each of the first two hours and with 2 

more slots in the last hour  

5.70 25.89 31.65 0.043 

8.2 Sequential Pattern Analysis  

SPA is applied to dataset R-complete.  Using 15% as the minimum support threshold, the 

maximal sequential patterns are shown in Table 8, in which meeting with clinicians are 

marked in bold letters. With the strongest support (34.3%), EDY (wait for a MD in the 

exam room, meet with MD, and dress up) is recognized as the most common flow pattern 

among the patients. Notably, among the maximal sequential patterns, patients always 

need to wait for the MD. We also notice that MD and MA are the major providers in this 

clinic, and they often coordinate sequentially, with MA mostly preceding MD. However, 

the two roles rarely coordinate seamlessly.  The pattern ñMDò only has a support of 4% 

while the support for ñMEDò is 40%.  This further illustrates that coordination between 

MD and MA needs improvement.  We believe that addressing the wait time during 

encounters through improved coordination and communication between providers has the 

potential to improve patient flow considerably. 
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Table 8. Maximal Sequential Patterns with Their Level of Support 

Maximal Sequential 

Pattern 

Level of 

Support 

Maximal Sequential 

Pattern 

Level of 

Support 

EDY 34.3% IWED 19.1% 

WMED 26.0% WT 18.6% 

IWMED 25.0% DE 17.6% 

FO 25.0% DYO 17.2% 

YO 25.0% IWT 16.7% 

EM  22.1% CO 16.2% 

WED 21.1% EDE 15.7% 

MEDY 19.6%   

8.3 Markov Decision Process  Model  

We have cliniciansô time-motion data from dataset R-complete, from which we calculate 

the transition probabilities from one activity to another and waiting times between 

activities. From interviews with the clinicôs manager, we know that after the patient is 

roomed, the sequence of service activities is unknown and unpredictable.  Instead, the 

decisions evolve during the encounter process. Considering that different coordination 

sequences might result in different patient waiting times, MDP is employed to find the 

best clinician coordination sequence by evaluating different sequences as different 

policies and patient waiting times as rewards/costs. 

In this study, the state space consists of 10 encounter activities between patients and 

clinicians and two pseudo states: starting state 0 and terminating state 1 to indicate the 

states where ñpatient enters the roomò and ñpatient exits the room,ò respectively.  The 

cost refers to mean waiting time between pairs of activities.  That is, ὥὭὮ represents the 

mean time waiting for activity j after finishing activity i and ὧὮ(όὯ) denotes the expected 

waiting time to state j under decision όὯ at the k
th
 stage. 
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We compare m different policies by altering ὖ(ό1) , which is the transition probability 

matrix at the first stage corresponding to decision ό1 under the policy.  To compare, we 

have the base line policy,“0, which applies all of the transition probabilities ὖόὭ,Ὥ=

1,ȣ,ὲ from the observed data,  and alternative policies “Ὥ,Ὥ= 1,ȣ,ά applying different 

arbitrary ὖ(ό1), while holding the other ὖόὯ ,Ὧ> 1 the same.  As in the case of the 

simulation models, we have models for MD8 and MD6 separately.  The model converges 

at the 9
th
 stage for both of MD8 and MD6. 

Since the process we face has a single source, only the first row of  ὖ(ό1)  contains non-

zero numbers and all other rows are all zero.  Given the availability of data, we can only 

evaluate alternative policies “Ὥ by perturbing ὴὭὮό1 , where ὴὭὮό1 > 0.  Some of the 

results of MD8 are listed in Table 9.  It is shown that, except for “3, all the alternatives 

are better than the current situation.  The best policy among them is “1 , with higher 

probability to meet with MAs than meeting with MD in the first stage. 

Table 9. Results from MDP for MD8 

Policy Ordered j Corresponding ὴ1,ὉὲὸὩὶὮό  (Waiting Time) 

“0 MD, 1MA, 2MA, 3MA, MDMA  .46, .45, .6, .2, .2 21.12 

“1 1MA, 2MA, 3MA, MDMA, MD  .46, .45, .6, .2, .2 10.38 

“2 MD, MDMA, 1MA, 2MA, 3MA  .46, .45, .6, .2, .2 15.79 

“3 MD, 1MA, MDMA, 2MA, 3MA  .46, .45, .6, .2, .2 21.11 

“4 MDMA, 1MA, MD, 2MA, 3MA  .46, .45, .6, .2, .2 10.63 

“5 MDMA, MD, 1MA, 2MA, 3MA  .46, .45, .6, .2, .2 15.56 

“6 1MA, MDMA, MD, 2MA, 3MA  .46, .45, .6, .2, .2 10.75 

“7 1MA, MD, MDMA, 2MA, 3MA  .46, .45, .6, .2, .2 21.00 

 

It is obvious that ñMDò and ñ1MAò dominate the first stage transition.  To know how 

changes in probabilities of MD and 1MA would affect the expected waiting time, we 

conduct sensitivity analysis, holding the probabilities of the other three activities to be the 
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same as “0.  The results of the sensitivity analysis are shown in Table 10, where the case 

of “0 in is highlighted in bold.  Table 10 shows that the smaller the probability that an 

MD provides service first the less is the waiting time.  In the best case, the waiting time 

can be reduced by 5.62 minutes, from 21.12 to 15.5 minutes. 

Table 10. Results of Sensitivity Analysis of MD and 1MA for MD8 

ὴ1,ὉὲὸὩὶὓὈ ό ὴ1,ὉὲὸὩὶ1ὓὃό  (Waiting Time) 

.01~.04 .90~.87 15.5~15.9 

.05~.12 .86~.79 16.0~16.9 

.13~.20 .78~.71 17.0~17.9 

.21~.28 .70~.63 18.0~18.9 

.29~.36 .62~.55 19.0~19.9 

.37~.44 .54~.47 20.0~20.9 

.45~.52 .46~.39 21.0~21.9 

.53~.60 .38~.31 22.0~22.9 

.61~.69 .30~.22 23.0~23.9 

.69~.77 .22~.14 24.0~24.9 

.78~.85 .13~.06 25.0~25.9 

.86~.90 .05~.01 26.0~26.6 

 

We performed a similar analysis for MD6.  Table 11 lists the results indicating “1 as the 

best policy which assigns activities that need MD with low probabilities in the first 

transition.  Policies “3 to “8 are all worse than “0. 
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Table 11. Results from MDP for MD6 

Policy Ordered j Corresponding ὴ1,ὉὲὸὩὶὮό  (Waiting Time) 

“0 1MA, MD, PA, MDMA,  2MA .66, .21, .05, .04, .04 16.70 

“1 1MA, 2MA, PA, MDMA, MD .66, .21, .05, .04, .04 14.74 

“2 MD, MDPA, PA, 1MA, 2MA .66, .21, .05, .04, .04 16.34 

“3 1MA, PA, MD, MDMA, 2MA .66, .21, .05, .04, .04 17.24 

“4 1MA, MD, PA, MDMA, 2MA .66, .21, .05, .04, .04 16.70 

“5 PA, 1MA, MD, MDMA, 2MA .66, .21, .05, .04, .04 20.70 

“6 PA, MD, 1MA, MDMA, 2MA .66, .21, .05, .04, .04 21.34 

“7 MD, 1MA, PA, MDMA, 2MA .66, .21, .05, .04, .04 18.57 

“8 MD, PA, 1MA, MDMA, 2MA  .66, .21, .05, .04, .04 19.75 

Here again, ñMDò and ñ1MAò dominate the first stage transition.  Therefore, we conduct 

sensitivity analysis of the tradeoff between MD and 1MA holding the probabilities of the 

other three activities to be the same.  The results of the sensitivity analysis are shown in 

Table 12, where the case of “0is highlighted in bold.  Table 12 shows that the smaller the 

probability that the MD provides the service first the less is the waiting time.  This result 

agrees with what we found for MD8.  In the best case, the waiting time can be reduced by 

0.8 minutes, from 16.7 to 15.9 minutes. 

Table 12. Results of Sensitivity Analysis of MD and 1MA for MD8 

ὴ1,ὉὲὸὩὶὓὈ ό ὴ1,ὉὲὸὩὶ1ὓὃό  (Waiting Time) 

.01 .86 15.9 

.03~.26 .84~.61 16.0~16.9 

.27~.51 .60~.36 17.0~17.9 

.52~.75 .35~.12 18.0~18.9 

.77~.86 .10~.01 19.0~19.4 
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9 Limitations and Discussions 

In this study, Centrakôs RTLS based on the hybrid Gen2IR/RFID clearly provides precise 

and unobtrusive data to analyze patient and clinician flow. More importantly, it enables 

capturing the complexity of the process during the encounters, which were deemed to be 

a blackbox in previous studies. Though RTLS provides a reliable and consistent means of 

tracking the location of the participants, interpreting these activities based only on the 

data may lead to false inferences, however. Some observations in the clinic and an 

understanding of the requirements in a specialty service are necessary to resolve such 

ambiguities. 

Ideally, the visit process should include four activities: check-in, review with medical 

assistant, meeting the physician, and check-out. However, the observed data indicates a 

large variability in visit patterns.  Using the data, we determine that during the 67 minutes 

in the clinic, on average, patients spend 42 minutes (62.7%) waiting for the encounters 

and clinicians, and receive about 13 minutes (19.4%) of care. A well known fact in 

queueing theory is that large variances result in long waiting times.  We observe that the 

trend of hourly average number of appointments oscillates dramatically in a day, ranging 

from 1 to 10. Furthermore, it drives the trend of hourly patient arrival rate, which also 

varies greatly from 1 to 11 in a day. Thus the variability resulting from the scheduling 

policy could account for the long waiting times. Therefore, to reduce total waiting time, 

we propose and test a variety of scheduling rules. While many of the related studies 

assume that patients arrive punctually, this study has relaxed the assumption and also 

allows late and early arrivals.  Although the suggested scheduling rules given by our 

simulation model are tailored for MD8 and MD6, the methodology is generalize-able to 

other requirements. 

Our study also displays the activities in the encounter rooms, which were deemed to be a 

blackbox in prior studies.  The data shows that in the 42 minutes of waiting, patients 

spend 19 minutes (45.2%) waiting in the encounter room. To make the encounter process 

visible, we first analyze the sequence of activities in the encounter room. Sequential 

Pattern Analysis shows that the patients in this clinic mainly encounter the MD and MA 
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sequentially, with MA mostly preceding MD.  However, patients seldom meet the MD 

immediately after MA, and they usually need to wait.  A SPA support of 4% for pattern 

ñMDò and a support of 40% for pattern ñMEDò provide evidence of this inefficiency.  

This indicates that to improve patient waiting time in encounter rooms, improving the 

coordination between physician and medical assistant is the key.   

In order to incorporate ñwaiting timeò component into our analysis and to find the best 

coordination sequence, a Markov Decision Process is formulated and solved, which, to 

the best of our knowledge, is the first attempt in care coordination studies. We observe 

that the first encounter is predominantly provided by MD or MA.  Thus, we conduct a 

sensitivity analysis for different probabilities for MD and MA in the first stage, holding 

the others constant. The results indicate that the higher probability that the MA provide 

the first encounter, the less time the patient needs to wait in the encounter room.  In the 

best case, the patient waiting time would be diminished by 26.6%, or 5.62 minutes.  

However, if the coordination between MD and MA is improved (ie. the SPA support for 

pattern ñMDò increases and the SPA support for pattern ñMEDò approaches zero), the 

sequence of care coordination will have no impact on patient waiting time since patient 

waiting time will itself be approaching zero. 

In this study, we have developed methodologies to analyze and recommend plans for care 

coordination that minimize some important service delivery metrics such as patient 

waiting time. We have illustrated our models and methods by applying them to 

encounters between patients and clinicians. However, they are applicable to a broad 

variety of care coordination problems in many different service delivery settings. For 

instance, for depression patients in primary care, the state space could be the encounter 

activities conducted by different combinations and different sequences of primary care 

physicians, psychiatrists, and social workers.  In pediatrics, the state space could be 

coordinating activities conducted by clinicians and parents.  For cancer patients, the state 

space could be sequences of different treatments.  Of even broader scope is the 

development of plans for well-coordinated care among different specialties for patients 

who have multiple, complex health conditions.  Furthermore, the ñrewardò or ñcostò does 

not necessarily have to be waiting time, as used in this study.  Instead, it could be any 
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utility function which is in organizationôs interest, such as length of stay, severity of 

disease, adherence of medication, or level of satisfaction. 

Although RFID enables us collect exact and unobtrusive data during the patientôs visit, it 

cannot guarantee completeness of the data.  The missing data could result from several 

situations. The most obvious situation is that when patients stay in an area where no 

RFID Monitor is installed, no data will be collected.  For example, we will never capture 

the patient flow when the patients go to take an X-ray or wait for the encounter in the 

public waiting area beside the elevator.  We also cannot capture the information when the 

physician conducts encounters in other departments.  A similar situation occurs when the 

RFID Monitor fails to read the badges. For example, if the badges are placed in pockets 

or purses. Both of these situations are recorded as ñintransitò in our data. Another 

dominant situation is that when the patients or clinicians do not wear the badges. For 

example, residents and physicians from other departments are not assigned badges. Some 

physicians and patients refuse to participate in this study. This situation results in the 

sparse data points so that we can only analyze 62.7% of the data we collected 

(244/389=.627).  Finally, although a sample with size 244 is not small, when we need to 

deal with conditional probability distributions, the sample we have is not large enough to 

generate meaningful distributions. Often, we only have 10 data points available for each 

condition, which is too few to fit a distribution, resulting in the use of empirical 

distributions in the simulation study and limiting generalize-ability.  

10 Conclusions 

This study aims to find best practice plans for care coordination during patient encounters 

with clinicians in the ambulatory care environment by reducing patient waiting times and 

streamlining patient flows.  Enabled by RFID technology, we find that patients wait for 

19 minutes in the encounter room, which is account for 45% of the total waiting time.  

We observe that the current scheduling rule is a major driver of variability in the process, 

which accounts for the long waiting times.  Our simulation models have suggested better 

scheduling rules for MD8 and MD6.  SPA shows that care coordination among the many 

providers, especially physicians and medical assistants, during an encounter is the most 
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significant challenge for addressing variability issues and optimizing care delivery. 

Finally, based on the current coordination level, MDP shows that having MA providing 

the service first in the encounter can reduce patient waiting time in the encounter by 27%.  

These methods and approaches are generalizeable to other care delivery settings and have 

the potential to improve healthcare services significantly. 

There are several extensions possible for this study.  With a more complete dataset, 

simulation-optimization can help determine the best scheduling policy using a simulation 

model for the whole clinic, where the input data is fitted with classical distributions. With 

detailed data on walk-in patients, we can further identify a best walk-in policy which 

specifies how many slots, at what time, should be reserved for walk-ins.  Having patientsô 

health records, we can identify different patterns of flow for different groups of patients 

based on their clinical history and past visit requirements and further develop a flexible 

scheduling policy. The MDP model can be further developed to include other cost 

functions such as new service delivery criteria, more complex states, varying transition 

probabilities and resource constraints. Finally, an evaluation study needs to be conducted 

to compare the performance of the clinic before and after the interventions recommended 

by the models so that the value and impact of these policies can be demonstrated and 

realized. 
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