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Abstract

Healthcareis primarily deliveredin the ambulatory care setting. The high variability in
service delivery encountered in this environmegatively impaatefficiency, quality of

care, costs patient satisfaction and safetgare coordination, a process to manage
dependencies between clinicians who provide caie patient,has beerproposed as a
critical and challenging step iimproving care delivery anchealth outcoms. In this
study,we develop optimal care coordinatiomodels and policies fahe ambulatory care
delivery environment thaptimize important service delivery metrics using a novel data
collection strategy that employs RFitechnology.Time and location stamped data is
collected using RTL-Based Gen2IR/RFH2nabled 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 assted with eah visit to track patient flonwWe analyze
process variability usingliscrete event simulatioand sequential attern analysisand
formulatea Markov decision processodel to identifybest practice plans that improve
care coordination 389 office visit record associated with 327 unique patierasd 12
clinicians and staffcollected over a 2nonth periodare used to instantiate our models
and identify optimal policiesThe resultsalso highlight the value of RTLS solutions and
the challenges in deploying them to understand variability in patient care and
opportunities to reengineer services to improve service delivery in the ambulatory care
environment. These methods and approaches are generalizeable to other care delivery
setting and have the potential to improve healthcare services significantly.



1 Introduction

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

to a recent report by théenters for Disease Control (www.cdc.org), there were bile

billion patient visits to ambulatory servicesch as physician offices, hospital outpatient

clinics, and emergency rooms in the United States i16,200h ratesof visits increasing

over the past decade for all types of health care settings s{idigdet al. 2007). Faced

with this increasing demand for safe and high quality care, increasing cost, and growing
shortages in trained clinicakersonnel, the imperative to-eagineerthe delivery process

in ambulatory healthcarbas been growing stroag by the year. Consistently, many

studies have reported significant variability in care delividrgt negativdy impacts

efficiency, productivity, patientadisfaction and quality of careAs highlighted in a New

York Times editorial over adecade agot her e i s an overwhel ming
idiosyncratic medical pr actlimeeld97nwhchisas mor e

even more relevant and critical today.

Faced withthe complexies of the current healtaredelivery system, care coordination,

a process to manageependencies between clinicians whimvide care together, has

been regarded as a key to improve care delivery and the outcome ofAcaoeitcomes

oriented perspective is provided hfie American College of Physicians and the
AmericanAcademy of Family Physiciansho believe that fragmentation of care is the

core problem that drives up costs and reduces care qRath, 2007) A process
orientedperspectivéhas been articulated recently blychael PorteraHarvard Business

School professor al so Known as t he Afat jpevho of t he
emphasized theritical needfor a well coordinated care delivery process when he
commented on transforming the health caisteamon CNBC on September 17, 2009

A é B trying to increaséhe coverage without actually addressing delivery, we

are walking out of the | i f fpatidnts go from one visit to another, one service
to another. Il tés poorly coordinatedeée. Th
systemishypeh r agment edé. We are not delivering

and certainly we are not doing efficiently



From a costoriented perspective,comprehensive claims analyses Medicaidonly
enrolled patients itive large statesound that mcoordinated care patients had average
annual total costs of $15,100 vs. $3,116 for those with better coordinated dhee in

remaining populationdwens 2009.

In this study, we analyzeervice delivery, care coordination, and patient flow

enhancing and standardizing care delivprgcesses in an outpatient surgery clinic

associated with a major medical centming a wvel, IT-enabled, unobtrusive data

collection method Time and location stamped data llected using special
Gen2IR/RFID tags worn by patients, clinicians, and staff as they complete each clinic

visit. The unobtrusively collected RTLS data allows usato al yze the cl inicéo
workflow, which is amajor challenge with current methods such as timetion studies

or selfreported surveys.This data is mapped to facility and personnel resources and

specific tasks associated with each viditle apply multiple methods to understand the

challenges associated with care coordinationraadel and analyzihe causes of delays.
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Figure 1. AnalysisSchema

Discreteevent simulation enables us to evaluate the impact of alternative scheduling rules
on patient waiting time. Sequentiahtpern analysigprovides insights intadelivery
process variability and its impact on patient waiting timelarkov decision process
provides an analytical model to determine the best policy for care coordination that

minimizes patient waiting time during the encountd@itse analysischemas delineated



in Figure 1. Thenodeswith thin borders denote the objectives we are focusimghe

nodes beside the arcs represent the intermediates, and the boxes with bold borders
indicate the methods we are usinfhese methods and approaches are generalizeable to
other care delivery settings and have the potential to improve healthcare services

significantly.

Section 2 summarizabe key literature in this areaection 3 describes tisudy setting
and data collectioand detailghe visit processsection 4 presents the research problem
and questionssection5 describes the specific methodgikes used in this studggection 6
describes the procedure for data preparats@ction7 analyzes the status quo process
captured by the data; results of theduals are presented in sectionf8llowed by a

discusson of the insights in section 9 and ctusions in section 10

2 Literature

Many studies havdetailedthe importanceof care coordinatioy using experimeat
designsjnterviews, andsurveys. Katon et al. (1995; 1999; 2002) compare the impact of
coordinated care on depression in primaryecarhere patients assigned to a treatment
group receive care coordinatathong primary care physans, psychiatrists, and care
coordinatorand patients assigned to a control group receive care solely from primary care
physicians. The ressltshowthat cae coordination results in greater adherence to
adequate dosage of medication, improved satisfaction, and greater decrease in severity of
depressive symptomsA similar study conducted bynitzer et b (2002), but targeting

elders find that interventionpatients havegreater reduction in depressiesgmptoms,

greater rates of depression treatment, more satisfaction with depression care, lower
depression severity, less functional impairment, and greater quality oSlkifaillinger et

al. (2000) studiedhe effects of primary care coordination on public hospital patients,
where patients assigned to a treatment groucfg
receive specialty and emergency department services and patients assigned to a control
group do ot requiresuchapproval.They conclude that care coordination decreases the
use of specialty and yearly hospitalizatiori?alfrey et al. (2004¢valuate the outcorse

of coordinated care in pediatric practices. The intervention consists of a team to



coordnate among physicians, practitioners, familesg patients. The result shows that
coordinated care makes care delivery easier and increases parent satistacteyally,
most of the studies find evidence of a betitatcomeof care provided by coordinated

care.

Another streamof literature discusses the impact of different lewafl coordination on

the quality of care and aims to find evidence to support or reject the corresponding
organization theory from their qualitative investigatioillies et al. (1993) examine the
relationship between functional coordination and functional effectiveness by distibutin
selfadministered 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 coordinatio
strategies for such a fastsponse organizatioklsing data collectedhrough review of
archival records, observatien shadowing, and tdepth interviews, they conclude that

the coordination of a highly emergent practice, such as a trauma centerf canno
necessarily be prspecified. 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 hypothesihigh

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 eerd length of stay from
surgical cae 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 hospitalzaecords. 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 routindsplth Sgt em Change ( O6 Mal |
al., 2009) also conducts a study to find strategies for betteicoardination qualitatively

via interviews.

To summarize, most of the studies conclude that coordinated care impuealegg of

care, effectiveness, and efficignevhatever the mechanism of coordinationi$iey also



indicate that in a healthcare environment, good coordination should be achieved not only
through timely and personabmmunication, but also through more widely applicable
guide lines. The data usedn previous studies arall collected throughinterviews,
guestionnaires, surveyobservatios or review of archival records Since mosbf these

are selrepors, the data used fanalysis is rarely objectiveMore importantly, none of

the prior research studies hgy®poseé a plan for care coordination.

While data is always collecteda interviews or surve for care coordin@on analysis,
time-motion studies have beamsed to analyzédiow clinicians performeach of the
clinical tasks (whatwhen, where, for how londd understandhe current care processes,

the sequence of tasks comprising theand the time and resource requirements to
perform the taskgHollingworth et al. 2007, Pizziferri et al. 2005, lei al. 2007)
However, these studies have focused on a simpl@suretotal amount of time spent on
different types of clinical tasks, which does not fully reveal the dynamia®dfflow. In

other words, while many of the existing studies assess #@ralbtime efficacy related to
Awor k ftlhoew, oprovide |l ittle insights into
Understanding dAt he tblidentifying domporemrs ofvtberpkocessi s
that need to be rengineered for improved efficiency aGreffectiveness. 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, suctadersonret al (2007) andCamacheet al.,
(2006). This is mainlydue to thenability of their data collection methods to obtaiata

about tasks completad the encounter roomsln addition, traditional time and motion
studies are both resource intensive autbject to data issues such as obsebias.
Therefore, researchers have been exploring alternative methods to accurately measure

processes unobtrusiveiynd at an affordable cost.

Following the successful use of Active RFID or Reale Location System@RTLS) in
improving processmanagement in industries outside healthcare, new studies have
investigated the feasibility of RFID and RTLS riwonitor the process of hospitalization
(Lee and Chin 2006), match medications to patients (Anshel and Le0@n) and

provide medical decision support at the point of care (Khosla and Chowdhury 2007).
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key



Furthermore, RFIDattached to items such as pill bottles at home, patient charts, and

medical equipment in the facility (Costlow 20Q4e et al. 2006; Sangwan et al.030

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

hospitals (Shen et al. 2007; Sangwan et al. 2005) have generated useful insights into these
operations. Thée echnol ogy has al so beenanansemehcyt o tr ac
room (Lee et al. 2006). However, dueatcuracy limitations and excessive deployment

cost of such RTLS systems, little is documented about how patex@ive medical care

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

from checkin to checkout can help us understand care delivery within the encounter

rooms, patterns in queueing faervice at various points in the flow, and care
coordination challenges in the clinic. A recent study, entitled "Tremd®FID 2008,"

reports that Ai ncreasingly, wireless ident.i
streamlineand epair a range of healthcare workfl ow
in a tripling of the number of RFHDased applications from 25% otealthcare

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

3 Study Site and Data Collection

The empirical data for thistudywascollectedin an outpatient surgery clinic associated
with a mapr medical center. The servigeovided by this clinic includeconsultant,
procedure, and occupational therd@y). Six physiciangMD), one physician assistant
(PA), and three medical assistar{tdA), along with hundreds of patients a month,
participated in this study. The clinéhares two cheek/out rooms and one waiting area
with other departments and has seven examinatems, oneOT room, and one
procedure room for its own us&.he encounters in this clinic are appointmenénted

and have few walins.



3.1 Conceptud Visit Process Model

Wait for

Checkin Encounter

Encounter Checkout

Figure2. Conceptual Process Model fdmbulatory Care Settings

In any outpatient settingsapentsstart their visit from checkn. After checkin, the
patients then wait in the waiting room to be called for encountensch could be
extended to any services provided by the outpatient setting and could include sub

activities After the encounter is done, patfimish their visit bycheckout (Figure 2)
3.2 Actual Visit Process

In this clinic, @tients enter the clinic fro entrance/exit and cheak in one of the cheek

infout rooms. If both of the rooms are occupied, the patients can wait in the corridor.
After checkin, the patients proceed to the reception desk to hand in documents and then
wait in the waiting room tde 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 desthedulgor the next appointment

in other clinics but alpatiens would need to cheekut in one of the cheek/out rooms.
3.3RFID-enabled data collection

Figure 3 shows ke floor plan of our study siteGen2IR/RFID Monitors installed in 13
locations emitted unique signatures that the badgmsived andransmitted them to the
collecting antennas to record time and location stamped data in eefdasitory on the
network. The red dots indicatéhe locations of the Monitor&en2IR/RFID badges were
assigned to clinic staff on a permanent basis. Whertienparrived at the facility, they
were assigned a badge as part of the cireqkocess. The badges were clipped to a
per sonb6s c | otldnyardgAs patientsvtaveled ttoraugh ghe facility, from the
waiting room to the exam room, etc., themdge provided the RTLS system with
location information every few seconds. If a care provider joined the patient iocime

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



Once the visit wagompleted, the patieneturned the badge to the chemkit person.

This location specific data was logged every 12 seconds with a unique patient identifier
and badgeédentifier. 389 office visits recorded betweelanuarys, 20® andFebruary25,

2000 are analyzedn this study These records are associated wif#fY 8nique patients

and 2 clinicians(4 MDs, 1 PA, and7 MAs) over19business days.
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Figure 3 Floor Plan and RFID Deployment

4 Research Problem and Questions

The primary objective of this research is to develop opticaad 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 geent flow measures that prale@ 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 Markecision Process (MDP) to
discover best practice plans that improve care coordination. We anticipate that this
approach will also increase process visibility and improve service delivetiie next
section, we provide a brief overview of the method@e used and review some of the

literature describing their application to the healthcare field.



5 Methodologies and Models
5.1 Discrete Event Simulation

Simulation enables us to evaluate possible outcomes of various decisions without
physicallyimplementing the decisionlt is also apopularapproach to evaluate different
policies in health care. Since our objective is to evaluatthe impact of different
scheduling rules on patient waiting times, Discrete Event Simulation (DES) istased
evalate differentpolicies andoutcomes Several studies have applied DHES health
careresearch Duguay and Chetouar{f2007) use DES to model and analyze emergency
departmentystems 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 policieson waiting timeand differingcapacity plans.

5.2 Sequential Pattern Analysis

Sequential Pattern AnalysiSRA) is an algorithm to find the repeated or common

patterns among sequences of event transitions. It haswidely applied in electmic

commerce Huang and Huang2009 use SPA to ppulhsingt cons.t
behaviors Zheng et. al.(2007) applied thismethod to analyze clickstream data and

optimize the interface of an electronic medical record systenthis study, we analyze

variability in service delivery by computing the distinct patterns in the sequances

employ SPA to the sequences of patftaws mapped from their specific visttivities.

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

of all possible activities, with cardinality=|A|, t h a t could occur during
visit. Letd, 63,8 , 6 Qlenote the visit sequence for each patient, wgies 1,8 ,&

indicating the™ activity of the patienteax® A,  n. Th® sepuential pattern algorithm is

designed to find the pattefd'Y,"¥,8 ,"YOwhich is a subset df of all visit sequences

that satisfies aninimum support threshaldVhen this minimum requirement is met, the

patternSis included as &equential PatternThe maximaBwhich satisfies the minimum

support threshold idefined as thiMaximal Sequential P&drn.
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5.3 Markov Decision Process

In a Markov tain, the process moves from one statariotherwith a prespecified
transition probability, which depends on the current state only. Markov Decision
Processes (MDP) extend$larkov dhain modek by addingtwo more components:
decisbns at each stage and rewardsn@king the decisionsThe 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 makerdiawe controls over the state
transitions based on pspecified 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 ha 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., 208& et al., 2002). The modehsalsobeen
applied inthe field of health care. For instance, Nunes et al. (2009) used it to study the
control of hospital elective admission&lmar (2001) used the model for prosthodontic
treatmentand McClean and Millard (1998) apply the concept to model patient flow in a
geriatric department, although thdg not explicitly use MDP However, to the best of

our knowledge, noresearches have employed MDP to model and solvethe best
sequence problem for clinician coordinatiorn this study,we aim to findthe best
practie sequencdor providing careas a guideline for care delivery in encounter rooms
The researclguestionthus is whoshould providethe serviceo the patient and in what

orderso that the patig¢rwaiting time can be minimized.

Step 1 Step2 Stepk-1
P Transition Ly Transition L Transition
DecisionO I o, v e
! probability 0(6,) Decision0, probability 0(6,) Decision0g 4 probability 0 (67 ;)

Costd{06,) Costd{0,) _ Costd{oy 1)
Stage 1 =N Stage 2 = > Stage 3 |E w

Figure 4 Markov Decision Process
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We apply the model presented by Bertsekas and Tsitsiklis (1991) with some
modifications. We have a discrdime dynamic systemwithst at es demot ed
If the state isi and controbis chosen athe k™ stage, the expected cost incurred is
640 the system then moves to statwith given probabilityz{ 6. The cost of a
transition from state to statej is a scalatygpthat also depends on A graphical

illustration is givenn Figure 4

Thereforethe expected co$br step 1 in a system which has only one possible starting
statei will be

©0; = By Nep0r G0 MQBY A0y = 1. 1)
The expected cost from all of the possible statestatg at any stefx is

@ 0% = By N% 0q Gnld MQBYL 1% o0 = 1. 2)
A sequenced,0,,8 ,0, 1 , Whereoyis the decision made at stadges called a policy.

Let 0 (6 be the transition probability matrix at tkE stage correspondingThus, there

will be k-1 transition matces for each of thk-1 stages

For any policy* = 06,,0,,8 , we have

Pr "YoQQ Qi M Q@G adiQQ LEQ" "Qoi' =

06,00, 80(%1) @ (3)

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

possible starting statewill be

(I)(')TQ = B'gﬂ:l 6 ()1 6 (')2 8 6 ""Ql -@51@2(')*9,0"@‘97@ 1. (4)
Therefore, ifa(* ) is the expectetbtal costfor policy“ = 04,6,,8 , we have
®* = BRg d{oq )

12
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assuming the above series converges. When the above series is not known to converge,

we use the definition
W =lim inf@ka%;l&(éb), (6)

where thelim inf is taken separately for each coordinate sequencéle say that the

policy

w Z

is optimal if
a“’) = Infe@“ . )
This model has the following assumptions:
a. The system has one possible starting state and one possible terminating state.

b. The distributions ofygare independent of one another.

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

d. Statenis absorbing and the cost associated with stagezero, that is);; 60 =

1,and@ 64, = 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 Tagld Room Id Staff/Patient Id Entered Time Exited Time

02/09 08:0 AM 953 169 MA[22] 08:48AM 08:49AM
02/09 08:00 AM 1118 161 2283 09:03AM 10:02AM
02/09 08:0 AM 758 161 MA[20] 10:00AM 10:02AM
02/09 08:00 AM 4330 161 MD[8] 10:00 AM 10:02AM
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Each record includes information such as date of seramagintment time, badgiD,

room ID, clinicianpatient ID, and the exact time wheniadividual entered andxited a

room. The data is recorded separately for each individual who wears the badge. This is
concatenated in Bgical and chronological order to generate the correct flow sequence
representing a pat i elnit dgisst. Inethe pneauntee mams,gshe d ur i n g
patients may receive care ifnoany combination of MD, PAand MA. They may also

wait in the encounter rooms in between seeing the next provider or wrappafigiuhe

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

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

the overlapped time as meeting time with that clinician. If no clinicianslaserved in

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

the encounteisession. Each of these can be identified based on subsequent events.
Patientsd activiti es delmeated bydheir timé and Boatom r o o m
stamps. When a patient isam area where a Gen2IR/RFID Monitor device haisbeen

installed, we categori zeactitithi s as an Alntransito

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

Table 2. Patient visits in thetudy clinic are composeaf varied combinations of the 24

well defined activities shown in the tabl&.P evsitsi t 6 represents the
patients stay in the waiting r a®gstuatpdst er al |
where the exact lotan 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 detectThe flow sequences are
chronologically constreted ugng the symbols. Figure B an example illustrating the

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

which results in the sequen@@VEMEDJIMYCO.

Location Check-in Intransit Waiting room Exam room Corridor Check-out
Patient &—> e I — ? e >€ »
MD | P e | |
Sequence : I i T | W {E! M IEIDiJ iMiY! C | O
>

TIME
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Figure 5 lllustration of Sequence Formulation in Chronologi®atier

Using this procedure, 38squences were defined for the93@sit recordsdataset 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 (datasdl). R Further

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

R-complete). Considering that the 244 records in datasditd® not represent the actual

visit size of the clinic during the period, we additionally ha¥e actual daily

appointment schedule (including the walls) from the clinic manager, which includes

474 appointments with 53 rghows (dataset S).

Table 2. Activities and Overall Frequency of Access

Label Patient's Activity Frequency Pro(po/(()))rtion
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:Dr. G Meet with 1 MD and 2 MA 2 0.12
%: N Meetwith 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. dugBs 106 6.35
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U Occupational therapy (OT) 1 0.06

F Postvisit 60 3.60
T Intransit 94 5.64
C Stay in corridorig. wait for checkn/out orencounters) 51 3.06
O Check out 207 12.41

Total 1668 100.00

7 Analysis of the Current Process

Table 2 also computes tlfieequency of occurrence of each activity across aitsiand

their proportion in dataset-Bompletel t i s easy t o ineamrootmond t he
is the activity that the patients have experienced the,mnsoste most of the patients

would need to ee multiple clinicians in the encounter. Ranked eend ar-ien Ai@ heck
Acheuk and @i meet Some tombinationd Df .climiciaactivitiesare rare

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

of segences. An analysis of the numbarunique patterns in the seqees indicates

that there are 15unique clinic visit patterns and 9fhique encountgpatterns! This is an

amazing amount of variability in the sequencing26# 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. Mainythintencounterflows contribute to this

variation. In the following sectionswe describe the use of Sequential Patteralysis

and Markov Decision Process amalyze these patterns to understandbibtdenecks in

coordination and sequenciramd further blp to improve thecoordination 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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Figure6. Distribution of P a t i @linid Vssib Time by Physiciarjwaiting time is defined
fompati ents 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 MD or PA. Noticeably, in addition to waiting in the
waiting roombefore encounterf®r 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 patierds time in the clinic varies among physicians, waitinge always
dominaes the total clinic time Figure6 shows the detail break down of time distribution
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for each of the physicianghe mean timeand the standard deviation kcords which
have values greater than zero for each actfaityeach physiciamre further detailed in

Tablel in the Appendix

Different scheduling rules among physicians and assigning slots randomly result in large
variance in appointment rates and patient arrival rates. Figuoe9 show that the
average number of appointments/arriya¢s hourranges from 1 to 11 among physicians
acrossthe day. Additionally, the trend of arrivatgsicallyfollows the same trend as
appointmerg, but usually runs one hoahead othe appointmentrends All the three
graphs show that the peak of the arrivals lies in the second hour after the first

appointment.

From the information givenn Figures 7 to 9, we hypothesize thain addition to the
limited resources, the scheduling rulenay bea significant factor that affects patient
waitingtime. In this paper, weescribe theiseof simulationto verify this hypothesis.
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Figure7. Average appointment and arrival rates for MD8 (Monday)
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Figure9. 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 ,6only MD8 and MD6 have sufficient records to run simulation,
because othephysicians only have records less than 10. Therefore, we are unable to
build a wholeweek 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 andno-show rates, use datasetaR to generate remge rate, and use dataset R
complete to generate the distributions for sojourn time for each activity. Only the data
relaed to MD6 and MDS8 is utilized The system is always initialized between
replications To ensure indepelence among random variables, we assigtifferent

random number seed éach variable. The simuian schema is shown in Figure.10

8.1.1 Patient Generator and Patient Attributes

Figures 7-9 indicatethat the arrival rate is basicaltiriven by the appointments and it
reaches the peak in the second hour of operaiimaverage. Thieads toour modelng

the arrival rate hourly. We assumethat patients arrive in the clinic independently.
Therefore, a nothnomogeneous Poisson progas assumed for our arrival process. To
estimate the parameters, we use the following procedure. Since the dataset R is just a
subsample of the entire visits that the clinic has, in addition to the actual arrival times we
have fom dataset R, we alsstanatearrival times which do not exist in the dataset by
using the c¢clinicds appointment schedule (da
distributions of arrival time deviation by subtracting the appointment times from the
actual arrival timesdr 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 theparameters of our nemomogenous Poisson arrival process.
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Initial Condition
1 Monday 8:00am
1 1MD, 1PA, and 2MA are on duty.
1 6 exam rooms are available.
1 No patient is in the clinic.

v

Determine Expected Patient Arrival Time

No Yes
Show?
No
AssignPatient Attributes

1 Arrival type={Early, On Time, Late}

9 Time deviated fromappointmentime

1 Visit type={Consult with MD and PA, Consult with MD and MA,
Consult with MD, Consult with MEand OT, Consult with PA}

v

Check In
Resourcaised: one cheei/out staff

Yes
Renege?

No

Encounter in Exam Room
Resource usedtifferent sets of
clinicians and one exam room

Dress up in Exam Room
Resource usedine exam room

No

Yes

Encounter in the OT Room
Resource useadine OT room

v

Post Visit and Intransit <

v

Check Out
Resource used: one checkout staff

v

Patient Discharge

l

Figure10. Simulation Schem#or a single MD

After the patients with their expected arrival times are generated, they will be determined
to be ano-show or not (to be discussed later). Patients who show up in the clinic are then

assigned the corresponding attributes used to determine the rigbutistis 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), ontime arrival (with probability .01 for MB and .02 for MD6), and late
arrival (with probability .41 for MD8 and .22 for MD6). The reason to have this
assignment iso enable analysis ofiaiting time from different perspectives. From the

patientsd perspective, ftinmedheyhava spentimvadingt t he

no matter whether they arrive early or not.

view, the waiting time is the time difference between the appointment time and the
roomed time. Therefore, having this assignmeve 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. of 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 patientdés perspective would be 60 minut

perspective would be 30 minuteTherefore, 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 generallydependent on the set of clinicians who
provide serviceHence,the third attributeto be assigned is visit typeFor examplethe
service time of a MD when the MDconducts the entire encounter alone may differ from
the service time of mMD when the MD conducts the encmter with a Rysician
Assistant (PA) The attrilute includes allthe combimtions of major servicescluding
consulting with a MD, consulting with @A, having OT, and having procedureFor
consulting wih an MD, we further check the gpearance of &edical Assistant (MA)
From MD 8 and MD6 sisitsin dataset Rromplete we have dur categoriesconsuling
with MD and PA(regardless of thappearance of a MAconsuling with MD and MA
consuling with MD, and consulting with PAregardless of thappearance of a MA
The probabilities for &h vist type for MD8 and MI® are listedin the first rows of
Table2 and Table3 in the Appendix
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8.1.2 Decision Nodes

The first decision node determines whether the generated patient ish@waor not.

Assuming the neshow rate to be the same across dysthe same physicianwe

obtained a universal rater MD8 to be 10.2% and for MD6 to be 12.44%om dataset

S. From dataset R, we ebrved that some patieri=ave the clinic without receiving

service after cheeclnr. Since some may leave after wagtfor 60 minutes and some may

leave after waiting for only 5 minutes, we simply estimate the renege rate from dataset R.
Assumingthis to beconstant acrosthe daysfor the same physiciarthe renege ratfor

MD 8 is estimated to be 11.2%and MD 6 isestimated to be 13.64%Finally, none of

MD86er MD60s patients have OT, which results

8.1.3 Task Nodes

Task nodes represent the activities that thieepawill experience duringhe clinic visit.

A binary varialte denotes whether the patient will meet with a specific set of clinicians
Thisi s controlled by patientds visit type, w h
physician. The sojourn time ehcountering with different set of cliniciarssa random
number from prespecified distribution.Thetime distribution for checkn, dressup, post

visit, intransit, and checekut is assumed to be independent and is universal across all
patients. The distributions forthe binary variable and time variabdee all estimated

from dataset Rromplete As indicated inBiller 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 andlierssiee of sample tends

to not regct the null, no matter how godlde model is. Usually, a subjective judgment
from Q-Q plot is suggested and sometimes an empirical distribution is preferred. Since
our data is sparsand it is dangerous to make dibtrtion assumptionsempirical
distributions araisedfor many variables in our model despite the thet this may limit

the generalization ability of thmodel. Tables 2 and3 in the Appendixdisplaythe actual
probabilitiesand sojourn time distributies usel for each encounter activifpr MD8 and

MD6. Table4 shows that probability distributions for n@mcounter activities for MD8

and MD6. In addition,a constant sojourn time addedo the first encounter with MD

for each patient to reflecbhysc i an 6 s preparation time for
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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 notfi¢kde presence of the patient.

Si nce e ac hhaht liffess; titei peepataton time is designed to be associated
with the physician.MD8 and MD6 need 2and1.75 minutes for preparation, respectively.

Table4. Time Distributions of Norencounter Activities by Physician

MD8 MD6

ChecklIn Empirical Empirical

DressUp -0.5 + 48 * BETA(0.328, 2.96, 15] -0.5 + 25 * BETA(0.237, 2.79)

PostVisit Empirical -0.5 + WEIB(2.1, 0.705)
Intransit -0.001 + EXPO(5.07, 17) -0.5 + WEIB(2, 0.689)
CheckOut 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 the datawe haveseparate models for MD8 and MD6.
Each work ora single weekdayyiD8 on Mondag and MD6on Wednesday/

(b) Time delays are dependent only BIiD, PA, MA, andavailability of encounter
rooms.

(c) Only physicians are assigned preparation time, which can include reading the
chart and dictatingutside of the encounter roopmmunication time, talking
to other cliniGans being unaware of the presence of patient®nducting
encounters in other dagments and answerirtige phones Other clinicianssuch
asPA and MA can provide service immediately when the patient is in need.

(d) After checkin, as long as there areomas available, the patient will be roomed
immediately.

(e) Postvisit includes the time at the receptidesk for obtainingeferral information.
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() Residents and physicians from other departmentsot wear badgesTherefore,

the time whenhe patientis meeting witht h e m i
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To validate the models, webmpare the key performance measures of simulated results

with the observed dai@able5). Sinceservice tima s

dependent

on t

andcamot becontroled, the major goal of this study is to minimizeaowaiting time.

Therefore, we focus our attemicon waiting time.

From Table, e find that the
observed for MD8 and MD6 are both includedthe 95% confidence intervatf the

simulatedwaiting times, sowe believe this model represents the clinic well.

Table5. Simulation outputs vs. observed data (time in minutes)

he

MDS8 MD6
Observed Simulated Observed Simulated
Mean | Mean: SD 95%ClI Mean | Mean SD 95%ClI
Total Encounter Tim¢ 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 1358 1.53 [13.37,13.79]| 18.36 17.35 1.68 [17.12,17.58]
Total Waiting Time 38.46 38.84 1 25.73 [35.27,42.41]| 36.53 35.50 1 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 tslavhich are prapecified by physicians.

MD8 6 s

Generally,

a p pemgtmig 10 minutes from 8:00am to 1:00pnd MD6 has slots for

15 minuteseachfrom 12:00pm to 4:00pm However, many of the slots are double or

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

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

rules. Each #ternative is simulatedising 200 replication®f a day. To reduce the

variance among scenariaad essure the effect of different scheduling policies, common
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random number technique is usedScenarios which have significargsults are shown
inTable6and 7l n MD8d&s status quo, patients spend
encounters and 21.19 mies in waiting during encounterf®r a total 0f38.46 minutes.

| deal | vy, i f patientsd arrival rates are eqlt
reduced by 7 minutes. However, since there is no way to control patient arrival rates, we

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

Among the different policies we havedd, the last scenario in Table 6-riinuteinterval

for odd hours and ttinuteinterval forevenhoutss r es ul t s waitingtinlee s mal | es

Although scheduling policies do haaeimpact on total waitig time, they do not show

anobvious mpact on fAwaemcoagnt & meo duA thewgairmgwn i n T
times are all around 21 and B#inutes Thereforewe hypothesizehatthereare other

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

hypothesize thatare coordinatiomssueanight be one of theignificantfactors.

Table6. Significant Results for MD8

. Wait | Wait | Total
Scenarios b/f dir Wait P-Value

Status Quo 15.41| 21.19| 38.46

Equal arrival rates 10.80| 20.41| 31.43| <.0005

Equa appt. intervals witt8 empty slots after the'®

13.29| 21.82| 35.32| 0.006
hour

Equal app intervalswith 1 empty slot after th&"™

13.43| 22.26| 35.88| 0.037
hour

Break the number of appt. evenly across hours w
1 fewer slot in each of the" and 4" hours andvith | 13.17 | 21.85| 35.21| 0.017
2 more slots in the last hour

Break the number of appgevenly across houssith
1 fewer slot in each of th&® and 3 hours andwith | 13.98| 21.37| 35.54| 0.023
1 more slot in each of the lash@urs
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10-minuteinterval for odd hours andminute

; 12.18| 20.98| 33.37| 0.001
interval for even hours

5-minuteinterval for odd hours and 1@inute

) 10.95| 20.56| 31.70| < .0005
interval for even hours

Table 7 Significant Results for MB

Wait | Wait | Total

Scenarios b/f dir 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 apm@venly across houssith
1 fewer slot in each of the first two hours amith 2 | 5.70 | 25.89| 31.65| 0.043
more slots in the last hour

8.2 Sequential Pattern Analysis

SPA is applied to datasetd®mplete. Using 9% as the minimum support threshold, the
maximal sequential patterns are shown in Ta&hlan which meeting with clinicians are
marked in bold letters. With the shgest support (3498), EDY (wait for a MD in the

exam roommeet with MQ anddress upis rec@nized as the most common flgattern
amongthe patients. Notably, among thmaximal sequential patterns, patients always
need to wait for the MD. We also notice that MD and M#ethe major providers in this

clinic, and theyoften coordinate sequentiallyvith MA mostly precedingiD. However,

the two roles rarely codMbdionrlty Is@dwh essppor
while the supportdr iIMEDO i s 4 0 %. illustrdiestisat cbondmatibnebetween

MD and MA needs improvement. We believe thadressing thevait time during
encounters through improved coordination and communication between providers has the

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

Maximal Sequential Level of Maximal Sequential Level of
Pattern Support Pattern 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% (6{0) 16.2%
WED 21.1% EDE 15.7%
MEDY 19.6%

8.3 Markov Decision Process Model

We havec | i n i c i-naotios data frommdaaset-Bomplete from which we calculate

the transition probabiies from one activity to anotheand waiting time between

activities From interviews with the clinicds man:
roomed, the sequence of servagtivitiesis unknown andunpredictable Instead, the

decisions evolveluring the encounteprocess Considering that different coordination

seqiences might result in different patient waiting tsn®IDP is employed to find the

best clinician cordination sequence by evaluatimtjfferent sequences as different

policies and patient waiting times as rewardsts

In this study,the state space casts of 10encounter activitiebetween patients and
clinicians and two pseudo statesarting state 0 and terminating state 1 to inditia¢e
states wherdpatient enters the roamand fipatient &its the roomq respectively. The

cost refers to mean wait time between pairs of activities. Thatdggrepresents the
mean time waiting for activity after finishing activityi andc{6+) denotes the expected

waiting time tostatej under decisiomat thek" stage.
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We comparen different policies by altering(0,), which is the transition probability
matrix at the first stage corresponding to decisipunder thepolicy. To compare, we
have the base line poli¢y, which appliesall of the transition probabilitie® 6, G
1,8 ,¢ from the observed data, and alternative politig&x 1,8 ,a applying different
arbitrary0 (0,), while holdingthe otherd 64 ,"Q> 1the same As in the case of the
simulationmodels we have models for MD8 and MD6 separatelihe model converges
at the9" stage foiboth ofMD8 andMDS.

Since the process we face has a single source, only the first r&\{ogj contains non
zero numbers andll other rows are all zeroGiven the availability of data, wean only
evaluate alternative policiésqby perturling g 01 , whereng 0, > 0. Some of he
results of MD8are Istedin Table9. It is shown thatexcept for 5, all the alternatives
are better than the current situatioihe best policy among them ‘ig, with higher

probaility to meet with MAs thammeeing with MD in the first stage.

Table9. Results from MDP for MD8

Policy Ordered Correspondingl; :gaq O M (Waiting Time)
“o MD, 1MA, 2MA, 3MA, MDMA .46, .45, .6, .2, .2 2112
“1 1IMA, 2MA, 3MA, MDMA, MD 46, .45, .6, .2, .2 10.38
“5 MD, MDMA, 1MA, 2MA, SMA 46, .45, .6, .2, .2 15.79
“3 MD, 1MA, MDMA, 2MA, SMA 46, .45, .6, .2, .2 21.11
“a MDMA, 1MA, MD, 2MA, SMA 46, .45, .6, .2, .2 10.63
“5 MDMA, MD, 1MA, 2MA, SMA 46, .45, 6,2, .2 15.56
“6 1IMA, MDMA, MD, 2MA, SMA 46, .45, .6, .2, .2 10.75
‘o 1IMA, MD, MDMA, 2MA, 3MA .46, .45, .6, .2, .2 21.00
It is obvious that AMDO and A1MAO domi

changes improbabilities of MD and 1MA would affect the expected waiting tinve,

conduct sensitivity malysis holding the probabilities of the other thrativitiesto be the
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sameas” . The results of the sensitiyianalysis are shown in Takl®, where the case
of “ ¢ in is highlighted inbold. Table 10 shows that the smalleéhe probability that an
MD providesservice firstthe lesds thewaiting time. In the best case, the waiting time

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

Table10. Results of Sensitivity Analysis of MD and 1MA for MD8

Nicsaso O Nicsa 106 O M (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 similaanalysis for MD6. Tabldl lists the resultsndicating” ; as the
best policy whth assigns activitiethat needMD with low probabilities in the first

transition. Policies” ; to “ g are all worse thahg.
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Tablel1l. Results from MDP for Mb

Policy Ordered

Correspondingl; a:gaq O

M (Waiting Time)

“0 1MA, MD, PA, MDMA, 2MA
“1 1MA, 2MA, PA, MDMA, MD
“5 MD, MDPA, PA, 1IMA, 2MA
“3 1MA, PA, MD, MDMA, 2MA
“4 1MA, MD, PA, MDMA, 2MA
“g PA, IMA, MD, MDMA, 2MA
“6 PA, MD, IMA, MDMA, 2MA
‘s MD, 1MA, PA, MDMA, 2MA

“g MD, PA, IMA, MDMA, 2MA

.66, .21, .05, .04, .04

.66,
.66,
.66,
.66,
.66,
.66,
.66,

.66,

21,
21,
21,
21,
21,
21,
21,

21,

.05,
.05,
.05,
.05,
.05,
.05,
.05,

.05,

.04, .04
.04, .04
.04p4

.04, .04
.04, .04
.04, .04
.04, .04

.04, .04

16.70

14.74

16.34

17.24

16.70

20.70

21.34

18.57

19.75

Here againi MDo0 and @A lMAO

dtagatransitton. €hereféreawe donducs t

sensitivity analysi®f the tradeoff between MD and 1MAolding the probabilities of the

other threeactivitiesto be the same. The results of the sensitivity analysishanen in
Table12, where the case 6fis highlighted inbold. Tablel2 shows that the smalléne

probabilitythatthe MD provides the service firie lesdgs thewaiting time This result

agrees with what we found for MD8n the best case, the waiting time can be reduced by

0.8 minutes, from 16.7 to 15.9 minutes.

Table12. Results of Sensitivity Analysis of MD and 1MA for MD8

Nicsaso O Nictsa 106 O M (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 19.0~194
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9 Limitations and Discussions

I n this study, Centrakdéds RTLS based on
and unobtrusivelata toanalyze patient and clinician flow. More importantly, it enables
capturing the complexity of the process duringeheounterswhich weredeemed to be
a blackbox irprevious studiesThough RTLS providea reliable and consistent means of
tracking the location of the participantaferpreting these activities based only on the
data may lead to false inferences, however. Some observations aliniiceand an
understanding of the requirements in a spgcis¢rvice are necesyato resolve such

ambiguities.

Ideally, the visit pocess should include four activitieeckin, review with medical
assistantmeeting the physiciamnd checkout. However, the observed data indicaes
large variability invisit patterns.Using the data, we determine that dgrthe 67minutes

in the clinig on averagepatients spend 4finutes(62.7%)waiting for the encounters
ard clinicians, andreceive about 13 minutgd9.4%) of care.A well known fact in
gueueing theorys that large varianaeresult inlong waiting time. We observe that the
trend of hourly average number of appointmerssillates dramaticallin a day,ranging
from 1 to 10 Furthermorejt drivesthe trend of hourly patient arrival ratehich also
variesgreatly from 1 to 11n a day Thus the variability resulting from th&cheduling
policy could account forhte long waiting time Therefore, @ reducetotal waiting time

we propose and test varietyof scheduling rulesWhile many ofthe related studies
assume that patients arrive punctually, this study has relaxed the assumptigisoand
allows late and early arrivalsAlthough the suggested scheduling rules given by our
simulation model are tailored for MD8 and MD6, the methodolisgyeneralze-ableto

other requirements

Our study alsdlisplaysthe activities in the encounter roomghich weredeemed to be a
blackboxin prior studies The data shows that in the 42 minutes of waiting, patients
spend 19 minutes (45.2%) waiting lretencounter rooni.o make the encounter process
visible, we first analyze the sequence of activitinsthe encounter room. Sequential

Pattern Analysis shows that the patients in this clinic mainly encotih@®D and MA
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sequentially with MA mostly preedingMD. However,patients seldonmeet theMD

immediately after MA, andheyusuallyneed to wait. A SPA support of 4% for pattern

AMDO andra 9dppPp0% for pattern AMEDO. provi dc¢
This indicates that to improve patient waiting time in encounter roongpoving the

coordinationbetween physicianna medical assistant is the key.

In order t owatingciomepo@r abtmpdénent i nto our analy
coordination sguence,a Markov Decision Process formulated and solvedvhich to

the best of our knowledgés the first attempt in care coordinatistudies We observe

that the first encounter redominantly provided by MD or MA. Thus, we conduct a
sensitivity analysis for different probabilities for MD and MA in the first stageldimg

the others constant. The results indidhi@ the higher probability that the MA provide

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

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 AMDO increases and the SPA support
sequence of care coordination will have no impact on patient waitingsiinee patient

waiting time will itself be approaching zero

In this study, we have developed methodologies to analydeecommendlans for care
coordinationthat minimize some imptant service delivery metrics such as patient
waiting time We have liustrated our models and methodBy appling them to
encountes between patients and cliniciandowever, they are applicable to a broad
variety of care coordinatiorproblems in manyifferent service delivery setting$or
instance, for depression patients in primary care, the state space could be the encounter
activities conducted by different combinatsoand different sequens@f primary care
physicians, psychiasts, and socialvorkers. Inpediatrics, the state space could be
coordinating activities conducted by clinicians and parents. For cancer patients, the state
space could besequences oflifferent treatments. Of even broader scope& the
development oplars for well-coadinated care among different specialties for patients
who have multiplecomplex health conditionsFurthe mo r e the firewardodo or

not necessarilynave to bewaiting time as used in this study. Instead, it could be any
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utility function whichis in organizatio® s i nsuch mslength of stay, severity of

disease, adherence of medication, or level of satisfaction.

Although RFID enables us collect exact and unobtrusiveddatar i ng t he itpati ent
cannot guarantee completeness of tae.d 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 patits go to take an -Xay or wait for the encounter in the

public waiting area beside the elevatde also cannot capture the information when the

physician conducts encounters in other departsieAtsimilar situation occurs when the

RFID Monitor fails to readthe badges. For exampléthe badges are placed in pockets

orpur ses. Both of these si tioaur damn/Aotharr e r eco
dominant situation is that when the patients or clinicians do not wear the badges. For
example, residdgs and physicians from other departments are not assigned badges. Some
physicians and patients refuse to participate in this sflidig 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
condtion, which is too few to fit a distributignresulting in theuse of empirical

distributions inthe simulation study and limiting generakability.

10 Conclusions

This study aims téind best practice plans for care coordination during paéeabunters
with clinicians in the ambulatory care environment by redupatient waiting time and
streamliningpatient flows. Enabled by RFIQtechnology we find that patients wait for
19 minutes in the encounter room, which is account for 45% of thewaiting time.
We observehat the current scheduling ruleasmajor driver ofvariability in the process,
which accounts fothelong waiting time. Our simulation modelsavesuggestd better
scheduling rules for MD8 and MD6SPA shows thatare @ordination among the many

providers especially physicians and medical assistatusing 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, MBi®ows thathaving MA providing

the service first in the encounter can reduce patient waiting tinhe iertcounter by 27%.
Thesemethods and approaches are generalizeable to other care delivery settings and have

the potential to improvhealthcare servisesignificantly.

There are several extensions possible for this study. With a more complete dataset,
simulationoptimization can help determine the best scheduling policy using a simulation
model for the whole clinic, where the input data is fitted witissical distributions. With
detailed data on walln patients, we can further identify a best wailkpolicy which
specifies how many slqgtat what timeshould be reserved for waikn s . Having pat
health records, we can identify different patteat flow for different groups of patients
based on their clinical history and past visit requirements and further develop a flexible
schedulingpolicy. The MDP model can be further developed to incladleer cost
functions such as new service delivery criteria, more complex states, varying transition
probabilities and resource constrairiigally, an evaluation study needs be conducted

to compare the performance of the clinic before and #feanterventionsecommended

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

realized
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