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Project Overview 

Geisinger Community Medical Center (G-CMC), which is the newest campus of Geisinger 

Health System located in the city of Scranton, PA, is believed to function below its capacity of 

beds. Their current bed capacity was determined empirically. They want to systematically 

determine bed configuration to enhance efficiency of operations. 

The goal of the project is to build a robust model to support strategic bed allocation 

decisions at the G-CMC. One of the primary goals of the project is to ascertain the relative trade-

offs and relationships between changing the current bed capacity and/or its distribution and how 

these choices will affect the quality metrics of individual units and the hospital as a whole. One 

example of the potential trade-offs is that the increase in bed occupancy rates may negatively affect 

hospital wait times.  

To achieve the goal, a simulation optimization model is built. The complex interactions of 

operations and patient flows are captured by simulation model and an optimization model is built 

to generate at least local optimal bed allocation solutions by using simulation model to evaluate 

performance of different bed allocation scenarios. 

Company Background 

Geisinger Health System 

Founded in 1914, Geisinger Health System (GHS) is one of the nation’s leading fully 

integrated health service organizations, providing both healthcare services and health plans. GHS 

is a physician-led, not-for-profit organization that serves 2.6 million residents and 467,000 plan 

holders located throughout the central, south-central, and northeastern parts of Pennsylvania. The 

organization has over 21,000 employees split across different service levels including 1,100 multi-

specialty group practices (clinics), 6 hospital campuses, and two research centers. GHS is best 

known for early adoption of Electronic Health Record (EHR) use and its ProvenCare® system [1] 

[2].  

The Geisinger Community Medical Center (G-CMC) is Geisinger’s newest campus that 

merged with Geisinger Health System in February 2012.  G-CMC provides critical care services 

throughout Lackawanna County and is based in the city of Scranton, PA. Compared to other 

Geisinger hospital campuses, G-CMC has a more urban setting [3].  
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The expansion at G-CMC that began in June 2013 is set to be completed in 2015 with the 

addition of a 19-bed intensive/critical care unit as well as a 14 room-operating suite.  

Current Operations at G-CMC 

Figure 1 : Hospital Operations Flow Diagram 

 

 

G-CMC is composed of four care level units: Intensive Care Unit (ICU), Step-

down/Special Care Unit (SCU), Telemetry Care Unit (Telemetry), Medical Surgical Unit 

(Med/Surg.). ICU provides the highest level of care followed by SCU, Telemetry and Med/Surg.  

There are four types of arrival sources: Emergency Department (ED), Direct Admissions (DA), 

Hospital Transfers (HT), and scheduled surgeries admitted via the Post-Anesthesia Care Unit 

(PACU). Among these, the ED is the primary arrival source and accounts for 71% of total 

admissions. In the hospital, inpatients are moved to upstream or downstream stations as their 

condition changes. Figure 1 depicts the flow of operations at G-CMC provided by Geisinger.  
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ICU, SCU, Telemetry, and Med/Surg. have 17, 18, 46, and 175 licensed beds out of which 

17, 16, 46, and 91 beds are respectively staffed. Among 256 licensed beds across four levels of 

care, 170 beds are staffed.  

Following the Joint Commission standards, one current performance metric at G-CMC is 

the maintenance of ED wait times below the threshold of 4 hours [2].  G-CMC currently has lower 

bed utilization rates and waiting times relative to Geisinger’s other campuses.  In addition to this, 

0% diversion rate, which has been successfully achieved at Geisinger Medical Center (GMC), is 

a metric they aim to maintain at G-CMC.  Although the patient placement team has targeted 85% 

bed occupancy level as a rule of thumb, currently, Geisinger does not have the target bed 

occupancy rates at G-CMC. 

Process Flows at G-CMC 

In this section, we explain the process flow for each of the four arrival sources and the 

internal transfer mechanisms across the four levels of care at G-CMC in detail. 

Process Flow for Emergency Department 

In cases of emergency (ED) type of arrivals, a patient initially goes to the emergency 

department. After an early assessment (triage) by a trained nurse, patients go through an 

assessment by a physician in ED. Service is then provided to the patient in the ED until they are 

discharged or a physician decides that they need to be admitted to the hospital for further care. 

Typically, when a physician assesses that a patient needs to be admitted, s/he submits a “decision 

to admit” order for a bed in a given care unit. If admitted, the hospitalist (a doctor in the unit) 

assesses the patient and decides whether this is the right level of care for the patient and if an 

admission is actually appropriate. If the hospitalist agrees, an “admission request” is made and 

patient placement services are notified to find a specific bed within the relevant unit. Figure 2 

shows the process flow from ED to SCU. 
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Figure 2 : Process Flow for Emergency Arrivals 

 

Process Flow for Hospital Transfers and Direct Admissions 

A hospital transfer is the transfer of a patient from another hospital to G-CMC.  This type 

of arrival is initiated by a call from the hospital in which the patient is currently staying.  Similarly, 

a direct admission occurs when a clinic doctor calls and requests admission of his patient to G-

CMC.  For both types of patients, if admitted, patient placement service at G-CMC makes a bed 

reservation in a unit within one of the levels of care.  If the transportation time of a patient from 

his current hospital to G-CMC is less than his bed preparation time, then the patient is asked to 

wait in his current hospital, otherwise patients are assigned directly to a bed upon their arrival at 

G-CMC.  Likewise, in the case of no available bed, a direct admission patient waits for an opening.  
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Patients of both types are rarely rejected, since Geisinger aims to operate with 0% diversion rate.  

Figure 3 depicts the process flow of both types of patients.  

Figure 3 : Process Flow for Hospital Transfers and Direct Admissions 

 

Process Flow for Scheduled Surgeries  

The arrivals admitted via post anesthesia care unit (PACU) are for scheduled surgeries, 

which first go through the pre-procedure preparation in hospital. After their operation is over, these 

patients spend time in a bed in recovery room that does not belong to any one of the levels of care.  

Depending on their condition in recovery room, these patients are transferred to a bed in a unit that 

had been assigned to them when they came to the hospital for operation.  For instance, if a patient 

is scheduled to have a surgery at 10:00 AM, then depending on the patient’s condition a bed is 

reserved for this patient starting at 10:00 AM.  Figure 4 describes the flow of PACU patients. 
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Figure 4 : Process Flow for Scheduled Surgeries 

 

Process Flow for Internal Transfers 

Once a patient is assigned to a bed in a unit, s/he becomes an inpatient at G-CMC.  

Depending on multiple reasons, an inpatient may change the unit and the bed he currently occupies.  

Primarily, the change in medical condition of a patient may result in changes in beds and units.  If 

the doctor assesses that a patient is getting better, his level of care may change.  In other words, he 

would need less medical treatment compared to other patients with his initial condition and hence 

can be moved to a downstream unit.  Likewise, if a patient gets worse, s/he should get more intense 

medical treatment and therefore should be moved to an upstream care unit.  For instance, if a 

patient in SCU gets better he moves to Telemetry where s/he is monitored less as compared to 

SCU.  On the other hand, if s/he gets worse, s/he is transferred to ICU where he gets constant and 

close monitoring.  Figure 5 illustrates the internal transfers within G-CMC. 
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Priority Rules 

 Upon excessive requests of limited beds in any care level, if it is an internal transfer, 

upstream movement always has higher priority than downstream movement in order to ensure that 

patients receive care at least as good as their target level of care.  Between downstream movements, 

in general, the patient from the higher care level has priority to secure a more valuable bed. 

However, if the unit of lower care level is very crowded whereas the higher care level unit has 

enough room, then a patient from more crowded care level may be prioritized.  

 As a general rule, internal movements take priority over admissions. Geisinger’s “no 

diversion policy” can lead to newly arrived patient being assigned to a bed in a unit one level of 

care higher than their target level of care when the ideal unit is at full capacity.  

 Among new admission requests, the priority is given in decreasing order of DA, HT, 

PACU, and ED.  ED admission has lower priority compared to other types of arrivals since a 

patient can stay in ED bed until being admitted.  

Figure 5 : Process Flow for Internal Transfers 
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Deliverables: Decision Support Model and Data Analysis 

We design a decision support model specific to G-CMC in order to support their strategic 

bed capacity decisions. The core insights that the decision support model elucidates are:  

 How many beds should G-CMC ideally staff at each level of care? 

o Quality metrics of particular importance include Length of Stay (LoS), bed 

utilization rates by units, and boarding times (the time a patient spends in an 

inappropriate bed). 

o The critical trade-offs between quality metrics. 

 If we assume that we only have 170 staffed beds available, how should the beds be re-

distributed across the units? 

Our decision support model aims to add value by balancing bed configurations that increase 

bed utilization in units operating below capacity with the ones that reduce wait times for units 

operating above capacity.  Improving bed utilization for units operating under capacity will not 

only decrease bed maintenance costs and valuable capital costs worth up to $750,000 per bed for 

ICU but will also increase accessibility and productivity of G-CMC which will help Geisinger in 

serving a higher patient volume in the future.  

We design a flexible model which can also be used to uncover other dependencies inherent 

to the Geisinger system. For instance, the decision makers can use our the model to reveal 

similarities among certain units that can be used to implement and analyze the effects of swing 

rooms, which is out of the scope of our project [4].  

Beside the decision support model, we also conduct a detailed data analysis and provide 

the following key insights specific to G-CMC: 

 Classification of patients according to their bed needs which can be used by Geisinger in 

other clustering analysis. 

 Identification of patient paths. 

 Documentation of daily seasonality of patient arrival, discharge, and internal movements. 

 Identification of length of stay distributions for different attributes such as age groups, 

arrival types and level of care. 

 Documentation of arrival and discharge pattern in each level of care. 
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Approach 

The decision support model is based on simulation. By combining simulation and what-if 

scenario analysis, we can capture the complexity of the system behavior and generate specific 

solutions to support decision makers at the same time. 

Simulation offers the advantage of developing more comprehensive models without having 

to rely on too many simplifying assumptions. It can capture the complexity of the system without 

compromising flexibility. Even though the nature of capacity problems varies widely in the 

literature, the consistent use of a simulation-based approach implies a point of convergence. One 

constraint of simulation is that while it can model most of the features of a realistic setting it cannot 

prove the optimality of the results. 

By simulating the processes at G-CMC, we can conduct what-if scenario analysis by 

changing patient mix and volume and bed capacities in units. This analysis would provide 

guidelines for making adjustments to current system operation by capturing tradeoffs between 

performance measures and identify the bounds for G-CMC under which it can meet its 0% 

diversion policy. 

Literature Review 

The internal dynamics of a hospital and the high variability in patient demand make the 

modelling approach of Operational Research (OR) ideal for studying capacity management and 

bed allocation problems. We reviewed a plethora of studies on capacity management and bed 

allocation in hospitals in OR literature. 

Typically, capacity management and bed allocation studies are limited to discussion within 

an ICU unit. One reasoning for this finding is that high-level care beds are extremely expensive to 

build and operate.  An intuitive solution adopted by most hospitals to compensate for the high cost 

of these beds is to operate ICU units at near full capacity [5].  Operating under a high occupancy 

policy can inadvertently cause congestion, prolonged boarding times, and other systemic 

limitations that can negatively affect patient outcomes.  

Kim et al. [5] evaluated the bed allocation schemes and the system performance in the 

intensive care unit through the following metrics: bed utilization, average number of patients 

waiting in the queue, average time spent in the queue and in the system, number of cancelled 

surgeries, number of patients treated and rejected per year.  

Green [6] investigated the common practice of using the average bed occupancy levels as 

primary measure to make bed capacity decisions. Using queuing models, she estimated bed 
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unavailability in intensive care units and obstetrics units according to various patient standard 

delays. She distinguished patient delays depending on the consequences of the delays on the 

medical condition of patients.  She argued that the level of identified insufficient bed capacity in 

each unit contrasted sharply with the level of bed unavailability found based on average occupancy 

targets such as federal target of 85% bed occupancy.  

Although most of the studies focused on ICU unit, Holm et al. [7] modeled the patient flow 

throughout the entire hospital in Akershus University Hospital, Norway. In Norway, it is not a 

common practice to reject patients or re-route them when the units reach their full capacity. 

Instead, they have ‘crowding beds’ which are beds placed in the corridor of the ward or “crowded” 

into a room with other patients. They first used simulation and then applied optimization, using 

statistics obtained by the simulation model to find best reallocation of beds to different wards that 

minimized the use of ‘crowding beds’.  

Nguyen et al. [8] proposed a novel multi-criteria score to find optimal hospital bed 

capacity. Productivity, security, and accessibility criteria were used to determine the optimal 

number of beds. For productivity, they ensured that the number of unoccupied beds do not exceed 

a threshold. They investigated the number of days with more than U unoccupied beds. For security, 

they assessed daily transfers to another unit due to full bed occupancy in a given unit. Finally, for 

accessibility, they examined the number of days with less than S unscheduled admissions. 

Combining these criteria, they developed an optimization model that minimized the standard 

deviation and the mean of their score.  

Defining appropriate quality metrics is critical to evaluate the system performance 

properly. Therefore, understanding the non-linear relations between the different metrics that 

govern the performance of health systems was also a concern in several publications. Ridge et al. 

[9] observed that the percentage of the emergency patient transfers is non-linear with respect to 

the number of beds, when simulating different scenarios by modifying the number of beds 

available in an intensive care unit. Harper et al. [10] also noted that there is a complex non-linear 

relationship between the number of beds and occupancy and refusal rates. 

Apart from these studies, Pines et al. [11] conducted a detailed analysis of exogenous 

variables that affect national performance measures related to the emergency department. The 

exogenous factors included the annual ED visit volume, percentage of patients younger than 18 

years old, and percentage of patients older than 65 years old. They found that the characteristics 

affected by these exogenous factors included waiting times and LoS for both discharges and 

admitted patients. 
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Methodologies 

There are various methodologies to address bed capacity problems in the literature that 

have different strengths and weaknesses. 

Simulation is one of the most widely used approaches in bed capacity management 

problems. One major aspect of the simulation design is the classification of the different patients 

that arrive at the system.  One solution clustered the patients that arrive in a maternity center into 

10 different types, related by the paths that they take through the hospital, the length of stay in 

each unit and the arrival rates to the hospital [4]. Another framework made the main classification 

on whether the patient was planned or had an ‘emergency status’ [9]. In other cases, the 

classification corresponded to the nature of the trauma of the patient at the emergency room, or to 

the specialty of the hospital into which the patient was admitted. In all of these cases, patient types 

are categorized by the distributions of their length of stays. The methods used for grouping patients 

include the use of statistical classification alongside regression tree analysis and k-means 

clustering procedures [10] [12]. 

The arrival rate of the patients is another key aspect when simulating a complex system. 

Altinel et al. [13] noted that the arrival rates at the polyclinic of a hospital in Turkey seemed to be 

dependent on the day of the week as well as the time of the day.  They also discovered that arrivals 

had seasonality depending on the month of the year. This seasonality was taken into account by 

modeling the arrivals with a non-homogeneous Poisson process. 

When simulating a health system, the presence of outliers is also taken into consideration. 

Patients were classified as outliers if they stay in beds from a care-unit other than their appropriate 

bed [10]. Additionally, blocking is also accounted for in some models and is defined as the length 

of time that a patient, having already been assigned, waits before moving to a new unit [4]. 

It is necessary to validate the accuracy of the simulation model. The basic idea is to 

compare a performance metric based on the real data with the simulated results for the same metric. 

Particularly, Altinel et al. [13] based the validation on construction of confidence intervals around 

the differences between the means of the samples obtained by the actual system and the model 

output. 

Although simulation allows for modeling of complex stochastic systems without strong 

assumptions compared to other methodologies, it only enables comparison and evaluation of 

specific what-if scenarios. Due to this limitation, simulation is often used in combination with 

optimization. The combined approach generates synergy by capturing the stochastic nature of the 
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problem and comparing scenarios within the simulation, while also supporting the decision making 

process by generating tangible solutions that optimize objectives and satisfies a set of constraints.  

Several approaches exist to combine simulation and optimization approaches. Yolanda and 

Anu [14] describe some of the approaches including statistical methods such as ranking and 

selection, heuristic methods such as simulated annealing and tabu search, stochastic optimization 

and gradient based search methods such as finite difference estimation. Another approach is to 

calculate stochastic parameters in an optimization model by generating their values from 

simulation, then finding an optimal solution, and finally repeating the procedure until steady state 

solution is detected or until the standard deviation of the solution is obtained. Uribe et al. [15] 

applied this approach to support capacity allocation decisions in a manufacturing industry setting.  

On the other hand, Ahmed and Alkhamis [16] first defined a finite set of feasible solutions and 

used simulation to compare the solutions in sequence to find an optimal ED staffing level. 

Another variation of simulation-optimization models is using multiple objective functions. 

Sepulveda [17] presented a simulation-optimization model with multi-objective heuristics, which 

minimized patients’ waiting time and closing time and maximized chair utilization and nurse 

utilization. Simulation was used to analyze a variety of characteristics from different scenarios. 

Afterwards, goal programming was used to find the best set of alternate solutions. This approach 

gives the decision makers more flexibility when comparing trade-offs between objectives. 

Kokangul [18] used the parameters of a simulation to build an integer non-linear 

programming model to maximize admissions while satisfying target service and occupancy levels 

and to simultaneously minimize the amount of violations of target service and occupancy level. 

Akcali [19] used integer programming to model bed capacity allocation over a relatively short 

period (8 periods). They obtained statistics of random parameters and relationships among 

variables using simulation, and fed that data into an optimization model thereby converting a 

stochastic optimization problem into a deterministic optimization problem. Given that the bed 

capacity can only be changed in batches, the integer-programming problem becomes a restricted 

bed capacity planning problem and can be modeled as a network flow problem. This network flow 

problem can be solved using Dijkstra’s algorithm. Holm et al. [7] used the statistics obtained from 

simulation and applied the greedy algorithm to address the problem of best reallocation of beds 

that minimizes use of ‘crowding beds’. One of the advantages of this approach is that the optimality 

of the solution can be proven. However, deterministic optimization only works well when the 

problem formulation is relatively simple. When dealing with more complex integer programming 

problems, the deterministic approach becomes computationally intensive.  
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Another technique used to connect simulation to optimization is regression. Kokangul [18] 

used regression on the outcomes of a simulation model.  In conjunction with sensitivity analysis, 

regression can also be applied to determine the desired capacity allocation.  Kim et al. [5] modeled 

the trade-off between bed occupancy and patient outcome (LoS, Mortality, and Transfer Up to 

Higher Level of Care) using a latent probit model and then incorporated it into a multi-variate 

linear cost function to get the relationship between control parameters and patient outcome. Using 

sensitivity analysis, they provided hospital managers a tool to quantify patient outcome metrics 

under different operating occupancy levels. 

Data Description 

The dataset provided by Geisinger represents the raw source of the input for our simulation.  

In this section, we describe the data structure and then we describe the methodology used to extract 

information from the data. 

The dataset covers the time period from October 2012 to December 2014, and it consists 

of 28,352 encounters, i.e. 28,352 distinct patient flows inside the hospital. 

Data Structure 

Encounters 

The data is structured in a way that one encounter represents the flow of one patient from 

arrival to discharge (each encounter has a unique identifier associated with it). For each encounter, 

Geisinger records the following information about that patient. 

1) Hospital Admission and Discharge Times: 

The data records admission to and discharge from the hospital of each patient. From this 

data we can extract the LoS distribution for validation purposes of the simulation. 

2) Age Groups: 

In the dataset patients are classified into age groups determined by Geisinger. This 

information is taken into account for clustering the patients because we believe that the age of the 

patient influences the total time a patient stays in a unit.  

3) Arrival Types: 

 In the dataset Geisinger sub-categorized the four main arrival sources explained in earlier 

sections. Since we are only interested in these four arrival sources, we cluster the sub-categories 

as shown in Table 12 in the appendix. 
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 In the case where patients arrive through ED, we can track the time at which they arrive in 

ED and the time at which they leave for their initial bed. 

Events 

One encounter is composed of multiple events. Each row in the data set corresponds to an 

event. From each event, there are four key aspects that we can extract: 

1) Physical Unit, Room, and Bed Location of Patient during an Event: 

At the moment, the unit name in which the patient physically stays is described with more 

categories than the four main initial categories discussed (ICU, SCU, Telemetry and Medical 

Surgery). We cluster these sub-categories as shown in  
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Table 13 in the appendix. Some of these units can be associated with more than one service 

level, without being considered as a misallocation. 

2) Event Types: 

The data provides two types of events such as “In Event Type” and “Out Event Type”. The 

most relevant combinations of these two items and their interpretations are described below: 

Table 1 : Event Types 

In Event Type Out Event Type Description 

Admission Transfer Out This event describes the time a patient stays in the first 

room during his visit to the hospital. 

Transfer In Transfer Out This event describes the time a patient stays in a room of 

the hospital that is not the initial one he visits upon arrival. 

Transfer In Discharge This event describes the time a patient stays in the last 

room during his visit to the hospital. 

 

 

Table 2 : Emergency Admission Event1 

Admission Patient 

Update 

This event describes the time a patient arrives at his initial unit 

(very commonly ED) but at the end time of this event he changes 

care unit and a bed is requested. 

Patient 

Update 

Transfer 

Out 

In this event he already changes care unit but he physically stays in 

the same bed until the requested one becomes available. 

 

Table 3 : Updated Level of Care Event2 

Transfer In Patient 

Update 

This event describes the time a patient arrives at a particular bed but 

at the end time of this event he changes care unit and a bed is 

requested 

                                                           

1 These two pairs of events appear in two consecutive lines (generally inpatients with emergency arrival type) 

2 These two pairs of events appear in two consecutive lines (generally for inpatients that go from one level of care to 

another) 
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Patient 

Update 

Transfer 

Out 

In this event he already changes care unit but he physically stays in 

the same bed until the requested one becomes available 

 

 In the dataset, we observed that there are many other ‘Patient Update’ events that are not 

associated with a change in level of care.  

3) The Initial and Target Care Unit of the Patient: 

The initial and target care unit of the patient represent the care unit housing a patient and 

the one where the patient should be housed. A patient does not always get treatment at the correct 

care level. This occurs when patient’s status is updated but a bed is not yet available at their target 

level of care. 

We aggregated data in order to represent the four main categories of interest. This is 

described in Table 14 in the appendix.  

4) The Initial and Target Service Line of a Patient: 

The data also provides the initial service line and the target service line. In most of the 

cases, the service line remains the same during the whole visit, but sometimes there is a patient 

update in which the service line changes. In Error! Reference source not found., the different 

service lines of G-CMC are given. It is notable that when a patient arrives through the ED, the 

initial service line is EMERGENCY MEDICINE (GCMCEMR), and then it changes when the 

patient gets assigned to a bed in one of the units. 

Data Analysis 

Data Pre-processing 

As described in the data structure section, the raw data received from the client was 

structured in a way that one encounter has multiple associated rows, which describes the flow of a 

patient from admission to discharge. We use R programming language to process the raw data into 

two datasets. 

In the first dataset, each row represents one encounter, and each encounter has the 

following attributes: service line, age group and the path of the patient inside the hospital. In the 

second dataset, the rows represent each visit of the patient to a particular care unit and its respective 

service times. The age group and service lines are also included as attributes for each point of this 

dataset. 
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Arrival Rates 

 Figure 6 shows the arrival distribution for each day of the week and hour of day provided 

by Geisinger. The maximum arrival rate in each unit is between 15:00 and 17:00 while the 

minimum arrival rate is between 04:00 and 08:00. 

Figure 6 : Weekly and Hourly Arrival Rates 

 

As seen in Error! Reference source not found., the distributions of different types of 

arrivals during the time of the day are not identical. For example, PACU arrivals start no earlier 

than 5 AM due to their scheduled nature.  Also, the daily arrivals into different units (target level 

of care) show different distributions as shown in Error! Reference source not found.. Both 

observations imply that different types of arrivals must be modeled separately in the simulation 

model. 

Length of Stay (LoS) 

The average LoS is 3.89 days and has a range from 0 to 202 days. However, the distribution 

is highly skewed, as there is only 1 instance that has LoS longer than 100 days and the proportion 

of LoS longer than 25 days is 0.43%. This can be seen in Figure 7 below. 
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Figure 7 : Distribution of Length of Stay (LoS) 

 

LoS distribution differs by factors such as age, initial target level of care, and arrival type. 

These results support that patients can be stratified by age, level of care, and arrival type. 

Moreover, it can also be analyzed if service line affects LoS distribution to further stratify patients. 

Figure 8 : LoS by Age Group 
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Figure 9 : LoS by Initial Target Level of Care 

 

Figure 10 : LoS by Arrival Type 
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Level of Care Flow Statistics 

Figure 11, Figure 12, Figure 13 and Figure 14 give a brief summary about the patient 

movements in ICU, SCU, Telemetry and Med/Surg. respectively. The outflow movement, i.e. the 

number of discharges from a unit (not necessarily from hospital), are concentrated around noon. 

This means that, patients are discharged/moved to another unit in batches, which we incorporated 

in our simulation model. 

As seen from the graphs, there exists a discrepancy between peak discharge times and peak 

arrival times in all units. This implies that delay in boarding can be reduced by adjusting discharge 

process such as discharge staff allocation. 

Figure 11 : ICU Statistics 

 

Figure 12 : SCU Statistics 
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Figure 13 : Telemetry Statistics 

 

Figure 14 : Med/Surg. Statistics 

 

Boarding Times 

Table 4 shows the average boarding times from each unit to another unit. We observe high 

average boarding times for patients in ICU going to any other unit. Additionally, patients in SCU 

and Telemetry wait almost 2 days to be transferred to Med/Surg.  
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Table 4 : Average Boarding Times Between Each Unit in Hours 

From\To ICU Med/Surg. SCU Telemetry 
Grand 

Total 

ED 2.52 3.45 3.08 3.13 3.25 

ICU - 39.52 38.40 36.23 38.01 

Med/Surg. 9.32 - 14.69 12.19 11.92 

SCU 18.27 46.43 - 26.45 31.08 

Telemetry 15.00 41.58 14.66 - 34.25 

Test 0.77 1.07 0.85 0.90 0.87 

Grand Total 7.82 12.77 20.36 7.32 10.97 

 

Figure 15 shows the distribution of boarding times which is highly right-skewed. Most of 

the boarding events last less than a day. However, we see outliers in the data where patient 

boarding lasts more than a month.  

Figure 15 : Boarding Time Distribution 

 

Figure 16 shows the cumulative distribution of boarding time that is less than a day. For 

ICU, almost 80% of the boarding times are less than 8 hours, while it is almost 18 hours for other 

units. 
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Figure 16 : Cumulative Time for Boarding Events Less than a Day 

 

Utilization 

Table 5 shows the average utilization in each unit based on the given number of staffed 

beds. Also, the utilization caused by the patients waiting to be moved to their target unit i.e. the 

utilization from mismatches, was calculated. As seen in the table, ICU is the most underutilized 

unit and utilization caused by delay of patient transportation is higher in higher level units. 

Table 5 : Average Utilization 

 Number of Staffed Bed Average Utilization Utilization From Mismatches 

ICU 17 65.03% 29.80% 

SCU 16 82.74% 11.92% 

Telemetry 46 85.75% 12.55% 

Med/Surg 91 84.73% 1.82% 

 

All utilizations are calculated by the formula below, which is, total capacity used divided 

by total capacity available. 

Utilization Unit =
𝑨𝒎𝒐𝒖𝒏𝒕 𝒐𝒇 𝑻𝒊𝒎𝒆 𝑼𝒏𝒊𝒕 𝑼𝒕𝒊𝒍𝒊𝒛𝒆𝒅 

(𝑻𝒊𝒎𝒆 𝒔𝒑𝒂𝒏 𝒐𝒇 𝑫𝒂𝒕𝒂𝒔𝒆𝒕) × (#  𝒐𝒇 𝑩𝒆𝒅𝒔 𝒊𝒏 𝑼𝒏𝒊𝒕)
 

Patient Classification  

There are 4 arrival types (ED, PACU, DA, and HT), 9 different age groups and 41 different 

service lines that a patient can belong to. To stratify patients, we clustered the age groups into 5 

groups based on statistical significance of each group in our model. Similarly, we clustered and 

reduced service lines to 11 different groups.  
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We used linear regression of service times against age to cluster age groups. In every run 

of the regression model, age groups with high p-value (>0.05) were merged with the base age 

group and the regression was run again using the new merged age groups as the base age group to 

identify and club any further groups which had significantly high p-value. This method was 

repeated with different age brackets as the initial baseline each time and the model with the most 

significant values was chosen. A similar methodology was applied to the service lines. The 

combined linear regression of service times against age, service line and arrival type was also 

tested at each stage in order to ensure overall statistical significance of the model.  

We also tested first unit of entry as a possible stratification measure but found that arrival 

types were more significant than first unit of entry. 

The resulting 4 arrival types, 5 age groups and 11 service lines were used to produce 220 

different clusters of patients which move in different levels of care in our simulation. 

 The new clusters for the service lines and the age groups are given in Table 6 and Table 7 

respectively. 

Table 6 : Service Line Clusters 

Cluster  Service Lines in a Cluster 

1 Cardiac Cath Lab (GCMCCCT), Otolaryngology (GCMCENT)  

2 
Cardiac Surgery (GCMCCDS), Med - Hospitalist Service (GCMCMDH), Med - 

Medicine Service (GCMCMDM) 

3 Cardiology (GCMCCAR),  

4 
Critical Care Medicine (GCMCCCM), Orthopaedics (GCMCORT), Plastic 

Surgery (GCMCPLS) 

5 
Neurology - Epilepsy Management (GCMCNEM), Endocrinology (GCMCEND),  

6 
Family Medicine (GCMCFPR), Med - Teaching Service (GCMCMDT), Med-

Hospitalist B (GCMCMHB), Med-Hospitalist C (GCMCMHC) 

7 
General Surgery (GCMCGLS), Podiatry (GCMCPDT), Thoracic Surgery 

(GCMCSTH) 

8 Med-Hospitalist A (GCMCMHA),  

9 Emergency Medicine 

10 Neurosurgery (GCMCNES) 
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11 

Pain Management (GCMCPAI), Pediatrics (GCMCPED), Pulmonary Medicine 

(GCMCPLM), Psychiatry (GCMCPSY), Urology (GCMCURO), Vascular 

Surgery (GCMCSVC) 

 

Table 7 : Clusters for Age Groups 

Cluster Ages Included 

1 18-44 

2 45-54 

3 55-64 

4 64-74 and >90 

5 75-89 

Service Times  

In order to generate service time in the simulation, we first tried to fit probability 

distributions for service times in each unit for each of the 220 different clusters of patients. We 

used Expertfit software to fit distributions to the service times extracted from raw data but none of 

the fitted distributions was able to meet the goodness-of-fit criteria. 
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Figure 17 :  Med/Surg. Service Time Distribution for PACU Arrivals in Service Line Cluster 4 

and Age Group Cluster 4 

  

Figure 17 shows an example of the service time distribution for a PACU patient in 

Med/Surg unit who belongs to service line cluster 4 and age group cluster 4. However, the 

distribution of service time data for the given cluster of patients, as well as service time distribution 

of other patient clusters, do not follow any known probability distribution. As it can be seen in 

Figure 17, the shape of the histogram suggests that there are multiple overlapping distributions. 

Therefore, we chose to use a sampling approach to generate service times in our simulation model. 

To be specific, the service times of patients are randomly selected from the historical service times 

taken by patients of same cluster in the corresponding unit. 

Seasonality 

 Due to the privacy of health records, the dates in the dataset were masked. The entire record 

of an encounter was moved to a day back within a month or forward within a month. This limitation 

of dataset restrained us from performing seasonality analysis to understand the effect of seasonality 

on the bed capacity decisions at G-CMC. However, we were still able to reflect the hourly and 
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weekly seasonality using the historical arrival rate provided by Geisinger as shown earlier in 

Figure 6. 

Patient Flow Paths 

The patient path records the flow of patients inside the hospital. We aggregated the 35 

different units into 4 main care levels – ICU, SCU, Telemetry, Med/Surg, plus two other categories 

– ED and Testing. Testing represents all other miscellaneous units. Even though some patients 

move 12 times within one encounter, the results show that the majority of patients (99%) made 

less than or equal to 5 moves during each encounter. 

Figure 18 : Total Number of Patient Stops at Different Care Levels 

 

Apart from this, there are a total of 477 different types of paths a patient can follow. The 

top 20 most frequent types account for 90% of the total paths. 
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Figure 19 : Top 20 Most Frequent Pathflows 

 

The detailed path counts are included in Table 16, which can be found in the appendix. 

Simulation Overview 

We developed the simulation model of G-CMC processes on Simio platform to emulate 

the patient treatment process at G-CMC. Simio is an intelligent object based simulation package 

that allows for robust modeling of real world hospital systems by modeling patient movements 

and internal hospital processes. 

Experimental Design 

1- Arrival Process: We generate arrivals according to a non-homogeneous Poisson process 

for each arrival type, ED, HT, DA and PACU. We use the arrival rates provided by 

Geisinger that varies for each arrival type for each hour of each day. For example, the rate 

of ED arrivals between 00.00-01.00 am on Monday is 1.2 patient per hour whereas HT has 

a rate of 0.02 patient per hour for the same time period on the same day. Upon their arrival, 

we assigned patients a path based on their patient type we specified.  

2- Patient Initialization and Pathway: Upon arrival, patients are assigned to one of the 

clusters and a path is assigned based on conditional probability distribution of paths. Based 

on each cluster the paths show the sequence of units the patient would take during the stay.  

3- Priority Rule: We assume that patients are admitted to their first hospital bed when a bed 

in their target unit becomes available on a first come first serve basis. 
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4- ED and Test Unit: The test unit and emergency department both are assumed to have 

unlimited service capacity. This assumption is made because the capacity of emergency 

department and testing unit are outside the scope of our project. 

5- Service Time: Patients are stratified by arrival type, service line, age group, and level of 

care. The simulation then samples from the service time dataset of these patients to 

determine a service time. The service time for a patient at each unit s/he visits is determined 

by sampling from the set of service times taken by patients in the same cluster in the same 

unit from the historical data. 

6- Mismatched Unit: Patients may receive an equal level of care in the unit directly above 

when their target unit is full. For example if SCU is full, a patient requesting SCU level of 

care may be placed in an ICU bed. These patients are assumed to have the same service 

time distribution as those who receive care in a matched level of care unit. 

7- Mismatched Care Disruption: If a unit is full when a new patient requests service the 

simulation clears beds by moving mismatched patients’ already receiving service to the 

correct level of care. If a patient is moved we assume that the service time in the previous 

unit should be subtracted from the overall service time at that level of care to determine the 

service time in the new bed. 

8- Boarding Time: Patients whose next bed is not immediately available board in their 

current bed. During boarding a patient is not receiving service but they do hold their last 

bed and queues may build up. 

9- Discharge Process: As seen in Error! Reference source not found., discharges hardly 

occur between 8 pm and 10 am. To reflect this operational procedure, we added the rule in 

the simulation that whenever discharge request is made between 8 pm and 10 am, the 

discharge is delayed with a probability of 0.8 and is processed in the next 10 am to 8 pm 

time period with a uniform probability.  
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Figure 20: Discharge Pattern 

 

 

Warm - Up Period Analysis 

Since we start the simulation with an empty system/hospital, the early behavior of 

simulation would be different from the behavior when the system is in steady-state. This early 

behavior of the system may lead to underestimation of the steady-state performance of the hospital 

utilization. To eliminate the initial bias, we implemented the warm up period. Figure 21 depicts 

that changes in the utilization of each unit change with the length of simulation period. We observe 

that in each unit the utilization reaches a steady-state after around 20 weeks and hence we set the 

warm-up period accordingly. 
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Figure 21 : Warm-Up Period Analysis 

 

  

 We also conducted t-test to obtain statistical support for our choice of warm-up period [4]. 

After 20 weeks, there is no statistically significant difference in the average utilization level in the 

following 20 weeks and until 1 year in all units as shown in Table 8. 

Table 8 : t-test for Warm-up Period 

Unit 

Utilization Level 

t-statistics 

(t(0.025)=2.306) 

0-20 weeks 20-40 weeks 40 - 52 weeks 

Mean Variance Mean Variance Mean Variance 

ICU 56.8113 2.7483 61.6496 4.9602 61.5545 4.5956 -0.0870 

SCU 66.5577 6.1565 72.6459 5.9486 71.7094 4.2260 -0.8304 

Tele 84.5476 1.1635 89.6964 0.8458 89.4514 0.5099 -0.5951 

Med/Surg. 87.7246 0.1773 91.1686 0.0858 90.9295 0.0957 -1.5876 

 

Number of Replications 

We followed the methodology of selecting the optimal number of replications in the 

literature [4]. The method described by the authors checks the average utilization values along 

with 95% confidence level half widths for different values of replications and selects the number 

of replications for which the half width is within 5% of the average utilization value. We applied 

the same method to our model and found that for 8 replications the above mentioned criteria is met 

across all units. The numbers are reproduced in Table 9. 
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Table 9 : Mean and Half-Width of Utilization by the Number of Replications 

Unit 

8 Replications 6 Replications 4 Replications 

Mean 
Half-

Width 
% Fit Mean 

Half-

Width 
% Fit Mean 

Half-

Width 
% Fit 

ICU 61.94 2.963 4.8% 61.5545 4.2017 6.8% 59.3405 4.0952 6.9% 

SCU 71.9527 2.7389 3.8% 71.7094 4.0292 5.6% 70.4909 4.2353 6.0% 

Med/Surg. 91.0001 0.4241 0.5% 90.9295 0.6062 0.7% 90.6658 0.8356 0.9% 

Tele 89.4037 0.9453 1.1% 89.4514 1.3996 1.6% 89.1036 1.7294 1.9% 

 

Running Period of Simulation 

In order to identify the running period of simulation that produces the best results and also 

balances the tradeoff between simulation accuracy and computational time, we extracted the 

average utilization and the half-widths for 18 and 24 month long simulation runs as shown in 

Error! Not a valid bookmark self-reference.. Shorter simulation lengths were not chosen since 

our warm up period is long at 20 weeks. The difference in average utilization and half-widths 

across the 2 simulation lengths is minimal and can be attributed to system randomness. Hence we 

chose 18 months as the length of the simulation, which seemed to match to the real system while 

using 20 minutes less computational time per iteration.  

Figure 22: Half-Width of Utilization at Different Lengths of Simulation 
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fall within the statistical confidence interval of the simulation utilization except for ICU as shown 

in Table 10. 

Nevertheless, our overall margin of error is below 5% for ICU and Med/Surg., 

approximately 7% for telemetry and approximately 12% for SCU. We believe that the model 

approximates reality fairly well considering the limited information in the data, such as bundled 

service time and lack of monthly seasonality, and complexity in real operations at G-CMC such 

as priority rules and flexible beds.  

Table 10 : Validation of Simulation Utilizations 

Unit Utilization (Data) Utilization (Simulation) % Difference 

ICU 65% 62% 4.62% 

SCU 82% 72% 12.20% 

Med/Surg. 85% 89% 4.71% 

Telemetry 85% 91% 7.06% 

 

Results and Suggestions 

Scenario Analysis 

With our simulation model we can measure how G-CMC performances with specific 

control parameters. This enables us to find the value of control parameters which improves 

performances while satisfying requirements on quality metrics and other performance measures.  

As we have seen in the literature review, there are certain key performance measures that 

guide the decision-making and planning process in hospitals. Taking into account the operations 

and bed capacity management objective of Geisinger, we consider the following measures to 

evaluate different bed configuration scenarios. 

 Utilization: Average utilization level of each unit. 

 Service Rate: Fraction of time a unit is full. 

 The Number of Mismatches: The number of patients assigned to units at one level higher 

than their target unit. 

 Boarding Time: The time patients wait until assigned to a new bed upon an inter-unit 

transfer. 

In line with Geisinger’s objective of delivering the right care at the right time, we set our 

primary objective to maximize the number of patients who are treated in the right level of care 

unit. In other words, we aim to minimize the number of mismatches. Our second objective is to 
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minimize the boarding time for each unit. However, minimizing the number of mismatches may 

lead to longer boarding times. Noticing the trade-offs between these conflicting objectives, we 

decided to suggest a set of scenarios where each one has its own pros and cons. Furthermore, as 

one deliverable from the scenario analysis, we suggest potential directions of improvement on 

system efficiency which can support strategic decision making at G-CMC.  

What-If Scenarios 

After the validation phase of the simulation model, we evaluated different scenarios that 

enabled us to understand the effects of changing number of beds on key performance metrics such 

as utilization and waiting times. Initially, eight scenarios were evaluated. The scenarios were 

designed in such a way that for every scenario there was at least one other scenario against which 

we could compare, such that we could isolate 1 unit at a time and measure the impact of changes 

in that unit on the utilization and waiting times of the entire system. These scenarios are 

summarized in the table below: 

Table 11 : Bed Configuration in Initial What-if Scenarios 

Scenario Base 1 2 3 4 5 6 7 

ICU 17 15 15 15 17 17 17 17 

SCU 16 16 12 18 16 12 16 16 

Telemetry 46 46 46 46 40 52 46 46 

Med/Surg. 91 91 91 91 91 91 85 97 

Combined 

SCU/Telemetry 

62 62 58 64 56 64 62 62 

The base case corresponds to the current configuration of beds at the hospital. The 

following scenarios were evaluated to understand the effect of adding or removing beds in a 

particular unit (without changing the number of beds at the other level of care) on the overall 

system performance. Even though the impact of beds is non-linear as we change the number of 

beds in a single unit, the scenarios provide an approximate sensitivity analysis. A brief description 

is provided below: 

 Scenario 1: The ICU unit has 17 licensed beds, so increasing the number of beds at this 

unit is infeasible (right now it operates with the maximum number of staffed beds possible). 

Thus, we want to analyze the effect of reducing the number of beds in this unit. 
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 Scenario 2: We compared this scenario with scenario 1 by reducing the number of beds in 

SCU. 

 Scenario 3: We compared this scenario with scenario 1 by increasing the number of beds 

in SCU. 

 Scenario 4: We compared this scenario with the base scenario by reducing the number of 

beds in Telemetry. 

 Scenario 5: We compared this scenario with the base scenario by increasing the number of 

beds in Telemetry to its maximum. Since SCU and Telemetry combined cannot have more 

than 64 beds we reduced SCU beds to 12. 

 Scenario 6: We compared this scenario with the base scenario by reducing the number of 

beds in Med/Surg. 

 Scenario 7: We compared this scenario with the base scenario by increasing the number of 

beds in Med/Surg. 

 Scenario 8: In this scenario we allocated all the pooled beds to SCU. 
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The results for all eight scenarios are represented below: 

Figure 23: Utilization vs Boarding Time 

 

..  

From these initial eight scenarios, we got a first understanding of the direction in which the 

boarding times and utilization moved in all care units when changing the number of beds at a 

particular unit.  

For example in the graphs we can see that increasing the number of beds in the medical surgical 

unit does not steadily decrease the waiting times, but it decreases significantly the utilization in all 

the care units. On the other hand, decreasing the number of beds in the medical surgical unit 

significantly increases the utilization in all other units but also increases the waiting times. From 

these observations we concluded that we wanted to analyze the effect of reducing the number of 

beds at the medical surgical unit in a wider range. Therefore, we decided to investigate the effects 

of having 82, 85, 88 and 91 beds in medical surgical unit. 

 By analyzing the initial eight scenarios, we decided the range of beds to explore at each of 

the other three care units based on the same analysis of tradeoffs between boarding times and 

utilization as we explained for the medical surgical unit. In the case of SCU, we concluded that it 

was relevant to evaluate 12, 14, 16 and 18 beds and in telemetry 43, 46, 49 and 52 beds. In ICU, 

decreasing the number of beds did not make much sense and given that the upper bound for the 
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number of ICU beds was reached we only evaluated the other scenarios keeping ICU fixed at 17 

beds. The combination of all different bed configurations selected resulted in 64 scenarios to 

evaluate. 

 After taking into consideration the constraint that the number of combined beds in SCU 

and telemetry units could not exceed 64 beds, 20 of the initial 64 scenarios were removed and we 

ended up with the definitive 44 scenarios to evaluate. These scenarios are running and its results, 

analysis and final suggestions will be presented to the client.  

Challenges and Limitations 

The decision support model we developed has limitations that we need to acknowledge.  

Although we had a clear understanding of the processes inside G-CMC, our study was primarily 

limited to the information available on the dataset provided. To begin with, the dataset does not 

capture the complete and detailed process that a patient goes through in the hospital (the complete 

process was described in the Process Flow section). For instance, the data set does not include any 

information about a patient until the assignment of his/her initial bed.  

Secondly, we used non-homogeneous Poisson process with the arrival rates provided by 

Geisinger to model the arrival process since we could not analyze the arrival process from the raw 

data that was shuffled by date attributes. However, the literature suggests that non-homogeneous 

Poisson process may not describe the arrival process of a hospital accurately. In addition to that, 

we could not capture the monthly seasonality and reflect it in our simulation model. 

In the dataset, we cannot differentiate between the actual service times that a patient 

receives treatment and the time spent for operations such as bed cleaning and transportation of 

patients between units and the idle time patient spends in his/her current bed without receiving 

treatment.   

Another limitation in the simulation model was that the emergency room was out of the 

project scope. However, in the case of ED arrivals, we had to model the time spent in emergency 

room to capture the patient flows in the hospital. We assumed infinite capacity in emergency room 

in the simulation model where each arriving patient gets a bed without experiencing any delay. As 

currently constructed, the system counts the time in ED as ED service time. However, new 

comments from the client were received stating that the ED time in the data should be considered 

as boarding time. This change in detail will be incorporated in the model presented to the client.  
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Finally, at G-CMC beds are opened and closed on an ad-hoc basis without exceeding the 

licensed number of beds in each unit and when necessary the beds were shared across units 

especially across SCU and Telemetry. However, the raw data does not include any information on 

level of beds. Therefore, we could not capture the pooling effect in our simulation model to its 

complete extent.  

Extensions 

Simulation Based Optimization  

Evaluating what-if scenarios showed us how the performance metrics change with the 

adjustment of bed capacities in each unit. Taking what-if scenario analysis as a starting point, we 

can define tighter search space in OptQuest, a metaheuristic optimization tool in Simio, to identify 

the optimal bed allocation. 

Due to the limitation of computation resources available and time, we were not able to run 

OptQuest. However, if the required resources are provided, it must be the next step to further 

elaborate our suggestions.  

Simulation Model Elaboration 

As an extension to our study, we can further elaborate the model by incorporating 

additional data to overcome the challenges and limitations we face. Based on the final feedback 

we received from the client, we would run the model by excluding the emergency service time and 

considering it as the part of boarding time of ED patients, and by including bed cleanup time and 

transportation time of patients between units. Moreover, taking the isolation beds into 

consideration would further improve the ability of the model to reflect the real operations, given 

the fact that the isolation beds have distinguished characteristics. Also, it is possible that service 

time differs if a patient receives care in a unit other than his/her target unit. The model would be 

able to generate more reliable results if the impact of mismatch is addressed. 

Demand Projection 

As G-CMC is expecting increase in future demand, the model can be used to forecast the 

system operations upon the increased demand by adjusting arrival rate. 

 

 



43 
 

Conclusion 

In this project, we focus on assisting G-CMC, which is the newest hospital campus within 

Geisinger Health Systems, in making bed capacity decision to improve the efficiency of their 

operations by conducting extensive data analysis and developing a flexible decision support model. 

Our model maps changes associated with bed capacity to the systemic response and allows 

decision makers a better understanding of the linkage between the bed capacities, waiting times 

and overall utilization by unit. Given the limitations, our model cannot provide an exact optimal 

capacity decision. However, we provide a robust methodology that can be employed to support 

decision making process at G-CMC with the required data. 
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Appendix 

 

Table 12 : Admission Source Clustering 

Admission Source Type of Arrival 

Dir Adm from Geis ED (EO) ED 

Direct Adm from a GHS O/P Clinic (OU) Direct Admission 

GEISINGER ED ED 

Ref from outpt clinic, surgicenter (OP) Direct Admission 

Referred/Adm by Fam Phy (RP) Direct Admission 

Routine Admission (RA) PACU / Scheduled Surgery 

Transfer from a different med/surg hosp (TA) Hospital Transfer 

Transfer from a Rehab Center (TR) Hospital Transfer 

Transfer from a skilled nursing facility (TE) Hospital Transfer 

Transfer from a terminal care facility (TT) Hospital Transfer 

Transfer from another facility (TO) Hospital Transfer 
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Table 13 : G-CMC Units and Their Associated Level of Care Delivery 

I UNIT Level of Care 

A2 ASU DISCHARGE IP GCMC Intermediate Room* 

A2 ASU INTRAOP IP GCMC Intermediate Room* 

A2 ASU PACU EXTEND IP GCMC Intermediate Room* 

A2 ASU PACU IP GCMC Intermediate Room* 

A2 ASU PRE GCMC Intermediate Room* 

A2 SURGERY OR IP GCMC Intermediate Room* 

B1 ENDOSCOPY IP GCMC Testing_miscellaneous** 

B1 ENDOSCOPY IP INTRA GCMC Testing_miscellaneous** 

B1 ENDOSCOPY IP PRE GCMC Testing_miscellaneous** 

B2 CATH LAB INTRA IP GCMC Testing_miscellaneous** 

B2 CATH LAB IP GCMC Testing_miscellaneous** 

B2 CATH LAB PERIOP IP GCMC Testing_miscellaneous** 

B3 PEDS IP GCMC Med/Surg 

D1 EMERGENCY MEDICINE GCMC ED 

D1 INTERVENTIONAL RADIOLOGY INTRA IP GCMC Testing_miscellaneous** 

D1 INTERVENTIONAL RADIOLOGY IP GCMC Testing_miscellaneous** 

D1 OUT OF RADIOLOGY IP GCMC Testing_miscellaneous 

D2 CRITICAL CARE IP GCMC ICU 

D2 CTICU IP GCMC ICU 

D2 ICU IP GCMC ICU 

D2 OR INTRAOP IP GCMC Intermediate Room* 

D2 OR PACU EXTEND IP GCMC Intermediate Room* 

D2 OR PACU IP GCMC Intermediate Room* 

D3 MS IP GCMC Med/Surg 

D4 SURGICAL IP GCMC Med/Surg 

D4 TRAUMA/NEURO IP GCMC Med/Surg 

D5 ACU IP GCMC SCU or Telemetry*** 

D5 NSJR IP GCMC SCU 

D6 MS IP GCMC Med/Surg 

D6B MS IP GCMC Med/Surg 

D8 ICCU IP GCMC SCU 
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D8 TELEMETRY IP GCMC Telemetry 

DIALYSIS GCMC Testing_miscellaneous 

 

* Testing_miscellaneous is a type of unit where patients stay for very short periods of time and 

can be associated with any of the four main care units. 

**Intermediate Room is a type of room that can be visited by any type of patient (Any of the 

four care levels) and is not considered as a misallocation or waiting time for a target room. 

*** This unit will be associated with Telemetry or SCU according to the data.  

 

Table 14 : Level of Care Clustering Rules 

I LEVEL_OF_CARE Associated Care Unit 

Med Surg Med/Surg 

Surgical Overnight Med/Surg 

In/Out Surgery Med/Surg 

Critical Care (ICU/CCU/PICU) ICU 

Special Care (SCU) SCU 

Outpatient Cardiac Cath Testing_miscellaneous 

EMERGENCY ED 

Outpatient Interventional Radiology Testing_miscellaneous 

Outpatient Non-Surgical Procedure Testing_miscellaneous 

Outpatient Endoscopy Testing_miscellaneous 

Obstetrics Med/Surg 

Diagnostic Services Testing_miscellaneous 

Telemetry Telemetry 

 

Clustering of the levels of care present in the data into the four main care units  

* Testing_miscellaneous is a type of unit where patients stay for very short periods of time and 

can be associated with any of the four main care units. 
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Table 15 : Service Lines 

Hospital Service Lines 

Cardiac Cath Lab (GCMCCCT) 

Cardiac Surgery (GCMCCDS) 

Cardiology (GCMCCAR) 

Critical Care Medicine (GCMCCCM) 

Donor Organ Harvest (GCMCDNR) 

EMERGENCY MEDICINE (GCMCEMR) 

Endocrinology (GCMCEND) 

Family Medicine (GCMCFPR) 

Gastroenterology (GCMCGAS) 

General Surgery (GCMCGLS) 

Gynecology (GCMCGYN) 

Hematology (GCMCHEM) 

Interventional Radiology (GCMCIVR) 

Med - Hospitalist Service (GCMCMDH) 

Med - Medicine Service (GCMCMDM) 

Med - Teaching Service (GCMCMDT) 

Med-Hospitalist A (GCMCMHA) 

Med-Hospitalist B (GCMCMHB) 

Med-Hospitalist C (GCMCMHC) 

Medicine (GCMCMED) 

Neurology - Epilepsy Management (GCMCNEM) 

Neurology (GCMCNEU) 

Neurosurgery (GCMCNES) 

Oncology (GCMCONC) 

Ophthalmology (GCMCOPH) 

Oral Surgery (GCMCOLS) 

Orthopaedics (GCMCORT) 

Otolaryngology (GCMCENT) 

Pain Management (GCMCPAI) 

Pediatrics (GCMCPED) 

Peds Hospitalist (GCMCPDH) 
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Plastic Surgery (GCMCPLS) 

Podiatry (GCMCPDT) 

Psychiatry (GCMCPSY) 

Pulmonary Medicine (GCMCPLM) 

Thoracic Surgery (GCMCSTH) 

Trauma (GCMCTRS) 

Urology (GCMCURO) 

Vascular Surgery (GCMCSVC) 

 

Table 16 : Patient Path Flows in G-CMC 

Path Count of Path Cumulative Percentage 

ED->Med/Surg 7582 26.74% 

Med/Surg 6711 50.42% 

ED->Telemetry 4276 65.50% 

Telemetry 2481 74.25% 

ED->Telemetry->Med/Surg 1273 78.74% 

ED->SCU 400 80.15% 

ED->Med/Surg->Telemetry 368 81.45% 

ED->ICU->Med/Surg 349 82.68% 

ED->ICU 302 83.75% 

Testing_miscellaneous->Telemetry 242 84.60% 

Telemetry->Med/Surg 237 85.4% 

ED->ICU->Telemetry 229 86.24% 

ED->Med/Surg->Telemetry->Med/Surg 199 86.95% 

ED->SCU->Med/Surg 166 87.53% 

Med/Surg->Telemetry 165 88.11% 

ED->ICU->SCU 155 88.66% 

ICU->SCU 149 89.19% 

ED->Telemetry->SCU 135 89.66% 

Med/Surg->SCU 125 90.10% 

ED->Med/Surg->SCU 96 90.44% 

 


