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Chapter 1

INTRODUCTION

Objectives of Study

Hospital administrators are faced with problems of allocating
resources, where there are competing demands for the resources from
multiple sources. One such allocation problem is the subject of this
research. Namely, the problem of distributing beds among various
services within the hospital is an allocation problem confronted by a
number of hospital administrators.

The bed allocation problem may be briefly described as follows.
Each service within the hospital has a requirement for beds. However,
the magnitude of the requirement varies over time in a random fashion.
When demand exceeds the number of beds available in a given service, a
patient must either be admitted to some other service or be turned away
from the hospital. The hospital administrator must weigh the conse-
quence of allocating too few beds to a service, along with information
concerning the demand for each service, and make decisions regarding
the distribution of beds among services.

It is the objective of this research to bring quantitative analysis
to bear on the bed allocation problem. In achieving this objective,
models will be developed to assist the hospital administrator in deci-

sions concerning the allocation of beds within the hospital.



Importance of the Topic

The determination of how beds are to be allocated among the services
of a general acute hospital is of major importance. The provision of
patients' health needs and effective hospital management are both depen-
dent upon the decisions for distributing this resource. Improper
distributions can contribute to inadequate care of patients (where
patients may be located in hospital areas that are inaccessible for
desired treatment and observation), the rising cost of hospital services
(due to an overabundance of beds in some service areas), the loss of
patients to other hospitals and/or lengthy admission waiting lists.
Also, staff sizes and the number and Tocation of treatment facilities
are directly proportional to how beds are allocated to meet demands.

The problems indicated have been recognized by Blumberg [1], who
states:

"Beds which are unoccupied in a hospital are

insurance against the risk of not having enough beds when

the number of patients goes higher. The 'premiums' for

this insurance are made up by the cost of having unoc-

cupied beds and include uncompensated depreciation on

the facilities and the cost of the staff who are partly

idle when beds are unoccupied. The former is almost

negligible while the latter is substantial."

“Too few beds result in increased health hazards

while too many beds lead to higher dollar costs."

The Tatter remark implies the dual (but conflicting) objectives of

today's hospitals, i.e., maximize service to patients and at the same

time minimize health service costs. Likewise, typical reactions of



hospital administrators who have been confronted with the problem have
been:
"My obstetrical facility is either feast or famine.

Why is it I'm short of beds one week and have nobody around
the next?" [25]

"If the number of beds that will be available for new

admissions on any given day were known in advance, reser-

vations could be made for exactly that number of admissions,

much as is done by the airlines, and nearly everyone would

be admitted on the date established." [5]
Fortunately, the bed allocation problem can be solved as will be seen
in Chapter 4. 1In addition to contributing to the improvement of health
care and hospital management, perhaps this research will also demonstrate

the usefulness of applying similar quantitative analyses to other areas

of the health field.

Formulation of the Problem

The bed allocation problem is a complex problem involving a number
of interacting factors. Therefore, any attempt to capture all facets
of the real world problem in a model would not only be a difficult
undertaking, but, probably, impossible. One approach which can be taken
is to develop a large scale simulation model of the system having a
high degree of realism. Unfortunately, such an approach is very expen-
sive. Further, a simulation model is not easily manipulated and
cause-effect relationships cannot be easily identified.

As an alternate approach, a very simple, deterministic model can

be developed. The resulting model could be solved inexpensively, easily



manipulated, and cause-effect relationships could be easily ascertained.
However, the model would not be a realistic representation of the
system.

Neither of the above approaches was chosen for this study. It
was felt that an analytic model was preferable to the simulation model.
Furthermore, many of the complexities of the bed allocation problem
are due to the randomness involved. Thus, a deterministic model would
fail to capture the essence of the problem.

In order to make the bed allocation problem explicit, let

C = total number of beds available for allocation

n = number of hospital services to which beds are to be allocated,
i.e., medical, surgical, obstetrics/gynecology and pediatrics

C. = number of beds allocated to service j, j =1, ..., n

W, = weighting factor to reflect the penalty for turning a patient
away from service j

X = average number of patients arriving per day for service j

P.(c.) = proportion of patients turned away per day from service j,

given Cj beds available.

The bed allocation problem is formulated in this study as follows:

n
C . ) 3B (c. 1-1
Minimize f(C) i wJAJPJ(cJ) (1-1)
n
subject to Yy c.<C (1-2)
.=.I J -
J
c. >0 j=1, ..., n (1-3)



Since patients arrive at a daily rate of Aj at service j and Pj(cj)
percent are turned away, the average number of patients turned away per
day at service j equals ijj(cj). With each patient turned away at
service j a penalty of Wj is incurred. Thus, the average daily penalty
for turning patients away is given by Equation (1-1). It is desired
that beds be allocated among services such that the penalty is mini-
mized, subject to the restrictions given by equations (1-2) and (1-3).

It is pointed out that the bed allocation formulation given by
Equation (1-1), (1-2), and (1-3) is a simplification of reality. How-
ever, it is felt that the model successfully captures a number of the
interesting aspects of the problem. Thus, the model should be of
assistance to the hospital administrator in coping with the bed alloca-
tion problem.

One aspect of the formulation bears further examination. Namely,
the proportion of patients turned away per day from service j must be
expressed analytically. The proportion of patients turned away per day
can also be interpreted as the probability an arriving patient finds all
beds in service j occupied. The latter is a function of the rate of
arrival of patients, their length of stay in service j, and the number
of beds available. Since these factors are those common to a queueing
problem, it was decided to employ a queueing model in obtaining the
value of Pj(cj) in Equation (1-1).

Each service within the hospital can be visualized as a separate
queueing system. In the formulation adopted in this research the queue-
ing systems are treated as independent systems. The number of beds

allocated to a service is analogous to the number of servers in the



queueing system. Therefore, Pj(cj) is the probability all "servers"
are busy in "queueing system" j. It remains to identify the probability
distribution for the arrivals of patients and their corresponding lengths

of stay. This determination is treated in Chapter 3.

Scope and Limitations

This research is concerned with the bed allocation formulation
given in the previous section. Due to the relative simplicity of the
model, a number of factors were not included in this analysis. For
example, the following factors were not explicitly accounted for in
the formulation: Patient's sex, age, admitting diagnosis, type admis-
sion (elective or emergency), and transfers between services once
admitted. Physical layout constraints of the hospital have not been
considered in relation to the number of beds allocated per service.
Further, it was assumed that steady state conditions exist within each
service of the hospital. The inclusion of these limitations in the
problem solution is discussed in Chapter 6 under the section, Recommen-
dations for Further Study.

Throughout the research the following services were considered:
medical, surgical, obstetrics/gynecology, and pediatrics. Data were
gathered from one hospital for these services and the bed allocation
procedures of four hospitals were analyzed to gain familiarity with the
problem. These four services are felt to be representative of the
divisions found in most small to medium sized general acute hospitals.
Even though this research was limited to a treatment of four services,

the techniques employed are equally valid for any number of services.



Order of Discussion

This research was performed in five phases: model formulation,
literature search, data analysis, optimization, and analysis of results.
In presenting the results of this research the following order of dis-
cussion is employed. Chapter 2 presents the results of a search of the
literature for research related to the bed allocation problem. Chapter
3 contains the results of an analysis of data gathered from the Radford
Community Hospital, Radford, Virginia. Chapter 4 provides a discussion
of the procedure for determining the optimal allocation of beds among
the four services. Chapter 5 presents both an analysis of results
obtained from a study of the sensitivity of the model and solutions
to some typical bed allocation problems. Finally, Chapter 6 provides a
summary of the research and a listing of recommendations for further
study. Included in the Appendices are summaries of the data gathered at
the Radford Community Hospital and documentation of the Fortran computer

program written in support of this effort.



Chapter 2

SURVEY OF THE LITERATURE

Introduction

Several articles have been reviewed that either address the bed
allocation problem directly or use the result of some scheme to assign
beds to services when considering the overall admissions scheduling
system. However, none of the research has revealed an analytic treat-
ment of the problem of allocating beds to services at a minimum penalty
to the hospital. Bed requirements have largely been resolved through
forecasting (using regression analysis), analyzing the daily census
under assumed probability distributions or through the use of average
demands, without a treatment of optimization.

The purpose of this chapter is to present the results of the survey
of the Titerature and to describe the techniques which have been used
previously to distribute beds within a hospital. The discussion will be
presented in three parts, where articles are grouped that deal with bed
allocation techniques, admissions and scheduling and a stochastic model

for the behavior of the daily census, respectively.

Bed Allocation Techniques

Blumberg [1] and Weckwerth [25] have assumed a Poisson distribu-
tion for the daily census in order to arrive at predictions of bed
needs. Blumberg defines distinctive patient facilities, DPF's, as

different nursing units in a hospital, where similar care is required

8



by patients with 1ike illnesses. He has developed a table, based upon
Poisson distributed daily censuses, that permits the determination of
the number of beds (for a DPF) that will result in a completely occupied
facility on an average of one-day in 10, one-day in 100 or one-day in
1,000.

Similarly, Weckwerth formulates the proportion of time that an

exact number of beds are full using the Poisson distribution as follows:

(b) = (ADC&b!e'ADC (o)
where:
P(b) = proportion of the time that exactly b beds
are full given an ADC
ADC = average daily census

Then, the following formula is applied:

D=T7 P(b)
b
where:
D = the number of days for the time interval T
(usually 365 days)
g P(b) = overall proportions of time that exactly b

or more beds are full.

A table of values, generated from the formula 2-1, is provided to
indicate the number of days per year that a hospital might have an
insufficient number of beds to satisfy demands. Thus, according to

Schonick [21, p. 1483],
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"Blumberg and Weckwerth are examples of advocates of using

the Poisson distribution for planning the size of a hospital

facility to accommodate a given average daily census with

a predetermined probability of overfill."

As will be seen in the section entitled Queueing Model in Chapter 3,
a consideration of multiple hospital services implies the use of an
M/M/c queueing model. The probability that the system is full is not
Poisson distributed for the problem under consideration in this thesis.

Goldman, Knappenberger and Eller [7] have used a computer simula-

tion model to analyze bed allocation policies for:

1) Beds to services, where beds were allocated to restricted
services (pediatrics, obstetrics and intensive care) to meet
the demand 95%, 85% and 75% of the time, with the remaining
beds available to unrestricted services (medical, surgical,
orthopedic and gynecology) on the basis of average demand.

2) A1l beds to private rooms.

3) Beds to private rooms, semi-private rooms and four-bed wards
in accordance with average room type demand.

4) Assigning the largest possible number of beds to four-bed

wards and any remaining beds to private and semi-private rooms.

The technique used was to test the orthogonal sets of differences
between main effect means using the variance estimates obtained through

replication. Upon simulating 365 days of operation they observed:

1) No significant effect on average annual total bed utilization

was observed for any of the policies tested.
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2) The beds to service allocation policies had a significant
effect on the average annual total of patient days waited
(where patient days waited is assumed to mean waiting for
admission).

3) At high levels of bed utilization, satisfaction of demand in
the unrestricted services a relatively large per cent of the
time resulted in extremely high waiting time; hence, such a
policy is unwise under these conditions.

4) At Tower levels of bed utilization, the allocation policy had

no apparent effect on waiting time.

It was concluded that none of the policies considered independently
could be declared generally superior on the basis of the data reported.

A multiple regression model for predicting future bed needs for
different types of hospital demands has been developed by Brooks and
Beenhakker [2]. They first selected 117 possible independent variables
and then determined the relationships that existed with the dependent
variable (number of patients) for 19 different case classifications
(i.e., obstetrics, newborn, medicine, cardiology, etc.). This resulted
in selecting a multiple regression equation for each case classifica-
tion containing from two to five of the most important independent
variables for predicting bed needs.

In another study, Thompson and Fetter [24] considered the extent to
which the size of the obstetrical service (as measured by number of
patients discharged) affects its average occupancy, for the purpose of

predicting maternity service requirements. Using a simulation model
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with the distributions of occupancy and service times as input, and
varying the numbers of admissions per year, the number of beds required
were predicted for the maternity service at 90%, 95% and 99% service

levels. Some of their results were:

1) Bed investment costs per 100 patients served level off at 4000
admissions per year, but become increasingly higher below
this level.

2) The number of labor, delivery and post partum facilities
required as a function of admission rate is greater in invest-
ment requirements for the Tower admission rates.

3) In considering three hospitals located within approximately
seven miles of each other, they found that only one maternity
unit was required at the same rate of service. This would
not only result in substantial personnel savings, but fewer

beds with a higher occupancy level.

Although the article reviewed had little analytical content, the results

achieved imply some consideration of optimality.

Admissions and Scheduling

In his article on "Scheduling Elective Admissicns", Dunn [5] pre-
dicts trends for total bed needs through Tinear regression, based upon
the number of beds required per week, where the number of beds required

were computed from the formula:



13

(the number of general adult deaths and discharges
that occur in any day) - (the number of patients in
the emergency unit at the beginning of the day) +
(the number of empty general adult beds at the

beginning of the day).

Fourteen sets of data representing, for example, 105 weeks --
Sunday through Saturday, 105 weeks -- Sunday through Friday, Seasonal,
63 weeks -- Sunday through Friday, 63 weeks -- Sunday, 63 weeks --
Monday, etc., were analyzed and the means were tested for significance
using the Duncan Multiple Range Test.

Robinson, Wing and Davis [19] have used simulation to investigate
six admission scheduling systems. A fixed number of beds was assumed,
classified according to accommodation type (private, semi-private, ward)
and with consideration for desired accommodations and personal charac-
teristics (sex, medical isolation needs, etc.).

Kolesar [13] indicated that the purpose of his paper was "to
discuss some mathematical approaches to the problem of prescheduling
elective admissions and to propose a new Markovian decision model for
treating the problem". Subsequently, he presents two gueueing models
developed by John P. Young of Johns Hopkins University that are
applicable to a hospital ward with a finite number of parallel service
facilities (beds) with two parallel input streams (one corresponding to
elective or scheduled admission and the other for emergency or mandatory
admissions).

The first is a rate control model, where the only control exercised

on the system is the specification of the input rate for scheduled
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admissions. For this model, the service time (occupancy of a bed) is a
random variable with an exponential distribution. Scheduled admissions
are assumed to be from an L-phase Erlang process and the input stream
for emergency admissions is considered to be Poisson. The formulae

for the probability of the number in the system and for the mean and
variance of the number of occupied beds is then presented. This is
very similar to the results achieved from the data analysis in Chapter
3, where combined arrivals are shown to be Poisson and occupancy of a
bed is negative exponentially distributed.

The other model, described as adaptive control, assumes that the
emergency stream is random while the scheduled input stream is deter-
ministic and depends upon the number of beds occupied. Holding time
is again assumed to be exponentially distributed. Emergency arrivals
are represented by a Poisson input stream and scheduled arrivals are
assumed to constitute a deterministic stream, dependent upon the

following:

As long as B or more of the M available beds are
occupied no arrivals are scheduled. Whenever occupancy
drops below B, arrivals are scheduled instantaneously,

to bring the occupancy level up to B.

Formulae are also presented for the probability of the number in the
system, and the expected value and variance of the number of beds
occupied for this model.

For the Markovian decision model, Kolesar develops the necessary

relationships for the number of beds occupied, non-scheduled arrivals,
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discharges, transfers and scheduled arrivals in a given time period.
Optimization methods using linear programming are then presented
for the maximization of average occupancy with an overflow constraint
and the minimization of overflow with constraints on utilization, where
the objective function is to maximize or minimize, respectively, the
probability of beds being occupied. This basic model is extended to
include scﬁedu]ing admission reservations over a planning horizon of
at least one week and to accommodate simultaneous scheduling of several

hospital services in the same ward.

Stochastic Model

A stochastic model for the behavior of the daily census in general
acute hospitals is presented by Shonick [21]. The motivation for his
work stems from the need for hospitals to optimally utilize their bed

resources. He states:

"One of the important economic characteristics of hospital
operation is the relatively large proportion of cost which
remains fixed in the face of variability in the percentage

of beds occupied. The increment to the cost of maintain-

ing a bed which is occupied is comparatively small

compared with the indirect and fixed costs involved in
supporting this bed with the entire complement of personnel,
equipment and plant which modern medicine requires. Income,
on the other hand varies directly with the number of occupied
beds; a vacant bed produces no revenue."

Thus, he indicates that the goal of hospital planning might well be to:

"1) Keep the expected percentage occupancy high.

2) Keep the expected proportion of time the facility
will be full low. Two corollary criteria to this
point are:



16

a) Minimize the expected number of emergency patients
who are compelled to seek facilities other than
those of their first choice ('lost patients').

b) Minimize the time elective patients who have to
wait for admission and the size of the queue or
waiting lists.

3) Keep the travel time and distance to the hospital for
patients, visitors and attending physicians small."

The minimization of patients turned away, as alluded to in 2a)
above, will be considered in this thesis, where the number of "lost
patients" will be minimized for both elective and emergency arrivals.

Upon defining the queueing parameters and relationships as a

Poisson process Shonick proceeds to formulate the following elements of

the stochastic model:

1) Distribution for the number in the system
2) Expected value of the number in the system
3) Distribution for the daily census

4) Mean and variance of the daily census

5) Distribution of the waiting list or gueue size
) Probability that an arriving elective patient has to wait
7) Mean waiting time
)

Expected value of the waiting time for patients who do wait.

Some implications of the model for hospital planning are then examined
in detail by considering applicable distributions of the daily census
for the cases of infinite and finite numbers of beds. For the Tatter
case, upon considering a Poisson versus a pseudo-Poisson distribution

for the census (beds required) he concludes the following:
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"If g(c) (the derived distribution of the census)
holds then attempting to fit a pseudo-Poisson with vy
(the average daily demand generated by elective and
emergency arrivals) equal to the observed mean would be
expected to give the following results:

1) When P, (the probability of the number in the system)

is close to 0 (say under .1) -- overstate the observed
frequencies for c¢ (census) less than s (the number

of beds) and understate the observed frequency with
which ¢ = s.

2) When P, is of small to moderate size (about .1 to

.5) -- understate the observed frequencies for c < s
and overstate the observed frequency with which c = s.

3) When PN is large (about .6 to 1.0) -- produce erratic
results. The 'true' pseudo-Poisson would behave as
in (2) above, but the shift to the left due to under
estimating vy could produce a sharpened understatement
of the middle frequencies and neutralize the under-
statement of the Tow frequencies."
Shonick then considers the optimization of the two principal and
mutually contradictory criteria of maximizing the expected occupancy
ratio and minimizing the expected proportion of the time the facility

will be full. Finally, he compares the required bed estimates under:

a) the Poisson method
b) the square root formulae (derived by the Commission on
Hospital Care, New York)

c) the distribution of bed census that he derived.

Summary

In summary, this review of applicable studies has shown that methods

for determining bed needs have generally been relegated to:
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1) Forecasting for groups of beds based upon occupancy related
variables such as patients length of stay and the daily
census. [1] [25]

2) A multiple regression technique for predicting beds per
classification. [2] [5]

3) Analyzing the effects of different bed assignment policies
with the technique of Orthogonal Sets of Differences Between
Main Effect Means. [7]

4) Prediction of total bed requirements based upon the distribu-
tions of arrivals, service times and occupancy. [13] [21] [24]

5) Hospital management decisions. [19]

While significant contributions have been made, none of the
research has addressed the problem of optimally allocating beds to the
hospital services considering the relationship of patient arrivals,
lengths of stay and the minimum penalty for turning patients away
from the hospital. These relationships are the prime consideration

of this thesis.



Chapter 3

DATA ANALYSIS

Introduction

In Chapter 1 the bed allocation problem was formulated mathemat-
ically as the minimization of the expected daily penalty for turning
patients away from their desired service within a hospital. It was
noted that the values of the terms in the objective function, Pj(cj),
were to be obtained from a queueing model of the service. Before the
necessary queueing model can be developed, it is necessary that
decisions be reached concerning the probability distributions for the
arrivals of patients and their lengths of stay for each of the four
services.

This chapter has a two-fold purpose. First, the form of the
probability distributions for arrivals and lengths of stay for the four
hospital services are to be established based upon 31 days of data
collected from the Radford Community Hospital, Radford, Virginia.
Second, a technique will be provided for assigning values to the weight-
ing factors. While these factors are not an integral part of the
queueing model, the presence of the discussion here simply brings the
third of the three required parameters together in the same chapter.

The patient arrival and corresponding length of stay data, as
summarized in Appendix A, will be examined by applying Kolmogorov-
Smirnov tests to determine if the associated distributions correspond

to the Poisson process. The data will also be analyzed to determine

19
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if fluctuations exist by day of the week. Significant variations for
any day(s) would imply that different parameters for the mean arrival
and/or length of stay rates should be used in the queueing model for
the applicable day(s). Thus, the stability of these rates will be
tested through analyses of variance.

For convenience, the average number of patients which arrive per
day for service j will be denoted as Aj and the reciprocal of the
average length of stay for a patient in service j will be denoted as
R Hereafter, these quantities are referred to as the arrival rate
and Tength of stay rate for service j.

The order of discussion in this chapter will be as follows. First,
the arrival data are analyzed using Kolmogorov-Smirnov goodness-of-fit
tests. Second, the length of stay data are analyzed. Next, the sta-
bility of the arrival data and length of stay data are tested. Then,
weighting factor assignments are discussed. Based on the results of the
analyses, an appropriate queueing model is then chosen to provide
the values of Pj(cj). Since the queueing analysis is greatly simplified
when arrivals are Poisson distributed and lengths of stay are expo-

nentially distributed, the data are compared against these distributions.

Arrival Data

The Kolmogorov-Smirnov one sample goodness-of-fit test was chosen
to analyze arrival data, since it is desired to compare the observed
data having the characteristic of an interval scale with the Poisson
distribution. Also, according to Siegel [22, pg. 51], this test is

more powerful than the alternative Chi-Square one sample test.
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The null hypothesis, HO’ to be tested is that the arrival data
for each of the four services is Poisson distributed. Consequently, the
alternative hypothesis, H],is that the data is not Poisson distributed.
Therefore, a two tailed test is specified. The probability of reject-
ing H0 when it is true, a, was selected to be .05, since 5% of the
entire space under the curve is assumed to be small enough to adequately
register significance if a value falls in this region. The maximum

) - S(i) |, where

deviation, D, is computed as D = maximum | FX(x1

FX(Xi) is the Poisson comulative distribution function and S(i) is
the observed cumulative frequency distribution from the sample. Under
the Kolmogorov-Smirnov test, the region of rejection consists of all
values of D which are so large that the probability associated with
their occurrence under H0 is equal to or less than a, where a = .05
in this test. The number of days observed, N, is equal to 31.

For analysis purposes, the actual data were first grouped into
cells representing ascending arrival rates, and applicable frequencies
noted for each group. The cumulative distribution for the sample was

then calculated as follows:

Let:
n = number of cells
i = cell number =1, 2, ..., n
fi = frequency of occurrence of values within the ith cell,
t = total of all frequencies = Z f.
S(i) = observed cumulative frequenly distribution value for the

ith cell.
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The calculated values for the cumulative distribution function

for the Poisson distribution were obtained from the expression

) = 3 e
F,(x,) = x. e / x|
X™ x=0 J
where X; = the upper Timit of the ith cell
Aj = the mean arrival rate in patients per day for service

Jj during the 31 day period

As an example of applying the Kolmogorov-Smirnov test, values for
the observed and calculated cumulative frequency distribution functions,
S(i) and FX(Xi) respectively, are shown in Table 3.1. The maximum
deviation, D = .0676, occurs for the Cell Assignment for 9 to 11 arriving
patients per day. Thus, it is desired to determine whether the
probability of occurrence for this value of D falls in the rejection
region specified by a. From Table E in Siegel [22, pg. 251], for
sample size N = 31, and D = .0676, the probability of occurrence under
H0 is p > .20. Therefore, since the probability p is greater than a,
we accept HO and conclude that the distribution of arrivals for the
medical service is Poisson.

Upon applying the same test to arrival data for the remaining
three services, results were achieved as shown in Table 3.2. As can

be observed, all probabilities of occurrence were greater than .20,
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TABLE 3.1

MEDICAL SERVICE ARRIVAL DATA DISTRIBUTION ANALYSIS

A] = 9.2580
Cell Cell
Assignment Frequency S(1) FX(Xi) |FX(X1) - S(1)| D
0- 2 0 0 .0051 .0051
3- 5 5 5/31= .1613 .1009 .0604
6 - 8 8 13/31= .4194 .422?2 .0028
9 - 11 9 22/31= .7097 .7773 .0676 .0676
12 - 14 7 29/31= .9355 .9496 .0141
15 - 17 2 31/31=1.0000 .9930 .0070

Total 31
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TABLE 3.2

SUMMARY OF KOLMOGOROV-SMIRNOV TEST RESULTS
ON ARRIVAL DATA FOR HOSPITAL SERVICES

Probability of
Service AL D. Occurrence under H0 Decision

Medical 9.2580 .0676 p> .20 Accept H
Surgical 2.9340 .0514 p> .20 Accept H
Ob/Gyn 4.9030 .1089 p> .20 Accept H

o o o o

Pediatrics 2.3550 .0315 p > .20 Accept H
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and, thus the distributions of arrivals for the remaining services

are Poisson.

Length of Stay

Data for this analysis were accumulated by the number of days that
each arriving patient remained in the hospital. The null hypothesis,
HO’ to be tested is that the observed data are negative exponentially
distributed. The Kolmogorov-Smirnov one sample test was chosen to
compare lengths of stay to the negative exponential distribution,
since the data are interval scale. The significance level, a, was

selected to be .05. The number of samples per service, N, is shown

below:
Service N
Medical 287
Surgical 91
Ob/Gyn 152
Pediatric 73

The region of rejection consists of all values of D, calculated as in
the previous section, which are so large that the probability associated
with their occurrence under H0 is equal to or less than a = .05.

For analysis purposes, the lengths of stay data as measured in
days for each service were grouped into cells and corresponding
frequencies of occurrence were recorded. The observed cumulative

th

frequency distribution value for the i~ cell, S(i), was calculated as

in the previous section and FT(Xi)’ the CDF for the negative exponential
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distribution was determined for each cell from the following formula-

tion:
Let
n = number of cells
i = cell number =1, 2, ..., n
X; = the upper Timit of the 1th cell
My = length of stay rate for j type patients; j = 1,2,3,4.
FT(Xi) = cumulative distribution function for the negative

exponential distribution

An example of organizing the data for testing the distribution of
lengths of stay is shown in Table 3.3 for the surgical service. The
maximum value of D can be observed to occur for the Cell Assignment for
7 - 9 days per patient.

From Table E in Siegel [22, pg. 251], for N > 35 and D = .1079,
the probability of occurrence, p, is greater than .20. Thus, the null
hypothesis is accepted and we conclude that the surgical Tength of
stay data is negative exponentially distributed. The results of
performing the same tests on length of stay data for the remaining

services are shown in Table 3.4.
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TABLE 3.3

SURGICAL SERVICE LENGTH OF STAY DATA DISTRIBUTION ANALYSIS

My = . 1537 N = 9]

Cell Cell
Assignment Frequency S(1) E{xi) |E#x1) - S(1)| D
1- 3 29 .3187 . 3694 .0507
4 - 6 32 .6703 .6024 .0680
7- 9 17 .8571 .7493 .1079 .1079
10 - 12 7 .9341 .8419 .0922
13 - 15 2 .9560 .7003 .0558
16 - 18 2 .9780 .9371 .0409
> 19 2 1.0000 .9604 .0396

Total 91
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TABLE 3.4

SUMMARY OF KOLMOGOROV-SMIRNOV TEST RESULTS ON LENGTH OF

STAY DATA FOR HOSPITAL SERVICES

Probability
Service My Dj of Occurrence Decision
Medical .1010 .0770 .05 <p< .10 Accept H0
Surgical .1537 .1079 p> .20 Accept HO
0b/Gyn .2249 .0992 .05 <p < .10 Accept H0
Pediatrics .2500 .0614 p> .20 Accept Ho
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Stability of Arrival and Length of Stay Data

Stability of a queueing system implies that the mean arrival and
service rates are applicable over the entire time period of interest.
In the context of this application, we are interested in examining the
arrival and length of stay data for each of the four hospital services.
If no significant variation of these data exists over a given time
period, then the same mean arrival and service rates can be applied
over the entire period. A complete examination to determine stability
would include an analysis of daily, weekly, monthly and seasonal
variations. For purposes of demonstration, this research includes
only an evaluation of variations between days of the week, for the 31
days of data collected.

The technique selected for examining the arrival and length of
stay data was an analysis of variance for the completely randomized
one-factor design. The completely randomized one-factor design is
applicable since each mean arrival or length of stay rate per service
has an equal probability of occurring on any day of the week. Also,
there is only one independent variable, the mean arrival or service rate.

Arrival data (in patients per day) and length of stay data (in
days per patient) were grouped by days of the week for each service.
Daily average arrival and length of stay rates were then computed. The
null hypothesis tested was that the average arrival or length of stay
rates for each service were equal for each day of the week. The rejec-
tion region, a, was selected as .05. Resulting ANOVA tables for arrival

and length of stay data for each of the four services are shown in
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Table 3.5 to 3.12. Program BMDO1V of the Biomedical Computer Program

package [27] was utilized for the analysis of variance calculations.
From Table 4.5 in Myers [17, pg. 384], for o = .05 with 6 and 24

degrees of freedom, values of F greater than 2.51 will result in the

rejection of HO‘ Thus, in observing Tables 3.5 and 3.7 to 3.12 it

can be observed that the computed F ratios are less than the "critical

value" of F, 2.51, and thus the null hypothesis can be accepted for

these arrival and length of stay data. In Table 3.6, the calculated

F ratio is greater than the "critical value", meaning that the average

arrival rates for the surgical service are significantly different.

However, since the difference between the calculated F ratio and the

"critical value" (2.55 - 2.51 = .04) is equivalent to only .023 % of
the area under the curve for the ratio of mean squares (F), the dif-
ference will be assumed negligible. Therefore, for convenience, the
null hypothesis will be accepted for the surgical arrival data also.
In these analyses it has been shown that the Radford Hospital
arrivals are Poisson distributed and lengths of stay are negative
exponentially distributed over the 31-day period. Thus, it can be
concluded that these data were generated from a Poisson process. Also,
the stability of the process has been demonstrated. Therefore, Aj
and uj are representative of the entire period analyzed. For a longer
time span, e.g., a year or greater, it is suspected that significant
variations would be detected in arrival and/or length of stay data
between months or seasons. This implies that the values of the

parameters Aj or M would have to be adjusted for use in a queueing

model to reflect differences during the period(s) of variation.
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TABLE 3.5

ANOVA -- MEDICAL ARRIVAL DATA

Source of Degrees of Sum of Mean F
Variance Freedom Squares Square Ratio
Between 6 62.4854 10.4142 0.7824"
Within 24 319.4497 13.3104

Total 30 381.9351

*

p> .20



32

TABLE 3.6

ANOVA -- SURGICAL ARRIVAL DATA

Source of Degrees of Sum of Mean F
Variance Freedom Squares Square Ratio
Between 6 57.5208 9.5868 2.5466
Within 24 90. 3499 3.7646

Total 30 147.8708

*
.025 < p <.
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TABLE 3.7

ANOVA -- OBSTETRICS/GYNECOLOGY ARRIVAL DATA

Source of Degrees of Sum of Mean F
Variance Freedom Squares Square Ratio
Between 6 9.7597 1.6266 0.2257*
Within 24 172.9500 7.2062

Total 30 182.7096

p> .20



34

TABLE 3.8

ANOVA -- PEDIATRICS ARRIVAL DATA

Source of Degrees of Sum of Mean F
Variance Freedom Squares S<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>