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ABSTRACT

Objective: To identify the factors that have a substantial impact on a West Virginia state psychiatric hospital’s bed occupancy by
investigating historical admission data, and developing a computer simulation system to give insight into modifiable variables that
reduce admission numbers, therefore to provide solutions to the over-bedding problem.
Methods: Quantitative review of hospital admission data from January 2007 to November 2013 allowed for the construction of a
simulation model to estimate the inpatient flow. The system’s performance was evaluated after alteration of selected parameters
and variables.
Results: The study revealed significant regional differences in admission numbers. The civil commitments and psychiatric
hospitalizations do not directly correlate with county coverage populations. Some counties sent disproportionately more patients.
Patients’ length of stay also varied among geographical areas. Re-admission was not uncommon. Using the percentage of
diversion as the outcome measurement, the computer simulation model reconstructed the admission scenario multiple times,
predicting that the diversion rate can be significantly reduced if certain variables (hospital capacity, patient arrivals from top
referring counties, and patient length of stay) are changed.
Conclusions: Involuntary admissions were unevenly distributed according to geography and population in the studied American
state psychiatric hospital. Using historical data, computer simulations can model hospital admission systems to evaluate
performance and predict needs for change.
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1. INTRODUCTION
1.1 Background
Every year, an enormous amount of money is spent on direct
and indirect care for people suffering from various mental
illnesses. In 2006, 36.2 million Americans paid for mental
health services totaling $57.5 billion, with an average expen-
diture of $1,591.00 per person.[1] Many patients received
highly expensive inpatient care.[2, 3] 10% were treated at state
and county mental hospitals.[4] In 2009, 163,276 patients
were treated in state psychiatric hospitals with corresponding
expenditures of $9.8 billion, with average personal daily cost
reaching $570.00.[5] In 2011, the median length of stay for
patients aged 18 and over was 58 days.[6] Furthermore, from
2001 to 2009, state funding declined by 1.2% per year.[5] The
subsequent over-bedding problem in many state hospitals has
led to increasing concern about availability and adequacy of
psychiatric care to severely mentally disturbed patients.[7]

Many researchers have concluded that over-bedding in hos-
pital can have a considerable, negative impact on patient
care.[8–10] Maintaining the quantity and quality of psychiatric
care for state hospital patients grows increasingly challeng-
ing with rising patient numbers and shrinking budgets.[11, 12]

It is widely recognized that we must utilize the limited re-
source of hospital beds more efficiently. Unfortunately, we
are often frustrated as a result of uncertainty regarding how
to best address this complex issue. Identifying the critical
areas for optimization of the admission process is the first
imperative step toward system improvement.

Simulation is the imitation of a real-world process or sys-
tem.[13] It is a sampling experiment to answer questions
about complex problems.[14] Usually a model is built to rep-
resent the key characteristics or behaviors of the selected
system or process in order to gain insight into their function-
ing.[13–15] Its use in the field of psychiatry has been growing
progressively in the past half century. In the late 1950s to
early 1960s, simulations were already used to model neurotic
processes,[16] verbal learning behavior,[17] social behavior,[18]

and even human thoughts.[19] It was further recently clini-
cally used in psychiatric consultation,[20] psychological and
psychiatric assessment,[21, 22] treatment and training.[23–26]

Unquestionably, computer simulation is progressively gain-
ing presence in the mental health field, but there has been
no focus on patterns of hospital admission and utilization to
search for optimized solutions to overcrowding. Our study
attempts to address this by building a computer simulation
of hospital admission based on statistical analysis of the
hospital’s historical admission data.

1.2 Problem statement and significance
In the U.S., the responsibility of involuntary commitment for
psychiatric evaluation and treatment falls to state and local

governments.[27] The overall process is governed by state
laws, regulations, polices, and budgeting choices. While
there may be variances in the state and local bureaucratic
systems of involuntary psychiatric commitment, the overall
schema holds steadfast in its reliance on state-run psychiatric
facilities as centers for treating this important patient popula-
tion. It is without doubt that each state psychiatric hospital
in the U.S. plays a major role in providing immediate inpa-
tient care as intended by the laws; yet almost all are facing
the same challenge to serve this population in crisis: patient
over-bedding.

In West Virginia, there are two state-funded acute inpatient
psychiatric hospitals with a total of 260 beds. Each hospital
has a designated catchment area. Both hospitals only accept
involuntary patients, either through civil commitments or
court order. For civil commitment, the initial commitment
(IC) is called Probable Cause and the patient can be involun-
tarily hospitalized for up to 30 days. If the patient continues
to pose an imminent danger to self or others, he or she can
be finally committed (FC) for further hospitalization.

The record from the studied state hospital and a previous
study showed that since 2002, it has been regularly above
its designed capacity.[28] Community hospital diversion is
a temporary solution that has been extensively used at both
state hospitals. This diversion approach carries several draw-
backs: (1) it plays a limited role in improving the quality of
patient care; (2) its implementation frequently encounters
difficulties caused by bed availability, selection criteria, and
location remoteness; and (3) it is highly expensive. In the
long term, heavy reliance on community hospital diversion
may prove costlier, and less frequently result in high-quality
patient care.

To the best of our knowledge, no scientific research has been
performed to systematically investigate the cause and solu-
tion to the over-bedding problem at state mental hospitals.
With data from statistical analysis of historical admissions,
a computer simulation system can replicate hospital daily
admission, diversion, and patient length of stay, giving scien-
tific insight into how different variables can be changed to
reduce admission numbers. This can ideally be used for hos-
pital administration and state-level mental health planning,
especially policies regarding hospital expansion or patient
diversion.

2. MATERIALS AND METHODS

2.1 Study setting and subjects
This study was conducted at William R. Sharpe Jr. Hospital,
which is one of the two state psychiatric hospitals in West
Virginia. The hospital has 150 beds and only admits court-
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ordered forensic patients or involuntary civilly committed
patients. It serves 42 of West Virginia’s 55 counties, and
about 65% of the population. By the time of this study, there
were about 75 forensic patients and 75 civil commitments so
only half of the hospital beds were used for civilly committed
patients. All patients were age 18 or older. For civil commit-
ments, there are two types of legal status: initial and final.
Both can be extended if patient continues to be an immi-
nent danger to self or others. In this study we want to focus
on civil commitment admission process. All court-ordered
forensic patients were excluded.

2.2 Data collection methods
The William R. Sharpe Jr. Hospital admission office keeps an
Excel spreadsheet that contains basic admission data, which
includes medical record number, name, age, gender, county
(where the patient was committed from), legal status, admis-
sion date, and discharge date. A research assistant created
a new Excel database and de-identified personal data by re-
moving their name, age, gender, and hashing medical record
numbers into new item numbers. These item numbers were
used to match patients who had more than one admission.
The data was stored on a password-protected laptop, which
was designated for this research study only. The West Vir-
ginia University institutional review boards and William R.
Sharpe Jr. Hospital research committee approved this study
and granted a waiver regarding the need to obtain informed
consent and Health Insurance Portability and Accountability
Act authorization.

2.3 Data analysis and simulation
The patients were divided into different categories based on
their legal status and counties of commitment. All patient
arrivals from 1/2/2007 to 11/29/2013 were included in data
analysis and simulation. The patient’s length of stay was
calculated by using the discharge date minus the admission
date. In order to most accurately calculate bed occupying
days, patients who remained hospitalized or were missing a
discharge date by the end of the seven-year study window
were assumed discharged on December 31, 2013. A simu-
lation model was implemented in Matlab to investigate the
performance of admission process in the hospital. The fol-
lowing notations are used to represent the collected historical
data:

T: The time horizon considered in this study which equals to
2,524 days.

n1: The number of IC patient arrivals during the time hori-
zon; and n1 = 11,054.

n2: The number of FC patient arrivals during the time hori-
zon; and n2 = 848.

{at = (at,1, at,2); t = 1, 2, . . . , T}: The patient arrivals during
the time horizon where at,1 and at,2 represent the numbers
of IC and FC patient arrivals respectively for the tth day.

{pi; i = 1, 2, . . . , n1}: The length of stay of the ith IC patient.

{qi; i = 1, 2, . . . , n2}: The length of stay of the ith FC patient.

Simulation model
To accommodate the stochastic nature of the process (e.g.,
random patient arrivals and lengths of stay), a simulation
model was developed to mimic the hospital admission and
hospitalization process. The simulation model consists of
two main algorithms, which are given below.

Algorithm 1 simulates the patient arrivals over the time hori-
zon, which are denoted as the bivariate time series {ãt;
t = 1, 2, . . . , T}. The vector ãt = (ãt,1, ãt,2) has two
components ãt,1 and ãt,2 representing the simulated num-
bers of IC and FC patient arrivals respectively for the tth

day. Algorithm 1 is adapted from the resampling algo-
rithm developed by Schruben and Singham[29, 30] to gen-
erate the bivariate non-negative integer time series {ãt;
t = 1, 2, . . . , T}. Algorithm 1 takes as input the real his-
torical data {ãt; t = 1, 2, . . . , T}. There are two user-
specified parameters: the affinity parameter λ to control
the similarity of ãt to at , and the noise parameter σ to
model the uncertainty involved in patient arrivals. In this
work, λ is set as 0.65, and σ = 0.55. Interested readers
are referred to Schruben and Singham[29, 30] for the specifics
regarding these two parameters. To ensure that the simu-
lated arrival numbers are non-negative integers, the outputs
{ãt; t = 1, 2, . . . , T} of Algorithm 2 are all rounded to the
nearest non-negative integers. Multiple realizations of {ãt;
t = 1, 2, . . . , T} can be generated by Algorithm 1, and each
realization represents a possible scenario of patient arrivals
over the time horizon. Denote I2 as the 2×2 identity matrix
and 02 as the zero vector of dimension 2. Algorithm 1 is
detailed on next page.

Schruben and Singham’s algorithm is chosen because it al-
lows for resampling of real multivariate time series, without
requiring the various restrictive assumptions as conventional
methods do. Figure 1 plots over a 60-day period the historical
patient arrivals and an example of the simulated arrivals from
Algorithm 1. The simulation outputs resemble and deviate
from the real data.

Algorithm 2 is developed to simulate the arrival, stay (or
diversion), and departure of patients. The algorithm is de-
tailed below. In Step 1, Algorithm 1 is called to generate the
arrivals of the two types of patients over the time horizon.
In Step 2, for each patient admitted into the hospital, the
length of stay is simulated by the bootstrapping resampling
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method[31] based on the historical data for patients’ length
of stay, and subsequently a patient’s departure time is deter-

mined; during any day, FC patients have higher admission
priority than IC patients if there are not sufficient beds.

Algorithm 1 The resampling algorithm for the simulation of patient arrivals

 

 

Inputs: (a) historical data ሼࢇ௧; ݐ ൌ 1,2, … , ܶሽ; (b) affinity parameter λ; (c) noise parameter σ. 

Initialization: randomly sample ࢇଵ from the multivariate normal distribution ܰሺࢇଵ, σଶࡵଶሻ. 
Process:  

FOR ݐ ൌ 	2 to ܶ 

Set ܴ௧ as the Euclidean distance between ࢇ௧ିଵ and  ࢇ௧ . 
Randomly sample ࣐௧ from ܰሺଶ, ,௧ from ܰሺଶࢿ ଶሻandࡵ σଶࡵଶሻ. Then 								ࢇ௧ ൌ ௧ିଵࢇ	  ௧ࢇሺߣ	 െ ௧ିଵሻࢇ  ሺ1 െ ௧࣐ሻܴ௧ߣ   . ௧ࢿ

END FOR 

Outputs: ሼࢇ௧; ݐ ൌ 1,2, … , ܶሽ . 
 

A simulation run is initiated with no patients in the hospital.
The simulation length T in Algorithm 2 is set as 2,524 days
and the warm-up period t0 is set as 365 days. Only the pe-
riod (t0, T] is used to compute the diversion rate of patients,
which is the output of Algorithm 2 and the performance
metric of interest.

Based on the hospital records from 01/02/2007 to 11/29/2013,
there were a total of 11,902 incoming patients, among which
7,967 (66.94%) patients were diverted. The actual diver-
sion rate is compared to that estimated from the simulation
experiments, to validate the simulation model in Section 3.2.

Figure 1. Simulated patient arrivals for 60 days

3. RESULTS
3.1 Statistical analysis
Table 1 summarizes the civil commitment admission data
of ten selected counties (top referring counties A-E; bottom
referring counties F-J).

The total number of referring counties in the catchment area
was 42. From 2007 through 2013, the number of total vis-
its is 3,935 and total bed occupying days are 214,312. The
five counties with the greatest utilization of the state psychi-
atric hospital were A, B, C, D, and E respectively. These
top five counties individually contributed the greatest to the
state psychiatric hospital’s civil patient population in terms
of both total admissions (range of 21.70%-4.45% of hospital
total) and bed utilization (ranging from 13.18%-5.83% of
hospital total). Comparatively, Counties F, G, H, I, and J

utilized the state psychiatric hospital the least, with ranges
comprising 0.28%-0.64% of the hospital’s total admissions
and 0.11%-0.80% of the total bed occupancy. From Ta-
ble 1, we can see that County A committed total of 2,294
(854 + 1,440) patients. Of these, 1,440 patients had to be
diverted to outside hospitals for treatment due to bed un-
availability, admitting only 854 patients. These 854 patients
from County A utilized a total of 28,240 bed-occupying
days, equating to 21.70% of the total hospital admissions and
13.18% of the whole hospital bed occupation over the study
duration. Table 1 shows that civil commitment admissions
were disproportionately distributed among different counties.
While there seems to be a stark contrast between the top
and bottom referring counties, we must take into account
population data to further address this discrepancy.
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Algorithm 2 The algorithm to simulate the arrival, stay (or diversion), and departure of patients
 

 

Inputs: (a) the total number of beds ܰ in the hospital; (b) the historical data ሼࢇ௧; ݐ ൌ 1,2, … , ܶሽ ; (c) the historical 
data {; ݅ ൌ 1,2, … , ݊ଵ} and {ݍ; ݅ ൌ 1,2, … , ݊ଶ}; (d) affinity parameter λ; (e) noise parameter σ; (f) warm up 
period length ݐ. 
Initialization: set ܦ௧ ൌ 0	for ݐ ൌ 1,2, … , ܶ with ܦ௧	representing the number of patients discharged on the ݐ௧ day; 
set ܧ௧ ൌ 0	for ݐ ൌ 1,2, … , ܶ with ܧ௧ representing  the number of patients at beginning of the ݐ௧ day; set ܭ௧ ൌ 0	for ݐ ൌ 1,2, … , ܶ with ܭ௧ representing  the number of diversions during the ݐ௧ day; set ܧ ൌ 	0 to 
represent the number of patients in the hospital at the beginning of the simulation.  
Process: 
Step 1:   Call Algorithm 1 with inputs: ሼࢇ௧; ݐ ൌ 1,2, … , ܶሽ, λ and σ. 

Return a set of simulated patient arrivals ሼࢇ௧; ݐ ൌ 1,2, … , ܶሽ. 
Step 2:  FOR ݐ ൌ 	1 to ܶ 

Set ܧ௧ 	ൌ  .௧ିଵܧ	
FOR ݆ ൌ 	1 to ܽ௧,ଶ  

IF ܧ௧ ൏ ܰTHEN 
Randomly sample a number from the data set {ݍ; ݅ ൌ 1,2, … , ݊ଶ}, and assign it to ݒ. 

  IF ݒ  ݐ  ܶ THEN 
Set ܦ௧ା௩ 	ൌ ௧ା௩ܦ	  	1 and ܧ௧ ൌ ௧ܧ  1. 

END IF 
          ELSE 
   Set ܭ௧ ൌ ௧ܭ  1. 
          END IF 

END FOR 
FOR ݆ ൌ 	1 to ܽ௧,ଵ  

IF ܧ௧ ൏ ܰ THEN 
Randomly sample a number from the data set {; ݅ ൌ 1,2, … , ݊ଵ}, and assign it to ݑ.  

  IF ݑ  ݐ  ܶ THEN 
Set ܦ௧ା௨ 	ൌ ௧ା௨ܦ	  	1 and ܧ௧ ൌ ௧ܧ  1. 

END IF 
ELSE 

   Set ܭ௧ ൌ ௧ܭ  1. 
          END IF 

END FOR 
Set ܧ௧ ൌ ௧ܧ െ  .௧ܦ
END FOR 

Outputs: The diversion rate was estimated as ∑ ௧/௧்ୀ௧బାଵܭ ∑ ∑ ܽ௧,	௧்ୀ௧బାଵଶୀଵ . 
 

Utilizing the state and county quick facts from the United
States Census Bureau from 2010-2013,[32] Table 2 compares
yearly population data and annual admission totals between
counties selected in Table 1. While attempting to standardize
the county admission data to control for sampling size bias,
we can see that the number of admissions between counties
is not proportional to population size. Ratios of civil com-
mitment admissions per populace varied notably from 0.00%
to 0.17%, with County A having the highest ratio in years
2010 and 2011. Trending these ratios indicates a general de-
cline in yearly admissions across the majority of the selected
counties between the years 2010-2013, although County A
remained the greatest contributor of admissions per populace

throughout all four years examined.

Table 3 examines the patient (re)admission frequencies and
respective bed occupying days of the entire study popula-
tion admitted to the hospital over seven years (excluding
diversion data; n = 3,935 admissions). It shows that the
majority of patients had only one admission to the hospital,
comprising 39.35% of the total bed occupancy. Readmission
(> 1 admission) was not uncommon; 12 patients had 10 or
more admissions (one patient had 49 admissions). Readmit-
ted patients significantly contributed to total bed occupancy;
patients admitted more than once (n = 594) collectively uti-
lized more than half (60.65%) of the hospital’s total bed
occupancy; furthermore, 255 patients who were readmit-
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ted more than once (> 2 admissions) comprised 37.35% of
the total bed occupancy. Patients with one admission were
hospitalized an average of 41.01 total days; comparatively,
readmitted patients utilized a greater percent of the hospital’s
total bed occupancy. On average, readmitted patients had

lengthier hospitalizations per visit (excluding the 4 patients
with > 18 admissions). The four patients with extremely high
readmissions (> 18 admissions) had shorter average visit
durations.

Table 1. Seven-year aggregate admission data of highest and lowest referring counties
 

 

County 
Admissions  
(IC + FC) 

Admission 
Percentage 
(of total) 

Bed 
Occupancy 
(days) 

Occupancy 
Percentage 
(of total) 

 IC 
Admissions 

IC Bed 
Occupancy 
(days) 

 FC 
Admissions 

FC Bed  
Occupancy 
(days) 

Total 
Diversions 

Diversion 
Percentage 

A 854 21.70% 28,240 13.18% 793 23,321 61 4,919 1,440 62.77% 

B 405 10.29% 22,981 10.72% 341 16,254 64 6,727 212 34.36% 

C 289 7.34% 16,886 7.88% 213 6,646 76 10,240 572 66.43% 

D 218 5.54% 14,422 6.73% 189 11,304 29 3,118 827 79.14% 

E 175 4.45% 12,495 5.83% 133 8,218 42 4,277 723 80.51% 

F 25 0.64% 1,709 0.80% 22 1,373 3 336 15 37.50% 

G 18 0.46% 1,482 0.69% 14 877 4 605 10 35.71% 

H 16 0.41% 865 0.40% 16 865 0 0 7 30.43% 

I 15 0.38% 241 0.11% 14 228 1 13 15 50.00% 

J 11 0.28% 1,504 0.70% 11 1,504 0 0 9 45.00% 

 

Table 2. Annual admission totals and population data of ten selected counties 2010-2013
 

 

County 2010  
Visits 
in 2010 

2010 
Visits per 
Populace 

2011 
Visits 
in 2011 

2011 
Visits per 
Populace 

2012 
Visits 
in 2012 

2012 
Visits per 
Populace 

2013 
Visits 
in 2013 

2013  
Visits per 
Populace 

A 86,982 152 0.17% 86,844 126 0.15% 86,657 69 0.08% 86,569 73 0.08% 

B 69,240 75 0.11% 69,316 66 0.10% 69,166 49 0.07% 68,972 27 0.04% 

C 56,524 34 0.06% 56,661 40 0.07% 56,849 26 0.05% 56,868 20 0.04% 

D 96,776 37 0.04% 98,671 30 0.03% 100,527 20 0.02% 102,274 19 0.02% 

E 78,913 20 0.03% 79,259 23 0.03% 79,177 22 0.03% 78,833 15 0.02% 

F 10,449 8 0.08% 10,349 1 0.01% 10,269 1 0.01% 10,077 1 0.01% 

G 8,693 5 0.06% 8,765 1 0.01% 8,778 1 0.01% 8,650 0 0.00% 

H 5,736 1 0.02% 5,803 0 0.00% 5,839 1 0.02% 5,901 4 0.07% 

I 9,154 1 0.01% 9,148 1 0.01% 9,016 1 0.01% 8,881 0 0.00% 

J 7,574 1 0.01% 7,608 0 0.00% 7,581 2 0.03% 7,577 0 0.00% 

 

Table 4 illustrates the length of hospitalization of all incom-
ing civilly committed patients (including diverted patients at
outside facilities) who were discharged with a valid discharge
date (excluding 172 patients missing discharge data). When
encompassing the diversion data, there were 11,730 com-
mitments. Of these, 10,936 were IC patients and 794 were
FC patients. The majority of IC patients (9,862, 90.18%
of IC patients) were discharged within 30 days, which is
the maximum legal time for involuntary hospitalization for
this commitment status. Less than 10% of IC patients were
recommitted to FC status, and were hospitalized longer. The
longest patient stay was 1,661 days.

Some patients were admitted with the standing legal status
of FC. These patients were committed for initial psychiatric

treatment greater than 30 days, were discharged based on pos-
itive response to inpatient treatment, and were subsequently
readmitted before completion of their final commitment. The
majority of these patients stayed between 7 and 182.5 days
(664, 83.63%), with a maximum length of stay of 2,131
days. Patients with zero bed occupying days were discharged
within 24 hours of admission.

3.2 Simulation results
The simulation model developed is used to investigate the
impacts on the system performance (i.e., the diversion rate of
patients) of changing the hospital capacity (the total number
of beds), patient arrivals, and their length of stay. These
variables are required inputs (a)-(c) to Algorithm 2, the sim-
ulation algorithm.
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Table 3. Seven-year readmission frequencies and bed occupancy data
 

 

Number of Times 
Admitted  

Number of  
Patients 

Bed Occupancy 
(days) 

Occupancy Percentage 
(of total*) 

Average Bed Occupying 
Days per Patient 

Average Bed Occupying 
Days per Visit 

1 2,056 84,326 39.35% 41.01 41.01 

2 339 49,941 23.30% 147.32 73.66 

3 132 26,544 12.39% 201.09 67.03 

4 54 12,565 5.86% 232.69 58.17 

5 21 9,635 4.50% 458.81 91.76 

6 16 13,121 6.12% 820.06 136.68 

7 8 4,295 2.00% 536.88 76.70 

8 8 3,389 1.58% 423.63 52.95 

9 4 1,564 0.73% 391.00 43.44 

11 1 688 0.32% 688.00 62.55 

12 2 1,456 0.68% 728.00 60.67 

14 1 625 0.29% 625.00 44.64 

15 1 699 0.33% 699.00 46.60 

17 3 3,000 1.40% 1,000.00 58.82 

19 1 725 0.34% 725.00 38.16 

21 1 445 0.21% 445.00 21.19 

28 1 467 0.22% 467.00 16.68 

49 1 827 0.39% 827.00 16.88 

*Total hospital bed occupying days: 214,312 

 

Table 4. Summary of IC and FC bed occupancy for all
arrivals and diversions

 

 

Length of Stay 
Number of IC 
Patients 

Number of FC 
Patients 

≤ 7 days 4,128 78 

> 7 days but ≤ 30 days  5,734 319 

> 30 days but ≤ 182.5 days 994 345 

> 182.5 days but ≤ 365 days 55 28 

> 365 days 25 24 

Range of Bed Occupying Days   

Minimum 0 0 

Maximum 1,661 2,131 

Note. IC: Initial Commitment; FC: Final Commitment 

 
Table 5. Estimated diversion change with adjusted hospital
capacity

 

 

Beds 
Available 

Mean 
Standard 
deviation 

Reduction CI of reduction 

Nb = 85  61.26% 2.38% 5.70% [5.41%, 5.99%] 

Nb = 95 55.29% 2.72% 11.67% [11.36%, 11.98%] 

Nb = 115 42.85% 3.31% 24.11% [23.76%,24.46% ]  

Note. CI: Confidence Interval 

 
The benchmark scenario sets these inputs as: (a) Nb = 75;
(b) the historical arrivals {at; t = 1, 2, . . . , T}; and (c) the
historical length of stay for patients {pi; i = 1, 2, . . . , n1}
and {qi; i = 1, 2, . . . , n2}. For the benchmark scenario, 500
simulation replications were performed by executing Algo-
rithm 2 for 500 times, leading to 500 diversion rate estimates.

Based on these estimates, the cross-replication average of
the diversion rates is 66.96%, the sample standard deviation
is 2.23%, and the 95% confidence interval (CI) was [66.76%;
67.16%], which includes the real historical diversion rate
of 66.94%. As given earlier, for the benchmark scenario,
500 simulation replications lead to the following statistics
for the patient diversion rate: the cross-replication average is
66.96%, the standard deviation is estimated as 2.23%, and
the 95% CI is [66.76%; 67.16%].

By varying each of the three inputs (a)-(c), alternative sce-
narios are generated and compared to the benchmark sce-
nario in the reminder of this section. For each scenario, 500
simulation replications are generated, and the correspond-
ing statistics for diversion rate are obtained and presented
in a series of tables (see Tables 5-7). Each table includes
the following columns for a certain scenario: “Mean” and
“Standard deviation” provide the cross-replication mean and
standard deviation of the diversion rates for that scenario;
The “Reduction” column represents the estimated decrease
in expected diversion rates from the alternative scenario to
the benchmark, and the “CI” column gives the 95% CI of the
expected decrease. An alternative scenario is significantly
different from the benchmark in terms of their diversion rates,
if the lower bound of the CI is greater than zero.

3.2.1 Adding more beds
To assess the impacts of adding more beds, the input (a) is
varied to obtain three scenarios, with the hospital capacity
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being Nb = 85, 95, and 115 respectively. Table 5 provides
the results, and the CIs quantify the expected reduction in
diversion rates for an increased number of beds.

3.2.2 Reducing the number of patient arrivals
Table 6 illustrates the impacts of reducing patient arrivals
(adjustment of input [b] in Algorithm 2) on diversion rates.
Herein, the top five referring counties are considered, which
count for 48.02% (5,715 out of 11,902) of the total number
of patients based on the historical data. Alternative scenarios

are generated by decreasing the patient referrals by 10% for
each of the five counties, and the comparison results with the
benchmark scenario are given in Table 6.

3.2.3 Reducing the length of stay
Table 7 summarizes the effects on the diversion rates of re-
ducing the length of stay (Input [c] to Algorithm 2) by 10%
for IC patients, FC patients, and both types of patients, re-
spectively. The diversion rate decrease was noticed to be
significant if the length of stay could be reduced.

Table 6. Estimated diversion change with adjusted patient arrivals
 

 

 Counties Mean Standard deviation Reduction CI of reduction 

10% less patient 
arrivals 

County A only 66.21% 2.29% 0.75% [0.47%, 1.03%] 

County B only  66.51% 2.22% 0.45% [0.17%, 0.73%] 

County C only 66.83% 2.21% 0.13% [-0.15%, 0.41%] 

County D only 66.51% 2.20% 0.45% [0.18%, 0.73%] 

County E only 66.59% 1.98% 0.37% [0.11%, 0.63%] 

All of the 5 counties 64.68% 2.27% 2.28% [2.00%, 2.56%] 

20% less patient 
arrivals 

County A only 65.38% 2.29% 1.58% [1.30%, 1.86%] 

County B only  66.39% 2.21% 0.57% [0.30%, 0.85%] 

County C only 66.23% 2.08% 0.73% [0.46%, 1.00%] 

County D only 66.12% 2.32% 0.84% [0.56%, 1.12%] 

County E only 66.37% 2.17% 0.59% [0.32%, 0.86%] 

All of the 5 counties 62.72% 2.42% 4.24% [3.95%, 4.53%] 

Note. CI: Confidence Interval 

 

Table 7. Estimated diversion change with adjusted length of stay
 

 

 Patient Status Mean Standard deviation Reduction CI of reduction 

10% less length of stay 

IC patients 65.51% 2.32% 1.45% [1.17%, 1.73%] 

FC patients 64.45% 2.35% 2.51% [2.23%, 2.79%] 

Both 62.78% 2.45% 4.18% [3.89%, 4.47%] 

20% less length of stay 

IC patients 63.51% 1.45% 3.45% [3.16%, 3.74%] 

FC patients 61.77% 2.51% 5.19% [4.91%, 5.47%] 

Both 57.38% 4.18% 9.58% [9.28%, 9.88%] 

Note. CI: Confidence Interval; IC: Initial Commitment; FC: Final Commitment 

 

4. DISCUSSION

The involuntary state psychiatric hospitalization process
can best be described as complicated. A multitude of fac-
tors drive this system’s efficiency, performance, and quality.
While this study’s immediate focus is directed at highlight-
ing solutions for the current insufficiencies facing West Vir-
ginia’s state psychiatric system, its ideal underlying aim is to
depict an easily replicable and adaptable scientific problem-
solution framework that can aid in better administrative deci-
sion making and policy planning by means of outcome and
cost-benefit maximization across a multitude of healthcare
sectors and scenarios.

This study offers hospital managers and policy makers some
insight into several specific areas to target when address-
ing over-bedding problems. From a practical psychiatric
standpoint, we can focus on counties with high commitment
numbers for possible solutions such as increasing the number
of crisis unit beds to help patients who only require brief cri-
sis intervention and short hospital stay; working closely with
local mental health facilities in developing individualized
long term treatment plans for patients with multiple admis-
sions with special emphasis on psychiatric protective factors
including family and social support, treatment adherence,
and relapse or recurrence prevention etc. With the goal of re-
ducing lengthy hospital stay, adding group homes or assisted
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living programs could greatly aid in relieving disposition
issues that many state hospitals face. This can provide pa-
tients with stable therapeutic living environments for mental
health improvement, medication compliance, and interven-
tion efficacy. In terms of addressing the chronic and severe
psychiatric patients with frequent readmissions, expansion
and implementation of programs that mirror the Assertive
Community Treatment (ACT) model[33] could greatly help
support these patients in receiving consistent high quality
care and follow-up in the post-hospitalization period. As
for hospital expansion and budgeting, this study provides a
scientific way to justify the number of new beds needed to re-
lieve current over-bedding stress based on historical capacity
and daily census.

While the simulation shows reducing length of hospital stay
can help with diversion rate, it is important to acknowledge
quality of care concerns in terms of shortening patient hos-
pitalization time. Equally pertinent, we must recognize the
beneficial scope and limitations of inpatient psychiatric treat-
ment. Prolonged length of hospitalization does not equate
to superior health outcomes, but can mostly and often hap-
pen when disposition is deterred because no less restrictive
placement could be found. Therefore from treatment team’s
standpoint, high quality of inpatient care is still the key to
successful discharge even if the aforementioned recommen-
dations can be implemented.

The limitations of our study lie in two areas: data insuffi-
ciency and scope/complexity of the problematic focus. Work-
ing with a concrete set of historical data narrowed our sta-
tistical analysis to admission and diversion numbers. Some
of the retrospective data was not suitable for use and was ex-
cluded from the simulation model, as in the case of patients
that remained hospitalized by the end of the study period and
length of stay was uncertain. Moreover, some of the data
used in statistical analysis lacked practical applicability from
a solution standpoint, and were not incorporated in the com-
puter algorithm. Readmission statistics for example, while
useful in understanding the patient population and admission
totals, were not used as a direct variable in the simulated algo-
rithm, as the nature of its causality alone is multifactorial (i.e.
severity of mental illness, suboptimal treatment outcomes,
noncompliance, insufficient social support structures, etc.).

Secondarily, the scope/complexity of this problematic focus
is a comprehensive limitation. While being able to incorpo-
rate some of the core contributing factors in the over-bedding
equation (capacity, admissions, length of hospitalization, ge-
ographical admission distribution), we still need to consider
a multitude of other variables such as patient demographic in-

formation, diagnoses, treatment records, cost analysis, and re-
gional epidemiological data. It is also important to recognize
that using diversion rates as a primary outcome measurement
is not without flaw, as its relationship to treatment outcomes
and principal cost efficacy have yet to be established.

As with any systems-based model that is reliant on a real-
world data, the potential for bias certainly exists and must
be acknowledged for the importance of study validity and
generalizability to other healthcare institutions and sectors.
According to the SAMHSA, West Virginia had the most cases
of severe mental illness per capita among adults in the United
States, which implies that more patients may be involuntarily
committed for mental health treatment than any other state
and that the results and data analyzed in this study may not
be representative of other state mental hospitals. It is also
important to recognize that civil commitment laws may vary
in terms of quality and implementation on a state-to-state
basis. Regardless, nationally and internationally, addressing
capacity issues of psychiatric inpatient services has remained
one of the highest priorities for hospital administration and
healthcare professionals alike. With these factors in mind,
this study was designed to provide a data input model and
simulation framework to guide capacity decisions at state
psychiatric hospitals, with the final goals of minimizing costs,
reducing stress on the current system, and achieving superior
outcomes in patient care. In the future, it could be easily
expanded and adapted for application in other healthcare
settings to address similar challenges.

Meeting the ever-evolving demands of healthcare with a
multidisciplinary approach, expanding on study models, and
addressing limitations are each essential for successful adap-
tation, advancement, and optimization of our current system.
Future work can focus on expanding our current model to
incorporate more input variables, to implement a comparison
mechanism aiming to assess and optimize both cost and treat-
ment outcomes. To address quality of care issues, it would
be logical to compare the lengths of hospitalization between
the diverted and non-diverted patient populations.

5. CONCLUSIONS
Using a scientific multidisciplinary approach, assimilating
the modalities of historical hospital data, statistical analysis,
and computer simulation, we were able to successfully build
an accurate simulation model capable of predicting system
performance in response to multiple scenarios. In analyzing
the hospital data, we found that involuntary admissions were
unevenly distributed according to geography and population.
A computer simulation was developed to reconstruct the ad-
mission scenario multiple times. It revealed that a statistically
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significant reduction in diversion rate could be accomplished
by altering the variables of hospital capacity, patient arrivals
from top referring counties, and patient length of stay. This
study represents the approach and framework that can be

explored to improve the hospital admission process. Further
application and integration will eventually enable hospitals
to cost-effectively plan and adapt to both the current and
future demands of evolving patient populations.
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