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I. INTRODUCTION 

Operations research planning models are mathematical descriptions of systems in which 

system elements are variables. By specifying values for these variables, different scenarios for 

how a system might function can be explored. These scenarios provide policy makers and 

program planners with insights into system functioning and estimates of policy consequences 

such as services delivered, resources consumed, and consumer outcomes. 

However, specifying the variables in operations research models poses formidable data 

requirements. For example, we formulated two operations research models for planning the 

housing component of a mental health system. These models required that we estimate the 

number of persons receiving public hospital inpatient psychiatric care in New York City in need 

of housing, the housing available, and the outcomes of housing services. Making estimates like 

these is a matter of assembling pieces of data from disparate sources that resembles putting 

together the pieces of a puzzle. 

One of our central themes is 
that even with scientifically 
imperfect data, operations 
research 
provide 
and 
insights in a timely manner. 

can methods 
policy important 

planning program 

This working paper has three purposes. The first is to 

bring the models we developed, and operations research 

methods more generally, to the attention of those engaged in 

planning and evaluating housing and other services for 

persons with mental illness. The second is to show how data 

from needs assessments, information systems, and outcome evaluations can be used to provide 

the estimates required by our models and by models of this type. The third is to provide insights 

into the problem of meeting the housing needs of mentally ill persons in a metropolitan area. 

One of our central themes is that even with incomplete data, operations research methods can 

provide important policy and program planning insights in a timely manner (Levin, Roberts, et 

al., 1976). 

Since the target audience for this paper is not operations researchers, technical details and 

mathematical formulations pertaining to the models described are not presented. For these and 

related information, the reader is referred to D’Amato (1996) and the resources listed in 

Appendix A. 
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II. THE PLANNING PROBLEM 

Housing, whether supported by financial resources or direct care staff or simply 

sponsored, is a cornerstone service for many persons who receive public mental health services. 

This is particularly true for persons who become hospitalized for mental disorders. 

Many inpatient units include appropriate housing as one element in discharge plans. In 

some states, public mental hospitals are required to discharge persons to appropriate housing. In 

many localities, however, housing is a scarce resource. Public policy, systems planning and 

clinical practice, to be generally feasible, should be based on the realities of demand and supply. 

In this paper, we describe data based methods for assessing the feasibility of public 

policy in regard to housing for persons with mental illness. More specifically, we show how 

operations research planning models, applying data from management information system, needs 

assessment and evaluation can be used to explore different responses to a judicial mandate 

concerning housing for persons with mental illness. The context for this analysis is described 

below. 

On April 15, 1991, New York State Supreme Court Justice Edward H. Lehner ruled in 

favor of Michael Koskinas in the case of Michael Koskinas et al. vs. J. Emilio Carillo, President 

of the New York City Health and Hospitals Corporation (HHC). Michael Koskinas was a person 

in a New York City psychiatric facility seeking discharge. The staff did not discharge Mr. 

Koskinas because he could not demonstrate that he had a place to live after his discharge, and 

because the residences that the hospital maintains for recently released persons had no vacancies. 

The court ruled that Michael Koskinas and "all other similarly situated homeless, mentally-ill 

persons in City psychiatric facilities who are ready for discharge" be released into "residences 

which are adequate and appropriate for their needs.” It also ruled that the HHC "develop a 

concrete compliance program...under which the City defendants will discharge appropriately all 

such individuals" (Notice of Motion to Enforce the Judgment and for Disclosure, Koskinas et al. 

versus Emilio Carillo et al.). 

Subsequent to this decision, the analysis described below was conducted. The analysis 

estimated how much housing, and of what types, would be needed to implement the program 

called for by Judge Lerner. It also examined whether the existing supply of housing would 
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satisfy the demand under different assumptions about allocation of housing types to residents 

and average lengths of residence. 

1. Conceptual Framework for the Housing System 

An operations research planning model requires a conceptual framework. The 

conceptual framework plays the same role that a program theory or logic model plays in an 

evaluation (Chen, 1990). It specifies the hypothesized relationships that link system inputs to 

outputs. The conceptual framework developed for this analysis is described below. 

When a person becomes eligible for discharge from the hospital, if the hospital staff 

cannot verify that this person has a place to reside after discharge, that person becomes the 

responsibility of the housing system. The purposes of the housing system are to act as both a 

residential option for discharged persons with no other living arrangements, and, for some 

residents, to provide supervision, support, and treatment. For each person entering the housing 

system, an appropriate type of residence, based on the person’s disorder and ability to function, 

is determined by discharge planning staff. This housing assignment will be termed “the 

prescribed housing type.” Based on descriptions provided by the Health and Hospitals 

Corporation of existing housing options, we postulated three housing types for persons with 

mental illness only, distinguished by the amounts of care provided and one type for persons with 

mental illness and chemical abuse (MICA). These were: 

(1) Intensively staffed housing characterized by care delivered for more than 12 hours 

daily, 

(2) Moderately staffed housing characterized by 8-12 hours of care daily, 

(3) Minimally staffed housing characterized by intermittent care averaging less than 8 

hours daily, 

(4) MICA housing characterized by moderate staffing and special substance abuse 

services. 

Once a housing prescription is determined, ideally the person is assigned only to that 

housing type. When a person may have to wait a long time for appropriate housing, our 

framework allows the person to enter non-ideal housing rather than remain in the hospital. A 
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person may leave the housing system in one of four ways: the person may find independent 

housing, the person may disappear from the service system, the person may die, or the person 

may be forced out of the housing system to become homeless. 

We would like to have a framework that reflects changes in the housing prescription of a 

person throughout his or her tenure in the system. This flexibility is desirable because the 

system should react to functional level changes of the participants as well as changes in the 

availability of ideal housing slots. We describe two types of models of the system. The first 

model, the queuing model, does not allow prescription transitions, but the second model, the 

linear program, does allow transitions. 
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III. TWO OPERATIONS RESEARCH MODELS FOR HOUSING PLANNING 

A simple approach to estimating the required housing capacity would be to estimate the 

mean values of the amount of time each person would require housing per year, x, and the 

number of patients requiring housing per year, y. Then let the number of slots required be the 

total bed-years required (x*y). This calculation would yield the number of slots required to 

serve the population if there was no random variation in the system and if waiting time were not 

an issue. In reality, however, the amount of time that each person requires housing will vary, the 

number and timing of patients requiring housing will vary, and the waiting time is an issue. 

Under the above housing scheme, variation introduces the possibility of poor service. 

Specifically, it introduces some likelihood of time spent waiting for care. 

A stochastic model is a mathematical representation of a system that accounts for random 

variation. We propose to develop such a model for the purpose of incorporating variation in 

requests for housing and time spent in housing into the analysis of the impact of capacity on 

patient time spent waiting for housing. The process of providing housing to discharged patients 

can be seen as a service network subject to a stochastic (randomly varying) arrival and service 

process. In this context, the arrival process is the appearance of patient needs for housing 

services, and the service process is the time that the person spends in housing. We developed a 

particular kind of stochastic model, a queuing model, which represents this system. Kleinrock 

(1975) gives a thorough introduction to queuing models, and Pierskalla & Brailer (1994), and 

Cretin (1997) give an overview of operations research methods applied to health systems. 

Although the stochastic model above allows us to gauge waiting times under different 

housing scenarios, the model is too complex to allow for systematic choice of the optimal 

allocation of limited housing slots to the population. For this task we turn to a different kind of 

model, a linear programming model, which provides insight into the best way to assign limited 

housing capacity to the population that requires housing. For examples of this type of model 

applied to health systems see (Coverdale and Negrine 1978, George, Fox and Canvin 1983, Leff, 

Dada and Graves 1986, Ruth 1981). 
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The most pressing question 
about the housing system is: 
Can all 
persons requiring residences 
without able 
queue aiting list that 
requires a long wait? 

house system the 

siza forming 
wor 

IV. THE QUEUING MODELS 

The most pressing question about the housing 

system is: Can the system house all persons requiring 

residences without forming a queue or waiting list1? If 

the answer to that question is no, the next question is: 

Can the system house all persons without forming a 

sizable waiting list or at least one that does not require a 

long wait?  The queuing models described below answer 

these questions, and give insight into what is driving the queue lengths of the system. 

The housing system can be viewed as a service network subject to a stochastic (randomly 

varying) arrival process and random service times. Queuing theory applies to such systems and 

is the ideal tool for capturing the effects of the stochastic phenomena in the system. 

The housing system consists of persons eligible for discharge from psychiatric inpatient 

units who require residential services from the housing system (customers in queuing theory 

terminology) and the housing slots (servers in queuing theory terminology). Each person who 

passes through this system has an associated “service time”. The period of time corresponding 

to service time depends on the model used. The model chosen for the reasons listed below, 

defines service time as the time from which a person is eligible for discharge from the hospital 

until the time he or she no longer requires housing. 

We considered two types of “single class” queuing models. Although using single class 

models allows for tractability, it creates a limitation: in a single class model, every server 

included in the model is equally accessible to all arriving customers. Put differently, single class 

queuing models can plan for any type of housing taken individually or for any combination of 

housing types, but when planning for combinations, any individual can go to any housing type. 

1 In operations research terminology, a queue is a line waiting for service. In mental health applications, 
queues can be thought of as waiting lists. Although we favor the term waiting list, these terms should be thought of 
as synonymous. 
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The first type of queuing model implemented, termed the loss model, allows calculation 

of the probability an arriving person finds the system full, but does not calculate the likely 

number of people that will have to wait for housing. 

The second type, termed the unlimited capacity queuing model, includes in its 

computations the total number of persons arriving to the housing system and calculates the 

probabilities of different sized waiting lists and waiting times. 

We constructed models for three scenarios, each of which explored a different range of 

possible person-housing slot assignments. 

The first models we implemented tested the scenario in which persons could only be 

assigned to the specific type of housing they were prescribed. Separate models were 

implemented for each type of housing. These were used to assess the ability of the housing 

system to give ideal service to every customer. 

The next scenario we explored allowed a person with any type of non-MICA housing 

prescription to be assigned to any type of non-MICA housing. This model assessed the ability of 

the system to house all persons who are not chemical abusers when inappropriate assignments 

are allowed (e.g. minimally supervised person in intensively supervised housing). Note that this 

model does not allow MICA people to receive non-MICA housing, although it does occur in the 

actual housing system. 

The final model we implemented explored the scenario in which all types of persons 

(including persons needing MICA housing) could be assigned to all types of housing. Although 

it is possible in this final model for non-MICA customers to receive MICA care, the calculated 

utilization factors described below indicate this event is unlikely. 

The data needs for the queuing model and the likely sources of this data are summarized 

in Table 1. The data items presented are given in aggregate and by type of housing need. As 

noted above, separate versions of the queuing models were employed for all persons taken 

together and for the separate housing need groups. 
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Table 1. Data Elements Required by Queuing Models and Data Sources 

Model Variable Data Source for Estimate 

Expected service time for 
each type of prescribed need 

Management Information System Data - Maintained for the Boston Metropolitan Area by 
the Massachusetts Department of Mental Health 

Number of housing slots for 
each type of need 

Management Reports from the HHC and The Center for Urban Community Services 

Proportion of discharged 
persons in each type of need 

Needs assessment survey of case managers and principal clinicians conducted for HHC 
by HSRI 

Aggregate arrival rate of 
persons 

Management Information System Data maintained by the HHC 

1. Expected Service Time 

The expected service time for this model is the time from which a person is provided 

housing until that person no longer requires housing from the housing system. Data on the 

expected length of residence in housing was not available from sources in New York City. 

Therefore, estimates were based on average lengths of residence for persons in metropolitan 

Boston. We judged that there was no reason why average expected service times in Boston 

would differ substantially from those in New York City. The expected service times estimated 

for persons in each category of housing need are shown in Table 2, below. 

Table 2. Expected Service Times by Housing Type 

Type of Housing Need Expected Length of Residence in Years 

High Supervision and Support 2 

Moderate Supervision and Support 2 

Low Supervision and Support 1 

Special Residence for Persons who are MICA 1.5 
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2. Number of Housing Slots 

The number of housing slots of types High, Moderate, and Low were supplied by HHC 

reports, and the number of type MICA slots was supplied by the New York City Center for 

Urban Community Services. These numbers are presented in Table 3, below. 

Table 3. Numbers of Housing Slots by Housing Type 

Type of Housing Need Number of Housing Slots 

High Supervision and Support 1969 

Moderate Supervision and Support 1132 

Low Supervision and Support 979 

Special Residence for Persons who are MICA 446 

3. Proportion of Persons in Each Housing Need Category 

We determined the probability of a person being in a need category upon discharge 

through a one-day sample survey of 512 persons in HHC psychiatric facilities. Because on any 

given day, surveyors are more likely to encounter persons with long rather than short lengths of 

stay, these proportions may be biased toward persons whose length of stay is long. To the extent 

that need proportion is correlated with length of stay, the need proportion estimates may also be 

biased. Table 4 presents the proportions of persons in HHC facilities in each housing need 

category. 

Table 4.  Proportion of Persons in HHC Facilities by Housing Need Category 

Type of Housing Need Proportion in Category 

High Supervision and Support .13 

Moderate Supervision and Support .32 

Low Supervision and Support .12 

Special Residence for Persons who are MICA .43 
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4. Arrival Rate to the Housing System 

The arrival rate of 249 people per week was determined as described below. 

For our model, we must know the mean arrival rate of persons to the housing system as 

well as the pattern, which those arrivals follow.  Data for estimating arrivals to the housing 

system should be based on daily discharge data. This data is difficult to assemble, and the 

effects of backlog within the hospital may distort the actual discharges of persons. Fortunately, 

stochastic theory proves that if the admissions to the hospital follow a special pattern, a Poisson 

Process, then the discharges also follow that pattern with the same arrival rates (Gallager, 1996). 

This fact allowed us to consider the daily data of hospital admissions in estimating discharges. 

We used daily hospital admissions data to determine the mean number of arrivals per 

week and to test the hypothesis that the admissions act as a Poisson Process or distribution. We 

found that the arrival process has a higher variance than would be expected in a Poisson 

distribution. Because larger variance in general leads to a more congested system, the Poisson 

assumption will arguably result in underestimates of the congestion due to variance. 

We first modeled the housing system with what is known as a loss queuing model. An 

assumption of this model is that persons who arrive when the system is full, that is when all slots 

are occupied, leave the system. At the time a person is ready for discharge, if there is no housing 

available, he or she does not wait (queue) in the hospital or elsewhere for housing. Persons who 

arrive when every slot is full leave the system and only reappear if re-admitted to the hospital. 

Through this model, we can determine the probability that a person needing housing finds all 

housing slots occupied. Because the loss model does not allow a queue, it is not possible to 

determine the average number of people waiting for housing. Note that in reality, people don't 

just go away when the system is full. Rather, there is some backlog in the hospitals. This is the 

type of backlog, which engendered the Koskinas Case. If it happens that nearly none is denied 

service then the loss model describes the housing system operating according to Judge Lerner’s 

ruling. 
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5. Results of the Loss Queuing Model 

We can calculate the probability that an arriving person finds the housing system full. 

We calculated this probability for each scenario, and within the first scenario, for each housing 

type. These probabilities are presented in Table 5, below. 

Table 5.  Probabilities of Persons Finding the Housing System Full by Housing Type 

Scenario/Housing Type Probability of Finding 

Housing Full 

Scenario 1: Persons can only go to housing that matches their need 

Intensively staffed .42 

Moderately staffed .86 

Minimally staffed .39 

MICA .95 

Scenario 2: All persons with mental illness and no chemical abuse can go to any 

non-MICA housing 

.73 

Scenario 3: All persons can go to all types of housing .95 

These results suggest that if persons were assigned only to housing slots that fit their 

need, experiences would differ. Persons who needed either highly staffed or minimally staffed 

residences would probably find housing. However, persons needing moderately staffed housing 

or MICA housing would not be likely to find housing. Given the distribution of persons by level 

of need, if the system were to assign persons with mental illness (and no chemical abuse) to non-

MICA housing slots without respect to need, 73% of them would be denied entry to the system. 

If the system were to assign any persons needing housing to any housing slot, due to the large 

number of chemically abusing persons with mental illness, 95% of persons would find the 

system full. 

The above findings reveal that the housing system cannot serve most discharged persons 

without building up waiting lists or queues for the various types of housing, taken singly and in 

combination. These waiting lists are made up of persons in psychiatric inpatient units, shelters 

and other facilities, or living on the street. This result raises two questions for policy makers and 
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planners: 1) Will the waiting lists for the various housing types stabilize, and 2) If so, after what 

period of time and at what size? 

Unlimited capacity models can answer theseIf the system were to assign persons 
with mental illness only to non-
MICA housing slots, 73% of them 
would be denied entry to the system. 
If the system were to assign any 
persons needing housing to any 
housing the large 
number of MICA persons, 95% of 
persons would find the system full. 

to due slot, 

questions. These models are closely related to loss 

models, but track the numbers of persons who arrive to 

systems when they are full. Hence, they can calculate 

whether waiting lists will stabilize, if so, when and the 

probability of different waiting list sizes. 

6. Results of the Unlimited Capacity Queuing Model Applications 

Using unlimited capacity queuing models, we computed utilization factors, for the 

various types of housing, taken singly and in combination. The utilization factor, ρ, of a system 

is the ratio of the rate at which work (e.g., persons in need of housing) arrives to the system 

divided by the rate at which work can be completed by the system (Kleinrock, 1975). If ρ is 

larger than one, then work arrives to the system faster than it can be processed, and so the actual 

queue length will grow indefinitely. Table 6 presents ρ for each of the scenarios described 

above if people do not make their own arrangements to leave the hospital. 

Table 6. ρ for Various Housing Types Taken Singly and in Combination 

Scenario/Housing Type ρ 

Scenario 1: Intensively staffed 1.7 

Moderately staffed 7.3 

Minimally staffed 1.6 

MICA 18.7 

Scenario 2: All persons with mental illness and no chemical abuse needing housing to all non-

MICA housing 

3.7 

Scenario 3: All persons needing housing to all types of housing 4.8 
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Given the current housing need 
and of 
persons aiting housing 
would grow indefinitely 
would the average length of time 
persons waited. 

numbers the supply, 
w for 

as 

These findings show that given the current 

housing need and supply, the numbers of persons waiting 

for housing would grow indefinitely as would the 

average length of time persons waited. This effect 

would be greatest for persons in need of MICA housing 

and least true for persons in need of minimally staffed housing. 

7. Reducing the Utilization Rate 

We next developed a planning model that allowed us to vary assumptions about the 

length of time persons spend in housing and the number of housing slots available in computing 

the probability that a queue will form and the number of people in the queue. We used this 

model to determine how decreasing the length of time persons spend in housing and increasing 

the numbers of slots would effect the ability of the housing system to meet the current demand. 

Given the difficulty of implementing new 

housing, we first explored whether housing need andIf we allow persons with mental 
illness (and no chemical abuse) to be 
assigned to all but MICA types of 
housing, the expected housing time 
must be reduced to about 7 months. 
If we set no constraints on MICA 
housing, the expected length of stay 
can about 5 months. 
attention matching 
housing services with needs, length 
of dramatically 
reduced if housing slots are not 
increased. 

So, even if no 
to given is 

be must stay 

demand could be reconciled by reducing the amounts of 

time persons spent in housing. Although data and 

expert opinion suggest longer lengths of stay, reports 

issued by the HHC speculated "housing resources 

would be required for each person for at least 9 

months.” Multiple analyses using our planning model 

showed the expected length of stay for people must be 

reduced to 14.3 weeks, 31.6 weeks, and 3.66 weeks for 

Moderate, Low, and MICA, respectively, to reduce the expected waiting list length and the 

probability of a queue to moderate levels. If we allow persons with mental illness only to be 

assigned to all but MICA types of housing, the expected housing time must be reduced to 28.6 

weeks. If we set no constraints on MICA housing, the expected length of stay can be no larger 

than 18.1 weeks. So even if no attention is given to matching the housing services with the 
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specific needs of the person, the length of stay must be dramatically reduced if housing capacity 

is not increased. 

Ideally, we would not want to restrict length of 

time in housing to weeks or months. Therefore, weIf expected length 
unchanged, the number of housing 
slots for the aggregate system must 
be increased by almost 500%, and 
for the MICA housing by 1900% in 
order reduce the 
expected number and probability of 
queue to zero. 

is stay of 

effectively to 

explored increasing the number of available slots. 

These analyses showed that if expected length of stay 

is unchanged, the number of housing slots for the 

aggregate system must be increased by almost 500%, 

and for the MICA housing by 1900% in order to 

effectively reduce the expected number and probability of queue to zero. Increasing the housing 

supply by these amounts would be formidable. 
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V. THE LINEAR PROGRAMMING HOUSING MODEL 

The queuing models discussed above have several limitations. The queuing approach 

does not consider that a person who changes need while in service may change his or her 

housing type. The model also does not allow people who are “needier” by some definition to 

displace persons already in housing. Another limitation is that queuing models are descriptive, 

not prescriptive. They cannot find optimal allocation policies given varying types and levels of 

demand, housing capacity, and other resource constraints. For these reasons a linear 

programming model with these capabilities was developed. 

The purpose 
programming model is to serve as 
a tool for 
health care planners. 
of ards 
various objectives of the housing 
system the linear programming 
model 
assignments of persons to housing 
types achieve the 
objectives established. 

linear the of 

allocation resource 
Given a set 

rew for penalties and 

those “prescribes” 

best that 

The linear program (LP) was based on a 

conceptual analysis of the housing system, derived 

from work by Leff, Graves, Natkins and Bryan, (1985) 

and Leff, Dada and Graves (1986). The purpose of the 

linear programming model is to serve as a resource 

allocation tool for health care planners. Given a set of 

rewards and penalties for various objectives of the 

housing system the linear programming model assigns 

persons to housing types that best achieve the 

objectives established. 

In the housing LP, people are distinguished by their housing needs and length of time in 

the housing system. Housing needs are assumed to be based on level of functioning. The 

model’s objective function allows for a wide variety of policy strategies to be considered. Users 

of the model operationally define policies by the relative penalties and rewards they assign to the 

possible outcomes after each period. Since the LP is given the objective of minimizing costs, 

these rewards and penalties enter its evaluation of housing options. One advantage of this LP 

over previous models is that it allows persons to be assigned to housing that does not match their 

need. Another is that these cost coefficients can be seasonal. For example, if the policy makers 

decide that homelessness is less desirable in the winter than in the summer, the model can 

operate under that preference. 

For this type of model, we assumed that the flow of people through the system at any 

point in time can be described “deterministically,” i.e. according to processes that give specific 
Applying Evaluation Knowledge and Operations Research Methods 15 



predictions. By this we mean it can be described adequately by the average rate at which groups 

arrive to, move within, and exit the housing system. Although, in reality, flow rates may vary by 

time period (i.e., stochastically), this use of average values is necessary due to the complicated 

nature of the housing system. To the extent that random variation in flow rates increases 

congestion, this assumption is conservative, in that housing needs in peak periods would exceed 

average needs. 

We further assumed that changes in the housing locations of persons occur at the end of 

discrete time intervals, assumed to be months. This assumption is also a simplification. Certain 

types of movements, for example hospital discharges, can occur at intervals of several days or 

weeks, and any type of movement might occur at any time during a time period. However, we 

judged that any more fine-grained approach would significantly increase the LP’s data 

requirements and computational burden. These assumptions are necessary for tractability, but 

they will induce errors in our estimates. As a result, these estimates (and any estimates based on 

prescriptive models) should be used to derive insight rather than a specific number. 

To understand the linear programming model, it may be helpful to refer to Figure 1. As 

shown in this figure, at the beginning of any month (T1) the LP considers the number of new and 

existing clients and resources characterized in terms of housing needs and levels. It also 

considers existing clients and housing resources (slots) along with the associated costs of using 

these slots. Based on this information and policy objectives, the model tries out different 

strategies for assigning persons to housing for the initial planning month and succeeding months 

in the planning time frame. Assignments may be consistent or inconsistent with housing needs. 

For every strategy, costs and outcomes are projected and rewards and penalties are allocated to 

housing assignments and outcomes reflecting different policy objectives. By considering the 

relative net costs of different strategies over time, the LP can find the strategy that best meets 

policy objectives given resource constraints. 

Figure 1. Diagramming client flow -
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1. Decision Variables 

Decision variables are control decisions the LP considers to achieve the stated objective. 

In this application, the model controls housing assignments for persons discharged from 

hospitals. As Figure 1 shows, these decisions are based on model inputs such as persons’ 

housing needs, and the supply of housing, and policy objectives reflected in rewards and 

penalties. 

2. Model Inputs 

Model inputs are variables that may be varied by planners, but are taken as given by the 

LP as it makes its decisions. 

The major variables that the model requires are as follows: 

1. The number of housing slots categorized by type available in each time period. 

2.	 The probabilities that person released from the hospital will need the various types of 

housing type. 

3. The aggregate number of persons arriving at the beginning of each period. 

4. The number of periods in the planning horizon. 
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5.	 For persons remaining within the housing system, depending on their housing need 

and their housing in a period, the probabilities that they will change or remain the 

same in housing need in the next period. 

6.	 Depending on persons housing needs and current housing in a period, the 

probabilities that they will find independent housing, die or disappear at the end of 

that period. 

3. Outputs 

The model outputs for each housing need category and month of entry into the housing 

system is: 

1.	 The numbers of people who are assigned to ideal housing and to each category of 

non-ideal housing in every month. 

2. The numbers who become homeless, die, disappear, or find independent housing. 

4. Model Constraints 

The following constraints are necessary: 

1.	 The number of persons assigned housing slots must not exceed the number of 

available housing slots per period. 

2.	 All persons entering the housing system per period must either be assigned housing 

or become homeless. 

3.	 All persons of each type housed during each period must at the end of that period be 

assigned housing for the next period, find independent housing, become homeless, 

die or disappear. 

4.	 A fraction of persons of each category and housing assignment will find independent 

housing, die or disappear each period. 

5.	 The number of persons in each need category and housing type is equal to the number 

of people in that category assigned to that housing type plus the number of people 

who were in some other category initially, but changed to this category during the 
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month. (Recall from above that a known fraction of persons of each category and 

housing assignment will change housing prescription each month.) 

5. System Objectives 

The overall objective of the LP is to minimize net costs. There are three types of 

monetized outcomes: housing costs, penalties, and rewards. The objectives of the system can be 

expressed mathematically as a minimization of the net sum of these monetized outcomes. Any 

use of a housing slot has an associated cost. Penalties can be assessed for outcomes such as 

assigning residents to non-ideal housing, homelessness, death and disappearances. Rewards can 

be assigned for outcomes such as resident movement to independent housing or a decrease in the 

resident’s required housing supervision. 

6. Transition Probabilities 

In order to use the model described above, a probabilistic description of the way in which 

people move through the system is needed. These parameters are not readily available. 

Transition to various housing types was deduced from an earlier study by Leff, et al. 

(1985). In their approach, the rates of transition between function levels of persons receiving 

service packages that differ in comprehensiveness and quality in community mental health 

services were estimated through a synthesis of existing studies following procedures suggested 

by meta-analysis. Functional levels are described as “relatively homogeneous categories that 

are meaningful for program planning.” We translated persons’ functional levels into levels of 

housing needs. Persons with mental illness and chemical abuse were not directly described in 

Leff, et al. (1985) but we assumed that when a person with mental illness and chemical abuse 

ceases to abuse substances, he or she transitions like a person with a need for moderately 

supervised housing. The transition rates are taken to be the probability that under ideal 

conditions, a person who has a specified need during the current month will transition to another 

level of need at the end of the month. Here, ideal conditions means that the person is housed in 

housing matching his or her need. These rates are shown in Table 7, below: 
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Table 7 – Transition Probabilities between Levels of Housing Needs Under Ideal Conditions 

To 

From 

Preference Death Disappear High Mod Low Ind MICA 

High 0.00433 0.14138 0.73132 0.1169 0.00498 0.0010 0 

Mod 0.00433 0.05576 0.07268 0.79554 0.06422 0.00747 0 

Low 0.00433 0.05377 0.01991 0.08961 .74177 0.09061 0 

MICA 0.00433 0.00238 0.00232 0.05173 0.00715 0.00084 0.93125 

Due to the difficulty in estimating these rates, the last few significant digits may not be 

meaningful. They are included to indicate, for example, that the probability of independence for 

a person who is mentally ill and abuses chemicals is small, but not zero. 

We estimated mortality rates using the Report on Massachusetts Department of Mental 

Health Service Recipient Mortality Data over the period from 1991 to 1993 (The Critical 

Incident Reporting Task Force. 1996). According to this source, the yearly death rate for 

persons in community mental health housing is 0.0508. If we take the distribution of the time 

until death to be geometric, as is the assumed case for the above transitions, we can determine 

the probability that a person dies in one month. The above rate implies that the yearly survival 

rate is 0.9492, which, under the assumption of a geometric distribution, is equal to the 

probability of living through one month taken to the twelfth power. This calculation reveals that 

the probability of death in one period is 0.00433. This probability is assumed to be that which 

would occur under ideal circumstances. Note that if the death rate data actually comes from a 

population of people not receiving ideal care, then the death rate under ideal conditions is 

probably smaller. Depending on the extent to which we penalize death in the model, this can 

result in a conservative estimate of penalized events. 

To determine the transition rates under non-ideal conditions, further speculation is 

required. We took as an indicator of the amount of service lost due to non-ideal housing to be 

the cost of the non-ideal housing. That is, if a person requires housing which costs x dollars a 

day, and instead receives housing which requires y dollars a day where y is less than x, that 
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person receives only a fraction equal to y/x of the service he or she needs. The costs and fraction 

of service provided for each housing type are shown in Table 8, below: 

Table 8 – Adjustment Factors for Transition Rates When Services Do Not Match Need 

Fraction of Service Provided 

Assignment 
Preference Cost High Mod Low MICA 

High $130.00 1.00 0.60 0.40 1.00 

Mod $78.00 1.00 1.00 0.67 1.00 

Low $52.00 1.00 1.00 1.00 1.00 

MICA $130.00 1.00 1.00 0.40 1.00 

We use these fractions to determine the extent to which persons inappropriately housed 

are denied services. 

To determine the way in which non-ideal service effects the above transition rates, 

consider first those people receiving housing which has less supervision than they require. We 

decrease the probability of upward need transitions by the fraction of service lacking in the 

present housing situation. An upward transition is described as a transition to a need requiring 

less supervision. For example, a person who requires intensively supervised housing, but instead 

receives moderately supervised housing, loses 40% of his or her probability of changing need to 

moderately supervised housing, Low or Independent in the next period. The probability lost in 

upward transitions is gained in the probability of downward transitions where downward 

transitions include requiring the same or more supervision in the following period. A person 

requiring intensively supervised housing, housed in moderately supervised housing, 

consequently has a probability of not improving equal to the probability of not improving of a 

person requiring intensively supervised housing under ideal circumstances plus the probability 

removed from the ideal upward transitions: (0.00433 + 0.14138 +0.73132) + 0.4*(0.11699 + 

0.00498 + 0.001). 

The remaining question is how should the probability removed from positive events be 

redistributed among the probability of negative events?  There is no indication that the ratio 
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between negative events should change due to poor service, so the probabilities are adjusted so 

that the ratio between negative events remained the same. The transition rates for persons under 

non-ideal housing is shown in Table 9, below: 

Table 9 – Final Transition Rates in Ideal and Non-ideal Housing 

To 

From 

Type k in i Death Disappear High Mod Low Ind MICA 

Hi.Mod 0.00458 0.14931 0.77233 0.07019 0.00299 0.0060 0 

Hi.Low 0.00470 0.15328 0.79284 0.04680 0.00199 0.00040 0 

Mod.Low 0.00445 0.05719 0.07455 0.81601 0.04281 0.00498 0 

MICA.Hi 0.00433 0.00238 0.00232 0.05173 0.00715 0.00084 0.93125 

MICA.Mod 0.26069 0.14334 0.00139 0.03104 0.00429 0.00050 0.55875 

MICA.Low 0.38886 0.21382 0.00093 0.02069 0.00286 0.00033 0.37250 

Finally, consider those people who receive the same or more service dollars than they 

require. Because we assume the need diagnosis is exact, there is no reason to suspect that more 

service than required results in better outcomes.  Thus, if a person receives more supervision 

than is required, he or she is assumed to transition as if he or she were in the ideal situation 

Note that this method considers people assigned to MICA housing that are mentally ill, 

but not chemical abusing to have received adequate care. It can be argued that the dollars 

provided are not a complete indication of the difference in service experienced in various 

housing categories. MICA housing has the same cost as intensively supervised housing, so the 

fraction of service provided to type MICA in intensively supervised housing is 1, however, in 

theory, the substance abuse services provided should be different. Although the lack of service 

fit in this situation is not reflected in the transition probabilities, it is partially addressed by 

creating large penalties for persons with mental illness and chemical abuse receiving intensively 

staffed housing. 

In addition, the transition probabilities described above only depend on housing need and 

do not depend on tenure in the system. This is the same assumption made by Leff, Dada and 

Graves (1986) meaning that the transition probability of a person is memory-less and depends 
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only on the service currently being received by that person. The model developed in this paper 

does not require that assumption. However, there is no data currently available, which takes 

advantage of the flexibility of the model. 

7. Results of Linear Programming Model Applications 

We used the LP model to explore a variety of policy options over the period of one year. 

Table 10 summarizes the options addressed and their results with respect to key policy 

objectives. 

Column B in Table 10 displays the results projected by the linear programming model 

under the option of providing all persons with housing congruent with their needs. These figures 

were calculated assuming that the system was initially empty, and that exactly 996 persons 

arrived each month and were distributed according to the known need proportions. Note that 

under the current capacity constraints, the number of persons who would need housing (as 

reflected in the number of persons housed at the end of the planning period) would be 

approximately two times the number of housing slots available. 

Table 10. Housing Outcomes Under Various Incentive Scenarios 

Column A Column B Column C Column D Column E 

Performance Measure Strategy: 
Ideal Services 

Strategy: 
Penalize 1 

Strategy: 
Penalize 1,2,3, 

Non-ideal, 
Reward 4 

Strategy: 
System Full 

1. Homeless before 3 months 0 4 1,260 2,025 

2. Deaths 270 2,889 158 219 

3. Disappearances 2,762 3,955 2,394 3,720 

4. Independence 885 757 760 1,158 

5. Homeless Ever 0 240 4,613 5,778 

6. Housed at End of Period 8,035 4,111 3,991 3,685 

7. Actual Housing Capacity unlimited 4,526 4,526 4,526 

8. No Initial Housing 0 0 36 1,918 

9. Total Number of Persons Served 11,952 11,952 11,952 16,478 

The values in the above tables reveal that even under ideal conditions, we can expect a 

large number of deaths (270) and disappearances (2,762). Thus, it is not valid to say that a 
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housing policy is undesirable if the optimal flow under that policy results in 1,000 

disappearances, because even the ideal outcome would have over twice that many 

disappearances. 

a. Penalizing Homelessness Only 
Consider first the objective implied by the court's ruling in Koskinas vs. President of 

HHC. The judge ruled that the Health and Hospitals Corporation should be responsible for the 

housing of discharged persons for at least 90 days. This ruling translates to the following 

objective function: a high penalty for homelessness among persons who have tenure of 3 or 

fewer months. No other penalty was suggested, but it is reasonable to assume that some lesser 

penalty should be applied for homelessness among persons of higher tenure. If no penalty were 

applied for the latter group of people, the system would be indifferent to their homelessness, and 

thus likely to force people out of the system unnecessarily. For this experiment, all of the 

penalties are assumed zero, and the system is assumed empty prior to the first period. The 

results of this experiment are displayed in Column C. 

The optimal policy under this objective function achieves its goal; only about 4 people 

are forced to become homeless within the first 90 days post-discharge. 

On close inspection, the LP employs two approaches to limiting homelessness. The first 

is to house some people inappropriately. The second is to house persons in ways that reduces the 

need for housing. The model accomplishes this by housing those in need of less supervised 

housing in appropriate housing resulting in exits from the housing system via independence. It 

houses those in need of intensively staffed housing and MICA housing in inappropriate housing 

which results in exits from the system via death and disappearance. When the housing system is 

full, the computer model allows a small number of persons to become homeless. 
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While it achieves its goal of limiting 

homelessness, there are a number of unsatisfactory 

features about this strategy stemming from the 

housing assignments employed. Under this policy, 

over 200 persons become homeless by the end of the 

year, 24% of the arriving population dies, and 33% of 

the population disappears. These rates are well above 

the rates pro ed for persons receiving more ideal 

service. Despite these undesirable outcomes, the 

number of persons finding independence, 757, 

approximates the number under the ideal strategy. This near ideal value is explained by the 

more adequate treatment of persons needing minimally and moderately staffed housing, who are 

the majority of persons moving to independent housing. 

The explanation for these myopic choices by the LP model can be found in its restricted 

focus on preventing homelessness and the lack of penalties for inappropriate housing and for 

deaths and disappearances. These results suggest that when the mental health system focuses 

only on preventing homelessness, it creates incentives to treat people so poorly; i.e. supplies 

inappropriately low levels of care, that residents die or disappear before being forced into 

homelessness. These inappropriate placements result in poor outcomes, which, the system does 

not “count”. The projected outcomes for this strategy suggest that we should be wary of 

strategies that focus on only a small number of outcomes. Such strategies may have unintended 

consequences in other areas. 

b. Penalizing Homelessness, Death, Disappearance and Non-Ideal Housing 
The second strategy, as seen in Column C, did not penalize the outcomes of death, 

disappearances or non-ideal housing assignment. Our next strategy penalized these outcomes, as 

well as homelessness prior to 4 months while rewarding client independence. Further, the 

calculated utilization factors for the queuing system models indicated that the systems might 

benefit from separating housing for persons who need MICA housing from persons who do not. 

Applying Evaluation Knowledge and Operations Research Methods 25 



Consequently, we modified the LP so that persons who were not mentally ill and chemical 

abusing could not occupy type MICA slots and vice versa. 

The model results shown in Column D of Table 10. Under this option, 2,394 people 

disappeared, 158 people died, and 760 people became independent. These results are 

comparable with the ideal results discussed at the beginning of this chapter. Homelessness of 

persons whose tenure is less than four months does occur, but only among persons who are 

MICA, the most overburdened category. However, note that the number of persons ever 

homeless rises to 4,613. 

c. Considering the System When Not Initially Empty 
The above experiments were carried out assuming an empty initial system, and are thus 

subject to some transient effects. It is worthwhile to consider a system that is not initially empty. 

In this way, we are able to consider what an optimal policy would look like in steady state. The 

existence of the Koskinas case implies that the housing system is generally full, and so we take 

the initial conditions not in the form of current occupancy, but instead in the form of a large 

initial arrival rate. The initial arrival rate is equal to the sum of the arrivals for that month and 

the total capacity of the housing system. Combining the strategy in Column D and a large initial 

arrival rate, we performed a final experiment, the results of which are shown in Column E. (see 

Table 10) The resulting flow yielded high occupancy of all housing types, and as expected a 

large number of persons with tenure less than 4 months became homeless. It is interesting that 

intensively supervised housing was filled not only by persons needing this type of housing, but 

also by persons needing moderately staffed housing. This behavior is consistent with the low 

utilization factor of intensively supervised housing; one would expect surplus intensively 

supervised slots to be consumed by persons of other types. 

8. Model Validation 

Validation of the LP model is difficult. No data were collected subsequent to the 

modeling project to test the accuracy of its projections. We have modeled hypothetical housing 

system scenarios. Such systems do not currently exist, so we are unable to validate our model by 

comparison to observed data. Because this situation often occurs in simulation studies, 

researchers have developed alternative methods to justify these models. We followed the three-
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step method for validation recommended by Naylor and Finger (1967), with elaboration by Law 

and Kelton (1991). That is: 

1.	 We developed a Model with High Face Validity. We ensured that our model appeared 

reasonable to experts in psychiatric care. We achieved this through consultation with 

HHC staff. 

2.	 We tested the Assumptions of the Model Empirically. One of the assumptions we 

made was the form of the demand processes. We gauged the accuracy of this 

assumption using goodness-of-fit statistics. We also tested the implications of our 

other assumptions using sensitivity analysis as described above. For instance, we 

find that the housing system is overburdened over wide ranges of length of stay 

requirements. 

3.	 We determined How Representative Our Output Data Are. Although there does not 

exist a system identical to that which we modeled, we can gauge the validity of our 

model by comparison to other estimates. An article, published after our original 

study in a mental health newsletter (“NYC Advocates Seek Renewed Support for 

Homeless Mentally Ill,” 1998) cited estimates by New York City advocates of the 

number of mentally ill homeless persons and the number of housing units they need. 

No details are given as to how these estimates were generated. 

The advocates estimated 15,000 mentally ill persons with housing needs and a need for 

10,000 additional housing units over the next five years. Our LP estimated a need for 

approximately half that number of units for approximately 16,500 persons. However, our 

estimate was based on lengths of stay in housing of only 90 days. Our queuing model results 

suggest that extending lengths of stay in housing would more than double our projections of 

housing needs. Given this, the advocates’ estimates and our model projections appear 

moderately consistent. 

The advocates’ estimate of the number of homeless mentally ill persons suggests that the 

number projected by our planning effort, 16,478 persons, might be somewhat high. This is 

particularly true given that our projections are only for persons passing through public hospitals. 

Although homeless persons with mental illness frequently pass through public hospitals, not all 
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do (Hopper et al., 1997). Therefore the advocates’ estimate, which presumably includes persons 

who were not hospitalized, should be higher, not lower than ours. 
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VI. SUMMARY OF RESULTS AND IMPLICATIONS 

The analysis here estimates that the housing 

system cannot meet the existing housing need¾ Both queuing and LP models 
revealed that the New York City 
housing system can not meet the 
existing housing need without at 
least doubling the supply of 
housing 

¾ Focusing solely on preventing 
homelessness can result in 
perverse incentives that 
encourage poor service, in the 
form of selecting persons for 
service who will have good 
outcomes and underserving the 
most vulnerable persons. 

¾ The housing system has the least 
occurrences of homelessness, and 
most nearly achieves the ideal 
number of deaths and 
disappearances when persons who 
need MICA services do not fill 
housing slots for persons without 
chemical abuse issues. 

without at least doubling the supply of housing. 

Given the existing supply of housing, if no person is 

forced out of the system before 90 days, even if 

housing appropriateness is not considered, the system 

must reject 79% of arriving persons. Either large 

increases in the number of housing slots or large 

reductions in the currently observed lengths of stay 

are required to house all persons for at least 90 days. 

Our analysis further suggests that focusing solely on 

preventing homelessness can result in perverse 

incentives that encourage poor service, in the form of 

the selection of persons for service who will have 

good outcomes and the undeserving of vulnerable 

persons. 

The results also suggest that the housing 

system has the least occurrences of homelessness, and most nearly achieves the ideal number of 

deaths and disappearances when persons who need MICA services do not fill housing slots for 

persons without chemical abuse issues. This finding raises important policy issues related to the 

integration of mental health and substance abuse services that should be considered. 

Although the results of the experiments are interesting and informative, they also 

represent a certain implications for future work. With additional work, the models developed 

here can be used to generate additional insight about the system, to determine the feasibility of 

proposed strategies, and to explore broader policy implications. 

1. Implications for Resource Allocation Models 

The LP model we developed has not been fully utilized. The model allows for seasonal 

needs as well as an analysis of the cost in dollars of housing persons. With minor modifications, 
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the model can also be used to track flow across several years by applying the model iteratively. 

Additionally, the model could be modified to allow rewards for improvements, which are less 

dramatic than full independence, as well as to allow penalties for changing a person's housing 

slot too often. Also, as discussed above, due to a lack of data, we assumed that person 

transitions are memory-less, depending only on the current housing assignment. When better 

data becomes available, it would be interesting to see how sensitive the model is to the transition 

distribution. 

The linear program discussed above differs from a stochastic model because it assumes 

that arrivals to and flows through the system follow their expected values. There are two sources 

of variance in the actual system. The first is the randomness in length of service. The second 

source of variance in the true system is in arrivals per period. It is not entirely clear what amount 

of actual behavior is lost due to the deterministic assumption. It is clear, though, that the linear 

program allows for more detail than would an analytically tractable stochastic model, and further 

it operates within the framework of optimization instead of description. Further research should 

explore the implications of this trade-off. 

2. Implications for Evaluation Methods 

This analysis illustrates that it is possible to combine data from diverse sources including 

evaluations to implement useful operations research models. 

The major conclusions suggested by our models are reflective of reality and useful for 

policy making and resource allocation. First, in New York City there is a dramatic shortfall of 

housing for persons with mental illness discharged from psychiatric inpatient units. This 

shortfall cannot be compensated for by policy adjustments short of increasing housing without 

seriously compromising the appropriateness and therefore the quality of care. We were not able 

to construct realistic and humane scenarios under which the need for housing 

was not approximately twice the supply. Second, the major group of persons in need of 

additional housing is persons who are mentally ill and chemical abusing. Future housing must 

consider this specialized need. 
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Of course the usefulness of the models 

implemented is limited by the completeness and 

accuracy of the data used. Some of the data we 

employed was based solely on expert judgment. Much 

of the remaining data was based on relatively small 

numbers of persons from a few localities and is 

therefore of unknown generalizability. With better data 

modeling, efforts like this one will be more credible and 

generalizable, and their estimates of resources needed 

will be more exact. 

One other implication of the models explored has to do with the nature of the data needed 

for modeling. This study indicates that the different types of data needed are not beyond current 

technical capabilities, although some types of data will be more difficult to collect than others. 

Data on the number of persons arriving to systems within given time periods, data on the system 

capacity, and data on the unit costs of services should be well within reach. Data on the 

transitions of different types of persons receiving different types of services from initial to 

subsequent categories of need (or functional categories associated with need) poses more of a 

technical challenge and is less available. This is a challenge evaluators are well suited to meet. 

Instruments for assessing functioning and needs exist. Data on the relative weightings that 

should be given to the different measures of system performance can be collected by polling or 

surveying stakeholder groups. Including such data in modeling efforts does not introduce 

subjectivity into the policy making process. It only makes it explicit. 
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In conclusion, operations research models like the ones studied here define “utilization 

focused” data needs. Collecting the different types of data required will result in more realistic, 

predictable and sustainable public policy. But the collection of suitable types and amounts of 

data will require resources, evaluator creativity and persistence, and support from administrators, 

care givers and consumers. 
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