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1. Introduction

The Dutch youth care sector is struggling with long waiting lists and long waiting times, while allocating 
clients to care providers. The problem is considered and urgent societal problem and has received a lot of 
media attention. Repeated government provided funding has not resulted in a permanent solution. In our 
previous work (Giesen, Ketter & Zuidwijk 2009) we diagnosed that the real problem is not solely the 
waiting list length or waiting time as such and we showed that the current allocation system as a whole 
needs to be reconsidered. In our opinion, methods that solely address the symptom of long waiting lists 
will be ineffective in the long run. We considered solution directions that not only focused on the 
handling of contemporary waiting lists, but that may require structural changes in the system. We 
elaborated on such structural changes by presenting an overview of multiple allocation strategies, based 
on a combination of push/pull strategies and centralized/decentralized queuing strategies. The push and 
pull strategies define the party which ultimately makes the actual allocation decision. Centralized and 
decentralized queuing strategies define the moment at which the actual allocation will take place. 
Allocation decision problems, as presented by the youth health care case, suit very well a multi-agent 
simulation approach, as the allocation decisions depend on communication between the different parties 
in the system. Furthermore, institutions and persons have their own objectives and the coordination 
thereof needs to be addressed explicitly. The actual client flow through the system is the result of a 
negotiation process between several parties in the supply chain. Indeed, a client allocation procedure 
requires input from other parties in the sector on which the final decision can be based. Since a multi-
agent simulation is built of individual agents that pursue a specific personal goal, this approach fits this 
complex domain and to research aim to evaluate alternative allocation strategies.

We study the effect of using different patient allocation preference behaviors in the Dutch youth health 
care sector by performing a sensitivity analysis on an agent-based simulation model. This model is based 
on an authentic business case and is parameterized with real world market data. This is in contrast with 
most related research in health care where methods such as queuing theory are applied that fail to address 
the complexity of the health care industry. Indeed, our simulation approach addresses the complexities of 
the patient allocation that were found in the real world case and incorporates, among others, a withdrawal 
and return mechanism, a non-stationary Poisson arrival process, and an algorithm to include the 
preference behavior of the care providers. The analysis further includes various benchmarks such as an 
empirical preference algorithm based on discussions with field expert to match the real world scenario, 
and based on rational decision rules. In particular, we compare the performance when the patient 
allocation preference is either based solely on waiting time or solely on expected treatment time or a 
combined approach. We discuss the impact of choosing one preference model above the other when 
studying real world behavior by means of simulation and show that the effect of using an elementary 
preference algorithm in analysis can results in invalid conclusions or unacceptable recommendations. Our 
model is loaded with an extensive amount of stochastic distributions based on actual market data and 
successfully matches the performance of the real world benchmark system. We contribute to research in 
resource allocation in health care by providing a novel approach to counter queuing related issues. 
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Simulation of the resource allocation process helps to understand and test long term effects of varying 
preference algorithms that are too risky to test in the real world.

2. Literature review

Information systems in healthcare organizations become increasingly instrumental as they drive down the 
costs of services and support decision-making in complex environments. This is also high-lighted by the 
current special issue in ISR about IS in healthcare organizations. Furthermore, Devaraj & Kohli (2000) 
show that investing in IT in the healthcare industry does lead to organizational profitability. Our research
follows a design-oriented approach, as laid out by Hevner et al. (2004). With the design and 
implementation of an agent-based (Wooldridge & Jennings 1995) resource allocation decision support
system we have created a valid artifact, which is relevant and necessary to solve existing problems in the 
health care IS domain, because it has the potential to address each of the desired features identified in this 
section. While patient waiting lines in the health care sector are an everyday problem, they have received 
little attention in the scientific literature. A common approach taken by governments to tackle these 
problems is the injection of capital which is used to increase capacity. This provides a short term solution, 
as available capacity and queue lengths reach a new equilibrium after a short while (Postl 2006). Saulnier, 
Shortt & Gruenwoldt (2004) identified five popular approaches to decrease waiting times: monitoring of 
procedures, using priority scoring tools, setting waiting time targets, using an external advisory body, and 
registering online. However, Rachlis (2005) argues that such methods do not work by themselves; better 
coordination and flow control should increase performance at the public sector. Several studies showed
that the amount of time that a client is willing to wait for care is related to the urgency of the problem 
(Goldman et al. 2005). More urgent problems are difficult to treat elsewhere, while they genuinely require 
attention. These clients will accept longer waiting times. The converse holds for less urgent problems. 

Most literature on waiting line management in health care is based on queuing theory and focuses mainly 
on resource utilization and determination of the minimum required amount of treatment positions while 
maintaining a high service level (Gorunescu, McClean & Millard 2002). Such studies show how queuing 
theory struggles with phenomena like seasonal effects and withdrawal behavior. Brown et al. (2003) 
argue that traditional queuing theory has a series of shortcomings like, among other things, the absence of 
customer withdrawal behavior, time-dependent parameters or customer heterogeneity. We incorporated 
these characteristics in our model as well and in addition calibrated it with real data to make it applicable 
and comparable to real world scenarios, and to generate new insights into the patient allocation process 
which weren’t possible before. Only a limited amount of literature studied the waiting line problem by 
means of event-based simulation (Ridge et al. 1998, Bagust, Place & Posnett 1999). While these studies 
include stochastic processes and basic withdrawal schemes, they still solely focus on utilization issues and 
capacity planning. Agent-based approaches have successfully been applied to manufacturing supply-chain 
management scenarios, such as Collins et al. 2002, but have not yet been used in health care systems.

3. The simulation model

As a baseline we use the agent-based model written on DSOL (Jacobs, Lang & Verbraeck 2002) as 
developed in our previous research (Giesen, Ketter & Zuidwijk 2009). The base model has been enhanced 
in this research by the implementation of alternative algorithms for client selection by the care provider 
agents. Before we discuss this enhancement, we describe the basic structure of the agent-based model. 
The model features three basic agent roles: a case manager agent, a care provider agent, and a child agent. 
The description of the agents involves the role they represent, and the types of data that they use. We first 
explain these types of data and then we describe the agent roles.

There are several types of data identified in the model. First, some data define fixed values like agent 
names, the theoretical distributions, and the geographical home location of an agent. These parameters are 
mined from real world health care data and health care expert interviews. Second, there are dynamic data 
stores which hold process information upon which an agent can make decisions. This type of data can be 
divided in two groups; the transactional data store and the decision data store. The transactional data store 
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holds records of the overall process of an agent. For example, the agents that represent the institution for 
youth health maintain an internal care database holding all relevant client information. The data store 
holds factual information emulating historical record keeping. On the other hand, the decision data stores 
hold time specific data relevant to the execution of the allocation strategy. The appraisal of this data 
decays over time. For example, the decision on the most appropriate care location for a particular client, 
as determined by the institution for youth health, is based on available information at a particular point in 
time. Moreover, the agent-based model provides a communication platform enforcing straightforward 
message based communication between the agents. All inter-agent communication passes this platform 
such that only those pieces of information that are passed around become available to other agents.  

We now describe the agent roles. The case manager agents act on behalf of the institution for youth health 
care and they maintain a shared transactional data store for record keeping and private data stores for 
allocation decisions. The care provider agents all operate on their own on behalf of a care provider. They 
use private transactional and decision data stores for record keeping and client selection. The client agents 
operate on behalf of individual clients and while they use both shared and private data stores, they merely 
initiate the process of care inquiry at the institution for youth health care. A client agent may choose to 
wait for care or may decide to withdraw after a certain amount of time. 

The process of care provision is constructed around a strict activity path followed by all clients in the 
system. The activity path includes allocation, waiting phase, and treatment mechanisms. It includes client 
withdrawals during the waiting phase and client returns after treatment or withdrawal. An important step 
in the activity path is the client allocation process for treatment at the care providers. When a care 
provider selects the next client for treatment, he will evaluate the clients in the queue based on certain 
characteristics in order to match the client with the available treatment location. While clients are to be 
selected on a first come, first serve basis, this is often violated by the care providers because they prefer 
clients that are easier to treat. Easier clients lead to higher throughput which increases profit. The model 
as used in our previous work is configured to capture this behavior. This is done by an algorithm that 
emulates strategic behavior and it will be described below. 

The model facilitates four types of care present in the youth care system; Ambulatory care; in which a 
client is attended at home or at a care provider by a professional social worker. Day care; in which the 
client stays at the care provider during the day so that a secure and stable setting can be provided to treat 
the client. Foster care; in which the client is actively moved from his/her parental home into a stable and 
secure setting at a foster family. Residential care; in which the child is moved from his/her parental home 
into a stable and secure setting at a location of the care provider. The latter is seen as the most drastic 
intervention since it acknowledges that the client requires additional attention above the basic need to get 
him/her away from the parental home. In practice it often happens that a client receives a combination of 
these types; many clients who receive residential care are also supported with an ambulatory track which 
sometimes even is used as a partial substitution for the heavier type of care. The model incorporates care 
generation and allocation rules to accomplish comparable behavior. A political side effect of providing 
multiple care types simultaneously is that it provides the health care sector with an method to decrease 
client waiting lists; it is much easier to get a client into an ambulatory track than a residential one and by 
doing so the client is already receiving basic care and is considered less an urgent problem than a client
who isn’t getting care at all. 

Equation (1) describes the strategic ordering of the cases which has been developed by means of a 
balanced scorecard technique (Kaplan & Norton, 2005), based on interviews with field experts and the 
evaluation of real world data containing over 30,000 care trajectories. The observed constraints are 
parameterized into the resulting equation which consists of two terms; the first term describes the impact 
of the waiting time of the case and the second term describes the impact of the expected treatment time of 
the case. Equation (1) contains two fixed threshold values which are initialized in such that the equation 
resembles the desired behavior as explored in the interviews. To illustrate the strategic behavior defined 
by Equation (1), Figure 1 shows an example of four potential cases [B,C,E,G] which is a subset of the 

51 19th Workshop on Information Technologies and Systems



actual waiting line [A-H] obtained by filtering on characteristics of both the clients and the open treatment 
position. The order of the clients in terms of waiting time (horizontal axis) differs from the preference 
order based on the acceptance values (right vertical axis). In Figure 1, the order of decreasing waiting 
times is B-C-E-G, while the acceptance value increases along E-C-G-B. When solely looking at waiting 
time, client B would be selected, however the acceptance function describes a preference for client E.

       (1) 
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In our previous research (Giesen, Ketter & Zuidwijk 2009) we focused on four different strategies to 
allocate clients to care in the youth care sector. According to the “Decentralized Push” strategy, the 
institution for youth health care pushes a client after diagnosis immediately to one of the care providers. 
This strategy is currently implemented in the youth care sector. In the “Centralized Push” strategy, the 
moment of allocation is postponed until there is an actual location for treatment. In this manner, each 
allocation performed by the institution of youth health care leads to an instant delivery of care. In the 
“Centralized Pull” scenario, the care providers allocate clients in the central queue to available care 
positions. The institution of youth health exercises some high level control over the waiting list but the
organization is not directly involved in the allocation of individual clients. According to the 
“Decentralized Pull” strategy, care providers may pull clients from the queue at the institution for youth 
health at any time. No care location needs to be available, but the care provider commits itself to 
providing care to selected clients.

These strategies where studied with the same strategic decision making algorithm in place (Equation 1). It 
was recognized that the algorithm would be ineffective in certain scenarios because of the requirement of 
a queue at the care providers to select from. Moreover, it can be assumed that a high level of control, 
exercised by the institution of youth health care in the “Centralized Pull” strategy, decreases the freedom 
to select clients at will. Nevertheless, the care providers will exercise this type of behavior when the 
design of the system permits them to do so and this phenomenon should therefore be studied accordingly 
We perform a sensitivity analysis of this algorithm applied to the “Decentralized Push” allocation strategy 
by measuring the direct effects on waiting time. The approach is based on the continuum between a focus 
on the waiting time of clients, as promoted by the institution of youth health care and government, and a 
focus on the expected treatment time, which aligns with the economic incentives felt by the care 
providers. Indeed, governmental policies require that care is provided first to the clients that have been 
waiting the longest. These policies are based on the recognition that clients cannot be distinguished based 
on urgency, so that waiting time serves as a proxy. The rationale represents a “first come-first serve” 
approach, which is in conflict with monetary incentives that favor clients that require the least treatment 
time. In our model, we study balances between acceptance rationales following governmental policies, i.e. 
which are based on waiting time, and acceptance rationales which are based on efficiency, i.e. treatment 
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time. We analyze convex combinations of the two extreme rationales as described in Equation (2). By 
increasing the •  step by step, we introduce unfairness of client selection by the care providers. We also 
added a benchmark rationale in which the allocation is fully random as defined in Equation (3). 

     (2) 

         (3) 

4. Results and discussion

The simulation is set to run 20 years of simulation time therefore including over 160,000 clients per 
replication on which a long running average waiting time is calculated. Each setting is run for 50 different 
seeds therefore making it possible to calculate reliable average waiting time with a 95% confidence 
interval per setting. Our analysis is focused on the waiting time and especially the relation between the 
average overall waiting time and the average waiting time of the top 5% longest waiting clients. We chose 
to focus on the top 5% group since we expect that these are the clients that are in the worst position of 
ever getting treatment. The effect of different allocation methods can be best seen on a care type with 
considerable queue lengths. Such queues are observed at day care for which Figure 2 shows the results.
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It can be seen that waiting time on both axes can be significantly influenced by the setting the acceptance 
rationale. Close inspection of Figure 2 leads to the following statements:

1. Introducing unfairness (moving from 0.0 towards 1.0 which increases non- ‘first come, first serve’ 
selection rates) in the client selection process has a high performance impact on the whole system.

2. Care providers are not deteriorating the waiting time performance of the system significantly when 
they occasionally select a few preferable cases; overall waiting time is barely influenced in the first 
half of the continuum [0.0-0.5]. However the waiting times of the longest waiting cases are already 
starting to increase rapidly as a result of introducing preference for lower expected treatment times.
A little level of client preference already causes a group of clients who get neglected by the system.

3. When care providers are enabled to prefer clients based on expected treatment time instead of 
waiting time it will lead to an overall increase of waiting time. It may also result in clients to be 
ignored up to the point that these clients leave the system, while care should have been provided. 
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4. The random method was expected to perform bad as no logic in selection was used. However, it 
turns out that acceptance rationales that focus on treatment time perform just as bad or even worse.

5. The benchmark case of our previous work performs differently from the balanced approaches. The 
benchmark features the lowest waiting time for the top 5% group against a considerable higher 
overall waiting time.

These results show that the performance of the system is considerably sensitive to relative small 
differences in the settings of the acceptance rationale. Contrasting the acceptance rationale derived from 
strategic behavior observed in practice with rationales obtained from elementary considerations such as 
waiting time only and treatment time only, or even random acceptance, shows very different outcomes. 
As a result, using an elementary approach in this setting might lead to conclusions or recommendations
that result in deteriorated waiting time performance.

5. Conclusions and future work

Our approach shows the importance of agent-based modeling in complex environments like the youth 
health care sector where much of the issues are related to coordination and communication between 
different parties. We contribute to research in information systems and agent-based simulation by not 
only showing its usability in such a setting but also showing the ability to study alternative scenarios 
which couldn’t be studied otherwise with this level of complexity. We plan to study the model in 
alternative configurations with varying settings for geographical distributions and number of agents in 
such that we are able to assist in strategic decision making. The current model incorporates basic methods 
to emulate interdependencies between the available care types. In the future we plan to extend these 
dependencies is such that they catch up on the complexity of practice. 
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