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Abstract: This research shows that agent based simulation models can form and effective decision 
support system in the supply chain context. This kind of simulation based decision support 
systems is based on a simulation model, including some interacting agents and performance and 
risk indicators, that has been implemented in a simulation software. The simulation model enables 
the decision-maker to iteratively set parameters, run simulations and evaluate the results. Based on 
the retrieved information and knowledge the decision-maker can make decisions regarding how to 
handle the real system. In essence, this type of decision support system fuses information from 
different sources in a synergistic manner into a situation image that provides effective support for 
human decision-making. The research shows that simulation based decision support systems can 
improve the understanding of problems in the supply chain domain since they provide a holistic 
picture and awareness on how decisions affect the real system. 

1 Introduction 
Supply chain management (SCM) aims to integrate and coordinate the materials, information and 
financial flows across the supply chain, so that goods is delivered at the right quantities, to the 
right locations, and at the right time, in the most cost-efficient way, while satisfying customer 
requirements (Gibson et al., 2005). Since supply chains spans within and across firms, information 
gathering and management activities are difficult (Gimenez and Ventura, 2005). Globalization has 
also further intensified the complexity of supply chains (Poon et al., 2009). Thus, there is a great 
demand for advanced planning support in the supply chain (Hilletofth, 2009). These decision 
support systems can be created in many ways (e.g., Power, 2002). However, in order to make them 
efficient and effective for SCM in more dynamic and complex environment they must provide 
decision makers, with updated and correct information and be able to predict the outcome of their 
decisions, and how their decisions affect the supply chain (Hilletofth et al., 2010a). 

In recent years, simulation based decision support has received considerable attention in the 
academic literature (e.g., Petering, 2011; Acar et al., 2010; Fröhling et al., 2010). It means that the 
real system is modeled within simulation software and used to support the decision making of the 
real system through repetitive simulations. One promising modeling and simulation approach to 
develop effective decision support systems in the context of SCM is agent based modeling (ABM). 
It represents a new paradigm in modeling and simulation, especially suited for complex and 
dynamic systems distributed in time and space (Lim and Zhang, 2003), such as supply chains. 
ABM means that the real system of interest is modeled as a set of interacting agents in a defined 
environment and implemented in simulation software.  

ABM is expected to have comprehensive effects on the way that firms use computers to support 
decision-making. For example, it provides a pragmatic approach to the evaluation of management 
alternatives (Swaminathan et al., 1998). It is also considered important for developing industrial 
applications in complex environments (Davidsson and Wernstedt, 2002; Fox et al., 2000; 
Karageorgos et al., 2003). Empirical studies have shown that managers aided by agent based 
simulation models can benefit in several ways (e.g., Hilletofth et al., 2010a; Hilletofth et al., 
2010b). For example, agent based simulation models can support managers to find the highest 
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leverage among improvement alternatives, guide managers instinct and enhance managers 
understanding of the impact of unscheduled factors (Nilsson, and Darley, 2006).  

The overall purpose of this research is to investigate if agent based simulation models can form a 
foundation for advanced decision making (i.e., constitute an advanced, model-driven decision 
support system), thus improving the performance of the supply chain. The ability of this type of 
decision support systems to enhance the understanding of the problem domain is of particular 
interest in this research.  

In this research two agent based simulation models have been developed to provide a pragmatic 
approach to the evaluation of management alternatives. Actual case companies have inspired the 
simulation models, however, additional data has been used to allow the simulation model to be 
developed. Data have been collected using several collection techniques such as in-depth 
interviews, observations, data retrieving from databases and internal documents. The models have 
been implemented through a leading agent based simulation software called Anylogic.  

In the first model, the supply chain processes are managed by a set of agents that are responsible 
for one or more activities (manufacturing supply chain). Wholesalers, suppliers, and factory are all 
modeled with the help of agents. Different agents within the factory are responsible for production 
and material requirements planning, and for order management. Agents create forecasts according 
to their own, local information, and the whole supply chain then emerges from individual actions.  

In the second model, the service order fulfillment process is managed by a set of agents that are 
responsible for one or more activity (service supply chain). It comprises a complex service 
network (more than 50 customer factories), which is modeled using one common type of industrial 
machine (CNC) to be served. The maintenance service provided was categorized as either 
corrective or planned maintenance; the expertise resource needed was categorized into two classes, 
mechanical and electrical.  

The remainder of this paper is structured as follows: To begin with a literature review of agent-
based decision support is presented in Section 2. After that, the manufacturing supply chain model 
and the service supply chain model are described in turn in Sections 3 and 4. Finally, the research 
is discussed and concluded in Section 5. 

2 Literature review 
ABM means that the real observed system of interest is modeled as a set of interacting agents in a 
defined environment (as an agent system) and implemented in simulation software, resulting in an 
agent based simulation model (Hilletofth et al., 2010a). An agent system consists of individual 
agents with specified relationships to one another within a certain environment (Jennings et al., 
1998). The agents are presumed to be acting in what they perceive as their own interests, such as 
economic benefit (they have individual missions), and their knowledge regarding the entire system 
(other agents and environment) is limited (Macal and North, 2006). Still, the most important 
feature in an agent system is the agents’ ability to collaborate, coordinate and interact with each 
other as well as with the environment to achieve common goals (Cicirello and Smith, 2004). By 
sharing information, knowledge, and tasks among the agents in the system, collective intelligence 
may emerge that cannot be derived from the internal mechanism of an individual agent. The ability 
to coordinate also makes it possible for agents to coordinate their actions among themselves, that 
is taking the effect of another agent’s actions into account when making a decision.  

Agent-based simulation can be used to simulate the actions and interactions of individual agents in 
an agent system to evaluate the agents’ effects on the system as a whole as well as to evaluate the 
system in general (Hilletofth et al., 2010b). This implies that an agent-based simulation model can 
be used as a decision support system (Figure 1). The simulation model consists of the interacting 
agents and some performance and risk indicators. The data utilized in the simulation model can be 
collected from databases, observations, interviews, or documents in the real system. Decision-
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makers can set parameters in the simulation model, run the simulation and evaluate the results. 
Based on the retrieved information/knowledge they can make decisions regarding how to handle 
the real system. They could also continually alter different parameters and simulate again to 
evaluate different management alternative. This implies that an agent-based decision support 
system fuses information from different sources in a synergistic manner into a situation image that 
provides effective support for human decision-making. 

 
Figure 1: Agent-based decision support system (Hilletofth et al., 2010a). 

According to Nilsson and Darley (2006) decision-makers benefit in several ways by using ABM. 
Firstly, they acquire an increased understanding of the impact of unscheduled factors such as 
breakdowns, accidents and changes of demands. Secondly, ABM can guide decision-makers’ 
instinct, since interactive agents generate an emergent pattern, which can be explained and 
understood; bringing benefits for the improvement of decision-making in companies. Thirdly, 
ABM can help decision-makers to find, where the highest leverage is to be gained among 
improvement alternatives. Finally, there are sometimes opportunities to improve predictability 
based on the scenarios generated. According to Frayret et al. (2007), an agent-based decision 
support system in SCM increases customer satisfaction and accelerates the planning cycle time. 
The agent-based system is able to fuse information from many sources and the system is able to 
create better plans faster. Reconfiguration ability is also extremely high with multi-agent systems 
(Seilonen et al. 2009). This gives more flexibility in decision-making as different options can be 
easily compared.  

3 Manufacturing supply chain model 
A Swedish company from the appliance industry has inspired the manufacturing supply chain 
model. This means that some data are gained from the case company but additional data has been 
added to allow the simulation model to be developed. Empirical data was collected during a two-
year period (2005-2006) from different sources including databases, interviews, and internal 
documents. The reason why this particular research was conducted was that the case company had 
difficulties in understanding the dynamics behind their own supply chain and was interested in 
building some kind of support system helping them to understand the dynamics. In this chapter the 
manufacturing supply chain model firstly is described with regard to three critical issues including 
the different agents in the model, the rules of the agents, the agents’ interactions. Thereafter the 
performance of the simulation model is evaluated and simulation finings presented 

3.1 Agents in the model 
Five different types of agents were identified for the case company’s operations. As the company 
follows a traditional manufacturing planning and control logic, the agents also represent this view. 
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Inside the firm a demand management (DM) agent contains connections to various wholesalers 
and the master production scheduling (MPS) agent. The MPS agent also communicates with the 
material requirements planning (MRP) agent. The MRP agent is again connected outside the 
organization by communicating with the suppliers. This current logic is shown in Figure 2. 

 
Figure 2: Agent connectedness in the simulation model. 

Current version of the simulation model contains only two products. One of the products has a 
cyclical demand that oscillates steadily. The second products demand follows a demand for a 
totally new product where the demand follows an S-curve until saturation is reached. Thereafter 
the demand starts to slowly decrease. 

3.2 Agent rules 
Wholesalers compare a 12 week long forecast based on exponential smoothing against current 
inventory levels. Using a safety stock of 100 units and a delivery batch size of 20 units, the 
wholesalers create a delivery plan. As soon as the DM agent has received all of the delivery plans 
from the wholesalers it checks the amount of end item inventory at the plant and aggregates the 
total demand for the MPS agent.  

With this information the MPS agent starts to work on the production planning. The DM agent 
also sends the aggregated demand to the suppliers, so they can more easily manage their own raw 
material purchases. MPS has a production batch size of thirty units, a lead time of two weeks, and 
the plant does not want to hold any excess end item inventory. During the MPS run a rough-cut 
capacity calculation also is done to ensure that sufficient capacity exists for the plan.  

The current production plan is then send to the MRP agent. The MRP agent checks the amount of 
raw materials at the manufacturing unit. The lead time for all of the raw materials is four weeks, 
safety stock is set at 1000 units, and the order batch is 500 units. With this information the MRP 
calculations are done and the agent modifies the production plan according to the raw material 
availability. When the MRP agent finishes the MRP calculation, it creates the raw material orders, 
which are sent to the suppliers. When the MRP agent finishes the production plan, the plan is sent 
back to DM agent to create the confirmed deliveries for the wholesalers.  

As the suppliers have access to the end item forecast, they use this information in their own MPS 
calculations. The suppliers have a three week long lead-time with their own suppliers and they 
want to have safety stock of 15000 products in raw materials and the materials are ordered with a 
5000 unit batch size. The suppliers send their own purchases to their suppliers, but they have not 
been modeled, so it is not shown in the main view. 

3.3 Agent interaction 
Each one of the agents in the model performs different sorts of tasks. This implies that every agent 
in the model has its own internal mechanisms and also a specific mission. When the agents 
collaborate, coordinate and interact with each other, a collective intelligence emerges that cannot 
be derived from the internal mechanism of an individual agent. Each agent’s specific tasks and 
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information usage is presented in Table 1, while all of the communicated information is presented 
in Table 2. 

Table 1: Agent framework environment description. 

Agent Tasks Information (Source) 

Wholesaler 

Receive Orders Demand (System generated) 
Create/Edit Forecast Previous Demand (Database) 
Create/Edit Delivery Plan Safety Stock Size (Decision variable) 
 Delivery Batch Size (Decision variable) 

 Confirmed deliveries (DM) 

DM 
Create/Edit Aggregated Delivery Plan Delivery Plans (Wholesaler) 
Confirm Deliveries Finished Inventory (Database) 
 Confirmed Production Plan (MRP) 

MPS 
Create/Edit Production Plan Aggregated Delivery Plan (DM) 
Perform Capacity Planning Lead time (Database) 
 Batch size (Decision variable) 

MRP 

Create/Edit Purchase Orders Production Plan (MPS) 
Confirm Production Plan Raw Material Inventory (Database) 
 Bill of Materials (Database) 
 Lead time (Database) 
 Batch size (Decision variable) 
 Safety Stock Size (Decision variable) 

Supplier 
Create/Edit Production Plan Aggregated Delivery Plan (DM) 
Create/Edit Purchase Orders Lead time (Database) 
Confirm Purchase Orders Batch size (Decision variable) 
 Safety Stock Size (Decision variable) 

Table 2: Information flows between agents in the simulation model. 

Sender Receiver Information 
Wholesaler DM Delivery plan 
DM Wholesaler Confirm deliveries 
DM Supplier Aggregated delivery plan 
DM MPS Aggregated delivery plan 
DM MPS Finished inventory 
MPS MRP Production plan 
MRP DM Confirmed production plan 
MRP Supplier Purchase orders 

As a lot of information is communicated between the agents, there is a need to have a numerous 
variables to store this information in different agents. Most of the information in the model is 
stored in matrixes (e.g. multiple products, agents, and time). The information is communicated 
between the agents using ports and these ports can deliver different kinds of information (e.g. 
matrixes, individual values, text).  

3.4 Simulation results 
Figure 3 shows the actual aggregated sales at both of the wholesalers. It also shows the forecasts 
created by the wholesalers as well as the historical forecasts. The most interesting finding is the 
impact bullwhip effect on the whole supply chain. As soon as the demand for the cyclical product 
starts to rise again, there is a sharp decrease in total sales of both of the products. The forecast for 
life-cycle product does not underestimate the future demand. As there are common components 
shared by both products, the life-cycle product cannot be produced in large enough quantities. 

Figure 4 represents the amount of finished goods inventory at the factory. The demand patterns 
can be clearly seen from the finished goods inventory. Due to the planning delays the warehouse 
lags the actual demand. The bullwhip effect can be clearly seen in the inventory of both products, 
even though it is due to the demand pattern of the cyclical product. The warehouses at the 
wholesaler level are presented in Figure 5. 
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The warehouse level for the life-cycle product oscillates as the demand for the product is 
increasing. There are some stock-outs, which can also be seen in Figure 4 as minor “bumps” in the 
demand. When the demand starts to decrease, the warehouse reaches a stable level. Finally, when 
the demand for the cyclical product increases, there is a clear bullwhip effect with both products. 

 
Figure 3: Demand and forecasts during the simulation run. X-axis represents days in the model 
while y-axis represents amount of units. 

 
Figure 4: Warehouse level at the plant. X-axis represents days in the model while y-axis 
represents amount of units. 

 
Figure 5: Warehouse levels at the wholesalers. X-axis represents days in the model while y-axis 
represents amount of units. 

In summary, ABMS can offer additional insights to manufacturing supply chains. Bullwhip effect 
can occur with unrelated products, as factories might run out of common components. The model 
can be used to improve the performance of the whole supply chain by changing the decision 
variables, but it will not be presented in this paper. 
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4 Service supply chain model  
A Swedish company from the third party maintenance industry has inspired the service supply 
chain model. This means that some data are gained from the case company (e.g. e.g. some 
stochasticity estimates are gained from service times, travel times, demand types and operating 
structure of the case company) but additional data has been added to allow the simulation model to 
be developed. Empirical data was collected during a three-year period (2006-2008) from different 
sources including databases, interviews, observations, and internal documents. In this chapter the 
service supply chain model firstly is described with regard to three critical issues including the 
different agents in the model, the rules of the agents, the agents’ interactions. Thereafter the 
performance of the simulation model is evaluated and simulation findings presented. 

4.1 Agents in the model 
The model consists of two types of agents: engineers and tasks. Each task requires a finite time to 
be completed and individual engineers work on these tasks. There are two types of engineers: 
mechanical and electrical. In the model each type of engineers can only work on a certain type of 
tasks. However, some engineers have the capability to work on both types of tasks but they are a 
minority in the company. 

There are two types of tasks: corrective and planned. The planned tasks can be seen to be 
preventive maintenance; they occur on a specific time and the engineers can be well scheduled for 
the tasks. The corrective tasks occur immediately and cannot be properly estimated. The state 
charts for both of the engineers are presented in Figure 6. 

 
Figure 6: State charts for engineer and task agents.  

Each engineer has four different states: waiting at home, heading for a task, working on a task, and 
heading home. The engineers start at their home location and wait for a task to arrive; when it does 
they will change their state to “heading for a task”. As soon as the engineer reaches its target, it 
will change its state to “working on a task”. At the same time the engineer will send a message to 
the task to inform that it is being worked on. The engineer will work on the task until it receives a 
message from the task. When the message arrives, the state changes to “heading for home” and it 
will further change to “waiting at depot” as soon as the engineer arrives at home. The tasks (both 
corrective and planned) have only three states. The first one, “corrective situation”, only initiates 
the agent. Immediately after this the state changes to “Backlog” which is used to calculate the time 
waited for service. As soon as the first engineer arrives, the state is changed to “being worked on”. 

4.2 Agent rules 
The locations of the tasks have been predefined and there are 57 different customer locations 
where they can occur. These locations are based on current customer locations. The corrective 
tasks occur all of a sudden while the planned tasks are planned well ahead of their occurrence. The 
share between corrective and planned tasks was extracted from real task data. The task lengths and 
frequency of occurrence are however estimations. Table 3 provides basic information about the 
model. Time interval between corrective tasks is 4 to 12 hours, while the interval with planned 
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tasks is 10 to 30 hours. When a task has been generated, a uniform distribution is used to create the 
next occurrence. The corrective tasks contain only one sub-task. The duration of the visit is 
normally distributed with a mean value of 8 hours and a standard deviation of 5.2 hours. 75% of 
the corrective tasks require a mechanical engineer. 

Unlike the corrective tasks, planned tasks can have anything between one to three sub-tasks, and 
the length for each sub-task comes from a normal distribution with a mean value of 10 and a 
standard deviation of 5. There will always be at least one task, but there is a 50% chance to have a 
second sub-task. If there is a second sub-task, a third one will also have a 50% chance of 
occurring. A planned task will also have a randomized preferred starting date.  

Table 3: Variables in the simulation model. 

Variable Initial values 
Number of acute electrical engineers 2 
Number of acute mechanical engineers 2 
Number of planned electrical engineers 1 
Number of planned mechanical engineers 2 
Time between acute tasks 4 – 12 hours, uniformly distributed 
Time between planned tasks 10 – 30 hours, uniformly distributed 
Length of planned tasks Mean: 10 hours, standard deviation 5 hours 
Length of acute tasks Mean: 8 hours, standard deviation 5.2 hours 
Chance of ordering the wrong engineer 10 percent 

In planned tasks each engineer has a schedule for two weeks. When a new planned task is 
generated, the total length of the task is used to fit the task to a free time-slot. The time-slots will 
be checked one at a time for each engineer so the actual starting date will not be minimized. If a 
planned task cannot be fitted to any of the engineers, the task will be tried to be fitted at a later 
time (each hour in the model). If there is more than one unscheduled planned task, the shorter one 
will “steal” a time-slot for the longer one. This is, because there will be a free slot earlier for a 
smaller task. This does not necessarily reflect reality, but it is one solution to the scheduling 
problem.  

As can be seen in Table 3, there are many different variables that can be altered to study the 
behavior of the model. Four of the variables represent how many engineers there are in the model. 
The other variables are stochastic, or have impact on a stochastic variable. Overall the simulation 
model has much randomness and each simulation run differs to some extent from the previous 
ones. Thus, Monte Carlo analysis with a variety of different seed values should be used to improve 
accuracy of the results. 

4.3 Agent interaction 
The task and engineer agents communicate with each other. As soon as a corrective task occurs, 
the task agent will look for a free engineer and send a message to it. If no free engineers exist, it 
will end up in a queue and engineers will always check whether tasks exist in queues before they 
state that they are free. Also, the engineer will send a message to the task as soon as he has 
finalized it or he needs to head back to the office to get some material. There is no direct 
communication between the engineers or between the tasks but it is possible to shift some 
engineers from being planned engineers to being corrective engineers, if too many tasks exist in 
the queue. 

It can also occur that the customer gives misleading information about the required task and the 
wrong type of engineer is sent to the task at first. As soon as the “wrong” engineer arrives at the 
location, he immediately notices that he is not capable of completing the task. The engineer will 
then head home and the task is then given to the right type of engineers. When the first engineer 
arrives (right type or wrong type) waiting time will be reported. Figure 6 shows an example of the 
states in a corrective task. 
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4.4 Simulation results 
As the model contains many stochastic variables, a Monte Carlo analysis was used to estimate the 
results of the model. In the Monte Carlo analysis the statistics shown in Table 4 were gathered. 
The amount of hours waiting for service was divided with the amount of tasks at individual 
locations and this statistics indicates the average waiting time for each task 

Table 4: The results for the most important variables. 

Variable Mean Standard deviation  
Engineers waiting 75.9% 1 
Engineers moving 9% 0.5 
Engineers working 15.1% 0.7 
Total kilometers driven 34 804 km 1957 
Acute waiting time 4.13 hours 0.53 

Figure 7 shows an example of one of these statistics and most of the statistics is presented in Table 
4. On average the engineers have to wait for work 76% of their time. It should be noted though 
that the time engineers spend waiting is not translatable to idle time; in reality this time is spent on 
other tasks at the MSP, but potentially with a lower billable hourly rate. Only 15% of their total 
working time is used on the actual value adding time of servicing at customer locations, while 
10% is spent of moving between locations. As the engineers have to spend much time traveling 
between locations, the amount of kilometers driven has a strong impact on the profitability of 
individual customers. Figure 8 shows the average amount of kilometers driven. The mean value is 
34 804 kilometers and the standard deviation is 1 957 kilometers. 

 
Figure 7: Histogram for engineer waiting time. The x-axis shows how large share of their time do 
the engineers have to wait at depot, while the y-axis shows the shares of the waiting times 

 
Figure 8: Histogram for kilometers driven. The x-axis shows the amount of kilometers driven in 
different simulation runs while the y-axis shows the relative of these distances 

The final statistics of average waiting time, overall and at each individual location, depends on 
many different things. Each individual task’s waiting time does not depend solely on the location, 
but also from the availability of the engineers. This, on the other hand, is impacted by the location 
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of the previous tasks and their length. Also, if the wrong engineer is sent to a corrective task, it 
uses much time of the engineers. These waiting times are presented in Figures 9 and 10. 

 
Figure 9: Histogram for corrective task waiting time. The x-axis shows the average waiting time 
in different simulation runs while the y-axis shows the relative share of these times. 

 
Figure 10: Mean waiting times in individual locations. The x-axis represent different cities in the 
model while the y-axis show the average waiting time 

As can be noted from Figure 10, the average waiting time on individual locations differ much. The 
individual location average waiting times vary between 2 hours to 7 hours. If a similar contract is 
offered to customers located in different cities, the company will either pay fines for a delayed 
service or lose customers by offering a slow response time. 

5 Concluding discussion 
In this research work, two decision support systems were developed for planning of supply chain 
operations using ABM. The benefits from using agent based decision support system come from 
few different sources. One is the possibility to see how a decision maker’s actions impact the 
whole system. This comes from visibility by analyzing individual entities in the model. Secondly, 
it is possible to conduct experiments. In the manufacturing case decision maker could see how the 
desired stock levels would impact the whole system’s performance. In the maintenance case, 
decision maker could experiment by using different amount of engineers, comparing centralized 
and decentralized service solutions, or by using a different amount of demand. Thirdly, the 
simulation model provides additional understanding about the system and the connections between 
different entities.  

The proposed manufacturing system is still a simple one; only showing the necessary information 
flows in an organization that uses an MPC system. However, the model can easily be expanded to 
include more information flows and if the manufacturing unit would also be modeled, it would be 
possible to connect the simulation model to be part of the decision support system. Most of the 
information for the simulation model could directly come from the real databases of the company 
and from real information flows. This is a clear advantage for an agent based simulation model as 
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there would be no need to gather any additional information from the organization. Also, situation 
awareness of individual decision makers would improve as they could see how the same initial 
information is used in different parts of the organization. 

The maintenance service model also contains only a handful of data. However, it should be noted 
that the model has been updated many times after being reviewed by the case company. This 
model could be as well be expanded by gathering more data. The data could come from databases 
(the company has service reports about their previous tasks) and it might be possible to even create 
a decision support system that would have the current situation regarding tasks as well as 
comparing the situation against the simulation model. The model could warn if there was a high 
likelihood of missing customer tasks in a certain time interval. 

Both of the decision support systems have provided additional insights in the problem domains. 
The manufacturing supply chain model clearly shows how the bullwhip effect will affect 
nonrelated products due to common components at the manufacturing plant, even if information is 
totally shared in supply chains. In the service supply chain it was noticed that service organizations 
must balance between a centralized and decentralized solution. The decentralized solution allows 
faster travel times to locations, but there needs to be a higher amount of engineers in the whole 
system due to randomness in demand.  

Based on our findings, it can be concluded that agent based simulation models could form an 
effective decision support system in the supply chain context. The approach implies that the real 
system of interest is modeled using agent principles and implemented in simulation software. The 
simulation model consists of different agents performing the various tasks and some performance 
and risk indicators showing how the system operates. It enables the decision-maker to iteratively 
set parameters, run simulations, and evaluate the performance and possible risks. Based on the 
retrieved information and knowledge the decision-maker can make decisions regarding how to 
handle the real system. This implies that an agent based decision support system collects and fuses 
information from different sources in a synergistic manner into a situation image that provides 
effective support for human decision-making.  It can also be concluded that simulation based 
decision support systems can improve the understanding problems in the supply chain domain 
since they provide a holistic picture and awareness on how decisions affect the real system. 

It is important to note that this research only is based on two rather simple simulation based 
decision support systems thus additional applications are needed to further validate the findings. 
Other interesting aspects for further research include the usage of the developed applications in the 
management of the case companies. It is important to investigate where and how these simulation 
based decision support systems are useful within the case companies. Another important issue for 
further research is how the developed decision support systems could be connected to other 
company systems or decision support systems, for example with enterprise resource planning or 
customer relationship management application. Most often simulation is used in producing more 
efficient operations and cost leadership, but during agent based simulation we have identified that 
this new methodology also enables usage for increasing sales and attracting more customers. 
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