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ABSTRACT

This paper investigates how a transportation delay created by road traffic congestion affects supply chain performance in order to identify tradeoffs and offer guidelines for risk mitigation strategies.  This research uses system dynamics simulation modeling to represent a 3 echelon supply chain.   Several variables were investigated, including where the congestion occurs in the supply chain, the probability of congestion, and the immediate downstream response to congestion.  Results indicate that there can be impacts, both positive and negative for upstream and downstream partners, depending on the likelihood of the congestion as well as where it occurs in the supply chain.  The paper concludes with recommendations for mitigation strategies and limitations and extensions of this research. 

INTRODUCTION
As supply chains have become leaner, more competitive and more global, they have also become more vulnerable to different kinds of risk, ranging from the day – to – day risks such as quality issues – to the risks associated with natural disasters.    Although the exposure to different kinds of risk faced by a supply chain depends on the supply chain design, the risks fall into several general categories which include disruptions, delays, inaccurate or unavailable information, supplier or customer problems, or inappropriate levels of capacity or inventory.  Further, the drivers of risk may be endogenous or exogenous and thereby affect risk mitigation strategies. For example, if shipments are delayed due to a quality problem with a supplier, then a risk mitigation strategy would be different than the strategy used to address delays caused by regional flooding.  Although the risk category – a delay – is the same in both of these situations, the risk mitigation strategies cannot be the same because the underlying drivers are different.  Effective risk mitigation strategies must therefore consider the risk driver as well as the likelihood of its occurrence and the impact of its occurrence.  Otherwise, clear guidelines and options cannot be developed, and strategies cannot be realized.

The purpose of this paper is to investigate how a transportation delay created by road traffic congestion affects supply chain performance by using simulation modeling.  Empirical studies clearly show that road traffic congestion in the U.S. is rising (Schrank, 2005)  and is further exacerbated by population growth, urban sprawl, and the increasing number of vehicles.  Road traffic congestion has become more pronounced around ports such as Los Angeles and Long Beach, creating long delays not only for cargo ships, but for the trucks hauling goods in and out of the ports (Jula, Chassiakos, Ioannou, 2006).  Nevertheless, business organizations employ several means for dealing with congestion including the use of routing and scheduling software, alteration of delivery schedules, and investing in additional transportation and storage capacity.  

By simulating a supply chain using system dynamics modeling, this study analyzes how road traffic congestion affects the supply chain when traffic congestion affects the movement of goods to and from a warehouse or distribution center.   These impacts are measured by truck operating costs and inventory changes.  
BACKGROUND
It is estimated that road traffic congestion costs U.S. businesses an estimated $10 billion per year (Winston and Langer, 2006).  These costs account for 27% of total congestion costs in the U.S. but represent only 5% of all vehicle miles of travel.  According to the Federal Highway Administration (FHWA, 2004), the deregulation of freight transportation has lead to the elimination of excess capacity from highway and rail systems, creating a system with less redundancy and resilience to transportation disruptions and delays. Congestion is experienced throughout more of the day, on more roads extending travel time.  The 2004 FHWA report also shows that congestion has been increasing in all U.S. cities since 1982.  Peak period travel that was congested grew from 33% in 1982 to 67% in 2004.  Similarly, the percentage of congested roadways grew from 34% in 1982 to 59% in 2002. Traffic congestion on the U.S. roadways is getting worse and future forecasts do not indicate any improvement.  Between 2000 and 2025 the U.S. population will grow by 26%;  passenger miles for all modes of transportation will grow by 72%; and intercity truck tonnage will grow by 75% between 2000 and 2020 (FHWA, 2004).
In a study of 1,200 carriers operating commercial trucks in California, over 80% responded that congestion is “somewhat serious” or “critically serious” for the operation of their business (Golob and Regan, 2000).  More than 90% of the respondents felt that congestion would become worse in the future. These results are consistent with other statistics which show that commercial truck travel in the U.S. is increasing faster than all other vehicle travel, accounting for 71% of all tonnage (80% of the value) shipped in the U.S. (Road Information Program, 2004).  Alleviation of road traffic congestion will not occur soon.  Thus, in order to control costs and maintain margins in a highly competitive industry, businesses need to find ways to mitigate the impact of congestion on their supply chains. 
Research on the impact of traffic congestion on supply chain performance is sparse.  Mansell (2004) states that “road congestion is likely to be on the agenda for many members of the industry for some time to come.”   Fernie, Pfab, and Marchant (2000) indicate that one of the most important factors affecting cost and service in the retail grocery sector is road traffic congestion.  Golob and Regan (2003) surveyed trucking companies operating in California to determine if their perceptions of traffic congestion affected their use of routing and scheduling software.  Although their study is helpful in understanding how congestion issues affect trucking, it does not consider how congestion affects the entire supply chain.  This relationship between traffic congestion and supply chain behavior was first addressed by Moinzadeh, Klastorin, and Berk  in 1997.  They demonstrated that ordering in small batch sizes as a result of just-in-time (JIT) philosophy contributes to traffic congestion.  Sankaran and Wood (2007) extended the work of Moinzadeh, et. al. by considering the interplay between road traffic congestion and distribution.  As congestion levels rise, replenishment still occurs on a JIT basis using small lots, which further drives up congestion. Sankaran and Wood were able to show how distribution costs were affected by the number of deliveries per day, fleet size, the length of the workday, and the number of trips made by a delivery vehicle.  This is important because it relates road traffic congestion to specific measurable variables which can be obtained through empirical data.  The shortcoming, however, is that their findings may not be applicable to other supply chains or distribution systems that do not exhibit similar characteristics.   
Clearly road traffic congestion affects both cost and service, but other factors such as where the congestion occurs in the supply chain or how it affects overall performance has not been addressed.  Although previous research has studied how delays affect supply chain behavior in general, none have considered how a delay at different points in the supply chain impact supply chain performance (Lee, Padmanabhan, & Whang, 1997; Simchi-Levi, Kaminsky, Simchi-Levi, 2000).  
One challenge of this type of study is understanding and modeling the relationship between congestion and operational decisions made by business, the lack of empirical data, and the limitations of available data.  For example, discussions with businesses that are affected by traffic congestion reveal that congestion is not treated as an isolated problem, but in conjunction with limitations on driver hours, route distance, and route density.  Therefore, it is challenging to treat congestion as an isolated issue.  Secondly, businesses do not keep data on traffic congestion per se, but only on business performance so it’s difficult to separate problems due to congestion and problems due to other managerial issues.  Finally, available data from the Texas Transportation Institute is very general and is neither industry- or route-specific, and does not collect separate data for the movement of goods.  
METHODOLOGY
The supply chain developed for this research is simulated in continuous time using the software ithink® (ISEE Systems).  The structure of this supply chain is depicted in Figure 1.  In this traditional arrangement, demand information flows upstream, beginning with the customer.  The retailer receives customer demand information, but the warehouse receives only retail orders.  Likewise, the tier 1 supplier receives warehouse orders and the tier 2 supplier receives orders from the tier 1 supplier.   Figure 1 also indicates the processing times for the tier 1 and tier 2 suppliers, and the transit times between each echelon.  The points in the supply chain where delays can occur are depicted as Point B (between the tier 1 supplier and the warehouse), and Point A (between the warehouse and retailer). 
Insert Figure 1. Supply chain structure
This methodology incorporates the results from previous research conducted by Disney, Naim, and Towill (1997) and Mason-Jones, Naim and Towill (1997) who used system dynamics simulation models to investigate inventory behavior in supply chains.  These studies identified the best settings of the design parameters for smoothing demand, adjusting inventory, and adjusting work in process.  These settings ensure good control of material flow when used for simulating “to make” models, and drew upon the previous ideas developed by Towill (1982) and Popplewell and Bonney (1987). Their work provides the basis for the parameters used in this research.  

In order to simulate road traffic congestion, the simulation model was built to randomly introduce congestion delays that are normally distributed with a mean equal to of 10% of the usual transportation duration and a standard deviation of delay equal to 1/6 of the average.  For example, the transportation time between the warehouse and retailer is one day, and congestion increases this time by 0.1 day, with a standard deviation equal to 1/6 of the average, or .017 day.  For a 10 hour day, the average delay is therefore one hour with a standard deviation of 10 minutes.  For the most part, goods will arrive between 10.5 and 11.5 hours from the time they were shipped when congestion is present.  These values were selected for convenience and will no doubt vary for different supply chains, routes, and warehouse-retailer combination.  
The model was run for a total of 600 days using randomly generated delays based on a probability of either 2% or 10%.  In other words, out of 100 trips, two trips or 10 trips may be subjected to a congestion delay.  The probability of 10% was selected because the limitations of the software did not permit probabilities greater than this value due to the time intervals between calculations.  The 2% was selected for convenience, and represented a relatively low probability that seems unlikely to affect supply chain performance.  Furthermore, as the probability of congestion rises, businesses would begin to take action to reduce this probability by changing routes, schedules, or operations to avoid the congestion.  Therefore high values for the probability of congestion may not be realistic.  A lower probability will provide more conservative results and, as such, provide a sort of lower bound on the potential outcomes. 
A total of 96 simulation runs were made representing 18 scenarios with 4 replications each.  The steady state was reached after approximately 200 days and statistics were computed based on days 216 through 600.  This determination of when the steady state was reached was determined by inspecting the graphs of the variables of interest to determine when the patterns were consistent, and the decision to run the model for 600 days was somewhat arbitrary.  It was desired to have steady state results spanning at least 1 year, which would be 581 days (216 + 365), which was then rounded up to 600.  The model is discussed in more detail in the next section.
Model Details
The model assumes that there is no collaboration between supply chain stages and that each makes ordering decisions based on downstream demand and levels of inventory both in transit and in stock.  This is illustrated in more detail in Figure 2 which shows how goods and orders flow between the retailer and the warehouse. The retail sector is represented by the top half of Figure 2, and warehouse is represented by the bottom half.  A plus sign at the head of an arrow indicates that two variables move in the same direction.  An increase in one variable causes the other to increase, or a decrease in one variable causes the other to decrease.  A minus sign indicates that two variables move in opposite directions.  For example, when “Customer demand” increases, “Retail inventory level” decreases. When “Retail inventory level” decreases “Total retail inventory gap” increases 

Insert Figure 2. Causal loop diagram
Starting at the top right of Figure 2, when customer demand increases, “Orders placed with warehouse” will eventually increase as a result of a higher retail inventory gap.  These orders then enter the “Warehouse order backlog”, triggering shipments to the retailer.  When goods are shipped, “Retail pipeline inventory” increases, reducing the “Retail pipeline gap”. As this gap decreases, “Total retail inventory gap” also decreases because the plus sign at the head of the arrow shows that these 2 variables move in the same direction.  Eventually, the goods from the retail pipeline enter retail inventory, increasing “Retail inventory level.”  When “Retail inventory level” increases “Total retail inventory gap” decreases.  Notice that this cycle contains two loops.  One loop begins with “Total retail inventory gap” and continues to “Retail pipeline gap.”  The other begins with “Total retail inventory gap”, and continues to “Retail inventory level.”  These two loops are negative feedback loops, and are therefore self-correcting and seek a steady state.

The causal loops at the bottom of Figure 2 illustrate the warehouse behavior.  These operate the same as the causal loops in the retail portion of Figure 2. The logic and the causal loops that control the behavior of the tier 1 and tier 2 suppliers are identical to the warehouse and retailer.   Figure 3 shows how the simulation model depicts these relationships as stocks and flows in the simulation model.  This diagram depicts only the retail sector, but other sectors are modeled in a similar fashion.

Insert Figure 3: Simulation model for retail sector.
The causal loop diagram illustrates the basic relationships between key variables, but does not contain the detail regarding customer demand or inventory and ordering policy.   Customer demand is modeled as either constant with a mean of 10 units per day, or normally distributed with a mean of 10 units per day and standard deviation of 2 units.  The purpose for modeling constant or variable demand is to identify the effect of demand variability on supply chain behavior and to determine supply chain behavior and appropriate policy responses under ideal conditions. 

The inventory policy for each echelon uses a continuous review system where the inventory held by each tier is set at a target level.  “Retail target inventory” and “Desired retail pipeline” at the top of Figure 2 are computed from shipment lead time and average demand.  Throughout the model, target inventory levels and desired pipeline inventory levels are computed for each echelon using the relationships shown in equations (1) and (2). 
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S = target level


LT = perceived shipment lead time
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(2)
where

LT = transit time + adjustment switch ( congestion delay

The variable LT is defined as perceived shipment lead time because the supply chain partner immediately downstream of the delay may or may not take the congestion delay into account when setting target inventory levels.  The actual lead time however will increase when a delay occurs.  This decision to adjust or not is captured by the adjustment switch.  This adjustment switch can be set to either 0 or 1, including or excluding the effect of a congestion delay on both target inventory levels and desired pipeline inventory levels, where pipeline refers to either work in process (WIP) in a manufacturing environment or goods in transit between echelons.  

Returning to Figure 2, the retail target inventory and desired retail pipeline inventory determine inventory gaps.  These gaps are calculated according to equations (3) and (4).  

Total inventory gap = target inventory – actual inventory + pipeline gap

(3)
where


Pipeline gap = desired pipeline inventory- goods in transit


(4)
As the total inventory gap increases, the retailer orders more goods from the warehouse.  Backorders are permitted.  The retailer also adjusts the order quantity placed with the warehouse using a simple forecasting method.  The method produces a forecast 30 days ahead based on the last 30 days of customer demand.  Although this technique would not be appropriate for retailers experiencing seasonal demand, demand in this model is stationary, exhibiting no trends or seasonality.
The upstream echelons use a slightly different method for adjusting the order quantities placed with their upstream suppliers.  As shown at the bottom left of Figure 2, the warehouse “smoothes” the orders they receive from the retailer before placing orders with the tier 1 supplier.  This occurs for 2 reasons.  First, the research conducted by Disney, et. al. (1997), and Mason-Jones, et. al. (1997) showed that demand smoothing creates more stable systems.  Second, the warehouse would not react to small changes in demand that were due to random changes.  Demand is smoothed by each echelon, and the smoothing constant, Ta equals twice the production lead time, Tp, or twice the transit lead time Tw, depending on whether a firm manufactures a product and would use Tp, or distributes or sells the product, in which case they would use Tw.
Ta = 2Tp, or Ta = 2Tw





(5)
Although Figure 2 does not include the tier 1 and tier 2 suppliers, the causal loops are identical with an additional control for WIP.  The tier 1 and tier 2 supplier determine how much to produce based on the gap between actual and target inventory as well as the WIP gap.  This calculation is analogous to the pipeline gap that is computed by the warehouse and the retailer.  Equations  (6) through (8) show how the desired WIP and inventory gap are computed for the tier 1 and tier 2 suppliers. 
Desired WIP = (average demand)(production lead time) + safety stock

(6)

Inventory gap = target inventory – actual inventory + WIP gap


(7)

WIP gap = desired WIP – goods in process 




(8)
All echelons place orders with the upstream supplier using the same logic.  The quantity ordered is equal to the average demand plus and adjustment for the inventory gap.  The inventory gap is divided by the inventory adjustment time, which determines how quickly the actual and target inventory levels are aligned.  This logic is shown in equation (9). 
Quantity ordered = 
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(9)
inventory adjustment time, Ti = Tw = transit time 


(10)
The inventory adjustment time is equal to the transit time except for the retailer, which is set to 2 days to improve model stability.  The retailer would expect to rectify inventory discrepancies within 2 days, allowing 1 day for the distributor to “pick” the order and another day for transit. Although this selection is not consistent with the parameter settings suggested by Mason-Jones, et. al. (1997), their model did not include transit times as short as 1 day.  

Not only do the quantities ordered depend on adjustment times, but so does the decision on how much to produce. The tier 1 supplier, who produces the final goods, begins production when a signal similar to that in equation (9) is received:

Production starts = inventory gap/ production adjustment time 


(11) 

production adjustment time, Ti = Tp = production lead time 


(12)
These 12 equations complete the ordering and inventory policy controls. Table 1 shows the different simulation runs that were made. parameter settings used in this model, including the initial inventory settings, pipeline control and smoothing constants.  

Insert Table 1. Parameter settings
The next section discusses the simulation design and the performance metrics used to assess the impact of congestion on supply chain performance.
Simulation Design and Performance Metrics
Table 2 shows the different types of simulation runs used to investigate the impact of a congestion delay by varying four input parameters:  demand variability, the location of congestion in the supply chain, the probability of congestion, and the response to congestion.  Demand is either constant or variable.  Although constant demand is unrealistic, it is useful in simulation modeling in order to identify appropriate responses under ideal conditions.  Congestion occurs either between the retailer and the warehouse, or between the warehouse and the tier 1 supplier, but not both. The probability of congestion is modeled as a 0% (base case),  2% or a 10% probability, and finally, the response to congestion is also considered.  Recall equations (1) and (2), which are used to set target inventory levels and desired pipeline levels.  If the echelon downstream of the congestion delay responds to the delay by adjusting inventory targets then both the target and pipeline levels increase slightly.  Otherwise, they are unaffected by the congestion delay. When there is no congestion, these adjustments have no impact on inventory levels, indicated by the “NA” in the last column of Table 2.  For the other simulation runs in which congestion occurs, the adjustment is present or absent, also shown in the alst column of Table 2. 
Insert Table 2.  Simulation design
Four replications of  the 18 different scenarios listed in Table 2 were simulated for a total of 96 simulation runs. Furthermore, replicated random number streams were used to simulate variable customer demand (normal with a mean of 10 and standard deviation of 2), the Monte Carlo random number stream that determined when congestion would occur (with either 2% or 10% probability), and the duration of the congestion delay (normally distributed with a mean and standard deviation shown in Table 1).  Replicated random number streams were used in order to compare system behavior.  For example, replicating the random number stream for the probability of congestion ensures that congestion will occur on the same day for each simulation run conducted with the replicated number streams, making it easier to identify the impact of adjusting inventory targets.  This is useful to compare system behavior for different responses to congestion, discussed in the next section.
Each simulation run generated information for approximately 400 days (600 days – 216 days of warm up).  This information was then used to compute average inventory levels and average number of goods in transit as well as total inventory levels and total goods in transit.  Comparison of these results for each run were then used to measure any changes in supply chain performance resulting from congestion.  
Supply chain performance is measured using three categories of metrics:  cost, total and average daily inventory levels for the three echelons, and total and average daily number of goods in transit.   Cost is applied only to the cost of transportation, and is based on hourly operating costs of $77.10 for trucks in 2005 U.S. dollars.  This figure was updated from 2002 by the Texas Transportation Institute and does not include the cost of fuel (Schrank and Lomax, 2005).  Fuel cost depends on terrain, road conditions, type and age of truck, and whether or not a truck has a refrigeration unit attached.  Therefore, it is not included in this study.  Inventory changes are recorded for each echelon, and changes resulting from congestion are noted. 
RESULTS
In order to assess the supply chain performance under the different scenarios shown in Table 2, graphs of system behavior and summary statistics for the supply chain partners were computed.  Before looking at the summary statistics for each run, consider several graphs that show how levels of inventory vary for the different scenario. These graphs show the inventory fluctuations over a 50 day time period.  

Figure 4 shows how adjusting or not adjusting the target inventory in the presence of congestion at Point A (between the warehouse and retailer) affects upstream inventory levels.  If the retailer makes no adjustment to their inventory target the upstream supply chain partners experience steady inventory levels.  If, however, the retailer responds by adjusting their target this reverberates upstream and we see the bullwhip effect. This behavior is similar for constant demand and probabilities of 2% or 10% for a delay at Point A; however the behavior is slightly more exacerbated when the probability is 10%.

Insert Figure 4.

Figure 5 illustrates the how congestion affects inventory levels when demand is variable. 
Insert Figure 5.

Figure 5, resulting from runs for 2% probability of congestion at Point A, shows similar behavior between the base case with no congestion (top graph) and the scenario in which target adjustments to inventory levels are not made (middle graph).  However, when the retailer adjusts their inventory levels as a result of congestion the inventory levels of the tier 1 supplier exhibit slightly different behavior, shown in the bottom graph. The last peak for the tier 1 supplier’s inventory level is not quite as high and drops off more quickly than in the other two scenarios.  This suggests that when the retailer adjusts for congestion that the tier 1 supplier inventory levels are slightly lower then when the retailer makes no such adjustments.  
In order to capture the behavior of inventory shown in Figures 4 through 6, the standard deviation of inventory levels were computed for echelon as well as goods in transit for each simulation run and then averaged together for the 4 replications of each run.  There are too few simulation runs to be able to discern statistically significant differences between the variability.  Nevertheless, Table 3 provides some insights into the behavior of the supply chain.
Insert Table 3.

There appears to be a pattern that warrants further investigation.  The shaded boxes in Table 3 show the preferred response – to adjust or not adjust target inventory levels – in the presence of congestion.  The preferred response was selected by identifying the lower standard deviation. When demand is constant, not adjusting target inventory to account for congestion results in lower fluctuations of inventory, regardless of the probability of congestion or where it occurs in the supply chain.  When demand is variable, there is also a consistent pattern. Each echelon experiences the lowest fluctuations in inventory if they adjust for congestion when it occurs at Point A with a 2% probability or at Point B with a 10% probability.  For the other two cases – Point A with 10% probability and Point B with 2% probability – fluctuations are lowest if they do not adjust for congestion.  However for retail goods in transit, the only situation resulting in the lowest fluctuations occur if target inventory adjustments are not made for congestion at Point B with a 2% probability.  Therefore, when the probability of congestion is 10% at Point A, the appropriate response depends on where you are in the supply chain.  If you are one of the partners not involved in transport, then not making adjustments for congestion is best; however if you are involved in transporting, then making adjustments is better.  
Although Table 3 provides some insight into supply chain behavior, other information is needed to help determine how congestion affects other measures of inventory. 

Tables 4 and 5 show the summary statistics and 95% confidence intervals for each scenario for a congestion delay at Point A, between the warehouse and retailer.  Table 4 shows summary statistics and confidence intervals for a 2% probability  whereas Table 5 shows these same calculations for a 10% probability of congestion at Point A. These computations are based on 4 replications. The tables show the average inventory levels and standard deviation of these averages for each echelon in the supply chain as well as the average and standard deviation for goods in transit. These statistics are in the first row for each supply chain position. Table 4 also shows the average total inventory and the standard deviation of the total inventory that was managed by each echelon or transported between echelons for the period over which the simulation was run; this is shown in the second row corresponding to each position.  The remaining two rows for each position show the confidence intervals for average inventory levels as well as total inventory.  The gray areas of the table indicate where significant statistical differences occurred at a 95% level of confidence when comparing scenarios to the base case of either constant or variable demand.  For example, in Table 4 average retail inventory and total retail inventory levels are statistically significantly higher if the retailer adjusts target levels when demand is constant.  The increase, however, is quite small.
Table 4 confirms that when demand is constant and if the retailer adjusts for congestion, more variability is introduced upstream.  This is shown by inspecting the standard deviations in the first row of each supply chain position.  The actions of the retailer can affect the variability in warehouse inventory, warehouse goods in transit, and tier 1 inventory.  The variability, however, does not result in statistically significant higher or lower inventory levels except for the retailer.  This may be due in part to the small number of replications of each simulation run.

 Table 5 shows similar results when the probability of congestion rises to 10%.  Notice that there are a few more statistically significant differences and that the patterns are consistent with the results when the probability of congestion is 2%.

Insert Table 4 and Table 5.

A congestion delay further upstream exhibits behavior similar to the downstream delay between the warehouse and retailer.  Figure 6 illustrates the impact of congestion at Point B, between the warehouse and tier 1 supplier, when the probability of congestion is 10% and demand is constant.  This behavior is very similar to the behavior in Figure 4, exhibiting more variability upstream when the warehouse adjusts their target inventory levels. When demand is variable and congestion occurs at Point B, we also see patterns that are similar to those when demand is variable and congestion occurs at Point A, although the figures for variable demand and congestion at Point B are not shown here.  
Insert Figure 6.

To consider whether or not the behavior shown in Figure 6 is significant refer to Table 6. which presents summary statistics and confidence intervals for each echelon.

Insert Table 6.

Table 6 shows that when demand is constant the level of goods in transit from the tier 1 supplier to the warehouse increase slightly, highlighted by the gray boxes.  Otherwise, there are no statistically significant differences.   Inspection of the standard deviations show a slight increase in the variability of the average inventory levels for the retailer when demand is variable and the warehouse adjusts their inventory targets (first row, last column).  It appears that there may be some downstream impacts of this policy response, although it’s not statistically significant.  

Table 7, based on congestion at Point B with a probability of 10%, shows the same statistically significant results as Table 6, in addition to two others.  The warehouse inventory levels decrease slightly, although statistically significant, when demand is constant, regardless of whether or not the warehouse adjusts their target inventory levels.  Additionally, when demand is variable, if the warehouse adjusts their target inventory levels the goods in transit to the warehouse rise slightly, a statistically significant result.  
Insert Table 7.

These results show that congestion affects the echelon immediately downstream of the congestion point as well as the goods in transit at the point of congestion. This is not surprising.  However, these results also showed that there are upstream and even downstream impacts even though they are not statistically significant.  For example, when there is a 10% or 2% probability of congestion at Point A, the average inventory levels as well as total inventory of the tier 1 supplier fall.    
In general, congestion results in an increase in the overall number of goods transported between the two echelons where the congestion occurs.  When congestion occurs at Point A, downstream retail inventory increases slightly if the retailer adjusts inventory targets to account for congestion. Otherwise, inventory levels fall slightly.  However when congestion occurs at Point B, whether or not downstream warehouse inventory decreases or increases depends on the probability of congestion and whether or not the warehouse adjusts their targets. For example, when demand is variable and the congestion probability is 2%, making no adjustments results in slightly lower average inventory for the warehouse whereas making adjustments increases average the inventory level slightly.  When the probability is 10% warehouse inventory levels fall slightly when adjustments are made.
 One other way of characterizing the impact of congestion is to consider the truck operating cost that occur as a result of the delay, shown in Table 8. Truck operating costs were computed by determining the number of days congestion occurred, and multiplying these by the average delay time and truck costs of $77.10, a conservative estimate as this was based on lower gas prices than we are currently experiencing.  
Insert Table 8.

Table 8 shows that the highest cost occurs at Point B, primarily because the transportation time is longer and a 10% delay is also longer.  Nevertheless, these costs should be taken into account and adjusted to account for the quantity of goods transported, which was not done in this study.

These results demonstrate that simulation modeling can be used to gain insights into the impact of road traffic congestion on supply chain behavior and can therefore be useful in developing appropriate strategies for ameliorating these effects.  Guidelines for a risk mitigation strategy are discussed next, along with ideas for future research. 
CONCLUSION
This research investigated the impact of road traffic congestion on supply chain performance, and how this risk is affected by where the congestion occurs, the probability of congestion, and how the immediate downstream partner reacts.  It also showed that if demand is constant, the best strategy is to do nothing.  However, when demand varies, as is the case for most supply chains, then the appropriate strategy depends on the congestion point and the likelihood of congestion.  

When congestion occurs between the retailer and the warehouse, it doesn’t matter whether or not the retailer adjusts their target inventory levels if the only metric of interest is average inventory level or total inventory carried, as these values are not statistically significantly different from each other.  However, if inventory fluctuations are the metric used to determine the best response, it does matter, and the decision must be made a bit more carefully as there is a conflict between what’s best for each echelon and what’s best for the carrier.  This conflict occurs when there is a 10% probability of congestion at Point A.  Using inventory variability as a metric, it’s best for the retailer to make no adjustments, whereas it’s best for the carriers when the adjustment is made.  This insight warrants further investigation, however, because inventory variability is based on only 4 simulation runs. 

This research provided some insight into the dynamics of road traffic congestion and how supply chain performance is affected.  The unique contribution of this research is its ability to show the impact of congestion on supply chain partners that lie upstream and downstream of the congestion point who do not appear to be immediately affected.  For example, it is interesting to note that a congestion delay between the retailer and warehouse can impact a tier 1 supplier.  Although the impacts were not statistically significant, it illustrates the potential of traffic congestion to affect partners who are not positioned near the congestion point. 
The recommended mitigation strategy for congestion between the warehouse and retailer in the presence of variable demand is to adjust target inventory levels if congestion occurs at Point A with a 2% probability in order to reduce inventory fluctuations throughout the supply chain. If the probability rises to 10%, inventory fluctuations will be lower for the upstream partners if adjustments are not made; however the fluctuations of inventory in transit will be slightly higher.  This is a tradeoff that must be made.

If congestion occurs at point B, target inventory levels should be adjusted if the probability is 10%; otherwise if the probability is 2% then no adjustments should be made.  These strategies are best for the supply chain partners as well as the carriers.  

Ideally, carriers avoid traffic congestion by scheduling deliveries during off peak hours, using dispatchers to assist with route planning and relying on other forms of communication and information to assist with route planning and delivery scheduling.  If a carrier cannot avoid traffic congestion, then shipment lead times will already be adjusted for the additional transit time and only congestion above and beyond that already planned for would have an additional impact on supply chain performance. 

Although this paper focused on how road traffic congestion affected supply chain performance, it has shown that simulation can be a very useful tool for understanding the dynamics of supply chain behavior, particularly when trying to assess impacts that extend up or down the supply chain.  Road traffic congestion is here to stay, and will continue to be an ongoing issue for moving goods throughout the supply chain.  Future research needs to consider not only private solutions for ameliorating risk, but public solutions for addressing this problem as it becomes more prevalent and more costly for the private as well as the public sector.  
Limitations and Extensions 
This research used a limited number of metrics and simulation runs to study the impact of road traffic congestion. It also relied on a simulation language that is continuous rather than discrete.  A discrete simulation modeling tool may enable more detailed modeling of truck operations to better capture issues associated with truck capacity and limitations on driver hours.  Future research should use empirical data to confirm the results of this study and take into consideration the additional complexities of moving goods by trucks.  These complexities depend on the industry and the region in which goods are being transported and may not be transferable to all supply chains.  Nevertheless, this type of endeavor may help to establish a methodology for studying this issue. 
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Table 1:  Parameter Settings for Initial Conditions, Pipeline Control, and Smoothing Constants

	
	Tier 1 Supplier (final goods)
	Warehouse
	Retailer

	
	Goods In-Transit
	Subass’y Inventory
	Final goods in process
	Final Goods Inventory
	Goods In-Transit
	Inventory
	Goods In-Transit
	Inventory

	Initial Inventory Levels
	40
	60
	40
	80
	20
	30
	20
	30

	Transit Times, Tw
	4 days
	
	
	
	2 days
	
	1 day
	

	Production lead times, Tp
	
	
	4 days
	
	
	
	
	

	Inventory adjustment times, Ti
	
	
	
	4 days
	
	2 days
	
	2 days

	Production adjustment time, Ti
	
	4 days
	
	
	
	
	
	

	Number of days of expected average demand used to compute safety stock:
	
	2
	
	2
	
	1
	
	0.5

	Demand Averaging time, Ta
	
	
	
	8
	
	4
	
	2

	Congestion delay, average
	
	
	
	
	.2 day, or 2 hours
	
	.1 day, or 1 hour
	

	Congestion delay, standard deviation
	
	
	
	
	.2/6 day or 20 minutes
	
	.1/6 day or 10 min
	

	Shipping capacity 
	60
	
	
	30
	
	
	20
	


Table 2:  Simulation design
	Demand
	Congestion Point
	Probability of congestion delay
	Inventory target adjustments made?

	Constant Demand
	No congestion
	0
	NA

	
	Congestion between retailer and warehouse
	2%
	No

	
	
	2%
	Yes

	
	
	10%
	No

	
	
	10%
	Yes

	
	Congestion between warehouse and tier 1 supplier
	2%
	No

	
	
	2%
	Yes

	
	
	10%
	No

	
	
	10%
	Yes

	Variable Demand
	No congestion
	0
	NA

	
	Congestion between retailer and warehouse
	2%
	No

	
	
	2%
	Yes

	
	
	10%
	No

	
	
	10%
	Yes

	
	Congestion between warehouse and tier 1 supplier
	2%
	No

	
	
	2%
	Yes

	
	
	10%
	No

	
	
	10%
	Yes


Table 3.  Standard deviation of inventory levels and goods in transit for each scenario

	Supply Chain Position
	Congestion Point/ probability of congestion
	Constant Demand
	Variable Demand

	
	
	Base Case (no congestion)
	No adjustment for congestion
	Adjust for congestion
	Base Case (no congestion)
	No adjustment for congestion
	Adjust for congestion

	Retail Inventory
	Point A/ 2%
	0.00
	0.19
	0.22
	4.14
	4.16
	4.09

	
	Point A/ 10%
	0.00
	0.37
	0.41
	4.14
	4.13
	4.16

	
	Point B/ 2%
	0.00
	0.00
	0.00
	4.14
	4.13
	4.50

	
	Point B/ 10%
	0.00
	0.00
	0.00
	4.14
	4.14
	4.05

	Retail Goods in Transit
	Point A/ 2%
	0.00
	0.19
	0.20
	2.18
	2.21
	2.18

	
	Point A/ 10%
	0.00
	0.37
	0.39
	2.18
	2.24
	2.22

	
	Point B/ 2%
	0.00
	0.00
	0.00
	2.18
	2.19
	2.23

	
	Point B/ 10%
	0.00
	0.00
	0.00
	2.18
	2.19
	2.14

	Warehouse Inventory
	Point A/ 2%
	0.00
	0.00
	0.51
	13.98
	14.13
	13.84

	
	Point A/ 10%
	0.00
	0.00
	0.96
	13.98
	14.08
	14.19

	
	Point B/ 2%
	0.00
	0.22
	0.36
	13.98
	13.88
	14.42

	
	Point B/ 10%
	0.00
	0.48
	0.75
	13.98
	14.41
	13.75

	Warehouse Goods in Transit
	Point A/ 2%
	0.00
	0.00
	0.49
	8.15
	8.17
	8.14

	
	Point A/ 10%
	0.00
	0.00
	0.91
	8.15
	8.14
	8.07

	
	Point B/ 2%
	0.00
	0.22
	0.39
	8.15
	8.12
	8.32

	
	Point B/ 10%
	0.00
	0.48
	0.83
	8.15
	8.50
	8.07

	Tier 1 Final Goods Inventory
	Point A/ 2%
	0.00
	0.00
	0.93
	25.26
	25.34
	25.03

	
	Point A/ 10%
	0.00
	0.00
	1.77
	25.26
	25.23
	25.28

	
	Point B/ 2%
	0.00
	0.00
	0.34
	25.26
	24.80
	25.49

	
	Point B/ 10%
	0.00
	0.00
	0.59
	25.26
	26.66
	25.19


Table 4:  Summary statistics, 2% probability of congestion delay at Point A

	Supply Chain Position
	Statistic or Confidence Interval Computed
	Constant Demand
	Variable Demand

	
	
	Base Case (no congestion)
	No adjustment for congestion
	Adjust for congestion
	Base Case (no congestion)
	No adjustment for congestion
	Adjust for congestion

	Retail Inventory
	Average levels: mean and std. dev.
	15; 0
	14.97; 0
	15.02; 0.01
	17.9; 0.2
	17.85;  0.18
	17.90; 0.19

	
	Total: mean and std. dev. 
	5775; 0
	5763; 1.6
	5782; 2.8
	6,884; 70
	6874; 70
	6892; 75

	
	CI: average
	(15,15)
	(15,15)
	(15.01, 15.03)
	(17.7, 18.1)
	(17.7, 18.0)
	(17.7, 18.1)

	
	CI: total
	(5775, 5775)
	(5762, 5765)
	(5779, 5785)
	(6814, 6954)
	(6804, 6944)
	(6818, 6967)

	Retail Goods in Transit
	Average levels: mean and std. dev.
	10; 0
	10; 0
	10; 0
	10.01; 0.03
	9.59; 0.91
	9.59; 0.91

	
	Total: mean and standard deviation
	3850; 0
	3862; 1.6
	3861; 1.5
	3854; 9.9
	3865; 9.4
	3866; 9.3

	
	CI: average
	(10, 10)
	(10, 10)
	(10, 10)
	(9.99, 10.04)
	(8.7, 10.5)
	(8.7, 10.5)

	
	CI: total
	(3850, 3850)
	(3860, 3864)
	(3860, 3864)
	(3844, 3864)
	(3856, 3875)
	(3856, 3875)

	Warehouse Inventory
	Average levels: mean and std. dev.
	30; 0
	30; 0
	30.1; 0.1
	32.1; 0.8
	31.56; 1.29
	31.84; 0.84

	
	Total: mean and standard deviation
	11,550; 0
	11,550; 0
	11,550.4; 0.5
	12,354; 302
	12,348; 331
	12,277; 315

	
	CI: average
	(30,30)
	(30,30)
	(29,9, 30.2)
	(31.3, 32.9)
	(30.3, 32.8)
	(31.0, 32.7)

	
	CI: total
	(11550, 11550)
	(11550, 11550)
	(11550, 11551)
	(12052, 12657)
	(12018, 12679)
	(11962, 12592)

	Warehouse Goods in Transit
	Average levels: mean and std. dev.
	20; 0
	20; 0
	20.1; 0.25
	20.1; 0.1
	21.55; 2.8
	21.37; 2.4

	
	Total: mean and standard deviation
	7,700; 0
	7,700; 0
	7,700.0; 0.7
	7,727; 45
	7,738; 55
	7,737; 54

	
	CI: average
	(20, 20)
	(20, 20)
	(19.9, 20.4)
	(19.95, 20.2)
	(18.8, 24.3)
	(19.0, 23.8)

	
	CI: total
	(7700, 7700)
	(7700, 7700)
	(7699, 7701)
	(7681, 7773)
	(7683, 7793)
	(7684, 7791)

	Tier 1 Final Goods Inventory
	Average levels: mean and std. dev.
	40; 0
	40; 0
	40.23; 0.5
	41.05; 1.8
	43.8; 6.3
	43.3; 6.0

	
	Total: mean and standard deviation
	15,400; 0
	15,400; 0
	15,400; 1.9
	15803; 693
	15701; 738
	15578; 596

	
	CI: average
	(40, 40)
	(40, 40)
	(39.8, 40.7)
	(39.3, 42.9)
	(37.5, 50.2)
	(37.3, 49,3)

	
	CI: total
	(15400, 15400)
	(15400, 15400)
	(15398, 15402)
	(15111, 16497)
	(14963, 16439)
	(14983, 16174)


Table 5:  Summary statistics, 10% probability of congestion delay at Point A

	Supply Chain Position
	Statistic or Confidence Interval Computed
	Constant Demand
	Variable Demand

	
	
	Base Case
	No adjustment for congestion
	Adjust for congestion
	Base Case
	No adjustment for congestion
	Adjust for congestion

	Retail Inventory
	Average levels: mean and std. dev.
	15; 0
	14.9; 0.01
	15.1; 0.02
	17.9; 0.2
	17.8; 0.2
	18.0; 0.2

	
	Total: mean and std. dev. 
	5,775; 0
	5,727; 5.0
	5,808; 7.7
	6,884; 70
	6838; 66
	6927; 77

	
	CI: average
	(15, 15)
	(14.86, 14.89)
	(15.07, 15.11)
	(17.7, 18.1)
	(17.6, 17.9)
	(17.8, 18.2)

	
	CI: total
	(5775, 5775)
	(5722, 5732)
	(5800, 5818)
	(6814, 6954)
	(6772, 6904)
	(6850, 7004)

	Retail Goods in Transit
	Average levels: mean and std. dev.
	10; 0
	10.1; 0.01
	10.12; 0.01
	10.01; 0.03
	10.1; 0.02
	10.1; 0.02

	
	Total: mean and standard deviation
	3850; 0
	3898; 5
	3898; 5
	3854; 9.9
	3900; 8.8
	3901; 8.6

	
	CI: average
	(10,10)
	(3893, 3903)
	(3893, 3903)
	(9.99, 10.04)
	(10.11, 10.15)
	(10.11, 10.15)

	
	CI: total
	(3850, 3850)
	(3893, 3903)
	(3893, 3903)
	(3844, 3864)
	(3891, 3909)
	(3892, 3909)

	Warehouse Inventory
	Average levels: mean and std. dev.
	30; 0
	30; 0
	30; 0
	32.1; 0.8
	32.0; 0.8
	32.1; 0.8

	
	Total: mean and standard deviation
	11,550; 0
	11,550; 0
	11,550; 1.4
	12,354; 302
	12,334; 306
	12,346; 325

	
	CI: average
	(30, 30)
	(30, 30)
	(30, 30)
	(31.3, 32.9)
	(31.2, 32.8)
	(31.2, 32.9)

	
	CI: total
	(11550, 11550)
	(11550, 11550)
	(11549, 11552)
	(12052, 12657)
	(12028, 12639)
	(12021, 12671)

	Warehouse Goods in Transit
	Average levels: mean and std. dev.
	20; 0
	20; 0
	20; 0
	20.1; 0.1
	20.1; 0.1
	20.1; 0.1

	
	Total: mean and standard deviation
	7,700; 0
	7,700; 0
	7,700; 0.4
	7,727; 45
	7,735; 55
	7,729; 52

	
	CI: average
	(20, 20)
	(20, 20)
	(20, 20)
	(19.95, 20.2)
	(19.95, 20.2)
	(19.94, 20.2)

	
	CI: total
	(7700, 7700)
	(7700, 7700)
	(7699, 7700)
	(7681, 7773)
	(7680, 7790)
	(7677, 7781)

	Tier 1 Final Goods Inventory
	Average levels: mean and std. dev.
	40; 0
	40; 0
	40; 0.01
	41.05; 1.8
	40.8; 1.9
	40.8; 2.0

	
	Total: mean and standard deviation
	15,400; 0
	15,400; 0
	15,400.6; 2.6
	15803; 693
	15697; 734
	15695, 779

	
	CI: average
	(40, 40)
	(40, 40)
	(39.99, 40.01)
	(39.3, 42.9)
	(38.9, 42.7)
	(38.7, 42.8)

	
	CI: total
	(15400, 15400)
	(15400, 15400)
	(15398, 15403)
	(15111, 16497)
	(14963, 16432)
	(14916, 16475)


Table 6:  Summary statistics, 2% probability of congestion delay at Point B

	Supply Chain Position
	Statistic or Confidence Interval Computed
	Constant Demand
	Variable Demand

	
	
	Base Case
	No adjustment for congestion
	Adjust for congestion
	Base Case
	No adjustment for congestion
	Adjust for congestion

	Retail Inventory
	Average levels: mean and std. dev.
	15; 0
	15; 0
	15; 0
	17.9; 0.2
	17.88;  0.18
	17.92; 0.25

	
	Total: mean and std. dev. 
	5775; 0
	5775; 0
	5775; 0
	6,884; 70
	6884; 70
	6900; 98

	
	CI: average
	(15,15)
	(15,15)
	(15,15)
	(17.7, 18.1)
	(17.7, 18.1)
	(17.7, 18.2)

	
	CI: total
	(5775, 5775)
	(5775, 5775)
	(5775,5775)
	(6814, 6954)
	(6814, 6954)
	(6802, 6998)

	Retail Goods in Transit
	Average levels: mean and std. dev.
	10; 0
	10; 0
	10; 0
	10.01; 0.03
	10.01; 0.03
	10.01; 0.03

	
	Total: mean and standard deviation
	3850; 0
	3850; 0
	3850; 0
	3854; 9.9
	3854; 10.2
	3852; 11.3

	
	CI: average
	(10,10)
	(10,10)
	(10,10)
	(9.99, 10.04)
	(9.98, 10.04)
	(9.98 ,10.03)

	
	CI: total
	(3850, 3850)
	(3850, 3850)
	(3850, 3850)
	(3844, 3864)
	(3844, 3864)
	(3841, 3863)

	Warehouse Inventory
	Average levels: mean and std. dev.
	30; 0
	30; 0.01
	30; 0.02
	32.1; 0.8
	31.89; 0.88
	32.2; 1.08

	
	Total: mean and standard deviation
	11,550; 0
	11,535; 4.13
	11,550; 6.24
	12,354; 302
	12,277; 340.72
	11,775; 906

	
	CI: average
	(30,30)
	(30,30)
	(30,30)
	(31.3, 32.9)
	(31, 32.8)
	(31.1, 33.3)

	
	CI: total
	(11550, 11550)
	(11530, 11539)
	(11543, 11556)
	(12052, 12657)
	(11937, 12618)
	(10870, 12680)

	Warehouse Goods in Transit
	Average levels: mean and std. dev.
	20; 0
	20; 01
	20.1; 0.02
	20.1; 0.1
	20.1; 0.12
	20.1; 0.26

	
	Total: mean and standard deviation
	7,700; 0
	7,715; 4.1
	7,731; 7.5
	7,727; 45
	7,754; 48
	7,731: 100

	
	CI: average
	(20, 20)
	(20.03, 20.05)
	(20.06, 20.10)
	(19.95, 20.2)
	(20.02, 20.26)
	(19.82, 20.34)

	
	CI: total
	(7700, 7700)
	(7711, 7719)
	(7723, 7738)
	(7681, 7773)
	(7706, 7802)
	(7631, 7830)

	Tier 1 Final Goods Inventory
	Average levels: mean and std. dev.
	40; 0
	40; 0
	40; 0
	41.05; 1.8
	40.17; 1.83
	40.62; 1.63

	
	Total: mean and standard deviation
	15,400; 0
	15,400; 0
	15, 400; 0.71
	15803; 693
	15,467; 706
	14,866; 1,395

	
	CI: average
	(40, 40)
	(40, 40)
	(40, 40)
	(39.3, 42.9)
	(38.34, 42.01)
	(39.0, 42.2)

	
	CI: total
	(15400, 15400)
	(15400, 15400)
	(15399.0, 15400.4)
	(15111, 16497)
	(14761, 16174)
	(13471, 16262)


Table 7:  Summary statistics, 10% probability of congestion delay at Point B

	Supply Chain Position
	Statistic or Confidence Interval Computed
	Constant Demand
	Variable Demand

	
	
	Base Case
	No adjustment for congestion
	Adjust for congestion
	Base Case
	No adjustment for congestion
	Adjust for congestion

	Retail Inventory
	Average levels: mean and std. dev.
	15; 0
	15; 0
	15; 0
	17.9; 0.2
	17.9;  0.15
	17.9; 0.17

	
	Total: mean and std. dev. 
	5775; 0
	5775; 0
	5775; 0
	6,884; 70
	6903; 60
	6881; 65

	
	CI: average
	(15, 15)
	(15, 15)
	(15, 15)
	(17.7, 18.1)
	(17.8, 18.1)
	(17.7, 18.0)

	
	CI: total
	(5775, 5775)
	(5775, 5775)
	(5775, 5775)
	(6814, 6954)
	(6844, 6962)
	(6817, 6947)

	Retail Goods in Transit
	Average levels: mean and std. dev.
	10; 0
	10; 0
	10; 0
	10.01; 0.03
	10.03; 0.04
	10.01; 0.03

	
	Total: mean and standard deviation
	3850; 0
	3850; 0
	3850; 0
	3854; 9.9
	3,863; 14
	3,854; 10.2

	
	CI: average
	(10, 10)
	(10, 10)
	(10,10)
	(9.99, 10.04)
	(10.00, 10.07)
	(9.98 ,10.04)

	
	CI: total
	(3850, 3850)
	(3850, 3850)
	(3850, 3850)
	(3844, 3864)
	(3849, 3877)
	(3843, 3864)

	Warehouse Inventory
	Average levels: mean and std. dev.
	30; 0
	29.8; 0.03
	30.0.; 0.01
	32.1; 0.8
	32.0; 0.7
	31.7; 0.8

	
	Total: mean and standard deviation
	11,550; 0
	11,470; 11.8
	11,535; 3.1
	12,354; 302
	12,051; 311
	12,215; 310

	
	CI: average
	(30,30)
	(29.76, 29.82)
	(29.95, 29.97)
	(31.3, 32.9)
	(31.3, 32.8)
	(30.9, 32.5)

	
	CI: total
	(11550, 11550)
	(11458, 11482)
	(11532, 11538)
	(12052, 12657)
	(11740, 12362)
	(11906, 12525)

	Warehouse Goods in Transit
	Average levels: mean and std. dev.
	20; 0
	20.2; 03
	20.4; 0.02
	20.1; 0.1
	20.1; 0.14
	20.5; 0.12

	
	Total: mean and standard deviation
	7,700; 0
	7,780; 11.8
	7,858; 6.6
	7,727; 45
	7,765; 54
	7,891; 47

	
	CI: average
	(20, 20)
	(20.18, 20.24)
	(20.39, 20.43)
	(19.95, 20.2)
	(20.03, 20.31)
	(20.37, 20.62)

	
	CI: total
	(7700, 7700)
	(7768, 7792)
	(7851, 7865)
	(7681, 7773)
	(7711, 7818)
	(7844, 7939)

	Tier 1 Final Goods Inventory
	Average levels: mean and std. dev.
	40; 0
	40; 0
	40; 0.01
	41.0; 1.8
	41.8; 1.5
	40.5; 1.7

	
	Total: mean and standard deviation
	15,400; 0
	15,400; 0
	15, 400; 2.4
	15803; 693
	16082; 579
	15590; 652

	
	CI: average
	(40, 40)
	(40, 40)
	(39.99, 40.01)
	(39.3, 42.9)
	(40.3, 43.3)
	(38.8, 42.2)

	
	CI: total
	(15400, 15400)
	(15400, 15400)
	(15397, 15402)
	(15111, 16497)
	(14761, 16174)
	(14939, 16243)


Table 8:  Truck costs 

	Congestion Point
	Probability
	Truck Cost

	A, between retailer and warehouse
	2% probability
	$617

	
	10% probability
	$2,930

	B, between warehouse and tier 1 supplier
	2% probability
	$1,234

	
	10% probability
	$5,860


Figure 1:  Flow of goods and information





 




Figure 2:  Causal loop diagram of retail and warehouse
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Figure 3: Simulation model for retail sector 
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Figure 4.  Comparison of inventory fluctuations for congestion at point A, constant demand
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 [image: image9.emf] 2% probability of congestion at point A: constant 

demand, target adjusted
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Figure 5: Comparison of inventory fluctuations for congestion at point A, variable demand
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 [image: image11.emf]2% probability of congestion at point A: variable 

demand, target not adjusted
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[image: image12.emf]2% probability of congestion at point A: variable 

demand, target adjusted
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Figure 6: Comparison of inventory fluctuations for congestion at point B, constant demand

[image: image13.emf]Constant Demand, No Congestion
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[image: image14.emf]10% probability of congestion at point B: 

constant demand, target not adjusted
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[image: image15.emf]10% probability of congestion at point B: 

constant demand, target adjusted
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