
*Corresponding author. Tel.: 001-757-221-1825; fax: 001-757-
2212937.
E-mail address: ram.ganeshan@business.wm.edu (R. Ganeshan);

Web: http://business.wm.edu/Ram.Ganeshan

Int. J. Production Economics 71 (2001) 111}118

The impact of inventory and #ow planning parameters on
supply chain performance: An exploratory study

Ram Ganeshan��*, Tonya Boone�, Alan J. Stenger�

�School of Business, College of William and Mary, P.O. Box 8795, Williamsburg, VA 23187-8795, USA
�Department of Business Logistics, Penn State University, University Park, PA 16802, USA

Abstract

The primary objective of this paper is to study the impact of selected inventory parameters and management
techniques on the performance of an expanded and comprehensive retail supply chain. Speci"cally, we study the
sensitivity of supply chain performance to three inventory planning parameters: (i) the forecast error, (ii) the mode of
communication between echelons, and (iii) the planning frequency. We achieve this by constructing a detailed simulation
model and with data adapted from a case study which we were involved with. The studies conclude that all the three
parameters have a signi"cant e!ect on performance. Increasing forecasting errors and the re-planning frequency
decreases service, return on investment, and increases cycle time. Using a mode of communication that facilitates
exchange of information between echelons in the supply chain yields a higher level of service when compared to the
scenario where the entities in di!erent echelons plan material #ows independently. � 2001 Elsevier Science B.V. All
rights reserved.
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1. Introduction

Over the last 10 years, a steady stream of re-
search has focused on the role of inventory in
supply chain management. To a large extent, these
studies have concentrated on, but are not limited
to: (i) determining optimal inventory policies, (ii)
the positioning of inventory in the supply chain, (iii)
analyzing the costs and bene"ts of technology and
information sharing, and (iv) the inventory-related

advantages of product postponement. Most of the
prevalent literature, however, study inventory man-
agement in a supply chain from a myopic perspect-
ive. Speci"cally, since modeling the entire supply
chain } i.e., from the suppliers to the end customers
} is extremely intractable, researchers often use
stylistic models to study inventory dynamics. The
supply chain typically consists of two echelons,
a system of communication between these echelons
(such as the reorder point system), and a cost struc-
ture that encompasses the two echelons. The e!ect
of inventory parameters and decisions on perfor-
mance are then studied within these stylized envi-
ronments (for a good overview on the modeling
approaches see [1]). Although such models are very
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practical, and are e!ective in providing insight into
inventory-related performance, their primary
shortcoming arises from the fact that their results,
barring a few exceptions, cannot be extrapolated to
realistic supply chains.
The primary objective of this paper is to study

the impact of selected inventory parameters and
management techniques on the performance of an
expanded and comprehensive retail supply chain.
Speci"cally, we then study the sensitivity of supply
chain performance to three inventory planning
parameters: (i) the forecast error, (ii) the mode of
communication between echelons, and (iii) the
planning frequency. We achieve this by construct-
ing a detailed simulation model and with data
adapted from a case study which we were involved
with. Additionally, since the e!ective simulation of
a supply chain requires data, computational tools,
and a method of analysis, our secondary objective
in this paper is to provide a framework to analyze
a supply chain.
The remainder of this paper is organized the

following way. In Section 2, we describe our re-
search hypothesis. Section 3 describes the case
study and methodology, including a detailed simu-
lation model that we used to test our hypothesis.
The results are presented in Section 4, and in
Section 5 are our conclusions and some directions
for future research.

2. Inventory planning parameters and research
hypothesis

The general structure of our supply chain, as the
ensuing case study will illustrate, consists of four
echelons: the market level, the distribution center
(DC) level, the manufacturing or plant level, and
the supplier level. At each echelon, there could be
more than one of each of the entities (for example,
our case study has "fty one markets at the lowest
echelon). For the purposes of this study, we are
interested in the e!ect of three key inventory plan-
ning parameters on supply chain performance: (i)
forecast methodology (error), (ii) &#ow planning'
methodology, and (iii) replanning frequency.
Forecast methodology refers to the accuracy of

the forecast. A lower forecast error can be assumed

to correspond to a better forecast methodology.
Flow planning refers to the way in which the prod-
uct requirements are planned and communicated at
the distribution centers. We study two often used
procedures, what we call the distribution resource
planning (DRP) procedure and the reorder point
(ROP) procedure. The DRP procedure refers to the
situation where the manufacturing level has in-
formation on the period-by-period product needs
of the DCs, giving it a higher visibility of product
requirements. In the ROP system, meanwhile, the
manufacturing level forecasts the period-by-period
product needs at the DCs. Finally, replanning fre-
quency refers to how often the product or material
requirements at the DC, manufacturing facilities,
and the suppliers are re-computed.
We identify three key supply chain performance

parameters that will be used in this study: (i) ob-
served service level (ii) supply chain cycle time, and
(iii) return on investment (ROI).
The observed service level refers to the propor-

tion of demand satis"ed at the DCs from inventory.
The overall service level of the supply chain is
de"ned as the volume-weighted average of the ser-
vice levels at each of the DCs that are in operation.
The cycle time, meanwhile, refers to the time spent
by the product, either as raw material, work-in-
process, or a "nished good, in the supply chain.
This includes, as Section 3.2 will illustrate, both
time spent as &inventory' and the time spent in
transit between the echelons. The ROI measure is
used as the primary "nancial performancemeasure.
It is simply the pro"t contribution as the propor-
tion of the total investment in DCs, plant
warehouses, plants, and inventory.

2.1. The research hypothesis

Our "rst hypothesis concerns the impact of
forecast error or methodology on the three perfor-
mance measures. De Bodt and Van Wassenhove
[2] were perhaps the "rst to systematically study
the impact of forecast errors in a rolling horizon
material requirements planning (MRP) system.
They concluded that the forecast error has a large
e!ect on total relevant costs. But their research,
although signi"cant, is not supply chain oriented
since it is restricted to a single site in the network.
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Fig. 1. Basic methodology.

Although the literature has citations of forecast
error being a determinant in supply chain perfor-
mance (see Martin [3]), the e!ect of forecast errors
on the three performance measures alluded to has
not been studied from a supply chain perspective. If
forecast errors were a key determinant, one would
expect the observed level of service to decrease and
the cycle time to increase with increasing forecast
errors. The "rst hypothesis (H1) can be stated as:

Null: The forecast errors have no e!ect on cycle
time and service levels.
Alternative: Increasing forecast errors will increase

the cycle time and decrease observed service levels.

The second hypothesis concerns the impact of
#ow planningmethodology on supply chain perfor-
mance. The information-sharing or the DRP pro-
cedure gives the plant-level warehouse a higher
level of visibility in planning product requirements,
so one would expect the DRP procedure to pro-
duce higher observed service levels than the ROP
system. Additionally, since DRP plans for the exact
distribution needs (see [4]), one would expect the
DRP #ow planning procedure to hold a lesser
amount of inventory (lower cycle time) than the
ROP methodology for the same level of service.
Formally, the second hypothesis (H2) is:

Null: The DRP and the ROP methodology have
the same e!ect on the observed service level in the
supply chain.
Alternative: The DRP methodology achieves

a higher level of observed service level than the
ROP in the supply chain.

The third hypothesis concerns the e!ect of the
replanning frequency or time fence on supply chain

performance. Sridharan et al. [5], and later Srid-
haran and Berry [6], have studied the e!ect of
replanning frequency on a rolling horizon MRP
system. Their results were from a MRP ner-
vousness perspective, and they conclude that in-
creasing the replanning frequency decreases the
stability of theMRP system. Their studies however,
as most other MRP-related studies, are restricted
to only one site in the supply chain. In our study,
we are concerned more with e!ects on performance
rather than on stability. Decreasing replanning
frequency in the supply chain means increasing
the time between successive updates to the distribu-
tion, production, and supply plans. This means
slower reaction to changes in inventory levels and
demands. Therefore a decrease would in#ate inven-
tory levels (large cycle times), and may lead to
erratic service (lower observed levels of service).
The third hypothesis (H3) may be stated as:

Null: The replanning frequency has no e!ect on
the cycle time or the service level.
Alternative: A decrease in replanning frequency

will increase cycle time and decrease observed
service level.

3. Methodology

Our basic methodology is illustrated in Fig. 1.
The simulation we will describe in this section
requires data, a &network design' (the structure of
the supply chain), an explicit characterization of the
three inventory planning parameters. These are
processed through the simulation model to pro-
duce the outputs, i.e., supply chain performance
measures. The fundamental idea is to recompute
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Fig. 2. Network design.

the outputs for di!erent levels of the #ow planning
parameters. The outputs can then be used to test
the three hypothesis through an analysis of vari-
ance procedure.

3.1. The case study (the data) and network design

The supply chain in our case study consists of
a single chemical product, a commonly used house-
hold cleaner, that can potentially be sold at any one
of 51 markets through retail and grocery channels
in the continental United States. The demand is
seasonal, with the bulk of the sales occurring dur-
ing the spring cleaning season. The total demand
for the base year is just over 16 million pounds.
Due to large number of less-than-truckload ship-

ments to customers and the long distances to be
covered, the "rm under study used "ve distribution
centers to replenish the customer markets. These
were located at Los Angeles, California; Denver,
Colorado; Dallas, Texas; Chicago, Illinois; and
Atlanta, Georgia. Shipments to the markets were
made by truck and the average order cycle time
to customer was around 4 days. The DCs were
replenished by the Denver, Colorado manufactur-
ing plant via rail primarily to save on transporta-
tion costs. For our study, we assume that the
manufacturing facility located at Denver has
enough capacity to satisfy all the DC demand.

The product requires three raw materials,
Cans/Bottles, Corrugated, and Chemicals, that
make up 10%, 30%, and 60% of the product. Each
of these raw materials is sourced from three sup-
pliers, located in and around the Gulf Coast. The
Denver plant has an inbound warehouse, where
around two weeks of supply of each of the raw
materials are held to bu!er changes in production
schedules. The manufacturing process takes about
two weeks. Once the product is produced, it is
stored in a out-bound plant warehouse (di!erent
from the DC) adjoining the facility for future
shipment to the DCs.
Fig. 2 pictorially shows the network design (to

maintain clarity, we only show the manufacturing
facility and the subsequent downstream facilities).
For the purpose of simulating the supply chain, we
collected detailed information on product demands
and seasonality at each market; operating econo-
mies of each of the facilities in the network; trans-
port performance and costs; and the administrative
costs of implementing the two #ow planning
methodologies.

3.2. The simulation

Planning and managing inventory and material
#ow in a supply chain is obviously a rather com-
plex endeavor. To capture the complexity in
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planning and to include the myriad parameters that
are needed, we have developed a simulation tool
that attempts to capture the relevant costs and
constraints that make up a realistic logistics pipe-
line. Our simulation tool is not speci"c to the above
data, and can handle several di!erent con"gurations
of supply chains. We only give an overview of the
simulation process in this section. The interested
reader is directed to Ganeshan [7] for more details.
Using seasonality data and the expected sales at

the markets, the by-period expected demand at
each DC can easily be calculated. This demand
remains constant in every run of the simulation to
retain consistency between simulation runs. The
forecast for each period at each of the distribution
centers can be simulated by perturbing the
expected demand by a random component [6].
Mathematically, for any given DC j in time period t,

XF
��

"XS
��

#�, (1)

where XF
��
is the forecast, XS

��
the sales at DC j in

time period t, and � is the forecast error term,
assumed to be normally distributed with mean
0 and standard deviation �. Furthermore, the vari-
ance of the forecast, errors can be calculated as (see
[8])

��"aA�
�
, (2)

where a and b are positive constants and A
�
the

average period sales at DC j.
The forecasts at each of the DCs form the basis

for the DRP procedure (for a detailed review on
DRP, please see Martin [3]). The basic idea here
is to compare the available inventory to the fore-
casted demand, and arrive at a period-by-period
product needs for each DC for the time horizon,
which in our case is "xed at 13 periods (one year,
with each period being 20 days). This is done so
that a pre-determined level of safety stock is always
met. In our case the company in question held
a safety stock equal to about two times the stan-
dard deviation (i.e., a 95% targeted service level) of
the demand during the lead time.
Once the period-by-period needs of each of the

DCs are available, the total demand for each period
can be calculated at the manufacturing facility
warehouse by "rst o!setting each DC requirement
by the appropriate average lead time, and then

aggregating over all the DCs. The plant warehouse
holds half a month's supply of safety stock. Once
that is factored into the needs, the production
quantities that are needed each period can be
calculated. If a ROP system is in place, the needs at
the warehouse that are obtained by the DRP pro-
cedure are randomly perturbed, in a procedure
identical to the DC forecasts, to stimulate a forecast
at the manufacturing location. A straightforward
MRP procedure is then used to convert the produc-
tion plan into raw material requirements. This
completes the `planninga cycle of the simulation.
Once the plans are made, they are frozen for a period,
i.e., plans for period say x are "xed in period x!1.
Once the plans are computed for the entire time

horizon, we begin daily simulation (discrete time
advance, see [9]) until the end of the current plann-
ing period (one, two, or three months depending on
the time fence), collecting supply chain performance
data every day of the simulation. Once the next
planning period is reached, the planning cycle is
performed again, i.e., the DC forecasts are updated,
DRP is performed and so on. In our simulation
model, after an initial warm-up period of three
months, statistics are collected for three years to
average random e!ects. Table 1 illustrates the
simulation program #ow. Any product demand not
satis"ed is backordered except at the DCs, where it
is accounted for as lost sales. The service level at
each of the DCs; the average inventory levels; tran-
sit statistics; and the "nancial performance at each
facility in each of the echelons are the key outputs
of the simulation. The cycle time of the supply
chain is de"ned as

Cycle time"Time spent in transit from
supplier to the plant#Holding time in the
plant (as raw material)#manufacturing
time#holding time in the out-bound ware-
house#transit time to the DCs#time spent
in the DCs#transit time to the customer.

Each time-based activity in the cycle time, for
example, transit time to the customer, is just the
volume weighted average of all possible values of
that activity. In our example, it is just the average of
the transit time of every DC-customer link,
weighted by the volume of the product that was
shipped on that link.
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Table 1
Simulation program #ow

Input Read Simulation Data
Read Network Design
Read Flow Planning Parameters

Begin Planning: For each DC
Simulate Forecasted Demand

Planning cycle Do DRP
At the manufacturing out-bound warehouse
If using DRP #ow planning method
O!set DC Needs by lead time and aggregate

else
Simulate a forecast for the DC Needs

Determine warehouse shipping needs for the planning horizon
Generate the production plan

Do MRP
Begin Simulating: Simulate day-by-day operation and collect statistics

If time to plan again
Simulation cycle Goto Begin Planning

else continue
If end of the simulation period
Calculate overall service levels, ROI, and Cycle time

End.

4. The experiment

A randomized full-factorial design was used to
evaluate the research hypothesis. Four levels of the
forecast error were chosen, with the a parameter
being 1.5, 2.5, 3, and 5 and the b parameter held
constant at 0.8. Flow planning methods take two
levels as described earlier: DRP and ROP. Two
factors of the replanning frequency were chosen:
1 and 3 periods or months, i.e., the plans are recom-
puted either monthly (20 days) or every three
months (60 days). Four replicates of each of the
factor level combinations were simulated, and
a generalized ANOVA procedure was run on the
results. Table 2 gives the ANOVA tables for the
observed cycle time, ROI, and service level.
From the ANOVA table, it is clear that the

forecast errors have a very signi"cant e!ect (p-
value"0) on each of the performance measures.
Table 2 also gives the means of the factor levels.
From Table 2, increasing forecast errors seems to

decrease service and ROI, and increase cycle time.
This gives support to the alternative hypothesis of
H1. Also, the forecast error seems to have a rela-
tively high F-statistic suggesting that it may be the

most important of the three #ow planning para-
meters studied. To our best knowledge, this is the
"rst such study that con"rms the importance of the
forecast errors on supply chain performance.
The second hypothesis deals with the impact of
#ow planning methodology on performance. From
Table 2, it can be observed that the DRP procedure
has the higher service level. Further investigation
using the Turkey procedure to test di!erence in
factor levels (at 10% level of signi"cance) yields
a con"dence interval of 0.0162$0.01566, indicat-
ing that the DRP procedure dose in fact yield
higher service levels (i.e., evidence for the alterna-
tive hypothesis of H2). From the ANOVA table, the
only signi"cant interaction seems to be between the
forecast errors and the #ow planning methodology
(p-value"0.0001). It appears that as the forecast
errors increase, the DRP procedure seems to do
even better (increase in service and decrease in cycle
time) than the ROP system. Such an observation is
consistent with the writings of Martin [3] and
Stenger [4].
The third hypothesis concerns the length of the

replanning frequency. From Table 2, it appears that
decreasing the replanning frequency increases the
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Table 2
Factor level means and ANOVA results

Factor level means

Cycle
time

ROI
(%)

Service
levels (%)

Time fence
1 month 50.0856 33.83 88.66
3 months 44.927 35.63 90.49

Forecast `aa parameter
1.5 46.3606 38.18 92.98
2.5 46.9057 36.36 90.96
3 46.9598 35.89 90.17
5 49.7991 28.49 84.19

Flow planning methods
ROP 47.1086 34.20 88.76
DRP 47.904 35.25 90.38

Results of the generalized ANOVA procedure

Performance measure Cycle time ROI Service levels

Source of error MSE f-statistic p-value MSE f-statistic p-value MSE f-statistic p-value

Replanning frequency (A) 425.787 194.68 0 0.0051807 5.42 0.024 0.005319 31.85 0
Forecast error (B) 38.553 17.63 0 0.0292665 30.64 0 0.022882 137.04 0
Flow planning method (C) 10.12 4.63 0.037 0.0017704 1.85 0.18 0.0042 25.15 0
A�C 4.493 2.05 0.119 0.0016803 1.76 0.168 0.000471 2.82 0.049
B�C 1.543 0.71 0.553 0.0012016 1.26 0.299 0.001134 6.79 0.001
C�A 0.168 0.08 0.783 0.0006206 0.65 0.424 0.000038 0.23 0.636
A�B�C 0.611 0.28 0.84 0.0000765 0.08 0.971 0.000135 0.81 0.497
Error 2.187 0.0009551 0.000167

cycle time and decreases service. Tukey's procedure
to test di!erence in means (at 10% signi"cance)
yielded a con"dence interval of 0.01823$0.015 for
the service levels, con"rming the alternative
hypothesis of H3. Also it is interesting to note that
the time fence also impacts the ROI. The results
seem to suggest that replanning often (for example,
planning every month instead of every quarter)
increases the ROI. These results are not surprising,
since one would expect to provide better customer
service by reacting to the customer markets (or the
change in the demands) more often, while main-
taining lower levels of inventories (lower cycle
times).
The three hypotheses that are tested are the "rst

of their kind to explore the impact of #ow planning
parameters on the entire supply chain. Although

the results are not surprising, the contribution of
the study lies in that fact that these results are made
from a supply chain perspective, i.e., relevant costs
and constraints that make up the logistics pipeline
are explicitly considered.

5. Summary and conclusions

The primary objective of this paper was to study
the impact of selected inventory parameters and
management techniques on the performance of an
expanded and comprehensive supply chain. Speci"-
cally, we tested the impact of three important
inventory planning parameters } the forecast error,
the mode of communication between echelons, and
the re-planning frequency. Our results indicate that
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all the three parameters have a signi"cant e!ect on
performance. Increasing forecasting errors and the
re-planning frequency decreases service, Return on
Investment, and increases cycle time. Additionally,
using the Distribution Resource Planning over the
reorder point method to plan #ows increases
service with no signi"cant increase in cycle time.
Our second objective was to layout a general

framework via which a supply chain can be
simulated or analyzed. As our methodology section
indicated, the supply chain analysis requires three
key inputs } data, network design, and #ow plan-
ning parameters. Section 3.1, in addition to describ-
ing the data, implicitly describes the data needs to
analyze a complicated logistics pipeline such as the
presented in our study. Although the network
design, i.e., the nodes and the arcs that make up the
supply chain were predetermined in our study, one
can easily conceive solving a mathematical
program to determine such a network. Three
parameters served as our &#ow planning' input. Of
course, a similar framework can be used to study
the impact of other inventory #ow-related para-
meters. Furthermore, the process of analysis we
describe in Table 1 can easily be duplicated to
stimulate supply chains that have di!erent con"g-
uration than the one described here.
As the title of this article suggests, our study is

exploratory. We have used data from a particular
"rm in a speci"c industry. Although we think the

results will be similar in other industries having
di!erent parameters (data), we see detailed analysis
of results from an array of industries as the biggest
potential for future research.
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