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ABSTRACT 

Manufacturing operations are complex. Some of the complexity arises from decisions regarding 

the design attributes of a system, e.g. number of products, breadth of product structure, and 

number of operations in the routing. Because of the differences from one operation to another, it 

is difficult to make comparisons or account for the relative complexity among manufacturers in 

research. To study the impact of eight system design attributes that are common among most 

manufacturing systems, a large scale simulation of a generic batch-type manufacturing system 

was conducted. The result of the study will identify the effects of these system attributes and 



discuss how these effects should be given consideration as managers make decisions that alter a 

system’s design. 

 

I	TRODUCTIO	 

We hear it all the time - “Our business is so complex it makes it difficult to manage.”  

Complexity is now being studied more frequently in the literature on management (e.g. Jacobs, 

2007; Wu et al., 2002).  But what exactly is complexity and what makes things complex? 

After adopting a definition for a complex system, measurable elements of manufacturing 

complexity resulting from the design of the production system are identified from the literature.  

Using a large scale simulation of a batch manufacturing system, a study was conducted to 

evaluate the affect these elements have on system performance. 

 

LIETERATURE REVIEW 

The Oxford Dictionary defines the term complex as “consisting of many different and 

connected parts” and “not easy to analyze or understand” (“complex”, Oxford Dictionary). In a 

review of the literature in the areas of physics, general systems theory, philosophy and medicine, 

there is no single generally accepted definition of complexity (Flood, 1987; Klir, 1985; Lofgren, 

1977; Ashby, 1973; Simon, 1962; Stein, 1989).  Casti (1979) has provided a good general 

definition stating that a complex system as one that has a counterintuitive, unpredictable or 

complicated structure and behavior. 

But, how can complexity, the things that make systems counterintuitive and 

unpredictable, be measured?  One approach is to measuring the length of the shortest description 

of a system (Klir, 1985; Lofgren, 1977; Ashby, 1973; Simon, 1962).  The longer the description 



needed to portray a system, the more complex the system is.  However, determining what is the 

shortest complete description of a system is extremely subjective, thus impracticable.   

The second approach is to consider the number of elements in the system and the number 

and type of relationships between these elements ( Flood, 1987; Klir, 1985; Lofgren, 1977).  This 

notion can be linked to Simon (1962) who says that a complex system has a large number of 

parts, whose relationships are not “simple”.  By considering this approach, the “things” that 

make a system’s description longer are taken into account, thus fulfilling the intention found in 

the first approach. 

We recognize that manufacturing systems are complex, because they are unpredictable 

and often have complicated structures.  They are composed of many subsystems and elements, 

e.g. work centers, machines, components and products.  The elements of a manufacturing system 

have relationships.  These relationships are evidenced in documents like a product structure, a 

labor routing, or a shop layout drawing. 

Manufacturing complexity can be separated into two constituents – static and dynamic 

complexity – according to Frizelle and Woodcock (1995) and Deshmukh et al. (1998).  Static 

complexity is the complexity resulting from the design of the manufacturing system.  Dynamic 

complexity is the result due to the uncertainty that stems from the dynamic nature of system 

resources as it passes through time (Deshmukh et al., 1998). 

Additionally, Gabriel (2008) recognized that there are internal and external causes of 

manufacturing system complexity.  Internal causes are due to things over which management has 

direct control, e.g. shop layout and amount of equipment.  Causes outside of management control 

are considered external causes of manufacturing complexity, for example, product demand or 



order cancellations.  This study investigates static complexity due to the decisions made 

internally as one of the initial steps to finding a method to measure manufacturing complexity. 

Gabriel (2008) identified constituents of manufacturing complexity in a review of the 

literature in operations management.  These were then classified as being part of static or 

dynamic complexity.  Table 1 contains of list of the eleven elements that were identified as being 

part internal static manufacturing complexity.  

 

  

Table 1 Internal Static Manufacturing Complexity Elements from Gabriel (2008) 

Complexity Element 

 

Product Mix 

Product Mix Ratio 

Number of components 

Product complexity 

Process complexity 

Integration between processes 

Number of machines/resources 

Routings 

Processing times 

Layout 

Lot sizes 

 

 

Product mix refers to the number of end-products offered by a business.  Having a greater 

product mix has been shown to be negatively effect manufacturing performance (Foster and 

Gupta, 1990; Ittner and MacDuffie, 1995; Bozarth and Edwards, 1997). As the number of 

products offered increased Foster and Gupta (1990) found that manufacturing overhead also 

increases.  The additional overhead was construed to represent the additional effort necessary to 

control the effects of complexity. They also concluded that the number of components and the 



bill of materials depth had significant correlations with manufacturing overhead.  Kekre and 

Srinivasan (1990) showed that having a broader product line had a small, but significant negative 

effect on ROI. 

Product complexity refers to the complexity introduced by the things necessary to make 

the end-products offered by a business.  In past research, product structure complexity had a 

significant effect on performance (Veral and LaForge, 1985; Benton and Srivastava, 1985; 1993; 

Sum et al., 1993). Product complexity has been measured using the depth and breadth of the 

product structures and the total number of parts. Component commonality, i.e. the sharing of 

components among subassemblies and end-products is an element of product complexity.  

Collier (1981) and Guerreo (1985) conclude from their results that higher commonality leads to 

reduced total system costs (primarily measured inventory carrying cost), but with a greater 

amount of workload variability at work centers.  So, component commonality may reduce the 

total number of parts used in a system, but may have deleterious effect on overall manufacturing 

performance. 

So, routing complexity can be reflected in the number of routing steps, and similar to the 

number of components, the commonality among the routings in a manufacturing system. 

Monahan and Smunt (1999) found that systems with high levels of routing commonality 

outperformed systems with random routings. 

From research on scheduling, computational complexity is reached in short order when 

there are more than four or five work centers in systems where there are multiple operations and 

where product routings differ.  If the scheduling of small systems is complex, then simply having 

more work centers in a system may add complexity. 

 



RESEARCH DESIG	 

The Measureable Elements of Internal Static Manufacturing Complexity 

Eight elements of static manufacturing complexity were identified related to the past literate that 

met the accepted operational definition of complexity – numerosity and describing relationships 

between system elements.  These eight are listed in Table 2. 

The concept of product mix was extended to include a measurement of comparable 

volumes of each end-product produced by a system.  The effect of the other elements could 

likely be different if they were not “weighted” by the relative volumes of the end-products.   For 

example, if there was a highly dominant end-product in terms of volume produced, then the size 

of its product structure, routing, etc. will likely have a greater effect than those elements 

associated with an end-product produced in very low volumes.  The product mix ratio was 

included to capture this. 

 

  



Table 2  Measureable Elements of Internal Static Manufacturing Complexity 

Static Complexity Elements Definition 

  

Product Mix The number of end-products produced in a 

manufacturing system. 

  

Product Mix Ratio The proportion of production volume attributed to 

the largest volume end-product. 

  

Product Structure Depth The number of levels in a product structure for an 

end-product. 

  

Product Structure Breadth The maximum number of manufactured items at a 

single level in an end-product's product structure. 

  

Component Commonality A measure of the shared used of components. 

  

Number of Routing Steps Number of distinct manufacturing operations that 

items require based upon their manufacturing 

routing. 

  

Number of Work Centers The number of work centers in a manufacturing 

system. 

  

Routing Commonality A measure of the degree of similarity of routing 

sequences among manufactured items in a system. 

 

 

Measures of Manufacturing Performance 

The purpose of this research is to determine if and how these eight elements of internal, static, 

manufacturing complexity affect the performance of manufacturing systems.  Three typical 

performance measures are mean flow time, mean lateness and mean tardiness of orders.  These 

capture the speed of delivery (mean flow time), the company’s duel concerns about completing 

orders too early or late (mean lateness), and the customer’s concern for orders arriving late 



(mean tardiness).  Since it is obvious that systems with more complexity would have longer flow 

times, mean flow time was not included as one of the performance measures used in this study. 

Since, as stated by Casti (1979), the behavior of a complex system is difficult to predict, 

the variation in flow time, lateness, and tardiness are needed in order to evaluate the 

unpredictability of system outcomes when complexity changes.  Therefore it is important to 

include performance measures that capture the level of unpredictability in a system, which may 

be done by evaluating the variance of system measures.  Also, practicing managers are interested 

in having stable mean flow times so that they may have a better estimate of their manufacturing 

lead time.  As the variation of mean flow time increases, more “slack” must be built into the 

manufacturing lead time to ensure on-time delivery to the customer. At the same time it is 

desirable that the variance in lateness be small so that the system doesn’t have orders that ship 

very late or are completed early and must be held in inventory for a long time.  Likewise, it is 

important to monitor the variability of tardiness, so that the degree of unpredictability of systems, 

as it appears to customers, can be evaluated.  Therefore the standard deviations of flow time, 

lateness and tardiness were included as performance measure in this study. 

 

Hypothesized Performance 

Systems having more end-products will likely have more components. Therefore they will also 

have a greater variety of items to be manufactured.  The increase in end-products and 

manufactured components, together, likely leads to a greater number of routings that are diverse.  

Hence, there will be greater opportunity for shop congestion, thereby increasing flow time 

variability for orders.  Systems with greater variability in flow time, will have greater variability 



in order lateness and tardiness.  So, it is hypothesized that systems with more end-products will 

perform worse than systems with fewer end-products. 

 

H1: Systems with a larger product mix will have higher mean order lateness and 

mean order tardiness, and higher standard deviations in order flow times, 

lateness and tardiness. 

 

As the product mix ratio moves from having a dominant end product to being more 

evenly spread among all products, there is likely to be increased interaction among the product 

and component flows.  The queuing at each work center will become unpredictable.  There will 

be shifting bottlenecks as shop congestion increases, leading to an increase in flow time variance.  

As flow time variance increases, the variance of lateness and tardiness also will increase. So, it is 

hypothesized that systems with a dominant end-product will perform better than systems with a 

volume spread more evenly across end-products. 

 

H2: Systems with the production volume spread evenly across its end-products will 

have greater mean order lateness and mean order tardiness, and higher 

standard deviations in order flow times, lateness and tardiness than systems 

with an end-product that accounts for a large proportion of production volume. 

 

Lower commonality among manufactured components complexity.  With less component 

commonality there will be more manufacturing orders for the different components with diverse 

routings.  This increases shop congestion and contributes to variation in flow times according to 



Vakharia et al. (1996). As flow time variance increases, the variance of lateness and tardiness 

also will increase. Therefore, it is believed that systems with low component commonality will 

perform worse that system with higher component commonality. 

 

H3: Systems with a less component commonality will have higher mean order 

lateness and mean order tardiness, and higher standard deviations in order flow 

times, lateness and tardiness than systems with more component commonality. 

 

As product structures become broader and deeper, the timing of the completion of orders 

for components affects the ability to release the order for the parent parts.  The mis-timing of 

manufacturing order arrivals will likely lead to the delayed completion of components needed for 

the parent part, thereby increasing the mean lateness and tardiness of an order for an end product 

(Russell and Taylor, 1985) as well as the variation in order these measures. 

 

H4: Systems with end-products having broader product structures will have higher 

mean order lateness and mean order tardiness, and higher standard deviations 

in order flow times, lateness and tardiness than systems end-products that have 

narrower product structures. 

 

H5: Systems with end-products having deeper product structures will have higher 

mean order lateness and mean order tardiness, and higher standard deviations 

in order flow times, lateness and tardiness than systems end-products that have 

shallow product structures. 



 

It is construed that complexity increases when the average number of routing steps in the 

product structure of end-products increases.  More routing steps will lead to more required set-

ups and more opportunity to queue at work centers during the flow of a manufacturing order for 

all manufactured items.  Flow times will vary due to the unpredictability of the queuing that 

occurs, increasing the variance of flow time.  As flow time variance increases, the variance of 

lateness and tardiness will likely also increase.  An increase in the variance of tardiness could  

increase the mean tardiness or orders. 

 

H6: Systems with manufacturing items having longer routings will have higher 

mean order lateness and mean order tardiness, and higher standard deviations 

in order flow times, lateness and tardiness than systems with manufacturing 

items having shorter routing. 

 

When there are more work centers in a manufacturing system manufacturing complexity 

increases.  Assuming the same overall shop utilization, systems having a greater number of work 

centers will have and increased opportunity for bottleneck shifting.  This increases 

unpredictability of manufacturing order flow times, hence increasing the variation of flow times.  

As flow time variance increases, the variance of lateness and tardiness also will increase. 

 

H7: Systems having more work centers will have higher mean order lateness and 

mean order tardiness, and higher standard deviations in order flow times, 

lateness and tardiness than systems with fewer work centers. 



 

As routing commonality decreases, complexity increases, because there are more diverse 

routings, which can lead to shifting bottlenecks.  Shifting bottlenecks lead to less predictability 

of flow times, meaning increased variation of flow time Monahan and Smunt (1999).  As flow 

time variance increases, the variance of lateness and variance of tardiness also will increase.  An 

increase in the variance of tardiness will mean there will be an increase in mean tardiness. 

 

H8: Systems with less routing commonality will have higher mean order lateness 

and mean order tardiness, and higher standard deviations in order flow times, 

lateness and tardiness than systems with more commonality among routings. 

 

Experimental Design 

A simulation was used to gather a large sample of performance data for systems which varied 

across the eight measureable elements of internal, static, manufacturing complexity.  The 

simulated shop modeled a batch manufacturing system. In a survey by Safizadeh, Ritzman, 

Sharma, and Wood (1996), the largest portion of their respondents (32%) identified themselves 

as primarily batch shops.  Batch shops would also be more likely to experience a wider range of 

the eight complexity elements investigated. 

Each of the elements of internal, static, manufacturing complexity was set at one of two 

levels for each simulation.  This study was interested in confirming a belief about each element 

on an exploratory basis.  The levels of each of the elements represented an experimental factor.  

The factor settings are shown in Table 3.  It is recognized that the relative “tightness” used to set 

due dates has an effect on performance when performance is measured by how well those due 



dates are met.  In order to evaluate the possible effect that due date setting may have, due dates 

were set using TWKCP, total work content for the critical path, which incorporates a due date 

tightness factor, k. 

 

Table 3  Table of Experimental factors 

   Levels 

Complexity Factor High Setting Low Setting 

   

Product Mix – (PM) 5 2 

Product Mix Ratio (PMR) 

 

All equal 1 Dominant/Others 

equal Product Structure Depth (D) 

 

5 2 

Product Structure Breadth (B) 

 

5 2 

Component Commonality (CC) 0 % ~30 % 

Number of Routing Steps (RS) 10 4 

Number of Work Centers (WC) 10 4 

Routing Commonality (RC) 0 % ~50 % 

Due Date Tightness Factor (k) 30% orders late 

 

10% orders late 

  

 

TWKCP is the sum of all the operation times in the longest chain of the product structure. 

The TWKCP method (as used in Collier, 1981) was selected for setting due dates because it 

considers that operations occurring on the other branches of the product structure may occur in 

parallel to those of the critical path.  In this study, the longest chain is the product structure 

branch with the largest total per unit processing time and included the set up time at each 

operation. 

In the proposed simulated shop, orders for end-products are randomly created.  The end 

product and quantity attributes were assigned to each order as it is created. The bills of materials 

and routings were set in advance for each item.  The quantity of specific parts and the duration of 



each routing step was a function of the randomly generated order size.  Once the orders were 

generated, due dates were set using total work content of the critical path (TWKCP) and order 

release timing was determined working backward from the order due date for the end product. 

 

The Simulation 

Five end-products were created for the simulation.  In experiment at the low setting for P, 

there were only two end-products.  The same two end-products were used at the high level for 

factor P with an additional three end-products. 

The low setting for Product Mix Ratio (PMR) occurred when there is a dominant 

end-product, that is, one end-product having a large proportion of unit sales.  At both levels of 

PMR, the percent volume of the dominant end-product was four times greater than the 

proportion of the other end-product(s).  The non-dominant end-products had equal proportions, 

i.e. the same unit volumes.  When the number of end-products (P) factor is at the low setting, 

end-product 1 had 80% and end-product 2 had 20% of the volume.  At the high setting of P, end-

product 1 had 50% of the volume and the remaining four end-products each had 12.5% of the 

total unit volume. 

Product structures for each manufactured item at the high level of the product structure 

depth, the high level of product structure breadth, and at the low level of component 

commonality were generated first.  There were five end-products having two levels of product 

structure depth, two levels of product structure breadth, and two levels of component 

commonality (5 x 2 x 2 x 2) resulting in a total of 40 products structures.  The product structures 

for the low level of product structure depth and breadth and the high level of component 

commonality were created as variants based upon the initial sets of product structures.  To the 



extent possible, the components within the product structures for end-products and the 

relationships of these components, i.e. their product structures, were maintained across the 

experiment.  The five product structures that were designed to be deep and broad were generated 

to have “branching” occur at various levels among the product structures in order to obtain 

diversity in the experiments.  These product structures also were designed so that the number of 

components at the lowest level ranged from two to five to avoid accidentally biasing the 

experiment.  Each of these product structures had nine components (with one exception) to allow 

enough opportunity for achieving the high setting for component commonality but simplified the 

process of generating product structures.  The product structures created to achieve low product 

structure breadth and high product structure depth were deigned in a similar manner.  An attempt 

was made to keep the total components in each product structure at five. There was one 

exception to allow the opportunity to achieve the high setting of component commonality. 

Component commonality was designed to occur at a variety of levels in the product 

structures.  To the extent possible, the relationships in the product structures of components were 

kept consistent across experiments in order to model reality.  Using the initial “no commonality” 

product structures, a variety of components were made common among the end-products, but 

none were common with more than three end-products. 

Routings were prepared in advance for each item corresponding to the levels of the three 

routing factors - the number of routing steps, the number of work centers, and the routing 

commonality.  Routings for each manufactured item for the high level of the number of steps at 

the low level of routing commonality were generated first.  Routings were then varied based 

upon these initial routings to create the routings for the low level of routing steps and the high 

level of routing commonality.  At the high level of routing commonality, manufactured items 



were selected so that 50% of the routings had an identical sequence.  To the extent possible, the 

same items were selected among the various sets of product structures for the settings for product 

structure depth, product structure breadth, and component commonality. 

Routings were generated randomly for each manufactured item.  Routings for the high 

level of RS were created first.  For each routing step, a work center was randomly assigned, each 

having an equal likelihood (uniform) of being assigned.  The only rule was that consecutive 

routing steps could not be assigned to the same work center.  Run times per unit for each item for 

each step were generated randomly using a uniform distribution with a mean of 0.1 and a range 

from 0.05 to 0.15 hours.  The mean of 0.1 hours was chosen to make the average ratio of set-up 

to unit run time equal to 10.  This was in line with the setting developed by Krajewski et al. 

(1987). 

For each manufactured item, the routing sequence of work centers visited and processing 

times were generated for the high setting of RS and WC and the low setting for RC.  Routings 

for the low setting RS are created for each manufactured item by truncating the routing for the 

high setting of RS.  The run time portion of the processing time was adjusted proportionally for 

each routing step so that the total of the run times was the same for high and low settings for the 

number of routing steps. 

To achieve the high setting for routing commonality (RC), items were selected within the 

product structures created based upon the four experimental factors for product structure.  The 

items were selected from a variety of end-products and at a variety of levels within the products 

structure.  These items were arbitrarily made to have common routings to 1) attain the high 

setting of routing commonality and 2) have items with common routings at various product 



structure levels.  The selected items were changed across all product structure settings.  The 

original processing times were maintained in the same sequence as the original routing. 

The set-up time is set arbitrarily to 1.0 hour.   Set-up time was included in the shop 

design primarily to measure the effect of component commonality.  When manufacturing orders 

for the same item are processed consecutively they will require a single set-up.  To avoid 

introducing a bias to the experiment, the same set-up time (1 hour) was designated for all items 

for all operations. 

The due date tightness will impact the amount of lateness and tardiness produced by a 

system. At the high level due dates were “tight”, having a lower value for k than when due dates 

are “loose”.  The due date tightness factor, k, was established in preliminary runs for the 

manufacturing system in the experiment that was deemed to be the “simplest” .  The vale for k 

was set such that, after the warm-up period, approximately 10% of the orders were tardy.  The 

high setting for k was set, for this “simplest” case, when approximately 30% of the orders were 

tardy. 

The time between order arrivals was a stochastic element of the experiment used to better 

model the real world conditions faced by manufacturing systems.  It was determined by sampling 

from the exponential distribution with a predetermined mean as done in similar studies (e.g. 

Barman and LaForge , 1998; Fry et al., 1989; Kanet and Hayya, 1982).  To maintain consistent 

mean shop utilization, the mean order arrival interval was adjusted based on preliminary 

simulation runs. For this study, the average utilization at the bottleneck work center was set at 

85%.  This has been a common mid-range setting used in the past (Barman, 1998; Pierreval, H. 

and N. Mebarki, 1997; Fry et al., 1989). 



Orders were generated to include a random order quantity for each end-product in the 

product mix.  The average total order size was approximately 200 units.  The average order size 

for each end-product was based upon the specific product mix ratio for the experimental run. The 

simulated system encountered variation in order sizes.  This was accomplished using a 

coefficient of variation of 0.30 for the demand for each end-product.  The orders sizes were 

generated using a truncated normal distribution where the minimum order size is zero and the 

maximum is twice the mean order size. 

To make experimental conditions as consistent as possible, each end-product was 

assigned a specific random number stream to be used in all experimental runs.  Therefore, for 

experiments having the same settings of P and PMR, order sequence and quantity was identical 

for each end-product. 

The release dates for manufacturing orders for components at the end of each product 

structure branch were calculated using the total work content (TWK) method (Goodwin and 

Goodwin, 1982) as soon as an order arrives.  The order release for the lowest level component on 

the critical path of a product structure coincided with the order arrival date.  By using the same 

due date tightness factor, k, for manufacturing order releases, orders had the same opportunity to 

complete as their “sister” items in the product structure. 

Parent items in the product structure were released at the time that the manufacturing 

order for last order for the required children items was completed.  This gave the manufacturing 

orders for parent items an opportunity to be released early or late, thus providing clearer 

evidence of the impact of system complexity on performance.  If the order release for parent 

items were set using some other release rule, might have artificially inflated the flow time, 

lateness and tardiness statistics. 



A dispatch rule that is simple to employ in industry, as well as simulation experiments is 

earliest order due date (EDD) with ties were broken by using the order of arrival to the work 

center (FCFS).  EDD for orders has been shown to be in the group of best performing dispatch 

rules under a wide range of product structure complexity in an assembly shop (Fry et al., 1989).  

By using EDD the primary reason for late order completion would be due to the system design, 

i.e. the internal, static, manufacturing complexity.   

The batch means method was used to make the simulation runs for each experimental 

combination.  Replication of experiments was used to capture the variance of dependent 

variables.  A pilot simulation run was made at each of the 256 experimental combinations to 

determine the “worst case” time until steady state is achieved.  This transient period was used to 

determine the size and number of replications.  Each experimental run contained a “batch” of 15 

independent replications in accordance to literature (Schmeiser, 1982; Pritsker, 1986). 

The number of orders in a replication for all experiments was the determined by the 

amount of time needed to clear the transient period for the worst-case multiplied by the average 

orders per hour.  During the steady state period the average orders per hour were determined.  

Thus, for every replication in every experimental run, the same number of orders was evaluated.  

The longest transient period observed was 28,500 hours.  This yielded an average of 91 orders.  

To ensure a long enough observation period, the replication size used was 200 orders, more than 

twice as long as the warm-up period.  The statistics were accumulated for 200 consecutive orders 

to avoid censoring data (Blackstone et al., 1982).  For each experiment, data was collected 

beginning with order 201 and ending with order 400. An interval equal to one replication batch 

was left between batches where statistics were not collected to maintain independence of 

batches.  This was the same for all experiments.  



All units in a manufacturing order remained with the order during processing.  No 

“batch-splitting” occurred.  Each manufacturing order had the required components to fulfill a 

requirement for a parent item which was sized to fulfill the requirement for a specific customer 

order for an end-product.  No inventorying occurred.  No loss of product occurred.  Every order 

was completed for its entire order quantity. The transfer time for moving a manufacturing order 

between work centers was ignored (i.e. transfer time = 0).  There was a single server (i.e. 

machine) at each work center.  There was no maximum queue size at any queuing point, e.g. 

work center. 

 

Results 

The simulation was conducted using AweSim simulation modeling software.  An initial review 

of the data revealed that the normality assumption and homoscedasticity requirement ANOVA 

techniques were not met. So each DV was transformed as Y = Y
1/2

 because this reduced both 

skewness and kurtosis for each DV. 

After transforming the DVs, an inspection of the bivariate correlations indicated that all 

five DVs were highly correlated.  Many of the bivariate correlations between DVs exceeded 

0.90.  Since high amounts of multicolinearity between DVs can confound statistical test results, a 

factor analysis was used to create a single factor that represents overall manufacturing 

performance.  Principle components analysis using SPSS 13.0 statistical software extracted a 

single factor from the transformed DVs explaining 92.4% of the variation in the five DVs.  This 

single factor, MFGPERF, was considered to represent overall manufacturing performance. 

 



Conclusion to Hypotheses 

To determine which of the eight static complexity elements were significant, an omnibus 

ANOVA was completed using the MFGPERF.  Table 4 shows the results of the ANOVA.  

Overall, the model containing the eight elements explained 57% (adjusted R
2
) of the variation in 

MFGPERF. Six of the eight elements were significant using a 1% significance level.  Neither 

component commonality nor the number of operations factors explained variation in the overall 

manufacturing performance variable. 

 

Table 4 Results from Omnibus ANOVA (MFGPERF) 

Source 

Type III 

Sum of 

Squares df 

Mean 

Square F Significance η
2 

Corrected Model 4377.3 9 486.37 1129.9 .000  

Intercept .0 1 .00 .0 1.000  

k 149.3 1 149.27 346.8 .000 0.019 

P 58.5 1 58.52 135.9 .000 0.008 

D 729.4 1 729.40 1694.5 .000 0.095 

B 1194.9 1 1194.87 2775.8 .000 0.156 

CC 1.5 1 1.50 3.5 .062 0.000 

PMR 18.5 1 18.54 43.1 .000 0.002 

OPS .1 1 .13 .3 .583 0.000 

WC 2220.8 1 2220.83 5159.1 .000 0.289 

RC 4.3 1 4.27 9.9 .002 0.001 

Error 3301.7 7670 .43    

Total 7679.0 7680     

Corrected Total 7679.0 7679     

       

Adjusted R Squared = .570    

 

Individual ANOVAs were conducted for the five performance measures.  Table 5 

summarizes the results providing the effect size and the significance for each complexity 



element.  The effects size was measured using eta-squared (η
2
), representing the proportion of 

variance explained by an individual variable. 

 

Table 5 Summarized results of ANOVAs for the five performance measures 

  Performance Measure 

Factor SFT LMEAN SL TMEAN ST 

n.s 0.063 0.006 0.045 0.018 
K 

(0.062) (0.000) (0.000) (0.000) (0.000) 

0.024 0.064 n.s 0.039 0.008 
P 

(0.000) (0.000) (0.015) (0.000) (0.000) 

0.251 0.025 0.106 0.044 0.091 
D 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.120 0.145 0.144 0.154 0.157 
B 

(0.000) (0.000) (0.000) (0.000) (0.000) 

n.s n.s n.s n.s n.s 
CC 

(0.860) (0.118) (0.023) (0.009) (0.013) 

0.010 0.001 0.014 0.011 0.004 
PMR 

(0.000) (0.000) (0.000) (0.000) (0.000) 

n.s n.s n.s n.s n.s 
OPS 

(0.895) (0.424) (0.822) (0.936) (0.081) 

0.216 0.268 0.282 0.281 0.289 
WC 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.000 0.000 0.000 0.001 0.001 
RC 

(0.006) (0.004) (0.005) (0.001) (0.001) 

Adjusted R
2
 0.621 0.566 0.552 0.574 0.567 

 

For all five measures of manufacturing performance, over 50% of the variation in 

performance was explained by the models containing the eight complexity factors.  The adjusted 

R
2
 ranged from 0.552 to 0.621, representing a substantial portion of the variation in each.  With 

two exceptions, all six complexity elements that were significant in the omnibus model were 

significant for the individual measures of manufacturing performance.  One of the two 

exceptions were that the due date tightness factor did not have an effect on the standard deviation 



of order flow times.  This was expected, since flow time is not affected by due date tightness.   

The second exception was that the factor P, the number of end-products, was not significant for 

the standard deviation of lateness. 

 

Table 6  Marginal Means for the eight complexity elements 

    Performance Measure 

Factor Setting SFT LMEAN SL TMEAN ST 

Lose n.s 875 574 381 500 
K 

Tight n.s 1125 639 572 611 

Few 807 875 n.s 387 516 
P 

Many 680 1125 n.s 565 593 

Shallow 551 919 481 383 435 
D 

Deep 962 1076 745 571 688 

Narrow 607 816 462 312 400 
B 

Broad 891 1194 770 665 733 

None n.s n.s n.s n.s n.s 
CC 

Some n.s n.s n.s n.s n.s 

Dominant Product 783 979 559 426 527 
PMR 

Equal volumes 702 1013 654 520 582 

Few n.s n.s n.s n.s n.s 
OPS 

Many n.s n.s n.s n.s n.s 

Few 946 1270 841 741 803 
WC 

Many 563 755 409 263 351 

None 734 985 597 460 544 
RC 

Some 750 1007 615 484 564 

 

The results on these ANOVAs and an inspection of the marginal means were used to 

evaluate the hypotheses.  Table 6 summarizes the marginal means for each complexity factor.  

Table 7 presents the conclusions for the eight hypotheses.  Based upon the results of the omnibus 

ANOVA, the hypotheses regarding component commonality and the number of manufacturing 



steps (H3 and H6) were not supported. Additionally, H7 was not supported concerning the effect 

of the number of work centers.  The marginal means for this factor were opposite of what was 

expected for every measure of performance.  There were two other cases were this occurred.  

The factors P and PMR showed reduced variability in order flow times. 

 

Table 7 Conclusions to hypotheses 

Hypothesis Complexity Element Conclusion 

H1 Number of End Products (P) Supported 

H2 Product Mix Ratio (PMR) Supported 

H3 Component Commonality (CC) Not Supported 

H4 Breadth of Product Structures (B) Supported 

H5 Depth of Product Structures (D) Supported 

H6 Number of Routing Steps (OPS) Not Supported 

H7 Number of Work Centers (WC) Not Supported 

H8 Routing Commonality (RC) Supported 

 

An inspection of the effects for each of the six significant static complexity elements 

revealed that there were three dominant factors.  The depth (D) and breadth (B) of the product 

structures and the number of work centers in a system (WC) accounted for large portions of the 

variation in each of the five performance measures.  The number of end-products, P, had a 

moderately effect size, in general.  WC consistently accounted for the large portion of explained 

variation.  This is somewhat troubling, as the factor had the opposite effect on performance that 

was anticipated. 



 

Post Hoc Analysis 

To investigate the unexpected effect of the factor WC, additional analysis was conducted.  

The design of the simulation was such that the bottleneck work center achieved and average 

utilization of 85%.  However, there was no control for the non-bottleneck work centers.  The 

utilization at these was subject to the stochastic behavior of the system affected by the orders in 

the systems and the operation times.  It was conjectured that there could be several work centers 

with very low utilizations in the experimental systems having 10 work centers.  If this occurs, it 

might provide a greater opportunity to “catch up” in systems having many work centers, and 

reduce flow times and, hence, lateness and tardiness.  It may even lead to a smoothing of 

variation in theses measures. 

The analysis of the protective capacity, the utilization differences, revealed that there was 

a substantial difference in the amount of protective capacity in systems with four work centers 

compared to systems with ten work centers.  The average protective capacity for systems with 

four work centers was 15.5%.  This is 17.6% lower than the average of systems with ten work 

centers – 33.1%.  This likely contributed to the high effect size for the WC factor.  Additionally, 

it could help, in part, to explain the “reverse prediction” of performance by WC.  Because the PC 

tended to be much larger for experiments with many work centers (ten) than for those with few 

work centers (four), it is appears possible that performance would improve.  The opportunity for 

a “moving” bottleneck or simultaneous bottleneck work centers is reduced (Lawrence and Buss, 

1994) when the mean protective capacity in a system is higher. 

To give this consideration, the amount of mean protective capacity (MeanPC) was 

measured based upon the results from the 512 experimental runs.  MeanPC was the difference 



between the bottleneck utilization and the average utilization at the non-bottleneck work centers.  

The factor, MeanPC was included as the covariate in a set of ANCOVA models to test for 

observable affects on manufacturing performance.  MeanPC was used to adjust DV scores in 

order to remove undesirable variance, i.e. noise, and clarify the effects due to factors (Tabachnik 

and Fidell, 2001). 

 

Table 8  ANOCOVA results for omnibus model (MFGPERF) 

Source 

Type III 

Sum of 

Squares df 

Mean 

Square F Significance η2 

Corrected Model 4468.914a 10 446.89 1,067.64 0.000  

Intercept 86.24 1 86.24 206.03 0.000  

k 149.27 1 149.27 356.62 0.000 0.022 

P 136.15 1 136.15 325.27 0.000 0.020 

D 816.96 1 816.96 1,951.74 0.000 0.119 

B 1,274.33 1 1,274.33 3,044.42 0.000 0.186 

CC 1.21 1 1.21 2.89 0.089 0.000 

PMR 34.60 1 34.60 82.65 0.000 0.005 

OPS 31.91 1 31.91 76.24 0.000 0.005 

WC 1,191.68 1 1,191.68 2,846.96 0.000 0.174 

RC 3.27 1 3.27 7.81 0.005 0.000 

Mean_PC 91.58 1 91.58 218.80 0.000  

Error 3,210.09 7669 0.42    

Total 7679 7680     

Corrected Total 7679 7679         

Adjusted R Squared = .581      

 

An omnibus ANCOVA was performed to identify the significant static complexity 

factors.  Table 8 provides the results.  The covariate, Mean PC, was statistically significant.  As a 

result of including a measure of protective capacity, seven of the eight complexity elements were 



shown on the significant at the 1% significance level.  Component commonality was the only 

element not explaining variation in MFGPERF.  Adjusted R
2
 also increased (statistically 

significant).  This partially supports the conjecture that broad differences in work center 

differences may have added “noise” that affected the results. 

 

Table 9 Summarized results from ANCOVAs 

 Performance Measure 

Factor SFT LMEAN SL TMEAN ST 

0.000 0.073 0.007 0.051 0.020 
K 

(0.057) (0.000) (0.000) (0.000) (0.000) 

0.004 0.075 0.008 0.053 0.021 
P 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.291 0.035 0.132 0.058 0.114 
D 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.147 0.171 0.174 0.182 0.188 
B 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.001 0.000 0.000 0.000 0.000 
CC 

(0.000) (0.265) (0.102) (0.631) (0.296) 

0.006 0.003 0.020 0.016 0.008 
PMR 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.006 0.002 0.006 0.004 0.004 
OPS 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.144 0.150 0.177 0.161 0.174 
WC 

(0.000) (0.000) (0.000) (0.000) (0.000) 

0.000 0.000 0.000 0.001 0.001 
RC 

(0.018) (0.009) (0.015) (0.002) (0.004) 

Mean PC* (0.000) (0.000) (0.000) (0.000) (0.000) 

Adjusted 

R
2
 0.635 0.573 0.567 0.583 0.579 

       

Upper value = η
2
; lower value = significance   

* Only the significance is reported for the covariate, Mean PC  

 



ANCOVAs were performed for the five measures of manufacturing performance. Table 9 

reports the effect size and the significance for the eight complexity elements for each measure.  

Two things are worth noting.  First, all models explained slightly more variation in performance 

(according to adjusted R
2
) by including MeanPC.  Secondly, the effect size for the factor WC 

substantially decreased while the effect size for the other factors increased.  This is further 

substantiation for the concern about the potential for large differences in utilization between 

work centers. 

 

Table 10 Adjusted Marginal Means for static complexity elements 

    Performance Measure 

Factor Setting SFT LMEAN SL TMEAN ST 

Lose n.s 875 574 381 500 
K 

Tight n.s 1125 639 572 611 

Few 773 849 566 362 487 
P 

Many 712 1154 647 596 625 

Shallow 539 908 469 372 424 
D 

Deep 978 1088 761 584 702 

Narrow 590 802 445 299 385 
B 

Broad 912 1211 791 685 754 

None n.s n.s n.s n.s n.s 
CC 

Some n.s n.s n.s n.s n.s 

Dominant Product 775 972 551 419 519 
PMR 

Equal volumes 711 1020 663 528 590 

Few 704 967 568 439 524 
OPS 

Many 782 1025 645 506 585 

Few 1028 1338 928 820 885 
WC 

Many 503 704 352 219 300 

None n.s 986 n.s 462 545 
RC 

Some n.s 1006 n.s 483 563 

 



Table 10 shows the marginal means for the complexity factors.  These marginal means 

were consistent with those in the ANOVAs.  So, although MeanPC eliminated some noise in the 

variation observed in the systems, it does not explain the unexpected results for WC.  Further 

investigation is warranted for this factor. 

 

Conclusion 

Eight elements of system complexity common to the design of the system were identified.  The 

results of the analysis indicated that six of these complexity elements have an impact on 

manufacturing performance.  Although these elements were statistically significant, not all 

appear to be important to practicing operations managers.  There are three factors to consider 

when evaluating decisions involving design of a manufacturing system.  These are the number of 

end-products manufactured (i.e. product mix), the depth of product structures, and the breadth of 

product structures. 

When making decisions regarding expanding product offerings, managers should 

consider the consequential impact on performance.  If no supplementary effort is added to 

manage the increased complexity, performance will likely worsen.  The additional management 

effort required to maintain current performance levels while expanding the product line will 

increase manufacturing costs. 

The level of vertical integration should also be carefully considered.  The findings of this 

study show that the depth of the products structure affects the predictability of outcomes in a 

manufacturing system.  Even when the in-house cost to make components is lower than the cost 

to purchase the components, managers must account for the overall impact to performance.  This 

study’s findings suggest that systems with deeper product structures have less predictability in 



performance than systems with shallow product structures, i.e. having less vertical integration.  

When increasing the amount of vertical integration, additional process management will be 

necessary to counter the unpredictability that would result, resulting in increased operating costs. 

Lastly, understanding the breadth of the product structures in a manufacturing system is 

important.  Product design efforts to combine individual purchased components into a single 

module would benefit a firm.  The breadth of product structures was the factor having the largest 

affect on every measure of manufacturing performance in this study.  Reducing the breadth of 

product structures would help to improve performance to customer deliveries, reduce finished 

goods inventories and make completion dates more predictable. 

 

Limitations of this Study 

As this was an exploratory study into some of the measurable elements of static manufacturing 

complexity, the range of manufacturing environments was limited to what could be practically 

evaluated in a single study.   Only two levels of each factor were included in the study to test a 

broad range of factors.  It should be recognized that many existing production systems handle far 

more than five end-products, which was the high level in this study.  At the same time, it might 

be equally questionable that many systems would have five levels of depth in their product 

structures.  

Another specific limitation was that the type of manufacturing system in the experiments was 

confined to batch-type systems where random routing of products and components was feasible.  

There are many other types of systems ranging from job shop to assembly line production and all 

possible hybrids.  So, caution should be used when interpreting the results, because they are not 

readily generalizable to all manufacturing environments. 



Additionally, these simulation experiments used the exponential distribution for the 

arrival rate of orders.  This is typical for such simulations (e.g. Fry et al., 1989; Russell and 

Taylor, 1985) because it is a simple distribution that was used in simple theoretical queuing 

systems (Law and Kelton, 2000).  However, the exponential distribution used may not be 

appropriate. Future studies should consider using distributions with much lower variability and 

no infinite tails.  Having used the exponential distribution to generate the time between order 

arrivals in this study may have created such a large variation that the effects of static complexity 

could not be detected.  This could mean one of two things.  First, the complexity factors 

identified could have a larger effect than resulted from these experiments.  Alternatively, the 

results suggest that it may be the external dynamic complexity arising from the unpredictability 

in demand that affects performance more than the static complexity. 

 

Future Research 

This was an exploratory study of elements considered a part of internal static manufacturing 

complexity.  As such, there are many possible areas for further research.  This study limited its 

scope to static complexity.  A likely step would be to extend it by investigating dynamic 

complexity factors, e.g. control systems, decision-making of managers, equipment breakdown, 

and maintenance plans. 

Perhaps before investigating dynamic complexity, an investigation is needed into the 

effect observed for the factor WC, the number of work centers.  Others, beside this author, have 

purported that systems with more work centers are more complex, thus they should have 

experienced decreased performance.  The opposite was observed in this study.  This may have 



been due to the type of system simulated or some combination of system parameters.   This 

factor should be investigated in other experimental environments to better understand its effects. 

Suggestions for investigating WC would include a new set of simulation experiments that 

have a greater range in the number of work centers between low and high settings.  Additionally, 

more factor levels should be included.  This research showed that the difference in work center 

utilization is important, so these differences must be carefully controlled.  One method to control 

these is to run preliminary simulations to observe the utilization differences.  Item processing 

times could be adjusted proportionally to increase or decrease work center utilizations so 

differences are no so extreme. 

Additional types of manufacturing systems should also be examined in the future.  Batch 

system with less “random” routings may better reflect real systems.  Or hybrid systems that have 

both a job shop and assembly shop set of operations (Fry et al., 1988) or ones that have a 

gateway and finishing work center (Barman and LaForge, 1998). 

Over 40% of the variation in manufacturing performance was left unexplained.  There are 

either other elements of internal static manufacturing complexity that have not been identified in 

past literature, or the dynamic complexity elements of this simulation explain the difference.  

But, it is not likely that a complexity element explaining such a large portion of performance has 

been missed. 

However, the dynamic attributes of the simulations could have had a large effect.  Recall, 

the interarrival time between orders occurred randomly based upon the exponential distribution.  

Additionally, the order quantity for each end-product was also varied to better model a real 

system.  These two dynamic variables might have confounded the observed effects of the 

complexity factors.  Recall, past literature did purport that environmental dynamicism due to 



demand variation was part of manufacturing complexity (Kotha and Orne, 1989; Calinescu et al., 

1998; and Khurana, 1999).  If this was the case, further research should remove these dynamic 

factors in order to better study the static complexity factors. 
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