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Stated preference/choice methods have become established modeling tools for transportation studies. At the 

core of these methods is experimental design, which usually employs orthogonal arrays. This conventional 
design method, however, imposes constraints on the number of attributes and /or levels that may be included in 
a study, for the number of profiles it provides may be too large to handle, particularly when the number of 
attributes and/or levels is large and sometimes it cannot provide a reasonable number of profiles. Recently, 
Wang and Li (2002, Geographical Analysis, 34, 350-362) introduce a new design method that may overcome 
the shortcomings of the conventional approach: uniform design. The number of profiles generated by uniform 
design is substantially less than that by orthogonal design, particularly for uneven numbers of levels. Further, 
uniform design can provide solutions to cases where the orthogonal design cannot. This paper presents a 
simulation study to analyze the statistical properties of uniform design and to compare uniform design and 
orthogonal design on these properties. Specifically, we study the ability to pick up the significant variables and 
the accuracy of parameter estimation and model prediction by uniform design and compare them with that by 
orthogonal design. The simulation results show that parameters estimated from uniform design are unbiased. 
The efficiency of the parameter estimations of uniform design is comparable to that of orthogonal design. 
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1. INTRODUCTION 
 
Stated preference/choice methods have become a popular modeling tool for 

transportation studies. At the core of these methods is experimental design, which 
usually employs orthogonal design (or called orthogonal arrays). In order to ensure that 
the estimation of model parameters is unbiased and efficient, orthogonal design extracts 
from the profiles of the full factorial design a fraction in which the attribute arrays are 
orthogonal and attribute levels are balanced (i.e., levels of each attribute appear the same 
number of times in the fraction). Orthogonal designs are often recommended for their 
desirable properties, such as unbiased and efficient estimation of model parameters, the 
ability to estimate interaction effects and the flexibility to build separate models for 
individual travelers. The number of profiles generated by the orthogonal design, 
however, is sizable and rapidly increases with the number of attributes and/or levels. A 
large number of profiles imply high modeling costs and huge burden on respondents. In 
the extreme cases, the orthogonal design provides no solution (e.g., orthogonal design 
provide no solution for the case of 8 attributes, each with 6 levels) or the number of 
profiles can be too large to be practically handled. In such cases, modelers may have to 
condense the high-level attributes into low-level ones (e.g., five-level attributes are 
condensed into three-level attributes). In the past decades, there have been recurrent 
interests and persistent attempts to develop ways of handling the problem of large 
number of attributes. For example, Johnson (1974) suggested the ‘trade-off procedure’, 
which considers attributes on a pairwise basis, respondents are asked to rank the 
combinations of each pair of attribute levels from most preferred to least preferred. 
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Louviere (1984) proposed the so-called Hierarchical Information Integration (HII) 
method, which group attributes into several non-overlapping sets. Each set is supposed 
to represent a particular construct (e.g., quality, comfort, accessibility, etc.). Separate 
experiments are designed and administrated to define the constructs, which are then used 
to develop a bridging design for concatenating the results of the separate designs and the 
bridging design into a fully specified utility model. This method was extended by 
Oppewal et al. (1994) to a so-called integrated HII approach, which includes the 
summary evaluative measures of all other constructs in constructing a preference or 
choice experiment for a particular construct. Wang et al. (2000) suggested a pairwise 
design method, which uses only a pair of attributes to construct a profile, assuming the 
values of the other attributes no change. 

However, all these approaches are based on orthogonal design and applicable only to 
specific cases. Recently, Wang and Li (2002) introduced a new experimental design 
method- uniform design, which has the potential to overcome the drawbacks of 
orthogonal design. As for uniform designs, readers are referred to Fang et al. (2000) and 
Fang and Mukerjee (2000). This design method selects from the s-dimensional space (‘s’ 
refers to the number of attributes) experimental points or profiles that are uniformly (or 
evenly) scattered in the space. The number of profiles produced by uniform design is 
substantially less than that by orthogonal design. In addition, uniform design can easily 
handle the cases of attributes with uneven numbers of levels and provide a reasonable 
number of profiles. For details about the principles of uniform design, how to construct 
uniform design and how to apply uniform design for stated preference/choice studies, 
readers are referred to Wang and Li (2002). 

The aforementioned advantages of uniform design (over orthogonal design) are not at 
no cost. Uniform design only requires that attribute levels be balanced in the profiles. 
Orthogonality, however, is not guaranteed. As both orthogonality and balance are 
usually considered important requirements for experimental design, if orthogonality is 
not maintained in uniform design, a number of questions regarding estimation and 
prediction may be raised (see, for example, Bunch and Bastell (1989), for discussion on 
the statistical properties of estimators). Firstly, are parameters estimated from uniform 
design unbiased? The unbiasedness of parameter estimation is guaranteed only for large 
samples (asymptotically). How about the unbiasedness of small sample? Chapman and 
Staelin (1982) studied the overall unbiasedness of estimators. However it couldn’t 
preclude the possibility that subsets of the parameters could be biased. Are the 
parameters estimated from uniform design unbiased for small samples? Secondly, when 
we analyze the data, we need to test the significance of the effects. In such a case, we 
may make two kinds of errors: inferring the significant effects to be insignificant or the 
insignificant effects to be significant. How would uniform design perform in this regard? 
Can uniform design limit the number of errors admissible? Thirdly, are parameters 
estimated from uniform design close enough to the true parameters? Fourthly, will the 
models developed from uniform design provide predictions at acceptable accuracy level? 
or specifically, are the market shares predicted from uniform design close enough to the 
true market share? Finally, how would uniform design comparable to orthogonal design 
in terms of these properties? It is important to find answers to these questions before one 
may seriously consider uniform design for developing stated preference models. 

This study thus makes an attempt to answer these questions. We study the case that 
uniform design is used for developing stated choice models. The case for stated 
preference models may be extended straightforward. We use the simulation approach to 
generate observation data for different scenarios. For simplicity, we only consider fixed 
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choice set design (a profile is used to construct a choice set) and additive models, that is 
to say we only consider main effects in the simulation models. The reference models are 
from Wang and Li (2002). All the effects are alternative-specific. The next section will 
introduce the notations and measures that will be used. Section 3 explains the simulation 
procedure. The simulation results are presented and discussed in Section 4. Section 5 
discusses the findings and limitations and suggests future research works. 

 
2. NOTATIONS AND MEASURES 

 
To answer the above questions, we need to define some measures that can assess and 

compare uniform design and orthogonal design. We first introduce some notations. Let N 
be the total number of surveys in the simulation, p the number of effects in the 
simulation, J the number of alternatives in each choice set and kh  the number of the 
times the effect kβ  being significant in N surveys at the level of 0.05, for pk ,...,1= . 

As discussed in Section 1, a good design should have strong ability to find the real 
significant effects or significant attributes that have an effect on the choice behavior. To 
measure this ability, we define the first measure: Effect Error Ratio (EER). The effect 
error ratio for effect kβ  is defined as: 
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The effect error ratio refers to the ratio that an effect has been judged erroneously: 
from significant to insignificant or from insignificant to significant. A good design will 
not leave out the significant effects or not include the effects or attributes that have no 
effect on the choice behavior. Obviously, a small effect error ratio suggests that the 
design has strong ability to find the real significant effects. 

Apart from the ability to pick the significant attributes, the design should ensure that 
the estimation of the unknown parameters is unbiased, especially for small samples. This 
is an important requirement for statistical estimator. To measure the unbiasedness, we 
define the second measure: Confidence Interval (CI). Let klβ̂  be the estimation of kβ  in 
the lth survey. For the N surveys, we may obtain:  
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Then the 95% CI of kβ  can be written as: 

 ( )NtNt kNkkNkk /STD,/STDCI )1(,975.0)1(,975.0 ×+β×−β= −− , (4) 

which can be used to test whether the estimator of kβ is unbiased. If the estimator of kβ  
lies in 95% CI, we say that this estimator is unbiased. 

The third measure we will use is Estimate Accuracy (EA). Similar to Bunch and 
Bastell (1989), we define the estimate accuracy of the effect kβ as the following equation: 
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Estimate accuracy is a measure of efficiency. Efficiency is another important 
requirement for estimator. An efficient estimator is the one that has small variance. The 
smaller the value of EA, the more efficient the estimator is. EA is thus used to assess the 
efficiency of the parameter estimation from uniform design and compare to that from 
orthogonal design.   

Apart from estimation, we are also concerned with the prediction ability. A good 
design should be able to predict the market shares correctly. To measure the prediction 
ability, we generate five choice sets for testing prediction ability. Let ihP  be the true 

choice probability for ith alternative in the hth test choice set and the ihlP̂  estimation of 

ihP  in the lth survey. Then the Prediction Accuracy (PA) of ihP  , which is the fourth 
measure we will use, can be calculated by the equation as follows: 

 ∑
=

−=
N

l
ihihlih PP

N 1

2)ˆ(1PA , for Ji ,...,1=  and 5,...,1=h . (6) 

The lower the value of PA, the closer the prediction of market share is to the real 
situation.  

 
3. SIMULATION PROCEDURE 

 
All our simulations are based on the case study presented in Wang and Li (2002). This 

case study concerns the mode choice for inter-city transportation between Hong Kong 
and Guangzhou. Three five-level attributes, three three-level attributes and six two-level 
attributes are used to characterize different transportation modes. The authors apply 
uniform design )235( 633

30 ××U  to design profiles and thirty profiles are derived. Each 
of the thirty profiles is used to construct a choice set. In each choice set, there are four 
choice alternatives: train, bus, flight and multi-modes. That is to say, J=4. Let us denote 
1 for train, 2 for bus, 3 for flight and 4 for multi-mode. Based on the utility 
maximization principle, we assume that the utility for the i alternative in the j choice set 
can be written in the following form:  
 ijijij VU ε+= , (7) 

where ijV  is the linear combination of attribute effects and ijε ’s are independent across 

alternatives and are identically distributed. We assume that ijε  follows the extreme 
value type I distribution with the parameters 0 and 1. Thus, the multinomial logit model 
(MNL) may be used to model the mode choice and estimate the parameters. We generate 

ijε  from the extreme value type I distribution with the parameters 0 and 1. In practice, 
we do not know which effects are significant, so we consider all attribute effects in the 
model. For the purpose of this study, all choices are assumed to be independent. 

The simulation procedure is as follows: 
Step 1: Generate ijε  randomly from the extreme value type I distribution with the 

parameters 0 and 1, and calculate ijU  for 1=j  to n and i=1 to 4. The 
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alternative in the jth choice set with maximum utility will be chosen. This step 
simulates the process that an individual makes choice for n choice sets; 

Step 2: Repeat Step 1 for m times. In other words, this step simulates the process that m 
individuals make choice for n choice sets. After this step, a survey is completed; 

Step 3: Estimate the effects by maximum likelihood method using the multinomial logit 
model; 

Step 4: Repeat Step 1, Step 2 and Step 3 N times; 
Step 5: Calculate )EER,,(EER1 pK , )CI,,(CI1 pK , )EA,,(EA1 pK  and ihPA  for 

4,...,1=i and 5,...,1=h . 
In order to examine the properties of uniform design under different circumstances, we 

vary the three important factors: choice designs, the number of individuals and the 
choice model. Both uniform design and orthogonal design are used to generate choice 
profiles and choice sets so that the properties of the two design methods can be 
compared. The number of individuals or sample size is varied to see the performance of 
the design methods for small and large samples. The simulation is partitioned into three 
scenarios. Table 1 lists the details of the three scenarios. In the first scenario, the same 
uniform design )235( 633

30 ××U  that was used in Wang and Li (2002) is applied to 
construct profiles and choice sets. The objective of this scenario is to evaluate uniform 
design on EER and CI, i.e., to assess whether uniform design supports unbiased 
estimation and evaluate the ability of uniform design to find out significant effects. In 
order to assess the performance of uniform design for different sample sizes, the 
simulation is conducted for two different sample sizes: m=100 and m=200. In the second 
scenario, the three five-level attributes are condensed to three-level attributes. Uniform 
design )23( 66

24 ×U  and orthogonal designs )23( 66
36 ×OA  are used to construct 

profiles and choice sets respectively. Though the number of profiles is different for the 
two designs, the difference is not substantial. The performance of uniform design and 
orthogonal design on EER, CI and EA is compared. The third scenario is designed to 
compare uniform design and orthogonal design in cases that the two designs generate 
substantially different numbers of profiles. The three five-level attributes are replaced by 
three four-level attributes. In this case, uniform design generates 48 profiles or choice 
sets (i.e., )234( 633

48 ××U is used) and orthogonal design derives 144 ones (i.e. 

)234( 633
144 ××OA  is used). The performance of the two designs on EER, CI, EA and 

PA for different sample sizes as well as for different models is compared. This scenario 
provides a platform to conduct more comprehensive comparison between the two 
designs. 

The choice model is changed by assuming different values of the parameters. Model 1 
is similar to the model estimated in Wang and Li (2002). This model is employed to 
study whether uniform design supports the unbiased estimation and its ability to pick the 
significant or exclude insignificant effects. Model 2 is different from model 1 in the 
value of parameters. The parameters of model 2 have larger values. This model is used 
to assess if the performance of uniform design in EER and CI will change for different 
values of the parameters. Models 3 and 4 correspond to Scenario III, but the parameters 
in model 4 is about half of that of model 3. These two models are used to compare 
uniform design and orthogonal design on the four measures proposed in the previous 
section. The details about the four models are presented in Table 2.  
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TABLE 1: Simulation scenarios 
 Design Sample size (m) Model Measures used 

)235( 633
30 ××U  100 Model 1 EER, CI 

Scenario I 
)235( 633

30 ××U  200 Model 1 EER, CI 
     

)263( 6
24 ×U  100 Model 2 EER, CI and EA 

Scenario II 
)263( 6

36 ×OA  100 Model 2 EER, CI and EA 
     

)234( 633
48U  25 Models 3,4 EER, CI, EA and PA 

)234( 633
48U  50 Models 3,4 EER, CI, EA and PA Scenario III 

)234( 633
144OA  25 Models 3,4 EER, CI, EA and PA 

 
TABLE 2: Models used for simulation 

Transport mode Train  Bus Flight 
Model Model Model Variables 1 2 3 4 1 2 3 4 1 2 3 4

Constant 1.3 1.3 1.3 0.65 1 1 1 0.5 -0.5 -0.5 -0.5 -0.25
Travel costs 1 -0.1 -0.55 -0.5 -0.25 -0.25 -0.5 -0.48 -0.24 -0.18 -0.65 -0.45 -0.3
Travel costs 2 0 0 0 0 -0.12 -0.45 -0.43 -0.23 -0.2 0.55 -0.41 -0.22
Travel costs 3 0 --- 0 0 0 --- 0 0 0.2 --- 0.38 0.23
Travel costs 4 0 --- --- --- 0 --- --- --- 0 --- --- ---
Travel times 1 -0.15 -0.5 -0.45 -0.23 -0.25 -0.55 -0.45 -0.22 0 0 0 0
Travel times 2 0 0 0 0 0 0 0 0 0 0 0 0
Border times 0 0 0 0 -0.13 -0.6 -0.5 -0.24 0 0 0 0
Comfortable -0.25 -0.6 -0.41 -0.24 -0.3 -0.5 -0.5 -0.23 -0.25 -0.6 -0.42 -0.24
Note: 1. “---” means the effects does not appear in the MNL model. 

2. The coefficients for multi-mode are all zeros. 
 

4. SIMULATION RESULTS 
 
In this section, we will explain and discuss the simulation results for the three 

scenarios. Recall that scenario 1 is used to assess uniform design in terms of EER and CI, 
the two indicators proposed to assess the ability of picking significant effects or isolating 
insignificant effects and unbiasedness, respectively. The EERs and CIs of all parameters 
are calculated for two cases: m=100 and m=200. Table 3 presents the results. The last 
two columns of Table 3 show that almost all true values of the parameters lie within their 
confidence interval both for m=100 and m=200. The results are virtually no different for 
m=100 and m=200. This fact suggests that the parameters estimated from uniform 
design are unbiased for different sample sizes. In terms of EER, i.e., effect error ratio, 
Table 3 shows that when the sample size is 100 (i.e., m=100), the average EER is about 
4.8%, or the average probability of making erroneous inference is about 4.8%. In other 
words, on average the chance that uniform design is unable to find out the significant 
effects or insignificant effects is less than 5%. The EER of all but two parameters is less 
than 10%. The effect error ratios for real significant effects decrease significantly when 
the sample size increases to 200. As Table 3 indicates that all effect error ratios are less 
than 10% and almost all effect error ratios for real significant effects are zeros. The 
average EER is about 2.3%, less than half of the EER when the sample size is 100. 
These findings suggest that the probability of making erroneous inference by uniform 
design is rather low in general and this probability will be reduced along with the 
increase of sample size.  
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TABLE 3: Simulation results for scenario 1 
m=100 m=200 m=100 m=200 Variables 
EERk EERk 

True values of  
parameters CI CI 

Constant train# 0 0 1.3 (1.299, 1.321)  (1.294, 1.311)  
Constant bus# 0 0 1 (0.989, 1.012)  (0.990, 1.006)  
Constant flight# 0 0 -0.5 (-0.530, -0.493) (-0.524, -0.500)  
      
Train:        
Travel costs 1# 7% 0 -0.1 (-0.104, -0.093) (-0.103, -0.095)  
Travel costs 2 2% 5% 0 (-0.007, 0.004)  (-0.006, 0.001)  
Travel costs 3 9% 4% 0 (-0.003, 0.011)  (-0.002, 0.007)  
Travel costs 4 5% 6% 0 (-0.002, 0.003)  (-0.001, 0.003)  
Travel times 1# 21% 0 -0.15 (-0.155, -0.135) (-0.153, -0.140)  
Travel times 2 10% 2% 0 (-0.008, 0.007)  (-0.005, 0.004)  
Border times 6% 4% 0 (-0.007, 0.010)  (-0.006, 0.005)  
Comfortable# 0 0 -0.25 (-0.253, -0.238) (-0.253, -0.242)  
      
Bus:        
Travel costs 1# 0 0 -0.25 (-0.256, -0.246) (-0.252, -0.244)  
Travel costs 2# 0 0 -0.12 (-0.125, -0.117) (-0.121, -0.115)  
Travel costs 3 3% 4% 0 (-0.008, 0.003)  (-0.004, 0.004)  
Travel costs 4 4% 5% 0 (-0.002, 0.002)  (0.000, 0.003)  
Travel times 1# 0 0 -0.25 (-0.260, -0.238) (-0.255, -0.239)  
Travel times 2 6% 7% 0 (-0.001, 0.010)  (0.001, 0.010)  
Border times# 8% 1% -0.13 (-0.144, -0.127) (-0.135, -0.124)  
Comfortable# 0 0 -0.3 (-0.305, -0.291) (-0.304, -0.294)  
      
Flight:        
Travel costs 1# 10% 1% -0.18 (-0.202, -0.180) (-0.196, -0.179)  
Travel costs 2# 1% 0 -0.2 (-0.213, -0.195) (-0.207, -0.194)  
Travel costs 3# 4% 0 0.2 (0.185, 0.206)  (0.191, 0.205) 
Travel costs 4 6% 7% 0 (-0.003, 0.005)  (-0.003, 0.002)  
Travel times 1 6% 5% 0 (-0.005, 0.027)  (-0.014, 0.011)  
Travel times 2 6% 8% 0 (-0.005, 0.018)  (-0.002, 0.015)  
Border times 4% 3% 0 (-0.004, 0.022)  (-0.003, 0.015)  
Comfortable# 12% 1% -0.25 (-0.264, -0.232) (-0.256, -0.235) 
Note:  # The EERk values for real significant effects. 
 

Recall that scenario 2 is designed to compare uniform design with orthogonal design 
on EER, CI and EA. We assume the same sample size (m=100) for both designs. Table 4 
presents the simulation results. Almost all true values of the parameters are in their 
confidence interval for both orthogonal design and uniform design. This suggests that 
parameter estimation is unbiased for both designs. The effect error ratios for real 
significant effects are zero for both uniform and orthogonal design at the significant 
level 0.05. Uniform design has lower effect error ratios for some effects and orthogonal 
design has lower effect error ratios for other effects. It is very difficult to tell which 
design has obvious advantages over the other design from the point of view of EER. The 
average effect error ratios for orthogonal design and uniform design are 1.7% and 1.4% 
respectively. In other words, in terms of EER, uniform design is comparable to 
orthogonal design. However, orthogonal design seems outperform uniform design in 
terms of estimation accuracy or EA. Table 4 shows that EA is in general smaller for 
orthogonal design than for uniform design. Nevertheless, almost all the differences are 
less than 0.02, which is admissible for practical use. These differences in estimation 
accuracy are likely caused by the differences in the number of profiles or choice sets 
used by the two designs (orthogonal design uses 36 profiles, whilst uniform design uses 
only 24 profiles). 
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TABLE 4: Simulation results for scenario 2 
UD OD UD OD UD OD Variables 

EERk EERk EAk EAk 
True value of 

parameters CI CI 
Constant train# 0 0 0.0707 0.0569 1.3 (1.296, 1.324) (1.296, 1.319) 
Constant bus# 0 0 0.0801 0.0625 1 (0.998, 1.029) (0.992, 1.016) 
Constant flight# 0 0 0.1054 0.0927 -0.5 (-0.526, -0.484) (-0.531, -0.494) 
        
Train:        
Travel costs 1# 0 0 0.0540 0.0538 -0.55 (-0.561, -0.539) (-0.555, -0.534) 
Travel costs 2 5% 2% 0.0312 0.0241 0 (-0.006, 0.006) (-0.007, 0.002) 
Travel times 1# 0 0 0.0535 0.0473 -0.5 (-0.509, -0.488) (-0.504, -0.485) 
Travel times 2 6% 1% 0.0370 0.0243 0 (-0.006, 0.009) (-0.005, 0.004) 
Border times 1% 4% 0.0450 0.0391 0 (-0.011, 0.006) (-0.005, 0.010) 
Comfortable# 0 0 0.0522 0.0376 -0.6 (-0.607, -0.586) (-0.604, -0.589) 
        
Bus:        
Travel costs 1# 0 0 0.0620 0.0558 -0.5 (-0.511, -0.487) (-0.514, -0.492) 
Travel costs 2# 0 0 0.0412 0.0288 -0.45 (-0.462, -0.446) (-0.457, -0.446) 
Travel times 1# 0 0 0.0660 0.0496 -0.55 (-0.557, -0.531) (-0.550, -0.531) 
Travel times 2 3% 6% 0.0351 0.0308 0 (-0.010, 0.004) (-0.007, 0.005) 
Border times# 0 0 0.0572 0.0385 -0.6 (-0.614, -0.591) (-0.609, -0.593) 
Comfortable# 0 0 0.0578 0.0408 -0.5 (-0.503, -0.480) (-0.499, -0.483) 
        
Flight:        
Travel costs 1# 0 0 0.0996 0.0663 -0.65 (-0.687, -0.648) (-0.667, -0.641) 
Travel costs 2# 0 0 0.0749 0.0723 0.55 (0.535, 0.565) (0.545, 0.573) 
Travel times 1 9% 5% 0.1001 0.0786 0 (-0.033, 0.006) (-0.023, 0.008) 
Travel times 2 6% 4% 0.0574 0.0432 0 (-0.018, 0.004) (0.000, 0.017) 
Border times 5% 8% 0.0816 0.0665 0 (-0.004, 0.028) (-0.016, 0.011) 
Comfortable# 0 0 0.0794 0.0663 -0.6 (-0.605, -0.574) (-0.625, -0.599) 
Note:  # The EERk values for real significant effects. 
 

The last scenario is designed to compare uniform design and orthogonal designs in the 
case that the two designs generate substantially different number of profiles. Two 
different sample sizes (m=25 and m=50) are assumed for uniform design and one for 
orthogonal design (m=25). This is to test the assumption that the small number of 
profiles may be compensated by large sample size for estimation accuracy.  Tables 5, 6, 
7, and 8 present the results for EER, CI, EA, and PA, respectively. Three points of 
observations may be made from the results. Firstly, almost all true values of the 
parameters are in their confidence interval for both orthogonal design and uniform 
design. This fact reinforces our previous finding that both orthogonal and uniform 
designs are unbiased. Secondly, when the same sample size of 25 is used for both 
designs, the effect error ratios of orthogonal design are lower than that of uniform design. 
This is particularly significant for model 4 (the average EER is 7.3% for uniform design, 
while that for orthogonal design is 1.8%). However, when the sample size is 50 for 
uniform design and 25 for orthogonal design, the effect error ratios of uniform design are 
approximately the same as that of orthogonal design. These facts imply that, in the case 
that uniform design uses substantially less number of profiles than orthogonal design 
does, the chance of making erroneous inference is higher for uniform design than for 
orthogonal design. However, this shortcoming of uniform design may be overcome to a 
large extent by increasing sample size. Thirdly, orthogonal design obviously outperforms 
uniform design in estimation accuracy for both models 3 and 4 when the sample size is 
25 for both designs. However, the estimation accuracy of uniform design becomes 
comparable to that of orthogonal design when the sample size for uniform design 
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increases to 50. Similar observations may be made for prediction accuracy. These 
findings imply that in cases that uniform design uses substantially smaller number of 
profiles than orthogonal design does, the estimation accuracy and prediction accuracy of 
orthogonal design are better than that of uniform design. This is understandable because 
the number of profiles or choice sets used and thus the information surplus by orthogonal 
design is much larger than that by uniform design. Nevertheless, our findings suggest 
that the disadvantage of uniform design can be compensated to a large extent by 
increasing sample size.                  
 

TABLE 5: Simulation results for scenario 3 (EER) 
Uniform design 

)25( =UDm  
 Uniform design 

)50( =UDm  
Orthogonal design 

)25( =ODm  Variables 
Model 3 Model 4  Model 3 Model 4 Model 3 Model 4 

Constant train# 0 0  0 0 0 0 
Constant bus# 0 0  0 0 0 0 
Constant flight# 5% 26%  0 4% 0 2% 
        
Train:        
Travel costs 1# 0 1%  0 0 0 0 
Travel costs 2 2% 3%  6% 2% 5% 3% 
Travel costs 3 3% 6%  5% 4% 7% 3% 
Travel times 1# 0 3%  0 0 0 0 
Travel times 2 3% 6%  3% 5% 4% 1% 
Border times 3% 7%  0 9% 9% 6% 
Comfortable# 0 4%  3% 0 0 0 
        
Bus:        
Travel costs 1# 0 7%  0 0 0 0 
Travel costs 2# 0 4%  0 0 0 0 
Travel costs 3 2% 2%  7% 2% 6% 1% 
Travel times 1# 0 9%  0 0 0 0 
Travel times 2 4% 7%  6% 7% 3% 6% 
Border times# 0 9%  0 0 0 0 
Comfortable# 0 4%  0 0 0 0 
        
Flight:        
Travel costs 1# 3% 9%  0 0 0 0 
Travel costs 2# 9% 31%  0 6% 0 1% 
Travel costs 3# 9% 16%  0 2% 0 2% 
Travel times 1 5% 3%  5% 4% 6% 5% 
Travel times 2 3% 3%  7% 6% 6% 7% 
Border times 3% 5%  2% 8% 4% 6% 
Comfortable# 5 10%  0 2% 0 0 
        
Average 2.5% 7.3%  1.8% 2.5% 2.1% 1.8% 
Note:  # The EERk values for real significant effects. 

 
5. DISCUSSION AND CONCLUSION 

 
This paper aimed at assessing the performance of uniform design and compared it with 

orthogonal design on four indicators: effect error ratio, unbiasedness, estimate accuracy 
and prediction accuracy. Monte Carlo simulations were conducted for three scenarios, 
which were designed to represent different cases, different sample sizes, and four models. 
The simulation results show that almost all true values of the parameters lie within their 
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TABLE 8: Simulation results for scenario 3 (PA) 
  Model 3   Model 4  
 UD (m=25) UD (m=50) OD (m=25) UD (m=25) UD (m=50) OD (m=25) 
Choice set 1:       
Train 0.0437 0.0260 0.0253 0.041928 0.0289 0.0224 
Bus 0.0532 0.0327 0.0303 0.055682 0.0394 0.0297 
Flight 0.0293 0.0191 0.0162 0.039194 0.0264 0.0238 
Multi-mode 0.0109 0.0077 0.0063 0.017422 0.0118 0.0093 
       
Choice set 2:       
Train 0.0538 0.0384 0.0316 0.048216 0.0343 0.0251 
Bus 0.0531 0.0404 0.0321 0.050586 0.0337 0.0242 
Flight 0.0151 0.0121 0.0087 0.025144 0.0172 0.0162 
Multi-mode 0.0115 0.0082 0.0062 0.016069 0.0117 0.0097 
       
Choice set 3:       
Train 0.0454 0.0364 0.0274 0.04763 0.0348 0.0283 
Bus 0.0301 0.0209 0.0180 0.038783 0.0268 0.0210 
Flight 0.0113 0.0079 0.0072 0.024837 0.0171 0.0103 
Multi-mode 0.0293 0.0224 0.0177 0.029396 0.0194 0.0152 
       
Choice set 4:       
Train 0.0413 0.0327 0.0246 0.037761 0.0283 0.0234 
Bus 0.0520 0.0396 0.0334 0.050669 0.0360 0.0266 
Flight 0.0407 0.0302 0.0226 0.040752 0.0295 0.0244 
Multi-mode 0.0132 0.0089 0.0086 0.018587 0.0123 0.0102 
       
Choice set 5:       
Train 0.0466 0.0375 0.0242 0.047446 0.0334 0.0304 
Bus 0.0291 0.0173 0.0145 0.035025 0.0244 0.0178 
Flight 0.0257 0.0230 0.0161 0.032801 0.0241 0.0202 
Multi-mode 0.0118 0.0093 0.0063 0.015102 0.0100 0.0098 

 
confidence interval for both orthogonal design and uniform design, suggesting that like 
orthogonal design, uniform design supports unbiased estimation for small samples.  

In the case that the number of profiles generated by uniform design is about two thirds 
of that by orthogonal design, uniform design had approximately the same effect error 
ratios, i.e., the ability to pick significant effects is comparable for the two designs. In the 
case that the number of profiles generated by uniform design is three or more times less 
than that by orthogonal design, orthogonal design obviously outperformed uniform 
design in terms of effect error ratios, estimation accuracy and prediction accuracy if the 
sample size is the same for both designs. However, the disadvantages of uniform design 
could be overcome and the performance of uniform design became comparable to that of 
orthogonal design if the sample size for uniform design is two times that for orthogonal 
design.  

The findings of this paper imply that the advantages of uniform design over orthogonal 
design in providing small number of profiles (or reducing the burdens of respondents) 
are at the costs of efficiency of estimation and prediction. In considering which of the 
two designs to use, it seems that one needs to strike a balance between the burden of 
respondents and the efficiency of parameter estimation. As argued by Bunch et al. 
(1996), apart from efficiency, minimizing the number of choice sets is another important 
concern in stated preference modeling. Another finding that is worthwhile to note from 
this study is that the efficiency of uniform design can be promoted to the level of 
orthogonal design by increasing sample size. One should also note that uniform design 
can easily handle the cases of attributes with uneven numbers of levels, which 
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orthogonal design usually provides no solution. Based on all these facts, it may be safe 
to conclude that uniform design is a good alternative, if not a replacement of, orthogonal 
design.   
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