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Abstract 1 

Stated Preference (SP) surveys are widely used in studies across many disciplines, such as 2 

marketing research, transportation, economics, and environmental studies, to collect data on 3 

choice behaviour. Inconsistency in responses to choice tasks in SP surveys is well recognized 4 

and known as one of the most important cases of violation of axioms of preference based 5 

consumer theory. It has been attributed to different causes, including respondent inattention, the 6 

complexity of choice tasks, as well as to learning and fatigue effects. 7 

In this research we extend the newly proposed systematic consistency test (SCT) that detects 8 

inconsistent choices in complex surveys by proposing weighting measures to evaluate the level 9 

of inconsistency of respondent choices. The SCT is based on the assumption that each 10 

respondent has a given preference structure and that the set of her/his choices should be 11 

consistent with this structure. As such, choices that are not consistent with an individual’s 12 

observed preference structure are identified as inconsistent with his/her own choices. The 13 

proposed weighting measures are based on the volume of the intersection of decision cones 14 

representing knowledge inferred from decisions made, the geometric distance between the 15 

points representing choices, and lengths of vectors representing the subtractions of the 16 

differences between attribute levels of different choice tasks. This provides the opportunity to 17 

differentiate between cases where inconsistency is more noticeable and those with less 18 

noticeable differences in decision attribute levels. In this paper, the extended SCT procedure is 19 

applied to rate inconsistencies in data from two SP data-sets. The results show that using the 20 

geometric distance measure can improve the efficiency of the test.  21 

Keywords: inconsistent behaviour, transitivity, SCT, decision cones   22 
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1. INTRODUCTION 1 

SP surveys and Discrete Choice Experiments (DCEs) are a common tool used to 2 

understand the factors affecting people’s choices, and the degree to which different factors 3 

affect these choices. Central to the Discrete Choice Experiment is a series of hypothetical 4 

choice tasks presented to respondents who are asked to choose their preferred alternative. 5 

Respondent choices are then analysed using discrete choice statistics that allow evaluation of 6 

statistical significance of different factors as well as the magnitude of their influence. Critical to 7 

the suitability of the use of discrete choice statistics in this context is that whether preferences 8 

elicited via these experiments are consistent with the axioms of preference-based consumer 9 

theory. Recently, a fair bit of research has been published on the issue of testing for the 10 

violation of normative axioms that hypothesize how ‘rational’ individuals ‘should’ make choices 11 

(1). The literature has examined violation of different axioms including completeness (2), 12 

transitivity (3), monotonicity (4), continuity (3). Also, non-compensatory choice behaviour such 13 

as lexicographic and non-trading behaviour were considered (5). 14 

Research considering the issue of rationality in DCE responses has mostly focused on 15 

detecting non-trading and lexicographic behaviour. However, these behaviours don’t contradict 16 

rationality nor do they cause problems in representing preferences in terms of a utility function  17 

(1). Also, evidence suggests random utility theory (RUT) can cope with such preferences  (1). 18 

So, it is suggested that if rationality is of interest and if one intends to employ a preference-19 

based view of consumer theory, then research might be better directed towards the axioms of 20 

transitivity and completeness, rather than focusing on non-satiation (dominance) and 21 

lexicographic preferences. Also, as noted by Samuelson (1938), transitivity is at the centre of 22 

the choice theory and has the greatest empirical content of those axioms responsible for the 23 

existence of preferences. The axiom of transitivity states that for alternatives A, B and C in a 24 

choice set, if A>B and B>C, then A>C (7; 3). In general choices that violate the transitivity 25 

axiom, and are therefore not consistent with previous or subsequent choices are considered to 26 

be inconsistent choices (8). Research in the transportation literature has considered the issue of 27 

inconsistency in choice behaviour and its effects on models estimated with such data 28 

(Sælensminde (2001), Sælensminde (2002), Hess et al. (2010), Rose et al. (2013), and Rezaei 29 

& Patterson (2015)). 30 

Inconsistent choices can be attributed to several causes, including respondent 31 

inattention, the complexity of choice tasks (9; 10; 11; 12), simplifying choice strategy due to 32 

perceived high complexity of choice tasks or cumulative cognitive burden (13) as well as to 33 

learning (14; 15; 16) and fatigue effects (17; 10; 16; 18; 19). 34 
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Previous literature investigating inconsistencies in responses can be split between 1 

parametric and simple inspection approaches for detecting inconsistent behaviour across 2 

respondent choices. In parametric approaches, one might allow for different error variances 3 

within a single model by using the scaling approach, for example (20; 12). In the simple 4 

inspection approach, one detects the occurrence of choices that violate the axiom of transitivity 5 

resulting in inconsistency across individual respondent choices (5). According to this approach 6 

and in the case of only two attributes, if a respondent is observed in one choice task to choose 7 

an alternative with a substitution ratio benefit (between two attributes) relative to all other 8 

alternatives of a given value (e.g. X), but then later rejects an alternative with a substitution ratio 9 

benefit relative to all other alternatives of a value greater than X in a subsequent choice task (5; 10 

21), they are identified as having behaved inconsistently. This consistency test is based on the 11 

assumption that each individual respondent has a given preference structure and that set of 12 

her/his choices should be consistent with this structure, and therefore satisfy the axiom of 13 

transitivity (8). While detecting inconsistent choice behaviour can be easily performed in simpler 14 

experiments (e.g. experiments using only two attributes such as time and cost), difficulties arise 15 

in experiments with more attributes (5). 16 

An attempt to quantify inconsistency by identifying intransitivity across choice tasks using 17 

a dominance approach (22) has been recently proposed by Rezaei & Patterson (2015). This 18 

was proposed to detect inconsistent respondent choices in the case of more complex 19 

experiments than those previously investigated in the literature (23; 8; 5; 24). Also, they 20 

extended their work by using their measure of inconsistency to evaluate learning and fatigue 21 

effects in DCEs (25). By comparing the conclusions drawn about learning and fatigue effects 22 

with the most common alternative statistical approach, namely, controlling for changes is 23 

unobservable preferences (scale heterogeneity) using the H-MNL modelling structure, they 24 

showed that the task specific scales estimated by H-MNL models and the degree of 25 

inconsistency calculated using the SCT approach provide similar results in terms of consistency 26 

in choice tasks, as well as in conclusions about learning and fatigue effects. That is, the trends 27 

in inconsistency identified by both approaches agree with each other. At the same time, the 28 

SCT approach is not only able to identify choice inconsistency, but it is able to identify which 29 

choice tasks are responsible for the inconsistency, something the traditional approach cannot. 30 

The aim of this paper is to extend the SCT approach by proposing a weighting system 31 

that can rate the inconsistent responses. The reason being that in the previous works the 32 

inconsistent responses were treated the same. However, in this work the weighting approach 33 
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tries to assign more negative points to the inconsistent responses where the differences 1 

between attribute levels are more noticeable.   2 

The remainder of the paper is structured as follows. Section two starts with a simple 3 

(two-alternative/two-attribute) example to explain what level of inconsistency in mutual relations 4 

(choices) means. In addition, an approach is presented for transforming a stated choice dataset 5 

to mutual relations so that the SCT approach can be used to detect inconsistencies. In section 6 

three, the dominance approach to find condition profiles and dominance cones, and how these 7 

are used in the test procedure, is briefly explained. Section four provides details of three case 8 

studies that evaluate the use of SCT in examining learning and fatigue effects. Section five 9 

reports the results of running the SCT, together with discussion of our findings. Finally, section 10 

six provides concluding remarks and offers suggestions relevant to the future investigation of 11 

this topic. 12 

2. MODELLING INCONSISTENT BEHAVIOUR 13 

This section draws heavily on the companion paper where the SCT approach was first 14 

proposed (26). The central idea of the approach is to try to detect inconsistencies across an 15 

individual’s choices, and in particular whether a violation of the axiom of transitivity (1) is 16 

observed. Like previous research, the SCT relies fundamentally on the differences between 17 

attribute levels of alternatives (8; 5; 24). As an example, one can think of a binary choice with 18 

two alternatives and two attributes such as cost and travel time. The first five columns of Table 1 19 

present an example of attribute levels and decisions made by a respondent in three choice 20 

situations. Each task is composed of an existing alternative as well as a new alternative that 21 

offers less value of travel time with increase in cost. As noted in previous work (26) the 22 

differences in attribute levels are considered. The differences in attribute levels and decision 23 

classes are presented in the last three columns of Table 1. For each choice, the first line 24 

presents the attribute levels of alternative one minus the attribute levels of alternative 2 (Alt.1-25 

Alt.2). The second line presents (Alt.2-Alt.1). Evidently, the components of these two lines are 26 

symmetric.  27 

Considering Table 1, and in particular focusing on the second line of each task (i.e. 28 

Alt.2-Alt.1), we can observe the following: in all tasks Alt.1 dominates Alt.2 with respect to Cost 29 

(att.1), while Alt.2 dominates Alt.1 with respect to Travel Time (att.2), implying a trade-off 30 

between the two alternatives. In the first case, the respondent chose the alternative that offers a 31 

1-hour travel time saving with a %20 increase in Cost. This implies that the respondent is willing 32 

to pay %20 more to enjoy one hour of Travel Time Saving (TTS). In task 2 the respondent 33 
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rejects the alternative that offers two hours TTS with the expense of +%10 increase in cost, that 1 

shows s/he is not willing to pay %5 more per one hour TTS. This shows that the choice in task 2 2 

is inconsistent with the preference structure implied by the first choice task. 3 

  4 

TABLE 1 An Example Of Attribute Levels And Decisions Made 5 

  Alternative levels  Differences in Alternative levels 

Tas

k 
Alt. 

Cost 

Increase 

Travel 

Time 
Decision 

 Cost 

Increase 

Travel 

Time  

Decision 

1 1 %0 6  Reject  -%20 +1 Reject 

2 %20 5 Accept  +%20 -1 Accept 

2 1 %0 6 Accept  -%10 +2 Accept 

 2 %10 4 Reject  +%10 -2 Reject 

3 1 %0 6 Accept  -%15 +1.5 Accept 

2 %15 4.5 Reject  +%15 -1.5 Reject 

 6 

Figure 1A shows the points representing choices made in the first two tasks. For the 7 

sake of simplicity attributes are redefined so that utility functions are assumed to be 8 

monotonically increasing in each of the attributes (discount instead of cost increase and travel 9 

time saving instead of travel time). This assumption is used to explain the approach, but the 10 

approach itself does not require this to be the case as will be explained in section 3. Points 11 

representing Alt.1-Alt.2 fall in the upper left quadrant (2nd quadrant), and the points associated 12 

with Alt.2-Alt.1 fall in the lower right (4th) quadrant. Because results are symmetric in the two 13 

quadrants, we concentrate on the 4th quadrant. As discussed in previous work, inconsistency is 14 

detected where there is overlap between the 2D cones formed by the continuous and dotted 15 

lines emanating from the point representing the choices made in task 1 and task 2, respectively. 16 

In task 3, the respondent again rejects paying %15 more to enjoy 1.5 hours of TTS. This 17 

implies s/he is not willing to pay %10 more per one hour TTS, which is inconsistent with task 1 18 

while being consistent with task 2. Up until now our analysis shows that the decision made in 19 

task 1 is inconsistent with both decisions made in tasks 2 and 3. That is, while the knowledge 20 

inferred from task 1 implies that the respondent is willing to accept a %20 higher price for one 21 

hour TTS, tasks 2 and 3 show that s/he is not willing to accept %5 and %10 increases in price 22 

for the same level of TTS. However, further investigation can show that the difference between 23 

Substitutional Benefit Ratios (SBRs) between task 1 and task 2 is more noticeable than the 24 
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difference between SBRs between task 1 and task 3. This implies a higher level of 1 

inconsistency between choices 1 and 2 than choices 1 and 3 and is similar to how other 2 

researchers have analysed the question of inconsistency in DCEs in the past (e.g. (5; 21)). 3 

Furthermore, as presented in Figure 1B, this can be shown by a larger area of overlap between 4 

cones representing the knowledge inferred from choices 1 and 2 than between cones 5 

emanating from points representing choices 1 and 3. 6 

 7 

 8 
                                            (A)                                                                                          (B) 9 

FIGURE 1 - Dominance cones and inconsistent behaviour 10 

 11 

While in our previous work (26; 25) all inconsistent responses detected were treated the 12 

same, in this work we try to propose a weighting system to differentiate between more 13 

noticeably inconsistent responses and less noticeable ones. As in our previous work, the 14 

weighting system can be easily extended to more complex experiments, where there are a 15 

larger number of alternatives per choice task, or a larger number of attributes per alternative, or 16 

to experiments that include the ranking of alternatives in a stated preference setting. 17 

 18 

 19 

3. METHODOLOGY 20 

This section describes briefly the use of the Dominance-based Rough Set Approach (22) 21 

as a tool to detect inconsistent behaviour in complex experiments after implementing the 22 

transformation and mapping system of the DCE response data as described in the previous 23 

section. Also, it will discuss about different weighting system/approach to differentiate the level 24 

of inconsistencies tested in this research. 25 
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3.1. Dominance Approach 1 

This section summarizes the description of how the Dominance approach is applied in 2 

the Systematic Consistency Test. The interested reader can see Rezaei & Patterson (2015) for 3 

a more detailed description. The Dominance-based Rough Set Approach (DRSA) is an 4 

extension of Rough Set theory (27) that explicitly takes into account the preference ordering of 5 

attributes (Greco, et al., 2001). Following Greco et al.’s (2001) description, according to DRSA 6 

theory, information regarding choice is represented in the form of an information table. The rows 7 

of the table refer to distinct objects (actions), while the columns refer to attributes considered. 8 

An information table is the 4-tuple information system IS = (U, Q, V, f), where U is a finite set of 9 

objects (universe), Q={q1, q2, . . .,qm} is a finite set of attributes, V=∪q∈QVq in which Vq is the 10 

domain of attribute q, and f: U×Q→V is a total function so that f(x,q)∈Vq for each q∈ Q, x∈ U, 11 

called the information function. The set Q is, in general, divided into set C of condition attributes 12 

and set D of decision attributes. 13 

3.1.1. Rough Approximation by Means of the Dominance Relationship 14 

Let ≥q be an outranking relation on U with reference to attribute q∈Q, so that x≥qy means 15 

that x is at least as good as y with respect to attribute q. Supposing that ≥q is a complete pre-16 

order, i.e., a strongly complete (for each x, y∈U, at least one of x≥q y and y≥q x is verified, and 17 

hence with respect to attribute q, x and y are always comparable) and transitive binary relation. 18 

Moreover, let Cl = {Clt, t∈T}, T = {A, R} (in which A and R stand for Accepted and Rejected, 19 

respectively), be a set of classes of U, so that each x∈U belongs to one and only one class Clt∈ 20 

Cl. , so that A> R. Therefore, the DRSA relations (Greco, et al., 2001) can be re-defined as 21 

follows: 22 

if ≥ is a comprehensive outranking relation on U, then it is supposed that 23 

(x≥ ClA, y ∈ ClR, A> R)⇒ x > y, (1)  
where x>y means x≥ y and not y≥ x. 24 

Let’s define unions of classes by a specific dominated or dominating class – these 25 

unions of classes are called upward and downward unions of classes, respectively. The upward 26 

union of class b is defined as: 27 

  𝐶𝑙!! = 𝐶𝑙!!!! ,     t= A, R; and    (2)  
The downward union of classes is defined as: 28 

 
𝐶𝑙!! = 𝐶𝑙!!!! ,     t= A, R

      
 (3)  

The statement 𝑥 ∈ 𝐶𝑙!! means that “x belongs at least to class Clt”, while 𝑥 ∈ 𝐶𝑙!! means 29 

that “x belongs at most to class Clt”. To clarify, the union 𝐶𝑙!! is the set of objects belonging to 30 
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class Clt or a more desired class, whereas the union 𝐶𝑙!! is the set of objects belonging to class 1 

Clt or a less desired class. It should be noted that 𝐶𝑙!! =   𝐶𝑙!! = 𝑈, 𝐶𝑙!! = 𝐶𝑙! and also 𝐶𝑙!! = 𝐶𝑙!. 2 

Consequently, we have 𝐶𝑙!! = 𝑈 −   𝐶𝑙!!, that is, all the objects belonging to class 𝐶𝑙! or more 3 

desirable belong to class U minus 𝐶𝑙! or less desirable and simply 𝐶𝑙! = 𝑈 −   𝐶𝑙!. 4 

It is said that object x P-dominates object y (or, x P-dominates y) with respect to 𝑃 ⊆ 𝐶, 5 

denoted as xDP y, if x ≥q y for all q∈P, and 𝐷! = ⋂!∈!   ≥!, then the dominance relation DP is a 6 

partial pre-order. Given 𝑃 ⊆ 𝐶 and x∈U, the dominance relations (“granules of knowledge”) 7 

(Greco, et al., 2001) are: 8 

( ) { : }p PD x y U yD x+ = ∈ ,   (4)  

( ) { : }p PD x y U xD y− = ∈   (5)  

 9 

called the P-dominating set (a set of knowledge dominating x) and the P-dominated set 10 

(a set of knowledge dominated by x), respectively.  11 

For any set of criteria  𝑃 ⊆ 𝐶, we say that the inclusion of object x∈U to the upward union 12 

of classes𝐶𝑙!!, for t= A, R, makes an inconsistency if one of the following conditions happens: 13 

(1) x  belongs to class 𝐶𝑙! while being P-dominated by an object y  belonging to a class 14 

𝐶𝑙!, in other words, 𝑥 ∈   𝐶𝑙! but 𝐷!! 𝑥    𝐶𝑙!! ≠   𝜙; or 15 

(2) x  belongs to class 𝐶𝑙! while it P-dominates an object y belonging to class 𝐶𝑙!, in 16 

other words, 𝑥   ∉   𝐶𝑙! but 𝐷!! 𝑥    𝐶𝑙!! ≠   𝜙. 17 

In this case, it is said that x  belongs to 𝐶𝑙! with some ambiguity. In contrast, if 𝑥 ∈   𝐶𝑙!! 18 

and there is no inconsistency, it is said that 𝑥  belongs to 𝐶𝑙!! without any ambiguity. That is, all 19 

objects P-dominating 𝑥 belong to 𝐶𝑙!!, namely, 𝐷!! 𝑥   ⊆   𝐶𝑙!!.  20 

 21 

3.2. Weighting System 22 

In this section different weighting approaches to rate inconsistency levels are proposed. The 23 

first and most basic approach is to assign similar negative points to inconsistent choices, 24 

regardless of how noticeable the differences between attribute levels of alternatives are. This 25 

has been explained as Degree of Inconsistency (DoI) (28). In this approach it is possible to 26 

identify the degree to which a given choice is consistent or inconsistent by identifying the 27 

amount of other choices with which it is inconsistent. Assuming a choice set with two 28 

alternatives and six choice tasks, it is possible to establish whether a given choice is consistent 29 

with all, all but one, all but two, etc. other choice tasks. A choice task inconsistent with three 30 
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other choice tasks is considered more inconsistent than a task inconsistent with only one other 1 

task. 2 

Another possible measure is the Volume of the Intersection (VoI) of cones, representing 3 

choices, in mD space (m stands for number of attributes) as an indicator of level of 4 

inconsistency. This can be done by computing the cross product "×" of vectors representing the 5 

subtraction of the values of differences between attribute levels of choice tasks. For example for 6 

two inconsistent choices a and b, let Attai and Attbi represent the differences between attribute 7 

levels of two alternatives presented in task a and task b, respectively, with respect to attribute i 8 

and Attabi= |Attai- Attbi| then Eq(6) shows the resulting volume of intersection of cones 9 

representing choice a and b: 10 

 11 

𝑉𝑜𝐼!" = 𝐴𝑡𝑡!"#

!

!!!

 (6)  

 12 

This measure has a drawback in that if one of the Attabis equals zero, no matter how high 13 

the values of the rest of Attabis are, the computed 𝑉𝑜𝐼!" equals zero.  14 

Other functional forms can also be considered, such as the Geometric Distance (GD) 15 

and the Square of Geometric Distance (SGD). These are shown in Eqs. (7) and (8) below. 16 

 17 

𝐺𝐷!" = 𝐴𝑡𝑡!"#!
!

!!!

 (7)  

𝑆𝐺𝐷!" = 𝐴𝑡𝑡!"#!
!

!!!

 (8)  

 18 

Finally, one may consider a Simple Addition (SA) of the lengths of vectors representing 19 

the subtraction of the value of differences between attribute levels of choice tasks, or the 20 

Square of Simple Additive (SSA) of the lengths of the noted vectors as measures for weighting 21 

the level of inconsistency. These are shown in Eqs. (9) and (10) below. 22 

 23 

𝑆𝐴!" = 𝐴𝑡𝑡!"#

!

!!!

 (9)  
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𝑆𝑆𝐴!" = 𝐴𝑡𝑡!"#

!

!!!

!

 (10)  

 1 

After computing the level of inconsistency between all choices of the same respondent, 2 

the level of inconsistency for each choice will be computed by simply adding the values of the 3 

level of inconsistencies between choices of the same respondent.   4 

4. DISCRETE CHOICE EXPERIMENT DATA USED 5 

The datasets used to test the inconsistency weighting are described briefly below. 6 

4.1. Pedestrian Preference with Respect to Roundabouts Data 7 

More detail on this DCE and resulting dataset can be found in Perdomo et al.,( 2014).  8 

This dataset was collected through an online survey, in Canada in 2013 for a study of 9 

pedestrian preferences with respect to roundabouts (PPRR). The study was based on an 10 

unlabelled, video-based DCE survey. Each task presented two alternative roundabouts that 11 

were characterized by the following attributes: presence/type of signs; presence/type of 12 

pedestrian crossing; number of lanes; presence of a pedestrian island; traffic volume; and traffic 13 

speed. The first two attributes included three levels and the rest of attributes included two levels. 14 

Each respondent was presented with six choice situations. The sample available for estimation 15 

contained 3005 observations collected from 501 respondents. 16 

4.2. Shipper Preference Data 17 

The third data set considered is from an online SP survey administered in Canada in 18 

2005 for a study on shipper preferences with respect to carriers in the Quebec City – Windsor 19 

Corridor in Canada (30). Respondents were presented with 18 choice tasks, each with three 20 

unlabelled alternative carriers. The carriers were characterized by five attributes: cost of 21 

shipment; on-time reliability; damage risk; security risk; and finally, whether or not the shipment 22 

would be carried by truck only, or by truck and intermodal train. All attributes, except the last 23 

one, included three levels. The sample available for estimation contained 7,074 observations 24 

collected from 393 respondents. 25 

5. CASE STUDIES 26 

This section presents the findings from the two case studies, using the DCE data 27 

described in the previous section, looking at the application of the SCT approach for detecting 28 

inconsistent choices and the effect of using different measures for weighting the inconsistency 29 
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levels. In each case study, the following methodology was used to use the WSCT approach to 1 

detect inconsistent responses and then employing different measures to rate inconsistencies. 2 

First, we estimated a basic MNL with the entire dataset with Stata (31). Second, the Stated 3 

Choice data were transformed as described in the section “Modelling Inconsistent Behaviour”, to 4 

derive mutual dominance relations, so that the individual decision cones could be identified. 5 

Third, the transformed data were used as inputs to produce decision cones for each individual. 6 

A code written in Visual Basic (available from the authors), using the SCT approach, was then 7 

used to produce decision rules for each individual and to detect inconsistencies across each 8 

individual’s choices. Fourth, indicators proposed in section 3.2 were used to compute the level 9 

of inconsistency for each response. Finally, different thresholds of level of inconsistency were 10 

used to remove inconsistent responses and then the basic logit models were re-estimated and 11 

compared with the base model. 12 

5.1. Pedestrian Preference with Respect to Roundabouts Data 13 

In Table 2, the value of ρ2 of the basic logit model after removal of inconsistent responses 14 

using the level of inconsistency measures, are presented. Like previous work, in each case, a 15 

simple linear-in-parameters specification of the MNL model, including eight coefficients, was 16 

used (26). For all models, base coefficients have the same signs as the models presented in 17 

Rezaei and Patterson (2015). Therefore, the same interpretation applies. As can be seen the 18 

DoI measure results in the best goodness of fit in the case of Model 1 and Model 3 when 19 

removing 1% and 6.4% of inconsistent respondents, respectively. Also, focusing on Model 2 it 20 

can be seen that removing inconsistent responses using the SGD and SSA measures both 21 

result in slightly better goodness of fit of the model. 22 

TABLE 2 Estimation Result on PPRR Data 23 

Measure Model 1 

Removing 

1% of data 

Model 2 

Removing 

2.2% of data 

Model 3 

Removing  

6.4% of data 

No. of Observations 2978 2941 2813 

ρ2 (DoI measure) 0.4004 0.4210 0.4742 

ρ2 (GD measure) 0.4023 0.4242 0.4721 

ρ2 (SGD measure) 0.4025 0.4257 0.4721 

ρ2 (SA measure) 0.4005 0.4240 0.4721 

ρ2 (SSA measure) 0.4006 0.4277 0.4721 
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5.2. Shipper Preference Data 1 

Table 3 presents the value of ρ2 of the basic logit model after removal of inconsistent responses 2 

using the level of inconsistency measures. Like previous work, in each case, a simple linear-in-3 

parameters specification of the MNL model, including seven coefficients, was used (26). For all 4 

models, base coefficients have the same signs as the models presented in Rezaei and 5 

Patterson (2015). Therefore, the same interpretation applies. As can be seen the DoI measure 6 

results in the best goodness of fit in the case of Model 2 and Model 3 when removing 1.1% and 7 

4.4% of inconsistent respondents, respectively. However, focusing on Model 1 it can be seen 8 

that removing inconsistent responses using the DoI measure (Degree of Inconsistency) results 9 

in slightly worse goodness of fit of the model compared to the other cases. 10 

 11 

TABLE 3 Estimation Result on Shippers Data 12 

Measure Model 1 
Removing 

0.2% of data 

Model 2 
Removing 

1.1% of data 

Model 3 
Removing  

4.4% of data 

No. of Observations 7061 6999 6763 

ρ2 (DoI measure) 0.2410 0.2557 0.2976 

ρ2 (GD measure) 0.2411 0.2553 0.2961 

ρ2 (SGD measure) 0.2411 0.2551 0.2945 

ρ2 (SA measure) 0.2411 0.2542 0.2905 

ρ2 (SSA measure) 0.2411 0.2539 0.2860 

 13 

6. DISCUSSION 14 

This paper has proposed an extension to the DoI measure introduced in our previous work to 15 

identify inconsistent responses. Whereas previously inconsistency was quantified as the 16 

number of other responses with which a given response was inconsistent, here we tried to 17 

evaluate just how inconsistent a given response was to others. By doing so, we thought it might 18 

be possible to remove fewer responses that were more inconsistent, while at the same time 19 

improving our models further. While in the two examples above, the adoption of a weighted 20 

inconsistency approach improved models more than the original DoI approach, the 21 

improvements observed were quite marginal. In other cases, the weighted approach 22 

represented a deterioration in model results, performing worse than the original DoI. As such, 23 

our intuition has not been confirmed. At the same time, we still hold out hope for the weighting 24 

approach and wonder whether stronger results might not be found in experiments where there 25 
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would be a larger number of levels, representing the potential for larger differences between 1 

attribute levels. In this context, it might be possible for respondents to make particularly 2 

egregious inconsistent choices, and perhaps in these cases, a weighted approach may be 3 

superior.  4 

7. CONCLUSION 5 

This paper used the SCT approach, a systematic test to detect inconsistencies within individual 6 

respondent choices, by testing for the violation of the axiom of transitivity across choice tasks. 7 

Transitivity is a fundamental axiom in consumer choice (6), but has not often been applied in 8 

this context in previous literature (1), especially in the case of complex DCEs. The paper 9 

extended the SCT approach by introducing different measures to rate level of inconsistency 10 

between choice tasks instead of just counting the number of choice tasks with which a given 11 

choice may be inconsistent. The measures are based on the volume of the intersection of 12 

decision cones, the geometric distance between the points representing choices and lengths of 13 

vectors representing the subtraction of the value of differences between attribute levels of 14 

choice tasks. This provides the opportunity to differentiate between cases where inconsistency 15 

is more noticeable and those with less noticeable differences in decision attribute levels. The 16 

empirical analysis suggests that in the case of the PPRR data, application of the geometric 17 

distance between points representing choices, to rate inconsistencies and remove problematic 18 

observations, resulted in marginally better goodness of fit of the model. However, in the case of 19 

shippers data-set the basic degree of inconsistency measure results in the best goodness fit. 20 

We suggest that while the usefulness of the proposed approach does not seem to have been 21 

demonstrated here, that it might prove useful in experiments characterized by larger number of 22 

attribute levels, simply larger ranges between them. 23 

Further investigation could use this approach to consider how the complexity of 24 

experiments influences the share of inconsistent choices, and possibly optimal complexity levels 25 

for these surveys. Similarly, the approach could be used to evaluate optimal numbers of tasks in 26 

these surveys, and many other questions in the design of DCEs. 27 
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