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1. Introduction 

The design of policies and interventions to influence decisions requires an understanding of 

how decisions are made.  For example, attempting to move people from their current set of 

choices to a new set of choices depends, according to standard economic theory, on the 

changes in costs and benefits.  Economic theory assumes an attribute of a good or service is 

valued independently of context and that individuals have well-formed preferences [1, 2]. 

Thus, choice tasks should generate attribute rankings that are consistent regardless of how 

they were elicited, but this is not observed in practice.  Prospect theory [3] recognises that 

reference points influence choices, and movements away from the reference point are 

evaluated in terms of gains and losses relative to this point. In a series of experiments, 

individuals were found to be more sensitive to losses than to gains when evaluating their 

options, and were generally risk-seeking when outcomes were losses, and risk-averse when 

outcomes were gains.  This implies an s-shaped value function, where losses lead to larger 

reductions in value than equivalent sized gains. Using prospect theory, Thaler [4] introduced 

the concept of the endowment effect that also helped explain the importance of the 

difference in value between losses and gains.  If individuals view losses as out-of-pocket 

costs, and gains as forgone opportunity costs, then a good taken away from an individual’s 

endowment will be weighted more heavily than the same good added to their existing 

endowment.  Samuelson and Zeckhauser [5] discuss status quo bias: decision makers choose 

the alternative that was their current situation more frequently than predicted by a rational 

choice model. They cite a range of examples from observations and experiments that support 

that status quo biases are ubiquitous and significant, and that the bias increases with the 

number of choice alternatives.  The design of their experiments allows them to conclude that 
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status quo bias is generally present, not just as a result of loss aversion [5].  De Borger and 

Fosgerau [6] introduced a theoretical framework that maps choice pairs to different welfare 

measures and used this to compare four commonly used valuation measures that represent 

gains and losses in two dimensions from a reference point. They find loss aversion, reference 

dependence and diminishing sensitivity in an empirical application using data from a survey 

of binary choices where respondents trade off money and time. They also find that 

“mistakes”, defined as choosing a dominated alternative, are much more common when the 

reference scenario is dominated. In other words, respondents are more likely to choose their 

status quo, even if it is a dominated scenario.  

 

The aim of this paper is to examine the effect of the status quo in the context of a discrete 

choice experiment (DCE). We present an application that integrates a scenario describing 

each respondent’s current situation (their status quo) consisting largely of qualitative 

attributes into a DCE. We use data from a DCE of job preferences among nurses, where 

respondents were asked to choose their preferred alternative from a set of hypothetical 

scenarios, then asked to choose again from the same hypothetical scenarios and their current 

situation. The ‘current situation’ is an additional alternative reconstructed for each 

respondent from answers to questions that were phrased with the same description of 

attributes and levels used in the DCE, which offers a simple way to integrate any reference 

scenario into discrete choice experiments without loss of data.  

 

2. Background and Related Literature 
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A status quo / opt-out is increasingly being included in DCEs [7, 8]. It is necessary for 

‘realism’ by recognising that individuals can postpone choice or decide not to choose at all, 

and for predictions of demand and market shares [9, 10].  In addition, a ‘status quo’ 

alternative is required for welfare measurement that examines welfare changes compared 

to the current state of the world.  Previous studies in health have shown that the current 

situation influences the marginal utilities of attributes (for example Scott [11]; Scott et al. 

[12]), providing some evidence of the impact of reference dependent preferences and 

experience on these.  

  

When a status quo option is included in the choice set, there are a number of reasons why 

respondents may choose the status quo. First, it presents the best alternative. Second, loss 

aversion makes the status quo more attractive, because movements away from it are 

weighted more negatively than equal-sized changes from a hypothetical reference point.  

Third, there may be unobserved attributes that lead to a preference for the status quo. This 

may include unobserved attributes about the new alternatives or about the status quo [13, 

14]. Fourth, respondents may be uncertain of their preferences or have difficulty making 

choices, which can vary across individuals, and which are usually unobserved [15]. Fifth, in 

stated preference choice tasks, the status quo may be chosen because respondents are not 

engaging with the choice task and rather than miss the question, they choose the status quo 

for all choices [16]. 

 

A common approach has been to include the status quo as an opt-out alternative, which 

improves realism but does not contribute data about preferences for different attributes.  
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Some studies have included a dual response, where respondents are presented with 

alternatives and asked to make a forced choice, and then asked whether they would prefer 

the status quo [15, 17, 18], essentially collecting two sets of data.  Several recent studies (for 

example Rose & Hess [17], Masiero & Hensher [19], Rose & Masiero [20], Masiero & Hensher 

[21], Hess et al. [22]) used computer assisted personal interviews to adjust choice scenarios 

in real time using information about each respondent’s status quo obtained at the beginning 

of the interview.  There has been increasing interest in these “pivot designs” because the 

status quo is incorporated within attribute levels by increasing or decreasing levels around 

individual reference points.  These can be used to model the asymmetric effects of losses and 

gains, and whether the utility of losses and gains diminish with the distance from the 

reference point [19 – 25]. One drawback is that this type of analysis is limited to attribute 

levels that can be numerically pivoted around a reference point. In addition to these 

transport applications, there have been some applications in marketing [26] and in health 

[27] that incorporate reference points in choice experiments and these have found evidence 

of loss aversion in the context of reference-dependent preferences.  

 

Two papers by Masiero and Hensher [19, 21] are particularly relevant to our methodology.  

In Masiero and Hensher (2010) [19], a DCE of three transport choices framed attribute levels 

as percentage changes from the current (reference) level, and then included the reference 

level as a choice option.  They tested three specifications. In the first, each attribute (time, 

cost, punctuality) was represented by one continuous variable. In the second, variables for 

all the attributes were split into increases and decreases relative to the reference point. And 

in the third, two attributes (cost and time) were split into increases and decreases again, and 
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a non-linearity in punctuality was included by splitting each increase and decrease into two 

levels (up to 2%, and 2% and up).  This provided a test for loss aversion by comparing the 

coefficients of increases with those of decreases, and for the s-shape of the value function by 

comparing the coefficient of the smaller increase (decrease) with the coefficient of the larger 

increase (decrease).  The results support the existence of loss aversion and diminishing 

sensitivity.  In Masiero and Hensher (2011) [21], reference dependence, loss aversion and 

diminishing sensitivity, as well as adaptation to a new reference scenario, were tested with 

two sequentially administered DCEs across which the reference category of respondents was 

shifted. They compare models that use the usual empirical specification used in discrete 

choice modelling; models that introduce reference dependence and allow testing for loss 

aversion; and a specification that also incorporates an attribute piecewise transformation to 

capture non-linearities that are the result of diminishing sensitivity. Comparing across data 

sets tests the effect of adaptation to new reference scenarios. 

 

One aspect of prospect theory that was not explicitly tested in these two studies [19 and 21] 

is the importance of the reference point.  While Masiero and Hensher framed their attributes 

in terms of gains and losses around respondents’ current situation, they use percentage gains 

in their analyses, consequently treating equal-sized percentage changes equivalently, 

regardless of the actual reference level (or starting position) of respondents.  Kahneman & 

Tversky [3] recognize the importance of the starting point, stating that “…value should be 

treated as a function in two arguments: the asset position that serves as reference point, and 

the magnitude of the changes (positive or negative) from that reference point.” (page 277).  

In [21], Masiero and Hensher measure the effect of a negative shift of the reference point, 
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which approximates a test of differences in starting position. While this is not an explicit aim 

of their analysis, their results show significant variations in willingness-to-pay and 

willingness-to-accept estimates from different starting points, which suggests that an 

explicit integration of starting point is important.  

 

The aim of this paper is to analyse the effect of the status quo in a DCE.  Our DCE includes a 

dual response, with the second response including the option of ‘stay at my current job’.  In 

addition to the two hypothetical alternatives (A and B) presented in each choice set, we 

construct a third alternative using actual levels of the respondent’s current job.  These are 

collected in other questions in the survey.  We use the attribute levels of the status quo 

alternative to code respondents’ choices (A, B or current job) in terms of gains or losses from 

the status quo attribute levels.  We first code equal-sized gains or losses equivalently; we 

then differentiate these by starting position. Our specifications allow us to test for loss 

aversion, reference dependence and diminishing sensitivity.   

 

Specifically, we test the following three hypotheses:  

H1: Loss Aversion: Losses are valued more than equivalent gains. 

H2: Reference Dependence: The value of the loss or gain depends on the reference 

level (starting point). 

H3: Diminishing Sensitivity: The value of the loss or gain diminishes the farther away 

it is from the reference level (starting point). 

 
 
3. Methods 
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3.1 DCE Design and Data 

The data come from a DCE examining job preferences of nurses. The full methods of the 

nurses’ DCE are in Scott et al. [28].  Briefly, the DCE was completed by 990 nurses based in 

Victoria, Australia in 2008.  Attributes included earnings, hours worked, public or private 

sector employment, autonomy, shift type, processes to deal with violence and bullying, and 

patient to nurse ratio (Table 1).  SAS software was used to create an orthogonal, balanced, 

100% efficient design, and choice pairs were generated using a fold-over approach.  This led 

to 18 choice pairs, which were randomly blocked into three blocks of six choices.  Each 

respondent was allocated one version, resulting in 28 – 37% of respondents answering each 

version.  Nurses could choose to fill out a hard copy or online version, with 49% completing 

the survey online.   

 

In the DCE, respondents were presented with a dual response question format, where the 

first response was a forced choice between two hypothetical alternatives (which job do you 

think is better) and the second an unforced choice between the same two alternatives with 

the question, ‘which would you choose’ plus the additional option ‘stay at my current job’  

(Figure 1).  In the survey, respondents were also asked questions, separate to the DCE, about 

the attribute levels of their current job (Figure 2).  Each respondents’ status quo was 

constructed from responses to these questions as a third alternative with their current levels 

of each job characteristic (attribute).  This was added as a third alternative to the DCE data.  

 

The earnings and hours attributes were pivoted around respondents’ current levels by 

including a level of ‘no change’ with other levels plus or minus a certain percentage change. 
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Though this increased the salience of their current reference point for those attributes 

compared to using levels of these attributes, pivoting was included because the range of 

hours and income in levels would be too large for those who worked part time.     

 

3.2 Utility Framework 

We start with the usual framework that alternatives can be represented by a utility function, 

for respondent n and alternative j: 

 

𝑈𝑈𝑛𝑛𝑛𝑛 = 𝜷𝜷′𝑿𝑿𝑛𝑛𝑛𝑛 + 𝜺𝜺𝑛𝑛𝑛𝑛  

 

where 𝑽𝑽𝑛𝑛𝑛𝑛 = 𝜷𝜷′𝑿𝑿𝑛𝑛𝑛𝑛  is the systematic part of the utility function, and 𝜺𝜺𝑛𝑛𝑛𝑛 a random error term 

that is IID.  We use this framework to estimate Model 1 to obtain the usual DCE results, 

including the status quo alternative as a third option.  Thus, each alternative (j = 1,2,3) in a 

choice set can be written as follows: 

 

Model 1: 

𝑽𝑽𝑛𝑛(alt𝑛𝑛) = 𝐴𝐴𝐴𝐴𝐴𝐴alt𝑛𝑛 + 𝛽𝛽earnEARN𝑛𝑛 + 𝛽𝛽hrs1HRS1𝑛𝑛 + 𝛽𝛽hrs2HRS2𝑛𝑛 + 𝛽𝛽emp1EMP1𝑛𝑛 + 𝛽𝛽aut1AUT1𝑛𝑛

+ 𝛽𝛽aut2AUT2𝑛𝑛 + 𝛽𝛽sft1SFT1𝑛𝑛 + 𝛽𝛽sft2SFT2𝑛𝑛 + 𝛽𝛽prc1PRC1𝑛𝑛 + 𝛽𝛽prc2PRC2𝑛𝑛

+ 𝛽𝛽pat1PAT1𝑛𝑛 + 𝛽𝛽pat2PAT2𝑛𝑛  

 

where the X’s are the attribute levels in the DCE, and ASC is the alternative specific constant. 

There are three alternatives per choice set, and alternative three is always the status quo.   

 



 10 

We extend this model to test hypothesis (H1) on loss aversion and hypothesis (H3) on 

diminishing sensitivity by recoding attribute levels in terms of deviations from the status 

quo attribute levels in alternative 3, rather than the levels as they appear in the DCE.  Model 

2 considers the absolute level change for each attribute from the status quo.  

 

Model 2:  

𝑽𝑽𝑛𝑛(alt𝑛𝑛) = 𝐴𝐴𝐴𝐴𝐴𝐴alt𝑛𝑛 + 𝛽𝛽earnEARN𝑛𝑛 + 𝛽𝛽hrsL1hrsL1𝑛𝑛 + 𝛽𝛽hrsG1hrsG1𝑛𝑛 + 𝛽𝛽empL1empL1𝑛𝑛

+ 𝛽𝛽empG1empG1𝑛𝑛 + 𝛽𝛽autL2autL2𝑛𝑛 + 𝛽𝛽autL1autL1𝑛𝑛 + 𝛽𝛽autG1autG1𝑛𝑛 + 𝛽𝛽autG2autG2𝑛𝑛

+ 𝛽𝛽sftL2sftL2𝑛𝑛 + 𝛽𝛽sftL1sftL1𝑛𝑛 + 𝛽𝛽sftG1sftG1𝑛𝑛 + 𝛽𝛽sftG2sftG2𝑛𝑛 + 𝛽𝛽prcL2prcL2𝑛𝑛

+ 𝛽𝛽prcL1prcL1𝑛𝑛 + 𝛽𝛽prcG1prcG1𝑛𝑛 + 𝛽𝛽prcG2prcG2𝑛𝑛 + 𝛽𝛽patL2patL2𝑛𝑛 + 𝛽𝛽patL1patL1𝑛𝑛

+ 𝛽𝛽patG1patG1𝑛𝑛 + 𝛽𝛽patG2patG2𝑛𝑛  

 

where the X’s are defined as gains “G” and losses “L” of one (G1 and L1) or two (G2 or L2) 

levels from the status quo for each attribute level for the three alternatives.  This is referred 

to as the ‘linear gains/losses model’.  It is linear because a change in one level does not 

depend on the level that the respondent starts at; the same coefficient estimates the 

preference for this change regardless of whether the respondent starts at a high, medium or 

low level.  The model does, however, account for diminishing sensitivity (hypothesis H3) 

where there may be a difference in utility between a change in 1 or 2 levels, and loss aversion 

where changes are defined as a gain (G) or loss (L) (hypothesis H1). The definition of a level 

change as a gain or loss may be difficult to predict a priori for some of the attributes (e.g. 

shift type, employer type).  We therefore used the sign of the coefficient from Model 1 that 

shows, on average, the effect of the level change on their utility. The earnings attribute is 
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coded as a continuous variable reflecting percent changes to allow us to calculate marginal 

rates of substitution.  

 

Model 3 considers the relative change, that is, the magnitude of the change and the reference 

point defined by the status quo levels. This model is used to test hypotheses (H2) on 

reference dependence, in addition to hypothesis (H1) on loss aversion and hypothesis (H3) 

on diminishing sensitivity. 

 

Model 3:  

𝑽𝑽𝑛𝑛(alt𝑛𝑛) = 𝐴𝐴𝐴𝐴𝐴𝐴alt𝑛𝑛 + 𝛽𝛽earnEARN𝑛𝑛 + 𝛽𝛽hrsL1hrsL1𝑛𝑛 + 𝛽𝛽hrsG1hrsG1𝑛𝑛 + 𝛽𝛽empL12empL12𝑛𝑛

+ 𝛽𝛽empG11empG11𝑛𝑛 + 𝛽𝛽autL23autL23𝑛𝑛 + 𝛽𝛽autL13autL13𝑛𝑛 + 𝛽𝛽autL12autL12𝑛𝑛

+ 𝛽𝛽autG11autG11𝑛𝑛 + 𝛽𝛽autG12autG12𝑛𝑛 + 𝛽𝛽autG21autG21𝑛𝑛 + 𝛽𝛽sftL23sftL23𝑛𝑛

+ 𝛽𝛽sftL13sftL13𝑛𝑛 + 𝛽𝛽sftL12sftL12𝑛𝑛 + 𝛽𝛽sftG11sftG11𝑛𝑛 + 𝛽𝛽sftG12sftG12𝑛𝑛

+ 𝛽𝛽sftG21sftG21𝑛𝑛 + 𝛽𝛽prcL23prcL23𝑛𝑛 + 𝛽𝛽prcL13prcL13𝑛𝑛 + 𝛽𝛽prcL12prcL12𝑛𝑛

+ 𝛽𝛽prcG11prcG11𝑛𝑛 + 𝛽𝛽prcG12prcG12𝑛𝑛 + 𝛽𝛽prcG21prcG21𝑛𝑛 + 𝛽𝛽patL23patL23𝑛𝑛

+ 𝛽𝛽patL13patL13𝑛𝑛 + 𝛽𝛽patL12patL12𝑛𝑛 + 𝛽𝛽patG11patG11𝑛𝑛 + 𝛽𝛽patG12patG12𝑛𝑛

+ 𝛽𝛽patG21patG21𝑛𝑛  

 

where the X’s are the changes from the status quo for each attribute level in the three 

alternatives, stratified by starting point. This adds a test for hypothesis (H2), that the value 

of a gain or loss depends on the starting point, in addition to testing hypotheses (H1) and 

(H3).  The variable names and coefficient subscripts indicate the direction of change and the 

starting point; for example, “L23” means a loss of 2 levels, starting at level 3; “G12” means a 
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gain of 1 level, starting at level 2. This model captures the marginal utility of all possible 

changes from any reference point.  An additional advantage of coding all changes separately 

is that our a priori labels of “losses” and “gains” can be tested: for example, if the coefficient 

on what we call a loss is positive, then we know that respondents actually view this as a gain. 

Thus, mistakenly labelling a gain as a loss is inconsequential.  Model 3 is referred to as the 

‘non-linear gains/losses model’.    

 

3.3 Econometric Strategy 

All models are estimated using mixed logit. We use 500 Halton draws for Model 1 and Model 

2, and 500 random draws for Model 3. We ran all three models with up to 25,000 draws to 

check that our results were robust to this choice, and found little difference in model fit, and 

no effect on results, with more draws [29]. We estimated our models using conditional logit 

models as a robustness check and found qualitatively similar results (Appendix Table 1). 

Mixed logit provided superior fit over conditional logit. Attributes are random with a normal 

distribution, except the alternative specific constants and earnings, which is used to calculate 

the marginal rate of substitution (MRS) and therefore fixed. Fixing the earnings coefficient is 

a common and simple approach that solves several problems: dividing random variables by 

each other; implied positive price coefficients with normal distributions; and coefficients 

that are close to zero or large negative numbers that lead to extreme estimates [30]. 

However, a fixed earnings coefficient assumes that all respondents have the same marginal 

utility of earnings and could therefore miss preference heterogeneity in the data. This may 

have led us to use a model with poorer fit, though comparing our specification of model 1 to 

a similar model where all variables are lognormal (including earnings and ASC) favoured 
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fixed earnings, fixed ASC and the rest normally distributed random parameters. Thus, we 

used this approach for all models. Correlations may exist between parameter distributions, 

some of which may reflect scale heterogeneity [31]. We ran models 1 and 2 allowing 

correlation among all random parameters; it was not possible to do this with model 3 due to 

the large number of variables in the model. We also ran models 1 and 2 with full correlations 

and all parameters random (including earnings and ASC). This resulted in large standard 

errors for model 2. Allowing correlations did not change our results with respect to our 

hypotheses, and we would not be able to include correlations in all three models, thus we 

present only models without correlations.  

 

3.4 Marginal Rates of Substitution 

To compare the results of models 1 – 3, we calculate marginal rates of substitution (MRS), 

which is a common calculation from DCE data analysis results, and which provides us with a 

consistent basis for comparison across models.  Since attribute levels (except earnings) are 

effects coded [32] for all analyses, each coefficient shows the absolute level of utility, rather 

than the utility for a marginal change.  Effects coding removes the reference category of 

categorical variables from the constant terms so alternative specific constants (ASC) can be 

directly interpreted as a preference for A or B compared to the status quo.  Therefore, 

calculating MRS requires recovering the reference category coefficient (which is coded as “-

1”) and subtracting this from each coefficient.  This yields the marginal utility, and the MRS 

is obtained by dividing by the earnings coefficient, which is fixed in the mixed logit models.   
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The marginal rate of substitution is calculated for each level change for all three 

specifications.  There are fewer variables in models 1 and 2, so we calculate all changes using 

the variable definitions from model 3.  For model 1, this implies that the MRS of gains and 

losses are for the average respondent, and that gains and losses are symmetric.  For 

specification 2, this implies a step-like function where a specific change (for example, a loss 

of 1 level or a gain of 1 level) is the same regardless of the reference category.  To illustrate, 

the following equations show the MRS calculation for a gain of one level in autonomy, using 

level 1 as the reference point (i.e., a gain of one level from “poor” autonomy (level 1, reference 

point) to “adequate” autonomy (level 2)).  Note that, for model 1, “poor” autonomy is the 

omitted level, and so this coefficient has to be recovered in the calculation.  For models 2 and 

3, the omitted level is always “no change from reference point”, and this coefficient is 

subtracted to measure the entire impact of the change.   

 

Model 1:   𝑀𝑀𝑀𝑀𝐴𝐴aut1 to aut2 = 𝛽𝛽aut1−(−𝛽𝛽aut1−𝛽𝛽aut2)
𝛽𝛽earn

 

Model 2:  𝑀𝑀𝑀𝑀𝐴𝐴autG1 = 𝛽𝛽autG1−(−𝛽𝛽autL2−𝛽𝛽autL1−𝛽𝛽autG1−𝛽𝛽autG2)
𝛽𝛽earn

 

Model 3:   𝑀𝑀𝑀𝑀𝐴𝐴autG11 = 𝛽𝛽autG11−(−𝛽𝛽autL23−𝛽𝛽autL13−𝛽𝛽autL12−𝛽𝛽autG11−𝛽𝛽autG12−𝛽𝛽autG21)
𝛽𝛽earn

 

 

3.5 Hypothesis Testing 

We formally test the three hypotheses (loss aversion (H1), reference dependence (H2) and 

diminishing sensitivity (H3)) with likelihood ratio (LR) tests, since the three models are 

nested.  We restrict coefficients for each attribute level separately, according to each 
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hypothesis, and compare the log likelihoods of every restricted model to the unrestricted 

model. The following shows one example for hypotheses 1, 2 and 3, using the model 3 

attribute of autonomy. 

 

Hypothesis 1, Loss Aversion:   H0: 𝛽𝛽autL12 + 𝛽𝛽autG11 = 0 

A one-level loss from level 2 to 1 is offset by a one-level gain from level 1 to 2 

 

Hypothesis 2, Reference Dependence:  H0: 𝛽𝛽autL13 = 𝛽𝛽autL12 

A one-level loss from level 3 to 2 is equivalent to a one-level loss from level 2 to 1 

 

Hypothesis 3, Diminishing Sensitivity: H0:𝛽𝛽autL12 + 𝛽𝛽autL13 = 𝛽𝛽autL23 

A one-level loss from level 2 to 1 plus a one-level loss from level 3 to 2 is equivalent to a two-

level loss from level 3 to 1. 

 

The LR test follows a χ2 distribution, with 2 degrees of freedom. Not all hypotheses were 

testable with each specification: loss aversion was tested with models 2 and 3, reference 

dependence with model 3, and diminishing sensitivity with models 2 and 3.   

 

4. Results 

4.1 Attribute and Choice Descriptive Statistics 

Table 2 shows the distribution of gains or losses (of any size) relative to the status quo for 

each attribute, where gains indicate that the hypothetical job is better. For five out of seven 

attributes, the distribution is symmetric with roughly equal proportions of gains and losses 
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appearing in the experiment.  The distribution is skewed towards losses for autonomy, 

because only a small percentage of respondents (11%) report a “poor” level of autonomy in 

their current job. Therefore, it is less likely that a hypothetical job will result in a gain relative 

to the status quo. This is opposite for patient ratio, where nearly 75% of respondents report 

a 1 : 5 ratio (the worst among levels included), thus making a loss less probable. Employer 

type merges two levels into one: “private” was initially split between for-profit and not-for-

profit, but combined into one level in the analyses. Thus, “% same” captures almost 55% of 

respondents, since switches between for-profit and not-for-profit are not measured as a 

change.    

 

Table 3 shows the number of observations in each level for Model 3.  The number 

corresponds to the number of times that particular scenario (for example, a loss of 2 levels 

in autonomy from reference level 3, or autL23) occurs in the dataset.  Note that alternative 

3 is always the reference category (the status quo), so the frequencies refer to the number of 

occurrences in alternatives 1 and 2.     

 

The choice shares for the forced choice and unforced choice and the transitions between the 

two types of response are described in Table 4.  Respondents are only included if they 

answered both the forced choice and the unforced choice to ensure that they were engaged 

in the choice task. More respondents answered the unforced choice question than the forced 

choice question, suggesting hypothetical scenarios were not always considered. Comparing 

forced choice and unforced choice responses provides information on the impact of the 

status quo on choice shares, and on choice consistency.  Of the 1,624 who choose job A in the 
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forced choice, only 33.6% choose job A in the unforced choice with 66.0% switching to the 

status quo. Similar proportions switch to the status quo from job B. For those who do not 

choose the status quo, only a small percentage change from A to B or B to A between the 

forced and unforced choice, suggesting only slight inconsistencies.  

 

4.2 Mixed Logit Results 

Table 5 shows the coefficients, means and standard deviations for the mixed logit models (1 

to 3).  All models have large and significant alternative specific constants, which suggest a 

sizeable preference for the status quo not picked up by the job attributes included in our 

DCE. The ASC are largest for model 1, and similar for models 2 and 3. The earnings means 

are similar in magnitude across all models.  The hours means are larger in model 3 than in 

models 1 and 2, both for gains and losses.  Model 1 is not directly comparable to models 2 

and 3 for any other means since these are not calculated in terms of gains and losses from a 

reference point. Model 1 shows the ‘average’ marginal utility across losses and gains. The 

means of model 3 show that the (dis)utility of equal sized gains and losses differ depending 

on the reference category.  For example, for autonomy, a loss of 1 level (L1) in model 2 does 

not account for the starting point of the loss. It gives an ‘average’ value of the loss of (any) 

one level. However, in model 3, a loss of one level from Level 3 (L13) is not the same as a loss 

of one level from level 2 (L12). Model 2 assumes that the G1 and L1 means are equivalent 

regardless of the reference category, but model 3 shows that this is not correct.   

 

Intuitively, since models 2 and 3 are both scaled to respondents’ status quo, the adjustment 

of the mean may reflect the initial utility level of respondents.  For example, the coefficient 
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for “very good autonomy” in model 1 is estimated without reference to the status quo level 

of autonomy.  In model 2, a 2-level gain measures the change to “very good autonomy”, while 

a 1-level gain includes changes to “very good autonomy” and to “adequate autonomy”. In 

model 3, means are estimated separately for those moving from average to very good, poor 

to very good and those who already have very good autonomy.  This starting point, and the 

resulting change in utility, becomes embedded into the estimates.  In model 3, we 

differentiate one-level changes by starting point, and so it is plausible that this specification 

allows further distinction of shifts in the standard deviations since these are modeled more 

explicitly.  Additionally, since there is a strong preference for the status quo generally, 

models 2 and 3 explicitly capture preferences based on the current situation, which is 

analogous to lexicographic preferences (respondents choose status quo regardless of the 

other options).   

 

Figures 3a to 3d illustrate the coefficient means for four attributes (autonomy, shift, process, 

patient ratio) from the three models for changes (gains and losses) of one level.  These are 

adjusted for the effects-coded reference category (i.e. the base category “-1”), and thus show 

the marginal utility of that particular gain/loss with respect to “no change”.  The changes 

shown on the x-axis are (from left to right) a loss of one from level 3 to level 2; a loss of one 

from level 2 to level 1; no change (normalized to 0 by removing the base category); a gain of 

one from level 1 to level 2; and a gain of one from level 2 to level 3.  In the symmetric model 

(Model 1), gains and losses are equivalent but opposite in sign.  In the linear G/L model 

(Model 2), these are straight lines in either direction from the origin (no change) because not 

including the reference point assumes equal sized changes are equivalent.  In the non-linear 
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G/L model (Model 3), this is not restricted to be either symmetric or linear from the origin, 

and so shows how marginal utilities change depending on the reference level of gain or loss.   

 

4.3 Likelihood Ratio Tests 

Tables 6 to 8 show the results of our hypothesis tests for loss aversion, reference dependence 

and diminishing sensitivity, respectively.   

 

Hypothesis 1, Loss Aversion: All null hypotheses that the coefficients are equal and opposite 

in sign are rejected (Table 6).  Rejecting coefficient equivalence does not automatically 

support our hypothesis of loss aversion; the absolute value of losses must be larger than the 

absolute value of gains.  We calculate this using the recovered coefficients (net of the effects 

coded base category).  Model 2 exhibits loss aversion for all attributes, except employer type, 

while model 3 exhibits loss aversion for all but employer type and a one-level change 

between poor and adequate processes.  

 

Hypothesis 2, Reference Dependence: The null hypothesis that equal size gains and losses 

are equivalent, regardless of starting point, is rejected (Table 7). This is the case for all 

changes and supports reference dependence.  

 

Hypothesis 3, Diminishing Sensitivity: All null hypotheses that 2 one-level losses (gains) are 

equal to 1 two-level loss (gain) are rejected (Table 8).  This does not automatically support 

our hypothesis of diminishing sensitivity: the absolute value of the sum of the coefficients 

representing a one-level change must be larger than the two-level change coefficient for 
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sensitivity to be diminishing.  This is not the case for most of our coefficients, and our results 

appear to favour a hypothesis of increasing sensitivity. This may be due to the qualitative 

nature of our coefficients, which are subject to individual perspectives.  We do, however, 

consistently reject the hypothesis that the larger losses / gains are simply equal to the sum 

of smaller losses / gains.    

 

4.4 Marginal Rates of Substitution 

Table 9 shows marginal rates of substitution for all models, reported as percent of average 

annual income.  Changes in the number of hours worked yields a negative MRS for gains and 

losses in all models, suggesting that, on average, nurses do not want to change the number 

of hours they work.  The larger means reported for model 3 in Table 5 are partially mediated 

by the larger coefficient on earnings, thus yielding similar MRS for Hours L1 and G1.  Model 

3 suggests a preference for changing employer type, regardless of which employer nurses 

currently work for (though there is a preference for public), while model 2 shows a 

preference for public sector jobs.  Model 1 cannot distinguish between these.  The remaining 

MRS of models 2 and 3 generally show that losses require larger compensation than gains, 

confirming our results for hypothesis (H1) tests (loss aversion, Table 6).  Model 3 further 

suggests the presence of non-linearities is driven by reference points since the MRS varies 

according to the reference point.  Model 1 suggests similar non-linearities, although gains 

and losses are treated as symmetric.    

 

5. Discussion 
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When presented with a choice, people prefer what they know or own even if the attributes 

of the new alternative are better [3 – 5, 33].  This has been found across many decision-

making contexts in experimental and non-experimental studies and is cited as the reason for 

the empirical difference between measures of willingness to pay and willingness to accept.  

 

We tested for the effect of an explicit status quo alternative through examining loss aversion, 

diminishing sensitivity and reference dependence on results in a series of analyses by 

constructing and comparing three specifications that differentially incorporate these 

constructs.  Our non-linear model (model 3) accommodates all three.  Our results generally 

support loss aversion and reference dependence, though not for all restrictions across all 

specifications.  In contrast to Masiero & Hensher [19, 21], we found only weak support for 

diminishing sensitivity, where larger changes would lead to smaller changes in value 

compared to an equal-sized set of small changes.  We did, however, find more support for 

increasing sensitivity: in many cases, larger changes led to larger changes in value than an 

equivalent number of small changes, implying that respondents in our DCE are more 

sensitive to changes when these move them further away from their reference point.  Our 

results are in line with the previous literature in the sense that larger changes are not simply 

the sum of equal-sized smaller changes.   

 

Our results should be of interest to DCE researchers and suggest the need for more research 

to verify our findings.  Discrete choice experiments should always include a status quo or opt 

out option, as appropriate to the context, to make choice sets realistic. However, even when 

a status quo alternative is included, deciding how to incorporate it in the analysis is 
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important.  We found MRS differed across our three models, and the results illustrate the 

sensitivity of WTP (or MRS) to the specification used to calculate it.  For instance, model 1 

would suggest that switching a nurse from ‘weekdays only’ shifts to ‘fixed’ shifts would 

require compensation equivalent to 9.1% of average income.  Average income in our sample 

is approximately A$58,425, which translates into an annual salary increase of around 

A$5,300.  However, using the MRS calculated from model 3, nurses whose status quo is a 

‘weekdays only’ shift would require compensation of 24.4% of income, or approximately 

A$14,255 per year, to switch to a ‘fixed’ shift.  Using the parameters from model 2 puts this 

value at 12%, or approximately A$7,000 per year.  These differences are economically large.  

Compensation of A$5,300 would not adequately compensate nurses working weekdays only 

for switching to a ‘fixed’ shift, and if such a move were voluntary, would likely lead to very 

low uptake.  An incentive of A$5,300 may even be counterproductive: if the compensation is 

low, then nurses already working less-desirable shifts (in this case rotating shifts) will be 

more likely to switch to fixed shifts, possibly creating staffing shortages for rotating shifts.  

Therefore, specification, and implications of a particular choice, should be carefully 

considered by researchers.  

 

A limitation of our study is that our attribute levels are mostly qualitative and are 

consequently more difficult to interpret with respect to the hypotheses we are testing.  Some 

attributes are less complicated than others: all respondents would prefer very good 

autonomy to adequate autonomy, and adequate autonomy to poor autonomy.  However, not 

all respondents may prefer a fixed shift to a rotating shift, and so this challenges what 

changes we infer as a “loss” or a “gain”.  However, model 3 tests whether these a priori 
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definitions are correct, since all changes are evaluated separately, and coefficient signs show 

whether the change was correctly labelled.  Nevertheless, further research should use more 

quantitative attributes to confirm our findings. Quantitative attributes could also provide 

more insight into our sensitivity findings; our result of increasing sensitivity might be an 

artefact of our mostly qualitative attributes. However, many DCEs go through a design 

process that produces qualitative attributes that have more face validity and are easier to 

understand and so it is important to analyse the theories in the context of such attributes.    

 

Another limitation is one common to stated preference methods: respondents may be prone 

to hypothetical bias, meaning they over- or understate willingness to pay if there are no 

economic consequences and make a different set of choices. Comparisons of stated and 

revealed preferences provide mixed evidence for this [34 – 38]. However, we only compare 

marginal rates of substitution across our three models to illustrate the effect of different 

approaches to incorporate a status quo. Our back-of-the-envelope calculations using average 

income show quantitatively large differences driven by model specification alone, and thus 

support more careful consideration of the model used, in addition to addressing any biases 

that may affect responses, especially if such models are used to inform policy.  

 

There are implications for the future analysis of DCEs. It seems clear that, in the context 

presented in this paper, accounting for loss aversion, reference dependence, and varying 

sensitivity for specific attributes leads to different estimates of marginal utilities and welfare 

estimates.  Researchers should explore these issues in other decision-making contexts. 
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7. Tables 

Table 1: List of included attributes and levels 

 
 
  

Attribute Levels 

Earnings 
15% increase 
No change 
15% decrease 

Hours Worked 
10% decrease 
No change 
10% increase 

Type of employer 
Public  
Private  

Autonomy  
Poor 
Adequate 
Very Good 

Shift type  

Weekdays only 
Fixed shifts that include weekends, evenings  
       and/or nightshifts 
Rotating shift/roster 

The processes that are in place to 
deal with violence and bullying 

Poor 
Adequate 
Very good 

Nurse to patient ratio 
1 : 3 
1 : 4 
1 : 5 
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Table 2: Percentage of gains and losses in the hypothetical scenarios relative to the 
status quo for each attribute 
 

 Job A Job B 
 % losses % same % gains % losses % same % gains 
Employment 24.72 54.34 20.94 23.92 55.01 21.06 
Autonomy 45.18 33.72 21.1 46.28 33.28 20.44 
Shift 36.49 34.84 28.69 36.11 33.98 29.91 
Processes 35.32 33.25 31.43 34.5 33.95 31.55 
Patient ratio 13.2 34.29 52.52 12.45 33.46 54.1 
Hours 34.41 34.37 31.12 33.85 30.13 36.01 
Earnings 33.89 32.26 33.85 34.38 33.33 32.29 

 
  



 29 

Table 3: Frequencies for each combination of Model 3 
 

Level Change Frequency 
Hours L1: no change to 10% increase 2,095 
Hours G1: no change to 10% decrease 2,082 
Employer type L1: public to private 1,468 
Employer type G1: private to public 1,302 
Autonomy L23: very good to poor  880 
Autonomy L13: very good to adequate  868 
Autonomy L12: adequate to poor 908 
Autonomy G11: poor to adequate  272 
Autonomy G12: adequate to very good 884 
Autonomy G21: poor to very good 270 
Shift L23: weekdays only to rotating 577 
Shift L13: weekdays only to fixed 576 
Shift L12: fixed to rotating 651 
Shift G11: rotating to fixed 860 
Shift G12: fixed to weekdays only 556 
Shift G21: rotating to weekdays only 744 
Processes L23: very good to poor 590 
Processes L13: very good to adequate  595 
Processes L12: adequate to poor 896 
Processes G11: poor to adequate  548 
Processes G12: adequate to very good 928 
Processes G21: poor to very good 541 
Patient Ratio L23: 1:3 to 1:5 299 
Patient Ratio L13: 1:3 to 1:4  288 
Patient Ratio L12: 1:4 to 1:5 250 
Patient Ratio G11: 1:5 to 1:4  1,487 
Patient Ratio G12: 1:4 to 1:3 236 
Patient Ratio G21: 1:5 to 1:3 1,521 
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Table 4: Transitions between the forced and unforced choices  
 

 Unforced choice (A/B/SQ) 
A B SQ Total 

Forced 
choice 
(A/B) 

 

 
A 

546  
(33.6%) 

7  
(0.4%) 

1,071  
(66.0%) 

1,624  
(100%) 

 
B 

22  
(1.5%) 

465  
(31.9%) 

970  
(66.6%) 

1,457 
(100%) 

Total 568 472 2,041 3,081 
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Table 5: Mixed Logit Results for Models 1, 2 and 3 
 

Variable 
(Change per Model 3) 

Model 1 
Mean  
(SD) 

Model 2 
Mean  
(SD) 

Model 3 
Mean  
(SD) 

Earnings 0.07975*** 0.07878*** 0.08284*** 
Hours L1 
(10% increase) 

-0.91657*** 
(1.19038***) 

-0.69239*** 
(0.91696***) 

-0.79635*** 
(1.02780***) 

Hours G1 
(10% decrease) 

0.11076 
(0.85452***) 

0.04783 
(0.92364***) 

0.13928 
(0.89593***) 

Employer: Public 0.21835*** 
(0.69955***) 

  

Autonomy: Very good 0.84197*** 
(0.68480***) 

  

Autonomy: Adequate 0.27565*** 
(0.27369) 

  

Shift: Rotating -0.39185*** 
(0.92258***) 

  

Shift: Fixed -0.16795* 

(0.48316**) 
  

Processes: Very good 0.70665*** 
(0.51781***) 

  

Processes: Adequate 0.21168*** 
(0.91595***) 

  

Patient ratio: 1 : 3 0.51156*** 
(0.83593***) 

  

Patient ratio: 1 : 4 -0.03848 
(0.62206***) 

  

Employment L1 
(public to private) 

 -0.32246** 
(0.63080***) 

-0.09628 
(0.35031) 

Employment G1 
(private to public) 

 0.60698*** 
(0.28755) 

0.45056*** 
(0.57140***) 

Autonomy L2 / L23a 

(very good to poor) 
 -2.39384*** 

(0.87154***) 
-2.06867*** 
(0.01021) 

Autonomy L1 
(very good to adequate; adequate 
to poor) 

 -0.96287*** 
(0.42421**)  

Autonomy L13 
(very good to adequate) 

  -1.41864*** 
(0.85398***) 

Autonomy  L12 
(adequate to poor) 

  -1.25271*** 
(0.02618) 

Autonomy  G11 
(poor to adequate) 

  1.72787*** 
(0.24180) 

Autonomy G12 
(adequate to very good) 

  0.44420** 
(0.59659***) 

Autonomy G1 
(poor to adequate; adequate to 
very good) 

 0.98077*** 
(0.17843)  

Autonomy G2 / G21 
(poor to very good) 

 1.86832*** 
(0.45393**) 

2.15509*** 
(0.69923***) 

Shift L2 / L23  -2.71468*** -2.99899*** 
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(weekdays to rotating) (1.27141***) (0.92272***) 
Shift L1 
(weekdays to fixed; fixed to 
rotating) 

 -0.02449 
(0.62314***)  

Shift L13 
(weekdays to fixed) 

  -1.21257*** 
(0.55739**) 

Shift  L12 
(fixed to rotating) 

  0.48338 
(1.14054***) 

Shift  G11 
(rotating to fixed) 

  0.97140*** 
(0.17494) 

Shift G12 
(fixed to weekdays) 

  0.99499*** 
(0.32537) 

Shift G1 
(rotating to fixed; fixed to 
weekdays) 

 0.96561*** 
(0.13113)  

Shift G2 / G21 
(G21: rotating to weekdays) 

 0.85467*** 
(0.61864***) 

0.95428*** 
(0.19190) 

Processes L2 / L23 
(very good to poor) 

 -1.84853*** 
(0.68146***) 

-1.67100*** 
(0.17005) 

Processes L1 
(very good to adequate; 
adequate to poor) 

 -0.57864*** 
(0.56301***)  

Processes L13 
(very good to adequate) 

  -0.58892** 
(0.48284**) 

Processes L12 
(adequate to poor) 

  -0.78177*** 
(0.62127***) 

Processes G11 
(poor to adequate) 

  0.93974*** 
(0.51579**) 

Processes G12 
(adequate to very good) 

  0.38468* 
(0.42755**) 

Processes G1 
(poor to adequate; adequate to 
very good) 

 0.65522*** 
(0.56351***)  

Processes G2 / G21 
(poor to very good) 

 1.66315*** 
(0.43786*) 

1.67851*** 
(0.83345***) 

Patient ratio L2 / L23 
(1:3 to 1:5) 

 -1.39010*** 
(0.88660***) 

-1.26311*** 
(0.23846) 

Patient ratio L1 
(1:3 to 1:4; 1:4 to 1:5) 

 -0.51715** 
(0.36638)  

Patient ratio L13 
(1:3 to 1:4) 

  -0.92883** 
(0.09539) 

Patient ratio L12 
(1:4 to 1:5) 

  -0.05105 
(0.39500*) 

Patient ratio G11 
(1:5 to 1:4) 

  0.62674*** 
(0.15388) 

Patient ratio G12 
(1:4 to 1:3) 

  0.12807 
(1.17244***) 

Patient ratio G1 
(1:5 to 1:4; 1:4 to 1:3) 

 0.49390*** 
(0.05451)  

Patient ratio G2 / G21 
(1:5 to 1:3) 

 0.97161*** 
(1.00599***) 

1.04719*** 
(0.89508***) 

Constant A -2.05615*** -1.61747*** -1.66267*** 
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Constant B -2.50517*** -2.00318*** -2.09010*** 
    
BIC 4,074.3 4,111.4 4,185.7 
AIC 3,923.5 3,851.9 3,829.7 
N 3,081 3,081 3,081 
Pseudo R2 0.4278 0.4437 0.4517 

 
a first abbreviation (L2) is for model 2; second (L23) is for model 3 
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Table 6: Hypothesis Testing: Loss Aversion, Model 2 and Model 3 
 

Hypothesis LR Test ~ 𝜒𝜒22 Conclusion 
MODEL 2   
𝛽𝛽hrsL1 + 𝛽𝛽hrsG1 = 0 81.73*** Reject H0 
𝛽𝛽empL1 + 𝛽𝛽empG1 = 0 27.30*** Reject H0 but |𝛽𝛽empL1| < |𝛽𝛽empG1| 
𝛽𝛽autL1 + 𝛽𝛽autG1 = 0 22.06*** Reject H0 
𝛽𝛽autL2 + 𝛽𝛽autG2 = 0 22.67*** Reject H0 
𝛽𝛽sftL1 + 𝛽𝛽sftG1 = 0 43.05*** Reject H0  
𝛽𝛽sftL2 + 𝛽𝛽sftG2 = 0 38.37*** Reject H0 
𝛽𝛽prcL1 + 𝛽𝛽prcG1 = 0 17.77*** Reject H0  
𝛽𝛽prcL2 + 𝛽𝛽prcG2 = 0 17.38*** Reject H0 
𝛽𝛽patL1 + 𝛽𝛽patG1 = 0 19.99*** Reject H0 
𝛽𝛽patL2 + 𝛽𝛽patG2 = 0 16.49*** Reject H0 
MODEL 3   
𝛽𝛽hrsL1 + 𝛽𝛽hrsG1 = 0 82.76*** Reject H0 
𝛽𝛽empL1 + 𝛽𝛽empG1 = 0 15.31*** Reject H0 but 𝛽𝛽empL1 < 𝛽𝛽empG1 
𝛽𝛽autL12 + 𝛽𝛽autG11 = 0 16.96*** Reject H0  
𝛽𝛽autL13 + 𝛽𝛽autG12 = 0 27.41*** Reject H0 
𝛽𝛽autL23 + 𝛽𝛽autG21 = 0 21.83*** Reject H0  
𝛽𝛽sftL12 + 𝛽𝛽sftG11 = 0 33.79*** Reject H0 
𝛽𝛽sftL13 + 𝛽𝛽sftG12 = 0 8.83*** Reject H0 
𝛽𝛽sftL23 + 𝛽𝛽sftG21 = 0 46.50*** Reject H0 
𝛽𝛽prcL12 + 𝛽𝛽prcG11 = 0 20.74*** Reject H0 but |𝛽𝛽prcL12| < |𝛽𝛽prcG11| 
𝛽𝛽prcL13 + 𝛽𝛽prcG12 = 0 21.79*** Reject H0 
𝛽𝛽prcL23 + 𝛽𝛽prcG21 = 0 17.50*** Reject H0  
𝛽𝛽patL12 + 𝛽𝛽patG11 = 0 15.68*** Reject H0  
𝛽𝛽patL13 + 𝛽𝛽patG12 = 0 16.35*** Reject H0 
𝛽𝛽patL23 + 𝛽𝛽patG21 = 0 17.55*** Reject H0 
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Table 7: Hypothesis Testing: Reference Dependence, Model 3 
 

Hypothesis LR test ~ 𝜒𝜒22 Conclusion 
MODEL 3   
𝛽𝛽autL13 = 𝛽𝛽autL12 = 𝛽𝛽autL1 24.18*** Reject H0  
𝛽𝛽autG11 = 𝛽𝛽autG12 = 𝛽𝛽autG1 24.76*** Reject H0  
𝛽𝛽sftL13 = 𝛽𝛽sftL12 = 𝛽𝛽sftL1 28.90*** Reject H0  
𝛽𝛽sftG11 = 𝛽𝛽sftG12 = 𝛽𝛽sftG1      5.77* Reject H0 (10%) 
𝛽𝛽prcL13 = 𝛽𝛽prcL12 = 𝛽𝛽prcL1 18.42*** Reject H0 
𝛽𝛽prcG11 = 𝛽𝛽prcG12 = 𝛽𝛽prcG1 28.57*** Reject H0  
𝛽𝛽patL13 = 𝛽𝛽patL12 = 𝛽𝛽patL1 10.84*** Reject H0  
𝛽𝛽patG11 = 𝛽𝛽patG12 = 𝛽𝛽patG1 21.75*** Reject H0 
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Table 8: Hypothesis Testing: Diminishing Sensitivity, Model 2 and Model 3 
 

Hypothesis LR test ~ 𝜒𝜒22 Conclusion 
MODEL 2   
2 ∗ 𝛽𝛽autL1 = 𝛽𝛽autL2 14.85*** Reject H0  
2 ∗ 𝛽𝛽autG1 = 𝛽𝛽autG2 19.82*** Reject H0 but 2 ∗ 𝛽𝛽autG1 < 𝛽𝛽autG2 
2 ∗ 𝛽𝛽sftL1 = 𝛽𝛽sftL2 40.33*** Reject H0 but 2 ∗ |𝛽𝛽sftL1| < |𝛽𝛽sftL2| 
2 ∗ 𝛽𝛽sftG1 = 𝛽𝛽sftG2 32.01*** Reject H0 
2 ∗ 𝛽𝛽prcL1 = 𝛽𝛽prcL2 18.44*** Reject H0 but 2 ∗ |𝛽𝛽prcL1| < |𝛽𝛽prcL2| 
2 ∗ 𝛽𝛽prcG1 = 𝛽𝛽prcG2       9.14** Reject H0 (5%) 2 ∗ 𝛽𝛽prcG1 < 𝛽𝛽prcG2 
2 ∗ 𝛽𝛽patL1 = 𝛽𝛽patL2 10.55*** Reject H0  
2 ∗ 𝛽𝛽patG1 = 𝛽𝛽patG2 12.10*** Reject H0 but 2 ∗ 𝛽𝛽patG1 < 𝛽𝛽patG2 
MODEL 3   
𝛽𝛽autL12 + 𝛽𝛽autL13 = 𝛽𝛽autL23 24.43*** Reject H0 
𝛽𝛽autG11 + 𝛽𝛽autG12 = 𝛽𝛽autG21 19.59*** Reject H0 but 𝛽𝛽autG11 + 𝛽𝛽autG12 < 𝛽𝛽autG21 
𝛽𝛽sftL12 + 𝛽𝛽sftL13 = 𝛽𝛽sftL23 40.74*** Reject H0 but |𝛽𝛽sftL12| + |𝛽𝛽sftL13| < |𝛽𝛽sftL23| 
𝛽𝛽sftG11 + 𝛽𝛽sftG12 = 𝛽𝛽sftG21 18.31*** Reject H0  
𝛽𝛽prcL12 + 𝛽𝛽prcL13 = 𝛽𝛽prcL23 18.82*** Reject H0 but |𝛽𝛽prcL12| + |𝛽𝛽prcL13| < |𝛽𝛽prcL23| 
𝛽𝛽prcG11 + 𝛽𝛽prcG12 = 𝛽𝛽prcG21 22.32*** Reject H0 but 𝛽𝛽prcG11 + 𝛽𝛽prcG12 < 𝛽𝛽prcG21 
𝛽𝛽patL12 + 𝛽𝛽patL13 = 𝛽𝛽patL23 23.06*** Reject H0  
𝛽𝛽patG11 + 𝛽𝛽patG12 = 𝛽𝛽patG21 15.84*** Reject H0 but 𝛽𝛽patG11 + 𝛽𝛽patG12 < 𝛽𝛽patG21 
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Table 9: Marginal rates of substitution (MRS), % of income 
 

Level Change Model 1 Model 2 Model 3 
Hours L1: no change to 10% increase -21.6 -17.0 -17.6 
Hours G1: no change to 10% decrease -8.7 -7.6 -6.3 
Employer type L1: public to private -5.5 -0.5 3.1 
Employer type G1: private to public 5.5 11.3 9.7 
Autonomy L23: very good to poor -24.6 -36.8 -30.0 
Autonomy L12: adequate to poor -17.5 -18.7 -20.1 
Autonomy L13: very good to adequate -7.1 -18.7 -22.1 
Autonomy G12: adequate to very good 7.1 6.0 0.4 
Autonomy G11: poor to adequate 17.5 6.0 15.9 
Autonomy G21: poor to very good 24.6 17.3 21.0 
Shift L23: weekdays only to rotating -11.9 -46.2 -46.0 
Shift L13: weekdays only to fixed -9.1 -12.0 -24.4 
Shift L12: fixed to rotating -2.8 -12.0 -3.9 
Shift G11: rotating to fixed 2.8 0.6 2.0 
Shift G12: fixed to weekdays only 9.1 0.6 2.3 
Shift G21: rotating to weekdays only 11.9 -0.8 1.8 
Processes L23: very good to poor -20.4 -24.9 -20.6 
Processes L12: adequate to poor -14.2 -8.7 -9.9 
Processes L13: very good to adequate -6.2 -8.7 -7.6 
Processes G12: adequate to very good 6.2 6.9 4.1 
Processes G11: poor to adequate 14.2 6.9 10.9 
Processes G21: poor to very good 20.4 19.7 19.8 
Patient Ratio L23: 1:3 to 1:5 -12.3 -23.3 -20.6 
Patient Ratio L12: 1:4 to 1:5 -5.5 -12.2 -5.9 
Patient Ratio L13: 1:3 to 1:4 -6.9 -12.2 -16.5 
Patient Ratio G12: 1:4 to 1:3 6.9 0.7 -3.8 
Patient Ratio G11: 1:5 to 1:4 5.4 0.7 2.2 
Patient Ratio G21: 1:5 to 1:3 12.3 6.7 7.3 
   

 
  



 38 

8. Figures 
 
Figure 1: Example of choice question in the DCE  
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Figure 2: Questions used to construct the status quo alternative for each respondent 
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Figure 3: Coefficient comparison, models 1, 2 and 3 (1-level change) 
 
Figure 3a: Autonomy 
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Figure 3b: Shift type 
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Figure 3c: Processes 
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Figure 3d: Patient ratio 
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Appendix 
 
Appendix Table 1: Models 1 – 3, Comparison of Marginal Rates of Substitution from 
Mixed Logit (MXL) and Conditional Logit (LOG) 
 

 Model 1 Model 2 Model 3 
 MXL LOG MXL LOG MXL LOG 
Hours L1: no change to 10% increase -21.6 -12.2 -17.0 -10.5 -17.6 -6.1 
Hours G1: no change to 10% decrease -8.7 -3.0 -7.6 -4.3 -6.3 1.9 
Employer type L1: public to private -5.5 -3.6 -0.5 5.4 3.1 -0.1 
Employer type G1: private to public 5.5 3.6 11.3 11.7 9.7 5.7 
Autonomy L23: very good to poor -24.6 -24.5 -36.8 -28.4 -30.0 -25.8 
Autonomy L12: adequate to poor -17.5 -13.6 -18.7 -14.9 -20.1 -13.3 
Autonomy L13: very good to adequate -7.1 -10.9 -18.7 -14.9 -22.1 -12.5 
Autonomy G12: adequate to very good 7.1 10.9 6.0 9.4 0.4 18.3 
Autonomy G11: poor to adequate 17.5 13.6 6.0 9.4 15.9 9.1 
Autonomy G21: poor to very good 24.6 24.5 17.3 19.4 21.0 22.0 
Shift L23: weekdays only to rotating -11.9 -13.8 -46.2 -29.5 -46.0 -25.6 
Shift L13: weekdays only to fixed -9.1 -11.2 -12.0 -6.3 -24.4 -13.8 
Shift L12: fixed to rotating -2.8 -2.6 -12.0 -6.3 -3.9 4.7 
Shift G11: rotating to fixed 2.8 2.6 0.6 6.3 2.0 9.9 
Shift G12: fixed to weekdays only 9.1 11.2 0.6 6.3 2.3 10.6 
Shift G21: rotating to weekdays only 11.9 13.8 -0.8 6.6 1.8 10.1 
Processes L23: very good to poor -20.4 -18.2 -24.9 -16.2 -20.6 -18.6 
Processes L12: adequate to poor -14.2 -10.8 -8.7 -5.1 -9.9 -7.7 
Processes L13: very good to adequate -6.2 -7.4 -8.7 -5.1 -7.6 -7.0 
Processes G12: adequate to very good 6.2 7.4 6.9 9.9 4.1 10.0 
Processes G11: poor to adequate 14.2 10.8 6.9 9.9 10.9 6.1 
Processes G21: poor to very good 20.4 18.2 19.7 21.7 19.8 19.7 
Patient Ratio L23: 1:3 to 1:5 -12.3 -14.0 -23.3 -15.0 -20.6 -12.8 
Patient Ratio L12: 1:4 to 1:5 -5.5 -5.8 -12.2 -11.4 -5.9 -13.6 
Patient Ratio L13: 1:3 to 1:4 -6.9 -8.1 -12.2 -11.4 -16.5 -4.2 
Patient Ratio G12: 1:4 to 1:3 6.9 8.1 0.7 3.3 -3.8 6.9 
Patient Ratio G11: 1:5 to 1:4 5.4 5.8 0.7 3.3 2.2 5.3 
Patient Ratio G21: 1:5 to 1:3 12.3 14.0 6.7 12.9 7.3 15.6 
AIC 3923.5 4575.6 3851.9 4541.4 3829.7 4528.0 
BIC 4074.3 4660.1 4111.4 4680.11 4185.7 4715.1 
Pseudo R^2 / Adj R^2 0.4278 0.1517 0.4437 0.1602 0.4517 0.1646 

 



Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Scott, A;Witt, J

Title:
Loss aversion, reference dependence and diminishing sensitivity in choice experiments

Date:
2020-12-01

Citation:
Scott, A. & Witt, J. (2020). Loss aversion, reference dependence and diminishing
sensitivity in choice experiments. Journal of Choice Modelling, 37, https://doi.org/10.1016/
j.jocm.2020.100230.

Persistent Link:
http://hdl.handle.net/11343/261664

http://hdl.handle.net/11343/261664

