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1 INTRODUCTION  

Classical consumer theory requires individuals to consider and trade all attributes of a 

commodity when choosing between multi-attribute alternatives (de Palma et al. 1994, 

McIntosh & Ryan 2002). This assumption is necessary to derive Hicksian welfare measures 

from discrete choice data (Dominitz & Hung 2009, Zeppini 2015). The valuation of public 

goods like health care often relies on such welfare measures estimated from responses to stated 

preference surveys, such as discrete choice experiments (DCEs). In DCEs, respondents are 

presented with a series of hypothetical choice tasks. Each task consists of mutually exclusive 

multi-attribute alternatives (Lancaster 1966, Louviere et al. 2000, Ryan et al. 2008). 

Empirical evidence suggests that individuals might not consider all commodity attributes when 

choosing between alternatives. This is known as attribute non-attendance or ANA (Scarpa et 

al. 2009). There are two main reasons for ANA: First, ANA occurs when individuals ignore 

attributes to simplify choice tasks. This explanation suggests that individuals have a limited 

cognitive capacity and respond to complex tasks with simplifying choice strategies called 

heuristics (Kahneman 1973, Malhotra 1982, Payne & Bettman 2001). Second, ANA occurs 

when individuals ignore attributes they do not value. This explanation suggests respondents’ 

preferences are reflected by ANA. ANA as a heuristic challenges discrete choice analysis, 

because such behaviour violates the assumption of continuous preferences (Campbell et al. 

2008). In contrast, ignoring attributes that are unimportant is in line with the underlying 

assumptions of consumer theory (DeShazo & Fermo 2004, Hensher 2006, Ryan et al. 2009).  

In the DCE literature, several methods are used to account for ANA. Early studies focus on 

dominant choices that occur when respondents only consider one attribute and choose the 

alternative with the ‘best’ level. This results in a specific choice pattern that is identified by 

data inspection (Ryan & Bate 2001, McIntosh & Ryan 2002, Scott 2002, Sælensminde 2006). 
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Other studies explore respondents’ use of cut-off strategies in which attributes with a level 

above or below a threshold are considered (Swait & Adamowicz 2001).  

A broader definition of ANA is that respondents in a DCE with 𝑘 attributes either consider or 

ignore each attribute, which leads to 2𝑘 possible ANA strategies (Hensher et al. 2005). These 

studies measure ANA using one of two approaches: stated ANA or inferred ANA. Stated ANA 

studies ask respondents to report the attributes they did not consider when making their choices 

(Puckett & Hensher 2009, Scarpa et al. 2013). Inferred ANA studies use econometric models 

to identify ANA strategies probabilistically (Hess & Rose 2007, Hole 2011, Lagarde 2013). 

Both approaches constrain individual parameters of attributes that were not considered to zero. 

Most stated and inferred ANA studies assume that ANA is a heuristic that respondents use to 

simplify choices, but ANA may be a preference. If ANA is a preference then methods that 

account for ANA, but assume it is a heuristic may result in distorted welfare measures.  

Alemu et al. (2013) explore if ANA in their data may partially reflect references. The authors 

ask German tourists why they did not consider all attributes of presented Danish fishing sites. 

They find that between 13% and 84% of respondents who used ANA, ignored attributes that 

are not important to them. This is evidence of ANA as a preference. However, Alemu et al 

(2013) use stated ANA and respondents’ ability to reflect on how they make their decisions 

has been suggested to be biased (Hess & Hensher 2010; Nisbett & Wilson 1977).  

This is the first paper to assess if ANA is a heuristic or genuine preference in an inferred ANA 

study and the first study to explore this question within a health context. We assume that 

respondents’ familiarity with the good being valued in the DCE simplifies choices. If ANA is 

mainly used as a heuristic, familiar respondents should be more likely to consider all attributes. 

We complement our empirical findings with a qualitative analysis of transcripts from 

discussion groups held prior to the DCE. This analysis is used to investigate why some 
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respondents do not value all attributes. We also explore implications of assuming ANA is a 

heuristic or a preference for welfare analysis.  

2 EXPERIMENTAL DESIGN 

2.1 Familiarity and ANA  

Several studies in the DCE literature (Neuman et al. 2010, Czajkowski et al. 2012, LaRiviere 

et al. 2014, Li et al. 2014) and contingent valuation literature (Boyle 1989, Cameron and Englin 

1997) have explored the effect of experience and familiarity on respondents’ preferences. 

Common explanations for this effect are that preferences may be incomplete, instable or 

constructed over the sequence of choices (Hoeffler & Ariely 1999). Other studies find evidence 

that respondents prefer their familiar current situation (Salkeld et al. 2000, Ryan and Ubach 

2003), which is known as status-quo bias or endowment effect. 

In this paper, we assume that familiarity with the good being valued simplifies respondents’ 

choices. Cognitive psychology research suggests that individuals form a mental model that is 

linked to expectations and preferences before making choices (Payne et al. 1999). This requires 

the dedication of cognitive effort. DCE respondents who are familiar with the good under 

valuation already have a mental model and therefore need to dedicate less cognitive effort to 

the completion of choice tasks. This is supported by studies that find familiarity to increases 

information access and information encoding (Koriat 1993, Metcalfe et al. 1993, Koriat & 

Levy-Sadot 2001). Following this, we expect that familiar DCE respondents are less likely to 

use a decision heuristic to simplify choices than unfamiliar respondents. We also expect 

differences in ANA between familiar and unfamiliar respondents to be greater for attributes 

that respondents are more likely to be familiar with.  
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2.2 Data 

We use data from a DCE study about medical managers’ preferences for support services 

offered by the National Clinical Assessment Service (NCAS). NCAS assists NHS 

organisations with performance concerns with clinicians. The study is reported in detail by 

Watson et al. (2012). 

The DCE has five attributes, identified by Watson et al. (2012) from discussion groups with 

medical managers responsible for the management of clinicians. These attributes describe 

services that NCAS offered in 2010 or could potentially offer (Column 1-2 in Table I). From 

these attributes, 512 possible support packages can be formed. This number is reduced to 32 

choice tasks using a D-efficient design with flat priors (Kuhfeld 2009). To avoid overburdening 

respondents, the choice tasks are split into three blocks (2x 11 choices, 1x 10 choices). An 11th 

dummy choice set is added to the third block, such that all respondents face the same number 

of choices. This dummy choice set is excluded from the analysis. Each of the choice sets 

presents respondents with two alternative support services and an opt-out option.  Both services 

are described as an insurance package with costs per whole time equivalent clinician in the 

organisation. Figure 1 presents an example choice set.  

[Figure 1] 

The questionnaire is mailed to all 1,875 NHS managers responsible for managing performance 

concerns in the United Kingdom who have not participated in the discussion groups. In this 

population, familiarity with NCAS varies for two reasons: First, not all organisations have 

experienced performance concerns. Second, NCAS services have been introduced at different 

times across the UK (England in 2001, Wales in 2003, Northern Ireland in 2005 and Scotland 
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in 2008). 1 Respondents’ familiarity with NCAS is measured by asking them “Have you ever 

contacted NCAS about clinical performance concerns?” with the response options “Yes” or 

“No”. Respondents are split into two groups based on their experience with NCAS. 

Respondents who previously contacted NCAS will have received at least some advice services 

about how to manage performance concerns with clinicians. We assume that experience with 

NCAS increases respondents’ familiarity with the offered services, which are the attributes of 

the DCE. Given that ANA is attribute specific, we argue that this experience-based familiarity 

with services (attributes) is relevant to explain ANA in the DCE rather than a general 

familiarity with NCAS as an organisation.  

[Table I] 

Furthermore, respondents’ familiarity varies across attributes. The attributes advice, facilitation 

and clinical assessment are services that accumulate with the performance concern’s severity. 

Clinical assessments are only used in severe cases. By 2012, only 4.5% of organisations who 

contacted NCAS received clinical assessments (NCAS 2012). Behavioural assessments have 

not been offered by NCAS in 2010 (at the point of data collection). Hence, familiar respondents 

are more likely to have experienced advice and facilitation services from NCAS.  

Across the familiar and unfamiliar respondent sub-groups, we do not expect respondents to 

differ in their familiarity with clinical or behavioural assessments, because these are rare and 

unavailable, respectively. We also expect respondents’ sensitivity to the cost of services to be 

independent of their familiarity with NCAS. This is, because the marginal disutility of changes 

in the cost attribute represents NHS managers’ general sensitivity to changes in the available 

budget due to increasing expenditure, while holding all remaining attributes constant.  

 

1 We explored the location of the NHS organisations as a measure of familiarity. However, given the small share 

of Welsh, Irish and Scottish NHS organisations in the sample, this approach is not feasible in our analysis. 
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If familiarity is the main driver of ANA differences between the two groups of respondents, 

we should not find small differences in ANA for clinical assessment or the cost attributes 

(Column 3-4 in Table I).  

3 ANALYSIS 

3.1 Econometric analysis 

We use a latent class logit to identify ANA strategies. This model assumes that the population 

can be divided into 𝐶 groups, and each group uses a different ANA strategy. The five attributes 

of the DCE result in 25 = 32 possible combinations of attributes (ANA strategies) that 

respondents can consider when making their choices (e.g. one ANA strategy may be that only 

the first three attributes are considered, while the remaining two are ignored). The set of ANA 

strategies includes full attendance to all attributes and non-consideration of all attributes. 

A utility function is formulated for each ANA strategy. We assume that the utility 𝑈𝑛𝑗𝑡 of 

respondent 𝑛 for alternative 𝑗 in choice situation 𝑡 depends on ANA strategy 𝑐, the vector of 

attributes 𝒙𝑛𝑗𝑡 and an extreme value distributed random component 𝜀𝑛𝑗𝑡 (McFadden 1974, 

Manski 1977). We define the utility function as: 

𝑈𝑛𝑗𝑡(𝜹𝑐) = (𝜷 ∘ 𝜹𝑐)′𝒙𝑛𝑗𝑡 + 𝜀𝑛𝑗𝑡 (1) 

where 𝜷 denotes a vector of the individual marginal utilities to be estimated. These marginal 

utilities are equal across classes. The vector 𝜹𝑐 is multiplied element-by-element with 𝜷 and 

contains only ones and zeroes. An ANA strategy is represented by a characteristic combination 

of the ones and zeros in 𝜹𝑐 (Hess et al. 2013). Marginal utilities are constrained to be equal 

across classes to reduce the risk of confounding ANA with preference heterogeneity. If a 

categorical attribute is not considered, each corresponding parameter is constrained to zero 
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(Scarpa et al. 2009). An alternative specific constant (asc) is included to control for status-quo 

effects. 

The probability that respondent 𝑛 chooses alternative 𝑗, given ANA strategy 𝑐 is given by 

𝑃𝑛𝑗𝑡(𝜹𝑐) =
𝑒𝑥𝑝[(𝜷 ∘ 𝜹𝑐)′𝒙𝑛𝑗𝑡]

∑ 𝑒𝑥𝑝[(𝜷 ∘ 𝜹𝑐)′𝒙𝑛𝑗𝑡]𝑗∈[1;3]

 (2) 

A priori, we do not know the ANA strategy used by each individual. Thus, the probability 𝜋𝑐 

that a respondent uses ANA strategy 𝑐 is estimated using a multinomial logit defined as  

𝜋𝑐 =
exp (𝜃𝑐)

∑ exp (𝜃𝑐)𝑐∈[1;C]
 (3) 

The parameters 𝜃𝑐 are estimated with one being constrained to zero for the identification of the 

model. Further details on the latent class logit are presented by Greene & Hensher (2003) and 

Heckman & Singer (1984). All models are estimated using python biogeme (Bierlaire 2003).  

A conditional logit is used as reference model and the latent class model is specified in two 

steps (Figure 2). First, we estimate a model with all 32 ANA strategies. Second, we exclude 

ANA strategies with a probability smaller than 0.1%.2 Reducing a general specification with 

32 classes to a more parsimonious model eases the computational burden and reduces the risk 

of overfitting (Heckman & Singer 1984). Furthermore, this approach is in line with the 

confirmatory nature of an ANA latent class model based on hypotheses about the existence of 

particular information processing strategies. This is in contrast to a latent class models used to 

explore preference heterogeneity, in which the number of classes is increased in a step-wise 

approach. The robustness of the model specification and identification has been explored in a 

 

2 Classes with a zero probability are not identified, because equation 3 is bound at zero. The latent class models 

with all 32 classes for familiar and unfamiliar respondents are available from the authors on request. 
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simulation study and the results are available in Online Supplementary Information.3 The 

estimated models are compared based on the Akaike Information Criterion (AIC), the Bayesian 

Information Criterion (BIC) and the adjusted McFadden R2 (�̅�2).  

We compare the estimated probability 𝜋𝑛𝑜_𝐴𝑁𝐴 of the full attendance class between the two 

groups of respondents to explore if ANA is a heuristic. If the probability that familiar 

respondents consider all attributes is smaller than the probability that unfamiliar respondents 

consider all attributes, we conclude that ANA mostly represents preferences.  

We calculate the probability 𝜛𝑘 of each attribute 𝑘 being ignored (ANA share) as the sum of 

the probabilities of all ANA strategies that do not consider attribute 𝑘. Standard errors of these 

estimates are obtained using the delta method and used to calculate confidence intervals 

(Oehlert 1992). We compare the ANA share for each attribute across familiar and unfamiliar 

respondents. The difference between 𝜛𝑘 estimates across models cannot be tested statistically, 

because 𝜋𝑐 is not an element of a convex parameter space and the latent class models are not 

nested (Greene & Hensher 2003). Distributions of conventional statistics like the likelihood-

ratio are unknown (McLachlan & Peel 2000). Thus, we base our judgement on confidence 

intervals. If confidence intervals of parameters do not overlap, we conclude that they are 

significantly different. However, the converse is not always true (Schenker & Gentleman 2001, 

Ryan & Leadbetter 2002, Knol et al. 2011). We therefore calculate the distance between point 

estimates of ANA shares to explore differences intuitively. We hypothesise that these distances 

are larger for attributes with a different level of familiarity in both groups. 

We also explore the number of attributes respondents consider on average. Respondents who 

consider more attributes experience a higher cognitive burden. We expect that if ANA is a 

 

3 We thank one anonymous reviewer for motivating us to explore our identification strategy in detail, which 

resulted in the Online Supplementary Information. 
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heuristic, unfamiliar respondents will consider fewer attributes than familiar respondents. To 

explore this, the probability of not considering a specific number of attributes is calculated by 

summing the corresponding probabilities 𝜋𝑐 of ANA strategies.  

3.2 Qualitative analysis 

Watson et al. (2012) hold moderated face to face discussion groups with 23 senior NHS 

managers prior to the DCE to help develop the study questionnaire and derive attributes and 

levels. Participants are sampled from the same population as DCE respondents. Participants 

are presented with vignettes describing a scenario with a clinician about whom performance 

concerns have been raised and asked how their organisation would manage such a situation. 

We opportunistically use this qualitative data to investigate if some respondents do not value 

some DCE attributes. This provides insights into the validity of the quantitative findings. If 

ANA represents preferences, we expect some NHS managers to express non-valuation of such 

attributes. Conversely, if ANA is a heuristic, there should be no evidence of non-valuation of 

included attributes. 

An inductive thematic approach is used to analyse the transcripts of the discussion groups to 

identify non-valuation expressed by NHS managers. Statements of non-valuation are those in 

which the participant states that the service is/was not valuable or useful to them and that they 

would not want to have that service. We do not specify words that are to be used by participants, 

but are guided by the context of the statement within the broader discussion group conversation. 

A topic that describes the content and context of the discussion is assigned to each of these 

statements and used to identify overarching themes that explain why some NHS managers do 

not value some services. The findings are validated independently by two researches and 

disagreements resolved by discussion. 
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3.3 Welfare implications 

ANA can affect WTP estimates (Campbell et al. 2008, Hess et al. 2013). If respondents ignore 

an attribute other than cost, WTP of these respondents for this attribute is zero. However, if 

respondents ignore the cost attribute, WTP becomes infinite. We explore the effect of assuming 

ANA is a heuristic or genuine preference using two alternative WTP measures. These two 

measures differ in their assumption about the marginal utility of ignored attributes (Hole et al. 

2014). The true average marginal utility 𝛽𝑘
∗ of an attribute 𝑘, is given by the weighted average 

of the marginal utility (𝛽𝑘) of respondents who consider the attribute and those who 

don’t (𝛽𝑘
𝐴𝑁𝐴):  𝛽𝑘

∗ = (1 − 𝜛𝑘)𝛽𝑘 + 𝜛𝑘𝛽𝑘
𝐴𝑁𝐴  The weights are the corresponding probabilities 

of considering (𝜛𝑘) or ignoring (1 − 𝜛𝑘)  the attribute.  

Assuming ANA is a heuristic, and there is no preference heterogeneity, respondents who ignore 

attribute 𝑘 have a marginal utility of 𝛽𝑘, but disregard this valuation to simplify the choice task. 

Thus, WTP for attribute 𝑘 is:  

𝑊𝑇𝑃𝑘
ℎ𝑒𝑢𝑟 =  𝛽𝑘 −𝛽𝑐𝑜𝑠𝑡⁄ . (4) 

If ANA expresses preferences then attributes that are ignored have a marginal utility of 

zero (𝛽𝑘
𝐴𝑁𝐴 = 0). Thus, to calculate WTP for attribute k, we weight the  𝛽𝑘 and 𝛽𝑐𝑜𝑠𝑡 by the 

probability that attribute 𝑘 and cost attribute are considered:  

𝑊𝑇𝑃𝑘
𝑝𝑟𝑒𝑓 =

(1 − 𝜛𝑘)𝛽𝑘

−(1 − 𝜛𝑐𝑜𝑠𝑡)𝛽𝑐𝑜𝑠𝑡
 (5) 

These WTP estimates can be used to calculate the total WTP for an existing or potential support 

package 𝑖, calculated as 

𝑊𝑇𝑃𝑖
∗ = ∑ 𝑊𝑇𝑃𝑘

𝜑
𝑥𝑖𝑘

𝑘≠𝑎𝑠𝑐

− 𝑊𝑇𝑃𝑎𝑠𝑐
𝜑

 (6) 
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where 𝑥𝑖𝑘 denotes the level of attribute 𝑘 in the support package and 𝜑 ∈ [ℎ𝑒𝑢𝑟, 𝑝𝑟𝑒𝑓] denotes 

if ANA is assumed to be a heuristic or a preference. 𝑊𝑇𝑃𝑎𝑠𝑐
𝜑

 is respondents’ WTP for avoiding 

the involvement of NCAS. 

We calculate total WTP for four hypothetical support packages to explore how different 

assumptions about ANA affect welfare conclusions (Table V). The four support packages are 

chosen to cover a spread of different attribute combinations and to increase in value (𝑊𝑇𝑃1
∗ <

𝑊𝑇𝑃2
∗ < 𝑊𝑇𝑃3

∗  < 𝑊𝑇𝑃4
∗). This allows us to explore how false assumptions about ANA may 

affect welfare conclusions. This is important, because welfare distortions due to wrong 

assumptions about ANA are not necessarily constant across support packages, if differences in 

heuristic WTP or preference WTP are not the same across attributes.  

The structure of the analysis is summarised in Figure 2. 

[Figure 2] 

4 RESULTS 

4.1 Descriptive statistics and model comparison 

Four hundred fifty-one of the 1,875 questionnaires are returned (Response rate = 24%).4 Of the 

451 respondents, 330 (73%) are familiar and 113 (25%) are unfamiliar with NCAS services. 8 

(2%) respondents are excluded from the sample due to missing data on familiarity with NCAS. 

This leaves in total 13,875 observations for the analysis (excluding missing values). 

Table II presents the estimation results. Columns 2-5 report the conditional logit model 

estimates for familiar and unfamiliar respondents under the assumption of no ANA. Columns 

 

4 While this response rate is low, Watson et al. (2012) note that it is comparable to other stated preference studies 

with medical managers. 
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6-9 report the latent class model estimates for both groups of respondents. The final latent class 

model considers 23 ANA strategies for familiar respondents and 15 for unfamiliar respondents. 

A likelihood ratio test rejects a constant only model for each estimated model (p < 0.001) and 

all estimated parameters are significantly different from zero (p < 0.001). We find that 

accounting for ANA improves the model fit for both subgroups, and the improvement is larger 

for familiar respondents. All coefficients have the expected sign. The positive constant suggests 

that respondents prefer not to buy a support package and thus prefer to deal with performance 

concerns in-house. This is intuitive, because external services incur financial costs and 

coordination effort. 

[Table II] 

4.2 Familiarity and ANA 

Table III presents the estimated probabilities that familiar and unfamiliar respondents ignore 

each attribute. If familiarity decreases respondents’ cognitive load and ANA is a heuristic, then 

unfamiliar respondents should have higher rates of ANA. In contrast, we find that familiar 

respondents are less likely to consider all attributes (4.95%) compared to unfamiliar 

respondents (16.91%). This suggests that differences in ANA between the respondent groups 

are not driven by heuristics. We argue that these differences reflect preferences. 

[Table III] 

The advice attribute is ignored by 37.02% of familiar respondents compared to 12.40% of 

unfamiliar respondents. Similarly, the facilitation attribute is ignored by 52.19% of familiar 

respondents compared to 30.08% of unfamiliar respondents. The difference in the proportion 

of familiar and unfamiliar respondents who ignore the clinical assessment attribute is less than 

1.00%. This is consistent with our expectation, because few respondents who are familiar with 
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NCAS will have experienced a clinical assessment. Behavioural assessment is ignored by 

72.14% of familiar respondents and 49.26% of unfamiliar respondents. Although this is a 

relatively large difference, caution is needed in the interpretation, because of the large 

confidence intervals with a spread of 34.41% for familiar respondents and 81.38% for 

unfamiliar respondents. 

Figure 3 presents the estimated probability of ignoring a specific number of attributes by 

familiarity. Familiar respondents have a higher probability of ignoring three or more attributes 

compared to unfamiliar respondents (49.14% vs. 26.68%). Unfamiliar respondents are more 

likely to use ANA strategies in which zero to two attributes are ignored (73.22% vs 50.86%). 

This means that familiar respondents are more likely to use ANA, to consider fewer attributes 

and therefore to process less information than unfamiliar respondents. If ANA is a heuristic we 

would expect to find the opposite. These findings support the evidence of the differences in 

ANA being due to preferences while making no judgement about the behavioural assessment 

attribute due to the large confidence intervals around attendance probabilities.  

[Figure 3] 

4.3 Qualitative analysis 

The original study used moderated discussion groups with hypothetical vignette scenarios to 

explore, which aspects of support services that assist with performance concerns with clinicians 

are valued by NHS managers (Watson et al. 2012). The authors analysed the collected data 

using a thematic analysis and the results were used to identify the DCE attributes. The authors 

acknowledged that there is evidence suggesting that some NHS managers do not value all 

identified aspects of support service. In this paper we follow-up with this concern using the 

same data and a similar qualitative method to understand why some managers do not value all 

support services. This may provide insights into ANA as preferences.   
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From the qualitative analysis of the discussion group transcripts, we identify 47 statements that 

reveal non-valuation of particular services offered by NCAS. These statements are of interest 

in the ANA context, because if some respondents do not value some services then this is a 

preference-based reason to ignore corresponding attributes in the DCE. Based on 16 topics that 

describe the context and content of these non-valuation statements, we find four latent 

overarching themes: (1) service formality; (2) potential consequences; (3) alternative 

providers; and (4) service quality.  

Theme 1 – Service formality 

Some NHS managers consider NCAS as formal and bureaucratic. These managers find that the 

standardised processes that NCAS use, cost them time and impose an unnecessary burden on 

assessed clinicians. One respondent reflects on previous experience with NCAS advice and 

states: 

R1: “NCAS is seen to be, to me, more of a bureaucratic add-on that we sort of have a long 

discussion on the telephone.” 

This NHS manager is reluctant to involve NCAS based on previous experience with 

unbeneficial services. Thus, a non-valuation of such services seems likely. In the DCE, 

managers’ general reluctance to involve NCAS is likely to be captured by the positive sign of 

the asc, but can also be reflected in respondents’ non-valuation of particular attributes. 

Theme 2 – Consequences of involving NCS 

NHS managers also raise concern about the consequences of involving NCAS, because it might 

imply that further organisational resources would have to be spent on retraining or equipment. 

One participant states:   
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R11: "If the outcome is a [clinician] needs retraining [one of our biggest problems] is who 

the heck does that and who funds it?" 

This theme explains service non-valuation and shows why respondents are reluctant to 

purchase support services. In the DCE, this is reflected by the positive sign of the opt-out 

constant. ANA may be affected by theme 2, if the expected consequences of NCAS 

involvement exceed the expected gains. 

Theme 3 – Alternative providers 

Several managers report in-house experience with performance concern management and that 

they do not need external advice or facilitation. For the DCE, this may suggest that some NHS 

managers already had mechanisms in place to manage performance concerns. These 

respondents therefore have a genuine reason to ignore attributes in the DCE. When discussing 

a hypothetical doctor with alcohol problems one manager says: 

R10: “We would just deal with that internally.” 

This implies that NHS institutions can provide some services themselves and are not willing to 

pay for this externally.  

Theme 4 – Service quality 

Some managers report previously unsuccessful NCAS consultations. Two participants state: 

R1: “They send me a letter which I then have to sub-edit because they’ve got things wrong, 

and most of the correspondence is about getting this letter right, which then at the end of the 

day they did not sign. […] So they’ve added nothing to my… to assist me.” 

R5: “Some guidance, yeah, or to say ‘this is what you need…’ and it was sort of ‘we’re not 

really sure what you should do about that one’, which wasn’t really helpful.” 
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These statements indicate that some managers don’t value advice based on their familiarity 

with the service. Respondents with similar experience might not be willing to pay for these 

services either. Additionally, some respondents explicitly express a non-valuation of particular 

services. With respect to advice, one manager stated 

R4: "I suppose I don't want them to advise on process."   

These qualitative findings suggest that there may be reasons (e.g. alternative services) for NHS 

managers to genuinely not value particular services offered by NCAS.5 This supports our 

quantitative findings that suggest ANA is mainly a preference in this study.  

4.4 Welfare implications 

Table IV presents 𝑊𝑇𝑃ℎ𝑒𝑢𝑟 and 𝑊𝑇𝑃𝑝𝑟𝑒𝑓 measures for all models. The conditional logit WTP 

values (columns 1, 4) do not account for ANA and show that familiar respondents are willing 

to pay more than unfamiliar respondents for all services except for facilitation in form of 

mediation. See Watson et al (2012) for more discussion of these results.  

[Table IV] 

𝑊𝑇𝑃ℎ𝑒𝑢𝑟(columns 2 and 5) and 𝑊𝑇𝑃𝑝𝑟𝑒𝑓(columns 3 and 6) are either comparable or 

noticeably smaller than conditional logit WTP estimates. This means that not accounting for 

ANA may overestimate valuations. Furthermore, our qualitative analysis suggests that familiar 

respondents are more likely to ignore advice and facilitation attributes, because they do not 

value them. 𝑊𝑇𝑃ℎ𝑒𝑢𝑟 values do not reflect this, given that familiar and unfamiliar respondents 

have similar valuations. In contrast, 𝑊𝑇𝑃𝑝𝑟𝑒𝑓 suggest that familiar respondents are willing to 

 

5 The large share of statements concerned with advice is due to other cases being in comparison rare (4.5% are 

clinical assessments). However, all services were discussed in the discussion groups. 
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pay less for facilitation and advice than unfamiliar respondents. Thus, 𝑊𝑇𝑃𝑝𝑟𝑒𝑓 estimates have 

a higher face-validity.  

To explore welfare implications of wrong assumptions about ANA in more detail, we present 

total WTP for four hypothetical support packages in Table V. 

[Table V] 

The welfare effect of not accounting for ANA differs across support packages. If ANA is a 

heuristic, then the WTP from the conditional logit underestimates the value of services 1-3 for 

familiar respondents by £12.41 (£82.41 - £70.00) to £39.61 (£55.72 - £16.11) and for 

unfamiliar respondents by £6.89 (£80.08 - £73.17) to £25.22 (£95.58 - £70.36). If ANA 

represents preferences, the conditional logit results underestimate the WTP of familiar 

respondents for services 1 and 2 (£16.11 vs. £36.99 and £70.00 vs. £70.39), but overestimates 

WTP for services 3 and 4 (£83.61 vs. £77.35 and £158.12 vs. £116.24).  

The range of potential welfare distortions due to ANA is larger for familiar respondents and 

smaller for unfamiliar respondents when relying on preference WTP rather than heuristic WTP. 

To quantify the overall welfare effect, we use the expected WTP defined as a weighted average 

between the WTP of familiar and unfamiliar respondents. We find the expected heuristic WTP 

to be, on average, larger by a factor of 1.18 (1.08 to 1.30) than the expected preference WTP. 

Thus, assuming that ANA is a heuristic when it actually reflects preferences results in 

overestimated welfare effects.  

5 DISCUSSION 

This is the first study that explores the extent to which ANA in DCEs might represent 

preferences using inferred ANA. The DCE data is from a study about NHS managers’ 

preferences for support services that assist with the management of performance concerns with 
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clinicians. We find that accounting for ANA improves the model fit and that familiar 

respondents are less likely to consider all attributes than unfamiliar respondents. This is not in 

line with the hypothesis that ANA is a heuristic. We therefore conclude that differences in 

ANA between the groups are due to preferences. Our econometric results are supported by an 

opportunistic qualitative analysis of discussion group transcripts that shows some managers do 

not value all services due to their experience with NCAS. 

 

We compare WTP estimated under two assumptions: ANA is a heuristic and ANA is a 

preference. We find that the assumption about respondents’ reason to ignore attributes affects 

welfare estimates. We use WTP estimates to compare different hypothetical support packages 

and find that respondents’ expected WTP is 1.08 to 1.30 times larger when ANA is assumed 

to be a heuristic rather than a preference. This may have important implications for the 

allocation of health care resources based on DCE studies. For example, in an economic 

evaluation, wrong assumptions about ANA can affect the estimated benefits and consequently 

the cost-benefit ratio. This may result in suboptimal recommendations about whether a policy 

should be implemented or not. Our analysis has some limitations. (1) ANA might be 

statistically confounded with preference heterogeneity (Hess et al. 2013, Hensher et al. 2013, 

Collins et al. 2013). While we do not consider differences in taste within the two groups, our 

findings suggest that there are confounding effects between ANA due to preferences and ANA 

due to other behavioural reasons. (2) we assume that familiarity decreases cognitive load. This 

might not hold in every situation (e.g. if best-practice and routine choices have been 

established). In this study we expect the assumption to hold, because performance concerns 

with clinicians are a rare event (NCAS 2012) and the DCE alternatives are formulated as 

generic insurance packages. (3) our opportunistic thematic analysis is limited because the 

discussion groups are not designed to gather information about decision rules. Future studies 
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may therefore use process tracking techniques such as think-aloud to overcome these 

limitations (Ryan et al. 2009). (4) familiarity might be correlated with cognitive ability. 

However, given the relatively homogenous sample of highly educated NHS managers in an 

occupation with very similar responsibilities, we have no reason to believe that this is the case 

in our study. (5) our discussion distinguishes between ANA as preferences and ANA as 

heuristic. However, there might be other reasons for respondents to not attend to attributes, 

including protest behaviour or disbelief of selected attributes (Alemu et al. 2013, Meyerhoff et 

al. 2014). ANA for these reasons may explain non-attendance of the cost attribute. However, 

little is known about whether protest or disbelief behaviour results in ANA, or other behaviour 

such as serial non-participation and non-response (Roger et al. 2005). Future research could 

follow up with this concern by employing qualitative techniques such as think aloud protocols 

(Ryan et al. 2009).  

Our findings have practical implications for DCE practitioners: studies of ANA and its causes 

need to distinguish between attributes that are generally not important to the majority of 

respondents and attributes that are ignored by only some respondents. Attributes that are 

generally not important should be identified and excluded at the design stage (based on 

discussion groups and pilots). This paper is concerned with attributes that are ignored by only 

a subset of respondents. Previous studies assume that these attributes are only ignored to 

simplify choices (ANA as heuristic). However, we show that this assumption results in 

misleading welfare estimates, if ANA is a preference. Future research should therefore proceed 

with caution when accounting for ANA and investigate why respondents do not consider 

attributes. This is important, because ANA and the reasons for it are likely to differ across 

applications and samples. For example, the NHS managers in the application of this paper are 

well educated and used to making complex decisions. Other respondents (e.g. with less edu-

cation) may struggle more with similar choices (Sælensminde 2006). This should be 
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investigated in future studies, because little is known about the link between respondents’ 

characteristics and the use of heuristics in health DCEs. Given the limitations of econometric 

modelling and subjective reflections, think aloud methods (Ryan et al. 2009) and eye-tracking 

(Krucien et al. 2014, Balcombe et al. 2015) may provide more insight into causes of ANA in 

different applications, especially at the design and evaluation stage of DCE studies.    
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Table I Attributes and levels of the DCE 

 
 

 
Expected ANA share 

(assuming ANA is a heuristic) 

Attributes Attribute levels and corresponding parameters Unfamiliar respondents Familiar respondents 

Advice 

(1) no advice 

(2) web based (𝛽𝑎𝑑_𝑤𝑒𝑏) 

(3) web based + telephone (𝛽𝑎𝑑_𝑝ℎ𝑜𝑛𝑒) 

(4) web based + telephone + written summary (𝛽𝑎𝑑_𝑓𝑢𝑙𝑙) 

High Low 

Facilitation 

(1) no facilitation 

(2) facilitation (𝛽𝑓𝑎_𝑚𝑒𝑑𝑖𝑎𝑡𝑖𝑜𝑛) 

(3) facilitation + action plan (𝛽𝑓𝑎_𝑝𝑙𝑎𝑛) 

(4) facilitation + action plan + monitoring the implementation (𝛽𝑓𝑎_𝑓𝑢𝑙𝑙) 

High Low 

Behavioural assessment 

(1) no behavioural assessment  

(2) availability of behavioural assessment (𝛽𝑏𝑒_𝑎𝑠𝑠𝑒𝑠𝑠) 

 

Small difference only 

Clinical assessment 

(1) no clinical assessment 

(2) limited assessment (𝛽𝑐𝑙_𝑙𝑖𝑚𝑖𝑡𝑒𝑑) 

(3) full assessment (𝛽𝑐𝑙_𝑛𝑜_𝑜𝑟𝑔𝑎) 

(4) full assessment + assessment of organisational factors (𝛽𝑐𝑙_𝑓𝑢𝑙𝑙) 

Small difference only 

Cost (1) £10   (2)   £25   (3)   £50   (4)   £75   (𝛽𝑐𝑜𝑠𝑡)  Small difference only 

 

 

 



 

 
 

Table II Estimated marginal utilities and information criteria a 

    conditional logit latent class logit – ANA 

    Familiar Unfamiliar  Familiar (23 classes) Unfamiliar (15 classes) 

  Coefficient Estimate 95% CI Estimate 95% CI Estimate 95% CI Estimate 95% CI 

Asc (opt-out) 2.191* [1.783,2.599] 1.894* [1.257,2.532] 2.100* [1.678,2.522] 2.002* [1.423,2.580] 

    (0.208)  (0.352)  (0.215)  (0.295)  
Advice         
  Web 0.754* [0.554,0.954] 1.058* [0.709,1.407] 1.538* [1.169,1.907] 2.062* [1.575,2.548] 

    (0.102)  (0.178)  (0.188)  (0.248)  
  Web, phone 1.529* [1.331,1.727] 1.719* [1.372,2.067] 3.378* [2.958,3.798] 3.019* [2.485,3.553] 

    (0.101)  (0.177)  (0.214)  (0.272)  
  Full advice (incl. summary) 1.650* [1.465,1.834] 1.688* [1.360,2.017] 3.598* [3.163,4.033] 2.978* [2.428,3.527] 

    (0.094)  (0.167)  (0.222)  (0.280)  
Facilitation         
  Mediation 0.534* [0.342,0.726] 0.840* [0.510,1.169] 1.506* [1.118,1.895] 1.877* [1.452,2.303] 

    (0.098)  (0.168)  (0.198)  (0.217)  
  Mediation, help with action plan 0.898* [0.718,1.079] 1.068* [0.756,1.380] 2.656* [2.174,3.138] 2.176* [1.755,2.598] 

    (0.092)  (0.159)  (0.246)  (0.215)  
  Full facilitation (incl. monitoring) 0.991* [0.823,1.160] 1.259* [0.964,1.553] 2.618* [2.236,3.000] 2.467* [2.021,2.912] 

    (0.086)  (0.150)  (0.195)  (0.227)  
            
Behavioural assessment 0.606* [0.502,0.710] 0.436* [0.255,0.616] 2.400* [1.777,3.024] 1.256* [0.620,1.891] 

    (0.053)  (0.092)  (0.318)  (0.324)  
Assessment of clinical practice         
  Limited  0.770* [0.587,0.952] 0.717* [0.409,1.025] 1.749* [1.365,2.133] 1.729* [1.254,2.204] 

    (0.093)  (0.157)  (0.196)  (0.242)  
  Full 1.218* [1.046,1.391] 0.946* [0.660,1.233] 2.973* [2.548,3.399] 2.007* [1.446,2.568] 

    (0.088)  (0.146)  (0.217)  (0.286)  
  Full and organisational factors 1.498* [1.309,1.686] 1.108* [0.786,1.430] 3.705* [3.268.4.142] 2.682* [2.129,3.235] 

    (0.096)  (0.164)  (0.223)  (0.282)  
            
Cost of support package -0.014* [-0.016,-0.012] -0.022* [-0.026,-0.018] -0.069* [-0.078,-0.061] -0.061* [-0.712.-0.052] 

    (0.001)  (0.002)  (0.004)  (0.005)  
LL -3124.84 -1032.35 -2399.84 -800.13 

AIC 6273.68 2088.69 4867.68 1652.27 

BIC 6347.45 2149.47 5076.70 1783.95 

�̅�2 0.17 0.19 0.36 0.36 

a Standard errors in parentheses  * p-value < 0.001                 



 

 
 

Table III Estimated probabilities of ANA by attribute, based on the latent class model a 

  Familiar Unfamiliar 
Difference 

 Prob. 95% CI b Prob. 95% CI c 

Probability of considering all attributes  4.95% [-1.62%,11.51%] 16.91% [5.12%,28.70%] 11.96% 

Probability of ignoring           

Advice 37.02% [26.41%,47.63%] 12.40% [2.10%,22.70%] 24.62% 

Facilitation 52.19% [41.65%,62.74%] 30.08% [18.87%,41.30%] 22.11% 

Behavioural assessment 72.14% [47.32%,96.96%] 49.26% [9.17%,89.35%] 22.88% 

Clinical assessment  34.49% [24.26%,44.72%] 35.39% [15.35%,55.43%] 0.90% 

Cost of support package 49.67% [37.80%,61.53%] 40.60% [26.12%,55.03%] 9.07% 

a Given the difficulty in interpreting 𝜃𝑐 parameters in equation 3 and corresponding inference directly, we only present the resulting ANA 

probabilities. However, the full estimates of the class membership model are available from the authors on request. 
b confidence intervals are obtained using Delta method  

 



 

 
 

Table IV Estimated WTP for the different attributes based on the conditional logit and the latent class model 

    Familiar Unfamiliar 

    Conditional logit Latent class model Conditional logit Latent class model 

Coefficient 𝑊𝑇𝑃𝑖
a 𝑊𝑇𝑃ℎ𝑒𝑢𝑟

𝑖
a 𝑊𝑇𝑃𝑝𝑟𝑒𝑓

𝑖
b 𝑊𝑇𝑃𝑖

 a 𝑊𝑇𝑃ℎ𝑒𝑢𝑟  a 𝑊𝑇𝑃𝑝𝑟𝑒𝑓
𝑖
b 

  
       

Asc (opt-out) £152.08* £30.45* £60.50* £86.09* £32.57* £54.38* 

 
        

Advice        

 Web £52.36* £22.30* £27.90* £48.09* £33.54* £49.46* 

 Web, phone £106.25* £48.99* £61.30* £78.14* £49.11* £72.43* 

 Full advice (incl. summary) £114.58* £52.18* £65.29* £76.73* £48.44* £71.44* 

 
        

Facilitation        

 Mediation £37.08* £21.84* £20.75* £38.18* £30.54* £35.95* 

 Mediation, help with action plan £62.36* £38.51* £36.58* £48.55* £35.41* £41.68* 

 Full facilitation (incl. monitoring) £68.82* £37.96* £36.06* £57.23* £40.13* £47.24* 

 
       

 
 

       
 

Behavioural assessment £42.08* £34.80* £19.27* £19.82* £20.43* £17.45* 

 
       

 
Assessment of clinical practice        

 Limited  £53.47* £25.36* £33.01* £32.59* £28.13* £30.60* 

 Full £84.72* £43.12* £56.12* £43.00* £32.66* £35.52* 

  Full and organisational factors £104.17* £53.73* £69.93* £50.36* £43.64* £47.47* 
a based on equation (4) b based on equation (5)* p-value < 0.001   

  



 
 

Table V Total WTP for different potential support packages offered by NCAS 

  Support packages 

  (1) (2) (3) (4) 

Advice 

Web x  x  

Web, phone  x   

Full advice (incl. summary)    x 

      

Facilitation 

Mediation   x  

Mediation, help with action plan x x   

Full facilitation (incl. monitoring)    x 

      

Behavioural assessment   x x 

      

Clinical assessment 

Limited x x   

Full    x 

Full and organisational factors   x  

Conditional logit     

Familiar respondents £16.11 £70.00 £83.61 £158.12 

Unfamiliar respondents £43.14 £73.19 £70.36 £110.69 

Familiar and unfamiliar respondents (weighted) £23.00 £70.81 £80.23 £146.02 

Latent class model     

𝑊𝑇𝑃ℎ𝑒𝑢𝑟     

Familiar respondents £55.72 £82.41 £102.22 £137.61 

Unfamiliar respondents £64.51 £80.08   £95.58 £109.09 

Expected WTP of familiar and unfamiliar respondents £57.96 £81.82 £100.53 £130.34 

𝑊𝑇𝑃𝑝𝑟𝑒𝑓     

Familiar respondents £36.99 £70.39 £77.35 £116.24 

Unfamiliar respondents £67.36 £90.33 £95.95 £117.27 

Expected WTP of familiar and unfamiliar respondents  £44.74 £75.48 £82.09 £116.50 
a X indicates available services   
b WTP of familiar and unfamiliar weighted with the share of each type of respondents in the sample 

 

  



 
 

Figure 1 Example choice set 

 

  



 
 

Figure 2 Structure of the analysis 

 

  



 
 

Figure 3 Estimated probability of ignoring a specific number of attributes 

 


