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Abstract

This dissertation investigates the methodology and application of discrete choice exper-

iments (DCEs) in the health care sector to elicit preferences of patients and physicians,

focusing on human immunodeficiency virus (HIV) treatment and total hip replacement

(THR) surgery. Its objective is to understand how individuals value different healthcare

attributes and to inform the development of patient-centred composite quality mea-

sures. Additionally, the research explores how the relative importance of attributes

varies depending on the estimation approach used.

Grounded in random utility theory, DCEs provide a robust framework for understand-

ing how individuals value different healthcare attributes by presenting hypothetical

scenarios requiring trade-offs. The work reviews advanced statistical models for DCE

analysis, including multinomial logit, random parameters logit, and latent class mod-

els among others, highlighting their strengths and limitations in capturing preference

heterogeneity. It emphasises the importance of rigorous experimental design, including

attribute selection, level coding, and efficient choice set construction, to ensure validity

and reliability. It also critically assesses model selection criteria, advocating for the use

of information-theoretic measures to balance model complexity and interpretability.

Empirical studies form the core of the dissertation, comprising three discrete choice

experiments. The first investigates preferences of people living with HIV in Germany

regarding long-acting antiretroviral therapies, revealing that dosing frequency and long-

term side effect risks are paramount. The second study compares patient and physician

preferences for hospital quality indicators related to THR, uncovering notable differ-

ences in attribute prioritisation, such as the emphasis on revision surgery rates by

physicians versus postoperative complication rates by patients. The third study fo-

cuses on patient preferences for hospital choice in elective THR surgery, identifying

quality of treatment and hospital case volume as the most influential factors.

The findings of the applied experiments have practical implications for healthcare

decision-making, suggesting that incorporating patient and physician preferences into

composite quality measures can enhance the relevance and acceptance of health report

cards and treatment regimens. Furthermore, the comparison of model approaches indi-

cates that the relative importance of attributes is insensitive across different single-class

models, but sensitive in latent class models. The dissertation concludes by advocat-

ing for further research into the impact of variable types on model outcomes and the

integration of preference-based weighting in health policy tools, thereby advancing

patient-centred care and informed provider choice.
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1 Introduction

The discipline of health economics is concerned with understanding how scarce re-

sources are allocated in health systems to improve population health. Its fundamental

tasks include the identification, measurement, assessment, and comparison of the costs

and benefits of potential outcomes of policies or services. In health economics, utility

serves as the theoretical and quantitative foundation for analysing how individuals and

societies value health outcomes. It represents a preference-based measure of the desir-

ability of different health states, linking economic theory to empirical assessments of

quality of life and guiding decisions about resource allocation.

In classical utility theory, preference relations are the standard representation for utility

(Jehle and Reny, 2001). Random utility theory extends the classical utility theory by

adding a random component to utility. This allows for choice behaviour that may seem

non-rational, which is often observed but not covered by classical utility theory. Thus,

it provides a realistic, probabilistic framework to analyse and predict actual choice

behaviour under uncertainty (Hensher et al., 2015).

The standard estimation technique for random utility theory is discrete choice experi-

ments (DCEs). DCEs make it possible to estimate indirect utility functions, allowing

one to derive utility values consistent with observed choices under uncertainty and

trade-offs from data on either revealed or stated preferences. While revealed preferences

are based on real-world data, stated preferences rely on survey data, with respondents

choosing from hypothetical scenarios. There are several advantages of stated choice

experiments. Among them are their ability to simulate actual decisions very closely,

their ability to include alternatives that do not yet exist, or non-use values, and their

easy implementation, whereas real-world data are often not available for the research

question at hand (Rao, 2014; Hanley and Czajkowski, 2019).

The methodology of DCEs is rooted in the principles of random utility theory and con-

sumer choice theory, which were developed by McFadden (1973; 1981) and Lancaster

(1966), respectively. It is based on the assumptions that alternatives can be described

by characteristics and that their utility for individuals depends on the levels of these
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attributes (de Bekker-Grob, 2009). Being developed originally for market research,

DCEs gained popularity in health economics over time and evolved into a significant

approach in the domain (de Bekker-Grob, 2009; de Bekker-Grob et al., 2012; Soekhai

et al., 2019; Nouwens et al., 2025). Other fields of application include, e.g. environ-

mental economics (e.g. Lanz and Provins, 2013), transport economics (e.g. Bhat, 1995),

and labour market research (e.g. Woodgate et al., 2025).

Discrete choice experiments have emerged as a pivotal methodological approach in

health economics for quantifying preferences across a wide spectrum of health care

services, interventions, and policies. They allow the systematic analysis of how indi-

viduals value different characteristics. This is achieved by presenting participants with

hypothetical scenarios involving two or more alternatives, each described by a different

combination of characteristics, and asking them to make choices between them. Within

this framework, individuals select the alternative that offers the greatest utility. By

observing multiple choices across scenarios, researchers can infer the relative utilities of

different attributes, thereby gaining a comprehensive understanding of individual pref-

erences. This way, DCEs make it possible to reveal respondents’ preferences and derive

their utility for single attributes. For most types of estimation models, it is possible

to deduce the marginal rate of substitution, which captures the trade-off between at-

tribute levels, and conduct standard welfare analysis (de Bekker-Grob, 2009; Cameron

and Trivedi, 2005; Greene, 2012; Eggers et al., 2022). If the model is connected to

a monetary cost or travel distance, one can construct respondents’ willingness to pay

(e.g. Wong et al., 2016; Bühn et al., 2020) or willingness to travel (e.g. Shalowitz et al.,

2018).

One advantage of DCEs is that they allow for tasks that are reasonably straightforward

and resemble realistic situations for participants (Mangham et al., 2009). Unlike more

traditional methods such as rating and ranking, which ask respondents to evaluate

alternatives directly based on their overall preferences, DCEs force participants to

make trade-offs between competing attributes (Eggers et al., 2022). This way, DCEs

are able to mimic real-life choices more accurately compared to rating or ranking, as

individuals select among realistic alternatives rather than assigning abstract scores.
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This design avoids scale bias and provides stronger inferential validity for behavioural

predictions and policy analysis. Furthermore, DCEs yield parameter estimates that

are consistent with economic demand theory, enabling formal welfare measures that

are not possible through simple ranking exercises.

However, numerous approaches to conducting conjoint analysis exist, and not all of

them are suitable for addressing every research question. Without consensus-based

methodological standards, the acceptance and reliability of these methods may remain

limited (Bridges et al., 2011). Therefore, checklists and guidelines for good research

practice (e.g. Lancsar and Louviere, 2008; Bridges et al., 2011; Johnson et al., 2013;

Hauber et al., 2016) ensure the validity and credibility of the experiments.

This dissertation deals with the quantification of the preferences of patients and physi-

cians in the health care sector by using DCEs based on stated preferences. Its con-

tribution comprises the elicitation of preferences in the health sector for patients with

HIV, for patients before and after total hip replacement (THR), and for physicians

related to THR. It is built around three articles published previously: Emmert et al.

(2023) study the preferences of patients with HIV for current and novel long-acting

antiretroviral therapy; Emmert et al. (2024) compare the preferences of physicians and

patients after THR surgery for important hospital characteristics; and Rohrbacher and

Emmert (2025) analyse the preferences for hospital properties of patients searching

for information on THR treatment. While the first article may help in improving the

quality and acceptance of future therapy regimens, the second and third articles may

support the development and enhancement of health report cards on THR treatment.

Additionally, I analyse the estimation approaches used in the three studies in order to

identify superior and inferior modelling strategies.

The following text provides an in-depth exploration of the theoretical foundations, prac-

tical implementations, and current challenges related to DCEs in health economics. It

is a compilation of the three abovementioned studies applying DCEs in health eco-

nomics and addresses the following objectives:

1. To provide an overview of the current state of statistical methods and the appro-
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priate implementation of experiments for analysing DCEs in health economics.

2. To critically assess the implementation and results of three recent DCE studies in

health economics: Emmert et al. (2023), Emmert et al. (2024), and Rohrbacher

and Emmert (2025).

3. To compare the sensitivity of relative attribute importance across different model

approaches on the basis of these three studies.

This dissertation contains three parts. The first part (Chapter 2) provides an overview

of the latest estimation methods for DCEs and current good practice in the experi-

mental design of DCEs. The second part (Chapters 3–5) presents the actual substance

of the dissertation: It describes four applications of DCEs developed for real choice

problems in health services research based on the publications Emmert et al. (2023),

Emmert et al. (2024), and Rohrbacher and Emmert (2025). The third and last part

(Chapter 6) presents the critical discussion and comparison of the studies presented in

the previous part and draws conclusions concerning the stated objectives.
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Bühn, S., J. Holstiege, and D. Pieper (2020). Are patients willing to accept longer

travel times to decrease their risk associated with surgical procedures? A systematic

review. BMC Public Health 20 (1), 253.

Cameron, A. C. and P. K. Trivedi (2005). Microeconometrics: Methods and Applica-

tions. Cambridge University Press.

4



de Bekker-Grob, E. (2009). Discrete choice experiments in health care: Theory and

applications. Doctoral thesis, Erasmus University Rotterdam.

de Bekker-Grob, E. W., M. Ryan, and K. Gerard (2012). Discrete choice experiments

in health economics: A review of the literature. Health Economics 21 (2), 145–172.

Eggers, F., H. Sattler, T. Teichert, and F. Völckner (2022). Choice-based conjoint

analysis. In Handbook of Market Research, pp. 781–819. Heidelberg: Springer.

Emmert, M., S. Rohrbacher, J. Jahn, K. Fernando, and M. Lauerer (2023). Preferences

of people living with HIV for long-acting antiretroviral treatment in Germany: Evi-

dence from a discrete choice experiment. The Patient – Patient-Centered Outcomes

Research 16 (5), 537–553.

Emmert, M., S. Rohrbacher, F. Meier, L. Heppe, C. Drach, A. Schindler, U. Sander,
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2 Background

This section surveys recent methodological advancements in the field of DCEs. Sec-

tion 2.1 systematically reviews contemporary statistical techniques employed in DCE

analysis. Section 2.2 examines the current state of practical implementation and ex-

perimental design of DCEs.

2.1 Statistical Methods

This part reviews the foundations of various modelling approaches for estimating DCEs.

It begins by presenting the random utility model as the theoretical basis for eliciting

preferences by using DCEs, and introduces logit models as the primary estimation

method for DCEs. Subsequently, the underlying model assumptions and associated

issues are discussed, and a range of advanced modelling approaches are presented.These

approaches allow for the relaxation or modification of the restrictive assumptions of

traditional logit specifications.

2.1.1 Random Utility Model

The theoretical fundament for linking discrete choice experiments to a decision-maker’s

choice is the random utility model (RUM) (McFadden, 1981; Walker and Ben-Akiva,

2002). The RUM allows a consumer to choose between alternatives according to the

highest satisfaction or utility (Cameron and Trivedi, 2005; Greene, 2012). The assump-

tion is that specific characteristics of an alternative – so-called attributes – determine

the individual utility evaluation, which forms the basis for the observable choice be-

haviour (Eggers et al., 2022). Starting with the binary case of two alternatives, the

RUM specifies the utility Uij of alternatives j ∈ {0, 1} for individual i as

Ui0 = Vi0 + εi0, (2.1)

Ui1 = Vi1 + εi1,
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where Vij comprises the deterministic components of utility, while εij describes the

random component of utility (McFadden, 1974; Eggers et al., 2022). The determinis-

tic components may comprise choice-specific attributes, as well as individual-specific

features like gender or age, whereas the random components represent the stochastic

elements of the individuals that are unknown to the observer (Greene, 2012). The

consumer chooses the alternative that provides a higher utility. Denote the consumer’s

choice of alternative 1 as yi = 1; this implies Ui1 > Ui0. Due to the random components

of utility, the choice is a random event with

Pr [yi = 1] = Pr [Ui1 > Ui0]

= Pr [Vi1 + εi1 > Vi + εi0]

= Pr [Vi1 − Vi0 > εi0 − εi1]

= F (Vi1 − Vi0) , (2.2)

where F (·) is the cumulative distribution function of (εi0−εi1) and (Vi1−Vi0) collects all

observable differences between both alternatives (Cameron and Trivedi, 2005; Greene,

2012). Hence, the consumer is more likely to choose the alternative with the higher

utility, which requires that the difference among deterministic components exceeds the

residual of errors (Eggers et al., 2022). Note that (Vi1 − Vi0) reduces to the differences

between choice-specific features, because individual-specific features are constant for

the choice among two alternatives (Greene, 2012; Eggers et al., 2022).

The RUM is easily generalised for more than two alternatives. In this case, it becomes

a multinomial model of utility with a choice between m alternatives, where the utility

of alternative j for individual i is described as

Uij = Vij + εij, j = 1, . . . ,m. (2.3)

Now, each alternative is compared against all other alternatives. As before, the RUM

assumes that the alternative with the highest utility is chosen. Therefore, equation (2.2)

9



for m alternatives turns into

Pr [yi = j] = Pr [Uij > Uik, all k 6= j]

= Pr [Uij − Uik > 0, all k 6= j]

= Pr [Vij − Vik > εik − εij, all k 6= j] . (2.4)

Also, in the multinomial case, individual i chooses alternative j over all alternatives

k if the utility of j is highest, which requires a positive residual from (Vij − Vik) that

is larger than the differences between errors (εik − εij) (Cameron and Trivedi, 2005;

Train, 2009; Greene, 2012).

The deterministic components of utility comprise the impact of the alternative’s at-

tributes and corresponding levels translated into partworth utilities. In its general

form, this function can be written as

Vij = Ψi [fi1(vij1), fi2(vij2), . . . , fin(vijn)] , (2.5)

where vija stands for the partworth utility of attribute a = 1, 2, . . . , n of alternative

j = 1, 2, . . . ,m for individual i, fia represents the evaluation function of attribute a,

and Ψi is the linkage function to combine partworth utilities across attributes. The

evaluation function fia characterises the isolated assessment of the attribute, whereas

the linkage function Ψi defines how to combine the partworth utilities of all attributes

(Teichert, 2001). In the most simple way, Ψi may manifest in additive form such that

Vij = fi1(vij1) + fi2(vij2) + · · ·+ fin(vijn), (2.6)

as proposed by, e.g. Rao (2014) or Eggers et al. (2022). Here the deterministic com-

ponent of utility is simply the sum of all underlying partworth utilities.

2.1.2 Logit Models as Standard Estimation Method

The RUM requires estimation methods suitable for the discrete outcome of the depen-

dent variable. In this class, the logit model and its variations happened to become the
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workhorse for estimating the RUM (de Bekker-Grob et al., 2012; Soekhai et al., 2019;

Nouwens et al., 2025), due to conceptional and computational advantages (Cameron

and Trivedi, 2005; Greene, 2012).

Let us start once again with the binary case. The logit model arises if both εi0 and εi1

are assumed to be independently identically distributed (i.i.d.) with a type 1 extreme

value distribution (EV1) (McFadden, 1973). In this case, the difference between the

random variables, εi = (εi0 − εi1), has a density of

f(εi) = e−εi exp(−e−εi), −∞ < εi <∞, (2.7)

and the corresponding cumulated distribution function (cdf) is F (εi) = exp(−e−εi).

Given this, the difference (ε0 − ε1) can be shown to be logistic-distributed such that

F (·) in equation (2.2) becomes the logistic cumulated distribution function (Cameron

and Trivedi, 2005).1 Accordingly, for (V1− V0) = x′iβ, equation (2.2) takes the form of

the logit model, which reads as

Pr [yi = 1] = F (x′iβ) =
ex
′
iβ

1 + ex
′
iβ
, (2.8)

where xi is a vector of explanatory variables of individual i and β is the vector with the

corresponding estimation parameters. The assumed EV1 distribution is right-skewed

over (−∞,∞), with most mass between -2 and 5. In its standard form without an

additional scaling parameter2, it has a non-zero mean E(ε) = 0.57221 and variance

Var(ε) = π2

6
. Compared to the normal distribution, it has less weight in the tails

(Cameron and Trivedi, 2005; Hensher et al., 2015). The difference between two EV1-

distributed random variables, as described in equations (2.2) and (2.4), has a logistic

distribution, which is symmetric, like the normal distribution, and thus is considered

an appropriate approximation of the normal distribution (Greene, 2012).

1Cameron and Trivedi (2005) also provide a detailed derivation of this result.

2Hensher et al. (2015) discuss the impact of various scale parameters on the distribution.
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Figure 2.1:
Predicted probability of a binary logit model

Although the assumption of EV1 errors may seem to be rather unusual at first, the

logit model comprises several advantages. First of all, unlike linear probability models

it takes the discreteness of the dependent variable into account. Moreover, it ensures

that the predicted probabilities remain between zero and one, as can be seen from

Figure 2.1 (Cameron and Trivedi, 2005; Greene, 2012). Due to its closed form, the

estimation is easily implemented with maximum likelihood methods (Cameron and

Trivedi, 2005; Greene, 2012). Therefore, the logit model is a good representation for

the binary RUM.

As discussed above, it is possible to derive the multinomial logit (MNL) model from the

multinomial RUM with plausible and interpretable assumptions about the error terms

(Croissant, 2020). Consider once again i.i.d. EV1 error components for all options

such that

f(εij) = e−εij exp(−e−εij), −∞ < εij <∞, (2.9)

where εij is the random component of individual i choosing alternative j. Given this,
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equation (2.4) can be evaluated as

Pr [yi = j] =
eVij

eV1 + eV2 + · · ·+ eVm
, (2.10)

where Vij = x′ijβ.3 This corresponds to an extension of the binary logit model to the

multinomial case, which estimates the probability that individual i chooses alterna-

tive j among m alternatives. The properties of the binary model also apply for the

multinomial model. Due to the closed form, the estimation of the MNL model remains

tractable through maximum likelihood estimation and does not require computation-

ally demanding simulation methods like most alternative model approaches. Moreover,

the discreteness and range of the dependent variable are respected and the model is

consistent with the utility-maximising behaviour of the RUM (Cameron and Trivedi,

2005; Greene, 2012; Hensher et al., 2015). Therefore, also in the multinomial case, the

logit model is a good representation of the RUM.

Thus far, only alternative-varying regressors are assumed for the sake of simplicity,

such that

Vij = x′ijβ (2.11)

in equation (2.10). In this case, xij takes different values for different alternatives

j and the estimated parameter β is constant across alternatives. However, with no

loss of generality it is possible to implement alternative-invariant regressors such as,

e.g. socioeconomic characteristics. In this case, xi does not change across alternatives,

whereas now the parameters βj vary with alternative j. The extreme case of solely

alternative-invariant regressors would give

Vij = x′iβj. (2.12)

Finally, it is also possible to combine alternative-varying and alternative-invariant re-

gressors such that

Vij = x′ijβ + x′iγj (2.13)

3For a detailed derivation of this result, see, e.g. Croissant (2020).
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in equation (2.10), where β is the estimate of the alternative-varying variables xij and

γj is the estimate of the alternative-invariant variables xi (Cameron and Trivedi, 2005;

Greene, 2012).4

To summarise, the logit model is a useful approach due to mathematical convenience.

Its major advantage is that it keeps its closed form even in the multinomial case.

Therefore, estimation remains tractable within maximum likelihood estimation meth-

ods. Other approaches discussed in the following chapter cannot be solved in closed

form, meaning that their estimation relies on computationally more complex solution

methods. Therefore, the logit model is an obvious choice to use to estimate the RUM

and a good starting point; as a result, it finds widespread application among health-

related discrete choice experiments (de Bekker-Grob et al., 2012; Soekhai et al., 2019;

Nouwens et al., 2025). However, the closed form arises from the rather strong assump-

tion of i.i.d. EV1 error components. The postulation of independent errors is quite

restrictive, as it may be easily violated if two alternatives are similar. This violation

is also known as the assumption of independence of irrelevant alternatives or the red

bus-blue bus problem (Cameron and Trivedi, 2005). The following subsections discuss

the relaxation of these restrictions and the corresponding models.

2.1.3 Independence of Irrelevant Alternatives

The MNL model is a reasonable starting point, but it may be too restrictive due to the

strong assumption that unobserved components are independent and identically dis-

tributed and follow a type 1 extreme value distribution (see, e.g. Cameron and Trivedi,

2005; Greene, 2012; Hensher et al., 2015). This assumption implies that random com-

4Please note that the naming of the models is inconsistent in the literature due to historical rea-

sons. Sometimes, the multinomial logit model is considered only with alternative-invariant regressors,

whereas the model with only alternative-varying regressors is called the conditional logit model; mean-

while, the model with both kinds of regressors is called the mixed logit model (Cameron and Trivedi,

2005; Greene, 2012). However, to stay in line with the recent literature in health economics and to

avoid ambiguities, I call all three kinds of models multinomial logit models in this text despite being

aware of this discussion.
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ponents are uncorrelated and of equal size across alternatives (Hensher et al., 2015).

The hypothesis of such errors results in the independence of irrelevant alternatives

(IIA) hypothesis.

The IIA may lead to implausible behaviour from the MNL model. For illustration,

let us consider two alternatives p and q out of m possible alternatives. Given this,

equation (2.10) implies

Pr [yi = q] =
eViq∑m
k=1 e

Vk
, (2.14)

Pr [yi = p] =
eVip∑m
k=1 e

Vk
, (2.15)

for both alternatives. The ratio of the probabilities of the alternatives is then

Pr [yi = q]

Pr [yi = p]
=

eViq

eVip
= eVq−Vp . (2.16)

Here, the probability ratio depends only on the characteristics of both alternatives

but is independent of the probabilities of the remaining alternatives (Greene, 2012;

Croissant, 2020). As an extreme example, let us consider the travelling options of a

car and a red bus with initially equal probabilities of 0.5. Let us now introduce a blue

bus, which is identical to the red bus apart from the colour. Under the IIA hypothesis

and continuing with equal likelihood, the probabilities of each alternative would now

be 0.33 each, implying that taking the bus (independent of colour) would now have

a higher probability of 0.67, whereas the probability of taking the car would shrink

to 0.33. In reality, one would expect that the probability for using the car would

remain at 0.5, whereas the probability for taking the bus would split up between blue

and red such that the cumulated sum of probabilities for taking any bus would be 0.5

(Cameron and Trivedi, 2005). This weakness usually appears in settings with three or

more alternatives.

The IIA itself is not a problem, but it may be violated in applied data (Croissant,

2020). However, different models can be generated by different assumptions about
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the joint distribution of the errors. This helps to create models that circumvent the

IIA hypothesis (Cameron and Trivedi, 2005). Furthermore, the MNL model implicitly

assumes that individuals and their choices are homogeneous. However, preference may

be structurally heterogeneous across individuals or groups. Therefore, the following

subsections present various approaches to relax the assumptions of the MNL model to

correct for the IIA hypothesis and allow unobserved preference heterogeneity. Please

note that the discussion is limited to models mainly applied in health-related studies

(de Bekker-Grob et al., 2012; Soekhai et al., 2019; Nouwens et al., 2025). For a more

detailed (though not complete) list, see, e.g. Hensher et al. (2015).

2.1.4 Probit Models

The previous subsection presented the logit model as a standard estimation approach

for the RUM. Logit models rely on the assumption that errors follow a type 1 extreme

value distribution. At first glance, an obvious alternative would be the probit model,

where the errors are independent and normally distributed. For the binary case, with

the normalisation of the variance of (εi0 − εi1) to unity, the cdf F (·) in equation (2.2)

becomes the standard normal cdf with εi ∼ N [0, 1]. Inserting the standard normal

distribution function into F (·) of equation (2.2) then gives us the binary probit model

Pr [yi = 1] = F (x′iβ) =

∫ x′iβ

−∞
φ(z)dz, (2.17)

where φ(·) is the standard density function (Cameron and Trivedi, 2005; Greene, 2012).

In the binary case, the probit model can be solved by maximum likelihood estimation

just like the logit model. Empirically, there is little difference between the models

(Cameron and Trivedi, 2005).

In the multinomial case, the cdf F (·) becomes the multivariate normal cdf in equation

(2.4) with zero mean and a covariance matrix Σ such that

εi ∼ N [0,Σ] . (2.18)
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Here, Σ is in general not restricted to be diagonal, as it is in the case of the MNL model.

Hence, it can circumvent the problem of the IIA. However, practical obstacles appear.

Unlike in the bivariate case, in the multinomial case the estimation of Σ is unfortunately

cumbersome. Unlike the MNL model, the multinomial probit (MNP) model lacks a

closed-form solution for the probability of choosing alternative j (Pr [yi = j]), even if

all errors are assumed to be uncorrelated (Cameron and Trivedi, 2005; Greene, 2012).

Therefore, there is no analytical solution, which causes computational difficulties for

the implementation of the MNP model. Due to the multivariate normal probabili-

ties, models with more than two alternatives require simulation-based methods such as

Monte Carlo simulations, which are computationally intensive, time consuming, and

only approximative. Correct estimation for corner solutions of pij is especially challeng-

ing, even with modern computational capacities (Cameron and Trivedi, 2005; Greene,

2012; Hensher et al., 2015). Additionally, restrictions on Σ are necessary for identifi-

cation, as different MNP models arise from different specifications of Σ (Cameron and

Trivedi, 2005; Greene, 2012; Hensher et al., 2015). Successful implementation may rely

on further restrictions on Σ and β; otherwise, the estimation may be highly imprecise

(Cameron and Trivedi, 2005).

To summarise, solving the MNP model becomes complex in the multinomial case.

Identification remains a serious problem within the MNP model (Greene, 2012). Given

that in the binary case logit and probit models provide in general similar results, one

may ask if it is worth counting on the assumption of a standard normal distribution

in the multinomial case or if one should instead adopt EV1 errors and use the reliable

and computationally less burdensome MNL model or avoid the IIA with other model

specifications (Cameron and Trivedi, 2005).

2.1.5 Heteroscedastic Multinomial Logit Model

Another way to relax the IIA hypothesis is to allow for heteroscedasticity among error

components, as suggested, e.g. by Bhat (1995). This can be achieve by assuming that

the random components have a type 1 extreme value distribution and are independent,

17



but not identically distributed. As a result, the alternative-specific scale factor θj enters

the density function, such that it is now written as

f(εij) =
1

θj
e
−
εij
θj exp(−e−

εij
θj ), −∞ < εij <∞. (2.19)

The corresponding variance of any alternative now depends on its scaling factor θj,

such that Var(εij) =
π2θ2

j

6
. Thus, the variance may vary across alternatives. Given this,

θj would enter the RUM in equation (2.4), such that

Uij = Vij +
εij
θj
. (2.20)

With no loss of generality, the previous equation rewrites as

Ũij = θjVij + εij, (2.21)

where the unobservable Ũij = θjUij can be treated just like Uij in equation (2.4),

since the relation between Uij and Vij remains the same. Therefore, it is straight-

forward to implement the assumption of heteroscedastic errors within the theoretical

framework of the RUM. The resulting heteroscedastic MNL model is usually called the

heteroscedastic extreme value (HEV) model due to its assumptions about the extreme

value distribution. The HEV model collapses to the MNL model with θj = 1, ∀j (Bhat,

1995; Hensher et al., 2015).

Although the HEV model lacks a closed form, it is parsimonious compared to the MNP

model, so that the computational burden is notably lower and a robust approximation

is feasible (Bhat, 1995; Hensher et al., 1998; Croissant, 2020). It nests the more re-

strictive MNL model and allows for differential cross-elasticities between alternatives,

which relaxes the IIA assumption similarly to the MNP model (Hensher et al., 1998).

It avoids the drawbacks of the IIA properties by allowing for differences in the scaling

parameter θj. Thus, the error components can capture unobserved alternative-specific

characteristics (Bhat, 1995). It defines the relative weights of the deterministic and
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random components in estimating the choice probability, as can be seen in equation

(2.21). Thus, a change in the systemic component of one alternative affects the differ-

ential between this alternative and another such that the ratio of probabilities depends

on all scaling parameters θj (Bhat, 1995; Hensher et al., 1998; Greene, 2012). As in

the MNL model, in the HEV model the probabilities for all alternatives sum to one

(Bhat, 1995).

2.1.6 Random Parameters Logit Model

Another widely used variant is the random parameters logit (RPL) model. The RPL

model differs from the MNL model in that it assumes that at least some coefficients

contain a random component across individuals (Cameron and Trivedi, 2005; Train,

2009; Fiebig et al., 2010; Greene, 2012; Hensher et al., 2015). This implies individual-

specific coefficients

βi = β + ηi, (2.22)

which consist of the mean attribute utility weights in the population β and an individual-

specific random effect ηi. This way, the RPL model allows for unobserved heterogeneity

among the population (Croissant, 2020). The individual parameter βi is now part of

the deterministic component

Vij = x′ijβi, (2.23)

and the RUM accordingly comprises the random components such that

Uij = (β + ηi)xij + εij. (2.24)

The introduction of random parameters has the appealing property of inducing cor-

relation across alternatives (Cameron and Trivedi, 2005; Fiebig et al., 2010). This

relaxes the IIA hypothesis while maintaining the properties of the EV1 distribution.
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Although in most applications ηi is assumed to be multivariate-normal-distributed, it

is not restricted to normality, meaning that other distributions may find appropriate

usage (Fiebig et al., 2010; Greene, 2012; Sarrias and Daziano, 2017). At the same time,

εij remains i.i.d. EV1-distributed (Fiebig et al., 2010). Hence, for ηi = 0 ∀i, the RPL

model reduces to the MNL model (Hensher et al., 1998).

As for the MNP model, there is no closed form for the RPL model. However, there

does exist a closed form conditional on the individual-specific component ηi (Cameron

and Trivedi, 2005). Therefore, simulation methods are required but approximation is

less cumbersome for the RPL model compared to the MNP model. Thus, ensuring

model flexibility seems to be easier using the RPL model compared to the MNP model

(Cameron and Trivedi, 2005; Fiebig et al., 2010).

2.1.7 Scaled Multinomial Logit Model

Alternatively, rather than using the RPL model, one can extend the MNL model with

a scaling factor, which creates the scaled MNL (SMNL) model. The SMNL model is

written as

Uij = σiVij + εij. (2.25)

Here, unlike the HEV model, the scaling factor σi captures individual-specific het-

erogeneity, just like in the RPL model, and not alternative-specific heterogeneity, as

in the HEV model. The scaling factor allows for the variance of the error across in-

dividuals, reflecting that some people make choices more decisively, while for others

choice depends more on the random component. Since σi is an estimated weight and

does not depend on a random process, the SMNL model provides a much more par-

simonious form compared to the RPL model yet allows for heterogeneity among the

population, which relaxes the IIA. For computational convenience, σi is often assumed

to be log-normal-distributed (Fiebig et al., 2010; Hensher et al., 2015). With equal

weights σi = 1 ∀i, the SMNL model collapses to the MNL model.
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Note that scale heterogeneity is equivalent to a particular type of heterogeneity in the

utility weights. Random coefficients and scale heterogeneity are thus only two different

ways of specifying the distribution of coefficient heterogeneity. Consequently, one can

think of the SMNL model as a simplified special case of the RPL model (Fiebig et al.,

2010). Louviere et al. (2008) argue that most of the heterogeneity in discrete choice

models is captured better by the SMNL model than by the RPL model. Therefore, in

many cases it may be sufficient to rely on the more parsimonious and computationally

more efficient SMNL model (Fiebig et al., 2010).

2.1.8 Generalised Multinomial Logit Model

In an approach to harmonise the manifold models, Fiebig et al. (2010) suggest nesting

the RPL model and the SMNL model within a generalised MNL (GMNL) model. This

makes it possible to capture various kinds of heterogeneity simultaneously within one

model. The RUM extends to

Uij = [σiβ + γηi + (1− γ)σiηi]xij + εij, (2.26)

where σi captures scale heterogeneity, as in the SMNL model; ηi captures individual

taste heterogeneity, as in the RPL model; and γ is a weighting parameter indicating

how the variance in unobserved preference heterogeneity varies with scale. The GMNL

model nests various models, namely, the RPL, SMNL, MNL, GMNL1, and GMNL2

models: If σi = 1 ∀i, the GMNL model reduces to the RPL model; if ηi = 0 ∀i (or

V ar(ηi) = 0), the GMNL model reduces to the SMNL model; and if σi = 1 ∀i and

ηi = 0 ∀i, the GMNL model reduces to the MNL model. Furthermore, one can derive

two extreme cases of the GMNL model, where the residual taste heterogeneity ηi either

varies with scale σi (GMNL1) or is independent of it (GMNL2). This is governed by

the parameter γ: γ → 1 leads to GMNL1; γ → 0, leads to GMNL2 (Fiebig et al., 2010;

Hensher et al., 2015).

The advantage of the GMNL model is its combined presentation of scaled heterogeneity

and individual taste heterogeneity. This way, it is possible to utilise a very flexible dis-
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tribution of unobserved heterogeneity (Fiebig et al., 2010; Greene, 2012; Hensher et al.,

2015). It also makes it possible to disentangle heterogeneity in individual coefficients

from scale heterogeneity (Hess and Rose, 2012).

As in the case of the models discussed above, the computation of the GMNL model

requires simulation-based methods.5 The generalisation of the GMNL model comes

with more flexibility but also with a higher degree of complexity. Due to the distribution

flexibility, estimated distributions of unobserved heterogeneity may not be concave,

meaning that the estimation may converge to local maxima (Sarrias and Daziano,

2017). Therefore, the GMNL model should be used with caution.

2.1.9 Latent Class Multinomial Logit Model

Thus far, I introduced unobserved heterogeneity on the individual level of participants.

However, a popular alternative exists in the form of the latent class multinomial logit

(LC) model. Just like the RPL model, the LC model is used widely in practice to

accommodate preference heterogeneity across respondents (de Bekker-Grob et al., 2012;

Soekhai et al., 2019; Nouwens et al., 2025). Unlike the RPL model, which assumes

that the random parameter follows a continuous distribution, the LC model assumes a

discrete mixing distribution to capture unobserved heterogeneity (Shen, 2009; Hensher

et al., 2015; Sarrias and Daziano, 2017). The discrete distribution appears through

the assignment of respondents to a predefined number of classes C. The individuals

are then allocated to the different classes according to their response behaviour and

eventually to socioeconomic factors. For class c ∈ C, the estimates of individual i

become class-specific, such that

βi = βc with probability wic for c = 1, . . . , C, (2.27)

where
∑

cwic = 1 and wic > 0 holds for the class assignment probabilities wic. The

weights wic themselves are estimated by a semi-parametric multinomial logit format

5For a detailed description of the computational implementation, please refer to Fiebig et al.

(2010), Hensher et al. (2015), or Sarrias and Daziano (2017).
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such that

Pr [wic = c] =
eγc∑C
c=1 e

γc
, c = 1, . . . , C, (2.28)

where the parameters of the first class γ1 are set to zero (Shen, 2009; Sarrias and

Daziano, 2017). Given this, the estimation problem within one class becomes

Pr [yi = j| c] =
eVij|c∑m
k=1 e

Vk|c
, (2.29)

where Vij|c = x′ijβc implies that within class c, the probability of individual i choosing

alternative j is equivalent to this probability in the MNL model described in equation

(2.10). The difference is that the choice is conditional on class assignment c. The

class assignment in equation (2.28) is estimated simultaneously with equation (2.29)

(Shen, 2009). This is possible due to the analytical tractability of the LC model,

which does not require simulation methods (Sarrias and Daziano, 2017). Instead, the

source of heterogeneity enters the model through the a priori choice of the number of

classes by the researcher. In consequence, the model is less flexible than the RPL and

GMNL models (Sarrias and Daziano, 2017). Additionally, since heterogeneity depends

in the LC model solely on the predefined number of classes, the model actually avoids

misspecification problems in the distribution of individual heterogeneity (Sarrias and

Daziano, 2017). Shen (2009) summarises the advantages of the LC model, stating that

it is ‘relatively simple, reasonably plausible and statistically testable’. Its disadvantages

are that the researcher may choose the number of classes ad hoc and that it is less

flexible than the RPL and GMNL models (Shen, 2009; Hensher et al., 2015; Sarrias

and Daziano, 2017).

Recently, several studies have attempted to combine the RPL model and the LC model

to capture both individual- and group-specific heterogeneity (Bujosa et al., 2010; Keane

and Wasi, 2013; Greene and Hensher, 2013). Therein, random individual parameters

may appear within each class. This way, it is possible to implement a considerable

extension of flexibility while computation remains relatively manageable (Greene and
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Hensher, 2013). The advantage of this approach is that it has the most flexible het-

erogeneity distribution among the considered models, which is beneficial, especially in

datasets with a very complex structure of heterogeneity (Greene and Hensher, 2013;

Keane and Wasi, 2013). This allows the simultaneous estimation on the one hand of

segments of consumers with almost lexicographic behaviour and on the other hand of

segments of consumers whose choice is influenced so little by observed attributes that it

seems random. However, as in the standard LC model, here too the selection of classes

is done ad hoc by the researcher. This implies the need for intensive testing for the

appropriate number of classes. Moreover, the model with combined unobserved hetero-

geneity quickly becomes quite complex, such that parameters proliferate rapidly with

additional types. This leads to difficulties in interpretation, and solving the model be-

comes computationally demanding (Keane and Wasi, 2013). These disadvantages may

be the reason that this model is rarely used in studies on health-related preferences

(de Bekker-Grob et al., 2012; Soekhai et al., 2019; Nouwens et al., 2025).

2.2 Practical Implementation of Discrete Choice Experiments

Having established the statistical framework for discrete choice experiments (DCEs),

this section proceeds to outline the key steps involved in their applied implementation.

The discussion begins with a systematic approach to the identification and selection

of attributes and levels, ensuring their relevance and appropriateness for the research

context. Subsequently, the section addresses the principles of experimental and choice

task design, followed by an examination of variable coding and the utility evaluation of

attribute levels. The section concludes with guidance on the selection of appropriate

model specifications and the measurement of attribute importance, with a view to

ensuring robust and policy-relevant results.

2.2.1 Identification of Attributes and Levels

To begin with, it is necessary to identify the relevant determinants for consumers’

preferences. This is one of the most important issues, as otherwise the validity of the
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whole study can be questioned (Eggers et al., 2022).

Several requirements exist that attributes should fulfil (Green and Srinivasan, 1978,

1990; Orme, 2002; Rao, 2014): First, attributes should affect responders’ utility. This

can be achieved by identifying relevant attributes through previous qualitative surveys

such as, e.g. focus groups or interviews, or based on reliable information retrieved

from, e.g. literature reviews or existing health outcome measures (Bridges et al., 2011;

Coast et al., 2012; Helter and Boehler, 2016; Eggers et al., 2022). Second, attributes

should be chosen such that they discriminate and differentiate between the reviewed

alternatives. This enables to identify valid preference patterns (Doherty et al., 2013;

Helter and Boehler, 2016). Third, attributes should be independent and not inter-

related. If attributes are correlated, certain combinations may be more likely or less

realistic. Moreover, two attributes may capture the same effect, such that it is difficult

to disentangle the impact on each. This may undermine the validity of the research

(Eggers et al., 2022). Fourth, the number of attributes should be manageable for the

participants in order to keep the complexity of the experiment low. Otherwise, re-

spondents may lose focus or answer inconsistently due to confusion, causing the data

quality of answers to suffer (Kessels et al., 2011; Coast et al., 2012).

After all relevant attributes are identified, it is necessary to determine the corresponding

attribute levels. Levels should be precise statements with unambiguous meaning, and

clear wording referring to specific values is preferred over vague formulations (Bridges

et al., 2011; Helter and Boehler, 2016; Eggers et al., 2022). Next, levels should be

generally acceptable. If levels are considered as unrealistic or unacceptable, respondents

may answer randomly and in a biased way, which may affect the validity and credibility

of the survey (Eggers et al., 2022). To avoid ambiguous or inconsistent answers, levels

should be mutually exclusive (Orme, 2002; Coast et al., 2012). Finally, the level span

should be moderately larger than it is in reality in order to maximise sensitivity to

preferences while remaining sufficiently realistic (Eggers et al., 2022).

With regard to the number of attributes, several recommendations should be taken

into account. First, the number of levels should remain limited in order to keep the
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complexity low (Eggers et al., 2022). For example, Bridges et al. (2011) suggest limiting

the number of levels to 3–4 levels, as otherwise the risk of cognitive overload and survey

fatigue among respondents increases. Second, the number of levels should be balanced

across attributes. Otherwise, the ‘number-of-levels effect’ may arise, which implies an

artificially higher relevance for attributes with more levels (Eggers and Sattler, 2009).

Third, when setting the number of attributes, one should also consider the linearity or

non-linearity of the utility function (Lancsar and Louviere, 2008; Eggers et al., 2022).

2.2.2 Experimental Design

The experimental design is the main mechanism used to determine the combinations

of attribute levels that participants are exposed to (Eggers et al., 2022). The experi-

mental design contains the factorial design, i.e. how combinations of attribute levels

are allocated in the survey, and the choice design, i.e. how the stimuli are distributed

across choice sets. Several aspects affect the optimal design concerning factorial design

and choice design. The major criteria to evaluate the efficiency of an experimental de-

sign are level balance and the orthogonality of levels with respect to factorial design, as

well as minimal overlap and utility balance, which are related to choice design (Huber

and Zwerina, 1996; Rao, 2014; Eggers et al., 2022).

Level balance ensures that all attribute levels appear equally across all choice sets

such that each level is represented with similar frequency. This helps to avoid level

bias due to levels being over- or under-represented, which improves the reliability of

parameter estimations (Huber and Zwerina, 1996; Rao, 2014; Eggers et al., 2022).

Orthogonality implies that attribute levels are uncorrelated, providing independence

between attribute levels in the choice sets. An orthogonal design ensures that the

effect of each attribute level can be estimated without confounding effects from other

attributes (Huber and Zwerina, 1996; Rao, 2014; Eggers et al., 2022).

Combining all potential stimuli results in a full factorial design. Full factorials are

by definition balanced and orthogonal (Eggers et al., 2022). However, full factorial

designs quickly become very difficult to handle for participants, as the corresponding
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survey size grows exponentially with every additional level. To address this, one may

reduce the design to smaller factorial designs that still allow the estimation of the main

effects while reducing the burden on respondents, using designs such as, e.g. fractional

factorial designs (Rao, 2014).

Unfortunately, level balance and orthogonality often conflict in creating an efficient

factorial design (Huber and Zwerina, 1996). Therefore, it is necessary to evaluate

the efficiency of a design. In order to assess the efficiency of a design, one can rely

on D-efficiency as a measure (Bridges et al., 2011). A D-efficient design minimises the

asymptotic variance-covariance matrix of the estimated parameters, which corresponds

to more precise preference estimates for a given sample size. Thus, higher D-efficiency

values indicate statistically more powerful designs (Bridges et al., 2011; Rao, 2014).

Minimal overlap aims at organising choice sets in a way that ensures distinct attribute

information within choice sets. It requires maximal distance between alternatives, i.e.

attributes that have different levels (Huber and Zwerina, 1996; Eggers et al., 2022).

Otherwise, differences of attributes within a task may be too small to carry meaningful

information about the value of attributes (Rao, 2014). Hence, among the available

options, equal attribute levels across alternatives should be avoided.

Utility balance means that alternatives should appear equally attractive such that dom-

inant or dominated alternatives are avoided (Huber and Zwerina, 1996; Bridges et al.,

2011; Rao, 2014; Eggers et al., 2022). If a choice set contains unbalanced alternatives,

it may lose any new insight, as choice may become predictable. However, identifying

dominating and dominated attributes requires a priori knowledge about the respon-

dents’ preferences (Eggers et al., 2022). Appropriate utility balancing may increase the

efficiency of a design by 10–50% (Huber and Zwerina, 1996). Today, standard software,

such as, e.g. Sawtooth, executes the complex process of creating optimal choice design

and provides a direct analysis of the design’s efficiency (Eggers et al., 2022).
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2.2.3 Choice Set Design

The presentation of choice tasks to participants affects the performance of any survey.

It is possible to vary the tasks in multiple ways by altering the number of alternatives,

attributes, or choice tasks (Bridges et al., 2011). First, it is necessary to address how

many alternatives are included in one choice set (Rao, 2014). The answer to this ques-

tion depends on the trade-off between increasing information from more alternatives

and the corresponding increase in complexity (Eggers et al., 2022). However, several

arguments indicate that the number of alternatives should not be set too high. First,

each choice task should be manageable and avoid complexity, which favours showing a

smaller number of alternatives per choice set (Batsell and Louviere, 1991). Addition-

ally, Eggers et al. (2022) recommend adjusting the choice set size to make it similar to

the realistic size of compared alternatives. Finally, the number of alternatives should

not exceed the number of attribute levels since using a number of alternatives that is

a subset of the number of levels provides statistical benefits (Zeithammer and Lenk,

2009). Moreover, Zeithammer and Lenk (2009) indicate that pairs are often the opti-

mal subsets for tasks. Correspondingly, for discrete choice experiments in the context

of health economics, most often the number of alternatives equals two (de Bekker-Grob

et al., 2012; Soekhai et al., 2019; Nouwens et al., 2025).

Moreover, one can also affect the survey by choosing the number of attributes per

alternative. In order to keep the task manageable for respondents, the number of

attributes per alternative should be set appropriately (Rao, 2014). In the majority of

health-related studies, the number of attributes ranges from four to six (de Bekker-Grob

et al., 2012; Soekhai et al., 2019; Nouwens et al., 2025).

Another important role for the construction of the questionnaire is played by the num-

ber of choice sets (Bridges et al., 2011; Rao, 2014; Eggers et al., 2022). On the one

hand, more task sets increase the reliability of the estimated parameters. On the other

hand, more task sets also increase the risk of fatigue among participants, which in

turn may affect the data quality of the responses (Eggers et al., 2022). Several studies

indicate a decreasing marginal benefit of additional tasks, again indicating that the
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number of task sets should remain limited (see, e.g. Teichert, 2001; Bech et al., 2011).

Consequently, the majority of studies in health economics consider between 9 and 16

choice sets, followed by less than 9 choice sets, whereas only a small share use more

than 16 choice sets (de Bekker-Grob et al., 2012; Soekhai et al., 2019; Nouwens et al.,

2025).

Sometimes, researchers may be interested in incorporating no-choice options or status-

quo options (Bridges et al., 2011; Eggers et al., 2022). The advantage of doing this is

that it increases the realism of the task, as respondents actually may not approve of any

of the offered alternatives (Haaijer et al., 2001) or may be indifferent (Bridges et al.,

2011). However, the usage of such options may also be inappropriate depending on

whether the studied decision actually allows for such behaviour (Bridges et al., 2011).

For example, such an option may be available for purchases of potentially unnecessary

products but not in the case of a hospital choice for a compulsory surgery. Regarding

studies related to health issues, about one third (Soekhai et al., 2019) to half (Nouwens

et al., 2025) allow for no-choice or status-quo options.

It is also possible to expose participants only to a subset of tasks. This approach be-

comes interesting in the presence of large numbers of attributes (Rao, 2014).6 However,

if the choice tasks are not too complex and participants are not prone to employing

simplifying heuristics, it is considered good practice in research on health economics

to apply full profiles (Bridges et al., 2011).

2.2.4 Variable Coding

Up to now, this chapter has presented ways to design the experiment and the survey.

In the following subsections, I want to discuss how to connect the survey design and

the statistical methodology. Namely, this includes how to code variables, how the

shape of variables translates into utility evaluation to fill the RUM, how to select the

appropriate model, and how to measure the importance of attributes.

6Rao (2014) provides a more detailed discussion on partial profile designs.
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Various variable coding schemes allow for different approaches to the estimation of

choice models. In a somewhat naive approach, one may first consider the attributes as

quantitative data and dedicate numerical values to the single levels. Doing so assumes

that levels are ordered and the distances between levels are of equal size. This rather

strong assumption may, for example, hold for truly quantitative, ordinal, or binary

variables, but with sufficient caution it is also possible to apply it to simplify categorical

variables.

The first column of Table 2.1 provides an example of the numerical coding of an arbi-

trary attribute with four levels. This case requires only one variable xnum ∈ {1, 2, 3, 4},

where each entry represents one level. The entries {1, 2, 3, 4} may represent true nu-

merical values as well as an ordinal hierarchy. In the latter case, the entries have no

numerical meaning and are ad hoc, meaning that they can easily be replaced by any

other sequence of numbers with comparable characteristics with respect to order and

distance, such as, e.g. {5, 6, 7, 8} or {−0.48,−0.36,−0.24,−0.12}.

The advantage of this numerical coding is its simplicity and that it suffices for the

identification and weighting of attributes with reliable estimation results while keeping

estimation requirements low, as it requires only one variable per attribute (Mühlbacher

et al., 2017). It finds application in several studies (see, e.g. Mühlbacher and Bethge,

2015, 2016; Mühlbacher et al., 2015, 2017; Emmert et al., 2024). However, in the

case of unordered nominal levels, such as, e.g. administering medication by pill or

subcutaneous or intramuscular injection, or considering a car, bus, or train as a means

of transport, the assumption reaches its limits of use, as estimation results become

less interpretable. The same applies if the data remain ordered but equidistance is not

given, or if linearity is not given. In such cases, it is recommended to refrain from

numerical coding and turn towards alternative kinds of coding. Yet, even if the levels

are neither ordered nor equidistant, numerical coding may still provide a good first

glimpse of the importance and significance of the attributes.

Using non-linear coding schemes is one way to overcome the shortcomings of numerical

coding. For the sake of brevity, I restrict the discussion to dummy coding and effect
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Numerical Dummy Effect
coding coding coding

xnum xd2 xd3 xd4 xe2 xe3 xe4

Level 1 1 0 0 0 -1 -1 -1

Level 2 2 1 0 0 1 0 0

Level 3 3 0 1 0 0 1 0

Level 4 4 0 0 1 0 0 1

Table 2.1: Example of numerical, dummy, and effect coding with four levels and Level

1 as a benchmark

coding, as these are the major coding schemes used (Hensher et al., 2015).7 Both allow

for a non-linear relationship between attribute levels and utility. Additionally, they

require the creation of a set of new variables.

Dummy coding involves the generation of dummy variables for each attribute level.

Transforming attributes through dummy coding enables to estimate partworth utilities.

In this case, it is necessary to create la− 1 dummy variables for every attribute, where

la describes the number of levels for attribute a. Each new variable represents one level

and takes the value 1 in its presence and 0 otherwise. Additionally, it is required to

declare one level per attribute as a benchmark to which all other levels are compared.

Therefore, estimation results vary depending on the chosen benchmark, which is a set

of levels across all attributes. Thus, the interpretation of dummy-coded variables is also

relative to the benchmark, all else being equal. The advantage of dummy coding over

numerical coding is the ability to estimate partworth utilities, which do not assume

any functional relationship between attribute levels and therefore allow for piecewise,

non-linear relations between attribute levels and utility (Hensher et al., 2015; Eggers

et al., 2022). Thus, it is not necessary to assume any kind of functional form of utility

as e.g. with numerical coding. In the middle column, Table 2.1 illustrates how the four

levels are coded in the three dummy variables xd2, xd3, and xd4, which represent levels

7Hensher et al. (2015) also discuss further coding schemes, such as, e.g. orthogonal polynomial

coding. However, I skip them here, as they rarely find application.
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2, 3, and 4, respectively. Level 1 serves as a benchmark; hence, it is not coded itself,

and if it is present, xd2, xd3, and xd4 all take the value 0. In the case of the presence of

Level 2, Level 3, or Level 4, xd2, xd3, or xd4 take the value 1, respectively, and are zero

otherwise.

As mentioned above, a major drawback of dummy coding is the fact that estimates

are relative to the base levels. Thus, estimate results are sensitive to the choice of

benchmark. Effect coding can overcome this drawback by choosing a different refer-

ence point, which is independent of the choice of base levels. Again, this requires to

transform the initial variable into la − 1 variables for every attribute level. The differ-

ence between dummy coding and effect coding emerges in the treatment of the base

level. As shown in the right column of Table 2.1, effect coding can be employed by

setting the reference level to −1 and not to 0, as in the case of dummy coding. In

other words, in the presence of the benchmark level, all new variables xe2, xe3, and xe4

representing levels 2–4 take the value −1. As explained above, this technique allows

the estimation of partworth utilities. Effect-coded variables are zero-centred, i.e. the

sum of the utilities of all attribute levels equals zero. In consequence, the estimated

attribute levels are not relative to the (ad hoc) benchmark but in reference to a unique

utility value that is distinct from base levels. If all attributes are effect-coded, this

unique utility coincides with the grand mean, i.e. the average of the means of all at-

tributes (Hensher et al., 2015). Yet, the relative size of level estimates within each

attribute is the same as with dummy coding (Hauber et al., 2016). One positive effect

of zero-centred variables is that it enables to construct a utility value for the benchmark

levels such that the sum of all level utilities equals zero (Hensher et al., 2015; Eggers

et al., 2022). In dummy coding however, the benchmark includes multiple attribute

levels, meaning that it is impossible to disentangle the marginal utilities of single base

levels from the entire benchmark (Hensher et al., 2015). Another advantage is that it

allows to compare the utility of all attribute levels against the same reference point

such that positive (negative) partworth utility values indicate higher (lower) preference

compared to the reference point, i.e. compared to the grand mean if all attributes are

effect-coded (Hauber et al., 2016; Eggers et al., 2022).
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2.2.5 Utility Evaluation for Attribute Levels

In the following, I want to specify how to implement the various coding schemes in the

RUM framework. Remember from equation (2.6) that it is possible to write the utility

Vij as the sum of all partworth utilities fia(vija) such that

Vij =
n∑
a=1

fia(vija),

where fia defines the functional form determining how vija – the partworth utility of

attribute a – translates into utility. Once again, variables may manifest as quantitative

or categorical variables. Quantitative variables are modelled in a linear or non-linear

way. The linear form is reached by defining fia to be a linear function. Correspondingly,

the partworth utility for attribute a is

vija = βaxija. (2.30)

Thus, the partworth utility vija depends on the estimate βa and the numeric value

of the attribute xija. The utility for attribute a increases or decreases proportionally

with its numeric value depending on the sign of βa (Rao, 2014; Hensher et al., 2015;

Eggers et al., 2022). The linear model is the most parsimonious approach, with only

one parameter per attribute (Eggers et al., 2022). It may be appropriate to assume a

monotonous relationship between the attribute and utility, e.g. the robustness of an

artificial hip joint or the weight of an insulin pump.

For a non-linear relationship between the attribute and utility, the linear model may

be misspecified. Instead, one could apply the ideal point model, which means that

there is a quadratic term in fia such that the partworth utility function becomes

vija = βa1xija + βa2x
2
ija. (2.31)

In the ideal point model, the values of the estimates βa1 and βa2 define at which value

of xija the turning point in utility appears. This way, it incorporates diminishing (or
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increasing) marginal utilities (Rao, 2014; Hensher et al., 2015; Eggers et al., 2022).

One reasonable example may be the optimal frequency of medical consultations. At

low frequencies, it may be beneficial to have medical checks more often in order to

reduce the uncertainty about the current health state. However, at some point the

utility may decrease with frequency, as the costs in terms of money and time may

outweigh the benefits of additional checks.

For categorical variables, the approach differs slightly, as multiple dummy variables

need to represent the variable: For categorical variables with la levels, la − 1 dummy

variables are introduced according to the given coding scheme. In this case, the part-

worth function model

vija =
la−1∑
l=1

βalxijal (2.32)

captures utility most appropriately (Rao, 2014; Hensher et al., 2015; Eggers et al.,

2022). It sums up the potential partworth utilities for all levels l. However, since only

one level is chosen and all other dummies remain at a value of zero, vija corresponds

to the estimate of the particular level.8 An example for the appropriate usage of

categorical variables may be various modes of administering medicine, but they can

also be applied to initially quantitative, numeric attributes (Rao, 2014; Eggers et al.,

2022). The advantage of categorical variables is their flexibility in constituting non-

linear and non-monotonous relationships without further assumptions a priori. The

disadvantage is the laborious data preparation. Figure 2.2 depicts the functional forms

discussed.

2.2.6 Model Selection

The selection of the appropriate model is an obviously important topic. Multinomial

models are usually estimated using maximum likelihood. For this, the log likelihood

8For an extension of the partworth utility model with interaction terms, see, e.g. Hensher et al.

(2015) or Eggers et al. (2022).
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Figure 2.2:
Alternative functional forms for the evaluation of attribute levels

function is the basis for any testing (Cameron and Trivedi, 2005; Greene, 2012; Rao,

2014; Hensher et al., 2015). A useful starting point is the likelihood ratio index (LRI)

suggested by McFadden (1973)9:

LRI = 1− lnL

lnL0

, (2.33)

where lnL and lnL0 are the log likelihoods for the fitted model and the intercept-only

null model, respectively. The larger the LRI, the better the fit of the estimated model

to the given data (Cameron and Trivedi, 2005; Rao, 2014). Unfortunately, the values

of the LRI have no natural interpretation, as depending on the data and number of

explanatory variables, the lower and upper limits of the LRI approach 0 and 1 but

never reach these values (Hauber et al., 2016). Therefore, the LRI is not a normalised

measure and must be used with caution (Cameron and Trivedi, 2005; Greene, 2012).

Nested models can be tested with several statistical tests for significant differences,

such as the likelihood ratio test or the Wald test (Cameron and Trivedi, 2005; Hensher

et al., 2015; Croissant, 2020). With these, it is possible to test whether variables present

only in one of the compared models play a significant role.

If models are not nested, these tests are not applicable and one must turn towards

other methods. Information criteria such as the Akaike information criterion (AIC),

9Some studies refer to the LRI as pseudo−R2.
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Bayesian information criterion (BIC), or conditional AIC (CAIC) are those most often

used for comparing non-nested models (Nylund et al., 2007; Rao, 2014). They are

defined as

AIC = −2 lnL+ 2q, (2.34)

BIC = −2 lnL+ (lnN)q, (2.35)

CAIC = −2 lnL+ (1 + lnN)q, (2.36)

as described, e.g. by Cameron and Trivedi (2005). All these criteria decrease with the

value of the log likelihood function lnL and increase with the number of parameters q.

The model with the lowest value is the most preferred for all three measures. In all, the

second term on the right side represents a penalty for the used degrees of freedom. This

punishment shall ensure that models remain as parsimonious as possible to describe the

data. Otherwise, the best model would be a perfect replication of the world, which is

not expedient (Cameron and Trivedi, 2005; Nylund et al., 2007). However, the BIC and

CAIC have stronger penalties when the number of observations N increases, whereas

the AIC does not. Thus, the BIC and CAIC are more restrictive of large models,

while the AIC favours large models. This may be problematic, especially with respect

to LC models, since the AIC may prefer models that may not provide a reasonable

interpretation. Therefore, Nylund et al. (2007) recommend not using the AIC and

instead refer to the BIC and CAIC.

2.2.7 Relative Importance of Attributes

A convenient measure to capture the importance of attributes is the relative range of

the partworth utility functions. For this, one computes the difference between the most

and least preferred attribute levels relative to the sum of all attributes’ ranges (see,

e.g. Rao, 2014; Hensher et al., 2015; Eggers et al., 2022). Consider n the total number

of attributes, where a describes a single attribute and wa is its relative importance. If

βa comprises all level coefficients of one attribute, then max(βa) and min(βa) describe
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the most and least preferred level, respectively. Consequently, the range of attribute a

is (max(βa)−min(βa)), and the relative attribute importance reads as

wa =
max(βa)−min(βa)∑n

k=1 (max(βk)−min(βk))
. (2.37)

This way, the sum of all weights are normalised to 1, with every wa relative to the sum

of all weights. Some scholars apply different methods of normalisation, e.g. measuring

the weights relative to the largest range of attributes (see, e.g. Mühlbacher et al., 2017,

2018). Yet, the numerical differences between both approaches remain negligible, and

the qualitative results are comparable.
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Abstract
Objective  This study aimed to elicit preferences for attributes of current and novel long-acting antiretroviral therapy for 
human immunodeficiency virus treatment.
Methods  Primary survey data were collected (July–October 2022) on a sample of 333 people living with human immuno-
deficiency virus in Germany from a patient recruitment agency. Respondents were invited by e-mail to respond to a web-
based questionnaire. After performing a systematic literature review, we conducted qualitative semi-structured interviews to 
identify and select the key attributes of drug therapy for patients’ preferences for human immunodeficiency virus treatment. 
Based on this, a discrete choice experiment survey elicited preferences for long-acting antiretroviral therapy characteristics, 
including the type of medication, frequency of dosing, the location of treatment, the risk of both short-term and long-term 
side effects, as well as possible interactions with other medications or (party) drugs. A statistical data analysis was performed 
using multinomial logit models. An additional latent class multinomial logit was performed to evaluate subgroup differences.
Results  Overall, 226 respondents (86% male, mean age 46.1 years) were included in the analysis. The frequency of dosing 
(36.1%) and the risk of long-term side effects (28.2%) had the greatest influence on preferences. The latent class analysis 
identified two patient groups. While the first class (n = 135; 87% male, mean age 44.4 years) found the frequency of dosing 
(44.1%) to be most important, the second class (n = 91; 85% male, mean age 48.6 years) focused on the risk of long-term side 
effects (50.3%). The evaluation of structural variables showed that male respondents, those living in small cities or villages, 
and those with better health status results were significantly more likely to be assigned to the second class (p < 0.05 each).
Conclusions  All attributes included in our survey were important to participants when choosing an antiretroviral therapy. 
We found evidence that the frequency of dosing as well as the risk of long-term side effects have a particular impact on the 
acceptance of novel therapy regimens and should be considered in order to optimize adherence and satisfaction.

1  Introduction

The human immunodeficiency virus (HIV) is a pathogen 
that damages the immune system, which weakens the ability 
to fight everyday infections and diseases [1]. As the virus 
destroys and impairs the function of immune cells, people 
with HIV gradually become immunodeficient. The most 
advanced stage of HIV infection is the acquired immunode-
ficiency syndrome. Acquired immunodeficiency syndrome is 
defined by the development of certain cancers, infections, or 
other severe long-term clinical manifestations [2]. To date, 
despite intensive studies, neither curative drugs nor preven-
tive vaccines are available [2–4]. However, with increasing 

access to effective antiretroviral therapies (ARTs) enabling a 
longer life expectancy for people living with HIV, the infec-
tion has become a manageable chronic health condition [2]. 
Current ARTs suppress viral replication and allow an indi-
vidual’s immune system recovery to strengthen and regain 
the capacity to fight off opportunistic infections and some 
cancers [2].

Human immunodeficiency virus continues to be a 
major global public health issue; for example, in 2021, 
1.5 million people became newly infected with HIV and 
650,000 people died from HIV-related causes [2, 3]. In 
this regard, the United Nations Program for HIV/Acquired 
Immunodeficiency Syndrome (called UNAIDS) had set 
itself three treatment goals (“90-90-90 target”) to be reached 
by 2020: (1) 90% of all people living with HIV will know 
their HIV status; (2) 90% of all people with diagnosed HIV 

Extended author information available on the last page of the article
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Key Points for Decision Makers 

Targeted antiretroviral therapy for human immunodefi-
ciency virus treatment is important. Therefore, this study 
provides evidence on patient preferences for current and 
novel long-acting antiretroviral therapy attributes.

Based on a discrete choice experiment, the frequency 
of dosing (36.1%) and the risk of long-term side effects 
(28.2%) were most important for patients. The latent 
class analysis demonstrated significant differences 
between two patient groups; while the first class found 
the frequency of dosing (44.1%) to be most important, 
the second group focused on the risk of long-term side 
effects (50.3%).

The results may inform policymakers, physicians, 
research institutions, and other stakeholders about 
patients’ preferences of novel long-acting antiretroviral 
therapies for human immunodeficiency virus treatment.

infection will receive sustained ART; and (3) 90% of all 
people receiving ART will have viral suppression [5]. In 
Germany, the total number of people living with HIV was 
estimated to be approximately 90,800 in 2021, with 1800 
people who became newly infected with HIV [6]. Currently, 
approximately 96% of all people both living and diagnosed 
with HIV in Germany are accessing ART (79,100 out of 
82,100) [6]. Thereby, 96% of all people receiving ART will 
have viral suppression (i.e., having a viral load of <200 
copies/mm3) [7]. In 2020, all three treatment values were 
reached in Germany for the first time, with the second and 
third target values even being far exceeded (90%, 97%, and 
96%, respectively) [7].

At the same time, a widening of the spectrum of available 
drug therapies regarding both the type of medication and the 
frequency of dosing can be observed. Innovative and novel 
therapeutic regimens are accompanied by new active princi-
ples (e.g., an attachment inhibitor [fostemsavir/Rukobia®] or 
a monoclonal antibody [ibalizumab/Trogarzo®], additional 
forms of doses (e.g., depot injection [cabotegravir/Vocabria® 
in conjunction with Rilpivirine /Rekambys®]), and longer 
application intervals (e.g., monthly or bimonthly). These 
research advances specifically comprise the availability of 
single-tablet daily regimens for HIV [8], injection-based 
therapies (e.g., under the skin, into muscle) [9], longer act-
ing formulations of pill-based or injection-based regimens 
[9], and others. Achievements might have the potential to 

modify current treatment routines for certain patient groups; 
for example, for those with suboptimal adherence, confiden-
tiality/privacy concerns, as well as the emotional burden and 
other barriers of daily dosing [8, 9]. Thereby, the emergence 
of novel long-acting therapy regimens requires both patients 
and providers to navigate a complex array of ART char-
acteristics (e.g., pill burden, side effects, drug interactions, 
long-term toxicities, out-of-pocket costs) moving away from 
a “one-size-fits-all model” [10, 10]. This may have an impact 
on patient satisfaction, ART initiation, adherence, treatment 
effectiveness, and the quality of life of people living with 
HIV [8, 9, 12, 13]. Therefore, it seems necessary to elicit 
patient preferences for both current and novel long-acting 
ART regimens to evaluate their acceptance. The results from 
this study could thus improve our understanding of patient 
preferences for innovations in HIV therapy regimens [10] 
as well as enable better matching of treatments to patient 
expectations [11].

Previous studies have already explored patient prefer-
ences for HIV treatment [1, 9–11, 13–18]. For example, 
Mühlbacher and colleagues have conducted a discrete choice 
experiment (DCE) in a German population in 2009/2010, 
and demonstrated a high impact of quality-of-life-related 
attributes on patient preferences for the selection of treat-
ments. In particular, the emotional quality of life (i.e., dis-
ease not obvious for others) was most important followed 
by the physical quality of life (i.e., diarrhea, nausea less 
frequent) and the social quality of life (i.e., participation in 
social life possible) [17]. Another study showed that people 
living with HIV in the USA valued minimizing side effects 
and long-term toxicities over dosing and administration 
characteristics [13]. Another preference-revealing study is 
being carried out in the USA to learn more about prefer-
ences for both current and novel HIV treatment regimens; 
with the results still to be published [8]. So far, to the best of 
our knowledge, DCEs have not yet been conducted to elicit 
patient preferences for both current and novel HIV treatment 
regimens in Germany.

Therefore, the present study aims to elicit patient prefer-
ences for both current and novel HIV treatment regimens in 
Germany and to explore in greater detail the heterogeneity 
in preferences of people living with HIV. The latter might 
increase the understanding of how preferences might diverge 
depending on characteristics (e.g., age, gender) [10, 13, 18].

2 � Methods

This study used a mixed-methods approach. After 
performing a systematic literature review, we conducted 
qualitative semi-structured interviews to identify and select 
the most important attributes for patients’ preferences for 
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HIV treatment in Germany. Based on this, a DCE was 
developed and performed to elicit patients’ preferences 
for HIV treatment relevant attributes and to quantitatively 
determine their relative value. Instead of ranking or rating 
different attributes, as is done in traditional importance 
elicitation formats, DCEs perform a pairwise comparison 
of hypothetical alternatives (i.e., differently configured HIV 
treatments) and ask the participants to choose between them 
[19]. Based on the decisions, DCEs can help understand 
which characteristics (termed attributes) are preferred by 
consumers and determine the relative value of each attribute 
[20, 21]. The design and analysis of the DCE were based on 
standardized research practices for undertaking a conjoint 
analysis of the ISPOR Conjoint Analysis Good Research 
Practices Task Force [22–24].

2.1 � Systematic Search Procedure

In a first step, we conducted a systematic search proce-
dure on MEDLINE (via PubMed), the Cochrane Library, 
and PsycINFO to identify studies assessing patients’ pref-
erences for HIV treatment. The search was carried out in 
March 2022 and aimed at identifying English and German 
language literature published since 2010 (Electronic Sup-
plementary Material [ESM]). In addition, we screened refer-
ence lists of identified research articles for further articles. 
The review complied with the Guideline from the Cochrane 
Collaboration [25]. Our search strategy was segmented into 
three components. The first component referred to patient 
preferences (e.g., priorities, expectations, perceptions, 
attitude), the second component to drug therapy respec-
tively anti-HIV agents (e.g., anti-HIV agents, drug therapy, 
ART), and the third component to HIV infections (e.g., 
HIV, acquired immunodeficiency syndrome) [see ESM for 
a detailed information of the search procedure]. As a result, 
8608 potentially relevant papers were identified in the elec-
tronic databases. After eliminating duplicates and judging 
titles and abstracts in a first step as well as full papers in 
a second step, 43 studies were considered relevant. Those 
studies investigated patients’ preferences for HIV treatment 
using qualitative research (n = 11), quantitative research (n 
= 16), mixed-methods studies (n = 3), systematic reviews/
meta-analysis (n = 3), as well as DCEs (n = 10) [see ESM 3 
for an overview of the included studies]. In sum, we derived 
34 different attributes from the 43 studies (ESM). We added 
two further attributes (e.g., suitability for daily use, ease of 
use) based on German HIV expert consultations. To reduce 
the number of attributes, we discussed the relevance of each 
attribute regarding the context within the German health-
care system (e.g., the cost of services [26, 27] does not play 
an important role in the German setting from the patient’s 
perspective), discussed the attributes with the involvement 
of HIV experts, and qualitatively ranked the importance of 

each attribute. Following this, nine attributes remained for 
the next qualitative step.

2.2 � Qualitative Steps

2.2.1 � Semi‑Structured Interviews

In total, we qualitatively surveyed (May to June 2022) 15 
randomly selected people with confirmed HIV status from 
a patient recruitment agency (Liberating Research, LR) liv-
ing in Germany (40% female, mean age 42.9 years). Writ-
ten informed consent was obtained from all participants. 
Respondents were mailed a short survey before conduct-
ing the semi-structured interviews. This enabled us to learn 
more about the HIV history of the interviewees and their 
initial assessments of the relevance of the nine attributes. For 
example, each respondent was asked to rate each attribute on 
a 1–5 scale (1 = not all important, 5 = extremely important). 
The aim of the semi-structured interviews was to discuss 
the previously identified attributes and their relevance from 
the perspective of people living with HIV in the German 
healthcare setting, ask for possibly missing attributes, clarify 
the wording, specify both level characteristics as well as 
short descriptions, and to evaluate the comprehensibility 
of hypothetical choice tasks for the DCE (see below). The 
interviews were conducted online via MS Teams, recorded, 
transcribed, and analyzed verbatim by using MAXQDA 
(Release 2020.4.2). Individuals who completed the qualita-
tive study received 30 Euros. We did not collect personal 
data such as addresses, names, or phone numbers. Based 
on all steps, six attributes were derived that were of major 
importance for HIV treatment from the patients’ perspective, 
which are as follows: the type of medication, the frequency 
of dosing, the location of treatment, the risk of short-term 
side effects, the risk of long-term side effects, as well as pos-
sible interactions with other medication or (party) drugs (see 
Table 1 for an overview of all attributes and corresponding 
levels). In contrast, the following three attributes were not 
included in the DCE because of a lower relevance from the 
patients’ perspective: the suitability for daily use, the ease of 
use, and the risk of HIV-related stigma (privacy concerns).

2.3 � Quantitative Steps

We used Sawtooth Software (Lighthouse Studio Version 
9.14.0) to both program and conduct the survey. The ques-
tionnaire began with demographic and self-reported health 
status questions, and ended with HIV-related questions after 
the DCE choice sets. The experiment was designed as a full 
profile design and was generated using the balanced overlap 
method to permit estimation of the main effects and interac-
tions, as well as D-optimal procedures to maximize statisti-
cal efficiency [28]. [The strength of design for our research 
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model is 940.53503.] In this context, a full profile design refers 
to a design that ensures the inclusion of all possible attributes 
across the choice sets presented to survey respondents. We set 
forced-choice tasks (i.e., choice sets had no option to opt out, as 
opting for no treatment is not a rational option [1, 29]) and two 
hypothetical HIV treatments. Thus, respondents were forced 
to make trade-offs between attributes and their levels. The 
method offers practical advantages such as closeness to reality 
as trade-off decisions are part of everyday life [19]. This can 
provide valuable insights into how patients prioritize and trade-
off different attributes or levels when making HIV-treatment 
related decisions. As stated above, HIV treatments differed in 
six attributes with between two and five levels (see Table 1). In 
DCE research, four to eight attributes per choice set are seen as 
appropriate [30, 31]. Figure 1 provides one hypothetical choice 
task as an example. The questionnaire was pilot tested for clar-
ity and comprehensibility with 15 people living with HIV in 
Germany and slightly modified accordingly (e.g., we slightly 
modified the wording of two questions to improve understand-
ing). The latter included a comprehensive qualitative discussion 
with the respondents about the final version of the survey as 
well as a quantitative analysis based on the 15 responses to 
detect implausible responses. [Please note that the final word-
ing of all attributes, levels, and corresponding descriptions had 
already been examined during the qualitative part of this study.]

Orme’s often-used rule-of-thumb calculates a sample 
of 104 participants for a DCE having our design specifi-
cations (i.e., 12 choice tasks per respondent, two alterna-
tives, two to five levels per attribute) [32]. This sample 

size was discussed as being the lowest limit for a main 
effects estimation. However, we aimed at doubling this 
number (i.e., to include at least 208 participants) following 
more advanced recommendations for statistical robustness 
[33].

2.4 � Study Sample

To be included in either the qualitative or quantitative part 
of our study, patients had to be at least 18 years of age, to 
be a current resident in Germany, to have a confirmed HIV 
status, to be taking ART, and to have appropriate language 
skills in German. Final questionnaires were sent by e-mail 
to 333 randomly selected respondents with confirmed HIV 
status from a patient recruitment agency (LR) between 
July and November 2022. On registering, all patients pro-
vide LR with both their e-mail address and phone number 
to ensure direct contact for survey participation purposes. 
LR, which maintains the panel, invited eligible members 
and referred them to the online survey. The registered 
panel of people living with HIV in Germany at LR is 
representative in terms of gender and age for all patients 
in Germany and was also surveyed in other HIV-related 
research [9]. As an incentive, patients received between 
20 Euros and 40 Euros, with at least 10% of the incentive 
being donated to a German HIV charity.

Table 1   List of attributes and 
levels used in the DCE

DCE discrete choice experiment

Attributes Description and levels given in the DCE questionnaire

Type of medication Pill-based treatment
Subcutaneous injection (into the subcutaneous fatty tissue)
Intramuscular injection (into the muscle)

Frequency of dosing Daily
Weekly
Every 2 months
Every 3 months
Every 6 months

Location of treatment Physicians’ practice/hospital (medical staff administers treatment)
Home-based (self-administered treatment)

Risk of short-term side effects Low risk (1 of 1000 patients will experience short-term side effects)
Moderate risk (10 of 1000 patients will experience short-term side effects)
Higher risk (100 of 1000 patients will experience short-term side effects)

Risk of long-term side effects Low risk (1 of 1000 patients will experience long-term side effects)
Moderate risk (10 of 1000 patients will experience long-term side effects)
Higher risk (100 of 1000 patients will experience long-term side effects)

Interaction with other medica-
tion or (party) drugs

No medication/drug interactions occur
Increased risk of reduced effect due to (party) drugs
Increased risk of reduced effect due to other medication
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2.5 � Survey Administration

In total, the survey consisted of four parts (ESM). First, we 
collected general sociodemographic information on partici-
pants (e.g., age, gender) before asking for HIV-treatment 
related issues (e.g., the year of both diagnosis and first 
treatment, current HIV treatment) in the second part. After-
wards, respondents were presented with information on all 
six attributes as well as corresponding levels and were asked 
to rate each attribute on a 1–5 scale (1 = not all important; 5 
= extremely important) as well as to select the single most 
important attribute for the therapy choice. In the following, 
participants had to answer 12 DCE choice tasks, in which 
they were asked to choose between two treatment options. 
In the fourth part, respondents were asked to respond to fur-
ther preference-related items regarding the different types of 
therapy regimens.

2.6 � Statistical Methods

Analyses of general survey questions were performed using 
SPSS (released 2019, IBM SPSS Statistics for Windows, 
Version 26.0; IBM Corp. Armonk, NY, USA). Descriptive 
statistics were used to examine demographic and experience-
related variables. Discrete choice experiment analyses were 
performed using R Statistical Software (Version 4.2.2; R 
Foundation for Statistical Computing, Vienna, Austria) and 

the corresponding mlogit-packages by Croissant (2020) [34] 
and “gmnl” by Sarrias and Daziano [35].

In our analysis, we tested different MNL and random 
parameter logit (RPL) models to identify the best-fitting 
model (ESM). As a benchmark, we used a MNL model 
with attributes as explanatory variables and assumed 
homoscedastic errors. In alternative models, we included 
heteroscedastic errors and additional explanatory variables. 
[We consider it relevant to test for heteroscedasticity, 
as unnoticed heteroscedasticity may bias the estimates 
of nonlinear models (e.g., logit models) [36]]. Overall, 
we did not find improvements in using the variations. 
Both, Akaike Information Criterion (AIC) and Bayesian 
Information Criterion (BIC) point at the benchmark model 
to be the best-fitting model. Despite significant scaling 
factors, heteroscedastic errors were rejected by the Wald 
test, likelihood ratio test, and Lagrange multiplier test. 
Including an intercept or sociodemographic variables (i.e., 
age, gender, education, place of living, sexual orientation, 
and health state) as additional explanatory variables did not 
detect statistically significant changes. In order to test for 
unobserved heterogeneity, we analyzed the data by using 
an RPL model. We assumed that random parameters were 
normally distributed and uncorrelated with each other. We 
chose R = 1000 random draws, which is sufficiently large for 
convergence. However, including random parameters on all 
attributes did not lead to statistically significant additional 

Fig. 1   Example choice task. 
HIV human immunodeficiency 
virus
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findings apart from those related to the attribute “Interaction 
with other medication or (party) drugs” (we also applied 
uniform distribution without any meaningful changes). 
Additionally, no information criteria supported the use of 
the RPL model compared with the benchmark estimation 
(see also the likelihood ratio test and Wald test). [Please 
note: When we restricted random parameters to the attribute 
“Interaction with other medication or (party) drugs” as the 
only attribute with significant random parameters, the RPL 
model performs slightly better, and the Wald test reports that 
the remaining random parameters were relevant. Yet, the 
benchmark MNL model remains superior and we conclude 
that including random parameters did not provide additional 
benefits.] Based on this, we analyzed the DCE by performing 
the initial MNL model (see above).

We applied effect coding to all attributes so that the lev-
els were expressed as (1, 0, − 1); thereby, (− 1) indicating 
the reference category. We chose effect coding over dummy 
coding because with dummy coding the parameter estimate 
for the (omitted) baseline category is equal to zero and can-
not be recovered. Hence, the estimates of the other levels 
are expressed relative to the benchmark level. Instead, with 
effect coding, we can calculate the parameter of the base-
line category from the negative sum of the included cat-
egories and the standard error from the covariances of the 
included categories. This enables us to compare all levels of 
the attributes against the corresponding mean value indicat-
ing a positive or negative impact compared to the mean of 
the attribute and the magnitude specifying the size of the 
effect [1, 24]. For all analyses, p values less than 0.05 were 
considered statistically significant [28].

2.7 � Latent Class Analysis

With a latent class analysis, groups of respondents with 
similar preferences may be identified. In contrast to a 
cluster analysis, respondents are not assigned to different 
segments in a discrete (all-or-nothing) manner, but have 
probabilities of membership in each group [37]. A latent 
class analysis assumes that the underlying distribution for 
the parameters is discrete. This includes the assumption that 
there are different decision-making strategies used by groups 
(labeled classes) of respondents in a sample but that within 
each of these classes, responses are homogeneous [38]. 
More specifically, respondents are assigned to a class based 
on their highest posterior probability of class membership 
[38, 39]. In order to identify differences between potential 
subgroups, we conducted a latent class multinomial logit 
model. Using the gmnl package by Sarrias and Daziano [35], 
we compared models with two to five classes. We included 
sociodemographic variables as regressors (see above) in 
order to capture their impact on class membership. Again, 
we applied effect coding on all variables except for age. 

As recommended for analyses with a small sample size 
(< 300) as well with the intention to provide a probable 
allocation of the participants per group, we examined AIC, 
BIC, and sample-size adjusted BIC to select the best-fitting 
model [40–42]. The information criteria led to heterogenous 
recommendations (ESM). However, if incorrect, BIC and 
adjusted BIC are likely to underestimate the number of 
classes while AIC could be shown to be more likely to 
overestimate the number of classes, especially for studies 
with a small sample size [46, 47]. Based on this, we chose 
a model with two classes for the following analysis and 
provide the results of the model with three classes in the 
ESM for transparency reasons.

3 � Results

3.1 � Participant Characteristics

Of 333 eligible people living with HIV in Germany who 
were contacted, a total of 237 respondents returned the sur-
vey (71.2% response rate). We report on the n = 226 par-
ticipants who fully completed the DCE component of the 
questionnaire (Table 2). The mean age of respondents was 
46.09 years (standard deviation 11.20 years). Most respond-
ents (85.8%) were male and most respondents (38.0%) stated 
intermediate secondary school or less as the highest educa-
tional level. Overall, 179 respondents (79.2%) rated their 
current health as good or better. The year of both diagnosis 
and first treatment ranged between 1984 and 2020. Regard-
ing HIV treatment-related issues, most participants report a 
pill-based therapy (96.5%), take one HIV-related pill daily 
(75.2%), have been 12 months or more under the current 
HIV-therapy regimen (88.0%), and report to be (very) satis-
fied with the current HIV therapy (91.2%). Because each 
respondent made 12 choices, the final samples consisted of 
2712 (226 times 12) cases to be analyzed.

3.2 � Patients’ Preferences: Descriptive Findings

Respondents’ assessments of the importance of different 
attributes for the HIV-related treatment choice are presented 
in the ESM. First, each treatment attribute was rated on a 
1–5 scale (1 = not all important; 5 = extremely important). 
As shown, participants rated the risk of long-term side 
effects (4.70 ± 0.68) as most important. In addition, the 
risk of short-term side effects (4.25 ± 0.95), the location of 
treatment (4.24 ± 0.98), and the frequency of dosing (4.23 
± 0.97) was rated slightly more important than the type of 
medication (4.14 ± 0.99). In contrast, possible interactions 
with other medication or (party) drugs seemed to be less 
important (3.64 ± 1.40). Second, the survey results for the 
single most important information item for the treatment 
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Table 2   Participant 
characteristics: key 
characteristics (n = 226)

HIV human immunodeficiency virus, SD standard deviation

Mean (SD) or n Range or %

Demographic characteristics
 Age
 Mean (SD) 46.09 (11.20) 23–70
 Gender
  Male 194 85.8
  Female 31 13.7

 Diverse 1 0.4
 Educational attainment
  Secondary general school or less 19 8.4
  Intermediate secondary school 69 30.5
  (Technical) University entrance qualification 135 59.7
  Others 3 1.3

 Place of living
  Large city/suburbs (100,000 inhabitants or more) 178 78.7
  Middle-size city (20,000–100,000 inhabitants) 19 8.4
  Small city, village (less than 20,000 inhabitants) 29 12.8

 Sexual orientation
  Heterosexual 29 12.8
  Homosexual 184 81.4
  Other 13 5.8

 Health status
  Good or better 179 79.2
  Satisfactory 42 18.6
  Bad or worse 5 2.2

 Year of HIV diagnosis and first treatment
  Year of HIV diagnosis 2006 1984–2020
  Year of first treatment 2008 1984–2020

HIV-treatment related issues
 Current HIV treatment
  Pill-based 218 96.5
  Injection-based 8 3.5

 Number of daily HIV-related pills
  1 164 75.2
  2 25 11.5
  3+ 29 13.3

 Duration of current HIV therapy
  < 6 months 9 4.0
  6–12 months 18 8.0
  12 months + 199 88.0

 Location of medical care
  Inpatient-based (e.g., hospital) 32 14.2
  Outpatient-based (e.g., specialized practice) 194 85.8

 Travel time to the location of medical care (minutes)
  < 30 150 66.4
  30–60 45 19.9
  60+ 31 13.7

 Satisfaction with current HIV therapy
  (Very) satisfied 206 91.2
  More or less 14 6.2
  (Very) dissatisfied 6 2.6
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choice revealed the risk of long-term side effects (35.4%) 
and the frequency of dosing (31.4%) as most relevant.

3.3 � Patients’ Preferences: Findings from the DCE 
Analysis

Table 3 presents the results of multinomial logit models of 226 
participants’ choices, totaling 2712 comparisons (see above). 
Overall, patients preferred a pill-based treatment with less fre-
quent dosing regimens, which can be administered at home 
and further characterized by lower risks of both short-term 
and long-term side effects as well as by no interactions with 
other medications or (party) drugs. We showed statistically 
significant coefficients for all levels except for “Subcutane-
ous injection” and “Increased risk of reduced effect due to 

(party) drugs”. The coefficient values within an attribute add 
up to zero because of the effect coding (Table 3). The range 
of coefficient values within an attribute shows the importance 
of an attribute on a choice decision. We calculated the rela-
tive importance of each attribute by each attribute’s coeffi-
cient range (i.e., the difference between the coefficients of 
the highest and lowest level of each attribute) expressed as a 
share of the total range across attributes. As shown in Fig. 2, 
the frequency of dosing (36.1%; level range of 1.664) as well 
as the risk of long-term side effects (28.2%; level range of 
1.298) had the strongest influence on preferences. In contrast, 
the type of medication (11.2%; level range of 0.514), the risk 
of short-term side effects (10.7%; level range of 0.494), the 
location of treatment (7.4%; level range of 0.340), and possible 

Table 3   Estimated parameters of the multinomial logit model (discrete choice experiment, patients)

CI confidence interval, coeff. coefficient, OR odds ratio, SE standard error

Attributes and levels Participants (n = 226)

Coeff. OR SE coeff. 95% CI p value Difference (high-
est to lowest level)

Type of medication 0.514
 Pill-based treatment 0.289 1.335 0.041 0.209 0.369 0.000
 Intramuscular injection (into the muscle) − 0.225 0.798 0.041 − 0.306 − 0.145 0.000
 Subcutaneous injection (into the subcutaneous fatty tissue) − 0.064 0.938 0.040 − 0.142 0.014 0.107

Frequency of dosing 1.664
 Daily − 0.906 0.404 0.065 − 1.034 − 0.778 0.000
 Weekly − 0.456 0.634 0.060 − 0.575 − 0.337 0.000
 Every 2 months 0.146 1.157 0.059 0.029 0.262 0.014
 Every 3 months 0.459 1.583 0.059 0.342 0.576 0.000
 Every 6 months 0.758 2.133 0.062 0.635 0.881 0.000

Location of treatment 0.340
 Physicians’ practice/hospital (medical staff administers treatment) − 0.170 0.844 0.017 − 0.204 − 0.136 0.000
 Home-based (self-administered treatment) 0.170 1.185 0.017 0.136 0.204 0.000

Risk of short-term side effects 0.494
 Low risk (1 of 1000 patients will experience short-term side 

effects)
0.207 1.230 0.040 0.128 0.286 0.000

 Moderate risk (10 of 1000 patients will experience short-term 
side effects)

0.080 1.083 0.040 0.001 0.159 0.046

 Higher risk (100 of 1000 patients will experience short-term side 
effects)

− 0.287 0.751 0.041 − 0.367 − 0.207 0.000

Risk of long-term side effects 1.298
 Low risk (1 of 1000 patients will experience short-term side 

effects)
0.537 1.711 0.041 0.456 0.619 0.000

 Moderate risk (10 of 1000 patients will experience short-term 
side effects)

0.224 1.251 0.040 0.146 0.302 0.000

 Higher risk (100 of 1000 patients will experience short-term side 
effects)

− 0.761 0.467 0.044 − 0.847 − 0.675 0.000

Interaction with other medication or (party) drugs 0.294
 No medication/drug interactions occur 0.168 1.183 0.040 0.089 0.248 0.000
 Increased risk of reduced effect due to other medication − 0.125 0.882 0.040 − 0.204 − 0.047 0.002
 Increased risk of reduced effect due to (party) drugs − 0.043 0.958 0.040 − 0.122 0.036 0.286
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interactions with other medications or (party) drugs (6.4%; 
level range of 0.294) were less important.

3.4 � Latent Class Analysis

Figure 3 displays the level estimates and the mean relative 
importance of attributes for both subgroups (see ESM for a 
detailed overview). Thereby, slightly more respondents were 
assigned to class 1 (n = 135; 59.7%) than to class 2 (n = 91; 
40.3%). Regarding the preference pattern of class 1, the fre-
quency of dosing (44.1%; level range of 1.990) is weighted 
highest. Furthermore, the type of medication (16.8%; level 
range of 0.759) was ranked second in this class. The remain-
ing attributes risk of long-term side effects (10.8%; level 
range of 0.486), location of treatment (10.4%; level range 
of 0.470), possible interactions with other medications or 
(party) drugs (9.0%; level range of 0.408), and the risk of 
short-term side effects (8.8%; level range of 0.399) were 
rated less important in this class. Regarding the preference 
pattern of class 2, the risk of long-term side effects (50.3%; 
level range of 3.645) was weighted highest, followed by 
the frequency of dosing (27.4%; level range of 1.987). The 
attribute risk of short-term side effects (14.1%; level range 
of 1.022) was ranked third in this class. The remaining three 
attributes, type of medication (3.9%; level range of 0.280), 
location of treatment (2.9%; level range of 0.212), and pos-
sible interactions with other medications or (party) drugs 
(1.4%; level range of 0.105) were less important.

The evaluation of structural variables for both classes 
shows that age, educational attainment, and sexual orienta-
tion did not show any significant impact on the estimated 
class probabilities (p > 0.05 each) [ESM]. For class 1, fur-
ther sociodemographic variables (i.e., gender, place of liv-
ing, and health status) did not show any significant impact 
either. In contrast, male respondents, those living in small 
cities or villages, and those with higher health status results 
were significantly more likely to be assigned to class 2. 
Table 4 presents the participant characteristics of both sub-
groups. As shown, we found significant differences between 
both groups for all characteristics. For example, members of 
class 1 were more likely to be younger (p < 0.001), have a 
lower educational level (p < 0.001), live in small cities or 
villages (p < 0.001), and are less satisfied with the current 
HIV therapy (p = 0.013) compared with members of class 2.

4 � Discussion

This study provides new insights into preference patterns 
that people living with HIV in Germany place on certain 
attributes of current and novel long-acting ART regimens. 
Thereby, the study’s DCE-based findings appear broadly 
consistent with the results from both the rating-based and 

ranking-based survey results and may allow conclusions to 
be drawn for targeting therapy regimens: based on our find-
ings, the frequency of dosing and the risk of long-term side 
effects had the greatest influence on preferences. The cor-
responding attributes were also the most important to the 
study participants when asked about the most significant 
information items for choosing a certain HIV treatment. In 
addition, consistent with these findings, study participants 
rated the risk of long-term side effects as most important 
when rating all attributes on a scale of 1–5.

As mentioned above, previous studies have also 
explored patient preferences for HIV treatment in different 
parts of the world [1, 9–11, 13–18]. For example, Müh-
lbacher and colleagues have surveyed 218 people living 
with HIV in Germany in 2009/2010 and have shown that 
the attribute “Emotional quality of life (disease not obvi-
ous for others)” was most important, followed by “Physi-
cal quality of life (diarrhoea, nausea less frequent)” and 
“Social quality of life (participation in social life possi-
ble)”. Less important but still statistically significant were 
the attributes “Life expectancy,” “Flexibility of dosing,” 
and “Long term side effects improbable” [17]. The study 
is comparable to ours in that it included two similar attrib-
utes and one attribute that refers to the flexibility of dos-
ing. It identified similar preference structures for people 
living with HIV in Germany. For example, the possibility 
of taking medication at home is also a significant attribute 
in our study, although it was only ranked the fifth most 
important attribute. However, the “Frequency of dosing” 
and “Risk of long-term side effects” were the two most 
significant factors in our study, whereas they were the two 
least significant factors in the mentioned study.

Another study including respondents from Germany 
(along with those from France, Italy, and the UK) was con-
ducted by Akinwunmi and colleagues addressing in detail 
the importance of the attribute “Frequency of dosing” [9]. 
Here, the authors assessed whether people living with HIV 
as well as physicians would be interested in trying and offer-
ing a novel long-acting regimen (LAR) for HIV treatment 
that requires a dosing every 2 months instead of daily. As a 
result, it could be shown that two thirds of all respondents 
were very strongly interested in trying LAR. As one main 
reason, people living with HIV viewed the described LAR as 
addressing several unmet needs, such as suboptimal adher-
ence, confidentiality/privacy concerns, and the emotional 
burden from taking pills every day. Further regression results 
demonstrated that the odds of being interested in trying LAR 
were 4.21 times higher among those reporting versus not 
reporting that taking their HIV treatment less often “would 
reduce the shame or stigma I feel for having HIV” [9]. Even 
though the study has applied a different design it does con-
firm, at least to some extent, the absolute importance of the 
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Fig. 2   Graphic display of 
level estimates with the 95% 
confidence interval (discrete 
choice experiment) and mean 
relative importance of attributes 
(based on each attribute’s coef-
ficient range, i.e., the difference 
between the coefficients of the 
highest and lowest level of each 
attribute)
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Fig. 3   Graphic display of level 
estimates with the 95% confi-
dence interval (discrete choice 
experiment) and mean relative 
importance of attributes for 
both subgroups (based on each 
attribute’s coefficient range, 
i.e., the difference between the 
coefficients of the highest and 
lowest level of each attribute)
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Table 4   Participant characteristics of both subgroups within the latent class analysis (p value was calculated based on the Wilcoxon test)

Class 1 (n = 135; 59.7%) Class 2 (n = 91; 40.3%) p value
Mean (SD) or n (%) Mean (SD) or n (%)

Demographic characteristics
 Age
  Mean (SD) 44.41 (10.58) 48.58 (11.57) 0.000

 Gender
  Male 117 (86.7) 77 (84.6) 0.045
  Female 17 (12.6) 14 (15.4)
  Diverse 1 (0.7) 0 (0.0)

 Educational attainment
  Secondary general school or less 15 (11.1) 4 (4.4) 0.000
  Intermediate secondary school 43 (31.9) 26 (28.6)

(Technical) University entrance qualification 75 (55.6) 60 (65.9)
  Others 2 (1.5) 1 (1.1)

 Place of living
  Large city/suburbs (100.000 inhabitants or more) 101 (74.8) 77 (84.6) 0.000
  Middle-size city (20.000–100.000 inhabitants) 12 (8.9) 7 (7.7)
  Small city, village (<20,000 inhabitants) 22 (16.3) 7 (7.7)

 Sexual orientation
  Heterosexual 17 (12.6) 12 (13.2) 0.00
  Homosexual 113 (83.7) 71 (78.0)
  Other 5 (3.7) 8 (8.8)

 Health status
  Good or better 110 (81.5) 69 (75.8) 0.000
  Satisfactory 21 (15.6) 21 (23.1)
  Bad or worse 4 (3.0) 1 (1.1)

 Year of HIV diagnosis and first treatment
  Year of HIV diagnosis (range) 2007 (1985–2020) 2005 (1984–2019) 0.000
  Year of first treatment (range) 2009 (1989–2020) 2007 (1984–2019) 0.000

HIV treatment-related issues
 Current HIV treatment
  Pill-based 129 (95.6) 89 (97.8) 0.000
  Injection-based 6 (4.4) 2 (2.2)

 Number of daily HIV-related pills (n = 218)
  1 103 (79.8) 61 (68.5) 0.000
  2 13 (10.1) 12 (13.5)
  3+ 12 (9.3) 10 (9.6)

 Duration of current HIV therapy (months)
  <6 5 (3.7) 4 (4.4) 0.000
  6–12 13 (9.6) 5 (5.5)
  12+ 117 (86.7) 82 (90.1)

 Location of medical care
  Inpatient-based (e.g., hospital) 22 (16.3) 10 (11.0) 0.000
  Outpatient-based (e.g., specialized practice) 113 (83.7) 81 (89.0)

 Travel time to the location of medical care (minutes)
  <30 87 (64.4) 63 (69.2) 0.000
  30–60 27 (20.0) 18 (19.8)
  60+ 21 (15.6) 10 (11.0)

 Satisfaction with current HIV therapy
  (Very) satisfied 122 (90.4) 84 (92.3) 0.013
  More or less 9 (6.7) 5 (5.5)
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attribute “Frequency of dosing” as one major attribute when 
choosing HIV therapy regimens.

In another European study, Brégigeon-Ronot and col-
leagues surveyed 101 people living with HIV in France in 
2014 to elicit relative preferences for attributes of ARTs [11]. 
The sample is comparable to ours regarding age, gender, as 
well as therapy-based characteristics (e.g., educational level, 
current health status, year of both diagnosis, and first treat-
ment). As a result from the DCE analysis, it appears that 
patients placed significant value on the avoidance of both 
short-term side effects (i.e., diarrhea) as well as long-term 
health problems, such as cardiovascular disease and kidney 
disease [11]. Also similar to our findings, patients were con-
cerned about the potential risk of drug–drug interactions 
and demonstrated a strong preference for a treatment with 
limited drug–drug interactions. Patients also preferred to 
avoid problems associated with treatment failure or therapy 
that left them with a higher viral load after the first weeks 
of treatment. Even though some attributes evaluated in this 
study were different from those in ours, in both studies, we 
detected limited drug–drug interactions and both short-term 
and long-term health problems to be significant attributes for 
patients’ preferences in ART regimens.

In addition, we identified two DCE studies from the USA 
with the intention to identify patient preferences for novel 
ART regimens. First, Ostermann and colleagues surveyed 
403 people living with HIV in the USA in 2017/2018. They 
included four attributes in their DCE but those were similar 
to ours, namely dosing (i.e., the number of pills per dose and 
the dosing frequency), administration (i.e., meal requirement 
and pill size), short-term side effects (e.g., diarrhea, dizzi-
ness), and long-term side effects (e.g., risk of heart attack, 
risk of new or worse kidney problems) [13]. As a result, 
they could show that people living with HIV valued mini-
mizing short-term side effects (relative importance: 44%) 
and long-term risks (32%) over dosing (17%) and adminis-
tration characteristics (8%) [13]. Those findings are partly 
similar, except that in our study, the long-term side effects 
and the frequency of dosing were most important. In con-
trast, the short-term side effects were less relevant and the 
administration was not among the most relevant attributes 
in our study. Second, another study is currently being car-
ried out in the USA to learn more about preferences for both 
current and novel HIV treatment regimens; with the results 
still to be published [8]. The findings of this study will 

enable interesting comparisons, as the attributes identified 
as relevant in this study are partly very similar to ours (e.g., 
location, frequency of dosing, side effects), but partly also 
address alternative aspects (e.g., late dose leeway).

In another interesting DCE study, Tieosapjaroen and 
colleagues surveyed 335 people living with HIV in Mel-
bourne, Australia in 2021 to examine the relative importance 
of antiretroviral medication side effects so as to improve 
patient satisfaction, adherence, and treatment. In particular, 
the authors focused on weight gain as a possible side effect 
of HIV treatment. As a result, it could be shown that weight 
gain was the second most important short-term side effect 
following depression and the third most important undesir-
able long-term side effect, following risks of heart attack 
and kidney problems. Interestingly, the authors could show 
that respondents who weighed more than 85 kg preferred 
medications not causing weight gain while respondents with 
a lower weight preferred medications causing weight gain 
[43].

We have identified further studies that have been con-
ducted in developing countries (e.g., Colombia [1, 16], Zam-
bia [15], Kenya [10], urban Zimbabwe [18]). However, these 
studies seem to be less comparable to ours compared with 
studies from other European countries (e.g., France) and the 
USA, as they are likely to focus on other aspects of care [3, 
5, 44]. For example, Dommaraju and colleagues have sur-
veyed 104 persons living with HIV in Kenya to elicit prefer-
ences for differentiated care models. Here, the authors con-
cluded that clinically stable patients expressed a preference 
for facility-based care provided clinical visits were extended 
to biannually. Here, the most important attributes were the 
location of clinical review (24.1%), location of ART refills 
(21.6%), the frequency of clinical visits (15.2%), and the 
frequency of ART refills (13.5%), followed by the person 
providing ART (9.7%), adherence support (8.2%), and refill 
pick-up/delivery time (7.8%) [10].

As mentioned above, patients preferred a pill-based 
treatment with less frequent dosing regimens, which can be 
administered at home and further characterized by lower 
risks of both short-term and long-term side effects as well as 
by no interactions with other medications or (party) drugs. 
In line with the current HIV healthcare delivery in the USA 
[8], most people living with HIV in Germany take one or 
more pills daily as well. Based on our results, more than 
86% take one or two HIV-related pills daily combining two 

HIV human immunodeficiency virus, SD standard deviation

Table 4   (continued)

Class 1 (n = 135; 59.7%) Class 2 (n = 91; 40.3%) p value
Mean (SD) or n (%) Mean (SD) or n (%)

  (Very) dissatisfied 4 (3.0) 2 (2.2)
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or more antiretroviral medications for treatment (see above). 
Using the example of frequency of dosing, it appears evident 
that the reality of care and the preferences of people living 
with HIV diverge, at least to some extent.

Finally, our latent class analysis-based findings have 
demonstrated meaningful differences between both sub-
groups. Interestingly, we detected one attribute to be of 
major importance in both groups. While the frequency 
of dosing was most important in class 1, the risk of long-
term side effects was most important in class 2. The rela-
tive weight of those attributes accounted almost for 50% 
of all attributes. This means that these criteria were almost 
as important as the other five criteria combined. In both 
groups, we found one additional attribute to be of higher 
importance; while the type of medication was relevant in 
class 1, the frequency of dosing was weighted important 
in class 2. In contrast, the three attributes location of treat-
ment, risk of short-term side effects, and the interaction 
with other medications or (party) drugs did not play an 
important role in either class.

With this in mind, our findings on the therapy prefer-
ences of people living with HIV have several implications: 
first, the results are directed to pharmaceutical researchers, 
who should consider them when developing innovative and 
novel therapy regimens. It should be noted that the desid-
eratum of drug research and development corresponding to 
preferences is currently already being met, at least to some 
extent. Present research advances including the availability 
of single-tablet daily regimens for HIV [8], injection-based 
therapies (e.g., under the skin, into muscle), longer acting 
formulations of pill-based regimens, and others might have 
the potential to modify current treatment routine, at least 
for some patients; for example, for patients with suboptimal 
adherence, confidentiality/privacy concerns, as well as the 
emotional burden and other barriers of daily dosing [8, 9]. 
Thus, the emerging treatment options already correspond, in 
part, to patient preferences emerging from the present study. 
This applies, for example, to longer application intervals. As 
mentioned above, new long-acting therapy regimens might 
then have the potential to increase ART initiation and adher-
ence [8, 12].

Second, our findings are relevant to professional societies, 
which should consider them when revising therapeutic 
guidelines or therapy regimens. Third, the results should 
also be considered by actors and institutions entrusted 
with regulatory tasks and responsible for priority setting. 
This applies, for example, to benefit assessments or health 
economic evaluations and thus also to pricing as well as 
decisions on reimbursement or inclusion in the benefit 
catalog of health insurance funds. Fourth, the results are 
directed at the medical profession, as they can contribute 
to joint decision making with patients when discussing 

different therapy options so as to increase therapy adherence. 
This, in turn, would also have a positive impact on both 
the outcomes and economic aspects of HIV treatment. For 
example, the frequency of treatment administration could 
be shown to be a key predictor of patient adherence [45].

In summary, taking into account the preferences of peo-
ple living with HIV could further improve decisions and 
medical care. In addition, a strengthened role for preferences 
should be regarded as a form of participation that helps 
increase trust in health systems as a whole that may also 
strengthen the legitimacy of decisions within that system.

4.1 � Limitations

As with any study, there are several limitations that have to 
be considered when interpreting the results of our research. 
First, our surveyed study respondents were recruited by a 
patient recruitment agency (LR). The registered panel of 
people living with HIV in Germany at LR is representa-
tive in terms of gender and age for all patients in Germany 
and was also surveyed in other HIV-related research [9]. In 
our study in particular, the proportion of male participants 
was slightly above the average in Germany (85.8% vs 80.1% 
[6]). Overall, it must be stated that there is little sociodemo-
graphic information available of people living with HIV in 
Germany [46]. Therefore, we cannot ensure that our sample 
is representative of the German population with respect to 
other characteristics as well (e.g., education, marital status, 
place of living). In addition, the recruitment via LR could 
have influenced the study population with respect to individ-
ual parameters, which could not be examined in total [47]. 
However, based on the sociodemographic data, it seems that 
our study population is similar to those of other studies (see 
above), at least to a certain extent. For example, the sociode-
mographic data showed a similar pattern to other studies in 
HIV-related preference research [9, 11, 17]. Second, it must 
be noted that the selected attributes for the DCE referred to 
both currently already available as well as novel, innova-
tive HIV treatment regimens. Therefore, we cannot exclude 
that the participants in the experiment were more familiar 
with the already available therapy regimens and therefore 
chose those primarily. Third, the selection of the levels for 
the attribute “Frequency of Dosing” was associated with 
some challenges as related novel therapy regimens are cur-
rently not yet available. In the qualitative steps, however, we 
aimed to assure not to integrate any unrealistic characteris-
tics (i.e., levels) but those that are actually currently being 
investigated in research. Therefore, the pool of experts from 
HIV research provided support in this regard. Fourth, the 
participants surveyed in this study had a mean year of first 
diagnosis of 2006, with the earliest diagnosis in 1984 and 
the latest diagnosis in 2020. Because of this relatively broad 
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range, a different amount of experience of the participants 
can be assumed. Preferences of patients who have received 
one or more treatments and preferences of those who are 
newly diagnosed might vary as preferences might change 
over time [48]. Therefore, it should be taken into account 
that preferences of individual patients might change in the 
future. However, our results shall be interpreted as a cur-
rent snapshot of preferences of people living with HIV in 
Germany [48]. Fifth, the generalizability (external validity) 
of our results to other settings should also be mentioned. 
As described above, studies from other European countries 
(Germany [17], France, Italy, and the UK [9], France [11]) 
or the USA [8, 13] tend to have included more similar attrib-
utes and the samples surveyed appear more comparable to 
our study. Therefore, our results are more likely to be trans-
ferable to these countries. In contrast, studies that have been 
conducted in developing countries (e.g., Colombia [1, 16], 
Zambia [15], Kenya [10], Urban Zimbabwe [18]) are likely 
to focus on other aspects of care as well [3, 5, 44]. Here, the 
transferability is likely to be lower. Sixth, patients received a 
financial incentive for participating in the quantitative part of 
our study. It should be mentioned that the incentive has been 
increased over time from 20 Euros to 40 Euros to improve 
the response rate. Please note that the average paid incentive 
was calculated to be 28.32 Euros. Finally, it should be noted 
that we did not randomly allocate the order of the presenta-
tion of attributes between participants. We refrained from 
doing so, as previous research has shown that the ordering 
of the attributes was found to have no statistically significant 
effect on the importance attached to them by respondents 
[49, 50]. Nevertheless, we follow Norman and colleagues by 
recognizing that in some situations (e.g., relatively difficult 
choice tasks, unfamiliar choice task), respondents may have 
the tendency to rely on simplifying heuristics such as focus-
ing on the earlier or later dimensions [49]. However, in our 
study, we felt that the choice tasks were neither very difficult 
nor unfamiliar to the respondents because we surveyed only 
people with confirmed HIV status.

5 � Conclusions

This study provides new insights into preference patterns 
that people living with HIV in Germany place on certain 
attributes of current and novel ART regimens. Thereby, 
the study’s DCE-based findings appear broadly consist-
ent with the results from both the rating-based and rank-
ing-based survey results. One of the major results is the 
importance placed by people living with HIV in Germany 
on the characteristics of HIV-related therapy regimens 
related to the frequency of dosing and the risk of long-
term side effects. The latter had the greatest influence on 

peoples’ preferences. This should be considered when fur-
ther developing HIV-related therapy regimens in order to 
increase treatment adherence and the satisfaction of people 
living with HIV.
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tion or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit 
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Abstract
Purpose  The calculation of aggregated composite measures is a widely used strategy to reduce the amount of data on hospital 
report cards. Therefore, this study aims to elicit and compare preferences of both patients as well as referring physicians 
regarding publicly available hospital quality information
Methods  Based on systematic literature reviews as well as qualitative analysis, two discrete choice experiments (DCEs) 
were applied to elicit patients’ and referring physicians’ preferences. The DCEs were conducted using a fractional factorial 
design. Statistical data analysis was performed using multinomial logit models
Results  Apart from five identical attributes, one specific attribute was identified for each study group, respectively. Overall, 
322 patients (mean age 68.99) and 187 referring physicians (mean age 53.60) were included. Our models displayed signifi-
cant coefficients for all attributes (p < 0.001 each). Among patients, “Postoperative complication rate” (20.6%; level range 
of 1.164) was rated highest, followed by “Mobility at hospital discharge” (19.9%; level range of 1.127), and ‘‘The number 
of cases treated” (18.5%; level range of 1.045). In contrast, referring physicians valued most the ‘‘One-year revision surgery 
rate’’ (30.4%; level range of 1.989), followed by “The number of cases treated” (21.0%; level range of 1.372), and “Postop-
erative complication rate” (17.2%; level range of 1.123)
Conclusion  We determined considerable differences between both study groups when calculating the relative value of 
publicly available hospital quality information. This may have an impact when calculating aggregated composite measures 
based on consumer-based weighting.

Keywords  Public reporting · Hospital choice · Discrete choice experiment · Composite measures · Hospital report cards

JEL Classification  I12

Introduction

Public reporting of performance information encompasses 
data, publicly available or available to a broad audience free 
of charge or at a nominal cost, about a health-care struc-
ture, process, or outcome at any provider level (e.g., hospi-
tals]) [1]. The overall aim of public reporting is to improve 
health-care quality by both stimulating quality improvement 
on the provider level (“Improvement Through Changes in 
Care”) and also by helping patients, referring physicians, 
and other consumers select the “right” provider (“Improve-
ment Through Selection”) [2, 3]. Therefore, hospital report 
cards (HRCs) publicly display quality-related informa-
tion about hospitals and enable hospital comparisons [4]. 
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However, studies have shown heterogeneous results regard-
ing the impact of HRCs on the choice behavior of consumers 
[5–10]. To increase the uptake of HRCs of consumers, HRCs 
should present the information that consumers value most 
when making hospital choices [11]. Besides, it should be 
attempted to limit the richness of consumers’ choice sets, 
i.e., the number of hospitals as well as the variety of quality 
measures [12].

In this context, one promising strategy is to provide cus-
tomized information that both reflects the preferences of 
consumers and reduces the amount of data by aggregating 
individual performance measures into summary scores (i.e., 
composite measures) [11, 13–17]. For example, a recent 
study has shown that the introduction of summary measures 
on Nursing Home Compare—a web-based guide detailing 
quality of care at over 17,000 Medicare- or Medicaid-cer-
tified nursing homes in the United States—was associated 
with a significant change in consumer demand for low- and 
high-scoring facilities [18]. So far, composite measures 
have been published in several countries such as the United 
States, the UK, and Germany (e.g., Hospital Compare, Nurs-
ing Home Compare, NHS Choices, US News Best Hospital, 
AOK Hospital Navigator) [17–19].

There are different approaches to calculate aggregated 
composite measures such as opportunity-based weights, 
numerator-based weights, all-or-none measures, expert pan-
els, and consumer-based weighting [16]. As shown, con-
sumer-based weighting aligns mostly closely with patient-
centered care and should, therefore, be prioritized [16]; for 
this purpose, it is crucial to learn more about consumers’ 
preferences when choosing a hospital. So far, current com-
posite measure approaches do not consider consumer pref-
erences in more detail when calculating summary scores. 
For example, the overall star rating system for hospitals for 
the Centers for Medicare and Medicaid Services (CMS) in 
the United States—which is publicly displayed on Hospital 
Compare—is calculated by taking the weighted average of 
the hospital’s scores across five areas of quality (i.e., mor-
tality, safety of care, readmission, patient experience, and 
timely and effective care). Therefore, the relative weight 
for mortality, safety, readmission, and patient experience is 
worth 22% each, and timely and effective care is worth 12% 
of the overall score [20].

In addition, most research has been conducted to investi-
gate whether patients—as the main target group of HRCs—
use publicly reported quality information to search for and 
select hospitals [21–23]. However, less information is availa-
ble regarding whether publicly available quality information 
plays a role from the referring physicians’ perspective [24, 
25]. This seems to be surprising since most patients trust 
their referring physicians’ recommendation regarding what 
hospital to choose [25, 26]. Therefore, referring physicians 
should be regarded as another major target group of HRCs 

so as to direct patients to well-performing hospitals and to 
increase the impact of public reporting [24, 27].

In this context, the present study aims to identify the most 
important publicly reported hospital quality information for 
hospital choice for elective hip replacement surgery and to 
determine their relative importance among both patients 
as well as referring physicians. We focused on elective hip 
replacement surgery for the following reasons: first, we 
aimed to address one procedure that is both standard for 
public reporting initiatives as well as included in German 
hospital quality assurance initiatives [28, 29]. Second, non-
acute procedures should be prioritized since public report-
ing aims to support patients, referring physicians, and other 
consumers to select the “right” provider. [2, 3] Third, elec-
tive hip replacement surgery is one of the most frequently 
conducted procedures in Germany; for example, 160,910 
surgeries were performed in 1,254 hospitals in 2020 [30]. 
The results might help us learn how to weight different qual-
ity measures when calculating composite measures. In more 
detail, we sought to address the following three questions: 
(1) what is the essential publicly available hospital quality 
information for choosing a hospital for elective hip replace-
ment surgery from the perspective of patients and referring 
physicians? (2) How do patients and referring physicians’ 
rate different publicly available hospital quality information? 
(3) What relative importance do both patients and referring 
physicians assign to different quality information?

Materials and methods

This study used a mixed methods approach. After perform-
ing a systematic literature review, we conducted qualita-
tive research methods (i.e., semi-structured interviews) to 
identify and select the most important quality measures 
for choosing a hospital for hip replacement surgery from 
the perspective of both patients and referring physicians. 
Based on this, two separate discrete choice experiments 
(DCEs) were developed and performed to elicit and com-
pare patients’ and referring physicians’ preferences for all 
relevant hospital choice characteristics and to determine the 
relative value of each quality measure. DCEs are increas-
ingly used in the health-care context to inform on consumer 
preferences for health-care services such as hospital choice 
[31]. DCEs are a stated preference method that use (sur-
vey) data to systematically elicit individuals’ preferences 
based on a series of hypothetical choice scenarios (termed 
choice sets) [32]. Two key economic theories (i.e., Random 
Utility Theory and Lancaster’s Theory [33, 34]) suggest 
that respondents choose the option from each choice set 
which provides them with the most satisfaction or ‘‘utility” 
[32]. Based on the decisions, DCEs can help understand 
which characteristics (termed attributes) are preferred by 
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consumers and determine the relative value of each attribute. 
[32, 35]

Study design

The design and analysis of both DCEs were based on stand-
ardized research practices for undertaking conjoint analysis 
of the ISPOR Conjoint Analysis Good Research Practices 
Task Force [36–38]. Ethics approval for both studies was 
obtained from the Friedrich-Alexander-University Erlangen-
Nuremberg Ethics Board (196_19 B). Informed consent was 
obtained from each study participant.

Systematic search procedure

First, we conducted two systematic search procedures on 
Medline (via PubMed) and the Cochrane Library to identify 
studies which aimed to identify relevant criteria for hospital 
choice for hip replacement surgery from the perspective of 
both patients and referring physicians. The searches were 
carried out in September 2020 and aimed to identify English 
and German language literature published since 2010. In 
addition, reference lists of identified research articles were 
screened for further articles. The reviews were complied 
with the Guideline from the Cochrane Collaboration. [39]

The search strategy addressing the perspective of patients 
was segmented into three components. The first component 
referred to hospitals (e.g., hospital, clinic), the second com-
ponent referred to choice (e.g., choice, selection), and the 
third component addressed hip replacement surgery (e.g., 
hip, coxarthrosis). As a result, 5,510 potentially relevant 
papers were identified. After eliminating duplicates and 
judging titles and abstracts in a first step as well as full 
papers in a second step, ten studies were considered rel-
evant [40–49]. In sum, 73 individual criteria were derived 
from the 10 studies. We added four further quality meas-
ures from the German hospital quality report administered 
by the Institute for Quality Assurance and Transparency in 
Healthcare (IQTIG). This led to a final sample of 77 qual-
ity measures which were then merged into 23 more general 
measures (e.g., the following three individual criteria “28-
day mortality rate (%)”, “28-day mortality rate following 
discharge”, and “Postoperative mortality” were merged into 
the category “Mortality rate”). Afterward, we excluded ten 
criteria which are not available in the German hospital sec-
tor for public reporting purposes (e.g., waiting time, 28-day 
emergency readmission rate), so that 13 criteria remained 
for the next step (See Supplemental Material 1).

The search strategy addressing the perspective of refer-
ring physicians was based on previously published literature 
and slightly modified [50]. As a result, 2,246 potentially 
relevant papers were identified. After eliminating duplicates 
and judging titles and abstracts in a first step as well as full 

papers in a second step, 16 studies were considered relevant 
[25, 51–65]. In sum, 39 criteria were derived from those 
studies. Then we excluded 20 criteria that are not publicly 
available (see above) (e.g., waiting times, MRSA events), so 
that 19 criteria remained.

Qualitative steps (semi‑structured interviews)

In total, we qualitatively surveyed (January 2021 to Febru-
ary 2021) 20 randomly selected hip replacement surgery 
patients (mean age 63.9 years, 55% female) from a German 
statutory health insurance who had undergone elective hip 
arthroplasty surgery within 3 years prior to answering the 
survey as well as 15 referring physicians (mean age 56.3 
years, 20% female). Written informed consent was obtained 
from all participants. Respondents were sent a short survey 
through postal mail before conducting the semi-structured 
interviews to learn more about (the) past hospital choice(s) 
and the importance of the 13 resp. 19 criteria for choosing 
a hospital. After receiving the short survey, semi-structured 
interviews were conducted to explore the stated preferences, 
to determine the most relevant criteria as well as correspond-
ing levels, to clarify the wording, and to evaluate the com-
prehensibility of hypothetical choice tasks for the DCE (see 
below). In particular, we evaluated the comprehensibility 
of the labels used for the attributes and their correspond-
ing descriptions to assure the intended interpretation of the 
explanations. Based on all steps, five attributes were derived 
which were of major importance for choosing a hospital 
from the perspective of both patients and referring physi-
cians which were as follows: the rate of confirmed diagno-
sis prior the surgery, the certification as an Endoprosthetics 
Center, the number of cases treated, the rate of postoperative 
complications, as well as the rate of mobility at hospital 
discharge. This was supplemented with the assessment of 
actions to prevent falls of patients for patients and the 1-year 
revision surgery rate for referring physicians, respectively 
(Table 1). Individuals who completed the qualitative study 
received 50 Euro.

Quantitative steps

The survey instrument

Both survey instruments were similar and consisted of four 
parts. First, we asked for general sociodemographic informa-
tion (e.g., age, gender) before collecting information about 
the experience with HRCs when selecting hospitals in the 
second part. Second, respondents were presented with pub-
licly available hospital quality information items (see above) 
as well as short descriptions and were asked to rate each item 
on a 1–5 scale (1 = not all important; 5 = very important). 
Furthermore, we asked the respondents to select the single 
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most important information item for the hospital choice. 
Afterward, all respondents were asked to respond to the 
DCE survey block. Both DCE experiments were designed 
using Sawtooth Software Lighthouse Studio 9.11.0.

Instead of ranking or rating different quality measures, 
as is done in traditional importance elicitation formats, 
DCEs perform a pairwise comparison of hypothetical 
alternatives (i.e., differently configured hospitals) and ask 
the participants to choose between them [66]. Both experi-
ments were designed as a full profile design (i.e., each 
choice set included all six attributes) and were generated 
using the balanced overlap method so as to achieve stand-
ard errors below 0.05 for main effect utilities and 0.10 
or smaller for interaction effects and the highest D-effi-
ciency score [67, 68]. We created 10 versions (termed 
blocks) of the DCE, each containing 10 choice tasks, thus 

generating 100 unique choice tasks (fractional factorial 
design). Choice tasks were generated that maximized both 
balance (i.e., meaning each level appears with the same 
frequency) and orthogonality (i.e., meaning each pair of 
levels appears with the same frequency across each pair 
of attributes) [69]. The choice sets in both surveys were 
designed as forced-choice tasks; this means that respond-
ents had to choose one of two hypothetical hospitals by 
making trade-offs between attributes and their levels. This 
method offers practical advantages such as closeness to 
reality as trade-off decisions are part of everyday life [66]. 
As stated above, hospitals differed in six attributes with 
three levels each. In DCE research, four to eight attributes 
per choice set are seen as appropriate [70, 71]. Figure 1 
provides one hypothetical choice task as an example. The 
questionnaire was pilot tested for clarity and understanding 

Table 1   Summary of attributes and levels used in the discrete choice experiments (DCE)

$ This attribute applies for patients
# This attribute applies for referring physicians

Attribute Description and levels given in DCE questionnaire

Confirmed diagnosis rate$,# Hip replacement primary implantation with fulfilled indication criteria
Quality targets reached
Quality targets not reached
No assessment intended resp. results not (yet) available

EndoCert certificate$,# Hospitals which meet requirements of the EndoCert certification system
No certificate
Certified EndoProstheticsCenter (EPZ)
Certified EndoProstheticsCenter of Maximum Care (EPZmax)

The number of cases treated$,# The number of total elective hip replacement surgeries in a hospital
84 patients (below average)
148 patients (average)
230 patients (above average)

Postoperative complication rate$,# Postoperative specific complications after hip replacement surgery (e.g., infections, bleeding, thromboem-
bolism)

Quality targets reached
Quality targets not reached
No assessment intended resp. results not (yet) available

Mobility at hospital discharge$,# Functional mobility status on discharge after hip replacement surgery
Quality targets reached
Quality targets not reached
No assessment intended resp. results not (yet) available

Prevention of falls measures$ Hospitals should be active in minimizing fall risk among patients who have undergone hip replacement 
surgeries

Quality targets reached
Quality targets not reached
No assessment intended resp. results not (yet) available

1-year revision surgery rate# Percentage of patients who underwent revision surgery within one year after initial surgery
1.41% (better than average)
2.48% (average)
3.89% (lower than average)
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with 15 hip replacement patients as well as 15 referring 
physicians and slightly modified accordingly.

The survey sample

Final questionnaires were sent through postal mail to 1000 
randomly selected people from a German statutory health 
insurance (AOK Lower Saxony) who had undergone elec-
tive hip arthroplasty surgery within 3 years prior to answer-
ing the survey. One reminder was sent out 2 weeks after 
the initial invitation. Furthermore, we purchased a database 
containing contact information (e.g., postal address, email) 
for orthopedists in the German outpatient sector from a 
commercial provider (ArztData AG). This database cov-
ers about 88% of all orthopedists in the German outpatient 
sector [72]. We used a sequential mixed-mode strategy to 
achieve high response rates. In a first step, 1,650 referring 
orthopedists were contacted via email, which contained a 
link to participate online (web-based survey). After 1 week, 
a first reminder was sent out. In a second step, the remaining 
orthopedists were contacted via postal mail and received 
a printed version of the survey; after 2 weeks, we sent out 
a second reminder. The surveys were conducted between 

March and June 2021 in the German language. As an incen-
tive, respondents received a payment of approximately €50.

Sample size

Johnson’s often-used rule-of-thumb calculates a sample of 
75 participants for a DCE having our design specifications 
(i.e., ten choice tasks per respondent, two alternatives, three 
levels per attribute as maximum) [73]. This sample size was 
discussed as being the lowest limit for main effects estima-
tion. However, we aimed at doubling this number (i.e., to 
include at least 150 participants) following more advanced 
recommendations for statistical robustness [74, 75].

Statistical methods

Analyses of general survey questions were performed using 
SPSS (IBM Corp. Released 2019. IBM SPSS Statistics for 
Windows, Version 26.0. Armonk, NY: IBM Corp). Descrip-
tive statistics (i.e., means for continuous variables, percent-
ages for categorical variables) were used to examine the 
demographic and experience variables.

For analyzing the DCEs, we performed multinomial 
logit models using R (Version 4.2.2) and the corresponding 

Fig. 1   Example choice task for patients
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mlogit-package by Croissant (2020) [76]. We constructed 
the data sets in long format. Thus, the data set about patients 
included 6,440 observations (322 patients × 10 choice tasks 
per subject × 2 alternatives per choice set). Similarly, the 
data set for physicians comprised 3,740 observations (187 
physicians × 10 choice tasks per subject × 2 alternatives per 
choice set). As for data encoding, we started from assigning 
each variable equidistant numerical values of scale {0; 1; 2} 
as described by Mühlbacher et al. [77]. For example, regard-
ing the attribute “Confirmed diagnosis rate”, we designated 
the value {0} to “Quality targets not reached”, value {1} to 
“No assessment intended resp. results not (yet) available” 
(please note: due to the implicit uncertainty of this alterna-
tive, we assumed that the absence of results lay between the 
certain answers “targets reached” and “targets not reached”), 
and value {2} to “Quality targets reached”. Afterward, we 
repeated the estimations treating the attributes as categorical 
variables. Both approaches provided qualitatively very simi-
lar results, whereby the estimates from categorical attributes 
could be shown to be more precise.

We employed effect coding by following standard guide-
lines [38, 78]. Therefore, we expressed every attribute as n-1 
variables where n is the number of levels. Each variable cor-
responds to one level, while the omitted level serves as the 
reference. If the variable matches the level presented in the 
corresponding profile, we assigned value {1}. If the level in 
the corresponding profile equals another non-omitted level, 
we assigned value {0}. If the level in the corresponding pro-
file is the omitted level, we assign value {− 1}. For example, 
the attribute “Confirmed diagnosis rate” was operationalized 
by three possible levels: “Quality targets reached”, “Quality 
targets not reached”, “No assessment intended resp. results 
not (yet) available”. As reference level, we chose “No assess-
ment intended resp. results not (yet) available”. Hence, we 
constructed two variables; the first covered the level “Quality 
targets reached”, the other one the level “Quality targets not 
reached”. If the given occurrence equals the reference, we 
filled both variables with {-1}, otherwise we assigned values 
{1} or {0}. As reference categories, we assigned “Certified 
Endoprosthetics Center of Maximum Care (EPZmax)” for 
the attribute “Endocert Certificate”, middle positions for the 
attributes “Number of cases treated” and “One-year revi-
sion surgery rate”, and finally “No assessment intended resp. 
results not (yet) available” for all remaining attributes. We 
chose effect coding over dummy coding since with dummy 
coding, the parameter estimate for the (omitted) baseline 
category is equal to zero and cannot be recovered. Thus, the 
estimates of the other levels are only relative to the bench-
mark level. Instead, with effect coding, we can extract the 
parameter of the reference category from the negative sum 
of the included categories and the standard error from the 
covariances of the included categories. This enables us to 
compare all levels of the attributes against the corresponding 

mean value with the sign of the coefficients indicating a pos-
itive or negative impact compared to the mean of the attrib-
ute and the magnitude specifying the size of the effect [38, 
78, 79]. In all approaches, we applied Akaike Information 
Criterion (AIC), Bayesian Information Criterion (BIC), and 
log-likelihood value (LL) to identify the best fitting model. 
The relative importance of each attribute was determined 
based on each attribute’s coefficient range. This means that 
we calculated the difference between the coefficients of the 
highest and lowest level of each attribute and expressed this 
as a share of the total range across all attributes.

Results

Sample characteristics

Overall, 378 patients (37.8% response rate) and 267 refer-
ring orthopedists (16.2% response rate) participated in our 
study and returned the survey. The following analysis reports 
on the 322 patients and 187 orthopedists who fully com-
pleted the DCE component of the questionnaire and pro-
vided consistent responses (see Table 2 for the demographic 
characteristics of both study groups). The mean age of 
patients was 68.99 (SD 10.44) years. Slightly more than half 
of patients (51.6%) were female, and most patients (53.7%) 
stated secondary general school or less as the highest educa-
tional level. Approximately one in four patients was aware of 
HRCs when answering the survey (26.1%). The mean age of 
participating orthopedists was 53.60 (SD 8.14) years, a large 
majority of respondents were male (90.4%), and 39 respond-
ents (21.2%) indicated prior HRC experience in searching 
for a hospital. Almost three out of four surveyed referring 
orthopedists (72.7%) stated that they perceived substantial 
differences in the quality of care between hospitals.

Descriptive rating and ranking results

The results regarding the importance of different infor-
mation items for the hospital choice—on a 1–5 scale 
(1 = not all important; 5 = extremely important)—showed 
that patients rated confirmed diagnosis (hip surgery) rate 
(4.65 ± 0.80), mobility at hospital discharge (4.60 ± 0.73), 
and complication rate (4.54 ± 0.81) as most important (see 
Supplemental material 2). In contrast, referring physicians 
rated complication rate (4.19 ± 1.06), the number of cases 
treated (4.09 ± 0.98), and the 1-year revision surgery rate 
(4.00 ± 1.21) as most important. Furthermore, the survey 
results for the single most important information item for the 
hospital choice revealed confirmed diagnosis (hip surgery) 
rate (44.5%) as well as the number of cases treated (35.9%) 
as most relevant from the perspective of patients and refer-
ring physicians, respectively.
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Results of the discrete choice experiments

The applied models displayed significant coefficients for all 
attributes included in both analyses (p < 0.001 each). This 
means that, independent of the placement, all attributes were 
relevant to the decision of both patients and referring physi-
cians (Supplemental material 3). [Please also note that some 

mean levels could not been shown to be statistically signifi-
cant; for example, the level “No assessment intended/results 
not (yet) available” did not reach statistical significance in 
case of the “Confirmed diagnosis rate” and the “Mobility of 
hospital discharge”.] Among patients, the highest preference 
weights for hospital choice were calculated for “Postopera-
tive complication rate” (coef.: 0.560; SE: 0.037), ‘‘Mobility 

Table 2   Key characteristics for both patients (n = 322) and referring physicians (n = 187)

Patients (n = 322) Referring physicians (n = 187)

Mean (SD) or n Range or % Mean (SD) or n Range or %

Age
 Mean (SD) 68.99 (10.44) 35–89 53.60 (8.14) 33–73

Gender
 Male 151 46.9% 169 90.4%
 Female 166 51.6% 18 9.6%
 Missing 5 1.6% 0 0.0%

Educational attainment
 Secondary general school or less 173 53.7% n.a n.a
 Intermediate secondary school 93 28.9% n.a n.a
 (Technical) University entrance qualification 38 11.8% n.a n.a
 Missing 18 5.6% n.a n.a

Chronic conditions
 Any chronic condition 141 43.8% n.a n.a
 No chronic condition 159 49.4% n.a n.a
 Missing 22 6.8% n.a n.a

Health Status
 Good or better 168 52.2% 124 66.3%
 Satisfactory 122 37.9% 51 27.3%
 Bad or worse 26 8.1% 12 6.4%
 Missing 6 1.9% 0 0.0%

Perceived differences in the hospital quality
 Big differences 81 25.2% 136 72.7%
 Small differences 89 27.6% 48 25.7%
 No differences 23 7.1% 2 1.1%
 I don`t know 122 37.9% 1 0.5%
 Missing 7 2.2% 0 0.0%

Knowledge of hospital report cards
 Yes 84 26.1% 39 21.2%
 No 188 56.4% 145 78.8%
 Missing 50 15.5% 0 0.0%

Practice type
 Single physician practice n.a n.a 65 34.8%
 Group physician practice n.a n.a 76 40.6%
 Outpatient-based health-care center n.a n.a 40 21.4%
 Other n.a n.a 6 3.2%

Attending doctor (i.e., with hospital affiliation)
 Yes and I perform the surgery myself n.a n.a 40 21.4%
 Yes but I do not perform the surgery myself n.a n.a 21 11.2%
 No n.a n.a 124 66.3%
 Missing n.a n.a 2 1.1%
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at hospital discharge” (coef.: 0.551; SE: 0.036), and ‘‘The 
number of cases treated” (coef.: 0.547; SE: 0.036). The 
fourth position was occupied by ‘‘Confirmed diagnosis (hip 
surgery) rate’’ (Coef.: 0.437; SE: 0.033), followed by ‘‘Pre-
vention of falls measures’’ (Coef. 0.431; SE: 0.035), and 
‘‘Endocert Certificate’’ (Coef. 0.341; SE: 0.033). In con-
trast, referring physicians showed a clear preference for a 
decrease in ‘‘One-year revision surgery rate’’ (coef.: 1.014; 
SE: 0.053). The following positions were occupied by “The 
number of cases treated” (coef.: 0.696; SE: 0.051) and “Post-
operative complication rate” (coef.: 0.546; SE: 0.050). Here, 
the “Confirmed diagnosis (hip surgery) rate” (coef.: 0.390; 
SE: 0.052), “Endocert Certificate’’ (coef.: 0.310; SE: 0.047), 
and the ‘‘Mobility at hospital discharge’’ (coef.: 0.236; SE: 
0.046) were less important for referring physicians. The 
same order can be derived from the calculation of the rela-
tive importance of all attributes for both study groups. The 
relative importance was calculated based on each attribute’s 
coefficient range (i.e., the difference between the coefficients 
of the highest and lowest level of each attribute) expressed as 
a share of the total range across attributes (Table 3). Table 3 
also presents the odds ratio (OR) for each level to analyze its 
impact on the hospital choice. For example, the likelihood 
of voting a hospital with a successful result regarding the 
“Confirmed diagnosis rate” (i.e., quality targets reached) is 
1.535 times higher than the probability of choosing a hospi-
tal with the mean of “confirmed diagnosis rate”.

As shown in Fig. 2, the preference pattern of patients 
showed a relatively small range of results. The following 
three attributes, “Postoperative complication rate” (20.6%; 
level range of 1.164), “Mobility at hospital discharge” 
(19.9%; level range of 1.127), and “The number of cases 
treated” (18.5%; level range of 1.045) were weighted high-
est. The lowest weight was detected for “Endocert Cer-
tificate” (11.4%; level range of 0.646). In contrast, the 
preference pattern of referring orthopedists showed larger 
differences in the relative importance of presented quality 
information measures. Here, the “One-year revision surgery 
rate” was identified as the main dominant attribute (30.4%; 
level range of 1.989). Furthermore, “The number of cases 
treated” (21.0%; level range of 1.372) and “Postoperative 
complication rate” (17.2%; level range of 1.123) were rela-
tively highly weighted. Here, the lowest weight was detected 
for “Mobility at hospital discharge” (8.2%; level range of 
0.536).

Discussion

The objective of the present study was to identify the most 
important publicly reported hospital quality information 
for hospital choice and to determine their relative impor-
tance among both former patients and referring physicians 

in Germany. The results might assist us in learning how to 
weight different quality measures when calculating aggre-
gated patient-centered composite measures.

Based on our results, several conclusions can be drawn. 
First, patients and referring physicians selected similar pub-
licly available quality information for the hospital choice. 
However, it should be mentioned that we focused on publicly 
available quality information and did not include informa-
tion which is not available for public reporting purposes or 
which is not routinely collected in the health-care system 
in our experiments. Therefore, we cannot exclude that the 
integration of such information might have led to different 
findings. For example, Geraedts and colleagues showed that 
many surgical patients decided in favor of a hospital because 
of the trust they had built up through previous treatment in 
the hospital, which they experienced as satisfactory [80].

Second, HRCs should present the information that con-
sumers value most when making hospital choices. At least 
five of the seven most relevant publicly reported quality 
information items are displayed on most German HRCs 
(e.g., Weisse Liste, AOK Hospital Navigator) [28]. This 
is mainly due to the fact that those information items are 
part of the German external hospital quality assurance sys-
tem whose results are made available for public reporting 
purposes [81]. In contrast, the certification as a Certified 
Endoprosthetics Center is only presented on a few HRCs so 
far (e.g., Weisse Liste). Besides, the 1-year revision rate is 
only presented on the hospital navigator of the Allgemeine 
Ortskrankenkasse (AOK) [81]. The AOK is a major pro-
vider of statutory health insurance in the German health-care 
system and calculates further quality information based on 
claims data [29]. Following this, providers of HRCs might 
compare whether the most relevant quality information is 
already included on its own HRC. If not, providers might 
consider adjusting the content as a first step toward more 
consumer orientation.

Third, the study’s DCE-based findings appear broadly 
consistent with the results from the rating-based survey. 
For example, the preference pattern of patients showed a 
relatively small range of results. While the rating-based 
findings (on a scale of 1–5) varied between 4.09 ± 1.03 
(Endocert Certificate) and 4.65 ± 0.80 (confirmed diagno-
sis hip surgery rate), the DCE-based relative importance 
values ranged between 11.4% (“Endocert Certificate”) and 
20.6% (Postoperative complication rate), respectively. In 
both cases, “Endocert Certificate” was the least impor-
tant attribute for the hospital choice while “Complication 
rate” and “Mobility at hospital discharge” were among the 
most important attributes for the hospital choice. How-
ever, the ranking-based results showed slightly different 
findings. While the confirmed diagnosis (hip surgery) 
rate (44.5%) was shown to be the single most important 
information item for the hospital choice, the DCE-based 
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Fig. 2   Graphic display of level 
estimates with 95% CI (discrete 
choice experiment) and mean 
relative importance of attributes 
for both subgroups for the 
hospital choice
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findings revealed a relative importance value of 15.1%. 
In addition, the overall results regarding the preference 
pattern of referring physicians were shown to be very con-
sistent, regardless of the methodology. For example, the 
three attributes “The number of cases treated”, “Complica-
tion rate”, and “1-year revision surgery rate” showed the 
strongest results. In contrast, the “Confirmed diagnosis 
(hip surgery) rate”, “Endocert Certificate”, and “Mobility 
at hospital discharge” were shown to be less important.

Fourth, the results of this study could be used for the 
calculation of composite measures [11, 13–17]. Therefore, 
we applied a consumer-based weighting approach as rec-
ommended and determined the relative weight of relevant 
information [16]. For example, the preference pattern of 
referring orthopedists showed the “One-year revision sur-
gery rate” to be most important with a relative weight of 
30.4%. The challenge now is to convert the hospital quality 
results into (numeric) scores for calculating the composite 
measure. As stated by van Til and colleagues [82], the 
overall preference for alternatives (i.e., hospitals) might 
be estimated based on the sum of the part-worth utili-
ties for the selected level of all attributes. For example, a 
clinic certified as an Endoprosthetics Center of Maximum 
Care (coef.: 0.272), with a below-average 1-year revision 
surgery rate (coef.: 0.977), an above-average number of 
cases (coef.: 0.696), that also achieves the statutory quality 
targets regarding confirmed diagnosis rate (coef.: 0.454), 
postoperative complication rates (coef.: 0.600), and mobil-
ity at hospital discharge (coef.: 0.344), would have an 
overall score of 3.343 from the perspective of referring 
physicians. In contrast, an overall score of − 3.194 would 
be calculated for a hospital that achieves the most nega-
tive level expressions for each attribute. [Please consider 
this example to be simplified. A more advanced approach 
would consider the corresponding utility function to esti-
mate the expected overall utility of each alternative (i.e., 
hospital).] Based on this, hospitals could be ranked and 
then grouped into several performance groups. Therefore, 
our study has shown that consumer preferences might dif-
fer substantially between target groups and each prefer-
ence structure should be considered individually when 
developing rating systems based on composite measures. 
However, it should also be noted that our approach has 
certain limitations that must be considered carefully. For 
example, the attribute levels are used to operationalize the 
alternatives included in the choice sets. Therefore, it is 
important to select attributes and corresponding levels that 
properly describe the health-care product or service (i.e., 
the hospitals). If the levels are not defined in the appropri-
ate range, the estimated coefficients could be biased [83]. 
Other methodological issues might also have an impact on 
the results derived by DCE studies and should be consid-
ered carefully [83, 84].

Finally, the results might serve as the basis for improved 
physician–patient communication. The findings might 
increase the mutual understanding of hospital choice prefer-
ences. In particular, referring physicians might better under-
stand what patients actually want and which hospital they 
would prefer. They might have an important "agent" function 
in the hospital choice especially for patients with little time 
prior to admission and those who do not decide themselves 
[85]. Therefore, by understanding factors that influence 
patients’ hospital choice decisions, referring physicians may 
become more sensitive to patients’ preferences, which may 
have a positive effect on the process and outcomes of shared 
decision making [86]. This would increase the likelihood 
that patients may be satisfied with both the hospital choice 
process and the hospital choice itself [87]. Our study makes 
some contributions to such understanding, since it shows 
that, in contrast to referring physicians, the 1-year revision 
rate did not influence patients’ stated preferences, whereas 
the prevention of falls measures did.

As with any study, there are several limitations that 
have to be considered. First, it is important to mention 
that this study was conducted in Germany and might be 
of limited relevance for other countries. Nevertheless, 
the results presented in this paper are of interest for all 
countries with public reporting initiatives, such as the 
United States and others. For example, Hospital Com-
pare in the United States already provides an overall 
composite measure for hospitals but does not consider 
preferences of patients and referring physicians in detail 
[20]. Second, it must be noted that the selected attrib-
utes for the DCEs referred to publicly available quality 
measures. Therefore, we cannot exclude that other qual-
ity measures are more relevant from the perspective of 
both study groups. Nevertheless, it seems reasonable for 
our study purpose to follow the approach used. In compa-
rable studies, very similar approaches have been applied 
[47]. Third, our study analyses stated that preferences of 
the respondents to hypothetical scenarios and their actual 
responses may differ [47]. Fourth, the sample of surveyed 
referring physicians (n = 187) was smaller than that of 
patients surveyed (n = 322). In this regard, it should be 
noted that we aimed to reach a minimum number of 150 
participants in both studies to meet Johnson’s often-used 
rule-of-thumb mentioned above [73], taking into account 
more advanced recommendations for statistical robustness 
[74, 75]. Following this, we were able to achieve our set 
target regarding the recruitment in both studies. Finally, 
the comprehensibility of the study attributes and corre-
sponding levels is crucial for conducting DCEs and ana-
lyzing the corresponding data. During our study, we aimed 
to address this topic by means of different approaches. 
First, we qualitatively interviewed 20 patients who had 
undergone elective hip arthroplasty surgery within 3 years 



	 M. Emmert et al.

1 3

prior to answering the survey. Thereby, we evaluated the 
comprehensibility of the labels used for the attributes and 
their corresponding descriptions in particular to assure the 
intended interpretation of the explanations. Based on those 
interviews, slight modifications were made to eliminate 
remaining uncertainties. Second, the respondents had to 
work with the presented study attributes and correspond-
ing levels before conducting the choice-based part of the 
DCE. Both approaches might have positively influenced 
the comprehensibility of the study attributes and levels. In 
addition, the surveyed patient sample consisted of patients 
who had undergone elective hip arthroplasty surgery 
within 3 years prior to answering the survey. This might 
indicate—at least to a certain amount—some experience 
with hip-surgery-related issues.

In sum, this study adds to the literature by presenting 
results of 2 surveys among 322 patients and 187 referring 
physicians from the German outpatient sector to identify 
the most important publicly reported hospital quality 
information for hospital choice and to determine their rela-
tive importance. The results might support us in learning 
how to weight different quality measures when calculat-
ing aggregated composite measures based on consumer-
based weighting. It could be shown that patients and refer-
ring physicians have similar interests with regard to the 
selection of publicly available quality information for the 
choice of hospitals. Nevertheless, we saw meaningful dif-
ferences between patients and referring physicians in the 
relative weight of relevant information. This might have a 
significant impact on the hospital ranking results for each 
study group. Future research should address in detail how 
to convert hospital quality results into (numeric) scores 
for calculating composite measures. Besides, by under-
standing factors that influence patients’ hospital choice 
decisions, referring physicians may become more sensitive 
to patients’ preferences, which may have a positive effect 
on the process and outcomes of shared decision making.
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The elicitation of patient preferences 
for hip replacement surgery: a discrete choice 
experiment
Stefan Rohrbacher1,2* and Martin Emmert1,2 

Abstract 

Background  The calculation of aggregated composite measures is a widely used approach to reduce the amount 
of quality-related data on hospital report cards (HRCs). This study aims to elicit patient preferences for hospital choice 
concerning publicly available hospital quality information for total hip replacement surgery. The results may assist 
in the development of weighted composite measures for elective hip replacement, which facilitates a conscious 
selection of the hospital.

Methods  We collect primary survey data on a sample of 364 randomly selected users of the German HRC “Weisse 
Liste” (WL) (4/5 2023). The key attributes for hospital choice are based on the information provided in WL. We 
run various model specifications to identify patient preferences, allowing the analysis of unobserved preference 
heterogeneity.

Results  Our sample consists of 177 respondents (mean age 56.46; 43.5% female). All attributes used are statisti-
cally significant for hospital choice ( p < 0.01 ). Patients consider the “Quality of treatment” (26.95%; level range 1.734) 
and “Number of cases treated” (24.78%; level range 1.594) to be the most important. In contrast, “EndoCert Certifi-
cate” (17.50%; level range 1.126), “Equipment and qualification” (15.83%; level range 1.018), and “Recommendation 
from other patients” (14.94%; level range 0.960) remain less important. We find no evidence for unobserved heteroge-
neity regarding the preferences for hospital choice.

Conclusion  Based on our findings, HRC users value publicly available hospital quality information for elective hip 
replacement differently. These differences should be taken into account when calculating aggregated composite 
measures. Our results may allow the calculation of a weighted aggregate composite measure from the perspective 
of HRC users.

Keywords  Public reporting, Hospital choice, Patient preferences, Discrete choice experiment, Composite measures, 
Hospital report cards

Introduction
Total hip replacement (THR) is one of the most frequent 
surgeries worldwide; approximately one million patients 
undergo THR surgery annually [1]. In Germany, THR is 
one of the most common inpatient surgeries, with nearly 
250,000 procedures per year. More than 160,000 patients 
with hip arthrosis undergo primary elective THR annu-
ally in approximately 1,250 hospitals [2]. Thereby, the 
frequency of THR surgeries in Germany differs widely 
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from region to region; Schäfer et al. [3] report a variation 
factor of 2.8 between federal states, with higher rates in 
the south and the north-west. They claim that this may 
be caused – at least to some extent – by “the absence of 
standardized decision criteria as basis for the indication 
of THR in a transparent and consistent way”.

The numbers shown above demonstrate that patients in 
Germany have the option to choose from a large number 
of hospitals to undergo THR surgery. However, data from 
the German external hospital quality assurance system 
indicate that the effectiveness of treatment (i.e. the suc-
cess of the surgery) varies between hospitals. Therein, for 
each patient, hospitals must document certain interven-
tions as THR surgery based on a set of in-hospital related 
quality indicators [2]. The latest German hospital quality 
report from 2024 lists the share of hospitals with quality 
deficits ranging between 4.15%, regarding “Prevention of 
falls measures” (47 out of 1,132 hospitals), and 24.46%, 
regarding “Indication for hip endoprosthesis or compo-
nent replacement” (251 out of 1,026 hospitals) [4]. These 
quality differences are not surprising since other studies 
also demonstrate hospital-related variations in the qual-
ity of THR surgery. For example, a recently published 
meta-analysis of 44 studies focusing on the impact of 
hospital volume on the outcomes of THR indicates that 
low-volume hospitals are associated with higher rates of 
surgical site infections, 90-day complications, costs, and 
mortality [1]. Previous evidence from Germany shows 
lower risk-adjusted in-hospital mortality rates for THR 
in high-volume hospitals compared to low-volume hospi-
tals (0.10% vs. 0.23%) [5].

Against this backdrop, it seems important for patients 
to be able to make an informed choice; i.e. to select the 
best-performing or “right” hospital. Therefore, public 
reporting aims to support patients and other consum-
ers by providing quality information about health care 
providers such as hospitals, nursing homes, or practi-
tioners [6]. For this purpose, publicly available Internet 
rating websites have been developed and implemented 
in many high-income countries like the United King-
dom, the United States, and Germany [7–9]. For exam-
ple, the leading German public reporting portal “Weisse 
Liste” (in English, white list, WL) was jointly initiated by 
the non-profit foundation “Bertelsmann Stiftung” and 
the main patients’ and consumers’ associations in 2008 
[9]. More recently, the operation of WL ceased in March 
2024; however, it will serve as an important element of its 
successor “Klinik-Atlas” in terms of, e.g. user guidance, 
selected quality measures, and other aspects [10]. The 
latter is the first German government-run public report-
ing website with the intention to provide quality-related 
information on the hospital level for the public as of May 
2024 [11]. So far, there is limited quality information 

regarding the detailed types of information that will be 
provided on “Klinik-Atlas” but it is likely to be extended 
shortly and become similar to WL (e.g. number of cases 
treated, clinical measures, staff-related information), 
apart from novel types of information [12].

Public reporting websites should fulfil a number of 
requirements in order to have an impact on health care 
delivery [13–16]. They should present the information 
that consumers value most while keeping the amount of 
quality information low in order to minimise complex-
ity [17, 18]. As shown in previous literature, calculating 
composite measures based on consumer preferences is 
one way to achieve this [18–26].

The objective of our study is to learn more about con-
sumers’ preferences when choosing a hospital for THR 
surgery on the German public reporting website WL. We 
focus exclusively on the publicly reported quality infor-
mation about hospitals regarding elective THR surgery 
and exclude parameters related to patients as individu-
als. This may help in the future to calculate transparent 
weighted composite measures, which may ease patients 
making a conscious choice. Hence, we address the fol-
lowing three questions: 

1.	 How do patients rate different publicly available hos-
pital quality information regarding THR surgery?

2.	 What relative importance do patients assign to differ-
ent types of quality information?

3.	 Can we identify groups of respondents with similar 
preferences?

Methods
Methodology of the discrete choice experiment
The objective of this study is to elicit patients’ preferences 
regarding hospital choice for THR surgery through the 
utilisation of a discrete choice experiment (DCE). Build-
ing upon the theoretical work of McFadden [27] and Lan-
caster [28], a DCE is a method that uses (survey) data on 
stated preferences based on a set of hypothetical choice 
scenarios (e.g. hospital choice) to systematically investi-
gate the structure of individuals’ preferences. DCEs allow 
for reduced complexity for respondents due to the pair-
wise comparison of alternatives, which is an advantage 
compared with traditional formats for the elicitation of 
stated preferences, like rating- and ranking-based meth-
ods [29]. In addition, they also facilitate realistic trade-off 
decisions [30–32]. Therefore, DCEs appear increasingly 
often in the field of preference research in health care 
[33].

The design and analysis of the DCE are based on 
standardised research practices for conducting con-
joint analysis developed by the ISPOR Conjoint Analysis 
Good Research Practices Task Force [34–36]. However, 
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in contrast to previous studies focusing on the relative 
importance of quality information for hospital choice in 
general (e.g. [25]), we aim to investigate how patients rate 
the hospital quality information with respect to THR sur-
gery publicly available on WL and the relative importance 
patients assign to this information. Based on this, our 
results might help determine relative weights for publicly 
reported quality information on WL for the calculation 
of a composite performance measure. Such weighted 
composite measures may be integrated in health report 
services in the future to support patients making a con-
scious hospital choice. Thus, instead of conducting both a 
systematic literature review and qualitative research (e.g. 
semi-structured interviews, focus groups) to identify and 
choose the most important attributes for patients’ pref-
erences (see, e.g. [25, 29, 37]), we select our attributes 
in line with the publicly reported quality information 
provided on WL, one of the major health report cards 
in Germany at the time of the experiment. We focus on 
the information items primarily presented to users in 
the search interface of WL: (1) “Quality of treatment”, 
which indicates whether a hospital fulfils obligatory qual-
ity targets such as, e.g. certain treatment outcomes; (2) 
“Recommendation from other patients”, which provides 
information on the experiences of previous patients; (3) 
“Annual number of cases treated”, which is supposed to 
reflect the experience of a hospital, based on the assump-
tion that high numbers of cases indicate more in-depth 

experience with the special treatment; (4) “Equipment 
and qualification”, which covers the (non-)satisfaction of 
compulsory quality targets in the provision of medical 
equipment and the appropriate qualification of medi-
cal staff; and (5) “EndoCert Certificate”, which indicates 
possible certifications that a hospital may have received 
from the “EndoCert Certification System”, an independ-
ent initiative for quality auditing for endoprosthetic care 
founded by the German Society for Orthopaedics and 
Orthopaedic Surgery [38]. We focus exclusively on cri-
teria on hospital quality and refrain from regarding indi-
vidual patient-related features as e.g. travelling distance 
which depend on each patient’s situation and willing-
ness to share such information. Moreover, due to trans-
parency and simplicity the composite measure should 
only build upon primary information in order to be use-
ful for each patient. Each attribute contains three levels 
(see Table 1). We explain and illustrate each attribute to 
participants using simple examples and basic facts (for a 
detailed list of underlying information for each attribute 
as used on WL, please refer to Table A.1 of the Supple-
mentary Material). We employ effect coding on all attrib-
utes (e.g. [36, 39]). Effect coding enables us to construct 
estimates and standard errors of all levels against their 
deviation from each attribute’s mean. Hence, both esti-
mates and standard errors are stable and independent of 
an arbitrary benchmark level.

Table 1  Summary of attributes and levels used in the discrete choice experiment

Attribute Description and levels given in the questionnaire

Quality of treatment Total hip replacements with fulfilled treatment criteria

Quality targets reached

No assessment available / results not (yet) available

Quality targets not reached

Recommendation from other patients Share of positive recommendations of other patients

Recommended by 85% (above average)

Recommended by 80% (average)

Recommended by 76% (below average)

Number of cases treated The annual number of total elective hip replacement surgeries in a hospital

230 patients (above average)

148 patients (average)

84 patients (below average)

Equipment and qualification Hospitals with fulfilled criteria on medical equipment and staff qualification

Quality targets reached

No assessment available / results not (yet) available

Quality targets not reached

EndoCert Certificate Hospitals which meet requirements of the EndoCert Certification System

Certified EndoProstheticsCentre of Maximum Care (EPCmax)

Certified EndoProstheticsCentre (EPC)

No certificate
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Survey design
There are four parts to the survey. In the first part, we 
collect information about the participants’ motivation 
to use WL, their expectations, and their previous expe-
rience with HRCs. In the second part, respondents are 
presented with information on all five attributes and their 
levels and are asked to rate the attributes on a scale of 
1–5 (1 = not at all important; 5 = very important) and to 
rank them against each other. The third section contains 
ten DCE choice tasks in which respondents are asked 
to choose between two hypothetical hospitals. The final 
section collects socio-demographic and health-related 
information on participants for subgroup analyses. Par-
ticipants were also given the opportunity to provide 
feedback on the survey and to enter a prize drawing for 
10 online vouchers worth EUR 50 each. Before the sur-
vey was launched, the questionnaire was anonymously 
piloted for clarity and comprehensibility by 20 people 
and modified accordingly.

Experimental design
We designed the survey using Sawtooth Software (Light-
house Studio Version 9.14.0) as a full profile design, i.e. 
each choice set includes all five attributes. We gener-
ated the final set using the balanced overlap method, 
which permits the estimation of both main and interac-
tion effects with standard errors below 0.05 and 0.1 and 
the highest D-efficiency score [40–42]. The choice tasks 
are forced-choice tasks, i.e. respondents have to choose 
one of two hypothetical hospitals by making trade-offs 
between attributes and levels [25]. With this approach, 
the experiment provides a setting that is close to real-
ity, as comparable trade-off decisions are part of daily 
life [32]. We administered the survey as an onsite-based 
survey on the German HRC Weisse Liste (WL). Over a 
2-month period (April and May 2023), we invited all 
users of WL who either searched for information on THR 
surgery or performed hospital comparisons on THR sur-
gery to participate in our study. Participants were free 
to take part and could terminate the survey at any time. 
Please refer to the supplementary material for an English 
translation of the questionnaire.

Sample size
Our study design consists of ten choice tasks per 
respondent, including two alternatives (i.e. hospitals) 
per choice task and a maximum number of three lev-
els across all attributes. As suggested by Orme [43], 
the design specifications require a minimum of par-
ticipants according to N ≥ 500l

ta
 , where N is the number 

of respondents, t the number of tasks, a the number of 
alternatives and l the maximum of levels. In our set-
ting with {t, a, l} = {10, 2, 3} , we derive a minimum of 75 

participants. However, since this number indicates only 
the lower bound limit for main effect estimation, we 
require at least 150 respondents, as recommended for 
achieving statistical robustness [44, 45].

Data analyses
For data analyses, we use R Statistical Software (Version 
4.2.2; R Foundation for Statistical Computing, Vienna, 
Austria) and the corresponding packages “mlogit” [46] 
and “gmnl” [47]. As a starting point, we use the standard 
multinomial logit model (MNL), as initially developed by 
McFadden [27]. MNL is attractive because of its simplic-
ity in terms of estimation and interpretation. However, it 
relies on the rather restrictive assumptions that prefer-
ences are homogeneous across individuals and that error 
terms are independently and identically distributed, both 
of which may conceal unobserved heterogeneity. We 
relax both assumptions with various alternative model 
specifications to test for unobserved heterogeneity. We 
consider this important because undetected heterogene-
ity may affect the estimation results and thus the appro-
priate weights of the included attributes, which may then 
be used for the calculation of a composite measure. Espe-
cially in the case of undetected group heterogeneity, we 
would need to adjust the composite measure for appro-
priate subgroups.

We use the random parameter model (RPL), as pro-
posed by McFadden and Train [48], in order to relax 
the assumption of taste homogeneity (while maintain-
ing independent and identically distributed errors). This 
model extends MNL by using a continuously distributed 
random parameter for each individual. In addition, we 
retreat from independently and identically distributed 
errors (while maintaining homogeneous preferences) 
and assume that idiosyncratic errors are not identical 
but individually scaled, as suggested by Bhat [49] and 
Fiebig et  al. [50] (S-MNL). Similar to RPL, S-MNL also 
captures unobserved heterogeneity. However, its advan-
tage over RPL is its more parsimonious description, 
which allows for more efficient estimation. Next, we use 
the general MNL model (G-MNL) introduced by Fiebig 
et  al. [50], which combines the characteristics of RPL 
and S-MNL. As pointed out by Fiebig et al. [50], G-MNL 
puts more weight on randomness in the tails compared 
to RPL due to the inclusion of scaled error terms. There-
fore, G-MNL captures unobserved heterogeneity bet-
ter than RPL, which focuses more on the centre of the 
distribution. Besides assuming a continuous distribu-
tion of preference heterogeneity, as in the models above, 
we also estimate standard latent class models (LC) [51] 
and latent class models enhanced by random param-
eters (MM-MNL) [52]. These model types assume a dis-
crete distribution of heterogeneity. In consequence, the 
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unobserved heterogeneity clusters in groups rather than 
at the individual level, as in RPL or G-MNL. In the case 
of MM-MNL, both types of heterogeneity are combined 
so that individual unobserved heterogeneity can occur 
within clustered groups. In order to identify the best-
fitting model, the Bayesian information criterion (BIC) 
and conditional Akaike information criterion (CAIC) are 
used. We refrain from using the Akaike information cri-
terion (AIC) since it is known to be insufficiently restric-
tive, especially in multi-class models, favouring too many 
groups, whereas the BIC and CAIC perform well (see, 
e.g. [53]).

Results
Sample characteristics
In total, 5,042 consumers of WL opened the survey link 
provided on WL. Of these, 4,678 stopped answering the 
survey directly after the short introduction page. Thus, 
364 respondents returned the questionnaire. Clearly, the 
drop-out rate of 96.5% is rather high. However, our main 
target is to derive possibly accurate weights for a com-
posite measure and therefore not necessarily to draw a 
representative sample which is likely to contain observa-
tions from users who do not have clear preferences or are 
unwilling to participate, as these we consider the primary 
source of noisy data. In the light of our objectives, we 
assume the drop-out rate not problematic. The following 
analysis reports only on the 177 respondents who fully 
completed the DCE part of the survey and provided con-
sistent responses (48.63% completion rate). Table 2 sum-
marises the key characteristics of the sample. The median 
age of all respondents is 58 years, slightly more than half 
of all respondents are female (54.80%), and 68.93% stated 
(technical) university entrance qualification as their 
highest educational level. In addition, 53.56% of all par-
ticipants report their health status to be good or better, 
and 54.80% claim that they suffer from a chronic condi-
tion. Finally, 58.76% of respondents state that they have 
used hospital report cards during the last 12 months, 
and more than eight out of ten surveyed respondents 
(84.75%) state that they perceived big differences in the 
quality of care between hospitals. Please note that all 
respondents acknowledge differences in hospital quality 
which is in line with the studies and reports mentioned 
in the introduction [1, 4, 5].

Descriptive rating and ranking results
The results regarding the importance of the five pre-
sented quality information items for the hospital 
choice for THR surgery (on a scale of 1–5, with 1 = 
not at all important and 5 = extremely important) 
show that the “Quality of treatment” is rated as the 
most relevant ( 4.76± 0.56 ), followed by “Equipment 

and qualification” ( 4.73± 0.49 ) and “Number of cases 
treated” ( 4.62± 0.70 ) (see Table  3). In contrast, hold-
ing an “EndoCert Certificate” ( 4.15± 0.85 ) and “Rec-
ommendation from other patients” ( 3.96± 0.84 ) seem 
to be less important. The ranking results for the sin-
gle most relevant information item reveal “Quality of 
treatment” (47.46%) and “Number of cases treated” 
(35.03%) as the most relevant, while “EndoCert Cer-
tificate” (9.60%), “Equipment and qualification” (6.21%), 
and “Recommendation from other patients” (1.69%) are 
stated less frequently.

Table 2  Key characteristics of participants

Participants (N = 177) n %

Age
 39 years and younger 22 12.43%

 40 to 49 years 24 13.56%

 50 to 59 years 46 25.99%

 60 to 69 years 58 32.77%

 70 years and older 24 15.25%

 missing 3 1.69%

Gender
 Female 97 54.80%

 Male 77 43.50%

 Diverse 3 1.69%

Educational Attainment
 (Technical) University entrance qualification 122 68.93%

 Intermediate secondary school 42 23.73%

 Secondary general school or less 12 6.78%

 Missing 1 0.56%

Health Status
 Good or better 95 53.67%

 Satisfactory 57 32.20%

 Bad or worse 20 11.30%

 Missing 5 2.82%

Chronic conditions
 Any chronic condition 97 54.80%

 No chronic condition 75 42.37%

 Missing 5 2.82%

Health insurance
 Public health insurance 128 72.32%

 Private health insurance 48 27.12%

 Missing 1 0.56%

Perceived differences in hospital quality
 Big differences 150 84.75%

 Small differences 27 15.25%

 No differences 0 0%

Experience with hospital report cards
 Yes 104 58.76%

 No 73 41.24%
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Model choice
For single-class models, we find that the MNL model rep-
resents the data best with respect to all consulted infor-
mation criteria. In addition, relative estimation results 
vary only marginally across single-class models (cf. 
Table A.3 of Supplementary Material). The same picture 
emerges with respect to multi-class models. Regarding 
the number of classes for the multi-class models, the BIC 
and CAIC point at using a single class only (cf. Table A.4 
of Supplementary Material). Moreover, we find only a 

little variation of relative estimations even for multi-class 
models. For both LC and MM-MNL with two groups, 
for example, one group evaluates the number of cases 
treated higher and the other prefers recommendations, 
while all other attributes remain roughly as before (cf. 
Table A.5 of Supplementary Material). However, using 
two groups does not improve the data match sufficiently 
compared to the (single-class) MNL model such that the 
BIC and CAIC reject these models. Expanding to even 
more classes provides no further insights. This indicates 
that unobserved heterogeneity, either as idiosyncratic 
continuous error or in the form of clustered groups, is 
negligible in our sample. We conclude that additional 
model assumptions provide no meaningful information. 
Therefore, we hereinafter restrict our discussion to the 
MNL model.

Findings from the DCE
Table 4 summarises the estimation results of the MNL 
model. Since we employ effect coding, all estimates are 
with respect to the (hypothetical) mean of the corre-
sponding attribute, implying that the coefficient values 
within an attribute add up to zero. As shown, all esti-
mates are highly significant. Consequently, all attrib-
utes are highly relevant for the hospital choice of the 
respondents. Overall, consumers prefer hospitals that 

Table 3  Importance of different information items for the 
treatment choice

Attributes (N = 177) Rated 
importance 
of different 
information 
items

Ranked 
single most 
important 
information 
items

Mean SD n %

Quality of treatment 4.76 0.56 84 47.46%

Recommendation from other patients 3.96 0.84 3 1.69%

Number of cases treated 4.62 0.70 62 35.03%

Equipment and qualification 4.73 0.49 11 6.21%

EndoCert Certificate 4.15 0.85 17 9.60%

Table 4  Estimated parameters of the multinomial logit model (MNL)

SE standard error, CI confidence interval

Attributes and levels Coeff. SE 95% CI p-value Difference 
highest to 
lowest level

Quality of treatment 1.734

 Quality targets reached 0.985 0.064 0.858 1.112 <0.001

 No assessment intended −0.236 0.057 −0.349 −0.124 <0.001

 Quality targets not reached −0.749 0.063 −0.873 −0.624 <0.001

Recommendation from other patients 0.960

 Recommended by 85% (above average) 0.384 0.057 0.271 0.498 <0.001

 Recommended by 80% (average) 0.192 0.052 0.089 0.294 <0.001

 Recommended by 76% (below average) −0.576 0.063 −0.700 −0.452 <0.001

Number of cases treated 1.594

 230 patients (above average) 0.718 0.061 0.598 0.837 <0.001

 148 patients (average) 0.158 0.053 0.054 0.263 0.003

 84 patients (below average) −0.876 0.060 −0.994 −0.758 <0.001

Equipment and qualification 1.018

 Quality targets reached 0.605 0.058 0.490 0.720 <0.001

 No assessment intended −0.192 0.054 −0.298 −0.086 <0.001

 Quality targets not reached −0.413 0.058 −0.527 −0.300 <0.001

EndoCert Certificate 1.126

 Certified EPCmax 0.388 0.060 0.269 0.507 <0.001

 Certified EPC 0.350 0.054 0.243 0.456 <0.001

 No certificate −0.738 0.062 −0.860 −0.616 <0.001
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achieve the quality targets for the treatment qual-
ity, as well as for equipment and qualification, and 
have above-average numbers for the cases treated and 
patient recommendations, as well as being certified as 
an EndoProstheticsCentre of Maximum Care (EPC-
max). This pattern also emerges from Fig.  1, which 
depicts the corresponding level estimates.

Figure  2 illustrates the mean relative importance of 
attributes for hospital choice. Thereby, the range of coeffi-
cient values within an attribute reflects the importance of 
an attribute for the hospital choice. We compute the rela-
tive importance of each attribute using each attribute’s 
coefficient range (i.e. the difference between the coeffi-
cients of the highest and lowest level of each attribute), 
expressed as a share of the total range across attributes. 

Fig. 1  Graphical display of level estimates with 95%CI of attributes for hospital choice

Fig. 2  Graphical display of mean relative importance of attributes for hospital choice
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As shown, patients consider the quality of treatment as 
the most important (26.96%; level range of 1.734), fol-
lowed by the annual number of cases treated (24.78%; 
level range of 1.594). In contrast, holding an EndoCert 
Certificate (17.51%; level range of 1.126), reaching qual-
ity targets with respect to equipment and qualification 
(15.83%; level range of 1.018), and recommendations 
from other patients (14.93%; level range of 0.960) are less 
important.

Discussion
The objective of this study is to elicit patient preferences 
concerning publicly available hospital quality informa-
tion for elective hip replacement surgery by conducting 
an onsite-survey on the German HRC Weisse Liste (WL). 
The findings may support us in developing weighted 
composite measures from the consumers’ perspective. 
We can draw several conclusions from our results. First, 
we can see that the DCE-based findings appear broadly 
consistent with the results of the rating- and ranking-
based findings. This applies to both the order and relative 
importance of all quality information items. As shown, 
“Quality of treatment” is the most important informa-
tion in all three analyses. For example, the DCE shows 
a relative importance of 26.95%, whereas 47.46% of the 
respondents ranked it in first place; it was also rated 
highest in terms of the mean importance, with a score 
of 4.76 (on a 1–5 scale with 1 = not at all important and 
5 = extremely important). In addition, “Recommenda-
tions from other patients” appears to be the least impor-
tant information in all three approaches. Here, the DCE 
shows a relative importance of 14.94%, whereas 1.69% of 
the respondents ranked it in first place; it was also rated 
lowest in terms of the mean importance, with a score of 
3.96. We find slightly different results for the remaining 
three attributes, which, however, are not contradictory 
overall. For example, “Number of cases treated” is placed 
second with respect to the relative importance of all five 
attributes. Here, we compute a relative weight of 24.78% 
based on the DCE, and 35.03% of the respondents ranked 
it in first place as the single most important informa-
tion item; however, the mean importance is rated 4.62 
and thus is slightly lower than the mean importance of 
“Equipment and qualification”. Nevertheless, consider-
ing the standard deviations and the small differences of 
the means, the higher mean of “Equipment and qualifica-
tion” from the rating-based approach may not be mean-
ingful compared with the results from the ranking-based 
approach and the DCE-based findings.

Second, the attributes for hospital choice for THR 
employed in this study – or joint replacement in general – 
have been utilised in other DCE studies, and thus appear 
to be of significant importance in general. For example, 

several studies include “Quality of treatment” [54–56]. 
The “Number of cases treated” is also identified as a fac-
tor influencing hospital choice [25, 55–57]. In other 
studies, “Equipment and qualification” [58],  “EndoCert 
Certificate” [25, 57], and “Recommendations from other 
patients” [57, 59] are applied in a hypothetical hospital 
choice scenario. Subsequently, our study may incorporate 
the most important attributes for hospital choice, despite 
the absence of qualitative research to identify and select 
the most pertinent attributes for patient preferences in 
general [25, 29, 37]. However, we select our attributes in 
accordance with the publicly reported quality informa-
tion provided on WL (see above).

Furthermore, we find evidence for the impor-
tance of the attributes of this study from more general 
approaches. Quality improvements of hospitals are asso-
ciated with high case volume [1, 60, 61], certification 
[62, 63] or better equipment and experience of medical 
staff [64]. Additionally, all but “Recommendation from 
other patients” are among the top ten relevant infor-
mation items for hospital choice among THR patients 
in Germany [65]. However, we would like to emphasise 
that all the studies mentioned above include a variety of 
attributes that may not be present in our setting or may 
have been used differently. For example, “Quality of treat-
ment” might also contain adverse medical outcomes such 
as complication rates or readmission rates. In addition to 
this, “Equipment and qualification” might also cover the 
conduct of medical staff.

Third, despite the differences in the general setting 
and combination of attributes, which do not allow for 
the direct comparison of findings, we may compare the 
relative importance of our attributes with findings from 
other research. In general, our results seem to be similar 
to those from other studies. “Quality of treatment” shows 
high importance in other studies [25, 54–56, 59]. For 
example, Emmert et al. [25] compare the preferences of 
both patients and referring physicians regarding hospital 
quality information for THR surgery. They demonstrate 
that traditional quality measures are rated most impor-
tant (e.g. postoperative complication rates, one-year revi-
sion surgery). In the case of “Number of cases treated”, 
we find more heterogeneous results. While Emmert et al. 
[25] and Kuklinski et  al. [57] report “Number of cases 
treated” to be a highly important attribute, Groenewoud 
et al. [55] and Damman et al. [56] determine a medium 
relevance yet still find it to be more important than 
patient recommendations or the qualifications of staff, 
respectively. With respect to the remaining attributes, 
our results demonstrate their lower importance for hos-
pital choice. For example, “Equipment and qualification” 
[56, 58], “EndoCert Certificate” [25], and “Recommenda-
tion from other patients” [59] appear to be less important. 
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Moreover, Kuklinski et al. [57] find for knee replacement 
that patient recommendation is more important than 
certification with case volume being the most important 
quality indicator. Finally, it should be mentioned that our 
study is similar to the research of Emmert et al. [25], who 
analyse the preferences of hip replacement patients after 
surgery. Given that we recruited participants for the sur-
vey during their hospital search on WL, we expect that 
our results are more likely to reflect the preference pic-
ture before THR treatment. Both studies demonstrate 
that patients evaluate “Number of cases treated” as rela-
tively important and holding an “EndoCert Certificate” as 
less relevant.

Fourth, we find that the order of levels is consistent and 
as expected for all attributes. However, we find that the 
preference for EPCmax certificates is only 10.9% higher 
than that for EndoprostheticsCentre certificates (EPC). 
Similarly, Emmert et  al. [25] report relatively small dif-
ferences between preferences for EPCmax and EPC cer-
tificates among both patients and physicians. We suspect 
that this may be due to patients not being aware of the 
differences between the two certificates. The certificates 
are issued by EndoCert Limited, which is a subsidiary of 
the German Society for Orthopaedics and Orthopaedic 
Surgery [66]. The certification process requires the ful-
filment of comprehensive quality objectives regarding 
structure, processes, and outcomes. Depending on which 
criteria are met, a hospital will receive one or the other 
certificate. For example, an EPC must treat at least 100 
patients per year, whereas an EPCmax must treat at least 
200 patients per year [38]. Alternatively, the added value 
of higher certificate types may be of limited relevance. 
This would imply that patients may know the differences 
but may not care about the type of certificate a hospital 
holds as long as it provides one. However, at this point 
we can only speculate about the reasons for this finding. 
Since our findings are consistent with Emmert et al. [25], 
we recommend further research to explore the reason for 
this result in more detail.

Fifth, we cannot detect various respondent groups with 
similar preferences. All considered multi-class models 
are inferior to the MNL model as the best model with 
respect to BIC and CAIC. The differences seem minor 
or implausible and do not make a case for dividing into 
sub-groups (cf. Tables A.4 and A.5 of Supplementary 
Material).

Finally, as suggested by previous research, the results of 
our study on patient preferences can be used to develop 
weighted composite measures from the consumer per-
spective [22, 25]. Such a composite measure would 
aggregate existing information into one summary score, 
thereby improving the usability of a health report card 
like WL by reducing the complexity of the information 

provided. In this context, Schlesinger et  al. [17] or 
Emmert et  al. [67] show that reducing the complexity 
of report cards increases the quality of users’ hospi-
tal choices. Based on our findings, it may be possible to 
calculate the weights for a patient-centred composite 
measure that is publicly reported on WL. The next step 
would be to convert real hospital quality results into 
hospital-related composite measures. The preference for 
each hospital can then be estimated based on the sum of 
part-worth utilities for the selected level of all attributes 
[68]. For example, a hospital that achieves quality targets 
regarding the treatment quality (coef. 0.985) and equip-
ment and qualification (coef. 0.605), with above-average 
recommendations from other patients (coef. 0.384), 
above-average case numbers (coef. 0.718), and certifica-
tion as an Endoprosthetics Centre of Maxmimum Care 
(coef. 0.388), would have an overall score of 3.080. Com-
paring this value for each hospital against the overall 
score for all hospitals, we can group hospitals into sev-
eral performance groups [25]. In this context, it seems 
highly relevant that our different models do not detect 
unobserved preference heterogeneity in our sample. This 
implies that it would be sufficient to compute one single 
weighted composite measure that corresponds to the 
preferences of all users. Otherwise, it would be appro-
priate to take into account specific individual or group 
characteristics.

Limitations
Our findings should be considered in light of some 
limitations. First, since we focus on German data from 
a German population subgroup (i.e. users of the Ger-
man hospital report card WL), our findings and conclu-
sions might be of limited importance for other countries. 
However, we think that our methodological approach 
and results may be of interest for countries with pub-
lic reporting initiatives (e.g. the United States or United 
Kingdom). Second, the preferences of respondents 
derived from hypothetical hospital scenarios might differ 
from the actual search and selection behaviour in real life 
when people are confronted with similar decisions [59]. 
Third, the choice of attributes is based on a pre-existing 
selection of variables provided on WL during the time of 
the experiment and not on qualitative pre-study research 
as recommended (e.g. [29, 37]). Therefore, it is impor-
tant to mention that other potentially relevant attributes 
are not considered in our study. We cannot exclude the 
possibility that integrating other information may lead 
to different findings. However, the selection of quality 
information on WL is based on publicly available qual-
ity measures from the patient’s perspective; a similar 
approach was published recently by other authors [59]. 
Moreover, the chosen attributes are similar to those 
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utilised by Emmert et  al. [25], who derive the attrib-
utes by means of comprehensive literature research and 
qualitative research. In both studies, “Number of cases 
treated” and “EndoCert Certificate” appear, while our 
“Quality of treatment” and “Equipment and qualification” 
comprise their “Postoperative complication rate”, “Con-
firmed diagnosis rate”, “Mobility at hospital discharge”, 
and “Prevention of fall measures”. Only our attribute 
“Recommendation from other patients” is entirely novel. 
Fourth, for “Quality of treatment” and “Equipment and 
qualification” we model the level types as quality targets 
reached/not reached. This may lead to overestimating the 
relative importance of the two attributes since respond-
ents do not need to wager for relative differences as e.g. 
with level types modelled as mean share of quality tar-
gets reached and relative deviations above and below. 
Yet, even if we overestimate these two, our results for 
relative importance are very likely to remain qualitatively 
robust with “Quality of treatment” and “Number of cases 
treated” being notably more important than the other 
attributes. Fifth, our results refer to patients for elective 
hip replacement, i.e. to treatments that focus on improv-
ing the quality of life. As shown by Kuklinski et al. [57], 
patients value quality information differently depending 
whether the treatment is life-saving or improves qual-
ity of life. Hence, our results may not be transferable to 
other indications as e.g. cancer or stroke where the pri-
mary goal of treatment is saving life. Furthermore, they 
may only add to a weighted composite measure for elec-
tive THR or similar indications where treatment is meant 
to improve the quality of life. Sixth, we need to emphasise 
that the external validity of our study is limited. Com-
pared to patients of elective THR in 2023, our sample 
contains slightly too many of age below 50 years, slightly 
too few of age above 70 years and slightly too many male 
[69]. In comparison to the general population of Ger-
many, our sample contains higher educational attainment 
[70]. These differences may be explained partially by reg-
ular web-users in Germany, who are younger, more male 
and better educated [67] as well as by the intertemporal 
correlation between year of birth and education attain-
ment [70]. Compared to WL users in general, our sample 
is slightly older, less female and better educated [67]. Tak-
ing into account that the major activities of WL next to 
THR are total knee replacement where patient structure 
is similar to THR [69] and breast cancer with patients 
being more female and younger, differences regarding age 
and sex may narrow down with respect to THR patients 
on WL. However, our main target is to derive weights for 
a composite measure. This implies a trade-off between 
including a representative sample versus only those who 
see a benefit in participating, i.e., those who are aware of 
their preferences and eagerly return to use the composite 

measure. Therefore, the remaining deviations in repre-
sentativeness seem tolerable. Finally, we cannot entirely 
exclude sample biases. However, we tried to mitigate the 
potential risk of biased data by collecting a sufficiently 
representative sample of adequate size, by providing ano-
nymity for respondents to increase honesty and response 
quality as well as clear and neutral questions for easy 
understanding [71].

Conclusion
This study provides new insights into the preference 
patterns of HRC users for hospital characteristics for 
patients undergoing elective THR surgery in Germany. 
Our results show that patients consider “Quality of treat-
ment” and “Number of cases treated” as highly impor-
tant. In contrast, “EndoCert Certificate”, “Equipment 
and qualification”, and “Recommendations from other 
patients” seem to be less important. We do not detect 
any meaningful heterogeneity in the preferences of all 
respondents. Based on our findings, the computation of a 
weighted composite measure may be the next step.
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6 Discussion

The following section synthesises the findings and methodological approaches of the

studies reviewed in the preceding chapters. The analysis commences with a compar-

ative assessment of the experimental designs implemented across the selected studies.

Subsequently, the discussion evaluates the choice of model specifications and critically

reviews the associated estimation results. The section concludes with an examination

of how the relative importance of attributes differs according to the adopted model

specifications.

6.1 Comparison of Experimental Designs

The three studies conduct four DCEs that are in line with general guidelines of ex-

perimental design and apply appropriate estimation techniques. All discussed studies

satisfy the requirements of the ISPOR Conjoint Analysis Good Research Practices

Task Force (Bridges et al., 2011; Johnson et al., 2013; Hauber et al., 2016). Similar to

most health-related DCEs (de Bekker-Grob et al., 2012; Soekhai et al., 2019; Nouwens

et al., 2025), each of the mentioned DCEs compares two alternatives. Also, with re-

spect to the number of attributes, each DCE is in line with the majority of comparable

studies, with either five (Rohrbacher and Emmert, 2025) or six attributes (Emmert

et al., 2023, 2024). The number of levels is predominantly three, but in Emmert et al.

(2023) only, it ranges from two to five. The number of tasks is ten (Emmert et al.,

2024; Rohrbacher and Emmert, 2025) and twelve (Emmert et al., 2023), respectively,

providing sufficient tasks for reliable data while avoiding the risk of fatigue among

respondents. All studies follow a full profile design, i.e. each choice set includes all

attributes. None of the studies incorporate no-choice options. This is reasonable, as all

decisions assume unavoidable treatment, meaning that there is no option to not take

any alternative. Instead, all studies make use of forced-choice tasks, highlighting the

need to make a decision on treatment. All studies perform pilot testing for clarity and

comprehensibility prior to each survey. This way, all studies keep the tasks sufficiently

realistic and manageable for respondents while generating reliable data.
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Concerning the selection of attributes, there are two approaches. On the one hand,

Emmert et al. (2023) and Emmert et al. (2024) conduct, for all three DCEs, first, a

systematic literature review, followed by semi-structured interviews in order to identify

the most important attributes. Rohrbacher and Emmert (2025) on the other hand use

the pre-existing selection of attributes reported on WL. As a result, their selection

of attributes may not contain the attributes considered most important by patients.

However, the authors assume that the selection of attributes by an established health

report card such as WL is sufficiently appropriate. This way, Rohrbacher and Em-

mert exploit the groundwork of WL to circumvent time- and cost-intensive interviews.

In the end, the chosen attributes remain relatively similar across both THR studies,

supporting the simplified approach of Rohrbacher and Emmert (2025).

All mentioned DCEs apply fractional factorial design. Therefore, the experimental de-

sign is not balanced and orthogonal by definition. To achieve statistical efficiency, all

studies choose the most efficient design by maximising D-efficiency measures. Recently,

the majority of DCEs in health economics have applied efficient rather than orthogonal

designs (Soekhai et al., 2019; Nouwens et al., 2025). In order to optimise the choice

design, all utilise balance overlap. Each discussed DCE employs effect coding and eval-

uates utility using a partworth utility function model correspondingly. Additionally,

Emmert et al. (2024) report estimates using numerical variables combined with a linear

model. However, the usage of numerical variables is limited to the quick identification

of significant attributes, as this approach is less precise and more restrictive. Thus,

their final results refer only to the model based on effect-coded variables, which allows

for non-linear relations between levels and preference.

According to Orme (2020), the number of respondents N should be at least N ≥ 500l
ta

,

where l is the maximum number of levels, t is the number of tasks, and a is the

number of alternatives. To ensure statistical robustness, doubling this number should

be considered the lower limit for the sample size (Orme and Chrzan, 2017; Orme,

2020). The sample sizes in all discussed DCEs satisfy this requirement, indicating

robust samples with reliable results. All in all, all studies comply with the standard

guidelines and techniques of conducting discrete choice experiments.
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6.2 Estimation Results

In the following, I estimate all models mentioned in Section 2.1 for all discussed ex-

periments.13 For the sake of brevity, I numerate all DCEs according to appearance:

Emmert et al. (2023) contains DCE 1, Emmert et al. (2024) contains DCEs 2 and 3,

which refer to the surveys of patients and medical staff, respectively, and Rohrbacher

and Emmert (2025) contains DCE 4. Since not all models were part of the original

studies, I provide the computation of the additional models if it was not reported be-

fore. Tables 6.1–6.4 introduce the estimation results of all single-class models for all

DCEs: Table 6.1 presents the model estimations for DCE 1; Table 6.2 presents the

model estimations for DCE 2; Table 6.3 presents the model estimations for DCE 3;

Table 6.4 presents the model estimations for DCE 4. Similarly, Tables 6.5–6.8 describe

the estimation results of a latent-class model with two groups: Table 6.5 illustrates

the estimation results of the LC2 model for DCE 1; Table 6.6 illustrates the estima-

tion results of the LC2 model for DCE 2; Table 6.7 illustrates the estimation results

of the LC2 model for DCE 3; Table 6.8 illustrates the estimation results of the LC2

model for DCE 4. For all DCEs, I select the final models using the BIC and CAIC

reported in the aforementioned tables. For the SMNL, GMNL, and RPL models, I use

2000 repetitions of random draws, which is sufficient for convergence (Hensher et al.,

2015). As before, the best-fitting model for DCE 1 is a latent-class model with two

groups, followed now by the GMNL model and MNL model for single-class types. In

all other DCEs, the standard single-class multinomial logit model turns out to be the

most favourable model.

Focusing first on the single-class models (see Table 6.1), the GMNL model appears

to be most favourable for DCE 1, a model not considered in Emmert et al. (2023).

Nevertheless, the results do not vary qualitatively from any other single-class model

and all models provide the same conclusions: All attributes appear to be important,

with most levels being significant with at least p < 0.05. Only ‘Subcutaneous injection’

13I refrain from estimating probit models due to their methodological proximity to logit models

and the mentioned issues of identification and estimation.
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for the attribute ‘Type of medication’ and the level ‘Increased risk of reduced effect

due to (party) drugs’ for the attribute ‘Interaction with other medication or (party)

drugs’ remain insignificant. For the significant levels, the results align consistently with

expectations and still draw the following picture: Patients with HIV prefer pill-based

treatment with low frequency, self-administered at home, with a low risk of short- and

long-run side effects and no interaction with medication or (party) drugs.

Within the GMNL model, just as in the RPL model, unobserved heterogeneity en-

ters through the assumption that preference parameters have some random compo-

nent. Frequently, these random parameters are assumed to be normally distributed,

although other forms are also possible (Sarrias and Daziano, 2017). Consequently, the

estimation comprises both the mean value and the standard deviation for each attribute

level. Significant estimates for the standard deviation of single attribute levels indicate

sources of individual unobserved heterogeneity. In the case of DCE 1, I find meaningful

variation for most of the attribute levels, implying unobserved heterogeneity across all

attributes. However, this affects the qualitative results of the estimates of level means

only marginally.

Considering now the latent-class model with two groups, Table 6.5 reports that the

groups differ notably. While group LC1 (n = 135 of 226) mimics the results of the

single-class models relatively closely except for the evaluation of the low risk of short-

term side effects, group LC2 (n = 91 of 226) deviates in several aspects. For this group,

neither ‘Type of medication’ nor ‘Interaction with other medication or (party) drugs’

plays a significant role, whereas both the risk of short-term side effects and the risk

of long-term side effects are more pronounced. Despite these differences, the expected

order of the attribute levels persists for both groups among significant levels.
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Table 6.1: DCE 1 – Results of single-class regression models
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Table 6.2: DCE 2 – Results of single-class regression models
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Table 6.3: DCE 3 – Results of single-class regression models
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Table 6.4: DCE 4 – Results of single-class regression models
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For all remaining DCEs, the standard single-class multinomial logit model turns out

to be the most favourable, as described in the original papers. As displayed in Tables

6.2–6.4, estimates of other model classes show only moderate numerical variations,

while qualitative results remain stable. Most of the levels are significant with at least

p < 0.05, indicating significance for all attributes. In the case of DCE 2, only the middle

positions of ‘No assessment intended / results not (yet) available’ for the attributes

‘Confirmed diagnosis rate’ and ‘Mobility at hospital discharge’ are not significant. For

DCE 3, the middle positions of the attributes ‘Confirmed diagnosis rate’, ‘Number

of cases treated’, ‘Postoperative complication rate’, and ‘1-year revision surgery rate’

remain insignificant, whereas all attribute levels of DCE 4 are significant. For DCE 2

and DCE 4, the expected order of levels is fulfilled for all attributes. In the case of

DCE 3, the levels of the attribute ‘Mobility at hospital discharge’ do not show a strict

order, with ‘Quality targets not reached’ and ‘No assessment intended / results not

(yet) available’ reversed with close numerical values.

Each DCE refers to the most reliable estimation method according to the BIC and

CAIC. The derived results appear solid and robust. If attribute levels have a clear

hierarchy a priori, the estimation results confirm this order in most cases. Only for three

attributes is a clear hierarchy not given, namely, ‘Type of medication’ and ‘Interaction

with other medication or (party) drugs’ for DCE 1 and ‘Mobility at hospital discharge’

for DCE 3. However, for the two attributes of DCE 1 there is no order that exists

a priori, as these are true categorical variables. Therefore, only in the case of the

attribute in DCE 3 do the results possibly appear conspicuous. Yet, physicians evaluate

positively if the quality targets are reached for ‘Mobility at hospital discharge’ and

disapprove if they are not met or if this information is not available. One may read

this as indicating that physicians are risk averse and consider the uncertainty about the

fulfilment of the quality target as highly negative: If the quality target is not definitively

reached, this is taken negatively. Thus, the expected hierarchy is at least partially

fulfilled. Moreover, the abnormality dissolves in the latent-class model, indicating that

it is driven by group LC2, who pay little attention to this attribute, while for group

LC1, the expected order is now given.
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Hence, the results presented in Chapters 3–5 hold even after taking additional, more

complex estimation models into account. Patients undergoing total hip replacement

(DCE 2) prefer hospitals satisfying quality targets with respect to the confirmed diagno-

sis rate, postoperative complication rate, mobility at hospital discharge, and prevention

of fall measures, with large numbers of cases treated and an EndoCert certificate of

‘Certified EndoProstheticsCentre of Maximum Care’. The preferences of physicians

surveyed in DCE 3 favour hospitals reaching quality targets regarding the confirmed

diagnosis rate, postoperative complication rate, and mobility at hospital discharge,

combined with high numbers of cases treated, a low revision surgery rate, and an

EndoCert certificate of ‘Certified EndoProstheticsCentre of Maximum Care’. Finally,

users searching WL for information about THR surgery (DCE 4) prefer hospitals that

reach quality targets concerning treatment quality, as well as equipment and qualifi-

cations, and have high numbers of cases treated, a high number of recommendations,

and the certificate ‘Certified EndoProstheticsCentre of Maximum Care’.

6.3 Comparison of Relative Importance of Attributes

Unfortunately, estimates like those reported in Tables 6.1–6.8 are not comparable when

standing alone. Normalising the estimates using the relative importance of attributes

as a measure solves this issue. This way, the results across all estimated models be-

come comparable. Figures 6.1 and 6.2 display the shares of the relative importance of

attributes across all DCEs for single-class models and the latent-class model with two

groups, respectively. For the sake of brevity, I declare the attributes in alphabetical

order according to their appearance in Tables 6.1–6.8. Consider, for example, DCE

2: The attribute ‘Number of cases treated’ turns into ‘Attribute C’, while ‘Prevention

of fall measures’ becomes ‘Attribute F’. Focusing first on single-class models, Tables

6.1–6.4 show that the relative importance of attributes varies only moderately between

all single-class models despite the numerical differences in estimations. The largest

deviations occur in DCE 2, where attributes C and F show variations of more than one

percentage point. Thus, it seems that all variation captured in individual heterogeneity
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N = 226 MNL LC

Coefficients LC 1 (n = 135) LC 2 (n = 91)

Type of medication

Pill-based treatment 0.289∗∗∗ (0.041) 0.446∗∗∗ (0.064) 0.100 (0.093)

Intramuscular injection −0.225∗∗∗ (0.041) −0.301∗∗∗ (0.059) −0.175 (0.099)

Subcutaneous injection −0.064 (0.063) −0.144∗ (0.063) 0.075 (0.101)

Frequency of dosing

Daily −0.906∗∗∗ (0.065) −1.078∗∗∗ (0.097) −0.966∗∗∗ (0.161)

Weekly −0.456∗∗∗ (0.060) −0.590∗∗∗ (0.091) −0.310∗ (0.152)

Every 2 months 0.146∗ (0.059) 0.203∗ (0.081) −0.003 (0.145)

Every 3 months 0.459∗∗∗ (0.059) 0.554∗∗∗ (0.086) 0.448∗∗∗ (0.141)

Every 6 months 0.758∗∗∗ (0.062) 0.912∗∗∗ (0.092) 0.831∗∗∗ (0.163)

Location of treatment

Physicians’ practice / hospital (medical staff administers treatment) −0.170∗∗∗ (0.017) −0.230∗∗∗ (0.026) −0.116∗ (0.046)

Home-based (self-administered treatment) 0.170∗∗∗ (0.017) 0.230∗∗∗ (0.026) 0.116∗ (0.046)

Risk of short-term side effects

Low risk (1 of 1000 patients will experience short-term side effects) 0.207∗∗∗ (0.040) 0.152∗ (0.059) 0.448∗∗∗ (0.093)

Moderate (10 of 1000 patients will experience short-term side effects) 0.080∗ (0.040) 0.077 (0.056) 0.132 (0.093)

Higher risk (100 of 1000 patients will experience short-term side effects) −0.287∗∗∗ (0.041) −0.227∗∗∗ (0.064) −0.580∗∗∗ (0.099)

Risk of long-term side effects

Low risk (1 of 1000 patients will experience long-term side effects) 0.537∗∗∗ (0.041) 0.172∗∗ (0.064) 1.455∗∗∗ (0.180)

Moderate (10 of 1000 patients will experience long-term side effects) 0.224∗∗∗ (0.040) 0.147∗ (0.059) 0.545∗∗∗ (0.103)

Higher risk (100 of 1000 patients will experience long-term side effects) −0.761∗∗∗ (0.044) −0.319∗∗∗ (0.069) −1.995∗∗∗ (0.228)

Interaction with other medication or (party) drugs

No medication / drug interactions occur 0.168∗∗∗ (0.040) 0.251∗∗∗ (0.057) 0.069 (0.094)

Increased risk of reduced effect due to other medication −0.125∗∗ (0.040) −0.156∗∗ (0.056) −0.092 (0.091)

Increased risk of reduced effect due to (party) drugs −0.043 (0.040) −0.095 (0.057) 0.023 (0.094)

intercept class 2 – – −0.440∗∗∗ (0.094)

Log likelihood −1434.04 −1357.26

BIC 2940.93 2865.79

CAIC 2953.93 2892.79

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 6.5: DCE 1 – Results of latent-class model with two classes

100



N = 322 MNL LC

Coefficients LC 1 (n = 161) LC 2 (n = 161)

Confirmed diagnosis rate

Quality targets reached 0.429∗∗∗ (0.040) 0.688∗∗∗ (0.143) 0.369∗∗∗ (0.074)

No assessment intended / results not (yet) available −0.001 (0.039) 0.006 (0.120) −0.001 (0.063)

Quality targets not reached −0.427∗∗∗ (0.038) −0.694∗∗∗ (0.132) 0.363∗∗∗ (0.067)

EndoCert Certificate

Certified EndoProstheticsCentre of Maximum Care 0.256∗∗∗ (0.039) 0.405∗∗∗ (0.112) 0.192∗∗∗ (0.086)

Certified EndoProstheticsCentre 0.135∗∗∗ (0.040) 0.181 (0.101) 0.146∗ (0.063)

No certificate −0.390∗∗∗ (0.040) −0.586∗∗∗ (0.114) −0.337∗∗∗ (0.065)

Number of cases treated

230 patients (above average) 0.428∗∗∗ (0.044) 1.340∗∗∗ (0.245) 0.029 (0.089)

148 patients (average) 0.188∗∗∗ (0.039) 0.237∗ (0.096) 0.150∗ (0.063)

84 patients (below average) −0.616∗∗∗ (0.040) −1.578∗∗∗ (0.234) −0.179 (0.094)

Postoperative complication rate

Quality targets reached 0.622∗∗∗ (0.042) 0.922∗∗∗ (0.120) 0.554∗∗∗ (0.080)

No assessment intended / results not (yet) available −0.080∗ (0.039) −0.136 (0.097) −0.032 (0.063)

Quality targets not reached −0.542∗∗∗ (0.044) −0.786∗∗∗ (0.113) −0.521∗∗∗ (0.074)

Mobility at hospital discharge

Quality targets reached 0.597∗∗∗ (0.043) 1.107∗∗∗ (0.154) 0.446∗∗∗ (0.081)

No assessment intended / results not (yet) available −0.068 (0.039) −0.173 (0.102) −0.011 (0.063)

Quality targets not reached −0.530∗∗∗ (0.041) −0.934∗∗∗ (0.139) −0.434∗∗∗ (0.077)

Prevention of fall measures

Quality targets reached 0.458∗∗∗ (0.039) 0.578∗∗∗ (0.104) 0.450∗∗∗ (0.063)

No assessment intended / results not (yet) available −0.094∗ (0.040) −0.078 (0.104) −0.097 (0.064)

Quality targets not reached −0.364∗∗∗ (0.042) −0.500∗∗∗ (0.106) −0.323∗∗∗ (0.065)

Intercept −0.309∗∗∗ (0.047) −491∗∗ (0.157) −0.285∗∗ (0.088)

Intercept class 2 – – 0.150 (0.114)

Log likelihood −1627.71 −1587.11

BIC 3360.42 3392.30

CAIC 3373.42 3419.30

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 6.6: DCE 2 – Results of latent-class model with two classes
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N = 187 MNL LC

Coefficients LC 1 (n = 131) LC 2 (n = 56)

Confirmed diagnosis rate

Quality targets reached 0.454∗∗∗ (0.058) 0.535∗∗∗ (0.090) 0.553∗∗∗ (0.127)

No assessment intended / results not (yet) available −0.108 (0.056) −0.054 (0.087) −0.168 (0.116)

Quality targets not reached −0.346∗∗∗ (0.062) −0.480∗∗∗ (0.090) −0.384∗∗∗ (0.122)

EndoCert Certificate

Certified EndoProstheticsCentre of Maximum Care 0.272∗∗∗ (0.059) 0.201∗ (0.101) 0.599∗∗∗ (0.149)

Certified EndoProstheticsCentre 0.174∗∗ (0.054) 0.215∗ (0.091) 0.181 (0.134)

No certificate −0.446∗∗∗ (0.058) −0.417∗∗∗ (0.100) −0.780∗∗ (0.184)

Number of cases treated

230 patients (above average) 0.696∗∗∗ (0.058) 0.608∗∗∗ (0.099) 1.138∗∗∗ (0.202)

148 patients (average) −0.020 (0.056) −0.070 (0.084) 0.002 (0.110)

84 patients (below average) −0.676∗∗∗ (0.058) −0.539∗∗∗ (0.096) −1.139∗∗∗ (0.214)

Postoperative complication rate

Quality targets reached 0.600∗∗∗ (0.058) 0.810∗∗∗ (0.103) 0.516∗∗∗ (0.148)

No assessment intended / results not (yet) available −0.078 (0.057) −0.144 (0.091) −0.009 (0.113)

Quality targets not reached −0.522∗∗∗ (0.057) −0.666∗∗∗ (0.095) −0.526∗∗ (0.161)

Mobility at hospital discharge

Quality targets reached 0.344∗∗∗ (0.057) 0.545∗∗∗ (0.097) 0.153 (0.130)

No assessment intended / results not (yet) available −0.192∗∗ (0.061) −0.255∗ (0.101) −0.190 (0.128)

Quality targets not reached −0.152∗∗ (0.041) −0.290∗∗ (0.092) 0.037 (0.123)

1-year revision surgery rate

1.41% (better than average) 0.977∗∗∗ (0.094) 1.389∗∗∗ (0.183) 0.490∗ (0.206)

2.48% (average) 0.035 (0.159) 0.315 (0.251) −0.408 (0.375)

3.89% (worse than average) −1.012∗∗∗ (0.097) −1.704∗∗∗ (0.225) −0.082 (0.253)

Intercept class 2 – – −0.759∗∗∗ (0.119)

Log likelihood −819.61 −778.77

BIC 1729.62 1745.87

CAIC 1741.62 1779.87

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 6.7: DCE 3 – Results of latent-class model with two classes
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N = 177 MNL LC

Coefficients LC 1 (n = 77) LC 2 (n = 100)

Quality of treatment

Quality targets reached 0.985∗∗∗ (0.064) 1.305∗∗∗ (0.194) 1.078∗∗∗ (0.098)

No assessment intended / results not (yet) available −0.246∗∗∗ (0.057) −0.680∗∗∗ (0.190) −0.136 (0.089)

Quality targets not reached −0.749∗∗∗ (0.063) −0.625∗∗∗ (0.177) −0.941∗∗∗ (0.092)

Recommendation from other patients

Recommended by 85% (above average) 0.384∗∗∗ (0.057) 0.168 (0.149) 0.553∗∗∗ (0.093)

Recommended by 80% (average) 0.192∗∗∗ (0.052) 0.374∗∗ (0.125) 0.171∗ (0.082)

Recommended by 76% (below average) −0.576∗∗∗ (0.063) −0.543∗∗∗ (0.163) −0.724∗∗∗ (0.094)

Number of cases treated

230 patients (above average) 0.718∗∗∗ (0.061) 1.820∗∗∗ (0.258) 0.221 (0.129)

148 patients (average) 0.158∗∗∗ (0.053) 0.114 (0.122) 0.214∗∗∗ (0.075)

84 patients (below average) −0.876∗∗∗ (0.060) −1.934∗∗∗ (0.259) −0.435∗∗∗ (0.125)

Equipment and qualification

Quality targets reached 0.605∗∗∗ (0.058) 0.761∗∗∗ (0.131) 0.633∗∗∗ (0.087)

No assessment intended / results not (yet) available −0.192∗∗∗ (0.054) −0.250 (0.134) −0.196∗∗ (0.078)

Quality targets not reached −0.413∗∗∗ (0.058) −0.511∗∗∗ (0.142) −0.438∗∗∗ (0.092)

EndoCert Certificate

Certified EndoProstheticsCentre of Maximum Care 0.388∗∗∗ (0.060) 0.663∗∗∗ (0.155) 0.293∗ (0.115)

Certified EndoProstheticsCentre 0.350∗∗∗ (0.054) 0.496∗∗∗ (0.131) 0.346∗∗∗ (0.076)

No certificate −0.738∗∗∗ (0.062) −1.159∗∗∗ (0.157) −0.639∗∗ (0.115)

Intercept class 2 – – 0.317∗∗ (0.119)

Log likelihood −825.7 −787.1

BIC 1726.18 1731.25

CAIC 1736.18 1752.25

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 6.8: DCE 4 – Results of latent-class model with two classes
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plays no further role in the relative importance of attributes, regardless of the model

choice.

As already reported previously, it appears for DCE 1 that the attributes ‘Frequency of

dosing’ (B) and ‘Risk of long-term side effects’ (E) gain the largest share of importance.

In DCE 2 on patients undergoing THR, the shares are more equally distributed, such

that single attributes do not stand out, as in the case of DCE 1. In that case, the at-

tributes ‘Number of cases treated’ (C) and ‘Mobility at hospital discharge’ (E) take the

lead with an importance of about 20% each, followed closely by ‘Postoperative compli-

cation rate’ (D). In DCE 3, physicians demonstrate a clear preference for the attribute

‘1-year revision surgery rate’ (F; about 30%), followed by ‘Number of cases treated’

(C; about 20%) and ‘Postoperative complication rate’ (D; about 17%), with respect to

THR. It appears that patients and physicians share a strong preference for ‘Number of

cases treated’ and ‘Postoperative complication rate’, while physicians evaluate ‘Mobil-

ity at hospital discharge’ lower than patients (E; about 8%). The attributes ‘Confirmed

diagnosis rate’ and ‘EndoCert Certificate’ receive minor importance for both groups.

Finally, in DCE 4, on people searching for information on THR, ‘Quality of treatment’

(A; about 27%) and ‘Number of cases treated’ (C; about 24%) are the most dominant

attributes. This aligns with the results of Emmert et al. (2024), as ‘Quality of treat-

ment’ (DCE 4), ‘Postoperative complication rate’ (DCEs 2 and 3), and ‘1-year revision

surgery rate’ (DCE 3) capture similar outcomes. As in the case of DCEs 2 and 3 (B

in each), ‘EndoCert Certificate’ is considered less important in DCE 4 (E).

Contrarily, group-specific heterogeneity does affect the relative importance of attributes,

as shown in Figure 6.2. Unsurprisingly, the most notable differences occur in DCE 1, for

which the LC2 model is in general the most favourable model. The relative importance

of attributes varies between the MNL model as the benchmark and the two groups LC1

and LC2 for all attributes. For example, LC1 especially considers attributes A (‘Type

of medication’) and B (‘Frequency of dosing’) more than in the MNL model, whereas

LC2 favours attribute E (‘Risk of long-term side effects’). In the remaining DCEs 2–4,

the results vary to a lesser extent compared to DCE 1, not least due to the lack of

unobserved taste heterogeneity and the resulting dominance of the single-class MNL
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(a) DCE 1 – HIV (b) DCE 2 – PAT

(c) DCE 3 – MED (d) DCE 4 – WL

Figure 6.1: Relative importance of attributes for single-class models

model. However, even in these surveys, notable differences emerge between the groups

of the latent-class model and the benchmark MNL. In DCE 2, LC1 focuses more on

attribute C (‘Number of cases treated’) and LC2 focuses on D (‘Postoperative compli-

cation rate’). In DCE 3, LC1 evaluates F (‘1-year revision surgery rate’) even higher,

whereas LC2 clearly considers C (‘Number of cases treated’) more important. In DCE

4, LC1 shows a clear preference for C (‘Number of cases treated’) compared to the

MNL model and LC2 shows a preference for A (‘Quality of treatment’) and B (‘Rec-

ommendation from other patients’). Hence, group-specific heterogeneity seems to have

a larger impact on the relative importance of attributes than individual unobserved

heterogeneity. From this I conclude, regarding the relative importance of attributes,

that in applied DCEs, it is vital to always bear in mind to test for latent-class models,

whereas individual unobserved heterogeneity, as captured in, e.g. RPL models, may

be considered as a secondary problem.

To summarise, the results of all DCEs vary very little across single-class models con-

cerning the relative importance of attributes. Contrary to this, they differ notably in

the case of the latent-class models with multiple classes, even if the BIC and CAIC
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(a) DCE 1 – HIV (b) DCE 2 – PAT

(c) DCE 3 – MED (d) DCE 4 – WL

Figure 6.2: Relative importance of attributes for latent-class models with two groups

refer to a single-class model as best fitting. I conclude that concerning the relative im-

portance of attributes, it may be sufficient to rely on simple models such as the MNL

model for single classes and the latent-class model for capturing unobserved hetero-

geneity. This finds support in the results of Shen (2009), who reports that latent-class

models are superior to RPL models. Moreover, it contradicts Keane and Wasi (2013),

who discuss various models, favouring complex models such as, e.g. GMNL, for DCEs.

I agree with Keane and Wasi that log-likelihoods improve with the degrees of free-

dom allowed by increasing the complexity of the models such that more unobserved

heterogeneity can describe the data better, as reported in Tables 6.1–6.4. However,

this gain is only marginal in the case of Emmert et al. (2023), Emmert et al. (2024),

and Rohrbacher and Emmert (2025), where information criteria such as the BIC or

CAIC reject the more complex single-class models. Regarding the relative importance

of attributes, more complex structures do not affect the results and are in our view not

necessary.

Given this, the continuing extensive utilisation of the RPL model in health economics

may appear counterintuitive (de Bekker-Grob, 2009; de Bekker-Grob et al., 2012;
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Soekhai et al., 2019; Nouwens et al., 2025). If both the more complex and compu-

tationally more demanding RPL model and the rather simple MNL model provide

similar results, one may wonder about the need for the complex RPL model. Despite

this, also from a theoretical point of view, other models allowing for unobserved het-

erogeneity may seem superior to the RPL model. The GMNL model allows for more

degrees of freedom and captures more heterogeneity on the tails, whereas the SMNL

model captures heterogeneity similarly to the RPL model while being much less com-

plex. Therefore, one could utilise a less complex model with a similar output (SMNL)

or introduce an even finer modelling approach (GMNL) (Louviere et al., 2002; Louviere

and Eagle, 2006; Fiebig et al., 2010). Yet, these kind of models are still used relatively

rarely compared to the RPL model (de Bekker-Grob et al., 2012; Soekhai et al., 2019;

Nouwens et al., 2025).

Nevertheless, some arguments remain in favour of more complex models. All discussed

DCEs comprise attributes with a categorical level structure. Hence, complex models

may provide varying results in DCEs with continuous variables. Also, complex models

still find support from a theoretical point of view. Recall that the MNL model contains

the strong assumption of the IIA, which can be relaxed through other (and more

complex) model structures. If the IIA may not hold in a DCE, more complex models

may be the right approach. Additionally, the small amount of variation applies to

the relative importance of attributes but does not hold for the estimated error terms.

In order to estimate the appropriate covariance matrix and the corresponding error

terms, one may consider more complex models. However, the model choice should rely

on appropriate tools, such as information criteria and model testing. Furthermore, it

seems in general advisable to be cautious with using advanced models, as researchers

need to make additional decisions with respect to the distribution of random parameters

(RPL, GMNL) or the number of latent classes (LC). Furthermore, the interpretation

of complex models may rapidly become challenging (de Bekker-Grob, 2009).
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7 Conclusion

This dissertation addresses the theoretical aspects of discrete choice experiments and

their application in health economics. DCEs are an appropriate and easy way to elicit

preferences in line with random utility theory. I discuss the most popular estimation

methods and present how to appropriately design a DCE. I highlight the importance

of good practice for experimental design.

The DCEs presented in this thesis provide valuable insights regarding the preferences

of patients and physicians concerning human immunodeficiency virus and total hip

replacement. I identify the preferences and the relative importance of attributes based

on a comprehensive analysis of various models. The derived results may help to improve

therapies and enhance health services such as, e.g. health report cards.

Furthermore, I analyse the sensitivity of the relative importance of attributes regarding

the model approach. Despite numerical differences in estimation results across model

types, I find barely any differences between single-class models, whereas multi-class

models show varying results. Hence, I conclude that simple models such as multinomial

logit models and latent-class models may be sufficient to provide a quick but robust

picture of the relative importance of attributes.

However, this practice needs to be handled with caution, as it neglects appropriate

model choice based on valid information criteria. Moreover, complex models remain

necessary to correctly estimate error terms. Finally, I derive the results from data based

only on variables with a categorical level structure. Thus far it remains unknown if the

results hold in the presence of other variable types. This question I leave for future

research.
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