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Abstract | Introduction: Personalised nutrition (PN) has great potential for disease prevention, 

particularly if coupled with the power and accessibility of mobile technology. However, success of 

PN interventions will depend on the willingness of users to subscribe. This study investigates the 

factors associated with potential users' perceived value of PN and heterogeneity in these values. 

Methods: A discrete choice experiment was carried out in a representative sample (N=429 valid 

responses) from the adult population in Spain. The results were analysed in line with McFadden's 

Random Utility Theory, using conditional and mixed logit models in addition to a latent class logit 

model. Results: The conditional and mixed logit models revealed the existence of a significant 

preference and willingness to pay for personalized nutrition, but the effect on average was not 

large for the highest level of personalization. The latent class logit revealed four classes of 

respondent: those who would be likely to pay for a high level of personalized nutrition service, 

those who would use it if it were heavily subsidized, those who would use only a basic nutrition 

service, and those who would not be willing to engage. These results could be useful for the 

design and targeting of effective personalized nutrition services. Conclusions: Over half of adults 

currently perceive some individual benefit in a high level of PN, which may justify some degree of 

public subsidy in investment and delivery of such a service.  

Key points for decision-makers 

• We found four classes of consumers depending on their attitude through personalised 

nutrition and their individual characteristics. 

• Half of adults currently perceive some individual benefit in high levels of personalised 

nutrition. 

• Digital service delivery is feasible from consumers' point of view, leading to a reduction 

in provision costs. 

Keywords: personalised nutrition; willingness to pay; noncommunicable diseases prevention; 

discrete choice experiment. 

1. Introduction 

Over 60% of annual deaths worldwide are caused by non-communicable diseases (NCDs) (1) 

and between 60%-70% of primary care visits in developed countries are associated with 

conditions linked to lifestyle (2). These modifiable risk factors, such as unhealthy nutrition, 

sedentary lifestyle, smoking, and alcohol abuse, are related to the five major NCDs (3). These 

diseases cause suffering and cost society worldwide $17.3 trillion a year in terms of health care, 

lost productivity and lost capital (4). While an individual's genetics plays an essential role in the 

incidence of NCDs (5), their prevention can benefit public health. 

Nutrition has a substantial role in disease prevention (6), and a recent body of knowledge is 

pointing to new notions. For instance, Hu (7) suggested that analysing each nutrient's effect 
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independently from the others might be an incomplete approach.  The single-nutrient model omits 

the consequences of nutrients acting together and food synergy in the gut microbiome. While 

studies have shown some single nutrients can modify surrogate outcomes, these have not proved 

to be effective against major NCDs (8). Interventions based on improving overall healthy diet 

appear more promising (8), but there continues to be controversy over the extent to which 

individual-level personalisation is effective [10-12]. 

Personalised nutrition (PN), nutritional advice based on individual's information (12), is a broad 

term that covers many different types of intervention. One research line suggests there might be 

significant potential for personalised nutrition based on very precise individual characteristics (14-

16). The motivation for the current study arises from the Stance4HEALTH project (16) which aims 

to develop a new mobile phone app to deliver a personalised dietary intervention. Users value 

the convenience of online dietary interventions (17) and digital platforms may be effective and 

cost-effective compared with traditional approaches (18-19) though further evidence is needed. 

The widespread ownership of mobile phones now might be an opportunity to broadly deliver such 

interventions, including in low- and middle-income countries (17), and the digital trend is likely to 

accelerate in the post-COVID world. However, the individual's willingness and ability to make the 

behaviour change recommended by the app depends on multiple factors, such as income and 

social class, leading to concerns about widening digital health inequality (18). Hence gaining 

insights into the factors that influence adoption and adherence to personalised behaviour 

interventions is an important priority for app developers and intervention designers (19).  

The current study uses a discrete choice experiment (DCE). A DCE is a survey instrument where 

respondents choose between different conceptual products/services in order to elicit consumers' 

Willingness to Pay (WTP) and personalised nutrition preferences. WTP is the hypothetical amount 

that the consumers would be willing to pay for the expected outcome of the dietary intervention 

(or its features), such as health gain (20). WTP is an appropriate measure of consumer preference 

in this setting because (unlike health-care services), the general population is familiar with the 

concept of paying for nutrition services and hence are likely to engage with the study. The DCE 

instrument enables WTP to be estimated using a coherent, rigorous and flexible methodological 

framework, which, if carefully applied, can overcome some of the biases and imprecisions 

associated with other methods, such as  contingent valuation (21). DCEs provide further 

information. The "part-worths" are coefficients which show the relative importance of each 

attribute level. This feature of DCE can offer information about which attributes will increase the 

probability that the average user will adopt a hypothetical PN, independently from the perceived 

monetary value. Finally, the DCE can investigate variation in the population (preference 

heterogeneity) (22), giving important insights into how group differences in social class, 

education, and other characteristics influence consumer preferences. From the point of view of a 

commercial intervention designer, such information points to the market segments most likely to 

purchase a personalised nutrition intervention, should it become available on the market (23). 

However, more significantly from a public health perspective, national health services or social 
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insurers can gain an understanding of identifiable segments of the population who do (or do not) 

perceive a degree of benefit in personalised nutrition, and hence would be likely (or unlikely) to 

subscribe even if they personally could not or would not pay for it. Such information can help 

policymakers estimate the likely uptake of the app among the general public and population sub-

groups, possibly at different levels of public subsidy, and hence anticipate the impact of a future 

intervention built around an app on public health and health inequalities.  

Information on perceptions of users is crucial at all stages in the product development cycle (24). 

A DCE is useful at this early stage because it allows users to state their preferences over several 

hypothetical scenarios, allowing the study investigators to estimate consumer interest in a high 

degree of personalised nutrition. Any proposed intervention would need be evaluated more 

formally in a randomised controlled trial. Therefore, this research aims to: 1) quantify consumers’ 

preferences for personalised nutrition, 2) investigate the relationship between preferences and 

sociodemographic characteristics, 3) inform the debate on public or private provision of 

personalised nutrition services. 

2. Methods  

2.1. Literature review of previous studies 

A literature review was carried out to identify the important themes related to demand, willingness 

to pay and use of personalised nutrition or digital nutrition platforms as a means of health 

improvement or disease prevention (methods and results in Supplementary Material (SM) A). 18 

papers were found covering a range of methodologies: 6 DCEs, 9 consumer surveys,1 quasi-

experimental study, 1 focus group, and 1 Markov model. 

Users highlight the convenience of telehealth interventions (25) and such platforms may be 

effective in improving overall health and cost-effective (18-19). Users' prior perception of the 

benefits influential in their willingness to engage (26–28). Health improvement and disease 

prevention stand out as motives to follow a personalised nutrition intervention (29), especially 

among people with existing NCD (such as diabetes) (30). The degree of personalisation (31), 

attention to coaching and monitoring (32), and the involvement of professional nutritionists (29)  

are drivers of effectiveness. Furthermore, there is a level of community reinforcement due to the 

general belief that people have responsibility to look after their health (33). People might be 

categorised as supporters, neutrals and unsupportive (34,35) in their attitude to PN. Neutrality or 

non-support might be caused by data privacy concerns (26,27,29,32,33,36) and expected out-of-

pocket costs (30,37). Paying for a personalised nutrition intervention symbolised commitment to 

behaviour change (32,38).  In Europe, one third of the population is willing to pay for personalised 

nutrition (price found to be around €30-40) (27). Our research aims to build on the existing 

literature by examining the intensity of consumer preferences and WTP depending on the 

personalised nutrition programme's characteristics. 

2.2. Review of attributes of nutrition apps available in the digital marketplace 
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To define attributes and levels for our study, we carefully looked at 9 apps (15 different versions 

and up to 20 different functionalities) and created an extensive list of possible attributes and levels 

(39) (SM B). We added to the list the attributes identified in the literature review, particularly 

Fischer’s (27) paper about nutrition care.  Finally, we discarded or reformulated those 

functionalities where we found overlapping, reiteration or interdependence, retaining those 

features more commonly used in the set of apps reviewed. Thus, we created an early selection 

of attributes and levels (SM B).  

2.3. Pretests and refinement 

With the early attributes and levels selection, we designed a pilot 42x23 optimal design (40) with 

16 choice sets per respondent and 2 alternatives per choice. Two experts in health economics, 

surveying and experimentation evaluated the pilot survey. The survey was conducted online on 

an N=40 convenience sample. We collected feedback from respondents and colleagues, and we 

modified the attributes and levels selection (details in SM B). Using the attributes and levels 

selection in Table 10 (SM B), we created a new 42x24 design and conducted another online survey 

on an N=52 sample of the Spanish population (population-representative respondent panel). 

However, a large proportion of respondents showed lack of engagement with the DCE task 

(details in SM B). To solve this, we introduced several changes: 1) we simplified the text in the 

choice sets and reduced the number of attributes from 6 to 4 (in line with the suggestions of a 

nutritionist, attributes "personalisation" and "follow-up" were combined and attribute 

"supplements" was deleted due to controversy surrounding the use of nutritional supplements 

(41)), 2) we improved the mobile site because many responses were sent from smartphones, and 

gamified the choice sets using icons that matched the functionality represented by the level of the 

attribute, 3) we included a one-minute timer in the introduction to oblige the respondents to read 

the instructions of the survey, 4) we introduced a warm-up question (SM B, Fig. 3). 

2.4. Selection of attributes and levels for the final experiment 

As a result of the pretest process, we ended up with a third and definitive 42x22 experimental 

design with the attributes and levels displayed in Table 1. The first attribute was degree of 

personalisation, with 4 levels. The second was delivery format with two levels, one for on-site 

service (i.e. face-to-face) and another for digital delivery of the service (via mobile app and 

webpage). The third attribute was physical activity training plan (included or not), and the fourth 

attribute, price, was set up to four levels: 10€, 20€, 30€ and 40€ (monthly) to correspond with the 

4 levels of personalisation. Prices of 10-30€ are broadly in line with those in the existing digital 

PN market (SM B) and the literature(27). We included an upper price level of 40€ because the 

microbiome analyses at our highest level of personalisation carry considerable additional 

expense. We did not include a 0€ or very low price level because such a service would need to 

be financed by advertisements or similar, which would complicate data privacy issues.  

2.5. Discrete Choice Experiment design 

Once we decided on the final attributes and levels specification, we designed the choice sets that 

would be presented to respondents. We reduced the design to a two-alternative D-efficient DCE 
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using the -dcreate- module for Stata (Release 14; StataCorp., 2015) (42). The algorithm reduces 

the design's D-error (a measure of the estimators' variance) based on prior coefficients and meets 

the requirements of efficient choice design, i.e. orthogonality, level balance, minimal overlap, and 

utility balance (further details in SM C). Thus, we obtained a D-efficient design [29, 30] with 16 

choice sets separated into two blocks (relative D-efficiency: 84.32%). 

Table 1. Attributes and levels final selection 

Attributes Levels 

Personalisation 

level 

Level 1 Healthy suggestions and nutritional education. 

Level 2 Diet automatically personalised (by an algorithm) based 

on age, weight and height. 

Level 3 Personalised diet set up by a licensed nutritionist based 

on age, weight, height, sports habits and blood test. 

Level 4 Personalised diet set up by a licensed nutritionist based on 

all the information mentioned before plus gut microbiome 

analysis. 

Delivery format On-site All services are provided in a physical facility that the user 

needs visit (with a frequency that depends on their 

personalisation level) 

Digital All services (except blood and microbiome analyses) are 

provided through a digital platform via smartphone or 

computer.  

Training plan No No physical activity training plan. 

Included Physical activity training plan (the user gets a daily exercise 

schedule adapted to their needs).  

Price 10 € 10 € / month 

20 € 20 € / month 

30 € 30 € / month 

40 € 40 € / month 
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Figure 1. Example choice set 

2.6. Survey design 

The survey was built in Qualtrics (Release 03/2020; Qualtrics, 2020) and comprised three parts. 

1st) An introductory text (which we discussed with a licensed nutritionist) (SM B), a training 

question, a scale (from 0 to 10) asking respondent's interest in healthy nutrition, and a timer for 

the respondents to read the introduction. 2nd) The DCE itself plus a verification question with a 

dominant alternative (more functionalities at lower prices) to test the responses' rationality. Each 

block was randomly assigned to 50% of respondents, and choice sets were randomly displayed 

within each block. We forced respondents to choose between A or B and did not include an opt-

out option (Figure 1). Given our pilot test experience, we considered that a substantial number of 

respondents might opt for quick termination of the survey by always choosing the null option and 

giving lexicographic preferences. Other DCEs have followed this approach (45). Finally, to 

conduct a sensitivity analysis that took account that some participants would not subscribe to any 

option, we included a final question asking for the probability that the respondent would purchase 

the options they have chosen if they were available in the market. 3rd) 11 questions about the 

sociodemographic status of the respondents (Table 2).  

2.7. Online delivery of survey 

We selected the best option among 5 different agencies according to pricing, services included, 

and professional experience in research surveys. The agency manages a large consumer panel 

that is representative of the general adult population in Spain from 18 to 78 years old. Participants 

receive a small fee (around €0.50) for completing an online questionnaire. The agency's sampling 

strategy is to invite participants from the panel until the required number of completed 

questionnaires reached (450) is representative of the population. This sample size is larger than 

suggested by the Johnson and Orme rule (46), and Lancsar and Louviere articles (47). 

 Option A Option B 

Personalization 
level 

Level 1: healthy 
suggestions and 
nutritional education.   

Level 3: personalized 
diet set up by a 
licensed nutritionist 
based on age, weight, 
height, sports habits, 
and blood test. 

 

 

Delivery format 

Digital: service 
provided via a 
smartphone app or 
webpage. 

 

On-site: service 
provided in a physical 
place.  

Training plan 
Not including 
training plan. 

 

Including daily 
training plan based on 
the data of the user.  

Price 
20 €/month paid by 
card or direct debit. 

 

30 €/month paid by 
card or direct debit. 

 

Choice   
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Respondents received an email with the link to the survey and completed it in the Qualtrics 

interface that we programmed. All surveys were completed in March 2020.  

2.8. Analysis of results 

Three analysis models were fitted to the data (1) Conditional logit (CLM) (2) Mixed logit (XLM) (3) 

Latent class logit (LCL). In Stata, the results were codified in long shaped format with a row per 

alternative, so there were 8𝑥2 = 16 rows with the same respondent id. The variables of the model 

were classified by columns. The binary dependent variable was 1 for the selected alternative and 

0 otherwise. The attributes were also sorted by columns in dummy coding. Thus, each attribute's 

level is a variable that takes the value 1 when the alternative contains it or 0 otherwise, except for 

the price attribute which we codified as a single continuous variable (SM C). We started fitting a 

conditional logit model (SM C). The CLM can be interpreted using McFadden random utility theory 

(48) to assign an amount of utility to each alternative based on its characteristics (levels).  

𝑢𝑗 = 𝑋𝑗𝛽 + 𝜀𝑗, (1) 

This relationship is denoted in Equation (1) where the utility of the 𝑗-ith alternative is given by a 

vector of the alternative's characteristics (levels), 𝑋𝑗, and its coefficients, 𝛽, plus other unobserved 

sources of utility, 𝜀𝑗. The 𝛽 for a given attribute level, sometimes termed part-worth, can be 

interpreted as the importance (utility) that participants give to that alternative, ceteris paribus, 

compared with the reference level. We can also interpret 𝛽 as the log of the odds ratio that 

participants would choose a product with that attribute level, ceteris paribus, compared with a 

product with the reference attribute level. Thus, the logit probabilities formula to the probability of 

choosing alternative 𝑖 among 𝐽 different alternatives (Equation 2) [33, 34]. 

Pr(choice = 𝑖) =
𝑒𝑋𝑖𝛽

∑ 𝑒
𝑋𝑗𝛽𝐽

𝑗=1

,  (2) 

CLM assumes fixed effects (it only estimates average coefficients), so we fitted another model to 

capture taste heterogeneity. The XLM (random parameters logit model or mixed logit model)  

performs a simulation of 𝛽s over a normal distribution (more details in SM C) for each individual, 

so the mixed logit probability formula is a weighted average of the Equation 2 (51). In this case, 

we specify the utility by adding the sub-index 𝑛 (for individuals) in the betas (Equation 3). The 

added flexibility should ensure better model fit for the XLM than the CLM. 

𝑢𝑛𝑗 = 𝑋𝑗𝛽𝑛 + 𝜀𝑗, (3) 

We also fitted a Latent Class Logit (LCL) model, an extension of the conditional logit model. In 

this model, we have 𝐶 classes of respondents, where a CLM is estimated for each class 𝑐. Thus, 

the probability that a respondent 𝑛 belong to 𝑐 is given by (52) 

Pr(𝑛 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑐) =
𝑒𝑧𝑛𝜃𝑐

1+ ∑ 𝑒𝑧𝑛𝜃𝑙𝐶−1
𝑙=1

. (4) 
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To decide 𝐶, we computed 4 different LCL models with 𝐶 = 2,3,4,5, and used Information Criteria 

measures to select the best fitting model. After several iterations, we included the 

sociodemographic characteristics that were significant at the 0.10 level for one or more of the 

classes. 

Finally, willingness to pay was estimated for the XLM and the LCL as the ratio of the attribute's 

level coefficient and the price coefficient (and CI limits using the -nlcom- [non-linear combination] 

command in Stata). For this calculation, we needed the price variable to be continuous, which 

makes the interpretation of its coefficient to be the change in the log-odds of choosing the product 

following a one-euro increase in price, ceteris paribus. 

3. Results  

462 respondents completed the survey, but 33 did not answer the verification question correctly 

and were excluded from the models' estimation. 2100 invitations were sent to achieve this sample. 

The sociodemographic characteristics of the included respondents are shown in Table 2. Women 

accounted for 53% of the sample, the mean age was 42.8 years old and the mean body mass 

index of respondents was 25.9 kg/m2. On average, the respondents belonged to households with 

4 members and showed a high interest in healthy nutrition (mean 7.99/10, SD 1.92). Comparing 

the sample demographics with official statistics (https://www.ine.es/), the mean age and income 

were representative whereas overweight women and obese men were slightly overrepresented 

in our sample, and household size was larger than the population mean. Besides, our sample 

includes people with a higher educational level than the national average (SM D). 

3.1. The conditional and mixed logit model 

In the CLM and the XLM, all coefficients were significant except for the delivery format attribute. 

The coefficients can be interpreted as the weight of the individuals' preferences, and comparisons 

can be made with respect to the base level of the same attribute and other attributes' levels. Table 

3 shows that both models yielded qualitatively similar solutions. The respondents stated strong 

and significant preferences for higher levels of personalisation and the inclusion of a physical 

activity training plan. 

Table 2. Sociodemographic characteristics of the sample 

Variable % n 

N 100 462 

Age a 
42.80 12.80 

Height a 
168.95 9.19 

Weight a 
74.03 15.44 

Sex   
   Female 53.03 245 

   Male 46.97 217 

Education   
   No education 0 0 

   Primary education 0.65 3 
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   Secondary education 8.44 39 

   Pre university education 18.18 84 

   Vocational formation I 12.99 60 

   Vocational formation II 12.77 59 

   University degree 35.50 164 

   Postgraduate 11.47 53 

Household income (monthly)   
   No income 3.46 16 

   less than 500€ 4.76 22 

   500€ - 1,000€ 10.61 49 

   1,000€ - 1,700€ 28.14 130 

   1,700€ - 2,300€ 19.05 88 

   2,300€ - 3,000€ 16.45 76 

   3,000€ - 4,000€ 11.04 51 

   4,000€ - 5,000€ 5.19 24 

   more than 5,000€ 1.30 6 

No. Of household members a 3.06 1.18 

   No. of members under 18 years old 0.76 0.88 

   No. of employed members 1.50 0.81 

   No. of unemployed members 0.73 0.88 

No. of weekly hours of sport a 
3.75 2.89 

Level of interest in healthy nutrition a 
7.98 1,92 

No. of people with any NCD 21.65 100 

a The columns are mean and SD instead of % and n.  

 

The XLM performed substantially better (𝜌2 is among McFadden's recommended values (0.2-0.4) 

(53) and information criteria are lower for the Akaike (AIC) and Bayesian (BIC) information 

criterion). Thus, we decided to estimate the WTP based on the XLM estimation. WTP is higher 

when the personalisation level includes advice from a licensed nutritionist (+16.16€ monthly for 

level 3 personalisation (Table 3), compared with level 2) but only an average additional +1.38€ 

for the highest level of personalisation (gut microbiota analysis) compared with level 3. The 

delivery format is only significant at 10% with a mean WTP of 1.43€ for the digital format compared 

with the non-digital format. The exercise functionality is relatively important with a mean WTP of 

13.59€.  

Table 3. Results from the conditional and mixed logit model + WTP estimation 

  CLM  XLM 

Attr. Levels Coef. SE (P>z)   Coef. SE (P>z)  SD (P>z) 

Person. 

Level 2 0.310 
0.088 

(>0.000)  
 0.491 

0.152 
(0.001)  

1.2133 
(>0.000) 

Level 3 1.202 
0.080 

(>0.000)  
 2.295 

0.164 
(>0.000)  

0.4375 
(0.07) 

Level 4 1.307 
0.094 

(>0.000)  
 2.450 

0.176 
(>0.000)  

1.1288 
(>0.000) 

Delivery Digital 0.046 
0.051 

(0.160)  
 0.160 

0.091 
(0.079)  

1.4117 
(>0.000) 
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Exercise Included 0.831 
0.060 

(>0.000)  
 1.517 

0.116 
(>0.000)  

1.5210 
(>0.000) 

Price (lineal) -0.056 
0.005 

(>0.000)  
 -0.112 

0.010 
(>0.000)  

0.1161 
(>0.000) 

  Pseudo 𝑅2(𝜌2):  0.1794  Pseudo 𝑅2 (𝜌2): 0.2579 

  

L-pseudolikelihood: -
1952.0002  L-pseudolikelihood: -1733.6422 

  AIC: 3916  AIC: 3491.284 

    BIC: 3957.005  BIC: 3573.293 

WTP  
(XLM) 

Levels   WTP (mean) WTP (lower limit) WTP (upper limit) 

Level 2  4.4 € *** 1.87 € 6.92 € 

Level 3  20.56 € *** 17.34 € 23.77 € 

Level 4  21.94 € *** 18.87 € 25.02 € 
Digital 
delivery 

 1.43 € * -0.18 € 3.04 € 

Exercise 
included 

 13.59 € *** 11.11 € 16.06 € 

Attr.: Attributes, WTP: Willingness to pay (compared with the reference level for that attribute), CLM: conditional logit 
model, XLM: mixed logit model, AIC: Akaike information criterion, BIC: Bayesian information criterion, P>z: p-value, SD: 
Between-subject standard deviations (random coefficient) (if p-value<0.05, there is preference heterogeneity). Note: the 
first level of each attribute is constricted to zero and omitted. All variables are dummy coded except for the price variable, 
which was specified as a continuous variable. *: p-value < 0.10, **: p-value < 0.05, ***: p-value < 0.01 (only in ‘mean’ 
but same for all row).  

3.2. Latent class mixed logit  

The 𝑚 = 4 classes LCL model (Table 4) showed the best fit on corrected AIC and BIC (compared 

with 𝐶 = 2,3,4,5.). We also iterated the model's estimation, including and excluding 

sociodemographic variables until we found those that were significant for at least one class at the 

5% level. Regardless of the sociodemographic variables, the AIC and BIC information criteria 

always were lower in the 4 classes model.  

Class 1 has relatively weak but significant preferences for levels 3 and 4 of personalisation, but 

there were no significant differences between those levels (𝑝 = 0.9551). This is the class where 

the digital format is more valued. They have relatively low preference for the physical activity 

training plan. This finding might be associated with the higher levels of education and sedentarism 

in this group than the sample average. They stated they were willing to acquire the selected 

alternatives with a probability of 45%.  

Table 4. Results from the latent class logit + WTP estimation 

 Attr. 
 

Levels 
% of 
population 

Class 1 

16.67%  

Class 2 

32.68% 

Class 3 

21.65% 

Class 4 

29% 

A
lt
e
rn

a
ti
v
e

-s
p
e
c
if
ic

 

c
o
e
ff
ic

ie
n
ts

 

Person. Level 2 0.651 1.027*** 0.640 0.469** 

 Level 3 1.597*** 2.153*** 3.405*** 0.489** 

 Level 4 1.583*** 2.272*** 3.785*** 0.159 

Delivery Digital 1.647*** -0.284** -0.253 -0.763*** 

Exercise Included 0.524*** 2.514*** 0.602*** -0.157 

Price (lineal) -0.068*** -0.083*** -0.027** -0.169*** 

 Characteristics Class 1 Class 2 Class 3 Class 4 
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C
a
s
e
-s

p
e
c
if
ic

 c
o
v
a
ri
a
te

s
 

Income (range 1-7) 0.190 0.128 0.351*** (Reference 

class) Education (years) 0.207** -0.096 -0.100 

Age -0.017 -0.019 -0.047*** 

NCDs (dummy =1 if any) 0.528 0.982** 1.188*** 

Exercise (h. per week) -0.200** 0.049 -0.148*** 

Interest (in healt. nutr. 0-

10) 

0.081 0.280** 0.248*** 

Constant -3.265** -0.464 0.562 

WTP (€) 
Pers. 2 

9.59* 

(-1.20 to 

20.38) 

12.42* 

(5.27 to 19.57) 

2.35 

(-14.17 to 18.56) 

2.78** 

(0.45 to 5.11) 

 
Pers. 3 

23.53*** 

(9.78 to 37.29) 

26.04*** 

(17.40 to 

34.68) 

124.85*** 

(29.55 to 

220.16) 

2.90** 

(0.29 to 5.51) 

 
Pers. 4 

23.32*** 

(11.09 to 

35.56) 

27.49*** 

(19.35 to 

35.63) 

138.78*** 

(40.27 to 

237.28) 

-0.94 

(-1.51 to 3.40) 

 

Deliv. 

Dig. 

24.27*** 

(12.47 to 

36.07) 

-3.43*** 

(-6.72 to -0.15) 

-9.28 

(-24.64 to 6.08) 

-4.53*** 

(-6.15 to -2.90) 

 

Exerc. 

Inc. 

7.72** 

(1.02 to 14.41) 

30.42** 

(24.68 to 

36.17) 

22.09* 

(0.68 to 44.85) 

-0.93 

(-2.72 to -0.85) 

Attr.: Attributes, WTP: Willingness to pay, NCDs: non-communicable diseases *: p-value < 0.10, **: p-value < 0.05, ***: 
p-value < 0.01. Notes: the first section shows the coefficients for the alternative-specific (attributes and levels) 
variables. The first level of each attribute is constricted to zero and omitted. The second section (characteristics) shows 
the coefficients for the case-specific (membership) variables. The case-specific coefficients can be interpreted as 
variables that increase the probability of belonging to one class with respect to the reference class, Class 4 (check 
Table 5 for more perspective). The last section is an estimation of the willingness to pay for each class for each 
alternative-specific variable. The WTP is presented as (WTP mean)/((95% CI)). 

Class 2 has significant preferences for advanced levels of personalisation, but with only a small 

WTP for level 4 over 3 (about 1€). They tend to prefer a physical on-site delivery of the 

personalised nutrition service, and value an integrated physical activity training plan. They have 

the second highest price elasticity of demand which might be due to having the second lowest 

income (Table 5). Class 2 is relatively likely to have an NCD, has the highest a priori interest in 

the service, and the highest level of physical activity. These respondents are willing to pay up to 

27€ (19 – 35€) for the personalisation level 4 (compared to no personalisation) and 30€ for the 

training plan. They were willing to acquire 45% of the chosen options. 

Table 5. Case-specific characteristics by class in the latent class logit 

Class Income Education Age NCDs Exercise Interest 

1 4.04 15.53 41.44 0.16 2.64 7.78 

2 3.72 13.72 43.55 0.27 4.68 8.43 

3 4.21 14.22 39.32 0.27 3.12 8.27 

4 3.51 13.81 45.35 0.15 3.80 7.40 

Total 3.82 14.16 42.81 0.22 3.75 7.99 
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Income (in 9 ranges - see table 2), education (in estimated years of education – assigning a number of years per 
level), NCDs (% of people with one or more non-communicable diseases), exercise (mean hours per week), interest 
(mean from 0 to 10).  

Class 3 is comprised of the individuals with the highest WTP from the personalisation levels 3 

and 4. They were indifferent between the digital and on-site delivery format, while they had a 

moderate preference for the training plan and the most price-inelastic demand. This Class is 

formed of the wealthier people, with lower mean age, the highest prevalence of NCDs, relatively 

sedentary lifestyle and interested in the PN service. The mean willingness to pay for the level 3 

and 4 of personalisation reaches 125 and 139 € respectively. They were the class with the highest 

willingness to acquire the selected options (50%). 

Class 4 (see Table 5) consists, compared with the sample mean, of individuals with lower income, 

older age, fewer NCDs, less interest in PN, and an average level of education and hours of 

exercise per week. The DCE responses show low preference for PN at any level. Class 4 also 

declared the lowest willingness to acquire the selected alternatives (38.52%).  

3.3. Sensitivity analysis  

We conducted a sensitivity analysis to control for the estimated WTPs measured by respondents' 

purchase probabilities. To do this, we separated the consumers in two group. The first group 

contains consumers with higher purchase probability, i.e.: >33%. The second group contains all 

respondents with low purchase probability, <34%. For both groups, we estimated a random 

parameters logit model and their WTP. The results are presented in Table 6. 

The group with a low purchase probability is willing to pay 40% lower than the sample average 

and 50% lower than the high purchase probability group. Thus, the purchase probability indicator 

is able to accurately classify consumers into high and low WTP. 

 

Table 6. Sensitivity analysis WTP results. 

Attribute's level Mean WTP Low pp (% ) High pp (% ) 

Personalisation: Level 2 4.4 € *** 4.57 € *** 5.60€ *** 

Personalisation: Level 3 20.56 € *** 13.90 € *** 26.87 € *** 

Personalisation: Level 4 21.94 € *** 13.81 € *** 31.36 € *** 

Delivery format: Digital 1.43 € * 2.33 € ** 0.50 € 

Exercise routines included 13.59 € *** 8.80 € *** 19.78 € *** 

Low pp: low purchase probability (<33%), High pp: high purchase probability (≥33%), Mean WTP (mean willingness 
to pay from the mixed logit model estimated in this paper).  

4. Discussion 

Our research suggests that the general public has a high degree of interest in personalised 

nutrition.  We estimated WTP of around 20€ on average for what we describe as "level 3" 

personalisation that includes advice from a licensed nutritionist and blood tests, and respondents 

indicate they would pay a further 14€ for a package that includes an exercise program adapted 

to their physical condition. These prices are similar to subscription to apps with such features in 
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the market-place. The preference for support and monitoring by a licenced nutritionist confirms 

previous work (29)(32).  

Previous studies identified "supporters, neutrals, and unsupportive" groups by their ex-ante 

attitude to PN (34,35). Our work goes further in explaining which types of people adopt these 

positions. The latent class model grouped participants into four clusters, and these might 

informally be labelled "tech-savvy neutrals", "sport-focused", "PN supporters", and 

"unsupportive".  

The tech-savvy neutrals (Class 1) were characterised by people with a higher education level, 

sedentary lifestyle, and strong preferences for the digital format, but a relatively low utility 

coefficient for level 3 or 4 PN and relatively low WTP. This group might opt for a cheap and 

versatile digital version of a basic nutrition service, but do not seem interested in a high level of 

PN.  

The sport-focused class (Class 2) were more interested in the physical activity plan than in PN 

per-se and preferred the on-site format. This group is characterised by the highest number of 

weekly sports hours (+1 hour than the population average). This group showed the highest a priori 

interest in healthy nutrition and preference for the highest level of PN (as shown by the utility 

coefficient or part-worth) but their stated average WTP for the highest level (27€) would probably 

not cover the production cost of such a service.  

Personalised nutrition supporters (Class 3) consist of people mainly interested in PN regardless 

of the other functionalities, exhibit the highest WTP, 138€ on average for the highest level of PN. 

This group was wealthier and younger than average, and with more pre-existing NCDs.  

The "unsupportive" class (Class 4) showed little interest in any type of PN and extremely low 

WTP. The literature draws attention to out-of-pocket cost as a factor in non-support (30,37). This 

study adds important nuance to these findings.  Our study finds that this group has the lowest 

income and lowest prevalence of NCDs, as well as high levels of existing physical activity. Hence 

it is likely that these individuals do not perceive any need for further motivation, as well as lacking 

the disposable income to pay for it. 

Previous literature found that health improvement and disease prevention are strong motivators 

for adopting personalised interventions (29) (30). We found that supporters (class 3) have higher 

NCD rates, as well as higher income. The union of these factors might make this group important 

target consumers for any commercial firm that might be considering developing this service. 

Consumers in class 2 also have relatively high NCD rates, but lower income. These consumers 

show preference for PN but not high WTP.  Further research might investigate whether this group 

might adopt and benefit from PN if it were offered as a subsidised service. 

4.1 Limitations 
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Our results are based on respondents from Spain, and further research might investigate whether 

the relationship between preferences and respondent's characteristics might be generalisable to 

other similar countries. 

Previous studies have highlighted the role of data privacy (26,27,29,32,33,36), though we did not 

examine these issues as trade-offs in the DCE. Studies show that consumers in general may 

state that they are concerned about data privacy, but in many cases fail to act accordingly to 

protect their own data, tending instead to prefer the immediate benefits and convenience of online 

apps ('privacy paradox') (54). PN apps collect and store individual data related to health, raising 

additional ethical concerns that we are unable to cover here.  

In this study we did not offer respondents an 'opt-out' option. Prior studies found that US 

households were willing to pay between 4$ and 6$ per month in telehealth (55), while our study 

estimates a greater value. When we set WTP for those who gave a low probability of making a 

purchase, WTP reduces, indicating that the purchase probability variable is highly correlated with 

the WTP. Consequently, those consumers captured by the low purchase probability analysis are 

likely to opt-out, and interventions that aim to include this group should consider low prices.  

Our study has examined consumer preference for the attributes of a hypothetical PN service, but 

has not examined why consumers would want to adopt it. Health promotion is only one reason 

and it is likely that diverse motives are at play, including cultural and peer-group factors, body 

appearance, auto-esteem, and so on. Likewise, an app is simply a tool and its effectiveness will 

depend on how it is deployed. Any proposed intervention built around an app should be formally 

evaluated, preferably in the context of a randomised controlled study.  

5. Conclusions 

The discrete choice experiment we have conducted has shown that there may be a private market 

for high levels of personalised nutrition among about a fifth of consumers (Class 3), and there 

may be interest in adopting high levels of personalised nutrition in a further one-third of adults if 

the price were low enough (Class 2). Class 1 (17% of adults) perceive some value in the advice 

of a professional nutritionist, but not in very intensive levels of testing. There is not much interest 

in personalised nutrition interventions among the remaining adults. Of relevance for public health 

decision-makers, this means that just over half of adults currently perceive some individual benefit 

in a high level of PN, which may justify some degree of public subsidy in investment and delivery 

of such a service.  Further work might investigate whether these groups might be encouraged 

with appropriate information, or alternatively, do not require or need such a service. 
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Supplementary material 

Section A. Literature review search terms 

Search terms in Pubmed: ((personalised nutrition) OR (personalized nutrition)) AND ((health) 

OR (Mobile Health) OR (eHealth)) AND ((willingness to pay) OR (discrete choice experiment)) 

AND (disease prevention) 

Search terms in Scopus: ( ( personalised  AND nutrition )  OR  ( personalized  AND nutrition ) 

)  AND  ( ( health )  OR  ( mobile  AND health )  OR  ( ehealth ) )  AND  ( ( willingness  AND to  

AND pay )  OR  ( discrete  AND choice  AND experiment ) )  AND  ( disease  AND prevention )  

AND  ( LIMIT-TO ( DOCTYPE ,  "ar" ) )  AND  ( LIMIT-TO ( SUBJAREA ,  "MEDI" )  OR  LIMIT-

TO ( SUBJAREA ,  "ECON" ) )   

Fig. 2. Flow chart for the results of the literature review 
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Table 7. Summary of findings of articles related to personalised nutrition  
Ref. Population Intervention Control Type of study Brief summary of 

findings 

(1) Spanish adults 
(general 
population) 

Yogourth with 
nutritional claims 

- Discrete Choice 
Experiment 

Three population 
subgroups: one 
focused on health 
and nutrition, one 
focused only on 
health, and one 
indifferent to health 
and nutrition.  

(2) Dutch adults with 
diabetes mellitus 
type 2 

Lifestyle 
intervention 
program with 5 
attributes (food, 
exercise, 
monitoring, 
outcomes, and 
price) 

- Discrete Choice 
Experiment 

The potential 
participation rate of 
chronic patients in a 
lifestyle intervention 
ranges between 50 
and 60%. 
 

(3) Representative 
sample from nine 
European 
countries 

Food selection 
depending on nine 
factors. 

- Survey study: 
Food Choice 
Questionnaire 

Out-of-pocket costs 
might determine the 
attitude towards PN. 

(4) Dutch adults with 
diabetes mellitus 
type 2 or 
cardiovascular 
disease 

Incentives for 
achieving the 
goals of a lifestyle 
intervention 

- Discrete Choice 
Experiment 

Patients are willing 
to accept a financial 
incentive only if they 
accomplish the 
intervention. 

(5) Sample from the 
panel of the dutch 
federation of 
patients and 
consumer 
organizations 

Personal health 
records use 

- Discrete Choice 
Experiment 

Three groups 
depending on their 
attitude towards 
personal health 
records (supporters, 
neutrals, and 
unsupportive). 

(6) Data from the 
2008 HealthStyles 
survey of the US 

Local and state 
policies promoting 
fruit and vegetable 
consume 

- Qualitative survey The majority of 
consumers support 
the policies.  
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(7) US adults who 
completed a 24-
week behaviour 
weight loss plan 

Telehealth weight 
manteinance 
programme 

Tradition
al weight 
manteina
nce 
program
me / No 
program
me 

Quasi-
experimental study 

Users rate the 
experience using a 
telehealth 
programme as 
positive and 
convenient. 
Telehealth 
programmes are 
effective in achieving 
an enhancement of 
the user's health. 

(8) Overweight or 
obese cohort of 
patients with 
diabetes and 
cardiovascular 
risk 

Online diabetes 
prevention 
programme 

Usual 
care 

Markov model 
(cost-effectiveness 
study) 

The online diabetes 
prevention 
programme might be 
cost-effective 
solution 

(9) People with body 
mass index higher 
than 25 kg/m2. 

Diet and physical 
activity 
prescription 
algorithm via 
mobile app (12 
weeks) 

- Quasi-
experimental 
design 

Body weight 
decreased and other 
measures improved.  

(10) Representative 
sample from 
French Canadian 
population 

Attitudes and 
perceptions 
towards 
nutrigenetics. 

- Qualitative survey Consumers are 
interested in the 
extensive use of 
nutrigenetics but 
there are concerns 
about data privacy. 

(11) General public 
from the United 
Kingdom 

Attitudes towards 
individual 
responsibility and 
lifestyle 
intervention 

- Qualitative survey There is the general 
believe that people 
have a duty to look 
after their own 
health. 

(12) Representative 
sample from 9 
european 
countries 

Determinants of 
adoption of 
personalised 
nutrition 

- Qualitative survey The attitudes 
towards 
personalised 
nutrition are mainly 
driven by the 
expected outcome. 

(13) Representative 
sample from 9 
european 
countries 

Evidence 
collection from the 
Food4Me project 

- Qualitative and 
quantitative survey 

The perceived 
benefit increased the 
intention to undergo 
a personalised 
nutrition intervention.  

(14) Two focus groups 
in different regions 
of the UK 

Attitudes and 
perceptions 
towards 
personalised 
nutrition 

- Qualitative results 
from discussions 

Monitoring and 
coaching increase 
the probabilities that 
the intervention is 
effective. Paying for 
the personalised 
nutrition  intervention 
is an indicator of the 
willingness to 
undergo it. 

(15) Representative 
population from 9 
European 
countries 

WTP towards a 
personalised 
nutrition 
intervention 

- Contingent 
valuation WTP 
study 

In Europe, one third 
of the population is 
willing to pay for 
personalised 
nutrition (price found 
to be around €30-40) 

(16) Adults from 
Malaysia (50% 
patients and 50% 
healthcare 
providers) 

Prediction of 
willingness to 
adopt 
nutrigenomics 

- Quantitative and 
qualitative results 
from survey 
instrument 

The benefits / risk 
balance is an 
essential element in 
the decision towards 
the support or 
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rejection of 
nutrigenomics.  

(17) Nutritionists from 
the College of 
Nutritionists and 
Dietitians of 
Puerto Rico 

Strategies for 
promotion of 
behavioural 
change in nutrition 

- Qualitative survey 
(open-ended 
questions) 

A personalised 
orientation is 
important for the 
dietary intervention 
to be effective. 

(18) Representative 
sample from the 
US average 
household 

Willingness to pay 
for telehealth 
services 

- Discrete Choice 
Experiment 

The mean US 
household was 
willing to pay 5$ for 
accessing online 
health services. The 
mean price 
increased slightly for 
households with 
higher oportunitu 
costs for the 
telehealth 
programme. 

 

 

 

 

 

 

 

 

 

 

 

Section B. Design details 

First pilot test 

In the Google Play store, we searched for key terms in Spanish such as nutrition (nutrición), diet 

(dieta), personalised nutrition (nutrición personalizada), and nutritional recommendations 

(recomendaciones nutricionales). By default, search results sort applications by user rating and 

number of downloads, so we downloaded the apps in the list in order and examined them one 

by one. After downloading an app, we signed up with a new user, checked if the app had 

different versions, took note of the price, and visited the webpage (if features were not clearly 

explained in the app) to examine all the functionalities offered in the app. Many of the apps we 

reviewed were exact copies of apps we had already reviewed but branded under a different 

name. When we detected this issue, we deleted the app and downloaded the next one in the 

list. After 5 downloads with no new results (due to copied applications or applications with 
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virtually the same functionalities as above), we changed the key term. When we used all the key 

terms above, we considered achieved saturation. Thus, we found 9 different apps (15 different 

versions and up to 20 different functionalities) whose names are listed in Table B1. 

Table 8. List of reviewed apps. 

App name Version Price Description 

Nootric 
(https://www.nootric.es/) 

V.1. 0 €/month 
Weekly menus and limited 
recipes 

V.2. 9.99 €/month 
Unlimited menus and recipes + 
nutritionist follow-up 

V.3. 23 €/month 
Unlimited menus and recipes + 
nutritionist follow-up + diet 
personalisation 

Fitia 
(https://www.fitiaapp.com/) 

- 7 €/month 

Personalisation based on age, 
weight, height, sporting habits + 
shopping list functionality + 
virtual follow-up 

Yazio 
(https://www.yazio.com/) 

V.1 0 €/month 
Personalisation based on age, 
height, weight and goal of the 
diet 

V.2. 3 €/month 

Personalisation based on age, 
height, weight and goal of the 
diet + nutritional plan and fast 
planning + compatible with 
smart bands and smartwatches 

Lifesum 
(https://lifesum.com/) 

V.1. 0 €/month  
Personalisation based on age, 
height, weight, food diary  

V.2. 8 €/month 
Personalisation based on age, 
height, weight, food diary + 
menus and recipes 

FitMenCook 
(https://fitmencook.com/) 

- 0 €/month Recipes 

MyFitnessPal 
(https://www.myfitnesspal.com/) 

V.1. 0 €/month 
Calorie meter with a daily goal 
of personalised macronutrients 
share 

V.2. 9.99 €/month 

Calorie meter with a daily goal 
of personalised macronutrients 
share + nutrients panel + food 
analysis + daily sport goals 

LooseIt! 

V.1. 0 €/month 
Personalised weight loss plan, 
sync health apps and 
community support 

V.2. 3.33 €/month 

Personalised weight loss plan, 
sync health apps and 
community support + advanced 
tracking, meal and exercise 
planning, patterns and 
celebrations. 

MyNetDiary 
(https://www.mynetdiary.com/) 

- 8.28 €/month 
Diet planning, food logging, 
exercise tracking, weight 
tracking 

DietPoint 
(http://www.dietpointed.com/) 

- 15 €/month 
Personalised diet based on 
weight, age, height and goals. 

With the information in the right column of Table 8 and the attributes and levels extracted from 

Fischer et al (15) (personalisation levels), we created an extensive list of functionalities. The 

functionalities were deleted if they were duplicated, reformulated if they were overlapping, and 
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grouped according to their nature. Some of the functionalities were not used to create the 

attributes (compatibility with smart bands and smartwatches - it required a second party device, 

shopping list functionality – we wanted to keep the number of attributes as small as possible 

and we thought this was less relevant). Thus, we created the first classification with 5 attributes 

(the groups) and their levels (the functionalities) (Table 8).  

Table 9. Attributes and levels specification in the first pretest 

Attribute Levels 

Personalisation level 
(amount of information 
collected to generate the 
tailored diet) 

Level 1 Body size 

Level 2 + suggestions for allergies / intolerances or other diets 

Level 3 + daily caloric intake values 

Level 4 + gut microbiota analysis 

Follow-up (diet compliance 
monitoring) 

Yes Monthly follow-up by a nutritionist 

No No follow-up 

Training plan 
(personalised based on the 
data of the user) 

Yes Daily training plan based on the data of the user 

No No training plan 

Recipes video-tutorials 
(to facilitate compliance 
with the diet) 

Yes Step-by-step videos cooking the recipes in your diet 

No No video-tutorials 

Price (monthly amount) 

10 € 10 € / month 

20 € 20 € / month 

30 € 30 € / month 

40 € 40 € / month 

The "personalisation level" attribute was identified from literature (Fischer et al. (15)) and 

"follow-up", "training plan" and "recipes" were identified from the apps review. The price attribute 

arises from a combination of the prices of the reviewed apps (up to 23€/month) and Fischer et 

al. (15) (30€/month).  

We did not include a price of 0€/month because we only consider scenarios in which the costs 

of the service are covered without considering third party factors such as advertising or free 

trials, which we could not satisfactorily include in our DCE.  

We included a fourth level of 40€/month, which seemed reasonable to our clinical colleagues.  

With the above attributes and levels selection, we created a 42x23 optimal design (19) with 16 

choice sets per respondent. We presented the design to an N=40 convenience sample via an 

online survey.  

Second pilot test 

With the pilot test results, we collected feedback from respondents and attended a Health 

Economics forum. Respondents' opinions led us to reduce the number of choice sets that each 

respondent answered, separating the experimental design into two blocks. In the Health 

Economics forum, some colleagues pointed out that we should include a "delivery format" 
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attribute (on-site or digital) and a "supplements" attribute (to include them or not in the diet). 

Besides, the "personalisation" attribute was reformulated with the help of a nutritionist working in 

the Stance4Health project. Finally, we decided to remove the "recipes" attribute due to its low 

part-worth in the pilot test. Once the changes were made, we got the attributes and levels 

selection in Table 10. 

Table 10. Second selection of attributes and levels.  

Attribute Levels 

Personalisation level 
(amount of information 
collected to generate the 
tailored diet) 

Level 1 Healthy suggestions and nutritional education 

Level 2 
Personalised diet based on age, weight, and 

height. 

Level 3 
Personalised diet based on age, weight, height, 

sports habits, and blood test. 

Level 4 

Personalised diet based on age, weight, height, 

sports habits, blood test, and gut microbiota 

analysis.  

Delivery format (of 
service provision) 

On-site Service provided in a physical place 

Digital Service provided via mobile phone and webpage 

Follow-up (diet 
compliance monitoring) 

Yes Monthly follow-up by a nutritionist 

No No follow-up 

Training plan 
(personalised based on 
the data of the user) 

Yes Daily training plan based on the data of the user 

No No training plan 

Supplements (like 
vitamins or minerals) 

Yes 
The service recommends supplements if a lack is 

detected 

No No supplements 

Price (monthly amount) 

10 € 10 € / month 

20 € 20 € / month 

30 € 30 € / month 

40 € 40 € / month 

 

With the attributes and levels selection in Table 10 we created a new 42x24 design and 

conducted another online survey on a N=52 sample of the Spanish population (population-

representative respondent panel). Analysing the results, we notice that respondents showed a 

notable lack of engagement with the DCE task for several reasons: 1) the lack of significance in 

the statistical analysis of the preferences, 2) the short time the respondents spent responding to 

the questionnaire (mean of 9.13 minutes vs. minimum 15 minutes we estimated it would take to 

read the instructions and answer the questions), and 3) 48% of respondents failed the validation 

question (an additional choice set with a dominant alternative). To solve it, we introduced the 

changes mentioned in the main text.  

Warm-up question 

The training question had a dominant option (option A) revealed to the respondent if they selected 

option B. The respondents were warned that the following questions will not have a dominant 
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option. (Icons made by "Freepik", "turkkub", "Smashicons" and "Good Ware" from 

www.flaticon.com). 

Fig. 3. Warm-up question 

 

Introductory text 

INTRODUCTION: Dear respondent, you are about to answer a questionnaire that will contribute 

to academic research on personalised nutrition. Your data will not be used for commercial 

purposes, and your answers are completely anonymous. Please answer truthfully, otherwise 

these results will be useless.  

INSTRUCTIONS: Introductory text: A balanced diet adapted to our body is necessary to reduce 

the chances of developing a chronic disease. Recently, it has been discovered that, as well as 

other characteristics, the intestinal microbiota (the group of bacteria that inhabit the human 

intestine) functions as a mediator between the food we eat and our metabolism. Thus, a 

personalised diet based on user's characteristics (such as gut microbiota) is very beneficial in 

improving health and making nutritional intake much healthier, and the more our diet is based 

on our body's parameters, the healthier it will be. How to respond to this survey: You will be 

presented with 9 scenarios in which there will be an option A and an option B. Each option is a 

different personalised nutrition service (with different characteristics). In each scenario, you will 

decide between A and B.  

Each of these options A and B has 4 different characteristics: 1) Personalisation level: there are 

4 levels and the higher the level, the more personalised the diet. 2) Delivery format: the service 

can be provided in a physical location or through digital media (mobile application and website). 

3) Sports routines: the service can contain sports routines adapted to your needs or not. 4) 

Price: the service can cost 10, 20, 30, or 40 euros per month.  

http://www.flaticon.com/


27 
 

Section C. Models details 

Conditional Logit Model 

Since we are coding each attribute level as a dummy variable and constraining one of the levels 

to zero (as the base level), the coefficients can be interpreted as the marginal utility over the 

constrained level. Following the probability function of the logit model, the probability that an 

individual 𝑛 choose the alternative 𝑖 is given by Pr(𝑦𝑛𝑖 = 1) =
exp(𝑋𝑖𝛽)

∑ exp(𝑋𝑗𝛽)
𝐽
𝑗=1

. and the likelihood 

function can be expressed as 𝐿 = ∏ ∏ Pr(𝑦𝑛𝑖 = 1)𝑑𝑛𝑗  𝐽
𝑗=1

𝑁
𝑛=1 (where 𝑑𝑛𝑖 is 1 if 𝑖 = 𝑗 and 0 

otherwise). We computed this model using the command -clogit- in STATA and specifying the 

option 'vce (cluster 𝑖)' which relaxes the assumption of independence in the answers of the same 

respondent (because in our data we have eight observations per respondent). 

Mixed Mogit Model / Random Parameters Logit Model 

In the XLM, the probability of election of one alternative over the rest is given by Pr(𝑦𝑛𝑖 = 1) =

∫ (
exp(𝛽𝑋𝑛𝑖)

∑ 〖exp(𝛽𝑋𝑛𝑗〗)
𝐽
𝑗=1

) 𝑓(𝛽)𝑑𝛽, where 𝑓(𝛽) is a density function that we have to specify. In our case, 

we specified a normal distribution using the command -mixlogit-25 in Stata, which performs a 

simulation once the distribution is known. The probability is given, then, by the following 

expression: Pr(𝑦𝑛𝑖 = 1) = ∫ (
exp(𝛽𝑋𝑛𝑖)

∑ exp (𝛽𝑋𝑛𝑗
𝐽
𝑗=1 )

) 𝑓(𝛽|𝜇, 𝜎)𝑑𝛽. The simulation consisted of obtaining 𝛽 

from random values of 𝜇 and 𝜎, and repeating this process 𝑅 times, getting 𝛽1, 𝛽2 … 𝛽𝑅 values of 

beta that can be introduced in the logit formula and average those 𝑅 simulated probabilities. Then, 

we can introduce the simulated probabilities into the simulated log-likelihood function: 𝑆𝐿𝐿 =

∑ ∑ 𝑑𝑖𝑗 ln 𝑃𝑖�̂�
𝐽
𝑗=1

𝐼
𝑖=1 . 

Price as a lineal variable 

We assumed that the price variable was linear with respect to the selection probability of the 

respondent. To test it, we followed the next approach:  

• We estimated the conditional logit model specifying the price variables as categorical 

variables.  

• We used the nlcom command in Stata to test the relationship between the coefficients of 

the price variable specified as categorical.  

• We made two estimations:  

o Difference between the 30€ coefficient and the 20€ coefficient. 

o Difference between the 40€ coefficient and the 30€ coefficient.  

o The difference between the 20€ coefficient and the 10€ coefficient was the 20€ 

coefficient. 

• Given these figures, we only needed to test if they were different from eachother 

Table 15. Analysis of the linearity of the price variable 
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Differences 𝛽20€−10€ 𝛽30€−20€ 𝛽40€−30€ 

𝛽20€−10€  0.1277 (p-val.: 

0.174) 

0.1008 (p-val.: 

0.216) 

𝛽30€−20€   0.0269 (p-val.: 

0.731) 

𝛽40€−30€    

Given that there are no significant differences in the "gap" between the categorical price 

coefficients, we keep our linearity assumption.  

D-efficient designs 

The module -dcreate- in Stata (developed by Arne R. Hole) uses a modification of the Fedorov 

algorithm, adapted by Zwerina et al. (20) from Kuhfeld et al (21)  to meet the requirements in 

Huber and Zwerina (22): a) level balance, b) orthogonality, c) minimal level overlap, and d) utility 

balance. The Fedorov (modified) algorithm is a computer-based process that switches and 

compares attributes and levels simultaneously until it maximises the determinant of the inverse 

of the variance-covariance matrix resulting in greater accuracy of the β estimators (20). Good 

design principles are approximated through this procedure but probably never reached because 

it is impossible for most combinations. This process, compared with the optimal designs (which 

only need to meet two requirements: orthogonality and level balance (23)), requires the "prior" 

coefficients of the future CLM to balance the utility among options in the same choice set. In other 

projects, the researchers generated the priors intuitively or set them to zero, but in our case, we 

based them on the pilot experiments' results. 

Section D. Sample details 

We estimated the personal income from each income range as  being  the upper and  the lowest 

values in the range, and the total number of members in the house. The same comparison was 

made with the education ranges. The poor representation of the income of people with only 

primary education is due to the low number of respondents with primary education (only 3). 

Table 16. Age and personal income: INE vs sample 

Age INE Sample 

16-29      10,156.00 €  9,855.89 € 

30-44      11,397.00 €  11,994.34 € 

45-64      12,550.00 €  12,598.70 € 

65      12,758.00 €  13,339.38 € 

*Income in net yearly euros  

 

Table 17. Education and personal income. INE vs sample 

Education level INE Sample 

Primary education 9,466.00 € 3,404.01 € 

Secondary education (I) 9,534.00 € 8,298.53 € 

Secondary education (II) 11,344.00 € 10,937.40 € 

Superior education 16,103.00 € 14,480.39 € 

*Income in net yearly euros  
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Regarding the educational level, we can confirm that our sample contains less low-educated 

people and more high-educated people than the national average. 

 

  
Table 18. Education level in the sample vs. national level 

Education Sample 

(%) 

INE (national 

statistics) 

(%) 

   No education 0 

38.7    Primary education 0.65 

   Secondary education 8.44 

   Pre university education 18.18 

22.75    Vocational formation I 12.99 

   Vocational formation II 12.77 

   University degree 35.5 
38.55 

   Postgraduate 11.47 
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