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Abstract 

The aim of this study was to investigate whether social media influence young adults’ food 

choices through social modelling. Before the main study, a pilot was conducted to improve 

and develop scales for measuring the influence of social modelling, as well as some control 

variables. In the main study, 354 young adult participants (ages 18-35) were recruited 

through social media and completed an online questionnaire. They were randomly assigned 

to a modelling or control condition by choosing one of two colors and were then either 

exposed to a series of Instagram screenshots depicting modelling of eating behaviour 

(modelling condition) or Instagram screenshots depicting the same meal on its own (control 

condition). The participants were then asked about their attitudes, perception of healthiness 

and likelihood of consumption of the meal presented. The degree to which participants use 

social media to make food-related decisions and their interest in the healthiness of their food 

were used as control variables. Results showed that there was no significant difference 

between attitudes, consumption, or health perception in the two conditions. Limitations of the 

study and their possible influence on the results are discussed, as are suggestions for future 

research. 
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Modelling on Social Media: 

Influencing Young Adults’ Food Choices 

 

Food is part of our daily lives, not only as a health determinant but also as a social 

activity and reflection of cultural identity. It is therefore not surprising that food-related posts 

have a strong presence on social media and 49% of U.S. consumers learn about food through 

online social networks (Hartman Research Group, 2012). Social media usage has increased 

remarkably in the last few years (Pew Research Center, 2016); while only about 5% of 

Americans were using social media in 2005, today 69% are active on at least one social 

media platform. Parallel to this spread of social media, overweight and obesity have 

continued increasing as well (World Health Organization [WHO], 2016). The root of many 

premature deaths caused by noncommunicable diseases (cardiovascular diseases, cancer, 

diabetes and more) can be found at least partially in an unhealthy diet (WHO, 2017). More 

than 1.9 billion adults are overweight, and more than one third of them are obese (WHO, 

2016), even though these two conditions have been deemed preventable often by better food 

choices (WHO, 2017).  

As social media constitute a platform in which food maintains a substantial presence, 

they could become an effective tool in tackling the global overweight epidemic. An 

understanding of how food-related posts could potentially influence peoples’ perception of 

food and consequently their food choices could play a major role in these interventions. The 

purpose of this study was to investigate whether social media influence young adults’ food 

choices. In the following literature review, food-related content on various social media 

platforms is discussed. Next, findings of social modelling studies related to eating behaviour 

are summarised. Finally, the present study is discussed in more detail. 

Food Depiction on Social Media 

  One-third of young adults use Pinterest (Pew Research Center, 2016, Ahalogy, 2016), 

a social media platform that contains a bounty of food- and diet-related posts. The category 

‘Food & Drink’ is the second most popular category among active and daily pinterest users. 

Furthermore, the percentage of “pinners” for whom Pinterest is the go-to source for ‘Food & 

Drink’ is between 42% and 53%, while 84% of daily pinners stated they try something new 

that they have seen on Pinterest at least once a week (Ahalogy, 2016). In other words, the 

kind of foods and recipe ideas Pinterest users are exposed to influence their daily food 

choices directly. Furthermore, users choose Pinterest to be their source of dietary inspiration.  
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  Instagram, a platform used by approximately half of all U.S. young adults (ages 18-

29) (Pew Research Center, 2016), also consists of a substantial amount of food and drink 

content (Hu, Manikonda, & Kambhampati, 2014). Mejova, Abbar, and Haddadi (2016) 

examined 10 million Instagram posts tagged with the term #foodporn, a popular hashtag used 

to present glamourous, appetising food and cross-examined the content with the geolocation 

tag of the post which reveals the country in which it was posted. The researchers found that 

sugary desserts, particularly chocolate, dominated over all other foods across most of the 72 

countries in their database. However, the authors found that healthy posts were more socially 

approved, in the form of followers, likes, and comments. Another study on Instagram found 

that Swedish adolescents’ food posts contain a large number (67.7%) of calorie-rich and 

nutrient-poor foods (Holmberg, Chaplin, Hillman, & Berg, 2016. Many of these foods were 

found to be related to specific brands, e.g. Starbucks, Coca-Cola, and Ben & Jerry's. They 

found that fruits and vegetables were present in only 21.8% of all images.  

   Evidently, food is prominent on social media, and users seek out food inspiration as 

well as share their own food choices. Content analyses show mixed results on the approval of 

healthy versus unhealthy foods. While certain studies found calorie-dense foods to be more 

popular in terms of social media approval (Mejova et al., 2016; Holmberg et al., 2016), others 

found that healthful (moderate calorific content) foods were approved more (Sharma, & De 

Choudhury, 2015; Mejova et al., 2016). What these studies do have in common is the finding 

that most posts include unhealthy foods. However, there does not seem to be a consensus as 

to what qualifies as unhealthy or healthy food. Mejova et al. (2016) classified foods posts 

uploaded from fast food restaurants as unhealthy and those uploaded from local business as 

healthy. Parameters that influence their healthfulness of these foods, such as the fiber, fat and 

sugar content, are unclear in both the fast food and slow food categories. Sharma and De 

Choudhury (2015) claimed 89% accuracy of their calorie predictions using crowdsourced 

verification, but Rich, Haddadi and Hospedales (2016) found certain posts that were greatly 

underestimated regarding calorie content.   

  In other words, it is not entirely clear what the nutritional quality of food sought out, 

posted, and approved of on social media is. Overall, Pinterest users find and accept dietary 

‘advice’ from this social media platform (Ahalogy, 2016); in other words, actively consume 

food-related information. Social media sites are therefore a very appropriate platform for 

diet-related interventions to take place, as many active users look for that kind of information 

there and have reported using cooking and food related tips and suggestions.  
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Social Media Influence on Young Adult Diet 

  A recent study found that young adults are aware that food-related posts on social 

media influence their appetite and their food choices (Vaterlaus, Patten, Roche, & Young, 

2015). This focus group and interview study investigated young adults’ perceptions of social 

media influence on their health behaviours, specifically diet and physical exercise. The 

participants believed that social media act as platforms to exchange information about food. 

Friends’ food-related posts on social media were perceived as influential on the participants: 

they want to prepare the food depicted, but also think they want to eat when they are not in 

fact hungry. Other participants stated that they had to actively restrain themselves from being 

influenced by the food pictures on social media. 

   The study by Vaterlaus et al. (2015) investigated young adults’ perceived influence 

that exposure to social media food posts has on their diets, but no experimental studies have 

tried to tap into any direct or indirect effects caused by such exposure. One psychological 

phenomenon that could potentially play a role in the relationship between exposure to food 

images and influence on eating behaviour is that of social modelling. It has been observed 

that the quantity consumed by those around us, as well as other food choices they make, 

influence our eating behaviour. This effect could potentially be present on social media. 

Perhaps the depiction of a person about to consume a meal, which is a common set-up in 

social media posts (as seen in a quarter of adolescent Instagram posts analysed by Holmberg 

et al. 2016), could potentially produce a social modelling effect on the viewer. 

Social Modelling and Eating Behaviour 

Social modelling is an influential determinant of how much people eat, considering 

that eating often occurs in social contexts where other peoples’ food consumption is apparent. 

A recent literature review found that 64 out of 69 studies included showed statistically 

significant effects of social modelling on eating behaviour (Cruwys, Bevelander, & Hermans, 

2015). Furthermore, it appears that these effects have been found regardless of body-weight 

(Conger, Conger, Costanzo, Wright, & Matter, 1980; Nisbett & Storms, 1974) hunger levels 

(Goldman, Herman, & Polivy, 1991; Herman, Roth, & Polivy 2003) or whether or not the 

participants were dieting (Roth, Herman, Polivy, & Pliner, 2001; Leone, Pliner, & Herman, 

2007). 

In the original food modelling study, Nisbett and Storms (1974) showed that young 

men ate more when their eating companion ate many crackers and less when the companion 
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ate few crackers, as opposed to when eating alone. This study was one of the first 

demonstrations of a social modelling effect on eating behaviour and was followed by several 

studies investigating under which circumstances modelling occurs. Following Nisbett and 

Storms (1974) experimental study, the design paradigm remained such that the food 

intake/food choice of the model (confederate) is predetermined by the researcher, and the 

amount eaten by the randomly assigned participants is the measurement of the modelling 

influence. 

 

Remote Confederate Studies 

  Recent studies have shown that social modelling of eating behaviour can occur even 

when the model is not physically present (Roth et al. 2001; Pliner & Mann, 2004; Feeney, 

Polivy, Pliner, & Sullivan, 2011; Bevelander, Anschütz, & Engels, 2012, Hermans, Salvy, 

Larsen, & Engels, 2012). This experiment design is known as the ‘remote-confederate’ 

paradigm, in which the model is not present, and participants are either shown written 

information about how much the model (known to them often as a previous participant) ate, 

or are exposed to modelling digitally. 

 In the original remote confederate study (Roth et al., 2001), 134 women witnessed the 

eating behaviour of ten fictional participants whose consumption was noted on a list visible to 

the participants. The female participants were exposed to a list of eaters who had either eaten 

many or few cookies or were not exposed to any eaters at all. The participants who were 

exposed to a high cookie norm ate significantly more than those in the low norm and control 

condition. There was no significant difference in the quantity of cookies participants ate 

between the low norm and control conditions. Another modelling study with a similar design 

(Pliner, & Mann, 2004 S1) found the same effect: participants exposed to models who ate a 

large number of cookies ate more than participants in the few cookie condition or the control 

condition. However, this effect only took place in the condition where the food was 

‘palatable’ (creamy cookie), but not when the food was ‘unpalatable’ (healthy cookie). In the 

case of the unpalatable cookie, participants ate small amounts regardless of the model.  

  This type of remote confederate study was again conducted by Feeney, Polivy, Pliner, 

and Sullivan (2011) who directly compared whether remote confederates would produce 

modelling effects equal to those of live confederates. The researchers compared one live 

confederate to 10 remote ones in a low food quantity condition and found that participants 
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were equally influenced by both types of modelling. The quantity of food eaten by the 

participants was significantly lower in both modelling conditions than it was in the control 

condition.  

  A recent food-choice modelling study used digital means, where a fictitious remote 

confederate modelled food preferences through a computer (Bevelander, Anschutz, & Engels, 

2012). The participants, a sample of 316 Dutch children, were instructed to play a game on 

the computer, in which they made food choices between different pairs of foods based on 

their personal preference while seeing the fictitious participant’s choice. Results showed 

when children were exposed to a model who chose foods unfamiliar to them they were more 

likely to also chose that food compared to when they were exposed to a model eating familiar 

food or were in the control condition.  

  Whether through a list of names or a model as seen in a video it seems that remote 

confederate modelling has had a considerable influence on the eating behaviour of both adult 

and child participants. However, not all studies have found remote confederates to be 

effective models. Hermans et al. (2012, S1) examined whether participants were more likely 

to consume M&Ms when a video showed a remote confederate eating wine-gums compared 

to if the confederate ate nothing at all, but found no difference between the two conditions. 

They followed-up with a second experiment (Hermans et al., 2012, S2) in which participants 

were given the same snack as the model in the video, and the participants were placed in a 

high-norm, low-norm or control condition (no model). There was no significant difference 

between the amounts eaten by participants in the different conditions.  

  It appears that there is overall significant support for remote-confederate modelling. 

Viewing eating behaviour through social media could be considered as a form of remote-

confederate modelling. Our eating behaviour could be influenced by social media posts in 

which our friends, or celebrities we “follow”, are eating. A first step of testing social 

modelling in digital environments has been made by Bevelander et al. (2012), however, the 

authors created a unique digital environment for their study. Up to date, there are no studies 

examining social modelling using an existing digital platform such as Facebook or Instagram 

that participants would be familiar with and likely use in their daily lives. 
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Food Choice 

  Eating healthily is not only defined by the portion size eaten; the number of calories, 

fat, and micronutrients are also important determinants of a meal’s healthiness. Today a large 

percentage of the population makes poor decisions when choosing what to eat, with poor 

nutrition being a cause of the most common health problems in the United States (American 

Dietetic Association, 2014). While many modelling studies investigate effects on the quantity 

of food consumed by participants, less is known about how modelling might influence food 

choices. Certain studies have found a significant effect of modelling influence on 

participants’ food choice. One study found that when participants were lead to believe that 

previous consumers chose the healthy cookie they were more likely to also chose the healthy 

cookie than the unhealthy cookie (Prinsen, de Ridder, & de Vet, 2013, S3). Another study 

found that women tended to make healthy food choices more often when they believed that 

others had made such choices (Burger et al. 2010, S1 and S2). Finally, a recent field 

experiment reported an influence of descriptive norms on students’ food choices (Mollen, 

Rimal, Ruiter, & Kok, 2013). In an on-campus food court messages with either a healthy 

descriptive norm (“Every day more than 150 students have a tossed salad for lunch here”), or 

an unhealthy descriptive norm (“Every day more than 150 students have a burger for lunch 

here”) were presented during lunchtime. Participants exposed to the healthy descriptive norm 

made more healthy choices than the students exposed to the unhealthy descriptive norm. 

  Not all studies have found that modelling influences food choice. In one study, 

participants were more likely to choose the ‘creamy cookie’ as opposed to the ‘healthy 

cookie’ regardless of modelling condition (Plinner. & Mann, 2004 S2). However, in this 

study healthiness and palatability were confounded: the unhealthy cookie was presented as 

more appetising, while the healthy cookie was presented as unpalatable. It was therefore 

perhaps the emphasis on the cookies’ taste during the experiment which overpowered the 

modelling effect. 

  

The Present Study 

  The aim of the present study is to investigate the influence of social modelling of 

eating behaviour on young adults’ food choices. More specifically, this study examines 

whether viewing an Instagram post depicting a person about to consume a meal will increase 

participants’ intention to consume that meal compared to viewing an Instagram post depicting 
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only the meal. Previous studies on social modelling used laboratory settings, in which 

participants consumed healthy or unhealthy snack foods (Plinner, & Mann, 2004; Roth et al. 

2001, etc.). The present study attempts to use an environment which many young adults are 

exposed to on a regular basis rather than a laboratory setting (Roth et al. 2001; Prinsen, de 

Ridder, & de Vet, 2013; Burger et al. 2010). Furthermore, previous studies have shown that 

people model consumption of snack food, but few used entire meals (Mollen et al., 2013). In 

reality, even though people tend to snack during the day, most of our calories come from 

meals. It is therefore important to improve food choices when it comes to meals, more so than 

when it comes to snacks.  

This study investigates young adults; a population particularly exposed to social 

media, with more 88% on Facebook, than half on Instagram, and a third on Pinterest (Pew 

Research Center, 2016). It has been suggested that young adulthood is a risky period for the 

development of bad dietary habits (Nelson, Story, Larson, Neumark-Sztainer, & Lytle 2008). 

Therefore, it is of great importance to examine possible influences on food choices for this 

age group, as it can play a very influential role in eating behaviour for a lifetime. 

Furthermore, this study uses two control variables. The first one is participants’ 

interest in eating healthily, which could be confounded with their general approval of the 

(healthy) meal. To measure the influence of modelling more accurately, participants’ interest 

in healthy food was controlled for. The second control variable is social media usage specific 

to food decisions. In other words, to what extent people use social media as an inspiration 

source for recipe ideas or other food-related information. Because the dependent variable 

relates to consumption of a meal posted on social-media, the likelihood of participants’ use of 

social media posts as food inspiration in their everyday lives was controlled for. Both these 

variables reflect personal characteristics or preferences of the participants, which could 

influence participants’ attitudes, consumption, and health perception ratings of the meals. 

Hypotheses 

  Findings of previous research on modelling of eating behaviour show that a model 

can influence peoples’ food choices and quantity of food eaten. For this reason, I expected 

that viewing a photo of a person about to consume a meal will influence participants to 

consume the meal. H1: Participants will report higher intention to consume the meal in the 

modelling condition than in the no-model condition. 
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  Furthermore, I expected that participants who report that they are more likely to 

consume the meal will also be more likely to express more positive attitudes towards it.  H2: 

Participants will report more favourable attitudes towards the meal in the modelling 

condition than in the no-model condition. 

  Participants who express more positive attitudes towards the meal and report intention 

to consume it will perceive the meal as healthier. I expected that participants in the no-model 

condition will justify their lack of intention to consume the meal by perceiving it as not very 

healthy compared to the participants in the model condition. H3: Participants will report 

perceiving the meal as healthier in the modelling condition than in the no-model condition.   

 

Ethical considerations 

  All participants were at least 18 years old. After reading a short description of the 

study, participants agreed to take part. Participants were informed that they completed the 

study on a purely voluntary basis and that their responses were treated with total anonymity 

and confidentiality of their answers. No sensitive personal data was collected. All participants 

were debriefed at the end of the questionnaire about the purpose of the study. The stimuli that 

they were exposed to were no different from any every-day social media posts they might 

have encountered. 

Pilot Study 

  A pilot study using a convenience sample was conducted to examine the reliability 

and validity of the scales, as well as to make sure that newly developed items measured the 

intended underlying constructs. 

  The dependent variables were measured using newly developed items. Attitude 

towards the meal is a construct which reflects participants’ impression of whether the meal 

looks good and to what extent they believe they would like the taste of it. Intention to 

consume the meal is a construct that reflects to what extent participants would consider eating 

the meal presented if they would have a chance to cook it themselves or order it in a 

restaurant. Finally, health perception is defined by the extent to which the participants believe 

the meal presented is healthy. All three scales were developed using questions that would 

reasonably measure those constructs. 

  One of the control variables used in the study was participants’ interest in eating 

healthily. This was measured using Roininen, Lähteenmäki, and Tuorila (1999) ‘General 
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Health Interest’ (α = 0.89) scale, which was developed using a sample of 1005 Finnish adults 

ages 18–81 (See Appendix C). This scale included items which I theorised might not apply to 

young adults, for example concern about cholesterol. For this reason, the reliability of this 

scale was investigated using a sample of young adults. The second control variable was the 

extent to which participants use social media about meal inspiration. This was measured 

using Kinard’s ‘Social Media Usage Specific to Food Decisions’ (α = 0.88), which was 

developed using a sample of 384 adults ages 18–62 (See Appendix C). As this scale was 

originally used in a broader sample it was checked for its reliability with a young adult 

sample. 

Participants 

  Young adult participants (N = 251), ages 18-29 (M = 23.14, SD = 3.10), were 

recruited between 30/03/17 - 31/03/17 through social media. I recruited this convenience 

sample by sharing a link to the study on various Facebook groups, some of which were 

related to food and cooking, as well as on other social media (e.g. youtube).  

Measures 

 Dependent Variables 

  Intention to Consume. This scale measures the participant’s self-reported intention 

to consume the food presented in the photos. It consists of two items which are answered on a 

7-point Likert scale ranging from strongly disagree to strongly agree: “If I had the recipe, I 

would make this meal.”; “I would probably order this meal at a restaurant”. 

  Attitudes Towards Food. This scale measures general favourability attitudes towards 

the food presented, regarding appearance and perceived taste. It is comprised of two items 

which are answered on a 7-point Likert scale ranging from strongly disagree to strongly 

agree: “I like the way this meal looks”; “I think I would like the taste of this meal”.  

  Health Perception. Health perception was measured using one item which was 

answered on a 7-point likert scale ranging from strongly disagree to strongly agree: “This 

meal looks healthy to me”. 

  Control Variables 

  Food-Health Interest. This construct was measured using a shortened version of 

Roininen, Lähteenmäki, and Tuorila’s ‘General Health Interest’ scale (1999), which assesses 

general interest in eating healthfully. The shortened scale is made up of five items, which are 
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answered on a 7-point Likert scale ranging from strongly disagree to strongly agree. This 

measurement controls for the extent to which the participants care about healthy food 

choices. 

  Social Media Influence on Food Decisions. This measurement was adapted from 

Kinard’s (2016) ‘Social Media Usage Specific to Food Decisions’, which measures the 

degree to which one might use social media to make food-related decisions, by for example 

searching for recipes or cooking inspiration. The adapted scale consists of four items which 

are answered on a 7-point Likert scale ranging from strongly disagree to strongly agree. 

Procedure 

  Participants were first informed about the study and gave their consent. They were 

then presented with a food photo (see Appendix A) and were asked to fill out attitude and 

consumption scales. Finally, they were asked to complete the food health interest scale and 

the social media usage specific to food decisions scale. It is estimated that the questionnaire 

took about 2 minutes to complete. After they completed the questionnaire they were provided 

with contact details in case of any questions or concern, as well as a short debriefing 

message. There was no reward or compensation for participating in the study. The survey was 

hosted by Google forms, a web-based platform for collecting and sharing information. 

Results and Discussion 

Assumption testing. The assumption of normality was not met, which may affect 

Chronbach’s alpha values. In an analysis on the robustness of Chronbach’s alpha on non-

normally distributed data, Sheng and Sheng (2012) concluded that for a moderate reliability a 

minimum of 100 data points need to be used, and increased data sizes help approximate non-

normal distributions to be normal. Therefore, a sample size of N = 251 should be sufficient in 

this analysis. 

The first item of the scale ‘Social media is important to me when making decisions 

about what I eat’ received the lowest scores on average (see Table 1, Appendix B). This item 

asks about whether participants are influenced by social media in general when making food-

related decisions. This relatively vague statement was placed before the more specific 

statements about social media use as food inspiration, and was perhaps misunderstood, or 

perceived as too general by participants. For this reason, the item was removed from the final 

scale. 
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Correlations. A strong correlation between the items in the attitude scale,  

r = .722, p < .001, indicates that it is very likely that the same construct is measured by the 

two items. Similarly, a strong correlation between the two items in the consumption scale,  

r= .746, p< .001, suggests that the same construct is measured by the two items. 

Principal Component Analysis. Principal component analyses were conducted to 

make sure that the items of the health scale and social media scale represent the same 

underlying constructs.  

Social Media Usage Specific to Food Decisions Scale. A principal component 

analysis (PCA) was conducted on the 4 items with orthogonal rotation (varimax). The Kaiser-

Meyer-Olkin measure was well above the acceptable limit of .5 (Field, 2009), KMO = .78. 

Bartlett’s test of sphericity X2 (10) = 420.76 p < .001, showed that the correlations between 

the items were large enough for PCA. Only one component had an eigenvalue over Kaiser’s 

criterion of 1 and it explained 67.4% of the variance; the scree plot shows an unambiguous 

‘levelling off’ of eigenvalues after a single factor (see Figure 1, Appendix 2). Therefore all 4 

items were retained as 1 component.  

Food-Health Interest Scale. A principal component analysis (PCA) was conducted 

on the 8 items with orthogonal rotation (varimax). The Kaiser-Meyer-Olkin measure was 

well above the acceptable limit of .5 (Field, 2009), KMO = .87. Bartlett’s test of sphericity 

X2 (28) = 650.32, p < .001 showed that the correlations between the items were large enough 

for PCA. Two components had eigenvalues over Kaiser’s criterion of 1 and together 

explained 60.7% of the variance. The scree plot was somewhat ambiguous and would 

possibly justify retaining only the 1st component (see Figure 2, Appendix B).  

The second component contained the items “The healthiness of food has little impact 

on my food choices”, “It is important for me that my diet is low in fat” and “I avoid foods 

that may raise my cholesterol”. The first item correlated weakly with all other items in the 

scale (see Table 2, Appendix 2) and because of its negative wording was perhaps confusing. 

The item regarding cholesterol might not be as relevant to a young adult population, as it was 

in the original population this study was conducted on (ages 18-75). Finally, the item 

regarding dietary fat might be a bit dated, as healthy fats (e.g. from nuts and avocados) have 

become widely accepted as a good addition to a healthy diet. For these reasons the second 

component, including these three items were removed from the final scale. A second 
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principal component analysis was conducted including the five remaining items, and this one-

factor solution explained 57.8% of the variance. 

Reliability Testing. After the factor analyses and removal of certain items, both the 

scales (Food-Health Interest and Social Media Usage) and the two-item measures (Attitude 

and Consumption) showed high reliabilities (see Table 1). 

Table 1. Reliability Statistics 

 

 

 

 

 

 

 

 

Main Study 

  In this between-participants study, participants were presented with either an 

Instagram photo of someone consuming a healthy meal or a photo of just the meal. Their 

intention to consume the meal was measured in both conditions as were their attitudes 

towards it and their perception of its healthiness.  

Method 

  Participants. A power calculation was conducted using the program G*Power (Faul, 

Erdfelder, Lang & Buchner, 2007) to establish the sample size necessary to detect a small 

effect (f 2= 0.10) in an ANCOVA analysis. For a power value of .80, the total number of 

participants required were 570, but due to time constraints the data collection stopped after 

reaching 354 participants. The post hoc power computation gave an estimation of P = 0.73. 

  A total of 354 participants took part in this study: 52 men and 297 women, aged 18 to 

35 (M= 24.5, SD= 3.61). Data collection was conducted between 16/05/17 - 26/05/17 using 

various Facebook groups to promote the survey. The original inclusion criterion was that the 

participants be 18 – 29 years old, but as older adults also responded it was decided to extend 

the study to adults up to the age of 35. 

  Stimuli. The pictures used in this study were screen shots of posts made on the same 

Instagram account. Four different meals were presented in the modelling and control 

Reliability Statistics 

 Cronbach's Alpha N of Items 

Food-Health Interest .82 5 

Social Media Usage .84 4 

Attitude .84 2 

Consumption .85 2 
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conditions. The posts do not contain any reactions (likes or comments) and contain the same 

tags: #foodie, #lunch. The stimuli can be found in Appendix A. 

  Measures. The materials used in the main study are described in the pilot study. 

Furthermore, participants were also asked to report their gender in an open question.  

  Procedure. Before filling out the questionnaire, participants were informed about the 

general purpose of the study and gave their consent. Participants were then asked to choose 

between two shades of blue so that they were randomly assigned into one of the two 

conditions because the data-collecting software did not offer a random-assignment option. 

Participants were then presented with a photo depicting modelling of eating behaviour 

(modelling condition) or a food photo (control condition) and were asked to respond to the 

attitude and consumption scales regarding the photos. Finally, they were asked to fill out the 

food health interest scale and the social media usage specific to food decisions scale. It is 

estimated that the questionnaire took about 5 minutes to complete. After they completed the 

questionnaire they were provided with contact details in case of any questions or concern, as 

well as a short debriefing message. There was no reward or compensation for participating in 

the study. The survey was hosted by Google forms, a web-based platform for collecting and 

sharing information. 

Results 

  Assumptions. A series of between-participant one-way ANCOVAs were used to 

analyse the data. The assumption of normal distribution of residuals was not met for any of 

the dependent variables (see Table 1, Appendix 3). Furthermore, the assumption of 

homogeneity of variance was not met for the dependent variable ‘consume’ (see Table 2, 

Appendix 3). The assumption of homogeneity of regression slopes was met for all covariates 

(see Tables 3,4 and 5, Appendix 3). Standardized z-scores revealed one univariate outlier 

which was found and removed. 

  Descriptive Statistics. Descriptive statistics of the measures used can be seen in 

Table 1. Both scales and two-item measures showed high reliabilities, Cronbach’s α > .84 

(see table 6, appendix 3). 
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Table 2. Descriptive statistics of the measures used  

                                                   Control Group (N = 139)                     Model Group (N = 215) 

 Mean Std. Deviation Mean Std. Deviation 

Attitude to Food 5.13 1.19 4.81 1.10 

Consume Food  3.80 1.44 3.73 1.25 

Health 5.72 1.01 5.53 1.02 

Food-Health Interest  4.74 1.35 4.75 1.35 

Social Media Usage Specific to 

Food Decisions 

4.16 1.71 3.96 1.70 

Valid sample size N = 354     

 

  Hypothesis testing. To test the first hypothesis, that participants reported higher 

intention to consume the meal in the modelling condition than in the no-model condition, a 

one-way ANCOVA was conducted. The independent variable was the condition the stimuli 

were presented in (social modelling vs. control), and the dependent variable was the intention 

to consume the stimuli presented. Participants’ food-health interest and social media usage 

specific to food decisions were used as covariates in this analysis. The covariates were 

significantly related to participant’s intention to consume the meal; food-health interest F(1, 

348) = 48.45, p < .001 and social media usage specific to food decisions F(1, 348) = 73.83, p 

< .001 respectively. There was no significant difference in intention to consume the depicted 

healthy meals F(1,348)= 0.215, p =0.643, ηp
2= .001 between the two conditions, after 

controlling for participants’ food-health interest and social media usage specific to food 

decisions. Planned contrasts revealed that there was no significant difference in intention to 

consume after exposure to either conditions p = .497, 95% CI [-1.105, .537]. 

  To test the second hypothesis, that participants reported more favourable attitudes 

towards the meal in the modelling condition than in the no-model condition, a one-way 

between-groups ANCOVA was conducted. The independent variable was the condition the 

stimuli were presented in (social modelling vs. control), and the dependent variable was the 

attitude towards the stimuli presented. Participants’ food-health interest and social media 

usage specific to food decisions were used as covariates in this analysis. The covariates, 

participants’ food-health interest and social media usage specific to food decisions were 

significantly related to participant’s attitude towards the meal, F(1, 348) = 53.09, p < .001 

and F(1, 348) = 45.63, p < .001 respectively. There was no significant difference in attitude 
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towards healthy meals F(1,348)= .463 p =0.497, ηp
2= .001 between the two conditions, after 

controlling for participants’ food-health interest and social media usage specific to food 

decisions. Planned contrasts revealed that there was no significant difference in attitudes after 

exposure to either conditions p = .497, 95% CI [-1.105, .537]. 

  To test the third hypothesis, that participants will report to perceive the meal as 

healthier in the modelling condition than in the no-model condition a one-way between-

groups ANCOVA was conducted. The independent variable was the condition the stimuli 

were presented in (social modelling vs. control), and the dependent variable was the 

perception of healthiness of the stimuli presented. Participants’ food-health interest and social 

media usage specific to food decisions were used as covariates in this analysis. The 

covariates were significantly related to participant’s perception of healthiness of the meal; 

food-health interest F(1, 348) = 8.54, p = .004 and social media usage specific to food 

decisions F(1, 348) = 33.17, p < .001 respectively. There was no significant difference in 

perception of healthiness of the meals F (1,348) = 2.84, p =0.093, ηp
2= .008 between the two 

conditions, after controlling for participants’ food-health interest and social media usage 

specific to food decisions. Planned contrasts revealed that there was no significant difference 

in healthiness perception after exposure to either conditions p = 0.093, 95% CI [-1.484, .114]. 

  Gender Differences. 

Table 3. Descriptive statistics and t-test results of gender differences      

                                                                Women (N = 297) Men (N = 52)     

 M SD M SD t-test df Cohen’s d  

Attitude to Food 5.08 1.11 4.11 1.00 5.86* 347 0.92  

Consume Food  3.92 1.29 2.77 1.13 6.06* 347 0.95  

Health 5.69 0.99 5.14 1.04 3.66*  347 0.54  

Food-Health Interest  4.88 1.28 3.91 1.29 5.08* 347 0.75  

Social Media Usage Specific to  

Food Decisions 

4.30 1.58 2.38 1.38 8.22* 347 1.29  

Valid sample size N = 354         

* p <.05         

  

  The table above shows that overall women rated their attitude to food, the likelihood 

of consumption and health perception as higher than men. Furthermore, their food-health 
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interest and social media usage specific to food decision were rated significantly higher as 

well. Overall, neither of the two genders appear to be influenced by social modelling (See 

Appendix B, Tables 7-12).   

Discussion 

  The aim of this study was to investigate whether social media representations of 

modelling of eating behaviour influences young adults’ food choices. More specifically, it 

was hypothesised that when people were exposed to modelling of eating behaviour through 

social media (modelling condition), they would rate their attitudes towards the food, 

likelihood to consume it, and perception of healthiness as more positive/higher than when 

they were exposed to the food only (control condition). Contrary to expectations the results 

showed no significant difference in any of the three aspects, therefore all three original 

hypotheses were rejected. Furthermore, this study controlled for participants’ social media 

usage specific to food decisions and their interest in eating healthily. As expected, these two 

variables were indeed predictors of participants’ self-reported intention to consume the 

depicted food, their attitude towards it, and their perception of its healthiness. Exploratory 

comparison of gender differences showed that women gave overall higher attitude, 

consumption and health perception ratings, as well as social media usage specific to food 

decisions and food-health interest than men.  

Interpretation of Results 

  Results showed that modelling of eating behaviour did not increase the self-reported 

intention to consume a specific meal compared to exposure to only the meal. Furthermore, 

participants who were exposed to food in the modelling context did not report more positive 

attitudes towards the meal or perceive it as healthier compared to participants in the control 

condition. This result was unexpected considering findings by multiple previous studies (e.g. 

Roth et al. 2001; Prinsen, de Ridder, & de Vet, 2013; Burger et al. 2010 etc.). Previously it 

was found that remote-confederate modelling influences participants’ food choices, however 

the present study found no such effect. Attitude was also expected to be positively influenced 

by exposure to modelling, as was found by Bevelander et al. (2012). Finally, health 

perception was theoretically expected to correspond to reported likelihood of consumption 

and attitude, but previous studies did not measure this. Two of the main differences between 

the present study and previous remote-confederate modelling studies were the modelling 

stimuli and the measurement of influence.  The large sample size (354 participants) compared 



19 

MODELLING ON SOCIAL MEDIA 

to that of previous studies (152 by Roth et al., 2001; 144 by Prinsen, et al. 2013; 85 by 

Hermans et al., 2012) was another difference. 

  Measurement of Influence. As this study was conducted through a questionnaire, 

measures were based on self-report and consumption was hypothetical. In previous studies 

food was readily available for participants to consume, and they were often encouraged to do 

so, for example under the pretext of a taste test (e.g. Roth et al. 2001; Plinner, & Mann, 

2004). By asking participants whether they would consume the meal this study relied heavily 

not only on participants’ self-knowledge but also on planning of future behaviour. It could be 

that participants in the modelling condition were indeed more likely to consume one of the 

depicted meals but that their reports were inaccurate as they were asked about potential future 

actions rather than completed actions.  

  Furthermore, it could be that the wording of the questions regarding the consumption 

was a reason that no influence was found. In the present study, participants were asked 

whether they would prepare the meal presented (question 1) or order it at a restaurant 

(question 2). Besides not directly asking whether the participant would eat the meal, the two 

items make two assumptions that are not necessarily relevant to food consumption: that the 

participant can cook, and that he/she goes to restaurants. In previous food-choice 

experiments, which did find a modelling effect, the participant did not have to do much 

besides choose a readily available snack and eat it. Moreover, the formatting of the question 

implies that participants would replace a familiar meal they would otherwise prepare or order. 

This choice is very different than the choice offered in previous food choice experiments (e.g. 

Pliner & Mann, 2004 S2), and could be a reason for which no modelling effect was observed. 

Furthermore, measurement of the modelling influence was based on participants’ ratings of 

each meal, in other words there was no comparison of foods. This could have also influenced 

the results, as participants did not need to make a direct choice between foods as they did in 

previous food choice studies. The reason ratings were chosen over a direct comparison would 

be to not make the purpose of the study too obvious to the participants. This could have 

compromised the measurement of modelling influence.  

  Stimuli. A different explanation for the lack of an influence is that the questionnaire 

used in the present study contained four different pictures of meals. Even though the original 

thought behind this design was to increase the validity of the study, it could be that this had 

the opposite effect. The reason for which I chose to use multiple posts was to overcome 
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issues of food preference specific to a meal or bias towards a specific model. According to 

the Focus Theory of Normative Conduct (Cialdini, Reno, & Kallgren, 1990; Reno, Cialdini, 

& Kallgren, 1993) people need to be aware of a social norm in order for it to affect their 

behaviour. If the individual’s attention is not focused on the norm, their behaviour will not be 

influenced by it. In this study, multiple norms were presented. It could be that exposure to 

multiple meals set a descriptive norm for healthy eating, instead of each photo temporarily 

setting a norm for eating the specific meal. In other words, participants possibly paid more 

attention to the general norm (eating healthily) more than the norms set by each individual 

stimulus (eating the specific meal). Participants did not report high likelihood to make 

identical choices, which means that they were not influenced by the specific norms of each 

photo, but it is possible that they were influenced by the general descriptive norm. 

Participants perhaps made healthy food choices after completing the questionnaire, but this 

study did not investigate this possible influence.  

  Even though the stimuli used are screenshots of Instagram, they were still specifically 

created for the purpose of this study. It could be that the compositions of the photographs 

either does not convey modelling strongly enough: the models are seen posing as if about to 

consume a meal, but they are not eating in the picture. In theory, this prompt should have 

been enough considering that previous experiments managed to convey modelling only with 

lists of names and amount of food eaten (e.g. Feeney et al. 2011). As these stimuli were used 

for the first time, it would be interesting for future studies to explore other options for images 

as stimuli in modelling research.   

  Besides considerations about the measurement of influence and use of stimuli, it 

could simply be that people are less likely to model eating behaviour when it comes to food 

choices in their daily-life compared to in an experimental set-up. Sabini (1994) suggested that 

people tend to model behaviour in situations where they seek guidance in what appropriate 

behaviour is, but not in situations related to their personal preference. This could potentially 

explain how social modelling studies about food quantity eaten in lab settings find a 

significant modelling effect (e.g. Roth et al. 2001; Feeney, Polivy, Pliner, & Sullivan, 2011) 

but studies about food choice less so (e.g. Plinner & Mann, 2004). It has been theorized that 

in these unknown settings, participants tend to imitate behaviour of other ‘participants’ 

(models) because they are not sure what the appropriate behaviour is in the specific context 

(Herman & Polivy, 2005). However, the present study asked participants how likely they 

were to consume the meal in their free time, possibly in a familiar environment such as their 
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home. In other words, the uncertainty factor is removed, allowing for people to make a choice 

based on personal preference rather than worry that their choice is inappropriate. Under these 

conditions, people may be less influenced by modelling and normative information. 

Gender Differences & Control Variables 

  A comparison between the two genders showed that neither was influenced by 

modelling. Overall women gave higher ratings for their attitudes, consumption of food, and 

health perception. These ratings were associated with higher ratings of food-health interest. 

No specific hypothesis had been formulated for this comparison, but these results confirm 

previous findings. Women have been found more likely than men to prefer low-calorie food 

(Logue &amp; Smith, 1986) and specifically vegetables (Kubberød, Ueland, Rodbotten, 

Westad, &amp; Risvik, 2002). Women are also generally more concerned about nutrition and 

health values of food than men (Rappoport, Peters, Downey, McCann, &amp; Huff-Corzine, 

1993).  The second control variable, social media usage specific to food decisions, was also 

given higher ratings by women. This result confirms Kinard’s (2016) finding that women 

were more likely than men to engage with social media. However, the results regarding 

gender differences should be taken with a grain of salt, as is discussed in the Limitations 

section. 

Limitations 

  This study was not free of limitations. The random assignment did not equally 

distribute participants in the two conditions as expected, which lead to the modelling 

condition containing about 70 more participants than the control condition. Another unequal 

distribution was that of gender; with about 84% of the sample being female. During data 

collection, this discrepancy was not reduced even when the survey was posted in Facebook 

groups predominantly made up of men. These inequalities in themselves would not constitute 

a statistical validity problem, however the assumption of normality of the distribution of 

residuals was not met. Furthermore, the data on reported intention to consume did not meet 

the homogeneity of variance assumption. This limitation could have had a significant 

influence in the results of the ANCOVA analyses. 

 Furthermore, all models were female which could have influenced the results. Some 

previous studies matched model and participant in terms of gender, often by only using a 

female sample (e.g. Burger et al. 2010; Feeney and Polivy, 2011; Roth et al. 2001). The 

choice only use female models was to not confound gender and meal within the modelling 
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condition, and to not create more experimental groups and reduce the power of the study. 

Using female models instead of male was an arbitrary decision. In future studies, it would be 

beneficial to match the gender of the model and participant and investigate whether this 

similarity between the two could influence a modelling effect.   

Suggestions for Further Research 

  Overall, this study took an exploratory path by using a new method to depict 

modelling behaviour and measure the subsequent influence. Further research is necessary to 

determine whether modelling behaviour on social media can indeed influence eating 

behaviour of young adult social media users. Social media are environments in which young 

adults are frequently exposed to food images in their everyday life. It is worth pursuing this 

aspect of the present study in future research, as it provides strong ecological validity. As 

social media play a significant role in young adults’ everyday life it makes sense to explore 

the possibilities of positive influence on their food choices through these platforms.  

  Moreover, future research could improve on the methodology of measuring the 

influence of modelling. One of the major limitations of the study was that the participants’ 

food consumption was defined by their reported intention to consume the food. Not only does 

this measurement rely on self-report, but it also asks the participants to imagine and report on 

possible future behaviour. For this reason, future research on the topic would benefit from a 

design in which participants do not have to put an effort in thinking about their possible 

future actions. While retaining the use of social media as the research environment, one 

suggestion would be for participants to report past behaviour instead of future planned 

behaviour. One way to conduct a social media study where participants report past 

behaviours would be through a longitudinal diary design, in which participants record their 

eating behaviour daily. Social media exposure of eating behaviours could be measured in a 

way other than self-report, for example through software which records a mobile phone’s 

screen and consequent analysis of images.  

 On the other hand, perhaps it is more appropriate for future research to deconstruct 

social modelling to its basic components. It is necessary to focus on understanding the 

underlying mechanisms of this phenomenon; particularly when it comes to eating, a 

behaviour as natural as it is cultural. For example, as discussed by Cruwys et al. (2015), the 

motives underlying modelling of eating behaviour are not very clear. Originally it was 

theorised that both the need to be liked by the model, as well as the need to eat the “right” 
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amount, were considered as possible reasons for which participants imitate eating behaviour. 

However, in remote-participant studies, as well as studies in which participants are left alone 

without knowing that their food intake will be measured, modelling still occurs (Roth et al. 

2001, Burger et al. 2010). These findings support the idea that modelling is motivated by 

uncertainty-reduction about what amount is appropriate to eat. On the other hand, studies 

have also shown that individuals with low self-esteem (Bevelander et al. 2013) or people who 

show need for stronger social ties (Hermans, Engels, Larsen, & Herman, 2009) are more 

likely to model eating behaviour. This implies that there is a connection between modelling 

and the need to belong, or be accepted by the model. Future research could perhaps focus on 

understanding the motivation behind modelling under different circumstances. Future 

research could also further investigate whether food choice is harder to influence than food 

quantity eaten, and if so why that is so. For example, Sabini’s (1994) suggestion that people 

do not seek behavioural guidance when they are in familiar settings could be further 

explored.  

  These explorations could perhaps be done in cooperation with anthropological social 

learning research. Imitation and social learning are thought to underlie a significant aspect of 

cultural variation of food preference among geographically separated human populations 

(Whiten, 2005; van de Waal, Borgeaud, & Whiten, 2013). Insights from social anthropology 

could help understand different contexts in which social learning of eating behaviour takes 

place, particularly in a naturalistic environment. Eating is often a social practice, and eating 

behaviours that belong to different groups of people can be considered as “being embedded in 

configurations of social relations and being shaped distinctively by them” (Delormier, 

Frohlich, & Potvin, 2009, p.217). According to the anthropological perspective, different 

groups of people might adapt their eating behaviour differently after being exposed to social 

modelling, depending on the organization of their social relations. Psychological studies 

which investigate social modelling could take this perspective into account, and perhaps work 

together with anthropologists. Findings of this kind of research could have practical 

implications regarding the ecological setting in which dietary interventions take place, as it is 

important to understand the food choice in a specific sociocultural context. 
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Conclusion 

  This study contributes to the modelling research by taking on an unexplored area of 

influence: social media. The results did not show any difference between attitude, intention to 

consume, and health perception of a meal depicted in either a modelling or control condition. 

Considering previous social modelling research, particularly studies investigating remote 

confederates and food choice, these results were unexpected. However due to limitations of 

the study including sample size differences, and means of measurement it remains unclear 

whether eating behaviour can be influenced by modelling through social media. An important 

step for future research would be to gain a deeper understanding of the contexts in which 

social modelling of eating behaviour takes place, particularly in naturalistic environments. 

This could for example be done in an interdisciplinary way, in cooperation with social 

anthropological research. 
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Appendix A 

Stimuli 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Stimulus used in pilot study 
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Figure 2. Stimulus main study                                      Figure 3. Stimulus main study 

(control condition)          (control condition) 
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Figure 4. Stimulus main study    Figure 5. Stimulus main study 

(control condition)     (control condition) 
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Figure 6. Stimulus main study   Figure 7. Stimulus main study 

(modelling condition)     (modelling condition) 
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Figure 8. Stimulus main study   Figure 9. Stimulus main study 

(modelling condition)      (modelling condition)    
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Appendix B 

Results  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Scree plot Social Media Usage Specific to Food Decisions Scale 

Descriptive Statistics 

 Mean Std. Deviation Analysis N 

Social media is important to me when making decisions 

about what I eat. 
2.86 1.693 251 

I use social media sites to get ideas for my meals. 5.02 1.931 251 

Social media influence my decisions about the restaurants I 

visit. 
4.41 1.938 251 

I use social media when deciding on what foods to prepare at 

home. 
3.92 1.895 251 

I like to view pictures others post on social media related to 

food. 
5.36 1.833 251 

Table 1. Descriptive Statistics 
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Figure 2. Scree plot Food-Health Interest 

Reproduced Correlations 

 health1R health2 health3R health4 health5 health6 health7R health8 

Reproduced 

Correlation 

health1R .725a .413 .500 -.080 .311 .332 .606 .071 

health2 .413 .670a .628 .476 .632 .511 .554 .551 

health3R .500 .628 .615a .356 .573 .483 .582 .451 

health4 -.080 .476 .356 .635a .512 .350 .184 .605 

health5 .311 .632 .573 .512 .609a .479 .478 .565 

health6 .332 .511 .483 .350 .479 .391a .432 .411 

health7R .606 .554 .582 .184 .478 .432 .606a .305 

health8 .071 .551 .451 .605 .565 .411 .305 .607a 

Residualb health1R  -.065 -.076 .164 -.040 -.077 -.147 .084 

health2 -.065  -.032 -.074 -.052 -.006 -.090 -.098 

health3R -.076 -.032  .004 -.088 -.132 -.083 -.040 

health4 .164 -.074 .004  -.103 -.146 .049 -.150 

health5 -.040 -.052 -.088 -.103  -.027 -.030 -.111 

health6 -.077 -.006 -.132 -.146 -.027  -.127 -.066 

health7R -.147 -.090 -.083 .049 -.030 -.127  .027 
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health8 .084 -.098 -.040 -.150 -.111 -.066 .027  

Extraction Method: Principal Component Analysis. 

a. Reproduced communalities 

b. Residuals are computed between observed and reproduced correlations. There are 19 (67.0%) 

nonredundant residuals with absolute values greater than 0.05. 

Table 2.  

 

Tests of Normality 

 

Condition 

Kolmogorov-Smirnova Shapiro-Wilk 

 Statistic df Sig. Statistic df Sig. 

Residual for attstim 1 .097 139 .003 .965 139 .001 

2 .074 215 .006 .987 215 .043 

Residual for consstim 1 .074 139 .059 .974 139 .010 

2 .070 215 .013 .987 215 .053 

Residual for healthstim 1 .103 139 .001 .937 139 .000 

2 .090 215 .000 .960 215 .000 

Residual for foodhealth 1 .068 139 .200* .978 139 .025 

2 .089 215 .000 .969 215 .000 

Residual for socialmed 1 .090 139 .008 .960 139 .000 

2 .074 215 .007 .964 215 .000 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

Table 3. Normality testing 

 

Levene's Test of Equality of Error Variancesa 

 F df1 df2 Sig. 

Attitude stimuli 1.398 1 352 .238 

Consume stimuli 6.037 1 352 .014 

Health stimuli .007 1 352 .931 

Tests the null hypothesis that the error variance of the dependent variable is equal across groups. 

a. Design: Intercept + foodhealth + socialmed + Condition 

Table 2. Equality of Variance Testing 
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Tests of Between-Subjects Effects 

Dependent Variable:   attstim   

Source 

Type III Sum 

of Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Corrected Model 141.293a 5 28.259 30.600 .000 .305 153.001 

Intercept 151.236 1 151.236 163.767 .000 .320 163.767 

Condition .427 1 .427 .463 .497 .001 .463 

socialmed 42.138 1 42.138 45.629 .000 .116 45.629 

foodhealth 49.022 1 49.022 53.085 .000 .132 53.085 

Condition * 

socialmed 
.364 1 .364 .395 .530 .001 .395 

Condition * 

foodhealth 
.132 1 .132 .143 .705 .000 .143 

Error 321.371 348 .923     

Total 9089.094 354      

Corrected Total 462.664 353      

a. R Squared = .305 (Adjusted R Squared = .295) 

b. Computed using alpha = .05 

Table 3. Attitude ANCOVA 

Tests of Between-Subjects Effects 

Dependent Variable:   consstim   

Source 

Type III 

Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Corrected Model 208.275a 5 41.655 35.058 .000 .335 175.292 

Intercept 19.340 1 19.340 16.277 .000 .045 16.277 

Condition .255 1 .255 .215 .643 .001 .215 

socialmed 87.722 1 87.722 73.830 .000 .175 73.830 

foodhealth 57.565 1 57.565 48.449 .000 .122 48.449 

Condition * socialmed .047 1 .047 .040 .842 .000 .040 

Condition * foodhealth .494 1 .494 .416 .520 .001 .416 

Error 413.481 348 1.188     

Total 5613.953 354      

Corrected Total 621.756 353      

a. R Squared = .335 (Adjusted R Squared = .325) 

b. Computed using alpha = .05 

Table 4. Consume ANCOVA 
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Tests of Between-Subjects Effects 

Dependent Variable:   healthstim   

Source 

Type III Sum 

of Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Corrected Model 60.284a 5 12.057 13.784 .000 .165 68.921 

Intercept 400.177 1 400.177 457.515 .000 .568 457.515 

Condition 2.485 1 2.485 2.841 .093 .008 2.841 

socialmed 29.016 1 29.016 33.174 .000 .087 33.174 

foodhealth 7.473 1 7.473 8.544 .004 .024 8.544 

Condition * socialmed 1.401 1 1.401 1.602 .207 .005 1.602 

Condition * foodhealth .282 1 .282 .322 .571 .001 .322 

Error 304.387 348 .875     

Total 11495.250 354      

Corrected Total 364.671 353      

a. R Squared = .165 (Adjusted R Squared = .153) 

b. Computed using alpha = .05 

Table 6. Health perception ANCOVA 

Reliability Statistics 

 Cronbach’s Alpha 

Cronbach’s Alpha Based 

on Standardized Items N of Items 

Food-Health Interest .874 ,876 5 

Social Media Usage .860 .861 4 

Attitude Model .854 .855 8 

Attitude Control .871 .872 8 

Consume Model .843 .843 8 

Consume Control .866 .865 8 

Table 7. Reliability Statistics  
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Tests of Between-Subjects Effects 

Dependent Variable:   attstim   

Source 

Type III Sum 

of Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Observed 

Powerb 

Corrected 

Model 
83.424a 5 16.685 16.160 .000 .203 80.799 1.000 

Intercept 141.788 1 141.788 137.327 .000 .302 137.327 1.000 

Condition .160 1 .160 .155 .694 .000 .155 .068 

socialmed 27.499 1 27.499 26.634 .000 .078 26.634 .999 

foodhealth 31.000 1 31.000 30.025 .000 .087 30.025 1.000 

Condition * 

socialmed 
.022 1 .022 .021 .884 .000 .021 .052 

Condition * 

foodhealth 
.030 1 .030 .029 .864 .000 .029 .053 

Error 327.298 317 1.032      

Total 8792.328 323       

Corrected 

Total 
410.722 322       

a. R Squared = .203 (Adjusted R Squared = .191) 

b. Computed using alpha = .05 

Table 8. Women Attitude ANCOVA 

Tests of Between-Subjects Effects 

Dependent Variable:   consstim   

Source 

Type III Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Observed 

Powerb 

Corrected 

Model 
139.954a 5 27.991 20.700 .000 .246 103.502 1.000 

Intercept 21.908 1 21.908 16.202 .000 .049 16.202 .980 

Condition .390 1 .390 .289 .591 .001 .289 .083 

socialmed 61.326 1 61.326 45.353 .000 .125 45.353 1.000 

foodhealth 46.343 1 46.343 34.273 .000 .098 34.273 1.000 

Condition * 

socialmed 
.071 1 .071 .053 .819 .000 .053 .056 

Condition * 

foodhealth 
.376 1 .376 .278 .598 .001 .278 .082 

Error 428.643 317 1.352      

Total 5656.906 323       

Corrected 

Total 
568.597 322       

a. R Squared = .246 (Adjusted R Squared = .234) 

b. Computed using alpha = .05 

Table 9. Women Consumption ANCOVA 
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Tests of Between-Subjects Effects 

Dependent Variable:   healthstim   

Source 

Type III Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Observed 

Powerb 

Corrected 

Model 
37.780a 5 7.556 7.902 .000 .111 39.509 1.000 

Intercept 293.062 1 293.062 306.475 .000 .492 306.475 1.000 

Condition .219 1 .219 .229 .633 .001 .229 .076 

socialmed 20.167 1 20.167 21.090 .000 .062 21.090 .996 

foodhealth 7.815 1 7.815 8.173 .005 .025 8.173 .813 

Condition * 

socialmed 
.008 1 .008 .008 .928 .000 .008 .051 

Condition * 

foodhealth 
.120 1 .120 .126 .723 .000 .126 .064 

Error 303.126 317 .956      

Total 10811.250 323       

Corrected 

Total 
340.906 322       

a. R Squared = .111 (Adjusted R Squared = .097) 

b. Computed using alpha = .05 

Table 10. Women Health Perception ANCOVA 

Tests of Between-Subjects Effects 

Dependent Variable:   attstim   

Source 

Type III Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Observed 

Powerb 

Corrected 

Model 
30.160a 5 6.032 10.340 .000 .513 51.700 1.000 

Intercept 13.846 1 13.846 23.734 .000 .326 23.734 .998 

Condition .001 1 .001 .002 .961 .000 .002 .050 

socialmed 3.423 1 3.423 5.868 .019 .107 5.868 .661 

foodhealth 18.119 1 18.119 31.060 .000 .388 31.060 1.000 

Condition * 

socialmed 
.032 1 .032 .055 .815 .001 .055 .056 

Condition * 

foodhealth 
.377 1 .377 .646 .425 .013 .646 .124 

Error 28.585 49 .583      

Total 1020.563 55       

Corrected Total 58.744 54       

a. R Squared = .513 (Adjusted R Squared = .464) 

b. Computed using alpha = .05 

Table 11. Men Attitude ANCOVA 
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Tests of Between-Subjects Effects 

Dependent Variable:   consstim   

Source 

Type III Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Observed 

Powerb 

Corrected 

Model 
34.441a 5 6.888 7.106 .000 .420 35.530 .997 

Intercept .761 1 .761 .785 .380 .016 .785 .140 

Condition .046 1 .046 .047 .829 .001 .047 .055 

socialmed 4.193 1 4.193 4.325 .043 .081 4.325 .531 

foodhealth 19.082 1 19.082 19.686 .000 .287 19.686 .992 

Condition * 

socialmed 
.407 1 .407 .420 .520 .008 .420 .097 

Condition * 

foodhealth 
.868 1 .868 .896 .349 .018 .896 .153 

Error 47.498 49 .969      

Total 541.594 55       

Corrected Total 81.939 54       

a. R Squared = .420 (Adjusted R Squared = .361) 

b. Computed using alpha = .05 

Table 12. Men Consumption ANCOVA 

Tests of Between-Subjects Effects 

Dependent Variable:   healthstim   

Source 

Type III Sum of 

Squares df 

Mean 

Square F Sig. 

Partial Eta 

Squared 

Noncent. 

Parameter 

Observed 

Powerb 

Corrected 

Model 
18.432a 5 3.686 4.358 .002 .308 21.789 .947 

Intercept 69.040 1 69.040 81.616 .000 .625 81.616 1.000 

Condition .562 1 .562 .664 .419 .013 .664 .126 

socialmed 4.081 1 4.081 4.824 .033 .090 4.824 .577 

foodhealth 1.054 1 1.054 1.247 .270 .025 1.247 .195 

Condition * 

socialmed 
.613 1 .613 .725 .399 .015 .725 .133 

Condition * 

foodhealth 
.247 1 .247 .292 .591 .006 .292 .083 

Error 41.450 49 .846      

Total 1528.938 55       

Corrected Total 59.882 54       

a. R Squared = .308 (Adjusted R Squared = .237) 

b. Computed using alpha = .05 

Table 13. Men Health Perception ANCOVA 
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Appendix C 

Informed Consent and Measures 

Informed consent 

Dear participant, I am a graduate Psychology student at Lund University, Sweden, 

conducting a study on how social media influence our eating habits. By answering a few 

questions, you can help me better understand how young adults respond to food-related posts 

on social media.  

Your participation in this study is completely voluntary. There will be no penalty if you 

choose to withdraw from the study. If you choose to discontinue the survey, your results will 

be discarded. The collected data will be treated with the utmost confidentiality and will only 

be used for research purposes. 

There are no foreseeable risks to participating in this study. The potential benefits of the 

study include gaining a better understanding of how social media may affect your eating 

behaviour.  

If you have any further questions concerning this study, please feel free to contact me through 

email: Eva Hoogstins (sam15eho@student.lund.se). 

A prerequisite for your participation is that you are a young adult (18-29 years old).  

Thank you for participating! 

Eva Hoogstins 

Consumption Scale 

1. If I had the recipe, I would make this meal. 

2. I would probably order this meal at a restaurant. 

Attitude Scale 

1. I like the way this meal looks. 

2. I think I would like the taste of this meal. 

Health Perception  

1. This meal looks healthy to me. 
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General Health Interest Scale – Roininen, Lähteenmäki, and Tuorila (1999)  

1. The healthiness of food has little impact on my food choices. 

2. I am very particular about the healthiness of food I eat. 

3. I eat what I like and I do not worry much about the healthiness of food. (R) 

4. It is important for me that my diet is low in fat. 

5. I always follow a healthy and balanced diet. 

6. It is important for me that my daily diet contains a lot of vitamins and minerals. 

7. The healthiness of snacks makes no difference to me. (R) 

8. I do not avoid foods, even if they may raise my cholesterol. (R) 

Adapted General Health Interest Scale: Food-Health Interest 

1. I am very particular about the healthiness of food I eat. 

2. I eat what I like and I do not worry much about the healthiness of food. (R) 

3. I always follow a healthy and balanced diet. 

4. It is important for me that my daily diet contains a lot of vitamins and minerals. 

5. R The healthiness of snacks makes no difference to me. (R)  

Social Media Usage Specific to Food Decisions  – Kinard (2016) 

1. Social media is important to me when making decisions about what I eat. 

2. I use social media sites to get ideas for my meals. 

3. I utilize social media when making decisions in regards to the foods I purchase at 

restaurants. 

4. I utilize social media when deciding on what foods to prepare at home. 

5. I like to view pictures others post on social media related to food. 

 Adapted Social Media Usage Specific to Food Decisions Scale 

1. I use social media sites to get ideas for my meals. 

2. Social media content influences when I made decisions about what food to order in a 

restaurant. 

3. I use social media when deciding on what foods to prepare at home. 

4. I like to view food pictures others post on social media. 


