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GENERAL ABSTRACT 

There is limited investigation of meal patterns in nutrition research, that is, meal-based 

aspects of dietary intake including the timing or distribution of meals across a day, the 

combinations of foods consumed within meals, or the combinations of meals over a given 

period. Meal pattern research has the potential to further our understanding of the link 

between diet and disease and complement existing food-based dietary guidelines and 

inform personalised nutrition. Despite an increasing research focus on meal patterns in 

recent years, there is no research comparing the various statistical techniques used to 

identify meal patterns, limited research on the relationship between meal patterns and 

health, and an absence of a meal-based method of dietary intake assessment. The 

objectives of this thesis were therefore to review existing meal pattern research, refine the 

framework for meal pattern research, identify relationships between meal patterns and 

health, and develop a new meal-based method of dietary intake assessment. 

Analysis of data from the Irish National Adult Nutrition Survey (NANS) carried out for this 

thesis condensed the 27336 meals consumed by participants into 63 generic, or 

characteristic, meals that provide an accurate estimate of nutrient intakes. Using data from 

the National Health and Nutrition Examination Survey (NHANES) in the USA, this process 

was reproduced, and further analysis was conducted to identify the different combinations 

of generic meals consumed by the participants (meal patterns). This was carried out using 

three different statistical approaches for comparison: partitioning around the medoids 

clustering, principal component analysis (PCA), and latent class analysis (LCA). 

Differences arose among the methods with respect to the number of patterns identified, the 

identification of meal skipping in the patterns, and the different combinations of generic 

meal that were consumed. An exploratory analysis of the meal patterns arising from 

clustering identified differences among the meal patterns for diet quality but not for health 

variables. A novel meal-based dietary assessment tool, based on the generic meals 

identified, was found to have moderate agreement with 24-hour recalls in estimating 

nutrient intakes, with stronger agreement for some nutrients compared to others.  

In conclusion, a reproducible clustering approach can identify generic meals in dietary 

intake datasets. Meal patterns can be identified using different statistical methods; however, 

differences arise in the meal patterns identified by different methods, and their strengths 

and weaknesses should be considered when choosing a method. Some associations 

between meal patterns and diet quality were identified. A meal-based method of dietary 

intake assessment is a feasible method of collecting dietary intake data. Further research 

is required to further develop this tool and improve accuracy across a range of nutrients.  
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1.1 Background 

Suboptimal dietary intake contributes to the global burden of chronic non-communicable 

diseases including cardiovascular disease, type 2 diabetes, and certain cancers (1). 

Traditionally, diet-disease epidemiological studies have focused on linking disease, or risk 

of disease, with individual nutrients, individual foods and food groups, or dietary patterns 

(i.e. the combinations of foods or food groups consumed habitually that represents the diet 

as a whole) (2-5). These approaches have revealed valuable insights and have contributed 

to the development of both nutrient and food-based dietary guidelines (2, 6, 7). For example, 

food-based dietary patterns associated with a reduced risk of cardiovascular disease 

include the Mediterranean (8) and Dietary Approaches to Stop Hypertension (DASH) (9) 

patterns. Among other features, both encourage consumption of fruit, vegetables, and 

wholegrains etc., while discouraging processed meats, salt, and sugar-sweetened 

beverages etc., but do not place any emphasis on specific meals.  

While the food-based approach is typical of most guidelines (6), those in the United States 

of America (USA) and Brazil acknowledge the potential for meal-based information to 

complement what is already known about nutrients, foods, and dietary patterns by referring 

to the context in which meals are consumed, the frequency or number of meals consumed 

(10), and the combinations of foods that can be used to make up an individual meal (11). 

However, it is highlighted that there is a need for further research on the place of meals in 

food-based guidance to provide a stronger evidence base to support such guidelines (10).  

The area of meal-based research is complex and in its infancy. To start, there are no widely 

agreed definitions of a meal. People consume individual foods or drinks, either alone or in 

combination, as part of eating occasions, which are often described as meals (12). Various 

approaches have been taken in the literature, basing definitions on participants’ own 

description of eating occasions using labels such as breakfast, lunch, dinner, or snack; the 

time of day that eating occasion occurred; the time that elapses between meals; the energy 

content of a meal; or in some instances based on a combination of the above approaches 

(12, 13). Meals are an integral part of our dietary intake, and even though they are composed 

of individual foods, people typically conceptualise their dietary intakes as a collection of 

meals rather than a collection of foods or nutrients. Despite this, dietary intake data are 

mostly captured at the food or food group level, i.e., individuals are asked to report the 

individual foods or food groups that they consume (14, 15). 

The assessment of dietary intake is an essential element of identifying diet-disease 

associations, as well as being a crucial part of developing and providing both healthy eating 

guidelines for the general public and personalised advice to support appropriate change of 



 

CHAPTER 1     |     Page 3 
 

dietary behaviours for individuals (16, 17). The essence of dietary intake assessment is the 

recording or monitoring of what people eat and drink either prospectively or retrospectively, 

and either at a food, food group, or meal level (16, 18, 19). It has been proposed that a meal-

based approach may be useful for the collection of information about dietary intakes, for 

analysing and interpreting those data, and for the provision of dietary advice for 

personalised nutrition. A meal-based approach to assessment and interpretation of dietary 

intakes could also support the use of internet and mobile technology to collect dietary 

information thereby reducing user burden with regard to data input (20, 21). A focus on meal 

level information in dietary intake assessment might allow for improved meal-based dietary 

advice and enhance existing food-based dietary guidelines, with practical benefits for 

individuals relating to meal planning and preparation (22). However, in order to develop meal-

based methods of dietary assessment, it is first necessary to identify what meals and meal 

patterns are consumed in a given population (20, 23). 

1.2 Meal Patterns 

Meal patterns are typically categorised into one of three constructs (Figure 1.1). Temporal 

patterns refer to the timing and distribution of meals (24-29), content patterns refer to the 

combinations of foods within a meal or the combinations of those meals over a day (30-33), 

and context patterns refer to the external elements of the meal such as location, activities 

while eating, and the presence or absence of others at the meal (34). It is also possible to 

examine combined patterns which explore multiple meal pattern constructs simultaneously 

(34).   

The meal pattern research and analysis within this thesis will focus primarily on content 

meal patterns. In order to derive content meal patterns, the vast number of unique meals 

consumed by participants in a given study must first be condensed to a smaller but 

“representative” number that acts as a qualitative (i.e., the types of foods in the meals) and 

a quantitative (i.e., the nutritional content of the meals) summary of the meals consumed 

by a given sample population. These representative meals are often termed generic meals, 

as they are a summary, or combination, of many meals rather than a specific description of 

an individual meal. Content meal patterns, therefore, refer to the various combinations of 

these generic, or representative, meals that are consumed over a day (30).  

Content patterns have provided new insights to the combinations of foods that form meals 

and the combinations of meals over the course of a day (30-32, 35, 36). For example, two 

separate studies in the same Irish cohort found similar meal patterns while using different 

statistical methods. Both studies identified patterns consisting of a cereal/toast breakfast, a 
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sandwich-based light meal, and protein-carbohydrate-based main meal (30, 32). In a separate 

Japanese cohort the majority of breakfast meals were vegetable- and rice-based (31), yet 

none of the breakfasts in the Irish cohort were likely to contain these foods (30, 32). Bread-

based breakfasts, on the other hand, were consumed in both cohorts. Summaries of studies 

examining various meal pattern constructs are given in Table 1.1. 

Uzhova et al. (32) went on to identify an association between a weekend meal pattern 

consisting of a cooked breakfast, a skipped light meal, and a protein-carbohydrate main 

meal and increased likelihood of higher diastolic blood pressure compared to a meal pattern 

consisting of cereal and/or toast for breakfast, sandwich light meal and protein-

carbohydrate main meal. However, other studies have not examined the extent to which 

content meal patterns may or may not influence health. In studies of temporal meal patterns 

the most consistent finding is the association between a pattern consisting of three meals 

per day and high dietary quality or positive health outcomes (24, 25, 29, 37, 38). No study, 

however, has examined combined meal patterns incorporating both temporal and content 

constructs. It is necessary to establish what relationships exist between meal patterns and 

health to determine their role in complementing existing food-based dietary advice (10, 11). 

While advances have been made in the identification of and use of meal patterns in nutrition 

research, some limitations still exist. Current generic meal approaches do not account for 

the portion size of meals and consider only the food groups that make up those meals (30, 

31). In previous research, pre-existing food groups from non-meal-related research topics 

have been used rather than creating food groups for the specific research question at hand 

as previously suggested by Newby et al. (39). In addition, the generic meals identified in 

previous studies did not include information on portion size, i.e., all participants were 

assumed to have consumed the same portion size. To identify generic meals in those 

previous studies, the original meals consumed by individuals were grouped, using the 

frequent itemsets data mining method, based on whether they were similar with regard to 

the food groups that they contained; the similarity of the meals with regard to nutrient 

profiles was not considered (30, 31). Further investigation is required to overcome these gaps 

in meal pattern research to refine the analytical approach so that consideration is given to 

food groups specific to meal-patterns, portion sizes, and the nutrient profile of meals.  

Furthermore, to date different statistical techniques have been used to identify meal 

patterns. For example, latent class analysis (LCA) (32) and principal component analysis 

(PCA) (30, 31) have been used to identify content meal patterns, while clustering has been 

used to identify temporal and context meal patterns (24, 34) (Table 1.1). In the related field of 

dietary patterns, comparison studies and literature reviews have identified that, while 
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differences exist across studies, broadly speaking there is consistency in the type of dietary 

patterns identified when using different statistical techniques (4, 40-43). Despite this, however, 

no study has examined the extent to which the statistical approach chosen influences the 

outcome for meal pattern research. This type of comparison would yield important 

methodological insights, as has been done for the more frequently researched area of 

dietary patterns, where combinations of foods or food groups are used to describe intakes. 

This knowledge gap in meal patterns will need to be addressed to understand the strengths 

and limitations of this approach to dietary data analysis and whether it represents a feasible 

approach for future use in dietary intake studies, dietary intake assessment, and population 

or individual dietary recommendations. 

Finally, despite the progress that has been made in meal-based research in recent years, 

the identification of meal patterns still relies on traditional food-based methods of dietary 

intake assessment. For example, the meal pattern studies described above use a variety 

of methods to collect the dietary data that they use to identify meal patterns such as 24-

hour recalls (24, 27, 28) and diet records (30-33). No study has been identified that provides a 

meal-based method of dietary intake assessment capable of assessing content meal 

patterns. 

1.3 Assessing Dietary Intake  

In considering how to use dietary intake data to determine meal patterns it is important to 

reflect on the methods of assessment and their limitations. There are various well-

established methods used to assess dietary intakes, each with their own strengths and 

limitations. Objective methods include the duplicate diet method and the food consumption 

record. Subjective methods include the 24-hour recall (24HR), diet history, diet record (DR), 

and food frequency questionnaire (FFQ) (16, 18, 19) (Table 1.2).  

Objective methods of assessing diet(s) involve observation of an individual’s dietary intake 

by a trained researcher. Specifically, the duplicate diet approach involves collecting 

duplicate samples of each food or drink consumed, while the food consumption record 

involves observing individuals as they prepare and consume food and drink while recording 

intakes. These methods are considered more costly and time consuming than other 

methods and are therefore not used commonly in practice (16, 18, 19).  

Subjective methods (24HR, DR, and FFQ) rely on individuals themselves to provide the 

information about their own dietary intake. The 24HR involves an individual being 

interviewed regarding their dietary intake from the previous day or the preceding 24 hours 
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(18, 19). During a 24HR, detailed information is gathered regarding the foods and drinks 

consumed, brands of foods consumed, ingredients used, and cooking methods. Portion 

sizes are usually estimated based on common household measurements (such as 

tablespoons and cups etc.), standard measuring cups or spoons, food models, or food 

photographs (44, 45). The 24HR places a relatively low burden on participants, but the quality 

of the information gathered depends greatly on their ability to recall their intakes (18, 19). The 

diet history is a more detailed extension of the 24HR where participants are asked about 

their habitual dietary intake rather than solely their intakes in the preceding day (16, 46).  

The DR method for assessing intakes does not depend on recall ability, as participants are 

asked to record their own intakes at time of consumption, usually in the form of a food diary. 

Portion sizes are typically estimated based on common household measurements or by 

weighing of the individual foods of a meal. DRs are typically carried out for a duration of 

between 3 and 7 days. This method, however, places a high time and effort burden on 

participants for recording of information (47, 48). Due to the open-ended nature of the 24HR 

and DR a wide range of information can be collected from a wide range of individuals from 

differing cultures and with differing dietary habits. However, this also increases the time and 

effort required to collect, interpret, and analyse the information. Both methods focus on 

short-term dietary intake rather than habitual intake. Multiple recalls or records may be 

carried out to determine habitual intake, however, this is resource intensive and may 

influence participants’ intakes (19, 49) .  

A Food Frequency Questionnaire (FFQ) presents participants with a list of foods and/or 

beverages that are indicative of foods consumed and asks the respondent to select from 

pre-determined options how often and how much they ate of each item over a given time 

period. Being self-administered and containing closed questions, this method is considered 

relatively simple and resource efficient. However, these tools need to be developed and 

validated specifically for their intended use, as the purpose of the dietary assessment and 

the population whose dietary intakes are being assessed will influence the content of an 

FFQ (50-52) (Table 1.2). 

The choice of dietary intake assessment method, within any research, public health, or 

clinical use, must ultimately consider all features of the various methods while accounting 

for the purpose of dietary assessment and the resources and skills of both the participant 

and the researcher (53, 54). Even when these factors are considered, it is important to be 

aware of the limitations of the various methods and the data arising from them.  
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1.4 Limitations of Dietary Intake Assessment 

Whilst these methods are commonly used, and they provide important information for 

nutrition research, nutrition policy, and other areas, they all have known limitations. 

Subjective methods of dietary intake assessment are subject to both random and 

systematic error (19). Random error can be minimised through the use of adequate sample 

sizes and repeated measures. Systematic error, on the other hand, is more difficult to 

account for (55). Subjective methods of dietary intake assessment are thought to typically 

underestimate energy intake based on comparisons with doubly labelled water (DLW). The 

degree of underestimation varies according to the method, with a recent systematic review 

finding underestimates of between 11% to 41% for diet records, 8% to 30% for 24HRs, and 

4.6% to 42% for FFQs (56). The reasons for this are numerous and include, poor memory of 

intakes, difficulties estimating portion sizes, underreporting, undereating, and inaccuracies 

present in food composition databases (55).  

While underreporting is particularly prevalent for energy intakes, the assessment of intakes 

of other nutrients such as protein and potassium tend to be somewhat more accurate, with 

underestimates of protein intake of 5% have been reported for the 24HR and of 11% to 

22% for the FFQ (57). Underestimates of potassium intake of 0% to 4% being reported for 

the 24HR and 5% to 6% for the FFQ (58).  The values reported above refer to values that 

are not energy adjusted, i.e., they represent differences between the dietary assessment 

methods and urinary biomarkers for actual intakes of the nutrients and not the ratio of 

nutrient intake to energy intake. The 24HR and the FFQ tend to overestimate energy 

adjusted values of protein and potassium due to the underestimation of energy intake (57, 

58). 

In more recent years, the use of metabolomics is being considered to mitigate against some 

of the limitations associated with subjective methods of dietary intake assessment. The 

objective measurement of metabolites in saliva, blood, or urine can be used as biomarkers 

to estimate or benchmark dietary intakes of various nutrients, foods, food groups, or dietary 

patterns (59). However, the use of metabolites as biomarkers of dietary intakes also has 

limitations. A limited number of metabolites have a direct relationship with the absolute 

intakes of the nutrients for which they act as biomarkers; 24-hour urinary sodium, 

potassium, and nitrogen are well established and accurate biomarkers of intakes of sodium, 

potassium, and protein respectively (60). This is not the case, however, for other metabolites 

that have been investigated to date. A recent review identified 347 urinary metabolites 

reported for 67 different foods or food groups, indicating a lack of consensus on the most 

appropriate metabolites to act as biomarkers for many foods (61). Many of the metabolites 
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that have been identified are not specific to a single food group. For example, urinary 

hippurate has been identified as a biomarker for tea intake, fruit intake, vegetable intake, 

and cocoa intake (61).  One potential solution to improve specificity is to identify combinations 

of metabolites associated with intakes of particular foods or dietary patterns, however, this 

will give rise to a more labour intensive and costly process (60, 61). 

Given the high costs and the absence of sensitive and specific biomarkers for many foods 

and dietary patterns these methods are not suitable to replace existing methods of dietary 

assessment. Their value instead lies in their use as a complementary tool to those methods 

to validate or calibrate subjective measures of dietary assessment, or to estimate 

adherence to dietary interventions (59, 62, 63).  

1.5 Technology and Dietary Intake Assessment 

While the strength of using biomarkers may be in combination with existing methods, the 

use of digital technologies aims to reduce the cost and burden of dietary intake assessment 

and expand its potential reach (64). Advances in digital technology have allowed for FFQs, 

24HRs, and DRs to be adapted for use in computer-based, web-based, and mobile 

application formats, allowing large parts of the processes to be automated (Table 1.3). The 

approach of these methods is the same as their paper-based counterparts, but they are 

administered by computer technology rather than by a person (64). These digital formats 

show good agreement with their traditional counterparts with differences in estimated 

energy intake between the two formats ranging from 0% to 10%. Their accuracy as judged 

by comparison with DLW is also similar to that seen for the traditional methods; they also 

tend to provide underestimates of energy intake ranging from 6.4% to 36.3% (64).  

Despite being subject to similar error seen with the traditional methods discussed above, 

the digital methods have additional benefits including supporting automated or semi-

automated analysis and providing rapid feedback to users. These methods therefore are 

typically less resource intensive for researchers compared to manual methods (64-67). These 

new methods do, however, present their own unique challenges. Much of the burden for 

recording dietary intake using digital 24HRs and DRs is placed on the user (68). In order to 

record their own dietary intake, these methods require users to search through food lists 

derived from food composition tables and select the specific food they consumed. This step 

is then repeated for each food at each meal throughout the duration of the recording period 

(69).  
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One solution postulated to reduce the burden of data input is the use of image-based dietary 

assessment, i.e., the use of image recognition software to automatically identify foods and 

portions sizes from individuals’ photographs of their dietary intake (70-73). The complex 

process that facilitates this can be described in four broad steps. Firstly, the software 

segments the image to differentiate non-food from food items and to differentiate among 

the different food items present (74). Secondly, the individual food segments are then 

classified as one of the foods from a database. Thirdly, the portion size of the foods is 

estimated based on the estimation of their volume. Finally, the nutritional content of the 

meal is estimated by combining the information in the previous steps with the relevant data 

from a food composition database (74, 75).  

Accurately identifying foods from images using computer vision is challenging given the 

vast variety of foods in meals which is further complicated by the fact that some foods or 

ingredients may be hidden and that the same food can have different appearances in 

different contexts (74, 76). The accuracy of in correctly classifying food images has been 

reported to range from 54.7% to 93.0% (76) depending on the input variables used to train 

the image recognition algorithm, the number of foods that it is required to recognise, and 

the type of algorithm used. The most accurate methods are computationally intensive, 

require large datasets, high numbers of variables, and have long running times for training 

(74). The variable accuracy with these systems places the burden back on the user rather 

than on the technology (67, 70). During the classification and portion size estimation steps, 

the user will be prompted to review for accuracy and amend as necessary (70). The foods 

that are incorrectly identified must be amended by the user by searching through a food list 

manually. To date, all image-based dietary assessment methods have aimed to imitate the 

already existing paper-based methods by being food-based. That is, they aim to segment 

a meal and identify the individual food components of that meal. Consideration has not 

been given to meal-based dietary intake assessment in general or its potential role in 

image-based dietary intake assessment. 

1.6 Meal-Based Dietary Intake Assessment 

The traditional methods of dietary intake assessment, and their digital versions, aim to 

capture the most accurate information possible required for epidemiological studies. This 

detailed food-based approach is unlikely to be the most appropriate solution for 

personalised nutrition given the resources required and the burden for collection of data 

that is placed on the end user (20). A generic meal method similar to that that has previously 

been used in meal pattern analysis (30), but with portion size and a greater focus on nutrient 
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composition incorporated, could facilitate a meal-based approach to dietary intake 

assessment whereby individuals are presented with images of the generic meals for each 

meal type and choose the one that most represents their intake. While it unlikely that this 

approach could be used to provide point estimates of nutrient intakes, it is conceivable that 

it could categorise individuals based on whether their intakes were adequate, high, or low 

according to nutrient-based dietary guidelines (20). This approach of categorising intakes 

has previously been used to personalise the nutrition feedback messages that an individual 

receives following dietary assessment depending on whether they are adequate, high, or 

low consumers of certain nutrients (77).  

A meal-based approach need not exist in isolation from other methods of dietary intake 

assessment, but rather form part of a suite of methods used interchangeably to provide the 

best outcome for each user depending on their preferences and degree of motivation. While 

the more burdensome methods of dietary intake assessment may have a role to play in 

habit-forming during initial engagement with personalised nutrition technologies, allowing 

users to change from one dietary assessment method to another may aid in maintaining 

such engagement over a prolonged period (78). 

Despite the number of studies examining meal patterns increasing in recent years (22), only 

three have developed a meal-based method of dietary intake assessment rather than using 

existing food-based methods (25, 26, 79). Two of these methods, however, while simple to 

complete, only provide information on the meal types consumed and their timing and do not 

provide sufficient detail to determine the different combinations of foods being consumed 

in meals, the different combinations of meals being consumed over a day, or the nutrient 

intakes arising from that consumption (25, 26). The third method involves participants 

reporting the frequency of consumption of combinations of food groups and foods at 

specified meal types (breakfast, morning snack, lunch, afternoon snack, dinner, night 

snack). This approach does allow for the identification of meal patterns and nutrient intakes, 

but still requires individuals to report intakes at the food level (79). None of the previous 

studies, however, allow for the reporting of meal portion sizes or capture information from 

the previous 24 hours in the form of a recall. No study has been identified that allows 

individuals to record their dietary intakes at the meal level by reporting intakes of whole 

meals rather than individual foods or food groups. Further research is therefore required to 

determine the feasibility and accuracy of a meal-based method for dietary intake 

assessment.  

This thesis will aim to address the research gaps that have been highlighted in this 

introduction. Specifically, the lack of a critical review in the area of advanced statistical 
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techniques in meal pattern research; the absence of the use of portion sizes and nutrient 

profiles of meals when identifying generic meals; the lack of knowledge regarding 

comparability of different statistical techniques for identifying meal patterns; the limited 

information regarding relationships between content meal patterns and health; and the lack 

of a meal-based tool with which to collect dietary intake data. These gaps will be addressed 

through the following aims and objectives of this thesis. 

1.7 Aims 

To further develop statistical approaches to meal pattern analysis for use in a meal-based 

dietary intake assessment tool. 

1.8 Objectives 

1. Identify existing meal pattern research, research gaps, challenges, and 

opportunities.  

2. Refine the framework for identifying generic meals and meal patterns for use in 

dietary intake assessment. 

3. Identify relationships between adherence to identified meal patterns and health 

parameters.  

4. Develop new meal-based method of dietary intake assessment and compare with 

established method. 
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1.9 Tables 

Table 1.1: Summary of meal pattern studies and their findings. 

Study Population Meal Pattern 

Construct  

Meal Patterns 

Chau et al. (24) 

 

4,508 adults in 

Taiwan 

Temporal 5 patterns based on 

dietary intake during 6 

4-hour time periods. 

 

Englund-Ögge et 

al. (25) 

 

65,487 pregnant 

women in Norway 

Temporal 3 patterns based 

weekly frequency of 8 

meal types, e.g., 

breakfast, morning 

snack, lunch etc. 

 

Wilson et al. (26) 

 

1,304 adults in 

Australia 

Temporal 3 patterns based on 

dietary intake during 7 

time periods. 

 

Leech et al. (27) 5,242 adults in 

Australia 

Temporal 3 patterns based on 

dietary intakes in each 

hour of the day. 

 

Khanna et al. (28) 7,565 adults in the 

USA 

Temporal 4 patterns based on 

dietary intake at each 

hour of the day. 

 

Khanna et al. (28) 7,565 adults in the 

USA 

Temporal 4 patterns based on 

dietary intake at each 

hour of the day. 

 

Woolhead et al. 
(30) 

 

1,500 adults in 

Ireland 

Content 12 patterns based on 

combinations of foods 

consumed at each 

meal. 

 

Murakami et al. (31) 

 

242 adults in Japan Content 11 patterns based on 

combinations of foods 

consumed at each 

meal. 

 

Uzhova et al. (32) 

 

1,500 adults in 

Ireland 

Content 4 weekday and 3 

weekend patterns 

based on combinations 

of foods consumed at 

each meal. 
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Study Population Meal Pattern 

Construct  

Meal Patterns 

Hearty and 

Gibney (33) 

 

1,379 adults in 

Ireland and the UK 

Content Daily patterns not 

given. 10 food 

combinations (generic 

meals) identified that 

were likely to predict 

whether an individual 

was in the first or fifth 

quintile for the Healthy 

Eating Index. 

 

Riou et al. (34) 

 

2,994 adults in 

France 

Temporal and 

Context 

5 patterns based on 

number and location of 

meals, and activities 

and others present 

during meals. 
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Table 1.2: Summary of traditional methods of dietary intake assessment. 

Method Features Strengths  Limitations 

Objective methods 

Duplicate diet record Duplicate samples of each food 

and drink consumed are 

collected and analysed. 

• Does not rely on 

memory. 

• Food composition is 

specific foods consumed 

rather than averages 

from composition tables. 

• Costly, time-consuming, 

and resource intensive. 

• Provides limited information 

for meals consumed 

outside the home. 

• Intrusive for participant. 

 

Food consumption survey Individuals are observed while 

preparing and consuming food 

and this information is recorded.  

• Does not rely on 

memory. 

• Suitable for those with 

low literacy. 

 

• Costly, time-consuming, 

and resource intensive. 

• Provides limited information 

for meals consumed 

outside the home. 

• Intrusive for participants. 

 

Subjective Methods 

24-hour recall (24HR) Use of open-ended questions by 

a trained interviewer regarding 

dietary intake in the previous 24 

hours or previous day. 

• Can provide detailed 

dietary data. 

• Suitable for those with 

low literacy. 

• Relatively low participant 

burden. 

 

• Subject to recall bias, social 

acceptability bias, and 

interviewer bias. 

• Multiple recalls required to 

assess habitual intake. 
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Method Features Strengths  Limitations 

Diet history An extension of the 24-hour 

recall where the interviewer also 

asks questions about habitual 

intake. 

• Can assess habitual 

intake. 

• Suitable for those with 

low literacy. 

• Subject to recall bias, social 

acceptability bias, and 

interviewer bias. 

• Can be burdensome on 

participant given heavy 

reliance on both long-term 

and short-term memory. 

 

Diet record (DR) Use of open-ended questions in 

self-administered questionnaires 

often referred to as food diaries. 

• Not subject to recall bias. 

• Provides detailed dietary 

data. 

• No limited food lists. 

• High participant burden 

may lead to underreporting. 

• Relies on participant 

literacy and numeracy. 

• Multiple days required to 

assess habitual intake. 

 

Food frequency questionnaire 

(FFQ) 

Questionnaire with closed 

questions on predefined foods or 

food groups. 

• Can assess habitual 

dietary intakes. 

• Cost-effective and 

relatively resource 

efficient. 

• Low burden. 

• Relies on participant 

literacy and numeracy. 

• Specific to given research 

question. 

• Questionnaires must be 

carefully designed and 

validated. 

• Subject to recall bias. 
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Table 1.3: Summary and examples of digital methods of dietary intake assessment. 

Method Features Examples 

Food 

Frequency 

Questionnaire 

(FFQ) 

• The FFQ can be self-administered by the participant via a website or mobile app. 

• Participants choose from a list the food groups they consumed during the time 

period in question. They are then presented with follow up questions regarding 

portion size and frequency of intake. 

• Portion sizes can be based on household measures or food photographs. 

• Preliminary data analysis, such as estimated food group intakes, can be automated. 

 

• Food4Me (80) 

• Graphical Food 

Frequency System 

(GraFFS) (81) 

• Web-FFQ (82) 

24-Hour 

Recall 

• Can be self-administered by the participant via a website or mobile app. 

• The back end contains a food list with associated nutrient compositions. 

• Participants text search for the foods that they consume and select the most 

appropriate option from the search results. 

• Portion sizes can be based on household measures or food photographs. 

• Preliminary data analysis, such as estimated dietary intakes, can be automated. 

 

• Automated Self-

Administered 24-Hour 

Dietary Assessment 

Tool (ASA24) (83) 

• Foodbook24 (69) 

• Intake24 (84) 

Diet Record • Can be self-administered by the participant via a website or mobile app. 

• The back end contains a food list with associated nutrient compositions. 

• Participants text search for or scan the barcode of the foods that they consume and 

select the most appropriate option from the search results. 

• Portion sizes can be based on household measures or food photographs. 

• Preliminary data analysis and outputs, such as estimated intakes of food groups or 

nutrients, can be automated. 

• MyMealMate (MMM) 
(85) 

• Mijn Eetmeter (86) 
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1.10 Figures 

 

Figure 1.1: Visual representation of the three meal pattern constructs. 
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2.1 Chapter Overview 

This chapter provides an outline of the methodology for this thesis as a whole. The next 

section will cover the overall structure of the thesis, how it is laid out, how the various 

chapters are linked, and how they meet the objectives of the thesis. Subsequent sections 

will then provide more detailed methodological information on the data used in this thesis 

and on the individual chapters that follow, in addition to the methodological information 

provided in the subsequent chapters themselves. 

2.2 Structure of the Thesis 

The structure of the thesis is based on the overall research aim and objectives set out in 

the introduction (Chapter 1). Each of chapters 3 through to 7 contribute to achieving these 

research objectives as illustrated in Figure 2.1.  

Chapter 3 is a literature review of studies that have used advanced statistical techniques to 

identify meal patterns. The challenges and opportunities associated with the various 

techniques that were identified during this review were used to inform the subsequent work 

in this thesis in developing a meal pattern analysis technique that could be used for dietary 

intake assessment. It contributes to achieving objective 1 of the thesis: identify existing 

meal pattern research, research gaps, challenges, and opportunities.  

The findings from the review of statistical approaches in Chapter 3 were used to inform 

Chapter 4 which involved applying a new approach for the identification of generic, or 

characteristic, meals to the data from the National Adult Nutrition Survey (NANS) in Ireland. 

The generic meals that were identified as part of that work were then used to inform 

subsequent work (Chapter 7) on the development of a meal-based method of dietary intake 

assessment.  

Chapter 5 involves identifying content meal patterns (common combinations of generic 

meals consumed over a day) in a single dataset (the National Health and Nutrition 

Examination Survey (NHANES)) using the multiple statistical techniques identified in 

Chapter 3, in order to determine the relative comparability of those techniques when used 

on the same data, and to identify their relative strengths and weaknesses. Both Chapters 

4 and 5 achieved objective 2 of the thesis: refine the framework for identifying generic meals 

and meal patterns for use in dietary intake assessment.  

A single approach from those used in Chapter 5 was applied to the NHANES data in 

Chapter 6 to identify and describe the meal patterns that exist in the USA and to further 
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explore any relationships that exist between meal patterns and health. This chapter 

achieved objective 3 of the thesis: identify relationships between adherence to identified 

meal patterns and health parameters.  

While the work in the previous chapters involved using data that had previously been 

collected at the food level and analysing it in a meal-based way, Chapter 7 describes the 

development of a new method of dietary intake assessment that allows these data to be 

collected at the meal level in the first instance. The meals used in this chapter were those 

identified in Chapter 4. Chapter 7 achieved objective 4: develop new meal-based method 

of dietary intake assessment and compare with established method. 
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Figure 2.1: Overview of relationships between thesis aim, objectives, and chapters. 
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2.3 Datasets Used within the Thesis 

Three chapters in this thesis describe the secondary analysis of datasets that had 

previously been created by other research groups. Data from the National Adult Nutrition 

Survey (NANS) (1) were used in Chapter 4 and data from the National Health and Nutrition 

Examination Survey (NHANES) were used in Chapters 5 and 6 (2). Each of these are 

described below. 

2.3.1 National Adult Nutrition Survey (NANS)  

Data for NANS were collected between October 2008 and April 2010. Participants in NANS 

were aged between 18 and 90 years, were free-living, and not pregnant or breast feeding. 

The sample was representative of Irish adults with respect to age, gender, social class, and 

geographical location. Ethical approval for NANS was originally provided by University 

College Cork Clinical Research Ethics Committee of the Cork Teaching Hospitals (1). The 

Irish Universities Nutrition Alliance have previously published detailed procedures for all 

methods used in NANS (1). Food and nutrient intake data along with anthropometry and 

demographic data were used in this thesis and are described in brief in the sections that 

follow. 

2.3.1.1 Dietary Data 

Each participant completed a four-day weighed food diary. Prior to starting to record food 

intakes, a researcher visited each participant to provide training on how to complete the 

food diary and use the food weighing scales provided. Participants were also visited 24–36 

hours into the recording period to review the diary and clarify any queries they might have. 

One or two days after the recording period the participant was visited for the collection of 

the diary and a final review of clarity and completeness (1). Reported food intake data were 

converted to nutrient data using WISP© (Tinuviel Software, Anglesey, UK). The dataset 

used in this thesis consisted of a row for each food consumed by each participant over the 

course of the recording period. 

2.3.1.2 Anthropometry 

Height was measured using a stadiometer with a fixed vertical backboard and an adjustable 

head piece. Measurements were taken to the nearest 0.1cm with the participant’s head 

positioned in the Frankfurt Plane. Participants’ weight was measured in kilograms using a 

digital scale. Measurements were taken in duplicate to the nearest 0.1kg after participants 

had voided and were wearing light clothing without shoes. 
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2.3.1.3 Demographic Data 

Demographic data were collected using a questionnaire. Data on age and sex were used 

in this thesis. 

2.3.2 National Health and Nutrition Examination Survey (NHANES) 

Data for NHANES was collected during 2017 and 2018. Non-institutionalised civilian 

residents of the USA of all ages were included in the dataset, but only those aged greater 

than 18 years were included in the current thesis. NHANES was approved by the National 

Center for Health Statistics Ethics Review Board (2). Detailed procedures for the methods 

used to collect data and take measurements in NHANES are given by the Centers for 

Disease Control and Prevention (CDC) (2). Food and nutrient intake data, along with 

anthropometry and body composition data, demographic and health data were used in this 

thesis and are described in brief in the sections below.  

2.3.2.1 Dietary Data 

Each participant completed two 24-hour recalls (24HR); these were conducted by trained 

interviewers in person for the first recalls and over telephone for the second recalls using a 

standardised process. The dataset used in this thesis consisted of a row for each food 

consumed by each participant over the course of the recording period. The nutrient 

composition of the foods reported in the 24HRs are from the food and nutrient database for 

dietary studies (FNDDS) 2017-2018 (3).   

2.3.2.2 Anthropometry and Body Composition 

Height was measured using a stadiometer with a fixed vertical backboard and an adjustable 

head piece. The participant was instructed to stand straight against the backboard with the 

head, shoulder blades, buttocks, and heals making contact with the backboard. 

Measurements were taken to the nearest 0.1cm. Participants’ weight was measured in 

kilograms using a calibrated digital scale. Participants wore a standard examination gown 

consisting of a disposable shirt, trousers, and slippers. Participants were instructed to stand 

on the centre of the scale, with their hands at their sides, and looking straight ahead. 

Measurements were taken to the nearest 0.1kg. Waist (abdominal) circumference 

measurements were taken on participants’ bare abdomen with their hands placed on 

opposite shoulders. The measurements were taken at the point of the uppermost lateral 

border of the right ilium of the pelvis, and the measuring tape extended horizontally around 

the waist from that point. Hip (buttocks) circumference measurements were taken around 

the maximum protuberance of the buttocks when viewed from participants’ right side. Both 
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measurements were taken to the nearest 0.1cm at the end of a normal exhalation from the 

participant. Percentage body fat was estimated using dual energy x-ray absorptiometry 

(DXA) using the Hologic Discovery A fan beam x-ray bone densitometer. Participants were 

positioned lying flat on the table in alignment with the centre lines markings, with a straight 

chin, legs positioned together, feet relaxed, and toes pointed upwards; arms were 

positioned straight by participants’ sides with palms facing down and separated from the 

torso (2). 

2.3.2.3 Clinical Measurements and Biochemistry 

Prior to blood pressure measurement, participants rested quietly in a seated position for 

five minutes. Three blood pressure measurements were then taken with one minute gap 

between each one. The mean blood pressure value of the three measurements was used 

in the current thesis. Measurements were taken on the bare upper right arm unless there 

were any specific conditions that did not allow for this, in which case the left arm was used. 

The Omron IntelliSense Blood Pressure Monitor (Model: HEM-907XL) was used to take the 

blood pressure measurements.  

For biochemical measurements, a fasting questionnaire was administered prior to 

venipuncture to confirm fasting status. For fasting samples, participants are asked to fast 

for nine hours. Venipuncture was performed on the median cubital, cephalic, or basilic veins 

of the left arm unless unsuitable, in which case the right arm was used. If that was 

unsuitable, then veins in the left forearm or dorsal side of the left hand were considered, 

and if that was unsuitable, the right forearm/hand was considered. The vacutainer blood 

collection device and blood tubes at room temperature were used to draw the blood. The 

samples used for plasma glucose were collected in sodium fluoride tubes and measured 

with a UV in vitro test using the Roche/Hitachi Cobas C System (c311). The samples used 

for serum total cholesterol and HDL were collected in EDTA or heparin tubes and measured 

photometrically using the Roche/Hitachi Cobas 6000 Chemistry Analyser. LDL Cholesterol 

was not measured directly but calculated using the Friedewald equation (2). 

2.3.2.4 Demographics 

Demographic data were collected using a questionnaire. Data on age and sex were used 

in this thesis. 
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2.4 Chapter 3. Meal Pattern Analysis in Nutritional Science: Recent 

Methods and Findings 

This chapter encompasses a review which examines the advanced statistical methods that 

have been used to date in meal pattern research. Given the limited research in this area, 

the chapter takes the form of a narrative review, allowing a broader focus and discussion 

rather than defining a narrow research question in this area of limited research. It also 

allowed consideration to be given to both qualitative and quantitative aspects of meal 

pattern research regarding the types of statistical methods, meals, the meal patterns 

themselves and the relationships between meal patterns and diet quality or health 

outcomes.  

While the overall approach taken was that of a narrative review, a systematic approach was 

applied to searching the literature for meal pattern research. Pubmed, Web of Science, and 

Google Scholar databases were searched using the following terms: meal pattern, meal 

assessment, meal intake, meal coding, and food combination. Studies were limited to those 

in the English language and conducted in humans. Pubmed and Web of Science searches 

were conducted on 28th of February 2020 and the Google Scholar search was conducted 

on 2nd March 2020. All searches were limited to publications published in the preceding ten 

years. A total of 1731 publications were identified (340 from Pubmed, 791 from Web of 

Science, and 600 from Google Scholar), reducing to 1328 when duplicates were removed. 

Only six publications remained after titles, abstracts, and full texts were reviewed in a 

stepwise process to limit the results to publications in which meal patterns were identified 

and defined, in which data-driven advanced statistical techniques were used, and in which 

participants were aged 18 years or older. Four further publications were identified from the 

references of the initial six, and a further three publications were included that were follow-

on studies of some of the initial 10 publications, e.g., publications investigating relationships 

between the meal patterns identified in the initial study and diet quality or health.  

Within the chapter, the statistical methods used for meal pattern research were described 

and compared, the meal patterns and any associations with diet quality or health were 

reported, and the overall strengths, limitations, and gaps in the literature were also 

discussed. Subsequent chapters aimed to address some of the gaps in the literature and 

research questions identified and raised within this review. 
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2.5 Chapter 4. A Clustering Approach to Meal-Based Analysis of Dietary 

Intakes Applied to Population and Individual Data 

A new approach to meal-based analysis was developed for the purpose of this thesis. This 

method was based on the research gaps identified in the literature review in Chapter 3, and 

previously applied methods by Woolhead et al. (4).  

In general, content meal patterns are identified in three broad steps. Firstly, foods are 

grouped into food groups; secondly, foods within meals are replaced with the food groups 

to which they belong, and these meals are grouped into generic meals (i.e., typical or 

characteristic meals); thirdly, participants are grouped based on their meal patterns (the 

combinations of generic meals that they consume) (Figure 2.2).  

This chapter describes details of the first two steps in that process, i.e., determination of 

food groups and generic meals. This work was carried out on the dietary intake data from 

NANS, as outlined in section 2.3.1.1 above.  

 

 

Figure 2.2: Conceptual overview of the three-step process for identifying meal patterns. 

 

2.5.1 Step 1. Food Groups 

In this step, foods reported in the dietary survey were grouped into one of 6 groups within 

the Irish food pyramid (namely vegetables, salad, and fruit; cereal, bread, pasta, potato, 

and rice; milk, yogurt, and cheese; meat, poultry, fish, eggs, beans, and nuts; fats, spreads, 

and oils; and foods high in fat, sugar and/or salt) (5). Individual foods within these broad food 

groups were then further grouped using k-means clustering, grouping foods based on how 
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similar they were regarding their nutrient density for 12 different nutrients (6), as described 

below Section 2.5.1.1.  

To describe the approach, it is important to consider two aspects of the development of the 

clustering approach in this and subsequent chapters. Firstly, the input variables and 

secondly, the number of clusters to select in the analysis.  

2.5.1.1 Input Variables 

Clustering is a data analysis technique that groups observations (in this case food items) 

into groups, or clusters, in such a way that the features (or variables; in this case the 

nutrients of interest within the food items) of the foods within a given cluster are more similar 

to each other than to the food items in the other clusters (7). Within the analysis for this 

chapter, the features (or input variables) used were 12 nutrients in the previously validated 

nutrition quality index, the Nutrient Rich Foods (NRF) Index (8). Thus, the variables used for 

clustering were protein, fibre, vitamin A, vitamin C, vitamin E, calcium, iron, magnesium, 

potassium, saturated fat, added sugar, and sodium (Table 2.1).  

Different variations of input variables were tested (Table 2.2) in the current thesis before 

concluding to use the variables listed in Table 2.1. The different variations were based on 

the different combinations of nutrients tested for use in the NRF index by Fulgoni et al. (8). 

This was based on clustering foods in the “vegetables, salad, and fruit” section of the food 

pyramid four separate times, once for each of the different input variables based on either 

the NRF6.3, NRF9.3, NRF11.3, or NRF15.3. An analysis of variation (ANOVA) was carried 

out on each clustering solution comparing the mean nutrient content of the different 

clusters. One of the nine input nutrients differed among all clusters when nutrients from the 

NRF6.3 were used, seven of the 12 input nutrients differed among all clusters when 

nutrients from the NRF9.3 were used, eight of the 14 input nutrients differed among all 

clusters when nutrients from the NRF11.3 were used, and three of the 18 input nutrients 

differed among all clusters when nutrients from the NRF15.3 were used.  The use of the 

nutrients from NRF9.3 gave rise to the greatest variation among clusters (food groups) 

relative to the number of input variables used, and therefore it was those 12 nutrients that 

were chosen for the purpose of grouping foods. The original NRF index study also 

considered expressing nutrients in units of either per 100g or per 100kcal (8). Both options 

were also tested using the foods from the “vegetables, salad, and fruit” section of the food 

pyramid in the current thesis. The use of units per 100g gave rise to outlier foods whereby 

some food groups only contained a single food or two foods. Therefore, units per 100kcal, 

was  chosen to achieve more balanced food groups, and variables were z-standardised 

prior to clustering (6). 
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Table 2.1: An overview of the statistical methods and input variables used at each step of the process for identifying meal patterns. 

 Description and Statistical Method Input Variables 

Step 1 

Food Groups 

Similar foods are grouped together into food 

groups using k-means clustering. 

Each food had a value for the following variables used in the clustering. 

All variables were z-standardised. Their original units are given below. 

  • Protein (g/100kcal) 

• Fibre (g/100kcal)  

• Vitamin A (µg/100kcal) 

• Vitamin C (mg/100kcal)  

• Vitamin E (mg/100kcal) 

• Calcium (mg/100kcal) 

 

• Iron (mg/100kcal) 

• Magnesium (mg/100kcal) 

• Potassium (mg/100kcal) 

• Saturated fat (g/100kcal) 

• Added sugar (NANS) or total 

sugar (NHANES) (g/100kcal) 

• Sodium (mg/100kcal) 

 

Step 2 

Generic Meals 

Similar individual meals characterised using 

food groups (Step 1) are grouped together 

into generic meals using partitioning around 

the medoids clustering.  

 

 

 

 

Each meal had a value for the following variables used in the clustering. 

• NRF9.3 score  

• Binary variables: 

o NANS: 15 binary variables indicating for each group whether 

it was present/absent in the meal. 

o NHANES: 23 binary variables indicating for each food group 

whether it was present/absent in the meal. 

 

Step 3 

Meal Patterns 

The following three statistical approaches 

were used and their outputs compared. 

• PAM clustering 

• Principal component analysis 

• Latent class analysis 

Clustering and PCA: Each person had a numerical variable for each 

generic meal indicating %TEI and a binary variable for each meal type 

indicating consumption/non-consumption. 

 

LCA: Each person had a categorical variable for each meal type 

indicating which generic meal was consumed and binary for 

consumption/non-consumption of each meal type. 
LCA, latent class analysis; NANS, National Adult Nutrition Survey; NHANES, National Health and Nutrition Examination Survey; PAM, partitioning around the medoids; PCA, 
principal components analysis.
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Table 2.2: The various combinations of nutrients trialled for inclusion as input variables to 

the clustering when creating food groups.  

NRF 

Model 

Macronutrients  Vitamins   Minerals  Nutrients to 

Limit 

NRF6.3 Protein, Fibre  A, C  Ca, Fe  

Saturated Fat, 

added sugar or 

total sugar, Na. 

(Same for all 

models) 

NRF9.3 Protein, Fibre  A, C, E  Ca, Fe, Mg, 

K 

 

NRF11.3 Protein, Fibre  A, C, E, B12  Ca, Fe, Mg, 

Zn, K 

 

NRF15.3 Protein, Fibre, 

monounsaturated 

fat 

 A, C, D, E, 

B1, B2, B12, 

folate  

 Ca, Fe, Zn, K  

Adapted from Fulgoni et al. (8). NRF, nutrient rich foods. 
 

2.5.1.2 Number of Clusters 

When carrying out k-means clustering it is necessary to determine the number of clusters 

in advance of the analysis. Within this thesis the number of clusters was chosen by applying 

a statistically driven approach whereby 24 different validity indices (methods of choosing 

clusters) were used to determine the number of clusters to be applied to the data. Using 

this approach, the number of clusters that was most frequently proposed among the indices 

was chosen as the number of clusters for the analysis (9). For two of the food pyramid groups 

(cereal, bread, potato, pasta and rice and milk, yogurt, and cheese), the clustering solution 

arising from the most frequently proposed number of clusters led to some clusters 

containing only two or three foods. In these instances, the next most frequently chosen 

value for cluster number was used. The range of possible values assessed for cluster 

number was from 2 to 10 inclusive. A list of the indices used are given in Supplementary 

Table 2.1.  

Foods that did not have a specific group in the food pyramid were not clustered but 

considered as individual food groups. These were alcoholic beverages, non-alcoholic 

beverages, and miscellaneous foods such as sauces, dips, and dressings. The fats, 

spreads, and oils group was not further split using clustering given the small number of 

foods in this group (n = 36). In total there were 12 food groups identified through clustering 

and the 3 remaining groups above that do not appear in the food pyramid. These 15 food 

groups were then used to derive generic meals as described below. 

In summary, within this step of the process, foods were grouped firstly according to their 

grouping in the Irish food pyramid (5). Within these groupings, clusters were created using 

k-means clustering to group foods that were similar with regard to their nutrient content. It 
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was these clusters that defined the food groups that were used in the next step to identify 

generic meals.  

2.5.2 Step 2. Generic Meals 

Following the k-means clustering to determine the 15 food groups, individual foods listed 

within each meal, reported by participants, were replaced with the food group to which they 

belonged. For example, cornflakes reported in a breakfast meal would be replaced with 

“cereals”, and low fat milk replaced with “milk and yogurt (and non-dairy alternatives)”. 

Individual meals were then defined by the food groups that now made up each meal, 

meaning that for each food reported in a given meal, the food group to which it was assigned 

was used to represent that food, instead of the individual food item.  

Following this substitution of food groups in place of foods in the meal, an NRF9.3 score (8) 

was calculated for each individual meal as an indicator of nutritional quality. The score was 

calculated based on 9 nutrients to encourage (protein, dietary fibre, calcium, iron, 

potassium, magnesium, and vitamins A, C, and E) and 3 nutrients to limit (saturated fat, 

added sugar, and sodium), as described previously. For each of these nutrients the quantity 

of the nutrient per 100kcal present in each meal as a percentage of reference intakes (RIs) 

was calculated. RIs were derived from Regulation (EU) No 1169/2011 (10) where available. 

Those that were not available in that regulation (dietary fibre and added sugar) were instead 

derived from EFSA (European Food Safety Authority) (11) (Table 2.3). The percentage of 

RIs were limited to 100% to avoid over valuing meals, as has been applied previously (8, 12-

14). The percentage RI scores for the nutrients to encourage were summed, as were the 

scores for the nutrients to limit. The nutrients to limit score was subtracted from the nutrients 

to encourage score to give an overall NRF9.3 score for each meal. The added sugar 

contents of foods were estimated using a 10-step process developed by Louie et al. (15). 

Thus, at the end of this part, the meals were represented by combinations of food groups 

and a meal NRF9.3 score. 
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Table 2.3: The nutrient values used as reference intakes when calculating the nutrient rich 

foods index (NRF9.3) for generic meals in the NANS and NHANES datasets. 

Nutrient Reference Intakes Comments 

 NANS NHANES  

Protein 50g 50g  

Fibre 25g 28g  

Vitamin A 800µg 900µg  

Vitamin C 80mg 90mg  

Vitamin E 12mg 15mg  

Calcium 800mg 1300mg  

Iron 14mg 18mg  

Magnesium 375mg 420mg  

Potassium 2000mg 4700mg  

Saturated fat 20g 20g  

Added sugar 50g N/A Based on 10% of energy from a 2000kcal 

diet with an energy to mass conversion 

factor of 4. 

 

Total sugar N/A 90g  

Sodium 2400mg 2300mg NANS values based on value for salt of 6g 

converted to sodium using a factor of 2.5. 
Values used in NANS were from Regulation (EU) No 1169/2011 (10) with the exception of added sugar which 
was from EFSA (European Food Safety Authority) (11). Values used in NHANES were from United States Food 
and Drug Administration (16) with the exception of total sugar which was from Regulation (EU) No 1169/2011 
(10). NANS, National Adult Nutrition Survey; NHANES, National Health and Nutrition Examination Survey. 

 

Partitioning around the medoids (PAM) clustering was then used to group meals based on 

how similar they were with respect to the food groups they contained and their nutrient 

profiling score (NRF9.3) (8). Within each meal type (breakfast, lunch, dinner, snacks, and 

beverages), and separately for meals consumed on weekdays and weekends, the 

individual meals were grouped/clustered using PAM clustering which allows for clustering 

based on both numerical and categorical variables (17, 18). In the NANS dataset the meal 

types were condensed to five meal types for this analysis: breakfast (comprising of 

breakfast), light meals (“light meal (lunch)” and “light meal (evening meal)”), main meals 

(“main meal (lunch)” and “main meal (evening meal)”), snacks (“morning snack”, “afternoon 

snack”, “evening snack”, and “night snack”), and beverages (“alcoholic beverage” and “non-

alcoholic beverage”). The input variables used to cluster were the NRF9.3 score for each 

meal and 15 binary variables indicating for each of the 15 food groups whether it was 

present or absent in the meal (Table 2.1). As with k-means clustering, PAM clustering also 

requires that the number of clusters is specified before clustering. The same approach 

described in Section 2.5.1.2 was taken. The range of values assessed for the number of 

clusters in the data was between 4 and 15 inclusive.  
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After PAM clustering, groups of similar meals were grouped together and each group of 

meals (cluster) was given a descriptive food-based name and a nutrient composition as 

follows: 1) the name was based on the foods and food groups that commonly occurred in 

the grouped meals (e.g., potatoes, beef/ham, and vegetables) and 2) the nutrient 

composition was the mean composition in units per 100g of the grouped meals. This meal 

is referred to as a generic meal. A list of the generic meals with their food-based 

descriptions and examples of portion sizes and nutrient content are given in Supplementary 

Table 2.2.  

Before calculating mean nutrient content and portion size of these generic meals (described 

below), meals contained within these clusters but considered to be outliers (based on 

energy and/or micronutrient content) were removed in a two-step process as described 

previously by Woolhead et al. (4). Firstly, meals that contained greater than 1.5 times the 

interquartile range for total energy content were removed. For example, one participant 

consumed a meal containing roast potatoes, mixed vegetables, breaded fish, cheese, four 

glasses of wine, and two pints of stout which provided 2188kcal. This was greater than the 

upper value for inclusion of 1988kcal, therefore this meal was not included when calculating 

the mean nutrient content or portion sizes for that generic meal. Secondly, meals that 

contained greater than 10 times the mean for any micronutrient were removed. For 

example, one participant consumed a meal containing 568g of milk, 104g of reduced fat 

cheddar cheese, and 208g of white bread which provided 2273mg of calcium. This was 

greater than the upper value for inclusion of 1966mg of calcium, therefore this meal was 

not included when calculating the mean nutrient content or portion sizes for that generic 

meal. Once outliers were removed, the weight in grams for the individual meals in each 

generic meal, were used to determine generic portion sizes. Each generic meal was 

assigned 7 generic portion sizes. These portion sizes were determined for a given generic 

meal by ordering each of the individual meals by weight and dividing the meals into 

sevenths. The median weights of each seventh were assigned as the generic portion sizes 

for that meal (6). Examples of portion sizes for different generic meals are given in 

Supplementary Table 2.2. 

2.5.3 Comparison of Generic Meal Intakes with Food-Based Intakes 

To determine if the process of identifying and using generic meals to estimate reported 

intake is accurate, estimates of mean daily nutrient intakes were calculated using both the 

original food-based data and generic meal-based data and were compared with each other. 
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All analysis was carried out using R version 4.0.3 (19) in the RStudio integrated development 

environment (version 1.3.1093) (20). Mean nutrient intakes arising from the food-based and 

generic data were compared using a paired t-test. To account for the multiple testing of 

energy and 30 nutrients, a Bonferroni-adjusted α of 0.05/31 was considered for statistical 

significance, i.e., P values of < 0.002 were considered statistically significant. The nutrients 

compared between the two datasets included fat, saturated fat, monounsaturated fat, 

polyunsaturated fat, protein, carbohydrate, total sugars, added sugars (all of which were 

compared using both gram amounts and in terms of % total energy intake (TEI)), dietary 

fibre (g), calcium (mg), iron (mg), potassium (mg), phosphorous (mg), sodium (mg), total 

vitamin A (µg), retinol (µg), carotene (µg), vitamins C (mg), D (µg), E (mg), B12 (µg), and 

folate (µg).   

The correlation of nutrient intakes between the two datasets was examined using 

Spearman correlation coefficients. Nutrient intakes in both datasets were divided into 

quartiles. This allowed for the calculation of the proportion of individuals who remained in 

the same quartile in both datasets (exact agreement), the proportion who were classified in 

the same or adjacent quartiles (exact agreement + adjacent), the proportion who were 

classified two quartiles apart (disagreement), and the proportion who were classified three 

quartiles apart (extreme disagreement). Bland-Altman analysis was carried out whereby 

the mean difference between the two datasets and the limits of agreement (mean difference 

± 1.96SD) for each nutrient were calculated. It is expected that ≥ 95% of observations will 

fall within the limits of agreement for comparable methods (21). 

Finally, participants were classified, separately for both datasets, according to nutrient-

based dietary guidelines (22-24). For example, they were classified whether their nutrient 

intakes were low, adequate, or high according to those guidelines. The nutrients assessed 

included protein, carbohydrate, fat, monounsaturated fat, polyunsaturated fat, saturated fat, 

salt, dietary fibre, calcium, iron, folate, thiamine, riboflavin, vitamins A, B12, and C. The 

proportion of individuals who were classified into the same category in both datasets was 

calculated for each nutrient. 

2.6 Chapter 5. A Comparison of Statistical Approaches in the Derivation of 

Meal Patterns 

Once the process to identify food groups and generic meals in the NANS dataset was 

finalised in Chapter 4, the next step, as described in Chapter 5, was to identify meal 

patterns, i.e., the common combinations of generic meals consumed over a day. Given the 

data-driven nature of the approach taken, a different dataset was used to determine the 
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applicability of the approach to a dataset other than the one in which it had been developed. 

The dataset used was the dietary intake dataset from NHANES.  

As a new dataset was being used, the two steps (food groups and generic meals) described 

in Chapter 4 were repeated on NHANES data to identify generic meals in that cohort. Some 

small adjustments to the process were required to accommodate differences between the 

NANS and NHANES datasets, as described below.  

After having identified generic meals in NHANES, the third step was to identify meal 

patterns, i.e., combinations of generic meals being consumed. Three different statistical 

methods were used to identify meal patterns and their outputs compared: clustering, 

principal component analysis (PCA), and latent class analysis (LCA), as described in 

Section 2.6.3 below.  

2.6.1 Step 1. Food Groups 

Foods listed within the reported dietary recalls were grouped based on the five groups used 

in the USA dietary guidelines (fruit, vegetables, grains, protein foods, and dairy) (25). Foods 

that did not belong in any of those groups were assigned to one of the following five groups: 

foods high in fat, sugar, or salt; fats and oils; non-alcoholic beverages; alcoholic beverages; 

and other. This gave rise to 10 food groups in total before clustering was applied. K-means 

clustering was then applied to each of the 10 food groups separately to create subgroups 

containing foods that were most similar to each other with regard to nutrients listed within 

the Nutrient Rich Foods (NRF9.3) (Table 2.1).  

As with the analysis of the NANS dataset, when carrying out k-means clustering it was 

necessary to determine the number of clusters in advance. In NANS the number of clusters 

was chosen by applying 24 different indices used to determine the number of clusters to 

the data and choosing the number of clusters that was most frequently proposed among 

the indices (9). The range of possible values assessed for cluster number was from 2 to 10 

inclusive in NANS; however, given that the highest number of clusters identified in NANS 

food groups was 3, the range of possible values assessed for cluster number in the 

NHANES dataset was from 2 to 8 inclusive. The reduced the computing power and length 

of time required to run the analysis on the larger NHANES dataset. The other aspects of 

the clustering were the same as those carried out in the NANS dataset. 

The clustering of the non-alcoholic beverages group resulted in unbalanced clusters with 

very small numbers of foods in some clusters (i.e., 151 foods in one cluster and 10 in the 

other), so this group was split into energy containing and energy free non-alcoholic 

beverages instead of clustering. This was also the case for the “other” food group in which 
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clustering also resulted in unbalanced clusters (i.e., 300 in one cluster and 10 in the other). 

This group was, therefore, not split further. Given that the alcoholic beverages group only 

had 76 beverages and that alcohol was not one of the substances used as an input variable 

for the clustering, it was decided that this group would not be further split. 

Fats and oils were not clustered, instead their original three subgroups from the FNDDS 

were kept: animal fats; margarines; and dressings and vegetable oils (3). This was due to 

the low number of foods in the group and the unbalanced clusters that arose  (i.e., 42 in 

one cluster, 13 in another cluster, 2 in the other cluster). It was deemed appropriate to keep 

the manual groupings in this case to allow for some distinction in the polyunsaturated fat 

content of meals that contained these groups. Poor agreement was found for 

polyunsaturated fat when comparing nutrient intakes from generic meal intakes with those 

from the food-based data in previous research (4) and in the previous chapter using NANS 

data. In the NHANES dataset there was a final number of 23 food groups after the clustering 

was complete (Table 2.1). 

2.6.2 Step 2. Generic Meals 

Like the analysis in the NANS dataset, in the NHANES dataset, the meals were next defined 

based on the food groups they contained, i.e., the individual foods reported by the 

participants were replaced by the food group to which that food belonged. Unlike the NANS 

dataset, intakes were not split based on whether they occurred on a weekday or a weekend. 

This was because in the NHANES dataset, each participant completed two 24HRs as 

opposed to the four-day diet records completed in NANS. As a result, some participants 

had dietary records for two weekdays, some had two weekend days, and others had a mix. 

For that reason, it was decided not to split meal intakes based on whether they had been 

consumed on a weekday or weekend day. Instead, meals were split based on whether male 

or female participants had consumed them. This would also create the potential to examine 

differences in meal patterns based on sex as differences in dietary intake based on sex 

have been identified in relation to nutrient intakes (26) and dietary patterns (27).   

As previously, meals were also split according to meal type. In the case of the NHANES 

dataset these were condensed to five meal types for the purpose of this analysis: breakfast 

(comprising breakfast, desayuno, and amuerzo), lunch (lunch, comida, and brunch), dinner 

(dinner, supper, and cena), snack (snack, merienda, entre comida, botana, bocadillo, 

tentempie, and extended consumption), and beverages (drink and bebida). These 

categorisations were based on previous methods from the literature (28-31). 
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Partitioning around the medoids (PAM) clustering was applied separately to each meal 

type, allowing similar meals in each meal type to be grouped. Similarity was based on 24 

variables: 23 binary variables, each one representing one of the food groups and indicating 

whether that food group was present or not in the meal, and a single numeric value, namely 

the NRF9.3 index score (8) for each meal, which was used as an indication of the nutritional 

quality of the meal. The NRF9.3 was calculated in the same way as it was for the NANS 

dataset described previously in Section 2.5.2; however different reference intakes were 

used for the NHANES calculations. These were from the United States Food and Drug 

Administration (16) with the exception of total sugar which was from Regulation (EU) No 

1169/2011 (10) because a value for total sugar was not provided by the United States Food 

and Drug Administration (16) (Table 2.3). In the NHANES dataset values for total sugar were 

used instead of added sugar because time constraints meant it was not possible to carry 

out the systematic process used in NANS to estimate the added sugar content of foods. 

The studies describing original development of the NRF9.3 score indicated that either 

added sugar or total sugar could be used (8, 32). 

As with k-means clustering, PAM clustering also requires that the number of clusters is 

specified before clustering. The same approach described in the Section 2.6.1 was taken. 

The range of values assessed for the number of clusters in the data was between 4 and 15 

inclusive. Descriptions, nutrient content, and portion sizes of generic meals were defined in 

the same way as in the NANS dataset as described above (Section 2.5.2). 

2.6.3 Step 3. Meal Patterns 

Meal patterns refer to the combination of generic meals consumed over the course of the 

day. This section describes how the generic meals identified using the methods described 

in the previous section (2.6.2) were analysed to determine the meal patterns that were 

present in the NHANES dataset. The purpose of Chapter 5 was to use three different 

methods of identifying meal patterns and comparing the patterns that arise from the 

different methods. The three methods used were PAM clustering, PCA, and LCA. 

Therefore, it was important to ensure that the structure and content of the input datasets 

were as similar as possible among the methods. However, given the different ways in which 

the methods work, it was not possible to have an identical structure for the input datasets 

for all methods, and some of the variables were adapted to suit the statistical method being 

used. The methods and variables used are described in the sections that follow and in 

Table 2.1. 
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2.6.3.1 Step 3a. Clustering 

Five different variations of clustering were considered and compared, prior to selecting the 

approach to be used in this chapter. The approaches considered differed from each other 

in one or more of three ways: the type of data used as input variables to the clustering, the 

clustering method applied, and the distance measure used in the clustering (which 

determines how different individual observations are from each other and how different 

individual clusters are from other clusters). A summary of the different variations of 

clustering trialled are given in Table 2.4. The chosen method corresponds to method 3 in 

Table 2.4 and was chosen as the approach for use in Chapter 5. This PAM clustering 

method was used to identify groups of participants with similar intakes of generic meals, 

i.e., meal patterns. The input variables were the mean percentage of total energy intake 

(%TEI) that each participant consumed from each generic meal over the two days’ recall 

data, and five binary variables indicating whether or not the participants consumed each of 

the five meal types (breakfast, lunch, dinner, snacks, beverages) (Table 2.1). This method 

was chosen because it showed greatest variation among the clusters (meal patterns) and 

therefore best serves the purpose of identifying meal patterns that are distinct from one 

another. This variation was based on this method having the largest range of median energy 

intakes across the clusters and the largest number of non-negligible effect sizes for 

differences among clusters across 40 nutrients. 
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Table 2.4: The different variations of clustering trialled to identify meal patterns. 

 Input Data Values Clustering 
Method 

Clustering Distance 
Metric 

1 Each participant had a %TEI value from each 

of the generic meals. 

K-means Euclidean 

 

2 

 

Each participant had a %TEI value from each 

of the generic meals. 

PAM Spearman correlation 

3 Each participant had a series of numerical 

values and a series of binary values. 

• The numerical values were %TEI from 

each of the generic meals.  

• The binary values indicated whether or 

not each of the 5 meal types were 

consumed.  

PAM 

 

 

  

Gower 

4 Binary indicating the consumption, or not, of 

each of the generic meals. 

PAM Gower 

5 Categories based on participants’ %TEI 

values from each of the generic meals: 

• Category 1: 0% 

• Category 2: >0% and <15% 

• Category 3:  ≥15% and < 30% 

• Category 4: ≥30% 

PAM  Gower 

PAM, partitioning around the medoids; %TEI, % total energy intake.  
 

2.6.3.2 Step 3b. PCA 

While the PAM clustering algorithm described in the previous section (2.6.3.1) is suitable 

for analysing datasets containing both numeric and binary variables, PCA is only suitable 

for numeric data. To allow for the inclusion of binary data in the PCA dataset, the use of 0 

to define non-consumption of a meal type and 1 to define consumption of a meal type was 

considered. In this scenario, however, the %TEI values (scaled to between 0 and 1) from 

the generic meals had no influence on the resulting meal pattern solution which was instead 

dominated by the binary variables. The reason for this was that while the proportion of total 

energy intake arising from each of the generic meals could in theory could range from 0 to 

1, in reality, they  ranged from 0 to 0.89. Even when only assessing meals that had a value 

greater than 0, their median was 0.13. Therefore, the use of 1 in the binary variable to 

indicate consumption of a given meal type far outweighed any of values representing the 

proportion of TEI arising from any individual generic meal. To avoid the situation where only 

the binary variables were contributing to the meal pattern solution, 0 was used to indicate 

non-consumption and the median value of 0.13 was used to indicate consumption which 

ensured that both the numeric and the binary variables contributed to the final solution.  
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2.6.3.3 Step 3c. LCA 

LCA is suitable for use with categorical data, so the inclusion of binary variables was not 

an issue. The change that was required for LCA was that it could not include the numeric 

variables that were used in clustering and PCA, i.e., the %TEI each participant consumed 

from each of the generic meals. Instead, the dataset used for LCA included both a 

categorical variable and a binary variable for each meal type. The categorical variables 

contained the data on which generic meal the participant consumed for that meal type, e.g., 

for the categorical breakfast variable a participant may have consumed generic breakfast 

1, generic breakfast 2, etc. The binary variables were the same as those used in the 

previous methods, i.e., an indication of consumption or non-consumption of each meal type. 

The other difference that arose with LCA was that there are two observations for each 

participant representing the two days of dietary recall. For the other methods, it was 

possible to calculate the mean %TEI arising across the two days of dietary recall giving rise 

to only one observation per participant, but this was not possible with the categorical data 

required for LCA. 

2.6.4 Comparison of Methods 

A number of approaches were taken to compare the meal patterns that were identified by 

the statistical methods described above. Firstly, the number of meal patterns identified by 

each of the methods were compared. The number of meals per day, the presence of meal 

skipping, and the different meal types consumed in the different meal patterns were also 

compared. Each meal pattern was defined in terms of the top two most commonly 

consumed generic meal at each meal type. The number of meal types that the meal 

patterns from different methods had in common was calculated.  

2.7 Chapter 6. An Exploratory Analysis of Meal Patterns and their 

Relationships with Health: Findings from the NHANES Cohort 

Given its ability to handle both numeric and binary data and identify meal patterns in which 

certain meal types were not consumed, the meal patterns identified in the previous chapter 

(Chapter 5) using the clustering approach were used in Chapter 6. The clustering used in 

the previous chapter had assigned each individual to a meal pattern. In Chapter 6 the 

relationships between adherence to certain meal patterns and nutrient intakes, 

demographics, and health parameters were explored. 
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To compare the variables, they were plotted on parallel plots with a different line on the plot 

for each meal pattern. This allowed for the visual representation and exploration of trends 

that exist in the variables of interest. The variables were z-standardised prior to plotting to 

allow multiple variables with different units to be plotted on the same axes. Specifically, the 

variables that were examined were participants’ overall dietary quality as indicated by the 

Nutrient Rich Foods index (NRF9.3); intakes of energy (kcal), sugar (g), fat (g), MUFA (g), 

PUFA (g), SFA (g), dietary fibre (g), calcium (mg), iron (mg), sodium (mg), vitamin D (µg); 

age (years); BMI (kg/m2); waist-to-hip ratio; body fat (%); systolic blood pressure (mmHg); 

diastolic blood pressure (mmHg); fasting glucose (mmol/l); total cholesterol (mmol/l); HDL 

Cholesterol (mmol/l); and LDL Cholesterol (mmol/l). This involved comparing these 

variables among the different meal patterns and was completed separately for males and 

females.    

Given the exploratory approach of this chapter, confirmatory statistics and p-values were 

not used. In the data from the male participants, for example, the 13 meal patterns would 

give rise to 78 pairwise comparisons and comparing multiple variables among those 13 

meal patterns would increase the total number of comparisons further. While corrections 

could be made for multiple comparisons, given the large number of comparisons involved, 

it would result in a very small significance level and therefore provide little meaningful 

information to aid interpretation. In the context of comparing health outcomes across 

different meal patterns, the use of p-values could give rise to false confidence in the 

interpretation of the results. In order to quantify the uncertainty around the medians, 

confidence intervals were calculated. 

2.8 Chapter 7. Dietary Intake Assessment Using a Novel Generic Meal-

Based Recall and a 24-Hour Recall: A Comparison Study 

In this chapter a new generic meal-based method of dietary recall was compared with the 

established 24HR. The meal-based recall involved participants being presented with a 

series of meal images, separately for each meal type, and asked to choose the meal image 

that was most similar to the meal that they consumed for that meal type, as described 

below. The meal images were based on the generic meals identified from the NANS data 

described in Chapter 4. The Human Research Ethics Committee, University College Dublin 

granted ethical approval to conduct this study (LS-21-64-OHara-Gibney). 
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2.8.1 Participant Recruitment and Eligibility 

The target sample size was 160 participants based on a previous review of comparisons 

between digital and paper-based 24HRs which found a range of sample sizes from 53 to 

167 (33). There were no studies on meal-based methods of dietary assessment on which to 

base the sample size. Recruitment was carried out using local radio, local newspaper, 

posters, social media, and word of mouth. While participation in the study was restricted to 

those living in Ireland, the remote web-based nature of the study allowed participants to 

take part from any part of the country. Two interviews were completed on local radio to 

assist with the recruitment of participants, one took place on the 7th of February 2022 on 

Ocean FM and the other took place on the 18th of February on Midwest Radio. An article 

also appeared in the newspaper The Sligo Weekender on the 7th of April under the heading 

“Volunteers sought for online study”, describing the study and providing information as to 

how participants can find out more information. Posters (Appendix 1) were distributed 

throughout UCD’s Belfield campus and were also used on social media. An article was also 

published on RTÉ Brainstorm (34) providing information more generally about dietary intake 

assessment and also specific details about the study to encourage participation. People 

were eligible to take part if they were over 18 years of age, were fluent in English, had 

regular access to the internet, and were not current or former students of a degree in 

nutrition or dietetics. 

2.8.2 Overview of Study Design 

All those interested in taking part were directed to the study webpage which was created 

on Qualtrics® XM. Participants could read the participant information sheet including 

contact details for the researchers and complete the eligibility screening questionnaire 

(Appendix 2) to take part in the study via the webpage. Those who were eligible were then 

automatically directed to complete an online consent form to provide electronic informed 

consent.  

Participants who were deemed eligible to take part and provided consent, were contacted 

by email providing details on the next steps of the study and the links to the two web-based 

dietary intake assessment tools (the 24HR and the generic meal-based recall). A crossover 

design was used with regard to the order in which participants completed the recalls. 

Participants were randomised to complete one or other of the two methods first, and then 

complete the second method at least 3 hours later on the same day. Participants were also 

randomised as to whether they would recall a weekday or a weekend day. Two weeks after 

having completed the first set of recalls, participants completed the recalls again in the 
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reverse order to which they were completed on the first occasion, followed by the 

completion of the evaluation questionnaire (Figure 2.3).  

 

 

Figure 2.3: Overview of study design used for comparison between the generic recall and 

the 24-hour recall (24HR). 

2.8.3 Overview of the Generic Meal-Based Dietary Recall 

The meal-based dietary intake assessment method was administered using Qualtrics® XM, 

a web-based platform for questionnaires. Prior to completing the dietary intake assessment, 

participants provided information on their sex, age, weight, and height via an online 

questionnaire. Participants were then asked to select the meal types they consumed on the 

previous day from the following list: breakfast, morning snack, lunch, afternoon snack, 

evening meal, evening snack, and beverage (for beverages consumed alone without food). 

For each meal type selected, participants were presented with a series of images of generic 

meals that are associated with that meal type and asked to choose the meal image that 
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was most similar to the meal that they consumed. For each selected meal, participants were 

asked to choose from three different images of that meal, each representing a different 

portion size, and then asked to select whether the chosen image was smaller than the 

chosen portion, the same size as the portion chosen, or larger than the portion chosen. For 

beverages, participants were asked to choose from three different images of that beverage 

representing three different portion sizes and then asked to select the number of those 

portion sizes that they consumed. For each meal type, participants could choose the option 

that none of the images presented were representative of their intake for that meal type, 

e.g., “none of the above options are similar to what I ate for breakfast”. If participants 

selected this option, a box appeared to enter a free text description of what they consumed 

for that meal. This allowed the researchers to determine whether a suitable generic meal 

could have been chosen or whether there was in fact no matching generic meal. 

The images of generic meals presented to participants were based on the generic meals 

identified from the NANS data in Chapter 4, the methods for which are described above 

(Section 2.5). Of the 63 generic meals identified in that chapter, 31 were consumed during 

the week and 32 during the weekend (6); there was, however, overlap between weekday 

and weekend meals. That is, some weekday meals were the same as the weekend meals. 

When these duplicates were removed, participants were presented with 43 meal images: 5 

breakfasts, 5 snacks (repeated for morning, afternoon, and evening snacks), 10 lunches, 

19 dinners, and 4 beverages.  

The generic meal images were created by preparing the meals and taking photographs of 

them. To determine what foods to include in the photographs, the food groups that 

appeared in more than 50% of the individual meals in a given generic meal were examined. 

The most frequent foods appearing in each of those food groups were included in the 

photograph of that generic meal. For example, one of the breakfast generic meals 

contained one food group that appeared in more than 50% of the individual meals in that 

generic meal. That food group was the breads, oats, pasta, and rice group, and the most 

frequently occurring foods were bread and porridge which were included as the photograph 

representing that meal. Three photographs, representing three different portion sizes were 

taken of each generic meal. As described in Section 2.5.2 above about Chapter 4, each 

generic meal had seven portion sizes assigned by ordering each of the individual meals by 

weight and dividing the meals into sevenths based on septile values for meal weight. The 

median weights for each seventh were assigned as the generic portion size for that meal. 

The nutrient composition for each of the portion sizes was calculated using the meal weight 

for that portion and the generic meal nutrient composition (6). Within the generic meal recall 

presented in Chapter 7, the second, fourth, and sixth portion size were used as the three 
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portion size images shown to participants, with the options asking whether the image 

chosen was smaller, the same, or larger than that consumed allowing participants to be 

categorised as consuming the first, third, fifth, or seventh portion size for a given meal.  

2.8.4 24-Hour Recall 

Participants completed their 24HRs using a validated web-based self-administered 24HR 

tool called Foodbook24 which follows the multi-pass recall method (35-37). Participants first 

chose the meal types that they consumed from the following list: breakfast, morning snack, 

lunch, afternoon snack, evening meal, and evening snack with the option to add additional 

snacks. For each of the selected meal types, participants added the foods and beverages 

they consumed at those meal types by text-searching from the food list using a search bar. 

Portion size was then reported based on the number of the food or beverage items 

consumed and/or from portion size photographs as appropriate. Participants were then 

presented with the list of foods they had recorded for review, before being presented with 

a list of commonly forgotten foods. The food list contained food composition data from 

McCance and Widdowson’s The Composition of Foods Integrated Dataset 2021 with some 

additions relevant to dietary intakes in Ireland. The development of Foodbook24 and its 

food list is described in detail elsewhere (35, 37).  

2.8.5 Statistical Analysis 

All analysis was carried out using R version 4.2.2 (19) in the RStudio integrated development 

environment (version 2022.07.2+576) (20). Data from the 24HRs were used to identify 

participants likely to be mis-reporters of energy intake, based on a ratio of estimated energy 

intake to basal metabolic rate (EI:BMR) using the BMR equations from Henry (38). Based on 

the Goldberg equations (39), an EI:BMR less than 0.96 was deemed indicative of under-

reporting, with a ratio greater than 2.49 indicative of over-reporting. The analysis presented 

in Chapter 7 includes all participants, given the negligible differences observed when mis-

reporters were removed. 

The Shapiro-Wilk test was used to determine whether the differences in the variables 

between methods were normally distributed and confirmed with visual inspection of 

histograms. Wilcoxon’s signed rank test was carried out to compare nutrient intake 

estimates arising from the web-based 24HR with estimates arising from the generic meal-

based recall. Wilcoxon’s effect size r was calculated. An effect size of ≥ 0.1 and < 0.3 was 

considered small, ≥ 0.3 and <0.5 was considered moderate, and ≥ 0.5 was considered large 

(40). Bland–Altman analysis was also carried out whereby the mean difference between the 
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two datasets and the limits of agreement (mean difference ± 1.96 SD) for each nutrient 

were calculated. The correlation of nutrient intakes between the two methods was assessed 

using Spearman rank correlation coefficients. A correlation coefficient of <0.20 was 

considered poor correlation, a coefficient of ≥0.20 and <0.50 was considered acceptable 

correlation, and a coefficient of ≥0.5 was considered good correlation (41).  

Cross-classification of quartiles was performed for all nutrients assessed. That is, nutrient 

intakes from both methods were divided into quartiles to determine the proportion of 

participants who remained in the same quartile for both methods (exact agreement), the 

proportion who were classified in the same or adjacent quartiles (exact + adjacent), the 

proportion who were classified 2 quartiles apart (disagreement), and the proportion who 

were classified 3 quartiles apart (extreme disagreement). Participants were also classified, 

separately for both methods, according to nutrient-based dietary guidelines (22-24). For 

example, they were classified as to whether their nutrient intakes were low, adequate, or 

high according to those guidelines. The nutrients assessed were those deemed to be of 

public health relevance and included protein, carbohydrate, fat, monounsaturated fat, 

polyunsaturated fat, saturated fat, salt, dietary fiber, calcium, iron, folate, thiamin, riboflavin, 

and vitamin C. The proportion of individuals who were classified into the same category 

based on both methods was calculated for each nutrient. 

2.8.6 Evaluation Questionnaire 

On completion of the study, participants were asked to complete an evaluation 

questionnaire giving their opinions on whether the meals presented in the meal-based 

dietary intake assessment tool were representative of what they consume, to rate the clarity 

and ease of use of the tool, and whether they preferred that tool to the food-based tool 

(Appendix 3).  
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2.10 Supplementary Material 

Supplementary Table 2.1: The 24 indices used in determining the number of clusters in 

the clustering steps of identifying meal patterns. 

Index Interpretation 

KL Max value 

CH Max value 

Hartigan Max difference between hierarchy levels of index 

CCC Max value 

Scott Max difference between hierarchy levels of index 

Marriot Max value of second differences between levels of the index 

TrCovW Max difference between hierarchy levels of index 

TraceW Max value of second differences between levels of the index 

Friedman Max difference between hierarchy levels of index 

Rubin Min value of second differences between levels 

Cindex Min value 

DB Min value 

Silhouette Max value 

Duda Smallest number of clusters such that index > critical value 

Beale Number of clusters such that critical value ≥ alpha 

Ratkowsky Max value 

Ball Max difference between hierarchy levels of index 

Ptbiserial Max value 

McClain Min value 

Dunn Max value 

Hubert Graphical method: cluster number where a peak occurred on the 

second differences plot. 

SDindex Min value 

Dindex Graphical method: cluster number where a peak occurred on the 

second differences plot. 

SDbw Min value 
Information on the interpretation of the various indices was adapted from Charrad et al. (9). 
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Supplementary Table 2.2: The generic meals identified in the National Adult Nutrition Survey dataset. 

Time of 

Week 

Meal 

Type 

Food-Based Description  Portion Sizes in Grams  Nutrient content per 100g 

 P2 P4 P6  Energy 

(kcal) 

Total 

Fat 

(g) 

Protein 

(g) 

Carbohydrate 

(g) 

   
         

Weekend Breakfast Bread/toast with fat spread, tea with 

milk, eggs, sausages, rashers, and 

pudding 

 371.5 515.0 747.0  89.2 4.0 3.8 9.1 

Weekend Breakfast Bread/toast, with fat spread and 

marmalade/jam. Tea with milk and 

sugar. 

 338.0 480.0 678.0  84.2 3.0 2.3 12.3 

Weekend Breakfast Bread/porridge, tea with milk, and 

fruit juice/whole fruit 

 379.0 567.5 845.0  61.1 1.8 2.2 9.5 

Weekend Breakfast Cereal with tea and milk  251.5 425.0 593.5  74.9 1.4 2.8 13.4 

Weekday Breakfast Toast or porridge  136.5 259.0 462.0  112.9 4.1 3.8 15.7 

Weekday Breakfast Bread/toast with fat spread and 

jam/marmalade, tea with milk and 

sugar. 

 340.0 458.0 649.0  74.1 2.7 2.2 10.5 

Weekday Breakfast Bread or porridge, tea with milk, and 

fruit juice/whole fruit 

 457.0 619.0 881.5  49.7 1.3 1.8 8.1 

Weekday Breakfast Cereal with milk and tea  275.0 443.0 630.0  72.2 1.3 2.7 12.9 

Weekend Beverage Spirits or lager with cola or red bull  250.0 467.5 915.0  57.0 0.5 0.0 8.0 

Weekend Beverage Lager/stout  378.0 662.5 1665.0  41.5 0.0 0.3 1.2 

Weekend Beverage Milk and tea/coffee  245.0 275.0 332.0  11.2 0.4 0.6 1.4 

Weekend Beverage Water  250.0 366.0 628.0  0.0 0.0 0.0 0.0 
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Time of 

Week 

Meal 

Type 

Food-Based Description  Portion Sizes in Grams  Nutrient content per 100g 

 P2 P4 P6  Energy 

(kcal) 

Total 

Fat 

(g) 

Protein 

(g) 

Carbohydrate 

(g) 

            

Weekday Beverage Coffee/tea with milk and sugar  255.0 284.0 330.0  23.0 0.4 0.4 4.7 

Weekday Beverage Water  225.0 330.0 568.0  0.0 0.0 0.0 0.0 

Weekday Beverage Tea and milk  232.0 262.0 315.0  7.2 0.3 0.5 0.6 

Weekday Beverage Lager/stout  375.0 637.5 1148.0  48.0 0.0 0.2 1.7 

Weekend Light 

meal 

Sandwich with bread, 

mayonnaise/dressing, meat with veg 

and tea with milk 

 509.0 631.0 846.0  69.0 3.0 3.5 7.3 

Weekend Light 

meal 

Sandwich with bread, fat spread, 

meat/eggs, tea and milk 

 378.0 500.0 741.0  98.2 4.7 4.3 9.4 

Weekend Light 

meal 

Bread and soup and fruit  235.0 383.5 648.0  126.5 5.3 5.2 14.1 

Weekend Light 

meal 

Sandwich with bread, cheese, ham, 

and tea 

 295.5 440.5 715.0  122.8 5.8 5.8 11.9 

Weekend Light 

meal 

Sandwich with fat spread and meat, 

with biscuit/chocolate, tea, and milk 

 406.0 528.0 744.5  95.3 3.6 3.6 12.4 

Weekend Light 

meal 

Biscuits/chocolate/cake with tea and 

milk 

 318.0 486.0 713.0  84.8 3.8 2.6 10.5 

Weekday Light 

meal 

Sandwich with bread, fat spread, 

eggs, sausages, and bacon, with tea 

and milk and sugar 

 403.5 527.0 679.0  106.4 4.9 4.0 11.6 

Weekday Light 

meal 

Bread, fat spread, with banana, and 

tea with milk 

 458.0 635.0 853.5  69.5 2.6 2.5 9.4 
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Time of 

Week 

Meal 

Type 

Food-Based Description  Portion Sizes in Grams  Nutrient content per 100g 

 P2 P4 P6  Energy 

(kcal) 

Total 

Fat 

(g) 

Protein 

(g) 

Carbohydrate 

(g) 

            

Weekday Light 

meal 

Bread with chicken and water  350.0 544.0 757.0  110.8 5.4 5.5 9.9 

Weekday Light 

meal 

Ham sandwich with tea and milk  365.0 479.5 709.0  88.3 3.1 4.9 10.6 

Weekday Light 

meal 

Bread with soup and/or whole fruit  243.0 380.0 620.0  109.0 4.2 4.0 13.6 

Weekday Light 

meal 

Sandwich with bread, 

mayonnaise/dressing, meat with veg 

and water 

 417.0 588.0 853.0  89.3 3.9 4.8 9.0 

Weekday Light 

meal 

Sandwich with bread, cheese, fat 

spread, ham, with tea and milk 

 400.0 515.0 710.0  110.1 5.1 4.6 11.9 

Weekday Light 

meal 

Tea and milk with 

biscuit/chocolate/cake 

 321.0 469.0 676.0  83.3 3.5 2.6 10.5 

Weekend Main 

meal 

Potatoes with beef, veg, tea, milk, 

and sweet dessert 

 770.5 1062.0 1268.5  82.1 3.3 4.8 8.3 

Weekend Main 

meal 

Bread/rice with chicken curry /stir fry  518.0 794.5 1123.0  90.4 2.9 5.4 10.1 

Weekend Main 

meal 

Chips/potatoes with meat and tea  507.5 678.0 943.0  97.8 4.8 4.7 8.8 

Weekend Main 

meal 

Potatoes, ham/beef, green veg, and 

water 

 595.0 825.0 1109.0  71.8 3.1 5.3 5.8 

Weekend Main 

meal 

Potatoes, beef, gravy, carrots, and 

green veg 

 404.0 621.0 861.0  101.9 4.6 6.8 8.5 
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Time of 

Week 

Meal 

Type 

Food-Based Description  Portion Sizes in Grams  Nutrient content per 100g 

 P2 P4 P6  Energy 

(kcal) 

Total 

Fat 

(g) 

Protein 

(g) 

Carbohydrate 

(g) 

            

Weekend Main 

meal 

Potatoes, beef, veg, gravy, water  637.0 909.0 1241.0  79.5 3.6 4.7 6.8 

Weekend Main 

meal 

Potatoes with chicken, veg, and 

water 

 651.0 867.0 1175.5  62.5 2.1 4.9 6.6 

Weekend Main 

meal 

Bread with fat spread, ham, egg, 

onions, coleslaw, tea and milk 

 641.0 834.0 1007.0  99.6 4.8 4.5 8.8 

Weekend Main 

meal 

Potatoes/chips, beef, veg, sugar-

sweetened beverage 

 498.0 715.5 935.5  121.1 5.2 6.3 11.9 

Weekend Main 

meal 

Bread, rice/spaghetti, sauce, 

chicken, pulses, veg, and water 

 577.5 817.0 1082.0  84.3 3.5 4.9 8.3 

Weekend Main 

meal 

Potatoes, beef/bacon/ham, 

vegetables, biscuit, tea, and milk 

 691.0 893.5 1159.5  77.5 3.2 4.4 7.4 

Weekend Main 

meal 

Bread with meat, tea, milk, and 

biscuits 

 596.0 771.0 1108.0  107.5 4.9 4.7 11.2 

Weekend Main 

meal 

Rice/bread/pizza with beef/poultry 

dish 

 345.5 546.5 853.5  150.4 6.3 6.7 14.6 

Weekend Main 

meal 

Potatoes with peas and meat  348.0 571.0 825.0  119.8 5.0 7.6 10.6 

Weekday Main 

meal 

Bread, beef dishes, tea, milk, and 

sugar 

 533.0 740.0 1041.0  98.6 4.2 4.7 10.3 

Weekday Main 

meal 

Potatoes, meat/fish, and veg  430.0 604.5 877.5  101.1 4.4 6.5 8.7 

Weekday Main 

meal 

Potatoes, chicken, peas  382.0 570.5 790.0  106.1 3.9 7.7 10.7 
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Time of 

Week 

Meal 

Type 

Food-Based Description  Portion Sizes in Grams  Nutrient content per 100g 

 P2 P4 P6  Energy 

(kcal) 

Total 

Fat 

(g) 

Protein 

(g) 

Carbohydrate 

(g) 

            

Weekday Main 

meal 

Rice/pasta/bread, meat products, 

beg, sauce, and water 

 594.0 822.5 1083.0  88.4 3.9 4.7 8.3 

Weekday Main 

meal 

Rice/pasta, chicken dishes, water  541.5 764.0 1025.0  80.7 2.5 5.4 9.3 

Weekday Main 

meal 

Rice/pasta/bread, chicken/fish, veg, 

tea, milk, sugar, chocolate 

 682.0 835.0 1036.0  86.8 3.2 4.4 10.1 

Weekday Main 

meal 

Potatoes, chicken/fish, veg, water, 

tea, milk 

 663.0 897.0 1097.0  62.9 2.1 4.9 6.5 

Weekday Main 

meal 

Rice/pasta/bread, beef/chicken  347.0 525.0 776.5  138.6 5.7 7.1 13.7 

Weekday Main 

meal 

Potatoes, beef/ham, veg  702.0 909.0 1163.0  90.1 4.0 4.7 9.1 

Weekday Main 

meal 

Chips/potatoes, 

fish/beef/bacon/chicken, water 

 527.0 716.0 979.0  99.3 4.7 5.2 9.3 

Weekday Main 

meal 

Potatoes, beef/fish/chicken  565.0 782.0 1043.0  76.4 3.3 5.1 6.7 

Weekend Snack Bread/scone with fat spread and tea 

with milk 

 295.5 398.0 546.0  96.2 3.9 3.3 12.4 

Weekend Snack Biscuit/chocolate with tea and milk  252.0 312.0 403.0  52.1 2.1 1.3 7.4 

Weekend Snack Biscuit/chocolate with water  66.0 267.0 522.0  154.5 6.8 2.1 21.8 

Weekend Snack Piece of fruit  112.5 250.0 480.0  86.3 3.2 1.8 12.5 

Weekday Snack Biscuits/chocolate  40.0 128.5 363.0  233.9 10.8 4.1 31.1 
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Time of 

Week 

Meal 

Type 

Food-Based Description  Portion Sizes in Grams  Nutrient content per 100g 

 P2 P4 P6  Energy 

(kcal) 

Total 

Fat 

(g) 

Protein 

(g) 

Carbohydrate 

(g) 

            

Weekday Snack Bread with fat spread and tea and 

milk 

 301.0 383.5 527.0  92.0 3.7 2.9 12.0 

Weekday Snack Biscuits/chocolate and tea and milk 

and sugar 

 247.0 307.0 393.0  50.6 2.1 1.3 7.2 

Weekday Snack Fruit and water  140.0 274.5 519.0  32.9 0.4 0.5 7.3 

Seven portion sizes were calculated for each generic meal; three are given in the table as examples, i.e., the second (P2), f ourth (P4), and sixth (P6) portion sizes are given.  
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3.1 Abstract 

There is a scarcity of dietary intake research focusing on the intake of whole meals rather 

than  focusing on the nutrients and foods of which those meals are composed. This growing 

area of research has recently begun to utilise advanced statistical techniques to manage 

the large number of variables and permutations associated with these complex meal 

patterns. The aim of this narrative review was to evaluate those techniques and the meal 

patterns they detect. The ten observational studies identified used techniques such as 

principal component analysis, clustering, latent class analysis, and decision trees. They 

examined meal patterns under three categories: temporal patterns—relating to the timing 

and distribution of meals; content patterns—relating to combinations of foods within a meal 

and combinations of those meals over a day; and context patterns—relating to external 

elements of the meal such as location, activities while eating, and the presence or absence 

of others. The most common temporal meal patterns were the three meals per day pattern, 

the skipped breakfast pattern, and a grazing pattern consisting of smaller but more frequent 

meals. The three meals per day pattern was associated with increased diet quality 

compared to the other two patterns. Studies identified between seven and twelve content 

patterns with limited similarities between studies and no clear associations between the 

patterns and diet quality or health. One study has simultaneously examined temporal and 

context meal patterns, finding limited associations with diet quality. No study has 

simultaneously examined other combinations of meal patterns. Future research that further 

develops the statistical techniques required for meal pattern analysis is necessary to clarify 

the relationships between meal patterns and diet quality and health. 
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3.2 Introduction 

Suboptimal dietary intake is known to contribute to the global burden of chronic non-

communicable diseases, including cardiovascular disease, type 2 diabetes, and certain 

cancers (1). The accurate assessment of food intake is an essential element of identifying 

such diet–disease associations and developing advice to support appropriate change of 

dietary behaviours (2). Traditionally, diet-disease epidemiological studies have focused on 

linking disease or risk of disease with individual nutrients or foods, with a focus in more 

recent decades to examining the links with dietary patterns (i.e., the combinations of foods 

consumed habitually that represents the diet as a whole) (3-7). These approaches reveal 

valuable insights and have contributed to the development of both nutrient and food-based 

dietary guidelines (8). Yet, unlike a meal-based approach, they do not consider foods 

consumed in combination as part of a meal, the distribution or number of those meals over 

a day, or the context in which those meals are consumed (9, 10).  

A focus on meal level information in the examination of dietary links to disease risk may 

improve the provision of meal-based dietary advice and enhance existing food-based 

dietary guidelines, with practical benefits for individuals relating to meal planning and 

preparation (10). Furthermore, it has been proposed that a meal-based approach may be 

more appropriate for personalised nutrition using internet and mobile technology by 

reducing user burden with regard to data input and supporting meal-based personalised 

dietary feedback and advice (11).  

Research of meal patterns to date has primarily focused on relatively simple statistical 

approaches based on frequencies; for example, the total number of meals per day (12, 13), 

the percentage of meals consumed in certain locations with the presence or absence of 

other people (14, 15), and the percentage of meals that contained certain food groups or 

combinations of food groups without considering daily patterns (16, 17). However, these 

approaches cannot simultaneously capture the multiple variables that define meal patterns 

such as those relating to the timing, distribution, content, and context of meals (18-20). 

More recently studies have applied advanced statistical data mining techniques to the 

concept of meal patterns. These techniques can better capture the complexity that is 

inherent within dietary intake datasets, while incorporating the many variables that are 

required for meal pattern analysis (10, 21). Despite the recent growth in their use, no review 

of these techniques as they apply to meal patterns has yet been published.  

The objectives of this review are to firstly provide a brief conceptual and theoretical overview 

of advanced statistical techniques, as they apply to meal pattern analysis; and secondly to 
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critically review the research that has employed these techniques, examining the meal 

patterns identified and their associations with diet quality and health, while noting gaps in 

the literature that warrant further research.   

3.3 Overview of Statistical Techniques 

Meal pattern analysis is the identification of patterns that emerge from measured dietary 

intake variables such as the temporal aspects of meals, their content, and the context in 

which they are consumed. Individuals are then grouped with those who have similar 

patterns (10, 17).  

The statistical approaches used in meal pattern analysis reduce an interminably vast 

number of possible patterns—arising from various combinations of foods, times, or contexts 

related to a given meal—to a smaller number that are representative of those found in the 

sample population (22). This smaller number of patterns can be investigated for associations 

with diet quality or health (18). The statistical approaches used in meal pattern analysis to 

date include principal component analysis (PCA), clustering, latent class analysis (LCA), 

and decision trees (9, 18-20, 23-28). This section provides an overview of the underlying 

principles of these approaches as they relate to meal pattern analysis, summarised also in 

Table 3.1. There are a number of statistical techniques that have been used in preliminary 

steps to the above-mentioned techniques; however, as these preliminary steps were not 

intended to identify the meal patterns themselves, they are not discussed in this section. 

Before discussing each individual method, it is important to note that there are considerable 

differences in the datasets used for the meal pattern analyses discussed in this review, and 

the methods chosen to collect the data are typically driven by the research question at hand 

and the feasibility of collecting the required data. The structure of the data used for such 

analysis can influence the approach taken and as such it is worth considering here before 

detailing the statistical techniques themselves. Several methods can be used to collect food 

intake data, for example diet records, recalls, and questionnaires. Diet records and recalls 

(e.g., 4-day food diaries or 24-hour recalls (24HRs)) collect information about each 

individual food or ingredient consumed over a specified time period (29, 30). Portion sizes may 

be determined by estimates based on common household measures or photographs. 

Alternatively, in the case of diet records, foods may be weighed before consumption (29, 30). 

Each observation in the dataset represents an individual participant and an individual food 

consumed by that participant with associated information for the quantity of food consumed, 

its nutrient content, and the time and meal type at which it was consumed. There will be 

multiple observations for each participant representing the multiple foods consumed over 



 

CHAPTER 3     |     Page 67 
 

the course of the recording period. The nutrient content of these foods can then be summed 

to give the total nutrient intake per day for each individual or as a mean intake for the sample 

population. When multiple days of food intake are recorded the mean daily nutrient intake 

for individuals or for the sample population can be calculated (29, 30).  

On the other hand, questionnaires used in meal pattern analysis do not focus on individual 

foods consumed by participants, but rather on the meals themselves. The exact approach 

varies depending on the research question. For example Englund-Ögge et al. (23) asked 

participants to report the number of times they consume different meal types (e.g. breakfast, 

lunch, dinner) per week, Wilson et al. (24) asked participants to report whether they 

consumed certain meal types (nothing, snack, large meal, small meal) within certain time 

periods in the previous 24 hours, and Riou et al. (28) asked participants to report the number 

of meals they consume and the time at which they are consumed. While these approaches 

allow for the investigation of the temporal aspects of meal patterns, they do not allow for 

the investigation of the content of those meals which would require data arising from 

approaches such as diet records or recalls.   

3.3.1 Principal Component Analysis 

Principal component analysis (PCA) is a common statistical technique used to determine 

variation and uncover patterns in any dataset (22). It is specifically a dimension reduction 

method, whereby the number of dimensions in a dataset is equal to the number of variables 

in that dataset (22). The aim of the analysis is to reduce the number of dimensions by creating 

indices (i.e., weighted summations) of correlated variables. This reduction allows us to keep 

the variables which are most important in explaining the variance in the dataset (22) (Table 

3.1).  

Let us consider its use in meal pattern analysis. Using PCA to investigate population-based 

meal patterns, Woolhead et al. (9) examined the percentage energy contribution to overall 

energy intake from 63 meals (the variables) consumed in a national food consumption 

survey conducted in Ireland. These meals were defined by the food groups of which they 

were composed, thus allowing for the examination of meal patterns based on the content 

of meals rather than solely the timing or distribution of intakes over a given time period. 

Each participant had an observed percentage energy value for each of the variables 

(meals). Hypothetically, the percentage energy values for two of the meals could be plotted 

in a two-dimensional space such as a scatterplot to examine the relationships between 

them. However, to examine the full dataset and assess all possible combinations of just two 

meals would require 
63!

2!(63−2)!
 comparisons, resulting in 1953 separate plots. This is clearly 
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not a feasible solution, and each plot would only capture a fraction of the variance in the 

total data. Woolhead et al. (9) thus used PCA to address this issue by assessing all 63 meals 

together i.e. examining the datapoints for percentage energy from each of the 63 meals in 

a 63-dimensional space (22).    

PCA identifies components that are linear functions of all variables. In the example above 

(9), each component is a linear function of the 63 meal variables. However, not all variables 

will be equally important to all components, and this distinguishes the components from 

each other. The relative importance of a given variable on a particular component is 

quantified by the variable loading value. A small selection of variables with high absolute 

loading values are typically selected to characterise each component, for example, one 

component may have high loadings for fruit-based breakfast, sandwich-based light meal, 

and meat/fish with pasta/rice/potato and vegetables main meal; while another component 

may have high loadings for cooked breakfast and meat/fish with rice/potato/pasta and 

soups/sauces main meal (9).  

3.3.2 Clustering 

Clustering describes several different techniques used to identify subgroups, or clusters, 

within a given dataset (Table 3.1). The aim of clustering analysis is to group observations 

that are least dissimilar among themselves, but most dissimilar from observations in other 

clusters (22). These approaches have been applied to temporal meal patterns (18, 19) and to a 

combined assessment of temporal and context meal patterns (28). All three studies used 

different methods of clustering. No study has been identified that has applied these 

techniques to content meal patterns. Clustering methods are not robust in the presence of 

missing data. While none of the studies reviewed here reported missing values in the 

variables used for clustering, a variety of methods have been proposed to deal with this 

issue and are discussed at length elsewhere (31-33).  

There are several clustering techniques, some of which have been used in meal pattern 

analysis and will be discussed here. Hierarchical clustering is an iterative process that starts 

with each cluster containing just a single observation and ends with only one cluster 

composed of all observations grouped together (22). For example, each observation 

assessed by Chau et al. (18), who examined meal patterns using this method in 4,508 adults 

in Taiwan, can be represented by a vector containing six elements, each corresponding to 

the energy intake of a single participant during one of six 4-hour periods in a day. At each 

step in hierarchical clustering the two of these vectors or groups of these vectors that are 
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least dissimilar from each other are joined, until the desired number of clusters are 

achieved.  

Partitioning around the medoids (PAM) clustering is another iterative process. Unlike 

hierarchical clustering, the number of clusters sought is pre-specified. Initially, observations 

are randomly assigned to the chosen number of clusters. The medoid of each cluster is 

then determined; this is the observation in the cluster that is closest to the centre of the 

cluster (34). Observations are then re-assigned to the cluster with the nearest medoid. The 

medoids for the newly formed clusters are then re-determined and observations re-

assigned. This process is repeated until there are no further changes to which cluster each 

observation belongs i.e. the dissimilarity within clusters is minimised (34).  

Finally, k-means clustering is a similar approach to PAM, with the centroid (based on the 

mean of the variables in the cluster) being used in place of the medoid to minimise 

dissimilarity within clusters. Both approaches are limited to identifying clusters that can be 

separated by a straight line.  

One of the decisions required when clustering is choosing the number of clusters to 

represent the data. Different approaches were taken in the studies reviewed here. Chau et 

al. (18) selected five clusters to represent the data as they explained a considerable 

proportion of the variance (55%), and to choose six clusters would only explain a small 

fraction more (0.5%) of the variance and would render the clusters more difficult to interpret. 

Riou et al. (28), who used clustering to assess meal patterns in 2,994 adults in France, 

selected five clusters based on resampling and a cluster-robustness approach called 

consensus clustering, which identifies the number of clusters that provide the most stable 

results across multiple samplings (35). There are numerous other procedures that can be 

carried out that aim to estimate the optimal number of clusters for a dataset as examined 

in detail elsewhere (36, 37).  

3.3.3 Latent Class Analysis 

Latent class analysis (LCA) aims to identify an unobserved, or latent, variable that 

represents some number of observed categorical variables (38). It assumes that this latent 

variable is composed of a number of mutually exclusive and exhaustive classes, by this we 

mean that each participant can only belong to one class and that all participants are 

assigned to a class. This allows for the identification of subgroups within a sample, based 

on patterns of multiple observed variables (39). LCA has been applied to both temporal meal 

patterns (20) and content meal patterns (26). In the context of temporal meal patterns (20) the 

observed variables applied were binary, denoting the presence or absence of an eating 
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occasion during each hour of the day. This gives 24 time periods with two possible 

observations for each participant, amounting to 224 possible unique patterns of intake. In 

the case of content meal patterns (26) the data were reduced to the three meal types 

(breakfast, light meal, and main meal) as observed variables, within which each participant 

was categorised to have consumed one of 5, 7, or 5 meals, respectively. This amounts to 

5 × 7 × 5 = 175 possible patterns. LCA allows these large numbers of possible patterns to 

be reduced to a smaller number of latent classes representing the patterns that exist in the 

sample population (38) (Table 3.1). 

The number of latent classes must be specified before fitting a latent class model to the 

data. The two parameters that must be estimated in order to fit the model to the specified 

number of classes are the prevalence of each latent class and the probabilities of observing 

each of the variable categories within each class (38). In the temporal example above, this 

is the probability of the presence of an eating occasion during each hour of the day (20). For 

example, of the three latent classes reported, 43% of participants belonged to the 

“Conventional” latent class that had a high probability of consuming a meal at midday and 

18:00h. In the content meal pattern example this is the probability of consumption of one of 

the meals at each meal type (26). For example, one of the four classes reported comprised 

of 9% of the participants who had relatively high probabilities of consuming a cooked 

breakfast, of skipping a light meal and consuming a protein- and carbohydrate-based main 

meal.  

3.3.4 Decision Trees 

Only one of the identified studies applied a supervised statistical approach to meal pattern 

analysis (27) (Table 3.1). Supervised approaches aim to use the input variables to predict 

some outcome variable (40). This is unlike the unsupervised approaches described in the 

preceding sections where the outcome variable is absent; instead, the aim is to determine 

associations and patterns among the input variables (40). While different types of decision 

tree methods are available, Hearty and Gibney (27) applied a C5 decision tree approach 

using meal intake at either breakfast or main meal to predict whether an individual’s diet 

scored in either the first or fifth quintile of the healthy eating index.  

It is possible to use decision trees with both continuous and categorical data, they are 

generally easy to interpret, and can be represented graphically (41). The decision tree can 

be represented in a format similar to a hierarchy or tree diagram, where the top of the 

diagram represents the full dataset, and it is split into specific subsets at each branch (22). 

In the case of the study by Hearty and Gibney (27), who applied decision trees separately to 
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the breakfast meal type and the main meal type, the top of the diagram represented all 

participants in the study each with an associated variable for various food combinations 

(meals). The values of these variables are either 1 or 0 defining, respectively, whether the 

given meal was consumed or not at each meal type. Participants were then split into two 

subgroups based on a rule applied to the dataset. The rules applied by Hearty and Gibney 

(27) were based on the presence or absence of various meals at either breakfast or main 

meal for each participant. For example, the first rule split the participants by assigning those 

who consumed the “Bread and Confect/Snack” meal at breakfast to one subgroup and 

those who did not to another subgroup. This process is repeated by applying additional 

rules to each new subgroup to create further subgroups until no further subgroups can be 

created. Hearty and Gibney (27) applied a stopping rule which only allowed subgroups to be 

further split if they contained at least 75 records.  

The number of rules applied and the order in which those rules are applied will impact on 

the overall outcome of the final tree. However, given the vast number of combinations 

involved, it is not computationally possible to compare all trees that could arise from a given 

dataset. Instead, a “nonbacktracking” or “greedy” approach is used; at each split in the tree, 

the best rule is chosen based on that split alone and not on the potential impact it may have 

at subsequent splits in the tree (41). Several methods are available for choosing the best rule 

at each step in the decision tree e.g. statistical significance, information gain, and error 

reduction (41). The method chosen by Hearty and Gibney (27) was based on information 

theory; this uses the gain ratio which expresses the proportion of information that appears 

to aid prediction that is generated by the different possible rules. The rule with the highest 

gain ratio at each step is used to split the participants into subgroups (41). 

3.4 Meal Patterns 

Studies are reviewed here under the headings of temporal patterns, content patterns, and 

combined patterns. There is no section for context patterns as no study was identified that 

applied advanced statistical techniques to these patterns alone; however, one study has 

investigated the combined patterns of both the temporal and context aspects of meal 

consumption (28). No other analyses of combinations of different meal pattern types were 

identified.   

3.4.1 Temporal Patterns 

Temporal meal patterns refer to those accounting for the distribution of dietary intake over 

a given time, typically 24 hours. In published papers to date, statistical methods used to 
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identify temporal meal patterns have included PCA (23, 24), LCA (20), and clustering (18, 19). The 

three studies using either PCA or LCA all identified three patterns, while those using 

clustering identified four to five patterns (Table 3.2). Most studies divided the day into time 

periods of varying durations from one hour (19, 20) to four hours (18), or considered periods of 

different durations throughout the day (i.e., five 3-hour periods, one 2-hour period, and one 

7-hour period) (24).  

The variables used for pattern identification at the various time periods also differed 

between studies and was influenced by the method of dietary data collection employed. 

The 24HR method was used by three studies (18-20) (Table 3.2). As mentioned above, 

24HRs produce a detailed food file which lists each individual food or drink consumed within 

the preceding 24 hours as well as a portion (gram amount) for each food and the associated 

nutrients for each food. Each of these foods are reported within a specific meal/time context 

(e.g. breakfast, lunch, dinner, snack) which allows derivation of nutrient and energy intake 

at each meal; these data can then be used as input variables for meal pattern analysis. 

Using data from 24HRs, Chau et al. (18) used the energy content of each meal, while Khanna 

et al. (19) used energy content of each meal relative to total energy intake (% contribution to 

total energy). A binary variable was used by Leech et al. (20) denoting whether or not an 

eating event had occurred during each hour of the day; only eating events with greater than 

or equal to 210kJ were considered. The two studies using energy intake as an indicator can 

allow comparisons between groups in relation to the quantity (in terms of energy) consumed 

during the various time periods of the day (18, 19). This is not captured, however, when only 

an indicator as to whether or not an eating event occurred during the various time periods 

(20). The use of % contribution to total energy accounts for the fact that while individuals may 

differ in their total energy intake, they may have similar temporal patterns in relation to how 

that energy is distributed throughout the day (19).  

The remaining two studies used questionnaire-based methods of dietary data collection 

which did not allow for the derivation of nutrient or energy intake at each meal because 

information regarding individual foods and portion sizes were not gathered using these 

methods. Englund-Ögge et al. (23) used the data associated with 8 different meal types 

(breakfast, morning snack, lunch, afternoon snack, dinner, evening snack, supper, night 

meal), where participants reported the frequency at which they consumed each meal, within 

the week, from 0 to 7 times per week. Finally, Wilson et al. (24) asked participants to report, 

for each time period, whether they ate nothing, a snack, a small meal, or a large meal and 

whether the drank nothing, alcohol, water, or something else. Points were assigned to the 

responses as follows: one point for a snack, three for a small meal, and five for a large 

meal; water was assigned no points with other beverages assigned one point. The number 
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of points during each time period was calculated relative to the total number of points in the 

day (24).  

Although differing approaches to meal pattern analysis were applied across the studies, 

there were a number of similarities identified. One pattern that was similar across all studies 

was that which consisted of three meals per day with few or no snacks. The three meals 

typically happened at times that are culturally associated with breakfast, lunch, and dinner 

(18, 19, 23, 24). A similar pattern was found by Leech et al. (20), with respect to lunch and dinner 

meals, but without reference to breakfast. This three meal per day type of pattern is 

associated with higher intakes of protein, polyunsaturated fat, calcium, phosphorous, 

vitamin D, and vitamin E and lower carbohydrate intake (adjusted for age, sex, education 

level, employment status, chronic disease, geography, and day of dietary recall) (18), and 

better overall diet quality (adjusted for sex, ethnicity, age group, BMI, survey year, and 

household poverty–income ratio) (42) compared to other identified patterns. Eicher-Miller et 

al. (42) also found that a greater proportion of those following this pattern had normal BMIs 

and a lower proportion had raised BMIs compared with other patterns. When applied to 

intakes up to 22 weeks gestation of a group of pregnant women in Norway (n = 65,487), 

those in the highest two quartiles for adherence to this type of pattern were found to have 

lower risk of preterm delivery compared to those in the lowest quartile for adherence to that 

pattern. This analysis adjusted for maternal age, pre-pregnancy BMI, height, parity, total 

energy intake, maternal education, marital status, smoking status, income, previous 

preterm delivery, fibre intake (as an indicator of overall healthy eating), alcohol intake, first 

trimester nausea, irregular work hours, and physical activity level. No associations with 

preterm delivery were identified within other meal patterns (23) (Table 3.2).  

Some of the other patterns identified in these studies could be considered variations of this 

pattern. These typically also included three meals per day, but with self -reported 

consumption of “snack meals” rather than “main meals” at these times (23), with one to two 

additional intakes in the afternoon and/or night (18), or with timing of lunch intake later in the 

day than considered traditional. The later lunch pattern has been positively associated with 

systolic blood pressure and diastolic blood pressure among females compared to those 

following the more traditional timing of this pattern. The association remained after the 

adjustment for education level, country of birth, smoking status, physical activity, sleeping 

habits, overall diet quality, and BMI (43) (Table 3.2). 

Another common pattern identified was that with little or no intake in the morning, typically 

known as breakfast skipping. Within those following such a pattern, peaks in intake typically 

happen later in the day, from noon onwards (18, 23, 24). Wilson et al. (24) (adjusting for sex, 
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age, marital status, social support, education, work schedule, BMI, and smoking), examined 

the impact of meal patterns on mood in 1,304 adults in Australia, and found a higher 

prevalence of mood disorders (i.e. the lifetime prevalence of depressive symptoms) after 5 

years in those whose adherence to this pattern had either increased or been consistently 

high compared to those with low adherence. No significant associations with mood 

disorders were identified among the other patterns either at baseline or at follow up (Table 

3.2).  

The final pattern that was common among multiple studies related to a pattern 

characterised by many smaller intakes spread over the day rather than a low number of 

larger distinct intakes. This was typically referred to as a grazing pattern (19, 24), and has 

been associated with the lowest diet quality compared with other patterns (42). In the case 

of the study by Leech et al. (20) this pattern was one in the same with the pattern having little 

or no intake in the morning and found to be associated with the lowest diet quality compared 

to other patterns (44). No associations were found however between that pattern and 

adiposity, adjusting for education level, country of birth, smoking, physical activity, and 

sleep duration. (44) (Table 3.2).   

Khanna et al. (19) additionally identified two other patterns that were more likely to have 

largest intake in late afternoon and early evening and second largest in the morning and 

afternoon, or vice versa. No differences were identified with regard to diet quality between 

these patterns (42) (Table 3.2). 

3.4.2 Content Patterns 

Content patterns require a different approach to those outlined in the previous section on 

temporal patterns (10). As the aim of analysing content meal patterns is to summarise the 

content of meals (in terms of food groups), it is not sufficient to only examine the variables 

used for temporal meal patterns. For example, only assessing the energy content of meal 

types or the energy consumed during various time periods of a day provides information 

about how intake is distributed between the meals or throughout the day but not about the 

types of foods that provided that energy (9). The approaches taken, therefore, to the 

collection of data for the assessment of content meal patterns must gather the information 

describing actual food intakes. In addition, the statistical approaches employed must be 

able to reduce to huge number of possible food combinations that make up meals into a 

smaller number of interpretable groups. 

Of the four studies identified that assessed content patterns, dietary intake data were 

collected using 4-day (9, 26), 7-day (27), and 4 × 4-day (25) food diaries (Table 3.2). As 
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discussed above, similar to the data collected by 24HR, these data are stored in a 

comprehensive food file, detailing each individual food consumed by each participant with 

the location, day, the time at which those foods were consumed, and whether they formed 

part of a meal in combination with other foods. The mass in grams of each consumed food 

is also recorded, allowing for the determination of the energy or nutrients consumed from a 

given food, meal, or during a given time period.   

To reduce the huge number of possible combinations of unique foods eaten by a study 

population and allow for meaningful pattern analysis, all four studies first condensed the 

unique foods consumed into more aggregated food groups, resulting in 20 (9, 25, 26) and 62 

(27) food groups in these studies, which were developed based on nutrient profile and 

culinary use of specific foods. Three of the studies then applied the frequent item sets data 

mining method to categorise the most commonly consumed food group combinations at 

each different meal type identifying 63 (9) and 80 (25) food group combinations at breakfasts, 

light meals, main meals, snacks, and beverages. Uzhova et al. (26) further aggregated these 

categories to 14 generic meals (breakfast, light meals, and main meals only). Hearty and 

Gibney (27) categorised generic meals based on the main food groups in each meal 

identifying 134 food group combinations, but do not appear to have used the frequent item 

sets method. The nutrient composition of these commonly consumed meals was then 

determined, and they were denoted as generic meals (27). Variables from these generic 

meals were then used as the input to the statistical techniques (decision trees, PCA, and 

LCA) that identified meal patterns.  

There are other methods which could conceivably be used to derive generic meals in place 

of the frequent item sets method including topic modelling, gaussian copula graphical 

models, and principal component analysis (45-47). Like previous methods, the application of 

these methods also required foods first to first be condensed into food groups. White et al. 

(45) applied topic modelling to 60 food groups to identify generic meals. Each generic meal 

was based on the probability of each food group appearing within a given meal. Labels 

were assigned by the authors to the meals to describe the meal type in question (e.g. 

breakfast, lunch etc.) based on the top ten most probable food groups in a given generic 

meal. Fifteen generic meals were identified. Another approach used 39 food groups with 

semiparametric Gaussian copula graphical models to identify food groups that are 

correlated, and therefore likely to be eaten together as part of a meal (46). Finally, Murakami 

et al. (47) used PCA to identify meal-specific dietary patterns, which could possibly be used 

to generate generic meals. Individual foods were condensed into 22 food groups, and PCA 

was carried out based on the amount of each food group consumed at each meal type 

(breakfast, lunch, or dinner). While these studies applied statistical techniques to identify 
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generic meals in their sample populations—a preliminary step in the analysis of content 

meal patterns—they did not go on to use these generic meals to assess meal patterns 

themselves (i.e. either how combinations of these generic meals are consumed over time 

or how they are related to health or diet quality).  

Hearty and Gibney (27) applied artificial neural networks and decision trees to determine if 

the generic meals identified could predict whether participants belonged to the first or fifth 

quintile for Healthy Eating Index score; however, only the findings from the decision tree 

approach were described at a meal level (Table 3.2). For example, generic main meals 

such as “meat/fish and chips”, “pizza”, or “chips and fruit/veg/salad” were reported as 

predictive of quintile 1, whereas generic main meals such as “rice/pasta and 

fruit/veg/salad”, “potatoes, veg/meat and yogurt”, “fruit/veg/salad”, or “potatoes and 

veg/fish” were reported as predictive of quintile 5. Different combinations of these meals 

over time, however, were not reported (27).  

Of the three studies that did examine different combinations of meals within a given time 

(e.g. day), two were carried out in the same Irish cohort using PCA (9) and LCA (26), while 

one was carried out in a Japanese cohort using PCA (47). The food groups used to define 

generic meals differed between the two studies that used PCA. The approach taken by 

Uzhova et al. (26) differed not only in their use of LCA, but also through the use of an 

additional aggregation step in defining generic meals, excluding the analysis of snacks and 

beverages, accounting for skipped meals, and distinguishing between weekday and 

weekend meal patterns.  

Seven of the eleven meal patterns identified in the Japanese cohort were likely to include 

vegetables and/or rice as part of a breakfast meal (47), whereas none of the twelve (9) or 

seven (26) meal patterns identified in the Irish cohort contained breakfasts that were likely to 

consist of either vegetables or the rice/pasta/potatoes food group. All three studies 

identified patterns that included bread-based breakfasts and other patterns where 

vegetable consumption was unlikely. While Uzhova et al. (26) did not include beverages in 

their analysis, both Murakami et al. (47) and Woolhead et al. (9) identified meal patterns that 

were likely to include consumption of alcoholic beverages. 

The meal patterns characterised by bread-based breakfasts with rice, vegetables, and 

meat/fish at both light meal and main meal identified by Murakami et al. (47), had comparable 

patterns identified by Woolhead et al. (9) and Uzhova et al. (26) but with a sandwich-based 

light meal in place of rice, vegetables, and meat/fish. Further similarities can be identified 

between the two studies in the same Irish cohort with common patterns including those 

based on cereal/toast breakfast, sandwich light meal and protein- and carbohydrate-based 
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main meal and others based on a higher likelihood of fruit consumption at breakfast, a light 

meal that does not contain bread, and likely to have lower overall meat intake. Uniquely, 

Woolhead et al. (9) identified a pattern characterised by consumption of confectionary at 

multiple meals. While consumption of confectionary was a feature in some of the patterns 

identified by Murakami et al. (47), it was not the defining feature in any of the patterns. As 

the confectionary food group was further aggregated into other generic meals in the 

approach taken by Uzhova et al. (26) it is not likely that such a pattern could have been 

identified in that study.  

Uzhova et al. (26) were the only authors to distinguish between weekday and weekend meal 

patterns and to investigate the relationships between patterns and clinical variables. Four 

dominant weekday patterns and three dominant weekend patterns were identified by 

Uzhova et al. (26). One meal pattern was found to be common to both weekdays and 

weekends which consisted of cooked breakfast, skipped light meal, and protein-

carbohydrate-based main meal. However, those who consumed this pattern at the weekend 

tended to consume greater quantities of potatoes/potato dishes and have a greater overall 

energy intake than those who consumed the pattern primarily on weekdays. While those 

consuming certain meal patterns were found to have higher or lower intakes of certain 

nutrients, no general conclusions could be drawn regarding relationships between certain 

meal patterns and overall diet quality. Clinical variables were assessed after participants 

were grouped based on their dominant meal patterns for both weekends and weekdays. 

Significant differences were identified between those with the same weekday pattern 

(cereal and/or toast breakfast, skipped light meal or sandwich, and protein- and 

carbohydrate-based main meal), but differing weekend patterns. Those with a combination 

of the above weekday pattern and a weekend pattern consisting of cooked breakfast, 

skipped light meal, and protein carbohydrate main meal were more likely to have a higher 

diastolic blood pressure compared to those with a weekend pattern consisting of  cereal 

and/or toast breakfast, sandwich light meal, and protein carbohydrate or just protein main 

meal; and a higher serum ferritin compared to those with a weekend pattern consisting of 

cereal and/or toast for breakfast, skipped light meal, and protein carbohydrate main meal. 

Despite this there was no clear relationship between the meal patterns and multiple clinical 

variables. Those consuming different meal patterns were not found to be different with 

regard to anthropometry, blood lipids, glucose, or CRP (26). The analyses carried out by 

Uzhova et al. (26) adjusted for age, sex, social class, and energy intake.     
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3.4.3 Combined Patterns 

One study was identified that investigated different types of meal patterns in a single 

population. Riou et al. (28) investigated combinations of both temporal and context patterns 

in 2,994 adults in France. Dietary intake data were collected by a questionnaire regarding 

the number of meals consumed and the time at which those meals were consumed. To 

assess temporal patterns, days were split into six time periods ranging from two to five 

hours in duration and participants were categorised has having consumed a meal or not 

during these periods, with the number of meals consumed also being counted. Context 

patterns in this study related to observations external to the meals. Specifically, the 

contextual variables examined by Riou et al. (28) included location (home, workplace, 

restaurant), who the meal was consumed with (alone, family members, colleagues or 

friends) and activities during the meal (television, radio, computer, reading, chatting). 

Patterns were identified based on these variables using the partitioning around the medoids 

clustering method (Table 3.2).  

Five meal patterns were identified. The temporal aspects of these meal patterns hold 

similarities with the patterns described in the temporal patterns section above. Three of the 

patterns identified were likely to have three meals per day at times culturally associated 

with breakfast, lunch, and dinner. These patterns differed in their contextual aspects. One 

of the patterns represented those likely to have meals at work or a restaurant with 

colleagues or friends while chatting; another  represented those likely to have meals at 

home, mostly alone, and therefore unlikely to chat but likely to watch television or listen to 

the radio during meals; the third of the three meals per day patterns was characterised by 

eating at home with family while chatting (28).  

Two of the patterns identified were composed of those likely to consume one to two meals 

per day and not consume breakfast. One of these patterns was primarily characterised by 

consumption of meals at home with family while watching television, while the other pattern 

represented those who were likely to consume meals at work or in a restaurant with friends 

or colleagues while chatting (28).  

The authors considered differences in food group intake across the identified patterns, 

adjusting for gender, age, education, occupation, income, underprivileged neighbourhoods, 

household type, and loneliness. When compared with the group characterised by 

consumption of three meals per day at home with family while chatting all other patterns 

had poor adherence to the 5-a-day consumption guideline of fruit and vegetables; this was 

particularly pronounced in those following the two patterns that typically did not consume 

breakfast, who were also less likely to adhere to 3 dairy products per day guideline (28).  
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3.5 Discussion 

Meal-based methods of dietary assessment are a departure from the more familiar 

epidemiological methods that require detailed and accurate reporting of individual food 

intakes (11). While meal-based methods may not offer the same degree of detail and 

accuracy, they can complement existing food-based dietary guidelines and may be superior 

for use in personalised nutrition delivered via internet and mobile technology due to the 

potential for reduced burden of data collection (11). The use of advanced statistical 

techniques that inform these meal-based methods is still an emerging area, with only ten 

published studies identified (9, 18-20, 23-28).  

Despite the methodological differences among studies, some common patterns prevailed 

in the temporal patterns of meal consumption: the 3 meals per day, skipped breakfast, and 

grazing patterns (18-20, 23, 24). The patterns relating to the content of meals, however, were 

more heterogenous than the temporal patterns, with fewer consistent findings between 

studies. This may reflect differences arising from studies of populations with known 

differences in the types of foods consumed; that is, foods consumed as part of a typical 

Japanese diet differ from those consumed as part of a typical Western diet (48). These 

differences were also observed in this review comparing the meal patterns among these 

two study populations. For example, breakfasts consumed by a Japanese cohort were likely 

to include rice and/or vegetables (25), whereas none of the breakfasts identified in an Irish 

cohort contained these food groups (9, 26).  

Another source of differences between content meal patterns is the varying ways in which 

foods are grouped (9, 25-27). In this regard the study of content meal patterns shares 

similarities in approach with the study of dietary patterns insofar as both condense the 

unique foods consumed by the study population into a pre-specified number of food groups 

(4). All studies reviewed here used pre-existing food groups from previous research; no 

attempt has yet been made to create groups specifically for use in meal pattern analysis. It 

has been suggested by Newby et al. (49) that, in general, all studies need not use the same 

food groups, but instead the choice of groupings should be driven by the research question 

at hand. However, it is important to note that as the use of food groups introduces a degree 

of subjectivity and prior knowledge into what are otherwise data-driven approaches; the 

choice of groupings will likely impact on patterns identified (4, 49). This in turn has likely given 

rise to some of the differences observed in this review between the content meal patterns 

from studies using different food groupings and highlights the need for careful consideration 

of the food groups used.  
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Given the range of statistical approaches (PCA, clustering, LCA, decision trees) applied to 

meal pattern analysis, comparisons between studies should be interpreted with caution. 

The extent to which the use of different approaches impact on the outcome is unclear as, 

to the authors’ knowledge, no studies have compared the use of different statistical 

techniques to identify meal patterns in the same study population. Future research 

comparing approaches to meal pattern analysis could provide important methodological 

insights such as those reported for the more frequently researched area of dietary patterns 

that also employs techniques such as PCA and clustering (50-55). 

Much of the research carried out in meal pattern analysis has been exploratory in nature 

identifying patterns of meal consumption that exist in the sample population (9, 18-20, 23-25, 28). 

While exploratory research forms and essential part of the scientific process it is not without 

limitations (56, 57). Results from these data-driven approaches may not be generalisable to 

samples from other populations (9). While common dietary patterns have been identified in 

different populations (49), this has yet to be confirmed for meal patterns. Exploratory 

analyses identify groups within the sample population. Groups identified by these methods 

are typically assigned descriptive names by the researchers. These names introduce some 

subjectivity and should be interpreted with caution as there is no way of quantifying the 

variability within each group with regard to how well each member of the group is 

represented by the name assigned (40). It is not possible to determine the likelihood of that 

these groups truly exist in the whole population rather than merely existing in the sample 

data (40). However, it may be possible to determine whether the patterns are biologically 

meaningful if there are associations with health/disease status (49).   

The meal pattern research reviewed here has primarily used unsupervised statistical 

techniques to identify groups of individuals with similar meal patterns. The research 

examining relationships between these meal patterns and diet quality or health outcomes 

remains sparse and warrants further investigation. Only six studies have examined these 

relationships with regard to temporal patterns (18, 23, 24, 42-44), one study with regard to content 

patterns (26), and one study with regard to combined temporal and context patterns (28). In 

brief, those following the more traditional 3 meal per day pattern tended to have a higher 

diet quality than those following a skipped breakfast or grazing pattern (18, 23, 24, 42-44). Unlike 

temporal meal patterns no individual content meal patterns have been identified as having 

notably strong relationships than other patterns with either diet quality or health outcomes 

(26). The single study of combined temporal and context patterns by Riou et al. (28) identified 

those following a pattern characterised by 3 meals per day consumed with family while 

chatting as having greater adherence to the 5-a-day guideline for fruit and vegetable 

consumption.  
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Given their observational nature, the results from these studies may be impacted by 

confounding. Different variables were chosen in different studies as covariates to adjust for 

confounding. These choices can also impact on results and should be justified based on 

existing evidence or theoretical knowledge of their impact on confounding (58). While the 

covariates used were listed in all the studies reviewed here (18, 23, 24, 26, 28, 42-44), not all 

provided a clear justification for their choice (26, 28, 42). The decision tree approach taken by 

Hearty and Gibney (27) did not account for covariates. Future work in this area should 

consider approaches to account for covariates, for example, the use of adjusted residuals 

from a regression model as the input for the decision tree (59). It should also be noted that 

these observational studies do not establish a cause-and-effect relationship but may 

provide data for causal inference and potentially inform future intervention studies (60). 

This review examined studies in three main categories of meal patterns, namely temporal, 

content, and context patterns. These classifications were initially put forward by Mäkelä et 

al. (17) in the context of social and cultural aspects of meals using the terms eating patterns, 

meal format, and social organisation of eating. They were further adapted to the nutrition 

context by Leech et al. (10) who used the terms patterning, format, and context. While  no 

consensus yet exists regarding the terminology, the current three-category approach 

accounts for the fact that people do not perceive dietary intake purely as a collection of 

nutrients, foods, or indeed meals (61), by capturing information regarding timing, social, and 

behavioural aspects of eating occasions (10). Despite this, other aspects of meal patterns 

have not yet been examined using the statistical approaches reviewed here. For example, 

no studies were identified that examined sensory, psychological, or physical aspects such 

as emotions, satisfaction, appetite, fatigue etc. alongside those other aspects of meal 

patterns mentioned above. Furthermore, only limited aspects of temporal meal patterns 

have yet been examined. The research to date has primarily focused on the variation in 

meal intakes across a 24-hour period. Only three studies examined the variation between 

weekdays and weekends with the same temporal patterns being identified on both 

weekdays and weekends (18, 24). With regard to content meal patterns, however, participants 

were found to adhere to different patterns on weekdays compared to the weekend (26). No 

seasonal differences were identified in temporal meal patterns by Chau et al. (18), but this 

has not been examined with regard to content or context meal patterns. Only one study 

was identified that traced meal patterns across a number of years; Wilson et al. (24) found 

that the same temporal patterns existed after five years in a cohort of Australian adults and 

that participants were likely to fall into the same meal pattern category at follow up. 

Expanding meal patterns to include these aspects would increase the complexity and 

require a multidisciplinary approach (62); however, this may give rise to further useful insights 
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about meal patterns. Furthermore, the mobile technology exists to allow for the inclusion of 

such additional variables through ecological momentary assessment, i.e., the assessment 

of people’s experiences of their environment in real time (21, 63). Further development of the 

statistical approaches to meal pattern analysis will allow for the investigation of 

combinations of these variables and how they change over time (21). In particular, 

supervised statistical approaches have the capacity to identify associations between meal 

patterns and overall diet quality or health in individuals for whom these data have been 

collected, and then used to predict diet quality or health outcomes for other individuals 

(without diet quality or health data) based on their meal patterns (27). This in turn may have 

applications in personalised nutrition using internet and mobile technology (11).  

3.6 Conclusion 

A range of statistical techniques provide feasible solutions to interpreting complex dietary 

intake data and detecting insightful patterns of meal consumption relating to the timing, 

content, and context of meals. The observational studies reviewed here suggest that meal 

patterns consisting of three meals per day are associated with increased diet quality 

compared with the skipped breakfast or grazing meal patterns; however, further research 

is required to validate these findings. No clear associations with diet quality or health have 

been identified for meal patterns defined by the content of those meals or context in which 

they are consumed. To greater elucidate the role of meal patterns in diet quality and health, 

future research should aim to further develop the statistical approaches that are applied. 

Research is lacking on the simultaneous analysis of multiple meal pattern categories, how 

meal patterns vary over time, and the extent to which the grouping of foods and different 

types of statistical techniques impact on overall outcome. These advances will be important 

if meal pattern research is to be applied to internet- and mobile-based dietary assessment 

and feedback. 
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3.7 Tables 

Table 3.1 Statistical approaches to meal pattern analysis in nutritional science. 

Statistical 

Approach 

Primary objective Application to meal pattern analysis References 

Principal 

component 

analysis 

• Variables (dimensions) that are correlated 

are grouped. 

• The total number of dimensions is 

reduced by only retaining a selection of 

grouped variables (components). 

• The retained components are those that 

are most important for explaining the 

variance in the data. 

• The various possible combinations of 

foods, meals, timings of intake etc. could 

lead to millions of possible unique meal 

patterns. 

• Principal component analysis can 

reduce this large numbers of 

combinations to a smaller number of 

patterns that can be assessed for 

relationships with diet quality or health. 

  

Englund-Ögge et al. 
(23);  

Wilson et al. (24); 

Woolhead et al. (9);  

Murakami et al. (25) 

Clustering • Observations are grouped in a way that 

minimises within-cluster dissimilarity and 

maximises between-cluster dissimilarity. 

• Dissimilarity is typically measured using 

mathematical formulae for distance 

between points. 

  

• Clustering can identify groups of 

individuals that eat meals at similar 

times over the course of a day and in a 

similar context.  

Chau et al. (18); 

Khanna et al. (19); 

Riou et al. (28) 

Latent class 

analysis 

• Groups of observations are identified that 

have similar probabilities of belonging to 

the same categories in the variables of 

interest. 

• Study participants can be grouped 

based on having high probabilities for 

eating during the same time periods of 

the day or consuming the same 

combinations of meals over a day. 

Leech et al. (20);  

Uzhova et al. (26) 
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Statistical 

Approach 

Primary objective Application to meal pattern analysis References 

Decision trees • Observations are split into groups based 

on rules that are applied to the data. 

• Further rules are applied that continue to 

split the resulting groups until they cannot 

be further split or reach a stopping rule 

set by the researcher. 

• Groups can be split based on the 

presence or absence of certain food 

combinations (meals) at various meal 

types while accounting for some 

outcome variable of interest. 

• This can allow for the use of meal intake 

for the prediction of an outcome variable 

such diet quality or a health biomarker. 

Hearty and Gibney 
(27) 

 

  



 

CHAPTER 3     |     Page 85 
 

Table 3.2: Summarised findings of studies using advanced statistical approaches for meal pattern analysis. 

Study Statistical 

Approach  

Data 

Collection 

Method 

Meal 

Pattern 

Construct  

Meal Patterns Selected Diet Quality 

Findings 

Selected Health Findings 

4,508 adults 

in Taiwan, 

Chau et al. 
(18) 

 

Clustering 24-hour 

Recall 

Temporal 5 patterns based on 

dietary intake during 6 

4-hour time periods. 

 

Traditional timing pattern 

(3 meals/d) had the 

highest nutrient density. 

Delayed lunch with little or 

no morning intake pattern 

had the lowest nutrient 

density.   

 

N/A 

 

65,487 

pregnant 

women in 

Norway, 

Englund-

Ögge et al. 
(23) 

 

PCA Meal 

Frequency 

Questionnaire 

Temporal 3 patterns based 

weekly frequency of 8 

meal types e.g. 

breakfast, morning 

snack, lunch etc. 

 

N/A The lowest risk of preterm 

delivery relative to the 1st 

quartile was seen among 

those in 3rd (HR of 0.89; 

95% CI: 0.79, 0.99) and 4th 

(HR of 0.88; 95% CI: 0.78, 

0.99) quartiles for main 

meal pattern (3 meals/d) 

with p = 0.046. 

  

1,304 adults 

in Australia, 

Wilson et al. 
(24) 

 

PCA Food Habits 

Questionnaire 

Temporal 3 patterns based on 

dietary intake during 7 

time periods. 

 

N/A No relationship between 

meal patterns and mood 

disorders at baseline. After 

5 years, there was higher 

prevalence in those with 

increased (PR of 1.85; 
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Study Statistical 

Approach  

Data 

Collection 

Method 

Meal 

Pattern 

Construct  

Meal Patterns Selected Diet Quality 

Findings 

Selected Health Findings 

95% CI: 1.11 to 3.09) or 

consistently high (PR of 

2.04; 95% CI: 1.20 to 3.28) 

adherence to the late 

pattern (lower intakes in 

morning and higher at 

night) relative to those with 

low adherence with p < 

0.001. 

 

5,242 adults 

in Australia, 

Leech et al. 
(20) 

 

LCA 24-hour 

Recall 

Temporal 3 patterns based on 

dietary intakes in each 

hour of the day. 

N/A N/A 

4,544 adults 

in Australia, 

Leech et al. 
(44) 

 

As described by Leech et al. (20) above Grazing pattern (frequent 

eating starting and 

continuing later in the day) 

had the lowest diet quality 

score on the Dietary 

Guidelines Index.  

No association between 

patterns and BMI, BMI 

category, or waist 

circumference in the model 

adjusting for the highest 

number of covariates.  

 

4,482 adults 

in Australia, 

Leech et al. 
(43) 

As described by Leech et al. (20) above N/A Among women, the later 

lunch pattern (later lunch 

and evening meal than 

conventional) compared to 
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Study Statistical 

Approach  

Data 

Collection 

Method 

Meal 

Pattern 

Construct  

Meal Patterns Selected Diet Quality 

Findings 

Selected Health Findings 

 conventional pattern (3 

meals/d at conventional 

times) was positively 

associated with systolic 

and diastolic blood 

pressure and hypertension 

prevalence when adjusting 

for the highest number of 

covariates.   

 

7,565 adults 

in the United 

States of 

America, 

Khanna et 

al. (19) 

 

Clustering 24-hour 

Recall 

Temporal 4 patterns based on 

dietary intake at each 

hour of the day. 

N/A N/A 

9, 326 

adults in the 

United 

Staes of 

America, 

Eicher-Miller 

et al. (42) 

 

As described by Khanna et al. (19) above. 

 

Cluster 1 (evenly spaced 3 

meals/d with similar 

energy content) had  

highest healthy eating 

index score. Cluster 4 (5 

meals/d, frequent intake at 

midday and midnight) had 

lowest. 

Greater proportion of those 

in cluster 1 had normal 

BMI and lower proportion 

of those in cluster 1 had 

overweight/obese BMI 

than those in other 

clusters.  
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Study Statistical 

Approach  

Data 

Collection 

Method 

Meal 

Pattern 

Construct  

Meal Patterns Selected Diet Quality 

Findings 

Selected Health Findings 

1,500 adults 

in Ireland, 

Woolhead et 

al. (9) 

 

PCA Food Diary Content 12 patterns based on 

combinations of foods 

consumed at each 

meal. 

N/A N/A 

242 adults 

in Japan, 

Murakami et 

al. (25) 

 

PCA Food Diary  Content 11 patterns based on 

combinations of foods 

consumed at each 

meal. 

N/A N/A 

1,500 adults 

in Ireland, 

Uzhova et 

al. (26) 

 

LCA Food Diary Content 4 weekday and 3 

weekend patterns 

based on 

combinations of foods 

consumed at each 

meal. 

 

Differences between 

different patterns in 

nutrient intake were 

reported, but no clear 

differences in overall diet 

quality.  

Those with meal pattern 

“cooked breakfast, skipped 

light meal and protein 

carbohydrate main meal” 

had higher diastolic blood 

pressure (p < 0.05) 

compared to “cereal and/or 

toast at breakfast, 

sandwich for light meal, 

and protein carbohydrate 

or just protein main meal”, 

and higher serum ferritin 

compared to “cereal and/or 

toast for breakfast, skipped 

light meal, and protein 

carbohydrate main meal” 
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Study Statistical 

Approach  

Data 

Collection 

Method 

Meal 

Pattern 

Construct  

Meal Patterns Selected Diet Quality 

Findings 

Selected Health Findings 

(OR of 3.14; 95% CI: 1.63 

to 6.03). 

 

1,379 adults 

in Ireland 

and the 

United 

Kingdom, 

Hearty and 

Gibney (27) 

 

Decision 

Tree 

Food Diary Content Daily patterns not 

given. 10 food 

combinations 

identified that were 

likely to predict 

whether an individual 

was in the first or fifth 

quintile for the Healthy 

Eating Index. 

 

 

Meals likely to predict a 

lower Healthy Eating Index 

score were “bread and 

confectionary/snack”, 

“breakfast cereal”, 

“meat/fish products and 

chip”, “pizza”, and “chips 

and fruit/veg/salad”. 

Those more likely to 

predict a higher score 

were combinations of 

breakfast cereal, fruit juice, 

and bread, “Rice/pasta 

dish and fruit/veg/salad”, 

“potatoes, veg/meat and 

yogurt”, “fruit/veg/salad”, 

and “potatoes and 

veg/fish”.   

 

 

 

 

N/A  
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Study Statistical 

Approach  

Data 

Collection 

Method 

Meal 

Pattern 

Construct  

Meal Patterns Selected Diet Quality 

Findings 

Selected Health Findings 

2,994, 

adults in 

France, 

Riou et al. 
(28) 

Clustering Questionnaire Temporal 

and 

Context 

5 patterns based on 

number and location 

of meals, and 

activities and others 

present during meals. 

Those following the type 3 

pattern (3 meals/d eaten at 

home with family) were 

most likely to consume 

fruit and vegetables daily.  

N/A 

BMI, body mass index; LCA, latent class analysis; N/A, not applicable; OR, odds ratio; PCA, principal component analysis; PR, prevalence ratio.
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4.1 Abstract 

Examination of meal intakes can elucidate the role of individual meals or meal patterns in 

health not evident by only examining nutrient and food intakes. To date, meal-based 

research has been limited to a focus on population rather than individual level intakes, 

without considering portion size or nutrient content when characterising meals. The 

objective of this study was to characterise meals commonly consumed, incorporating 

portion size and nutritional content, and to determine the accuracy of nutrient intake 

estimates using these meals at both population and individual levels. The 2008–2010 Irish 

National Adult Nutrition Survey (NANS) data were used. 1500 participants, with an age 

(mean ± SD) of 44.5 ± 17.0 and BMI of 27.1 ± 5.0, recorded their intake using a 4-day 

weighed food diary. Food groups were identified using k-means clustering. Partitioning 

around the medoids clustering was used to categorise similar meals into groups (generic 

meals) based on their Nutrient Rich Foods Index (NRF9.3) score and the food groups that 

they contained. The nutrient content for each generic meal was defined as the mean content 

of the grouped meals. Seven standard portion sizes were defined for each generic meal. 

Mean daily nutrient intakes were estimated using the original and the generic data. The 

27,336 meals consumed were aggregated to 63 generic meals. Effect sizes from the 

comparisons of mean daily nutrient intakes (from the original vs generic meals) were 

negligible or small, with P values ranging from <0.001 to 0.941. When participants were 

classified according to nutrient-based guidelines (high, adequate, or low), the proportion of 

individuals who were classified into the same category ranged from 55.3% to 91.5%. In 

conclusion, a generic meal-based method can estimate nutrient intakes based on meal 

rather than food intake at the sample population and individual levels. Future work will focus 

on incorporating this concept to a meal-based dietary intake assessment tool. 
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4.2 Introduction 

As nutrients and foods are consumed as part of meals, meal-based intake information may 

complement existing dietary guidelines with regard to understanding and meal planning by 

consumers (1, 2). Knowledge derived from meal-based research would allow dietary 

guidelines to provide advice on the basis of different meal types and their combinations, the 

timing of meals, and the types of foods consumed together as part of those meals, rather 

than focusing only on the types of foods that should be consumed over the course of a day 

(2, 3). This advice may be more intuitively understood as people tend to conceptualise their 

dietary intakes as meals rather than daily intakes of foods (4, 5). A meal-based approach may 

also be superior in technology-based intake assessments and the provision of personalised 

nutrition recommendations, as meal intakes can be recorded in a way that is less 

burdensome than recording of individual food intakes (6). 

Previous meal-based research has used national dietary survey data to identify a small list 

of generic, or commonly consumed, meals in a given population that are representative of 

the much larger list of actual meals consumed by that population (7-11). These generic meals 

typify the actual meals that are consumed and are defined by their nutritional content and 

the food groups that they contain (7-11). Research on generic meals to date has focused on 

their potential for estimating dietary intakes at a population level (7-9) or characterising the 

types of foods that individuals commonly combine to make meals (7-11). No studies have 

assessed whether generic meals can be used to classify individuals’ dietary intakes into 

categories according to nutrient-based dietary guidelines. This method of categorising 

individual intakes has been used in other forms of technology-based personalised nutrition, 

whereby the dietary advice provided to individuals is determined by whether they consume 

low, moderate, or high quantities of nutrients according to nutrient-based guidelines (12). 

Furthermore, the use of technology in dietary intake assessment is known to reduce 

respondent burden (13), and meal-based methods have been proposed as a lower burden 

way in which dietary intakes could be assessed with regard to nutrient-based guidelines 

and dietary feedback provided using internet and mobile technology (6). Determining the 

ability of meal-based intakes to correctly estimate nutrient intakes at an individual level is 

important for the development of such meal-based intake assessment and feedback tools. 

When comparing intakes estimated using a meal-based method with those from food-based 

methods (such as food diaries), good agreement has been obtained using generic meals 

to determine mean daily intakes at a sample population level, with median correlation 

coefficients ranging from 0.44 (7) to 0.61 (9) for correlations between estimated nutrient 

intakes derived from the food data and the generic data. However, previous methods of 
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identifying generic meals to date have failed to incorporate portions sizes and also have 

limited emphasis on nutritional content when identifying generic meals. This may limit their 

ability to capture the variability of nutrient intakes between individuals and may not be 

sufficient to identify generic meals and meal patterns that are relevant for the promotion of 

health (7, 8, 14). The approaches used to date have relied on frequent itemsets data mining 

methods (7-9), latent variable mixture modelling (10), and principal components analysis (11). 

While these approaches are effective in identifying common combinations of food groups 

within meals, they cannot distinguish between those meals that contain similar or identical 

food groups but are considerably different in their nutritional contents, for example, the 

foods in the meat/fish group can vary considerably with regard to their energy content and 

fat composition (7, 9-11, 15). 

The objectives of this study are to determine generic meals using existing national dietary 

survey data incorporating both portion size and the nutritional content of meals, and to 

assess the degree of agreement between nutrient intakes derived using the generic meals 

and the original meals at both the sample population and individual level. 

4.3 Methods 

4.3.1 Study Sample 

The analysis was carried out on previously collected data from the National Adult Nutrition 

Survey (NANS) in Ireland (16). NANS recruited participants aged between 18 and 90 years 

who were free-living and not pregnant or breast feeding. Data were collected between 

October 2008 and April 2010. The sample was representative of Irish adults with respect to 

age, gender, social class, and geographical location. Each participant completed a four-day 

weighed food diary. Reported food intake data were converted to nutrient data using 

WISP© (Tinuviel Software, Anglesey, UK). In this original dataset each participant has 

nutrient intake values for each food consumed during the recording period. Ethical approval 

was provided by University College Cork Clinical Research Ethics Committee of the Cork 

Teaching Hospitals. Further details on the study sample are available elsewhere (16).  

4.3.2 Food Groups 

Clustering is a data analysis technique that groups observations (in this case foods) into 

groups, or clusters, in such a way that the features (or variables; in this case the nutrients 

of interest within the foods) of the observations within a given cluster are more similar to 

each other than to the observations (foods) in other clusters (17). Within the current analysis, 
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foods reported in the dietary survey were firstly grouped into one of 6 groups within the Irish 

Food pyramid (vegetables, salad, and fruit; cereal, bread, pasta, potato, and rice; milk, 

yogurt, and cheese; meat, poultry, fish, eggs, beans, and nuts; fats, spreads, and oils; and 

foods high in fat, sugar and/or salt) (18), and then further grouped using k-means clustering 

(Figure 4.1). A seventh group (other) was used for the remaining foods that did not belong 

to any of the aforementioned groups. This approach thus identified subgroups of foods 

within each of the existing food pyramid food groups, with similar compositions of the key 

nutrients of concern, outlined below. The Irish food pyramid was used as the starting point 

to allow potential future applications of this work (dietary assessment and dietary advice) 

to be easily understood in the context of existing dietary guidelines. The purpose of using 

these newly derived subgroups rather than existing food groupings, within the NANS 

dataset, was to allow the food groups to be created in a data-driven manner that accounts 

for nutrients of public health importance and demonstrates a pathway for any future 

researcher to adopt to future datasets. Specifically, the features (or input variables) chosen 

for the clustering were the 12 nutrients used in the previously validated nutrition quality 

index, the Nutrient Rich Foods Index (19): protein, fibre, vitamin A, vitamin C, vitamin E, 

calcium, iron, magnesium, potassium, saturated fat, added sugar, and sodium; that is, foods 

were clustered based on their similarity in relation to those nutrients. Food supplements 

and energy-free foods were not included in this analysis, as they had not been included in 

the original validation studies of the Nutrient Rich Foods Index (19). Variables were in units 

per 100kcal and were z-standardised prior to clustering. K-means clustering requires that 

the number of clusters is chosen prior to clustering. Within this study the number of clusters 

was chosen by applying 24 different indices used to determine the number of clusters to 

the data and choosing the number of clusters that was most frequently proposed among 

the indices (20). For two of the groups (cereal, bread, potato, pasta and rice and milk, yogurt, 

and cheese), the clustering solution arising from the most frequently proposed number of 

clusters led to some clusters containing only 2–3 foods. In these instances, the next most 

frequently chosen value for cluster number was used. The range of possible values 

assessed for cluster number was from 2 to 10 inclusive. Details on the indices used are 

provided by Charrad et al. (20). The values of the indices obtained for the vegetables, salad, 

and fruit group of the food pyramid have been provided as an example in Supplementary 

Table 4.1. Foods that did not have a specific group in the food pyramid were not clustered, 

but considered as individual food groups: alcoholic beverages, non-alcoholic beverages, 

and miscellaneous foods such as sauces, dips, and dressings. The fats, spreads, and oils 

group was not further split using clustering given the small number of foods in this group (n 

= 36). The original groups in the food pyramid and the number of clusters identified within 

each group are presented in Table 4.1. In total there were 12 food groups identified through 
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clustering and the 3 remaining groups above that do not appear in the food pyramid (Table 

4.1). These 15 food groups were then used to derive generic meals as described below. 

4.3.3 Generic Meals 

Following the k-means clustering to determine the 15 food groups, individual foods listed 

within each meal, reported by participants, were replaced with the food group to which they 

belonged. Individual meals were then defined by the individual food groups that made up 

each meal, meaning that for each food reported in a given meal, the food group to which it 

was assigned was used to represent that food, instead of the individual item. Following this 

substitution of food groups in place of foods in the meal, an NRF9.3 (19) score was calculated 

for each individual meal as an indicator of nutritional quality. The score, developed by 

Fulgoni et al. (19), was calculated based on 9 nutrients to encourage (protein, dietary fibre, 

calcium, iron, potassium, magnesium, and vitamins A, C, and E) and 3 nutrients to limit 

(saturated fat, added sugar, and sodium). For each of these nutrients the quantity of the 

nutrient per 100kcal present in each meal as a percentage of European reference intakes 

(RIs) was calculated. RIs were derived from Regulation (EU) No 1169/2011 (21) where 

available. Those that were not available in that regulation (added sugar and dietary f ibre) 

were instead derived from the European Food Safety Authority (EFSA) (22). The percentage 

of RIs were limited to 100% to avoid over-valuing meals. The percentage RI scores for the 

nutrients to encourage were summed, as were the scores for the nutrients to limit. The 

nutrients to limit score was subtracted from the nutrients to encourage score to give an 

overall NRF9.3 score for each meal.  

Within the NANS study participants self-selected the meal type to which each recorded 

intake belonged from the following list: breakfast, light meal (lunch), light meal (evening 

meal), main meal (lunch), main meal (evening meal), morning snack, afternoon snack, 

evening snack, night snack, alcoholic beverage, and non-alcoholic beverage. These meal 

types were condensed into the following 5 types: breakfasts, light meals, main meals, 

snacks, and beverages. Meals were also categorised by whether they were consumed on 

a weekday or a weekend day, giving rise to meals being divided into 10 categories (e.g., 

weekend breakfasts, weekday breakfasts etc.). Within each meal category, the individual 

meals (defined by the food groups that they contain) were then grouped/clustered using 

partitioning around the medoids (PAM) clustering allowing for clustering based on both 

numerical and categorical variables (23, 24). The variables used to cluster were the NRF9.3 

score for each meal and 15 binary variables indicating for each food group whether it was 

present or absent in the meal. PAM clustering requires that the number of clusters is chosen 

prior to clustering. Similar to the first clustering step, the number of clusters was chosen by 
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applying 24 different cluster number indices to the data and choosing the number of clusters 

that was most frequently proposed among the indices (20). Values obtained from the various 

indices for the clustering of weekend breakfast meals have been provided in Supplementary 

Table 4.2 as an example. The range of possible values assessed for cluster number was 

from 4 to 15 inclusive. This clustering process gave rise to a total of 63 clusters, i.e., generic 

meals.  

The nutrient content of a given generic meal was then calculated as the mean nutrient 

content per 100g of the individual meals that make up that generic meal. Before calculating 

mean nutrient content and portion size (described below), meals considered to be outliers 

(based on energy and/or micronutrient content) within each generic meal were removed in 

a two-step process. Firstly, meals that contained greater than 1.5 times the interquartile 

range for energy were removed. Secondly, meals that contained greater than 10 times the 

mean for any micronutrient were removed.  

The weight in grams for the individual meals in each generic meal, were used to determine 

generic portion sizes. Each generic meal was assigned 7 generic portion sizes. These 

portion sizes were determined for a given generic meal by ordering each of the individual 

meals by weight and dividing the meals into sevenths based on septile values. The median 

weights of each seventh were assigned as the generic portion sizes for that meal (Figure 

4.1). 

4.3.4 Generic Intakes 

To create the generic dataset, the nutrient intake values of meals consumed in the original 

dataset were replaced with the appropriate generic meal composition based on the portion 

size consumed (Figure 4.1). Mean daily intakes of the nutrients of interest were calculated 

using both the original and generic datasets.  

4.3.5 Statistical Analysis 

All analysis was carried out using R version 4.0.3 (25) in the RStudio integrated development 

environment (version 1.3.1093) (26). Mean nutrient intakes arising from the original and 

generic datasets were compared using a paired t-test. To account for the multiple testing 

of energy and 30 nutrients, a Bonferroni-adjusted α of 0.05/31 was considered for statistical 

significance, i.e., P values of < 0.002 were considered statistically significant. The nutrients 

compared between the two datasets included fat, saturated fat, monounsaturated fat, 

polyunsaturated fat, protein, carbohydrate, total sugars, added sugars (all of which were 

compared using both gram amounts and in terms of % total energy intake (TEI)), dietary 
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fibre (g), calcium (mg), iron (mg), potassium (mg), phosphorous (mg), sodium (mg), total 

vitamin A (µg), retinol (µg), carotene (µg), vitamins C (mg), D (µg), E (mg), B12 (µg), and 

folate (µg).   

The correlation of nutrient intakes between the two datasets was examined using 

Spearman correlation coefficients. Nutrient intakes in both datasets were divided into 

quartiles. This allowed for the calculation of the proportion of individuals who remained in 

the same quartile in both datasets (exact agreement), the proportion who were classified in 

the same or adjacent quartiles (exact agreement + adjacent), the proportion who were 

classified two quartiles apart (disagreement), and the proportion who were classified three 

quartiles apart (extreme disagreement). Bland-Altman analysis was carried out whereby 

the mean difference between the two datasets and the limits of agreement (mean difference 

± 1.96SD) for each nutrient were calculated. It is expected that ≥ 95% of observations will 

fall within the limits of agreement for comparable methods (27). 

Finally, participants were classified, separately for both datasets, according to nutrient-

based dietary guidelines (28-30). For example, they were classified whether their nutrient 

intakes were low, adequate, or high according to those guidelines. The nutrients assessed 

included protein, carbohydrate, fat, monounsaturated fat, polyunsaturated fat, saturated fat, 

salt, dietary fibre, calcium, iron, folate, thiamine, riboflavin, vitamins A, B12, and C. The 

proportion of individuals who were classified into the same category in both datasets was 

calculated for each nutrient. 

4.4 Results 

Of the 1500 participants who completed the NANS study 740 (49.3%) were male and 760 

(50.7%) were female. The overall age was 44.5 ± 17y (mean ± SD). The overall BMI was 

27.1 ± 5.0 kg/m2 (Table 4.2). Implausible estimates of energy intake were deemed to be 

those giving rise to an EI:BMR ratio of less than 1.10 (31). The results of the analysis were 

not impacted when participants with implausible estimates of energy intake were removed 

(data not shown). The results presented here, therefore, are those based on the data from 

all 1500 participants. 

A total of 27336 individual meals were consumed by the 1500 participants during their 4-

day recording period. Of these meals, 17848 were consumed on a weekday and 9488 were 

consumed during the weekend. Overall, the most consumed meal type was snacks (n = 

7710), followed by main meals (n = 6025), breakfast (n = 5698), light meals (n = 4455), and 

beverages (n = 3448). These individual meals were aggregated to 63 generic meals. These 
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were comprised of 4 breakfasts, 8 light meals, 11 main meals, 4 snacks, 4 beverages during 

the weekdays, and 4 breakfasts, 6 light meals, 14 main meals, 4 snacks, and 4 beverages 

during the weekend (Figure 4.1). Generic meal portion sizes and food-based descriptions 

based on the most frequently occurring foods in each food group of each meal are 

presented in Supplementary Table 4.3. The nutritional content of each of the generic meals 

were determined from the mean nutritional content of the individual meals making up those 

generic meals excluding outlier meals. 3825 meals were excluded on the basis of being 

outliers with regard to energy content and 2279 were excluded on the basis of being outliers 

with regard to micronutrient content. Therefore, a total of 21232 meals were used to 

determine the nutrient content of the generic meals. 

4.4.1 Comparison of Mean Intakes 

When comparing the sample population mean intakes of the original versus the generic 

meal data (original dataset vs dataset with generic meal substituted in), the mean 

percentage difference between estimated mean daily nutrient intakes for the original and 

generic datasets was 5.6%. The percentage difference between the datasets for all of the 

macronutrients and energy was <5%, ranging from 0.0% for total sugars as % total energy 

intake (TEI) to 4.2% for added sugars as %TEI. The percentage differences for the 

micronutrients ranged from 3.0% for sodium (mg) to 25.3% for retinol (µg) (Table 4.3). 

Despite the small percentage differences for most nutrients, statistically significant 

differences were observed in mean intakes of 20 of the 30 nutrients assessed and for 

energy (adj. P < 0.002). Nutrients that were not significantly different were fat in grams, 

saturated fat in grams, monounsaturated fat as %TEI, polyunsaturated fat as %TEI, protein 

as %TEI, carbohydrate in grams, total sugars in grams, total sugars as %TEI, added sugars 

in grams, added sugars as %TEI, and dietary fibre in grams (Table 4.3). All of the 

micronutrients assessed were found to differ significantly between the two datasets. 

However, of the 20 significant differences, 15 had a negligible effect size (Cohen’s d < 0.2) 

and the remainder had a small effect size (Cohen’s d ≥ 0.2 and < 0.5). Those with a small 

effect size were potassium (Cohen’s d = 0.262), phosphorous (Cohen’s d = 0.263), vitamin 

D (Cohen’s d = 0.229), folate (Cohen’s d = 0.255), and vitamin B12 (Cohen’s d = 0.265) 

(Table 4.3). 

Spearman correlation coefficients between the original and generic datasets ranged from 

0.23 for polyunsaturated fat (%TEI) to 0.75 for potassium (mg), with a mean correlation 

across all nutrients of 0.53 (Table 4.4). Bland-Altman analysis identified 13 nutrients for 

which ≥ 95% of participants fell within the limits of agreement. The proportion of individuals 
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that fell within the limits of agreement ranged from 93.7% for  sodium (mg) to 98.4% for 

retinol (µg) (Table 4.4). The Bland-Altman plots for the macronutrients are shown in Figure 

4.2. 

4.4.2 Individual Intake Classification 

The proportion of participants remaining in the same quartile in both the original and generic 

datasets ranged from 31% for polyunsaturated fat (%TEI) to 53% for potassium (mg). 

Extreme disagreement of 5% of participants or greater was observed for 6 nutrients: 

polyunsaturated fat as %TEI (8%), monounsaturated fat as %TEI (6%), total fat as %TEI, 

(6%), vitamin D (6%), saturated fat as %TEI (5%), and vitamin B12 (5%). The mean 

proportion of individuals in extreme disagreement across all nutrients was 3.3% (Table 4.4). 

When participants were classified (high, adequate, or low) according to nutrient-based 

guidelines, the proportion of individuals who were classified into the same category ranged 

from 55.3% for polyunsaturated fat (%TEI) to 91.5% for both protein (g/kg body weight) and 

salt (g). The mean proportion of exact agreement across all nutrients was 79.8% (Table 

4.5). 

4.5 Discussion 

This study examined a novel generic meal-based method of exploratory analysis of dietary 

intake data. Unlike previous work in this area (7-11), the research described here utilizes data-

driven methods of defining food groups based on nutrients from the Nutrient Rich Foods 

Index (19), and incorporates a range of standard portion sizes, which aimed to improve 

accuracy of a meal-based intake method to estimate intakes at both a population and 

individual level, which had not previously been considered. Differences between mean 

nutrient intakes determined using this generic meal-based method and the standard food-

based method were found to be small or negligible. This study also compared nutrient 

intakes at the individual level, for the first time, demonstrating that participants can be 

classified according to nutrient-based dietary guidelines (for example, high, adequate, or 

low intakes) using the generic meal-based method, suggesting a possible role for the use 

of generic meals in meal-based dietary intake assessment. 

Food groupings vary from study to study and are often tailored to the specific research in 

which they are used (32). Previous research examining generic meals has used pre-existing 

food groups as part of the process (7-11). The current research aimed to develop a generic 

meals process to assess dietary intakes with regard to nutrients of public health importance, 
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specifically the 12 nutrients from the Nutrient Rich Foods Index (19). As it was not feasible 

to group hundreds of foods manually based on their similarities for 12 different nutrients, 

clustering was applied instead. Whilst the use of nutrients in the derivation of generic meals 

appeared to improve the process, the use of the specific 12 nutrients in the generic meal-

based approach may have impacted on the agreement between the two methods for 

intakes of those nutrients, above others. For example, the mean correlation between 

methods, for nutrients used as input for k-means clustering was 0.57, whereas the mean 

correlation for nutrients that were not included was 0.48. This may provide scope for the 

inclusion of a different set of nutrients or other food components depending on the research 

question at hand. Indeed, previous studies that have clustered foods have also incorporated 

prior knowledge of nutrition in the selection of variables. For example, Pennington and 

Fisher (33) clustered fruit and vegetables using food components known to be primarily 

provided by these foods; Burden et al. (34) clustered foods based on macronutrient content 

with the aim of minimising their differences between groups; and in a study concerning the 

antioxidant content of fruit and vegetables, Patras et al. (35) clustered foods based on their 

content of known antioxidant compounds.  

In the present study, the choice of input variables for clustering deliberately focused on 

nutrients of known public health importance, introducing a degree of prior knowledge to a 

largely data-driven method. One of the limitations of this approach is that some of the 

variables included may be irrelevant or redundant for the purpose of clustering and thereby 

mask the underlying structures in the data (36). The alternative is to exclude prior knowledge 

and use a purely data-driven approach to selecting input variables for clustering (36, 37) that 

would enable foods to be grouped based only on the food components that differentiate 

those foods. While these data-driven methods are valuable approaches to identify inherent 

patterns or groupings in the data, they may not perform as well in identifying groupings that 

are relevant to disease prevention or health promotion (14), which is of importance in this 

current study. While a purely data-driven approach to clustering was not used in this 

instance, such approaches warrant further investigation as groupings driven by the 

underlying data structures of food composition may help researchers develop food groups 

for food frequency questionnaires (33, 34), be useful in teaching about food composition, and 

aid health professionals to produce dietary advice about foods with similar compositions 

when the content of multiple nutrients are of interest (33). 

The methods described in this study build on previously published studies that used the 

frequent itemset data mining method (7-9) to derive the generic meals used in their analysis. 

These studies did not include portion size in their generic meal framework and the methods 

used accounted for food group “descriptions” but not nutrient content when identifying 
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generic meals. The clustering method used in this current work derived generic meals 

based on nutrients of public health interest from the Nutrient Rich Foods Index (19) while 

also accounting for the food groups of which those generic meals were comprised. By 

identifying generic meals separately for weekdays and weekends, this method accounts for 

the differences that exist between weekday and weekend dietary intakes in relation to 

energy (38-40) and nutrient intake, food group consumption (38), and meal patterns (8). This 

approach was used to enhance the accuracy of the method, but also to ensure that 

identification of generic meals was guided by nutrients that are of public health importance 

and are therefore nutrients that are central to dietary guidelines (41-43). As such, any dietary 

assessment or feedback tool incorporating this generic meal approach will be of relevance 

to existing guidelines. 

Previous studies on generic meals have not incorporated portion size, and this is evident in 

the small variance in nutrient intakes seen in those studies (7, 9). The inclusion of portion 

size in the current study identified a greater range of nutrient intakes more reflective of the 

actual range of intakes observed in the original dataset. The approach used here assigned 

seven standard portion sizes to each generic meal based on actual meal intake weights. 

Comparable approaches have been used in established methods of dietary intake 

assessment. Standard portion sizes used in semi-quantitative food frequency 

questionnaires (FFQs) are based on known population consumption patterns (44, 45), and 

participants must choose the portion size that they typically consume for each food in the 

questionnaire (46, 47). While 24-hour recalls (24HRs) have traditionally asked participants to 

estimate portion size using weight, household measures, or food models/images (48), web-

based versions also provide the option of standard portion sizes when weight/volume is 

unknown (49-53). The portion sizes presented for each food are based on various centiles of 

intake observed in national diet surveys (49-53). The majority of FFQs are designed to include 

portion size (54, 55). Despite this, it has been questioned whether this practice is warranted 

(54-56) given that improvements in estimates of nutrient intakes due to portion size are small 

(57, 58). During the development of the generic meals method described in the present study, 

both the inclusion and exclusion of portion size was assessed (data not shown). The 

inclusion of portion size resulted in better agreement with the original data for absolute 

nutrient intakes but had no impact on agreement for energy-adjusted nutrient intakes.  

The percentage differences for most nutrients between the generic and original data for 

mean daily nutrient intakes (mean difference of 5.6%) were small considering the error that 

is inherent in dietary intake assessment. For comparison, mean daily estimated energy and 

protein intake using 4-day diet records, three 24HRs, or a food frequency questionnaire 

differs from doubly labelled water energy values by 20%–27% and from protein intake 
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based on urinary nitrogen by 4–10% (59). On comparing the results of the current study with 

previous studies of generic meals in the same population (7), improved agreement with the 

original data was observed for absolute nutrient intakes but similar for energy-adjusted 

intakes. The results of the current, however, found poorer agreement than those reported 

for generic meals in a Japanese population (9). However, that study only reported energy-

adjusted nutrient intakes and not absolute intakes. The differences between the current 

study and others, however, are not limited to portion size, and therefore the varying results 

may only be partly attributable to the inclusion of portion size in our study. 

The current study demonstrated the ability of our generic meals approach to rank 

individuals within the sample population based on nutrient intakes. When individuals were 

classified into quartiles based on nutrient intakes using the generic data, the proportions 

classified in the same or adjacent quartiles as the original data are comparable to the 

equivalent proportions reported in previous generic meal research (72–88%) (7) and in 

validation studies comparing FFQs with diet records (65–88%) (60, 61) and 24HRs (55–86%) 

(62, 63). This study also shows that participants can be classified according to nutrient-based 

guidelines using the generic dataset, with the agreement with the original dataset ranging 

from 55.3% to 91.5%. Several factors appear to have led to the range of agreements 

observed. Those nutrients with poorer agreement tended to be those expressed in %TEI, 

those that were not used as input variables in the clustering, and those that had three 

possible categories in the nutrient-based guidelines as opposed to two. Further work is 

warranted to determine the best combination of these variables or whether this approach is 

limited due to being unsuitable for certain nutrients.  

The work presented here has significant potential for use in the provision of population and 

individual dietary advice. Currently, dietary advice is provided at a variety of levels. For 

example, government dietary guidelines are typically food- and nutrient-based and targeted 

at national populations or certain population subgroups based on characteristics such as 

sex and age (64). Researchers have also shown that dietary advice can be targeted to 

population subgroups based on their metabolic profiles (65-67) and genetic profiles (67-69), 

while research has also examined the targeting of advice at an individual level based on 

existing dietary intakes (12, 70-74). Those studies providing advice at the individual level use 

food-based dietary assessment to classify individuals according to nutrient-based 

guidelines (for example, high, adequate, or low). These classifications determine the advice 

provided (12, 70-74). The current study demonstrated for the first time the ability of a generic 

meals approach to classify individuals according to nutrient-based dietary guidelines. The 

results show promise for the use of generic meals in dietary assessment and feedback, for 

example, it may be possible for images of the generic meals described in this study to be 
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presented to participants who could select the image of the meals and portions that most 

represent their dietary intakes, which in turn could be used to derive nutrient intakes, rather 

than recording each individual food consumed. Such a meal-based approach is likely to be 

more intuitive and less burdensome for end users (1, 6).  

However, while the current study has described a method for the exploratory analysis of 

dietary intake data, this generic meal-based method has not yet been validated for use in 

a dietary intake assessment tool. The results presented here compare generic meal-based 

intakes with the food-based intakes from which those generic meals were derived. Given 

the inherent correlations between these datasets, this may overestimate the agreement 

between the two methods. The generic meal-based method described here may facilitate 

the development of a dietary assessment tool that is meal- rather than food-based. Further 

work is required to examine the generic meal-based method for use in collecting new dietary 

data from individuals and categorising their intakes according to nutrient-based dietary 

guidelines. It is also unknown in meal-based research whether certain generic meals better 

represent their food-based equivalents than others as analysis of accuracy is carried out at 

the mean daily intake level (7-9). Analysis at the individual generic meal level could provide 

additional insights to further develop this process. 

The work presented here should be considered in the context of its strengths and 

limitations. The primarily data-driven nature of the method limits the applicability of the 

results to other populations. However, the method itself can be applied to datasets from 

other populations to assess generic meal intakes. The nationally representative nature of 

the sample used here (16) strengthens the generalisability of the results within the Irish 

population. Despite this, the data used in this study were collected between 2008 and 2010, 

so the generic meals described may not necessarily be reflective of present-day meal 

intakes in Ireland. All self-reported dietary intake data are subject to measurement error (75). 

The use of a 4-day weighed dietary intake record to gather the dietary data used in this 

study will mitigate, but not eliminate, this problem (59, 76).  

4.6 Conclusion 

The novel generic meals approach described here characterises the meals consumed in a 

nationally representative Irish population providing a means to estimate nutrient intakes 

based on meal rather than food intake at the sample population and individual levels. Future 

work will aim to determine the utility of this exploratory work in other datasets and assess 

the adequacy of this approach in the development of a meal-based approach to dietary 

intake assessment. This may enable a meal-based method of dietary assessment that is 
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less burdensome and more intuitive for individuals to complete compared to food-based 

methods (1, 6).   
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4.7 Tables 

Table 4.1: The numbers of clusters identified within each of the groups of the Irish Food 

Pyramid with descriptions of the clusters. 

Food Pyramid Groups Number of 

Clusters / 

Groups 

Description of Clusters / Groups 

Vegetables, salad, and fruit 2 No clear distinction of traditional 

food groups or descriptions was 

observed between these clusters, 

simply called F&V1 and F&V2. 

 

Cereal and breads, potatoes, 

pasta, and rice 

3 1. Cereals 

2. Potatoes 

3. Breads, oats, pasta, and 

rice 

 

Milk, yogurt, and cheese 2 1. Milk and Yogurt (and non-

dairy alternatives) 

2. Cheese 

 

Meat, poultry, fish, eggs, 

beans, and nuts 

2 No clear distinction of traditional 

food groups or descriptions was 

observed between these clusters, 

called proteinfoods1 and 

proteinfoods2. 

 

Fats, spreads, and oils (not 

further split) 

 

1  Not applicable: only 1 group. 

Foods and drinks high in fat, 

sugar, or salt 

2 No clear distinction of traditional 

food groups or descriptions was 

observed between these clusters, 

simply called HFSS1 and HFSS2. 

 

Other (not clustered, 

manually grouped) 

3 1. Alcoholic beverages 

2. Non-alcoholic beverages 

3. Soups, sauces, and 

miscellaneous foods 
K-means clustering was carried out on the foods in each of the groups of the Irish food pyramid to identify 
clusters / subgroups within these groups. Clustering was performed separately for each group. Input variables 
for the clustering were the 12 nutrients in the Nutrient Rich Foods Index (NRF9.3) as reported by Fulgoni et al. 
(19). The number of clusters in each group was identified using 24 different indices to determine the optimal 
number of clusters between 2 and 10 based on the process described by Charrad et al. (20).  
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Table 4.2: Participant demographics. 

 Male Female Total 

 n = 740 (49.3%) n = 760 (50.7%) n = 1500 

Age (y) 43.8 ± 17.2 45.2 ± 16.8 44.5 ± 17.0 

BMI (kg/m2) 27.6 ± 4.6 26.6 ± 5.3 27.1 ± 5.0 

Weight (kg) 85.7 ± 14.7 69.7 ± 13.4 77.5 ± 16.1 
Values are given as median ± standard deviation.
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Table 4.3: Mean daily nutrient intakes estimated using the original food-based dataset and the generic meal-based dataset. 

  Dataset Difference P value Effect Size 

 

Effect Size  

  Original Generic 

 Mean ± SD Mean ± SD %  Cohen's d Magnitude 

Energy (kJ) 8431 ± 2747 8088 ± 2394 -4.1 <0.001* 0.166 Negligible 

Fat (g) 75.7 ± 29.4 73.6 ± 22.4 -2.8 0.002* 0.081 Negligible 

Fat (%TEI) 33.8 ± 6.5 34.5 ± 2.9 2.1 <0.001*  0.108 Negligible 

Saturated Fat (g) 29.7 ± 12.9 29.3 ± 9.4 -1.3 0.174 0.035 Negligible 

Saturated Fat (%TEI) 13.3 ± 3.6 13.7 ± 1.4 3.0 <0.001* 0.135 Negligible 

Monounsaturated Fat (g) 27.7 ± 11.4 26.7 ± 8.1 -3.6 <0.001* 0.094 Negligible 

Monounsaturated Fat (%TEI) 12.3 ± 2.7 12.5 ± 1.1 1.6 0.003 0.077 Negligible 

Polyunsaturated Fat (g) 13.3 ± 6.5 12.8 ± 3.9 -3.8 0.001* 0.088 Negligible 

Polyunsaturated Fat (%TEI) 6.0 ± 2.2 6.0 ± 0.6 0.0 0.941 0.002 Negligible 

Protein (g) 83.3 ± 26.9 79.9 ± 22.0 -4.1 <0.001* 0.156 Negligible 

Protein (%TEI) 17.0 ± 3.6 16.8 ± 1.9 -1.2 0.020 0.060 Negligible 

Carbohydrate (g) 228 ± 78.9 226 ± 70.1 -1.0 0.181 0.035 Negligible 

Carbohydrate (%TEI) 42.9 ± 6.9 44.0 ± 3.5 2.6 <0.001* 0.179 Negligible 

Total Sugars (g) 90.3 ± 43.1 87.7 ± 34.0 -2.9 0.006 0.072 Negligible 

Total Sugars (%TEI) 16.9 ± 5.8 16.9 ± 3.1 0.0 0.765 0.008 Negligible 

Added Sugars (g) 39.5 ± 31.1 39.2 ± 20.4 -0.8 0.573 0.015 Negligible 

Added Sugars (%TEI) 7.2 ± 4.7 7.5 ± 2.5 4.2 0.002 0.080 Negligible 

Dietary Fibre (g) 19.1 ± 7.9 19.1 ± 6.0 0.0 0.916 0.003 Negligible 

Calcium (mg) 895 ± 369 844 ± 256 -5.7 <0.001* 0.169 Negligible 

Iron (mg) 11.9 ± 5.0 11.3 ± 3.7 -5.0 <0.001* 0.145 Negligible 

Potassium (mg) 3035 ± 966 2859 ± 813 -5.8 <0.001* 0.262 Small 

Phosphorous (mg) 1378 ± 461 1297 ± 361 -5.9 <0.001* 0.236 Small 

Sodium (mg) 2493 ± 901 2418 ± 712 -3.0 <0.001* 0.096 Negligible 
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  Dataset Difference P value Effect Size 

 

Effect Size  

  Original Generic 

 Mean ± SD Mean ± SD %  Cohen's d Magnitude 

Total Vitamin A (µg) 1023 ± 831 875 ± 326 -14.5 <0.001* 0.191 Negligible 

Retinol (µg) 410 ± 623 307 ± 102 -25.3 <0.001* 0.167 Negligible 

Carotene (µg) 3674 ± 3174 3408 ± 1623 -7.3 <0.001* 0.095 Negligible 

Vitamin C (mg) 79.4 ± 52.4 71.9 ± 28.6 -9.4 <0.001* 0.178 Negligible 

Vitamin D (µg) 3.2 ± 2.6 2.7 ± 0.9 -15.6 <0.001* 0.229 Small 

Vitamin E (mg) 9.5 ± 4.9 8.9 ± 2.9 -6.3 <0.001* 0.116 Negligible 

Total Folate (µg) 318 ± 152 285 ± 90.4 -10.3 <0.001* 0.255 Small 

Vitamin B12 (µg) 4.7 ± 3.5 3.8 ± 1.1 -19.1 <0.001* 0.265 Small 
Statistically significant p values refer to results of a paired t-test with Bonferroni-adjustment; p values < 0.002 are indicated with an asterisk. Effect sizes of < 0.2 were deemed 
to be negligible, and those ≥ 0.2 and < 0.5 were deemed to be small. TEI, Total Energy Intake. 
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Table 4.4: Correlation coefficients, cross-classification of quartiles, and percentage of participants within the Bland-Altman limits of agreement 

between the original food-based dataset and generic meal-based dataset. 

  

Correlation 

(Spearman) 

Exact 

Agreement 

(%) 

Exact 

Agreement + 

Adjacent (%) 

Disagreement 

(%) 

Extreme 

Disagreement 

(%) 

Proportion 

Within Bland-

Altman LOA 

(%) 

Energy (kJ) 0.69 52 89 10 1 94.5 

Fat (g) 0.54 43 82 14 3 94.9 

Fat (%TEI) 0.36 34 75 19 6 94.9 

Saturated Fat (g) 0.51 41 81 15 4 95.3* 

Saturated Fat (%TEI) 0.39 35 76 20 5 95.8* 

Monounsaturated Fat (g) 0.52 42 81 15 3 94.8 

Monounsaturated Fat (%TEI) 0.31 33 72 21 6 95.1* 

Polyunsaturated Fat (g) 0.48 40 79 17 4 95.4* 

Polyunsaturated Fat (%TEI) 0.23 31 70 22 8 96.6* 

Protein (g) 0.61 46 85 12 2 93.9 

Protein (%TEI) 0.46 39 79 17 4 96.0* 

Carbohydrate (g) 0.66 47 87 11 2 94.5 

Carbohydrate (%TEI) 0.46 39 79 17 4 94.4 

Total Sugars (g) 0.64 44 86 12 2 94.5 

Total Sugars (%TEI) 0.47 40 80 15 4 95.1* 

Added Sugars (g) 0.61 46 84 14 2 94.3 

Added Sugars (%TEI) 0.57 45 83 14 3 94.7 

Dietary Fibre (g) 0.66 46 87 11 2 94.3 

Calcium (mg) 0.61 45 86 11 2 94.3 

Iron (mg) 0.62 46 86 12 2 94.4 

Potassium (mg) 0.75 53 91 8 1 94.9 

Phosphorous (mg) 0.69 48 88 10 1 94.1 
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Correlation 

(Spearman) 

Exact 

Agreement 

(%) 

Exact 

Agreement + 

Adjacent (%) 

Disagreement 

(%) 

Extreme 

Disagreement 

(%) 

Proportion 

Within Bland-

Altman LOA 

(%) 

Sodium (mg) 0.56 42 82 15 3 93.7 

Total Vitamin A (µg) 0.54 42 82 15 2 97.5* 

Retinol (µg) 0.47 37 79 17 4 98.4* 

Carotene (µg) 0.51 40 81 16 3 95.0* 

Vitamin C (mg) 0.62 43 86 12 2 94.2 

Vitamin D (µg) 0.34 33 74 21 6 96.0* 

Vitamin E (mg) 0.51 39 82 14 4 95.0* 

Total Folate (µg) 0.61 46 85 13 2 94.9 

Vitamin B12 (µg) 0.44 38 79 16 5 97.5* 
All correlations were statistically significant, P < 0.001. Exact agreement is the percentage of participants cross-classified into the same quartile; exact agreement + adjacent is 
the percentage of participants cross-classified into the same or adjacent quartiles; disagreement is the percentage of participants cross-classified 2 quartiles apart; and extreme 
disagreement is the percentage of participants cross-classified 3 quartiles apart. Proportion within Bland-Altman LOA of ≥ 95% are marked by an asterisk. The Bland-Altman 
LOA is the mean difference between the two datasets ± 1.96SD. LOA, limits of agreement; SD, standard deviation; TEI, total energy intake.
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Table 4.5: Exact agreement between the original food-based dataset and generic meal-

based dataset for categorisation of participants’ nutrient intakes according to nutrient-based 

dietary guidelines. 

Nutrient Possible categories for 

classification of 

individual nutrient 

intakes 

Proportion classified to 

the same category (%) 

Protein (g/kg BW) Low, adequate, and high 91.5 

Carbohydrate (%TEI) Low, adequate, and high 65.5 

Fat (%TEI) Low, adequate, and high 62.4 

Monounsaturated Fat (%TEI) Low, adequate, and high 85.5 

Polyunsaturated Fat (%TEI) Low, adequate, and high 55.3 

Saturated Fat (%TEI) Adequate and high 82.9 

Salt (g) Adequate and high 91.5 

Dietary Fibre (g) Low and adequate 87.1 

Calcium (mg) Low, adequate, and high 72.2 

Iron (mg) Low, adequate, and high 90.2 

Vitamin A (µg) Low, adequate, and high 76.8 

Folate (µg) Low, adequate, and high 72.1 

Thiamin (mg) Low and adequate 91.1 

Riboflavin (mg) Low and adequate 90.9 

Vitamin B12 (µg) Low and adequate 88.7 

Vitamin C (mg) Low, adequate, and high 72.7 
Participants were placed in categories according to nutrient-based guidelines. The percentages in the table give 
the percentage of participants who were placed in the same category according to both the original and generic 
datasets. 
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4.8 Figures 

 

 

Figure 4.1: Flowchart of process for deriving generic meals.  

The original database is from 1500 participants recording their dietary intakes over a period of 4 days during 
the National Adult Nutrition Survey in Ireland, 2008 to 2010. NRF9.3: Nutrient Rich Foods Index; PAM: 
partitioning around the medoids. 
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Figure 4.2: Bland-Altman plots for energy and macronutrients.  

The middle dashed line, and associated number, represents the mean difference in mean daily intakes between the original and generic databases. The upper and lower dashed 
lines, and associated numbers, represent the upper and lower limits of agreement, respectively. Original and generic refer to the original and generic datasets. Each point 
represents an individual participant (n = 1500). TEI, Total Energy Intake.  
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4.10 Supplementary Material 

Supplementary Table 4.1: The values from the 24 indices used to determine the number 

of clusters when clustering foods in the fruit and vegetables level of the Irish food pyramid. 

Index Index Value for the Top 3 Cluster Numbers 

that were Deemed Optimal Most Frequently 

Interpretation a 

 2 5 10  

KL 83.1* 17.8 35.9 Max value 

CH 148.4* 92.9 82.5 Max value 

Hartigan 31.2 17.2 9.0* Max dif ference between 

hierarchy levels of  index 

CCC -3.8 2.1 21.4* Max value 

Scott 551.3 2159.6 3909.0* Max dif ference between 

hierarchy levels of  index 

Marriot 4.02E+29 6.07E+28* 4.23E+27 Max value of  second dif ferences 

between levels of  the index 

TrCovW 117175.8 69270.3 26588.9* Max dif ference between 

hierarchy levels of  index 

TraceW 3845.3 2765.5* 1873.9 Max value of  second dif ferences 

between levels of  the index 

Friedman 7.8 18.6* 28.7 Max dif ference between 

hierarchy levels of  index 

Rubin 1.3 1.9* 2.8 Min value of  second dif ferences 

between levels 

Cindex 0.14 0.11 0.13 Min value 

DB 1.62 1.49 1.38* Min value 

Silhouette 0.5* 0.3 0.2 Max value 

Duda 1.2* 1.1 1.9 Smallest number of  clusters such 

that index > critical value 

Beale -1.5* -0.6 -3.7 Number of  clusters such that 

critical value ≥ alpha 

Ratkowsky 0.31* 0.29 0.25 Max value 

Ball 1922.7 553.1 187.4 Max dif ference between 

hierarchy levels of  index 

Ptbiserial 0.5* 0.5 0.5 Max value 

McClain 0.2* 0.5 0.7 Min value 

Dunn 0.0* 0.0 0.0 Max value 

Hubert    Graphical method  b 

SDindex 2.27* 2.94 3.29 Min value 

Dindex    Graphical method  b 

SDbw 1.5 1.7 1.7 Min value 

Total 10 4 5  

The optimal number of clusters as chosen by each index is indicated by an asterisk. The number of clusters 
chosen for the subsequent clustering step was the cluster number that was deemed to be optimal most 
frequently by the various indices. The range of cluster numbers that was assessed was 2–10. a Information on 
the interpretation of the various indices was adapted from Charrad et al. (20).  b The two graphical methods used 
involved choosing the cluster number where a peak occurred on the second differences plot for those indices.  
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Supplementary Table 4.2: The values from the 24 indices used to determine the number 

of clusters when clustering meals consumed at breakfast on weekends. 

Index Index Value for the Top 3 Cluster Numbers that 

were Deemed Optimal Most Frequently 

Interpretation a 

 4 8 12  

KL 1.27 0.78 1.07 Max value 

CH 0.21 2.97* 2.02 Max value 

Hartigan 1.0 0.0* 0.2 Max dif ference between 

hierarchy levels of  index 

CCC -243.8* -472.6 -563.4 Max value 

Scott 5900.9 7532.8 9252.3* Max dif ference between 

hierarchy levels of  index 

Marriot 4.64E+37 8.34E+37 8.07E+37* Max value of  second 

dif ferences between levels 

of  the index 

TrCovW 3.60E+11 3.53E+11 3.53E+11 Max dif ference between 

hierarchy levels of  index 

TraceW 2.40E+06 2.38E+06 2.38E+06 Max value of  second 

dif ferences between levels 

of  the index 

Friedman 20.6 21.9 23.2* Max dif ference between 

hierarchy levels of  index 

Rubin 2.38 2.40* 2.40 Min value of  second 

dif ferences between levels 

Cindex 0.23 0.22 0.22 Min value 

DB 2.87 3.48 5.20 Min value 

Silhouette 0.09* 0.02 -0.03 Max value 

Duda 1.0* 1.6 1.0 Smallest number of  

clusters such that index > 

critical value 

Beale 0.0* -2.6 0.0 Number of  clusters such 

that critical value ≥ alpha 

Ratkowsky 0.031 0.075 0.076* Max value 

Ball 6.01E+05 2.97E+05 1.98E+05 Max dif ference between 

hierarchy levels of  index 

Ptbiserial 0.05 0.23 0.25 Max value 

McClain 0.002* 0.015 0.018 Min value 

Dunn 0.17* 0.10 0.10 Max value 

Hubert    Graphical method  b 

SDindex 1.43* 1.80 2.34 Min value 

Dindex  *  Graphical method  b 

SDbw 1.74 1.51 0.68* Min value 

Total 7  4  5  

The optimal number of clusters as chosen by each index is indicated by an asterisk. The number of clusters 
most frequently deemed to be optimal by the various indices was chosen for the subsequent clustering step. 
The range of cluster numbers that was assessed was 4–15. a Information on the interpretation of the various 
indices was adapted from Charrad et al. (20). b The two graphical methods used involved choosing the cluster 
number where a peak occurred on the second differences plot for those indices.  
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Supplementary Table 4.3: Food-based descriptions of generic meals and their portion sizes. 

Time of 

Week 

Meal Type Food-Based Description Portion Sizes (g) 

1 2 3 4 5 6 7 

Weekend Breakfast Bread/toast with fat spread, tea with milk, eggs, sausages, 

rashers, and pudding. 

275 372 440 515 600 747 1040 

Weekend Breakfast Bread/toast, with fat spread and marmalade/jam. Tea with milk 

and sugar. 

244 338 391 480 554 678 939 

Weekend Breakfast Bread/porridge, tea with milk, and fruit juice/whole fruit 214 379 473 568 676 845 1135 

Weekend Breakfast Cereal with tea and milk. 151 252 334 425 499 594 831 

Weekday Breakfast Toast or porridge. 74 137 200 259 356 462 695 

Weekday Breakfast Bread/toast with fat spread and jam/marmalade, tea with milk 

and sugar. 

270 340 391 458 549 649 911 

Weekday Breakfast Bread or porridge, tea with milk, and fruit juice/whole fruit 350 457 542 619 715 882 1191 

Weekday Breakfast Cereal with milk and tea. 170 275 360 443 512 630 917 

Weekend Light Meal Sandwich with bread, mayonnaise/dressing, meat with veg and 

tea with milk. 

422 509 574 631 709 846 1190 

Weekend Light Meal Sandwich with bread, fat spread, meat/eggs, tea and milk. 294 378 438 500 612 741 996 

Weekend Light Meal Bread and soup and fruit. 122 235 300 384 456 648 932 

Weekend Light Meal Sandwich with bread, cheese, ham, and tea. 157 296 392 441 534 715 951 

Weekend Light Meal Sandwich with fat spread and meat, with cookie/chocolate, tea, 

and milk. 

334 406 463 528 627 745 959 

Weekend Light Meal Cookies/chocolate/cake with tea and milk. 236 318 406 486 581 713 1040 

Weekday Light Meal Sandwich with bread, fat spread, eggs, sausages, and bacon, 

with tea and milk and sugar. 

334 404 456 527 601 679 853 

Weekday Light Meal Bread, fat spread, with banana, and tea with milk. 381 458 545 635 714 854 1133 

Weekday Light Meal Bread with chicken and water. 221 350 438 544 640 757 949 

Weekday Light Meal Ham sandwich with tea and milk. 194 365 435 480 592 709 935 

Weekday Light Meal Bread with soup and/or whole fruit. 148 243 301 380 481 620 916 
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Time of 

Week 

Meal Type Food-Based Description Portion Sizes (g) 

1 2 3 4 5 6 7 

Weekday Light Meal Sandwich with bread, mayonnaise/dressing, meat with veg and 

water. 

242 417 508 588 734 853 1120 

Weekday Light Meal Sandwich with bread, cheese, fat spread, ham, with tea and 

milk. 

300 400 449 515 615 710 930 

Weekday Light Meal Tea and milk with cookie/chocolate/cake. 237 321 408 469 577 676 947 

Weekend Main Meal Potatoes with beef, veg, tea, milk, and sweet dessert. 675 771 935 1062 1154 1269 1604 

Weekend Main Meal Bread/rice with chicken curry /stir fry. 358 518 668 795 933 1123 1620 

Weekend Main Meal Chips/potatoes with meat and tea. 433 508 607 678 772 943 1300 

Weekend Main Meal Potatoes, ham/beef, green veg, and water. 390 595 740 825 934 1109 1528 

Weekend Main Meal Potatoes, beef, gravy, carrots, and green veg. 315 404 500 621 721 861 1132 

Weekend Main Meal Potatoes, beef, veg, gravy, water. 481 637 756 909 1073 1241 1483 

Weekend Main Meal Potatoes with chicken, veg, and water. 451 651 765 867 975 1176 1347 

Weekend Main Meal Bread with fat spread, ham, egg, onions, coleslaw, tea and milk. 486 641 760 834 888 1007 1346 

Weekend Main Meal Potatoes/chips, beef, veg, sugar-sweetened beverage. 382 498 601 716 811 936 1124 

Weekend Main Meal Bread, rice/spaghetti, sauce, chicken, pulses, veg, and water. 328 578 713 817 960 1082 1613 

Weekend Main Meal Potatoes, beef/bacon/ham, vegetables, cookie, tea, and milk. 588 691 808 894 1010 1160 1439 

Weekend Main Meal Bread with meat, tea, milk, and cookies. 410 596 690 771 908 1108 1442 

Weekend Main Meal Rice/bread/pizza with beef/poultry dish. 200 346 429 547 700 854 1298 

Weekend Main Meal Potatoes with peas and meat. 241 348 454 571 700 825 1006 

Weekday Main Meal Bread, beef dishes, tea, milk, and sugar. 411 533 630 740 895 1041 1358 

Weekday Main Meal Potatoes, meat/fish, and veg 338 430 520 605 701 878 1165 

Weekday Main Meal Potatoes, chicken, peas. 264 382 452 571 656 790 1113 

Weekday Main Meal Rice/pasta/bread, meat products, beg, sauce, and water. 436 594 698 823 948 1083 1291 

Weekday Main Meal Rice/pasta, chicken dishes, water. 368 542 654 764 884 1025 1322 

Weekday Main Meal Rice/pasta/bread, chicken/fish, veg, tea, milk, sugar, chocolate. 502 682 763 835 909 1036 1314 

Weekday Main Meal Potatoes, chicken/fish, veg, water, tea, milk. 560 663 772 897 989 1097 1434 

Weekday Main Meal Rice/pasta/bread, beef/chicken. 210 347 437 525 657 777 1067 
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Time of 

Week 

Meal Type Food-Based Description Portion Sizes (g) 

1 2 3 4 5 6 7 

Weekday Main Meal Potatoes, beef/ham, veg. 534 702 795 909 1011 1163 1430 

Weekday Main Meal Chips/potatoes, fish/beef/bacon/chicken, water. 353 527 629 716 840 979 1310 

Weekday Main Meal Potatoes, beef/fish/chicken. 375 565 657 782 901 1043 1374 

Weekend Snack Bread/scone with fat spread and tea with milk. 169 296 348 398 455 546 767 

Weekend Snack Cookie/chocolate with tea and milk. 202 252 283 312 345 403 632 

Weekend Snack Cookie/chocolate with water. 26 66 200 267 354 522 809 

Weekend Snack Piece of fruit. 49 113 160 250 359 480 790 

Weekday Snack Cookies/chocolate. 22 40 64 129 250 363 592 

Weekday Snack Bread with fat spread and tea and milk. 201 301 337 384 437 527 766 

Weekday Snack Cookies/chocolate and tea and milk and sugar. 176 247 277 307 340 393 601 

Weekday Snack Fruit and water. 97 140 200 275 372 519 761 

Weekend Beverage Spirits or lager with cola or red bull. 200 250 330 468 600 915 1125 

Weekend Beverage Lager/stout. 175 378 574 663 1144 1665 2272 

Weekend Beverage Milk and tea/coffee. 220 245 260 275 309 332 542 

Weekend Beverage Water. 160 250 284 366 568 628 1000 

Weekday Beverage Coffee/tea with milk and sugar. 211 255 272 284 308 330 470 

Weekday Beverage Water. 119 225 284 330 500 568 1000 

Weekday Beverage Tea and milk. 210 232 245 262 287 315 462 

Weekday Beverage Lager/stout. 145 375 568 638 990 1148 1722 

 



 

 

CHAPTER 5  

Comparison of Statistical Approaches in the Derivation 
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5.1 Abstract 

Research on meal patterns investigating the content of different combinations of meals 

consumed over course of a day has increased in recent years. A variety of statistical 

techniques have been used to identify these patterns. Despite this, no study has assessed 

whether applying different statistical approaches to the same data gives rise to different 

outcomes. The objective was to identify meal patterns using different methods and compare 

the resulting meal patterns that were identified. This study is a secondary analysis of data 

from NHANES 2017–2018. A small number of generic meals were identified that were 

representative of the larger number of actual meals consumed with regard to their food 

group and nutrient content. Combinations of these generic meals consumed (meal patterns) 

were identified using three different statistical approaches: partitioning around the medoids 

clustering, principal component analysis (PCA), and latent class analysis (LCA). The 

number of meal patterns identified were 26 by clustering, 18 by PCA, and 17 by LCA. Meal 

patterns in which individuals skipped certain meal types were observed using clustering 

and LCA, but not PCA. There was only one meal pattern that was identical when comparing 

clustering patterns with LCA patterns, i.e., the generic meals consumed at all five meal 

types (breakfast, lunch, dinner, snacks, and beverages) were the same. No other identical 

patterns were identified. However, for all comparisons (clustering v. PCA, clustering v. LCA, 

and PCA v. LCA), there were two meal patterns in each in which identical generic meals 

were consumed in four of the five meal types. In conclusion, using different statistical 

approaches to meal pattern analysis gave rise to a differing number of meal patterns. A 

similar identification of meal skipping was observed between clustering and LCA, but not 

PCA, but considerable differences in the content of the meal patterns were observed across 

the three methods.  
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5.2 Introduction 

Meal-based research provides insights into aspects of dietary intake that cannot be 

provided by research that focuses on nutrients or foods (1, 2). For example, temporal meal 

patterns provide information on the timing and distribution of meals; content meal patterns 

provide information on what meals are combined to make meals and what meals are 

combined over time; and context meal patterns considers those aspects that are external 

to the meal itself such as whether someone eats alone or in company, the location of meals, 

and any other activities being carried out during meals (1). 

A variety of studies have been conducted using various statistical techniques including 

clustering (3), LCA (4), and PCA (5, 6) to identify meal patterns. These methods identify meal 

patterns in different ways. Both clustering (7) and LCA (8) classify individuals into mutually 

exclusive groups in such a way that individuals within groups have similar meal patterns to 

each other. In clustering this similarity is based on the distance among observations in a 

geometric space (7). In LCA, similarity is based on the probability of individuals consuming 

similar combinations of meals (8, 9). PCA, does not inherently classify individuals into groups. 

Instead, it arranges meals into principal components (meal patterns) based on the degree 

to which the various meals are correlated with each other (7). A principal component score 

can be calculated for each individual, however, representing how closely their meal intake 

pattern aligns with each of the principal component meal patterns; in practice these scores 

are used as a proxy for group membership in PCA research (10, 11). Despite these varied 

techniques being applied to answer the same research question in different populations, it 

is not clear whether the results from these techniques are comparable given that they 

operate in different ways. 

Clustering (12), PCA (13), and LCA (10), have also been used in dietary pattern research which 

investigates the combinations of foods or food groups that people consume over a day. In 

the area of dietary patterns, research has been conducted in which these statistical 

methods have been applied to the same datasets to compare and contrast the dietary 

patterns that they identify (14). Broadly speaking similar patterns have been identified with 

the number of patterns typically being in the range of two to five. Patterns described as 

“Western” (high intakes of fried foods, low fibre foods, and sugar sweetened beverages) 

and “Prudent” (high intakes of fish, fruit, vegetables, and wholegrains) have been commonly 

identified (15-18).  

A much smaller volume of research has been carried out in meal patterns compared to 

dietary patterns, as highlighted by a recent review that identified 10 studies using data-

driven methods for meal pattern analysis (1). No studies have been identified that have 
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attempted to identify meal patterns within a single dataset using multiple different data-

driven techniques. This is in contrast with the area of dietary patterns research where a 

recent review identified 153 studies that used data-driven methods to identify those 

patterns, 19 of which used more than one method on the same dataset (14). Despite the use 

of different statistical methods to derive meal patterns, it is currently unknown whether the 

methods have comparable outcomes when used on the same dataset. The aim of this study 

is to apply clustering, PCA, and LCA to the NHANES dataset to identify meal patterns and 

compare the outcomes from the different methods. 

5.3 Methods 

The current study is a secondary analysis of data from the 2017–2018 National Health and 

Nutrition Examination Survey (NHANES) from the USA (19). In summary, it includes data 

from non-institutionalised civilian residents of the USA aged 18–80 years. Each participant 

completed two 24-hour recalls conducted by trained interviewers, with the first being in 

person and the second being over the telephone using a standardised process. The nutrient 

composition of the foods reported in the 24-hour recalls was derived from the food and 

nutrient database for dietary studies (FNDDS) 2017–2018 (20).  

The meal pattern analysis within the current study was conducted in three broad steps. 

Firstly, foods were grouped into food groups based on how similar they were with regard to 

their nutrient composition. Secondly, individual meals were grouped into generic meals 

based on how similar they were with regard to their nutrient profile and food group content. 

Thirdly, participants are grouped into meal patterns based on having consumed similar 

combinations of generic meals. The first two steps have previously been described 

elsewhere (21). The third step of identifying meal patterns was carried out using three 

different methods (clustering, PCA, and LCA) and comparisons were made among the 

outcomes for all three methods. All steps are described in the following sections. 

5.3.1 Step 1. Food Groups  

Participants’ reported food intakes were grouped based on the five groups used in the USA 

dietary guidelines: fruit; vegetables; grains; protein foods; dairy. Foods that did not belong 

in any of those groups were assigned to one of the following five groups: foods high in fat, 

sugar, or salt; fats and oils; non-alcoholic beverages; alcoholic beverages; and other, with 

10 food groups in total. Each of the 10 food groups were analysed separately using k-

means clustering to create subgroups in such a way that foods within a subgroup were most 

similar to each other in relation to nutrients listed within the Nutrient Rich Foods (NRF9.3) 
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index: protein, fibre, vitamin A, vitamin C, vitamin E, calcium, iron, magnesium, potassium, 

saturated fatty acids, total sugar, and sodium (22). Food nutritional composition was 

expressed in units per 100kcal and were z-standardised before clustering. The number of 

clusters was determined by applying 24 indices and choosing the number of clusters that 

was most frequently proposed among the indices (23). The range of values assessed for the 

number of clusters in the data was between two and eight inclusive. The clustering of the 

non-alcoholic beverages group resulted in unbalanced clusters with very small numbers of 

foods in some clusters, so this group was split into energy containing and energy free non-

alcoholic beverages instead of clustering. Two of the original food groups (alcoholic 

beverages and other) were not further split due to the small number of foods in each of 

these groups. Fats and oils were not further split, instead their original three subgroups from 

the FNDDS were kept: animal fats; margarines; and dressings and vegetable oils (20). In 

total, 23 food groups were created. The original food groups and their subsequent 

subgroups after k-means clustering are summarised in Table 5.1. 

5.3.2 Step 2. Generic Meals 

The descriptions of participants’ individual meals were changed so that the individual foods 

reported in the dietary recalls were replaced by the food group to which that food belonged. 

From this point the data were analysed separately for males and females. Meals were also 

split according to meal type. The original NHANES data used in this analysis included 18 

different meal types. These meal types were condensed to five for the purpose of this 

analysis: breakfast (comprising breakfast, desayuno, and amuerzo), lunch (lunch, comida, 

and brunch), dinner (dinner, supper, and cena), snack (snack, merienda, entre comida, 

botana, bocadillo, tentempie, and extended consumption), and beverages (drink and 

bebida). These categorisations were based on previous methods from the literature (24-27). 

Similar meals within each meal type were grouped using partitioning around the medoids 

(PAM) clustering. Similarity was based on 24 variables: 23 binary variables, each one 

representing one of the food groups and indicating whether that food group was present or 

not in the meal, and a single numeric value, namely the NRF9.3 index score (22) for each 

meal, which was used as an indication of the nutritional quality of the meal. The same 

approach described in the previous section was taken to determine the number of clusters 

present. The range of values assessed for the number of clusters in the data was between 

4 and 15 inclusive.  

Each group (cluster) of meals was used to define a generic meal. The nutrient content of a 

given generic meal was calculated as the mean nutrient content per 100g of the individual 
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meals that make up that generic meal, as described previously (21). Seven portion sizes 

were determined for each generic meal by ordering the individual meals in that generic meal 

by weight (g) and dividing them into sevenths based on septiles. The median weights of 

each seventh were assigned as the generic portion sizes for that meal. The nutrient content 

of the generic meal per 100g consumed by participants was multiplied by the portion size 

consumed by participants to estimate energy intakes based on the generic meal data. 

5.3.3 Step 3. Meal Patterns 

5.3.3.1 Datasets 

Due to the requirements of the different statistical methods used, the datasets used as input 

for the analysis varied slightly depending on the method being used. For clustering and 

PCA, the mean percentage of total energy intake (%TEI) that each participant consumed 

from each generic meal over the two days was calculated. Each observation represented 

the mean %TEI consumed from each generic meal, i.e., there was one observation for each 

participant. Participants were also assigned a value for five binary variables indicating 

whether or not they consumed each of the five meal types (yes or no for breakfast, lunch, 

dinner, snacks, beverages). While PAM clustering is designed to be able to handle binary 

data, numeric values were used in the data for PCA to indicate binary variables.  

For LCA, categorical variables, rather than numeric, are required. Therefore, the dataset 

for input to LCA, consisted of five nominal categorical variables and five binary variables. 

The nominal variables represented each of the five meal types, with the values being the 

specific generic meal consumed by the individual for that meal type. Some participants 

consumed more than one of each meal type; when this occurred with more than 10% of 

participants then this was included in the LCA analysis as an additional meal type. The nine 

categorical variables for the male data were therefore breakfast, lunch, dinner, snack 1, 

snack 2, snack 3, beverage 1, beverage 2, and beverage 3. The eight variables for the 

female data were breakfast, lunch, dinner, snack 1, snack 2, snack 3, beverage 1, and 

beverage 2.  The binary variables indicated whether or not each of the 5 meal types were 

consumed. Each observation represented values from a single day for an individual 

participant. Because it was not possible to calculate a mean for categorical variables, there 

were two observations for each participant for each meal type and binary variable, 

representing the two 24-hour recalls they completed.  

Two generic meals describing two common beverages (the breakfast meal “coffee and 

sugar” and the snack meal “water”), were not used in the identification of meal patterns, as 

described below, because when included, these two meals dominated all meal patterns.  
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5.3.3.2 Step 3a. Clustering Analysis 

PAM clustering was applied to the data described above (%TEI consumed from each 

generic meal and five binary variables indicating whether or not they consumed each of the 

five meal types), to group individuals with similar combinations of generic meal intakes, i.e., 

the identification of meal patterns. The same approach, as described in the previous 

sections on food groups and generic meals, was used to identify the number of clusters, 

i.e., 24 indices of model fit were applied and the number of clusters that was most frequently 

proposed among the indices was chosen (23). The model fit indices were applied to consider 

the most appropriate number of clusters between 7 and 13 inclusive, based on previous 

meal pattern research (5, 6).  

5.3.3.3 Step 3b. Principal Component Analysis 

PCA was applied to the data described above (%TEI consumed from each generic meal 

and five binary variables indicating whether or not they consumed each of the five meal 

types). No rotation was used. Scree plots were used to determine the number of 

components to retain. To assign individuals to a specific principal component a process 

previously used in dietary patterns (10, 11) was adapted for use in meal pattern analysis as 

follows. A score was calculated for each participant for each principal component (principal 

component score); a higher score indicated that the meals consumed by that participant 

were similar to the meals that had a high loading on that principal component. The principal 

component score is the sum of the %TEI values of the generic meals multiplied by their 

respective loading value on that principal component. Within each principal component 

participants were ranked based on their score for that component. Each participant was 

then assigned to the component (meal pattern) for which they had the highest ranking. 

5.3.3.4 Step 3b. Latent Class Analysis 

The number of classes must be defined prior to conducting the LCA, and this was 

determined based on two model fit indices, namely the Akaike information criterion (AIC) 

and the Bayesian information criterion (BIC). The range of classes assessed was between 

7 and 13. If there was disagreement between AIC and BIC on the optimal number of 

classes, then the principle of parsimony was applied, i.e., the simpler solution, or the 

solution with the smaller number of classes, was chosen. For each observation, LCA 

calculates the probability of it belonging to each latent class (meal pattern). Each 

observation was assigned to the meal pattern for which it had the highest probability. Each 

observation represents a single day’s dietary intake; therefore, there were two observations 
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per participant. For the male participants 35.3% had the same meal pattern on both days, 

and 39.7% of female participants had the same meal pattern on both days. 

5.3.4 Comparison of Meal Patterns Across Statistical Methods 

A number of approaches were taken to compare the meal patterns that were identified by 

the statistical methods described above (Figure 5.1). Firstly, the number of meal patterns 

identified by each of the methods was compared. The identification of meal skipping was 

also compared. For a given meal pattern, a meal type (breakfast, lunch, dinner, snacks, or 

beverages) was deemed to have been skipped if >98% of the participants belonging to that 

meal pattern did not consume that meal type.  

Finally, the content of the meal patterns derived from each method was compared. To do 

this each meal pattern was described according to the top two most commonly consumed 

generic meals at each meal type, and every meal pattern arising from each method was 

compared with every meal pattern arising from the other two methods. In other words, every 

meal pattern arising from clustering was compared with every meal pattern arising from 

PCA (117 comparisons for patterns consumed by males and 117 for females); similarly, 

clustering was compared with LCA (117 and 104 comparisons for males and females, 

respectively), and PCA was compared with LCA (81 and 72 comparisons for males and 

females, respectively). For each comparison, the five different meal types were examined, 

i.e., breakfast compared with breakfast, lunch compared with lunch etc. For each of these 

five meal types it was assessed whether the same or different generic meals were 

consumed for that meal type. The number of matching meal types were counted and could 

range from zero if none of the meal types matched to five if the same generic meals were 

consumed at all five meal types for the two meal patterns being compared. 

5.4 Results 

The results refer to analysis of data from a total of 4332 participants aged 18 years of age 

or older with dietary recall data for two days. They had a median (interquartile range) age 

of 52 years (34–64 years) and were comprised of 2068 males and 2264 females (Table 

5.1). The most commonly consumed meal patterns consumed by males arising from the 

different methods are given in Table 5.2 and those consumed by females are given in Table 

5.3. A full list of all meal patterns is given in Supplementary Tables 5.1–5.6.  
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5.4.1 Number of Meal Patterns 

The clustering method identified 13 meal patterns among the male participants and 13 

among the females or a total of 26, the PCA method identified 9 patterns among the males 

and 9 among the females or a total of 18, and the LCA method identified 9 patterns among 

the males and 8 among the females or a total of 17.  

5.4.2 Meal Skipping 

Eighteen of the 26 clustering patterns featured one or more of the five meal types being 

skipped, i.e., not consumed by >98% of participants in that meal pattern. Twelve of the 17 

LCA patterns featured one or more of the five meal types being skipped. No patterns were 

identified by PCA in which >98% of participants had skipped a meal. The largest proportion 

of individuals skipping a meal in any one PCA meal pattern was 62.6%. Patterns were 

identified in which one or more of breakfast, lunch, snacks, or beverages were skipped, but 

no method identified a pattern in which the dinner meal was skipped by >98% of participants 

(Table 5.4).  

5.4.3 Comparison of Meal Types 

In the male participant data, on comparing meal patterns arising from clustering (n = 13) 

with meal patterns arising from PCA (n = 9), there were a total of 117 possible pairs for 

comparison. There were 10 pairs of meal patterns that had three meal types in common 

and no pairs had four or five meal types in common (Figure 5.2). Breakfasts accounted for 

26 matches, lunches accounted for 5, dinners accounted for 1, snacks accounted for 49, 

and beverages accounted for 72. In the female participant data, on comparing meal 

patterns arising from clustering (n = 13) with PCA (n = 9) there were a total of 117 possible 

pairs for comparison. There were 18 pairs of meal patterns that had three meal types in 

common and two meal patterns that had four meal types in common (Figure 5.3). 

Breakfasts accounted for 42 matches, lunches accounted for 8, dinners accounted for 3, 

snacks accounted for 58, and beverages accounted for 90.  

On comparing clustering meal patterns (n = 13) with LCA patterns (n = 9) in the male data, 

there were a total of 117 possible pairs for comparison. There were eight pairs of meal 

patterns that had three meal types in common, and one pair that had four meal types in 

common (Figure 5.2). Breakfasts accounted for 36 matches, lunches accounted for 3, 

dinners accounted for 5, snacks accounted for 38, and beverages accounted for 48. On 

comparing clustering patterns (n = 13) with LCA patterns (n = 8) in the female participant 

data, there were a total of 104 possible pairs for comparison (Figure 5.3). There were 17 
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pairs of meal patterns that had three meal types in common, one pair that had four meal 

types in common, and one pair that had all five meal types in common. Breakfasts 

accounted for 45 matches, lunches accounted for 21, dinners accounted for 7, snacks 

accounted for 38, and beverages accounted for 59. 

On comparing PCA meal patterns (n = 9) with LCA patterns (n = 9) in the male participant 

data, there were a total of 81 possible pairs for comparison. There were eight pairs of meal 

patterns that had three meal types in common, and two pairs that had four meal types in 

common. There were no meal patterns that had all five meal types in common (Figure 5.2). 

Breakfasts accounted for 28 matches, lunches accounted for 4, dinners accounted for 0, 

snacks accounted for 48, and beverages accounted for 45. On comparing PCA (n = 9) and 

LCA (n = 8) meal patterns in the female participant data, there were a total of 72 possible 

pairs for comparison. There were 14 pairs of meal patterns that had three meal types in 

common, but no pair that had either four or five meal types in common (Figure 5.3). 

Breakfasts accounted for 42 matches, lunches accounted for 1, dinners accounted for 5, 

snacks accounted for 30, and beverages accounted for 45. 

5.4.4 Description of the Foods in Meal Patterns Consumed by Males 

This section describes the foods that were consumed as part of the most similar meal 

patterns, i.e., meal patterns that have four or more meal types in common between 

methods. Clustering pattern 2 (CL2) (Supplementary Table 5.1) and latent class pattern 7 

(LC7) (Supplementary Table 5.5) had breakfast, lunch, dinner, and snack meals, but not 

beverages in common. The common meals characterising these meal patterns were toast- 

or egg-based breakfast, skipped lunch, pizza with or without pizza for dinner, and f ruit or 

chocolate for snack. There were 116 participants consuming meal pattern CL2 and 342 

consuming LC7. Of these, 93 were consuming both CL2 and LC7. 

PCA pattern 7 (PC 7) (Supplementary Table 5.3) had breakfast, lunch, snack, and beverage 

meals, but not dinner, in common with both LC1 and LC9 (Supplementary Table 5.5). The 

common meals characterising these meal patterns were toast- or egg-based breakfast; 

rice-, pizza-, or burger-based lunch; fruit or chocolate snack; and water, soft drink, tea or 

coffee beverage. There were 162 participants consuming meal pattern PC7, 469 

consuming pattern LC1, and 484 consuming pattern LC9. Of these, 29 were consuming 

both PC7 and LC1, 34 were consuming both PC7 and LC9, and 61 consuming both LC1 

and LC9.  



 

CHAPTER 5     |     Page 141 
 

5.4.5 Description of the Foods in Meal Patterns Consumed by Females 

This section describes the foods that were consumed in the most similar meal patterns, i.e., 

those that have four or more meal types in common between methods. Clustering pattern 

2 (CL2) (Supplementary Table 5.2) and PCA pattern 3 (PC3) (Supplementary Table 5.4) 

had breakfast, lunch, snack, and beverage meal types, but not dinner, in common. The 

common meals characterising these patterns were egg- or toast-based breakfast, egg 

sandwich or fruit-based lunch, fruit- or biscuit-based snack, and water or soft drink or coffee 

or tea as beverage. There were 159 participants consuming meal pattern CL2 and 256 

consuming pattern PC3. Of these, 73 were consuming both CL2 and PC3. 

CL12 (Supplementary Table 5.2) and LC4 (Supplementary Table 5.6) had breakfast, lunch, 

snack, and beverage meal types, but not dinner, in common. The common meals 

characterising these meal patterns were toast- or egg-based breakfast; egg sandwich, rice-

based, or pizza lunch; skipped snacks, and water, soft drink, tea or coffee as beverage. 

There were 106 participants consuming pattern CL12 and 480 consuming pattern LC4. Of 

these, 88 were consuming both CL12 and LC4. 

CL6 (Supplementary Table 5.2) and LC5 (Supplementary Table 5.6) had all five meal types 

in common. These meal patterns were characterised by toast- or egg-based breakfast; 

skipped lunch; rice/pasta-based dish or pizza for dinner, with or without a soft drink; fruit or 

biscuit for snack, and water or soft drink, tea or coffee as beverage. There were 123 

participants consuming pattern CL6 and 404 consuming pattern LC5. Of these, there were 

116 consuming both CL6 and LC5. 

5.5 Discussion 

The current study provides a comparison of meal patterns derived from the same dataset 

using different statistical methods. The number of meal patterns varied among methods, as 

did the combinations of meals that were consumed in the different meal patterns. Clustering 

and LCA both identified meal patterns in which meal skipping was present, while PCA did 

not. A limited number of patterns were identified that were similar between methods with 

regard to the meals consumed. While previous studies have used these methods on various 

different datasets (4-6), this is the first study to use multiple methods on the same dataset for 

comparison.  

The number of patterns identified in other studies of content meal patterns has varied from 

12 meal patterns using PCA (5), 7 meal patterns using LCA (4), to 11 meal patterns using 

PCA (6). This range is comparable to the current study with 9 to 13 meal patterns identified 
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in males and 8 to 13 meal patterns in females depending on the method. This variability 

may arise from subjective decisions required of the researchers regarding the different 

statistical approaches that are available to identify the number of meal patterns (clusters, 

components, or classes) in a dataset, with different researchers choosing different methods 

depending on the specifics of their data (e.g., categorical or numeric) and research aims 

(e.g., requiring mutually exclusive groups or not) (4-6). In the current study, an objective 

statistical approach was taken where 24 different model fit indices were used to identify the 

number of clusters, two were used to identify the number of latent classes, and the scree 

plot was used to identify the number of principal components. Other methods are available, 

however, to determine the number of patterns. While the scree plot has been used in other 

meal pattern studies using PCA (4, 6) other methods include the use of eigenvalues or the 

interpretability of the patterns (14). Similarly with clustering and LCA, different combinations 

of model fit statistics are available to researchers potentially giving rise to differing numbers 

of patterns, and other methods such as interpretability, quantifying the variance explained, 

or basing decisions on the sample sizes of the clusters or latent classes (14). The methods 

chosen in the current thesis were those that have previously been used in meal pattern 

research, so that the comparisons would reflect current practices in this research area (4-6, 

21). It is clear from the results that the differing methods can give rise to differing numbers 

of meal patterns. While a clear description of the method used, as provided in this thesis, 

is required for reproducibility, further work is required to compare different methods of 

determining the number of groups present that have not yet been applied to meal patterns.  

The current study identified meal patterns that were characterised by skipping of certain 

meal types. This has also been observed in other meal pattern studies. In a study of 1500 

adults in Ireland using LCA, meal patterns were identified in which the lunch meal type was 

skipped (4). In the current study, meal patterns characterised by the skipping of one or more 

of breakfasts, lunches, snacks, and beverages, but not dinners were identified. Two studies 

using PCA to identify content meal patterns did not refer to meal skipping in their results, 

so it is not clear whether this was identified or not (5, 6). In the current study, when using 

PCA, no meal pattern was identified where meal skipping was a feature. This is in contrast 

to previous research that has reported meal skipping as a common feature of dietary 

intakes, estimating that 34% of American adults did not consume breakfast, 19% did not 

consume lunch, and 7% did not consume dinner (28). This discrepancy may have arisen due 

to the ability of PAM clustering and LCA to use categorical input variables, while PCA can 

only use numeric variables. In the current study, binary input variables were used to indicate 

the consumption or non-consumption of each meal type. Numbers were used to represent 
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the binary variables in PCA, but this may not have had the same impact on the outcome as 

the categorical values used in clustering and LCA.  

While the current study is the first to directly compare different methods for analysis of 

content meal pattern analysis, context can be provided by similar research carried out in 

dietary patterns. In that field of research, dietary patterns arising from different statistical 

methods have generally been considered similar, but with some differences. For example, 

in a study of 1379 adults on the island of Ireland, Hearty and Gibney (15) identified four 

dietary patterns using PCA and six using clustering. The most similar pattern between the 

two methods was the one that the authors titled “healthy”. The PCA healthy pattern was 

characterised by high intakes of nine different food groups and the clustering healthy 

pattern was characterised by high intakes of eight different food groups; they had six food 

groups in common (15). In the current study meal patterns are characterised based on the 

most commonly consumed generic meals at five different meal types. Depending on the 

method there were between 17 and 26 meal patterns identified when considering both 

males and females, yet there were only a small number of patterns that were similar among 

methods. Across both males and females, this gave rise to between 153 and 234 

comparisons of pairs of meal patterns arising from different methods. The most similar pair 

of meal patterns were identified in the female data using clustering and LCA and they were 

identical, i.e., they had all five meal types in common. There were six pairs of meal patterns 

that had four meal types in common: two were identified by clustering and PCA, two were 

identified by clustering and LCA, and two were identified by PCA and LCA.  

A recent review identified only 10 studies that have used data-driven methods to identify 

meal patterns (1). When considering that the term meal pattern refers to three different 

concepts (temporal, content, and context patterns), the number of studies focusing on any 

one concept is smaller still. While this is still an emerging area of research with regard to 

the volume of research that has been conducted, it is important that studies consider the 

variety of methods that are available for this type of analysis and justify their choice of 

method based on those considerations (14, 18). Given that PCA identifies correlated meals, it 

may be most useful in the context of providing descriptive information, e.g., the meal 

patterns that exist in the population, but as identified in the current study is limited in 

identifying meal skipping. While PCA groups variables, clustering and LCA group 

observations, i.e., participants with similar meal intakes. These methods may be more 

appropriate when distinct groups are required and can be useful in the exploratory stages 

of research to explore differences among groups (29). There are also numerous other 

methods that have not been applied to this area of research but could also be considered 
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as alternative approaches and include reduced rank regression, treelet transform analysis, 

and Gaussian graphical models, and random forest with classification tree analysis (18).  

Some strengths and limitations are important to note. In the current study, some subjective 

decisions were made by the researchers during the process; these reflect the decisions that 

are required in this type of analysis and therefore provide a true reflection of how these 

methods are applied (14). Furthermore, all measures of dietary intake assessment are prone 

to measurement error (30). However, the use of 24-hour recall data from the NHANES 

dataset provided information on a large number of food items, allowing the researchers to 

create food groups in a data-driven manner that was specific to their use in meal pattern 

analysis (31). 

5.6 Conclusion 

The use of different statistical techniques to identify meal patterns gives rise to varying 

numbers of meal patterns. Some similarities exist in the content of the meal patterns 

identified, but these are limited. Clustering and LCA, but not PCA, identified meal patterns 

that were characterised by the skipping of one or more meal types. Researchers should 

consider the features of the various methods, the data type being used, and the research 

question being asked when choosing a method for meal pattern analysis. Further work is 

required to examine the impact of the subjective decisions required from researchers in 

these data-driven methods and to explore other methods that could be used in place of or 

in combination with methods that have been used to date. 
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5.7 Tables 

Table 5.1: Participant demographics and anthropometry. 

 Males Females Total 

 n = 2068 (47.7%) n = 2264 (52.3%) n = 4332 

Age (y) 52.5 (34–65) 54 (34–64) 52 (34–64) 

Weight (kg) 85.1 (73.5–100.4) 74.2 (62.4–89.3) 79.7 (67.4–95.7) 

Height (cm) 173.7 (168.5–

178.9) 

160.0 (155.3–

164.6) 

166.2 (159.1–

173.8) 

BMI (kg/m2) 28.4 (24.9–32.9) 29.0 (24.6–34.8) 28.7 (24.8–33.7) 
Values are given and median with interquartile range in parentheses. 
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Table 5.2: The most commonly consumed meal patterns among male participants based on the three different methods of identifying the patterns.  

Meal 

Pattern  
Breakfast Lunch Dinner Snacks Beverages 

Clustering 

CL8  Toast (53%)  

OR  

Scrambled egg or 

omelette. (48%) 

Soft drink (cola) with 

chicken burger and 

chips (35%)  

OR  

Sandwich with luncheon 

ham and mayonnaise 

(20%) 

Meat pizza (35%)  

OR  

Rice/pasta dish with 

water. (16%) 

Banana/apple/grapes 

(60%)  

OR  

Chocolate (cookie) 

(39%) 

Water (83%)  

OR  

Alcohol (beer) (30%) 

Principal Component Analysis 

PC1  Cereal and milk (23%)  

OR  

Toast (20%) 

Soft drink (cola) and 

chicken burger. (37%)  

OR  

Soft drink with pizza 

(30%) 

Soft drink (cola), fried 

chicken sandwich and 

chips. (75%)  

OR  

Soft drink (cola) or iced 

tea with meat pizza. 

(14%) 

Chocolate (cookie) 

(36%)  

OR  

Banana/apple/grapes 

(34%) 

Water (41%)  

OR  

Soft drink or coffee or 

tea (27%) 

Latent Class Analysis 

LC3  Toast (30%)  

OR  

Scrambled egg or 

omelette. (29%) 

Chicken burger (13%)  

OR  

Rice-based dish or 

pizza with water (12%) 

Meat pizza (11%)  

OR  

Fried chicken. (10%) 

Banana/apple/grapes 

(33%)  

OR  

Chocolate (cookie) 

(19%) 

 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal.   
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Table 5.3: The most commonly consumed meal patterns among female participants based on the three different methods of identifying the 

patterns. 

Meal 

Pattern  
Breakfast Lunch Dinner Snacks Beverages 

Clustering 

CL9  Scrambled egg or 

omelette (52%)  

OR  

Toast and water (52%) 

Rice-based dish or 

pizza with bread (58%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (32%) 

Water with rice/pasta-

based dish (35%)  

OR  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (19%) 

Chocolate cookie (39%)  

OR  

Ice cream / cheese 

(32%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (38%) 

Principal Components Analysis 

PC4  Toast and water (42%)  

OR  

Cereal and milk (25%) 

Fried egg sandwich and 

water (74%)  

OR  

Bread, cheese, 

luncheon ham, 

tomatoes, lettuce, 

mayonnaise, and water. 

(17%) 

Water with rice/pasta-

based dish (42%)  

OR  

Fried chicken and chips. 

(26%) 

Chocolate cookie (34%)  

OR  

Banana/apple/grapes 

(26%) 

Water (64%)  

OR  

Soft drink or coffee or 

tea (18%) 

Latent Class Analysis 

LC2  Toast and water (30%)  

OR  

Scrambled egg or 

omelette (25%) 

Rice-based dish or 

pizza with bread (22%)  

OR  

Fried egg sandwich and 

water (16%) 

Water with rice/pasta-

based dish (11%)  

OR  

Cheese (11%) 

Chocolate cookie (24%)  

OR  

Banana/apple/grapes 

(23%) 

Water (76%)  

OR  

Soft drink or coffee or 

tea (25%) 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal.
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Table 5.4: The number of meal patterns identified by the different analysis methods and the number of those patterns that in which one or more 

of the five meal types are not consumed. 

 Number of 

Meal 

Patterns 

Number of patterns with skipped meal types 

Breakfast Lunch Dinner Snacks Beverages Total 

Clustering        

 Male 13 5 1 0 2 4 9 

 Female 13 4 2 0 1 3 9 

 Total 26 9 3 0 3 7 18 

PCA        

 Male 9 0 0 0 0 0 0 

 Female 9 0 0 0 0 0 0 

 Total 18 0 0 0 0 0 0 

LCA        

 Male 9 2 1 0 2 2 6 

 Female 8 1 1 0 2 3 6 

 Total 17 3 2 0 4 5 12 
A meal type was defined as skipped if >98% of people in that meal pattern did not consume that meal type. LCA, latent class a nalysis; PCA, principal component analysis. 
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5.8 Figures 

 

 

Figure 5.1: Overview of the analysis and comparisons for the different meal pattern analysis techniques. 
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Figure 5.2: The number of matching meal types on comparing the different methods for 

meal pattern analysis with one another in the data from male participants. 

 

 

Figure 5.3: The number of matching meal types on comparing the different methods for 

meal pattern analysis with one another in the data from female participants. 
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5.10 Supplementary Material 

Supplementary Table 5.1: Meal patterns identified from male participants using partitioning around the medoids clustering. 

Pattern  Breakfast Lunch Dinner Snacks Beverages 

1 

(n = 

181) 

Scrambled egg or 

omelette. (67%)  

OR  

Cereal and milk (30%) 

Rice-based dish or 

pizza with water (50%)  

OR  

Soft drink with pizza 

(20%) 

Soft drink (cola), fried 

chicken sandwich and 

chips. (39%)  

OR  

Rice/pasta dish with 

water. (18%) 

  

Chocolate (cookie) 

(38%)  

OR  

Banana/apple/grapes 

(35%) 

Water (86%)  

OR  

Soft drink or coffee or 

tea (36%) 

2 

(n = 

116) 

Toast (61%)  

OR  

Scrambled egg or 

omelette. (47%) 

 
Soft drink (cola) or iced 

tea with meat pizza. 

(22%)  

OR  

Meat pizza (21%) 

  

Banana/apple/grapes 

(51%)  

OR  

Chocolate (cookie) 

(40%)  

Water (66%)  

OR  

Soft drink or coffee or 

tea (32%) 

3 

(n = 80) 

 Soft drink with pizza 

(2%)  

OR  

Cheese and chicken 

sandwich with water 

(1%) 

  

Soft drink (cola), fried 

chicken sandwich and 

chips. (26%)  

OR  

Meat pizza (22%)  

Chocolate (cookie) 

(45%)  

OR  

Soft drink (cola) (38%) 

Water (44%)  

OR  

Soft drink or coffee or 

tea (34%) 

4 

(n = 

211) 

 
Chicken burger (38%)  

OR  

Cheese and chicken 

sandwich with water 

(22%) 

Fried chicken and 

water. (18%)  

OR  

Banana/apple/grapes 

(45%)  

OR  

Chocolate (cookie) 

(41%) 

Water (69%)  

OR  

Soft drink or coffee or 

tea (36%) 
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Pattern  Breakfast Lunch Dinner Snacks Beverages 

Cheeseburger, lettuce, 

tomatoes, chips, and 

Mayonnaise. (17%) 

  

5 

(n = 

176) 

 
Soft drink with pizza 

(30%)  

OR  

Chicken burger (24%) 

Fried chicken. (26%)  

OR  

Soft drink (cola), fried 

chicken sandwich and 

chips. (16%) 

  

Chocolate (cookie) 

(40%)  

OR  

Soft drink (cola) (34%) 

 

6 

(n = 

241)  

Toast (54%)  

OR  

Cereal and milk (36%) 

Chicken burger (39%)  

OR  

Soft drink (cola) and 

chicken burger. (20%) 

Fried chicken. (39%)  

OR  

Soft drink (cola) or iced 

tea with meat pizza. 

(26%) 

  

Chocolate (cookie) 

(42%)  

OR  

Ice cream or cheese 

(35%) 

Water (64%)  

OR  

Soft drink or coffee or 

tea (42%) 

7 

(n = 73) 

Toast (47%)  

OR  

Scrambled egg or 

omelette. (41%) 

Rice-based dish or 

pizza with water (34%)  

OR  

Soft drink (cola) with 

chicken burger and 

chips (19%) 

  

Meat pizza (29%)  

OR  

Potatoes and chicken 

(26%) 

  

8 

(n = 

309) 

Toast (53%)  

OR  

Scrambled egg or 

omelette. (48%) 

Soft drink (cola) with 

chicken burger and 

chips (35%)  

OR  

Meat pizza (35%)  

OR  

Rice/pasta dish with 

water. (16%) 

Banana/apple/grapes 

(60%)  

OR  

Chocolate (cookie) 

(39%) 

Water (83%)  

OR  

Alcohol (beer) (30%) 
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Pattern  Breakfast Lunch Dinner Snacks Beverages 

Sandwich with luncheon 

ham and mayonnaise 

(20%) 

  

9 

(n = 

152) 

Scrambled egg or 

omelette. (71%)  

OR  

Cereal and milk (26%) 

Chicken burger (35%)  

OR  

Soft drink (cola) and 

chicken burger. (19%) 

Fried chicken. (28%)  

OR  

Fried chicken and 

water. (18%) 

Banana/apple/grapes 

(50%)  

OR  

Chocolate (cookie) 

(37%) 

  

 

10 

(n = 

140) 

Scrambled egg or 

omelette. (48%)  

OR  

Toast (46%) 

Soft drink with pizza 

(21%)  

OR  

Sandwich with luncheon 

ham and mayonnaise 

(21%) 

  

Meat pizza (19%)  

OR  

Chicken and cheese 

sandwich. (16%) 

 
Water (79%)  

OR  

Soft drink or coffee or 

tea (26%) 

11 

(n = 

164) 

Toast (66%)  

OR  

Cereal and milk (30%) 

Rice-based dish or 

pizza with water (28%)  

OR  

Soft drink with pizza 

(20%) 

  

Meat pizza (26%)  

OR  

Chicken and cheese 

sandwich. (19%) 

Banana/apple/grapes 

(41%)  

OR  

Chocolate (cookie) 

(34%)  

 

12 

(n = 80) 

 
Soft drink with pizza 

(19%)  

OR  

Soft drink (cola) and 

chicken burger. (19%) 

Fried chicken and 

water. (30%)  

OR  

Soft drink (cola), fried 

chicken sandwich and 

chips. (21%) 

Ice cream or cheese 

(2%)  

OR  

Coffee with sugar and 

cookie (1%) 

Water (55%)  

OR  

Soft drink or coffee or 

tea (30%) 
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Pattern  Breakfast Lunch Dinner Snacks Beverages 

  

13 

(n = 

145) 

 
Soft drink (cola) and 

chicken burger. (49%)  

OR  

Soft drink with pizza 

(34%) 

Soft drink (cola), fried 

chicken sandwich and 

chips. (46%)  

OR  

Soft drink (cola) or iced 

tea with meat pizza. 

(21%) 

Chocolate (cookie) 

(44%)  

OR  

Soft drink (cola) (32%) 

Water (59%)  

OR  

Soft drink or coffee or 

tea (34%) 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal.  
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Supplementary Table 5.2: Meal patterns identified from female participants using partitioning around the medoids clustering. 

Pattern Breakfast Lunch Dinner Snacks Beverages 

CL1 

(n = 

176)  

 Rice-based dish or 

pizza with bread (49%)  

OR  

Fruit juice (apple) or raw 

fruit (apple, banana, 

grapes). (22%) 

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (30%)  

OR  

Soft drink (cola) or iced 

tea with chicken burger, 

lettuce, tomatoes, chips, 

and mayonnaise. (23%) 

  

Chocolate cookie (34%)  

OR  

Crackers/popcorn 

(25%) 

Water (83%)  

OR  

Soft drink or coffee or 

tea (31%) 

CL2 

(n = 

159) 

Scrambled egg or 

omelette (72%)  

OR  

Toast and water (29%) 

Fried egg sandwich and 

water (45%)  

OR  

Fruit juice (apple) or raw 

fruit (apple, banana, 

grapes). (20%) 

Fried chicken (67%)  

OR  

Soft drink (cola) or iced 

tea with chicken burger, 

lettuce, tomatoes, chips, 

and mayonnaise. (26%) 

  

Chocolate cookie (38%)  

OR  

Banana/apple/grapes 

(28%) 

Water (79%)  

OR  

Soft drink or coffee or 

tea (28%) 

CL3 

(n = 

210) 

Toast and water (65%)  

OR  

Scrambled egg or 

omelette (45%) 

Potatoes and chicken. 

(41%)  

OR  

Rice-based dish or 

pizza with bread (25%) 

Rice/pasta-based dish 

or bread or pizza (49%)  

OR  

Potatoes and chicken 

(35%) 

  

Chocolate cookie (50%)  

OR  

Banana/apple/grapes 

(37%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (28%) 

CL4 

(n = 

147) 

 
Fried egg sandwich and 

water (52%)  

OR  

Soft drink (cola) and 

chicken 

Fried chicken (33%)  

OR  

Water with rice/pasta-

based dish (33%) 

Chocolate cookie (37%)  

OR  

Banana/apple/grapes 

(31%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (23%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

sandwich/burger or fried 

egg sandwich. (48%) 

  

CL5 

(n = 

237) 

Scrambled egg or 

omelette (59%)  

OR  

Cereal and milk (32%) 

Rice-based dish or 

pizza with bread (46%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (19%) 

  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (30%)  

OR  

Fried chicken (24%) 

Chocolate cookie (44%)  

OR  

Banana/apple/grapes 

(27%) 

 

CL6 

(n = 

123) 

Toast and water (61%)  

OR  

Scrambled egg or 

omelette (59%) 

 
Rice/pasta-based dish 

or bread or pizza (26%)  

OR  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (25%) 

  

Banana/apple/grapes 

(42%)  

OR  

Chocolate cookie (34%) 

Water (70%)  

OR  

Soft drink or coffee or 

tea (24%) 

CL7 

(n= 

214) 

Cereal and milk (55%)  

OR  

Toast and water (51%) 

Fried egg sandwich and 

water (62%)  

OR  

Fruit juice (apple) or raw 

fruit (apple, banana, 

grapes). (21%) 

  

Water, fried chicken, 

chips (43%)  

OR  

Fried chicken and chips. 

(30%) 

Chocolate cookie (38%)  

OR  

Crackers/popcorn 

(35%) 

Water (82%)  

OR  

Soft drink or coffee or 

tea (28%) 

CL8 

(n = 

186) 

 
Rice-based dish or 

pizza with bread (38%)  

OR  

Fried chicken (23%)  

OR  

Chocolate cookie (41%)  

OR  

Banana/apple/grapes 

(27%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

Fried egg sandwich and 

water (31%) 

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (22%) 

  

CL9 

(n = 

320) 

Scrambled egg or 

omelette (52%)  

OR  

Toast and water (52%) 

Rice-based dish or 

pizza with bread (58%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (32%) 

  

Water with rice/pasta-

based dish (35%)  

OR  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (19%)  

Chocolate cookie (39%)  

OR  

Ice cream / cheese 

(32%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (38%) 

CL10 

(n = 

118) 

 
Rice-based dish or 

pizza with bread (42%)  

OR  

Fried egg sandwich and 

water (22%) 

Fried chicken and chips. 

(62%)  

OR  

Rice/pasta-based dish 

or bread or pizza (47%) 

  

Chocolate cookie (47%)  

OR  

Banana/apple/grapes 

(29%) 

Water (70%)  

OR  

Soft drink or coffee or 

tea (33%) 

CL11 

(n = 

194) 

Toast and water (70%)  

OR  

Cereal and milk (32%) 

Fried egg sandwich and 

water (38%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (32%) 

  

Potatoes and chicken 

(26%)  

OR  

Water with rice/pasta-

based dish (22%) 

Banana/apple/grapes 

(32%)  

OR  

Chocolate cookie (32%) 

 

CL12 

(n = 

106) 

Toast and water (54%)  

OR  

Fried egg sandwich and 

water (42%)  

OR  

Water with rice/pasta-

based dish (40%)  

OR  

 
Water (72%)  

OR  
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Pattern Breakfast Lunch Dinner Snacks Beverages 

Scrambled egg or 

omelette (38%) 

Rice-based dish or 

pizza with bread (35%) 

  

Water and soup (28%) Soft drink or coffee or 

tea (25%) 

CL13 

(n = 74) 

Toast and water (3%)  

OR  

Scrambled egg or 

omelette (1%) 

 
Fried chicken (31%)  

OR  

Rice/pasta-based dish 

or bread or pizza (24%) 

Ice cream / cheese 

(31%)  

OR  

Chocolate cookie (30%) 

Water (53%)  

OR  

Soft drink or coffee or 

tea (20%) 
Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal.  
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Supplementary Table 5.3: Meal patterns identified from male participants using principal component analysis. 

Pattern Breakfast Lunch Dinner Snacks Beverages 

PC1 

(n = 

316) 

Cereal and milk (23%)  

OR  

Toast (20%) 

Soft drink (cola) and 

chicken burger. (37%)  

OR  

Soft drink with pizza 

(30%) 

Soft drink (cola), fried 

chicken sandwich and 

chips. (75%)  

OR  

Soft drink (cola) or iced 

tea with meat pizza. 

(14%) 

  

Chocolate (cookie) 

(36%)  

OR  

Banana/apple/grapes 

(34%) 

Water (41%)  

OR  

Soft drink or coffee or 

tea (27%) 

PC2 

(n = 

190) 

Cereal and milk (17%)  

OR  

Scrambled egg or 

omelette. (15%) 

Chicken burger (28%)  

OR  

Fried chicken and 

sauce/soup (21%) 

Fried chicken. (82%)  

OR  

Chicken, bread or rice, 

and sauce. (16%) 

Ice cream or cheese 

(35%)  

OR  

Chocolate (cookie) 

(35%) 

  

Water (37%)  

OR  

Soft drink or coffee or 

tea (29%) 

PC3 

(n = 

285) 

Scrambled egg or 

omelette. (43%)  

OR  

Cereal and milk (22%) 

Soft drink (cola) and 

chicken burger. (32%)  

OR  

Soft drink (cola), 

chicken/cheese burger, 

lettuce, tomatoes, 

chips, and mayonnaise. 

(22%) 

  

Cheeseburger, lettuce, 

tomatoes, chips, and 

Mayonnaise. (45%)  

OR  

Potatoes and chicken 

(23%) 

Chocolate (cookie) 

(34%)  

OR  

Banana/apple/grapes 

(33%) 

Water (51%)  

OR  

Soft drink or coffee or 

tea (25%) 

PC4 

(n = 

253) 

Toast (93%)  

OR  

Scrambled egg or 

omelette. (27%) 

Chicken burger (25%)  

OR  

Cheeseburger, lettuce, 

tomatoes, chips, and 

Mayonnaise. (27%)  

OR  

Banana/apple/grapes 

(39%)  

OR  

Water (53%)  

OR  

Soft drink or coffee or 

tea (23%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

Soft drink (cola) with 

chicken burger and 

chips (21%) 

  

Potatoes and chicken 

(21%)  

Chocolate (cookie) 

(28%) 

PC5 

(n = 

280) 

Scrambled egg or 

omelette. (48%)  

OR  

Cereal and milk (18%) 

Chicken burger (62%)  

OR  

Cheese and chicken 

sandwich with water 

(19%) 

  

Fried chicken and 

water. (36%)  

OR  

Rice/pasta dish with 

water. (26%) 

Chocolate (cookie) 

(40%)  

OR  

Banana/apple/grapes 

(36%) 

Water (58%)  

OR  

Soft drink or coffee or 

tea (19%) 

PC6 

(n = 

214) 

Toast (29%)  

OR  

Scrambled egg or 

omelette. (26%) 

Sandwich with luncheon 

ham and mayonnaise 

(24%)  

OR  

Rice-based dish or 

pizza with water (22%) 

  

Meat pizza (95%)  

OR  

Bean-based salad and 

fruit/fruit juice. (10%) 

Banana/apple/grapes 

(40%)  

OR  

Chocolate (cookie) 

(34%) 

Water (57%)  

OR  

Soft drink or coffee or 

tea (22%) 

PC7 

(n = 

162) 

Toast (38%)  

OR  

Scrambled egg or 

omelette. (26%) 

Chicken burger (30%)  

OR  

Rice-based dish or 

pizza with water (18%) 

Chicken, bread or rice, 

and sauce. (93%)  

OR  

Soft drink (cola), fried 

chicken sandwich and 

chips. (15%) 

  

Chocolate (cookie) 

(37%)  

OR  

Banana/apple/grapes 

(36%) 

Water (59%)  

OR  

Soft drink or coffee or 

tea (23%) 

PC8 

(n = 

204) 

Scrambled egg or 

omelette. (57%)  

OR  

Toast (33%) 

Rice-based dish or 

pizza with water (75%)  

OR  

Fried chicken. (33%)  

OR  

Rice/pasta dish with 

water. (22%) 

Banana/apple/grapes 

(41%)  

OR  

Chocolate (cookie) 

(29%) 

Water (59%)  

OR  

Soft drink or coffee or 

tea (23%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

Sandwich with luncheon 

ham and mayonnaise 

(21%) 

  

PC9 

(n = 

164) 

Toast (30%)  

OR  

Cereal and milk (16%) 

Rice-based dish or 

pizza with water (33%)  

OR  

Soft drink with pizza 

(24%) 

Soft drink (cola) or iced 

tea with meat pizza. 

(88%)  

OR  

Soft drink with cookie or 

cake (15%) 

Chocolate (cookie) 

(32%)  

OR  

Banana/apple/grapes 

(30%) 

Water (50%)  

OR  

Soft drink or coffee or 

tea (28%) 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal.  
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Supplementary Table 5.4: Meal patterns identified from female participants using principal component analysis. 

Pattern Breakfast Lunch Dinner Snacks Beverages 

PC1 

(n = 

305) 

Toast and water (37%)  

OR  

Scrambled egg or 

omelette (29%) 

Rice-based dish or 

pizza with bread (100%)  

OR  

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes). (15%) 

  

Rice/pasta-based dish 

or bread or pizza (29%)  

OR  

Water with rice/pasta-

based dish (23%) 

Chocolate cookie (39%)  

OR  

Banana/apple/grapes 

(32%) 

Water (58%)  

OR  

Soft drink or coffee or 

tea (23%) 

PC2  

(n = 

175) 

Scrambled egg or 

omelette (31%)  

OR  

Toast and water (14%) 

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (49%)  

OR  

Rice-based dish or 

pizza with bread (33%) 

  

Fried chicken (78%)  

OR  

Fried chicken and 

chips. (37%) 

Chocolate cookie (49%)  

OR  

Banana/apple/grapes 

(26%) 

Water (44%)  

OR  

Soft drink or coffee or 

tea (24%) 

PC3 

(n = 

256) 

Scrambled egg or 

omelette (89%)  

OR  

Toast and water (40%) 

Fried egg sandwich and 

water (35%)  

OR  

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes). (25%) 

  

Fried chicken (43%)  

OR  

Water with rice/pasta-

based dish (23%) 

Banana/apple/grapes 

(32%)  

OR  

Chocolate cookie (32%) 

Water (61%)  

OR  

Soft drink or coffee or 

tea (20%) 

PC4 

(n = 

326) 

Toast and water (42%)  

OR  

Cereal and milk (25%) 

Fried egg sandwich and 

water (74%)  

OR  

Bread, cheese, 

luncheon ham, 

Water with rice/pasta-

based dish (42%)  

OR  

Fried chicken and 

chips. (26%) 

Chocolate cookie (34%)  

OR  

Banana/apple/grapes 

(26%) 

Water (64%)  

OR  

Soft drink or coffee or 

tea (18%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

tomatoes, lettuce, 

mayonnaise, and water. 

(17%) 

  

PC5  

(n = 

232) 

Scrambled egg or 

omelette (39%)  

OR  

Toast and water (25%) 

Chicken burger with 

lettuce, tomatoes, 

chips, mayonnaise, and 

soft drink (cola) or iced 

tea. (34%)  

OR  

Rice-based dish or 

pizza with bread (25%) 

Soft drink (cola) or iced 

tea with chicken burger, 

lettuce, tomatoes, 

chips, and mayonnaise. 

(86%)  

OR  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (17%) 

  

Chocolate cookie (38%)  

OR  

Ice cream / cheese 

(24%) 

Water (54%)  

OR  

Soft drink or coffee or 

tea (23%) 

PC6 

(n = 

230) 

Toast and water (48%)  

OR  

Cereal and milk (17%) 

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (81%)  

OR  

Fried egg sandwich and 

water (25%) 

  

Rice/pasta-based dish 

or bread or pizza (43%)  

OR  

Water with rice/pasta-

based dish (21%) 

Chocolate cookie (38%)  

OR  

Soft drink (cola) (25%) 

Water (60%)  

OR  

Soft drink or coffee or 

tea (26%) 

PC7  

(n = 

201) 

Toast and water (50%)  

OR  

Scrambled egg or 

omelette (42%) 

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (29%)  

OR  

Bread, cheese, 

luncheon ham, 

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (76%)  

OR  

Fried chicken and 

chips. (19%) 

Banana/apple/grapes 

(30%)  

OR  

Chocolate cookie (30%) 

Water (58%)  

OR  

Soft drink or coffee or 

tea (18%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

tomatoes, lettuce, 

mayonnaise, and water. 

(26%) 

  

PC8 

(n = 

226) 

Toast and water (21%)  

OR  

Cereal and milk (19%) 

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes). (34%)  

OR  

Chicken burger with 

lettuce, tomatoes, 

chips, mayonnaise, and 

soft drink (cola) or iced 

tea. (23%) 

  

Rice/pasta-based dish 

or bread or pizza (55%)  

OR  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (40%) 

Chocolate cookie (41%)  

OR  

Banana/apple/grapes 

(30%) 

Water (50%)  

OR  

Soft drink or coffee or 

tea (20%) 

PC9  

(n = 

313) 

Toast and water (33%)  

OR  

Scrambled egg or 

omelette (29%) 

Potatoes and chicken. 

(29%)  

OR  

Rice-based dish or 

pizza with bread (25%) 

Potatoes and chicken 

(70%)  

OR  

Water, fried chicken, 

chips (18%) 

Chocolate cookie (38%)  

OR  

Banana/apple/grapes 

(33%) 

Water (58%)  

OR  

Soft drink or coffee or 

tea (22%) 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal. 
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Supplementary Table 5.5: Meal patterns identified from male participants using latent class analysis. 

Pattern Breakfast Lunch Dinner Snacks Beverages 

LC1 

(n = 

469) 

Toast (20%)  

OR  

Scrambled egg or 

omelette. (18%) 

Rice-based dish or 

pizza with water (14%)  

OR  

Chicken burger (10%) 

Meat pizza (11%)  

OR  

Cheeseburger, lettuce, 

tomatoes, chips, and 

Mayonnaise. (10%) 

  

Banana/apple/grapes 

(31%)  

OR  

Chocolate (cookie) 

(28%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (41%) 

LC2 

(n = 

244) 

 
Soft drink with pizza 

(12%)  

OR  

Fried chicken and 

sauce/soup (9%) 

Soft drink (cola), fried 

chicken sandwich and 

chips. (15%)  

OR  

Cheeseburger, lettuce, 

tomatoes, chips, and 

Mayonnaise. (13%) 

  

Ice cream or cheese 

(9%)  

OR  

Soft drink (cola) (6%) 

Water (54%)  

OR  

Soft drink or coffee or 

tea (39%) 

LC3 

(n = 

666) 

Toast (30%)  

OR  

Scrambled egg or 

omelette. (29%) 

Chicken burger (13%)  

OR  

Rice-based dish or 

pizza with water (12%) 

Meat pizza (11%)  

OR  

Fried chicken. (10%) 

Banana/apple/grapes 

(33%)  

OR  

Chocolate (cookie) 

(19%) 

  

 

LC4  

(n = 

567) 

 
Chicken burger (15%)  

OR  

Soft drink with pizza 

(13%) 

Fried chicken. (12%)  

OR  

Soft drink (cola), fried 

chicken sandwich and 

chips. (11%) 

Chocolate (cookie) 

(27%)  

OR  

Banana/apple/grapes 

(24%) 

  

Water (16%)  

OR  

Soft drink or coffee or 

tea (6%) 
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Pattern Breakfast Lunch Dinner Snacks Beverages 

LC5 

(n = 

437) 

Toast (31%)  

OR  

Scrambled egg or 

omelette. (30%) 

Rice-based dish or 

pizza with water (14%)  

OR  

Chicken burger (11%) 

Rice/pasta dish with 

water. (10%)  

OR  

Meat pizza (9%) 

  

Ice cream or cheese 

(1%)  

  

Water (74%)  

OR  

Soft drink or coffee or 

tea (30%) 

LC6 

(n = 

577) 

Scrambled egg or 

omelette. (19%)  

OR  

Toast (18%) 

Chicken burger (13%)  

OR  

Soft drink with pizza 

(13%) 

Meat pizza (11%)  

OR  

Soft drink (cola), fried 

chicken sandwich and 

chips. (11%) 

  

  

LC7 

(n = 

342) 

Toast (23%)  

OR  

Scrambled egg or 

omelette. (18%) 

 
Meat pizza (11%)  

OR  

Soft drink (cola) or iced 

tea with meat pizza. 

(11%) 

  

Banana/apple/grapes 

(23%)  

OR  

Chocolate (cookie) 

(15%) 

Water (15%)  

OR  

Alcohol (beer) (6%) 

LC8 

(n = 

350) 

Scrambled egg or 

omelette. (19%)  

OR  

Toast (18%) 

Chicken burger (12%)  

OR  

Sandwich with luncheon 

ham and mayonnaise 

(11%) 

  

Meat pizza (10%)  

OR  

Fried chicken. (9%) 

Chocolate (cookie) 

(66%)  

OR  

Banana/apple/grapes 

(51%) 

Water (16%)  

OR  

Alcohol (beer) (11%) 

LC9 

(n = 

484) 

Toast (28%)  

OR  

Scrambled egg or 

omelette. (27%) 

Chicken burger (13%)  

OR  

Rice-based dish or 

pizza with water (12%) 

Rice/pasta dish with 

water. (11%)  

OR  

Meat pizza (10%) 

Banana/apple/grapes 

(31%)  

OR  

Chocolate (cookie) 

(26%) 

Water (71%)  

OR  

Soft drink or coffee or 

tea (17%) 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal.  
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Supplementary Table 5.6: Meal patterns identified from female participants using latent class analysis. 

Pattern Breakfast Lunch Dinner Snacks Beverages 

LC1 

(n = 

429) 

Toast and water (22%)  

OR  

Scrambled egg or 

omelette (22%) 

Rice-based dish or 

pizza with bread (19%)  

OR  

Fried egg sandwich and 

water (18%) 

  

Fried chicken (13%)  

OR  

Water with rice/pasta-

based dish (12%) 

  

LC2 

(n = 

819) 

Toast and water (30%)  

OR  

Scrambled egg or 

omelette (25%) 

Rice-based dish or 

pizza with bread (22%)  

OR  

Fried egg sandwich and 

water (16%) 

  

Water with rice/pasta-

based dish (11%)  

OR  

Cheese (11%) 

Chocolate cookie (24%)  

OR  

Banana/apple/grapes 

(23%) 

Water (76%)  

OR  

Soft drink or coffee or 

tea (25%) 

LC3 

(n = 

439) 

Toast and water (24%)  

OR  

Scrambled egg or 

omelette (22%) 

Rice-based dish or 

pizza with bread (16%)  

OR  

Fried egg sandwich and 

water (15%) 

  

Water with rice/pasta-

based dish (11%)  

OR  

Fried chicken and chips. 

(10%) 

Chocolate cookie (52%)  

OR  

Ice cream / cheese 

(34%) 

Water (73%)  

OR  

Soft drink or coffee or 

tea (25%) 

LC4 

(n = 

480) 

Toast and water (21%)  

OR  

Scrambled egg or 

omelette (20%) 

Fried egg sandwich and 

water (23%)  

OR  

Rice-based dish or 

pizza with bread (20%) 

  

Water with rice/pasta-

based dish (13%)  

OR  

Fried chicken (12%) 

 
Water (75%)  

OR  

Soft drink or coffee or 

tea (26%) 

LC5  

(n = 

404) 

Toast and water (26%)  

OR  

 
Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (14%)  

Banana/apple/grapes 

(18%)  

OR  

Water (35%)  

OR  
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Pattern Breakfast Lunch Dinner Snacks Beverages 

Scrambled egg or 

omelette (22%) 

OR  

Rice/pasta-based dish 

or bread or pizza (12%) 

  

Chocolate cookie (12%) Soft drink or coffee or 

tea (11%) 

LC6 

(n = 

748) 

 
Rice-based dish or 

pizza with bread (22%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or fried 

egg sandwich. (17%) 

  

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (12%)  

OR  

Fried chicken (11%) 

Chocolate cookie (22%)  

OR  

Banana/apple/grapes 

(20%) 

Water (37%)  

OR  

Soft drink or coffee or 

tea (11%) 

LC7 

(n = 

435) 

Toast and water (17%)  

OR  

Scrambled egg or 

omelette (15%) 

Rice-based dish or 

pizza with bread (20%)  

OR  

Fried egg sandwich and 

water (13%) 

  

Rice/pasta-based dish 

or bread or pizza (13%)  

OR  

Fried chicken (13%) 

Chocolate cookie (53%)  

OR  

Ice cream / cheese 

(38%) 

 

LC8 

(n = 

774) 

Toast and water (31%)  

OR  

Scrambled egg or 

omelette (26%) 

Fried egg sandwich and 

water (18%)  

OR  

Rice-based dish or 

pizza with bread (18%) 

Soft drink (cola) or iced 

tea with rice-based dish 

or pizza. (12%)  

OR  

Rice/pasta-based dish 

or bread or pizza (11%) 

Banana/apple/grapes 

(24%)  

OR  

Chocolate cookie (18%) 

 

Values in parentheses are the percentage of participants in that meal pattern consuming that generic meal. 
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6.1 Abstract 

Meal pattern research can identify aspects of dietary intakes not evident from food- or 

nutrient-based research. Previous research indicates that meal patterns impact on health; 

however, such research often focuses on single constructs (temporal, context, or content) 

of meal patterns, missing the complexity of examining temporal and content aspects 

together. The objective of this study was to identify meal patterns consumed by American 

adults, combining both temporal and content aspects, and explore associations between 

meal patterns and health. This study analysed data from NHANES 2017–2018. Meal 

patterns were identified from 24-hour recall data using a three-step approach. Firstly, k-

means clustering was used to identify food groups; secondly, partitioning around the 

medoids (PAM) clustering was used to identify common combinations of food groups 

consumed within meals (generic meals); and thirdly, PAM clustering was used to identify 

the combinations of generic meals consumed (meal patterns). Summary statistics and 

parallel plots were generated to compare dietary intake and health variables among meal 

patterns. A total of 26 meal patterns were identified. Patterns with a skipped breakfast were 

more common than skipping of other meal types. In the male data, those consuming the 

meal pattern characterised by breakfast skipping, soft drink and burger or fried meat at 

lunch and dinner, chocolate or soft drink as snack had the highest daily energy intake and 

the second lowest dietary quality. In the female data, those consuming the meal pattern 

characterised by an egg-based breakfast, sandwich or fruit at lunch, fried chicken at dinner, 

chocolate or fruit as snacks, had the highest median energy intakes. No differences were 

observed among the meal patterns for the health variables. In conclusion, clustering is a 

feasible approach to identify combined aspects of temporal and content meal patterns and 

identify differences in nutrient quality, but not health outcomes among meal patterns.  
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6.2 Introduction 

An increasing number of studies have emerged in recent years investigating meal patterns 

in nutrition (1). This area of research provides insights into dietary intakes not evident from 

more traditional approaches that focus on foods and nutrients (1, 2). Temporal meal patterns 

provide information regarding the timing and distribution of meals, context meal patterns 

give information about the location, the presence or absence of others, or activities during 

meals, while content meal patterns provide information about the combination of foods in 

meals and the combinations of meals over a day (1).  

Some countries now consider the specific role of meals in the development of national 

dietary guidelines to complement what is already known about foods and nutrients, such as 

those in the United States of America (USA) (3) and Brazil (4). While acknowledging the 

limited literature in the area and the need for further research, these guidelines refer to the 

timing and distribution of meals, the contexts in which meals are consumed, and the 

different combinations of foods in meals and meals over a day. Furthermore, in the area of 

technology and personalised nutrition, recommender systems must ultimately be able to 

provide recommendations for meal intakes as opposed to food intakes, to support optimal 

behavioural change (5). However, before these can be fully realised, meal pattern research 

is required to provide the evidence upon which meal-based nutrition recommendations can 

be made (3, 4).  

Advanced statistical approaches are required to identify content meal patterns due to the 

large numbers of possible combinations of foods and meals that could make up an 

individual’s or population’s dietary intakes. While research remains limited in the area, a 

number of statistical techniques have been used to date, including principal components 

analysis (PCA) in Irish and Japanese cohorts (6, 7) and latent class analysis (LCA) (8) and 

clustering (9) in Irish cohorts. In the USA, temporal meal patterns, but not content meal 

patterns, have been identified using clustering (10, 11). In that research, the pattern associated 

with the highest Healthy Eating Index (HEI) score was characterised by three relatively 

evenly spread meals throughout the day. The pattern associated with the lowest HEI score 

was one characterised by those likely to have five meals in the day, often consumed late in 

the day or during the night. The other two patterns identified are characterised by those 

likely to have their main intake later in the day with their second largest intake earlier in the 

day, or vice versa (11). No information is available, however, detailing what content meal 

patterns are consumed in the USA, how these may relate to temporal patterns, or whether 

there are associations between those patterns and health. 
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Linking specific meal patterns to health outcomes is important in the development of meal-

based dietary guidelines or personalised recommender systems. For example, this could 

allow recommender systems to suggest specific meals or combinations of meals (meal 

patterns) for an individual to consume based on their potential health impact instead of 

suggesting individual foods or recipes (5). Some limited associations between health 

outcomes and content meal patterns have also been identified (8, 12). For example, research 

in an Irish cohort identified that those consuming a meal pattern characterised by “a cooked 

breakfast, skipped light meal, and protein-carbohydrate main meal” were likely to have 

higher diastolic blood pressure compared with those consuming the meal pattern 

characterised by “cereal and/or toast for breakfast, sandwich for light meal and protein-

carbohydrate or just protein main meal” (8). Further work is required to explore the potential 

relationships between content meal patterns and health outcomes in various populations to 

inform meal-based dietary recommendations.  

Therefore, the aim of the current study was to identify meal patterns that exist in the USA, 

combining both temporal and content aspects, and explore whether associations exist 

between those meal patterns and health. 

6.3 Methods 

6.3.1 Dietary Intake Data 

The current study analysed previously collected data from non-institutionalised civilian 

residents of the USA from the 2017-2018 NHANES. NHANES was approved by the 

National Center for Health Statistics Ethics Review Board (13). The analysis reported in the 

current study includes adults (18–80 years) who had completed two 24-hour recalls; these 

were conducted by trained interviewers in person for the first recalls and over telephone for 

the second recalls using a standardised process. The nutrient compositions of the foods 

reported in the 24-hour recalls are from the food and nutrient database for dietary studies 

(FNDDS) 2017-2018 (14). Nutrient intakes are reported with the exclusion of intakes from 

dietary supplements. 

6.3.2 Meal Pattern Analysis 

There were three broad steps involved in identifying meal patterns, that is, the clustering of 

foods into food groups, the clustering of meals into generic meals, and finally the clustering 

of generic meals into meal patterns (Figure 6.1). The first two steps were based on a 

previously developed method, as described in detail by O'Hara et al. (9), adapted for use 
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with the NHANES data in the current study. All steps are described in the following 

subsections. 

6.3.2.1 Step 1. Food Groups 

Foods listed within the reported dietary recalls were grouped based on the five groups used 

in the USA dietary guidelines: fruit; vegetables; grains; protein foods; dairy. Foods that did 

not belong in any of those groups were assigned to one of the following five groups: foods 

high in fat, sugar, or salt; fats and oils; non-alcoholic beverages; alcoholic beverages; and 

other, with 10 food groups in total. K-means clustering was applied to each of the 10 food 

groups separately to create subgroups containing foods that were most similar to each 

other with regard to nutrients listed within the Nutrient Rich Foods (NRF9.3) index, namely 

protein, fibre, vitamin A, vitamin C, vitamin E, calcium, iron, magnesium, potassium, 

saturated fatty acids, total sugar, and sodium (15). The nutrient contents of the foods were 

expressed in units per 100kcal and were z-standardised before clustering. The number of 

clusters was determined by applying 24 indices and choosing the number of clusters that 

was most frequently proposed among the indices (16) (Supplementary table 6.1). The range 

of values assessed for the number of clusters in the data was between two and eight 

inclusive. The clustering of the non-alcoholic beverages group resulted in unbalanced 

clusters with very small numbers of foods in some clusters, so this group was split into 

energy containing and energy free non-alcoholic beverages instead of clustering. Two of 

the original food groups (alcoholic beverages and other) were not further split due to the 

small number of foods in each of these groups. Fats and oils were not further split, instead 

their original three subgroups from the FNDDS were kept: animal fats; margarines; and 

dressings and vegetable oils (14). This gave rise to a total of 23 food groups. The food groups 

and their subsequent subgroups after k-means clustering are summarised in Table 6.1.  

6.3.2.2 Step 2. Generic Meals 

After identifying the food groups described above, meals were then defined based on the 

food groups they contained, i.e., the individual foods reported by the participants were 

replaced by the food group to which that food belonged. The meal intake data were split 

into two groups based on sex and from this point analysed separately for males and 

females. Meals were also split according to meal type. The original NHANES data used in 

this analysis included 18 different meal types. These meal types were condensed to five for 

the purpose of this analysis: breakfast (comprising breakfast, desayuno, and amuerzo), 

lunch (lunch, comida, and brunch), dinner (dinner, supper, and cena), snack (snack, 

merienda, entre comida, botana, bocadillo, tentempie, and extended consumption), and 
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beverages (drink and bebida). These categorisations were based on previous methods 

from the literature (17-20). 

Partitioning around the medoids (PAM) clustering was applied separately to each meal 

type, allowing similar meals in each meal type to be grouped. Similarity was based on 24 

variables: 23 binary variables, each one representing one of the food groups and indicating 

whether that food group was present or not in the meal, and a single numeric value, namely 

the NRF9.3 index score (15) for each meal, which was used as an indication of the nutritional 

quality of the meal. As with k-means clustering, PAM clustering also requires that the 

number of clusters is specified before clustering. The same approach described in the 

previous section was taken. The range of values assessed for the number of clusters in the 

data was between 4 and 15 inclusive.  

The nutrient content of a given generic meal was then calculated as the mean nutrient 

content per 100g of the individual meals that make up that generic meal, as described 

previously (9). To incorporate a range of portion sizes, seven portion sizes were determined 

for each generic meal by ordering the individual meals in that generic meal by weight (g) 

and dividing them into sevenths based on septiles. The median weights of each seventh 

were assigned as the generic portion sizes for that meal. The nutrient content of the generic 

meal per 100g consumed by participants was multiplied by the portion size to estimate 

energy intakes based on the generic meals. 

6.3.2.3 Step 3. Meal Patterns 

Meal patterns refer to the combinations of generic meals that are consumed over the course 

of the day. For this final step, the mean percentage of total energy intake (%TEI) that each 

participant consumed from each generic meal over the two days was calculated. 

Participants were also assigned a value for five binary variables indicating whether or not 

they consumed each of the five meal types (breakfast, lunch, dinner, snacks, beverages). 

PAM clustering was applied to the data using the %TEI values for generic meals and the 

binary variables for each meal type as input variables. This allowed the grouping of 

individuals with similar combinations of generic meal intakes, i.e., the identification of meal 

patterns.  

The same approach, as described in the previous clustering sections, was used to identify 

the number of clusters. The range of values assessed for the number of clusters in the data 

was between 7 and 13 inclusive. Two generic meals from the male data and two meals 

from the female data were not used in the clustering, as when included these 2 meals 
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dominated all meal patterns. These 2 meals were the breakfast meal “coffee and sugar” 

and the snack meal “water”. 

6.3.3 Anthropometry and Clinical Measurements 

Height was measured to the nearest 0.1cm using a stadiometer with a fixed vertical 

backboard and an adjustable head piece. Participants’ weight was measured to the nearest 

0.1kg in kilograms using a calibrated digital scale. Waist (abdominal) circumference 

measurements were taken on participants’ bare abdomen. The measurements were taken 

at the point of the uppermost lateral border of the right ilium of the pelvis, and the measuring 

tape extended horizontally around the waist from that point. Hip (buttocks) circumference 

measurements were taken around the maximum protuberance of the buttocks when viewed 

from participants’ right side. Both measurements were taken to the nearest 0.1cm at the 

end of a normal exhalation from the participant. Percentage body fat was estimated using 

dual energy x-ray absorptiometry (DXA) using the Hologic Discovery A fan beam x-ray bone 

densitometer (13). 

Prior to blood pressure measurement, participants rested quietly in a seated position for 

five minutes. Three blood pressure measurements were then taken with one minute gap 

between each one. The mean blood pressure value of the three measurements was used 

in the current study. Measurements were taken on the bare upper right arm unless there 

were any specific conditions that did not allow for this, in which case the left arm was used. 

The Omron IntelliSense Blood Pressure Monitor (Model: HEM-907XL) was used to take the 

blood pressure measurements.  

For biochemical measurements, a fasting questionnaire was administered prior to 

venipuncture to confirm fasting status. For fasting samples, participants are asked to fast 

for nine hours. The vacutainer blood collection device and blood tubes were used to draw 

the blood. The samples used for plasma glucose were collected in sodium fluoride tubes 

and measured with a UV in vitro test using the Roche/Hitachi Cobas C System (c311). The 

samples used for serum total cholesterol and HDL were collected in EDTA or heparin tubes 

and measured photometrically using the Roche/Hitachi Cobas 6000 Chemistry Analyser. 

LDL Cholesterol was not measured directly but calculated using the Friedewald equation 

(13). 

6.3.4 Statistical Analysis 

All analysis was carried out using R version 4.2.2 (21) in the RStudio integrated development 

environment (version 2022.07.2+576) (22). Medians and 95% confidence intervals (CI) of 
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nutrient intakes and health parameters were calculated separately for those belonging to 

each of the different meal patterns. Z-scores of these values were calculated and plotted 

on parallel plots to compare multiple variables of differing units among the different meal 

patterns. Given the exploratory nature of the current study, confirmatory statistics and p 

values were not deemed appropriate in the analysis. Confidence intervals were calculated 

to quantify the uncertainty around the medians. Bonferroni correction for multiple 

comparisons was used when calculating confidence intervals. Given the right-skewed 

distribution of the data, the bias corrected and accelerated bootstrap method for calculating 

confidence intervals was used (23).  

Basal metabolic rate was estimated using the Oxford equations (24). The Goldberg equation 

was used to calculate cut-offs to identify those with implausible reports of energy intake. 

Those with reported energy intakes resulting in an energy intake to basal metabolic rate 

ratio of less than 0.96 or greater than or equal to 2.49 were deemed to be implausible (25). 

The inclusion of all participants regardless of the plausibility of their reported energy intakes 

did not impact on the identification of generic meals, therefore all participants were included 

in that analysis. Those with implausible reports of energy intakes, however, were not evenly 

distributed among the various meal patterns, with the proportion of implausible reporters of 

energy intake ranging from 18.2 to 49.3% in the male data and 18.8 to 58.1% in the female 

data depending on the meal pattern. Therefore, for the purposes of comparing energy and 

nutrient intakes and health parameters among meal patterns, those with implausible reports 

of energy intakes were excluded.  

While data on nutrient intake and age was available for all participants, only a portion of 

participants with plausible reports of energy intake had data for BMI (n = 1415 for males 

and n = 1508 for females), WHR (n = 1389 for males and n = 1462 for females), percentage 

body fat by DXA (n = 661 for males and n = 732 for females), systolic and diastolic blood 

pressure (n = 1336 for males and n = 1385 for females), fasting glucose (n = 678 for males 

and n = 721 for females), HDL and total cholesterol (n =1360 for males and 1449 for 

females), and LDL cholesterol (n = 656 for males and n = 705 for females). The summary 

data reported excludes those with missing data for the variable in question.  

6.4 Results 

6.4.1 Generic Meals and Meal Patterns 

A total of 4332 participants aged 18 years of age or older with recall data for two days were 

included in the identification of generic meals and meal patterns. They had a median 
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(interquartile range) age of 52 years (34–64 years) and were comprised of 2068 males and 

2264 females (Supplementary Table 6.2).  

In total, 42 generic meals were identified in the male data which included 4 breakfast meals, 

10 lunch meals, 15 dinner meals, 9 snack meals, and 4 beverage meals. In the female data 

41 generic meals were identified which included 4 breakfast meals, 7 lunch meals, 12 dinner 

meals, 14 snack meals, and 4 beverage meals (Supplementary Table 6.3).  

In the male data 13 meal patterns were identified; three included all five of the meal types 

(breakfast, lunch, dinner, snacks, and beverages), two excluded only breakfast, one 

excluded only lunch, no meal patterns excluded dinner, one excluded only snacks, two 

excluded only beverages, one excluded breakfast and lunch, one excluded breakfast and 

snacks, one excluded breakfast and beverages, and one excluded snacks and beverages. 

Food-based descriptions for the three most frequently consumed meal patterns are given 

in Table 6.2, with the remainder given in Supplementary Table 6.4. The most frequently 

consumed meal pattern (meal pattern 8) is characterised by toast or egg at breakfast, 

chicken burger with soft drink at lunch, meat pizza at dinner, fruit as snacks, and water as 

a beverage. 

In the female data 13 meal patterns were also identified; four included all five of the meal 

types assessed, three excluded only breakfast, one excluded only lunch, no meal patterns 

excluded dinner, one meal pattern excluded only snacks, two excluded only beverages, 

one excluded both breakfast and lunch, and one excluded both breakfast and beverages. 

Food-based descriptions for the three most frequently consumed meal patterns are given 

in Table 6.3, with the remainder given in Supplementary Table 6.5. The most frequently 

consumed meal pattern (meal pattern 9) by females was likely to include egg, toast, and 

water at breakfast, a rice-based dish or pizza at lunch, a rice- or pasta-based dish with 

water at dinner, cookies, ice-cream or cheese as snacks, and water as a beverage. 

6.4.2 Nutrient Quality and Health 

The values given in this section of the results, including subsections, refer only to those 

with plausible reports of energy intake. This includes 2964 participants with a median 

(interquartile range) age of 52 years (34–64 years), comprising of 1432 males and 1532 

females (Table 6.4). The values given below are given as median and 95% CI. For age and 

the health variables, no differences among the meal patterns were evident, i.e., the median 

for each meal pattern was within the range of the CIs for the other meal patterns. 
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6.4.2.1 Male Meal Patterns 

Median z-scores for selected nutrients and health variables across the male meal patterns 

are presented in Figure 6.2, and confidence intervals are presented in Supplementary 

Figure 6.1.  Median and 95% CIs for daily energy intakes of 2634kcal/d (2387–2887kcal/d) 

were highest for meal pattern 13, which also had the second lowest median NRF9.3 score 

of 6.6 (3.14–9.11)., the highest median total sugar intake of 136 g/day (111–159g/day), the 

second highest median fat intake of 108.7g/d (92.6–121.7g/d), the highest median 

monounsaturated fat (MUFA) intake of 36.5g/d (33.0–42.3g/d), polyunsaturated fat (PUFA) 

intake of 24.5g/d (21.5–28.7g/d), and sodium intake of 4226mg/d (3654–4777mg/d) 

(Supplementary Table 6.6)(Figure 6.2). This meal pattern is characterised by breakfast 

skipping, soft drink and burger or fried meat at lunch and dinner, chocolate or soft drink as 

snack, and water as a beverage.  

The lowest median NRF9.3 score, indicating the lowest nutritional quality, observed in the 

male data was 5.0 (0.9–9.7) in meal pattern 3 consisting of skipped breakfast and lunch, 

fried chicken sandwich and chips with soft drink or a meat-based pizza for dinner, chocolate 

or soft drink for snacks, and water or soft drink as an additional beverage. This meal pattern 

was also associated with the second highest median sugar intake of 131g/d (99–187g/d), 

the lowest median PUFA intake 17.6g/d (13.7–26.3g/d), the second lowest median fibre 

intake of 14.2g/d (10.0–17.3g/d) and sodium intake of 3288mg/d (2545–4066mg/d), and 

the lowest median calcium intake of 812mg/d (569–1223mg/d) and iron intake of 12.5mg/d 

(9.8–15.2mg/d).  

The highest median NRF9.3 score of 15.2 (12.6–17.3) was for meal pattern 8 consisting of 

toast- or egg-based breakfast, burger or sandwich at lunch, meat-based pizza or rice- or 

pasta-based dish at dinner, fruit or chocolate as snacks, and water or alcohol as an 

additional beverage. This meal pattern had the second highest median fibre intake of 

20g/day (18.5–23.3g/day), and moderate intakes of other nutrients relative to the other meal 

patterns (Figure 6.2).  

In contrast to the two meal patterns described above with a skipped breakfast (meal 

patterns 3 and 13), no clear trends in nutrient intakes were observed for the other three 

meal patterns with a skipped breakfast (meal patterns 4, 5, 12). These three patterns were 

more likely to include fruit as a snack or not to consume a snack. However, the five patterns 

with a skipped breakfast had the five lowest NRF9.3 scores compared to the other meal 

patterns. 

No differences were observed among the meal patterns with regard to the health variables 

assessed. 
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6.4.2.2 Female Meal Patterns 

Median z-scores by meal pattern for nutrient intake and health parameters for females are 

given in Figure 6.3, and confidence intervals are presented in Supplementary Figure 6.2. 

The highest median energy intakes for females of 2006 kcal/day (1859–2174 kcal/day) 

were observed for those in meal pattern 2 which is characterised by egg-based breakfast, 

sandwich or fruit at lunch, fried chicken at lunch, chocolate or fruit as snacks, and water as 

an additional beverage. Highest median intakes were also observed in this meal pattern for 

total fat of 89.7 g/day  (77.9–100.1 g/day), MUFA of 29.8 g/day (26.4–33.8 g/day), PUFA of 

20.8 g/day (18.4–23.8 g/day), and saturated fats of 28.7 g/day (23.4–32.5 g/day), and 

sodium of 3343 mg/day (3033–3741 mg/day). This pattern was associated with the second 

highest median intake for calcium of 884.8 mg/day (711–1034 mg/day) (Supplementary 

Table 6.7). 

Those consuming meal pattern 13, had the lowest median NRF9.3 score observed for 

females of 8.8 (4.5–12.5), and was also associated with the lowest median fibre intake of 

12.4 g/day (8.7–16.5 g/day) and iron intake of 9.7 mg/day (6.8–13.6 mg/day), and the 

second lowest median sodium intakes of 2592 mg/day (1820–3081 mg/day). Meal pattern 

13 was characterised by skipped breakfast and lunch, fried chicken or rice-, pasta-, or pizza-

based dish at dinner, ice-cream, cheese, or chocolate as snacks, and water as an additional 

beverage. 

In contrast to meal pattern 13, described above, with a skipped breakfast, no clear trends 

in nutrient intakes were observed for the other four meal patterns with a skipped breakfast 

(meal patterns 1, 4, 8, and 10). These four patterns were more likely to include fruit at meals 

or to include rice-based meals as opposed to meals based on fried foods. However, the f ive 

patterns with a skipped breakfast had the five lowest NRF9.3 scores compared to the other 

meal patterns. 

The highest median NRF9.3 score among females of 17.7 (14.8–19.9) was observed for 

meal pattern 3. This pattern also had the second lowest energy intake of 1809 kcal/day 

(1676–1975 kcal/day), the second lowest saturated fat intake of 22.0 g/day (17.8–25.1 

g/day), and the highest fibre intake of 17.3 g/day (14.5–21.0 g/day). This pattern was 

characterised by toast- or egg-based breakfast, potatoes and chicken or rice-based lunch 

and dinner, chocolate biscuit or fruit-based snacks, and water as an additional beverage. 

No differences were observed among the meal patterns with regard to the health variables 

assessed.  
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6.5 Discussion 

The current study used a three-step clustering approach to identify meal patterns. This 

allowed for the examination of both temporal (meal skipping) and content (different 

combinations of meals) aspects of meal patterns within the same analysis, using a statistical 

approach that had not previously been used for this purpose. A diverse range of patterns 

were identified, with up to two meal types being skipped in some meal patterns; breakfast 

was more commonly skipped than other meal types. Nutrient quality varied among meal 

patterns, but the health parameters of those consuming them did not. 

Other studies have used clustering to identify temporal meal patterns, but not content meal 

patterns. Both Chau et al. (26) and Khanna et al. (10) identified meal patterns that were 

characterised by the consumption of three meals spread across the day, at times which are 

culturally associated with breakfast, lunch, and dinner in Taiwan and the USA respectively. 

This three meal per day pattern was associated with the highest nutrient density (26) in the 

Taiwanese cohort, and with a higher HEI score and higher likelihood to have a BMI in the 

20 to 25 kg/m2  range in the American cohort (11). Similarly, the current study also identified 

meal patterns in both the male data (meal patterns 7 and 10) and the female data (meal 

pattern 12) characterised by the consumption of breakfast, lunch, and dinner, but not of 

snacks. While those consuming three meals per day patterns in the current study, like the 

previous studies, had high diet quality scores, there were no clear and consistent 

differences observed regarding health parameters. The exploratory nature of the current 

study may have contributed to this. However, this cautious approach was deemed 

appropriate due to the novelty of the research and the large number of comparisons. In 

addition to this it is also not clear how consistent content meal patterns are over time. The 

data used in the current study were from a cross section with each participant completing 

two 24-hour recalls. Previous research has identified that individuals consume similar 

temporal meal patterns over a period of five years (27); however, further research is required 

to determine what variability exists for content meal patterns over time.  

The current study described temporal aspects of meal patterns, but did not examine the 

exact time at which meals were consumed; however, given that certain meal types are 

conventionally consumed at certain times in the day, i.e., breakfast in the morning, lunch in 

the afternoon, and dinner in the evening (3), these meal type descriptions serve as a proxy 

for timing of intakes. Recent and ongoing work has found that the timing of dietary intake 

relative to the timing of the circadian clock is thought to impact on metabolic processes (28). 

While the research in the field of chrononutrition is not conclusive, with differing results 

emerging from different study designs, a recent meta-analysis of nine randomised 
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controlled trials, two of which were conducted in the USA, identified that a greater proportion 

of daily energy intake being consumed earlier in the day is associated with reduced weight 

and improved biomarkers of metabolic health compared to a greater proportion of  energy 

intake being consumed later in the day (29). In the current study, five of the male meal 

patterns and five of the female meal patterns did not include breakfast, indicating a greater 

proportion of food may be consumed later in the day. While the nutrient quality, as assessed 

by NRF9.3 score, of the meal patterns without breakfast were lower than those including 

breakfast, differences in relation to anthropometry and health parameters were not 

observed among the meal patterns. This may be due to the way in which meal types were 

used as a proxy for meal timing in the current study or related to the exploratory or cross-

sectional nature of the study. However, using the novel approach applied in this analysis, 

the results of the current study also provide insight into, not only the timing, but also the 

content of these patterns. Meal patterns including fruit in meals or snacks or those with 

main meals based on rice rather than fried foods had higher NRF9.3 scores, despite not 

consuming breakfast. Further investigation regarding the novel interaction between timing 

of intakes and content of intakes, as presented in this study, is warranted.  

The clearest differences among meal patterns observed in the current study were those for 

nutrient quality. This may have been influenced by the fact that the nutrients from the 

nutrient rich foods index (NRF9.3) (15) were used as part of the process to identify food 

groups and the NRF9.3 score was used as part of the process to identify generic meals. 

Further research is required to examine other methods that have not yet been used to 

identify meal patterns and to determine their impact on any differences arising among meal 

patterns. For example, reduced rank regression could be used to identify meal patterns in 

such a way that maximises differences in particular health outcomes among those meal 

patterns (30, 31). 

The clustering approach taken in this analysis is novel; however, while clustering has not 

previously been used to identify content meal patterns, other methods such as PCA (6, 7) 

and LCA (8) have been used. While it would not be expected to identify identical meal 

patterns in different populations given the data-driven nature of these methods, in the 

related area of dietary patterns, there is reasonable agreement of major dietary patterns 

identified in different studies (30), which warrants comparison of the results of the current 

study with other studies on meal patterns. The meal patterns identified in previous studies 

using PCA did not specifically refer to meal skipping. The meal pattern study in an Irish 

cohort using LCA, on the other hand, did identify patterns with meal skipping, but unlike the 

current study, no patterns were identified where breakfast skipping was likely (8). Four of the 

seven patterns in that study were associated with skipping lunch, compared to two of the 
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26 patterns (including both males and females) in the current study in which skipping lunch 

was likely. Another study using PCA was carried out in the same Irish cohort (6) and 

identified some meal patterns that are similar to those in the current study. For example, 

some meal patterns in the Irish cohort also feature bread-, cereal-, and egg-based 

breakfasts, meat and rice or pasta main meals, and sandwich-based light meals. This is in 

contrast with a study in a Japanese cohort that identified content meal patterns using PCA 

(7). In that study, for example, rice was a more common feature of meals, appearing in all 

but one of the meal patterns. In the current study, however, rice appears in four of thirteen 

male meal patterns and eleven of thirteen female meal patterns. Seven of the eleven meal 

patterns in the Japanese cohort were likely to contain vegetables at breakfast whereas this 

was not the case in either the Irish cohort (6) or the American cohort in the current study. In 

contrast to the meal patterns in both of those previous cohorts where fried foods and 

burgers were absent, they appeared frequently in the lunches and dinners identified in the 

current study. Similar snacks were seen across all studies with confectionary and fruit being 

identified.  

Limited research has examined the relationship between content meal patterns and diet 

quality or health outcomes. Uzhova et al. (8) found a meal pattern in Ireland characterised 

by a cooked breakfast, skipped light meal, and a protein and carbohydrate main meal were 

more likely to be associated with higher diastolic blood pressure compared with those 

consuming a pattern characterised by cereal and/or toast for breakfast, a sandwich light 

meal, and a protein and carbohydrate or just protein main meal. In that study there were no 

associations identified between other meal patterns and health outcomes. The current 

study also identified differences in nutrient quality, but not in health outcomes for various 

meal patterns; however, given the exploratory nature of this study, further work is required 

to confirm these findings. 

The results presented should be interpreted in the context of the limitations and strengths 

of the current study. The data used in this study from the NHANES represents a cross 

section, and therefore does not capture the potential within-person variability in meal 

patterns such as the potential for meal patterns to change over time. The study design used 

in the NHANES oversampled population subgroups that were of particular public health 

interest including Hispanic, Asian, and black people; people with low income; and people 

aged 80 years or older (13), and this will have influenced the meal patterns identified in the 

current study. The large size of the dietary intake dataset, however, is a strength in terms 

of capturing a range of varying meal patterns consumed. The data were limited due to 

missing health data for a proportion of participants, and this may have increased the 

uncertainty of the estimates. While the current study provides valuable insights to these 
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meal patterns the exploratory nature precludes any strong conclusions regarding causation, 

however, taking that approach has raised important research questions for this field in 

relation to the need to develop research designs that consider both the temporal and 

content aspects of meal patterns and to further evaluate the current methods used with 

regard to their comparability.  

6.6 Conclusion 

Clustering is a feasible approach to identify combined aspects of temporal and content meal 

patterns. This exploratory study identified differences among meal patterns in nutrient 

quality but not in health parameters. Further research is required to refine meal pattern 

methods and to identify patterns combining multiple meal pattern constructs. Other 

statistical methods to identify meal patterns should also be considered that can incorporate 

the health of those consuming meal patterns rather than just the nutrient content of the 

foods and meals being consumed.  
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6.7 Tables 

Table 6.1: The original food groups from the USA dietary guidelines and subsequent 

subgroups following k-means clustering. 

Food Group Number of 

Subgroups or 

Clusters 

Description of Subgroups/Clusters 

Fruit 2 Fruits 1  

Fruits 2 

 

Vegetables 3 Vegetables 1  

Vegetables 2  

Vegetables 3 

 

Grains 2 Cereals and sweetened instant oats 

Bread, oats, pasta, or rice 

 

Protein Foods 3 Protein 1 

Protein 2 

Protein 3 

 

Dairy 2 Cheese, yogurts, and sweet dairy 

Milk, yogurts, and low-fat dairy 

 

Foods High in Fat, Sugar, or 

Salt 

4 Mixed (sweet and savoury) 

Savory 1  

Savory 2 

Sweet 

 

Fats and Oils (not clustered; 

original subgroups 

maintained) 

3 Animal Fats 

Margarines 

Dressings and vegetable oils 

 

Non-Alcoholic Beverages (not 

clustered; manually grouped) 

2 Energy free beverages 

Energy containing beverages 

 

Alcoholic Beverages (not 

further subdivided) 

1 Alcoholic beverages 

 

 

Other (not further subdivided) 1 Other 
Descriptions of subgroups/clusters were assigned after examination of the foods contained in the group; where 
no clear pattern was observed, numeric descriptors are given instead.
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Table 6.2: The three most commonly consumed meal patterns by males. 

Pattern Sample 
Size 

Breakfast Lunch Dinner Snacks Beverages 

4 n = 211 Not consumed Chicken burger 

(38%)  

OR  

Cheese and chicken 

sandwich with water 

(22%) 

Fried chicken and 

water (18%)  

OR  

Cheeseburger, 

lettuce, tomatoes, 

chips, and 

Mayonnaise (17%) 

  

Banana/apple/grapes 

(45%)  

OR  

Chocolate (cookie) 

(41%) 

Water (69%)  

OR  

Soft drink or coffee or 

tea (36%) 

6 n = 241 Toast (54%)  

OR  

Cereal and milk 

(36%) 

Chicken burger 

(39%)  

OR  

Soft drink (cola) and 

chicken burger (20%) 

Fried chicken (39%)  

OR  

Soft drink (cola) or 

iced tea with meat 

pizza (26%) 

  

Chocolate (cookie) 

(42%)  

OR  

Ice cream or cheese 

(35%) 

Water (64%)  

OR  

Soft drink or coffee or 

tea (42%) 

8 n = 309 Toast (53%)  

OR  

Scrambled egg or 

omelette (48%) 

Soft drink (cola) with 

chicken burger and 

chips (35%)  

OR  

Sandwich with 

luncheon ham and 

mayonnaise (20%) 

Meat pizza (35%)  

OR  

Rice/pasta dish with 

water (16%) 

Banana/apple/grapes 

(60%)  

OR  

Chocolate (cookie) 

(39%) 

Water (83%)  

OR  

Alcohol (beer) (30%) 

The top two generic meals in each meal type and cluster are given with the percentage of people who consumed those meals in that meal pattern given in parentheses.   
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Table 6.3: The three most commonly consumed meal patterns by females. 

Pattern Sample 
Size 

Breakfast Lunch Dinner Snacks Beverages 

7 n = 214 Cereal and milk 

(55%)  

OR  

Toast and water 

(51%) 

Fried egg sandwich 

and water (62%)  

OR  

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes) (21%)  

Water, fried chicken, 

chips (43%)  

OR  

Fried chicken and 

chips (30%) 

Chocolate cookie 

(38%)  

OR  

Crackers/popcorn 

(35%) 

Water (82%)  

OR  

Soft drink or coffee or 

tea (28%) 

5 n = 237 Scrambled egg or 

omelette (59%)  

OR  

Cereal and milk 

(32%) 

Rice-based dish or 

pizza with bread (46%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or 

fried egg sandwich 

(19%)  

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(30%)  

OR  

Fried chicken (24%) 

Chocolate cookie 

(44%)  

OR  

Banana/apple/grapes 

(27%) 

Not consumed 

9 n = 320 Scrambled egg or 

omelette (52%)  

OR  

Toast and water 

(52%) 

Rice-based dish or 

pizza with bread (58%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or 

fried egg sandwich 

(32%) 

Water with rice/pasta-

based dish (35%)  

OR  

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(19%) 

Chocolate cookie 

(39%)  

OR  

Ice cream / cheese 

(32%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (38%) 

The top two generic meals in each meal type and cluster are given with the percentage of people who consumed those meals in that meal pattern given in parentheses. 
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Table 6.4: Demographics and anthropometry of study participants. 

 Males 

n = 1432 (48.3%) 

Females 

 n = 1532 (51.7%) 

Total 

n = 2964 

Age (y) 53 (35–65) 51 (34–64) 52 (34–64) 

Weight (kg) 83.0 (72.2–96.7) 71.6 (60.4–84.6) 77.2 (65.6–91.3) 

Height (cm) 173.4 (168.2–178.7) 159.8 (155.3–164.6) 166.1 (159.2–173.7) 

BMI (kg/m2) 27.8 (24.4–31.7) 28.0 (24.0–33.0) 27.9 (24.2–32.3) 
Values are given as median with interquartile range in parentheses. Includes participants with plausible reports 
of energy intake only.   
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6.8 Figures 

 

 

Figure 6.1: Overview of the three steps used in identifying meal patterns. 

NRF, nutrient rich foods; PAM, partitioning around the medoids; TEI, total energy intake. 
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Figure 6.2: Parallel plot of median z-scores for selected nutrients and health parameters within each meal pattern in males. 

Meal patterns in which differences among meal patterns for nutrient quality were observed are highlighted.  
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Figure 6.3: Parallel plot of median z-scores for selected nutrients and health parameters within each identified meal pattern in females. 

Meal patterns in which differences among meal patterns for nutrient quality were observed are highlighted.
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6.10 Supplementary Material 

Supplementary Table 6.1: The 24 indices used in determining the number of clusters in 

the clustering steps of identifying meal patterns. 

Index Interpretation 

KL Max value 

CH Max value 

Hartigan Max difference between hierarchy levels of index 

CCC Max value 

Scott Max difference between hierarchy levels of index 

Marriot Max value of second differences between levels of the index 

TrCovW Max difference between hierarchy levels of index 

TraceW Max value of second differences between levels of the index 

Friedman Max difference between hierarchy levels of index 

Rubin Min value of second differences between levels 

Cindex Min value 

DB Min value 

Silhouette Max value 

Duda Smallest number of clusters such that index > critical value 

Beale Number of clusters such that critical value ≥ alpha 

Ratkowsky Max value 

Ball Max difference between hierarchy levels of index 

Ptbiserial Max value 

McClain Min value 

Dunn Max value 

Hubert Graphical method: cluster number where a peak occurred on the 

second differences plot. 

SDindex Min value 

Dindex Graphical method: cluster number where a peak occurred on the 

second differences plot. 

SDbw Min value 

Adapted from Charrad et al. (16). 
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Supplementary Table 6.2: Demographics for all participants regardless of plausibility of 

reported energy intakes. 

 Males 

n = 2068 (47.7%) 

Females 

n = 2264 (52.3%) 

Total 

n = 4332 

Age (y) 52.5 (34–65) 54 (34–64) 52 (34–64) 

Weight (kg) 85.1 (73.5–100.4) 74.2 (62.4–89.3) 79.7 (67.4–95.7) 

Height (cm) 173.7 (168.5–178.9) 160.0 (155.3–164.6) 166.2 (159.1–173.8) 

BMI (kg/m2) 28.4 (24.9–32.9) 29.0 (24.6–34.8) 28.7 (24.8–33.7) 
Values are given as median (interquartile range). 
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Supplementary Table 6.3: The generic meals identified as part of the process of identifying 

meal patterns. 

Food Groups Example Meal 

Males’ Breakfast Meals 

1 Protein 1 

Non-alcoholic beverages no energy 

Scrambled egg or omelette 

2 Milk and low-fat dairy 

Cereals and instant oats 

Cereal and milk 

3 Non-alcoholic beverages with energy 

Sweet HFSS 

Coffee and sugar 

4 Bread, oats, pasta, rice Toast 

   

Females’ Breakfast Meals 

1 Non-alcoholic beverages with energy 

Sweet HFSS 

Coffee and sugar 

2 Protein 1 Scrambled egg or omelette 

3 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Toast and water 

4 Milk and low-fat dairy 

Cereals and instant oats 

Cereal and milk 

   

Males’ Lunch Meals 

1 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Rice-based dish or pizza with water 

2 N/A, see detailed notes in relevant 

section 

Soft drink with pizza 

3 Breads, oats, pasta, rice 

Other 

Sandwich with luncheon ham and 

mayonnaise 

4 N/A, see detailed notes in relevant 

section 

Cheese and chicken sandwich with water 

5 Protein1 

Other 

Fried chicken and sauce/soup 

6 Non-alcoholic beverages with energy 

Protein 1 

Soft drink (cola) and chicken burger 

7 Non-alcoholic beverages with energy 

Protein 1 

Vegetables 1 

Soft drink (cola) with chicken burger and 

chips 

8 Protein 1 Chicken burger  

9 Non-alcoholic beverages with energy 

Protein 1 

Vegetables 3 

Vegetables 1 

Other 

Soft drink (cola), chicken/cheese burger, 

lettuce, tomatoes, chips, and mayonnaise 

10 Bread, oats, pasta, rice 

Cheese and sweet dairy 

Non-alcoholic beverages no energy 

Bread, cheese, luncheon ham, tomatoes, 

lettuce, mayonnaise, and water 
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Vegetables 3 

Protein 3 

Other 

   

Females’ Lunch Meals 

1 Bread, oats, pasta, rice 

Cheese and sweet dairy 

Non-alcoholic beverages no energy 

Vegetables 3 

Protein 3 

Other 

Bread, cheese, luncheon ham, tomatoes, 

lettuce, mayonnaise, and water 

2 Bread, oats, pasta, rice Rice-based dish or pizza with bread 

3 Non-alcoholic beverages with energy 

Protein 1 

Soft drink (cola) and chicken 

sandwich/burger or fried egg sandwich 

4 Vegetables 1 

Protein 3 

Potatoes and chicken 

5 Protein 1 

Non-alcoholic beverages no energy 

Fried egg sandwich and water 

6 Fruits 1 Fruit juice (apple) or raw fruit (apple, 

banana, grapes) 

7 Non-alcoholic beverages with energy 

Protein 1 

Vegetables 3 

Vegetables 1 

Other 

Chicken burger with lettuce, tomatoes, 

chips, mayonnaise, and soft drink (cola) 

or iced tea 

   

Males’ Dinner Meals 

1 Non-alcoholic beverages with energy 

Protein 1 

Vegetables 1 

Soft drink (cola), fried chicken sandwich 

and chips 

2 Non-alcoholic beverages with energy 

Bread, oats, pasta, rice 

Soft drink (cola) or iced tea with meat 

pizza 

3 Protein1 

Bread, oats, pasta, rice 

Other  

Chicken, bread or rice, and sauce 

4 Cheese and sweet dairy 

Dressings and vegetable oils 

Vegetables 3 

Vegetables 1 

Protein 3 

Chicken salad with cheese, dressing, 

lettuce, tomatoes, and onions 

5 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Rice/pasta dish with water 

6 Bread, oats, pasta, rice 

Cheese and sweet dairy 

Protein 3 

Other 

Bread, cheese, luncheon ham, 

mayonnaise 

7 Protein 1 Fried chicken and water 
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Non-alcoholic beverages no energy 

8 N/A, see detailed notes in relevant 

section 

Soft drink with cookie or cake 

9 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Vegetables 1 

Protein 3 

Other 

Rice, water, potatoes, chicken, and sauce 

10 N/A, see detailed notes in relevant 

section 

Chicken and cheese sandwich 

11 Bread, oats, pasta, rice Meat pizza 

12 Protein 1 

Vegetables 3 

Vegetables 1 

Other 

Cheeseburger, lettuce, tomatoes, chips, 

and Mayonnaise 

13 Vegetables 1 

Protein 3 

Potatoes and chicken 

14 Protein 2 

Fruits 1 

Bean-based salad and fruit/fruit juice 

15 Protein 1 Fried chicken 

   

Females’ Dinner Meals 

1 Non-alcoholic beverages, no energy Water and soup 

2 Non-alcoholic beverages, no energy 

Dressings and vegetable oils 

Vegetables 3 

Vegetables 1 

Protein 3 

Water, chicken salad with tomatoes, 

lettuce, cucumber, onions, and dressing 

3 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Vegetables 1 

Protein 3 

Other 

Water, rice, potatoes, chicken, and sauce 

4 Vegetables 1 

Protein 3 

Potatoes and chicken 

5 Protein 1 Fried chicken 

6 Non-alcoholic beverages with energy 

Bread, oats, pasta, rice 

Soft drink (cola) or iced tea with rice-

based dish or pizza 

7  Non-alcoholic beverages with energy 

Protein 1 

Vegetables 3 

Vegetables 1 

Other 

Soft drink (cola) or iced tea with chicken 

burger, lettuce, tomatoes, chips, and 

mayonnaise 

8 Protein 1 

Vegetables 1 

Fried chicken and chips 

9 Non-alcoholic beverages no energy 

Protein 1 

Water, fried chicken, chips 
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Vegetables 1 

10 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Water with rice/pasta-based dish 

11 Bread, oats, pasta, rice Rice/pasta-based dish or bread or pizza 

12 Cheese and sweet dairy Cheese 

   

Males’ Snack Meals 

1 Sweet HFSS 

 

Chocolate (cookie) 

2 Savoury HFSS Crackers or popcorn 

3 N/A, see detailed notes in relevant 

section 

Coffee with sugar and cookie 

4 Non-alcoholic beverages with energy Soft drink (cola) 

5 Non-alcoholic beverages no energy Water 

6 Fruits 1 Banana/apple/grapes 

7 Cheese and sweet dairy Ice cream or cheese 

8 Protein1 

Protein2 

Tortilla chips and cheese and salted 

peanuts 

9 Sweet HFSS 

Non-alcoholic beverages no energy 

Chocolate cookie and water 

   

Females’ Snack Meals 

1 Non-alcoholic beverages with energy Soft drink (cola) 

2 Non-alcoholic beverages with energy 

Sweet HFSS 

Coffee and sugar 

3 Fruits 1 Banana/apple/grapes 

4 Protein 2 Nuts 

5 Sweet HFSS 

Non-alcoholic beverages no energy 

Chocolate cookie and water 

6 Non-alcoholic beverages no energy Water 

7 Sweet HFSS Chocolate cookie 

8 Fruits 2 Orange/strawberries 

9 Savoury HFSS 2 Crackers/popcorn 

10 Protein 1 Tortilla chips and cheese 

11 Cheese and sweet dairy Ice cream / cheese 

12 Non-alcoholic beverages no energy 

Fruits 1 

Water and banana/apple/grapes 

13 Bread, oats, pasta, rice 

Non-alcoholic beverages no energy 

Bread and water 

14 Savoury HFSS1 Crisps 

   

Males’ Beverages 

1 All alcoholic beverages Alcohol (beer) 

2 Non-alcoholic beverages with energy Soft drink or coffee or tea 

3 Non-alcoholic beverages with energy 

Sweet HFSS 

Coffee with sugar 

4 Non-alcoholic beverages no energy Water 
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Females’ Beverages 

1 Non-alcoholic beverages, no energy Water 

2 Non-alcoholic beverages with energy Soft drink or coffee or tea 

3 All alcoholic beverages Wine or beer 

4 Non-alcoholic beverages with energy 

Sweet HFSS 

Coffee with sugar 
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Supplementary Table 6.4: The meal patterns consumed by males. 

Pattern  Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

1 n = 181 Scrambled egg or 

omelette (67%)  

OR  

Cereal and milk 

(30%) 

Rice-based dish or 

pizza with water 

(50%)  

OR  

Soft drink with pizza 

(20%) 

Soft drink (cola), fried 

chicken sandwich 

and chips (39%)  

OR  

Rice/pasta dish with 

water (18%) 

  

Chocolate (cookie) 

(38%)  

OR  

Banana/apple/grapes 

(35%) 

Water (86%)  

OR  

Soft drink or coffee or 

tea (36%) 

2 n = 116 Toast (61%)  

OR  

Scrambled egg or 

omelette (47%) 

 
Soft drink (cola) or 

iced tea with meat 

pizza (22%)  

OR  

Meat pizza (21%) 

  

Banana/apple/grapes 

(51%)  

OR  

Chocolate (cookie) 

(40%) 

Water (66%)  

OR  

Soft drink or coffee or 

tea (32%) 

3 n = 80   Soft drink (cola), fried 

chicken sandwich 

and chips (26%)  

OR  

Meat pizza (22%) 

  

Chocolate (cookie) 

(45%)  

OR  

Soft drink (cola) 

(38%) 

Water (44%)  

OR  

Soft drink or coffee or 

tea (34%) 

4 n = 211 
 

Chicken burger (38%)  

OR  

Cheese and chicken 

sandwich with water 

(22%) 

Fried chicken and 

water (18%)  

OR  

Cheeseburger, 

lettuce, tomatoes, 

chips, and 

Mayonnaise (17%) 

Banana/apple/grapes 

(45%)  

OR  

Chocolate (cookie) 

(41%) 

Water (69%)  

OR  

Soft drink or coffee or 

tea (36%) 
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Pattern  Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

  

5 n = 176 
 

Soft drink with pizza 

(30%)  

OR  

Chicken burger (24%) 

Fried chicken (26%)  

OR  

Soft drink (cola), fried 

chicken sandwich 

and chips (16%) 

  

Chocolate (cookie) 

(40%)  

OR  

Soft drink (cola) 

(34%) 

 

6 n = 241 Toast (54%)  

OR  

Cereal and milk 

(36%) 

Chicken burger (39%)  

OR  

Soft drink (cola) and 

chicken burger (20%) 

Fried chicken (39%)  

OR  

Soft drink (cola) or 

iced tea with meat 

pizza (26%) 

  

Chocolate (cookie) 

(42%)  

OR  

Ice cream or cheese 

(35%)  

Water (64%)  

OR  

Soft drink or coffee or 

tea (42%) 

7 n = 73 Toast (47%)  

OR  

Scrambled egg or 

omelette (41%) 

Rice-based dish or 

pizza with water 

(34%)  

OR  

Soft drink (cola) with 

chicken burger and 

chips (19%) 

  

Meat pizza (29%)  

OR  

Potatoes and chicken 

(26%) 

  

8 n = 309 Toast (53%)  

OR  

Scrambled egg or 

omelette (48%) 

Soft drink (cola) with 

chicken burger and 

chips (35%)  

OR  

Sandwich with 

luncheon ham and 

mayonnaise (20%) 

Meat pizza (35%)  

OR  

Rice/pasta dish with 

water (16%) 

Banana/apple/grapes 

(60%)  

OR  

Chocolate (cookie) 

(39%) 

Water (83%)  

OR  

Alcohol (beer) (30%) 
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Pattern  Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

  

9 n = 152 Scrambled egg or 

omelette (71%)  

OR  

Cereal and milk 

(26%) 

Chicken burger (35%)  

OR  

Soft drink (cola) and 

chicken burger (19%) 

Fried chicken (28%)  

OR  

Fried chicken and 

water (18%) 

Banana/apple/grapes 

(50%)  

OR  

Chocolate (cookie) 

(37%) 

  

 

10 n = 140 Scrambled egg or 

omelette (48%)  

OR  

Toast (46%) 

Soft drink with pizza 

(21%)  

OR  

Sandwich with 

luncheon ham and 

mayonnaise (21%) 

  

Meat pizza (19%)  

OR  

Chicken and cheese 

sandwich (16%) 

 
Water (79%)  

OR  

Soft drink or coffee or 

tea (26%) 

11 n = 164 Toast (66%)  

OR  

Cereal and milk 

(30%) 

Rice-based dish or 

pizza with water 

(28%)  

OR  

Soft drink with pizza 

(20%) 

  

Meat pizza (26%)  

OR  

Chicken and cheese 

sandwich (19%) 

Banana/apple/grapes 

(41%)  

OR  

Chocolate (cookie) 

(34%) 

 

12 n = 80 
 

Soft drink with pizza 

(19%)  

OR  

Soft drink (cola) and 

chicken burger (19%) 

Fried chicken and 

water (30%)  

OR  

Soft drink (cola), fried 

chicken sandwich 

and chips (21%)  

 
Water (55%)  

OR  

Soft drink or coffee or 

tea (30%) 
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Pattern  Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

13 n = 145 
 

Soft drink (cola) and 

chicken burger (49%)  

OR  

Soft drink with pizza 

(34%) 

Soft drink (cola), fried 

chicken sandwich 

and chips (46%)  

OR  

Soft drink (cola) or 

iced tea with meat 

pizza (21%) 

Chocolate (cookie) 

(44%)  

OR  

Soft drink (cola) 

(32%) 

Water (59%)  

OR  

Soft drink or coffee or 

tea (34%) 

The top two generic meals in each meal type and cluster are given with the percentage of people who consumed those meals in that meal pattern in parentheses.   
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Supplementary Table 6.5: The meal patterns consumed by females. 

Meal 

Pattern  

Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

1 n = 176   Rice-based dish or 

pizza with bread 

(49%)  

OR  

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes) 

(22%) 

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(30%)  

OR  

Soft drink (cola) or 

iced tea with chicken 

burger, lettuce, 

tomatoes, chips, and 

mayonnaise (23%) 

  

Chocolate cookie 

(34%)  

OR  

Crackers/popcorn 

(25%) 

Water (83%)  

OR  

Soft drink or coffee or 

tea (31%) 

2 n = 159 Scrambled egg or 

omelette (72%)  

OR  

Toast and water 

(29%) 

Fried egg sandwich 

and water (45%)  

OR  

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes) 

(20%) 

Fried chicken (67%)  

OR  

Soft drink (cola) or 

iced tea with chicken 

burger, lettuce, 

tomatoes, chips, and 

mayonnaise (26%) 

  

Chocolate cookie 

(38%)  

OR  

Banana/apple/grapes 

(28%) 

Water (79%)  

OR  

Soft drink or coffee or 

tea (28%) 

3 n = 210 Toast and water 

(65%)  

OR  

Scrambled egg or 

omelette (45%) 

Potatoes and chicken 

(41%)  

OR  

Rice-based dish or 

pizza with bread 

(25%) 

Rice/pasta-based 

dish or bread or pizza 

(49%)  

OR  

Potatoes and chicken 

(35%) 

  

Chocolate cookie 

(50%)  

OR  

Banana/apple/grapes 

(37%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (28%) 
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Meal 

Pattern  

Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

4 n = 147 
 

Fried egg sandwich 

and water (52%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or 

fried egg sandwich 

(48%) 

  

Fried chicken (33%)  

OR  

Water with rice/pasta-

based dish (33%) 

Chocolate cookie 

(37%)  

OR  

Banana/apple/grapes 

(31%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (23%) 

5 n = 237 Scrambled egg or 

omelette (59%)  

OR  

Cereal and milk 

(32%) 

Rice-based dish or 

pizza with bread 

(46%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or 

fried egg sandwich 

(19%) 

  

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(30%)  

OR  

Fried chicken (24%) 

Chocolate cookie 

(44%)  

OR  

Banana/apple/grapes 

(27%) 

 

6 n = 123 Toast and water 

(61%)  

OR  

Scrambled egg or 

omelette (59%) 

 
Rice/pasta-based 

dish or bread or pizza 

(26%)  

OR  

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(25%)  

Banana/apple/grapes 

(42%)  

OR  

Chocolate cookie 

(34%) 

Water (70%)  

OR  

Soft drink or coffee or 

tea (24%) 
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Meal 

Pattern  

Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

7 n = 214 Cereal and milk 

(55%)  

OR  

Toast and water 

(51%) 

Fried egg sandwich 

and water (62%)  

OR  

Fruit juice (apple) or 

raw fruit (apple, 

banana, grapes) 

(21%) 

  

Water, fried chicken, 

chips (43%)  

OR  

Fried chicken and 

chips (30%) 

Chocolate cookie 

(38%)  

OR  

Crackers/popcorn 

(35%) 

Water (82%)  

OR  

Soft drink or coffee or 

tea (28%) 

8 n = 186 
 

Rice-based dish or 

pizza with bread 

(38%)  

OR  

Fried egg sandwich 

and water (31%) 

Fried chicken (23%)  

OR  

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(22%) 

  

Chocolate cookie 

(41%)  

OR  

Banana/apple/grapes 

(27%) 

 

9 n = 320 Scrambled egg or 

omelette (52%)  

OR  

Toast and water 

(52%) 

Rice-based dish or 

pizza with bread 

(58%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or 

fried egg sandwich 

(32%) 

  

Water with rice/pasta-

based dish (35%)  

OR  

Soft drink (cola) or 

iced tea with rice-

based dish or pizza 

(19%) 

Chocolate cookie 

(39%)  

OR  

Ice cream / cheese 

(32%) 

Water (84%)  

OR  

Soft drink or coffee or 

tea (38%) 

10 n = 118 
 

Rice-based dish or 

pizza with bread 

(42%)  

Fried chicken and 

chips (62%)  

OR  

Chocolate cookie 

(47%)  

OR  

Water (70%)  

OR  



 

CHAPTER 6     |     Page 211 
 

Meal 

Pattern  

Sample 

Size 

Breakfast Lunch Dinner Snacks Beverages 

OR  

Fried egg sandwich 

and water (22%) 

Rice/pasta-based 

dish or bread or pizza 

(47%) 

  

Banana/apple/grapes 

(29%) 

Soft drink or coffee or 

tea (33%) 

11 n = 194 Toast and water 

(70%)  

OR  

Cereal and milk 

(32%) 

Fried egg sandwich 

and water (38%)  

OR  

Soft drink (cola) and 

chicken 

sandwich/burger or 

fried egg sandwich 

(32%) 

  

Potatoes and chicken 

(26%)  

OR  

Water with rice/pasta-

based dish (22%) 

Banana/apple/grapes 

(32%)  

OR  

Chocolate cookie 

(32%) 

 

12 n = 106 Toast and water 

(54%)  

OR  

Scrambled egg or 

omelette (38%) 

Fried egg sandwich 

and water (42%)  

OR  

Rice-based dish or 

pizza with bread 

(35%) 

  

Water with rice/pasta-

based dish (40%)  

OR  

Water and soup 

(28%) 

 
Water (72%)  

OR  

Soft drink or coffee or 

tea (25%) 

13 n = 74 
  

Fried chicken (31%)  

OR  

Rice/pasta-based 

dish or bread or pizza 

(24%) 

Ice cream / cheese 

(31%)  

OR  

Chocolate cookie 

(30%) 

Water (53%)  

OR  

Soft drink or coffee or 

tea (20%) 

The top two generic meals in each meal type and cluster are given with the percentage of people who consumed those meals in that meal pattern in parentheses.
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Supplementary Table 6.6: Daily energy intake, nutrient intakes, and health parameters by meal pattern for males with plausible reports of energy 

intake. 

Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

Sample Size 144 

  

72 45 149 116 176 36 231 110 79 121 46 107 

NRF 9.3  12.6 

(10.6–

15.5) 

  

11.8 

(9.0–

15.5) 

5.0 

(0.8–

9.8) 

10.7 

(8.4–

13.4) 

8.8 

(5.3–

10.5) 

12.1 

(10.0–

14.0) 

12.3 

(7.9–

16.0) 

15.2 

(12.6–

17.3) 

12.0 

(9.5–

13.4) 

13.4 

(8.9–

16.5) 

13.4 

(9.5–

15.9) 

8.8 

(3.5–

13.8) 

6.6 

(3.1–

9.1) 

Energy 

(kcal) 

2472 

(2202–

2684) 

  

2341 

(1916–

2666) 

2414 

(2080–

3059) 

2397 

(2221–

2622) 

2411 

(2186–

2755) 

2579 

(2277–

2780) 

2579 

(2001–

2962) 

2359 

(2227–

2514) 

2572 

(2202–

2821) 

2267 

(2065–

2530) 

2566 

(2253–

2804) 

2335 

(2037–

2728) 

2634 

(2387–

2887) 

Sugar (g) 103.5 

(85.9–

129.2) 

 

  

129.6 

(96.7–

153.9) 

131.3 

(98.9–

186.9) 

106.5 

(89.8–

123.0) 

114.6 

(84.5–

136.5) 

117.2 

(99.7–

137.4) 

110.9 

(73.8–

147.7) 

102.6 

(91.2–

115.6) 

110.9 

(90.9–

124.9) 

94.8 

(64.2–

117.1) 

120.3 

(103.9

–

139.6) 

97.0 

(73.8–

144.7) 

135.5 

(110.6

–

158.9) 

Fat (g) 99.6 

(90.7–

114.2) 

  

86.7 

(66.8–

105.1) 

91.0 

(68.3–

114.2) 

97.4 

(86.1–

109.4) 

99.7 

(87.0–

116.2) 

102.4 

(91.4–

113.4) 

98.3 

(78.8–

129.3) 

92.8 

(84.5–

101.5) 

109.1 

(89.1–

120.6) 

84.7 

(70.3–

94.3) 

101.8 

(83.3–

115.0) 

93.3 

(72.7–

114.0) 

108.7 

(92.6–

121.7) 

MUFA (g) 33.7 

(30.3–

39.5) 

  

29.8 

(23.4–

34.8) 

32.9 

(25.3–

43.2) 

34.4 

(28.4–

38.1) 

35.5 

(28.8–

40.6) 

35.2 

(30.8–

39.0) 

31.5 

(29.1–

43.8) 

32.5 

(29.0–

36.0) 

36.4 

(30.2–

42.7) 

27.5 

(23.5–

33.2) 

34.0 

(28.2–

39.9) 

32.5 

(23.9–

38.4) 

36.5 

(33.0–

42.3) 
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Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

PUFA (g) 21.9 

(19.3–

24.9) 

  

19.2 

(14.0–

24.3) 

17.6 

(13.7–

26.3) 

22.6 

(19.9–

24.7) 

24.0 

(19.1–

27.0) 

22.1 

(18.9–

25.6) 

24.4 

(17.7–

35.9) 

21.9 

(18.7–

24.3) 

24.5 

(21.7–

27.3) 

18.1 

(14.8–

21.3) 

23.4 

(20.0–

26.8) 

21.4 

(16.7–

26.1) 

24.5 

(21.5–

28.7) 

SFA (g) 33.1 

(29.1–

36.2) 

  

29.3 

(21.8–

34.5) 

30.6 

(22.6–

38.8) 

31.4 

(25.5–

36.8) 

33.0 

(28.0–

37.2) 

34.4 

(28.7–

37.8) 

32.3 

(23.5–

38.4) 

29.5 

(26.2–

32.9) 

33.2 

(28.6–

38.8) 

26.6 

(22.1–

32.6) 

31.6 

(27.2–

36.5) 

29.4 

(23.2–

38.1) 

32.3 

(29.4–

40.5) 

Dietary Fiber 

(g) 

18.6 

(15.7–

22.8) 

  

17.9 

(14.1–

23.0) 

14.2 

(10.0–

17.3) 

17.4 

(14.6–

21.9) 

15.9 

(13.0–

18.5) 

17.8 

(15.4–

20.4) 

19.3 

(11.3–

23.6) 

20.1 

(18.5–

23.3) 

18.8 

(15.5–

22.8) 

17.5 

(14.1–

23.0) 

20.2 

(17.2–

24.7) 

13.7 

(10.7–

20.0) 

16.4 

(12.8–

18.7) 

Calcium 

(mg) 

1043 

(852–

1197) 

  

952 

(709–

1179) 

812 

(569–

1224) 

916 

(778–

1077) 

928 

(781–

1150) 

1052 

(942–

1219) 

1052 

(736–

1259) 

1010 

(882–

1138) 

1076 

(834–

1286) 

948 

(839–

1093) 

1011 

(880–

1303) 

838 

(635–

1043) 

915 

(733–

1020) 

Iron (mg) 16.6 

(14.3–

18.7) 

  

15.2 

(12.1–

17.7) 

12.5 

(9.8–

15.2) 

14.2 

(12.6–

16.0) 

14.4 

(12.2–

16.7) 

16.8 

(15.0–

18.5) 

18.8 

(13.6–

24.6) 

16.4 

(14.4–

17.9) 

16.9 

(13.8–

19.5) 

15.9 

(13.7–

17.2) 

17.1 

(14.6–

19.9) 

14.1 

(10.4–

16.7) 

14.6 

(12.5–

15.9) 

Sodium (mg) 4037 

(3623–

4440) 

  

3225 

(2824–

3964) 

3288 

(2545–

4066) 

3814 

(3445–

4201) 

4218 

(3656–

4636) 

4148 

(3665–

4437) 

4126 

(3247–

5147) 

374 

(3459–

4112) 

4083 

(3595–

4755) 

3640 

(3188–

4232) 

4103 

(3656–

4515) 

3656 

(3148–

4871) 

4226 

(3655–

4777) 

Vitamin D 

(µg) 

4.0 

(3.0–

5.4) 

  

4.0 

(2.3–

6.8) 

3.5 

(1.3–

5.0) 

3.7 

(2.5–

4.6) 

3.1 

(2.4–

3.9) 

4.7 

(3.8–

5.3) 

4.4 

(2.1–

7.5) 

4.3 

(3.2–

5.0) 

4.3 

(2.7–

6.4) 

4.0 

(2.6–

5.6) 

4.8 

(3.3–

5.9) 

2.5 

(1.5–

4.2) 

2.8 

(1.9–

4.0) 
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Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

Age (years) 50.0 

(42.0–

57.5) 

  

50.5 

(38.0–

63.0) 

58.0 

(34.0–

64.0) 

53.0 

(42.0–

60.0) 

56.0 

(43.0–

60.0) 

56.5 

(47.5–

63.0) 

43.5 

(28.7–

60.0) 

54.0 

(46.0–

60.0) 

54.0 

(45.0–

62.0) 

47.0 

(32.0–

62.0) 

52.0 

(40.0–

59.0) 

47.0 

(34.5–

64.8) 

48.0 

(40.0–

60.0) 

BMI (kg/m2) 27.7 

(25.1–

29.6) 

  

27.6 

(25.5–

30.5) 

29.3 

(24.5–

32.1) 

28.0 

(25.9–

29.4) 

26.8 

(25.1–

29.3) 

27.8 

(25.3–

29.3) 

28.5 

(25.3–

31.2) 

27.1 

(25.9–

28.8) 

28.3 

(25.7–

29.9) 

27.5 

(25.0–

30.9) 

27.9 

(25.9–

28.9) 

27.9 

(25.3–

30.2) 

28.2 

(26.3–

32.3) 

WHR 0.96 

(0.94–

0.99) 

  

0.97 

(0.96–

1.00) 

0.98 

(0.91–

1.03) 

0.98 

(0.95–

1.00) 

0.97 

(0.93–

0.99) 

0.99 

(0.95–

1.01) 

0.96 

(0.87–

1.01) 

0.96 

(0.94–

0.99) 

0.98 

(0.94–

1.02) 

0.97 

(0.94–

1.00) 

0.98 

(0.94–

1.00) 

0.97 

(0.92–

1.02) 

0.99 

(0.96–

1.02) 

Body Fat (%) 28.1 

(26.1–

30.9) 

27.7 

(22.2–

29.5) 

31.15 

(17.86

–35.2) 

27.25 

(24.19

–29.7) 

25.9 

(21.5–

28.5) 

26.15 

(22.72

–

30.07) 

25.7 

(20.4–

28.8) 

26.6 

(22.86

–

29.84) 

  

26 

(20.8–

30.7) 

27.9 

(22.6–

31.2) 

26.8 

(23.6–

30.3) 

27.9 

(24.6–

30.57) 

28.6 

(22.35

–32.3) 

Systolic 

Blood 

Pressure 

(mmHg) 

  

124 

(120–

128) 

123 

(111–

136) 

126 

(115–

133) 

126 

(121–

132) 

125 

(118–

129) 

125 

(121–

130) 

126 

(112–

136) 

124 

(120–

128) 

124 

(119–

132) 

120 

(113–

131) 

123 

(118–

128) 

126 

(119–

133) 

122 

(118–

128) 

Diastolic 

Blood 

Pressure 

(mmHg)  

76 

(71–

79) 

72 

(67–

80) 

78.5 

(70–

83) 

75 

(71–

78) 

74 

(69–

80) 

73 

(70–

76) 

77 

(65–

83) 

73.5 

(71–

76) 

74 

(69–

78) 

74 

(70–

82) 

73 

(69–

77) 

77 

(71–

80) 

75 

(69–

78) 

Fasting 

Glucose 

(mmol/l) 

5.9 

(5.6–

6.3) 

5.9 

(5.6–

6.4) 

5.6 

(4.7–

9.8) 

5.9 

(5.5–

6.3) 

5.8 

(5.3–

6.0) 

5.8 

(5.6–

6.0) 

5.5 

(5.2–

5.8) 

5.8 

(5.6–

6.0) 

6.0 

(5.5–

6.5) 

5.8 

(5.3–

6.4) 

5.9 

(5.6–

6.2) 

6.0 

(5.6–

6.7) 

5.7 

(5.4–

6.1) 
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Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

  

Total 

Cholesterol 

(mmol/l) 

  

4.7 

(4.1–

5.1) 

4.6 

(4.1–

5.1) 

4.5 

(4.0–

5.1) 

4.8 

(4.4–

5.1) 

4.6 

(4.1–

5.1) 

4.7 

(4.3–

5.0) 

4.6 

(3.9–

5.1) 

4.6 

(4.4–

4.8) 

4.7 

(4.2–

5.0) 

4.8 

(4.2–

5.1) 

4.5 

(4.0–

5.0) 

4.7 

(3.8–

5.4) 

4.6 

(4.2–

5.2) 

HDL 

Cholesterol 

(mmol/l) 

  

1.2 

(1.1–

1.3) 

1.1 

(1.1–

1.2) 

1.1 

(1.0–

1.2) 

1.2 

(1.1–

1.3) 

1.2 

(1.0–

1.3) 

1.2 

(1.1–

1.3) 

1.1 

(0.9–

1.4) 

1.2 

(1.1–

1.3) 

1.2 

(1.1–

1.3) 

1.2 

(1.1–

1.3) 

1.2 

(1.1–

1.3) 

1.2 

(1.0–

1.5) 

1.3 

(1.1–

1.3) 

LDL 

Cholesterol 

(mmol/l) 

2.7 

(2.2–

3.3) 

2.8 

(1.9–

3.5) 

2.9 

(1.5–

3.3) 

2.7 

(2.1–

3.1) 

2.8 

(2.3–

3.2) 

2.7 

(2.3–

3.1) 

2.7 

(1.9–

3.6) 

2.8 

(2.3–

3.1) 

2.9 

(2.2–

3.5) 

2.8 

(2.2–

3.4) 

2.5 

(2.2–

3.0) 

2.7 

(1.9–

3.8) 

2.6 

(2.3–

3.1) 
 Values given are as median and 95% confidence interval in parentheses. 
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Supplementary Table 6.7: Daily energy intake, nutrient intakes, and health parameters by meal pattern for females with plausible reports of 

energy intake. 

Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

Sample 

Size 

  

129 124 151 92 169 67 162 113 229 92 124 49 31 

NRF 9.3  10.6 

(8.3–

13.1) 

11.5 

(9.2–

14.1) 

17.7 

(14.8–

19.9) 

9.9 

(7.2–

11.9) 

12.3 

(9.8–

15.1) 

12.3 

(8.0–

17.7) 

14.1 

(11.7–

16.2) 

10.5 

(7.5–

12.9) 

14.4 

(11.4–

17.1) 

10.6 

(6.4–

13.1) 

15.9 

(14.1–

18.8) 

16.7 

(9.8–

21.6) 

  

8.8 

(4.5–

12.5) 

Energy 

(kcal) 

1930 

(1742

–

2154) 

  

2006 

(1859–

2174) 

1809 

(1676–

1975) 

1873 

(1700–

2182) 

1873 

(1738–

2041) 

1721 

(1505–

1968) 

1991 

(1764–

2140) 

1873 

(1633–

2033) 

1918 

(1791–

2123) 

1865 

(1712–

2090) 

1767 

(1625–

1934) 

1614 

(1496–

2104) 

1859 

(1416–

2092)  

Sugar (g) 101.0 

(81.7–

122.6) 

89.6 

(75.5–

105.0) 

86.0 

(74.6–

104.9) 

100.5 

(85.2–

127.3) 

95.9 

(77.7–

106.3) 

98.9 

(76.0–

113.1) 

96.8 

(82.9–

112.7) 

93.7 

(76.4–

102.0) 

94.7 

(84.6–

110.1) 

90.4 

(76.6–

113.7) 

98.0 

(79.8–

111.0) 

63.5 

(47.0–

109.2) 

98.0 

(61.3–

139.3) 

  

Fat (g) 76.5 

(66.0–

84.7) 

89.7 

(77.9–

100.1) 

75.3 

(61.–

84.6) 

75.8 

(66.7–

88.5) 

78.8 

(71.4–

87.5) 

67.5 

(55.3–

80.3) 

81.7 

(73.3–

91.3) 

77.4 

(66.6–

88.9) 

74.7 

(67.1–

82.4) 

75.9 

(66.8–

91.5) 

71.1 

(64.0–

77.9) 

68.2 

(50.9–

78.4) 

74.5 

(54.3–

92.0) 

  

MUFA (g) 27.0 

(21.4–

29.3) 

29.8 

(26.4–

33.8) 

24.5 

(21.7–

28.6) 

25.3 

(22.3–

29.4) 

26.8 

(24.1–

29.7) 

21.3 

(18.4–

27.3) 

27.4 

(24.6–

30.2) 

26.8 

(23.1–

30.7) 

24.8 

(23.0–

27.3) 

25.7 

(22.4–

32.0) 

23.9 

(21.2–

27.2) 

22.9 

(15.7–

27.9) 

26.3 

(21.9–

30.8) 
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Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

PUFA (g) 18.9 

(16.1–

21.2) 

20.8 

(18.4–

23.8) 

17.2 

(15.4–

19.8) 

18.2 

(16.0–

21.6) 

19.1 

(15.6–

21.3) 

16.7 

(13.1–

21.0) 

19.6 

(16.5–

23.5) 

19.1 

(15.4–

21.9) 

17.2 

(15.1–

20.8) 

18.1 

(15.1–

20.9) 

17.4 

(14.8–

18.9) 

15.5 

(10.6–

18.8) 

17.3 

(12.6–

22.6) 

  

SFA (g) 24.9 

(20.5–

27.7) 

28.7 

(23.4–

32.5) 

22.0 

(17.8–

25.1) 

25.4 

(21.0–

29.3) 

25.2 

(23.4–

28.5) 

22.2 

(16.3–

26.0) 

25.4 

(22.2–

30.0) 

25.2 

(21.4–

27.8) 

23.9 

(21.8–

26.6) 

23.5 

(21.4–

29.2) 

22.0 

(19.6–

26.0) 

20.4 

(15.4–

27.5) 

24.2 

(17.4–

31.4) 

  

Dietary 

Fiber (g) 

15.2 

(12.3–

18.0) 

14.8 

(12.4–

17.2) 

17.3 

(14.5–

21.0) 

14.3 

(10.7–

16.9) 

14.9 

(12.8–

17.6) 

15.7 

(10.3–

20.2) 

16.5 

(13.5–

18.9) 

13.2 

(10.9–

15.8) 

17.1 

(14.3–

19.0) 

12.6 

(10.9–

15.6) 

15.1 

(12.7–

17.9) 

14.7 

(11.2–

21.5) 

12.5 

(8.7–

16.5) 

  

Calcium 

(mg) 

767 

(603–

860) 

885 

(711–

1034) 

845 

(712–

911) 

767 

(644–

906) 

849 

(764–

948) 

730 

(617–

965) 

863 

(783–

960) 

802 

(623–

914) 

908 

(816–

992) 

699 

(570–

812) 

819 

(714–

948) 

750 

(608–

899) 

745 

(464–

897) 

  

Iron (mg) 11.1 

(9.8–

12.5) 

11.8 

(10.7–

13.8) 

11.7 

(10.6–

13.5) 

11.6 

(9.5–

13.8) 

12.5 

(10.8–

14.1) 

10.9 

(9.0–

13.3) 

14.3 

(12.2–

16.6) 

10.3 

(9.2–

12.2) 

12.9 

(11.2–

14.1) 

10.5 

(9.3–

12.2) 

11.7 

(10.6–

13.3) 

11.8 

(9.9–

14.4) 

9.7 

(6.8–

13.6) 

  

Sodium 

(mg) 

3029 

(2631

–

3345) 

  

3343 

(3033–

3741) 

3135 

(2738–

3367)  

2864 

(2524–

3393) 

3139 

(2808–

3496) 

2574 

(2072–

3018) 

3082 

(2736–

3442) 

2924 

(2578–

3447) 

3051 

(2683–

3299) 

2965 

(2561–

3420) 

2747 

(2379–

3233) 

2898 

(2489–

3733) 

2592 

(1820–

3082) 

  

Vitamin D 

(µg) 

2.4 

(1.7–

3.1) 

3.2 

(2.5–

4.4) 

3.8 

(2.7–

4.7) 

2.4 

(1.6–

3.5) 

3.6 

(2.6–

4.2) 

3.0 

(2.0–

4.2) 

3.9 

(2.7–

4.6) 

2.3 

(1.9–

3.1) 

3.4 

(2.8–

4.3) 

2.4 

(1.8–

3.9) 

3.3 

(2.6–

4.5) 

3.7 

(1.7–

6.4) 

2.8 

(1.2–

3.9) 
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Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

Age (years) 50.0 

(40.0–

56.0) 

49.0 

(37.0–

58.0) 

51.0 

(43.0–

56.0) 

54.0 

(46.0–

61.5) 

44.0 

(34.2–

54.9) 

52.0 

(41.0–

61.0) 

53.0 

(41.0–

60.0) 

51.0 

(41.0–

60.1) 

47.0 

(38.0–

54.0) 

47.0 

(35.0–

55.0) 

59.5 

(52.0–

63.0) 

46.0 

(30.0–

56.0) 

57.0 

(22.0–

64.6) 

  

BMI (kg/m2) 27.7 

(24.8–

29.8) 

29.3 

(26.6–

31.1) 

27.2 

(25.5–

28.9) 

28.6 

(24.3–

31.9) 

29.4 

(26.2–

31.7) 

28.7 

(24.2–

32.3) 

28.3 

(26.2–

31.3) 

28.2 

(25.8–

31.4) 

27.9 

(25.8–

29.5) 

27.5 

(24.5–

30.9) 

28.0 

(25.4–

30.1) 

25.2 

(21.2–

28.3) 

28.5 

(23.9–

33.2) 

  

WHR 0.89 

(0.87–

0.92) 

0.90 

(0.88–

0.93) 

0.91 

(0.88–

0.93) 

0.92 

(0.88–

0.95) 

0.91 

(0.88–

0.93) 

0.90 

(0.85–

0.94) 

  

0.90 

(0.88–

0.92) 

0.91 

(0.87–

0.94) 

0.90 

(0.87–

0.92) 

0.89 

(0.86–

0.92) 

0.91 

(0.87–

0.93) 

0.88 

(0.81–

0.91) 

0.90 

(0.83–

0.94) 

Body Fat 

(%) 

38.0 

(33.6–

40.9) 

38.0 

(34.0–

41.4) 

38.8 

(35.0–

41.3) 

37.9 

(34.4–

41.2) 

38.4 

(33.6–

41.7) 

36.6 

(31.8–

42.9) 

36.7 

(32.3–

41.9) 

39.2 

(35.7–

42.2) 

39.2 

(35.2–

41.1) 

39.9 

(33.7–

42.6) 

40.8 

(35.5–

42.5) 

37.4 

(30–

41.4) 

40.1 

(27.2–

45.0) 

  

Systolic 

Blood 

Pressure 

(mmHg) 

  

119 

(111–

128) 

119 

(108–

125) 

115 

(109–

120) 

117 

(109–

131) 

115 

(110–

126) 

124 

(114–

136) 

118 

(109–

125) 

114 

(108–

123) 

118 

(112–

123) 

111 

(104–

120) 

122 

(112–

130) 

112 

(105–

133) 

118 

(106–

136) 

Diastolic 

Blood 

Pressure 

(mmHg) 

  

74  

(69–

77) 

74  

(68–

78) 

71  

(67–

75) 

71  

(67–

79) 

72  

(67–

76) 

71  

(65–

79) 

72  

(67–

76) 

71  

(66–

75) 

71  

(68–

74) 

72  

(66–

75) 

73  

(69–

75) 

72  

(66–

79) 

73  

(67–

81) 

Fasting 

Glucose 

(mmol/l) 

5.7 

(5.3–

60) 

5.6 

(5.3–

5.9) 

5.6 

(5.3–

5.9) 

5.8 

(5.2–

6.1) 

5.6 

(5.3–

5.8) 

5.7 

(5.4–

6.2) 

5.7 

(5.3–

6.1) 

5.4 

(5.2–

5.6) 

5.6 

(5.3–

5.9) 

5.6 

(5.3–

5.6) 

5.7 

(5.2–

6.2) 

5.6 

(5.1–

6.4) 

5.5 

(4.9–

5.9) 
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Pattern 1 2 3 4 5 6 7 8 9 10 11 12 13 

  

Total 

Cholesterol 

(mmol/l) 

  

5.0 

(4.6–

5.5) 

5.0 

(4.5–

5.3) 

4.8 

(4.5–

5.1) 

5.1 

(4.6–

5.6) 

4.7 

(4.3–

4.9) 

4.9 

(4.5–

5.5) 

4.9 

(4.4–

5.1) 

4.9 

(4.3–

5.4) 

4.8 

(4.5–

5.1) 

4.8 

(4.5–

5.2) 

5.1 

(4.6–

5.4) 

5.0 

(4.3–

5.6) 

5.5 

(4.2–

5.9) 

HDL 

Cholesterol 

(mmol/l) 

  

1.4 

(1.3–

1.5) 

1.4 

(1.2–

1.6) 

1.5 

(1.3–

1.6) 

1.5 

(1.3–

1.6) 

1.5 

(1.3–

1.6) 

1.4 

(1.1–

1.5) 

1.5 

(1.3–

1.6) 

1.4 

(1.3–

1.6) 

1.5 

(1.3–

1.6) 

1.4 

(1.2–

1.6) 

1.4 

(1.3–

1.5) 

1.6 

(1.3–

1.7) 

1.5 

(1.2–

1.6) 

LDL 

Cholesterol 

(mmol/l) 

2.8 

(2.3–

3.4) 

2.9 

(2.2–

3.3) 

2.6 

(2.2–

3.1) 

2.9 

(2.5–

3.6) 

2.5 

(2.2–

3.0) 

2.9 

(2.4–

3.1) 

2.7 

(2.3–

3.0) 

2.6 

(2.2–

3.0) 

2.8 

(2.4–

3.1) 

2.9 

(2.3–

3.3) 

2.8 

(2.3–

3.3) 

2.8 

(2.1–

3.8) 

2.7 

(1.8–

3.5) 
Values given are as median and 95% confidence interval in parentheses. 
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Supplementary Figure 6.1: Parallel plot of median z-scores and 95% confidence intervals for selected nutrients and health parameters within 

each meal pattern in males.  

Meal patterns in which differences among meal patterns for nutrient quality were observed are highlighted. 
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Supplementary Figure 6.2: Parallel plot of median z-scores and 95% confidence intervals for selected nutrients and health parameters within 

each meal pattern in females. 

Meal patterns in which differences among meal patterns for nutrient quality were observed are highlighted. 
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7.1 Abstract 

Dietary intake assessment is an integral part of addressing sub-optimal dietary intakes. 

Intakes of whole meals can be reported in a way that is less burdensome than reporting 

individual foods, yet no meal-based dietary recalls have been developed. The objective of 

this study was to develop a novel meal-based method of dietary intake assessment and 

compare its ability to estimate nutrient intakes with a web-based 24-hour recall (24HR). 

Participants completed a web-based generic meal-based recall. This involved, for each 

meal type (breakfast, light meal, main meal, snack, beverage), choosing, from a selection 

of meal images, the ones that most represented their intakes during the previous day. Meal 

images were based on generic meals from previous research that were representative of 

actual meal intakes in Ireland. Participants also completed a web-based 24HR. Both 

methods were completed on the same day, three hours apart. In a crossover design, 

participants were randomised as to which method they completed first. Two weeks later, 

participants repeated the process in the reverse order. The study was completed by 161 

participants. For the 26 nutrient variables compared, the median percentage difference 

between the two methods was 7.4% with p values ranging from <0.001 to 0.965, and effect 

sizes for the differences were small for 21 variables, moderate for three variables, and large 

for two variables. Correlation coefficients were statistically significant (p <0.05) for 21 of the 

26 variables. Statistically significant correlations ranged from 0.16 to 0.45 with a median 

correlation of 0.32. In conclusion, a generic meal-based method of dietary intake 

assessment provides comparable estimates of nutrient intake to a web-based 24-hour 

recall, but with varying levels of agreement among nutrients. Further work is required to 

refine the generic recall across a range of nutrients and to consider the user experience of 

the generic recall. 
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7.2 Introduction 

Well-established causal relationships exist between dietary intakes and health (1). Accurate 

dietary intake assessment is required to identify suboptimal intakes and to devise 

interventions to address these (2). Existing food-based methods of dietary intake 

assessment can be time-consuming and burdensome for individuals to complete (3). In 

addition, not all methods provide information such as the timing of meals, the different foods 

that are eaten in combination as part of these meals, or the combinations of different meals 

over a day, i.e., the food frequency questionnaire instead focuses on mean daily food and 

nutrient intakes (4). 

The time and effort required for individuals to complete existing methods of dietary intake 

assessment such as food frequency questionnaires, 24-hour recalls (24HR), and food 

diaries may limit adherence to and engagement with such methods, which are often used 

on web- and mobile-based personalised nutrition platforms (3). Indeed, a survey of 2382 

adults across Europe found that ease of use was the most important feature for participants 

when choosing a nutrition or diet application (5). Digital versions of the 24HR and food diary 

require that the user text-search for a food and then select from a list of results the food 

that they consumed. This process is then repeated for each food in the meal and each meal 

in the day (6). Intakes of whole meals can be recorded in a way that is less burdensome 

than recording individual foods, providing a potentially lower-burden method for dietary 

intake assessment (3). For example, instead of text searching for individual foods, as is 

required in the 24HR and food diary, the user could be presented with images of whole 

meals and choose the image most similar to their meal (3). The use of meal-based methods 

may also be preferential in personalised nutrition because people tend to perceive their 

dietary intakes in terms of the meals they have consumed rather than their daily intakes of 

nutrients or foods, so recording dietary intakes and providing dietary advice in this manner 

may be more intuitive (7, 8). 

While the number of studies examining meal patterns has increased in recent years (4), only 

three (9-11) have developed a meal-based method of dietary intake assessment rather than 

using existing food-based methods. Englund-Ögge et al. (9) used a method whereby 

participants reported how often they consumed various meal types (breakfast, morning 

snack, lunch, afternoon snack, dinner, evening snack, supper, and night meal). Wilson et 

al. (10) had a similar approach, but instead of using meal types divided the day into time 

periods and asked participants to report for each one whether they ate nothing, a snack, a 

small meal, or a large meal and whether they drank nothing, alcohol, water, or something 

else. These approaches to meal-based dietary assessment are simple to complete and 
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provide qualitative information on meal types and their timing. They do not, however, 

provide the qualitative detail necessary to identify the different combinations of foods being 

consumed in meals and the combinations of those meals over a day or the quantitative 

detail required to estimate the nutrient intakes arising from those consumptions. Murakami 

et al. (11) developed an approach that involves participants reporting the frequency of 

consumption of combinations of food groups and foods at specified meal types (breakfast, 

morning snack, lunch, afternoon snack, dinner, night snack), and has been designed for 

use in the Japanese population. This approach does allow for the identification of meal 

patterns and nutrient intakes, but still requires individuals to report intakes at the food level. 

None of those studies, however, allow for the reporting of meal portion sizes or capture 

information from the previous 24 hours in the form of a recall.  

Several tools have been developed that use image recognition software for dietary intake 

assessment (12). However, these methods remain food-based rather than meal-based. The 

software first segments a meal image into its constituent foods, and then provides a 

suggested match for each food in the image. The user must then confirm that the suggested 

foods are correct. For any missing or incorrect foods, the user must text-search for the 

correct food and add this to their record (12, 13). No study has been identified that allows 

individuals to record their dietary intakes at the meal level by reporting intakes of whole 

meals rather than individual foods or food groups.  

The aim of this study was to develop a novel meal-based method of dietary intake 

assessment that would allow individuals to report their intakes of whole meals rather than 

reporting the individual foods that make up those meals, and to compare this method with 

a web-based 24HR.  

7.3 Methods 

7.3.1 Recruitment 

The Human Research Ethics Committee, University College Dublin granted ethical 

approval to conduct this study (LS-21-64-OHara-Gibney). The target sample size was 160 

participants based on a previous review of comparisons between digital and paper-based 

24-hour recalls which found a range of sample sizes from 53 to 167 (14). There were no 

studies on meal-based methods of dietary assessment on which to base the sample size.  

Recruitment was carried out using local radio, local newspaper, posters, social media, and 

word of mouth.  Researchers directed potential participants to a webpage containing full 
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details of the study requirements and contact details of the researchers for further queries 

if required. After reading the study information potential participants could indicate whether 

they had read and understood the material and agree or disagree to proceed to the online 

screening questionnaire to determine their eligibility to take part in the study. Those who 

were eligible then completed an online consent form to provide electronic informed consent. 

People were eligible if they were over 18 years of age, were fluent in English, had regular 

access to the internet, and were not current or former students of a degree in nutrition or 

dietetics (Figure 7.1). 

7.3.2 Study Design 

Participants who were deemed eligible to take part and provided consent, were contacted 

by email providing details on the next steps of the study and the links to the two web-based 

dietary intake assessment tools (the 24HR and the generic meal-based recall). A crossover 

design was used with regard to the order in which participants completed the recalls. 

Participants were randomised to complete one or other of the two methods first, and then 

complete the second method at least 3 hours later on the same day. Participants were also 

randomised as to whether they would recall a weekday or a weekend day. Two weeks after 

having completed the first set of recalls, participants completed the recalls again in the 

reverse order to which they were completed on the first occasion, followed by the 

completion of the evaluation questionnaire (Figure 7.1).  

7.3.3 Overview of the Generic Meal-Based Dietary Recall 

The meal-based dietary intake assessment method was administered using Qualtrics® XM, 

a web-based platform for questionnaires. Prior to completing the dietary intake assessment, 

participants provided information on their sex, age, weight, and height via an online 

questionnaire. Participants were then asked to select the meal types they consumed on the 

previous day from the following list: breakfast, morning snack, lunch, afternoon snack, 

evening meal, evening snack, and beverage (for beverages consumed alone without food). 

For each meal type selected, participants were presented with a series of images of generic 

meals that are associated with that meal type and asked to choose the meal image that 

was most similar to the meal that they consumed (Figure 7.2). For each selected meal, 

participants were asked to choose from three different images of that meal, each 

representing a different portion size, and then asked to select whether the chosen image 

was smaller than the chosen portion, the same size as the portion chosen, or larger than 

the portion chosen (Figure 7.2). For beverages, participants were asked to choose from 

three different images of that beverage representing three different portion sizes and then 
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asked to select the number of those portion sizes that they consumed. For each meal type, 

participants could choose the option that none of the images presented were representative 

of their intake for that meal type, e.g., “none of the above options are similar to what I ate 

for breakfast”. If participants selected this option, a box appeared to enter a free text 

description of what they consumed for that meal. This allowed the researchers to determine 

whether a suitable generic meal could have been chosen or whether there was in fact no 

matching generic meal. 

7.3.4 Development of the Meal-Based Dietary Recall 

The process of identifying the generic meals that were presented to participants as images 

has been described in detail elsewhere (15). In brief, data from the Irish National Adult 

Nutrition Survey (NANS) (2008–2010) (16) were used. This is a representative dataset on 

dietary intakes of 1500 adults in Ireland collected using four-day weighed food diaries. The 

meals reported were categorised into the following meal types: breakfasts, light meals, main 

meals, snacks, and beverages. A nutrient profiling score, the Nutrient Rich Foods Index 

(NRF9.3) (17), was calculated for each meal. Within each meal type, meals were 

grouped/clustered using partitioning around the medoids (PAM) clustering to identify groups 

of meals that had similar NRF9.3 scores and food group composition. These groups were 

defined as generic meals.  

Of the 27,336 individual meals consumed by the participants in the NANS research, these 

were condensed to 63 generic meals; 31 of these were consumed during the week and 32 

during the weekend. Of the 63 generic meals that were identified, there was overlap 

between weekday and weekend meals. That is, some weekday meals were the same as 

the weekend meals. When these duplicates were removed, participants were presented 

with 43 meal images: 5 breakfasts, 5 snacks (repeated for morning, afternoon, and evening 

snacks), 10 lunches, 19 dinners, and 4 beverages.    

The nutrient content of a given generic meal was defined as the mean nutrient content of 

the individual meals that made up that generic meal per 100g. Each generic meal was 

assigned seven portion sizes by ordering each of the individual meals by weight and 

dividing the meals into sevenths based on septile values for meal weight. The median 

weights for each seventh were assigned as the generic portion size for that meal. The 

nutrient composition for each of the portion sizes was calculated using the meal weight for 

that portion and the generic meal nutrient composition (15). Within the meal intake 

assessment tool presented in the current study, the second, fourth, and sixth portion size 

were used as the three portion size images shown to participants, with the options asking 
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whether the image chosen was smaller, the same, or larger than that consumed allowing 

participants to be categorised as consuming the first, third, fifth, or seventh portion size for 

a given meal.  

7.3.5 24-Hour Recall 

Participants completed their 24-hour recalls (24HR) using a validated web-based self-

administered 24HR tool called Foodbook24 which follows the multi-pass recall method (18-

20). Participants first chose the meal types that they consumed from the following list: 

breakfast, morning snack, lunch, afternoon snack, evening meal, and evening snack with 

the option to add additional snacks. For each of the selected meal types, participants added 

the foods and beverages they consumed at those meal types by text searching from the 

food list using a search bar. Portion size was then reported based on the number of the 

food or beverage items consumed and/or from portion size photographs as appropriate. 

Participants were then presented with the list of foods they had recorded for review, before 

being presented with a list of commonly forgotten foods. The food list contained food 

composition data from McCance and Widdowson’s The Composition of Foods Integrated 

Dataset 2021 with some additions relevant to dietary intakes in Ireland. The development 

of Foodbook24 and its food list is described in detail elsewhere (18, 20).  

7.3.6 Statistical Analysis 

All analysis was carried out using R version 4.2.2 (21) in the RStudio integrated development 

environment (version 2022.07.2+576) (22). Data from the 24HRs were used to identify 

participants likely to be mis-reporters of energy intake, based on a ratio of estimated energy 

intake to basal metabolic rate (EI:BMR) using the BMR equations from Henry (23). Based on 

the Goldberg equations (24), an EI:BMR less than 0.96 was deemed indicative of under-

reporting, with a ratio greater than 2.49 indicative of over-reporting. The analysis presented 

in the current study includes all participants, given the negligible differences observed when 

mis-reporters were removed; the analysis of the smaller dataset with mis-reporters 

excluded is given in the Supplementary Tables 7.1–7.4. 

The Shapiro-Wilk test was used to determine whether the differences in the variables 

between methods were normally distributed and confirmed with visual inspection of 

histograms. Wilcoxon’s signed rank test was carried out to compare nutrient intake 

estimates arising from the web-based 24HR with estimates arising from the generic meals-

based recall. Wilcoxon’s effect size r was calculated. An effect size of ≥ 0.1 and < 0.3 was 

considered small, ≥ 0.3 and <0.5 was considered moderate, and ≥ 0.5 was considered large 
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(25). Bland–Altman analysis was also carried out whereby the mean difference between the 

2 datasets and the limits of agreement (mean difference ± 1.96 SD) for each nutrient were 

calculated. The correlation of nutrient intakes between the two methods was assessed 

using Spearman rank correlation coefficients. A correlation coefficient of <0.20 was 

considered poor correlation, a coefficient of ≥0.20 and <0.50 was considered acceptable 

correlation, and a coefficient of ≥0.5 was considered good correlation (26).  

Cross-classification of quartiles was performed for all nutrients assessed. That is, nutrient 

intakes from both methods were divided into quartiles to determine the proportion of 

participants who remained in the same quartile for both methods (exact agreement), the 

proportion who were classified in the same or adjacent quartiles (exact + adjacent), the 

proportion who were classified 2 quartiles apart (disagreement), and the proportion who 

were classified 3 quartiles apart (extreme disagreement). Participants were also classified, 

separately for both methods, according to nutrient-based dietary guidelines (27-29). For 

example, they were classified as to whether their nutrient intakes were low, adequate, or 

high according to those guidelines. The nutrients assessed were those deemed to be of 

public health relevance and included protein, carbohydrate, fat, monounsaturated fat, 

polyunsaturated fat, saturated fat, salt, dietary fibre, calcium, iron, folate, thiamine, 

riboflavin, and vitamin C. The proportion of individuals who were classified into the same 

category based on both methods was calculated for each nutrient. 

7.3.7 Evaluation Questionnaire 

Participants also completed an evaluation questionnaire at the end of the study which was 

administered via Qualtrics® XM. Participants were asked whether the meals presented in 

the meal-based dietary intake assessment tool were representative of what they consume, 

to rate the clarity and ease of use of the tool, and whether they preferred that tool to the 

food-based tool.  

7.4 Results 

7.4.1 Study Sample 

A total of 161 participants completed both methods of dietary intake assessment at two 

timepoints. Most participants were female (81.4%), and the median and interquartile range 

for age was 54 (39–63) years, and median BMI was 25.3 (22.5–28.9) kg/m2 (Table 7.1).  
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7.4.2 Daily Nutrient Intakes 

For the 26 variables compared, the percentage difference between the meal-based and 

24HR methods ranged from 0.0% to 46.7%, with the median percentage difference being 

7.4% and with the generic method providing a higher estimate than the 24HR for 18 

nutrients. P values for the differences between the two methods ranged from <0.001 to 

0.965, with 14 of 26 comparisons reaching statistical significance (P < 0.05). Effect sizes 

for the differences were small for 21 variables, moderate for two variables (folate in µg and 

sodium in mg), and large for two variables (polyunsaturated fat in g and as %TEI) (Table 

7.2). 

Comparing differences using the Bland–Altman analysis, the mean differences between the 

two methods for macronutrients were close to zero, whereas those for the micronutrients 

were larger. The limits of agreement tended to be wide for most nutrients. The analysis 

identified 17 nutrients for which ≥95% of participants fell within the LOA. The proportion of 

individuals that fell within the LOA ranged from 92.5% for polyunsaturated fats (%TEI) to 

98.1% for dietary fibre (g). Bland-Altman plots for energy and the macronutrients are 

presented in Figure 7.3; values from the Bland-Altman analysis for the remaining nutrients 

are given in Table 7.3.  

Correlation coefficients were statistically significant (P <0.05) for 21 of the 26 variables. 

Those where no significant correlation was identified were total fat (%TEI), 

monounsaturated fat (%TEI), polyunsaturated fat (%TEI), vitamin D (µg), and sodium (mg). 

For those where a correlation was identified, they ranged from 0.16 for saturated fat as 

%TEI to 0.45 for sugar in grams with a median correlation of 0.32 (Table 7.4). 

7.4.3 Categorisation of Daily Nutrient Intakes 

Cross-classification of quartiles are also presented in Table 7.4. The proportion of 

individuals remaining in the same quartile ranged from 23% for total fat (%TEI) to 39% for 

carbohydrates (g) with a median of 32%. Three nutrients had extreme disagreement for 

≤5% of participants (protein in both grams and %TEI, and sugars as %TEI), 19 had extreme 

disagreement for between >5% and ≤10% of participants, and three had extreme 

disagreement for >10% of participants (monounsaturated and polyunsaturated fat as %TEI, 

and vitamin D in micrograms). When participants were classified according to nutrient-

based guidelines (e.g., low, adequate, or high) for the 14 nutrients, the proportion that were 

classified into the same category by both methods ranged from 52.8% for total fat (%TEI) 

to 84.5% for protein (g/kg bodyweight) (Table 7.5). The median proportion classified 

correctly among the 14 nutrients was 70.5%. 
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7.4.4 Participant Evaluation Questionnaire 

The majority of participants either somewhat agreed or agreed in relation to the generic 

recall that the instructions provided were clear and easy to understand (91%), that the 

portion sizes in the tool were largely representative of their portion sizes (85%), and that 

overall, the tool was easy to use (81%). However, a majority reported that the meal images 

were not representative of what they actually consumed (55%). This was anticipated, and 

for each meal in the generic recall, participants were given the option to select that no meal 

image presented to them was similar to what they had consumed. This option was chosen 

for 36.0% (n = 683) of the total of 1895 meals consumed, broken down across the meal 

types as follows: 17.4% (n = 119) of breakfasts, 24.7% (n =169) of light meals, 20.4% (n = 

139) of main meals, 29.3% (n = 200) of snacks, and 8.2% (n = 56) of beverages. When 

these choices were reviewed by the researchers, comparing participants’ text descriptions 

of their meals with the possible options from generic meal images, it was determined that 

593 of the 683 meals were correctly recorded by participants as not having a matching 

generic meal, whereas 90 meals could have been matched to one of the generic meal 

images. While a majority reported that the ease of use of the meal-based tool was worse 

or somewhat worse than the 24HR (66%), 39% of participants reported that they would 

consider using a similar tool to the generic recall again.   

7.5 Discussion 

The current study reports on a novel meal-based recall that allows individuals to report their 

intakes of whole meals rather than reporting individual food or food group intakes for each 

meal, as is necessary in commonly used traditional dietary intake assessment methods. 

Estimated nutrient intakes from the generic meal-based method were comparable with 

those from the 24HR for some, but not all nutrients. Comparisons between the methods 

were more similar at the group level compared to the individual level. Participants found the 

meal-based method understandable and easy to use. Previous studies have identified 

generic meals that exist in national dietary survey data (15, 30-32), but the current study is the 

first to use images of those generic meals as a novel method of dietary intake assessment.  

In  previous studies on generic meals, comparisons were made between estimated nutrient 

intakes from the original data and from the generic data. Agreement between the original 

and generic data was stronger in those studies than the agreement between the two 

methods of dietary assessment presented in the current study; however, this is expected 

because those studies compared intakes arising from generic meals with intakes arising 

from the original data from which those generic meals were derived (15, 30-32). In the current 
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study, comparisons were made on data collected using two different methods, therefore the 

generic meal images presented to participants were not influenced by those participants’ 

food intakes. Agreement between the methods in the current study varied depending on 

the nutrient in question. In general, percentage differences and effect sizes for differences 

between the two methods were small for most nutrients. Certain nutrients showed poorer 

agreement than others including total fat, polyunsaturated fats, monounsaturated fats, and 

vitamin D. A number of features of the generic method may have given rise to differences 

in these fat-soluble nutrients. In the food-based 24HR, participants could specify the types 

of fats that they added to foods; however, in the generic method that was not the case as 

participants had to choose between pre-defined generic meals. Some of these nutrients are 

found in relatively high concentrations in relatively few foods, which may also give rise to 

differences between a food-based and a generic method. These trends have also been 

observed previously when comparing FFQs with 24HRs and food records, as noted by Cui 

et al. (33) in a meta-analysis of 130 such studies. In the case of polyunsaturated fats, the 

difference between the median intakes was considerably larger than other nutrients. This 

was identified as having arisen from food composition differences between the generic data 

and the 24HR data. The generic meals used in the generic recall and their nutritional 

composition were derived from data from the National Adult Nutrition Survey (NANS) in 

Ireland (15, 16). The composition data in that survey in turn came from a variety of sources 

including food packaging, industry information, published papers and various food 

composition tables including those from the UK, Finland, and Australia that were published 

between 2002 and 2010 (34). The composition data used in the 24HR came from the 2021 

publication of McCance and Widdowson’s Composition of Foods Integrated Dataset 

(CoFID) (35). On further examination of polyunsaturated fat content of individual foods from 

both NANS and CoFID, a number of foods were identified in NANS that had considerably 

higher values for polyunsaturated fat than those corresponding foods in CoFID in a way 

that was not evident for other nutrients. This was observed across a range of foods, but it 

was most pronounced in foods that had a value of zero for polyunsaturated fat content in 

CoFID (56% of foods consumed by participants) and a value greater than zero in NANS 

(20% of foods present in generic meals consumed by participants). Examples include raw 

tomatoes, lettuce, and carrots in which polyunsaturated fat content from NANS data ranges 

from 0.2 to 0.4g per 100g. 

While other studies have not examined the potential for dietary assessment based on 

individuals’ reporting of whole meal intakes, comparisons can be drawn, however, with 

other related methods. Murakami et al. (36) developed a meal-focused method called the 

Food Combination Questionnaire (FCQ). In this method participants reported, for each meal 
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type (breakfast, lunch, dinner, snacks), what staple foods they consumed, what 

accompanying foods they ate with those staple foods, and how frequently per week they 

consumed them during the preceding month. Agreement for estimates of nutrient intake 

between that method and a 4-day weighed food record were similar to agreement reported 

in the current study for the comparison between the generic recall and the 24HR. The 

median value of the statistically significant correlation coefficients was 0.35 compared with 

0.31 in the current study. In that study however, the FCQ estimated lower intakes for most 

nutrients compared to a food record, whereas in the current study the generic recall 

estimated higher intakes for most nutrients compared to a 24HR.  

Another approach to dietary intake assessment reported by Katz et al. (37) involves 

participants reporting their intakes at the dietary pattern level instead of the meal, food 

group, or food levels. In this format participants are presented with two images at a time. 

Each image contains multiple different foods and meals representing different dietary 

patterns based on the Healthy Eating Index, and the participant must choose which image 

is more representative of their dietary intakes. This process of choosing between two 

different diet pattern images is repeated until a “best fit” is identified for the individual (37). 

Comparison of estimated nutrient intakes arising from this method with those from three 

separate 24HRs resulted in a median correlation of 0.30 for correlations that were 

statistically significant (38). Like the current study, that diet pattern approach also tended to 

estimate higher nutrient intakes compared to the 24HR. Similar trends were also observed 

in the Bland-Altman analysis with low bias, or systematic error, for the macronutrients (i.e., 

mean differences were close to zero), but slightly greater bias for the micronutrients. Wide 

limits of agreement were also observed in both studies indicating considerable random 

error. Random error can be reduced through repeated measures (39); therefore, conducting 

more than the two generic recalls carried out in the current study may mitigate against the 

random error observed here. Another trend that is evident from the Bland-Altman plots for 

macronutrients expressed as %TEI, is that the generic recall gives higher estimates of 

intake than the 24HR when intakes are low and gives lower estimates of intake when 

intakes are high. This arises from the narrowing of the distribution of intakes (i.e., reduced 

variance) in the generic method where participants can only choose from a small number 

of generic meals compared to the practically limitless different combinations of foods that 

participants can choose from the 24HR. The use of portion sizes mitigates against this trend 

for values expressed in absolute intakes, e.g., grams of macronutrient intake. However, 

expressing those values relative to energy intake effectively cancels out the increased 

variance introduced by portion size giving rise to the trends observed in the Bland-Altman 

plots for values given as %TEI but not for those given as absolute intakes.  
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A version of the FCQ described above has been used to provided dietary advice in a pilot 

study by Murakami et al. (40). Similarly, the dietary pattern-based method of dietary 

assessment described above has also been incorporated into a commercially available tool 

that provides nutrition recommendations to users (41), although the recommendations 

aspect of this tool has not been described in the scientific literature. It has also been 

proposed that a meal-based method of dietary intake assessment could provide a lower 

burden alternative to gathering dietary data for personalised nutrition advice (3). The current 

study presents the first attempt at implementing such a proposal. Its performance in 

estimating nutrient intakes is similar to other approaches that focus on meals or dietary 

patterns. However, these methods tend to have poorer agreement compared to that 

between FFQs and 24HRs where median correlation for the various nutrients assessed of 

0.42 has been reported (33) or compared to the agreement between 24HRs and diet records 

where median correlations in the range of 0.45 and 0.50 have been reported (42, 43). Further 

work is required to appraise the performance of these methods, including the generic recall, 

against objective biomarkers of dietary intake.  

Many of the comparisons between the two methods in the current study are based on their 

ability to provide point estimates of nutrient intakes, with agreement for point estimates of 

nutrient intake typically stronger at the group level compared to the individual level. This 

trend has also been observed in comparisons of other methods of dietary intake 

assessment, for example between the 24HR and diet record (42), between the FFQ and diet 

record (44), and between the FFQ and 24HR (45). In the current study, this is to be expected 

given that there are fewer generic meals than foods for participants to choose, i.e., the 

variance has been intentionally reduced, but reduced in a way that is systematic and 

consistent across meals (15). This trend has been observed not just in comparison studies 

of different methods of dietary assessment, but also in studies which have used generic 

meals as a method for secondary analysis of dietary data that have already been collected 

(15, 30-32). Approaches to personalised nutrition facilitated by technology, however, do not rely 

solely on point estimates of nutrient intake. Instead, individuals are categorised into ranges 

of nutrient intakes (e.g., low, adequate, or high), allowing room for error in those point 

estimates (40, 46). In the Food4Me study on personalised nutrition, for example, participants 

were categorised in this way and dietary advice reports were tailored depending on the 

participants’ categories for various nutrients (40, 46). The current study has shown that 

individuals can be classified according to nutrient-based dietary guidelines using the 

generic recall. Similarly, this approach can be used to rank individuals based on their 

nutrient intakes, with values from the cross-classification of quartiles being comparable to 
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those observed in studies comparing FFQs with 24HRs where median exact + adjacent 

agreement has been reported between 66% and 86.1% (47-49).  

Of promise with regard to the use of the generic recall in dietary assessment in personalised 

nutrition is that the majority of participants reported in the evaluation questionnaire that the 

recall was easy to use. Ease of use has previously been reported as an important factor in 

the choice of nutrition or diet mobile applications among a cohort of 2382 adults in Europe 

(5). On the other hand, however, two thirds of participants reported that the ease of use of 

the 24HR was better than that of the meal-based approach. This is understandable given 

that the web-based 24HR used in the current study was developed as a stand-alone 

platform in collaboration with software developers (20), whereas the generic recall was a 

concept or pilot tool implemented by the authors using a commercially available 

questionnaire platform, and not specifically designed for user experience. Future user 

evaluations and collaboration with software development professionals could further 

enhance the user experience of the generic recall, including incorporation of meal image 

recognition.  

To date much research has been carried out on image-based food recognition using 

computer vision as a means of reducing the burden of data input for food-based methods 

of dietary intake assessment (13). These image recognition tools, however, are food-based, 

insofar as when an individual takes a photo of their meal, the software segments the image 

and provides a suggested match for each of the individual foods that make up the meal (13). 

The user must then confirm that each of the suggested foods are correct. For any missing 

or incorrect foods, the user must text-search for the correct food and add this to their record 

(12). It is possible that a meal-based approach could be taken to image recognition in dietary 

assessment, removing the need to identify individual foods. Instead, the software would 

classify a whole meal image as one of the generic meals used in the current study. Further 

work is required, however, to determine the feasibility of such an approach for meal-based 

image recognition in nutrition. 

A number of limitations exist in the current study. The generic meal images used are based 

on dietary intake data from the 2008–2010 national adult nutrition survey (16). While, at the 

time of writing, these were the most recently published intake data in Ireland, the generic 

meals do not account for any changes in food composition or meal intakes that may have 

occurred since that time. This may account for the findings in the evaluation questionnaire 

of the current study, with 55% of participants reporting that the generic meals were not 

representative of their intakes and shows the need to ensure that generic meals are revised 

using most recent data. This may be of particular importance if the tool was to be used with 
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a younger cohort of participants than those who participated in the current study. The 

current study also used a convenience sample rather than one that is representative of the 

population in Ireland. This may result in the recruitment of participants who are more likely 

to have an interest in nutrition and health. The unbalanced nature of the demographics of 

the study participants precludes subgroup analysis in relation to demographic factors.  

The two types of recall used in the current study are impacted by measurement error and 

only provide an estimation of true intakes. The current study aims to compare these two 

methods and, therefore, the reported statistics should be interpreted as representing the 

relationship between the generic recall and the 24-hour recall and not the relationship 

between the generic recall and true intakes. A comparison study was deemed more 

appropriate as an initial indication of the generic recall’s strengths and weaknesses prior to 

considering more labour intensive and costly objective measures of comparison such as 

the feeding studies or biomarkers of dietary intake.  

The strengths of the current study include its sample size of 161 participants. The 

randomisation of participants to which recall method they would complete first, the reversal 

of the order of completion in their second set of recalls, and the two-week washout period 

mitigates against any learning effect that participants may have experienced after 

completing the first recall. The comparison method used, Foodbook24, is a validated web-

based 24HR (20). The current study also captured dietary intakes on both weekend and 

weekdays, accounting for the potential differences in eating habits that occur between the 

two (50-52).  

7.6 Conclusion 

A generic meal-based method of dietary intake assessment provides comparable estimates 

of nutrient intake to a web-based 24HR. The agreement ranges among nutrients from weak 

to moderate, with better agreement at the group level than the individual level. Further work 

is required to improve this method of dietary assessment considering the number of recalls 

required and the use of more recent dietary intake data to define the generic meals. Future 

work will determine the feasibility of taking a meal-based approach to image recognition in 

dietary intake assessment. 
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7.7 Tables 

Table 7.1: Participant demographics and anthropometry. 

 
Female 

n = 131 (81.4%) 

Male 

n = 30 (18.6%) 

Total 

n = 161 (100%) 

Age 54 (41 – 63) 54 (37 – 63) 54 (39–63) 

Weight (kg) 67.9 (60.5 – 75.6) 80.8 (75.6 – 94.0) 70 (62–80.8) 

Height (m) 1.63 (1.59 – 1.68) 1.8 (1.75 – 1.83) 1.65 (1.60–1.74) 

BMI (kg/m2) 25.2 (22.5 – 28.8) 26.0 (22.9 – 28.8) 25.3 (22.5–28.9) 

Variables are given as median (25 th percentile – 75th percentile). Weight and height were self -reported by 
participants and BMI subsequently calculated from those self -reported values. 
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Table 7.2: Median (interquartile range) daily nutrient intakes estimated from a web-based 24-hour recall and novel generic meal-based recall. 

 
Recall Method % Difference P value Effect Size (r) Effect Size 

(Magnitude) 24HR Generic 
       

Energy (kcal) 1569.9 (1318.9–2005.7) 1715.3 (1440.9–1935.3) 9.3 0.176 0.107 small 

Protein (g) 65.4 (51.4–86.8) 72.7 (63.2–82.1) 11.2 0.685 0.032 small 

Protein (%TEI) 16.6 (13.8–20.1) 16.8 (15.8–18.3) 0.8 0.445 0.060 small 

Carbohydrate (g) 192 (140.5–243.3) 202.8 (170.3–240) 5.6 0.041 0.162 small 

Carbohydrate (%TEI) 44.5 (39.4–50.4) 45.5 (43.7–47.4) 2.3 0.150 0.113 small 

Sugars (g) 71.8 (49.5–97.7) 84.8 (64.3–102.4) 18.1 0.001 0.263 small 

Sugars (%TEI) 16.6 (12.8–21.4) 18.6 (16.8–21) 12.2 0.002 0.249 small 

Dietary Fibre (g) 17.2 (12.3–21.7) 16.7 (14.6–19.8) -3.4 0.237 0.093 small 

Total Fat (g) 61.6 (47.1–77.7) 63.1 (52.8–73.5) 2.4 0.887 0.011 small 

Total Fat (%TEI) 34.7 (29.4–40.2) 33.8 (31.8–35.4) -2.5 0.033 0.169 small 

Saturated Fat (g) 22 (15.7–30) 25.1 (21.3–29.3) 14.2 0.010 0.202 small 

Saturated Fat (%TEI) 12.3 (9.3–15) 13.5 (12.9–14.2) 9.8 0.005 0.220 small 

Monounsaturated Fat (g) 22.1 (15.4–29.3) 22.7 (19–26.3) 2.7 0.965 0.004 small 

Monounsaturated Fat (%TEI) 12.3 (10.4–14.7) 12.1 (11.2–12.8) -1.5 0.333 0.076 small 

Polyunsaturated Fat (g) 7.6 (5.7–9.7) 11.1 (9.2–12.8) 46.7 0.000 0.598 large 

Polyunsaturated Fat (%TEI) 4.2 (3.4–5) 5.9 (5.5–6.2) 41.0 0.000 0.723 large 

Vitamin D (µg) 2.2 (0.8–4.2) 2.3 (1.9–2.6) 7.6 0.153 0.113 small 

Folate (µg) 215.1 (173.4–279.8) 198.1 (165.5–223.4) -7.9 0.000 0.334 moderate 

Vitamin C (mg) 72.3 (32.4–123.3) 67.1 (55.1–80.2) -7.2 0.002 0.244 small 
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Recall Method % Difference P value Effect Size (r) Effect Size 

(Magnitude) 24HR Generic 
       

Calcium (mg) 686 (509.4–884.2) 796.4 (670.3–944) 16.1 0.002 0.250 small 

Iron (mg) 9.9 (7.7–12.6) 9.9 (8.1–12) 0.0 0.132 0.119 small 

Potassium (mg) 2865.5 (2095.8–3462.8) 2716.2 (2200.3–3066.4) -5.2 0.010 0.204 small 

Sodium (mg) 1685.5 (1157–2142.6) 2161 (1853.1–2424.3) 28.2 0.000 0.398 moderate 

P values were derived using Wilcoxon’s Signed Rank Test, with P < 0.05 indicating statistical significance. An effect size of ≥ 0.1 and < 0.3 was considered small, ≥ 0.3 and <0.5 
was considered moderate, and ≥ 0.5 was considered large (25). 
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Table 7.3: Bland-Altman analysis of nutrient intake estimates arising from a web-based 24-

hour recall and the generic recall. 

 
Mean 

Difference 

Lower LOA Upper LOA Percentage 

within LOA 

Sugars (g) -6.2 -89.6 77.1 94.4 

Sugars (%TEI) -1.3 -14.6 12.0 96.3 

Dietary Fibre (g) 1.4 -16.0 18.8 98.1 

Saturated Fat (g) -1.7 -26.0 22.6 94.4 

Saturated Fat (%TEI) -0.8 -9.3 7.7 96.3 

Monounsaturated fat (g) 0.8 -22.3 24.0 97.5 

Monounsaturated Fat (%TEI) 0.4 -6.4 7.2 96.3 

Polyunsaturated fat (g) -3.0 -11.9 6.0 93.8 

Polyunsaturated Fat (%TEI) -1.5 -4.9 1.8 92.5 

Vitamin D (µg) 0.8 -5.3 6.8 95.7 

Folate (µg) 43.9 -176.6 264.4 94.4 

Vitamin C (mg) 26.3 -124.3 177.0 95.7 

Calcium (mg) -54.2 -765.0 656.6 96.3 

Iron (mg) 0.6 -7.9 9.2 94.4 

Potassium (mg) 252.2 -1733.8 2238.2 93.2 

Sodium (mg) -347.6 -2266.3 1571.2 95.0 

Differences are given as values from the 24HR minus values from the generic recall. %TEI, % Total Energy 
Intake. 
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Table 7.4: Comparison of daily nutrient intakes estimated using a web-based 24-hour recall and the novel meal-based method, based on 

correlation and cross-classification of quartiles. 

 Correlation  Cross-Classification of Quartiles 
 

Spearman 

Coefficient 

P  Exact 

Agreement (%) 

Exact + Adjacent 

(%) 

Disagreement 

(%) 

Extreme 

Disagreement (%) 

Energy (kcal) 0.34 0.000  35.4 71.4 21.1 7.5 

Protein (g) 0.26 0.001  34.8 69.6 25.5 5.0 

Protein (%TEI) 0.43 0.000  36.6 80.1 16.1 3.7 

Carbohydrate (g) 0.42 0.000  38.5 78.9 15.5 5.6 

Carbohydrate (%TEI) 0.33 0.000  31.7 75.8 17.4 6.8 

Sugars (g) 0.45 0.000  32.9 78.3 16.1 5.6 

Sugars (%TEI) 0.40 0.000  34.2 76.4 19.9 3.7 

Dietary Fibre (g) 0.43 0.000  35.4 77.6 16.1 6.2 

Total Fat (g) 0.24 0.002  32.9 70.2 22.4 7.5 

Total Fat (%TEI) 0.14 0.074  23.0 63.4 28.6 8.1 

Saturated Fat (g) 0.20 0.011  32.9 69.6 23.6 6.8 

Saturated Fat (%TEI) 0.16 0.045  25.5 68.3 23.6 8.1 

Monounsaturated fat (g) 0.20 0.013  32.9 69.6 22.4 8.1 

Monounsaturated Fat (%TEI) 0.02 0.753  26.1 60.2 25.5 14.3 

Polyunsaturated fat (g) 0.18 0.023  32.3 67.1 25.5 7.5 

Polyunsaturated Fat (%TEI) 0.13 0.112  29.2 69.6 19.9 10.6 

Vitamin D (µg) 0.14 0.071  31.1 64.6 21.7 13.7 
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 Correlation  Cross-Classification of Quartiles 
 

Spearman 

Coefficient 

P  Exact 

Agreement (%) 

Exact + Adjacent 

(%) 

Disagreement 

(%) 

Extreme 

Disagreement (%) 

Folate (µg) 0.31 0.000  31.7 70.8 21.1 8.1 

Vitamin C (mg) 0.34 0.000  26.1 68.9 21.7 9.3 

Calcium (mg) 0.26 0.001  35.4 70.8 21.1 8.1 

Iron (mg) 0.32 0.000  28.6 65.8 28.0 6.2 

Potassium (mg) 0.39 0.000  26.1 65.8 28.0 6.2 

Sodium (mg) 0.12 0.120  28.6 72.0 20.5 7.5 
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Table 7.5: Percentage of participants classified to the same category when their mean daily 

nutrient intakes estimated from both the 24-hour recall and the novel meal-based recall 

were categorised according to nutrient-based guidelines. 

Nutrient Possible categories for 

classification of 

individual nutrient 

intakes 

% classified to the same 

category 

Protein (g/kg BW) Low, adequate, and high 84.5 

Carbohydrate (%TEI) Low, adequate, and high 62.7 

Total Fat (%TEI) Low, adequate, and high 52.8 

Monounsaturated Fat (%TEI) Low, adequate, and high 79.5 

Polyunsaturated Fat (%TEI) Low, adequate, and high 59.6 

Saturated Fat (%TEI) Adequate and high 70.8 

Salt (g) Adequate and high 61.5 

Dietary Fibre (g) Low and adequate 75.8 

Calcium (mg) Low, adequate, and high 57.1 

Iron (mg) Low, adequate, and high 83.9 

Folate (µg) Low, adequate, and high 82.6 

Thiamin (mg) Low and adequate 77.0 

Riboflavin (mg) Low and adequate 70.2 

Vitamin C (mg) Low, adequate, and high 65.8 
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7.8 Figures 

 

Figure 7.1: Flow diagram of participants’ journey through the study. 
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Figure 7.2: An example of the user interface of the generic meal-based recall. 

Participants are asked to choose the generic breakfast image that most represents their breakfast intake on the 
previous day, to specify the portion size that they consumed for their chosen breakfast meal, and to answer  a 
follow up portion size question. 
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Figure 7.3: Bland-Altman plots of energy and macronutrient intake estimates. 

The middle dashed line, and associated number, represents the mean difference in daily intakes between the web -based 24HR and the generic recall. The upper and lower 
dashed lines, and associated numbers, represent the upper and lower LOA, respectively. Each point represents an individual participant (n = 161). LOA: limits of agreement. 
TEI: total energy intake.
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7.10 Supplementary Material 

Supplementary Table 7.1: Daily nutrient intakes estimated using a web-based 24-hour recall and the novel generic meal-based recall (n = 108), 

with implausible reporters of energy intake removed. 

 
Recall Method % 

Difference 

P 

value 

Effect Size 

(r) 

Effect Size 

(Magnitude)  24HR 

Median (IQR) 

Generic 

Median (IQR) 

Energy (kcal) 1807.7 (1513.1–2148.7) 1744.9 (1508.8–1963.5) -3.5 0.080 0.168 small 

Protein (g) 75.4 (60.4–93.2) 72.9 (65.2–83) -3.3 0.027 0.213 small 

Protein (%TEI) 16.3 (13.8–19.6) 16.4 (15.5–17.9) 0.3 0.707 0.036 small 

Carbohydrate (g) 209.4 (181–264.2) 209.9 (180.8–244.1) 0.2 0.470 0.070 small 

Carbohydrate (%TEI) 45.4 (39.4–50.4) 45.4 (43.7–47.4) 0.0 0.165 0.134 small 

Sugars (g) 84.6 (62.6–110.5) 89 (70–104.5) 5.2 0.327 0.094 small 

Sugars (%TEI) 17 (13.5–21.9) 19.1 (17.5–21.7) 12.7 0.015 0.235 small 

Dietary Fibre (g) 18.3 (14.2–23.5) 16.8 (15–19.9) -8.1 0.002 0.293 small 

Total Fat (g) 70.8 (57.9–83.6) 63.5 (54.5–75.7) -10.3 0.005 0.271 small 

Total Fat (%TEI) 34.5 (30–39.6) 33.6 (31.4–35.4) -2.7 0.036 0.202 small 

Saturated Fat (g) 24.9 (19–33.7) 25.3 (21.9–30.5) 1.5 0.923 0.009 small 

Saturated Fat (%TEI) 12.4 (9.5–15.3) 13.4 (12.9–14.1) 7.9 0.134 0.145 small 

Monounsaturated Fat (g) 25.3 (20–31.1) 23.1 (19.7–27) -8.9 0.005 0.268 small 

Monounsaturated Fat (%TEI) 12.4 (10.6–14.6) 12.1 (11.2–12.8) -2.5 0.099 0.159 small 

Polyunsaturated Fat (g) 8.6 (6.5–10.2) 11.4 (9.4–12.9) 32.9 0.000 0.497 moderate 

Polyunsaturated Fat (%TEI) 4.1 (3.4–4.9) 5.9 (5.3–6.2) 41.7 0.000 0.766 large 

Vitamin D (µg) 2.2 (0.8–4.2) 2.4 (2–2.6) 6.1 0.180 0.129 small 

Vitamin E (mg) 8.3 (6.5–11) 8.2 (6.7–9.3) -1.6 0.036 0.201 small 

Folate (µg) 234.2 (187.7–289) 200.4 (174.4–226.6) -14.4 0.000 0.477 moderate 

Vitamin C (mg) 89.1 (46.4–147.3) 67.8 (56.1–80.9) -23.9 0.000 0.413 moderate 
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Recall Method % 

Difference 

P 

value 

Effect Size 

(r) 

Effect Size 

(Magnitude)  24HR 

Median (IQR) 

Generic 

Median (IQR) 

Calcium (mg) 766.5 (597.7–965.3) 822.1 (714.6–948.5) 7.3 0.233 0.115 small 

Magnesium (mg) 298.9 (253.4–358.1) 258.3 (218.8–285.9) -13.6 0.000 0.571 large 

Phosphorous (mg) 1272.5 (1019.3–1493.3) 1218.3 (1079.5–1365.6) -4.3 0.037 0.201 small 

Iron (mg) 10.9 (9.1–13.6) 10.2 (8.4–12.1) -6.6 0.001 0.327 moderate 

Potassium (mg) 3109.9 (2464.4–3726.7) 2763.5 (2343.9–3089.4) -11.1 0.000 0.435 moderate 

Sodium (mg) 1917.9 (1502.3–2381.7) 2162.1 (1909–2444.7) 12.7 0.029 0.210 small 
P values were derived using Wilcoxon’s Signed Rank Test, with P < 0.05 indicating statistical significance. An effect size of ≥ 0.1 and < 0.3 was considered small, ≥ 0.3 and <0.5 
was considered moderate, and ≥ 0.5 was considered large. Energy misreporters were defined as those with an energy intake to basal metabolic rate ratio of less than 0.96 or 
greater than 2.49. 
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Supplementary Table 7.2: Bland-Altman analysis of nutrient intake estimates arising from 

a web-based 24-hour recall and the generic recall (n = 108), with implausible reporters of 

energy intake removed. 

 
Mean 

Difference 

Lower LOA Upper LOA Percentage 

within LOA 

Energy (kcal) 123.2 -892.8 1139.3 96.3 

Protein (g) 6.6 -45.8 59.1 95.4 

Protein (%TEI) 0.3 -7.6 8.1 95.4 

Carbohydrate (g) 9.0 -120.1 138.1 93.5 

Carbohydrate (%TEI) -1.2 -15.4 13.1 95.4 

Sugars (g) -0.6 -81.8 80.5 93.5 

Sugars (%TEI) -1.2 -13.3 10.9 95.4 

Dietary Fibre (g) 2.4 -11.5 16.3 95.4 

Total Fat (g) 8.5 -44.5 61.5 93.5 

Total Fat (%TEI) 1.7 -12.5 15.9 97.2 

Saturated Fat (g) 0.8 -24.5 26.0 94.4 

Saturated Fat (%TEI) -0.6 -8.9 7.8 97.2 

Monounsaturated fat (g) 3.2 -17.3 23.7 95.4 

Monounsaturated Fat 

(%TEI) 

0.6 -5.5 6.7 95.4 

Polyunsaturated fat (g) -2.3 -10.7 6.1 93.5 

Polyunsaturated Fat (%TEI) -1.5 -4.3 1.2 93.5 

Vitamin D (µg) 0.8 -5.4 7.0 96.3 

Vitamin E (mg) 1.0 -7.1 9.0 95.4 

Folate (µg) 56.9 -159.7 273.4 93.5 

Vitamin C (mg) 38.0 -120.5 196.5 95.4 

Calcium (mg) 0.9 -766.4 768.2 95.4 

Magnesium (mg) 58.5 -115.0 232.0 93.5 

Phosphorous (mg) 107.8 -761.3 976.9 96.3 

Iron (mg) 1.4 -6.0 8.8 93.5 

Potassium (mg) 486.2 -1475.8 2448.2 94.4 

Sodium (mg) -124.0 -2048.0 1800.0 92.6 
Differences are given as values from the 24HR minus values from the generic recall. Energy misreporters  were 
defined as those with an energy intake to basal metabolic rate ratio of less than 0.96 or greater than 2.49. %TEI: 
% Total Energy Intake.
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Supplementary Table 7.3: Comparison of daily nutrient intakes estimated using a web-based 24-hour recall and the novel meal-based method, 

based on correlation and cross-classification of quartiles (n = 108), with implausible reporters of energy intake removed. 

 Correlation  Cross-Classification of Quartiles 
 

Spearman 

Coefficient 

P Value  Exact 

Agreement (%) 

Exact 

Agreement + 

Adjacent (%) 

Disagreement 

(%) 

Extreme 

Disagreement 

(%) 

Energy (kcal) 0.35 0.000  38.0 74.1 19.4 6.5 

Protein (g) 0.21 0.027  32.4 63.9 28.7 7.4 

Protein (%TEI) 0.42 0.000  30.6 77.8 19.4 2.8 

Carbohydrate (g) 0.45 0.000  34.3 78.7 15.7 5.6 

Carbohydrate (%TEI) 0.47 0.000  38.0 82.4 12.0 5.6 

Sugars (g) 0.40 0.000  38.9 77.8 16.7 5.6 

Sugars (%TEI) 0.43 0.000  34.3 77.8 19.4 2.8 

Dietary Fibre (g) 0.47 0.000  35.2 79.6 13.0 7.4 

Total Fat (g) 0.20 0.035  33.3 72.2 18.5 9.3 

Total Fat (%TEI) 0.17 0.087  26.9 66.7 25.0 8.3 

Saturated Fat (g) 0.19 0.050  31.5 70.4 20.4 9.3 

Saturated Fat (%TEI) 0.14 0.139  25.0 65.7 26.9 7.4 

Monounsaturated fat (g) 0.18 0.066  30.6 70.4 23.1 6.5 

Monounsaturated Fat (%TEI) 0.09 0.356  27.8 64.8 24.1 11.1 

Polyunsaturated fat (g) 0.13 0.175  26.9 64.8 25.0 10.2 

Polyunsaturated Fat (%TEI) 0.22 0.023  28.7 73.1 17.6 9.3 

Vitamin D (µg) 0.11 0.256  29.6 68.5 14.8 16.7 

Vitamin E (mg) 0.27 0.006  29.6 72.2 20.4 7.4 

Folate (µg) 0.30 0.002  23.1 68.5 23.1 8.3 

Vitamin C (mg) 0.26 0.006  27.8 64.8 25.9 9.3 



 

CHAPTER 7     |     Page 255 
 

 Correlation  Cross-Classification of Quartiles 
 

Spearman 

Coefficient 

P Value  Exact 

Agreement (%) 

Exact 

Agreement + 

Adjacent (%) 

Disagreement 

(%) 

Extreme 

Disagreement 

(%) 

Calcium (mg) 0.19 0.044  31.5 66.7 22.2 11.1 

Magnesium (mg) 0.31 0.001  34.3 72.2 19.4 8.3 

Phosphorous (mg) 0.24 0.014  25.0 71.3 23.1 5.6 

Iron (mg) 0.27 0.005  24.1 66.7 25.9 7.4 

Potassium (mg) 0.34 0.000  25.9 67.6 22.2 10.2 

Sodium (mg) 0.12 0.202  24.1 60.2 27.8 12.0 
Energy misreporters were defined as those with an energy intake to basal metabolic rate ratio of less than 0.96 or greater than 2.49. 
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Supplementary Table 7.4: Percentage of participants classified to the same category 

when their mean daily nutrient intakes estimated from both the 24-hour recall and the novel 

meal-based recall were categorised according to nutrient-based guidelines (n = 108), with 

implausible reporters of energy intake removed. 

Nutrient Possible categories for 

classification of 

individual nutrient 

intakes 

% classified to the same 

category 

Protein (g/kg BW) Low, adequate, and high 89.8 

Carbohydrate (%TEI) Low, adequate, and high 68.5 

Total Fat (%TEI) Low, adequate, and high 54.6 

Monounsaturated Fat 

(%TEI) 

Low, adequate, and high 81.5 

Polyunsaturated Fat (%TEI) Low, adequate, and high 66.7 

Saturated Fat (%TEI) Adequate and high 71.3 

Salt (g) Adequate and high 76.9 

Dietary Fibre (g) Low and adequate 73.1 

Calcium (mg) Low, adequate, and high 55.6 

Iron (mg) Low, adequate, and high 88.0 

Folate (µg) Low, adequate, and high 81.5 

Thiamin (mg) Low and adequate 80.6 

Riboflavin (mg) Low and adequate 78.7 

Vitamin C (mg) Low, adequate, and high 64.8 
Energy misreporters were defined as those with an energy intake to basal metabolic rate ratio of less than 0.96 
or greater than 2.49. 
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8.1 Thesis Summary and Key Findings 

This thesis examined a meal-based approach to analysing dietary intake data and to dietary 

intake assessment. The literature review described in Chapter 3 identified three main 

constructs in the field of meal pattern analysis: temporal patterns referring to the timing and 

distribution of meals, content meal patterns referring to the combinations of foods within a 

meal and the combinations of meals throughout a day, and context meal patterns referring 

to activities external to the meal such as eating alone or in company or engaging in other 

activities during meals. A number of gaps in the literature were identified within the review 

in Chapter 3 including the absence of portion size information in meal pattern research, a 

lack of studies comparing different methods used in meal pattern analysis, the limited 

research incorporating more than one meal pattern construct in a single study, and the lack 

of a meal-based approach to dietary intake assessment.  

The work presented within this thesis primarily focused on content meal patterns while also 

considering some aspects of temporal meal patterns, and the approach taken to examine 

meal patterns can be described in three broad steps, namely: 1) food groups, 2) generic 

meals, and 3) meal patterns. Methods for meal pattern analysis previously used in other 

studies were adapted and refined to address some of the research gaps that were identified, 

including the lack of a data-driven approach to defining food groups, portion sizes not being 

considered, the absence of comparisons among the different methods used for meal 

pattern analysis, limited investigation of the relationship between meal patterns and health, 

and the absence of a meal-based method of dietary intake assessment.  

In Chapter 4, a new approach was taken to identify food groups and generic meals. In many 

areas of nutrition research, including meal patterns and dietary patterns, the process of 

assigning food groups is often vaguely described referring to the grouping of foods based 

on some combination of nutrient composition, culinary use, and frequency of consumption 

(1). To overcome this in the current thesis, a data-driven clustering approach was used to 

identify food groups in a systematic and reproducible manner. While the approach taken in 

this thesis was based on the existing diet quality score NRF9.3 (2), this approach is 

adaptable for different research questions because the nutrients used as input variables to 

group the foods can be changed as required. This was demonstrated within this thesis as 

the same approach was successfully applied to two different datasets in Chapters 4 and 5. 

The lack of use of portion sizes when identifying generic meals in previous research (3, 4) 

was also considered in this thesis. Portion size was included in the work presented here by 

basing generic meal portion sizes on the actual portion sizes of the meals that they 

represented. Having addressed these issues in the first two steps of meal pattern analysis 
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(food groups and generic meals), estimates of nutrient intake arising from the generic meal-

based data were then compared with estimates from the original food-based data. 

Differences in estimates of nutrient intake between the two methods were small or 

negligible, demonstrating that the generic meals identified were representative of 

population intakes. The work presented here also demonstrated for the first time that 

individuals could be classified according to nutrient guidelines (low, adequate, or high 

intakes) using the meal-based data, suggesting that this approach may be useful in the 

provision of dietary advice.  

The next step in the process for meal pattern analysis is determining the meal patterns 

themselves, i.e., combinations of generic meals that are commonly consumed. This is an 

area that remains a big gap in nutrition research. One of the major research issues was 

that, despite different methods being used in different studies to identify meal patterns, no 

study has directly compared these methods using a single dataset; as such, the impact of 

the statistical approach on the outcome of the analysis was unknown. Chapter 5 addressed 

this gap in the literature, by comparing clustering, principal component analysis, and latent 

class analysis approaches on the same dataset. The findings show that these different 

methods produce varying numbers of meal patterns and limited similarities in the content 

of the meal patterns identified by the different methods. Clustering and LCA both identified 

meal patterns in which meal skipping was a feature, but PCA did not. Overall, this 

demonstrates that the choice of statistical method influences the findings, and thus caution 

in the interpretation and comparison of studies is needed. 

Ultimately, it is necessary to consider the link between meal patterns and health; however, 

only one study to date has investigated the role of content meal patterns in health, with 

limited findings (4). Within this thesis Chapter 6 examined the link between meal patterns 

and health by describing the meal patterns identified in a cohort in the USA and exploring 

the relationships between those patterns and health. While the results showed clear 

associations between content meal patterns and dietary quality, this was not observed for 

health parameters. No clear trends were observed between the number of meals per day 

and diet quality or health in the male data, but in the female data a pattern consisting of 

three meals per day had the second highest diet quality (NRF9.3 score). Five of the male 

meal patterns and five of the female meal patterns did not include breakfast, indicating a 

greater proportion of food being consumed later in the day. While the nutrient quality, as 

assessed by NRF9.3 score, of the meal patterns without breakfast were lower than those 

including breakfast, differences in anthropometry and health parameters were not observed 

among the meal patterns. Using the novel approach applied in this analysis, the results also 

provide insight into the content of these patterns. For meal patterns characterised by a 
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skipped breakfast, those that included fruit in meals or snacks or those with main meals 

based on rice rather than fried foods had a higher nutrient quality.  

The final chapter of the thesis describes the development of a meal-based dietary intake 

recall tool. It had previously been suggested that such a tool could be used in personalised 

nutrition to provide a method for people to record what they eat and drink at the meal level 

(5); however, the work described in this thesis is the first to address and develop this concept 

and compare it with an established method. When compared with the 24-hour recall, 

estimated nutrient intakes from the generic meal-based recall were comparable for some, 

but not all nutrients. Comparisons between the methods were more similar at the group 

level compared to the individual level. Participants found the meal-based method 

understandable and easy to use.  

8.2 Future Directions 

While the work presented here addressed the gaps identified, it has also given rise to a 

number of research questions that require further investigation relating to meal patterns and 

health, meal-based dietary intake assessment, and meal-based dietary recommendations.  

8.2.1 Meal Patterns and Health 

While the link between meal patterns and health was examined in this thesis, overall, there 

is limited research conducted on the impact of content meal patterns on health. Scientific 

reports published in the development of recent dietary guidelines have highlighted the 

limited research in this area and the need for further work examining relationships between 

meal patterns and health to inform those guidelines (6, 7). Because people intuitively 

conceptualise their dietary intakes as a collection of meals rather than a collection of foods 

(8), this work can also inform research on personalised nutrition recommender systems to 

provide recommendations for meal intakes as opposed to food intakes (9). However, 

research on meal patterns and health is required to provide the evidence upon which meal-

based nutrition recommendations can be made (6, 7).  

While some studies have examined the relationship between health and specific meals or 

meal types with health (10, 11), only one study has examined the relationship between health 

and meal patterns (i.e., the combinations of multiple meals) (4). Using data from Ireland, 

those adhering to the meal pattern “cooked breakfast, skipped light meal, and protein-

carbohydrate main meal” were likely to have higher diastolic blood pressure compared with 

those consuming the meal pattern “cereal and/or toast for breakfast, sandwich for light meal 
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and protein-carbohydrate or just protein main meal” (4). In the current thesis a novel 

exploratory approach was taken to examine the link between meal patterns and health, and 

while certain differences were identified among meal patterns in relation to nutrient quality, 

no differences were observed for health parameters. Currently studies investigating the 

relationship between content meal patterns and health are limited and this area requires 

further research.  

The area of temporal meal patterns has shown more consistent results with greater 

similarities among studies and populations (12). This is understandable given that there is 

less complexity in temporal meal patterns than in the content meal patterns considered in 

this thesis, related to the use of food groups and the identification of generic meals. Studies 

examining temporal patterns suggest that meal patterns characterised by three meals per 

day have a greater association with diet quality and health compared to those characterised 

by skipped meals or grazing (12-14). These findings are also in keeping with the broader area 

of chrononutrition in which the timing of dietary intake relative to the timing of the circadian 

clock is thought to impact on metabolic processes (15). As the area of chrononutrition grows, 

consideration should also be given to a variety of methodological approaches to 

determining meal patterns to fully explore the different aspects of meal patterns and health. 

Further research is required in all constructs of meal pattern research to assess the impact 

of the subjective decisions that are required as part of the otherwise data-driven approach 

to meal patterns as well as trialling other statistical approaches that have not yet been used 

in meal pattern research such as reduced rank regression, treelet transform analysis, 

Gaussian graphical models, and random forest with classification tree analysis. In 

particular, reduced rank regression can identify meal patterns based on the health 

outcomes of those consuming those patterns (1). 

The inclusion of more than one construct of meal patterns in the same analysis is limited. 

Riou et al. (16), for example, examined temporal and context patterns and Uzhova et al. (4) 

also identified content meal patterns that included aspects of meal skipping as was also 

considered in the current thesis. Given the complexity of content meal patterns, no studies 

have attempted to incorporate all three constructs into the same study. Researchers have, 

however, begun to examine meal patterns alongside other lifestyle behaviours. For 

example, Lin et al. (17) have identified combinations of temporal meal patterns and temporal 

physical activity patterns. This is a continuation of the trend of nutrition research becoming 

more holistic and analysing a wider variety of variables within individual studies (12, 18). The 

abundance of nutrition and health data that are now available as well as the emergence of 

advanced analytical techniques and artificial intelligence continues to drive high-

dimensional research examining multiple interlinked factors. It is likely that this research will 
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not only incorporate patterns of dietary intake but other lifestyle factors such as exercise, 

sleep, stress, and others. This will allow for the identification of interactions between 

different aspects of health behaviours in both health and disease (19, 20). 

8.2.2 Meal-Based Dietary Intake Assessment 

While the current thesis demonstrated significant potential for the use of meal-based 

assessment in measuring dietary intake, it also identified a number of limitations which 

would be important to consider further. The meal-based recall in the current thesis was 

developed without the input of those with user experience or software development 

expertise. This is in contrast to web-based methods of 24-hour recall (e.g., foodbook24, 

myfood24, intake24) in which this expertise is incorporated into the development of such 

tools (21-23). Further work is required to consider these aspects of the meal-based recall. The 

comparison study carried out for the current thesis provided a comparison between the 

meal-based method and 24-hour recall and demonstrated its potential use in dietary intake 

assessment studies. This should be considered, however, as a first step in the development 

of this novel method of dietary intake assessment. Future research could consider the 

comparability of the meal-based method with other methods of dietary intake assessment 

as well as with objective methods such as feeding studies and biomarkers of dietary intake. 

Future work on the user experience will likely provide scope to improve user engagement 

and use. 

Furthermore, the meal-based method of dietary intake assessment described in this thesis 

could also have a role in image recognition in dietary intake assessment. As described 

previously, existing image recognition software can automatically identify foods and 

portions sizes from individuals’ photographs of their dietary intake (24-27). The complex 

process that facilitates this can be generally described in four broad steps. Firstly, the 

software segments the image to differentiate non-food from food items and to differentiate 

among the different food items present. Secondly, the individual food segments are then 

identified or classified as one of the foods from a database of known foods. Once each food 

is identified, the portion size of each food is then estimated by volume. Finally, the nutritional 

content of the meal is estimated by combining the information in the previous steps with the 

relevant data from a food composition database (28, 29).  

However, accurately identifying foods from images using these steps is challenging 

because of the vast variety of foods that can be contained in any given meal. This is further 

complicated by the fact that some foods or ingredients may be hidden on a plate (e.g., 

under other foods or sauce) and that the same food can have different appearances in 
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different contexts (e.g., boiled and poached eggs). Notwithstanding these challenges, the 

accuracy of in correctly classifying food images has been reported to range from 54.7% to 

93.0% (30), depending on the inputs used for training the image recognition algorithm, the 

settings used within the algorithm, and the number of different classes (foods) that the 

algorithm is expected to identify. The most accurate methods of image recognition require 

large training datasets, are computationally intensive, and have long running times for 

training (29).  Thus, simpler approaches need to be considered, and this is where meal-

based approaches could apply. To date, all image-based dietary assessment methods have 

aimed to imitate the already existing paper-based methods by being food-based. That is, 

they aim to segment a meal and identify the individual food components of that meal. 

Consideration has not previously been given to meal-based dietary intake assessment in 

general or its potential role in image-based dietary intake assessment. For example, it may 

be possible for image recognition software to classify a meal image as a whole meal rather 

than a collection of individual foods. Building on the work presented here, one potential way 

to do this is to classify a given meal image as one of the generic meals defined in the current 

thesis (demonstrated to be usable in assessing intakes). In taking this approach, one is 

reducing the near infinite possibilities for combinations of foods that could exist in a meal, 

to one of the 63 generic meals identified in this thesis. Future research is required, however, 

to determine the feasibility of such an approach.  

8.2.3 Meal-Based Dietary Recommendations 

Nutrition recommender systems provide automated recommendations for foods or recipes 

based on information about an individual’s health and dietary preferences. To date these 

systems have focused on taking a food-based approach (9, 31). However, future research 

could consider the possibility of incorporating these systems in a meal-based framework 

whereby the recommendations could be informed by meal-based dietary intake 

assessment. This could take the form of people completing the meal-based dietary intake 

assessment and being categorised to one of the meal patterns identified in the current 

thesis. Based on the nutrient quality of the baseline meal pattern, recommendations may 

be made to move the individual from a lower nutrient quality meal pattern to a higher nutrient 

quality meal pattern. These recommendations could be facilitated by a recipe database that 

is based on the generic meals from the meal patterns with higher nutrient quality. For 

example, it could be recommended to change from one breakfast or lunch to another while 

also providing information on an appropriate recipe, retail store, or food outlet to support 

that change. However, further work is needed both on the feasibility of such an approach 

and its impact on behaviour change compared to existing approaches.  
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8.3 Impact 

The meal-based approach described in the current thesis can influence how we interpret, 

collect, and use dietary intake data in a way that could have wide reaching impacts in the 

field of human nutrition and health. The chapters in this thesis relating to the identification 

of the generic meals and the meal-based dietary assessment tool have been registered 

with UCD’s technology transfer office, NovaUCD, in the form of invention disclosures. Other 

impacts are discussed in the following subsections in relation to three key areas: nutrition 

research methods, public health, and personalised nutrition. In the area of nutrition research 

methods, an impact has already been seen with other research groups incorporating the 

meal-based methods described in the current thesis into their research, as discussed 

below. For the other two key areas, public health and personalised nutrition, the potential 

impact (as opposed to actual impact) is discussed below. 

8.3.1 Nutrition Research Methods 

One of the benefits of the generic meals framework is its flexibility to be adapted for use in 

a variety of datasets and to answer a variety of different research questions in a range of 

different areas of human nutrition research. This has given rise to a number of 

collaborations with other research groups. 

One area of impact for the generic meals framework is the identification of characteristic 

meals in any given dataset. The World Health Organization (WHO), for example, have 

raised concerns regarding the increasing use of meal delivery applications despite the 

limited information available regarding the nutritional quality of the meals available on these 

applications (32). The limited research that has been conducted in this area indicates that 

these applications disproportionately increase access to meals of lower nutrient quality 

compared to those with higher nutrient quality (33-35). To address this issue and to more 

broadly understand the nutrient quality of meals available from takeaway restaurants, the 

WHO is conducting research to characterise the nutritional profile of takeaway meals 

available for sale across the European region (Holly Rippin, personal communication, 30th 

January 2023). While this information is available from the large multi-national fast-food 

chains, there is no information available from the small independent operators. One solution 

to this problem that has been discussed with the WHO research team is to use the generic 

meals process to specifically examine takeaway meals in national dietary survey data to 

provide generic nutritional information for generic takeaway meals. This method could 

provide a useful characterisation of the nutrient quality of those meals in the absence of 

specific information from the individual food business operators. 
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Building on from this, determining average nutritional content of common meals, could 

benefit analysis of national dietary surveys. This approach has been discussed with the 

MRC epidemiology unit in Cambridge, who run the National Diet and Nutrition Survey 

(NDNS) in the UK. Dietary data within NDNS are now collected via an automated web-

based 24-hour recall called Intake24 (36). Intake24 contains a comprehensive food list for 

people to report the foods they eat. However, one area that is currently limited is the ability 

for individuals to report whole meals; people will sometimes search for whole meals in the 

search bar rather than individual foods (Birdem Amoutzopoulos, personal communication, 

6th November 2023). The generic meals framework described within thesis has been 

discussed with the research team for the NDNS as a potential option to provide a meal list 

to complement the existing food list. This could also work for other similar technologies and 

web-based intake assessment tools.  

Finally, the use of the generic meals framework is also being considered as a method within 

nutrition and sustainability research. Human health and planetary health are intrinsically 

linked, and environmental sustainability is increasingly being considered and included in 

national dietary guidelines (37, 38). It stands to reason, therefore, that in addition to the 

nutritional and health aspects of meal patterns, the sustainability aspects of meal patterns 

should also be investigated. Preliminary work has begun on this topic in collaboration with 

researchers at Teagasc (the Irish state agency for food and agriculture development) to 

investigate the CO2 equivalents associated with different generic meals and meal patterns. 

In the current thesis, generic meals and meal patterns were identified using nutrients of 

public health importance as input variables; future work could also consider the use of 

sustainability metrics such as greenhouse gas emissions, land use, or water use etc. as 

input variables to the meal pattern process. 

8.3.2 Public Health 

A food-based approach to public health nutrition guidance is the primary approach to 

provision of dietary guidelines in most countries (39); however, some guidance in the USA 

and Brazil now acknowledge the potential for meal-based information to complement what 

is already known about nutrients, foods, and dietary patterns by referring to the context in 

which meals are consumed, the frequency or number of meals consumed, and the various 

combinations of foods that can be used to make meals (6, 7). However, the need for further 

research is highlighted to provide a stronger evidence base to support such guidelines (6). 

The current thesis adds to this evidence, but also raises important questions that need to 

be addressed prior to their broad inclusion in dietary guidelines. 
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More recently, public health bodies have begun to provide access to mobile-based 

applications to assist with their public health nutrition remit. For example, in the UK, the 

NHS provide access to a food scanner app (40) which allows consumers to scan barcodes 

of foods during shopping or purchase to get suggestions for swaps to healthier foods. In 

the USA, the US Department of Agriculture provide the MyPlate app with which users can 

complete a food frequency questionnaire and receive personalised advice based on their 

responses relative to the food-based dietary guidelines (41). Self-monitoring of behaviour is 

a well-established behaviour change technique in the fields of psychology (42) and nutrition 

(43). This monitoring can be achieved via the various methods available for dietary intake 

assessment and is a feature of the two applications described above. While the more 

burdensome methods of dietary intake assessment may have a role to play in habit-forming 

during initial engagement with nutrition technologies, allowing users to change from one 

dietary assessment method to another may aid in maintaining such engagement over a 

prolonged period (44). In this context, the availability of multiple forms of dietary intake 

assessment could form part of a suite of options available to a user depending on individual 

preference. It is plausible that the further development of the meal-based recall, as 

described above, could make it a candidate as a method for dietary intake monitoring 

available to influence behaviour change via public health nutrition applications.  

8.3.3 Personalised Nutrition 

Personalised nutrition is an approach to nutrition research and practice that aims to tailor 

dietary advice according to an individual’s existing diet and lifestyle, their phenotypic profile, 

their genetic profile, or a combination of those factors (5, 45). This is in contrast to, for 

example, government dietary guidelines which are typically targeted more broadly at 

national populations or certain population subgroups based on characteristics such as sex 

or age (39).  

Personalised nutrition advice at the diet level is provided to individuals following dietary 

intake assessment, usually using 24-hour recalls, food frequency questionnaires, or diet 

records. Typically, people are categorised as low, adequate, or high consumers of various 

nutrients or food groups based on their dietary intake assessment, and dietary advice is 

provided accordingly (46-51). For personalised nutrition based on phenotype, a broad range 

of measures are used to tailor advice from physical measures such as waist circumference 

and weight to biochemical measurements such as blood lipids (5, 52). Personalised nutrition 

based on genetics considers specific genetic variations that give rise to varying phenotypes 

that can be influenced by diet (53). For example, people with two copies of a variant 

(rs9939609) of the fat mass and obesity-associated (FTO) gene have an increased risk of 
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obesity (54), while individuals who have both a low-activity variant of the 5,10-methylene 

tetrahydrofolate reductase (MTHFR) gene and a low intake of folate have a higher risk of 

cardiovascular disease (55).  

Despite the well-established dietary, phenotypic, and genetic influences on health, the 

efficacy of personalised interventions based on these variables varies. A recent systematic 

review of 11 randomised controlled trials summarised the effectiveness of personalised 

nutrition interventions in individuals without chronic disease. The outcome measures varied 

among studies and included measures such as anthropometry, dietary intake, physical 

activity, biochemistry, and psychological measures. Eight of the 11 studies noted 

improvements in the outcome measures from personalised nutrition. However, only one 

study identified an improvement based on genetic information over and above the 

improvements from dietary or phenotype information (45). One aspect that is highlighted in 

this and other personalised nutrition research is that personalised nutrition interventions 

that incorporate behaviour change theory and techniques are more effective than those that 

do not (45, 56-58).  

Dietary intake assessment is an essential element of providing dietary advice that is 

personalised to individuals’ existing dietary intakes (59). As discussed above, it is also a 

method of self-monitoring of behaviour which is a well-established behaviour change 

technique (42, 43). While more research and development is required to further develop the 

meal-based dietary intake assessment and a meal-based recommender system, it is 

conceivable that they could be applied to existing personalised nutrition frameworks to 

influence behaviour change. There are numerous companies that provide digital methods 

of dietary intake assessment and dietary advice. The large datasets of meal images, health 

information, and dietary intakes available to these companies would lend themselves well 

to the development of meal-based image recognition, the investigation of the relationship 

between meal patterns and health, and the development of meal-based recommender 

systems. It is also conceivable that a meal-based framework for personalised nutrition could 

be integrated into the wider digital ecosystem, providing meal-based recommendations that 

are linked to online platforms for food shopping and delivery from supermarkets or takeaway 

restaurants.  

8.4 Strengths and Limitations 

One of the major strengths of this thesis is that the data-driven approach that was 

developed provides a clear framework that can be applied to or adapted for other datasets. 

Our approach was successfully applied across two large dietary intake datasets from 
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national nutrition surveys (NANS and NHANES). However, it is important to note that whilst 

using a statistically driven approach is beneficial, it also means that, because patterns 

derived using data-driven methods are based only on the underlying data, they may not be 

reproducible within populations over time or between populations. This would need to be 

considered when comparing the findings within this thesis to future work using this 

approach (1, 60). Furthermore, even when a data-driven approach is used, there is a small 

requirement for some subjective decisions on the part of the researcher; for example,  in 

relation to the approach chosen for food groups, the way in which the number of meal 

patterns are chosen, or the specific variables that are chosen as input variables for the 

various statistical techniques. However, the rationale for these decisions have been clearly 

provided in the methods chapter and in the methods sections of each original research 

chapter. Furthermore, this level of subjective decision making is significantly reduced 

compared to traditional approaches, where individual decisions are often made at each step 

of processing of food intake data (60, 61).  

In the current thesis, a nationally representative sample was to identify generic meals that 

are representative of the meals consumed in Ireland. However, at the time of analysis, the 

most recently available survey that was available was from 2008 to 2010 (62) which may not 

still be reflective of current day intakes. A more recent survey (National Adult Nutrition 

Survey 2 (NANS2)), is ongoing, and the work described in the current thesis could repeated 

on those data for comparison or to examine changes in eating habits across the two 

datasets. Similarly, data from the USA were used in the current thesis, specifically the 

NHANES cohort. These data provided a large sample size on which to identify a range of 

meal patterns, as per NANS, but also allowed exploration of relationships with health 

outcomes. However, given the complex sampling process used in the NHANES (63) and the 

complex multi-step process used in the current thesis to identify meal patterns, it was not 

feasible to adjust the NHANES data using weightings to provide a nationally representative 

sample. Instead, that work was carried out on the sample in which certain demographics 

were deliberately oversampled (63). So, while it is a limitation of the thesis that those meal 

patterns do not necessarily reflect the meal patterns that exist at the population level in the 

USA, that work does provide a true reflection of meal patterns in that sample and a true 

comparison of different methods for meal pattern analysis. 

The dietary intake data used in this thesis are derived from subjective methods of dietary 

intake assessment (food records and 24-hour recalls). As discussed in detail in the 

introduction to the thesis, it is well established that these data are subject to a certain degree 

of error and bias (64). This was mitigated against in the current thesis by using data collected 

using structured and validated processes, i.e., the 4-day weighed food records from the 
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NANS in Ireland and the two non-consecutive 24-hour recalls in NHANES. Two non-

consecutive 24-hour recalls were also used in Chapter 7 as a comparison method for the 

newly developed generic recall. Other strengths of that comparison study included a large 

sample size of 161 at the higher end of sample sizes in similar comparison studies (65, 66), 

randomisation as to whether the generic recall or food-based recall would be completed 

first, a two-week washout period, and the structured inclusion of both weekend days and 

weekdays. However, within the resources available for the current thesis it was only 

possible to use a convenience sample rather than one that is representative of the 

population as a whole.  

8.5 Conclusion 

This thesis developed and demonstrated a reproducible approach to determining meal 

patterns in dietary intake data. It has shown that a clustering approach can be used to 

identify characteristic, or generic meals, in a dietary intake dataset. The process for 

identifying generic meals described in this thesis provides similar estimates of nutritional 

intake to standard food-based approaches. Meal patterns, i.e., the different combinations 

of generic meals consumed over the course of a day, can be identified using different 

statistical methods. However, differences arise in the meal patterns that are identified using 

different methods and their relative strengths and weaknesses should be considered when 

choosing a method. Some associations between meal patterns and diet quality were 

identified. These were limited but warrant further investigation. A meal-based method of 

dietary intake assessment is a feasible method of collecting dietary intake data, showing 

moderate agreement with the 24-hour recall. Further research is required to further develop 

this tool and improve its accuracy across a range of nutrients. 
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Appendix 1: The recruitment poster used for Chapter 7. 
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Appendix 2: The screening questionnaire used for Chapter 7. 
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Appendix 3. The evaluation questionnaire used in Chapter 7. 

 

 



 

Appendices     |     Page 280 
 

 

 



 

Appendices     |     Page 281 
 

 


