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Abstract 

In nutritional epidemiology, food frequency questionnaires (FFQs) are commonly utilised; 

however, the creation of the auxiliary programmes and nutritional databases is not well 

documented in any of the articles. The structure and content of the The discussion also includes 

the development of cut-points for data removal and extreme nutrient levels. The CAFE computer 

application modifies dietary intake based on the amount of fat that is visible on meat as well as 

the specific fats that are utilised in food preparation.  It combines many cereals for breakfast and 

differentiates text for brands and varieties. Due to the high reported frequency of specific items, 

several extreme values for carbohydrate, energy, fat, alcohol, and protein were still present when 

outliers in nutrient intake were excluded. A unique technique for matching text and adaptable, 

updatable databases are some of CAFE's capabilities. More research should be done to determine how 

extreme nutrient values affect the FFQ's accuracy in assessing diet in nutritional epidemiology. 

Keywords:Nutrition recognition. CAFÉ computer application, foof frequency questionnaires,  

Food consumption. 

Introduction 

A list of foods or food kinds combined with a range of frequency estimate options makes up food 

frequency questionnaires (FFQs). They are employed to create regular or habitual food or nutrient 

consumption. Because semiquantitative FFQs are simple to administer and process, making them 

ideal for use in large-scale population studies, they are frequently employed to estimate nutritional 

intake, especially in epidemiology. However, creating programmes to calculate nutrients is labor-

intensive and demands a high level of computational and nutritional knowledge. There are many 

publications on FFQ results, validity, and repeatability, but there aren't any methodological studies 

that explain the challenges in creating the nutritional databases and programmes that support them.  
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Numerous fully or semi-automated food analysis techniques have been developed to eliminate bias. A 

growing number of apps are being developed into mobile systems to facilitate food analysis, as a 

result of the quick adoption of mobile devices. Zhu et al. [12] presented, for instance, a segmentation 

assisted food classification method for dietary evaluation. Their objective is to use conventional 

computer vision techniques to automatically detect the regions in a picture that contain a certain food 

and to correctly identify those parts. Pouladzadeh et al. suggested a second mobile cloud-based food 

calorie measurement system. They trained their system to identify meals and determine the calories 

associated with each food item using cloud Support Vector Machine (SVM). Different algorithms and 

machine learning techniques, particularly in the field of deep learning, are becoming more and more 

advanced in everyday life as well as numerous industrial and professional processes, thanks to the 

rapid growth of hardware devices. These days, we see more self-driving cars on the road, AI gamers 

who can play video games, and even friendly digital robots who possess empathy. Since software is 

more precise, efficient, and error-free these days, we can almost entirely rely on it to complete our 

tasks. 

Modern neural network-based food recognition and nutrition analysis technologies manifest similarly 

to other industries. Patients and physicians were given access to an intelligent and convenient 

assistive calorie measurement system through the work, which allowed them to track and quantify 

their daily caloric intake. These days, the majority of food analysis programmes classify foods from 

images using a classification algorithm. Despite having a very high accuracy rate, the categorization 

approach is unrealistic due to one flaw.  It is limited to classifying a single object at a time. The initial 

step in analysing the nutrition contents and calories in the food photographs is to identify different 

food items from a single image. Rather than using a classification method, we require an item 

detection system that can identify several foods from a same image simultaneously in order to identify 

them all. Thus, the first difficulty is to apply a food detection system for numerous food photos, rather 

than a food classification system. Initially, the Wellnavi approach was applied with camera-enabled 

PDAs to authenticate an image-based food record. Users were obliged to take 45-degree angle photos 

of food both before and after eating episodes.  The PDA's stylus was positioned next to the food items 

on the table to serve as a visual aid for estimating portion sizes. Users were needed to supply written 

information on the screen after the photographs were taken, particularly for dishes that were thought 

to be difficult to judge solely by looking at the images. Wireless transmission of the food photographs 

and descriptions to a server allowed registered dietitians and nutritionists to manually analyse the 

images. A quick survey was utilised to get further data on dietary practises, such as adding sugar to 

drinks and often utilised condiments, in order to facilitate analysis. 

Methods 

Collection of data 

The EPIC-FFQ was distributed to 26478 people in the 40–79 age group EPIC-Norfolk cohort 

research, which is detailed in greater detail elsewhere. The FFQ was sent to participants, who then 

brought it back for a health evaluation. Nursing personnel then reviewed and filled it out as needed. 
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Figure 1 morning breads and cereals are discussed in the food frequency questionnaire 

illustration. 

 

Figure 2 CAFE programme 

Data input 

We looked for codes outside of the permitted ranges when entering numbers. In order to look for 
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mistakes within the anticipated numerical ranges, a number of questionnaires were also visually 

examined and confirmed to be accurate. The text-matching system created specifically for the 

programme was used to fix any typographical problems. The projected entry time does not account 

for this because it was completed at a later period. Even with the initial verifications for accuracy, 

certain participants failed to include certain food items or provided more than one answer. The CAFE 

programme regarded these answers as missing data and assigned special codes during entry. 

Afterwards, those with more than ten missing data lines were removed from the dataset. Many 

respondents indicated how often they consumed cereal, how much milk they drank, or how often they 

baked or fried with fat, but they did not specify which kind in part 2 of the questionnaire. Questions 

were created to find the mismatch between parts 1 and 2 of the questionnaire because leaving out this 

information would have resulted in underestimates of nutrient consumption. 

The CAFE program 

Part 1 food items 

As will be explained later, the "main mapping database" was designed to offer a portion size value 

and one or more nutrient database codes. Figs. 3 (the "a" main part) and 4 (the "b" main mapping 

database) show how most food items in part 1 (89%) were linked directly via this database. Eleven 

percent of the food products had a connection to the second section of the survey.  

 

Figure 3 Diagrammatic illustration of the many forms of raw data that the CAFE 

programme collected and the Food frequency questionnaires (FFQ) used to modify the 

data. 

Participants were asked to identify the brand and variety of cereals they had eaten, such as cornflakes 
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and Kellogg's, respectively. A maximum of four answers were permitted. However, because they did 

not think the distinction between brand and type was significant, a large number of respondents filled 

out the questionnaire inaccurately. In order to solve this issue, cereal brands were matched by another 

database (not shown), which prevented the need for additional processing. 2 different kinds of cereal 

were permitted per person under the programme, which gave preference to type over brand. Portion 

weights were also modified to take the number of types into consideration as seen in Fig. 2. 

Visible fat 

In order to determine the portion values in the mapping file for visible fat (question 10), data 

pertaining to the lean and separable fat components of meat (beef, lamb, or hog fat) were computed. 

The weight of separate fat was applied as follows: 100% if all fat was consumed, 50% if some fat was 

consumed, and 0% if no fat was consumed. Lean meat with no discernible fat and separable fat (beef, 

lamb, and hog) each have their own unique nutrient database codes within the mapping database. 

 

Figure 4 An example of the procedures used by the CAFE programme on the first section of the 

questionnaire. Each food's quantity is determined by applying a quantity from the "main 

mapping database" (b); databases (c) to the nutritional database, the final data (f) are obtained 

by applying data in the format (d) 

Database:  

Unless their nutrient makeup was equal, lines representing two or more foods were mapped to 

different nutrient database items; in that case, the more often consumed item (or items) was utilised. 

The data used to make decisions was for those between the ages of 40 and 74. Line items could be 
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represented by up to six different food codes. 

The Indian population statistics and weighted records of study participants aged 40–74 years were 

used to calculate the masses of standard measures and average sizes of portions . The mean value was 

utilised if there were gender variations in the typical portion size. part sizes were distributed equally 

based on the number of line items that included two or more nutrient data codes; In order to consider 

summertime fruit consumption, certain portion sizes have been divided by 3. 

Database of nutrient  using programs 

For eight of the eighteen nutrients listed here, the nutrient data is complete. Less than 3% of the 

values for carbohydrate, sugars, vitamin C, beta-carotene, iron, and potassium were missing for the 

remaining 10 nutrients; 3.6% of the data were missing for dietary fibre and magnesium, 6.9% for the 

antioxidant vitamin D, and 8.6% for folate. For questions 3–7, the nutritional information for generic 

answers to different kinds of cereals, fats, or milks was computed. This included equal amounts of 

"cornflakes," "muesli," and "weetabix" for cereals. Equal amounts of vegetable oil, butter, lard, 

compound cooking fat, and mixed margarines were utilised for non-specific fats. 40% semi-skimmed 

milk, 50% whole milk, and 10% skimmed milk were used to get the data for nonspecific milk. 

Identification of outliers 

Table 2 shows that the FFQ produced some implausibly high and low nutrient intakes, some of which 

fell outside the ranges discovered by a second dietary assessment approach, the EPIC 7-day dairy, 

which is an illustration of a record method . For comparison, diary data for 4271 women and 3891 

males were provided . As a result, appropriate cut-points had to be created for after the bottom and 

top 0.5% of EI: BMR were excluded (see Table 1).  

Consumption frequency of dietary groups by status report 

The food list items were separated into 11 groups, and the average daily portion count for each group 

was calculated by adding the total reported frequency for each group. Nonalcoholic drinks and 

various snacks were not included. Due to the unpredictable nature of portion sizes, milk was also 

eliminated. After excluding those who had missing data for any questionnaire item, 17 083 people  

remained for study. BMR was estimated for these people using sex-specific formulae that took their 

age and body weight into account. 
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Dat 

(n ¼ 

Maximum CV% Me 

21.44 28.7 

318.4   25.9   3 

134.2†
 130.9 

729 32.3    9 

501 35.4    4 

89.9   35.6 

260.6†
   37.6    2 

98.7   40.0 

69.6†
    46.1 

Table 1 Cutof f  points  ut i l i s ing  the  rat io  of  consumed energy for  the  exc lus ion 

cr iterion for  excess ive  energy values  

Sex MJ
#
 

Between 

Bottom 
0.5% 

EI : BMR* 

Top 0.5% 

EI : BMR* 

Between 

EI : BMR known 

Male 

Female 

 

#0.47 

#0.55 

 

$2.45 

$3.43 

 

Where body weight not 

known 

Male 

Female 

 

- 

- 

 

- 

- 

 

$2.56         #3.12 

$4.454       #2.65 

 

Results 

Table 2's data for people before outliers were eliminated indicate that, as would be predicted, men 

consumed more mean intake of all nutrients than women. Protein had the lowest CV whereas alcohol 

had the highest. Carotene, vitamin D, total fat, vitamin C, polyunsaturated, saturated, and 

monounsaturated fats were among the other nutrients having a high CV. For women, energy intake 

ranged from 0.69 to 38.23 MJ, whereas for men it was between 1.8 and 106.02 MJ. In our cohort, all 

maximum values for nutrient intakes were higher than those discovered by the 7-day diary approach. 

Table 2 The impact of eliminating the nutritional values that fall outside of the upper 

and lower 0.5% range of the energy intake to anticipated body mass ratio (EI : BMR) 

on the food frequency questionnaire (FFQ)  

 Data prior to exclusion of outliers* (n ¼ 11 360) Data after exclusion of outliers (n ¼ 11 
248) 

 Media
n 

SD Mean Maxim
um 

Minimu
m 

CV
% 

Medi
an 

SD Mean Minim
um 

Vitamin D (mcg) 3.
13 

3.64 2.23 0.03 73.22 61.
3 

3.
1
3 

3.62 2.06 0.03 

Alcohol (g) 6.
7 

12.
3 

16.
2 

0 177
.9 

131.
7 

6.
7 

12.
3 

16.1 0 

MJ 8. 9.22 2.99 1.8 106.02 32. 8. 9.17 2.63 3.12 
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9 4 9 

Iron (mg) 12 12.
5 

4.
1 

2.2 92
.2 

32.
7 

12 12.49 3.88 2.55 

Vitamin E (mg) 12.
8 

14.
5 

7.
2 

2.1 187
.3 

49.
7 

12.
8 

14.
4 

6.8 2.1 

Polyunsaturated 
fat (g) 

13.
7 

15.
3 

7.
5 

0.9 180
.7 

49.
0 

13.
7 

15.
2 

7 1.4 

Fibre (Englyst, g) 17.
3 

18.
1 

6.
6 

1.3 115
.6 

36.
5 

17.
3 

18 6.4 1.3 

Monounsaturated 
fat (g) 

27.
9 

29.
8 

13.
3 

3.4 479
.3 

44.
6 

27.
9 

29.
5 

11.8 4.7 

Saturated fat (g) 30 32.
4 

15 3.2 404
.1 

46.
3 

30 32.
2 

13.8 3.3 

Fat (g) 78.
7 

83.
5 

34.
9 

10.5 111
4.8 

41.
8 

78.
7 

82.
9 

31.2 1
3.
4 

Protein (g) 83.
2 

85.
1 

23.
6 

13.4 477
.7 

27.
7 

83.
2 

84.
9 

22 2
3.
3 

Vitamin C (mg) 105 113 53 2 669 46.
9 

105 113 52 1
0 

Starch (g) 122 127 49 10 164
8 

38.
6 

122 127 45 1
0 

Carbohydrate (g) 259 271 98 48 358
9 

36.
2 

259 269 87 4
8 

Folate (mcg) 316 328 100 23 154
7 

30.
5 

316 327 96 7
7 

Calcium (mg) 1018 1039 316 187 656
5 

30.
4 

1018 1037 300 18
9 

Carotene (mcg) 2714 2803 1490 66 27 
870 

53.
2 

2715 2798 1447 10
7 

Potassium (mg) 3802 3875 956 1186 15 
640 

24.
7 

3802 3868 908 128
4 

 

 

Figure 6  energy intake basal metabolic rate  
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Discussion 

It is also easily updateable and versatile. Additionally, the programme includes a variety of morning 

cereals and differentiates text for brands and varieties. There aren't any additional programmes that 

are specifically written for nutritional analysis that we are aware of.  

Only a portion of the questionnaire made use of the text-matching capability to connect precise 

reported data with the nutritional database. This idea, though, might be expanded upon and used more 

widely as a method of managing data for scientific research. The ability to record data precisely as 

reported and handle it systematically at a later time is one advantage of free text entry. The number of 

cereal varieties was restricted in the previous FFQ edition, but because cereals are so important for 

nutrition, it was decided to include more information in the UK. The majority of the portion weights 

utilised in the initial validation researchSome people may have meant to answer "never," which could 

account for missing data in this questionnaire. Other possible explanations include individual 

negligence or inattention.  

Conclusion 

To sum up, we have created a versatile programme that generates nutritional information from the 

FFQ and it has been applied to a sizable population research involving both men and women in their 

middle years. The nutrient intakes were comparable to what was reported for the SHHS and Willett 

FFQs. Without additional research on portion sizes, the EPIC-FFQ is unlikely to be suitable for usage 

in other age groups. We determined that this cohort was following a standard UK diet by using 

frequencies. Although an approach to eliminate extreme energy values was devised, certain extreme 

nutrient values persisted in the data due to high and low food frequency reports, which may be a sign 

of inaccurate reporting. 
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