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The added value of food frequency questionnaire (FFQ) information to estimate the usual food intake based on repeated 24-hour recalls
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Abstract
Background
Statistical methods to model the usual dietary intake of foods in a population generally ignore the additional information on the never-consumers. The objective of this study is to determine the added value of Food Frequency Questionnaire (FFQ) data allowing distinguishing the never-consumers from the non-consumers while modeling the usual intake distribution.

Methods
Three food items with a different proportion of never-consumers were selected from the database of the Belgian food consumption survey of 2004 (N = 3200). The usual intake distribution for these food items was modeled with the Statistical Program for Analysis of Dietary Exposure (SPADE) and modeling parameters were extracted. These parameters were used to simulate (a) a new database with two 24-h recalls per respondent and (b) a “true” usual intake distribution. The usual intake distribution from the new database was obtained by modeling the 24-h recalls with SPADE, once without and once with the inclusion of the FFQ data on the never-consumers. Ratios were calculated for the different percentiles of the usual intake distribution: the modeled usual intake (g/day) (for both SPADE with and without the inclusion of FFQ data on never-consumers) was divided by the corresponding percentile of the simulated “true” usual intake (g/day). The closer the ratio is to one, the better the model fits the data.

Results
Inclusion of the FFQ information to identify the never-consumers did not improve the estimation of the higher percentiles of the usual intake distribution. However, taking into account this FFQ information improved the estimation of the lower percentiles of the usual intake distribution even when the proportion of never-consumers was low.

Conclusions
The inclusion of FFQ information to identify the never-consumers is beneficial when interested in the whole usual intake distribution or in the lower percentiles only, no matter how low the proportion of never-consumers for that food item may be. However, when interest is only in the higher percentiles of the usual intake distribution, inclusion of FFQ information to identify the never-consumers will have no benefit.
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Background
Studies comparing dietary and disease patterns in large populations provided evidence for the relation between nutrition and disease incidence. This led to the recognition that an unhealthy diet and lifestyle factors, such as a lack of physical activity, are key risk factors for developing a large variety of chronic conditions, such as cardiovascular diseases, cancer and diabetes [1–3]. This illustrates the importance of assessing the prevalence and distribution of food health indicators in the population.
Information on the diet of a population can be obtained by using a food consumption survey, where the food and nutrient intake can be assessed at an individual level. There is a large variety in dietary collection methods that are available for conducting such surveys. Many of them make use of a (repeated) 24-h recall (24HR), where the respondent is asked to reproduce all the types and amounts of foods consumed during the preceding full day. However, the measurement of the usual food intake is challenging when the number of 24HRs is limited [1, 4–10].
A first shortcoming is that an individual’s food consumption varies from day to day. In addition 24HRs suffer from measurement error, due to recall bias, the use of standard recipe files, etc. These limitations result in a substantial within-individual variability, which leads to a poor estimate of the usual intake distribution [5–9, 11–13]. In practice, the within-individual variability tends to widen the usual intake distribution, which will result in an overestimation of the more extreme percentiles [5, 6, 13]. The majority of the statistical methods consider this first drawback, by integrating out (removing) the within-individual variation from the usual intake distribution during modeling [5–7, 14–17].
The use of a limited number of 24HRs has another drawback, namely it can become very challenging to capture infrequently consumed foods, which makes it difficult to differentiate the non-consumers from the never-consumers [6, 7, 16, 18, 19]. Non-consumers are participants that sometimes consume some specific food items, but did not have consumption on any of the recall days. Never-consumers are participants who do never consume a particular food, nor on any recall day nor on any other day [1, 6, 7, 19]. This second drawback, the difficulty of differentiating the never-consumers from the non-consumers, is generally not considered during the modeling of the usual intake distribution. Also during the analysis of the BNFCS2004 (Belgian National Food Consumption Survey), the available information on the never-consumers was ignored.
A possible solution is to supplement the 24HR data with additional information about the frequency of consumption, such as the one collected with a Food Frequency Questionnaire (FFQ). The latter contains more information on the long term dietary behaviour. This approach allows for the identification of never-consumers of a given food in a population, provided that the FFQ contains a frequency category “never” [1, 6, 7, 16, 18, 19].
The objective of this study is to determine with a simulation study the added value of FFQ information to distinguish the never-consumers from the non-consumers during the modeling of the usual intake distribution. Subsequently we evaluated whether the added value depends on the proportion of never-consumers. Also Goedhart et al. [6] performed a simulation study, where they amongst others assessed the effect of the use of FFQ information to identify the never consumers. However, Goedhart et al. [6] used artificial data to assess the effect, while in this study the simulation will be based on real food items whose intake was assessed in the Belgian population during the BNFCS2004.

Methods
Data of the BNFCS 2004 study
Three- thousand two-hundred individuals, who were 15 years or older participated to the BNFCS2004. The goal of the survey was to describe the usual food consumption in Belgium in both genders and in four pre-defined age-groups (15–18 years, 19–59 years, 60–74 years and ≥75 years) separately. The sample size calculation indicated the need for 400 individuals per group. Individuals were selected using a multistage sampling procedure from the national population register [1].
The study design of the BNFCS2004 followed largely the recommendations of the European Food Consumption Survey Method project (EFCOSUM) [4, 10]. A twice repeated non-consecutive face-to-face 24HR and a self-administered FFQ (covering a 12 month period) were used to gather information on food intake. The 24HR was repeated once to obtain more details on the within-individual variation and randomly included (in a large group of individuals) all seasons of the year and all days of the week [1].
EPIC-Soft (European Prospective Investigation into Cancer and Nutrition Software) was used to obtain standardized 24HR interviews [20]; the program was adapted to the Belgian dietary context [1]. The FFQ contained a frequency category “never”, which is essential to make the distinction between (non-)consumers and never-consumers [1]. More detailed information about the study design can be found in De Vriese et al. [1] and on the website of the Scientific Institute of Public Health [2].

Statistical program to assess dietary exposure
The Statistical Program for the Assessment of Dietary Exposure (SPADE), an R package developed at the Dutch National Institute of Public Health was selected to estimate the usual intake distribution [21, 22], because both R and the SPADE package are freeware. In addition SPADE allows including information on the never-consumers without a large increase in the analysis time [21, 22]. For the data simulation we used R version 3.1.1 and SPADE version spade.rivm_v2.32.12.
SPADE provides different modeling options. This study only made use of the SPADE 2-part model which models episodical (non-daily) intake [21, 22].
The panel on the left in Fig. 1 shows the basic steps of the SPADE 2-part model without inclusion of the never-consumers information: 24HRs of all respondents are used to model (a) the intake frequency and (b) the intake amount. Combining both results in the usual intake distribution for whole the population [21, 22].[image: A13690_2017_214_Fig1_HTML.gif]
Fig. 1Basic idea of the SPADE 2-part models. Legend: The panel on the left (a) shows the SPADE 2-part model without the inclusion of the information on the never-consumers. The panel on the right (b) shows the SPADE 2-part model with the inclusion of the information on the never-consumers. Note that based on the FFQ information the population is divided into the consumers and non-consumers on one hand; and the never-consumers on the other hand [21, 22]




                        
The panel on the right in Fig. 1 presents the basics steps of the SPADE 2-part model with inclusion of the never-consumers information. The latter get assigned a zero usual intake. The modeled usual intake distribution of the (non-) consumers and the zero intakes of the never-consumers are combined to obtain the global usual intake, which will reflect the correct proportion of never-consumers [21, 22].
Figure 2 shows in detail how SPADE models the usual intake distribution. Firstly the consumption frequency is modeled with a beta-binomial model as a function of age. Secondly the consumption amount is modeled. The intake amounts are transformed to normality using a Box-Cox transformation. These transformed amounts are then modeled as a function of age by a fractional polynomial regression and all model parameters are estimated including the total residual variance. The latter has to be partitioned in the between- and within- individual variance. A Gaussian quadrature back-transformation is subsequently used to (a) integrate out the within-individual variance and (b) to back-transform the resulting shrunken distribution to the original scale [21–23].[image: A13690_2017_214_Fig2_HTML.gif]
Fig. 2Detail of the intake frequency and the intake amount modeling in the SPADE 2-part model. Legend: Firstly, the SPADE 2-part model estimate the intake frequency and then it estimates the intake amounts. Finally, the intake frequency and the intake amount are combined to obtain the usual intake distribution of (a) whole the population when information on the never-consumers is not taken into account; or (b) the consumers only when information on the never-consumers is taken into account [21, 22]




                        
In the third step the distributions of the intake frequency and intake amount are combined by a Monte Carlo simulation to obtain the usual intake distribution [21, 22].
More detailed information on the SPADE modeling can be found in Additional file 1.

Selection of the food items
We used the following criteria to select the food items used in the current study: (a) they needed to have different proportions of never-consumers, and (b) even when the proportion of never-consumers was large, the amount of participants consuming the food on both recall days had to be sufficiently large, to avoid convergence problems in SPADE (convergence problems occur when the available amount of data is insufficient to obtain an adequate model fit) [5, 21, 22].

Data simulation
The simulation of a new database
The simulated BNFCS2004 was generated by simulating two 24HRs and basic FFQ information (only information on never-consumers versus consumers). The simulated BNFCS2004 was limited to individuals, aged 15–74 years (n = 2363). The simulation was performed stratified in the three different age groups (15–18 years, 19–59 years and 60–74 years), which allows for more variation of the food consumption in function of age. The simulation took place in two stages: (a) simulate the consumers only and (b) simulate the never-consumers only (never-consumers are individuals who indicated in the FFQ that they never consumed the food item during the last 12 months).
Simulation of the consumers only – Simulated BNFCS2004 consumers only
For the simulation of the consumers, an approach similar to Souverein et al. [9] was used. SPADE can model both the intake frequency and the intake amounts in function of age [21, 22]. To avoid convergence problems only the intake amounts were modeled in function of age during the simulation.
First all never-consumers were excluded from the original BNFCS2004 database using FFQ data, resulting in a subdatabase with consumers only. Then the SPADE 2-part model without information on the never-consumers was used to obtain the usual intake distribution for consumers only from the original BNFCS2004. During the modeling some parameters were extracted: the mean usual intake for every age (μage), the within-individual standard deviation (σw), the between-individual standard deviation (σb) and the Box-Cox transformation parameter (λbc) (Fig. 3 box A).[image: A13690_2017_214_Fig3_HTML.gif]
Fig. 3Simulation of the simulated BNFCS2004. Legend: The “simulated BNFCS2004” consisting of two 24HRs per individual was simulated separately in the three age strata: the adolescents (15–18 years), the adults (19–59 years) and the elderly (60–74 years). The grey-shaded steps are performed at the transformed scale. In box A, the consumers only in the “original BNFCS2004” are modeled to extract the needed modeling parameters. In box B, these parameters were used to simulate two 24 HRs for every (non-) consumer resulting in the “simulated BNFCS2004 for consumers only”. In box C, the correct proportion of never-consumers gets assigned two 24 HRs with an intake amount equal to zero. Finally, the two 24 HRs of the (non-) consumers and the never-consumers are combined to obtain the “simulated BNFCS2004”




                              
After the extraction of all needed parameters the simulation could start on the transformed scale. Firstly the age for all respondents was simulated, making the assumption that the age was uniformly distributed in each of the three age strata. Then each respondents’ mean usual intake was simulated, using a normal distribution, with the mean equal to the age dependent mean usual intake and with the variance equal to the between-individual variance. Next two 24HRs were simulated for each respondent using again a normal distribution with the mean equal to the individuals mean usual intake (simulated in the previous step) and the variance equal to the within-individual variance. The within-individual variance was assumed to be equal for each individual. These intakes were then back-transformed to the original scale using λbc.
During this simulation also the consumption frequency must be considered. This was simulated using a beta-binomial model taking into account the mean intake frequency and the correlation of the intake frequencies (Fig. 3 box B). In a final step the distributions of the intake frequency and the intake amount were combined.

Simulation of the never-consumers – Simulated BNFCS2004 never-consumers only
The correct number of never-consumers in each age stratum was calculated based on the FFQ data of the original BNFCS2004. For each never-consumer two 24HRs with a consumption equal to zero were generated resulting in the “simulated BNFCS2004 never-consumers only” (Fig. 3 box C).


The simulation of a “true” usual intake distribution
The simulation of the simulated “true” usual intake distribution was very similar and was based on the methods described by Goedhart et al. [6], Tooze et al. [8] and Souverein et al. [9].
Simulation of the consumers only – Simulated “true” usual intake distribution consumers only
A “true” usual intake distribution was obtained by simulating 15,000 individuals, similar steps as described above were used. Instead of simulating two 24 HRs per individual, one thousand 24 h were simulated for each individual. The median intake over these thousand days can be considered as the “true” usual intake on a consumption day for that individual, consequently almost no within-individual variance was left. Taking into account the intake frequency will thus directly results in the simulated “true” usual intake distribution, without the need for additional modeling (Fig. 4, box B).[image: A13690_2017_214_Fig4_HTML.gif]
Fig. 4Simulation of the “true” usual intake distribution. Legend: The “simulated BNFCS2004” consisting of two 24-h recalls per individual was simulated separately in the three age strata: the adolescents (15–18 years), the adults (19–59 years) and the elderly (60–74 years). The grey-shaded steps are performed at the transformed scale. In box A, the needed modeling parameters were extracted by modeling the original BNFCS2004. In box B, these parameters were used to simulate one thousand 24 HRs for every consumer. The median intake over these one thousand simulated days results in the “true usual intake distribution for consumers only”. In box C, the correct proportion of never-consumers gets assigned one thousand 24 HRs with an intake amount equal to zero, which corresponds to a usual intake of zero. Finally, the usual intake distributions of the consumers and the never-consumers are combined to obtain the “simulated true usual intake distribution”




                              

Simulation of the never-consumers – Simulated “true” usual intake for never-consumers
The procedure was exactly the same as described for the simulated BNFCS2004 never-consumers only (Fig. 4 box C).
More detailed information on the simulation process can be found in Additional file 1.



Evaluation of the simulation
Firstly the center (mean and median) of the simulated BNFCS2004 and the simulated “true” usual intake distributions for consumers only must be similar to that of the original BNFCS2004 for consumers only.
Secondly the within-, between-individual and the total residual variance of the simulated BNFCS2004 should be similar to those obtained in the original BNFCS2004. However, in the simulated “true” the variance should be similar to the between-individual variance of the original BNFCS2004.

Effect of inclusion of FFQ information during modeling
To assess the usual intake distribution for the different food items for the whole Belgian population (15–74 years), the (non-)consumers and never-consumers were combined in all age strata and then all age strata were merged together. In other words the simulated BNFCS2004 was obtained by combining the simulated BNFCS2004 consumers only and the simulated BNFCS2004 never-consumers only. Similarly the simulated “true” usual intake distribution was obtained by merging the simulated “true” usual intake distribution consumers only and the simulated “true” usual intake for never-consumers. Because of the stratified design (by age) of the simulations, normalized survey weights were calculated and used during the analysis with SPADE.
Two versions of the SPADE 2-part model were used to model the simulated BNFCS2004 in order to obtain the usual intake distributions: firstly a model not including the information on the never-consumers: in this situation everyone is considered as a potential consumer. And secondly the model that considered the information on the never-consumers, which allows for taking into account the correct proportion of never-consumers in the population [21, 22]. Based on those models the weighted percentiles of the usual intake distribution were estimated (5; 25; 50; 75 and 95%). The simulated “true” usual intake distribution does not require any modeling. The same percentiles could be determined directly after taking into account the normalized weights.
The difference in the fit of both SPADE models (without and with the inclusion of information on the never-consumers) was evaluated using relative differences. The ratios of the modeled usual intake distributions (obtained from the simulated BNFCS2004) versus the simulated “true” usual intake distribution were calculated. E.g. the usual intake amount (g/day) obtained by one of the SPADE models was divided by the corresponding usual intake amount (g/day) obtained by the simulated “true” usual intake distribution, and this for all percentiles. The closer the ratio is to one, the better the SPADE 2-part model resembles the simulated “true” usual intake distribution at the given percentile.
The relative differences obtained by both models were also plotted in a graph in function of the percentiles. Two specific outcomes with undefined ratios were taken into account: (a) when a ratio of (0 g/day)/(0 g/day) is obtained, which indicates a perfect fit, the ratio will get assigned a value of one, and (b) the ratio (x g/day)/(0 g/day) will get assigned an artificial value of 0.6 to make clear in the graphs that the fit was not perfect.
Goedhart et al. [6] suggested that three replicate simulations are sufficient to check whether replicates are similar. Therefore a sensitivity analysis was done by repeating the simulation three times (four simulations in total) to evaluate the variability of the simulations.
The above described procedure was performed for three different food items (water, cheese and fat spread) with a different proportion of never consumers (respectively 1.9, 6.7 and 31.7%).


Results
Selected food items
Three food items, being water, cheese and fat spread were selected for the purpose of this study. The main characteristics can be found in Table 1.Table 1The selected foods with their (weighted) percentage of never-consumers and daily consumers, Belgian National Food Consumption Survey 2004


	 	Percentage of never-consumers
	Weighted percentage of never-consumers
	Daily consumers

	Water
	1.9%
	1.8%
	79.0%

	Cheese
	6.7%
	4.6%
	23.3%

	Fat Spread
	31.7%
	29.1%
	39.3%


The BNFCS2004 made use of stratified sampling. To make the sample representative for the whole Belgian population (between 15 and 74 years) a weighting factor was calculated to compensate for the unequal sampling probability. The weighting factor can be used to convert the percentage of never-consumers towards the weighted percentage of never-consumers



                        
Table 1 shows that all food items fulfill the predefined requirements. Firstly the proportion of never-consumers and the weighted proportion of never-consumers is different for the selected food items. Secondly the proportion of daily consumers for all food items is sufficiently large to avoid convergence problems in SPADE [5, 21, 22].

Evaluation of the simulation
In order to double check the simulation process, the usual intake distribution of the simulated BNFCS2004 and the simulated “true”, both for the consumers only, were compared with the results obtained from the original BNFCS2004 for the consumers only. The estimated usual intake distributions for the water, the cheese and the fat spread dataset for the consumers-only are shown in Table 2A-C, for one of the four simulations.Table 2Usual intake distribution (g/day) for consumers only in the different age strata, Belgian National Food Consumption Survey 2004


	A. Water

	 	
                              [image: $$ {\sigma}_{b, t}^2 $$]
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                              σ
                              2
                            
	mean
	P0.05
	P0.25
	P0.5
	P0.75
	P0.95

	15–18 year

	Original BNFCS2004
	3.4
	4.7
	8.1
	600
	81
	330
	547
	808
	1304

	Simulated BNFCS2004
	2.9
	4.0
	6.9
	601
	69
	329
	553
	807
	1302

	Simulated “True”
	/
	/
	3.3
	595
	82
	324
	540
	807
	1282

	19–59 year

	Original BNFCS2004
	7.6
	6.2
	13.8
	712
	99
	372
	630
	960
	1596

	Simulated BNFCS2004
	10.2
	8.5
	18.7
	668
	91
	336
	585
	905
	1528

	Simulated “True”
	/
	/
	7.5
	711
	94
	367
	630
	961
	1581

	60–74 year

	Original BNFCS2004
	9.5
	5.3
	14.8
	610
	75
	286
	515
	828
	1474

	Simulated BNFCS2004
	8.0
	4.1
	12.1
	602
	73
	280
	504
	815
	1467

	Simulated “True”
	/
	/
	9.6
	608
	71
	281
	510
	825
	1458

	B. Cheese

	15–18 year

	Original BNFCS2004
	0.40
	1.61
	2.01
	30
	9
	19
	28
	39
	58

	Simulated BNFCS2004
	0.33
	1.74
	2.07
	29
	10
	19
	27
	37
	54

	Simulated “True”
	/
	/
	0.40
	30
	8
	18
	28
	39
	59

	19–59 year

	Original BNFCS2004
	0.26
	0.93
	1.19
	34
	8
	21
	32
	45
	68

	Simulated BNFCS2004
	0.40
	1.22
	1.62
	34
	7
	20
	32
	45
	69

	Simulated “True”
	/
	/
	0.26
	35
	8
	21
	33
	46
	70

	60–74 year

	Original BNFCS2004
	0.23
	0.33
	0.56
	29
	5
	15
	25
	38
	65

	Simulated BNFCS2004
	0.21
	0.28
	0.49
	28
	6
	14
	24
	37
	63

	Simulated “True”
	/
	/
	0.23
	28
	5
	14
	25
	38
	64

	C. Fat Spread

	15–18 year

	Original BNFCS2004
	0.72
	0.99
	1.71
	12
	2
	5
	9
	15
	31

	Simulated BNFCS2004
	1.22
	0.68
	1.90
	11
	1
	4
	7
	14
	32

	Simulated “True”
	/
	/
	0.71
	12
	2
	5
	9
	15
	30

	19-59 year

	BNFCS2004
	1.38
	1.16
	2.54
	20
	2
	7
	13
	25
	58

	Simulated BNFCS2004
	1.51
	1.18
	2.69
	20
	3
	7
	14
	26
	58

	Simulated “True”
	/
	/
	1.49
	20
	2
	7
	14
	25
	60

	60–74 year

	BNFCS2004
	3.03
	2.18
	5.21
	33
	5
	14
	26
	44
	84

	Simulated BNFCS2004
	2.67
	2.27
	4.94
	35
	6
	16
	28
	46
	85

	Simulated “True”
	/
	/
	3.02
	33
	4
	14
	26
	45
	85



                                    Abbreviations: original BNFCS2004 the usual intake distribution obtained from the original BNFCS2004 data, simulated BNFCS2004 the usual intake distribution obtained from the simulated BNFCS2004 data, simulated “true” the usual intake distribution obtained from the simulated “true” intake data. The table also shows the residual variance (σ
                                    2) and the division of this variance in the within ([image: $$ {\sigma}_{w, t}^2 $$])- and between ([image: $$ {\sigma}_{b, t}^2 $$])-individual variance, these variances were estimated on the transformed scale



                        
The usual intake distributions (g/day) for consumers only obtained by the original BNFCS2004, the simulated BNFCS2004 and the simulated “true” are shown in Table 2A-C. The mean and median of the usual intake distributions are very similar for all three food items. However, the differences in the usual intake distributions for consumers only becomes larger in the more extreme percentiles. Probably this is caused by the difference in the within- and between-individual variance in the original BNFCS2004 and the simulated BNFCS2004. Meanwhile the between-individual variance is similar in all age strata for the original BNFCS2004 and the simulated “true”, which is a consequence of the method used to simulate the simulated “true” usual intake distribution.

Effect of the inclusion of FFQ information during modeling
After adding the correct proportion of never-consumers in each of the age strata, the three age-strata of the water, cheese and fat spread dataset were combined. The usual intake distribution for the whole population (both (non-)consumers and never-consumers) was obtained by modeling the simulated BNFCS2004 with the SPADE 2-part model, once with and once without the inclusion of the FFQ information on the never-consumers. The obtained usual intake distributions for the whole Belgian population (15–74 years), together with the relative difference as compared to the simulated “true” usual intake distribution are shown in Table 3A-C for water, cheese and fat spread for one of the four simulations.Table 3Usual intake distribution (g/day) for the whole (consumers and never-consumers) Belgian population (15–74 years), after weighting, Belgian National Food Consumption Survey 2004


	A. Water

	 	P0.025
	P0.05
	P0.25
	P0.5
	P0.75
	P0.95
	P0.975

	Simulated BNFCS2004
Without FFQ information
	27
	60
	283
	515
	817
	1420
	1667

	Simulated BNFCS2004
With FFQ information
	10
	51
	280
	508
	811
	1423
	1678

	Simulated “true”
	11
	58
	335
	593
	921
	1535
	1778

	Without/“true”
	2.45
	1.03
	0.84
	0.87
	0.89
	0.93
	0.94

	With/“true”
	0.91
	0.88
	0.84
	0.86
	0.88
	0.93
	0.94

	B. Cheese

	Simulated BNFCS2004
Without FFQ information
	2
	4
	15
	26
	40
	67
	78

	Simulated BNFCS2004
With FFQ information
	0
	1
	16
	28
	42
	70
	82

	Simulated “true”
	0
	2
	18
	30
	44
	67
	77

	Without/“true”
	/
	2
	0.83
	0.87
	0.91
	1.00
	1.01

	With/“true”
	/
	0.5
	0.89
	0.93
	0.95
	1.04
	1.06

	C. Fat spread

	Simulated BNFCS2004
Without FFQ information
	0
	0
	2
	8
	21
	56
	75

	Simulated BNFCS2004
With FFQ information
	0
	0
	0
	8
	20
	51
	67

	Simulated “true”
	0
	0
	0
	8
	22
	58
	75

	Without/“true”
	/
	/
	/
	1
	0.95
	0.97
	1

	With/“true”
	/
	/
	/
	1
	0.91
	0.88
	0.89



                                    Abbreviations: without FFQ information usual intake distribution, distribution of the simulated BNFCS2004; without inclusion of FFQ information on the never consumers, with FFQ information the same but after inclusion of the information on the never consumers; simulated “true” simulated “true” usual intake distribution, without/“true” the ratio of without FFQ information to simulated “true”, with/“true” the ratio of with FFQ information to simulated “true”



                        
The usual intake distributions for the whole population obtained after SPADE modeling (with and without FFQ information) are similar to the simulated “true” usual intake distribution for cheese and fat spread. The absolute values are somewhat different for water, however the relative differences are not that large and are similar to those found in the cheese dataset (Table 3A-C). For all three foods the largest difference in the usual intake distributions between the SPADE model without versus with FFQ information was observed for the lower percentiles. Taking into account the correct proportion of never-consumers resulted in a downwards correction of the usual intake at the lower percentiles. In addition there could be estimated correctly that the proportion of never-consumers was higher than 2.5% for cheese and higher than 25% for fat spread. The influence of the inclusion of the information on the never-consumers while estimating the median and the higher percentiles seemed to be limited for all three food items.
The relative difference of the usual intake distribution without and with inclusion of FFQ information obtained from the simulated BNFCS2004, to the simulated “true” usual intake distribution for the whole population were plotted in function of the corresponding percentiles. Figure 5 shows the results of the simulation together with three replicate simulations to get an idea of the variability of the simulations for the water, cheese and fat spread dataset.[image: A13690_2017_214_Fig5_HTML.gif]
Fig. 5Relative fit of the SPADE 2-part model without/with inclusion of FFQ information on never-consumers, Belgian National Food Consumption Survey 2004. Legend: Relative differences of the usual intakes in function of the percentiles for four replicate simulations. Without FFQ presents the ratio of the usual intake amount (g/day) obtained with the SPADE 2-part model without FFQ information on never-consumers, divided by the simulated “true” usual intake amount (g/day). With FFQ the same, but with the inclusion of the FFQ information on never-consumers. The reference line represents a ratio of one, a ratio equal to one indicates that the model fitted by the SPADE 2-part model gives exactly the same result as the simulated “true” usual intake distribution




                        
Figure 5 confirms the observations from Table 3A-C. When the FFQ information on never-consumers is used we found that (a) the proportion of never-consumers can be estimated more correctly and (b) the usual intake at the lower percentiles obtained a downwards correction. The benefits of the inclusion of information on the never-consumers, already shows up when the proportion of never-consumers is low (e.g. the water dataset). However, the benefits from the inclusion of the information on the never-consumers increases as the number of never-consumers increases.
To allow the within simulation comparison of the effect of the inclusion of FFQ information, the Additional file 2 contains one figure per simulation.


Discussion
The inclusion of FFQ information for the estimation of the usual intake distribution is possible in two different ways: (a) use of FFQ information as a covariate or (b) use of the basic FFQ information to identify the correct proportion of never-consumers [6]. The main goal when using the FFQ information as a covariate is to improve the estimation of the intake frequency [6, 7, 16, 18, 19], whereas inclusion of the FFQ information to identify the never-consumers allows for reflecting the correct proportion of never-consumers in the population [6, 16, 19]. This study focused on the second option. Goedhart et al. [6] performed a large simulation study and studied amongst others the effect of the use of FFQ information to identify the never-consumers. The current study is somehow similar, but using the SPADE method only. In addition the simulations in this study were based on real food items that were assessed in the Belgian population, whereas in Goedhart et al. [6] the usual intake data were artificial.
Evaluation of the simulation
The mean and the median for the consumers only of the simulated BNFCS2004 and the simulated “true” are similar to those in the original BNFCS2004. The within- and between- individual variance are different in the original BNFCS2004 and the simulated BNFCS2004. A possible explanation of such a difference could be the small number of simulated cases, e.g. for the water dataset 745 adolescents, 807 adults and 766 elderly. However, as expected, the between-individual variance in the original BNFCS2004 and the variance of the simulated “true” usual intake are similar [6, 8]. The SPADE 2-part model namely states to estimate the between- and within-individual variance, since the aim is to estimate the usual intake distribution of the population, SPADE will remove the within-individual variance from the usual intake distribution [21, 23]. As a consequence the variance of the original BNFCS2004 usual intake distribution will be equal to the between-individual variance. Simulating 1000 recall days for each individual in the simulated “true” database corresponds to following these individuals during 2 years and 8 months. When an individual is followed for so many days, the usual intake of that individual is more certain, and (almost) no within-individual variance will be left [6, 8]. The variance in the simulated “true” usual intake is indeed nearly equal to the between-individual variance observed in the different age strata in the original BNFCS2004, as shown in Table 2A-C.
Since the interest lays in estimating the usual intake at population level, rather than the individual intake, the goal is to integrate out the within-individual variance from the data, to obtain a usual intake distribution where only the between-individual variance is considered [5]. This approach assumes that the mean of a sufficient amount of 24HRs in one individual results in the “true” usual intake of that individual. This implicates the assumption that the 24HR is unbiased at the individual level [7, 8]. However, biomarker studies of dietary intake showed that self-report instruments are biased [24–27].
A limitation during modeling was related to the fact that the simulation was performed in the three age strata separately. As a consequence the whole population simulated “true” usual intake distribution consists of three fitted models, more precisely one model in each age stratum. At first sight the same is happening in the simulated BNFCS2004, but the difference is that the data are remodeled by the SPADE 2-part model, after merging the three age strata together. At this point only one model is fitted for the complete age range and this affects the usual intake distribution. For instance the water dataset: when working in the different age strata (three models) it was shown that the water consumption was highest in the adults age group (534 g/day in adolescent, 619 g/day in adults and 499 g/day in elderly). However, when the SPADE 2-part model (only one model) was used on the simulated BNFCS2004 data, the intake amount seemed to decrease with the age from 539 g/day in adolescents to 525 g/day in adults and 428 g/day in elderly. In addition the adults age group was underrepresented most and received the highest weight [28]. All this together resulted in a higher usual intake of water in the simulated “true” usual intake distribution and an underestimation of the intake of water when the SPADE 2-part model was used on the simulated BNFCS2004.
Another observation is that in the fat spread dataset the SPADE 2-part model without FFQ information on never-consumers (which does not take into account the proportion of never-consumers) predicts zero intakes for both P0.025 and P0.05. There are two possible explanations for those results: (a) because of the larger proportion of days without intakes, intake amounts will be regularly multiplied with an intake frequency close to zero, (b) at the same time fat spreads are consumed in rather small quantities. In this situation the benefit of the inclusion of FFQ information is no longer present in the lowest percentiles (e.g. P0.025 and P0.05 in the fat spread dataset). However, benefits were still present in the percentiles just above (e.g. P0.25 in the fat spread dataset).

Effect of the inclusion of FFQ information during modeling
Inclusion of FFQ information to identify the never-consumers is not beneficial while estimating the higher percentiles of the usual intake distribution. On the other hand the results indicate that using the FFQ data to identify the never-consumers is crucial while estimating the lower percentiles of the usual intake distribution, even when the proportion of never-consumers is low. E.g. a benefit was seen for water where only 2% indicated to be a never-consumer. Both results were in accordance with the findings in the simulation study of Goedhart et al. [6].
This means in practice that when interest is in the food safety issue, the goal is typically to focus on the consumers with the highest intake, as the high consumers are at risk [6, 29]. Since inclusion of FFQ information on the never-consumers does not seem to improve the estimation of the higher percentiles, inclusion of this information will probably have no benefits.
On the other hand if interest is in the food adequacy issue, the interest is typically in the individuals with the lowest intake [29]. Since inclusion of information on never-consumers improves the estimation of the lowest percentiles, inclusion of the information on the never-consumers will be beneficial. In a national food consumption survey the usual intake distribution of the whole population is measured, both upper and lower percentiles are of interest in this situation [6, 29]. Again inclusion of the FFQ information on the never-consumers will be beneficial to better estimate the lower percentiles of the usual intake distribution. Finally the benefit of inclusion of FFQ information on never-consumers to estimate the lower percentiles of the usual intake distribution becomes larger, as the proportion of never-consumers increases.

Strength and limitations of the study
The simulation was performed in the three age strata separately, with the consequence described above. In addition, this age stratification also limited the number of food items that could be selected. Namely, the number of individuals with consumption on both recall days had to be sufficiently large in all subgroups to avoid convergence problems in SPADE [5, 21, 22]. Though this problem is not unique for SPADE, also other statistical modeling methods, like the ISU (Iowa State University) and the NCI (National Cancer Institute) method require a sufficient number of respondents with at least two positive intake days in order to avoid convergence problems [7, 19, 30]. The decision to perform this simulation in the three separate age strata was made because usual intakes can vary substantially depending on the age of the individuals [7, 8, 31]. This was also shown in the results section, especially for fat spread and water. When all age groups would have been simulated at the same time, the differences over the age groups would no longer be present in the same magnitude. Since SPADE can take into account the age during modeling, a part of the age effect would still be captured [21, 22].
The added value of the current study is that the simulation was performed on the basis of real data, which allows a better evaluation of the effect of the inclusion of information on never-consumers in a real life situation. In addition, in the current simulation some difficulties were encountered in the translation from theory to practice. Firstly, it is not always easy to make a straightforward link between the FFQ questions and the food items obtained from the 24HR. This illustrates at the same time the importance of constructing the FFQ questions in function of the analysis that are planned. Secondly, the use of real data showed convergence problems, when the number of respondents with two positive intakes during the recall days became too low, as was shown in other studies [7, 16, 19, 30]. Such convergence problems occur more often during subgroup analysis, because of the smaller number of observations. These kinds of problems are more difficult to spot when the simulation is purely theoretical.


Conclusions
The inclusion of FFQ information to identify the never-consumers improves the estimation of the usual intake distribution, but only at the lower percentiles. When interest is in the whole usual intake distribution (lower and upper percentiles) or interest is only in the lower percentiles of the usual intake distribution, inclusion of this FFQ information is beneficial even when the proportion of never-consumers is low. However, when interest lies only in the higher percentiles of the usual intake distribution, inclusion of FFQ information on the never-consumers will have no benefit.
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