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Abstract

Objective: To investigate item non-response in a postal food-frequency ques-
tionnaire (FFQ), and to assess the effect of substituting/imputing missing values
on dietary intake levels in the Norwegian Women and Cancer study (NOWAC).
We have adapted and probably for the first time applied k nearest neighbours
(KNN) imputation to FFQ data.
Design: Data from a recent reproducibility study were used. The FFQ was mailed
twice (test–retest) about 3 months apart to the same subjects. Missing responses in
the test FFQ were imputed using the null value (frequencies 5 null, amount 5

smallest), the sample mode, the sample median, KNN, and retest values.
Setting: A methodological substudy of NOWAC, a national population-based
cohort.
Subjects: A random sample of 2000 women aged 46–75 years was drawn from the
cohort in 2002 (response 75%). The imputation methods were compared for 1430
women who completed at least 50% of the test FFQ.
Results: We imputed 16% missing values in the overall test data matrix. Compared
to null value imputation, the largest differences in estimated dietary intake were
seen for KNN, and for food items with a high proportion of missing. Imputation
with retest values increased total energy intake, indicating that not all missing
values are caused by respondents failing to specify no consumption, and that null
value imputation may lead to underestimation and misclassification.
Conclusion: Missing values in FFQs present a methodological challenge. We
encourage the application and evaluation of newer imputation methods,
including KNN, which may reduce imputation errors and give more accurate
intake estimates.
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Postal food-frequency questionnaires (FFQs) have long

been the standard tool for assessing diet in large-scale

nutritional epidemiological studies. The method has

many advantages but respondents may return incomplete

FFQs, in particular when there is no in-person contact.

Missing answers to individual food items, referred to as

item non-response, present both computational and

conceptual problems in the estimation of dietary intake.

One approach to handling missing values is imputation,

or the practice of ‘filling in’ plausible values for the

skipped items. Imputation is practical because it creates a

complete data set at the outset, which can be used as

input for dietary intake calculation programs. It prevents

loss of statistical power caused by subject exclusion and

potential selection bias when the exclusion is related

to characteristics of the subjects. On the other hand, it

may seem conceptually problematic. Item non-response

usually occurs for reasons unknown to the researcher,

and imputation may distort estimates, standard errors and

P values of tests1. However, statistical procedures for

handling missing data are a developing field and the

methods are improving2, although there are few exam-

ples of more advanced methods being applied to FFQ

data. Challenges may include a large number of variables,
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which must be aggregated to calculate the intake of food

groups and nutrients, few respondents with complete

data, dependent questions (e.g. frequency and portion

size for the same food item) and an underlying missing-

data mechanism that is not completely random. Most

studies using FFQs do not describe how item non-

response has been handled, as previously pointed out3,

but to assume no consumption4–6, or to impute the

median value7, or a combination of the two8 appear to be

the most common practices after an initial exclusion of

subjects. A few studies have evaluated different single

imputation methods, including the null value compared

to either the complete data4,9 or the median value3.

Multiple imputation (MI), a more modern procedure, was

compared to single imputation and analysis of the com-

plete data in the GISSI-Prevenzione study10. MI has also

been applied in the Nurses’ Health Study11. However, the

published literature on the estimation of missing values in

FFQs is still small, and there is currently no recommended

practice.

The objective of our study was to investigate item non-

response in a postal FFQ, and to assess how different

methods for imputing missing values affect dietary intake

levels using data from the Norwegian Women and Cancer

study (NOWAC). We compare the common methods in

nutritional epidemiology of imputing the null value, or

the median value, to k nearest neighbours (KNN) impu-

tation, a widely used procedure for missing entries in

microarray data12. We have here adapted and applied

KNN imputation to FFQ data, which is new to our

knowledge. We also impute the mode value and use a

repeated measurement of the FFQ on the same subjects to

investigate the assumption that missing values imply no

consumption.

The missing data problem in dietary intake

calculations

The calculation of dietary intake from an FFQ is a chain of

arithmetic operations and data aggregation. The first step

is generally to estimate the food weights (grams per day)

by converting the reported consumption frequencies to

intakes per day and multiplying by the usual portion sizes

(reported in the FFQ or determined by the investigator).

The food weights are then added directly for each indi-

vidual to create food group variables, e.g. ‘dairy pro-

ducts’. The food weights are also multiplied by the

nutrient and energy values per 100 g of food (adjusted for

inedible waste) from a food composition table or data-

base. The contribution from each food is subsequently

added for each individual to create nutrient and energy

intake variables. non-response to food frequencies or

portion sizes will generate missing food weights and

missing values in aggregated variables. An illustrative

example is energy intake, a key variable in many ana-

lyses. Because most foods provide energy, total energy

intake from the FFQ will usually be missing for respon-

dents skipping one or more food item(s). If the majority

has skipped at least one item, it may seem more rea-

sonable to add the contributions from the available items

rather than to report missing for energy intake. But to just

add the non-missing items, or to impute missing with the

null value, may lead to underestimation and biased

results, unless it is certain that the skipped food items

were not consumed. Some calculation programs add non-

missing items automatically and make it easy to overlook

the missing data problem, while others may require a

complete data set. Since dietary intake is often calculated

with programs that are questionnaire- or study-specific

and not commercially available, it is impossible to know

how non-response has been handled, unless explicitly

stated. The EPIC-Norfolk study sets a good example by

describing their computer program13.

Subjects and methods

Study design

NOWAC is a national population-based cohort study

primarily designed to study risk factors for cancer, with

102 443 women enrolled at age 30–70 years from 1991 to

1997. The cohort has been described in detail else-

where14. A part of NOWAC composes the Norwegian

sub-cohort in the European Prospective Investigation into

Cancer and Nutrition (EPIC). Updated information about

NOWAC can be found on the website (http://uit.no/kk/

nowac/). Exposure information is collected by a self-

instructive health and lifestyle questionnaire (eight pages)

developed specifically for the cohort. The questionnaire

is administered by post and optically read. The FFQ

covers four consecutive pages within the larger ques-

tionnaire. The present study uses data from the repro-

ducibility study of the FFQ15. The questionnaire was

mailed twice (test and retest) to the same subjects, about

3 months apart in February/March and May/June 2002. In

the present study, we have imputed missing values in the

test FFQ. The retest was used to study how missing

responses in the test were reported 3 months later.

Subjects

A random sample of 2000 women was drawn from the

cohort for the reproducibility study. The procedure has

been previously described15. Five women had not given

informed consent to further contact and were therefore

excluded. The retest questionnaire was returned by 1496

(75%) of the 1995 women, but three had left the entire

FFQ section blank. The imputation methods were com-

pared for 1430 (96%) of the 1496 women who had

completed at least 50% of the test FFQ. The exclusion was

done to study the effects of imputation in a sample likely

to be included in a regular epidemiological analysis of
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e.g. diet and cancer. All subject characteristics were based

on self-reported information in the test and retest ques-

tionnaires, except for age, which was taken from the

national population registry.

The FFQ

The FFQ structure and the dietary intake calculations

have been described elsewhere15, as well as the repro-

ducibility and validity of the questionnaire15,16. In short,

the FFQ is designed to assess habitual diet over the past

year, with emphasis on fish and other traditional food

items in the study population. The FFQ is mostly struc-

tured as smaller blocks or grids with two to nine similar

items grouped together under a question heading, but

with some single questions about only one food item.

Food quantity is estimated by assigning standard portions,

or by separate portion size questions. The response

options for consumption frequencies and portion sizes

are predefined and listed in increasing order with check

boxes to facilitate completion and optical reading. For

consumption frequencies, the first alternative is always

‘never/rarely’.

The dietary intake was calculated from a total of 132

questions (consumption frequencies 5 91, types of fat

used on bread 5 7, amounts 5 28, time of year for the

consumption of different species of fish 5 6). The food

groups were based on the classification system in the

EPIC-SOFT program for conducting 24-hour dietary

recalls in the EPIC study17, but with some modifications15.

The daily intake of food groups, energy, and nutrients

was calculated using an analysis program developed at

the Institute of Community Medicine, University of

Tromsø, for SAS software.

Definition of missing values

All non-responses in an FFQ may not be considered

missing values if e.g. respondents are directed to skip

questions that are not relevant. In the present study,

missing portion sizes were permitted if the consumption

frequency was ‘never/rarely’. Missing frequencies were

permitted for fish if the preceding question about the time

of year for consumption was ‘never/rarely’. To identify

users of cod liver oil supplements and alcohol, an intro-

ductory yes/no question was included, e.g. ‘Do you take

cod liver oil (liquid)?’ If the answer was ‘no’, it was per-

mitted to skip further questions about consumption.

The response option ‘Do not use fat on bread’ was

listed before types (maximum 7) and the usual amount/

layer (e.g. ‘thin’) on a slice of bread could be specified.

‘Do not use fat on bread’ and types of fat composed a

group of eight separate 0/1 variables, each with one

check box to confirm ‘yes’. This layout presents a chal-

lenge because the answer ‘no’ cannot be distinguished

from a missing value when the box is left open. However,

if both the use of fat and all types of fat had open boxes,

this was interpreted as missing information and defined

as one missing value because either ‘Do not use fat on

bread’ or at least one type should have been marked.

Item non-response in the FFQ was evaluated for 136

questions (132 about frequencies, amounts, types of fat

and seasonality, and four yes/no questions about user

status). But since the eight check boxes for fat on bread

could give only one missing value, the maximum number

of missing values was 129.

Methods used for imputing missing values

No consumption and the smallest portion size

The original NOWAC program for calculating dietary

intake imputes missing consumption frequencies with the

null value (no consumption) and missing portion sizes

with the smallest portion, for a conservative intake esti-

mate. Thus, the food quantity will be null for all missing

frequencies. When all information about fat on bread is

missing, the null value is imputed. If only type is missing,

the most common type (soft margarine) is imputed.

A factor of 0.5 corresponding to half the year is assigned

for missing information about seasons for the consump-

tion of different species of fish. When the initial yes/no

questions about the use of cod liver oil supplements

and alcohol are missing or create inconsistent responses

(e.g. do not take supplements, but the frequency is every

day), the frequency response has priority. The method

described here was used as the reference and compared

to the other methods described below. In all methods,

permitted missing values were treated as null intake.

Mode and median

Substitution by the sample mode or median may be

described as cross-sectional imputation techniques, since

the values are taken from the available data in the same

data set. Missing values for user status were imputed by

the most frequent answer, i.e. to use fat on bread and

drink alcohol, but not take cod liver oil supplements.

Missing values in frequencies and amounts were then

imputed based on reported or imputed user status (null

value for non-users, and the mode/median for users).

Most users specified one type of fat on bread. Therefore,

the most common type was imputed.

Retest values

Missing values in the first FFQ measurement (test) were

imputed by non-missing values in the second measure-

ment (retest) of the same individual. This may be regar-

ded as longitudinal imputation, although the time to the

retest was relatively short. The consumption frequency

and amount questions for a given food item were impu-

ted as a pair, i.e. if one value was missing in the test then

both values were taken from the retest. In the case where

the pair of retest values (frequency and amount) was

incomplete, the missing test value was imputed if the

retest value was available. There were retest answers for
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50% of the values missing in the test. Residual missing

values in frequencies were treated as null intake and

residual missing in amounts as the smallest portion size.

k nearest neighbours imputation

When applying KNN imputation to FFQ data, missing

values for each respondent were imputed using values

from the k most similar respondents. The idea behind

KNN imputation12 is to take advantage of positive corre-

lations between rows. It is assumed that information

about the missing values in row p is best provided by the

k rows most similar to row p (the k nearest neighbours). A

missing value in row p (here respondent p) in column c

(here question c) is therefore imputed by averaging the

values that the k nearest neighbours have in column c.

The k nearest neighbours must have non-missing entries

in column c. The similarity between row p and row p0 is

measured by the Euclidean distance between the two

rows (omitting the columns for which row p and/or

row p0 have missing values), divided by the number of

columns where both row p and row p0 have non-missing

entries. KNN imputation performs best when there are

strong positive correlations between rows.

To adapt KNN imputation to the FFQ setting, we

modified the function impute.knn in the package

impute18 for the statistical software R. First, when com-

puting the distance between two rows, we scaled all

columns so that the columns contribute to the distance on

the same scale. Second, because the FFQ data are catego-

rical, the imputed values were rounded to the nearest

category. Third, the set of seven questions regarding type

of fat used on bread were highly dependent (most

respondents reported only one type) so that we had to

tailor the imputation to handle the dependency. Last, we

introduced conditional imputation to prevent permitted

missing responses, as defined earlier, from being impu-

ted. A necessary condition for using KNN imputation on

categorical variables is that the categories are either

ordered or binary, which was the case in this study.

When applying KNN imputation, the number of nearest

neighbours (k) must be specified. Troyanskaya et al.12

have showed the optimal k to be between 10 and 20 for

microarray data, and the default value in the software is

10. To determine a k value for the FFQ data, we calcu-

lated the root-mean-squared error (RMSE) for the KNN

imputed data with k between 5 and 135, as well as for the

data imputed with the null value and the mode and

median (Fig. 1). The RMSE calculation was based on the

subset of missing test data for which the retest data were

non-missing. The non-missing retest data were used as

the reference, since the true values for the responses

missing in the test are unknown. Therefore, we also

added the RMSE for test vs. retest for the subset of values

which was non-missing in both data sets. Based on Fig. 1,

three different values of the parameter k (10, 20 and 60)

were selected to study the effects on the estimated energy

and nutrient intake from the KNN imputed data

(Appendix). The intake was stable, although a negligible

decrease could be spotted for increasing values of k. In

the main tables we used k 5 20.

Statistical analysis

The proportion of missing in the FFQ was calculated for

each individual by dividing the number of missing values

by the maximum number possible (129 minus the per-

mitted missing values). The distribution was skewed, so

the proportion of missing (%) is presented as the median

value with lower and upper quartiles (Q1, Q3) by

categories of selected background variables (Table 1).

Estimated dietary intake is presented as the median value

for the null imputed data, and as within-person differences

for the other methods relative to the null imputation. The

within-person differences did not fulfil the normality

assumption and are therefore presented as both mean

and median with quartiles (Q1, Q3). Distribution free

confidence limits (95%) for the median differences were

also calculated, but not included due to the large number

of null values, for which the upper confidence limits were

generally also null. We used SAS 9.1 for the data analysis

and all imputations, except KNN, which was done with R

software.

Results

Rate of missing in the FFQ

The overall data matrix for the 1496 respondents and 136

FFQ variables had 18% missing values for the test and

16% for the retest FFQ, after controlling for permitted

missing values. The FFQ was fully completed by an equal

proportion of respondents in the test and the retest (6%).
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Fig. 1 RMSE for different values of the parameter k in KNN
imputation of the test food-frequency questionnaire with non-
missing retest data as the reference. The curve is compared to
imputation with the null, mode and median values. The RMSE
for test vs. retest for the subset of values which was non-
missing in both data sets is also included (n 5 1430) (KNN – k
nearest neighbours; RMSE – root-mean-squared error)
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After excluding individuals with .50% missing in the test,

the test data matrix for the remaining 1430 (96%)

respondents had 16% missing values, which were

imputed. Respondents had a median value (Q1, Q3) of

13% (5, 25) missing values.

Table 1 shows how the proportion of missing values (%)

in the test and retest FFQ varied by categories of selected

background characteristics of the respondents. The median

proportion increased with age and decreased with

household income up to 450 000 NOK. The proportion

was $16% in the oldest age group (66–75 years), in the

lowest household income group (,150 000 NOK), and

among widows and teetotallers. Health status, trying to

lose weight, smoking status, supplement use and days

used to return the FFQ appeared to have little or no effect.

The percentage of imputed values for consumption

frequencies ranged from , 1% for potatoes to 50% for

instant coffee (Table 2). The median value (Q1, Q3) was

12% (6, 25). All items that were not part of question

blocks had # 4% missing, e.g. potatoes, yoghurt, break-

fast cereal, shellfish and eggs. Unspecific questions about

‘other’ items included at the end of some blocks, e.g. for

fruits, vegetables, meat dishes and fish, had a relatively

high percentage of missing with 27–38%. Most items with

$30% missing were part of question blocks listing several

types of the same item, e.g. types of milk, cheese, bread

and coffee. Items with a high percentage of missing

values in the test also tended to have a high percentage of

missing in the retest.

Effects of imputation on dietary intake

Table 2 shows the daily intake of food groups after the

missing values in the test FFQ were imputed. Imputation

Table 1 Median (quartiles) for the proportion of missing values (%) in the food frequency questionnaire (test and retest) by selected
background characteristics of the respondents, n 5 1496*

Test, % missing Retest, % missing

Characteristic n Median (Q1, Q3)- n Median (Q1, Q3)

Age (years)
46–55 465 9 (3, 21) 465 8 (3, 17)
56–65 701 13 (5, 26) 701 11 (4, 23)
66–75 330 23 (12, 33) 330 18 (8, 32)

Household income (1000 NOK)-

-

,150 178 24 (11, 34) 181 20 (7, 33)
151–300 398 14 (6, 27) 422 12 (5, 25)
301–450 398 12 (5, 22) 397 9 (4, 20)
451–600 231 10 (3, 21) 222 9 (3, 18)
.600 179 9 (4, 20) 180 8 (3, 18)

Marital statusy
Married – 1063 11 (5, 23)
Cohabiter – 80 7 (3, 14)
Unmarried – 42 8 (2, 26)
Divorced – 143 9 (4, 24)
Widowed – 157 16 (8, 30)

Health status
Very good 378 14 (5, 25) 384 10 (4, 23)
Good 911 13 (6, 26) 927 12 (5, 24)
Poor/very poor 146 15 (7, 30) 139 10 (4, 25)

Try to lose weight
Yes 540 12 (5, 25) 565 10 (4, 21)
No 956 15 (6, 28) 931 12 (5, 25)

Daily smoker
Yes 336 12 (4, 26) 342 11 (4, 23)
No 1128 14 (6, 26) 1136 11 (5, 24)

Teetotaller
Yes 177 20 (9, 34) 181 16 (6, 31)
No 1256 12 (5, 24) 1282 10 (4, 22)

Take cod liver oil supplements
Yes 602 14 (6, 26) 613 11 (4, 23)
No 832 13 (5, 25) 844 10 (4, 23)

Days to return questionnairez
6–9 – 390 11 (4, 24)
10–15 – 361 13 (5, 25)
16–37 – 369 12 (4, 25)
38–160 – 376 10 (4, 22)

* n may not total to 1496 for each characteristic due to missing values.
-Q1 5 lower quartile (25th percentile), Q3 5 upper quartile (75th percentile).
-

-

Misprint in the questionnaire: the category ,150 should have been # 150. 1000 Norwegian kroner (NOK)E 125 h.
yOnly presented for the retest, due to an optical reading error in the test.
zCould only be calculated for the retest.
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Table 2 The intake of food groups (g day21) after imputing missing values in the test food-frequency questionnaire. Within-person differences (D) are presented as mean and median (quartiles)
for imputation with retest values*, mode, median and KNN, relative to imputation with the null value, n 5 1430

Null value Retest (D) Mode (D) Median (D) KNN (k 5 20) (D)

Food group (range of missing for item) Median Mean Median (Q1, Q3) Mean Median (Q1, Q3) Mean Median (Q1, Q3) Mean Median (Q1, Q3)

Potatoes (,1%) 126 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0)
Vegetables (2–27%) 102 7 0 (0, 4) 9 0 (0, 9) 10 0 (0, 12) 13 0 (0, 15)
Fruits (4–23%) 178 11 0 (0, 0) 24 0 (0, 42) 24 0 (0, 42) 24 0 (0, 42)
Dairy products 174 19 0 (0, 14) 2 0 (0, 6) 11 10 (0, 19) 77 54 (4, 132)

Milk (29–45%), yoghurt (2%), cheese (30–43%) 150 19 0 (0, 11) 2 0 (0, 6) 10 10 (0, 19) 77 54 (4, 132)
Cream desserts, milk-based puddings (1–7%) 20 1 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0)

Cereal and cereal products 153 9 0 (0, 0) 10 0 (0, 4) 15 11 (0, 15) 20 11 (0, 26)
Bread, crisp bread (8–48%), breakfast cereal (3%) 122 8 0 (0, 0) 9 0 (0, 4) 14 11 (0, 11) 18 11 (0, 26)
Pasta and rice (3–6%) 22 1 0 (0, 0) 1 0 (0, 0) 1 0 (0, 0) 1 0 (0, 0)

Meat and meat products 91 5 0 (0, 2) 7 0 (0, 8) 7 0 (0, 8) 10 0 (0, 15)
Red meat and chicken (4–14%) 26 1 0 (0, 0) 2 0 (0, 0) 2 0 (0, 0) 2 0 (0, 0)
Processed meat (4–25%) 64 4 0 (0, 0) 6 0 (0, 8) 5 0 (0, 8) 8 0 (0, 10)

Fish and shellfish 112 9 0 (0, 9) 9 0 (0, 11) 11 5 (0, 16) 15 6 (0, 24)
Whole fish (filets, steaks) (4–38%) and shellfish (3%) 67 5 0 (0, 2) 7 0 (0, 0) 6 0 (0, 6) 8 1 (0, 11)
Fish products (3–25%) 41 4 0 (0, 1) 2 0 (0, 4) 5 1 (0, 8) 7 1 (0, 11)

Eggs (3%) 8 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0)
Fat (margarine, butter) on bread 9 1 0 (0, 0) 1 0 (0, 0) 2 0 (0, 2) 2 0 (0, 3)
Orange juice, carbonated soft drinks and diluted syrups (12–33%) 31 2 0 (0, 0) 2 0 (0, 0) 2 0 (0, 0) 2 0 (0, 0)
Cakes (4–10%) 43 9 0 (0, 0) 0 0 (0, 0) 5 0 (0, 0) 23 0 (0, 43)
Coffee (boiled, filtered, instant) (16–50%) 300 17 0 (0, 0) 47 0 (0, 0) 47 0 (0, 0) 117 60 (0, 180)
Alcoholic beverages (wine, beer, spirits) (7–13%) 17 3 0 (0, 0) 0 0 (0, 0) 1 0 (0, 0) 3 0 (0, 0)
Condiments and sauces for fish (11–39%) 6 1 0 (0, 0) 0 0 (0, 0) 1 0 (0, 2) 2 1 (0, 4)
Sweets and salty snacks (2–13%) 22 1 0 (0, 0) 3 0 (0, 0) 2 0 (0, 0) 2 0 (0, 0)
Cod liver oil supplements (5–24%) 0 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0) 0 0 (0, 0)

KNN – k nearest neighbours imputation.
* Available for 50% of missing values. Residual missing treated as null intake.
-Missing in food frequency questions. Not specified for fat on bread since the intake is calculated from the frequency of bread consumption.
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with retest values and the sample mode gave similar

results compared to imputation with the null value. The

median of the differences was null for all food groups,

with some changes in the upper quartiles (Q3). The dif-

ferent imputation methods had little or no effect on the

intake of food groups with a low percentage of missing,

e.g. ‘potatoes’, ‘cream desserts, milk-based puddings’,

‘pasta and rice’, and ‘red meat and chicken’. The median

of the differences was .0 for some food groups when

imputed with the sample median and KNN, most of

which had .30% missing in one or more food items. KNN

tended to give a higher intake than the other imputation

methods, with some considerable differences. The med-

ian of the differences for the daily intake of ‘milk, yoghurt

and cheese’ was 10 g (Q3 5 19) when imputed with the

sample median, but 54 g (Q3 5 132) with KNN. For ‘cof-

fee’ the value was 0 g (Q3 5 0) with the sample median,

but 60 g (Q3 5 180) with KNN.

The differences in the estimated intake of ‘milk,

yoghurt and cheese’ were reflected in the intake of cal-

cium (Table 3). The median of the differences compared

to the null value imputation (Q1, Q3) was 84 mg (11, 145)

for the sample median, and 176 mg (50, 295) for KNN. For

energy intake, the median of the differences was about

200 kJ for imputation with retest values and the sample

mode, 455 kJ with the sample median and 743 kJ with

KNN. The imputation methods did not change the %

energy from protein, fat, carbohydrate, sugar and alcohol.

Discussion

The present study was undertaken to investigate item

non-response in the FFQ developed for the NOWAC

study and to assess effects of different imputation meth-

ods on dietary intake. Compared to null value imputation,

the largest differences were seen for KNN, and for food

items with a high proportion of missing values. Imputa-

tion with retest values increased total energy intake,

indicating that not all missing values are caused by

respondents failing to specify no consumption.

Item non-response

The proportion of missing within respondents was posi-

tively associated with age (data not shown). Likely

explanations include impaired cognitive function or a diet

with fewer food items. Other factors that seemed to

increase non-response, including low income, being a

widow or a teetotaller, were also associated with age.

Somewhat surprisingly, health status did not seem to

affect non-response or to be related to age.

In the present study, we observed a very low percen-

tage of missing values in all items that were not part of

a larger question block, or grid. FFQs with a non-grid

format may be cognitively easier for respondents to

complete, but it increases the page length and thus theT
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costs for printing, scanning and mailing. One example is

the 36-page dietary history questionnaire (DHQ) devel-

oped at the National Cancer Institute in USA. When

compared to a shorter FFQ with a traditional format, the

DHQ performed better for questions on portion sizes

and dietary supplements, but not for consumption fre-

quencies19. The proportion of missing/uninterpretable

responses in the DHQ was low, but similar to the FFQ. In

our study, several blocks of items also had relatively low

proportions of missing, e.g. cakes (six items with 4–10%

missing) and meat (nine items with 4–14% missing,

except ‘other meat dishes’ with 27%). It could be that

smaller blocks are cognitively not too demanding, or that

the consumption awareness or desirability of some foods

encourages responses. A complete non-grid format is not

practical in all studies. One alternative is to mix single

questions with smaller blocks as in the NOWAC ques-

tionnaire, and to put key foods as single questions or as

the first item in a block.

Effects of imputation on dietary intake

To assume that missing values are due to respondents

failing to specify the option for no consumption greatly

simplifies dietary intake calculations and may be reason-

able for certain food items, e.g. types of milk and fat on

bread6,20. Some studies have validated this common

assumption by follow-up telephone interview3,20,21 or a

resurvey9. In one study, the ‘true’ proportion of null

consumption was found to vary greatly between food

items from 0% (potatoes) to 96% (roe and fish pâté)3.

Using our retest data to estimate the proportion of null

consumption (i.e. the proportion of ‘never/rarely’ answers

in the retest among the missing test values, for which there

was a non-missing retest value), the range was 5% (car-

rots) to 86% (whole milk) (data not shown). Although the

probability of null consumption may be high for some

food items, it may be low for others. Food items could be

consumed, but skipped due to lack of motivation, fatigue,

oversight, difficult or sensitive questions, unclear instruc-

tions or other reasons. The increase in absolute intake

when missing values are imputed with values from our

retest or other resurveys9,21 supports this.

Compared to imputation with the null value, the sample

mode only increased the dietary intake slightly. In our

study, 47% of the frequency variables had a mode value of

null. The sample mode is the most frequent answer, but

mode 5 0 or ‘never/rarely’ may not reflect the probability

of a food being consumed if the higher response cate-

gories add up to a larger proportion. Thus, the mode may

be better for imputing variables on a nominal scale. For

ordered categories, such as frequencies and portion sizes,

the probability is better reflected in the median. Of the

frequency variables, 29% had a median value of null.

When using the sample median, we observed a higher

intake, in particular for food groups with a high propor-

tion of missing values. One study found marginal

differences between imputation with the null and the

sample median3, but this study also had a low proportion

of missing. KNN gave the highest intake. The largest dif-

ferences were seen for the food groups ‘milk, yoghurt,

cheese’ and ‘coffee’. When inspecting the distribution of

the consumption frequencies for each food item, the

median of the KNN imputed values tended to be one

category higher than the median values before imputation,

but the highest category was never imputed with KNN.

It is interesting to note that the RMSE value (Fig. 1) was

equal for imputation with KNN (k 5 20) and the sample

median, but with some clear differences in dietary intake

between the methods. Oppositely, the energy and nutri-

ent intake was stable for k 5 10, 20 and 60, even though

the RMSE values were different. A weakness of RMSE is

that it does not necessarily measure the effect of impu-

tation on the dietary intake or other outcomes. This has

also been found for microarray data22.

When comparing the effects of imputation on dietary

intake (food groups and nutrients) we used the null

imputed test data as the reference method for two main

reasons: null imputation appears to be common practice

and gives the most conservative intake estimate. Our

reasons for not using e.g. the complete retest data as

reference is that it would be difficult to interpret the

effects of imputation separately from the underlying dif-

ferences between the test and retest measurements15.

Also, the reduction in sample size and statistical power

would be too large for a meaningful analysis in this study

since the retest data were complete for only 6% of the

respondents. The percentage of missing test values in this

small subsample (n 5 91) was low and not representative

of the study sample (n 5 1430). Since our reference

method can only be used for relative comparisons,

we cannot conclude which imputation method is more

accurate, only that the choice of method may affect

dietary intake. We think the lack of an absolute reference

method or a gold standard is a general problem in com-

parative studies of dietary intake. Therefore, our next step

in the evaluation of the imputation methods would be to

do a simulation study with a complete data set as the

reference.

Imputation uncertainty

All imputation methods used in the present study fall into

the category of single imputation methods, implying that

each missing value is replaced by a single value. Single

imputation methods are usually easy to implement, but

ignore any uncertainty about the correct value to impute.

This can be estimated by doing MI, or repeated simula-

tions of the missing values23. MI is a model-based

approach, relying on specific modelling assumptions, and

the method may be difficult to use without proficiency in

advanced statistics. To our knowledge, MI has been

applied to FFQ data in two recent studies10,11. KNN is

more sophisticated than the other single imputation
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methods used here, since values are estimated for

each individual, but without having to specify a strict

model as with MI. In the present study we based the

KNN imputation on FFQ variables only, but additional

predictors could also have been used.

Both single and multiple imputation rely on a

mechanism of missingness known as missing at random

(MAR)1, which requires that the probability that a value is

missing is independent of the underlying value that is

missing. However, if no consumption (or high con-

sumption) is an important reason for missing values in

FFQs, the predominant mechanism may not be MAR, but

NMAR (not missing at random). Imputation methods

using many predictors, such as MI and KNN, give better

protection against departures from the MAR assumption

than imputation with e.g. the sample median. The default

limit in the function impute.knn18 for doing imputation

based on KNN is 50% missing in rows (here, respon-

dents). For more than 50% missing a column mean is

used. In the present study, we excluded individuals with

.50% missing. However, the criteria used to exclude

questionnaires vary between investigators21. If only a

specific food group is of interest (e.g. alcohol), exclusion

of subjects with missing values for all or most food group

items (e.g. beer, wine and spirits) may be better than

imputation. However, it is important to check that the

exclusion does not significantly reduce the statistical

power, or change the distribution of other exposure

variables in the analysis.

Implications

Imputation may affect absolute intake levels and the

ranking of subjects9,21, which has implications for risk

estimation in epidemiological studies, as well as for those

who are defined as under- and overreporters and exclu-

ded from the analysis. When we excluded those in the

lower (1%) and upper (99%) percentiles of energy intake

after imputing the data (28 subjects with each method),

60% of the subjects were excluded by all methods (details

not shown). Our data also show that by using different

imputation methods, the median daily energy intake can

be increased from 6.4 MJ for the null value to 7.3 MJ for

KNN, with a median increase (Q1, Q3) of 11% (3, 24).

This can affect the interpretation of FFQ data in general

and in validation studies.

In conclusion, the calculation of dietary intake from

FFQs is affected by the proportion of missing data and the

imputation method used. As an overall imputation strat-

egy, the null value is likely to lead to underestimation of

dietary intake and misclassification. However, missing

values cannot be estimated without error. We encourage

the application and evaluation of more refined imputa-

tion methods, which are described in statistics literature,

and which may reduce imputation errors and give more

accurate intake estimates. To determine if KNN performs

better than the other methods used, our next step would

be to do a simulation study.
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Appendix – The mean and median daily intake of energy and selected nutrients after imputing missing

values in the test food-frequency questionnaire by k nearest neighbours imputation for different values

for the parameter k. Within-person differences are presented as mean and median (quartiles) for k 5 10

and k 5 60 relative to k 5 20, which is used in the main tables, n 5 1430

Mean Median
Within-person differences

(k20–k10)
Within-person differences

(k20–k60)

Variable k 5 10 k 5 20 k 5 60 k 5 10 k 5 20 k 5 60 Mean Median (Q1, Q3) Mean Median (Q1, Q3)

Energy (kJ) 7538 7501 7461 7370 7324 7297 238 0 (2109, 73) 39 0 (225, 116)
Protein (g) 85 85 85 83 82 82 0 0 (22, 1) 0 0 (0, 1)
Total fat (g) 70 69 69 66 66 66 0 0 (21, 1) 0 0 (0, 1)

Polyunsaturated fat (g) 12 12 12 12 12 12 0 0 (0, 0) 0 0 (0, 0)
Total carbohydrate (g) 203 202 201 198 198 197 21 0 (23, 2) 1 0 (21, 3)

Dietary fibre (g) 22 22 21 21 21 21 0 0 (0, 0) 0 0 (0, 0)
Sugar (g) 24 24 24 22 22 22 0 0 (0, 0) 0 0 (0, 0)

Alcohol (g) 2 2 2 1 1 1 0 0 (0, 0) 0 0 (0, 0)
Retinol (RE, mg) 1327 1322 1317 1257 1246 1242 25 0 (214, 8) 4 0 (24, 13)
Vitamin D (mg) 14 14 14 11 11 11 0 0 (0, 0) 0 0 (0, 0)
Vitamin E (mg) 12 12 12 9 9 9 0 0 (0, 0) 0 0 (0, 0)
Vitamin C (mg) 118 118 117 112 111 111 0 0 (0, 0) 0 0 (0, 0)
Calcium (mg) 814 809 803 783 777 770 25 0 (222, 13) 7 0 (26, 16)
% energy from protein 19 19 19 19 19 19 0 0 (0, 0) 0 0 (0, 0)
% energy from fat 34 34 34 34 34 34 0 0 (0, 0) 0 0 (0, 0)
% energy from carbohydrate 46 46 46 46 46 46 0 0 (0, 0) 0 0 (0, 0)
% energy from sugar 5 5 5 5 5 5 0 0 (0, 0) 0 0 (0, 0)
% energy from alcohol 1 1 1 0 0 1 0 0 (0, 0) 0 0 (0, 0)

RE – retinol equivalents.
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