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ABSTRACT
Background: Principal component analysis (PCA) is a widely used
exploratory method in epidemiology to derive dietary patterns from
habitual diet. Such dietary patterns seem to originate from intakes on
multiple days and eating occasions. Therefore, analyzing food intake
of study populations with different levels of food consumption can
provide additional insights as to how habitual dietary patterns are
formed.
Objective: We analyzed the food intake data of German adults in
terms of the relations among food groups from three 24-h dietary
recalls (24hDRs) on the habitual, single-day, and main-meal levels,
and investigated the contribution of each level to the formation of
PCA-derived habitual dietary patterns.
Design: Three 24hDRs were collected in 2010–2012 from 816
adults for an European Prospective Investigation into Cancer and
Nutrition (EPIC)–Potsdam subcohort study. We identified PCA-
derived habitual dietary patterns and compared cross-sectional food
consumption data in terms of correlation (Spearman), consistency
(intraclass correlation coefficient), and frequency of consumption
across all days and main meals. Contribution to the formation of the
dietary patterns was obtained through Spearman correlation of the
dietary pattern scores.
Results:Among the meals, breakfast appeared to be the most consis-
tent eating occasion within individuals. Dinner showed the strongest
correlations with “Prudent” (Spearman correlation = 0.60), “West-
ern” (Spearman correlation = 0.59), and “Traditional” (Spearman
correlation = 0.60) dietary patterns identified on the habitual level,
and lunch showed the strongest correlations with the “Cereals and
legumes” (Spearman correlation = 0.60) habitual dietary pattern.
Conclusions: Higher meal consistency was related to lower contri-
butions to the formation of PCA-derived habitual dietary patterns.
Absolute amounts of food consumption did not strongly conform to
the habitual dietary patterns by meals, suggesting that these patterns
are formed by complex combinations of variable food consumption
across meals. Dinner showed the highest contribution to the forma-
tion of habitual dietary patterns. This study provided information
about how PCA-derived dietary patterns are formed and how they
could be influenced. Am J Clin Nutr 2018;107:227–235.

Keywords: EPIC-Potsdam study, principal component analysis,
dietary pattern analysis, consumption pattern, meal pattern, consis-
tency of consumption

INTRODUCTION

The consumption of foods is highly intercorrelated and it is
therefore difficult to study and interpret the effects of single foods
on health outcomes. In order to get new insights, nutritional epi-
demiologists have started increasingly to focus on dietary pat-
terns rather than on single foods or nutrients (1).

Two approaches, i.e., a priori (hypothesis-driven) and a poste-
riori (data-driven), are primarily used to derive dietary patterns.
The a posteriori approach, also called exploratory analysis, is
a preferred way to identify population-specific dietary patterns.
Principal component analysis (PCA) is the most widely used
method for such an analysis. This method is a variable-reducing
procedure based on correlation or covariancematrices of the orig-
inal variables, creating linear combinations (components, factors,
or patterns) (2).

Foods are consumed on single eating occasions as meals or
snacks. Meals are regular, specific eating occasions in which
large amounts of foods are consumed, whereas snacks comprise
smaller intakes between meals (3). Cumulatively, eating occa-
sions (meals and snacks) form the overall diet, also called the
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TABLE 1
Selected baseline sociodemographic, lifestyle, and dietary characteristics of the studied population sample1

Characteristics Men Women Total

n (%) 411 (50.5) 403 (49.5) 814 (100)
Age, y 66.4 ± 8.0 64.5 ± 8.7 65.5 ± 8.4
BMI, kg/m2 27.7 ± 3.9 27.4 ± 4.8 27.5 ± 4.4
Physical activity level (TEE:REE ratio),2 n (%)
Extremely inactive (<1.4) 72 (20.6) 64 (19.1) 136 (19.9)
Sedentary (1.4 to <1.7) 168 (48.1) 195 (58.0) 363 (53.0)
Moderately active (1.7 to <2.0) 98 (28.1) 61 (18.1) 159 (23.2)
Vigorously active (2.0 to <2.4) 10 (2.9) 15 (4.5) 25 (3.6)
Extremely active (≥2.4) 1 (0.3) 1 (0.3) 2 (0.3)

Education, n (%)
No vocational training/current vocational training 124 (30.2) 143 (35.5) 267 (32.8)
Technical college 63 (15.3) 124 (30.8) 187 (23.0)
University 224 (54.5) 136 (33.7) 360 (44.2)

Smoking status, n (%)
Never smoker 132 (32.1) 245 (60.8) 377 (46.3)
Former smoker 235 (57.2) 118 (29.3) 353 (43.4)
Smoker 44 (10.7) 40 (9.9) 84 (10.3)

Participants consuming ≥1 meal,3 n (%)
Breakfast 411 (100) 403 (100) 814 (100)
Lunch 408 (99.3) 400 (99.3) 808 (99.3)
Afternoon snack 406 (98.8) 398 (98.8) 804 (98.8)
Dinner 411 (100) 403 (100) 814 (100)

Participants consuming meals on all days,4 n (%)
Breakfast 403 (98.0) 393 (97.5) 796 (97.8)
Lunch 323 (78.6) 327 (81.1) 650 (79.9)
Afternoon snack 278 (67.6) 285 (70.7) 563 (69.2)
Dinner 379 (92.2) 356 (88.3) 735 (90.3)

Energy intake, kcal/d 2341 ± 600 1770 ± 422 2058 ± 595
Energy intake, kcal/meal
Breakfast 521 ± 214 380 ± 153 451 ± 199
Lunch 585 ± 249 471 ± 177 528 ± 224
Afternoon snack 292 ± 208 232 ± 167 263 ± 191
Dinner 609 ± 230 438 ± 175 524 ± 222

1Values are means ± SDs unless otherwise indicated. REE, resting energy expenditure; TEE, total energy expenditure.
2n = 685.
3Number of participants consuming the meal type ≥1 time.
4Number of participants consuming the meal type on all (available) recalled days.

habitual diet, and therefore influence the formation of a poste-
riori dietary patterns (1, 4). PCA is nonetheless frequently ap-
plied to data describing the habitual diets of individuals. By
ignoring information on eating occasions, e.g., using data from
food-frequency questionnaires (FFQs) as is often the case, char-
acteristics of dietary patterns related to food intake on the level
of eating occasions are lost. Such information is important as the
way specific foods are consumed, e.g., simultaneously or sepa-
rately during the different meals, might have an impact on health
outcomes (5). Furthermore, it is not clear which combinations of
foods are the driving forces forming a PCA-derived dietary pat-
tern andwhy correlations among food groups exist on the habitual
level.

By analyzing food consumption data from multiple 24-h di-
etary recalls (24hDRs), in which food intake can be studied by
eating occasion, on the single-day level, and on the habitual level,
we can investigate how the intake of foods is related in these dif-
ferent levels and howPCA-derived habitual dietary patterns relate
to this structure of food intakes.

Therefore, the objectives of this study were as follows: 1) to
investigate relations among the different food groups on the ha-

bitual, single-day, and main-meal levels in terms of correlations,
consistency, and frequency of consumption; 2) to identify PCA-
derived habitual dietary patterns; and 3) to investigate the contri-
bution of single days and different meals to the formation of these
patterns. From this, we expect to obtain additional insights as to
how habitual dietary patterns are formed, and how they could be
influenced.

METHODS

Study sample

For this study, dietary data were obtained from a validation
and calibration substudy within the European Prospective In-
vestigation into Cancer and Nutrition (EPIC)–Potsdam cohort
(initial recruitment date for EPIC-Potsdam: August 1994). The
validation substudy was conducted between 2010 and 2012; re-
cruitment started in August 2010. Details of the validation sub-
study are available elsewhere (6). In brief, participants aged 35–
64 y at baseline from the EPIC-Potsdam cohort who were still
actively participating in follow-up interviews were eligible for
recruitment to the substudy. A total of 1447 invitations were sent
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FIGURE 1 Mean contribution (% amount in grams) of eating occasions to food consumption over the day (n = 814).

out, drawn from a random age- and sex-stratified sample of the
eligible study participants. Of these, 816 men and women finally
provided data for this substudy. Ethical approval of the study was
attained from the Ethics Committee of theMedical Association of
the State of Brandenburg. All participants gave written informed
consent.

Dietary assessment

Every participant provided three 24hDRs (mean ± SD =
2.99 ± 0.14) using EPIC-Soft (7) within a period of 4–24 mo
(mean± SD= 7± 1.27 mo). The first recall took place in person
during the participants’ first visit to the study center. The other
two 24hDRs were obtained on random days including weekends
over the telephone. All 24hDRs were performed by trained in-
terviewers. Food consumption was recorded in 11 eating occa-
sions throughout every day (see Supplemental Table 1) and was
recorded for each food in grams per eating occasion. A total of
2431 such 24hDRs were collected.

Foods were collapsed into 39 food groups, shown in the text
following, as has been done previously (see Supplemental Table
2) (8, 9) and averaged over the days and meals to derive the habit-
ual and meal intakes, respectively. For studying the food intake
on the meal level, we selected 4 main eating occasions (break-
fast, lunch, afternoon snack, dinner), based on the participant-
identified labels and peaks in contribution to the whole day’s food
intake (in grams). All eating occasions were included for the anal-
ysis of single days and habitual food intake.

Statistical methods

We performed correlation analyses using Spearman correla-
tion coefficients to identify correlation arrangements on all lev-
els of consumption. To further explore the observed relations, we
calculated the intraclass correlation coefficient (ICC) for each
food group as a measure of consistency of consumption over
days and meals. Three participants with only one 24hDR were
excluded from this analysis. The range for the ICC is from 0
(no agreement in food consumption over the days/meals) to 1
(perfect agreement in food consumption over the days/meals).
We also calculated frequency of consumption in percentage of

times that the foods were consumed (out of all respective eating
occasions).

Dietary intake variables had a nonnormal distribution with ex-
treme values (outliers); therefore, we used the Spearman corre-
lation to calculate a posteriori PCA-derived dietary patterns on
the habitual level. Especially in the presence of outliers, it is im-
portant to respect the assumption of normality of traditional PCA
based on Pearson correlation coefficients (10, 11). Furthermore,
basing our PCA on Spearman correlations ensured comparabil-
ity with the correlation analyses described above. We calculated
factor loadings after a varimax rotation to obtain uncorrelated
components that are more easily interpretable (12). To obtain
clearer patterns and avoid noise, we applied an often-used thresh-
old (≥|0.3|) (13, 14) for considering factor loadings as important
contributors to a pattern and for labeling these patterns according
to the food groups with the highest loadings. Four factors were
retained based on scree plot analysis.

We calculated individual pattern scores for each of the re-
tained components, taking into account all food groups (includ-
ing those with factor loadings <|0.3|). Similarly, we obtained in-
dividual pattern scores for the different days and meals using the
respective intakes and the obtained PCA-standardized scoring co-
efficients. We investigated the contribution of single days and
different meals to the PCA-derived habitual dietary patterns by
correlating pattern scores for days and meals with pattern scores
on the habitual level. All statistical analyses were performed in
SAS (version 9.4, Enterprise Guide 6.1, SAS Institute Inc.).

RESULTS

Two participants were excluded: one who was too young
(<35 y old at EPIC-Potsdam baseline) and one with demen-
tia. The final study sample consisted of 814 men and women
from the validation and calibration substudy within the EPIC-
Potsdam cohort (see Supplemental Figure 1). Participants were
between 47 and 81 y of age (mean ± SD = 65.5 ± 8.4 y
of age) at the time of their first visit. All participants (n =
814) consumed ≥1 breakfast and 1 dinner. Six participants
did not consume lunch and 10 participants did not consume
an afternoon snack on any of the recalled days (Table 1).
Figure 1 shows the percentage of contribution of each eating
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FIGURE 2 Heat map showing the Spearman correlation matrix for habitual food intake in grams (n = 814) by food group. The color corresponds to the
strength of correlations (red: positive correlation; white: no correlation; blue: negative correlation).

occasion to the total amount of food consumption over the day
(grams per eating occasion). We observed clear peaks at break-
fast, lunch, afternoon, and dinner. The highest contribution to the
daily amount in grams was seen for lunch (20.5%), followed by
dinner (19.0%), breakfast (18.9%), and afternoon snack (13.3%).

Correlations among food groups on the habitual and meal
food consumption levels

The Spearman correlation matrix of the habitual food intake
(in grams) of the 814 participants is shown as a heat map on
Figure 2. Some food groups that are commonly eaten together
showed strong positive correlations, such as “bread” with “mar-
garine,” “butter,” and “cheese.” On the other hand, food groups
that are commonly substitutes for each other were strongly nega-
tively correlated, such as “potatoes” with “pasta and rice,” as well
as “tea” with “coffee.”

We further correlated food intakes (in grams) within strata of
meals (Supplemental Figures 2–5). In general, we saw stronger
correlations than on the habitual level. Across all meals, we ob-
served strong positive correlations with “bread” and “cheese.”
Some meal-specific strong positive correlations were observed
between “breakfast cereals” and “milk and dairy products” for

breakfast (Supplemental Figure 2), and between “cakes and cook-
ies” and “coffee” for the afternoon snack (Supplemental Fig-
ure 4). Some meal-specific strong negative correlations were ob-
served between “margarine” and “butter,” and “tea” and “coffee”
for breakfast. Out of the 4 meals, dinner showed the weakest cor-
relations among food groups (Supplemental Figure 5), though
these were similar to the correlations for habitual food intake.

Consistency and frequency of consumption

Next, we analyzed whether correlation results related to con-
sistency or stability of intake across days or meals, and to fre-
quency of intake. Table 2 shows the ICCs in food consumption
across single days and across meals. Consistency of consump-
tion was highest across the days and across breakfast. The highest
consistency of consumption across dayswas seen for “margarine”
(ICC= 0.62), “coffee” (ICC= 0.58), “tea” (ICC= 0.55), “water”
(ICC = 0.54), and “butter” (ICC = 0.53). Across breakfast, the
highest consistency was observed for “tea” (ICC = 0.69), “milk
and dairy products” (ICC = 0.63), “coffee” (ICC = 0.61), “mar-
garine” (ICC = 0.60), “butter” (ICC = 0.59), “breakfast cere-
als” (ICC = 0.54), “sugar and confectionery” (ICC = 0.53), and
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TABLE 2
Intraindividual consistency (as ICC) of consumption across days and meals
(n = 811)1

Afternoon
Food group Day Breakfast Lunch snack Dinner

Potatoes 0.17 0.00 0.22 0.00 0.10
Leafy vegetables 0.03 0.00 0.04 0.00 0.08
Fruiting and root vegetables 0.12 0.36 0.05 0.08 0.12
Cabbages 0.04 0.00 0.03 0.00 0.05
Other vegetables 0.00 0.03 0.03 0.01 0.02
Legumes 0.29 0.47 0.02 0.33 0.00
Fresh fruits 0.33 0.502 0.10 0.04 0.20
Nuts 0.19 0.36 0.02 0.00 0.07
Other fruits 0.01 0.00 0.04 0.00 0.00
Milk and dairy products 0.45 0.63 0.14 0.08 0.30
Cheese 0.22 0.41 0.06 0.00 0.14

0.40
Desserts 0.09 0.00 0.09 0.00 0.14
Pasta, rice 0.04 0.00 0.04 0.00 0.01
Bread 0.45 0.44 0.19 0.09 0.35
Breakfast cereals 0.45 0.54 0.19 0.00 0.34
Other cereals 0.09 0.46 0.00 0.00 0.01
Red meat 0.11 0.10 0.07 0.02 0.05
Poultry 0.00 0.00 0.00 0.00 0.01
Processed meat 0.22 0.44 0.07 0.08 0.17
Fish 0.08 0.31 0.01 0.00 0.09
Eggs 0.11 0.17 0.05 0.00 0.01
Margarine 0.62 0.60 0.16 0.12 0.45
Vegetable oils 0.11 0.20 0.10 0.01 0.13
Butter 0.53 0.59 0.13 0.03 0.30
Sugar and confectionery 0.38 0.53 0.02 0.07 0.07
Cakes and cookies 0.18 0.16 0.00 0.18 0.02
Fruit and vegetable juices 0.38 0.33 0.20 0.10 0.21
Soft drinks 0.35 0.01 0.05 0.07 0.22
Tea 0.55 0.69 0.23 0.29 0.41
Coffee 0.58 0.61 0.20 0.36 0.13
Water 0.54 0.24 0.23 0.13 0.21
Wine 0.32 0.00 0.21 0.00 0.20
Beer 0.48 — 0.19 0.11 0.28
Spirits 0.12 — 0.00 0.04 0.00
Other alcoholic beverages 0.00 — 0.00 0.00 0.00
Sauces 0.02 0.22 0.05 0.00 0.00
Condiments 0.18 0.37 0.01 0.03 0.06
Soups 0.09 0.41 0.05 0.00 0.08
Snacks 0.04 0.15 0.00 0.00 0.00

1n = 811 participants with at least two 24hDRs; across all available ob-
servations. ICC, intraclass correlation coefficient.

2ICC ≥0.50 are shown in bold.

“fresh fruits” (ICC = 0.50). The other 3 meals showed very low
consistency of consumption.

We were able relate some of the strongest correlations be-
tween food intakes on the habitual level (Figure 2) to con-
sistency across days (Table 2). For instance, “breakfast cere-
als” and “milk and dairy products” correlated positively, and
both food groups showed the same and relatively high con-
sistency (ICC = 0.45). “Margarine” and “butter,” as well
as “coffee” and “tea,” showed a strong negative correlation
and high consistency as well (ICC = 0.62, 0.53, 0.58, and
0.55, respectively). Similar links could be found on the meal
level in the case of breakfast; the strong positive correlation
between the intake (in grams) of “breakfast cereals” and “milk
and dairy products” is reflected by the high consistency (ICC =

0.54 and 0.63, respectively), and the strong negative correlations
between “margarine” and “butter” and between “tea” and “cof-
fee” is related to high consistency (ICC = 0.60, 0.59, 0.69, and
0.61, respectively). However, other strong correlations involving
“fruiting and root vegetables” and “other vegetables” did not re-
late to high consistency of consumption across breakfasts.

Table 3 shows the food consumption frequencies as the per-
centage of times that the foods were consumed. On single days,
frequencies of consumption were higher due to the cumulative
effect of all eating occasions in a day; the most frequently con-
sumed foods in a whole day were “bread” (98.1%), followed
by “water” (92.5%) and “coffee” (92.1%). The most frequently
consumed foods at breakfast were “bread” (88.6%) and “coffee”
(72.8%). Lunch showed in general a low frequency of consump-
tion, suggesting a high variability. During afternoon snacks, “cof-
fee” and “cakes and cookies” were the most frequently consumed
foods (63.3% and 51.6%, respectively). During dinners, “bread”
(72.0%), “processed meat” (53.7%), and “fruiting and root veg-
etables” (52.6%) were consumed the most frequently.

Not all food groups with strong correlations (see Figure 2)
were consumed frequently (see Table 3). Across days, only
“bread” and “processed meat” correlated strongly and were
also frequently consumed (98.1% and 78.5%, respectively). For
breakfast, frequencies of consumption did not further relate to
the correlations. At lunch, “potatoes” (in grams) were the most
frequently consumed food (49.1%) and showed strong correla-
tions with other food groups on Supplemental Figure 3. For after-
noon snacks, the strong positive correlation between “coffee” and
“cakes and cookies” (Supplemental Figure 4) related to a high fre-
quency of consumption (63.3% and 51.6%, respectively). Finally,
we could relate dinner food intake correlations (Supplemental
Figure 5) to food consumption frequency values for “bread” with
“cheese” andwith “processedmeat” (consumed at 72.0%, 47.4%,
and 53.7% of dinners, respectively).

PCA-derived habitual dietary intake patterns

Four habitual dietary patterns explaining 20.92% of the vari-
ance in food intake were retained based on the scree plot (Sup-
plemental Figure 6). Table 4 shows the factor loadings for the
PCA-habitual dietary patterns as well as the average habitual food
intakes in grams per day for orientation.

The pattern labelled “Prudent” was characterized by high in-
take of “leafy vegetables,” “fruiting and root vegetables,” “fresh
fruits,” “nuts,” “fish,” “vegetable oils,” and “wine,” and by low
intake of “margarine” and explained 6.13% of the total vari-
ance. The pattern labelled “Western” was characterized by high
intake of “potatoes,” “cabbages,” “red meat,” “beer,” “sauces,”
and “condiments,” and by low intake of “fresh fruits,” “milk and
dairy products,” and “tea”; it explained 5.49% of the total vari-
ance. The pattern labelled “Traditional” was characterized by a
high intake of “bread,” “processed meat,” “butter,” “sugar and
confectionery,” and “cakes and cookies” and a low intake of
“water.” This dietary pattern explained an additional 4.74% of
the total variance. Finally, the habitual dietary pattern labelled
“Cereals and legumes” was characterized by a high consumption
of “legumes,” “pasta and rice,” “other cereals,” “other alcoholic
beverages,” and “soups” and by a low intake of “potatoes.” This
last pattern explained an additional 4.56% of the total variance.
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TABLE 3
Frequency of consumption of 39 food groups across days and meals: percentage of days and meals in
which foods were consumed (n = 814)1

Days Breakfasts Lunches Afternoon snacks Dinners
Food group (n = 2431) (n = 2411) (n = 2236) (n = 2119) (n = 2346)

Potatoes 54.3 0.0 49.1 1.2 9.9
Leafy vegetables 17.7 0.7 8.6 0.3 9.3
Fruiting and root vegetables 72.5 11.3 35.4 2.4 52.6
Cabbages 20.6 0.0 17.0 0.4 5.0
Other vegetables 60.8 2.6 45.3 1.5 27.7
Legumes 5.5 1.0 3.3 0.4 1.5
Fresh fruits 81.7 28.6 35.2 12.4 25.2
Nuts 13.4 4.4 1.7 0.9 1.7
Other fruits 7.6 0.7 3.1 0.4 2.9
Milk and dairy products 86.8 68.5 29.7 47.3 19.5
Cheese 73.7 40.8 10.2 2.0 47.4
Desserts 14.2 0.0 7.3 3.5 1.5
Pasta, rice 16.9 0.8 13.2 0.6 4.1
Bread 98.1 88.6 23.2 8.6 72.0
Breakfast cereals 7.5 6.1 0.6 0.2 0.4
Other cereals 21.2 4.4 11.4 0.9 3.9
Red meat 34.8 1.5 26.5 1.2 10.5
Poultry 13.4 0.5 8.0 0.3 5.6
Processed meat 78.5 33.8 30.6 3.6 53.7
Fish 22.4 4.4 8.4 0.6 12.2
Eggs 30.5 16.5 9.7 0.7 6.1
Margarine 55.5 32.0 24.1 2.7 32.7
Vegetable oils 41.1 2.5 27.0 0.9 18.7
Butter 69.2 46.6 28.2 3.9 36.5
Sugar and confectionery 85.3 66.9 17.3 20.1 17.1
Cakes and cookies 56.4 2.0 3.6 51.6 1.7
Fruit and vegetable juices 40.8 12.3 13.2 5.2 12.2
Soft drinks 15.0 0.3 6.4 1.8 5.1
Tea 57.6 24.6 8.9 11.9 29.6
Coffee 92.1 72.8 9.7 63.3 1.8
Water 92.5 16.6 45.9 26.0 36.6
Wine 21.9 0.3 3.3 2.1 5.8
Beer 26.0 0.0 4.0 1.6 12.7
Spirits 3.7 0.0 0.1 0.4 0.4
Other alcoholic beverages 5.8 0.0 0.7 0.9 0.9
Sauces 46.3 3.9 29.4 1.7 20.6
Condiments 41.1 11.5 17.7 4.8 19.1
Soups 27.9 1.0 22.0 1.0 7.3
Snacks 2.2 0.6 0.5 0.2 1.1

1In percentages, over a period of 3 observations. If <3 recalls were available, the total of the avail-
able observations counted as 100%; days and meals were treated as independent observations. Descriptive
results.

The Spearman correlation coefficients for adherence to the 4
habitual dietary patterns (pattern scores) are shown in the upper
part ofTable 5. The “Prudent” habitual dietary pattern scores cor-
related inversely with the “Western” and with the “Cereals and
legumes” habitual dietary pattern scores (Spearman correlation=
–0.65 and –0.61, respectively). The “Western” habitual dietary
pattern scores correlated positively with those of the “Cereals and
legumes” habitual dietary pattern (Spearman correlation = 0.61)
(Table 5). The “Traditional” habitual dietary pattern scores were
slightly inversely correlated with those of the “Western” and the
“Cereals and legumes” patterns (Spearman correlation = –0.20
and –0.16, respectively) and slightly positively correlated with
the “Prudent” pattern score (Spearman correlation = 0.15).

Pattern scores for the PCA-derived patterns on the meal level
showed different correlations for each meal type with the habit-

ual level, suggesting that every meal type contributed to a differ-
ent extent to the formation of the PCA-derived habitual dietary
patterns. Pattern scores for the “Prudent” habitual dietary pat-
tern correlated strongest for dinner, followed by lunch and break-
fast, and afternoon snacks last (Spearman correlation = 0.60,
0.53, 0.53, and 0.34, respectively). Pattern scores for the “West-
ern” habitual dietary pattern also correlated strongest for dinner,
followed by breakfast, lunch, and afternoon snacks (Spearman
correlation = 0.59, 0.51, 0.42, and 0.39, respectively). Corre-
lations for the “Traditional” dietary pattern scores were also
strongest for dinner, followed by lunch, then afternoon snacks,
and breakfast last (Spearman correlation = 0.60, 0.58, 0.44, and
0.33, respectively). Finally, pattern scores for the “Cereals and
legumes” habitual dietary pattern correlated strongest for lunch,
followed by dinner, breakfast, and afternoon snacks (Spearman
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TABLE 4
Average habitual food intake and factor loadings for the 4 PCA-derived habitual dietary patterns for all
(n = 814) participants1

Factor loadings for dietary patterns

Average habitual Cereals and
Food groups intake (g/d) Prudent Western Traditional legumes

Potatoes 81.7 0.07 0.352 0.09 –0.61
Leafy vegetables 11.6 0.41 0.13 –0.19 –0.02
Fruiting and root vegetables 103 0.55 0.06 0.01 –0.13
Cabbages 22.5 0.06 0.35 –0.09 –0.11
Other vegetables 32.9 0.19 0.26 –0.05 0.01
Legumes 6.64 0.00 0.02 –0.05 0.42
Fresh fruits 231 0.37 –0.37 0.08 –0.12
Nuts 3.95 0.45 0.03 0.00 0.27
Other fruits 10.2 0.29 0.21 –0.01 0.04
Milk and dairy products 167 0.20 –0.35 0.03 –0.04
Cheese 37.4 0.28 0.05 0.22 0.04
Desserts 17.6 –0.05 0.02 0.02 0.02
Pasta and rice 23.1 0.07 –0.12 0.01 0.54
Bread 113 –0.08 0.11 0.68 –0.08
Breakfast cereals 3.40 0.28 –0.14 0.04 0.14
Other cereals 5.30 0.12 0.08 0.16 0.38
Red meat 39.5 –0.12 0.54 0.07 –0.10
Poultry 14.8 0.09 0.19 –0.15 0.15
Processed meat 60.8 –0.25 0.28 0.39 –0.09
Fish 24.1 0.37 0.00 0.03 –0.08
Eggs and egg products 18.7 0.11 0.29 0.07 –0.06
Margarine 13.2 –0.31 0.16 0.17 –0.29
Vegetable oils 5.06 0.58 0.13 –0.11 –0.03
Butter 17.6 0.06 0.04 0.47 0.10
Sugar and confectionery 38.0 0.00 –0.19 0.54 0.01
Cakes and cookies 59.2 0.08 0.02 0.43 0.11
Fruit and vegetable juices 94.5 0.25 –0.08 0.22 0.00
Soft drinks 48.1 –0.17 0.21 0.01 0.20
Tea 355 0.23 –0.38 0.22 –0.12
Coffee 447 –0.06 0.22 0.09 0.12
Water 740 0.08 0.04 –0.44 0.01
Wine 57.3 0.30 0.26 –0.06 0.28
Beer 173 –0.07 0.51 0.28 0.12
Spirits 1.59 –0.08 0.26 0.12 0.22
Other alcoholic beverages 4.99 –0.01 0.15 0.05 0.37
Sauces 24.2 0.16 0.40 –0.04 –0.05
Condiments 2.79 0.12 0.31 –0.04 0.06
Soups 51.8 –0.17 0.04 0.08 0.42
Snacks 1.60 0.25 –0.02 0.02 0.02
Total variance explained, % 20.92 (all factors) 6.13 5.49 4.74 4.56

1Habitual dietary patterns were PCA-derived using Spearman correlation matrix. PCA, principal
component analysis.

2Factor loadings with an absolute value ≥0.30 are shown in bold.

correlation = 0.60, 0.53, 0.36, and 0.26, respectively). Correla-
tions on the single-day level to the formation of the habitual di-
etary patterns showed little variation across days and patterns (re-
sults not shown).

DISCUSSION

In this study, we investigated the relation between PCA-
derived dietary patterns in a German adult population, using
habitual intakes with different levels of intake, i.e., daily and
meal level. We observed a higher contribution of the meals to
the formation of the PCA-derived habitual dietary patterns when
consistency of consumption was low and the intake of foods was

substantial in quantity for the respective meal. Consequently, cor-
relation analyses of the obtained habitual dietary pattern scores
across the investigated levels of food consumption suggest that
dinner, followed by lunch, played an important role in the forma-
tion of these habitual dietary patterns.

The participants in our study sample showed very regular
breakfast consumption habits: 97.8% ate breakfast on all avail-
able 24hDRs and 0% skipped breakfast on all days. Regu-
lar breakfast consumption has been associated with higher di-
etary quality (15, 16). In line with our findings, eating patterns
have been found to be more consistent in the morning and less
consistent in meals that are away from home, in social situations,
and containing alcohol (17), which are more likely to happen in
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TABLE 5
Spearman correlations of habitual dietary pattern scores on the habitual and
meal levels (n = 814)1

Habitual dietary pattern scores

Dietary pattern scores Cereals and
(habitual and meal levels) Prudent Western Traditional legumes

Habitual diet
Prudent 1.002

Western –0.65 1.00
Traditional 0.15 –0.20 1.00
Cereals and legumes –0.61 0.61 –0.16 1.00

Breakfast 0.53 0.51 0.33 0.36
Lunch 0.53 0.42 0.58 0.60
Afternoon snack 0.34 0.39 0.44 0.26
Dinner 0.60 0.59 0.60 0.53

1Habitual level refers to the average daily food consumption; meal level
refers to the meal-specific average food consumption. Habitual dietary pat-
terns were PCA-derived using the Spearman correlation matrix. PCA, princi-
pal component analysis.

2All values on the table had probability <0.0001.

the evening. Furthermore, in a study analyzing the same popula-
tion, breakfast was found to be associated with cardiometabolic
risk factors (18). This observed association is potentially rein-
forced by the consistency of this meal. Therefore, the breakfast
meal might offer an opportunity for an effective long-term adher-
ence to dietary recommendations, potentially resulting in a con-
sistent impact in the overall habitual food consumption and health
status of individuals.

The strong correlations observed in meals between different
food groups usually persisted in the habitual level; however, cor-
relations between food groups in the habitual level were not rep-
resentative of those seen in meals. Additionally, we could not
explain some strong correlations concerning foods that are not
frequently consumed. This suggests that foods might be related
in a different way, e.g., concomitant consumption. Therefore, fur-
ther analyses involving food networks could give us some in-
formation about a possible dependency of consumption among
food groups and the extent to which this can influence the ob-
served correlations. A recent study explored dietary networks in
the German EPIC-Potsdam population to describe consumption
patterns, i.e., how foods are consumed in relation to each other
(19). The major dietary networks consisted of red and processed
meat, cooked vegetables, sauces, and potatoes, among other food
groups. Since this population is very similar to the one used in
our study, we assume the networks would show similarity with
our results. Although the dietary networks constructed by Iqbal
et al. (19) were based on dietary data from FFQs (and therefore
nonmeal specific), these networks share some characteristics with
our results, such as positive correlations between red meat and
sauces, fruits and vegetables, and a negative relation between
margarine and butter. Comparing these dietary networks to our
PCA-derived habitual dietary patterns, a few resemblances were
noticeable with all patterns.

The correlations that we observed for the dietary pattern scores
on the meal level suggest that dinner food intake had a higher
impact on the habitual dietary pattern formation for the pat-
terns “Prudent,” “Western,” and “Traditional,” but that lunch had
a greater impact on the formation of the pattern “Cereals and

legumes.” The PCA method seeks to group food consumption
in a way that explains the most possible variance. Due to the na-
ture of this method, the observed meal-specific contribution to
the PCA-derived habitual dietary patterns tended to be higher for
large meals with low consistency of consumption and high in-
terindividual variation. We chose PCA as the basis of our analy-
sis of dietary patterns because it is the most frequently used ex-
ploratory method (20–22). Similar analyses can be carried out an-
alyzing other exploratory methods to derive dietary patterns such
as cluster analysis, reduced rank regression, and dietary intake
networks.

A limitation specific to our study is the number of 24hDRs
available per person. Studies assessing the validity of three
24hDRs to estimate energy intake have reached mixed conclu-
sions (23–25). Especially within a homogeneous population, in-
traindividual variation of dietary factors can be even larger than
the interindividual variation (26–28). In our results, day-to-day
variation in diet within the same individual becomes evident,
underlining the importance of using repeated measurements for
increased reliability. Due to the methodological limitation that
FFQs do not provide meal-specific information (3), 1-wk food
records or a higher number of repeated 24hDRs are examples of
tools that could improve the accuracy of the estimated intraindi-
vidual variation (25, 29, 30). Finally, a methodological challenge
in our study is the nature of the data and the subsequent high pro-
portion of zeros; dealing with meal-specific food consumption of
a wide number of food groups results in many zero values, since
only some food groups are consumed per person per meal. As a
consequence, our data are highly positively skewed. All analyses
performed in this study were appropriate for nonparametric data
with the exception of the calculation of the ICC (31, 32). How-
ever, to avoid further compromising interpretability, we chose not
to transform our data. As an exploratory analysis, with the pur-
pose of comparing values across different observations but not
involving corrections or testing, this method provides a better es-
timate of within-person variability relative to the between-person
variability of food consumption.

In conclusion, we could show that habitual patterns to some
extent originate at the meal level, which could lead to a better
understanding of how PCA-derived dietary patterns arise. Meal
pattern analyses with the description of correlations and variance
components in general might help to generate more effective di-
etary advice in the longer term.
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