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BACKGROUND: Rates of childhood obesity are increasing globally, with poor dietary quality an important contributory factor.
Evaluation of longitudinal diet quality across early life could identify timepoints and subgroups for nutritional interventions as part
of effective public health strategies.
OBJECTIVE: This research aimed to: (1) deﬁne latent classes of mother-offspring diet quality trajectories from pre-pregnancy to
child age 8–9 years, (2) identify early life factors associated with these trajectories, and (3) describe the association between the
trajectories and childhood adiposity outcomes.
DESIGN: Dietary data from 2963 UK Southampton Women’s Survey mother-offspring dyads were analysed using group-based
trajectory modelling of a diet quality index (DQI). Maternal diet was assessed pre-pregnancy and at 11- and 34-weeks’ gestation,
and offspring diet at ages 6 and 12 months, 3, 6-7- and 8–9-years using interviewer-administered food frequency questionnaires.
At each timepoint, a standardised DQI was derived using principal component analysis. Adiposity age 8–9 years was assessed using
dual-energy X-ray absorptiometry (DXA) and BMI z-scores.
RESULTS: A ﬁve-trajectory group model was identiﬁed as optimal. The diet quality trajectories were characterised as stable,
horizontal lines and were categorised as poor (n = 142), poor-medium (n = 667), medium (n = 1146), medium-better (n = 818) and
best (n = 163). A poorer dietary trajectory was associated with higher maternal pre-pregnancy BMI, smoking, multiparity, lower
maternal age and lower educational attainment. Using linear regression adjusted for confounders, a 1-category decrease in the
dietary trajectory was associated with higher DXA percentage body fat (0.08 SD (95% conﬁdence interval 0.01, 0.15) and BMI z-score
(0.08 SD (0.00, 0.16) in the 1216 children followed up at age 8–9 years.
CONCLUSION: Mother-offspring dietary trajectories are stable across early life, with poorer diet quality associated with maternal
socio-demographic and other factors and childhood adiposity. The preconception period may be an important window to promote
positive maternal dietary changes in order to improve childhood outcomes.
International Journal of Obesity; https://doi.org/10.1038/s41366-021-01047-2

INTRODUCTION
Rates of childhood obesity are increasing worldwide, with
signiﬁcant short- and long-term adverse health consequences
[1]. Globally, 124 million school-age children and adolescents are
estimated to have obesity, a substantial rise from 11 million in the
1970s [2]. The UK is no exception, with high rates of childhood
obesity. Recent ﬁgures from the National Child Measurement

Programme show that nearly a quarter of children under the age
of ﬁve are overweight or obese. This statistic increases to a third
by the time children enter secondary school [3]. Furthermore,
longitudinal modelling suggests that once obesity is established in
early life it tracks through adolescence to adulthood [4], thus
creating a life-long condition [5]. Since the determinants of
obesity are critically important for population health, there has
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been a major research effort in recent years to identify the
responsible contributing factors in order to reduce rates of
childhood obesity [6]. The strategy published by the World Health
Organization (WHO) Commission on Ending Childhood Obesity
(ECHO) Report concludes that reducing rates of childhood obesity
requires identifying critical lifecourse periods when intervention
may be most effective, including in the mother before conception
and in pregnancy before conception [7].
Poor diet quality is recognised as an important contributing
factor in the development of childhood obesity [8] and this
association is evident even before conception [9]. Several studies
have independently reported relationships between childhood
obesity and maternal antenatal diet [10], breastfeeding duration
[11], the development of child eating behaviours [12] and a high
intake of processed and sweet foods [13]. Additionally, diet quality
is known to vary during early life as it is inﬂuenced by family and
environmental exposures [14] so single assessment timepoints
may not reﬂect changes in diet intake over time. In addition, while
several methods are available for modelling longitudinal data [15]
these techniques have not as yet been applied to diet quality data
in early life. Modelling dietary trajectories and classifying
individuals into subgroups (latent classes) could identify timepoints and subgroups at risk of poor dietary intake, therefore
providing important information about when and in whom to
intervene with nutritional interventions. Such modelling of dietary
data could provide valuable insight into the inﬂuence of poor diet
quality on health outcomes and inform future public health
strategies focused on prevention of childhood obesity.
In accordance with the recommendation in the WHO ECHO
Report we have modelled latent class trajectories of longitudinal
diet quality index (DQI) data across early life and examined the
association of these trajectories with childhood obesity outcomes
using data from the UK Southampton Women’s Survey (SWS), the
only population-based longitudinal study in Europe of women and
their children for which information was obtained from the
mothers before the conception of the child [16]. The aim of this
present analysis was to: (1) deﬁne latent classes of diet quality
trajectories from pre-pregnancy to 8–9 years of age using groupbased trajectory modelling of a DQI, (2) identify early life
sociodemographic variables associated with these trajectories,
and (3) describe the association between the trajectories and
adiposity outcomes in 8–9-year-old children obtained from dualenergy X-ray absorptiometry (DXA), BMI z-scores and mid-upper
arm and waist circumferences.
METHODS
Participants
This study is a longitudinal analysis from the SWS, a cohort of women and
their children living in the city of Southampton, UK [16]. The initial wave of
the study was designed to measure the pre-pregnancy characteristics
(lifestyle, diet and anthropometry) of women aged 20–34 years. Of those
who subsequently became pregnant, follow-ups were performed across
pregnancy, infancy and childhood. Between April 1998 and December
2002, 12,583 initially non-pregnant women were recruited to the SWS. The
women who subsequently became pregnant were invited to attend face to
face follow-ups at 11, 19- and 34-weeks’ gestation; 3158 had liveborn
singleton infants in the study. The offspring have been studied across
infancy (birth, 6 and 12 months) and childhood (2, 3, 4, 6–7 and 8–9). All
interviews were performed by trained research nurses. SWS was conducted
according to the guidelines laid down in the Declaration of Helsinki and
was approved by the Southampton and South West Hampshire Local
Research Ethics Committee (08/H0502/95). Written informed consent was
obtained from all participating women and by a parent or guardian with
parental responsibility on behalf of their children.

Maternal data
At the preconception interview, details of maternal ethnicity, highest
educational attainment (deﬁned in six groups), smoking status and parity

were recorded. Height was measured with a portable stadiometer
(Harpenden; CMS Weighing Equipment Ltd, London, UK) to the nearest
0.1 cm with the head in the Frankfort plane. Weight was measured with
calibrated electronic scales (Seca, Hamburg, Germany) to the nearest 0.1 kg
(after removal of shoes, heavy clothing and jewelry). The dominant
household social class (by occupation) was also deﬁned (according to the
Registrar General classiﬁcations). For those women who became pregnant,
any smoking in pregnancy was derived (yes vs. no) from the smoking
questionnaires before, during and after pregnancy. Maternal age was
calculated at birth.

Childhood data
At birth, the baby was weighed on calibrated digital scales to the nearest
1 g (Seca) and gestational age calculated from the expected delivery date,
estimated by the date of the last menstrual period or obstetric ultrasound.
At the 6- and 12-month visits duration of breastfeeding was deﬁned
according to the date of the last breastfeed [17]. When the child was age
8–9 years, height was recorded using a portable stadiometer to the nearest
0.1 cm (Leicester height measurer) and weight using calibrated digital
scales to the nearest 0.1 kg (Seca). BMI z-scores were calculated using the
WHO reference data, which are age and sex standardised [18]. Anthropometry was also assessed by mid-upper arm and waist circumferences
(measured in triplicate and the mean derived). The children who
completed the 8–9-year visit (n = 1216) were also invited to undergo a
DXA scan to assess body composition [Hologic Discovery A machine
(Hologic Inc., Bedford, MA, USA; Software V12.7.3)]. Total and proportionate
fat mass were derived from the whole-body scan through the use of
pediatric software. All scan results were checked independently by two
trained operators. The coefﬁcient of variation for body composition
analysis using the DXA instrument was 1.4–1.9%.

Food frequency questionnaires (FFQ)
Age speciﬁc FFQs were used to measure diet quality among women and
their offspring. These measures aimed to capture information about
habitual dietary intake and covered an age-appropriate time period.
Maternal dietary intake was recorded at the preconception, 11- and
34-weeks’ gestation visits [19]. In the mother, food intake over the previous
3-months was assessed using a 100-item validated FFQ [19]. Dietary
intake was assessed in the offspring using age-speciﬁc FFQs when they
were aged 6 and 12 months and 3, 6–7 and 8–9 years of age [20–22]. In the
offspring, at ages 6 and 12-months, food intake was assessed over
the previous 7 days using a 34-item FFQ [21] and over the previous
4 weeks using a 78-item FFQ [22], respectively. At ages 3, 6–7 and 8–9
years, food intake was evaluated over the preceding 3 months. At the
3 and 6–7 year visits, diet was assessed using an 80-item FFQ [20]. Due to
time restrictions at the 8–9 years visit, a shortened (33 question) version of
the 80-item FFQ was developed; the questions were selected based on
evidence of an association between certain food groups and adiposity [23]
and foods found to be discriminatory on a dietary quality score [24].
Offspring questionnaires were administered by trained research nurses to
the child’s parent or guardian. At each timepoint the foods listed in each
FFQ were categorised into groups based on similar nutritional composition
and principal component analysis was performed on the reported weekly
frequencies of consumption of the food groups. At each timepoint the ﬁrst
principal component was found to describe a ‘DQI’ where healthy foods
recommended by government guidelines were eaten frequently and less
healthy foods which contribute to diet-related disease were eaten
infrequently. The DQI has also been referred to as a prudent diet score
[25] and an infant guidelines score [26]; participants following this dietary
pattern had higher scores while those showing the opposite pattern had
low scores. At each time the scores were transformed (Fisher–Yates) to a
mean of zero and a standard deviation (SD) of one [27]. Given the different
ways in which the data were collected over time, standardisation was
important to ensure that the indices would not be on arbitrary and
inconsistent scales. Full details of these analyses, included validation of the
FFQs, have been published previously [20–22, 28, 29].

Statistical analysis
For demographic statistics, binary and categorical variables are presented
using counts and percentages. The distributions of continuous variables
were assessed using coefﬁcients of skewness and then summarised by
mean and SD for normally distributed variables or median and interquartile
range (IQR) for non-normally distributed variables.
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Trajectory modelling

12583 inial interviews in non-pregnant women

Group-based trajectory modelling (GBTM) was used to identify latent
classes of the dietary trajectories (traj command in Stata version 15.0). This
method is a semi-parametric mixture model in which the error variance is
assumed to be the same for all classes and all time points [30]. GBTM
handles missing data by ﬁtting the model using maximum likelihood
estimation, and therefore handles missing data under the missing at
random assumption [31]. We used a censored normal model which is
appropriate for continuous normally distributed data. For GBTM, we cannot
assume that all trajectories follow the same longitudinal change in diet
quality. Therefore, when ﬁtting GBTM the shape of trajectory can be
modelled as either intercept, linear, quadratic and cubic. To ensure model
parsimony, non-signiﬁcant cubic and quadratic terms were removed from
trajectories. However, linear parameters were retained irrespective of
signiﬁcance as long as the BIC was lower than if an intercept parameter
was used [32]. This process is then repeat until there is no improvement in
the Bayesian Information Criterion which assesses model ﬁt.
For the assessment time points, these were converted to mean age
from birth (e.g. late pregnancy [34 weeks’ gestation] for a full-term birth
at 40 weeks was coded as -6 weeks). This study adheres to the Guidelines
for Reporting on Latent Trajectory Studies (GRoLTS) checklist [33]
(Supplementary Table 1); following the guidelines in the checklist, as
the number of latent classes is unknown, we used a forward modelling
approach from one to six classes. After ﬁtting the one-class model, we
incrementally added extra classes and investigated the model ﬁt criteria
discussed below. To identify the appropriate number of classes, each
iteration (model) was assessed using likelihood-based statistics and
statistics on classifying individuals.

3158 live births

1 mother-child pair removed
with no maternal dietary
data

221 mother-child pairs
removed with no oﬀspring
dietary data

Likelihood-based and classiﬁcation statistics
The Bayesian Information Criteria (BIC) is a test statistic for model
selection and a value closer to zero indicates a better model ﬁt. Relative
entropy is a measure of model classiﬁcation uncertainty and should be
close to one [15]. The Average Posterior Probability Assignment (APPA)
and the ratio of the Odds of a Correct Classiﬁcation (OCC) are class
speciﬁc. The APPA is calculated as the average posterior probability of
belonging to a class over all the individuals assigned to class. The OCC is
the ratio of the odds of classifying participants into number of classes
for that model and is based on the maximum probability classiﬁcation
rule. For each class within a model, the APPA should be >70% and the
OCC should be >5 [15]. Finally, the minimum proportion of participants
assigned to each class should be 5% [34]. The optimal number of classes
selected was based on the lowest BIC and satisfactory values for the
remaining criteria.

2936 of mother-child pairs included in the
trajectory modelling analysis

1216 of children with outcome data at 8-years
of age
Fig. 1

Flow diagram.

Association with early life demographic variables
Once the optimal number of trajectories was identiﬁed, ordered logistic
regression was used to examine the relationships between the early life
demographic characteristics and the trajectories. These results are
reported as odds ratios (OR) with the most common group as the
reference group. The early life demographic characteristics were: maternal
BMI (continuous and WHO categories), highest education attainment
(deﬁned in six groups according to highest academic qualiﬁcation),
ethnicity (White vs. other), dominant family social class (6 categories), ever
smoked and smoked in pregnancy (any vs. none), parity (0 vs. 1 + ), age at
birth, breastfeeding duration (never tried, <1 month, 1–3 months,
4–6 months, 7–11 months and 12 months or more), gestational age at
delivery, birthweight and sex.

Association with adiposity outcomes at 8-years of age
Unadjusted and adjusted regression analyses were used to assess the
relationships between the adiposity outcomes at 8-years of age and the
dietary trajectories. Outcomes included: WHO BMI z-scores, arm and waist
circumferences, lean mass and fat mass obtained by DXA. To identify the
appropriate confounders, direct acyclic graphs were created for the
offspring outcomes. These outcomes were grouped into two categories, (1)
adiposity and lean mass, and (2) height. For both models the identiﬁed
minimum adjustment sets were maternal BMI, parity, highest maternal
education attainment and maternal age (Supplementary Figs. 1–2). To
ensure that any sex and age differences were accounted for, the
circumferences and DXA outcomes were also adjusted for child sex and
age at the 8–9-year visit. The outcomes were also transformed to
Fisher–Yates z-scores to allow the effect sizes to be compared [35].
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RESULTS
Figure 1 illustrates the ﬂowchart of participants eligible for the
analysis. 3158 mothers gave birth to live born infants in SWS;
although GBTM can handle missing outcome data, we excluded
mother-child dyads if the mother (n = 1) or the child (n = 221)
were missing all of their dietary assessment points. Of the 2936
included in the GBTM, 1216 children provided adiposity outcomes
at 8–9 years of age.
For the 2936 mothers included in the analysis, the median BMI
at the preconception visit was 24.1 kg/m2 (21.8–27.3), 57% were
categorised as having a healthy BMI, 2% were underweight and
41% had overweight or obesity. 59% had achieved a-levels or
higher. Most (96%) of the cohort were White. Just under half (44%)
were current or previous smokers, with 15% who smoked in
pregnancy. Approximately half (48%) were multiparous and the
mean age at birth was 30.7 years (Table 1). For the 1216 children
who provided adiposity outcomes at 8–9 years of age (Supplementary Table 2), 62% were breastfed for >1 month. The median
gestational age at delivery was 40.0 weeks, the average birthweight was 3447 g and 51% were female (Supplementary Table 2).
In comparison with the SWS families who did not take part,
mothers who attended the 8–9 year follow-up with their child
were older, more likely to have achieved higher educational
attainment, less likely to be a smoker and tended to have
breastfed for longer (Supplementary Table 2).
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Table 1.

Demographic characteristics of 2936 mother-child pairs from the Southampton Women’s Survey.
NMean (SD)/N (%)/Median (IQR)a

Maternal
2

Body mass index (kg/m )
Body mass index categories (kg/m2)

2910

24.1 (21.8–27.3)

Underweight

49 (2%)

Healthy weight

1658 (57%)

Overweight

798 (27%)

Obese
Qualiﬁcation level

405 (14%)

A levels or higher

2928

1741 (59%)

Ethnicity (white)

2936

2812 (96%)

Ever smoked

2934

1283 (44%)

Ever smoked in pregnancy

2802

432 (15%)

Parity (Multiparous)

2934

1418 (48%)

Age at birth (years)

2936

30.7 (3.8)

2891

2382 (82%)

Family
Dominant social class

Non-manualβ

Child
Breastfeeding

2806

1733 (62%)

Gestational age at delivery (weeks)

>1 month

2936

39.8 (1.8)

Birthweight (grams)

2909

3442 (548.0)

Sex (female)

2936

1405 (48%)

Diet quality index (SD)
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A ﬁve-trajectory group model with intercept speciﬁcation for all
classes was identiﬁed as the optimal model. Classes 1–4 are
illustrated in Supplementary ﬁg. 3 and the model ﬁt criteria for
classes 1–6 are presented in Supplementary Table 3. Although the
BIC was lower for the six classes, this model was rejected as only
1% of the population was assigned to one class. Figure 2 illustrates
the dietary trajectories for the ﬁve groups with the 95%
conﬁdence interval based on predicted trajectory means and
the individual trajectories are shown in Supplementary ﬁg. 4. The
diet quality trajectories were characterised as stable, horizontal
lines, and were categorised as poor (n = 142, 5%), poor-medium
(n = 667, 23%), medium (n = 1146, 39%), medium-better (n = 818,
28%) and best (n = 163, 5%).
Firstly, we examined the associations between early life factors
and the diet quality trajectories, deriving OR across a ﬁve-category
diet quality continuous variable (Table 2). Poorer diet quality was
associated with higher maternal pre-pregnancy BMI [OR 1.05 (95%
conﬁdence interval (CI) 1.03, 1.06)], smoking in pregnancy [6.68
(5.45, 8.19)] and multiparity [2.63 (2.29, 3.01)], lower maternal age
at birth [0.89 (0.87, 0.90)], lower educational attainment (all p <
0.001) and lower dominant social class (all p < 0.001). For the
offspring, no breastfeeding or a short breastfeeding duration was
associated with a poorer diet quality. Comparing characteristics of
the poor and the best trajectory groups: 2% and 63% had degree
qualiﬁcations, 55% and 2.5% smoked in pregnancy, 82% and 28%
were multiparous and mean age at birth was 28.8 years and 31.9
years, respectively. There was no difference in the proportion of
boys vs. girls across the groups.
Supplementary Table 4 reports the unadjusted associations
between the dietary trajectories and adiposity outcomes at 8–9
years of age. A 1-class decrease in diet quality was associated with
a higher BMI z-score, arm circumference, waist circumference and
percentage body fat (all p < 0.001) and a lower height-for-age zscore and percentage lean mass (all p < 0.001). Following
adjustment for maternal pre-pregnancy BMI, highest education
attainment, age at birth and parity (Table 3) a one-class decrease

2

IQR Interquartile range, N number, SD standard deviation.
a
Binary and categorical variables are presented using counts and percentages. The distribution of continuous variables was assessed using coefﬁcients of
skewness and then summarised by mean and standard deviation (SD) or median and interquartile range (IQR) where appropriate.
β
Includes professional, management and technical and skilled non-manual vs. skilled manual, partly skilled and unskilled.

Poor (5%)

Poor−medium (23%)

Medium (39%)

Medium−better (28%)

Best (5%)

Fig. 2 Diet quality trajectories, using group-based trajectory
modelling, from preconception to 8–9 years of age.

in the diet quality trajectory was associated with higher
percentage body fat [0.08 SD (0.01, 0.15)] and BMI z-score
[0.08 SD (0.00, 0.16)] and a lower percentage lean mass
[−0.08 SD (−0.14, −0.01)] (Table 3). Comparing the mean body
fat percentage for the lowest diet trajectory with the highest
(27.3% vs. 23.6%), there was a 14% difference between the two
groups (Fig. 3). The loss of statistical signiﬁcance from the
unadjusted to the adjusted model illustrates the role of positive
confounding between diet, socio-economic status and adiposity
outcomes.
DISCUSSION
This is the ﬁrst study, to the authors’ knowledge that has applied a
latent class modelling approach to dietary data collected from
preconception to mid-childhood. This comprehensive analysis has
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Obese

3259.2 (572.9)
67 (47%)

Birthweight (grams)

Sex (female)

299 (45%)

3445.5 (585.3)

39.6 (1.9)

274 (42%)

475 (73%)

29.6 (4.1)

428 (64%)

194 (30%)

385 (58%)

655 (98%)

228 (34%)

131 (20%)

194 (29%)

322 (49%)

13 (2%)

554 (48%)

3447.9 (537.8)

39.8 (1.8)

694 (63%)

951 (84%)

30.6 (3.7)

533 (47%)

128 (12%)

480 (42%)

1098 (96%)

673 (59%)

164 (14%)

316 (28%)

637 (56%)

16 (1%)

24.3 (22.1–27.4)

Medium
(n = 1146)

412 (50%)

3457.3 (534.3)

39.8 (1.8)

605 (79%)

729 (91%)

31.8 (3.4)

295 (36%)

29 (4%)

274 (33%)

768 (94%)

668 (82%)

81 (10%)

213 (26%)

509 (63%)

10 (1%)

23.7 (21.7–26.3)

Medium-better
(n = 818)

73 (45%)

3479.6 (477.6)

40.0 (1.4)

134 (88%)

148 (91%)

31.9 (3.2)

46 (28%)

4 (2%)

45 (27%)

152 (93%)

145 (90%)

8 (5%)

38 (23%)

114 (70%)

3 (2%)

23.0 (21.2–25.6)

Best (n = 163)

***

0.90 (0.79, 1.03)

1.00 (1.00, 1.00)

0.96 (0.92, 0.99)

0.24 (0.21, 0.29)

0.34 (0.28, 0.41)

*

***

***

0.89 (0.87, 0.90)***

2.63 (2.29, 3.01)***

6.68 (5.45, 8.19)***

2.26 (1.97, 2.59)***

2.10 (1.52, 2.90)

***

0.19 (0.16, 0.22)

1.96 (1.61, 2.38)***

1.30 (1.12, 1.52)**

1

2.11 (1.22, 3.64)**

1.05 (1.03, 1.06)***

Odds ratio
(95% CI)b

IQR Interquartile range, N number, SD standard deviation.
***p < 0.001; **p < 0.01; *P < 0.05.
a
Binary and categorical variables are presented using counts and percentages. The distribution of continuous variables was assessed using coefﬁcients of skewness and then summarised by mean and standard
deviation or median and interquartile range where appropriate.
b
Ordered logistic regression was used to assess the relationship between the demographic variables and the ﬁve trajectories on a continuous scale, the odds ratio refers to membership of a lower diet trajectory.
β
Includes professional, management and technical and skilled non-manual vs. skilled manual, partly skilled and unskilled.

39.5 (2.0)

26 (19%)

Gestational age at delivery (weeks)

Breastfeeding

Child

Dominant social class

>1 month

28.8 (4.2)

Age at birth (years)
79 (55%)

116 (82%)

Parity (multiparous)

Non-manualβ

77 (55%)

Ever smoked in pregnancy

Family

139 (98%)
99 (70%)

Ever smoked

27 (19%)

21 (15%)

Overweight

A levels or higher

76 (54%)
37 (26%)

Healthy weight

7 (5%)

Underweight

Ethnicity (white)

Qualiﬁcation level

Body mass index categories
(kg/m2)

25.0 (22.2–28.9)

24.2 (22.0–27.6)

Body mass index (kg/m2)

Maternal

Poor-medium
(n = 667)
Mean (SD)/N (%)/Median (IQR)a

Poor (n = 142)

Maternal and child demographic characteristics according to the ﬁve diet trajectories obtained using group-based trajectory modelling (n = 2963).

Trajectory group

Table 2.
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Table 3. Adjusted associations between the ﬁve dietary trajectories and adiposity z-scores at 8–9 year of age in children from the Southampton
Women’s Survey.
Outcome

Poor
Poor-medium
Medium
(n = 47)
(n = 249)
(n = 484)
Regression coefﬁcients (95% conﬁdence interval)

BMI for agea

Best
(n = 79)

β-trend

0.25 (−0.03, 0.52)

0.17 (−0.10, 0.44)

Ref

0.08 (0.00, 0.16)*

−0.19 (−0.46, 0.09)

−0.05 (−0.30, 0.19)

0.05 (−0.19, 0.29)

Ref

−0.06 (−0.13, 0.01)

0.10 (−0.18, 0.38)

0.12 (−0.14, 0.38)

0.13 (−0.13, 0.38)

Ref

0.01 (−0.06, 0.09)

0.18 (−0.19, 0.54)

0.24 (−0.02, 0.50)

0.20 (−0.03, 0.44)

0.17 (−0.07, 0.40)

Ref

0.05 (−0.02, 0.11)

0.23 (−0.14, 0.61)

0.14 (−0.12, 0.41)

−0.09 (−0.15, 0.33)

0.07 (−0.17, 0.30)

Ref

0.05 (−0.02, 0.11)

0.26 (−0.16, 0.68)

0.33 (0.02, 0.63)*

a

0.07 (−0.31, 0.45)

Weight for agea

0.17 (−0.23, 0.57)

Arm circumference
Waist circumference

Height for age

Medium-better
(n = 357)

DXA outcomes
Total body fat

0.26 (−0.13, 0.64)

0.18 (−0.10, 0.67)

0.13 (−0.13, 0.38)

0.09 (−0.16, 0.34)

Ref

0.06 (−0.02, 0.13)

Percentage body fat

0.27 (−0.10, 0.64)

0.22 (−0.05, 0.49)

0.11 (−0.13, 0.35)

0.04 (−0.20, −0.27)

Ref

0.08 (0.01, 0.15)*

0.09 (−0.32, 0.50)

−0.01 (−0.30, 0.29)

0.12 (−0.15, 0.39)

0.18 (−0.10, 0.44)

Ref

−0.03 (−0.11, 0.04)

−0.27 (−0.63, 0.10)

−0.21 (−0.48, 0.05)

−0.10 (−0.34, 0.14)

−0.04 (−0.27, 0.20)

Ref

−0.08 (−0.14, −0.01)*

Total lean
Percentage lean

Perentage lean mass (SD)
−.4
−.2
0
.2
.4

−.4

−.4

Body mass index (SD)
−.2
0
.2
.4

Percentage body fat (SD)
−.2
0
.2
.4

All outcomes are adjusted for maternal pre-pregnancy BMI, maternal highest education attainment, maternal age at birth and parity. The DXA and
circumferences outcomes have also been adjusted for child sex and age at the 8–9-year visit.
BMI Body mass index, DXA dual energy x-ray absorptiometry.
*p < 0.05.
a
WHO z-scores were calculated using the WHO standards which are age and sex standardised [18]. The DXA and circumferences outcomes have been
normalised using Fisher–Yates transformation. All regression coefﬁcients represent the relative change in the standard deviation of the outcome per
1-category decrease in the diet trajectory.
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Fig. 3 Adjusted means (and 95% CI) for offspring outcomes at 8–9 years of age. All outcomes were adjusted for maternal BMI, parity,
highest maternal education attainment and maternal age. Percentage body fat and lean mass were also adjusted for offspring sex and age.
Trajectory categories: 1 = poor, 2 = poor-medium, 3 = medium, 4 = medium-better, 5 = best.

described trajectories of diet quality across early life and explored
associations between these trajectories and socio-demographic
factors and adiposity outcomes at 8–9 years of age. We found that
diet quality trajectories are stable from before pregnancy in the
mothers to age 8–9 years in the child, and a poorer trajectory is
associated with maternal socio-demographic factors including
lower educational attainment, lower age at birth, higher BMI and
smoking. Independently of maternal pre-pregnancy BMI, highest
education attainment, age at birth and parity, a sustained poorer
diet quality was associated with higher adiposity outcomes in the
child at age 8–9-years.
Over recent years, several modelling approaches have been
developed to identify longitudinal latent classes within a
population [15]. These methodologies have frequently been
applied to developmental [30] and early life growth data [36].
However, longitudinal dietary intake analyses tend to focus on
average trajectories over time [37] and are normally limited by
two- to three waves of data [38]. Previously in the SWS cohort,
we have taken an approach to convert the continuous dietary
indicator into thirds at each assessment point [28]. This
categorical variable was then summed across all time points
to create an overall diet quality score and showed that a poor
diet quality tracks across early-life and continued exposure to a

poor diet quality from 6 months to 6 years of age was
associated with higher fat mass. We have advanced these prior
analyses in this study by including maternal preconception and
antenatal diet quality to investigate the earliest dietary
exposures of the child. In addition, the analyses in the current
study describe changes in diet quality over time, which offers
new insights into identifying timepoints and subgroups for
nutritional interventions.
Our ﬁndings clearly illustrate the relationships between several
maternal socio-demographic characteristics and diet quality
across early life. Family social class, maternal education, smoking
status in pregnancy and no breastfeeding or a shorter breastfeeding duration showed the strongest associations with early life diet
trajectory. These ﬁndings are consistent with existing evidence
which shows that unhealthy lifestyle behaviours, such as smoking,
poor nutrition and short breastfeeding duration are inversely
associated with socioeconomic position [39]. Poorer offspring
dietary patterns have also consistently been associated with lower
levels of maternal educational attainment [40]. It is important to
identify population groups at risk of poor diet quality, so that
interventions during the lifecourse can be targeted appropriately
[41]. An additional consideration, which is well documented in the
literature, is the relationship between socioeconomic inequalities
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and clustering of unhealthy behaviours, including the food
environment and the development of adverse health outcomes
[42, 43]. Our ﬁndings support the need to enact effective and
appropriate nutrition interventions to promote longer term health
outcomes, particularly among families from socially deprived
backgrounds [41].
Continued exposure to a poor diet quality from preconception
to mid-childhood was associated with higher adiposity in the
child. We also observed a 14% difference in percentage fat mass
between the lowest and the highest dietary trajectories. Several
cohort studies have reported relationships between poor diet
quality in early life and measures of childhood obesity [44, 45].
Furthermore, there is evidence to suggest that dietary behaviours established in childhood track into adolescence and
adulthood [46]. Viewed collectively, these research ﬁndings
suggest that mothers who consume a diet of poorer quality are
likely to have children who follow a poor diet quality trajectory
into later life and are potentially at greater risk of developing
overweight/obesity throughout the lifecourse. Therefore, our
data support intervening in the earliest stages of the life-course,
ideally before conception, to lower the risk of a child developing
obesity [9, 47].
There is a growing awareness within the academic and public
health communities of the impact maternal preconception
health has on offspring outcomes [48]. Smoking status, alcohol
intake and poor dietary intake, including inadequate micronutrient status, have all been associated with adverse maternal and
childhood outcomes [9, 49]. However, despite this increasing
awareness, recognition of the importance of the preconception
period remains low amongst the general public and healthcare
professionals [48]. Results from this study provide additional
evidence of the tracking of diet quality from preconception
through to mid-childhood. This observation highlights the need
for public health interventions in the years and months leading
up to conception. Policy measures which support improvements
in diet quality across populations preconceptionally could have
continued beneﬁts across the antenatal period and impact on
the offspring diet [50].
Strengths and limitations
This study has several strengths, notably that the data
presented are from a large longitudinal mother-child cohort
with information collected from multiple assessment points
across early life. SWS is currently the only European cohort
where data have been collected prospectively in the mother
before conception. The study includes comprehensive family,
environmental and anthropometric data, as well as DXA as a
recognised measure of adiposity [51]. Due to the detailed data
collection, SWS provides an opportunity to explore the relationship between maternal and offspring dietary intake and the
relationship with childhood adiposity. Limitations include
attrition of the study population; this is a common feature of
cohort studies and may result in selection bias and collider bias
[52]. The observational study design is limited by residual
confounding and may have resulted in over-estimation of
reported effect sizes. In addition, dietary intake was assessed
using FFQs; this type of methodology has been associated with
recall bias [53]. A further limitation of the dietary analysis, for
the SWS we used several different FFQs as these were age
speciﬁc. Therefore, in our present analysis we used natural
scores. However, future studies, if they use the same FFQ at all
timepoints, would be able to use the applied scores which
would have a constant score at each time point. In relating
classes to outcomes, uncertainty in class membership has not
been accounted for. This could be addressed using the BCH
method [54] but a limitation of Stata is that the BCH method
cannot be employed after a GBTM. A limitation of GBTM is that
assumes no inter-individual differences in change within class,
International Journal of Obesity

therefore the error variance is assumed to be the same for all
classes and all time points [30]. Growth mixture modelling
(GMM) is another latent class modelling technique which
provides greater ﬂexibility as it allows for a varying covariance
structure within each class. As part of a sensitivity analysis,
we compared the GBTM output for the ﬁve class model to the
corresponding output using GMM and there was a strong
agreement between these two methods (Spearman’s correlation = 0.98). Finally, we chose the ‘best’ group as the reference
category as this group reﬂects a high diet quality which will aid
interpretation of the ﬁndings. However this group does have a
low participant number, and this may widen conﬁdence
intervals for the estimates for the other groups.
Conclusion
Childhood obesity is arguably one of the biggest challenges for
public health. Excess weight gain in early life has a signiﬁcant
impact on short and long-term health outcomes, including the
development of type 2 diabetes, cardiovascular and lung
disease and some forms of cancer. This work has shown that
diet quality tracks from the preconception period in the mother
to mid-childhood in the offspring, and a poorer diet quality was
associated with lower family social class. Furthermore, continued exposure to a poor diet across early life was also
associated with higher adiposity in the child. These ﬁndings
have the potential to inform targeted public health strategies
focused on reducing rates of childhood obesity; and include
recommendations for providing families from socially deprived
backgrounds with tailored interventions. Targeted strategies
during the preconception period, alongside population interventions to improve diet more generally, may provide
opportunities to promote positive dietary changes in the
mother and subsequently the child, therefore reducing the risk
of the child developing obesity in early life.

REFERENCES
1. Koletzko B, Fishbein M, Lee WS, Moreno L, Mouane N, Mouzaki M, et al. Prevention of Childhood Obesity: A Position Paper of the Global Federation of
International Societies of Paediatric Gastroenterology, Hepatology and Nutrition
(FISPGHAN). J Pediatr Gastroenterol Nutr. 2020;70:702–10.
2. NCD Risk Factor Collaboration (NCD-RisC). Worldwide trends in body-mass index,
underweight, overweight, and obesity from 1975 to 2016: a pooled analysis of
2416 population-based measurement studies in 128·9 million children, adolescents, and adults. Lancet Lond Engl. 2017;390: 2627–42.
3. National Child Measurement Programme. Executive summary: learning from local
authorities with downward trends in childhood obesity. GOV.UK. https://www.
gov.uk/government/publications/national-child-measurement-programmechildhood-obesity/executive-summary-learning-from-local-authorities-withdownward-trends-in-childhood-obesity (accessed 28 Jun 2021).
4. Geserick M, Vogel M, Gausche R, Lipek T, Spielau U, Keller E, et al. Acceleration of
BMI in Early Childhood and Risk of Sustained Obesity. N Engl J Med.
2018;379:1303–12.
5. Ward ZJ, Long MW, Resch SC, Giles CM, Cradock AL, Gortmaker SL. Simulation of
Growth Trajectories of Childhood Obesity into Adulthood. N Engl J Med.
2017;377:2145–53.
6. Hruby A, Manson JE, Qi L, Malik VS, Rimm EB, Sun Q, et al. Determinants and
Consequences of Obesity. Am J Public Health. 2016;106:1656–62.
7. World Health Organisation. Report of the Commission on Ending Childhood
Obesity. Geneva, 2016 http://www.who.int/end-childhood-obesity/en/ (accessed
9 Mar 2018).
8. Ambrosini GL. Childhood dietary patterns and later obesity: a review of the
evidence. Proc Nutr Soc. 2014;73:137–46.
9. Stephenson J, Heslehurst N, Hall J, Schoenaker DAJM, Hutchinson J, Cade JE, et al.
Before the beginning: nutrition and lifestyle in the preconception period and its
importance for future health. Lancet Lond Engl. 2018;391:1830–41.
10. Martin CL, Siega-Riz AM, Sotres-Alvarez D, Robinson WR, Daniels JL, Perrin EM,
et al. Maternal Dietary Patterns during Pregnancy Are Associated with Child
Growth in the First 3 Years of Life. J Nutr. 2016;146:2281–8.
11. Rito AI, Buoncristiano M, Spinelli A, Salanave B, Kunešová M, Hejgaard T, et al.
Association between Characteristics at Birth, Breastfeeding and Obesity in

K.V. Dalrymple et al.

8
12.

13.

14.
15.

16.
17.

18.
19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.
31.
32.

33.

34.
35.
36.

22 Countries: The WHO European Childhood Obesity Surveillance Initiative –
COSI 2015/2017. Obes Facts. 2019;12:226–43.
Fogel A, McCrickerd K, Aris IM, Goh AT, Chong Y-S, Tan KH, et al. Eating
behaviors moderate the associations between risk factors in the ﬁrst
1000 days and adiposity outcomes at 6 years of age. Am J Clin Nutr.
2020;111:997–1006.
Fernández-Alvira JM, Bammann K, Eiben G, Hebestreit A, Kourides YA, Kovacs E,
et al. Prospective associations between dietary patterns and body composition
changes in European children: the IDEFICS study. Public Health Nutr.
2017;20:3257–65.
De Cosmi V, Scaglioni S, Agostoni C. Early Taste Experiences and Later Food
Choices. Nutrients. 2017;9:107.
van der Nest G, Lima Passos V, Candel MJJM, van Breukelen GJP. An overview of
mixture modelling for latent evolutions in longitudinal data: Modelling approaches, ﬁt statistics and software. Adv Life Course Res. 2020;43:100323.
Inskip HM, Godfrey KM, Robinson SM, Law CM, Barker DJ, Cooper C. Cohort
proﬁle: The Southampton Women’s Survey. Int J Epidemiol. 2006;35:42–48.
Fisk CM, Crozier SR, Inskip HM, Godfrey KM, Cooper C, Roberts GC, et al.
Breastfeeding and reported morbidity during infancy: ﬁndings from the Southampton Women’s Survey. Matern Child Nutr. 2010;7:61–70.
Vidmar SI, Cole TJ, Pan H. Standardizing anthropometric measures in children and
adolescents with functions for egen: Update. Stata J. 2013;13:366–78.
Robinson S, Godfrey K, Osmond C, Cox V, Barker D. Evaluation of a food frequency questionnaire used to assess nutrient intakes in pregnant women. Eur J
Clin Nutr. 1996;50:302–8.
Jarman M, Fisk C, Ntani G, Crozier S, Godfrey K, Inskip H, et al. Assessing diets of 3
year old children: evaluation of a food frequency questionnaire. Public Health
Nutr. 2014;17:1069–77.
Marriott L, Robinson S, Poole J, Borland S, Godfrey K, Law C, et al. What do babies
eat? Evaluation of a food frequency questionnaire to assess the diets of infants
aged 6 months. Public Health Nutr. 2008;11:751–6.
Marriott LD, Inskip HM, Borland SE, Godfrey KM, Law CM, Robinson SM, et al.
What do babies eat? Evaluation of a food frequency questionnaire to assess the
diets of infants aged 12 months. Public Health Nutr. 2009;12:967–72.
Johnson L, Mander A, Jones L, Emmett P, Jebb S. Energy-dense, low-ﬁber, high-fat
dietary pattern is associated with increased fatness in childhood. Am J Clin Nutr.
2008;87. https://doi.org/10.1093/ajcn/87.4.846.
Crozier SR, Inskip HM, Barker ME, Lawrence WT, Cooper C, Robinson SM, et al.
Development of a 20-item food frequency questionnaire to assess a ‘prudent’
dietary pattern among young women in Southampton. Eur J Clin Nutr.
2010;64:99–104.
Robinson SM, Crozier SR, Borland SE, Hammond J, Barker DJP, Inskip HM. Impact
of educational attainment on the quality of young women’s diets. Eur J Clin Nutr.
2004;58:1174–80.
Robinson S, Marriott L, Poole J, Crozier S, Borland S, Lawrence W, et al. Dietary
patterns in infancy: the importance of maternal and family inﬂuences on feeding
practice. Br J Nutr. 2007;98:1029–37.
Crozier SR, Robinson SM, Borland SE, Inskip HM. Dietary patterns in the Southampton Women’s Survey. Eur J Clin Nutr. 2006;60:1391–9.
Okubo H, Crozier SR, Harvey NC, Godfrey KM, Inskip HM, Cooper C, et al. Diet
quality across early childhood and adiposity at 6 years: the Southampton
Women’s Survey. Int J Obes. 2015;39:1456–62.
Shaw S, Crozier S, Strömmer S, Inskip H, Barker M, Vogel C. Development of a
short food frequency questionnaire to assess diet quality in UK adolescents using
the National Diet and Nutrition Survey. Nutr J. 2021;20. https://doi.org/10.1186/
s12937-020-00658-1.
Nagin DS. Group-Based Trajectory Modeling: An Overview. Ann Nutr Metab.
2014;65:205–10.
Nagin DS, Odgers CL. Group-Based Trajectory Modeling in Clinical Research.
Annu Rev Clin Psychol. 2010;6:109–38.
Louvet B, Gaudreau P, Menaut A, Genty J, Deneuve P. Longitudinal Patterns of
Stability and Change in Coping across Three Competitions: A Latent Class Growth
Analysis. J Sport Exercise Psychol. 2007;29:100–17.
van de Schoot R, Sijbrandij M, Winter SD, Depaoli S, Vermunt JK. The GRoLTSChecklist: Guidelines for Reporting on Latent Trajectory. Studies Struct Equ Model
Multidiscip J. 2017;24:451–67.
Nagin D. Group-Base Modeling of Development. London, England:Havard University Press;2005.
Armitage P, Berry G, Matthews J. Statistical Methods in Medical Research. 3rd ed.
Oxford, United Kingdom:Blackwell Science Ltd;2002.
Crozier SR, Johnson W, Cole TJ, Macdonald-Wallis C, Muniz-Terrera G, Inskip
HM, et al. A discussion of statistical methods to characterise early growth and
its impact on bone mineral content later in childhood. Ann Hum Biol.
2019;46:17–26.

37. Goff LM, Huang P, Silva MJ, Bordoli C, Enayat EZ, Molaodi OR, et al. Associations of
dietary intake with cardiometabolic risk in a multi-ethnic cohort: a longitudinal
analysis of the Determinants of Adolescence, now young Adults, Social wellbeing and Health (DASH) study. Br J Nutr. 2019;121:1069–79.
38. Winpenny EM, Penney TL, Corder K, White M, van Sluijs EMF. Change in diet in
the period from adolescence to early adulthood: a systematic scoping review of
longitudinal studies. Int J Behav Nutr Phys Act. 2017;14:60.
39. McAndrew F, Thompson J, Fellows L, Large A, Speed M, Renfrew MJ. Infant
feeding survey 2010. Leeds Health Soc Care Inf Cent. 2012. Version 1; 1–20.
40. Hidaka BH, Kerling EH, Thodosoff JM, Sullivan DK, Colombo J, Carlson SE. Dietary
patterns of early childhood and maternal socioeconomic status in a unique
prospective sample from a randomized controlled trial of Prenatal DHA Supplementation. BMC Pediatr. 2016;16:191.
41. McGill R, Anwar E, Orton L, Bromley H, Lloyd-Williams F, O'Flaherty M, et al.
Are interventions to promote healthy eating equally effective for all? Systematic review of socioeconomic inequalities in impact. BMC Public Health.
2015;15:457.
42. Adams J, Mytton O, White M, Monsivais P. Why Are Some Population Interventions for Diet and Obesity More Equitable and Effective Than Others? The Role of
Individual Agency. PLOS Med. 2016;13:e1001990.
43. Burgoine T, Forouhi N, Grifﬁn S, Brage S, Wareham N, Monsivais P. Does neighborhood fast-food outlet exposure amplify inequalities in diet and obesity? A
cross-sectional study. Am J Clin Nutr. 2016. https://doi.org/10.3945/
ajcn.115.128132.
44. Jennings A, Welch A, van Sluijs EMF, Grifﬁn SJ, Cassidy A. Diet Quality Is Independently Associated with Weight Status in Children Aged 9–10 Years. J Nutr.
2011;141:453–9.
45. Flynn AC, Thompson JMD, Dalrymple KV, Wall C, Begum S, Pallippadan Johny J,
et al. Childhood dietary patterns and body composition at age 6 years: the
Children of SCOPE study. Br J Nutr. 2020;124:1–21.
46. Mikkilä V, Räsänen L, Raitakari OT, Pietinen P, Viikari J. Consistent dietary patterns
identiﬁed from childhood to adulthood: the cardiovascular risk in Young Finns
Study. Br J Nutr. 2005;93:923–31.
47. Barker M, Dombrowski S, Colbourn T, Fall C, Kriznik N, Lawrence W et al. Intervention strategies to improve nutrition and health behaviours before conception.
Lancet Lond Engl. 2018;391. https://doi.org/10.1016/S0140-6736(18)30313-1.
48. Stephenson J, Schoenaker D, Hinton W, Poston L,MM, Alwan N et al. A wake-up
call for preconception health: a clinical review. Br J Gen Pract J R Coll Gen Pract.
2021;71. https://doi.org/10.3399/bjgp21X715733.
49. Poston L, Caleyachetty R, Cnattingius S, Corvalán C, Uauy R, Herring S, et al.
Preconceptional and maternal obesity: epidemiology and health consequences.
Lancet Diabetes Endocrinol. 2016;4:1025–36.
50. Dalrymple KV, Tydeman FAS, Taylor PD, Flynn AC, O'Keeffe M, Briley AL, et al.
Adiposity and cardiovascular outcomes in three-year-old children of participants
in UPBEAT, an RCT of a complex intervention in pregnant women with obesity.
Pediatr Obes. 2020;16:e12725.
51. Eisenmann JC, Heelan KA, Welk GJ. Assessing body composition among 3‐to 8‐
year‐old children: Anthropometry, BIA, and DXA. Obes Res. 2004;12:1633–40.
52. Rohrer JM. Thinking Clearly About Correlations and Causation: Graphical Causal
Models for Observational Data. Adv Methods Pract Psychol Sci. 2018;1:27–42.
53. Martínez ME, Marshall JR, Sechrest L. Invited commentary: Factor analysis and the
search for objectivity. Am J Epidemiol. 1998;148:17–19.
54. Bray BC, Lanza ST, Tan X. Eliminating Bias in Classify-Analyze Approaches for
Latent Class Analysis. Struct Equ Model Multidiscip J. 2015;22:1–11.

ACKNOWLEDGEMENTS
We are grateful to the women of Southampton and their children who took part in
these studies and the research nurses and other staff who collected and processed
the data. KVD is funded by the MRC (grant number: MR/V005839/1). This work from
the SWS was supported by grants from the Medical Research Council
(MC_UU_12011/4), National Institute for Health Research Southampton Biomedical
Research Centre, the University of Southampton and University Hospital Southampton National Health Service Foundation Trust, the European Union’s Seventh
Framework Programme (FP7/2007-2013), project EarlyNutrition (grant 289346) and
European Union’s Horizon 2020 research and innovation programme under grant
agreement No 733206 (LifeCycle). KMG is supported by the National Institute for
Health Research (NIHR Senior Investigator (NF-SI-0515-10042) and the NIHR Southampton Biomedical Research Centre) and the European Union (Erasmus +
Programme ImpENSA 598488-EPP-1-2018-1-DE-EPPKA2-CBHE-JP) and KMG and
MAH by the British Heart Foundation (RG/15/17/3174). Study participants were
drawn from a cohort study funded by the Medical Research Council and the Dunhill
Medical Trust.

International Journal of Obesity

K.V. Dalrymple et al.

9
AUTHOR CONTRIBUTIONS
Designed research: HMI, SRC, JB, CC, NCWH, MH, KMG. Conducted research: HMI and
KMG. Provided essential materials: HMI and KMG. Analysed data or performed
statistical analysis. KVD, SRC, HMI. Wrote paper: KVD. Had primary responsibility for
ﬁnal content: SRC. Conceptualisation: HMI, CV, SRC. All authors have read and
approved the ﬁnal paper.

COMPETING INTERESTS
In relation to the current work, none of the authors report any competing interests.
KMG has received reimbursement for speaking at conferences sponsored by
companies selling nutritional products, and is part of an academic consortium that
has received research funding from Abbott Nutrition, Nestec, BenevolentAI Bio Ltd.
and Danone. JB has received grants from Danone Nutricia Early Life Nutrition and is
part of a collaboration with Iceland Foods Ltd.

ADDITIONAL INFORMATION
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41366-021-01047-2.
Correspondence and requests for materials should be addressed to Sarah R. Crozier.

International Journal of Obesity

Reprints and permission information is available at http://www.nature.com/
reprints
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional afﬁliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2021

