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The Dietary Guidelines for Americans rely on summaries of the effect of dietary pattern on disease risk, inde-
pendent of other population characteristics. We explored the modifying effect of prepregnancy body mass index
(BMI; weight (kg)/height (m)2) on the relationship between fruit and vegetable density (cup-equivalents/1,000 kcal)
and preeclampsia using data from a pregnancy cohort study conducted at 8 US medical centers (n = 9,412; 2010-
2013). Usual daily periconceptional intake of total fruits and total vegetables was estimated from a food frequency
questionnaire. We quantified the effects of diets with a high density of fruits (>1.2 cups/1,000 kcal/day vs. <1.2
cups/1,000 kcal/day) and vegetables (>1.3 cups/1,000 kcal/day vs. <1.3 cups/1,000 kcal/day) on preeclampsia
risk, conditional on BMI, using a doubly robust estimator implemented in 2 stages. We found that the protective
association of higher fruit density declined approximately linearly from a BMI of 20 to a BMI of 32, by 0.25 cases
per 100 women per each BMI unit, and then flattened. The protective association of higher vegetable density
strengthened in a linear fashion, by 0.3 cases per 100 women for every unit increase in BMI, up to a BMI of 30,
where it plateaued. Dietary patterns with a high periconceptional density of fruits and vegetables appear more
protective against preeclampsia for women with higher BMI than for leaner women.

birth; body mass index; dietary patterns; machine learning; obesity; preeclampsia; pregnancy; pregnant women

Abbreviations: BMI, body mass index; EIF, efficient influence function; FFQ, food frequency questionnaire; LASSO, least absolute
shrinkage and selection operator; nuMoM2b, Nulliparous Pregnancy Outcomes Study: Monitoring Mothers-to-Be; TMLE, targeted
maximum likelihood estimation.

In 2016, poor diet quality was associated with more deaths
in the United States than smoking, obesity, or other modifi-
able risk factors (1). Interventions and education programs
implemented at the national, regional, state, and local levels
to improve dietary patterns are often based on the Dietary
Guidelines for Americans (2), which provide dietary advice
for health promotion and disease prevention. The Dietary
Guidelines for Americans rely on a summary of the effect of
dietary pattern on disease risk, independent of other features
of the diet and other characteristics of the US population (3).
These summary associations are of central importance in a
population health setting, as they establish whether changes
in a dietary exposure could have meaningful impacts over-
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all in the target population of interest (4). Nevertheless,
such summary associations are not always relevant for spe-
cific subgroups in the population (5). For instance, smokers
may have greater requirements for antioxidant-rich foods
than nonsmokers (6, 7). Vitamin D needs are higher among
persons affected by obesity than among those not affected (8,
9). These differential needs should translate into subgroup-
specific recommendations for the most healthful dietary
patterns.

Evaluation of heterogeneity (statistical interaction or
effect-measure modification) helps identify subgroups who
may benefit most from dietary interventions (10), thereby
enabling targeting of limited resources. Here, we use the
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term interaction in its statistical sense. Conventional (para-
metric) analytical approaches for exploring heterogeneity
require researchers to correctly specify all interactions
among dietary variables and between dietary variables
and covariates a priori when evaluating the risk of the
adverse outcome (11-13). Incorrect specification of these
models can result in bias. Machine learning algorithms can
potentially overcome this limitation by using data-adaptive
strategies that account for key interactions between variables
(12, 14, 15). Further, they flexibly model interactions, which
enables better handling of a number of other specifications
and assumptions in comparison with traditional parametric
regression (16).

We previously estimated associations between peri-
conceptional fruit and vegetable intake and the risk of
preeclampsia using doubly robust targeted maximum likeli-
hood estimation (TMLE) paired with an ensemble machine
learning algorithm (17). We compared these associations
with results generated from multivariable logistic regression
and found that the TMLE yielded larger reductions in
preeclampsia risk with higher intake of fruits and vegetables
(17). In the present study, we further explored the extent
to which the relationship between periconceptional fruit
and vegetable intake and preeclampsia is modified by
prepregnancy body mass index (BMI). Nutrient deficiencies
and high levels of oxidative stress are more common among
persons affected by overweight or obesity than among leaner
people (18-20). As a result, dietary patterns rich in fruits
and vegetables and their accompanying nutrients may be
more important for reducing the risk of preeclampsia among
women with obesity than among leaner women, as has been
shown with other nutrition exposures (21-24).

We evaluated this effect modification without categoriz-
ing BMI, and we used flexible machine learning methods to
account for deviations from linearity, as well as any poten-
tial exposure-confounder or confounder-confounder interac-
tions of importance. We hypothesized that the reductions in
preeclampsia risk associated with high (versus low) pericon-
ceptional fruit and vegetable densities would strengthen as
BMI increased.

METHODS

We used data from the Nulliparous Pregnancy Outcomes
Study: Monitoring Mothers-to-Be (nuMoM2b), a large preg-
nancy cohort study, the details of which have been published
elsewhere (25). The nuMoM2b investigators enrolled 10,038
women from 8 US medical centers (2010-2013). Women
were eligible if they had a viable singleton pregnancy, were
at 6-13 completed weeks of gestation, and had no previ-
ous pregnancy of >20 weeks’ gestation. At all sites, the
nuMoM2b researchers used trained and credentialed study
personnel and a common protocol and manual of opera-
tions. At enrollment (6—13 completed weeks’ gestation),
usual periconceptional dietary intake, demographic char-
acteristics, medical history, psychosocial assessments, and
behaviors were ascertained. Data on birth outcomes, medi-
cal history, and delivery diagnoses and complications were
collected from the medical record at least 30 days after deliv-

Am J Epidemiol. 2022;191(8):1396-1406

ery. Each site’s local institutional review board approved
the study protocol, and all women gave written, informed
consent. Our analytical sample included 9,412 women who
delivered at >20 weeks’ gestation and had information
on preeclampsia diagnosis (see Web Figure 1, available at
https://doi.org/10.1093/aje/kwac062). We retained records
with missing data on other relevant variables through an
imputation process described below.

At enrollment, a self-administered modified Block 2005
food frequency questionnaire (FFQ) (available in English
and Spanish) was used to assess usual dietary intake during
the 3 months before conception. The FFQ’s list of approxi-
mately 120 food and beverage items was based on analyses
of 24-hour dietary recall data from the 1999-2002 admin-
istrations of the National Health and Nutrition Examination
Survey. A series of “adjustment” questions in the FFQ are
used to improve the estimation of fat and carbohydrate
intake. Respondents were asked about portion size for each
food, and pictures of portion sizes were given to participants
to enhance accuracy. The FFQ has acceptable validity rela-
tive to other self-reported assessment tools in many samples
of pregnant women (26—31). We modified the questionnaire
to reflect a 3-month period. Study personnel checked all
pages of the FFQ for completeness. Block Dietary Data
Systems (Berkeley, California) performed scanning, nutrient
and food group mapping, and summary analysis of the FFQ
using software developed at the National Cancer Institute
(32). The food items were disaggregated into their com-
ponent parts and linked to a nutrient database that was
developed from the US Department of Agriculture’s Food
and Nutrient Database for Dietary Studies (33) and the food-
based MyPyramid Equivalents Database, version 2.0 (34).
Finally, food group and nutrient summary variables were
created.

Total fruit and total vegetable consumption, our 2 expo-
sures of interest, were defined as densities (number of cups
per 1,000 kcal) as per the construction of Healthy Eat-
ing Index 2010 (35). Potatoes and tomatoes were included
with total vegetables, and avocadoes and fruit juices were
included with total fruits, per the method of the MyPyramid
Equivalents Database at the time of the FFQ processing.
Legumes were first included in total protein intake, and
after the protein standard was met, excess legumes were
included as vegetables. We dichotomized density of fruit
intake (1.2 cups/1,000 kcal of fruit per day) and density
of vegetable intake (1.3 cups/1,000 kcal of vegetables per
day) on the basis of the 80th percentile of the distributions,
which reflects the upper quintile of the distribution. Ana-
Iytical models for fruit density included vegetable density
as a covariate and vice versa. To account for the multidi-
mensional dietary patterns, we also included food group
densities for all other Healthy Eating Index 2010 compo-
nents, including whole grains, dairy products, total protein
foods, seafood and plant proteins, fatty acids, refined grains,
sodium, and “empty” calories in the models. We calculated
the percentage of empty calories by summing the amounts of
energy provided by added sugars, solid fats, and excess alco-
hol intake (>13 g/1,000 kcal) and dividing by total energy
intake (35). All other dietary components were entered as
continuous confounders (35).
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Detailed definitions of pregnancy hypertensive disorders
used in the nuMoM2b cohort are provided elsewhere (36).
Briefly, women were classified as having preeclampsia if
they had the following symptoms during the period from
>20 weeks’ gestation through 14 days postpartum: gesta-
tional hypertension (systolic blood pressure >140 mm Hg
or diastolic blood pressure >90 mm Hg on 2 occasions
>6 hours apart or on 1 occasion with subsequent anti-
hypertensive therapy, excluding blood pressures recorded
during the second stage of labor), proteinuria (=300 mg/24-
hour collection or protein:creatinine ratio >0.3 or dipstick
>2+), thrombocytopenia (platelet count <100,000/mm?),
or pulmonary edema. Preeclampsia included superimposed
preeclampsia or eclampsia, regardless of the timing of onset.
The nuMoM?2b principal investigators reviewed clinical data
and adjudicated final classification based on consensus judg-
ment for cases that presented atypically and were difficult to
classify according to study criteria.

Atenrollment, women reported their prepregnancy weight
and had their height measured using a stadiometer or mea-
suring tape. We calculated prepregnancy body mass index
(BMI) as self-reported weight (kg) divided by measured
height (m) squared. We evaluated BMI as both a continuous
variable and a categorical variable (underweight (<18.5),
normal weight (18.5-24.9), overweight (25.0-29.9), or
obese (>30.0) (37)). There were too few underweight
women in the stratified analyses, so we grouped them with
normal-weight women.

At the first visit, women also self-reported their marital
status, prepregnancy smoking, health insurance status, high-
est level of education, race/ethnicity, whether the pregnancy
was planned, physical activity, and preexisting diabetes and
chronic hypertension (25). They also reported whether they
had been born in the United States and the language spo-
ken at home. Women completed evaluations of depressive
symptoms (Edinburgh Postnatal Depression Scale (38)) and
anxiety (Spielberger State-Trait Anxiety Inventory (39)),
stress (Perceived Stress Scale (40)), and insomnia symp-
toms (Women’s Health Initiative Insomnia Rating Scale
41)).

Trained medical record abstractors collected data from
ultrasound reports conducted by certified sonographers.
Gestational age was determined by applying the algorithm
defined by the nuMoM2b investigators (25).

We sought to quantify the effect of high fruit density and
high vegetable density (denoted X) on preeclampsia risk
(denoted Y), conditional on the effect-measure modifier of
interest (BMI, denoted Z). If we let Y* = 1 denote the poten-
tial outcome that would be observed if a woman consumed at
least 1.2 cups/1,000 kcal of fruit per day (>80th percentile)
or 1.3 cups/1,000 kcal of vegetables per day (>80th per-
centile) (Y* = 0 otherwise), this effect can be defined as

¥(2) = EY= - r=)z),

which yields a conditional average treatment effect, or an
average treatment effect for each unique value of BMI. We
estimated \/(Z) using a doubly robust estimator, known as
DR-Learner (42-44), implemented in 2 stages.

The first stage consisted of fitting confounder-adjusted
treatment and outcome models to construct predictions of
expected fruit or vegetable density and individual risk of
preeclampsia under high and low intake. Confounders of
each relationship (collectively denoted C) were the remain-
ing Healthy Eating Index 2010 components conceptualized
as part of a multidimensional dietary pattern, maternal race/
ethnicity, age, smoking, education, marital status, health
insurance, acculturation, planning of pregnancy, preexisting
diabetes or chronic hypertension, sleep quality, physical
activity level, and scores for depression, anxiety, and stress.
Age, physical activity, the psychosocial scores, and the
dietary measures were entered as continuous variables, and
the rest were entered as discrete variables. We did not include
energy intake in the models because all dietary variables
were specified as densities, thereby adjusting for energy
intake. This set of confounders was identified via theory-
based causal graphs (45). We also added to this outcome
model BMI, the effect-measure modifier of interest. The
exposure model regressed fruit or vegetable intake against
the previously listed confounders and BMI.

Predictions for the exposure and outcome model were
obtained using the cross-validated targeted maximum likeli-
hood estimator (the “tmle3shift” package (40)), incorporat-
ing the cross-validated ensemble Super Learner (or stacking)
(47, 48), which included a prespecified library of algorithms,
each fitted over a grid of hyperparameters. This library
included 1) random forests (ranger) with minimum node
sizes of 10, 500, and 2,500 trees, 2, 3, and 4 predictor
variables selected at random for each split, and sampling
with and without replacement; 2) extreme gradient boosting
(xgboost) with 200, 500, and 1,000 trees, maximum tree
depth of 4, 5, or 6, and shrinkage parameters of 0.01,
0.001, or 0.0001; 3) least absolute shrinkage and selection
operator (LASSO) and elastic-net regularized generalized
linear models (glmnet) with elastic net mixing parameter
a = 0.0 (ridge penalty), 0.2, 0.4, 0.6, 0.8, or 1.0 (LASSO
penalty); 4) generalized linear models (glm); and 5) simple
mean. Each ensemble learner was fitted using 10-fold cross
validation. Super Learner was optimized via the binomial
loss function. An additional layer of 10-fold cross-validation
(also referred to as sample-splitting or cross-fitting) for the
TMLE algorithm was used to avoid the need for empirical
process conditions (49).

The second stage of the DR-Learner approach involved
obtaining efficient influence function (EIF) values for each
woman in the sample from the original TMLE fit and
regressing these on the effect-measure modifier of interest.
These EIF values were defined as

QX;— DY —EY|X,Ci.Zi) ]
i’(XiCi,Zi)
+EYX; =1,C1,Zi) — E(Y|X; = 0,C1,Zs)

EIF; =

where E(Y | X;i, Ci, Z;) denotes outcome model predictions

and IS(XiCi, Z;) denotes observed exposure predictions
obtained from the Super Learner described above. Concep-
tually, these EIF; values can be thought of as nearly unbiased
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Table 1. Characteristics of 9,412 Deliveries According to Prepregnancy Body Mass Index Category in the Nulliparous Pregnancy Outcomes
Study: Monitoring Mothers-to-Be, 2010-2013

Prepregnancy Body Mass Index

Characteristic Underweight or Normal Weight Overweight Obese
(n =5,433) (n =2,038) (n=1,941)
% Median (IQR) % Median (IQR) % Median (IQR)
Maternal age, years
<25 33 36 41
25-34 58 54 49
>35 9 10 10
Maternal race/ethnicity
Non-Hispanic White 65 58 49
Non-Hispanic Black 10 15 24
Hispanic 16 19 19
Other 10 7 8
Maternal education
High school or less 17 21 26
Some college 25 32 38
College graduate 31 26 22
Graduate degree 27 21 14
Smoking status
Smoker 15 19 23
Nonsmoker 85 81 77
Marital status
Not married 33 40 48
Married 67 60 52
Health insurance at delivery
Public 24 29 36
Private 76 71 64
Acculturation
Mother and her parents born in US 70 70 74
Mother born in US with >1 immigrant 13 15 16
parent
Mother born outside US
Mother immigrated at age <6 years 5 6 4
Mother immigrated at age >6 years 12 10 6
Pregnancy was planned
Yes 64 57 48
No 36 43 52
Preexisting diabetes
Yes 1 2 4
No 99 98 96
Preexisting chronic hypertension
Yes 1 3 9
No 99 97 91

Table continues

Am J Epidemiol. 2022;191(8):1396-1406
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Table 1. Continued

Prepregnancy Body Mass Index

Characteristic Underweight or Normal Weight Overweight Obese
(n =5,433) (n =2,038) (n=1,941)
% Median (IQR) % Median (IQR) % Median (IQR)
Edinburgh Postnatal Depression Scale? 5 (6) 5(5) 5(6)
Spielberger State-Trait Anxiety 32 (11) 33 (11) 34 (13)
Inventory—Trait Subscale®
Perceived Stress Scale® 12 (9) 12 (9) 13 (9)
Sleep qualityd
Restless 17 21 23
Average 40 42 44
Restful/very restful 43 37 33
Total physical activity, MET-hours/week 420 (1,050) 315 (841) 210 (675)
Dietary components
Total fruit, cups/1,000 kcal 0.8 (0.7) 0.7 (0.6) 0.8 (0.6)
Total vegetables, cups/1,000 kcal 0.9 (0.6) 0.8 (0.6) 0.8 (0.5)
Dairy foods, cups/1,000 kcal 0.8 (0.5) 0.8 (0.5) 0.8 (0.5)
Total protein foods, ounces®/1,000 2.4 (0.9) 2.4 (0.8) 2.4 (1.0
kcal
Seafood and plant proteins, 0.7 (0.7) 0.6 (0.6) 0.6 (0.5)
ounces/1,000 kcal
Fatty acid ratio’ 1.9 (0.5) 1.9 (0.5) 1.8 (0.5)
Refined grains, ounces/1,000 kcal 2.2 (1.0) 2.2(0.9) 2.2(0.9)
Whole grains, ounces/1,000 kcal 0.6 (0.6) 0.5 (0.5) 0.5 (0.5)
Sodium, g/1,000 kcal 1.6 (0.3) 1.6 (0.3) 1.6 (0.3)
Empty calories, % of energy 30 (10) 31 (11) 33 (11)

Abbreviations: IQR, interquartile range; MET, metabolic equivalent of task; US, United States.
2 Edinburgh Postnatal Depression Scale scores range from 0 to 30 (38).
b Spielberger State-Trait Anxiety Inventory—Trait Subscale scores range from 20 to 80 (39).

¢ Perceived Stress Scale scores range from 0 to 40 (40).

d Jtem from the Women’s Health Initiative Insomnia Rating Scale (41).

® 1 ounce =28.4 g.

f Ratio of poly- and monounsaturated fatty acid intake to saturated fatty acid intake.

pseudo-outcomes, centered at individual risk differences for
each woman in the sample, indexed by i. These EIF; values
are then regressed against the effect-measure modifier Z to
estimate a function that captures the relationship between the
risk difference for the effect of fruit and vegetable consump-
tion on preeclampsia and the effect-measure modifier of
interest. This latter regression is implemented with the same
(cross-validated) stacked generalization described above.
Predictions from the fit of this model are then obtained
across the range of BMI to obtain the risk difference for
each value of the (continuous) effect-measure modifier. We
bootstrapped this second-stage fit to obtain the uncertainty
bands depicted in the figures. Importantly, these uncertainty
bands are not guaranteed to yield 95% confidence intervals
for the underlying parameter of interest, but they do provide
valid confidence intervals for a smoothed sample version

of the parameter (50). We also estimated risk differences
using a standard cross-validated TMLE approach (51) within
categorized versions of BMI, as a check against DR-Learner
results, which treated BMI as a continuous variable.

A total of 24% of women (n = 2,258) had missing FFQ or
covariate data. We addressed missing data in several steps.
For the 0.8% of women who were missing data on BMI
(n=179), mean imputation was performed separately depend-
ing on maternal race/ethnicity. For remaining covariates
with missing data, missing values were median- or mode-
imputed for continuous and categorical covariates, respec-
tively. We also included missing indicators in the TMLE
models (52).

We explored the impact of the competing risk of spon-
taneous pregnancy loss (fetal death at <20 weeks’ gesta-
tion), preterm birth (live birth at <37 weeks’ gestation), and
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Table 2. Association? Between Periconceptional Fruit Density and Risk of Preeclampsia, Overall and by Prepregnancy Body Mass Index
(Effect-Measure Modifier), in the Nulliparous Pregnancy Outcomes Study: Monitoring Mothers-to-Be, 2010-2013

BMI Category and No. of Women

Preeclampsia Cases Adjusted® No. of

Total Fruit Density, at Risk Excess Cases 95% CI
cups/1,000 kcal No. % per 100 Deliveries
Overall
<1.2¢ 7,837 718 9.2 0 Referent
>1.2 1,575 113 7.2 —2.6 -3.9, -12
Prepregnancy BMI category
Underweight or normal weight (<25.0)
<12 4,418 296 6.7 0 Referent
>1.2 1,015 63 6.2 -0.5 —24,13
Overweight (25.0-29.9)
<12 1,736 187 10.8 0 Referent
>1.2 302 15 5.0 -6.9 —9.3, 4.6
Obese (>30.0)
<12 1,683 235 14.0 0 Referent
>12 258 35 13.6 -18 -5.0, 14

Abbreviations: BMI, body mass index; Cl, confidence interval.

@ Calculated using targeted maximum likelihood estimation with Super Learner.

b Results were adjusted for Healthy Eating Index 2010 components, maternal race/ethnicity, smoking, education, marital status, age, health
insurance, acculturation, pregnancy planning, preexisting diabetes or chronic hypertension, sleep quality, physical activity level, and depression,
anxiety, and stress assessment scores, as well as prepregnancy BMI as appropriate.

¢ 1.2 cups of fruit/1,000 kcal was the 80th percentile of the fruit density distribution.

stillbirth (fetal death at >20 weeks’ gestation) on the associ-
ations of interest by approximating the subdistribution risk
differences of the effects of interest (see Web Appendix).

To determine whether our results were sensitive to
extreme energy intakes, we reran our analysis after replacing
extreme energy intakes at the <5th or >95th percentiles
of the distribution with the 5th and 95th percentile values
(756 kcal and 3,327 kcal), as well as replacing self-reported
prepregnancy weight with measured first-trimester weight
for calculation of BMI.

All analyses were conducted in R 4.1.1 (R Foundation for
Statistical Computing, Vienna, Austria).

RESULTS

Most women in the sample were normal-weight (58%),
with 22% affected by overweight and 20% by obesity. Sixty
percent of women were non-Hispanic White, 14% non-
Hispanic Black, 17% Hispanic, and 9% another race/ethnic-
ity. Half of women were college-educated (28%) or had a
graduate degree (23%). Preterm birth occurred in 8.3% of
pregnancies. For every 1,000 kcal of energy intake, women
in the sample consumed an average of 0.83 (standard devia-
tion, 0.53) cups of fruit per day and 0.96 (standard deviation,
0.54) cups of vegetables per day. Approximately 7% of
women reported usual daily densities of >1.2 cups/1,000
kcal of fruits and >1.3 cups/1,000 kcal of vegetables, while
13% reported >1.2 cups/1,000 kcal intakes of fruit only and
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13% reported >1.3 cups/1,000 kcal intakes of vegetables
only.

Women with obesity were more likely than leaner women
to be under age 25 years, non-Hispanic Black, non—college-
educated, smokers, and unmarried and to have public health
insurance, preexisting diabetes, or hypertension (Table 1).
They also more often reported less restful sleep and less
physical activity per week and that their pregnancy was
unplanned. Daily densities of fruit, vegetables, seafood and
plant proteins, and whole grains were lower, and daily den-
sity of empty calories was higher, among women with obe-
sity compared with their counterparts.

Preeclampsia occurred in 8.8% of pregnancies (n = 831).
Of these cases, 26% delivered preterm. The incidence rose
with increasing prepregnancy BMI category (underweight
and normal weight, 6.6%; overweight, 9.9%; obese, 14.0%).
In the overall cohort, the unadjusted incidence of preeclamp-
sia was lower among women who reported usual daily
fruit density greater than or equal to 1.2 cups/1,000 kcal
(7.2%) compared with fruit density less than 1.2 cups/1,000
kcal (9.2%) (Table 2). After adjustment for confounders via
TMLE, women who consumed at least 1.2 cups of fruit per
1,000 kcal had 2.6 fewer preeclampsia cases than women
who consumed less than 1.2 cups of fruit per 1,000 kcal, for
every 100 women in the sample (adjusted risk difference =
—0.026, 95% confidence interval: —0.039, —0.012).

The association between fruit intake and preeclampsia
was modified by prepregnancy BMI (Figure 1). Using the
DR-Learner, we found no meaningful change in the adjusted



1402 Bodnar et al.

0.05+

0.00+

-0.05+

-0.10

Adjusted Risk Difference

15 20 25 30 35 40 45
Body Mass Index

Figure 1. Adjusted difference in the risk of preeclampsia associated
with a fruit density of >1.2 cups/1,000 kcal versus <1.2 cups/1,000
kcal, according to prepregnancy body mass index (weight (kg)height
(m)2), Nulliparous Pregnancy Outcomes Study: Monitoring Mothers-
to-Be, 2010-2013. Risk differences were adjusted for Healthy Eating
Index 2010 components, maternal race/ethnicity, smoking, educa-
tion, marital status, age, health insurance, acculturation, pregnancy
planning, preexisting diabetes or chronic hypertension, sleep quality,
physical activity level, and depression, anxiety, and stress assess-
ment scores. The solid line represents the point estimate, and the
dashed lines and shaded area represent uncertainty bands.

risk difference up to a BMI of approximately 20. However,
as BMI increased past 20, the risk difference became larger
at a rate of approximately 0.25 cases per 100 women in the
sample for every unit increase in BMI, up to approximately
32. As BMI increased beyond 32, the risk difference did not
change meaningfully. Although the point estimate increased
at very high BMI values, the uncertainty intervals were wide
owing to a small number of women with class 3 obesity.
These findings obtained with BMI on a continuous scale
were consistent with the results obtained from the BMI-
stratified analysis shown in Table 2.

Higher vegetable density was also associated with fewer
preeclampsia cases in the cohort than lower vegetable
density, and the relationship was also modified by BMI
(Table 3 and Figure 2). After adjustment for confounders
via TMLE, women who consumed at least 1.3 cups of
vegetables per 1,000 kcal had 3.0 fewer preeclampsia cases
than women who consumed less than 1.3 cups of vegetables
per 1,000 kcal, for every 100 women in the sample (adjusted
risk difference = —0.030, 95% confidence interval: —0.046,
—0.015). The protective association of higher vegetable
density strengthened in a linear fashion, by approximately
0.3 cases per 100 women for every unit increase in BMI,
up to a BMI of 30, where it plateaued. As with the fruit
density model, there was some evidence of an increasing risk
difference at high BMI values, but results were imprecise.

Our results were not sensitive to extreme energy intakes
(Web Figure 2) or the use of self-reported BMI (Web Fig-

ure 3). Additionally, no meaningful changes were observed
when accounting for the impact of competing risks (Web
Figures 4 and 5).

DISCUSSION

In this US cohort of nulliparous women, we found that
the protective association between diets with a high density
of fruits or vegetables (compared with lower densities) and
risk of preeclampsia strengthened as prepregnancy BMI in-
creased through a BMI of approximately 30, and plateaued
thereafter. These associations were consistent after control-
ling for all components of Healthy Eating Index 2010, race/
ethnicity, education, and other confounders. Our use of
TMLE for nonparametric effect modification allowed us to
observe strong and meaningful differences in the risk of pre-
eclampsia with each unit increase in BMI, while avoiding the
pitfalls of arbitrarily categorizing continuous BMI (53, 54).

Our finding that dietary patterns rich in fruits and veg-
etables are related to a reduced risk of preeclampsia is con-
sistent with existing evidence (55-58), but previous studies
have not evaluated effect modification by BMI. Some data
suggest that BMI modifies the association between dietary
supplements and risk of preeclampsia. Conde-Agudelo et al.
(59), in a meta-analysis of 2 large double-blinded random-
ized controlled trials (60, 61), found that supplementation
with vitamins C and E reduced the risk of preeclampsia
(as compared with placebo) more strongly in women with
BMI >30 than in those with BMI <30. Some observational
studies have found that regular use of folic acid supplements
(62) or multivitamins (63, 64) was associated with a reduced
risk of preeclampsia, but only among lean women. One
previous study modeled BMI continuously, assuming that
the effect modification was linear (62); all others categorized
BMI (63, 64). Investigators in these studies reported odds
or risk ratios estimated via parametric regression models
that relied on the assumption that there were no additional
effect-measure modifiers present and that there was no inter-
action between confounders. In principle, the use of an
ensemble machine learning algorithm to model both the
propensity score and the outcome model can overcome
these limitations. Machine learning methods are better at
adapting to features of the data, such as the presence of
important confounder-confounder interactions, curvilinear
relationships, and other features that would have to be spec-
ified a priori when parametric regression is used.

Several previous studies have shown a stronger effect of
some nutritional exposures on disease risk among individ-
uals with a higher BMI than among leaner people (21-24).
There are several possible explanations for why high-
fruit- or high-vegetable-density dietary patterns may protect
against preeclampsia to a greater extent in women with a
high BMI than in leaner women. Multiple micronutrient
deficiencies, including deficiencies in vitamin D, antioxi-
dants, folate, calcium, and iron, are common among over-
weight or obese individuals (18, 19). These deficiencies may
be due to metabolic changes that alter nutrient availability
(18). Additionally, obesity is a state of increased systemic
and adipose-tissue—specific oxidative stress, which results in
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Table 3. Association? Between Periconceptional Vegetable Density and Risk of Preeclampsia, Overall and by Prepregnancy Body Mass Index
(Effect-Measure Modifier), in the Nulliparous Pregnancy Outcomes Study: Monitoring Mothers-to-Be, 2010-2013

BMI Category and No. of Women

Preeclampsia Cases Adjusted® No. of

Total Vegetable Density, at Risk Excess Cases 95% CI
cups/1,000 kcal No. % per 100 Deliveries
Overall
<1.3°¢ 7,841 726 9.3 0 Referent
>13 1,571 105 6.7 -3.0 -4.6,—-15
Prepregnancy BMI category
Underweight or normal weight (<25.0)
<13 4,429 302 6.8 0 Referent
>13 1,004 57 5.7 -2.3 —4.0, -0.7
Overweight (25.0-29.9)
<13 1,691 183 10.8 0 Referent
>13 347 19 55 —6.7 -9.4, -39
Obese (>30.0)
<13 1,721 241 14.0 0 Referent
>13 220 29 13.2 -2.1 -72,3.0

Abbreviations: BMI, body mass index; Cl, confidence interval.

@ Calculated using targeted maximum likelihood estimation with Super Learner.

b Results were adjusted for Healthy Eating Index 2010 components, maternal race/ethnicity, smoking, education, marital status, age, health
insurance, acculturation, pregnancy planning, preexisting diabetes or chronic hypertension, sleep quality, physical activity level, and depression,
anxiety, and stress assessment scores, as well as prepregnancy BMI as appropriate.

¢ 1.3 cups of vegetables/1,000 kcal was the 80th percentile of the vegetable density distribution.

a greater need for antioxidants to scavenge the increased
production of reactive oxygen species (20). As a result,
dietary patterns rich in fruits and vegetables may be more
important for reducing the risk of preeclampsia among
women with obesity.

A downside to our approach was the reliance on a dichoto-
mous primary exposure (58). We chose to dichotomize total
fruit and total vegetable consumption at the 80th percentiles
of their respective distributions because this corresponds
to the cutpoint for the upper quintile, which is often of
interest in nutritional epidemiology, and it approximates
the recommended intake defined in the Dietary Guidelines
for Americans (2). While future work should explore the
effects of continuous densities, our primary interest in this
work was to explore whether there were meaningful differ-
ences in preeclampsia risk if women consumed more than
a prespecified threshold amount of fruits and vegetables
(which roughly corresponds to a “representative interven-
tion” related to stochastic dynamic treatment strategies (65,
66)) and whether these effects differed across the spectrum
of BMI.

FFQ data have been shown to be subject to a greater
degree of systematic measurement error than other self-
reporting methods, at least for absolute intakes (67, 68).
This error can have unexpected effects, but attenuation of
associations and reduced precision are common (69). Val-
idation studies using the few recovery biomarkers identi-
fied have shown that potassium intake is better estimated
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from self-reported data than is energy or sodium intake
(67, 68). Because fruits and vegetables are important food
sources of potassium, but not energy or sodium, they may
be reported with less error than other dietary components.
Furthermore, densities are better estimated in FFQ data than
absolute intakes of nutrients, indicating that our adjustment
for energy intake via the density approach helped to reduce
the bias (70). Further, we have no reason to believe that
women who later develop preeclampsia have greater error
in their measurement of the exposures.

Our sample was nulliparous and had a lower prevalence of
overweight and obesity than the general US population. We
sacrificed some generalizability by using a cohort of nulli-
parous women to take advantage of the large, geographically
and racially/ethnically diverse nuMoM2b sample. Finally,
naive use of machine learning methods can yield results
that perform as poorly as misspecified parametric models
(71, 72). To avoid these problems, we used a diverse set of
machine learning algorithms in our ensemble learner, as well
as an additional layer of sample splitting, which has been
shown to yield optimally performing algorithms in simple
and complex settings (43). The measures of prepregnancy
BMI and periconceptional dietary intake were ascertained
at visit 1. Thus, it is possible that measures of diet caused
changes in measures of BMI.

Analyses targeting effect-measure modification are essen-
tial in tailoring public health recommendations to specific
subpopulations, but several challenges arise when data
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Figure2. Adjusted difference in the risk of preeclampsia associated
with a vegetable density of >1.3 cups/1,000 kcal versus <1.3 cups/
1,000 kcal, according to prepregnancy body mass index, Nulliparous
Pregnancy Outcomes Study: Monitoring Mothers-to-Be, 2010-2013.
Risk differences were adjusted for Healthy Eating Index 2010 com-
ponents, maternal race/ethnicity, smoking, education, marital status,
age, health insurance, acculturation, pregnancy planning, preexisting
diabetes or chronic hypertension, sleep quality, physical activity level,
and depression, anxiety, and stress assessment scores. The solid
line represents the point estimate, and the dashed lines and shaded
area represent uncertainty bands.

sets contain numerous continuous, categorical, and binary
confounders and continuous effect-measure modifiers.
Such challenges are commonly encountered in nutritional
epidemiology. Machine learning methods can be used to deal
with many of these challenges, and they provide informative
results that can be used to establish empirically grounded
guidelines on optimal dietary patterns for pregnant women.
Our results suggest that dietary patterns with a high density
of fruits and vegetables may be more beneficial for reducing
preeclampsia among women affected by overweight or
obesity than among lean women. Additional research is
needed to determine whether dietary guidelines for pregnant
women may require tailoring by maternal prepregnancy
BMI to optimize pregnancy and birth outcomes.
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