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One of the most rapid and startling epidemics
confronting contemporary society is obesity.
The prevalence of overweight and obesity
among US adults increased from 56% in 1988
to 1994 to 66.3% in 2003 to 2004. The rate
of obesity alone rose from 22.9% to 32.2%
among adults,1 and the incidence of overweight
among adolescents aged12 to19 years increased
from 11% to 17% during the same period.2

Obesity has been linked to elevated rates of
diabetes, cancer, coronary heart disease, and
other ailments.3 Being obese in late adolescence
is associated with an adult mortality risk com-
parable to heavy smoking (>10 cigarettes/day),
and being overweight in late adolescence is
comparable to the adult mortality risk associated
with light smoking (1–10 cigarettes/day).4 Be-
cause of the obesity epidemic, future life expec-
tancy in the United States may actually drop in
this century for the first time ever.5

An important predictor of adult obesity is
early childhood socioeconomic disadvan-
tage.6–13 This longitudinal association is even
more consistent than are concurrent associations
of socioeconomic status (SES) and obesity in
adulthood.14,15 For example, Poulton et al. found
that as childhood SES decreased, body mass
index (BMI; defined as weight in kilograms
divided by height in meters squared) and waist-
to-hip ratio at age 26 years increased.10 Eighty
percent of women who grew up in low-SES
households were overweight or obese in adult-
hood; only 40% of women raised in higher-SES
households were subsequently overweight or
obese.16

The association between childhood poverty
and later obesity has been documented in
a variety of contexts. We assessed whether
early childhood poverty leads to adult obesity
because of cumulative risk exposure during
childhood. We built on the childhood and
obesity literature by using linear growth curve
(LGC) modeling to examine whether indi-
vidual life course trajectories in BMI are also
affected by early childhood poverty.

Risk factors associated with poverty, such
as poor housing quality or family turmoil, often
do not occur in isolation. Cumulative risk
captures the extent of ecological covariation in
risk exposures by generating an index that
additively models exposure to multiple sources
of risk. Across multiple physical and psycho-
logical health outcomes, cumulative risk expo-
sure predicts morbidity significantly better than
does exposure to any single risk factor.17,18

Among adult women, less physical activity,
greater likelihood of skipping breakfast, and
inadequate sleep function as intervening vari-
ables between poverty and the likelihood of
remaining obese.19

We employed a life course approach to
examine the relation between early childhood
poverty and the trajectory of obesity as well as
the potential mediating role of cumulative risk.
We tested 4 hypotheses in longitudinal data
collected at 3 time points. First, we hypothe-
sized that early childhood poverty predicts
a life course trajectory of elevated BMI into
young adulthood. Specifically, we theorized
that the greater the proportion of a child’s life

that is spent in poverty from birth to age 9
years, the more likely that child is to follow
a trajectory toward obesity from childhood to
early adulthood. Second, we hypothesized that
early childhood poverty predicts cumulative
risk exposure. Third, we examined how cu-
mulative risk and obesity covary over time. We
theorized that changes in cumulative risk pre-
dict changes in BMI over time. Finally, we
hypothesized that the relation between early
poverty and the BMI trajectory is mediated by
cumulative risk exposure.

METHODS

We applied LGC analysis20,21 to examine
changes in obesity from childhood to young
adulthood. Our level 1 model estimated the
association between time (represented by 3
waves of data collection) and the outcome vari-
able, BMI percentile. The level 2 model intro-
duced additional variables to explain individual
differences in any statistical associations found at
level 1. At level 2, we examined whether the
predictor variable, childhood poverty, was
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associated with observed individual differences
in BMI trajectories. Last, we examined whether
cumulative risk functioned as an underlying
explanatory mechanism, linking early experi-
ences of poverty with obesity.

Participants and Procedure

Participants were 329 youths born between
1983 and 1990 and interviewed when they
were aged 9, 13, and 17 years, from 1995 to
2006. Three youths were omitted because
their BMIs were outliers, leaving a sample of
326 youths. At initial recruitment, the children
were in grades 3 through 5, and 53% lived in
households with incomes at or below the fed-
eral poverty line. Low-income families were
oversampled because our study was part of
a larger research program focused on rural
poverty.17

We recruited the poverty sample from par-
ticipants in various programs in rural New York
State, such as Head Start, Section 8 federal
housing, and the New York State Co-operative
Extension, and from public schools. We
recruited middle-income children from Co-
operative Extension programs and public
schools. The refusal rate was less than 5%.

The overall mean income-to-needs ratio was
1.66 at wave 1, 2.36 at wave 2, and 2.84 at
wave 3. Forty-nine percent of the participants
were female, and 91% were White. In each of
the 3 waves of data collection, youths and their
mothers were interviewed independently in
their homes by 2 trained assistants, who used
a standard protocol to measure weight and
height and to collect sociodemographic infor-
mation and data on cumulative risk exposure.

Constructs and Measures

Childhood poverty. We measured childhood
poverty as the proportion of the youth’s life
spent living in poverty from birth to wave 1,
approximately age 9 years. Poverty was de-
fined as an income-to-needs ratio of less than or
equal to 1.0. This ratio was the annually
adjusted, per capita index of poverty for the
United States. We recorded this information for
every 6-month period of life from birth
through wave 3 (age 17 years) on the basis of
household income and family composition.

Obesity–overweight status. Height and weight
were measured by research assistants at each
wave of data collection. To calculate BMI

variables that took into account a youth’s age
and gender, we used the SAS program for
Centers for Disease Control and Prevention
growth charts,22 yielding a percentile for BMI
for age. This growth curve across 3 waves was
the dependent variable.

Cumulative risk. We measured cumulative
risk at each wave of data collection by summing
6 dichotomous items related to 3 physical risks
(crowding, noise, and substandard housing)
and 3 social risks (family turmoil, child’s sepa-
ration from parents, and exposure to violence).
Crowding was measured by the total number
of people living in a household divided by
the total number of rooms in the house (people
per room). Noise (equivalent constant decibel
level) was measured with a decibel meter
(Burel and Kjaer, Naerum, Denmark, model
2239A) placed in the main social area of the
home for 2 periods of 2 hours each. Sub-
standard housing was measured with a stan-
dardized, rater-based instrument.23 Exposure
to physical risks was calculated identically at each
wave of the data collection.

For social risks, at wave 1 we determined
exposure from mothers’ reports on the Life
Events and Circumstances checklist.24 At wave
2, youths’ self-reports on the Adolescent Per-
ceived Events Scale25 were also included (an
event was counted as a single time if it was
reported by the youth, the mother, or both). Each
social risk factor was determined by multiple
items (answered yes or no).

For each of the 6 individual risk domains, we
coded risk dichotomously at each wave. A
score of1 indicated that the youth’s exposure at
a given wave was in the upper quartile for the
entire sample’s distribution of continuous ex-
posure at that wave, and a score of zero was
recorded in all other cases. We then calculated
cumulative risk exposure (0–6) for each wave
of data collection by summing across the 6
single risk factors.

Linear Growth Curve Analysis

We tested our hypotheses through LGC
analysis.20,26,27 In this method, the individual
LGCs, or trajectories, are estimated. The flexibil-
ity of LGCs provides several advantages. First,
LGC analysis is appropriate for longitudinal
data such as ours, which had a hierarchical
structure with up to 3 within-person observa-
tions nested within each of 326 participants.

Second, the LGC method does not require that
all individuals be measured at all occasions: we
were able to include participants who had
missing data for some time points. Third, in LGC
analyses, reliable units of observation contribute
more to the estimation of parameters than less
reliable units, a process known as precision
weighting (for a discussion, see Raudenbush and
Bryk20[p32–57]). By separating true and error
variance, LGC analysis thus provides more ac-
curate and robust estimates of parameters than
does ordinary least squares analysis.

Finally, the LGC approach allowed us to
estimate between- and within-person effects
simultaneously. Between-person effects
addressed the relation between intraindividual
coefficients and interindividual variables (e.g.,
over time, is obesity, on average, higher among
children who spend a greater proportion of
time living in poverty?). Within-person effects
addressed links between variables at the intra-
individual level and yielded slope and intercept
coefficients to index these relations (e.g., on
occasions in which children experience greater
cumulative risk, do they also evidence higher
levels of obesity?). We also assessed the extent
of within-person mediation across between-
person effects (e.g., is the between-person
association between early poverty and later
obesity mediated by changes in cumulative
risk?).

Linear Growth Curve Equations

We developed LGC equations predicting
BMI percentiles to test our hypotheses. Fol-
lowing recommendations by Raudenbush and
Bryk,20 we centered all within-person variables
on the individuals’ means and all between-
person variables on sample means. Equation 1
described the simplest within-person (i.e., level 1)
model, specifying that the BMI percentile score
for person j on occasion i was a function of his or
her mean BMI percentile (b0j) and a random
residual component (eij):

ð1Þ bmiij ¼ b0j 1 eij:

This unconditional means model fits an
overall mean and variance across all persons
and measurement occasions.26 The uncondi-
tional model provided a benchmark of within-
person variance that we used to judge successive
models.20
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We augmented equation 1 to include time.
This was the basic LGC, illustrated in equation
2:

ð2Þ bmiij ¼ b0j 1 b1jTimeij 1 eij;

where BMIij represented BMI percentile on
occasion i for person j, b0j represented person
j’s predicted average BMI percentile at the start
of the study, b1j was the linear coefficient or the
rate of change (slope), and eij was a within-
person error or residual term.

We expanded the basic LGC further to
include between-person (i.e., level 2) predic-
tors. More formally, the model was expressed
as

ð3Þ B1j ¼ g10 1 g11Poverty 1 u1j:

Here the level 1 linear coefficient (b1j, or
average BMI slope) was regressed on the
between-person variable poverty (g11), and
a between-persons error term (u1j). Thus, in
equation 3, (g11) can be interpreted as the
between-person effect of poverty status on the
linear rate of change in BMI.

Finally, to assess within-person associations,
we augmented the level 1 model (in equation 1)
with time-varying predictors. Equation 4
showed BMI as a function of cumulative risk:

ð4Þ bmiij ¼ b0j 1 b1j Cumulative Riskij 1 eij;

where BMIij represented the amount of BMI on
occasion i for person j. Because we centered
our within-person variables, b0j represented
person j’s predicted level of BMI on an occasion
of average childhood cumulative risk, b1j was
the within-person slope of the cumulative risk–
BMI relationship for person j, and eij was
a within-person error or residual term.

We first examined an unconditional means
model (equation 1), which allowed intercepts
(mean levels) to vary randomly. The ratio of
between- to within-person variance is called
the intraclass correlation, and the rule of
thumb is that the correlation should be above
0.10 to permit moving on to growth curve
models.20 Anything less than 0.10 indicates
very little within-person variability. We next
examined how average levels of BMI percen-
tile varied over time (equation 2). This co-
efficient is functionally equivalent to an un-
standardized regression coefficient and can be
interpreted as such.

RESULTS

Our unconditional means model (equation 1)
yielded an estimate of the mean BMI percentile
score of 64.93. The estimated intraclass corre-
lation was 0.62. These data thus indicated that
there was sufficient variability at the within-
person level to allow for the possibility of
modeling intraindividual relationships in BMI.

The linear effect or overall rate of change in
BMI over time (equation 2) was significant
(b=5.96; SE=0.90; P<.001). For every unit
increase in time (i.e., each approximate 4-year
interval between waves of data) mean levels of
BMI percentile increased 5.96 units.

Poverty

The longitudinal association between child-
hood poverty and BMI percentile is illustrated
in Figure 1. The cross-sectional relation be-
tween proportion of life spent in poverty and
BMI percentile at waves 1, 2, and 3 is shown in
Table 1. The figure and table categorize the
proportion of life spent in poverty from birth to
age 9 years for descriptive purposes only; all

inferential analyses maintained the continuous
nature of the childhood poverty index.

Our first hypothesis was that BMI trajecto-
ries would vary as a function of childhood
poverty (birth to wave 1; equation 3). We
regressed BMI percentile scores on childhood
poverty. The main effect of childhood poverty
was significant (b=3.64; SE=1.39; P<.01).
We examined the strength of this relationship
by comparing random parameter estimates,
and strength was quantified as the between-
person variance in BMI accounted for by
poverty, a procedure discussed in Raudenbush
and Bryk.20(p65) The residual variance of b1j

(BMI) from an analysis in which poverty was
not included at the person level was 67.24, and
the residual variance from a second analysis in
which poverty was included was 64.21, a reduc-
tion of 5%. This corresponds to an effect size
correlation of 0.22 between poverty and linear
changes in BMI percentile.

Cumulative Risk

The relation between poverty and cumula-
tive risk is illustrated in Figure 2. To test the

FIGURE 1—Body mass index (BMI) percentile at age 9 years (wave 1), age 13 years (wave 2),

and age 17 years (wave 3) years, by time spent in poverty from birth to age 9 years:

1995–2006.
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hypothesis that early poverty would predict
changes in cumulative risk, we regressed
cumulative risk scores on poverty. As pre-
dicted, there was a main effect of poverty
(b=0.31; SE=0.08; P< .001): for every unit
increase in poverty, mean levels of cumulative
risk increased by 0.31 units. Examination of
the random parameter estimates indicated
that poverty accounted for 52% of the intra-
individual variance in cumulative risk, corre-
sponding to an effect size correlation of 0.72.

To examine the effect of cumulative risk on
BMI, we regressed BMI scores on ratings of
cumulative risk. We found a main effect of
cumulative risk (b=2.41; SE=0.75; P<.01).
Thus, for every unit increase in cumulative risk,
mean BMI percentile increased 2.41 units.
Examination of the random parameter esti-
mates indicated that cumulative risk accounted
for 21% of the intra-individual variance in BMI
percentile, corresponding to a within-person
correlation of 0.46.

Mediation

Our main hypothesis was that cumulative
risk would serve as an explanatory mechanism,

linking early experiences of poverty with BMI
trajectories into adulthood. The statistical
analysis framework28 entailed 3 separate
equations. Step1 was to find a significant main
effect of the predictor (poverty) on the out-
come (BMI) supported by hypothesis 1. Step 2
was to find a significant main effect of the
predictor (poverty) on the mediator (cumula-
tive risk) supported by hypothesis 2. Step 3
was to find a significant effect between the
mediator (cumulative risk) and the outcome
(BMI) supported by hypothesis 3. Statistical
mediation was supported if the predictor
(poverty) had no effect on the outcome (BMI)
when the mediator (cumulative risk) was
controlled.28

The data indicated that the effect of early
childhood poverty on BMI trajectories was no
longer significant when we controlled for
changes in cumulative risk (b=2.01; SE=
0.94; Figure 3). As an additional check on the
mediation effect, we examined 95% confi-
dence intervals (CIs); if zero was not within the
upper and lower limits of the CI, then the
mediation effect was statistically significant.29

In these data, the lower and upper limits were

–3.621 and –1.248, respectively, indicating
significant mediation. Taken together, these
results supported our main hypothesis (hy-
pothesis 4), that cumulative risk represents
a mediation path linking early poverty to
subsequent elevated BMI.

To further examine whether cumulative
risk constitutes a unique intervening pathway
that links childhood poverty to BMI trajecto-
ries, we also tested a plausible alternative
model of mediation. The alternative model
tested whether BMI might in fact mediate the
association between childhood poverty (as
predictor) and cumulative risk (as outcome).
This alternative model located changes in
BMI as the key mediator accounting for the
association between childhood poverty and
cumulative risk. We tested the model with
a regression equation in which cumulative
risk was the dependent variable, with BMI
and childhood poverty entered simulta-
neously as level 1 and level 2 predictors,
respectively. We found no evidence of medi-
ation (95% CI=–0.03, 0.08). Childhood
poverty remained a strong predictor of cu-
mulative risks even when BMI was controlled
(b=0.28; SE=0.06; P< .001). The null ef-
fects of this alternative model provided sup-
port for cumulative risk as a mediator of the
pathway from childhood poverty to BMI
trajectories.

DISCUSSION

For the first time, we showed that early
childhood poverty predicted individual trajec-
tories of BMI into young adulthood. This
finding substantially strengthens earlier evi-
dence for an association between childhood
SES and weight.6–16 We also showed that
accumulated exposure to multiple social and
physical risk factors served as a mediator,
largely explaining the association between
early poverty and subsequent obesity. Specif-
ically, family turmoil, violence, child separa-
tion from family, density, noise, and housing
quality together provided an underlying ex-
planatory mechanism linking early childhood
poverty to obesity in young adulthood. Poorer
children become overweight adults, at least
in part, because they are confronted with a
greater array of risk factors over their life
course.

TABLE 1—Mean BMI Percentile by Proportion of Life Spent in Poverty at Waves 1, 2, and 3,

cross-sectionally: 1995–2006

Proportion of Life

Spent in Poverty

Wave 1 (Age 9 Years; n = 261) Wave 2 (Age 13 Years; n = 203) Wave 3 (Age 17 Years; n = 198)

BMI percentile (SD) No. BMI percentile (SD) No. BMI percentile (SD) No.

None 55.07 (32) 141 64.00 (28) 112 64.78 (28) 114

Some 48.99 (27) 8 73.58 (27) 52 74.78 (28) 67

All 66.47 (27) 112 76.06 (19) 39 64.94 (27) 17

Note. BMI = body mass index. BMI is defined as weight in kilograms divided by height in meters squared.

FIGURE 2—Cumulative risk by proportion of life spent in poverty between birth and age 9

years at waves 1, 2, and 3: 1995–2006.
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Our results make 2 important contributions
to the literature. To our knowledge, ours was
the first study to examine the relation between
early childhood poverty and individual trajec-
tories in weight gain from childhood to adult-
hood. In addition, we examined a plausible
underlying explanatory mechanism to account
for the well-established link between early
childhood poverty and adult weight gain. Many
studies have revealed health inequalities in
adulthood in relation to childhood SES.30–32

Our data help to elucidate long-established
pathways between childhood SES and adult
health outcomes associated with obesity, such as
cardiovascular disease,3 by suggesting that
a key aspect of the environment of childhood
poverty, the confluence of risk exposure, may
play an essential role in setting life course
trajectories for health.33,34

These findings also have important implica-
tions for obesity prevention intervention strat-
egies. Identification of mechanisms that link
poverty to later obesity reveals a variety of
possible leverage points. In addition to efforts
to reduce poverty and improve early detection
of obesity tendencies, interventions might
address the mediating cumulative risk factors
of family turmoil, violence, child separation
from family, density, noise, and housing quality
directly.

Limitations

Because we did not randomly select our
sample, our findings may not be generalizable
to the broader population. Although the longi-
tudinal design of this study strengthened our
ability to draw conclusions regarding causal
order, a true experiment employing random
assignment would enable more confident con-
clusions. A spurious variable could possibly

drive the relations observed among variables;
however, we attempted to rule out this possi-
bility through our supplemental analysis with
an alternative model of mediation.

Finally, our study would have been
strengthened by more waves of data collection
across more of the life course. Replication
among more ethnically diverse, urban children
would also be valuable.

Conclusions

Early childhood poverty is a well-documented
risk factor for obesity. Our results show that
this relationship is established early in life and
linked to trajectories in weight gain from
childhood through young adulthood. We also
provide evidence that income inequalities in
BMI are attributable, at least in part, to the
accumulation of multiple risk exposures ac-
companying childhood poverty.

Future research might examine more ex-
plicitly how and why a life course trajectory
characterized by cumulative risk leads to obe-
sity in late adolescence. What are the proximal
processes that underlie such associations?35

For example, are SES-related differences in diet
and physical activity directly linked to stressor
exposure or to parenting practices in more
chaotic, stressful settings? Chronic stress itself
influences biological mechanisms that make the
body less efficient in metabolizing fat.36 Research
might examine the role of body image, which has
been found to partially mediate the association
between obesity and psychological distress.37

Researchers might also examine whether
there is a critical period linking cumulative risk
exposure to obesity. In other words, at what
ages or stages of development are children
more or less vulnerable to risk exposure and
weight gain? Moreover, from a life course

perspective, it would be useful to understand
what life events or intervention strategies alter
life course trajectories in weight gain such that
those at risk avoid adult obesity. j
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