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Abstract

Objective: We examined the predictive relation between childhood-diagnosed ADHD and 

trajectories of body mass index (BMI) from childhood to adulthood in an all-female sample, 

accounting for socioeconomic status (SES), childhood comorbidities (e.g., depression/anxiety), 

and stimulant usage. Childhood executive functioning (i.e., planning, sustained attention, and 

response inhibition) was also evaluated as a possible predictor of BMI trajectories.

Method: We utilized longitudinal data from a full sample of 140 girls diagnosed with ADHD in 

childhood and 88 comparison girls matched on age and ethnicity. Girls were 6–12 years old at the 

first assessment and followed prospectively for 16 years. Data were collected on their BMI and 

stimulant medication usage across four evaluation waves. Using latent growth curve modeling, we 

evaluated the BMI trajectories of girls with ADHD and the comparison sample from childhood to 

adulthood.

Results: Although there was no significant difference in initial childhood BMI, girls with ADHD 

increased in BMI at a significantly faster rate than comparison girls across development, even 

when adjusting for covariates. Significant differences in BMI first emerged in adolescence; by 

adulthood, 40.2% of the ADHD sample met criteria for obesity versus 15.4% of the comparison 

sample. When covarying ADHD diagnosis, executive functioning measures were not significantly 

predictive of BMI increase. Adjusting for stimulant medication usage within the ADHD sample 

did not alter core findings.

Conclusions: We discuss health-related implications for girls with ADHD, potential underlying 

mechanisms, and how our findings may inform both ADHD and obesity interventions.

Correspondence concerning this article should be addressed to Patricia A. Porter, Department of Psychology, University of California, 
Berkeley, 2121 Berkeley Way, Berkeley, California, 94720, porterp@berkeley.edu.
*These authors are co-first authors due to equal contributions.
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Attention-deficit/hyperactivity disorder (ADHD) is a prevalent neurodevelopmental 

condition characterized by developmentally extreme and impairing levels of inattention 

and/or hyperactivity/impulsivity. Typically diagnosed in childhood, ADHD is associated 

with difficulties in numerous domains across the lifespan, including occupational, academic, 

and social functioning (Hechtman et al., 2016; Hinshaw et al., 2012). Over the past two 

decades, increasing attention has been paid to the long-term health outcomes of individuals 

with ADHD, with specific focus on high body mass index (BMI) and obesity. Multiple 

studies have found higher BMI and obesity rates among individuals with ADHD compared 

to the general population (Altfas, 2002; Cortese et al., 2013; Racicka et al., 2018), 

highlighting the need for further research on psychological factors that may contribute to 

this disparity.

Researchers have proposed a variety of mechanisms that may underlie the association 

between ADHD and BMI, including disordered eating, physical inactivity, and sleep 

disruption (Cortese, 2019; Vogel et al., 2015) as well as shared genetic liability (Do et 

al., 2019; Martins-Silva et al., 2019). Another promising factor is executive functioning 

(EF)—a transdiagnostic, multidimensional construct composed of several cognitive and 

regulatory abilities, including working memory, planning/organization, response inhibition, 

and attention (Gioia et al., 2000). Deficits in EF are common among youth with 

externalizing disorders such as ADHD and often persist into adolescence and adulthood, 

even when clinical symptoms have remitted (Gordon & Hinshaw, 2019). Emerging evidence 

suggests that deficits in various components of EF may also be significantly related to 

weight gain in both clinical and non-clinical populations (Gunstad et al., 2007; Yang et 

al., 2018). For example, poor response inhibition in childhood may lead to erratic eating 

behaviors and the impulsive consumption of easily accessible “junk foods” that are high 

in caloric content, low in nutrients, and strongly associated with weight gain (Nigg et al., 

2016). Issues with sustained attention could contribute to higher rates of “mindless” eating 

via inattention to internal hunger and satiety cues (Davis et al., 2006), and disorganization 

may hinder the ability to plan healthy meals (Cortese & Vincenzi, 2011). Atypical reward 

processing has also been implicated as a factor related to obesity, particularly when 

cognitive control is insufficient to override high reward value related to eating (Rolls, 2011). 

In sum, existing research suggests a possible link between high BMI and several EF deficits 

that are prevalent among individuals with ADHD.

Another key question surrounding the potential ADHD-BMI association regards 

directionality. As noted above, multiple studies suggest higher-than-expected BMI among 

individuals with ADHD, with many researchers interpreting these findings as evidence 

that ADHD-associated deficits contribute causally to weight gain over time (Altfas, 2002; 

Cortese et al., 2013; Khalife et al., 2014). Yet other research supports the reverse temporal 

association, whereby elevated BMI increases risk of developing ADHD symptoms. Via 

genome-wide association studies, Martins-Silva et al. (2019) found a positive influence of 
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higher BMI on ADHD, but evidence for the genetic liability to ADHD as an influencer 

of BMI was less consistent. Also, greater BMI decline in childhood (ages 3–5 years) 

predicted a greater corresponding increase in EF (Blair et al., 2019). Importantly, this 

BMI-EF association was not present at baseline but emerged over the 2-year study period, 

underscoring the importance of examining developmental trajectories of BMI growth (Blair 

et al., 2019; see also Do et al., 2019). An informative review of salient issues is found 

in Cortese (2019) – in sum, more longitudinal research is needed on both possible causal 

directions.

Further adding to the complexity of the ADHD-BMI question is stimulant medication 

treatment for ADHD. Although use varies substantially by demographics, around two-thirds 

of U.S. youth with an ADHD diagnosis are prescribed stimulant medications (Visser 

et al., 2014). Stimulants are an evidence-based intervention for ADHD, with appetite 

reduction as a core side effect (Gillberg et al., 1997). Still, it remains unclear how the 

link between ADHD and BMI may be influenced by medication. Biederman et al. (2003) 

found that medicated girls with ADHD weighed significantly more than their unmedicated 

counterparts, whereas Waring and Lapane (2008) found the opposite pattern (Castaneda et 

al., 2016 found no significant association). The developmental timing of stimulant usage 

may partially account for these mixed findings. For example, Schwartz et al. (2014) found 

a “rebound” effect related to stimulant use among children with ADHD: Younger age of 

first stimulant use predicted slower BMI growth in childhood but more rapid BMI growth in 

adolescence, pointing to the need for research spanning from childhood into adulthood.

Finally, increasing evidence suggests that the strength of the ADHD-BMI link may vary 

significantly by gender. Several studies have found that ADHD relates to higher BMI only 

among females (Castaneda et al., 2016; Do et al., 2019; van Egmond-Fröhlich et al., 2012). 

By contrast, Racicka et al. (2018) found a higher prevalence of overweight/obesity only 

among boys with ADHD (yet their sample was 85% male and potentially underpowered 

to detect significant effects among females). Indeed, the traditional exclusion of girls and 

women from ADHD research has limited relevant data.

In sum, accumulating research suggests a potential association between ADHD and BMI, 

but important questions remain concerning the developmental timing of BMI increase 

in those diagnosed with ADHD in childhood, factors underlying this association, and 

the potential effects of stimulant treatment. These gaps highlight the need for additional 

longitudinal research on the topic, particularly among females. We investigate whether 

childhood diagnosis of ADHD predicts differences in the rate of BMI increase across 

development in girls, and if so, whether three EF deficits common in children with 

ADHD (i.e., poor planning, response inhibition, sustained attention) contribute to BMI 

growth. In line with the Research Domain Criteria (RDoC), which encourage emphasis 

on transdiagnostic processes, we focus on these cognitive mechanisms because of their 

potential relevance for weight gain across different disorders. Given research linking 

socioeconomic status (SES) to obesity rates (McLaren, 2007), we account for differences 

in SES, as well as comorbid internalizing disorders and stimulant usage. To our knowledge, 

the present research is the first to use structural equation modeling (SEM) to examine 

longitudinal trajectories of BMI in relation to childhood ADHD.
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We hypothesized the following:

1. Girls diagnosed with ADHD in childhood would increase in BMI through 

adolescence and young adulthood at a significantly faster rate than girls without 

childhood ADHD, when accounting for SES, comorbid depression/anxiety, and 

stimulant usage.

2. Childhood deficits in EF—specifically poor planning, response inhibition, and 

sustained attention—would predict increased BMI growth across development, 

above and beyond the effect of childhood ADHD diagnostic status.

Method

Participants and Procedure

We utilized data collected from a prospective sample of girls diagnosed with ADHD in 

childhood (140 girls), along with a matched comparison sample without ADHD (88 girls), 

who participated in the Berkeley Girls with ADHD Longitudinal Study (BGALS). The 

racial/ethnic makeup of the sample was 53% White, 27% African American, 11% Latina, 

and 9% Asian American, with a wide range of socioeconomic backgrounds. ADHD and 

comparison samples were group-matched on age and ethnicity. Of the 140 girls with ADHD, 

34% presented as predominantly inattentive and 66% combined (i.e., both hyperactive/

impulsive and inattentive).

As described by Hinshaw (2002), girls were recruited from multiple sites including 

medical, educational, and mental health settings. Exclusionary criteria included IQ less 

than 70, overt neurological damage, psychosis, pervasive developmental disorder, or any 

medical conditions that prevented participation in the summer camp. Common psychiatric 

comorbidities (e.g., oppositional defiant disorder [ODD], conduct disorder [CD], learning 

disorders, etc.) were allowed to promote generalizability of the ADHD sample. Comparison 

girls with internalizing disorders and/or ODD were included to avoid creating a supernormal 

comparison sample.

Participants were enrolled in the study during childhood (between ages 6–12) and were then 

followed longitudinally approximately every five years across three additional evaluation 

waves. The age ranges at each wave were as follows—Wave 1: 6–12 yrs., Wave 2: 11–18 

yrs., Wave 3: 17–25 yrs., and Wave 4: 22–29 yrs. Across the 16-year longitudinal study, 

there was excellent retention (92–95% at each wave). As described by Owens and Hinshaw 

(2016), the retained sample at Wave 4 was higher in SES than those who dropped out, but 

they showed no significant differences in race/ethnicity or age.

To assess changes in BMI across development, we excluded participants with fewer than 

two BMI observations from analyses (n = 9, 4% of sample). These nine participants did 

not significantly differ from remaining participants in income, maternal education, ethnicity, 

childhood ADHD diagnosis, or childhood depression and/or anxiety diagnoses. The final 

sample included 219 participants: 133 with ADHD in childhood and 86 comparison girls.
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Measures

Body mass index.—BMI for each participant was calculated by dividing weight in 

kilograms by height in meters squared at each assessment period. At Waves 1 and 2, 

parents reported the most recent height and weight measurements for their daughters; at 

Waves 3 and 4, these values were measured objectively during clinic assessment whenever 

possible, supplemented by self-report as needed (e.g., participants unable to come to the 

clinic in-person for assessment). We ultimately utilized self-reported weight and/or height 

for 15 participants at Wave 3 and 63 at Wave 4. Enhanced reliance on self-report at Wave 

4 was probably related to geographic mobility linked to this developmental stage (i.e., ages 

22–29), which made in-person clinic visits more difficult.

Studies comparing parent/self-reported BMI calculations to those objectively measured 

suggest average reporting biases on the order of +/− 2 kg/m2, depending on source (i.e., 

parent vs self-report) and child age (Weden et al., 2013, Kovalchik, 2009). Self-reporting 

vs. objectively measured participants did not significantly differ in childhood ADHD status, 

suggesting that reporting biases were evenly distributed between ADHD and comparison 

girls.

Childhood ADHD diagnosis.—Initial screenings included parent- and teacher-report 

on the Swanson, Nolan, and Pelham Rating Scale (4th ed.; SNAP– IV; Swanson, 1992). 

Eligibility for the ADHD group was then determined by meeting full diagnostic criteria 

based on parental report on the Diagnostic Interview Schedule for Children (4th ed.; DISC-

IV; Shaffer et al., 2000).

Planning.—In the copy condition of the Rey-Osterrieth Complex Figure Test (ROCF), 

children were asked to reproduce a complex figure using pencil and paper, while the original 

stimulus image remained in front of them. We calculated ROCF error proportion scores 

(i.e., the total number of reproduction errors divided by the total number of moves) for 

each participant as an assessment of planning skills (Sami et al., 2004), whereby higher 

scores indicate greater impairment (M = 0.30, SD = 0.19, Range: 0.02–0.88). Scorers of 

the error proportion procedure yielded intraclass correlations ranging from 0.91 to 0.94, and 

this scoring procedure showed a large effect size when differentiating girls with vs. without 

ADHD (d = 0.90). Additional evidence for the validity of this scoring procedure has been 

revealed in multiple investigations from our laboratory (e.g., Hinshaw et al., 2002; Miller et 

al., 2012).

Sustained Attention.—This variable was measured via the Conners’ Continuous 

Performance Test (CPT; see Conners, 1995), a computerized task in which children hit a 

button when they see any letter except for ‘X’, and refrain from hitting the button when they 

see ‘X’. Over 14 minutes, six trial blocks are shown including interstimulus intervals set at 

one, two, or four seconds within each block. Sustained attention was assessed via percentage 

of omission errors – the number of non-responses to target stimuli (i.e., letters other than 

‘X’) divided by the total number of target stimuli presented (M = 8.50, SD = 12.32, Range: 

0.01–86.70).
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Response Inhibition.—This variable was also measured via the Conners’ CPT described 

above (Conners, 1995), using the percentage of commission errors – the number of 

responses to nontargets (i.e., the letter “X”) out of the total number of nontargets presented 

(M = 54.14, SD = 22.28, Range: 0.31–97.22). Past studies using this dataset indicate that 

girls with ADHD demonstrate significantly greater CPT omission and commission error 

percentages than comparisons on this task (e.g., Hinshaw et al., 2002).

Childhood comorbidities.—We determined diagnoses of depression and/or anxiety at 

Wave 1 (n = 38, 17.4% of sample) based on whether participants met full diagnostic criteria 

for either disorder, using parent-report from the DISC-IV.

Socioeconomic status (SES).—This score comprised the standardized average of 

maternal education (M = 4.79, SD = 0.95) and family annual income (M = 6.43, SD = 

2.57). Highest level of maternal education was rated on scale from 1 (less than 8th grade) 

to 6 (advanced or professional degree), and income on a scale from 1 (< $10,000) to 9 

($75,000+), as in previous studies (see Hinshaw et al., 2012; Owens & Hinshaw, 2016).

Stimulant usage.—Stimulant medication usage was based on parent-report for Waves 

1–2 and self-report for Waves 3–4 (supplemented with parent-report for a minority 

of participants). Parallel to the Multimodal Treatment Study of Children with ADHD, 

medication status was defined by a 50% criterion – participants were categorized as having 

high/consistent usage if they used stimulant medication at least 50% of the days since the 

previous assessment (Swanson et al., 2007). We evaluated stimulant usage on a 0 to 2 scale, 

where 0 indicated no stimulant usage, 1 indicated low/inconsistent usage (<50% of the 

time), and 2 indicated high/consistent usage (≥50% of the time). The exception was baseline 

stimulant usage, a binary variable based on whether the participant was using stimulant 

medication as of Wave 1.

Data Analytic Plan

We utilized latent growth curve modeling (LGCM) to evaluate BMI trajectories across 

development. A form of structural equation modeling, LGCM enables the evaluation of 

developmental trajectories, characterized by initial starting point (i.e., intercept) and change 

over time (i.e., slope), plus other polynomial terms as appropriate (e.g., a quadratic term).

Age bins.—Following the recommendations of Bollen and Curran (2006), we modeled 

change in BMI by participant age rather than wave of data collection. We re-organized our 

four waves of data into five age bins, corresponding to different developmental periods: (1) 

childhood (Mage = 8.90 years, SDage = 1.24 years), (2) early adolescence (Mage = 12.58 

years, SDage = 0.95 years), (3) adolescence (Mage = 16.78 years, SDage = 1.28 years), (4) 

early adulthood (Mage = 21.18 years, SDage = 1.46 years), and (5) adulthood (Mage = 26.19 

years, SDage = 1.44 years). We assigned participant data collected at each wave to different 

age bins based on the participant’s age at each assessment period so that each participant had 

missing data for at least one age bin. We estimated all missing data using full information 

maximum likelihood estimation procedures (as described below), affording utilization of 
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data from all 219 participants in LGCMs. In all models, participant age was centered around 

the mean age in the first age bin (Mage = 8.90 years).

Analyses.—Preliminary analyses included examination of normality, outliers, and missing 

data. Consistent with LGCM procedures, we first examined BMI trajectory shape 

and growth factor variability using an unconditional model (i.e., without predictors or 

covariates). For Hypothesis 1, we evaluated childhood ADHD as a predictor of BMI latent 

variables (e.g., intercept and slope), both with and without adjusting for covariates (i.e., 

family SES, diagnosis of depression and/or anxiety, and stimulant usage, with the latter 

modeled as a time-varying covariate). We also compared BMI averages and rates of obesity 

(i.e. BMI ≥ 30 kg/m2) between ADHD and comparison groups at each age bin, using 

independent t-tests and chi-squared tests, respectively. For Hypothesis 2, we evaluated the 

relations between three childhood EF capacities and BMI latent variables via separate 

LGCMs, examining whether relations remained significant when adjusting for childhood 

ADHD diagnosis. All analyses were conducted using the R lavaan package, version 0.6–5. 

Model fit was evaluated using the model chi-square statistic (p ≥ 0.05), comparative fix 

index (CFI; values ≥ 0.95), Tucker-Lewis Index (TLI; ≥ 0.95), standardized root mean 

square residual (SRMR; < 0.08), and root mean square error of approximation (RMSEA; < 

0.06 with a 90% confidence interval containing 0) (Hu & Bentler, 1999; Kline, 2011).

Results

Preliminary Analyses

Normality.—Because LGCM assumes multivariate normality, we first analyzed univariate 

distributions to verify this assumption. Only CPT commissions demonstrated substantial 

positive skew and kurtosis, so we square-root transformed this variable [−1/√(1 + x)], 

resulting in a more normal distribution (Kline, 2011).

Outliers.—We examined all continuous measures (i.e., BMI, SES, ROCF error proportion 

scores, CPT commission and omission error percentages) for values more than three 

standard deviations from the mean at each age bin. There were 14 outliers in total. One 

outlier was high in ROCF error proportion score, and the remaining 13 outliers were high in 

BMI at various time points, primarily in the last three age bins. We winsorized these values 

to 3.1 standard deviations above the mean. This procedure is likely to provide a conservative 

test of hypotheses, given that 12 out of the 13 high BMI outliers emanated from the ADHD 

group.

Missing data.—10% of all BMI data, 5% of all stimulant-usage data, and 0–3% (M 
= 1%) of data for all Wave 1 predictors/covariates were missing. Due to high retention 

rates, subject attrition only accounted for a small percentage of this missing data (7% of 

missing BMI data, 8% of missing stimulant usage data). The majority of missing data was 

due to incomplete data collection (e.g., unanswered questions). Overall, missing stimulant-

usage data were fairly evenly distributed across assessment waves, but the majority of the 

missing BMI data emanated from Wave 1. Specifically, 33% of all participants were missing 

baseline BMI data. Beyond these traditional sources of missing data, our reorganization of 
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four waves of repeated measures into five age bins also caused each participant to have 

“artificially” missing BMI and stimulant-usage data in at least one age bin (i.e., 20% of 

data).

All missing data were estimated using full information maximum likelihood (FILM) 

procedures, which have been shown to yield unbiased and efficient parameter estimation 

and are often recommended for LGCM (Bollen & Curran, 2006; Enders & Bandalos, 

2001). FIML estimates population parameters by maximizing the probability of obtaining 

the observed data. This estimation method requires that data be missing at random (i.e., the 

probability of missingness does not depend on the missing variable itself). To verify this 

assumption, we approximated differences in BMI and stimulant-usage between participants 

with and without these data missing at a given assessment wave, using their corresponding 

measures from other waves. We found no significant differences between participants with 

and without missing data at a given wave, suggesting that BMI and stimulant-usage data 

were missing at random. Additionally, “artificially” missing data due to age-bin assignment 

were based solely on participant age—therefore, by design, random with respect to BMI 

values.

Unconditional Model

To evaluate BMI trajectory shape and growth factor variability, we first conducted a model 

of BMI development from ages 9 to 26 without predictors. A linear LGCM was a poor 

fit for the data, χ2(10, 219) = 48.60, p(χ2) < 0.001, CFI = 0.927, TLI = 0.927, RMSEA 

= 0.133, CI90 = [0.097, 0.171], SRMR = 0.086. Adding a quadratic term substantially 

improved model fit, indicating curvature in BMI trajectories, χ2(6, 219) = 13.80, p(χ2) = 

0.03, CFI = 0.985, TLI = 0.975, RMSEA = 0.077, CI90 = [0.021, 0.131], SRMR = 0.039. 

All latent variables (i.e., intercept, linear, and quadratic terms) were significant. Specifically, 

participant BMI in childhood yielded M = 17.3 kg/m2 (SE = 0.29, p < 0.001), increasing at 

an average rate of 1.0 kg/m2 per year (SE = 0.07, p < 0.001), with the rate of increase in 

BMI across development slowly tapering over time (Mquad = −0.02, SE = 0.004, p < 0.001).

Unlike BMI intercept (σ2 = 8.05, SE = 2.79, p < 0.01) and linear slope (σ2 = 0.28, SE = 

0.14, p < 0.05), the quadratic term did not have a significant amount of residual variance 

(σ2 = 0.0003, SE = 0.0004, p = 0.45), suggesting that participants tapered in BMI growth 

at similar rates as they aged. Given the lack of individual variability in the quadratic term, 

conditional models evaluated predictors of BMI intercept and linear slope only, allowing for 

covariance between all latent variables.

Hypothesis 1: Effect of ADHD

Via a quadratic LGCM, we evaluated childhood ADHD diagnosis as a predictor of BMI 

intercept and linear slope with and without adjusting for covariates. Regarding covariates, 

we modeled SES and childhood diagnosis of anxiety and/or depression as predictors of BMI 

intercept and linear slope, and stimulant usage as a time-varying covariate across all age 

bins. As shown in Table 1, both models had excellent fit.

There was no significant difference in initial childhood BMI between girls diagnosed with 

ADHD and comparisons. Yet girls with ADHD increased in BMI at a significantly greater 
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rate than comparisons across development (β = 0.23, p < 0.001), with and without adjusting 

for covariates. As shown in Figure 1 and Table 2, the BMI trajectory of participants with 

ADHD began to diverge from that of comparison participants in adolescence (ADHD: MBMI 

= 25.17 kg/m2, SDBMI = 6.46 kg/m2 Comparison: MBMI = 22.84 kg/m2, SDBMI = 3.99 

kg/m2; t(169) = −2.90, p = 0.004). By adulthood, two-fifths of participants with ADHD 

(40.2%) had BMI values in the obese range vs. under one-sixth (15.4%) of the comparison 

group, χ2(1, 167) = 10.38, p = 0.001.

Adjusting for ADHD diagnosis and examining the unique effects of each covariate, we 

found that higher SES predicted significantly reduced BMI increases across development 

(β = −0.16, p = 0.004), but childhood diagnosis of depression and/or anxiety was not 

significantly related to BMI linear slope (β = 0.05, p = 0.44). No predictors were 

significantly related to BMI intercept. Stimulant usage was not strongly correlated with 

BMI, although there was a slight negative association in early adulthood (Mage = 21; r = 

−0.10, p = 0.03); see Table 1. When adjusting for the effect of childhood ADHD diagnosis 

and covariates, there was no longer a significant amount of residual variance in BMI linear 

slope (σ2 = 0.25, SE = 0.14, p = 0.08), such that this model adequately accounted for 

individual differences in BMI growth. In contrast, the residual variance of BMI intercept 

remained significant (σ2 = 7.97, SE = 2.79, p = 0.004), suggesting individual variability in 

baseline childhood BMI unaccounted for by this model.

Hypothesis 2: Effects of EF Measures

To evaluate the relation between three components of EF and BMI trajectory, we used 

quadratic LGCMs to examine ROCF error proportion scores (planning), CPT commission 

errors (response inhibition), and CPT omission errors (sustained attention) as predictors 

of BMI intercept and linear slope, with and without adjusting for childhood ADHD and 

covariates.

Planning.—Higher ROCF error proportion scores (i.e., worse planning skills) predicted 

significantly greater BMI growth across development (β = 0.15, p = 0.01), even when 

adjusting for SES, childhood anxiety/depression, and stimulant usage. This model had 

excellent fit, as shown in Table 3. Yet when adjusting for ADHD, childhood planning was 

no longer significantly related to BMI linear slope (whereas childhood ADHD diagnosis 

remained a significant predictor, β = 0.21, p = 0.002). However, the inclusion of ADHD 

as a predictor degraded model fit, in that the model chi-square statistic became significant 

(p = 0.04) and the RMSEA 90% CI no longer included zero [0.012, 0.070]. Planning, and 

all additional predictors, were not significantly related to BMI intercept, and there was 

significant individual variability in baseline BMI levels unaccounted for by this model (σ2 = 

8.12, SE = 2.81, p = 0.004).

Sustained attention.—Higher percentages of CPT omission errors (i.e., worse sustained 

attention) also predicted significantly greater increase in BMI (β = 0.14, p = 0.02), even 

when adjusting for covariates. This model had excellent fit (see Table 4). Yet similar 

to the model with planning, when also adjusting for childhood ADHD diagnosis, the 

relation between sustained attention and BMI linear slope lost significance, whereas ADHD 
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remained a significant predictor (β = 0.22, p = 0.001). Again, the inclusion of ADHD as 

a predictor substantially degraded model fit, in that the model chi-square statistic became 

significant (p = 0.03) and the RMSEA 90% CI no longer included zero [0.014, 0.071]. 

Sustained attention, along with other predictors in the model, was not significantly related 

to BMI intercept, and there was significant residual variance in baseline BMI values 

unaccounted for by this model (σ2 = 7.99, SE = 2.80, p = 0.004).

Response inhibition.—Percentage of CPT commission errors (i.e., response inhibition) 

in childhood was not a significant predictor of BMI linear slope or intercept, regardless of 

adjustment for childhood ADHD diagnosis and covariates.

Secondary Tests

To verify that these results remained consistent when accounting for stimulant usage as a 

possible confound, we also re-conducted analyses including only participants who never 

used stimulants. These models demonstrated poorer fit due to the constrained sample 

size (n = 81 for comparison, n = 32 for ADHD), but ADHD diagnosis remained a 

significant predictor of BMI linear slope with acceptable fit indices (after adjusting for 

a Heywood case; van Driel, 1978; Kolenikov & Bollen, 2012). Additionally, given the 

multiple sources of weight/height at Wave 4 (i.e., objective measurement and self-report), 

we also re-conducted all analyses adjusting for the relation between Wave 4 BMI source and 

BMI intercept/linear slope. Wave 4 BMI source was not significantly related to BMI linear 

slope; its inclusion as a covariate did not alter findings.

Discussion

We examined trajectories of BMI growth longitudinally from childhood to adulthood in girls 

with ADHD, hypothesizing that girls with childhood-diagnosed ADHD would increase in 

BMI more rapidly than comparison girls over time. Results from latent growth curve models 

support this hypothesis. Although participants with ADHD did not significantly differ from 

comparisons in childhood BMI, they increased in BMI at a significantly greater rate across 

development, resulting in substantially higher BMI levels in adolescence and adulthood. 

By adulthood, 40.2% of the ADHD sample were classified as obese, in contrast to only 

15.4% of the comparison group. Additionally, we investigated three childhood executive 

functioning (EF) deficits (i.e., planning, response inhibition, and sustained attention) as 

transdiagnostic predictors of BMI trajectories. No EF predictors retained significance after 

accounting for ADHD diagnostic status. Findings were not altered by inclusion of key 

covariates (e.g., common comorbidities, SES, stimulant usage).

These findings enhance our understanding of health risks associated with ADHD among 

women and lend insight into an important early risk factor for later weight gain. Whereas 

obesity rates escalate in adolescence and adulthood (Ogden et al., 2018), ADHD is generally 

diagnosed in childhood (Visser et al., 2014). ADHD diagnosis may therefore help to 

identify individuals at risk for obesity before weight problems emerge, at a time when 

health behaviors may be more malleable. This finding may inform intervention research in 

two ways: (1) obesity-related interventions may benefit from targeting deficits associated 

with ADHD and (2) ADHD interventions may benefit from promoting healthy eating and 
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exercise behaviors, as well as body image coping skills, before BMI differences emerge. 

Additionally, our findings have theoretical significance, supporting the contention that some 

combination of mechanisms associated with ADHD may contribute to concerning weight 

gain.

Results indicate that three childhood EF components (i.e., planning, sustained attention, and 

response inhibition) were not significantly related to BMI growth beyond their associations 

with ADHD diagnosis. Indeed, prior research indicating relations between EF and BMI 

has been largely cross-sectional, and most studies have only focused on EF deficits in 

individuals who are already overweight or obese (e.g. Yang et al., 2018; Gunstad et al., 

2007). Thus, it is possible that other mechanisms linked to ADHD (whether heritable or 

contextual), and even other components of EF, may be more viable predictors of BMI 

growth.

That said, our dataset may be underpowered to evaluate independent contributions of 

EF on BMI increase. As noted above, we found no significant variance in BMI linear 

slope remaining after accounting for ADHD diagnosis and covariates. Due to this lack of 

individual variability in BMI growth, our models including ADHD diagnosis and covariates 

would not be likely to detect the influence of any additional predictors on BMI increase, 

including our EF measures (Tarka, 2018). Additionally, the strong association between the 

components of EF explored here and ADHD (e.g., see Sami et al., 2004) may have made it 

especially difficult to discern any unique effects of our EF measures on BMI increase. More 

research is needed on these transdiagnostic predictors outside of an ADHD-based sample.

We also assessed the effects of three covariates in connection with BMI growth. Higher 

SES in childhood predicted lower BMI increase across development, consistent with 

literature indicating a negative association between SES and BMI (Ball & Crawford, 2005). 

Childhood anxiety and depression diagnoses were not significantly related to BMI growth 

beyond the effect of childhood ADHD. Prior literature indicating relations between anxiety/

depression and BMI has not accounted for the potential role of ADHD-related symptoms or 

symptoms shared between ADHD and anxiety/depression (e.g., Pine et al., 2001; Goodman 

& Whitaker, 2002). Even so, our sample was ascertained with respect to ADHD, rather 

than internalizing conditions, so additional research on samples enriched for depression 

and anxiety is necessary. Regarding the potential confound of stimulant medication, several 

researchers have investigated how stimulants are related to BMI growth across development, 

but findings have been quite mixed (e.g., Biederman et al., 2003; Waring & Lapane, 2008). 

Although our naturalistic investigation did not manipulate medication, results suggest that 

stimulant use was slightly negatively related to BMI in early adulthood (i.e., ages 19–24). 

Still, after adjusting for the effect of stimulant usage on BMI, the relation between ADHD 

and BMI growth did not substantially change.

Limitations

One study limitation was our multiple BMI sources: calculations were based on parent-

reported height and weight at Waves 1–2 (ages 6–17) and objective measures at Waves 3–4 

(ages 17–29)—supplemented with self-reported values for a subset of participants (7% at 

Wave 3, 29% at Wave 4). Compared to objective measurements, parent-reported values tend 
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to overestimate childhood BMI calculations (on average by 0.8–2.2 kg/m2 for ages 2–8; 

Weden et al., 2013) but to underestimate adolescent BMI (see also Akinbami & Ogden, 

2009; O’Connor & Guggenheim, 2011). Concerning self-reported values, women slightly 

underestimate their actual BMI (on average by 0.1–0.8 kg/m2; Pursey et al., 2014). Although 

average discrepancies between reported and measured BMI values are often small, authors 

caution that by adulthood, the magnitude of BMI underestimation is greater for heavier 

individuals (Weden et al., 2013; Kovalchik, 2009). Thus, participants with ADHD may have 

been disproportionately affected by BMI underestimation biases, given their significantly 

higher BMI values than comparisons by Wave 2. Our findings may therefore underestimate 

BMI growth of our participants, particularly for those with ADHD. In short, our LGCM 

analyses are likely to be conservatively biased.

Our measures of EF components and stimulant usage also present limitations. 

First, concerning EF, utilizing laboratory-based neuropsychological measures potentially 

constrained the ecological validity of our findings (Burgess et al., 2006), especially 

considering the contextual complexity of eating behaviors. For example, an individual’s 

ability to refrain from hitting a button related to visual prompts (i.e., response inhibition) 

may not adequately reflect her ability to resist urges to eat due to heightened emotions 

or situational cues. Some researchers have raised concerns about the use of Conners’ 

CPT subtests in accurately identifying deficits in individuals with ADHD (e.g., Perugini 

et al., 2000). Additionally, our CPT measures did not account for response biases (e.g., 

pressing the response key quickly but indiscriminately). Second, our measure of stimulant 

usage relied on parent- and self-report and required significant recall, approximating usage 

frequency for the past 4–5 years. We also lacked information about timing of medication 

usage. Third, our study contained a notable amount of BMI data missing at Wave 1 due to 

incomplete BMI data collection (33% missing). Although we estimated missing data with 

a robust approach in our LGCMs (i.e., full information maximum likelihood estimation; 

Bollen & Curran, 2006), we still consider this a study limitation.

Finally, all participants were recruited from the San Francisco Bay Area. It follows that 

our sample is not reflective of national U.S. and/or global demographics, which may limit 

generalizability. For example, the U.S. national adult obesity rate is 42.4% (Hales, 2020), 

whereas in the San Francisco Bay Area it is estimated at 20.1% (Wolstein et al., 2015). 

The 40.2% obesity rate found in our adult women with ADHD is therefore more striking 

in the context of regional versus national norms. Moreover, the 15.4% obesity rate in 

our comparison sample in adulthood is lower than the Bay Area 20.1% estimate. Further 

national and international research is needed with samples more reflective of the general 

population.

Conclusions and Future Directions

Overall, the present data reveal that childhood ADHD predicts increased BMI growth 

from childhood to adulthood in girls/women, resulting in higher obesity rates in adulthood 

relative to comparisons. The prospective, longitudinal nature of this investigation suggests 

that ADHD in childhood temporally precedes increased BMI growth in adolescence and 
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adulthood. It remains unclear, however, whether shared genetic factors between ADHD and 

obesity/high BMI might account for this effect (see Do et al., 2019; Cortese, 2019).

Moreover, these findings provide insight into strategies to prevent long-term challenges, 

such as obesity, associated with elevated BMI increase in girls with ADHD. Trajectory 

analyses suggest that noticeable BMI increases in girls with ADHD are likely to emerge in 

adolescence (ages 15–18) and continue escalating through adulthood (ages 19–30), though 

somewhat diminishing with time (given the significant quadratic trend). It may therefore be 

important to target health interventions in early adolescence before substantial weight gain is 

most likely to occur. This approach may also aid in the prevention of eating disorders, which 

are more common in girls with ADHD compared to the general population (Biederman et 

al., 2007).

It is important to note that BMI and health are not synonymous (e.g., Rey-Lopez et al., 

2014). Instead, BMI is just one piece of our complex understanding of health and longevity. 

In fact, stigma related to larger body size is uniquely harmful to mental health and has 

been linked to a variety of negative psychological outcomes including disordered eating and 

suicidality (e.g., Brochu, 2020; Heras et al., 2010). Indeed, the findings here should not 

be used to generate further stigma related to larger body size. Rather, particularly for girls 

with ADHD, we need a better understanding of BMI-health connections as well as early 

coping skills for negative body image. More research on societal body-size stigma reduction 

is crucial to help these psychiatrically vulnerable girls.

Future studies should also investigate additional predictors and mechanisms of BMI increase 

in girls with ADHD to best inform targeted intervention strategies. Other dimensions 

of EF not assessed here, including “hot” EF, may be good candidates for future study. 

For example, individuals with ADHD often prefer smaller immediate rewards to larger 

delayed rewards (Mies et al., 2019), a tendency also associated with obesity (Amlung et al., 

2016). Thus, reward processing may be a key predictor of interest for future researchers. 

“Real world” measures of EF (e.g., observational data and informant reports) will also 

be important given the limitations of our neuropsychological measures described above. 

Moreover, considering that ADHD status was a significant predictor of BMI change, 

ADHD symptom domains, as well as their change over time, are important candidates for 

future study. Further longitudinal trajectory research should also explore the potential for 

bidirectionality by examining how increases in BMI may affect ADHD (as well as other 

psychiatric) symptoms. Although we focused on neuropsychological mechanisms, additional 

socioenvironmental and mental health vulnerabilities may increase risk of obesity among 

girls with ADHD (alone or via interaction with neuropsychological factors), such as SES, 

psychiatric comorbidities, and peer and familial relationships. Finally, future studies should 

include more in-depth research on the role of stimulant medications (such as timing and 

duration of medication administration) to clarify their effects on BMI growth with more 

specificity.

Acknowledgments

We have no known conflicts of interest. This research was supported by funding from the National Institute of 
Mental Health (R01 MH45064).

Porter et al. Page 13

J Clin Child Adolesc Psychol. Author manuscript; available in PMC 2023 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



References

Akinbami LJ, & Ogden CL (2009). Childhood overweight prevalence in the United States: The impact 
of parent‐reported height and weight. Obesity, 17(8), 1574–1580. 10.1038/oby.2009.1 [PubMed: 
19629061] 

Altfas JR (2002). Prevalence of attention deficit/hyperactivity disorder among adults in obesity 
treatment. BMC Psychiatry, 2(1), 9. 10.1186/1471-244X-2-9 [PubMed: 12227832] 

Amlung M, Petker T, Jackson J, Balodis I, & MacKillop J. (2016). Steep discounting of delayed 
monetary and food rewards in obesity: a meta-analysis. Psychological medicine, 46(11), 2423–
2434. 10.1017/S0033291716000866 [PubMed: 27299672] 

Ball K, & Crawford D. (2005). Socioeconomic status and weight change in adults: A review. Social 
science & medicine, 60(9), 1987–2010. 10.1016/j.socscimed.2004.08.056 [PubMed: 15743649] 

Biederman J, Ball SW, Monuteaux MC, Surman CB, Johnson JL, & Zeitlin S. (2007). Are girls with 
ADHD at risk for eating disorders? Results from a controlled, five-year prospective study. Journal 
of Developmental & Behavioral Pediatrics, 28(4), 302–307. 10.1097/DBP.0b013e3180327917 
[PubMed: 17700082] 

Biederman J, Faraone SV, Monuteaux MC, Plunkett EA, Gifford J, & Spencer T. (2003). Growth 
deficits and attention-deficit/hyperactivity disorder revisited: Impact of gender, development, and 
treatment. Pediatrics, 111(5), 9. 10.1542/peds.111.5.1010

Blair C, Kuzawa CW, & Willoughby MT (2020). The development of executive function in early 
childhood is inversely related to change in body mass index: Evidence for an energetic tradeoff? 
Developmental Science, 23(1), 1–10. 10.1111/desc.12860

Bollen KA, & Curran PJ (2006). Latent curve models: A structural equation modeling approach. Wiley 
Series in Probability and Mathematical Statistics. Hoboken, NJ: Wiley.

Brochu PM (2020). Weight stigma as a risk factor for suicidality. International Journal of Obesity, 
44(10), 1979–1980. 10.1038/s41366-020-0632-5 [PubMed: 32546856] 

Burgess PW, Alderman N, Forbes C, Costello A, Laure MC, Dawson DR, … Channon S. (2006). 
The case for the development and use of “ecologically valid” measures of executive function 
in experimental and clinical neuropsychology. Journal of the international neuropsychological 
society, 12(2), 194–209. 10.1017/S1355617706060310 [PubMed: 16573854] 

Castaneda RLA, Kumar S, Voigt RG, Leibson CL, Barbaresi WJ, Weaver AL, … Katusic SK 
(2016). Childhood ADHD, sex and obesity: A longitudinal population-based study. Mayo Clinic 
Proceedings, 91(3), 352–361. 10.1016/j.mayocp.2015.09.017 [PubMed: 26853710] 

Conners CK (1995). Conners’ continuous performance test computer program: User’s manual. 
Toronto: Multi-Health Systems.

Cortese S. (2019). The association between ADHD and obesity: Intriguing, progressively more 
investigated, but still puzzling. Brain Sciences, 9(10), 256. 10.3390/brainsci9100256

Cortese S, Ramos Olazagasti MA, Klein RG, Castellanos FX, Proal E, & Mannuzza S. (2013). Obesity 
in men with childhood ADHD: A 33-year controlled, prospective, follow-up study. Pediatrics, 
131(6), e1731–8. 10.1542/peds.2012-0540 [PubMed: 23690516] 

Cortese S, & Vincenzi B. (2011). Obesity and ADHD: Clinical and neurobiological implications. 
In Stanford C & Tannock R (Eds.), Behavioral Neuroscience of Attention Deficit 
Hyperactivity Disorder and Its Treatment (Vol. 9, pp. 199–218). Springer Berlin Heidelberg. 
10.1007/7854_2011_154

Davis C, Levitan RD, Smith M, Tweed S, & Curtis C. (2006). Associations among overeating, 
overweight, and attention deficit/hyperactivity disorder: A structural equation modelling approach. 
Eating Behaviors, 7(3), 266–274. [PubMed: 16843230] 

Do EK, Haberstick BC, Williams RB, Lessem JM, Smolen A, Siegler IC, & Fuemmeler BF (2019). 
The role of genetic and environmental influences on the association between childhood ADHD 
symptoms and BMI. International Journal of Obesity, 43(1), 33–42. 10.1038/s41366-018-0236-5 
[PubMed: 30349010] 

Enders C, & Bandalos D. (2001). The relative performance of full information maximum likelihood 
estimation for missing data in structural equation models. Structural Equation Modeling: A 
Multidisciplinary Journal, 8(3), 430–457. 10.1207/S15328007SEM0803_5

Porter et al. Page 14

J Clin Child Adolesc Psychol. Author manuscript; available in PMC 2023 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Gillberg C, Melander H, von Knorring AL, Janols LO, Thernlund G, Hagglof B, . . . Kopp S. (1997). 
Long-term stimulant treatment of children with attention-deficit hyperactivity disorder symptoms: 
A randomized, double-blind, placebo-controlled trial. Archives of General Psychiatry, 54(9), 857–
864. 10.1001/archpsyc.1997.01830210105014 [PubMed: 9294377] 

Gioia GA, Isquith PK, Guy SC, & Kenworthy L. (2000). Test review behavior rating inventory of 
executive function. Child Neuropsychology, 6(3), 235–238. 10.1076/chin.6.3.235.3152 [PubMed: 
11419452] 

Goodman E, & Whitaker RC (2002). A prospective study of the role of depression in the development 
and persistence of adolescent obesity. Pediatrics, 110(3), 497–504. 10.1542/peds.110.3.497 
[PubMed: 12205250] 

Gordon CT, & Hinshaw SP (2020). Executive functions in girls with and without childhood ADHD 
followed through emerging adulthood: Developmental trajectories. Journal of Clinical Child & 
Adolescent Psychology, 49(4), 509–523. 10.1080/15374416.2019.1602840 [PubMed: 31039045] 

Gunstad J, Paul RH, Cohen RA, Tate DF, Spitznagel MB, & Gordon E. (2007). Elevated body 
mass index is associated with executive dysfunction in otherwise healthy adults. Comprehensive 
Psychiatry, 48(1), 57–61. 10.1016/j.comppsych.2006.05.001 [PubMed: 17145283] 

Hales CM, Carroll MD, Fryar CD, & Ogden CL (2020). Prevalence of obesity and severe obesity 
among adults: United States, 2017–2018 (NCHS Data Brief No. 360). Centers for Disease Control 
and Prevention, National Center for Health Statistics. https://www.cdc.gov/nchs/data/databriefs/
db360-h.pdf

Hechtman L, Swanson JM, Sibley MH, Stehli A, Owens EB, Mitchell JT, … Stern K. (2016). 
Functional adult outcomes 16 years after childhood diagnosis of attention-deficit/hyperactivity 
disorder: MTA results. Journal of the American Academy of Child & Adolescent Psychiatry, 
55(11), 945–952.e2. 10.1016/j.jaac.2016.07.774 [PubMed: 27806862] 

Heras P, Kritikos K, Hatzopoulos A, Kritikos N, & Mitsibounas D. (2010). Psychological 
consequences of obesity. The Endocrinologist, 20(1), 27–28

Hinshaw SP (2002). Preadolescent girls with attention-deficit/hyperactivity disorder: I. Background 
characteristics, comorbidity, cognitive and social functioning, and parenting practices. Journal of 
Consulting and Clinical Psychology, 70(5), 1086–1098. 10.1037/0022-006X.70.5.1086 [PubMed: 
12362959] 

Hinshaw SP, Carte ET, Sami N, Treuting JJ, & Zupan BA (2002). Preadolescent girls with attention-
deficit/hyperactivity disorder: II. Neuropsychological performance in relation to subtypes and 
individual classification. Journal of Consulting and Clinical Psychology, 70(5), 1099–1111. 
10.1037/0022-006X.70.5.1099 [PubMed: 12362960] 

Hinshaw SP, Owens EB, Zalecki C, Huggins SP, Montenegro-Nevado AJ, Schrodek E, & Swanson 
EN (2012). Prospective follow-up of girls with attention-deficit/hyperactivity disorder into early 
adulthood: Continuing impairment includes elevated risk for suicide attempts and self-injury. 
Journal of Consulting and Clinical Psychology, 80(6), 1041–1051. 10.1037/a0029451 [PubMed: 
22889337] 

Hu LT, & Bentler PM (1999). Cutoff criteria for fit indexes in covariance structure analysis: 
Conventional criteria versus new alternatives. Structural Equation Modeling, 6(1), 1–55. 
10.1080/10705519909540118

Khalife N, Kantomaa M, Glover V, Tammelin T, Laitinen J, Ebeling H, … Rodriguez A. (2014). 
Childhood attention-deficit/hyperactivity disorder symptoms are risk factors for obesity and 
physical inactivity in adolescence. Journal of the American Academy of Child & Adolescent 
Psychiatry, 53(4), 425–436. 10.1016/j.jaac.2014.01.009 [PubMed: 24655652] 

Kline RB (2011). Principles and practice of structural equation modeling, 3rd ed. New York: Guilford.

Kolenikov S, & Bollen KA (2012). Testing negative error variances. Sociological Methods & 
Research, 41(1), 124–167. 10.1177/0049124112442138

Kovalchik S. (2009). Validity of adult lifetime self-reported body weight. Public Health Nutrition, 
12(8), 1072–1077. 10.1017/S1368980008003728 [PubMed: 18789171] 

Martins-Silva T, Vaz J dos S, Hutz MH, Salatino-Oliveira A, Genro JP, Hartwig FP, … Tovo-Rodrigues 
L. (2019). Assessing causality in the association between attention-deficit/hyperactivity disorder 

Porter et al. Page 15

J Clin Child Adolesc Psychol. Author manuscript; available in PMC 2023 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://www.cdc.gov/nchs/data/databriefs/db360-h.pdf
https://www.cdc.gov/nchs/data/databriefs/db360-h.pdf


and obesity: A Mendelian randomization study. International Journal of Obesity, 43(12), 2500–
2508. 10.1038/s41366-019-0346-8 [PubMed: 31000774] 

McLaren L. (2007). Socioeconomic status and obesity. Epidemiologic Reviews, 29(1), 29–48. 
10.1093/epirev/mxm001 [PubMed: 17478442] 

Mies GW, de Water E, Wiersema JR, & Scheres A. (2019). Delay discounting of monetary 
gains and losses in adolescents with ADHD: Contribution of delay aversion to choice. Child 
Neuropsychology, 25(4), 528–547. 10.1080/09297049.2018.1508563 [PubMed: 30111229] 

Miller M, Ho J, & Hinshaw SP (2012). Executive functions in girls with ADHD followed 
prospectively into young adulthood. Neuropsychology, 26(3), 278–287. 10.1037/a0027792 
[PubMed: 22468822] 

Nigg JT, Johnstone JM, Musser ED, Long HG, Willoughby MT, & Shannon J. (2016). Attention-
deficit/hyperactivity disorder (ADHD) and being overweight/obesity: New data and meta-analysis. 
Clinical Psychology Review, 43, 67–79. 10.1016/j.cpr.2015.11.005 [PubMed: 26780581] 

O’Connor DP, & Gugenheim JJ (2011). Comparison of measured and parents’ reported height and 
weight in children and adolescents. Obesity, 19(5), 1040–1046. 10.1038/oby.2010.278 [PubMed: 
21127476] 

Ogden CL, Fryar CD, Hales CM, Carroll MD, Aoki Y, & Freedman DS (2018). Differences in obesity 
prevalence by demographics and urbanization in US children and adolescents, 2013–2016. JAMA, 
319(23), 2410. 10.1001/jama.2018.5158 [PubMed: 29922826] 

Owens EB, & Hinshaw SP (2016). Pathways from neurocognitive vulnerability to co-occurring 
internalizing and externalizing problems among women with and without attention-deficit/
hyperactivity disorder followed prospectively for 16 years. Development and Psychopathology, 
28, 1013–1031. 10.1017/S0954579416000675 [PubMed: 27739390] 

Perugini EM, Harvey EA, Lovejoy DW, Sandstrom K, & Webb AH (2000). The predictive power 
of combined neuropsychological measures for attention-deficit/hyperactivity disorder in children. 
Child Neuropsychology, 6(2), 101–114. 10.1076/chin.6.2.101.7059 [PubMed: 16210207] 

Pine DS, Goldstein RB, Wolk S, & Weissman MM (2001). The association between 
childhood depression and adulthood body mass index. Pediatrics, 107(5), 1049–1056. 10.1542/
peds.107.5.1049 [PubMed: 11331685] 

Pursey K, Burrows TL, Stanwell P, & Collins CE (2014). How accurate is web-based self-reported 
height, weight, and body mass index in young adults? Journal of Medical Internet Research, 16(1), 
e4. 10.2196/jmir.2909 [PubMed: 24398335] 

Racicka E, Hanć T, Giertuga K, Bryńska A, & Wolańczyk T. (2018). Prevalence of 
overweight and obesity in children and adolescents with ADHD: The significance of 
comorbidities and oharmacotherapy. Journal of Attention Disorders, 22(12), 1095–1108. 
10.1177/1087054715578272 [PubMed: 25895508] 

Rey‐Lopez JP, De Rezende LF, Pastor‐Valero M, & Tess BH (2014). The prevalence of metabolically 
healthy obesity: a systematic review and critical evaluation of the definitions used. Obesity 
reviews, 15(10), 781–790. [PubMed: 25040597] 

Rolls ET (2011). Taste, olfactory and food texture reward processing in the brain and obesity. 
International Journal of Obesity, 35(4), 550–561. 10.1038/ijo.2010.155 [PubMed: 20680018] 

Sami N, Carte ET, Hinshaw SP, & Zupan BA (2004). Performance of girls with ADHD and 
comparison girls on the Rey-Osterrieth complex figure: Evidence for executive processing deficits. 
Child Neuropsychology, 9(4), 237–254. 10.1076/chin.9.4.237.23514

Schwartz BS, Bailey-Davis L, Bandeen-Roche K, Pollak J, Hirsch AG, Nau C, … Glass TA (2014). 
Attention deficit disorder, stimulant use, and childhood body mass index trajectory. Pediatrics, 
133(4), 668–676. 10.1542/peds.2013-3427 [PubMed: 24639278] 

Shaffer D, Fisher P, Lucas CP, Dulcan MK, & Schwab-Stone ME (2000). NIMH Diagnostic Interview 
Schedule for Children, Version IV (NIMH DISC–IV): Description, differences from previous 
versions, and reliability of some common diagnoses. Journal of the American Academy of Child & 
Adolescent Psychiatry, 39, 28–38. doi:10.1097/00004583-200001000-00014 [PubMed: 10638065] 

Swanson JM (1992). School-based assessments and interventions for ADD students. Irvine, CA: K. C. 
Publishing.

Porter et al. Page 16

J Clin Child Adolesc Psychol. Author manuscript; available in PMC 2023 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Swanson JM, Hinshaw SP, Arnold LE, Gibbons RD, Marcus S, Hur K, … Wigal T. (2007). Secondary 
evaluations of MTA 36-month outcomes: Propensity score and growth mixture model analyses. 
Journal of the American Academy of Child & Adolescent Psychiatry, 46(8), 1003–1014. 10.1097/
CHI.0b013e3180686d63 [PubMed: 17667479] 

Tarka P. (2018). An overview of structural equation modeling: Its beginnings, historical development, 
usefulness and controversies in the social sciences. Quality & Quantity, 52(1), 313–354. 10.1007/
s11135-017-0469-8 [PubMed: 29416184] 

van Driel OP (1978). On various causes of improper solutions in maximum likelihood factor analysis. 
Psychometrika, 43(2), 225–243. 10.1007/BF02293865

van Egmond-Fröhlich AWA, Widhalm K, & de Zwaan M. (2012). Association of symptoms 
of attention-deficit/hyperactivity disorder with childhood overweight adjusted for confounding 
parental variables. International Journal of Obesity, 36(7), 963–968. 10.1038/ijo.2012.78 
[PubMed: 22584457] 

Visser SN, Danielson ML, Bitsko RH, Holbrook JR, Kogan MD, Ghandour RM, … Blumberg 
SJ (2014). Trends in the parent-report of healthcare provider-diagnosed and medicated attention-
deficit/hyperactivity disorder: United States, 2003–2011. Journal of the American Academy of 
Child & Adolescent Psychiatry, 53, 34–46. 10.1016/j.jaac.2013.09.001 [PubMed: 24342384] 

Vogel SWN, Bijlenga D, Tanke M, Bron TI, van der Heijden KB, Swaab H, … Sandra Kooij JJ (2015). 
Circadian rhythm disruption as a link between attention-deficit/hyperactivity disorder and obesity? 
Journal of Psychosomatic Research, 79(5), 443–450. 10.1016/j.jpsychores.2015.10.002 [PubMed: 
26526321] 

Waring ME, & Lapane KL (2008). Overweight in children and adolescents in relation to attention-
deficit/hyperactivity disorder: Results from a national sample. Pediatrics, 122(1), e1–e6. 10.1542/
peds.2007-1955 [PubMed: 18595954] 

Weden MM, Brownell PB, Rendall MS, Lau C, Fernandes M, & Nazarov Z. (2013). Parent-reported 
height and weight as sources of bias in survey estimates of childhood obesity. American Journal of 
Epidemiology, 178(3), 461–473. 10.1093/aje/kws477 [PubMed: 23785115] 

Wolstein J, Babey SH, & Diamant AL (2015). Obesity in California. UCLA Center 
for Health Policy Research. http://healthpolicy.ucla.edu/publications/Documents/PDF/2015/
obesityreport-jun2015.pdf

Yang Y, Shields GS, Guo C, & Liu Y. (2018). Executive function performance in obesity and 
overweight individuals: A meta-analysis and review. Neuroscience & Biobehavioral Reviews, 84, 
225–244. 10.1016/j.neubiorev.2017.11.020 [PubMed: 29203421] 

Porter et al. Page 17

J Clin Child Adolesc Psychol. Author manuscript; available in PMC 2023 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://healthpolicy.ucla.edu/publications/Documents/PDF/2015/obesityreport-jun2015.pdf
http://healthpolicy.ucla.edu/publications/Documents/PDF/2015/obesityreport-jun2015.pdf


Figure 1. BMI Trajectories of Girls with and without Childhood ADHD
Note. Average body mass indices (BMI) of girls with and without childhood ADHD at each 

age bin, including 95% confidence intervals.
aBMI threshold for obesity (≥ 30 kg/m2).
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Table 1

Effect of ADHD on BMI trajectory

ADHD ADHD + Covariates

b (SE) β b (SE) β

Estimated Effects

 BMI Linear Slope

  ADHD 0.30 (0.06) 0.27*** 0.25 (0.07) 0.23***

  SES −0.10 (0.04) −0.16**

  Dep/Anx 0.06 (0.08) 0.05

 BMI ~ Stimulant Use
a

  Childhood −0.30 (0.66) −0.04

  Early Adolescence −0.56 (0.29) −0.10

  Adolescence −0.45 (0.30) −0.07

  Early Adulthood −0.95 (0.43) −0.10*

  Adulthood 0.09 (0.54) 0.007

Model Fit Indices

 χ2 (df, N) χ2 (9, 219) = 16.28, ns χ2 (35, 219) = 46.69, ns

 CFI 0.987 0.980

 TLI 0.978 0.971

 RMSEA [CI90] 0.061 [0.000, 0.107] 0.039 [0.000, 0.066]

 SRMR 0.036 0.037

Note. Both models evaluate childhood ADHD diagnosis as a predictor of BMI intercept and linear slope across the lifespan, using a quadratic 
LGCM. The second model also adjusts for covariates (i.e., family SES, childhood diagnosis of depression and/or anxiety, and stimulant usage, with 
the latter modeled as a time-varying covariate). No predictors were significantly related to BMI intercept.

a
Covariance between stimulant usage and BMI at each age bin

*
p < 0.05;

**
p < 0.01;

***
p < 0.001
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Table 2

BMI averages and obesity rates across development

Childhood Early Adolescence Adolescence Early Adulthood Adulthood

Average BMI (SD)

  ADHD 17.51 (4.25) 21.26 (4.46) 25.17 (6.46) 27.79 (8.25) 30.08 (9.33)

  Comparison 16.66 (2.39) 19.90 (3.62) 22.84 (3.99) 23.72 (5.17) 25.40 (5.58)

  t −1.34 −2.10 −2.90* −3.93** −4.06***

Obesity Rates

  ADHD 0.0% 4.4% 19.8% 28.7% 40.2%

  Comparison 0.0% 1.5% 2.9% 7.4% 15.4%

  χ2 0.32 8.77* 10.25* 10.38*

Note. We evaluated differences in body mass indices (BMI; kg/m2) and obesity rates (i.e., proportion of girls with BMI ≥ 30 kg/m2) between 
ADHD and comparison girls at each age bin, using independent samples t-tests and chi-squared tests, respectively.

*
p < 0.01;

**
p < 0.001;

***
p < 0.0001
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Table 3

Effect of planning on BMI trajectory

ROCF ROCF + ADHD

b (SE) β b (SE) β

BMI Linear Slope

 Poor Planning (ROCF) 0.42 (0.17) 0.15* 0.23 (0.18) 0.09

 ADHD 0.22 (0.07) 0.21**

Model Fit Indices

 χ 2(df, N ) χ 2(35, 219) = 48.54, ns χ 2(38, 219) = 55.05*

 CFI 0.977 0.971

 TLI 0.966 0.958

 RMSEA [CI 90 ] 0.042 [0.000, 0.069] 0.045 [0.012, 0.070]

 SRMR 0.035 0.038

Note. Using quadratic LGCMs, we evaluated poor planning (based on ROCF error proportion scores) in childhood as a predictor of BMI intercept 
and linear slope across the lifespan with and without accounting for childhood ADHD diagnosis. Both models adjust for covariates (i.e., SES, 
depression/anxiety, and stimulant usage).

ROCF = Rey-Osterrieth Complex Figure Test (copy condition)

*
p < 0.05;

**
p < 0.01
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Table 4

Effect of sustained attention on BMI trajectory

CPT % Omissions CPT % Om. + ADHD

b (SE) P b (SE) P

BMI Linear Slope

 Poor SA (CPT % Om.) 0.38 (0.16) 0.14* 0.24 (0.16) 0.09

 ADHD 0.23 (0.07) 0.22**

Model Fit Indices

 χ2 (df, N) χ2(35, 219) = 48.91, ns χ2(38, 219) = 55.62*

 CFI 0.976 0.970

 TLI 0.966 0.957

 RMSEA [CI90] 0.043 [0.000, 0.069] 0.046 [0.014, 0.071]

 SRMR 0.033 0.038

Note. Using quadratic LGCMs, we evaluated sustained attention (based on the percentage of CPT omission errors) in childhood as a predictor of 
BMI intercept and linear slope across the lifespan with and without accounting for childhood ADHD diagnosis. Both models adjust for covariates 
(i.e., SES, depression/anxiety, and stimulant usage).

SA = sustained attention

CPT = Conners’ Continuous Performance Test

*
p < 0.05;

**
p < 0.01
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