UC San Diego
UC San Diego Previously Published Works

Title
Limitations of BMI z scores for assessing weight change: A clinical tool versus individual
risk.

Permalink
https://escholarship.org/uc/item/4vd0g6dr]

Journal
Obesity, 32(3)

Authors

Adise, Shana
Rhee, Kay
Laurent, Jennifer

Publication Date
2024-03-01

DOI
10.1002/0by.23957

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/4vd0g6dn
https://escholarship.org/uc/item/4vd0g6dn#author
https://escholarship.org
http://www.cdlib.org/

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Ovbesity (Silver Spring). Author manuscript; available in PMC 2025 March 01.

-, HHS Public Access
«

Published in final edited form as:
Obesity (Silver Spring). 2024 March ; 32(3): 445-449. doi:10.1002/0by.23957.

Limitations of Body Mass Index Z-scores for Assessing Weight
Change: A Clinical Tool vs. Individual Risk

Shana Adise, Ph.D.1*, Kyung E. Rhee, MD, MSc, MAZ2, Jennifer Laurent, PhD.3, Elizabeth

A. Holzhausen, PhD#, Panteha Hayati Rezvan, PhD®, Tanya L. Alderete, PhD.4, Alaina P.
Vidmar, M.D.1

1Children’s Hospital Los Angeles and Keck School of Medicine of USC, Department of Pediatrics,
Division of Endocrinology, Diabetes and Metabolism, Los Angeles, CA.

2University of California, San Diego, Department of Pediatrics, La Jolla, CA
SUniversity of Vermont, Department of Nursing, Burlington, VT
4University of Colorado Boulder, Department of Integrative Physiology, Boulder, CO

5Children’s Hospital Los Angeles, The Saban Research Institute, Biostatistics and Data
Management Core, Los Angeles, CA.

Abstract

Importance: Although pediatric growth curves provide clinical utility, using these metrics for
within-person change over time can be misleading. As research is focused on understanding
cardiometabolic consequences of weight gain, it is important to utilize precise metrics to analyze
these longitudinal research questions.

Observations: Despite several foundational recommendations to limit the use of reference
pediatric growth curves (e.g., body mass index zscores) for within-person longitudinal research, it
has evolved into the “gold standard” for utilizing growth curves for pediatric weight gain analyses.
Therefore, the objective of this paper is to discuss the A) methodology used to create reference
growth curves; B) appropriate use of reference pediatric BMI growth curves within the context

of cross-sectional and longitudinal analyses in research; and C) how to select metrics based on
desired evaluations.

Conclusions: Careful consideration using standardized references scores is essential when
assessing obesity-related questions and co-morbid risk over time in pediatric populations.
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Introduction:

Body mass index (BMI; kg/m?) is used to estimate fat mass when gold standard methods

are not available.(1,2) Calculated from BMI, weight status cutoffs (e.g., healthy weight,
overweight, obese) provide easy clinical screening for cardiometabolic risk and disease.(3)
Unlike adults, specific BMI growth curves have been created for children to account for age-
and sex-specific differences in growth,(4,5) where the BMI metric is often expressed as a
z-score. Z-scores allow for insight into how a child is growing in reference to a population at
a particular time, but there are statistical limitations for using within-person differences

in z-scores (e.g., Adiff) to assess weight gain accelerations which can extrapolate to
miscalculations of cardiometabolic risk overtime. Across fields, using zdiff for longitudinal
research has been highly cautioned against.(6-10) Yet, in pediatric weight gain research,
this has been widely ignored. For example, a PubMed search for BMI zscore change
amongst infants, children, and adolescents (e.g., search term: “BMI z-score” AND change
NOT cross-sectional [Title/Abstract]) from 2000 until present was associated with more than
1,000 published articles. Therefore, the purpose of this paper is to A) acknowledge the

merit of pediatric BMI zscores for clinical practice and cross-sectional research; and B)
discuss the limitations of ziff for longitudinal research focused on understanding pediatric
cardiometabolic risk. Careful selection of weight gain metrics is critical so that researchers
and clinicians may translate research findings more appropriately.

Reference score creations and challenges with use for longitudinal
assessment:

Reference, or zscores are useful for classifying metrics of a population into categories to
determine clinical pathology, outstanding or suboptimal performance. For example, they
are useful for classifying limits for various domains including scholastic achievement,
intelligence, neurocognitive testing, and pediatric assessments of growth(6). Reference
scores are created using a transformation process called standardization, which transforms
a raw score (e.g., BMI) into a relative score (e.g., BMI zscore), and ranks individual

scores according to others in a reference population (0-100, e.g., BMI percentile). Then, the
reference population mean (/7) is subtracted from each individual raw score (x) and divided
by the reference population standard deviation (SD; zscore = (x—m)/SD). For a normal
distribution, a zscore represents the number of standard deviations a given value is from
the population mean (/= 0) in the reference population (e.g., z-score = 1 is equivalent to
+1SD above the population mean). Thus, a BMI zscore is a measure of how much a child’s
raw BMI score deviates from the mean BMI for their age and sex compared to a standard
reference population of other children of that age and sex.

BMI zscores provide useful cross-sectional weight status classification cut-offs (e.g.,
healthy weight, obese). However, this metric is not appropriate to assess within-person
change over time because of their inherent dependency on a static underlying reference
population.(6,10) To better understand this concept, we provide a simple example of test
scores of a class at Time 1 and Time 2, which occur before and after students learn
about content relevant to the test. At Time 1, Student A obtained a raw score of 83 out
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of 100, where the class average was 80 (SD=20). Because the teacher was interested in
understanding how well the students performed and the test’s difficulty (i.e., the distribution
of the scores in reference to the class average), they standardized the scores ( Student
A’sscore fell into the 561 percentile, z-score = 0.15). During the next assessment (i.e.,
Time 2), the class average dropped to 60 (SD=13) but Student A received an 87 (98
percentile, z-score = 2.08). Next, the teacher was interested in understanding if students
improved on performance from their first to second test (i.e., within-person change, pre vs-
post-test assessment). If the teacher utilized the zdiff to assess within-person change, this
could provide a skewed perspective. For example, for Student A, their Zdiff would be 1.90,
which suggests that they had a 42% improvement in comparison to the change amongst

the entire class. Meanwhile, in reference to themself, Student A only had a modest 4-point
improvement between the tests, suggesting that for this student, the instructional unit at hand
did not substantially improve their score by 42%. Thus, if the goal was to track Student A’s
performance over time, it would be more appropriate to use their actual raw scores.

The example highlights how ziff can lead to misleading longitudinal results, but in

the case of BMI z-score, this is even more problematic as the standardized variable is
time-locked to a specific stagnant population. For example, BMI zscores for 9-year-olds
were sampled from a different population than the 12-year-olds distribution. Therefore,
examining zscore changes would provide information with respect to underlying reference
populations at 9- and 12-years, and not within a single child. Thus, this creates an extreme
bias for longitudinal research focused on examining within child weight gain. Below is a
visualization of this dilemma with using data from youth enrolled in The Adolescent Brain
Cognitive Development (ABCD) Study (www.ABCDStudy.org; Figure 1 reprinted from
Adise et al., 2021 and 2022).(11,12) Here, we were interested in examining the relationship
between brain development and extreme weight gain amongst youth with a stable weight
compared to those with non-weight stability (i.e., extreme weight gain) from 9/10-to-11/12-
years-old. Initially, using clinical practice guidelines, weight stability was defined as zaiff
<0.2 and non-stability as zdiff > 0.2.(13) This criterion grossly overestimated non-weight
stability as 52% of youth classified with non-stable weight, which 79.3% had a healthy
weight at baseline (Figure 1A). Notably, 74.3% of these youth were still classified as having
a healthy weight two years later. Thus, we compared how well this criterion mapped onto
physical weight gain, and not surprisingly, this metric performed poorly again (Figure 1B).
There was no specificity to identify youth who had weight gain beyond +1SD above the
mean (dashed black line). As one solution, weight stability was expanded to only include
those of a healthy weight, while weight non-stability included gaining >38 pounds in 2
years (+1SD above the mean; Figure 1C). Importantly, this grouping was not confounded by
height suggesting those identified has having extreme weight gain did not also have a growth
spurt (Figure 1D). This classification definition seemed to better capture extreme weight
gain, which was associated with underlying differences in brain structure prior to weight
gain and measurable changes in brain structure after weight gain. Although imperfect,

this example highlights how individual weight change may be more relevant to biological
outcomes when compared to changes in reference growth charts.
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Alternative approaches for longitudinal analyses

Although there are better metrics to assess adiposity over time (e.g., DXA, MRI, waist
circumference, bioelectrical impedance), BMI remains a quick and cost-effective tool for
many researchers and physicians alike. Therefore, it is unrealistic to completely forgo the
use of BMI zscores, and the most accurate metric for assessing weight change in children
is debated.(7,13-16) Some guidance exists for pediatric clinical trial weight reduction
outcomes (e.g., mean change in BMI, proportion of patients who lose greater than or equal
to 5% of baseline), but there is no common consensus. There are valid concerns regarding
the use of raw BMI for pediatric longitudinal analyses but statistical models can account for
age- and sex- growth patterns, like modeling continuous norming.(14,15) In adults, growing
evidence suggests that a 5% change in actual weight may be a good surrogate marker to
capture longitudinal changes in adiposity and cardiometabolic risk(16,17). However, there
is limited research conducted in children to support this. Perhaps an alternative approach
would be to examine weight change while adjusting for sex, height, and age, rather than
using BMI zscores. Alternatively, bioelectrical impedance is an alternative time and cost-
effective tool to measure change in adiposity in youth, however, there is no consensus

on how the output metrics obtained from these tests predict risk overtime and thus their
practical clinical relevance is often questioned. Currently, it is challenging to recommend
one longitudinal pediatric weight-based metric over another, leaving the researcher to decide
the best measure for the study and outcome of interest. However, we contend that BMI
scores are best for cross-sectional classification purposes, and it should be highly cautioned
against to use zdiff for longitudinal outcomes.

Additional Limitations of Growth Curves

It is also important to highlight the inherent racial biases specifically in the CDC zscores,
which were originally created using data pooled from the National Health and Nutritional
Examination Survey (NHANES) from 1963-1980,(18) a largely white and educated sample.
In 2022, the CDC updated the reference tables with data collected in the last decade.

(19) However, data from 1963-1980 were still utilized for estimation, perpetuating racial
and socioeconomic biases (20) - as children from diverse backgrounds are at risk for
inappropriately weight classification.(21-23) One solution may be to redefine the CDC
growth charts with more recent data. Yet, this recommendation should be proceeded with
caution as obesity rates have drastically increased,(24,25) and if zscores are utilized to
define acceptable weight parameters (e.g., healthy vs. overweight), youth currently classified
as having obesity may then be erroneously categorized as having a healthy weight. Although
other reference charts (e.g., WHO’s international score (4)) may circumvent some of these
sociodemographic issues, the misuse of the zscore statical tool in longitudinal scientific
questions is still notable. Moreover, there are wide variations in body weight distribution

by race and ethnicity,(26) which means these cutoff points may not accurately capture
metabolic risk accordingly. As such, there is a dire need for science to redefine weigh-
related cut-points for assessing excess adiposity with respect to encompassing individualistic
characteristics (e.g., height, weight, age, sex, race/ethnicity) rather than relying on outdated
and biased population estimates that provide little insight into a child’s metabolic health.
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Call to scientific community

There is an urgent need for further investigation into precise, easy, and cost-effective
metrics that can accurately assess weight related metabolic risk. Pediatric clinicians spend
on average, 15 minutes with a patient, necessitating quick, precise estimates of weight
gain velocities that are useful in evaluating and managing care. Research settings are often
afforded the time to conduct nuanced and precise analyses and thus, can inform efficient
metrics for estimating weight change that are clinically useful and metabolically meaningful.
Perhaps with deliberate and intentional use of algorithms with less bias, research will be
better translated to the clinical settings resulting in more accurate measurements of within-
person weight gain velocities that are more indicated of cardiovascular risk than inaccurate
Zdiff estimates. We would like to also emphasize the importance of collaboration between
statisticians and subject-matter experts for successful data analysis. Such engagement and
collaboration would lead to more robust conclusions, and ultimately contribute to better
decision-making in the clinical setting. Taken together, we ask the scientific and clinical
communities to: A) acknowledge the limitations in using Aiff (and percentile differences)
for longitudinal analyses, B) update interpretation of anthropometric metrics in clinical
practice, C) identify software that can be more systematically incorporated into electronic
health records to provide clinicians will real-time, accurate assessment of anthropometric
measures in youth, and D) understand that the current BMI zscores are subject to bias,
especially amongst historically excluded groups with the greatest increase in prevalence of
pediatric obesity.
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Quiestion:

Why should body mass index (BMI) zscores not be used as a longitudinal measure to
assess individual change in weight over time?

Findings:

The current opinion article outlines the statistical pitfalls of utilizing BMI zscores

for assessing longitudinal within-person change in weight as a surrogate for adiposity,
which may have consequences for cardiometabolic risk assessment. Here, we discuss
how these growth curves were created, and how utilizing change scores of standardized
reference charts can lead to misleading results. The purpose of this paper is to foster
discussion around the creation of precise metrics for pediatric weight gain assessment for
cardiometabolic risk.
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Figure 1.

A) Changes in BMI z-score standard deviation (SD) across two time points (ages 9/10-
years-old to 11/12-years-old, within-person). The dashed lined indicates the clinical cutoff
for weight stability using BMI z-score standard deviation changes, where <0.2 indicates
weight stability. This figure depicts that most children were not classified as weight stable.
B) Change in physical weight between the two time points for each group using the clinical
criterion of weight stability (e.g., weight stable [WS], weight gain [WG]). Dashed black line
corresponds to the average weight gain across the sample, where the blue dashed lines depict
the -1 and +1 SD above the mean. C) distributions of weight gain by the new classification
that included a weight gain criterion (>38 pounds of weight gain across two years, plus the
clinical BMI z-score cutoff; Newc). D) Demonstration that weight stable and weight gain
groups did not differ in height velocity.
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