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Abstract

Objective: To identify patterns of technology-based weight-related self-monitoring (WRSM) and
assess associations between identified patterns and eating disorder behaviors among first year
university students.

Methods: First year university students (n=647) completed a web-based survey to assess their
use of technology-based WRSM and eating disorder behaviors. The cross-sectional data were
analyzed using gender-stratified latent class analysis to identify patterns of WRSM, followed by
logistic regression to calculate the predicted probability of eating disorder behaviors for each
pattern of WRSM.

Results: Technology-based WRSM is common among first year university students, with
patterns of WRSM differing by student gender. Further, unique patterns of WRSM were associated
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with differing probability of engaging in eating disorder behaviors. For example, compared to the
67.0% of females who did not use technology-based WRSM, females engaging in high amounts of
technology-based WRSM (33.0%) were more likely to report fasting, skipping meals, excessively
exercising, and using supplements. Among males, those who reported all forms of WRSM (9.5%)
were more likely to report fasting, skipping meals, purging, and using supplements but those who
only used exercise self-monitoring (11.9%) did not have increased likelihood of eating disorder
behaviors.

Conclusions: Using multiple forms of technology-based WRSM is associated with increased
likelihood of engaging in eating disorder behaviors among both female and male, first year
university students. Assessing technology-based WRSM may be a simple method to screen for
elevated eating disorder risk among first year students.
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Introduction

The “quantified self,” or using technology to monitor and manage health, is now common

in day-to-day life. From continuous glucose monitors, to smart phones to application (app)-
based mood journals, to wearable devices that measure and report sleep duration and quality,
many people today use technology to track one or more aspects of their health.(t) Using
technology to monitor ones’ weight, and the behaviors that may impact weight, has become
particularly common. Wearable fitness trackers and other new technologies have increased
the ease of weight-related self-monitoring (WRSM), popularizing the practice. For example,
FitBit, a wearable device that tracks physical activity, reports 27.4 million active users every
month.® Further, apps like MyFitnessPal, which has 19 million active users every month, @)
allows users to easily log their dietary intake and quickly compare their intake to calorie and
macronutrient goals.

Technology-based WRSM is touted as a health management tool because it increases
awareness of one’s behavior and promotes goal setting, which may lead to behavior change.
(3) However, the practice may not be harmless. Of particular concern is whether technology-
based WRSM increases the risk of eating disorders. Cross-sectional studies have found

that calorie counting, which is often conducted using apps like MyFitnessPal, is associated
with increased eating disorder risk among college students.(4-5) The increased attention

that makes WRSM an effective means for behavior change may also be accompanied by
increased self-criticism,(”: 8) which could lead to obsessional thinking related to one’s eating
habits and body weight, and use of eating disorder behaviors. Using technology-based
WRSM specifically may increase risk because it is primed to make tracking easier thereby
further increasing awareness compared to traditional tracking methods. Prior research on
technology-based WRSM found that the use of calorie, but not fitness tracking, apps was
associated with binge eating and purging.) However, two-thirds of those who used calorie
tracking apps also used fitness tracking apps. While the study did not examine whether using
multiple WRSM technologies simultaneously alters eating disorder risk compared to each
independent behavior, it is possible that there may be differing risk if engaging in multiple
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forms of WRSM simultaneously or that different forms of WRSM would be associated with
differential risk when used together.

College students are particularly frequent users of technology-based WRSM(L: 4. 9) and

are at high risk for eating disorders.(1%: 11 |n a recent study of college students, 40%
reported binge eating and 30% used a compensatory behavior such as compulsive exercise,
vomiting, laxative or diuretic misuse, or diet pills in the past four weeks.(1)) Preventing and
treating these behaviors is of great public health importance given the known mental and
physical health consequences of eating disorders and eating disorder behaviors including:
decreased educational attainment(12) and classroom impairment,(13) increased likelihood
of binge drinking,(14) substance abuse,(® increased psychological distress over time,(16)
gastrointestinal problems,(1”) and other physiological problems.(18)

Given that little is known about how college students are using technology-based WRSM
and how use is related to engagement in eating disorder behaviors, the objective of this
study was to characterize how first-year college students use technology-based WRSM

and identify associations between patterns of technology-based WRSM and eating disorder
behaviors. We hypothesized that males and females would use technology-based WRSM
differently, and that different patterns of WRSM would be associated with differential eating
disorder risk. Study results can help inform eating disorder screening on college campuses
and public health messaging regarding technology-based WRSM among young adults.

Methods

Participants

Data for the current study come from a web-based survey of nutrition and weight control
behaviors among first year university students. The survey was conducted in January 2017
and included first year students, 18—22 years of age, at all three campuses of a large

state university in the midwestern United States. Invitations to complete the survey were
distributed via email to a random sample of 2,000 first year students at the main campus, and
all first year students at the other two campuses (approximately 1,600 students combined).
Eight hundred and thirteen students across the 3 campuses initiated the survey, a response
rate of approximately 23%. Participants who did not respond to at least 50% of the

questions examined in this analysis were excluded (n=158), resulting in 655 participants
with sufficient data. Body mass index (BMI) was calculated from self-reported height

and weight, and students with biologically implausible height, weight, or BMI were also
excluded from the analytic sample (n=4).(19-21) Students who identified as a gender other
than male or female were excluded from the analysis due to the inability to make valid
inferences as a result of a small sample size (n=4), resulting in a final analytic sample size of
647 students.

Measures

Weight-Related Self-Monitoring (WRSM).—Common forms of technology-based
WRSM assessed on the survey were identified by the study team through interviews with
nutrition, medical, and psychology professionals who work with adolescents and young
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adults (n=12), a focus group of male first year university students, and a focus group

of college-aged females. To then measure technology-based WRSM among participants,

the survey first asked, “In the past year, have you used any apps or other technology,

such as a Fitbit or MyFitnessPal, to monitor what you are eating, your exercise, or your
weight?” If respondents answered “yes” they were asked, “Please indicate which apps
and/or technology you used in the past year and how you used them (select all that apply)”
with response options of: “Wearable fitness tracker (e.g. Fitbit, Jawbone, Garmin),” “Online
or digital exercise log (e.g. MapMyRun, MyFitnessPal),” “Online or digital food log (e.g.
MyFitnessPal, CalorieKing),” “Weight monitoring app/technology (e.g. iLostWhat or WIFI-
connected scale),” and “An app or website for a specific diet or exercise plan (e.g. Kayla
Itsines BBG, 21 day fix, etc.).” Because self-weighing often uses digital scales, and many
individuals likely keep track of their weights within apps used primarily for other purposes,
self-weighing was also assessed with the question, “How often do you weigh yourself?”
with response options of: “Never,” “Every month or less,” “A few times per month,” “Every
week,” “A few times per week,” “Every day,” and “More than once per day.” Respondents
who reported that they weighed themselves once per week or more were categorized as
engaging in frequent self-weighing, aligning with previous research.(2-24)

Eating Disorder Behaviors.—To assess eating disorder behaviors, we used a modified
version of the assessments used by Project EAT which is an existing, frequently used
measure with high test-retest agreement.(25-27) Questions were modified based on the
aforementioned interviews with professionals and focus groups with college students to
include more modern examples of weight management behaviors. In the survey, study
participants were first asked, “How often have you done any of the following things in order
to lose weight, keep from gaining weight, or change your body composition or shape during
the past year?” The following behaviors were included: “Fasted (not eating for 24 hour or
more),” “skipped meals,” “took diet pills,” “took laxatives,” “took diuretics/water pills,”
“vomited after eating,” “excessively exercised,” and “used supplements or other products
(protein powders, pre-workout, steroids, prescription drugs, ItWorks, waist trainers, etc.).”
Response options included, “often,” “sometimes,” “rarely,” and “never”. Participants were
categorized as using each of the behaviors if they indicated that they had used the behavior
rarely or more often, as any use in the last year could be considered problematic. Use of diet
pills, laxatives, diuretics, and/or vomiting were combined to a single variable of “purging or
appetite suppressing”, which was considered positive with any use of any of the behaviors;
all other behaviors were examined separately.

Sociodemographics and BMI.—To assess age, we used the question: “What is your
age?” which had response options of 18-22. Based on distribution of the data, we
dichotomized responses to 18 versus 19-22 years old. Gender was dichotomized into male
and female and those who identified as another gender were excluded due to insufficient
sample size. Ethnic/racial structured categories were assessed by the question, “What is
your race/ethnicity? Select all that apply.” Response options included: “White,” “Hispanic
or Latino,” “Black or African American,” “American Indian or Alaska Native,” “Asian/
Pacific Islander,” “Middle Eastern/North African,” and “Other”. Any student who selected
“Hispanic or Latino” were considered Hispanic/Latinx, all others who selected “Other,”
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more than one race/ethnicity, “American Indian or Alaska Native,” or “Middle Eastern/
North American,” were included in the “Other” category of the ethnic/racial structured
categories. Highest parental education was assessed using two questions 1) “How far in
school did your mother go? (Mark the highest level),” and “How far in school did your
father go? (Mark the highest level).” These two variables were combined to a single variable
indicating the highest education level achieved by either parent, condensed to: high school or
less, some college or training, bachelor’s degree, and graduate degree. Participants reported
their height and weight, from which their BMI was calculated. Calculated BMIs were then

categorized into the standard categories: less than 18.5, 18.5-24.9, 25-29.9, and 30 or above.
(28)

Statistical Analyses

Results

All analyses were performed using SAS 9.4 (Cary, NC) and STATA 16. Gender-stratified
analyses were conducted based upon a priori hypotheses that WRSM patterns would differ
by gender.©. 29) Univariate and bivariate statistics were calculated for all methods of
WRSM and eating disorder behaviors by gender. Latent class analysis (LCA) was used

to identify gender-specific profiles of WRSM. All forms of WRSM assessed were included
independently in the LCA. Because the seed used in PROC LCAGO) has the potential to
impact the results, for each gender, one thousand randomly selected seeds were run for
two through six classes. We then used Akaike’s Information Criterion (AIC), Bayesian
Information Criteria (BIC), adjusted BIC, entropy, and interpretability to select the best
fitting models for each gender.(30)

After establishing the patterns of use, sociodemographic characteristics of participants
belonging to each of the identified patterns were examined. Chi-square, and Fisher’s
exact tests were used to test for differences in pattern membership by categorical
sociodemographic variables and ANOVA was used to examine mean BMI differed

across patterns. Results for overall tests were considered statistically significant if p<.05.
If significant, post hoc pairwise comparisons were conducted within rows to identify
differences in the sociodemographic characteristics of members of each identified pattern.
Post hoc pairwise comparisons were considered statistically significant at p<.01 to reduce
the likelihood of type 1 error.

Logistic regression models were developed to assess the relationships between identified
patterns of WRSM and eating disorder behaviors. Age, race/ethnicity, parental education and
BMI were included in models as potential confounders.(11: 31-34) The predicted probabilities
of eating disorder behaviors by identified pattern were calculated and pairwise comparisons
conducted to identify differences in the probability of eating disorder behaviors between
patterns of WRSM. Differences were determined to be statistically significant if p<.05.

Description of the Study Sample

Approximately two thirds (68.9%) of the sample identified as female (Table 1). The sample
was predominantly non-Hispanic White (66.0%), 5.0% identified as non-Hispanic Black or
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African American, 5.7% Hispanic/Latinx, 12.2% non-Hispanic Asian, and 11.1% another
race or ethnicity. Nearly fifty percent of students had a parent with a graduate degree
(49.2%), 32.8% had a parent with a bachelor’s degree, 10.6% had a parent with some
college or training, and 7.5% had parents with a high school degree or less. The average
BMI was 23.4 (standard deviation (SD) = 4.4); 5.1% had a BMI less than 18.5, 70.6% had a
BMI between 18.5-24.9, 17.0% had a BMI between 25-29.9, and 7.3% had a BMI of 30 or
above. Approximately two thirds of the sample were 18 years old (63.4%), and 36.6% were
19-22 years of age.

Females were more likely than males to use an online fitness tracker (41.8% vs 20.5%,
p<.0001) and online food journals (37.7% vs 16.0%, p<.0001) (Table 2). No differences
were observed in the proportion of participants of using an app for a specific diet/exercise
plan, using a wearable fitness tracker, self-weighing, or using a weight tracking app by
gender. Females were more likely to skip meals for weight loss than males (62.7% vs 48.5%,
p=0.0007), and males were more likely than females to excessively exercise (61.6% vs
47.6%, p=.001) and use supplements (54.5% vs 20.7%, p<.0001).

Latent Class Analysis (LCA) and Sociodemographic Characteristics by ldentified Patterns

Females.—Using fit statistics and interpretability, we found that a model identifying two
patterns of WRSM was best (Table 3). The probability of each WRSM behavior by latent
class can be found in Figure 1. Latent Class 1 was characterized by low probability of all
forms of WRSM (identified as “no WRSM) and comprised 67.0% of the sample. Latent
Class 2 was characterized by medium to high probability of all forms of WRSM (identified
as “high WRSM”) and made up 33.0% of the sample. Bivariate analyses between identified
patterns and sociodemographic characteristics can be found in Table 4. BMI differed by
class (X2=16.9, p=.0007) with those with a BMI = 30 were more likely to be in the “high
WRSM?” pattern (p<.01) compared to the “no WRSM” pattern, and the average BMI was
higher in the “high WRSM” pattern (mean=24.9, SD=5.3) compared to the “no WRSM”
pattern (mean=22.6, SD=4.1, p<.0001). There were no differences in race/ethnicity, parent
education or age by identified pattern.

Males.—A model identifying three patterns of WRSM was deemed superior based on fit
statistics and interpretability (Table 5). The probability of each form of WRSM by identified
patterns can be found in Figure 2. Latent Class 1 was characterized by low probability

of all forms of WRSM (identified as “no WRSM”) and made up 78.6% of the sample.
Latent Class 2 was characterized by high probability of using a wearable fitness tracker
and online fitness tracker, but not using an app for a specific diet/exercise plan, online

food journals, frequently weighing, or using a weight tracking app (identified as “exercise
self-monitoring”) and made up 11.9% of the sample. Latent class 3 was characterized by

a high probability of all forms of WRSM (identified as “all WRSM”) and made up 9.5%
of the sample. Participant race/ethnicity, parent education, age, and BMI category did not
differ across the identified patterns (Table 6). Average BMI was higher among participants
in the “all weight-related self-monitoring” class (mean=25.6, SD=6.3) compared to the “no
weight-related self-monitoring” class (mean=23.0, SD=3.6).
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Predicted Probabilities

Females.—Female participants in the “high WRSM” class had a higher predicted
probability of fasting, skipping meals, excessively exercising, and using supplements
compared to those in the “no weight-related self-monitoring” class (Table 5). There were
no differences in the predicted probability of purging or using appetite suppressants across
classes.

Males.—Compared to males in the “no WRSM” pattern, males who were in the

“all WRSM” pattern were more likely to report fasting, skipping meals, purging, and

using supplements but not excessively exercising (Table 6). Among those classified into

the “exercise self-monitoring” class, there was not a significant difference in predicted
probability of any disordered eating behavior compared to those in the “no WRSM?” class.
However, when compared to the “all WRSM?” class, those in the “exercise self-monitoring”
class had a statistically significant lower probability of skipping meals, but no other eating
disorder behavior. However, large effect estimates that were not statistically significant were
seen for other behaviors such as fasting (4.8% for “exercise self-monitoring” versus 29.5%
for “all WRSM” pattern) and supplement use (*53.2% for “exercise self-monitoring” versus
82.9% for “all WRSM” pattern).

Discussion

The objective of the study was to characterize the ways that first year university students

use technology-based WRSM and to examine the relationships between patterns of WRSM
use and eating disorder behaviors. Nearly half (43.2%) of females and one quarter (21.4%)
of males used multiple forms of technology-based WRSM. Among females, those who
engaged in multiple forms of of technology-based WRSM were more likely to report fasting,
skipping meals, excessive exercise, and supplement use compared to those who did not

use technology-based WRSM. Among males, the three identified patterns of WRSM were
each associated with differential probability of eating disorder behaviors with the highest
predicted probability of engaging in fasting, skipping meals, purging, and supplement use
among those who use all forms of WRSM.

Findings from the present study build upon prior studies of technology-based WRSM
among university students. Similar to prior studies that reported widespread use of apps

or devices to count calories or physical activity,® 9 we similarly found use of online food
journals (31.3%), online fitness trackers (35.4%), and wearable fitness trackers (28.2%) to
be common. Using an app specifically for weight tracking was uncommon however, (6.3%)
suggesting that self-weighing is either being conducted within apps whose main purpose

is not self-weighing but allows for tracking self-weighing (i.e. MyFitnessPal or Fitbit), or
that individuals engaging in self-weighing are not using apps to keep track of their weight.
The current study also extended prior research, identifying that technology-based WRSM
methods are often used together.®) Examining the use of these methods in combination
therefore is essential to understanding how the general population may be impacted by their
use. The highest predicted probability of eating disorder behavior use among both male
and female first year university students who engage in multiple forms of technology-based
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WRSM suggests that colleges may be able to screen for WRSM to identify students at

high risk for eating disorders. It is possible that technology-based WRSM contributes to the
onset use of eating disorder behaviors and therefore could be targeted in prevention efforts.
Alternatively, if the relationship between technology-based WRSM and eating disorder
behaviors is confounded by shared risk factors and is not causal, screening for WRSM

may still serve as an risk indicator in population based screening. Additionally, individuals
may be less reluctant to disclose WRSM compared to eating disorder behaviors; therefore,
providing resources to those who engage in WRSM instead of only those who endorse
eating disorder behaviors may allow for colleges to reach a higher proportion of students in
need of support.

Similar to prior studies, we found that WRSM patterns differed among by gender and

the present study adds to the literature on both technology-based WRSM and eating
disorder behaviors among males. Approximately 20% of males reported using multiple
forms of technology-based WRSM, though the current study may have been underpowered
to detect statistical differences in eating disorder behaviors among males by patterns of
technology-based WRSM, specifically the differences in those identified in the “exercise
self-monitoring” pattern compared to the other two classes. Given that body ideals for men
are often lean and muscular,(3-37) and reaching this ideal would often involve physical
activity, it may be hypothesized that exercise self-monitoring would be associated with
eating disorder behaviors which are strongly linked to these body ideals. Interestingly,
however, we did not see any meaningful differences irrespective of statistical significance
in the likelihood of engaging in eating disorder behaviors among males in the “exercise
self-monitoring” pattern. It is possible that the types of physical activity tracked using
exercise self-monitoring do not align with the types of exercise behaviors used by first year
university students to achieve the unrealistic body ideals. Further research examining the
associations between technology-based WRSM and eating disorder behaviors among males
is warranted.

This study has a number of strengths. First, by examining females and males separately we
were able to identify gender-specific patterns of technology-based WRSM and examine
gender-specific relationships between WRSM and eating disorder behaviors. Males in
particular are understudied with respect to eating disorders.(3®) Moreover, we assessed
technology-based WRSM methods that our formative research indicated are common among
young adults but have not been previously studied, such as apps for a specific diet/exercise
plan and weight tracking apps. Examining novel forms of WRSM allows us to gain a further
understanding of how young adults are using these tools and identify associations with

their use. We also assessed first year students from three campuses of a large midwestern
university which made the sample more diverse in socioeconomic status and race/ethnicity.
Additionally, we assessed the critical transitionary period between high school and college
which is a unique developmental period, and also has important public health implications.

However, the study is not without limitations. Single item measures were used to assess
WRSM and eating disorder behaviors. We were also unable to examine differences in
WRSM between some race/ethnicity categories due to limited sample size and individuals
in the Hispanic/Latinx category may be heterogeneous with respect to race. Further, because
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of sample size and need for stratification, we were unable to examine the relationships
between WRSM and eating disorder behaviors in gender minorities, which are a population
at high risk for using eating disorder behaviors.(1) Further, while the use of LCA allowed
us to examine patterns of WRSM and associations with eating disorder behaviors, the
methodology used may result in slight biases in classification such that individuals may be
inaccurately assigned to an identified pattern and therefore biasing associations with eating
disorder behaviors. Additionally, our response rate was 23%. Though this is similar to other
online surveys conducted among college students, it is possible that those who responded
to the survey are different than the general population of first year college students which
may ultimately skew results. Therefore, our results may not be generalizable to the general
population of first year college students.(3%41) The study was also cross-sectional, and

thus the results cannot establish causality. Therefore, it is possible that WRSM causes
engagement in eating disorder behaviors, that WRSM may be a maintenance factor of eating
disorder behaviors, or that eating disorder behavior engagement may proceed use of WRSM.
Additionally, because WRSM and eating disorder behaviors were assessed for any use in
the last year, it is possible that some individuals may have used these behaviors before

their first year at university. Future studies should assess temporality and causal impacts

of technology-based WRSM and eating disorder behaviors using longitudinal studies and
randomized controlled trials. Particular focus should be paid to understand if there are
periods before or during college in which young people are particularly vulnerable, or if
there are differences in trajectories based on how individuals are engaging with WRSM, for
example length of time, rigor, or motivation of use.

The current study provides in depth understanding of how first year university use
technology-based WRSM and whether different patterns of technology-based WRSM are
associated with eating disorder behaviors. Many first year university students, particularly
females, engage in technology-based WRSM, often using multiple methods together. Using
multiple forms of technology-based WRSM may increase eating disorder behavior among
this population, though temporality and causality cannot be established with the present
study. While additional research is needed to determine the mechanisms underlying these
relationships, universities may benefit from providing students who use multiple forms of
technology-based WRSM increased access to eating disorder prevention programming.
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Highlights
. Using technology to self-monitor is common among first year university
students
. Males and females use WRSM!? technologies differently
. WRSM is associated with increased risk of eating disorder behaviors
. Different patterns of use of WRSM were associated with unique risk profiles

IWRsSM = weight-related self-monitoring
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Figure 1.
Probability estimates of each type of weight-related self-monitoring (WRSM) for each

identified pattern of WRSM for females. Percentages represent proportion of population that
are categorized into that identified pattern.
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Figure 2.

Probability estimates of each type of weight-related self-monitoring (WRSM) for each
identified pattern of WRSM for males. Percentages represent proportion of population that
are categorized into that identified pattern.
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Table 1.

Sociodemographic characteristics of the study sample overall and by gender

Overall (n=647) Females (n=446) Males (n=201)

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Prevalence %

Race/Ethnicity

White 66.0 66.8 64.2
Black or African American 5.0 4.9 5.0
Hispanic/Latino 5.7 5.2 7.0
Asian 12.2 12.8 11.0
Other 111 10.3 12.9
Parent Education
High school or less 7.5 8.8 45
Some college or training 10.6 10.8 10.1
Bachelor’s degree 32.8 324 33.7
Graduate degree 49.2 48.1 51.8
BMI Category
<18.5 5.1 6.1 3.0
18.5-24.9 70.6 69.2 735
25-29.9 17.0 15.8 19.5
230.0 7.3 8.8 4.0
Age
18 63.4 64.8 60.2
19-22 36.6 35.2 39.8
Mean (SD)
BMI 23.3 (4.4) 23.4 (4.6) 23.3 (4.0)

BMI = body mass index; SD = Standard Deviation
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Prevalence of exposure and outcome variables overall and by gender

Table 2.

Overall Female Male p-value
Prevalence %
Weight-related self-monitoring (WRSM)
App for a Specific Diet/Exercise Plan 11.0 115 9.9 .59
Wearable Fitness Tracker 28.2 29.5 253 .30
Online Fitness Tracker 354 418 20.5 <.0001
Online Food Journal 313 37.7 16.0 <.0001
Frequently Weigh 20.4 18.9 23.9 14
Weight Tracking app 6.2 6.4 5.9 .82
Eating disorder behaviors

Fasted 15.4 16.9 12.1 12
Skipped Meals 58.3 62.7 48.5 .0007
Purging or Appetite Suppressing 115 12.4 9.6 31
Excessively Exercised 52.0 47.6 61.6 .001
Supplement Use 31.2 20.7 545  <.0001
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Women LCA Fit statistics

Number of Classes  AIC BIC aBIC Entropy
2 7344 126.74 85.49 0.73
3 73.28 155.28 91.81 0.71
4 7745 188.15 10247 0.71
5 8452 22393 116.03 0.75
6 9419 26230 13219 0.78

LCA = Latent Class Analysis; AIC = Akaike’s Information Criterion; BIC = Bayesian

Table 3.

Information Criteria; aBIC = adjusted Bayesian Information Criteria.
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Table 4.

Overall prevalence and associations between sociodemographic characteristics and weight-related self-
monitoring (WRSM) patterns among females

Demographic Overall “no WRSM”  “high WRSM”  p-value
Overall prevalence 299 (67.0) 147 (33.0)
Race/Ethnicity .78

White 298 (66.8) 199 (66.6) 99 (67.4)
Black or African 22 (4.9) 13 (4.4) 9(6.1)
American
Hispanic/Latina 23 (5.2) 14 (4.7) 9(6.1)
Asian 57 (12.8) 40 (13.4) 17 (11.6)
Other 46 (10.3) 33(11.0) 13 (8.8)
Parent Education .57
High school or less 39 (8.8) 27 (9.1) 12 (8.2)
Some college or training 48 (10.8) 34 (11.4) 14 (9.5)
Bachelor’s degree 144 (32.4) 90 (30.2) 54 (36.7)
Graduate degree 214 (48.1) 147 (49.3) 67 (45.6)
BMI Category .0007
<185 27 (6.1) 24 (8.1) 2 3(2.0)2
18.5-24.9 306 (69.2) 211 (71.5)2 95 (64.6) 2
25-29.9 70 (15.8) 43 (14.6) 2 27(18.4)2
>30.0 39 (8.8) 17 (5.8) 22 (15.0) b
Age .79
18 289 (64.8) 104 (34.8) 53 (36.1)
19-22 157 (35.2)  195(65.2) 94 (64.0)
Mean (SD)
BMI 23.4(46)  226(4.1)2 249(5.3)>  <.0001

*
Superscripts are results of pairwise comparisons of proportions across identified patterns of WRSM within a row at p<.01; the same letter present

at each prevalence indicates lack of statistical difference.

WRSM = weight-related self-monitoring; BMI = body mass index; SD = standard deviation
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Men LCA Fit statistics

Number of Classes  AIC BIC aBIC Entropy
2 80.05 12299 81.80 0.78
3 75.02 141.09 77.72 0.85
4 80.87 170.06 84.52 0.89
5 88.51 200.82 93.10 0.86
6 97.77 23321 27421 0.86

LCA = Latent Class Analysis; AIC = Akaike’s Information Criterion; BIC = Bayesian

Table 5.

Information Criteria; aBIC = adjusted Bayesian Information Criteria.
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Table 6.

Overall prevalence and associations between sociodemographic characteristics and weight-related self-
monitoring (WRSM) patterns among males

Demographic Overall “no WRSM”  “exercise self-monitoring” “all WRSM”  p-value
n (%)
Overall prevalence 158 (78.6) 24 (11.9) 19 (9.5)
Race/Ethnicity 0.56
White 129 (64.2) 103 (65.2) 16 (66.7) 10 (52.6)
Black or African 10 (5.0) 7(4.4) 1(4.2) 2(10.5)
American
Hispanic/Latino 14 (7.0) 9 (5.7) 2(8.3) 3(15.8)
Asian 22 (11.0) 19 (12.0) 1(4.2) 2(10.5)
Other 26 (12.9) 20 (12.7) 4(167) 2 (10.5)
Parent Education 0.79
High school or less 9 (4.5) 8(5.1) 0(0.0) 1(5.3)
Some college or training 20 (10.1) 14 (9.0) 3(12.5) 3(15.8)
Bachelor’s degree 67 (33.7) 53 (34.0) 7(29.2) 7 (36.8)
Graduate degree 103 (51.8) 81 (51.9) 14 (58.3) 8(42.1)
BMI Category 0.45
<185 6 (3.0) 6(3.8) 0(0.0) 0(0.0)
18.5-24.9 147 (73.5) 118 (75.2) 16 (66.7) 13 (68.4)
25-29.9 39 (19.5) 28 (17.8) 7(29.2) 4(21.1)
230.0 8 (4.0) 5(3.2) 1(4.2) 2(10.5)
Age 0.17
18 121(60.2) 94 (59.5) 18 (75.0) 9 (47.4)
19-22 80 (39.8) 64 (40.5) 6 (25.0) 10 (52.6)
Mean (SD)
BMI 233(40) 23.0(3.6)2 24.0 (3.6) b 25.6 (6.3)° 0.02

*
Superscripts are results of pairwise comparisons of proportions across identified patterns of WRSM within a row at p<.01; the same letter present
at each prevalence indicates lack of statistical difference.

WRSM = weight-related self-monitoring; BMI = body mass index; SD = standard deviation
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Table 7.

Predicted probability of eating disorder behavior by weight-related self-monitoring (WRSM) pattern among
females

Fasted Skipped Meals Purging and Appetite Suppressing  Excessive Exercise ~ Supplement Use

“no WRSM”  12.5%? 55.2%? 11.6%? 37.2%* 15.7%?
“all WRSM” 255040 78.2%" 13.4%? 67.7%P 31.5%P

*
Superscripts are results of pairwise comparisons obtained via odds ratios comparing within column probabilities at p<.05; the same letter present
at each prevalence indicates lack of statistical difference. Models adjusted for age, BMI, parent education, and race/ethnicity.
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Table 8.

Predicted probability of eating disorder behavior by weight-related self-monitoring pattern (WRSM) among
males

Fasted Skipped Meals Purging and Appetite Suppressing  Excessive Exercise ~ Supplement Use

“no WRSM” 11.2%2 46.7%° 9.59%° 58.8%? 51.2%2
“exercise self-monitoring”  4.8%2P 40.5%? — 61.4%2 53.20%2P
“all WRSM” 29.50%° 72.2%P 28.3%P 64.7%? 82.9%"

*

Superscripts are results of pairwise comparisons obtained via odds ratios comparing within column probabilities at p<.05; the same letter present
at each prevalence indicates lack of statistical difference. Models adjusted for age, BMI, parent education, and race/ethnicity.
fNo males in the “exercise self-monitoring” class engaged in purging or appetite suppressing and therefore predicted probability could not be
calculated.
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