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Abstract

This study examined the between-person associations of seven health behaviors in adults with 

obesity participating in a weight loss intervention, as well as the covariations between these 

behaviors within-individuals across the intervention. The present study included data from a 12-

month weight loss trial (N = 278). Seven health behaviors (physical activity, sedentary behavior, 

sleep duration, and consumption of fruits, vegetables, total fat and added sugar) were measured at 

baseline, 6- and 12-months. Between- and within-participants network analyses were conducted to 

examine how these behaviors were associated through the 12-month intervention and covaried 

across months. At the between-participants level, associations were found within the different diet 

behaviors and between total fat and sedentary behaviors. At the within-participants level, 

covariations were found between sedentary and diet behaviors, and within diet behaviors. Findings 

suggest that successful multiple health behaviors change interventions among adults with obesity 

will need to (1) simultaneously target sedentary and diet behaviors; and (2) prevent potential 

compensatory behaviors in the diet domain.
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Introduction

Health behavior change is a key component of weight management strategies in overweight 

and obese adults (Dombrowski et al., 2010). Improving physical activity, diet, and sleep 

behaviors reduces weight and improves overall health among adults with obesity (Jensen et 

al., 2014). However, it is unclear whether interventions should target these behaviors 

individually or together in some combinations, and if the latter, which combinations actually 

promote successful behavior change (Prochaska et al., 2010; Geller et al., 2017).

Diet and physical activity are commonly targeted simultaneously in weight loss 

interventions and are typically assumed to be independent behaviors. However, they may 

interact with one another in synergistic or antagonistic ways (Prochaska et al., 2010; Geller 

et al., 2017). Multiple health behavior change interventions explicitly seek to leverage the 

potential positive interactive effects, while minimizing the deleterious ones (Spring et al., 

2012; King et al., 2013). The multiple health behavior approach assumes that behaviors are 

inter-related and covary over time (Prochaska et al., 2010). More specifically, health 

behaviors are assumed to be inter-related in both health-enhancing (e.g., physical activity 

and vegetables consumption) and health-reducing (e.g., sedentary behavior and sugar 

consumption) ways (Boudreaux et al., 2003; de Vries et al., 2008; Lippke et al., 2012; Fleary 

& Nigg, 2019).

While associations between behaviors have been demonstrated in cross sectional studies, the 

covariance of health behaviors over time has received less attention, in particular whether 

changes in one behavior are associated with changes in other behaviors (Rosenberg et al., 

2007; Spring et al., 2012). Moreover, recent research has shown that associations of health 

behaviors observed between-individuals differs significantly from those seen within-

individuals (Conroy et al., 2015). For example, while some health behaviors have been 

consistently found to be positively correlated cross-sectionally (e.g. physical activity and 

fruit consumption; de Vries et al., 2008; Fleary & Nigg, 2019) both observational and 

interventional studies have shown different patterns of change in health behaviors over time. 

Improvements in diet have been more closely tied to reductions in sedentary behavior than 

increases in physical activity (Rosenberg et al., 2007; Spring et al., 2012).

Gaining a better understanding of how health behaviors covary between and within 

individuals could inform how health behaviors should be targeted in multiple health 

behaviors intervention among overweight and obese adults. However, to our knowledge, 

there has yet to be a study that explored and compared the associations between multiple 

health behaviors at the between- and within-individuals levels among overweight and obese 

adults participating to a weight loss intervention (Geller et al., 2017). Therefore, the primary 

objective of this study was to examine the between-person patterns of associations between 

seven self-reported health behaviors (physical activity, sleep duration, sedentary behavior, as 

well as added sugar, total fat, vegetables and fruits consumption) measured over 1 year 

among overweight and obese adults who participated in a weight loss intervention. The 

second objective was to assess how these behaviors covary within-individuals across the 

intervention. The distinction between these two-levels of analysis is crucial since results 

obtained at the between- and within-individual levels might not be equivalent (see Fisher et 
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al., 2018), as confirmed in the multiple health behavior change literature (e.g., Conroy et al., 

2015). Furthermore, if the objective is to build more effective multiple health behavior 

change interventions, the results obtained at the within-participant level should be more 

informative as they represent dynamical processes (i.e., co-variations), and thus, contrast 

with the between-participant analyses that represent average associations over time.

Unique to our study, we analyzed these behavioral associations using network analyses. 

Compared to cluster analyses and mixed-model analyses, this statistical approach offers a 

unique ability to efficiently visualize, understand, and compare the associations and 

covariations between behaviors (Costantini et al., 2019; Heino et al., 2019; Mkhitaryan et 

al., 2019). Our hypothesis was that, as in the study described above, we would see different 

patterns of associations in the between-participant and within-participant analyses.

Methods

Study design and participants

The present study analyzed data from a 12-month weight-loss intervention (CTRN: 

NCT01171586) among overweight and obese English- and Spanish-speaking adults (see 

Godino et al., 2019). Potential participants were screened via telephone for meeting the 

following inclusion criteria: 21–60 years old, overweight (BMI 27.0–39.9 kg/m2), owner of 

a cell phone capable of sending and receiving SMS, and residency in San Diego County. 

Exclusion criteria included experiencing pulmonary, cardiovascular, or musculoskeletal 

problems that would limit the ability to comply with study protocols; using medications that 

altered weight; having a history of eating disorders, weight loss surgery, substance abuse, or 

psychiatric disorders; being a smoker or recently quitting smoking; participating in another 

weight loss program; living with someone enrolled in the study; and being pregnant or 

intending to become pregnant (see for further details: Godino et al., 2019).

Participants were randomized to either a short message service (SMS)-only weight loss 

intervention, SMS plus brief monthly counseling calls from a health coach, or control, 

receiving only print-based weight loss materials. Those randomized to the SMS intervention 

received content to promote physical activity, reduce sedentary behavior, get the 

recommended hours of sleep per night, and increase consumption of fruits and vegetables, 

and reduce total fat and added sugar. The content consisted of approximately 2100 English 

or Spanish SMS that were delivered 2–4 times daily and were developed based on the 

Strategies for Weight Management (SWM) Inventory, which contains behavioral strategies 

focusing on reducing energy intake and increasing energy expenditure in overweight and 

obese adults (Kolodziejczyk et al., 2015). Programming logic for SMS was developed to 

maximize participant preferences for content and recognize progress toward mastering the 

adoption of behaviors in the SWM (for a detailed description of the algorithm, see Godino et 

al., 2019). In addition to the SMS intervention, one group of participants received two brief 

(5–10 min) counseling calls from a health coach in the first month, followed by one call in 

subsequent months. Participants randomized to the control group received standard print 

materials related to weight loss that were comparable to what one would receive from 

community centers or nonprofit governmental organizations.

Chevance et al. Page 3

J Behav Med. Author manuscript; available in PMC 2021 April 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://clinicaltrials.gov/ct2/show/NCT01171586


Based on the goals of the present analyses, for purpose of parsimony and to maximize 

statistical power, participants were pooled together and analyzed independently from their 

intervention group.

Measures and procedures

A total of seven self-reported health behaviors were analyzed. Each behavior was measured 

at three time points: baseline, 6 months and 12 months. Questions were asked to estimate 

each behavior over the past month, for a typical day or week depending on the behavior (see 

examples below for each item).

Physical activity—The physical activity score was calculated by summing moderate and 

vigorous recreational activities and commuting activities measured with the Global Physical 

Activity Questionnaire (e.g., During the past month, in a typical week, on how many day do 

you do moderate-intensity sports, fitness or recreational (leisure) activities; Bull et al., 

2009). This score was expressed in average minutes per day of moderate to vigorous 

physical activity.

Sedentary behavior—Sedentary behavior was measured with a 16-item survey 

(Rosenberg et al., 2010) assessing the mean time spent per day in activities such as watching 

tv, playing computer games, and doing paper work (e.g., during the past month, in a typical 

weekday, how much time do you spend sitting while watching television?). An average score 

of total daily sedentary behavior was calculated as follow: [(5 * sum of week-days scores) + 

(2 * sum weekend-days scores)]/7.

Sleep—Sleep quantity was computed by taking the average of self-reported sleep time 

expressed in hours per day for both week-days and weekend-days (e.g., During the past 

month, at what time do you usually go to bed in the evening?). Score was computed as 

follow: [(5 * week-days sleep duration) + (2 * weekend-days sleep duration)]/7.

Diet behaviors—Diet behaviors were estimated through a 124-item food frequency 

questionnaire (Subar et al., 2001) scored using the Diet*Calc analysis program (2005). Four 

behaviors were retained including (1) total vegetables and (2) fruits consumption reported in 

daily cup equivalents, (3) total fat, and (4) added sugar daily intake expressed in grams per 

day (e.g., Over the past month, how often did you drink tomato juice or other vegetable 

juice? Each time you drank tomato juice or other vegetable juice, how much did you usually 

drink?). To limit the occurrence of spurious positive correlations due to a “quantity effect” 

(i.e., people that eat more in general, are more likely to eat a greater variety of food), all 

these variables were centered (i.e., z-score) before running the main analyses.

Statistical analyses

Preliminary analyses were conducted to detect extreme values and outliers (i.e., based on the 

inter quartile range), and data distribution was inspected for each behavioral variable. 

Missing data were handled with imputation method (results for the network analyses were 

similar with and without imputation), and each variable was standardized.
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Networks were then computed based on partial correlations methods (Costantini et al., 

2019). In network analyses, an edge (i.e., association) between two nodes (i.e., variable 

included in the network, behaviors for the present analyses) is drawn if they correlate after 

controlling for all other variables in the network. Edges are characterized by two main 

properties: the weight and the sign of the association. Weight is graphically represented by 

the thickness of the lines connecting two variables; thick to thin lines indicate strong to weak 

associations. Signs were represented here by the color of the edges, with positive and 

negative associations represented with blue and red lines respectively (see Epskamp et al., 

2018).

In accordance with our hypotheses, and following the method proposed by Costantini et al. 

(2019), two different networks were built. First, a between-participant network was 

computed to estimate the average associations between behaviors during the intervention. 

This network tested the average pattern of associations across the entire trial between each 

behavior (i.e., first study objective). The between-participants network was created by 

averaging the scores of each participant for each behavior across the three assessments of the 

trial (i.e., baseline, 6 months, 12 months). Second, a within-participant network was 

computed to estimate the covariation hypothesis. The within-participants network was 

computed by subtracting the mean of each participant’s behavior across the three time points 

from each participant’s scores at each time. Thus, estimating a network of inter-

relationships, centered on each person’s “average” behavioral pattern over 12-months. This 

method allowed us to test if variations from the mean level for one behavior were associated 

with variations from the mean for other behaviors, hence covariation (Costantini et al., 

2019).

According to recommendations, ‘least absolute shrinkage and selection operator’ (LASSO) 

estimation, using Extended Bayesian information Criterion (EBIC), was applied to estimate 

the covariation structure in the two networks (Epskamp et al., 2018; Costantini et al., 2019). 

Further, a correction for false positive edges was applied (see, Jankova & van de Geer, 

2018). This approach is recommended to build sparse, conservative networks with lower 

sensitivity and higher specificity to weak associations, instead of denser networks’ 

estimation methods. Analyses were performed with the statistical software R (version 3.6.2), 

following the guideline provided by Costantini et al. (2019). The data and code used in the 

present study are available as supplemental materials.

Results

Descriptive statistics

Participants (N = 278, 260, and 253 at baseline, 6-month, and 12-month visits, respectively) 

were 77% male, 41% Hispanic, 44% college graduate or higher, and 22% unemployed. 

Participants were on average 41.7 (SD = 11.1) years old and had a mean BMI of 32.7 (SD = 

3.4) kg/m2. Means and standard deviations for each behavioral variable are presented in 

Table 1, with results indicating that participants, on average, met national recommendations 

for physical activity, sleep, vegetable consumption, fat consumption, and fruit consumption, 

but not added sugar consumption at baseline, 6, and 12 months.
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Between-participant network analysis

The graphical representation of the between-participants network analysis is presented in 

Fig. 1 (left part). Positive associations emerged between eating behaviors, except between 

total fat and fruit consumption, which were negatively related; and vegetables and added 

sugar consumption, which were not significantly related. Results showed one association 

between two different health behaviors. Specifically, sedentary behavior was positively 

related to total fat intake. No other inter-relationships between the seven health behaviors 

were found.

Within-participant network analysis

The graphical representation of the within-participants network analysis is presented in Fig. 

1 (right part). A pattern of positive associations between the different eating behaviors was 

observed. Significant and positive covariations were found between (1) fruits, vegetables, 

and added sugar consumption, and (2) total fat, vegetables, and added sugar consumption. 

This means, for example, that at each specific time point of the study, when participants 

reported consuming more fat than their average annual level of fat consumption throughout 

the study, they also reported higher consumption of vegetables and added sugar. Unlike the 

between-participant network, a positive and significant covariation was found between 

vegetables and added sugar consumption.

Covariations across behaviors were also observed between diet behaviors and sedentary 

behavior. A significant, and negative, covariation was found between sedentary behavior and 

fruit consumption. When participants reported more sedentary behavior than their average 

level across the study, they also reported less fruit intake. A positive covariation was found 

between sedentary behavior and added sugar, such that participants who reported more 

sedentary behavior than their average level throughout the study, also reported greater 

consumption of added sugar. No other significant covariations were found.

Discussion

This study yields new empirical insights into the associations between health behaviors 

among adults enrolled in a weight loss intervention. While these findings are generally 

aligned with the results of previous multiple health behavior research (i.e., Rosenberg et al., 

2007; Spring et al., 2012), they expand on past work by using a novel statistical approach to 

examine both within- and between-participant associations for a variety of behaviors. As 

hypothesized, different patterns of association were observed at the between- and within-

participant levels. This confirms that this analytical distinction is important when examining 

associations between health behaviors, since results obtained at the two levels differs and 

could lead to contradictory interventional perspectives.

Between-participant network

Between participants, we found a significant association between fat consumption and 

sedentary behavior throughout the course of the study. This is consistent with previous 

research (Rosenberg et al., 2007), though, contrary to expectations, we found no associations 

between physical activity and other health behaviors.
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The positive associations between added sugar and total fat, as well as fruits and vegetables, 

support findings from previous studies highlighting associations between health-enhancing 

and health-reducing diet behaviors (de Vries et al., 2008). We also found that more time 

spent engaged in sedentary behavior was associated with consuming more fat throughout the 

study. This pattern of association is consistent with the result of a systematic review 

indicating that a higher level of sedentary behavior is related to a less healthy diet (Hobbs et 

al., 2015).

Of interest to those developing multiple health behavior change interventions, fruit 

consumption was positively correlated with added sugar intake, and vegetable consumption 

was positively correlated with total fat intake. This could be due to participants choosing to 

consume fruits and vegetables in foods that also contain high amounts of sugar or fat, such 

as sugar sweetened fruit yogurt or salads with high fat dressing. This may highlight a need 

for more education in multiple health behavior change intervention on healthy ways to 

consume fruits and vegetables that do not simultaneously increase sugar and fat 

consumption. Measuring diet behaviors is complex, and the results from this study could 

also be re-explored using other diet indicators, such as food diversity (Drescher et al., 2007).

Physical activity across the trial was not associated with other behaviors, a finding that 

conflicts with previous studies showing positive associations between physical activity and 

fruit and vegetable consumption (de Vries et al., 2008; Fleary & Nigg, 2019). This might be 

explained by methodological reasons. Notably, physical activity scores were surprisingly 

high in the present study, especially at the first measurement point. It is possible that the 

physical activity measure was compromised due to social desirability (as well as the other 

behavioral outcomes). More research is needed to better understand the complex, and 

inherent, relationships between energy expenditure and food intake among individuals with 

obesity (see, Manore et al., 2017).

The lack of association between physical activity and sedentary behavior was expected since 

most previous research has found these behaviors to be relatively independent (Pearson et 

al., 2014; see also, Keadle et al., 2017). The absence of association between sleep and 

physical activity is discussed below in the ‘within-participant network’ section.

Within-participant network

The observed within-participant patterns of health behaviors support previous findings from 

the literature showing significant covariations between sedentary behavior and diet 

behaviors, and non-significant covariations between diet behaviors and physical activity 

(Rosenberg et al., 2007; Spring et al., 2012). Specifically, four differences with the between-

participant network were found that might be fruitfully explored in future studies of 

interventions targeting multiple health behavior change in the weight loss context.

Change in sedentary behavior were associated with changes in added sugar and fruits intake, 

while at the between-participant level sedentary behavior was only associated with fat 

consumption. This is consistent with previous research showing that sedentary behaviors 

covary with poor dietary behaviors (Rosenberg et al., 2007; Spring et al., 2012). Thus, 

results from the within-participant network, in accordance with those from previous studies 
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(i.e., Rosenberg et al., 2007; Spring et al., 2012), point to addressing sedentary behaviors 

simultaneously with diet behaviors. Future studies could explore the utility of interventions 

designed to (1) take advantage of the health-enhancing covariations and (2) prevent health-

reducing covariations between these behaviors, respectively. Further research could examine 

how specific sedentary behaviors, such as screen time might trigger specific unhealthy 

snacks consumption (Hobbs et al., 2015); or, how sedentary breaks during specific stressful 

moments could prevent the consumption of unhealthy food (Healy et al., 2008).

The positive covariation between vegetables and added sugar consumption could be due to a 

“compensatory behavior”, such as eating dessert to reward oneself for eating more 

vegetables (Geller et al., 2017). Recently, an ecological-momentary assessment (EMA) 

study found strong co-occurrence between both healthy and unhealthy diet behaviors at the 

daily level (i.e., eating more vegetables to compensate a previous unhealthy meal; Dohle & 

Hofmann, 2018). Assuming that these compensatory behaviors persist over a longer time 

scale (i.e., 6-months), it is possible that participants partially compensated for a greater 

consumption of sugar by increasing vegetable’s intake over the study, and vice versa. These 

results suggest the need to further understand compensatory behaviors, especially in the diet 

domain, and how they can be addressed in multiple health behavior change interventions 

(Amrein et al., 2017; Radtke & Scholz, 2016).

Like in the between-participant network, change in physical activity was not significantly 

related to changes in sleep behavior. While the results from the literature are mixed 

concerning this association (Dolezal et al., 2017), this could be explained by both our 

measure of sleep behavior, representing quantity of sleep instead a quality indicators (Pilcher 

et al., 1997), and the inability of the 6-month and yearly time-scale used in the present study 

to capture associations that are better measured using daily-, weekly-, or monthly-level 

assessments (Irish et al., 2014). In fact, past research suggests that associations between 

physical activity and sleep are likely to be stronger at micro-temporal scales (i.e., daily or 

weekly; Irish et al., 2014) comparing to longer time scales, as the ones used in this study.

Overall, differences were found between the two networks. This confirms that different 

patterns of results could be expected when considering change over time (Conroy et al., 

2015; Scholz, 2019), and demonstrate how associations observed in cross-sectional studies 

are not sufficient to inform the design of multiple health behavior change interventions.

Study strengths, limitations and perspectives

The strengths of this study include the simultaneous observation and analysis of seven health 

behaviors measured at three time points over 1 year among a diverse group of overweight 

and obese adults enrolled in a weight loss intervention; thus, providing unique information 

about this specific population and context. Further, this study utilized network analyses, 

which is a relatively innovative method in behavioral science to test and visualize complex 

patterns of associations (i.e., 49 edges/associations tested here) in an intelligible and 

parsimonious way (see Heino et al., 2019).

This study has several limitations. Network analyses require a relatively high number of 

participants. For the purpose of parsimony and to save statistical power, we did not split our 
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sample in different groups according to potentially important covariates such as sex, age, or 

socio-economic status which could influence the associations between behaviors. Future 

research should examine if networks’ shapes differ base on these characteristics. Networks 

could also be specified for intervention and control groups separately, to explore potential 

differences in networks’ shape depending on a treatment allocation (Costantini et al., 2019). 

We computed distinct networks for each group of the present study as ancillary analyses 

(i.e., SMS and phone calls, SMS only and control group). If the shape of these group-based 

networks were mainly similar to the ones reported above in the main analyses, some 

differences were observed. For example, a positive covariation was found between physical 

activity and vegetable consumption for the SMS-only group at the within-participant level. 

Future interventional studies might use network analyses to compare the effects of an 

intervention on several outcomes (see, Heino et al., 2019; Mkhitaryan et al., 2019). Another 

limitation, specific to the within-participant network, concerns the relatively low number of 

observations per subject in this study (3 times), as well as the time between measures (every 

6 months). Additionally, all variables were assessed by self-report, and may have been 

subject to bias. Relatedly, levels of physical activity were markedly high at baseline, and 

thus there was little room for improvement across the study. Regarding the measures of diet 

behaviors, is it possible that some of the positive associations observed were due to a 

‘quantity effect’ (i.e., people that eat more in general, are more likely to eat a greater variety 

of food). To prevent this issue, we centered all the diet variables before running the analyses. 

Nonetheless, future work might choose to compute a ratio score considering each 

participant’s total amount of food consumed, or use other qualitative (i.e., instead of 

quantitative) diet measures. Lastly, this was a single-site study in which the entire sample 

resided in San Diego County and were primarily (77%) female, which may limit the 

generalizability of the findings.

Future research could apply methods like EMA, as it might allow for a more in depth test of 

the covariations and sequentially between health behaviors at different time scales (Conroy 

et al., 2017; Dunton, 2018). Notably, this would allow for assessment of how different 

measurement intervals (i.e., days, weeks, months, years) shape multiple health behaviors 

associations over time (Scholz, 2019). Similarly, to better understand potential heterogeneity 

in these relationships, network analyses could be applied to model covariations between 

behaviors for each individual separately, thus adopting an idiographic approach (i.e., 

building a network model for each participant separately; see, Epskamp et al., 2018). This 

would allow for testing the idiosyncratic nature of multiple health behavior change and 

potentially lead to the development of highly individualized interventions using, for 

example, methods from control system engineering (Hekler et al., 2018). Finally, it is 

important to note that the present study differs slightly from other studies testing the role of 

an intervention targeting one behavior on other behaviors (i.e., targeting physical activity 

and assessing the effect of the intervention on fruit consumption). If some of this kind of 

interventional study explicitly test covariations between behaviors (see Spring et al., 2012), 

others only report the effect of the intervention targeting one specific behavior on other 

behaviors, without testing covariations between behaviors (e.g., Spring et al., 2018). To 

better understand health behaviors covariations in different contexts, we recommend the 
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need to further systematically test this phenomenon in future multiple health behavior 

change interventions (via networks analyses or other methods).

Conclusion

A recent synthesis from the literature about multiple health behavior change has argued for 

more research about the associations between health behaviors to informed the design of 

future interventions (Geller et al., 2017). The findings from our study, and especially those 

related to the covariations between behaviors, if confirmed in other studies that address 

multiple health behaviors in similar weight loss context, suggest that successful multiple 

behavior change interventions will need to (1) simultaneously target sedentary and diet 

behaviors; and (2) address potential compensatory behaviors in the diet domain.
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Fig. 1. 
Network analyses. Note: PA = physical activity; SB = sedentary behavior; VG = 

vegetables; .b = between-participant; .w = within-participant; Blue edges/lines = positive 

correlation; Red edges/lines = negative correlation
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