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Abstract 1 

Background: It has been posited that fat and lean tissues have a direct role in driving energy 2 

intake after significant weight loss, but this has yet to be  demonstrated in adolescents with 3 

obesity.  4 

Objectives: To elucidate the changes in direct and indirect associations between body 5 

composition, resting metabolic rate (RMR), and energy intake (EI) prior to and following 6 

weight loss after a multidisciplinary intervention in adolescents with obesity. 7 

Methods: This was a secondary analysis of 26 adolescents with obesity (Age = 14.1 ± 1.6 8 

years; BMI-z = 2.8 ± 0.8; 14 female) enrolled in a 9-month inpatient multidisciplinary 9 

intervention and followed 4 months thereafter. Body composition, RMR, substrate 10 

metabolism, and EI over 24 hours were measured on three separate occasions in a metabolic 11 

chamber at baseline (T0), post intervention (T1), and after follow-up (T2).  12 

Results: EI was significantly lower at both T1 (p < .001)  and T2 (p < .001) after weight loss. 13 

Reductions in BMI-z (p = .014) and protein metabolism (p < .001) with weight loss from T0 14 

to T1 were negatively and positively associated with decreases in EI, respectively. 15 

Longitudinal mediation analyses revealed no direct effect of RMR change (β = .019, 95% 16 

HPDI (Highest Posterior Density Interval): -.282, .344) or indirect effect of fat-free mass 17 

(FFM) change (β = -.001, 95% HPDI: -.264, .247) on EI change post intervention. However, 18 

the direct effect of fat mass (FM) change (β = .408, 95% HPDI: .128, .716) on EI change was 19 

significant independent of changes in RMR and FFM. 20 

Conclusions: Whilst direct effects of FM and FFM independent of RMR were evident 21 

following weight loss, only changes in FM were associated with changes in EI. Improvement 22 

in whole-body protein turnover with weight loss could be relevant to regulation of dietary 23 

intake. 24 

 25 
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1. Introduction 26 

 Given the alarming rates of obesity seen today across the population, it remains of 27 

substantial interest to better understand behavioural and physiological determinants of food 28 

intake and appetite regulation [1-3]. Whilst it has been generally posited that obesity arises 29 

from a chronic imbalance of energy intake (EI) and expenditure (EE), resistance to weight 30 

loss has been regularly observed through compensatory metabolic downregulation, reduction 31 

in involuntary physical activity, and adaptive thermogenesis in response to energy restriction 32 

and weight loss [4-7]. Compensatory responses to chronic energy deficits have also 33 

manifested through upregulation of appetite, potentially as a mechanism to preserve stored 34 

energy (i.e., fat mass [FM]), and the volume and functional integrity of fat-free mass (FFM) 35 

in adults and youth [8-11]. 36 

Cross-sectional evidence has indicated that there is a weak negative association 37 

between FM with free-living or laboratory-measured EI, although findings are inconsistent 38 

and may depend on weight status [12-14]. By contrast, FFM appears to reliably exert a 39 

stimulating effect on hunger and EI in adults and children in controlled and free-livings 40 

settings, albeit these associations become weaker in those with higher BMI [15-19]. The 41 

tissue-specific differences in their influence on EI may be related to their relative metabolic 42 

function (i.e., energy production versus storage). Components of FFM, such as skeletal 43 

muscle and individual organs, have a far greater abundance of mitochondria than FM, thus 44 

contributing more significantly to basal metabolism and thermogenesis [20,21]. Therefore, 45 

the influence of FFM on EI seems to fundamentally occur through its contribution to basal 46 

metabolic rate (i.e., energy demand). In contrast, FM may influence EI directly through 47 

hormonal pathways [22-25] during periods of weight stability designed to maintain stored 48 

energy (e.g., via the action of leptin). Although this has been studied almost exclusively in 49 
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adults, recent studies in children with obesity have observed similar relationships between 50 

body composition and both observed and self-reported EI [19,26]. 51 

 The majority of existing evidence is primarily derived from cross-sectional analyses 52 

in which weight, body composition, and metabolic rate are static values. However, it is 53 

reasonable to assume that changes in appetite regulation may occur in response to changes in 54 

body composition after protracted energy deficits or surpluses commensurate with weight 55 

loss or gain, respectively. In their review, Stubbs and colleagues [27] posited that significant 56 

loss of lean mass may incite a shift from ‘passive’ to ‘active’ tissue-specific influences on EI 57 

to facilitate preservation of lean tissue. This may be related to the increases in hunger that 58 

typically occur after significant weight loss [28,29], which may facilitate an ‘overshooting’ of 59 

the initial mass lost after food availability is restored (whether through volitional dieting or 60 

states of starvation) [8]. Conversely, it is reasonable to assume that, as lean tissue and 61 

metabolic rate are recovered, this ‘active’ excitement of appetite may become attenuated. 62 

Although a considerable lag may occur in some individuals with obesity due to protracted 63 

diminutions in RMR after weight loss [30], these assumptions have yet to be empirically 64 

tested in all energetic states within the same sample, especially with data derived from 65 

precise measurement techniques (i.e., metabolic wards).  66 

It may also be important to investigate the links between EI and other key aspects of 67 

metabolism, such as substrate oxidation rates, after weight loss. For example, a recent study 68 

by Isacco and colleagues [31] found that the percentage of protein oxidised for energy (as 69 

measured by urinary nitrogen excretion) changed during weight loss in adolescents with 70 

obesity, putatively to spare lean tissue during the period of energy restriction. Whilst their 71 

analysis did not evaluate how these metabolic changes alter EI in the laboratory, previous 72 

work has demonstrated that the levels of CHO and fat oxidation may be determinants of EI in 73 
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cross-sectional analyses [22, 32]. Yet, it remains to be fully explored how these relationships 74 

are affected by significant changes weight. 75 

Building upon cross-sectional analyses conducted with a cohort of adolescents with 76 

obesity at baseline [26], the objectives of this complementary work were threefold: (i) to 77 

investigate the extent to which EI, body composition (i.e., FM and FFM), RMR, and 78 

substrate (i.e., fat, CHO, and protein) oxidation change with weight loss and regain 79 

experienced following a multidisciplinary intervention in adolescents with obesity; (ii) using 80 

cross-sectional analyses, to test the model supported by Dulloo and colleagues [8] that fat and 81 

lean tissues have direct effects on EI independent of RMR after significant weight loss; and 82 

(iii) by extension, to demonstrate the primary predictor(s) of EI change pre- and post-83 

intervention using longitudinal path analyses.  84 

2. Methods 85 

2.1. Participants and Study Design 86 

 The present sample consisted of 26 adolescents with severe obesity (Mage = 14.1 87 

years, SDage = 1.5; 14 female) that were enrolled from an inpatient paediatric obesity centre. 88 

To be eligible for this study, prospective participants must have been: (i) aged between 12 and 89 

16 years; (ii) clinically diagnosed with obesity according to national criteria; (iii) between 90 

Tanner stages 2 and 4; (iv) without any contraindications to exercise; (v) without a recent 91 

history of significant weight loss or fluctuations over the last 12 months; (vi) without a 92 

clinical diagnosis of diabetes, metabolic syndrome, or other endocrine disorders; and (vii) not 93 

taking regular prescription or recreational drugs known to affect metabolism, food intake, and 94 

appetite. The entire study was conducted in accordance with the Declaration of Helsinki, and 95 

written informed consent was obtained from all adolescents and their legal guardians prior to 96 

commencement. The study protocol was approved by the University Ethical Committee on 97 

Human Research for Medical Sciences (AU#361). 98 
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The present study is a secondary analysis of the MUST (Multidisciplinary Strategy for 99 

the Treatment of Obesity) study encompassing 2 distinct periods: From baseline (T0) to 100 

completion of a 9-month multidisciplinary intervention (T1), and from completion to a 4-101 

month follow-up (T2). Briefly, the multidisciplinary weight loss programme was a structured 102 

and personalised lifestyle intervention consisting of a structured dietary physical activity 103 

regime accompanied by psychological support. Physical activity sessions comprised of both 104 

aerobic and resistance training, and EI was adjusted to approximately 80-85% of total EE 105 

(TEE) based on baseline assessment of RMR. Although no longer supervised, adolescents 106 

were encouraged to maintain daily dietary and exercise-related recommendations during the 107 

follow-up1. A detailed description of the protocol can be found in previous publications [33-108 

35]. A participant flow chart can be found in the supplementary materials (Supplementary 109 

Figure 1). 110 

2.2. Measures and Materials 111 

2.2.1. Anthropometrics and Body Composition 112 

 Body weight and height were assessed using a calibrated manual weighing scale 113 

(SECA 709, Germany) to the nearest 0.1kg and a wall-mounted stadiometer to the nearest 114 

0.1cm, respectively, when barefoot and in light clothing. Body mass index (BMI) was 115 

calculated as weight divided by height in metres squared. BMI-z score and BMI-percentile 116 

were calculated using the Center for Disease Control and Prevention age- and sex-specific 117 

extended growth charts based on updated 2022 distributions [36]. Body composition as 118 

absolute (kg) and relative levels (%) of FM and FFM were measured using dual energy X-ray 119 

absorptiometry (QDR 4500 A scanner, Hologic, Waltham, MA, USA).  120 

 121 

                                                       
1 Although no direct behavioural support over this period was provided, the adolescents were informed at T1 
that they would return for a follow-up assessment 4 months later. 
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2.2.2. Resting Metabolic Rate and Total Energy Expenditure 122 

 RMR was assessed for 45 minutes continuously in a semi-supine position after an 123 

overnight fast using open circuit, indirect computerised calorimetry with a rigid, transparent, 124 

and ventilated canopy (Deltatrac calorimeter; InstrumentariumOy, Datex Division, Helsinki, 125 

Finland). Careful calibration of gas analysers was undertaken prior to each test with a 126 

reference gas mixture. Levels of oxygen consumption and carbon dioxide production were 127 

adjusted for temperature, barometric pressure, and humidity.  128 

 TEE was measured at each timepoint using an open-circuit indirect calorimetric 129 

chamber over 36 hours in total, which comprised of 12 hours of habituation and 24 hours of 130 

effective measurement. During this period, participants were asked to follow their normal 131 

daily routine, including sleeping, washing, sedentary activities (e.g., watching TV), meal 132 

consumption, and light physical activity such as walking, and has been previously detailed 133 

elsewhere [33-35]. The exchange of O2/CO2 was calculated from the differences in gas 134 

concentrations entering and leaving the chamber, atmospheric pressure, air temperature, and 135 

hydrometry after adjustment for the response time of the gas analysers, and variations in 136 

O2/CO2 volume within the chamber according to the RICORS 1.0 guidelines [37]. Computed 137 

values O2/CO2 exchange were entered into Brouwer’s [38] equation to calculate to TEE. 138 

2.2.3. Substrate Oxidation and Urinary Nitrogen Excretion 139 

 Gas exchange volumes during each 24-hour effective measurement period (except 140 

during meals) were also used to calculate respiratory quotient as the ratio of VCO2/VO2, and 141 

fat and carbohydrate (CHO) oxidation using Ferrannini’s [39] equations. Over the same 142 

period, urine was collected from participants to determine urinary nitrogen excretion as a 143 

measure of amino acid oxidation. The P ratio calculated as the level of urinary nitrogen loss 144 

(g) multiplied by a conversion factor for nitrogen (6.25) and an energy equivalent for protein 145 

(4g), divided by 24-hour TEE. 146 
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2.2.4. Energy and Macronutrient Intake 147 

 Food was offered to participants ad libitum during the 24-hour effective stay in the 148 

whole-body metabolic chamber in order to reproduce their natural food environment in terms 149 

of availability and regular eating habits [33-35]. Quantities of food offered and not eaten 150 

were weighed to the nearest 0.1g using an accurate balance. GENI software version 4.0 151 

(MICRO 6, Villers les Nancy, France) was used to determine total energy and macronutrient 152 

intake from food consumed based on the manufacturers or producers nutritional information 153 

[40]. 154 

2.3. Statistical Analyses 155 

 Changes over time were computed using multilevel modelling with subject-specific 156 

random intercepts to adjust for statistical dependencies caused by repeated measurements. 157 

Restricted Maximum Likelihood was used for model estimation to produce more conservative 158 

estimates of fixed effects due to the small sample size [41]. Due to the detection of 159 

heterogenous variances in EI between measurements, a heterogenous residual variance 160 

structure was modelled to avoid heteroskedasticity. The standardised residuals of all models 161 

were checked for normality using the Shapiro-Wilk test and visual inspection of QQ-plots or 162 

histograms of their distributions2. Multicollinearity within the path analysis models was 163 

inspected by calculating variance inflation factors, which were all below 8 [42]. Bivariate 164 

relationships of percent changes from baseline were quantified using partial Pearson’s or 165 

Spearman’s rho correlation coefficients adjusted for sex and age according to statistical 166 

distribution. The false discovery rate was adjusted for multiple comparisons using the method 167 

described by Benjamini and Hochberg [43] within each prespecified anthropometric or 168 

metabolic parameter of interest.  169 

                                                       
2 As recommended by many statisticians [e.g., 83], given the number of outcomes, we exhort readers to focus on the 

statistical and clinical magnitude of differences conveyed in the models in addition to the significance testing. 
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 9 

 To test for the indirect and direct effects of body composition and RMR on EI over 170 

time, a 1-1-1 longitudinal multilevel mediation analysis3 using Bayesian multilevel modelling 171 

with weakly informative priors was employed as described most recently by Falk and 172 

colleagues [44], based on the method originally proposed by Bauer et al. [45]. Bayesian 173 

approaches may be less prone to type 1 error rate inflation than bootstrapping with similar 174 

statistical power when sample size is small [46]. Two distinct analyses were undertaken with 175 

grand-mean centred data (LMM1), which quantifies sample average (between-subjects) 176 

effects independent of changes, and person-mean centred data (LMM2), quantifying the 177 

within subject changes over time specifically, with random effects denoting the between-178 

subject heterogeneity4. The indirect effects were calculated using the product of coefficients 179 

method with the addition of the covariance between random effects [44]. The 95% credible 180 

intervals for indirect and direct effects were calculated using highest posterior density 181 

intervals (HPDI), which may be less biased with skewed posterior distributions [47]. These 182 

effects were considered statistically significant if they did not cross 0. Both models was 183 

adjusted for time, sex, and age. Due to outlying residuals and inconstant variance between 184 

measurements in EI, a Student’s t-distribution was specified for model residuals to facilitate 185 

more robust estimates of parameter uncertainty [48].  186 

Continuous data are presented as means and standard deviations unless stated 187 

otherwise. Given the limited sample size and required number of parameters to run the 188 

relevant analyses, attention was paid to the direction and magnitude of coefficients as well as 189 

inferential statistics. All analyses were conducted in the R environment [49]. 190 

                                                       
3 A detailed description of the timepoint-specific mediation analysis methods can be found in the supplementary materials 

(S1).  
4 Results from LMM1 would then be interpreted as indicating the average effect of a predictor on the outcome 

independent of time, or changes due to weight loss. Alternatively, the LMM2 estimates the association between the 
changes in the predictor and outcome variables, having isolated the within-subject variability over time at level 2. We did 
not rely on a purely longitudinal model (i.e., LMM2) due to the limited time series of 3 assessments and to facilitate 
comparisons with previous between-subjects models conducted with cross-sectional data. 
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3. Results  191 

3.1. Body Composition, Energy Expenditure, and Energy Intake with Weight Variation 192 

 Mean values at each time point and changes in body composition, energy expenditure, 193 

and EI parameters at T0, T1, and T2 are detailed in Table 1. Changes in weight and body 194 

composition have already been discussed in detail elsewhere [31,34,35]. Commensurate with 195 

reductions in weight and FFM, significant decreases of 190kcal (95% CI: -312, -68) in RMR 196 

and 677kcal (95% CI: -891, -462) in TEE were observed on average (all p < .001) between 197 

T0 and T1. Whilst there were modest increases in metabolic rate (p = .404) and TEE (p = 198 

.947) from T1 to T2, these changes were non-significant. However, it is worth noting that the 199 

difference in RMR from baseline was no longer statistically significant at T2 (p = .143).  200 

Despite this reduction in metabolic rate, fat and CHO oxidation at rest significantly 201 

increased by 16.6 mg/min (95% CI: 0.2, 32.9; p = .046) and decreased by 138 mg/min (95% 202 

CI: -178, -97; p < .001), respectively, over the course of the intervention (T0 to T1), 203 

indicative of improved metabolic flexibility. This was reflected in the significantly lower 204 

respiratory quotient values post-intervention (p < .001). However, the changes in fat 205 

oxidation (p = .523) and RQ (p = .962) were not maintained by T2 relative to baseline. The 206 

level of nitrogen excretion decreased during the intervention (T0 to T1; p < .001), and 207 

remained significantly different from baseline by the end of follow-up (T0 to T2; p = .047). 208 

Adolescents’ EI was lower on average by 1558kcal (95% CI: -2368, -748) and 1667kcal 209 

(95% CI: -2467, -865) at T1 and T2, respectively, relative to baseline (all p < .001), with the 210 

difference between them representing a modest but non-significant decrease of 103kcal (95% 211 

CI: -358, 141; p = .605). Changes in macronutrient intake are tabulated in Supplementary 212 

Table 1.  213 

                                                         <Insert Table 1> 214 

 215 
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3.2. Relationships between changes in body composition, food intake, and metabolism  216 

Scatter plots with the fitted linear regressions illustrating the correlations between 217 

percent changes in body composition, basal metabolism, and 24-hour EI from T0 to T1 and 218 

T1 to T2 are depicted in Figure 1 (panels A-C and D-F, respectively). Changes in weight 219 

(r(24) = -.435, p = .079), FM (kg; r(24) = -.513, p = .072), and BMI-z (r(24) = -.593, p = 220 

.014) were negatively and marginally associated with EI, but only reached statistical 221 

significance for BMI-z, suggesting that those who lost the most body mass during the 222 

intervention by percentage had reduced their observed EI to a lesser extent. Percent changes 223 

in FFM during the intervention were not correlated with changes in EI from baseline (r(24) = 224 

-.167, p = .509). 225 

Percent changes in nitrogen excretion (r(24) = .748, p < .001) and P-ratio (r(23) = 226 

.710, p = .001) were positively associated with changes in EI during the ad libitum test meals 227 

from baseline (T0) to post-intervention (T1). These associations indicate that participants 228 

who experienced a greater decrease in nitrogen excretion and proportion of energy 229 

expenditure derived from protein also experienced a greater reduction in 24-hr EI. Whilst 230 

there was also a positive correlation between percent changes in EI and CHO oxidation (r(24) 231 

= .381, p = .221), this relationship was non-significant. Changes in total and resting energy 232 

expenditure were positively, but not significantly, related to EI changes (all p > .08). No 233 

significant relationships with changes in EI were observed for any variables from T1 to T2. 234 

Correlation heatmaps for values at T1 and T2 and percent changes between timepoints are 235 

depicted in Supplementary Figures 2 and 3, respectively. 236 

<Insert Figure 1> 237 

3.3. Mediation Analyses 238 

3.3.1. Cross-sectional Mediation Models at T0, T1, and T2 239 
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 The path diagrams illustrating the proposed mediation model at T0, T1 and T2 with 240 

standardised parameter estimates are depicted in Supplementary Figures 4 and 55. In the 241 

baseline exogenous model, only FFM was significantly associated with RMR (β = .877, SE = 242 

.055, p < .001). In the endogenous model, there was only a significant direct effect of RMR 243 

on EI (β = .667, SE = .282, p = .018). Therefore, the baseline path analysis indicated a 244 

complete mediation of the effect of FFM on 24-hr EI by RMR (96%), but only a partial 245 

mediation of the effect of FM (67%). 246 

Similar to baseline, FFM (β = .806, SE = .073, p < .001), but not FM (β = .016, SE = 247 

.118, p = .890), was independently associated with RMR at T1 and T2 (β = .796, SE = .088, p 248 

< .001 and β = -.049, SE = .091, p = .592 for FFM and FM, respectively). By contrast, the 249 

direct effects of RMR on EI at T1 (β = .216, SE = .219, p = .322) and T2 (β = -.068, SE = 250 

.534, p = .899) were weaker in magnitude and non-significant relative to baseline. Therefore, 251 

no indirect effect of FFM via RMR was observed at T1 (β = .174, SE = .181, p = .334) or T2 252 

(β = -.054, SE = .427, p = .899). An independent, direct, and negative effect of FM on EI was 253 

detected only at T1 (β = -.481, SE = .140, p = .001). The direct effect of FFM on EI was also 254 

greater in magnitude at T1 relative to baseline and statistically significant (β = .437, SE = 255 

.193, p = .024). However, no indirect, direct, or total effects were significant at T2 (all ps > 256 

.09). 6 257 

3.3.2. Longitudinal Mediation Models 258 

Standardised parameter coefficients and random effects for LMMs are detailed in 259 

Table 2. The exogenous LMM1 indicated significant direct effects of FFM (β = .767, 95% 260 

HPDI: .571, .976) and FM (β = .204, 95% HPDI: .020, .376) on RMR independent of time. 261 

                                                       
5 The proposed mediation model at baseline was described previously by Thivel et al. [28].  
6 Whilst the proportion of the variance in RMR explained by the exogenous models were approximately similar (R2 = .80 

and R2 = .88 at T1 and T2, respectively), the proportion of variance in EI notably reduced between timepoints (R2 = .62 and 
R2= .32 at T1 and T2, respectively). 
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There was no significant change in RMR over the observation period independent of FFM 262 

and FM (β = .061, 95% HPDI: -.095, .213). In the endogenous LMM1, only the direct effect 263 

of FM was marginally significant (β = .362, 95% HPDI: -.009, .752). Therefore, the indirect 264 

effects of FFM (β = .376, 95% HPDI: -.079, .838) and FM (β = .093, 95% HPDI: -.029, .238) 265 

on EI via RMR did not reach statistical significance. However, the average total effect on EI 266 

was either significant for FFM (β = .291, 95% HPDI: .038, .539) or marginally significant for 267 

FM (β = .303, 95% HPDI: -.002, .583). Notably, the average decrease in EI over time 268 

remained statistically significant independent of changes in RMR and body composition (β = 269 

-.313, 95% HPDI: -.608, -.017).  270 

 The exogenous LMM2 indicated there was a significant effect of changes in FFM (β 271 

= .721, 95% HPDI: .444, .999), but not FM (β = .177, 95% HPDI: -.209, .557) on changes in 272 

RMR over study period. As observed in LMM1, no significant change in RMR independent 273 

of FFM and FM was observed within-subjects (β = .000, 95% HPDI: -.240, .236). Among the 274 

relevant predictors, there was only a significant direct effect of changes in FM on changes in 275 

EI (β = .408, 95% HPDI: .128, .716). Importantly, analyses revealed that there was 276 

substantial heterogeneity in the direct effect of changes in RMR (βSD = .559, 95% HPDI: .31, 277 

.83), FM (βSD = .704, 95% HPDI: .47, .96), and FFM (βSD = .499, 95% HPDI: .18, .79), on 278 

changes in EI across the sample with weight loss (Supplementary Figure 6). Consequently, 279 

both indirect effects of changes in FFM (β = -.001, 95% HPDI: -.264, .247) and FM (β = 280 

.069, 95% HPDI: -.113, .282) via changes in RMR were not statistically significant. Whilst 281 

there was also an independent reduction in EI detected within-subjects, this did not reach 282 

statistical significance in LMM2 (β = -.222, 95% HPDI: -.506, .053). 283 

<Insert Table 2> 284 

 285 

 286 
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4. Discussion 287 

 These cross-sectional and longitudinal analyses characterise the direct and indirect 288 

associations between body composition, RMR, substrate use, and EI with weight loss and 289 

regain in adolescents with obesity following a multidisciplinary weight loss intervention. Our 290 

findings suggest that, although most metabolic parameters changed commensurate with loss 291 

and subsequent regain of body mass at T1 and T2, respectively, no concomitant rise in EI was 292 

observed over the follow-up period after decreasing significantly post-intervention. 293 

Furthermore, while a direct effect of RMR on EI was observed at baseline (T0), this was not 294 

maintained after weight loss. In contrast, there may be transient direct pathways by which 295 

FM and FFM influence EI independent of their contribution to RMR immediately following 296 

significant weight loss as Dulloo and colleagues [8] have posited. Substantial heterogeneity 297 

between participants was present over the observation period, particularly in the relationship 298 

between changes in EE and EI, which may be related to the higher variation observed in these 299 

variables at baseline. 300 

 On average, participants lost more of their weight from FM than FFM by 301 

proportion (~21% FFM) over the 9-month intervention, which is consistent with results from 302 

short-term interventions involving individuals with obesity or severe obesity [50,51]. 303 

Significant decreases in RMR and TEE were also observed and persisted to T2 [7,33,52,53]. 304 

However, appreciable changes in all metrics related to substrate metabolism were observed 305 

between T1 and T2. Counter to our expectations, 24-hr EI measured during stays within the 306 

metabolic chamber was essentially unchanged over this same period, and even decreased 307 

slightly (~100kcal). Indeed, EI may have been expected to rise between T1 and T2 to some 308 

extent given the significant perturbation in energy balance experienced from appreciable 309 

weight loss (~20%) and a subsequent physiological initiation of ‘active’ mass recovery as 310 

demonstrated by the direct effect of FFM on EI at T1 [8,27,54]. Such a hypothesis would be 311 

Jo
urn

al 
Pre-

pro
of



 15 

consistent with the framework proposed by Dulloo [54] and several empirical studies, mainly 312 

in adults, that have observed greater EI, along with concomitant changes in appetite profile, 313 

following significant weight loss (i.e., > 10%) [11,55,56]. Importantly, episodic food intake 314 

can be simultaneously influenced by processes both physiological and cognitive in nature. A 315 

review by Hintze and colleagues [56], with a focus on adult women, found that eating 316 

behaviour traits, such as cognitive restriction and disinhibition, may be modified with weight 317 

loss in a manner that favours greater cognitive control with exposure to environmental food 318 

cues. This change in eating behaviour traits after weight loss has also been observed in 319 

previous trials of adolescents with obesity in which they were assessed [57,58]. As mean 320 

change in EI remained significant independent of changes in body composition and RMR in 321 

the present study, the involvement of regulatory mechanisms extraneous to metabolic or 322 

physiological changes may be inferred7. Some insight may gleaned from a previous cross-323 

sectional analysis in healthy weight adults where 24-hr RMR and eating behaviour traits were 324 

correlated such that higher RMR was associated with higher disinhibition and susceptibility 325 

to hunger cues, but lower cognitive restraint [59]8.  Since both TEE and EI remained 326 

depressed at follow-up relative to baseline in this study, contrary to our expectations, this 327 

may imply that cognitive processes may have explained more variance in EI in the present 328 

sample, at least temporarily and in the context of modest FFM loss. However, future work 329 

including  measures of appetite sensations and eating behaviour traits are necessary to 330 

appropriately test these conjectures. 331 

                                                       
7 In the cross-sectional mediation models, the coefficient of variation ranged from R2 = .32 - .61, suggesting a significant 

portion of variance in EI unaccounted for by body composition, demographics, and RMR at all 3 timepoints.  Interestingly, 
R2  at T1 was appreciably higher than at T0 or T2, further supporting the hypothesis that the associations between body 
composition, metabolic rate, other latent predictors, and EI may be altered with significant weight loss. Conversely, the R2 
values for the exogenous model across timepoints remained consistent (R2 = .80 - .88), metabolic rate being an 
autonomous and physiological function rather than a behaviour. 
8 This would then support the passive appetite regulation by metabolic rate, at least in the context where weight loss has 

not occurred. 
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In addition to notable improvements in resting fatty acid oxidation, nitrogen excretion 332 

significantly decreased with weight loss, indicative of lower whole body protein turnover and 333 

an overall restoration of functional amino acid metabolism [60]. This is a more likely cause 334 

for lower nitrogen excretion, given that the absolute amount of protein consumed during the 335 

24-hr period at T1 was lower than baseline (T0), and the protein oxidation adjusted for 336 

metabolic rate (i.e., P-ratio) was lower, albeit not significantly9. Given the strong effect size 337 

(r = .75), these results suggest at least some involvement of amino acid metabolism in EI 338 

after weight loss in particular, as adolescents with greater decreases in protein turnover also 339 

reduced their EI to a greater extent. Overall, these observations may lend support to the 340 

hypotheses proposed by Millward [61], Mellinkoff [62], and more recently by Raubenheimer 341 

and Simpson [63], that EI is regulated as a function of meeting dietary requirements for 342 

essential amino acids/proteins. Indeed, it appears that the improvement in energy production 343 

from other substrates (e.g., greater fatty oxidation) occurs commensurately with a decrease in 344 

protein breakdown (for energy), which may in turn preserve amino acids for other critical 345 

physiological functions. However, this association may be context dependent, as no increase 346 

in EI was observed with concomitant shifts in substrate metabolism (adjusted for metabolic 347 

rate) back towards baseline values over the follow-up period (T1-T2)10. This could serve as 348 

another  indication that factors extraneous to physiological processes can significantly 349 

influence episodic food intake. It would be important for future longitudinal studies to extend 350 

this analysis by testing whether shifts in substrate metabolism, particularly protein, explain a 351 

significant amount of variance in EI independent of changes in body composition, metabolic 352 

rate, and cognitive processes [22].   353 

                                                       
9 It ought to be mentioned that protein intake and oxidation relative to metabolic rate was considerably higher at T2 

relative to T1, which may suggest that the greater nitrogen excretion at T2 could be attributable to the greater protein 
intake, at least in part. Indeed, it could also be argued that protein requirements may be lower as a consequence of 
significant weight loss [63]. 
10 Although, it ought to be noted that nitrogen excretion remained significantly lower than baseline at T2. 
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Arguably the most salient observation from the longitudinal analysis is the attenuation 354 

in magnitude of the average direct effect of RMR on EI after weight loss (β = .29 average vs. 355 

β = .67 at T0) coupled with the stronger direct effect of FM (β = .36 average vs. β = .14 at 356 

T0) relative to baseline. This suggests that FM loss may provide a direct orexigenic signal, 357 

independent of changes in RMR and FFM, that upregulates EI under an energy deficit in 358 

adolescents with obesity, ostensibly to replenish lost energy substrate stores [27,54]. These 359 

results appear to accord with Dulloo’s framework which posits a shift from ‘passive’ to 360 

‘active’ roles for tissues in appetite regulation after significant weight loss, as the passive 361 

appetite stimulation driven by metabolic rate ostensibly facilitates weight or metabolic 362 

homeostasis rather than recovery [12,13,15,16,22,23,54]. FM loss as the primary biological 363 

driver of compensatory intake and weight regain was originally proposed as the lipostatic 364 

theory by Kennedy [64] and subsequently supported in analyses by Dulloo and colleagues 365 

[54,65,66]. Indeed, results from our bivariate analysis supports this notion, as those who lost 366 

more FM between T0 and T1 had lower disparities in EI post-intervention (although this was 367 

only marginally significant). More recently, Turicchi and colleagues found in their meta-368 

analysis [67] and primary study [68] that, although FFM and FM loss are both implicated in 369 

appetite upregulation following weight loss, FM loss explains a higher proportion of the 370 

variance in the amount of weight regained and post-intervention appetite in adults with 371 

overweight/obesity, which seems to accord with the present findings11. However, the lack of 372 

any notable associations between changes in physiological parameters (including FM) and EI 373 

over the follow-up period (T1-T2) further points to the potential impact of non-physiological 374 

factors regulating EI, primarily at follow-up (T2).  375 

                                                       
11 The sample size was far too small to include additional parameters that may mediate or moderate the effects of tissue 

loss on EI, such as substrate metabolism. For example, Piaggi and colleagues [24] also found RQ to be an independent 
predictor of EI in an ‘energy balance’ model. This is an important area to target for future research. 
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Contrary to our findings from the longitudinal model, previous studies have generally 376 

found that the degree of FFM loss to be a modest predictor of greater EI following 377 

multidisciplinary interventions, supporting the existence of an adaptive orexigenic signal 378 

following loss of lean tissue [8-10,67-68]. We speculate the discordance between present and 379 

previous findings may be explained by the relatively modest proportion of FFM lost during 380 

the intervention in this sample [8]12. A critical determinant of how the relationships between 381 

FFM, RMR, and EI evolve with weight loss may be the congruence of FFM and RMR 382 

changes. Whilst some intervention studies in adults with obesity have found that RMR can 383 

maintain its positive association with EI even after weight loss [e.g., 69], RMR did not 384 

appreciably decrease in this sample, and even increased slightly in males. Moreover, in other 385 

weight loss interventions where FFM had increased on average, EI concurrently increased 386 

and was highly correlated with FFM pre- and post-intervention [e.g., 70,71]. Indeed, previous 387 

analyses of the present cohort demonstrated a significant decrease in RMR beyond what was 388 

expected from constituent tissue loss, as ostensible evidence of adaptive thermogenesis [33]. 389 

In this context, there may be an uncoupling of the regulatory roles served by RMR and FFM 390 

in driving EI where sufficient FFM loss has occurred. Therefore, in the absence of 391 

appreciable FFM loss, changes in FM may be the primary mechanism driving weight regain. 392 

However, given the absence of an appreciable increase in EI at follow-up observed here, 393 

FFM loss may be a more reliable physiological determinant of weight regain via upregulation 394 

of appetite and feeding behaviours. 395 

 396 

 397 

                                                       
12 However, there are methodological or behavioural considerations that can feasibly explain this absence of post-weight 

loss hyperphagia, such as the EI measurement method not accurately capturing free-living eating habits or residual 
intervention effects during the follow-up, respectively. The former is the least likely given the modest weight regain 
observed on average, and the EI estimated from 7-day food diaries was not statistically different from the ad-libitum test 
meals (unpublished data).  
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4.1. Strengths and Limitations 398 

 The present study analysed data from a controlled metabolic ward study using gold 399 

standard techniques to assess body composition, substrate oxidation, metabolic rate, and food 400 

intake using advanced statistical techniques to track how direct and indirect effects on EI 401 

change over time (i.e., with weight changes). The consequence of this robust design, 402 

however, was a limited sample size and number of assessments, as well as the lack of a 403 

control group. Thus, the results of the longitudinal analysis should be considered preliminary 404 

and interpreted with caution. Relatedly, as a secondary analysis, the original study was not 405 

designed or powered to address our specific research objectives. It is therefore important to 406 

acknowledge that relationships tested in the present analysis are fundamentally associational, 407 

and causal inferences concerning directionality are based on our interpretations of the data. 408 

Therefore, we cannot rule out the plausibility of EI serving as the predictor of FM and RMR 409 

changes, such that a reduction in daily EI results in lower FM and RMR13. It is essential for 410 

future longitudinal analyses replicating these findings to incorporate cross-lagged paths 411 

between variables over time that improve the defensibility of causal inferences. Overall, these 412 

results ought to be considered for formulating new hypotheses, and as a basis to guide future, 413 

adequately-powered investigations with particular attention to the present sample, 414 

methodology, and associated effect sizes derived from these analyses [72]. 415 

 An assumption within our discussion is that the 24-hour food intake patterns 416 

observed in the metabolic chamber are representative of their free-living intake during the 417 

intervals between visits. Whilst it is plausible that the ad libitum test meal methodology may 418 

not be fully representative of daily intake in children, and may even lead to greater episodic 419 

                                                       
13 With a modest sample of N=26 adolescents, adding the additional parameters to the model representing 
cross-lagged paths over time was not feasible due to a lack of convergence and high risk of overfit within the 
model, rendering parameter estimates unreliable. Therefore, our results may serve as a foundation for 
replication in future studies with the necessary parameters to incorporate bi-directional effects. 
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intake [73], it is important to note that similar food intake patterns were reproduced using the 420 

daily average from self-reported 7-day food diaries. Utilising advanced free-living 421 

assessments of intake and expenditure would be of interest for future work in addition to 422 

longitudinal evaluations of appetite sensations and eating behaviour traits. Finally, 423 

extrapolations of these results to adults should be made with caution given that puberty 424 

represents a unique period in the lifespan that is primarily anabolic, thus characterised by 425 

unique energetic and nutritional demands [74]. 426 

5. Conclusions 427 

 Overall, this secondary analysis suggests that EI might not be wholly attributable to 428 

endogenous, metabolic adaptations within the body when weight changes are observed 429 

following a multidisciplinary intervention. Improvements in protein metabolism with weight 430 

loss appear to be associated with lower EI, but its role as a determinant of appetite regulation 431 

remains to be further clarified. The discrete influences of body composition, substrate 432 

metabolism, and energy expenditure on EI may vary after a chronic energy deficit where loss 433 

of tissues are observed. FM and FFM may have more ‘active’ or direct roles as drivers of EI 434 

after significant weight loss. However, only changes in FM, and not FFM, were associated 435 

with changes in EI independent of changes in RMR, suggesting that FM may have its own 436 

independent role in regulating EI after weight loss in the context of adolescent obesity. 437 

Overall, these results may provide tentative insights that can guide the 438 

implementation of behaviour-oriented weight loss interventions. As previously posited, 439 

preservation of FFM during weight loss may be particularly important for reducing 440 

magnitude of weight regain [8]. Relatedly, Moreover, the rate, in addition to the magnitude, 441 

of FM loss may also be an influential predictor of weight loss success in the medium-to-long 442 

term [10]. Finally, the monitoring of substrate metabolic markers after intervention cessation, 443 

particularly protein oxidation, could be of relevance in predicting successful weight 444 
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maintenance and/or risk of weight regain. Given that the positive association between EI and 445 

CHO oxidation was robust to significant weight loss (Supplementary Figure 2), the 446 

maintenance of improvements in metabolic flexibility between substrates may be an 447 

important target for clinicians seeking to reduce the potential for weight regain. 448 

It remains important to identify the physiological and neurobehavioural pathways by 449 

which FM and FFM may upregulate appetite in this context. Additional primary research 450 

with larger samples and appropriate analytical techniques is also needed to parse the 451 

bidirectionality of these associations and support the putative causal pathways as interpreted 452 

here. Importantly, there appears to be considerable heterogeneity among adolescents in the 453 

degree of change in EI and RMR with weight loss, thus it is imperative to further explore 454 

psychological and biological factors that contribute to this variation. 455 
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Table 1. Changes in body composition  and 24-hour metabolic ward metabolism and intake between assessments baseline, post-intervention, and follow-up 

N = 26   

 
T0 

M ± SE 

T1 

M ± SE 

T2 

M ± SE 

ΔT1-T0 

[95% CI] 

ΔT2-T0 

[95% CI] 

ΔT2-T1 

[95% CI] 

Body Composition and 24-hour Energy Expenditure 

Weight (kg) 94.5 ± 3.4 74.9 ± 3.0 76.6 ± 3.2 -19.6 [-24.5, -14.7]*** -17.8 [-24.7, -11.0]*** 1.7 [-1.9, 5.3] 

BMI-z 2.7 ± 0.2 1.3 ± 0.2 1.4 ± 0.2 -1.4 [-1.7, -1.1]*** -1.3 [-1.7, -0.9]*** 0.1 [-0.1, 0.4] 

FFM (kg) 56.1 ± 2.3 51.9 ± 2.1 52.2 ± 2.2 -4.2 [-7.3, -1.0]** -3.9 [-8.5, 0.7] 0.2 [-1.8, 2.3] 

FM (%) 40.9 ± 1.2 30.4 ± 1.1 31.7 ± 1.1 -10.6 [-13.1, -8.1]*** -9.3 [-12.2, -6.3]*** 1.3 [-1.0, 3.6] 

FM (kg) 38.3 ± 1.5 22.9 ± 1.4 24.5 ± 1.5 -15.4 [-18.4, -12.4]*** -13.8 [-17.5, -10.2]*** 1.6 [-1.1, 4.3] 

24-hour Substrate Oxidation and Energy Expenditure 

RMR (kcal) 2010 ± 68.2 1820 ± 61.0 1882 ± 65.0 -189.9 [-312.1, -67.8]*** -128.0 [-285.7, 29.6] 61.9 [-44.6, 168.5] 

TEE (kcal) 3462 ± 122 2786 ± 110 2823 ± 116 -676.6 [-891, -462]*** -639.0 [-913, -365]*** 37.5 [-149, 224] 

Fat Ox (mg/min) 61.1 ± 6.4 77.6 ± 6.0 51.7 ± 6.6 16.6 [0.2, 32.9]* -9.4 [-28.0, 9.1] -26.0 [-9.9, -42.1]*** 

CHO Ox (mg/min) 383 ± 21.3 245 ± 7.4 313 ± 16.4 -137.5 [-177.7, -97.3]*** -69.1 [-108.4, -29.8]** 68.4 [39.8, 97.0]*** 

Nitrogen Ex (g) 16.9 ± 1.0 12.7 ± 0.5 14.4 ± 0.5 -4.2 [-6.6, -1.8]*** -2.5 [-5.0, -0.02]* 1.7 [0.5, 2.9]** 
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Note. BMI = Body Mass Index. FFM = Fat Free Mass. FM = Fat Mass. KG = kilograms. RMR = resting metabolic rate. TEE = total energy 

expenditure. EI = energy intake. CHO = carbohydrate. Ex = Excretion. RQ = Respiratory Quotient. SE = standard error. CI = confidence interval. 

Means represent estimated marginal means extracted from multilevel models with time, sex and age as fixed effects and subject as a random effect. 

T0 represents values at baseline, T1 post-intervention after 9 months, and T2 at 4-month follow-up. Pairwise significance tests were conducted if the 

main effect of time was significant and adjusted for multiple comparisons using the Sidak method. *Significantly different at *p < .05; **p < .01; 

***p < .001.

RQ 0.90 ± 0.01 0.86 ± 0.1 0.90 ± 0.1 -0.04 [-0.06, -0.02]*** -0.00 [-0.03, 0.02] 0.04 [0.02, 0.06]*** 

P-ratio 0.122 ± 0.006 0.115 ± 0.04 0.129 ± 0.005 -0.007 [-0.022, 0.009] 0.007 [-0.010, 0.025] 0.014 [-0.026, -0.002]* 

24-hour Metabolic Chamber Intake 

EI (kcal) 4185 ± 311.1 2628 ± 99.4 2519 ± 67.6 -1558 [-2368, -748]*** -1666 [-2467, -865]*** -109 [-358, 141] 
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 Table 2. Summary of posterior distributions for standardised parameter coefficients from endogenous and 

exogenous models representing the within-subjects (changes with time) and between-subjects effects of body 

composition and resting metabolic rate on 24-h energy intake 

Note. FFM = Fat Free Mass. FM = Fat Mass. KG = kilograms. RMR = resting metabolic rate. TEE = total energy 

expenditure. EI = energy intake. SD = standard deviation. HPDI = highest posterior density interval.  LMM = 

longitudinal mediation model. The left panel (LMM1) represents the longitudinal mediations analysis with grand 

mean-centred data. The right panel (LMM2) represents the analysis with person or cluster mean-centred data and 

random effects. Random effects indicate the heterogeneity of the within-subject means across the sample. 

Parameter coefficients have been standardised into a standard deviation scale. Bayes R2 for LMM1 = .687 [0.616, 

0.740] and LMM2 = 0.683 [0.582,  0.758]. Intraclass correlations for random effects of LMM1 exogenous model: 

FFM  = 0.01, FM =  0.03; endogenous model: RMR =  0.04, FFM = 0.02, FM = 0.04. 

 

 

 

 

 

LMM1 (N = 25)    LMM2 (N = 25)   

 β    β   

 Mean 95% HPDI 
Random Effect 

[95% HPDI] 
 Mean 95% HPDI 

Random Effect  

[95% HPDI] 

Exogenous Model: RMR      

Intercept 0.986 0.374, 1.621   0.002 -0.100, 0.118  

FFM (kg) 0.767 0.571, 0.976 0.113 [0.00, 0.29]  0.721 0.444, .999 0.306 [0.00, 0.56] 

FM (kg) 0.204 0.020, 0.376 0.159 [0.00, 0.30]  0.177 -0.209, 0.557 0.633 [0.34, 0.93] 

Sex -0.646 -1.043, -0.263         0.031 [0.00, 0.08] 

Age -0.140 -0.342, 0.064      0.056 [0.00, 0.15] 

Time 0.061 -0.095, 0.213   0.000 -0.240, 0.236  

Endogenous Model: EI      

Intercept 0.430 -0.764, 1.598   -0.014 -0.133, 0.102  

RMR (kcal) 0.285 -0.331, 0.871 0.255 [0.00, 0.59]  0.019 -0.282, 0.344 0.559 [0.31, 0.83] 

FFM (kg) -0.031 -0.561, 0.466 0.196 [0.00, 0.53]  -0.110 -0.334, 0.121 0.499 [0.18, 0.79] 

FM (kg) 0.362 -0.009, 0.752 0.317[0.00, 0.68]  0.408 0.128, 0.716 0.704 [0.47, 0.96] 

Sex -0.314 -1.108, 0.413     0.032 [0.00, 0.09] 

Age -0.038 -0.347, 0.271     0.059 [0.00, 0.16] 

Time -0.313 -0.608, -0.017   -0.222 -0.506, 0.053  
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Figure Legends 

 

Figure 1. Scatter plots with fitted linear regressions illustrating the partial correlations 

between percent changes in energy intake and body composition, energy expenditure, and 

substrate metabolism parameters from T0 to T1 (left panel) and T1 to T2 (right panel). 

Correlations represent Pearson’s or Spearman’s coefficients depending on statistical 

distribution. Significance thresholds were based on adjusted false discovery rates for multiple 

comparisons according to Benjamini and Hochberg [43]. Note that these graphs are only 

meant to visualise the direction and magnitude of bivariate relationships, and should not be 

used as predictive models. Regressions are adjusted for sex and age. BMI: body mass index; 

TEE: total energy expenditure; RMR: resting metabolic rate; CHO: carbohydrate; Nit: 

nitrogen; Ox: oxidation; Ex: excretion. *p < 0.05; **p < .01; ***p < .001. 
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