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Background: Numerous studies suggest a relationship between depression and metabolic syndrome, which is likely influenced by age. Interestingly, functional imaging analysis has shown an association between functional connectivity in the default mode network (DMN-FC) and components of metabolic syndrome, which is explored in this study.

Methods: From a larger longitudinal cohort study on healthy aging, 943 individuals were extensively characterized for mood and cognition. Among these, 120 individuals who were selected for displaying extreme cognitive performance within the normal range (good and poor performers) were further studied. Here, in a cross-sectional design, using confirmatory factor analysis (CFA), the association between metabolic dysfunction and depressive mood as a function of age and its relationship with DMN-FC was studied.

Results: Metabolic dysfunction was modeled as a second-order latent variable using CFA. First-order latent variables were obesity, glucose dysmetabolism, lipids imbalance, and blood pressure. Using multiple linear regression models, this study observed that metabolic dysfunction, glucose dysmetabolism, and lipids imbalance were linearly associated with depressive mood, and the association with obesity was U-shaped. The association of metabolic dysfunction, obesity, and glucose dysmetabolism with depressive mood is positive for the younger individuals in our sample and vanishes with aging. The FC of the right superior temporal gyrus with the DMN correlated with both obesity and depressive mood. In participants with higher obesity scores, FC increased with higher GDS scores, while in those with lower GDS scores, FC decreased. Age and blood pressure were associated with a more complex pattern of association between FC of the right supramarginal gyrus and GDS score.

Conclusion: The association of metabolic dysfunction with depressive mood is influenced by age and relates with differential patterns of DMN-FC. The combination of the effects of age, mood, and metabolic dysfunction is likely to explain the heterogeneity of DMN-FC, which deserves further investigation with larger and longitudinal studies.

Keywords: metabolic dysfunction, mood, age, functional connectivity, default mode network


INTRODUCTION

Depression is a highly prevalent mood disorder, affecting an estimated 300 million people worldwide (Patel et al., 2016; Herrman et al., 2018). It is projected to become the leading cause of burden of disease by 2030 (Mathers et al., 2008). Symptoms of depression can be present even in the absence of formal criteria to diagnose major depression. Depressive symptoms are widespread in the elderly. Their impact on cognitive and physical decline are similar to those resulting from a variety of other medical and psychiatric conditions (Meeks et al., 2011).

Metabolic syndrome (MetS) is a cluster of metabolic abnormalities associated with high risk of developing type 2 diabetes and/or cardiovascular disease. According to the International Diabetes Federation, it is defined by the presence of visceral adiposity and at least two of the following conditions: hyperglycemia, dyslipidemia (high triglycerides and/or low HDL cholesterol), and hypertension (Alberti et al., 2005). Aging is associated with an increased deposition of body fat in the abdominal region (St-Onge and Gallagher, 2010) and several components of the MetS are more prevalent in older than younger adults.

Several cross-sectional studies have associated depression or depressive symptoms with various components of MetS. Specifically, depression and/or depressive mood have been associated with obesity (de Wit et al., 2010; Luppino et al., 2010), poor glycemic control (Lustman et al., 2000), insulin resistance, (Pearson et al., 2010) and blood pressure has been associated with depressive mood (Paterniti et al., 2000; Lenoir et al., 2008). Data are inconsistent on the relation of dyslipidemia components with mood (Huang, 2005; van Reedt Dortland et al., 2010; Vargas et al., 2014; Beydoun et al., 2015).

Of notice, the association between MetS and depression seems to be bidirectional. Pan et al. (2012), in a meta-analysis that included 155,333 subjects, demonstrated that MetS was associated with depression, that baseline MetS could predict the risk of developing depression, and that the reverse is also true. Analyses were influenced by MetS definitions [National Cholesterol Education Programs Adult Treatment Panel III (NCEP ATP-III) versus International Diabetes Federation (IDF)] and depression measures (diagnostic interview versus self-reported symptom scale).

MetS constitute a heterogeneous metabolic group and the contribution of each of its components differs between individuals. CFA has been used to construct a hierarchical four-factor model that represents MetS by insulin resistance, obesity, lipids, and blood pressure, which may help to determine the contribution of each component to the overall syndrome (Shen et al., 2003, 2006; Levin et al., 2014).

Since MetS and its components are measures of peripheral metabolic dysfunction and depression is an abnormality of the central nervous system, it is important to explore the impact of peripheral metabolic alterations on brain function and connectivity. The DMN has been well-studied, both in general and in the context of depressive symptomatology. There have been several reports of higher functional connectivity (FC) within the DMN, as well as between the DMN and other brain regions in patients with depression (Whitfield-Gabrieli and Ford, 2012; Kaiser et al., 2015). In contrast, age-associated reduction in DMN-FC has been frequently reported in the population over 60 years of age (Damoiseaux et al., 2008; Soares et al., 2017). Several lines of evidence suggest that individuals with metabolic disorders display alterations in DMN activity and FC (Cha et al., 2014) and that multiple factors, such as age, mood, and metabolic abnormality may interact with one another to produce alterations on DMN-FC.

The present study proposes to (1) utilize the latent variable model of MetS, referred to as metabolic dysfunction; (2) explore, in a cross-sectional investigation, the potential association of metabolic dysfunction and its components with depressive mood in older individuals; (3) assess the impact of advancing age in the strength of those associations; and (4) evaluate the impact of the interaction between metabolic dysfunction, age and mood upon DMN-FC.



MATERIALS AND METHODS


Ethics Statement

The study was conducted in accordance with the Declaration of Helsinki (59th Amendment) and was approved by the Portuguese national ethical committee (Comissão Nacional de Proteção de Dados) and by the local ethics review boards (Hospital de Braga, Braga; Centro Hospitalar do Alto Ave, Guimarães). The study goals and the psychological and clinical assessments were explained to the participants, of whom all gave informed consent.



Characterization of the Cohort

The cohort was composed of 1,051 participants randomly selected from two cities in the north of Portugal (Guimarães and Vizela) using the local area health authority registries as described elsewhere (Santos et al., 2013, 2014) (Figure 1). The cohort is representative of the older Portuguese population with respect to gender (females, n = 560; 53.3%) and age (range: 50–97 years; M = 67.2, SD = 9.24). All the participants were local community-dwellers. Most were retired (n = 763, females 51.8%) and located in the medium socio-economic stratum of the Graffar scale (Class III; 61.6%, females 47.3%). For age and gender, the distribution of this database differs in <2% of that of the distribution for the Portuguese population, as estimated by the Portuguese authority on statistics (the “Instituto Nacional de Estatística”) (Instituto Nacional de Estatística IP, 2011). Exclusion criteria included the inability to understand informed consent, participant choice to withdraw from the study, inability to attend the clinical and neuropsychological assessment session(s), dementia and/or diagnosed neuropsychiatric, and/or neurodegenerative disorder (medical records). A team of experienced clinicians performed a standardized clinical interview, which also determined current medication use and was designed to detect and exclude disorders of the central nervous system (e.g., epilepsy and neurodegenerative disorders) as well as overt thyroid pathology (Santos et al., 2013, 2014). As shown in Figure 1, 108 participants were excluded due to missing data, leaving a total of 943 participants to be included in the baseline analysis.


[image: Figure 1]
FIGURE 1. Flow diagram of recruitment and study procedure.


From the initial cohort, 120 participants [matched for gender and age—overall “good” cognitive performance (n = 60) and overall “poor” performance (n = 60) group, based on their, within normal range, neuropsychological testing (including mood)] were selected for a more comprehensive characterization, including a functional MRI (fMRI) session. Of those, nine refused to have an MRI, four were excluded due to brain lesions, three were excluded due to excessive head motion during the scan, and five were excluded due to missing data. Following exclusions, 101 participants ultimately were included in the fMRI analysis. A detailed characterization of both samples is presented in Table 1; Supplementary Table 1.


Table 1. Study sample characterization for the participants included in the cross-sectional analysis and fMRI analysis.
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Metabolic and Mood Evaluation

The participants were presented in the morning after overnight fasting and underwent a standardized evaluation that included medical history, anthropometric assessment, blood collection, and blood pressure measurements. The anthropometric measures included weight (Kg), height (m), and abdominal perimeter (cm). Weight and height were subsequently used to calculate body mass index (BMI). Fasting blood glucose, fasting insulin, triglycerides, and high-density lipoproteins were measured using standard methods in a certified laboratory. Blood pressure was assessed three times during the evaluation and the mean value was used. The Geriatric Depression Scale (GDS, long-version) was used to assess mood.



Resting State fMRI Data Acquisition, Preprocessing and Identification of DMN

The participants were scanned on a clinically approved Siemens Magnetom Avanto 1.5 T (Siemens Medical Solutions, Erlangen, Germany) MRI scanner in Hospital de Braga using a Siemens 12-channel receive-only head coil. During the resting-state fMRI acquisition, using gradient echo-weighted echo-planar images (EPIs), the participants were instructed to keep their eyes closed and to attempt to think about nothing. The imaging parameters were: 180 volumes, Repetition Time (TR) = 2s, Echo Time (TE) = 30 ms, Flip Angle (FA) = 90°, in-plane resolution = 3.5 × 3.5 mm2, 30 interleaved slices, slice thickness = 4 mm, imaging matrix 64 × 64, and field of view (FOV) = 224 mm. T1-weighted structural images for anatomical reference were obtained using a magnetization-prepared rapid acquisition by gradient echo (MPRAGE) sequence with voxel resolution 1.0 × 1.0 × 1.0 mm, FoV = 234 × 234 mm2, FA of 7°, 176 slices, and TE/TR of 3.48/2730 ms. Before any data processing and analysis were undertaken, all acquisitions were inspected by an experienced neuroradiologist who confirmed that they were not affected by critical head motion and that participants had no brain lesions.

Preprocessing of fMRI data was done using FMRIB Software Library (FSL v5.07) tools. The first five volumes of the acquisition were removed to exclude possible magnetic field inhomogeneities. After this, the data underwent slice timing correction followed by head motion correction. Next, motion scrubbing (Power et al., 2012) was performed to identify and further exclude time-points where head motion could be critical. For motion scrubbing, the standard FSL suggested parameters (REFRMS) and the standard thresholds of exceeding the 75th percentile + 1.5 times the InterQuartile Range were used, meaning that individuals presenting more than 15 motion-contaminated time-points would be excluded. Data on the number of motion-contaminated time-points by subject is presented in Supplementary Figure 1. The functional dataset of each subject was then normalized to Montreal Neurological Institute (MNI) standard space through a procedure that included: (i) skull stripping of the mean image of the functional acquisition and of the structural acquisition, allowing the isolation of brain signal; (ii) rigid-body registration of the mean functional image to the skull-stripped structural scan; (iii) affine registration of the structural scan to the MNI T1 template; (iv) non-linear registration of the structural scan to the MNI T1 template using the affine transformation previously estimated as the initial alignment; (v) nonlinear transformation of the functional acquisition to MNI standard space through the sequential application of the rigid-body transformation and non-linear warp, followed by resampling to 2 mm isotropic voxel size. On the final step, a linear regression of motion parameters, mean white mater and cerebrospinal fluid signal, and motion outliers was performed, and the residuals of the regression were smoothed using a Gaussian kernel smoother with a full width at half maximum of 6 mm (σ = 2.55 mm), were band-pass temporal filtered (0.01–0.08Hz), and were then used for the subsequent analysis.

Probabilistic independent component analysis (PICA) was performed with Multivariate Exploratory Linear Optimized Decomposition into Independent Components (MELODIC), distributed with FSL. ICA is a data driven analysis that isolates components or non-overlapping spatial maps corresponding to regions that manifest coherent time-courses. The software estimated group-wise spatial maps that correspond primarily to Resting State Networks (RSNs) and automatically estimated the number of independent components. A dual regression analysis was used to study subject-specific components.



Statistical Analysis

Data are presented in mean (M) and standard deviation (SD) for continuous variables and in frequency (n) and percentage (%) for categorical variables. Pearson correlations were calculated to measure the strength of the association between the quantitative variables studied. Structural equation models (SEM) were used to model metabolic dysfunction in a fashion similar to that reported by Shen et al. (2003), using MPlus software version 7. The MLR estimator (maximum likelihood parameter estimates with standard errors and a chi-square test statistic that are robust to non-normality and non-independence of observations) was used for parameter estimations and tests of significance. Model fit was assessed using χ2, comparative fit index (CFI), Tucker-Lewis index (TLI), and root mean square error of approximation (RMSEA). To determine the cross-sectional associations of the GDS score with each of the composite scores previously calculated (metabolic dysfunction, obesity, glucose dysmetabolism, lipids imbalance, and blood pressure), Multiple Linear Regression Models (MLRM) were performed controlling for age, gender, years of formal education, smoking habits, alcohol consumption, and physical activity. Besides regression coefficients (and confidence intervals), betas and measures of model fit (R2, R[image: image]) are also presented. The interaction of age, and metabolic dysfunction (including components) with GDS score was tested using PROCESS 3.0 for IBM SPSS Statistics v25, adjusted for the variables above mentioned. Heatmap plots were obtained using the syntax provided on PROCESS output.

DMN-FC testing was performed using the second-level random effect analyses in SPM12. Multiple regression analysis was performed, and results were considered significant at p < 0.001, corrected for multiple comparisons using cluster correction (minimum cluster size of 70 voxels). Minimum cluster size was estimated using 3DClustSim (https://afni.nimh.nih.gov/; AFNI version 17.0.13; National Institute of Mental Health) with the DMN template mask and a significance level of 0.05 (http://findlab.stanford.edu/functional_ROIs.html). Anatomical labeling was performed by a combination of visual inspection and anatomical automatic labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002).

Several independent multiple regressions were performed to test the effect of metabolic dysfunction (or components), the interaction of metabolic dysfunction (or components) with age, the interaction of metabolic dysfunction (or components) with GDS score, and the interaction of metabolic dysfunction (or components) with age and GDS score. The requirements for multiple linear regression analysis were met and the variables were mean-centered to avoid multicollinearity issues. Age, gender, and GDS score were used as covariables when not used as interest variables. For each participant, the mean Z score of the clusters with significant interactions were extracted and the values were used to generate heat maps that allowed visualization of the interaction of the moderator with the association between the focal predictor and the dependent variable.




RESULTS


Characterization of Participants

Demographic, metabolic, and lifestyle characterization of participants are presented in Table 1. Information regarding lifestyle variables is presented in the Supplementary Material. Ages of participants ranged from 50 to 97 years (M = 67 years and SD = 9.17, 47.8% females). The exclusion of the 107 participants with missing data did not significantly change the composition of the original cohort.

Information on the prevalence of significant depressive symptoms and metabolic risk factors according to the IDF classification for MetS (Alberti et al., 2005) are described in Supplementary Material. Bivariate correlations between GDS score and metabolic parameters are presented in Supplementary Table 2. GDS score was significantly correlated with BMI (r = 0.106, p < 0.01), but not with the other parameters. Metabolic parameters were significantly associated among themselves, with the exception of systolic blood pressure with HDL cholesterol, and diastolic blood pressure with fasting glucose and HDL cholesterol.



Modeling of Metabolic Dysfunction and Components

Metabolic dysfunction was modeled as a second-order latent variable similar to the procedure used in Shen et al. (2003, 2006) and Levin et al. (2014) (Figure 2). All indicators were treated as continuous variables. First-order latent variables (obesity, glucose dysmetabolism, lipids imbalance, and blood pressure) were measured by their respective indicators. Specifically, obesity was measured by BMI and waist circumference (WC), glucose dysmetabolism by fasting glucose and HOMA-IR, triglycerides and HDL cholesterol were the indicators for lipid imbalance and systolic and diastolic blood pressure were the measures of blood pressure. A higher-order latent variable, metabolic dysfunction, was created with the first-order latent variables enumerated above.


[image: Figure 2]
FIGURE 2. Model of the metabolic dysfunction at baseline. [image: image] = 40.762; p < 0.001, comparative fit index (CFI) = 0.981, Tucker Lewis Index (TLI) = 0.958 and root mean square error approximation (RMSEA) = 0.048; p = 0.564. Standardized parameter estimates representing factor loadings are shown on paths. All coefficients are significant at p > 0.01 for the two-tailed test. To maintain presentation clarity, residual terms are not shown. BMI, body mass index; WC, waist circumference; HDL, high density lipoprotein; BP, blood pressure.


Three pairs of residual variances were correlated, first between BMI and triglycerides, second between WC and triglycerides, and third between BMI and diastolic blood pressure. The incorporation of these correlations was justified by the known influence of obesity upon triglycerides and blood pressure.

The fit of the model was confirmed by CFI = 0.981, TLI = 0.958 and RMSEA = 0.048. The model demonstrated that metabolic dysfunction could be summarized by four components defined by metabolic risk factors. Metabolic dysfunction was strongly a function of glucose dysmetabolism, moderately of lipid imbalance and obesity, and modestly of blood pressure. Specifically, metabolic dysfunction was explained by glucose dysmetabolism (78%, p < 0.001), lipid imbalance (52%, p < 0.001), obesity (42%, p < 0.001), and blood pressure (10%, p = 0.001).



Associations of Metabolic Dysfunction and Components With Mood Across Later Life

To test the association of metabolic dysfunction and its components with depressive mood, MLRM (Figures 3A,C,E,G,I; Supplementary Table 3) was used. GDS score was used as dependent variable, while metabolic dysfunction and its components as independent variable in different models, controlling for age, gender, education, smoking status, alcohol consumption, and physical activity. All the models significantly predicted the GDS score (p < 0.001) and explained approximately 18% (R2 = 0.179 to 0.185) of the variance of the GDS score.


[image: Figure 3]
FIGURE 3. Association of metabolic dysfunction (and components) with GDS score controlled for age, gender, education, smoking status, alcohol consumption, and physical activity. Graphical representation of standardized coefficients (standardized beta) and respective confidence intervals for the independent variables used in the multiple regression linear models (A,C,E,G,I). Male gender, higher formal education (measured in school years), higher physical activity, and lower metabolic dysfunction score were significantly associated with a lower score in the GDS (A). Male gender, higher formal education, and higher physical activity were significantly associated with a lower score in the GDS (C,I). Male gender, higher formal education, higher physical activity, and lower glucose dysmetabolism score were significantly associated with a lower score in the GDS (E). Male gender, higher formal education (measured in school years), higher physical activity, and lower lipids imbalance score were significantly associated with a lower score in the GDS (G). Graphical representation (heat maps) of the variation of standardized coefficients (standardized beta) for the association between metabolic dysfunction (and components) with GDS score across age (B,D,F,H,J). Warm colors represent a positive association and cool colors represent a negative association. A positive association between GDS score and metabolic dysfunction or obesity or glucose dysmetabolism was observed in the younger individuals of our sample and became negative at the older ages (B,D,F). The association between GDS score and lipids imbalance was always positive across the age range (H). No association between GDS score and blood pressure was observed across the age range (J). Gender (0 = females; 1 = males), smoking (reference—non-smoker), alcohol consumption (g/day), and physical activity (0 = sedentary; 1 = <3 times/week; 2 = over 3 times/week). *p < 0.05; **p < 0.01; ***p < 0.001.


In all the models, male gender, higher education (>4 years of formal education), alcohol consumption, and physical activity higher than three times per week were significantly associated with a lower GDS score.

In the respective models, metabolic dysfunction (β = 0.066, p = 0.029), glucose dysmetabolism (β = 0.062, p = 0.039), and lipids imbalance (β = 0.076, p = 0.011) were significantly associated with a higher GDS score. Furthermore, no linear association between depressive mood and obesity was observed, but a significant association between depressive mood and the quadratic term for obesity (Obsety2) was observed (β = 0.081, p = 0.007—Supplementary Table 4).

The effect of age on the association between metabolic dysfunction (or its components) and mood was tested through moderation analysis in MLRM (Figures 3B,D,F,H,J; Supplementary Table 3). A significant moderation effect of age was observed in the association of GDS score with metabolic dysfunction (metabolic dysfunction x age—β = −0.096, p = 0.047), obesity (obesity x age—β = −0.065, p = 0.032), and glucose dysmetabolism (glucose dysmetabolism x age—β= −0.066, p = 0.028). This moderating effect of age reflects a positive correlation between the measured variables in younger participants, but one which diminishes with advancing age. The association of the quadratic term of obesity with the GDS score (Supplementary Table 4) was not influenced by age.

The association between GDS score and the lipids imbalance component was not moderated by age (lipids imbalance x age—β= −0.017, p = 0.592) indicating that lipids imbalance is positively associated with GDS score regardless of age. Also, no moderating effect of age was observed upon the association of blood pressure and GDS score (blood pressure x age—β= −0.050, p = 0.098), indicating that blood pressure and mood are not significantly associated with one another at any age in the study population.



Impact of Metabolic Dysfunction (and Components) in the Association Between GDS Score and DMN FC

First, the pattern of FC of the classical DMN regions during the resting state was visually confirmed (Figure 4). The effects of metabolic dysfunction (or its components) and the interaction of age with metabolic dysfunction (or components) in the DMN-FC were evaluated, in independent MLRM, and the results did not survive to the significance threshold here employed.


[image: Figure 4]
FIGURE 4. Global patterns of default mode network functional connectivity (t > 3.1667; p <0.001; df = 109).


Next, the moderating effect of metabolic dysfunction (and its components) in the association between GDS score and DMN-FC was tested. An interaction between obesity and GDS score was observed in the right superior temporal gyrus (Figure 5A; Table 2). The FC of the right superior temporal gyrus increased with higher GDS score in the participants that have higher obesity scores. Individuals with lower obesity scores, however, manifest decreased FC with increasing GDS (Figure 5B). No other interaction between metabolic dysfunction or its components with GDS was significant at the defined threshold.


[image: Figure 5]
FIGURE 5. Functional connectivity between a focal region of the right superior temporal gyrus and the other components of the DMN reflected GDS-obesity interaction. DMN regions presenting significant interactions of GDS x Obesity (A). Association of the GDS score with the FC of the right superior temporal gyrus across obesity score; colors represent standardized coefficients (β) (B).



Table 2. Effect of the interaction between GDS x obesity and between age x GDS x blood pressure on the default mode network FC (multiple regressions, cluster correction, p <0.001).

[image: Table 2]



The Moderating Effect of Age Upon the Interaction Between Metabolic Dysfunction and GDS Score With Respect to DMN-FC

The influence of age on the interaction of metabolic dysfunction with GDS score upon DMN-FC was also assessed. A significant moderating effect of age was observed on the interaction of blood pressure with the GDS score in the level of FC of the right supramarginal gyrus with the other components of the DMN (Figure 6A; Table 2). For the younger participants (mean age −1 SD), the FC of the right supramarginal gyrus with the DMN increased with higher GDS score in those with lower blood pressure (mean blood pressure −1 SD) (conditional effect, B = 0.021, p = 0.02), but was not significant for those with higher blood pressure (mean blood pressure + 1 SD) (conditional effect, B = −0.009, p = 0.359). Also, in the group of older participants (mean age + 1 SD), a decrease in the FC accompanied the GDS score increase in those with lower blood pressure (mean blood pressure −1 SD) (conditional effect, B = −0.054, p < 0.001), while the opposite pattern was observed for those with higher blood pressure (mean blood pressure + 1 SD) (conditional effect, B = 0.025, p = 0.012) (Figure 6B). No other moderating effect of age upon the interactions of metabolic dysfunction and components with GDS score was statistically significant.


[image: Figure 6]
FIGURE 6. Significant age x GDS x blood pressure interaction within the default mode network in the right supramarginal gyrus. Colors represent standardized coefficients (β). DMN regions presenting significant interactions of age x GDS x blood pressure (A). Association of the GDS score with the FC of the right supramarginal gyrus across age and blood pressure score; colors represent standardized coefficients (β) (B).





DISCUSSION

In this study, the association between metabolic dysfunction and depressive mood in community-dwellers aged 50 years and older was investigated, and the relationship between those factors with DMN-FC. This study showed that depressive mood is linearly associated with metabolic dysfunction, glucose dysmetabolism, and lipid imbalance. Conversely, the association of obesity with depressive symptomatology was U-shaped. The influence of age upon the strength of the association of depressive mood with metabolic dysfunction, obesity, and glucose dysmetabolism was substantial. Of notice, obesity can modify the association of GDS score with FC in the DMN, and the interaction of age with blood pressure also affect the association of GDS score with the FC in the DMN.

Glucose dysmetabolism appears to be the essential feature of metabolic dysfunction, in accordance with other cross-sectional and longitudinal models (Shen et al., 2003, 2006). Insulin resistance is the most widely accepted hypothesis for the pathophysiology of the MetS (Eckel et al., 2005), which would tend to support the large contribution of glucose dysmetabolism to metabolic dysfunction. The blood pressure component made a significant weaker contribution to metabolic dysfunction in all models. Shen et al. (2003) reported a similar finding and argued that blood pressure may be related to metabolic dysfunction only secondarily.

As expected, it was observed that metabolic dysfunction was associated with depressive mood. However, the analytic strategy of the study does not allow inference about the direction of this association. In a meta-analysis, Pan et al. (2012) observed that baseline depression predicts the risk of MetS and baseline MetS predicts the risk of depression, indicating a bidirectional association. Since MetS is a constellation of metabolic abnormalities, the association of MetS with depressive mood is likely to be mediated by its components. As previously stated, age plays an important role in moderating the association between metabolic dysfunction and depressive mood. It was shown that the expression of MetS varies with age and that different combinations of MetS components are differentially associated with mortality risk (Kuk and Ardern, 2010). It is also possible that the age variation in the expression of metabolic dysfunction influences its association with depressive mood.

There is strong evidence for a bidirectional association between obesity and mood disorders (Luppino et al., 2010), but, a linear association between obesity and GDS score was not observed. One possible explanation may be reflected in the U-shaped association between BMI and depressive mood (de Wit et al., 2009). In fact, a significant association of depressive mood with the quadratic term of the obesity factor was observed, which is consistent with a U-shaped relationship. Accumulating evidence suggests that obesity and depression may mutually influence and reinforce one another (Taylor and Macqueen, 2010; Mansur et al., 2015; Lee et al., 2016). The observed effect of age upon the association between depressive mood and obesity could potentially mask a linear association between them. In the present study, it was observed that an association of obesity with depressive mood was positive for the younger participants and vanished with increasing age. Low BMI in older age can be a surrogate marker of chronic illness (illness-related weight loss) and it is well-established that late-life depression frequently occurs in the context of medical illness (Fiske et al., 2009; Flegal et al., 2011). Furthermore, it has previously been hypothesized that higher BMI could indicate a greater physiologic and functional reserve (due to higher muscle mass), which then protects against depressive mood in later life (Ho et al., 2008).

A significant interaction between obesity and GDS score with the FC of the right superior temporal gyrus with the other identified components of DMN was also observed. The FC of the right superior temporal gyrus was positively associated with GDS score in individuals with the higher obesity scores. Conversely, an opposite effect was observed for the individuals with lower obesity scores. In older adults, higher BMI has been associated with a decrease in FC of the posterior DMN (Beyer et al., 2017). DMN activity and connectivity has been demonstrated to be involved in one's own thoughts and feelings, self-referential thinking, recall the past, and in planning for the future. One possible explanation for the hyperactivity and connectivity of DMN in patients with depression might be that it represents an inability to navigate away from their internal emotional states (Whitfield-Gabrieli and Ford, 2012; Kaiser et al., 2015). The results presented in this study are suggestive of a more resilient pattern of FC within the DMN in older individuals with low obesity score.

Another endocrine mediator associated with depressive mood is insulin resistance (Lustman et al., 2000; Kan et al., 2013). Data from epidemiological studies indicate that depression is twice as common among those with diabetes than in the general population, and that having diabetes doubles the risk of depression (Anderson et al., 2001). Furthermore, it seems that while the association is bidirectional, it is stronger in the direction of depression to type 2 diabetes (Mezuk et al., 2008). Here, a positive correlation between glucose dysmetabolism and depressive mood was observed. Depression is associated with the activation of the HPA axis and production of pro-inflammatory cytokines, which can induce insulin resistance (Silva et al., 2012; Yokoyama et al., 2015). Another hypothesis put forward to explain this association is that the inadequate glucose utilization that results from central insulin resistance is responsible for change at the neuronal level in vulnerable brain regions (e.g., limbic system) observed in patients with depressive disorders (Rasgon and Kenna, 2005). Data from animal models show that brain-specific knockout of insulin receptor (NIRKO) in mice promotes age-related anxiety and depressive-like behavior through an alteration in dopamine turnover (Kleinridders et al., 2015). The relationship between depressive mood and glucose dysmetabolism was significantly moderated by age, similar to that was observed for metabolic dysfunction and obesity. In younger participants, the association was positive but lost strength with increasing age. A reasonable explanation for such a pattern is not evident, but it is recognized that selection bias may be present. It is more likely that older individuals with higher levels of depression and higher comorbidities refused to participate in the study.

A significant positive association between depressive symptoms and lipid metabolism which was not moderated by age was also observed. Greater lipid imbalance factor is manifest in higher values of triglycerides and lower levels of HDL cholesterol. Research on the association between serum lipids and depression has generated conflicting results and has focused primarily on total cholesterol (Beydoun et al., 2015). Lower HDL cholesterol was reported to be associated with depression (Sagud et al., 2009; Kim et al., 2011). While high triglyceride levels were found in patients with bipolar depression when compared with healthy controls (Sagud et al., 2009). In persistent-severe depression, the odds ratio for low HDL cholesterol and hypertriglyceridemia were significantly increased in males, and a similar association was observed for women with respect to hypertriglyceridemia (Kim et al., 2015). Higher levels of triglycerides and lower HDL cholesterol in ongoing major depression, compared to remitted depression and controls, also has been reported (van Reedt Dortland et al., 2010).

Blood pressure was the only component of metabolic dysfunction, which was not linked to depressive mood, as seen by others. The association of blood pressure with depression is controversial. Some cross-sectional studies reported an association between depression and low blood pressure (Hildrum et al., 2007; Lenoir et al., 2008), while other longitudinal studies found that depressive symptoms predicted low blood pressure (Hildrum et al., 2008) and that low blood pressure was a risk factor for higher levels of depression (Paterniti et al., 2000). Other publications reported a significant association of late-life depression with hypertension (Lavretsky et al., 1998). Additional studies are therefore needed to test the Vascular Depression hypothesis (Taylor et al., 2013), which posits that cerebrovascular disease, of which hypertension is one element, may predispose, precipitate, or perpetuate certain geriatric depressive syndromes.

Interestingly, a significant interaction between blood pressure, age, and GDS score was observed in the FC of the supramarginal gyrus. Recently, Gu et al. (2019) reported that, compared to controls, hypertensive patients with normal cognition manifested increased FC in the core subsystem of the DMN, including that of the right supramarginal gyrus. Furthermore, Zhang et al. (2011) found increased node centrality in drug-naive, first-episode major depressive disorder patients in components of the DMN, including the right supramarginal gyrus. Similarly, decreased FC in the DMN has been widely reported in older subjects (Andreescu et al., 2011; Wu et al., 2011; Soares et al., 2017). Collectively, these multiple studies suggest that the pattern of the FC of the right supramarginal gyrus is complex and is influenced by multiple factors.

This study is original in the use of structural equation models to explore the association of metabolic dysfunction with depressive mood, the impact of age upon those associations, and in the combined influence of those multiple factors upon connectivity patterns in the DMN. The age composition of the sample is representative of the Portuguese population and represents a strength of this study. A number of reports have addressed the association of MetS and depressive mood (Pan et al., 2012). It is important to refer that the MetS is not uniformly classified, which likely justifies discrepant findings (Kuk and Ardern, 2010). It is important to acknowledge that medication usage and duration may impact on DMN-FC (Yan et al., 2019). In this study, the impact of medication in the DMN-FC was not controlled and therefore the results should be interpreted with caution. Another limitation, inherent to the use of the IDF classification for MetS, is that it excludes individuals who have metabolic risk factors but not central obesity (Oda, 2012). To overcome those limitations, structural equation modeling was used, more specifically confirmatory factor analysis, to replicate the hierarchical four-factor model first proposed by Shen et al. (2003, 2006) and later replicated by Levin et al. (2014). The use of structural equation modeling allowed to consider the separate contribution of each component to metabolic dysfunction. Additionally, it allows the use of continuous variables rather than employing a dichotomous classification, which relies upon a proxy to assess severity of metabolic dysfunction. As a measure of depressive mood, the GDS that measures depressive symptomatology rather than depression was used. The inclusion of subjects that have a finite GDS score but are not clearly depressed can weaken the association observed here, yet there is evidence that in older adults, even depressive symptoms are associated with adverse outcomes and morbidity (Meeks et al., 2011). The analysis of the moderating effects on the FC of the DMN adds to the analysis of the association between mood and metabolic dysfunction by exploring the central nervous system impact of peripheral mechanisms. Better understanding of the complex associations between metabolic dysfunction and depressive mood will be dependent upon detailed analysis of the multiple interactions between the variables studied here.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Portuguese national ethical committee (Comissão Nacional de Proteção de Dados) and by the local ethics review boards (Hospital de Braga, Braga; Centro Hospitalar do Alto Ave, Guimarães). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

CP-N, JR, PM, PCo, and JB performed the statistical analysis. CP-N, JR, PM, TC, LA, RM, PCo, and JB contributed to the data analyses and discussion. NS maintained the database and organized the neurocognitive/psychological sessions. PCu organized the evaluation sessions, participant recruitment and collected the data. CP-N, TC, and LA collected the data. AC, RM, PM, and JS collected and processed fMRI data. CP-N wrote the first draft of the manuscript. JP, NS, and JB conceived and designed the study. NS had access to all the data in the study. All the authors revised the manuscript.



FUNDING

This work has been funded by National funds, through the Foundation for Science and Technology (FCT)—project UIDB/50026/2020 and UIDP/50026/2020; and by the projects NORTE-01-0145-FEDER-000013 and NORTE-01-0145-FEDER-000023, supported by Norte Portugal Regional Operational Programme (NORTE 2020), under the PORTUGAL 2020 Partnership Agreement, through the European Regional Development Fund (ERDF), by the European Commission (FP7) SwitchBox (Contract HEALTH-F2-2010-259772) project and co-financed by the Portuguese North Regional Operational Program (ON.2—O Novo Norte) under the National Strategic Reference Framework (QREN), through the European Regional Development Fund (FEDER), and by Fundação Calouste Gulbenkian—Inovar em Saúde (Envelhecimento cognitivo saudável—proporcionar saúde mental no processo biológico do envelhecimento, Contract P-139977) and by the Portuguese Foundation for Science and Technology (FCT) under the project PTDC/DTP-PIC/6936/2014. CP-N was supported by the Portuguese Science Foundation (FCT) doctoral scholarship PD/BD/106050/2015 via Inter-University PhD Programme in Aging and Chronic Diseases. JR was supported by the FCT fellowship grant with the reference PDE/BDE/113602/2015 from the PhDiHES program. AC was supported by a scholarship from the project NORTE-08-5639-FSE-000041 (NORTE 2020; UMINHO/BD/51/2017). PSM was supported by the FCT fellowship grant with the reference PDE/BDE/113601/2015 from the PhDiHES program. TC was a recipient of a doctoral fellowship from the Portuguese Foundation for Science and Technology (FCT; SFRH/BD/90078/2012). RM was supported by the FCT fellowship grant with the reference PDE/BDE/113604/2015 from the PhDiHES program. PM was supported by the Fundação Calouste Gulbenkian (Portugal) grant number: P-139977: Better mental health during aging based on temporal prediction of individual brain aging trajectories (TEMPO). LA was a recipient of a doctoral fellowship from the Portuguese Foundation for Science and Technology (FCT; SFRH/BD/101398/2014). NS was a recipient of a Research Assistantship through the FCT Investigator Programme 200∞Ciência.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2021.618623/full#supplementary-material



REFERENCES

 Alberti, K. G. M. M., Zimmet, P., and Shaw, J. (2005). The metabolic syndrome—a new worldwide definition. Lancet 366, 1059–1062. doi: 10.1016/S0140-6736(05)67402-8

 Anderson, R. J., Freedland, K. E., Clouse, R. E., and Lustman, P. J. (2001). The prevalence of comorbid depression in adults with diabetes. a meta-analysis. Diabetes Care. 24, 1069–1078. doi: 10.2337/diacare.24.6.1069

 Andreescu, C., Wu, M., Butters, M. A., Figurski, J., Reynolds, C. F. 3rd, and Aizenstein, H. J. (2011). The default mode network in late-life anxious depression. Am. J. Geriatr. Psychiatry 19, 980–983. doi: 10.1097/JGP.0b013e318227f4f9

 Beydoun, M. A., Beydoun, H. A., Dore, G. A., Fanelli-Kuczmarski, M. T., Evans, M. K., and Zonderman, A. B. (2015). Total serum cholesterol, atherogenic indices and their longitudinal association with depressive symptoms among US adults. Transl. Psychiatry 5:e518. doi: 10.1038/tp.2015.4

 Beyer, F., Kharabian Masouleh, S., Huntenburg, J. M., Lampe, L., Luck, T., Riedel-Heller, S. G., et al. (2017). Higher body mass index is associated with reduced posterior default mode connectivity in older adults. Hum. Brain Mapp. 38, 3502–3515. doi: 10.1002/hbm.23605

 Cha, D. S., De Michele, F., Soczynska, J. K., Woldeyohannes, H. O., Kaidanovich-Beilin, O., Carvalho, A. F., et al. (2014). The putative impact of metabolic health on default mode network activity and functional connectivity in neuropsychiatric disorders. CNS Neurol. Disor. Drug Targets 13, 1750–1758. doi: 10.2174/1871527313666141130205024

 Damoiseaux, J. S., Beckmann, C. F., Arigita, E. J., Barkhof, F., Scheltens, P., Stam, C. J., et al. (2008). Reduced resting-state brain activity in the “default network” in normal aging. Cerebral Cortex 18, 1856–1864. doi: 10.1093/cercor/bhm207

 de Wit, L., Luppino, F., van Straten, A., Penninx, B., Zitman, F., and Cuijpers, P. (2010). Depression and obesity: a meta-analysis of community-based studies. Psychiatry Res. 178, 230–235. doi: 10.1016/j.psychres.2009.04.015

 de Wit, L. M., van Straten, A., van Herten, M., Penninx, B. W. J. H., and Cuijpers, P. (2009). Depression and body mass index, a u-shaped association. BMC Public Health 9:14. doi: 10.1186/1471-2458-9-14

 Eckel, R. H., Grundy, S. M., and Zimmet, P. Z. (2005). The metabolic syndrome. Lancet 365, 1415–1428. doi: 10.1016/S0140-6736(05)66378-7

 Fiske, A., Wetherell, J. L., and Gatz, M. (2009). Depression in older adults. Ann. Rev. Clin. Psychol. 5, 363–389. doi: 10.1146/annurev.clinpsy.032408.153621

 Flegal, K. M., Graubard, B. I., Williamson, D. F., and Cooper, R. S. (2011). Reverse causation and illness-related weight loss in observational studies of body weight and mortality. Am. J. Epidemiol. 173, 1–9. doi: 10.1093/aje/kwq341

 Gu, Y., Liu, R., Qin, R., Chen, X., Zou, J., Jiang, Y., et al. (2019). Characteristic changes in the default mode network in hypertensive patients with cognitive impairment. Hypertens. Res. 42, 530–540. doi: 10.1038/s41440-018-0176-4

 Herrman, H., Kieling, C., McGorry, P., Horton, R., Sargent, J., and Patel, V. (2018). Reducing the global burden of depression: a Lancet-World Psychiatric Association Commission. Lancet (London, England) 393, e42–e43. doi: 10.1016/S0140-6736(18)32408-5

 Hildrum, B., Mykletun, A., Holmen, J., and Dahl, A. A. (2008). Effect of anxiety and depression on blood pressure: 11-year longitudinal population study. Br. J. Psychiatry 193, 108–113. doi: 10.1192/bjp.bp.107.045013

 Hildrum, B., Mykletun, A., Stordal, E., Bjelland, I., Dahl, A. A., and Holmen, J. (2007). Association of low blood pressure with anxiety and depression: the Nord-Trøndelag health study. J. Epidemiol. Commun. Health 61, 53–58. doi: 10.1136/jech.2005.044966

 Ho, R. C. M., Niti, M., Kua, E. H., and Ng, T.-P. (2008). Body mass index, waist circumference, waist–hip ratio and depressive symptoms in Chinese elderly: a population-based study. Int. J. Geriatr. Psychiatry 23, 401–408. doi: 10.1002/gps.1893

 Huang, T. L. (2005). Serum lipid profiles in major depression with clinical subtypes, suicide attempts and episodes. J. Affect Disord. 86, 75–79. doi: 10.1016/j.jad.2004.11.005

 Instituto Nacional de Estatística IP. (2011). Censos - Resultados definitivos. Portugal. Available online at: https://www.ine.pt/xportal/xmain?xpid=INE&xpgid=ine_publicacoes&PUBLICACOESpub_boui=73212469&PUBLICACOEStema=00&PUBLICACOESmodo=2 (accessed October 16, 2020).


 Kaiser, R. H., Andrews-Hanna, J. R., Wager, T. D., and Pizzagalli, D. A. (2015). Large-scale network dysfunction in major depressive disorder: a meta-analysis of resting-state functional connectivity. JAMA Psychiatry 72, 603–611. doi: 10.1001/jamapsychiatry.2015.0071

 Kan, C., Silva, N., Golden, S. H., Rajala, U., Timonen, M., Stahl, D., et al. (2013). A systematic review and meta-analysis of the association between depression and insulin resistance. Diabetes Care 36, 480–489. doi: 10.2337/dc12-1442

 Kim, E. Y., Kim, S. H., Ha, K., Lee, H. J., Yoon, D. H., and Ahn, Y. M. (2015). Depression trajectories and the association with metabolic adversities among the middle-aged adults. J. Affect. Disord. 188, 14–21. doi: 10.1016/j.jad.2015.08.024

 Kim, J. M., Stewart, R., Kim, S. W., Shin, I. S., Yang, S. J., and Yoon, J. S. (2011). Cholesterol and serotonin transporter polymorphism interactions in late-life depression. Neurobiol. Aging 32, 336–343. doi: 10.1016/j.neurobiolaging.2009.02.017

 Kleinridders, A., Cai, W., Cappellucci, L., Ghazarian, A., Collins, W. R., Vienberg, S. G., et al. (2015). Insulin resistance in brain alters dopamine turnover and causes behavioral disorders. Proc. Natl. Acad. Sci. 112, 3463–3468. doi: 10.1073/pnas.1500877112

 Kuk, J. L., and Ardern, C. I. (2010). Age and sex differences in the clustering of metabolic syndrome factors. association with mortality risk. Diabetes Care 33, 2457–2461. doi: 10.2337/dc10-0942

 Lavretsky, H., Lesser, I. M., Wohl, M., and Miller, B. L. (1998). Relationship of age, age at onset, and sex to depression in older adults. Am. J. Geriatr. Psychiatry 6, 248–256. doi: 10.1097/00019442-199808000-00007

 Lee, S. H., Paz-Filho, G., Mastronardi, C., Licinio, J., and Wong, ML. (2016). Is increased antidepressant exposure a contributory factor to the obesity pandemic? Transl. Psychiatry 6:e759. doi: 10.1038/tp.2016.25

 Lenoir, H., Lacombe, J.-M., Dufouil, C., Ducimetière, P., Hanon, O., Ritchie, K., et al. (2008). Relationship between blood pressure and depression in the elderly. The three-city study. J. Hypertens. 26, 1765–1772. doi: 10.1097/HJH.0b013e3283088d1f

 Levin, B. E., Llabre, M. M., Dong, C., Elkind, M. S., Stern, Y., Rundek, T., et al. (2014). Modeling metabolic syndrome and its association with cognition: the Northern Manhattan study. J. Int. Neuropsychol. Soc. 20, 951–960. doi: 10.1017/S1355617714000861

 Luppino, F. S., de Wit, L. M., Bouvy, P. F., et al. (2010). Overweight, obesity, and depression: a systematic review and meta-analysis of longitudinal studies. Arch. Gen. Psychiatry 67, 220–229. doi: 10.1001/archgenpsychiatry.2010.2

 Lustman, P. J., Anderson, R. J., Freedland, K. E., de Groot, M., Carney, R. M., and Clouse, R. E. (2000). Depression and poor glycemic control: a meta-analytic review of the literature. Diabetes Care 23, 934–942. doi: 10.2337/diacare.23.7.934

 Mansur, R. B., Brietzke, E., and McIntyre, R. S. (2015). Is there a “metabolic-mood syndrome”? a review of the relationship between obesity and mood disorders. Neurosci. Biobehav. Rev. 52, 89–104. doi: 10.1016/j.neubiorev.2014.12.017

 Mathers, C., Fat, D. M., and Boerma, J. T. (2008). The Global Burden of Disease: 2004 Update. World Health Organization. Report No.: 9789241563710.

 Meeks, T. W., Vahia, I. V., Lavretsky, H., Kulkarni, G., and Jeste, D. V. (2011). A tune in “a minor” can “b major”: a review of epidemiology, illness course, and public health implications of subthreshold depression in older adults. J. Affect. Disord. 129, 126–142. doi: 10.1016/j.jad.2010.09.015

 Mezuk, B., Eaton, W. W., Albrecht, S., and Golden, S. H. (2008). Depression and type 2 diabetes over the lifespan: a meta-analysis. Diabetes Care 31, 2383–2390. doi: 10.2337/dc08-0985

 Oda, E. (2012). Metabolic syndrome: its history, mechanisms, and limitations. Acta Diabetologica 49, 89–95. doi: 10.1007/s00592-011-0309-6

 Pan, A., Keum, N., Okereke, O. I., Sun, Q., Kivimaki, M., Rubin, R. R., et al. (2012). Bidirectional association between depression and metabolic syndrome: a systematic review and meta-analysis of epidemiological studies. Diabetes Care 35, 1171–1180. doi: 10.2337/dc11-2055

 Patel, V., Chisholm, D., Parikh, R., Charlson, F. J., Degenhardt, L., Dua, T., et al. (2016). Addressing the burden of mental, neurological, and substance use disorders: key messages from disease control priorities, 3rd edition. Lancet 387, 1672–1685. doi: 10.1016/S0140-6736(15)00390-6

 Paterniti, S., Verdier-Taillefer, M.-H., Geneste, C., Bisserbe, J.-C., and Alpérovitch, A. (2000). Low blood pressure and risk of depression in the elderly: a prospective community-based study. Br. J. Psychiatry. 176, 464–467. doi: 10.1192/bjp.176.5.464

 Pearson, S., Schmidt, M., Patton, G., Dwyer, T., Blizzard, L., Otahal, P., et al. (2010). Depression and insulin resistance: cross-sectional associations in young adults. Diabetes Care 33, 1128–1133. doi: 10.2337/dc09-1940

 Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L., and Petersen, S. E. (2012). Spurious but systematic correlations in functional connectivity MRI networks arise from subject motion. NeuroImage 59, 2142–2154. doi: 10.1016/j.neuroimage.2011.10.018

 Rasgon, N. L., and Kenna, H. A. (2005). Insulin resistance in depressive disorders and Alzheimer's disease: revisiting the missing link hypothesis. Neurobiol. Aging 26, 103–107. doi: 10.1016/j.neurobiolaging.2005.09.004

 Sagud, M., Mihaljevic-Peles, A., Pivac, N., Jakovljevic, M., and Muck-Seler, D. (2009). Lipid levels in female patients with affective disorders. Psychiatry Res. 168, 218–221. doi: 10.1016/j.psychres.2008.06.048

 Santos, N. C., Costa, P. S., Cunha, P., Cotter, J., Sampaio, A., Zihl, J., et al. (2013). Mood is a key determinant of cognitive performance in community-dwelling older adults: a cross-sectional analysis. Age (Dordrecht, Netherlands) 35, 1983–1993. doi: 10.1007/s11357-012-9482-y

 Santos, N. C., Costa, P. S., Cunha, P., Portugal-Nunes, C., Amorim, L., Cotter, J., et al. (2014). Clinical, physical and lifestyle variables and relationship with cognition and mood in aging: a cross-sectional analysis of distinct educational groups. Front. Aging Neurosci. 6:21. doi: 10.3389/fnagi.2014.00021

 Shen, B.-J., Todaro, J. F., Niaura, R., McCaffery, J. M., Zhang, J., Spiro, I. I. I. A., et al. (2003). Are metabolic risk factors one unified syndrome? modeling the structure of the metabolic syndrome X. Am. J. Epidemiol. 157, 701–711. doi: 10.1093/aje/kwg045

 Shen, B. J., Goldberg, R. B., Llabre, M. M., and Schneiderman, N. (2006). Is the factor structure of the metabolic syndrome comparable between men and women and across three ethnic groups: the miami community health study. Ann. Epidemiol. 16, 131–137. doi: 10.1016/j.annepidem.2005.06.049

 Silva, N., Atlantis, E., and Ismail, K. (2012). A review of the association between depression and insulin resistance: pitfalls of secondary analyses or a promising new approach to prevention of type 2 diabetes? Curr. Psychiatry Rep. 14, 8–14. doi: 10.1007/s11920-011-0245-8

 Soares, J. M., Marques, P., Magalhaes, R., Santos, N. C., and Sousa, N. (2017). The association between stress and mood across the adult lifespan on default mode network. Brain Struct. Funct. 222, 101–112. doi: 10.1007/s00429-016-1203-3

 St-Onge, M.-P., and Gallagher, D. (2010). Body composition changes with aging: the cause or the result of alterations in metabolic rate and macronutrient oxidation? Nutrition (Burbank, Los Angeles County, Calif) 26, 152–155. doi: 10.1016/j.nut.2009.07.004

 Taylor, V. H., and Macqueen, G. M. (2010). The role of adipokines in understanding the associations between obesity and depression. J. Obesity 2010:748048. doi: 10.1155/2010/748048

 Taylor, W. D., Aizenstein, H. J., and Alexopoulos, G. S. (2013). The vascular depression hypothesis: mechanisms linking vascular disease with depression. Mol. Psychiatry 18:963. doi: 10.1038/mp.2013.20

 Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., et al. (2002). Automated anatomical labeling of activations in SPM using a macroscopic anatomical parcellation of the MNI MRI single-subject brain. NeuroImage 15, 273–289. doi: 10.1006/nimg.2001.0978

 van Reedt Dortland, A. K. B., Giltay, E. J., van Veen, T., van Pelt, J., Zitman, F. G., and Penninx, B. W. J. H. (2010). Associations between serum lipids and major depressive disorder: results from the Netherlands Study of Depression and Anxiety (NESDA). J. Clin. Psychiatry 71, 729–736. doi: 10.4088/JCP.08m04865blu

 Vargas, H. O., Nunes, S. O. V., Barbosa, D. S., Vargas, M. M., Cestari, A., Dodd, S., et al. (2014). Castelli risk indexes 1 and 2 are higher in major depression but other characteristics of the metabolic syndrome are not specific to mood disorders. Life Sci. 102, 65–71. doi: 10.1016/j.lfs.2014.02.033

 Whitfield-Gabrieli, S., and Ford, J. M. (2012). Default mode network activity and connectivity in psychopathology. Annu. Rev. Clin. Psychol. 8, 49–76. doi: 10.1146/annurev-clinpsy-032511-143049

 Wu, M., Andreescu, C., Butters, M. A., Tamburo, R., and Reynolds, C. F. 3rd, Aizenstein, H. (2011). Default-mode network connectivity and white matter burden in late-life depression. Psychiatry Res. 194, 39–46. doi: 10.1016/j.pscychresns.2011.04.003

 Yan, C.-G., Chen, X., Li, L., Castellanos, F. X., Bai, T.-J., Bo, Q.-J., et al. (2019). Reduced default mode network functional connectivity in patients with recurrent major depressive disorder. Proc. Natl. Acad. Sci. 116, 9078–9083. doi: 10.1073/pnas.1900390116

 Yokoyama, K., Yamada, T., Mitani, H., Yamada, S., Pu, S., Yamanashi, T., et al. (2015). Relationship between hypothalamic–pituitary–adrenal axis dysregulation and insulin resistance in elderly patients with depression. Psychiatry Res. 226, 494–498. doi: 10.1016/j.psychres.2015.01.026

 Zhang, J., Wang, J., Wu, Q., Kuang, W., Huang, X., He, Y., et al. (2011). Disrupted brain connectivity networks in drug-naive, first-episode major depressive disorder. Biol. Psychiatry 70, 334–342. doi: 10.1016/j.biopsych.2011.05.018

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Portugal-Nunes, Reis, Coelho, Moreira, Castanho, Magalhães, Marques, Soares, Amorim, Cunha, Santos, Costa, Palha, Sousa and Bessa. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fnagi-13-618623-g005.gif





OPS/images/fnagi-13-618623-g006.gif





OPS/images/fnagi-13-618623-g003.gif





OPS/images/fnagi-13-618623-g004.gif





OPS/images/inline_1.gif
2
—





OPS/images/fnagi-13-618623-t001.jpg
Variable (M; SD)
Age (years)
GDS score
BMI (kg/m?)
Waist circumference (om)
Fasting glucose (mg/dL)
HOMAZ-IR
Triglycerides (mg/dL)
HDL (mg/dL)
Systolic BP (mmHg)
Diastolic BP (mmHg)
Gender (n; %)
Female
Male
Formal education (n; %)
4 years or less
More than 4 years
Smoking status (n; %)
Nonsmoker
Former smoker
Smoker
Alcohol consumption (n; %)
None
<50 g/day
> 50g/day
Physical activity (n; %)
None
<3 times/week
>3 times/week

Cross-sectional analysis
n=943

67;9.17
10.92; 6.38
28.42;4.38
98.87; 10.42
94.88;29.5

1.29;1.2

123.14; 70.09
54.51;13.74
143.82; 19.76
80.12; 103

492;62.2
451;47.8

792;84
151,16

659; 69.9
222,235
62;6.6

279,206
441,468
223,236

593; 62.9
143;15.2
207;21.9

MRI analysis
n=101

64;8.46
10.63; 6.63
27.9;3.62
97.4;9.06

92.32;30.13
1.36; 1.33

132.96; 100.94
53.9;136

141.95; 18.03
81.56;8.27

74,733
27,267

66; 65.3
26;25.7
9,89






OPS/images/fnagi-13-618623-t002.jpg
Effect Region Peak MNI Cluster size Maximum

coordinates  (voxels)  Zscore
‘GDS x Obesity Superior 44, 54,12 81 4.98
Temporal
Gyrus (Right)
AgexGDSx  Supramarginal 60, ~50, 24 234 419

Blood pressure  Gyrus (Right)





OPS/xhtml/Nav.xhtml




Contents





		Cover



		The Association of Metabolic Dysfunction and Mood Across Lifespan Interacts With the Default Mode Network Functional Connectivity



		Introduction



		Materials and Methods



		Ethics Statement



		Characterization of the Cohort



		Metabolic and Mood Evaluation



		Resting State fMRI Data Acquisition, Preprocessing and Identification of DMN



		Statistical Analysis







		Results



		Characterization of Participants



		Modeling of Metabolic Dysfunction and Components



		Associations of Metabolic Dysfunction and Components With Mood Across Later Life



		Impact of Metabolic Dysfunction (and Components) in the Association Between GDS Score and DMN FC



		The Moderating Effect of Age Upon the Interaction Between Metabolic Dysfunction and GDS Score With Respect to DMN-FC







		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		References

















OPS/images/cover.jpg
’ frontiers
in Aging Neuroscience

The Association of Metabolic
Dysfunction and Mood Across
Lifespan Interacts With the Default
Mode Network Functional
Connectivity





OPS/images/fnagi-13-618623-g001.gif
1050 parciponts
ntary seced e
[y
iy s

07 s xvdion
s v to s

e s

120smcedparicis
sceses ouricane
eiow

(st iees
S s oo ming s

(161 pwpuns s |

‘connecthity snthrs






OPS/images/fnagi-13-618623-g002.gif





OPS/images/inline_2.gif
Xz









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Aging Neuroscience





