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Resting-State Connectivity of the Left Frontal Cortex to the Default Mode and Dorsal Attention Network Supports Reserve in Mild Cognitive Impairment
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Reserve refers to the phenomenon of relatively preserved cognition in disproportion to the extent of neuropathology, e.g., in Alzheimer’s disease. A putative functional neural substrate underlying reserve is global functional connectivity of the left lateral frontal cortex (LFC, Brodmann Area 6/44). Resting-state fMRI-assessed global LFC-connectivity is associated with protective factors (education) and better maintenance of memory in mild cognitive impairment (MCI). Since the LFC is a hub of the fronto-parietal control network that regulates the activity of other networks, the question arises whether LFC-connectivity to specific networks rather than the whole-brain may underlie reserve. We assessed resting-state fMRI in 24 MCI and 16 healthy controls (HC) and in an independent validation sample (23 MCI/32 HC). Seed-based LFC-connectivity to seven major resting-state networks (i.e., fronto-parietal, limbic, dorsal-attention, somatomotor, default-mode, ventral-attention, visual) was computed, reserve was quantified as residualized memory performance after accounting for age and hippocampal atrophy. In both samples of MCI, LFC-activity was anti-correlated with the default-mode network (DMN), but positively correlated with the dorsal-attention network (DAN). Greater education predicted stronger LFC-DMN-connectivity (anti-correlation) and LFC-DAN-connectivity. Stronger LFC-DMN and LFC-DAN-connectivity each predicted higher reserve, consistently in both MCI samples. No associations were detected for LFC-connectivity to other networks. These novel results extend our previous findings on global functional connectivity of the LFC, showing that LFC-connectivity specifically to the DAN and DMN, two core memory networks, enhances reserve in the memory domain in MCI.
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INTRODUCTION

The reserve theory proposes that individuals with favorable cognitive and lifestyle factors such as education, IQ and occupational complexity can transiently maintain relatively high cognitive performance when developing Alzheimer’s disease (AD), the most common cause of dementia in elderly people (Stern, 2012). While results from epidemiological studies have revealed protective factors in aging (Valenzuela and Sachdev, 2006), the neural underpinnings of reserve are still poorly understood. Recently, it was suggested that the fronto-parietal control network plays a crucial role in maintaining mental health and cognition in psychiatric and neurodegenerative diseases (Cole et al., 2014b). Supporting this, we recently found in patients with mild cognitive impairment (MCI) that higher resting-state global functional connectivity of the fronto-parietal control network (Franzmeier et al., 2016a), in particular a hub in the left lateral frontal cortex (LFC, Brodmann Area 6/44, also referred to as inferior frontal junction), is associated with more years of education. Furthermore, higher global LFC-connectivity was associated with a less severe reduction in memory performance at a given level of AD-induced FDG-PET hypometabolism (Franzmeier et al., 2017b), suggesting that LFC-connectivity may underlie previously observed protective effects of education in elderly people with emerging AD pathology (Ewers et al., 2013; Soldan et al., 2013). The fronto-parietal control network is task-invariantly involved in cognition (Duncan, 2010), and shows high connectivity to other networks that are engaged during a particular task (Cole et al., 2013; Helfrich and Knight, 2016). The LFC hub shows strong positive connectivity to fronto-parietal and dorsal attention subnetworks of the control network among other networks, but negative connectivity (anti-correlated) to the default mode network (DMN) (Cole et al., 2012). Since these networks have previously been implicated in episodic memory (Chai et al., 2014; Franzmeier et al., 2017a), it is possible that the global LFC connectivity to those networks is of particular importance for supporting reserve of memory abilities in AD. Thus, rather than assessing global LFC-connectivity at the whole-brain level as done previously (Cole et al., 2012; Franzmeier et al., 2017b), we assessed here systematically the global connectivity of LFC to other resting-state networks as a predictor of higher memory reserve in MCI.

The major aim of the current resting-state fMRI study was to test our hypotheses that (1) higher education is associated with higher LFC-connectivity to other major resting-state functional networks, and (2) higher connectivity between the LFC and other networks is associated with higher memory-related reserve. To address the questions set out by the current study, we computed the global LFC-connectivity to seven major brain networks (i.e., fronto-parietal, limbic, dorsal-attention, somatomotor, default-mode, ventral-attention, visual) (Yeo et al., 2011). Estimation of centrality measures such as resting-state global connectivity shows a relatively high reliability especially among heteromodal brain regions such as the LFC and may thus constitute a feasible measure to study neural mechanisms of reserve (Liao et al., 2013; Zuo and Xing, 2014). Since addressing these hypotheses on LFC to network connectivity required multiple testing, we examined all hypotheses in two independent sets of HC and MCI patients to independently validate our findings. To estimate memory-related reserve, we used a recently developed approach that captures the core of the reserve concept, i.e., how well-preserved memory performance is when accounting for the underlying level of brain pathology (Reed et al., 2010; Zahodne et al., 2013). In brief, we computed the difference between memory performance predicted by the level of age and brain pathology (i.e., hippocampal atrophy) and the actual level of memory performance, which is indicative of an individual’s reserve in the memory domain. We then tested whether higher LFC-connectivity to other networks predicted greater memory-related reserve in MCI. The results of the current study may help further our understanding on whether interactions between the LFC and specific functional networks support reserve in AD.

MATERIALS AND METHODS

Subjects

For the current study we included two independent samples, each comprising both amnestic MCI subjects and healthy controls (HC). The first sample was recruited at the Technische Universität München (TUM) in Munich Germany (henceforth referred to as TUM sample) and encompassed 24 MCI patients and 16 HC. Here, MCI was diagnosed following the recommendations of the National Institute on Aging and the Alzheimer’s Association (Albert et al., 2011). All MCI patients included in the TUM sample met research criteria for prodromal AD, i.e., elevated levels of Amyloid-beta deposition (Aβ) as assessed via PiB-PET (Albert et al., 2011). Detailed descriptions of diagnostic and PET procedures have been reported previously (Koch et al., 2015). HC subjects showed no elevated Aβ levels and normal cognitive performance (i.e., CDR = 0; all CERAD-Plus scores not more than 1 SD below age- and gender-adjusted norms).

The second sample comprised 23 MCI and 32 HC recruited at the Institute for Stroke and Dementia Research (ISD sample), Ludwig-Maximilian University of Munich. Here, MCI was diagnosed according to the Petersen criteria (Petersen, 2004; Petersen et al., 2014), i.e., scoring 1.5 standard deviations below the age and gender-adjusted norms on at least one of the memory subtests of the CERAD-Plus battery (Schmid et al., 2014). HC subjects showed no cognitive symptoms (all CERAD-Plus scores not more than 1.5 SD below age-, gender- and education adjusted norms). Details on inclusion criteria and diagnostic procedures in this sample have been reported previously (Franzmeier et al., 2016a). Patients of both samples underwent structural MRI, resting-state fMRI as well as neuropsychological testing using the CERAD-Plus battery (Schmid et al., 2014).

Both studies were approved by the ethics committees of the respective institutions and conducted in accordance with the 1964 Helsinki declaration and its later amendments. Written informed consent was obtained from all subjects.

MRI Acquisition

TUM Sample

Scanning was performed on a Philips 3T MRI scanner system using an 8-channel phased-array head coil. A structural high-resolution T1-weighted MPRAGE image was recorded with an isotropic voxel resolution of 1mm. fMRI data were recorded using a gradient EPI sequence with a TR/TE = 2000/35 ms, a flip angle of 82°, with an in-plane resolution of 2.75 mm and a slice thickness of 4 mm without an interslice gap. The resting-state fMRI scan comprised a total of 300 volumes, during which subjects were instructed to keep their eyes closed and not to fall asleep.

ISD Sample

All scans were acquired on a Siemens Verio 3T MRI scanner using a 32-channel head coil. Initially, a structural image was obtained using a high-resolution T1-weighted MPRAGE sequence with 1mm isotropic voxels. Resting-state fMRI data were recorded using a EPI pulse sequence with a TR/TE = 2580/30 ms, a flip angle of 80° and 3.5 mm isotropic voxel resolution without an interslice gap. The overall scan comprised 180 volumes prior to which subjects were instructed to keep their eyes closed.

Spatial Normalization of MRI Images

Preprocessing of MRI data was conducted separately for both samples but using the same SPM12-based protocol (Wellcome Trust Centre for Neuroimaging, University College London, United Kingdom1). For each subject, high resolution T1-weighted structural images were segmented into probabilistic grey matter (GM), white matter (WM) and cerebrospinal fluid (CSF) maps via the new-segment approach implemented in SPM12 (Ashburner and Friston, 2005). For spatial normalization, we used DARTEL, a non-linear high-dimensional diffeomorphic registration algorithm that defines a group-specific template by warping each subject’s probabilistic tissue maps to a template space that is defined in an iterative procedure (Ashburner, 2007). This group-specific template was then affine-registered to an MNI template that is implemented in the DARTEL toolbox. Next, the non-linear and the affine transformation parameters were combined and applied to each subjects’ segmented tissue probability maps to achieve spatial normalization to MNI space. To define a group specific GM mask for each sample, the subject-specific spatially-normalized GM maps were averaged and binarized at a voxel value >0.3. In an equivalent step, we averaged and binarized the spatially-normalized WM (binarized at a voxel value >0.9) and CSF (binarized at a voxel value >0.7) maps that were required for denoising of the resting-state fMRI data.

Hippocampal Volume Assessment

As a surrogate for neuronal loss that is highly related to AD pathology and to memory impairment in MCI (Petersen et al., 2000) we assessed the volume of the bilateral hippocampi using a previously described approach that yields highly similar results as manual hippocampal segmentation but has the advantage of being fully automated (Mak et al., 2011). Using the DARTEL flow-fields that were estimated during spatial normalization, we normalized the subject specific GM maps to MNI space and applied an 8 mm full width at half maximum (FWHM) Gaussian smoothing kernel. During the normalization step, modulation was applied to each image, to preserve local GM concentrations while warping the image to MNI space (Good et al., 2001). Each subjects’ normalized and modulated GM map was subsequently masked with a bilateral hippocampus mask selected from the widely used Automatic Anatomic Labeling atlas (Tzourio-Mazoyer et al., 2002). From these masked images we then extracted the bilateral hippocampal volume (Jack et al., 2000; Petersen et al., 2000).

Preprocessing of Resting-State fMRI Data

Preprocessing was conducted using SPM12 again separately for both samples but following the same protocol. In a first step, we discarded the first 10 volumes from each resting-state session due to known stabilization effects of the magnetic field. All remaining EPI volumes were realigned to the first volume and subsequently coregistered to the high-resolution T1-weighted images in native space. None of the scanned subjects showed excessive head motion (translation: >3 mm; rotation: >3°). We further tested whether diagnostic groups (HC vs. MCI) showed differences in head motion. To this end we computed the average frame-wise displacement for each individual following a previously described protocol (Power et al., 2014). When comparing the average frame-wise displacement across diagnostic groups using a two-sample t-test, we found no group differences between HC and MCI [ISD: t(54) = -0.790, p = 0.433; TUM: t(39) = -1.664, p = 0.104]. For spatial normalization to MNI space, the non-linear DARTEL and affine registration parameters that were estimated during preprocessing of the T1-weighted images were combined and applied to the coregistered EPI volumes. All EPI images were subsequently smoothed using an 8 mm FWHM Gaussian kernel, detrended and band-pass filtered, using a frequency band of 0.01–0.08 Hz. We further regressed out the 6 motion parameters (3 translations, 3 rotations) and the BOLD signal averaged across the WM and CSF masks that were created during preprocessing of the T1-weighted images. We did not apply global signal regression since it can artificially introduce anti-correlations in the BOLD signal (Murphy et al., 2009; Murphy and Fox, 2016).

Definition of the LFC Seed Region Associated with Reserve

The location of the LFC ROI was based on our previous study in patients with MCI due to AD, where we showed that greater resting-state global LFC-connectivity was associated with more years of education and allowed to maintain memory performance relatively well in the face of AD-related posterior parietal FDG-PET hypometabolism (Franzmeier et al., 2017b). In brief, the previous study determined the LFC seed ROI as the meta-analytical peak coordinate of brain activation associated with cognitive control (Yarkoni et al., 2011). The LFC ROI was created as a spherical ROI with 8 mm radius centered around that peak coordinate (Brodmann area 6/44; MNI: x = -42, y = 6, z = 28; see Figure 1 for the ROI location), and used as a seed region for all subsequent functional connectivity analyses.
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FIGURE 1. Surface renderings of significant LFC-connectivity in the TUM sample and the ISD sample (pooled across diagnostic groups) at a voxel threshold of α < 0.001, FWE-cluster-corrected at α < 0.05, superimposed on the functional network parcellation that was used for the current analyses. The LFC seed-ROI is superimposed as a blue sphere on surface renderings of the left hemisphere (3rd row).



Resting-State Functional Connectivity Analysis

All functional connectivity analyses were conducted for each subject using the algorithms of the REST toolbox (Song et al., 2011). In a first step, we aimed to explore the spatial pattern of resting-state LFC-connectivity to confirm previous observations that the LFC is positively connected to fronto-parietal brain regions and negatively connected to midline regions belonging to the DMN (Spreng et al., 2010, 2013; Cole et al., 2012; Franzmeier et al., 2017b). To this end, we computed the Pearson-moment correlation between the LFC ROI and each voxel falling within the group specific GM masks. All correlations were subsequently Fisher-z transformed and saved as a 3D functional connectivity map. From these 3D functional connectivity maps, we excluded voxels belonging to the binary LFC ROI to avoid including any autocorrelations in later analyses. Next, we assessed the average connectivity of the LFC to 7 canonical networks that have been reported previously (Yeo et al., 2011) (i.e., DMN, DAN, ventral attention network, somatomotor, visual, fronto-parietal control, limbic). To avoid sample specific bias in network definitions, all network boundaries (see Figure 1, left panel) were defined independent of the current study based on a widely used brain network parcellation scheme assessed on 1000 subjects (Yeo et al., 2011). The downloaded 3D binary network maps were additionally masked with the group specific gray matter mask for each sample. To assess network specific LFC-connectivity for each subject, we then averaged the connectivity values (i.e., Fisher z-transformed correlations) across voxels that fell within each of the network masks. In an additional exploratory analysis, we repeated all above delineated steps, this time using a more fine-grained network parcellation that divides the 7 networks into 17 sub-networks (see Supplementary Figure S1 for network definitions) (Yeo et al., 2011).

Assessment of Memory Reserve

As a measure of memory performance, we used the delayed free recall subscale of the word-list learning test included in the CERAD-Plus battery. The test includes a list of 10 unrelated words for examining memory and is thus suitable for older individuals and cognitively impaired patients for whom longer lists would be too taxing. The words are shown at a rate of 2 s each and presented in a different order in three learning trials. The tested individual is instructed to read out every word to ensure word registration. After each learning trial, the tested individual is asked to recall the list. After a 3 to 5 min delay, retention is tested by free recall (Schmid et al., 2014). Using this free recall score, we assessed memory reserve via a decomposition of episodic memory variance following a modified approach that was introduced previously (Reed et al., 2010; Zahodne et al., 2013). In brief, we determined to what extent an individuals’ memory performance was better or worse than expected based on age, gender and hippocampal volume. To compute the memory reserve score, we applied linear regression in each sample using the word-list delayed free recall score as a dependent variable and regressed out variance explained by hippocampal volume, age and gender. Regression residuals were used as a measure of memory reserve. Figure 2 illustrates the principle of this residualized reserve measure.
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FIGURE 2. Illustration of the principle underlying the memory reserve measure used for the current study. The actual level of memory performance is plotted against the memory performance as predicted by age, gender and hippocampal volume. Individuals whose actual memory performance level is higher than predicted (green circles) have high memory reserve, whereas individuals whose actual memory performance is lower than predicted (red circles) have low memory reserve.



Statistical Analysis

For each sample, group demographics, cognitive scores and hippocampal volume were compared between MCI and HC using two-sample t-tests for continuous measures and Chi-square tests for categorical measures. To map the spatial pattern of LFC-connectivity and to assess whether the LFC exhibits connectivity predominantly to the fronto-parietal brain regions and the DMN similar to previous reports (Spreng et al., 2010, 2013; Cole et al., 2012), we mapped significant LFC-connectivity for each sample (pooled across MCI and HC) in a voxel-wise manner using one-sample t-tests against zero with a voxel threshold of α = 0.001 and a FWE cluster threshold of α = 0.05, to correct for multiple comparisons on the cluster level. To assess the similarity of LFC-connectivity between both samples (ISD vs. TUM) we computed the spatial correlation (Wen et al., 2012) and R2 between significant LFC-connectivity maps, and additionally the dice similarity index (Zou et al., 2004) on binarized thresholded images (i.e., at a voxel threshold of α = 0.001 and a FWE cluster threshold of α = 0.05). Next, we tested our main hypotheses, that greater LFC-connectivity to fronto-parietal networks and the DMN are associated with greater memory reserve in MCI. This hypothesis was assessed on all seven canonical networks to test the specificity of effects for fronto-parietal networks and the DMN. To test our hypotheses, we used linear regression models to assess whether stronger LFC-connectivity to a network predicts higher memory reserve scores, i.e., residualized memory performance after accounting for age, gender and hippocampal volume. To avoid model estimation bias due to multicollinearity among predictors, we ran separate regression models for each of the 7 LFC to network connectivity measures as a predictor of memory reserve. Since our hypotheses clearly specified a directionality of effects (i.e., stronger LFC-connectivity is associated with higher memory reserve), we applied a one-tailed p-threshold in order to consider associations significant. To ensure that these results were not driven by spurious correlations, we repeated the above listed analyses when computing the average LFC to network connectivity only across those voxels that surpassed the group level t-test against 0 (as shown in Figure 1). We further tested whether associations between LFC-connectivity and memory reserve were specific to the stage of MCI or whether these associations also applied to HC. To this end, all models were computed in an equivalent fashion in the HC groups.

In an exploratory analysis, we repeated all above delineated analysis steps this time using the 17-network parcellation (Supplementary Figure S1) that divides the 7 networks into smaller sub-networks. The rationale for including this additional analysis was to test whether associations between memory reserve and LFC-connectivity to the DMN or DAN were driven by connectivity to specific sub-parcels of these networks.

In a last step, we aimed to extend previous findings [i.e., that higher global LFC-connectivity is associated with greater education as the most widely used reserve proxy (Stern, 2012; Franzmeier et al., 2017b)] to the current network-specific hypotheses. To this end we assessed whether more years of education were also associated with increased LFC-connectivity to those networks for which we found a significant association with memory reserve (DMN & DAN). Since education was only available in the ISD sample, this analysis was not independently validated. In brief, we computed linear regression models, with LFC-connectivity (DMN or DAN) as the dependent variable and education as the independent variable, controlling for age and gender.

All linear regression models were computed using the freely available statistical software package R (R Development Core Team, 2013). Linear model assumptions (skewness, kurtosis, heteroscedasticity) were tested using the gvlma function implemented in R. Normal distribution of residuals was assessed using a Shapiro–Wilk test. For all models reported, no significant (α = 0.05) violations of linear model assumptions were found.

RESULTS

Group demographics, cognitive scores and average LFC-connectivity measures are displayed in Table 1. In the ISD sample, the MCI group was significantly older than the HC group. Consistent across both samples, the MCI groups showed significantly lower MMSE and word-list delayed recall scores as well as lower hippocampal volume. In the TUM sample, LFC to DAN connectivity was significantly reduced in MCI when compared with HC (Figure 3).

TABLE 1. Sample characteristics.
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FIGURE 3. Significant group difference (MCI vs. HC) in LFC-connectivity to the DAN in the TUM sample.



Voxel-Wise Mapping of LFC-Connectivity

Figure 1 shows the pattern of significant LFC functional connectivity, as assessed via voxel-wise one-sample t-tests pooled across diagnostic groups in each sample. Visual inspection of the figure reveals that the LFC exhibits significant positive connectivity to regions belonging to the DAN, fronto-parietal control network, VAN and somatomotor network as well as the visual network. Negative connectivity is found predominantly to midline regions belonging to the DMN, as well as inferior temporal brain regions (i.e., limbic network). Overall, this pattern of LFC connectivity is in line with previous research (Cole et al., 2012; Franzmeier et al., 2017b). Comparing the pattern of significant LFC-connectivity across both samples yielded a high similarity as indicated by a high spatial correlation coefficient (r = 0.81, p < 0.001, R2 = 0.66) and dice similarity index of 0.72. When recomputing the spatial correlation using a less restrictive threshold (voxel level α = 0.01, FWE cluster corrected at α = 0.05) thereby including a higher number of voxels showing lower connectivity, the correlation (r = 0.72, p < 0.001, R2= 0.52) and dice similarity index of 0.65 among both samples remained high.

Higher LFC to DMN/DAN Connectivity Is Associated with Greater Memory Reserve in MCI

Next we tested our hypothesis that higher LFC-connectivity to the DMN and DAN predicts greater memory reserve. For the DMN, results of the regression analysis showed that stronger (negative) connectivity between the LFC and the DMN was associated with higher memory reserve in MCI. This association was consistently detected for MCI patients of the TUM [t(22) = -2.569, B/SE = -31.23/12.16, p = 0.0088; Figure 4A, left panel] and ISD sample [t(21) = -2.138, B/SE = -16.18/7.57, p = 0.0222; Figure 4A, right panel]. When computing the average LFC-connectivity only to those voxels that surpassed the group level t-test against 0 (as shown in Figure 1), we obtained congruent associations between LFC-connectivity to the DMN and memory reserve [TUM sample: t(22) = -1.875, B/SE = -18.30/9.76, p = 0.0375; ISD sample: t(21) = -1.961, B/SE = -13.72/6.99, p = 0.0317]. In the HC groups, LFC to DMN connectivity was not associated with memory reserve, neither in the TUM sample [t(10) = -1.301, B/SE = -13.85/10.64, p = 0.111], nor when tested in the ISD sample [t(30) = -0.719, B/SE = -2.71/3.53, p = 0.239].
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FIGURE 4. Scatterplots for the independently validated associations between LFC to DMN (A) and LFC to DAN (B) connectivity and memory reserve in MCI subjects.



For the DAN, higher (positive) connectivity between the LFC and DAN was associated with greater memory reserve in MCI consistently across the TUM [t(22) = 1.992, B/SE = 14.69/7.38, p = 0.0295; Figure 4B, left panel] and ISD sample [t(21) = 1.737, B/SE = 7.44/4.28, p = 0.0489; Figure 4B, right panel]. When assessing LFC-connectivity to the DAN based on only those correlations that surpassed the group-level t-test against 0 (Figure 1), we obtained a similar result including significant effects of LFC to DAN connectivity on memory reserve [TUM sample: t(22) = 2.311, B/SE = 13.86/6.00, p = 0.0153; ISD sample: t(21) = 2.123, B/SE = 7.51/3.54, p = 0.0229]. Again, no associations between LFC to DAN connectivity and memory reserve were found for HC subjects [TUM: t(10) = 0.827, B/SE = 9.51/11.50, p = 0.2135; ISD: t(30) = -0.642, B/SE = -1.63/2.61, p = 0.269].

When testing whether LFC-connectivity to other networks (visual, somatomotor, fronto-parietal control, ventral attention, limbic; see Figure 2 for network boundaries) predicted better memory reserve in MCI or HC, no significant associations were detected, neither for MCI nor HC of both samples (Supplementary Table S1). This result pattern remained unchanged when restricting the analysis to voxels that surpassed the group-level t-test against 0. Together, these results suggesting specificity of our findings for LFC-connectivity to the DMN and DAN as predictors of memory reserve. This was confirmed by our exploratory analysis, where we tested the association between memory reserve and LFC-connectivity to sub-parcels of the larger networks (Supplementary Figure S1). Here, we could show that greater (negative) LFC-connectivity to large medial and lateral parcels of the DMN (16 and 17 in Supplementary Figure S1) and greater (positive) LFC-connectivity to all parcels of the DAN (5 and 6 in Supplementary Figure S1) was predictive of memory reserve in MCI across both samples. Statistical details on these analyses can be found in Supplementary Table S2. Again, this result pattern remained unchanged when restricting the analysis to voxels that surpassed the group-level t-test against 0.

LFC to DMN and DAN Connectivity Is Associated with Education in MCI

In a last step we aimed to extend previous findings, that LFC-connectivity to those networks for which we found significant associations between LFC-connectivity and memory reserve is associated with years of education as a common reserve proxy. As shown by our regression analyses, greater education predicted higher (negative) LFC to DMN [t(19) = -1.771, B/SE = -0.006/0.003, p = 0.046] and higher (positive) LFC to DAN connectivity [t(19) = 2.248, B/SE = 0.011/0.005, p = 0.018] in the ISD sample. In the HC group, no significant associations between education and LFC-connectivity were detected [LFC to DMN: t(28) = 0.795, B/SE = 0.005/0.005, p = 0.217; LFC to DAN: t(28) = -1.016, B/SE = -0.007/0.007, p = 0.159].

DISCUSSION

Our major findings were that in MCI greater LFC-connectivity specifically to the DMN as well as the DAN was associated with higher memory-related reserve, i.e., relatively high memory performance when accounting for the level of brain pathology. These findings suggest that resting-state connectivity levels of the LFC to particular other networks contributes to memory-related reserve in MCI.

We showed that the LFC exhibits widespread functional connectivity to fronto-parietal and DMN networks, where higher LFC activity was associated with higher activity within the DAN regions, and lower activity within the DMN. These results are consistent with previous findings of the LFC as a hub of the task-positive network including the DAN, which is anti-correlated with the DMN (Spreng et al., 2010, 2013; Cole et al., 2012).

Both the DMN as well as the DAN have been consistently shown to be fundamentally involved in memory (Buckner et al., 2008; Kim et al., 2010; Spreng and Grady, 2010; Kim, 2015), where higher within network connectivity and higher DMN-DAN anti-correlation was associated with higher memory ability in neurodegenerative diseases (Sorg et al., 2007; Mevel et al., 2011; Finke et al., 2013; Zhang et al., 2015; Meskaldji et al., 2016; Franzmeier et al., 2017a). A previous study assessing task-related functional connectivity of fronto-parietal hubs including the LFC, has reported that the fronto-parietal control network couples with networks such as the DAN and DMN during task-demands, which was suggested to facilitate adaptive task performance (Cole et al., 2013). Since previous evidence shows that task-related brain activation and task-related connectivity are correlated with resting-state connectivity (Cole et al., 2014a; Tavor et al., 2016), it is possible that higher resting-state LFC connectivity to the DMN and DAN is predictive of higher LFC coupling to these networks during memory tasks. Studies on effective connectivity showed that the LFC is the driving force controlling the activity of other brain networks such as the DAN and the DMN (Gao and Lin, 2012; Wen et al., 2013). Future studies assessing effective connectivity may thus address whether the effective connectivity of the LFC to other networks is linked to greater memory performance during task in AD.

For HC, we did not detect any associations between resting-state LFC-connectivity and memory-related reserve. Possible explanations include ceiling effects in memory performance levels in the HC subjects or absence of AD pathology and ensuing aggravated hippocampal atrophy. Note that the delayed recall memory measure that was used to compute the residualized memory reserve score is tailored for the clinical detection of cognitive impairment and may thus be less amenable to detect slight cognitive decline in cognitively asymptomatic controls. Thus the absence of the detection between an association of LFC-connectivity and residualized memory performance in the HC groups of the current study may have been due to ceiling effects. As an alternative explanation for the current results, in the HC groups neurodegeneration may not be advanced to a level at which memory maintenance becomes reliant on high levels of resting-state connectivity of the LFC hub. We point out, however, that when the same HC subjects in the ISD sample were challenged with a difficult face-name association task, task-related LFC-connectivity was associated with higher education and memory reserve as assessed on task performance levels (Franzmeier et al., 2017c). Thus, we conclude that high levels of LFC-connectivity become crucial for reserve once the brain is challenged.

A strength of the current study is that we found an identical pattern of associations between LFC-connectivity to the DMN and DAN and reserve in the memory domain in two independent samples and when using different network parcellations, which guards against overfitting of statistical models in a given sample and Type I error in the face of multiple testing. However, when interpreting the results of the current study, several caveats should be considered. Since education was only available in one of our samples (ISD sample), the associations between education and LFC-connectivity in MCI could not be independently validated. However, our current results are in line with the findings of our previous study based on data from the Alzheimer’s disease neuroimaging initiative (Franzmeier et al., 2017b), showing that greater education is associated with increased LFC-connectivity in MCI-Aβ+ subjects, where greater LFC-connectivity attenuated detrimental effects of parietal FDG-PET hypometabolism on memory. Thus, the association between LFC-connectivity and education in MCI in the ISD sample is unlikely to be spurious. Furthermore, we assessed LFC-connectivity and its association with reserve at the symptomatic stage in subjects at increased risk of AD. It remains to be demonstrated whether LFC-connectivity supports reserve already at the preclinical stages of AD including cognitively normal subjects with emerging Aβ pathology or subjective cognitive decline as well as at the more progressed AD stage when mild dementia is visible. Future studies should assess the role of LFC-connectivity also in those other stages of AD ranging from preclinical to dementia, where reserve effects were reported (Meng and D’Arcy, 2012; Ewers et al., 2013). Life-span studies could be informative about the trajectory of LFC connectivity changes both in normal and pathological aging. Previous lifespan studies in HC subjects have shown age-relate decline in the fronto-parietal control network (Geerligs et al., 2015) and brain hubs such as the LFC (Betzel et al., 2014; Zuo et al., 2017). Life-span studies could also address to what extent life experiences such as education or occupational attainment, i.e., factors associated with higher reserve, are predictive of inter-individual differences in the trajectories of LFC-connectivity. In the current study, no strong indication of pathological decreases in LFC-connectivity to the DMN and DAN were found, suggesting that LFC-connectivity is relatively spared in AD. Thus, the understanding of the pre-morbid trajectories of LFC-connectivity may be pivotal in order to predict reserve capacity at an individual level in neurodegenerative diseases including AD.

In order to establish LFC-connectivity as a functional measure of reserve, test–retest reliability of LFC-connectivity estimation is fundamental. Previous studies have reported that test–retest reliability of centrality measures such as global connectivity or regional homogeneity is highest in heteromodal regions like the LFC and in higher order networks such as the DAN and DMN (Liao et al., 2013; Zuo and Xing, 2014). However, we encourage future studies to specifically assess test–retest reliability of LFC-connectivity estimation across healthy and clinical populations to support its use as a functional measure of reserve.

Overall, our results provide novel insight in how the LFC supports reserve in MCI via connectivity to memory-related functional networks. These findings could act as a starting point to assess modifiability of LFC-connectivity via cognitive and pharmacological interventions or brain stimulation (Dhanjal and Wise, 2014; Drumond Marra et al., 2015; Franzmeier et al., 2016b). Previous studies support the concept that transcranial magnetic stimulation on the LFC can improve memory in MCI (Drumond Marra et al., 2015) and that pharmacological treatment with acetylcholinesterase inhibitors increases frontal resting-state connectivity (Zaidel et al., 2012) and task-related frontal brain activation (Dhanjal and Wise, 2014). Together, this renders the LFC a promising target for fostering reserve mechanisms, which holds potential for secondary prevention of AD.

AUTHOR CONTRIBUTIONS

NF, study concept and design, data collection, statistical analysis, interpretation of the data, and drafting the manuscript. JG, TG, AD, MÁ-C, AT, LS-V, KB, CC, DJ, CM, MD, CS: data collection and critically revising the manuscript. ME, study concept and design, interpretation of the data, and drafting the manuscript.

ACKNOWLEDGMENTS

This work was supported by grants from the LMU excellent Initiative, the European Commission [PCIG12-GA-2012-334259] and the Alzheimer Forschung Initiative [DE-15035] awarded to ME and by grants from the German research foundations [SO1336] and the Alzheimer Forschung Initiative [DE-12819] awarded to CS.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: http://journal.frontiersin.org/article/10.3389/fnagi.2017.00264/full#supplementary-material

FIGURE S1 | Surface rendering of the 17-network parcellation that divides the 7 networks into smaller sub-networks. Network affiliations corresponding to the 7-network parcellation are displayed for each parcel.

FOOTNOTES

1 www.fil.ion.ucl.ac.uk/spm

REFERENCES

Albert, M. S., Dekosky, S. T., Dickson, D., Dubois, B., Feldman, H. H., Fox, N. C., et al. (2011). The diagnosis of mild cognitive impairment due to Alzheimer’s disease: recommendations from the National Institute on Aging-Alzheimer’s Association workgroups on diagnostic guidelines for Alzheimer’s disease. Alzheimers Dement. 7, 270–279. doi: 10.1016/j.jalz.2011.03.008

Ashburner, J. (2007). A fast diffeomorphic image registration algorithm. Neuroimage 38, 95–113. doi: 10.1016/j.neuroimage.2007.07.007

Ashburner, J., and Friston, K. J. (2005). Unified segmentation. Neuroimage 26, 839–851. doi: 10.1016/j.neuroimage.2005.02.018

Betzel, R. F., Byrge, L., He, Y., Goni, J., Zuo, X. N., and Sporns, O. (2014). Changes in structural and functional connectivity among resting-state networks across the human lifespan. Neuroimage 102(Pt 2), 345–357. doi: 10.1016/j.neuroimage.2014.07.067

Buckner, R. L., Andrews-Hanna, J. R., and Schacter, D. L. (2008). The brain’s default network: anatomy, function, and relevance to disease. Ann. N. Y. Acad. Sci. 1124, 1–38. doi: 10.1196/annals.1440.011

Chai, X. J., Ofen, N., Gabrieli, J. D., and Whitfield-Gabrieli, S. (2014). Selective development of anticorrelated networks in the intrinsic functional organization of the human brain. J. Cogn. Neurosci. 26, 501–513. doi: 10.1162/jocn_a_00517

Cole, M. W., Bassett, D. S., Power, J. D., Braver, T. S., and Petersen, S. E. (2014a). Intrinsic and task-evoked network architectures of the human brain. Neuron 83, 238–251. doi: 10.1016/j.neuron.2014.05.014

Cole, M. W., Repovs, G., and Anticevic, A. (2014b). The frontoparietal control system: a central role in mental health. Neuroscientist 20, 652–664. doi: 10.1177/1073858414525995

Cole, M. W., Reynolds, J. R., Power, J. D., Repovs, G., Anticevic, A., and Braver, T. S. (2013). Multi-task connectivity reveals flexible hubs for adaptive task control. Nat. Neurosci. 16, 1348–1355. doi: 10.1038/nn.3470

Cole, M. W., Yarkoni, T., Repovs, G., Anticevic, A., and Braver, T. S. (2012). Global connectivity of prefrontal cortex predicts cognitive control and intelligence. J. Neurosci. 32, 8988–8999. doi: 10.1523/JNEUROSCI.0536-12.2012

Dhanjal, N. S., and Wise, R. J. (2014). Frontoparietal cognitive control of verbal memory recall in Alzheimer’s disease. Ann. Neurol. 76, 241–251. doi: 10.1002/ana.24199

Drumond Marra, H. L., Myczkowski, M. L., Maia Memoria, C., Arnaut, D., Leite Ribeiro, P., Sardinha Mansur, C. G., et al. (2015). Transcranial magnetic stimulation to address mild cognitive impairment in the elderly: a randomized controlled study. Behav. Neurol. 2015:287843. doi: 10.1155/2015/287843

Duncan, J. (2010). The multiple-demand (MD) system of the primate brain: mental programs for intelligent behaviour. Trends Cogn. Sci. 14, 172–179. doi: 10.1016/j.tics.2010.01.004

Ewers, M., Insel, P. S., Stern, Y., Weiner, M. W., and Alzheimer’s Disease Neuroimaging Initiative (ADNI) (2013). Cognitive reserve associated with FDG-PET in preclinical Alzheimer disease. Neurology 80, 1194–1201. doi: 10.1212/WNL.0b013e31828970c2

Finke, K., Myers, N., Bublak, P., and Sorg, C. (2013). A biased competition account of attention and memory in Alzheimer’s disease. Philos. Trans. R. Soc. Lond. B Biol. Sci. 368, 20130062. doi: 10.1098/rstb.2013.0062

Franzmeier, N., Buerger, K., Teipel, S., Stern, Y., Dichgans, M., Ewers, M., et al. (2017a). Cognitive reserve moderates the association between functional network anti-correlations and memory in MCI. Neurobiol. Aging 50, 152–162. doi: 10.1016/j.neurobiolaging.2016.11.013

Franzmeier, N., Caballero, M. Á. A., Taylor, A. N. W., Simon-Vermot, L., Buerger, K., Ertl-Wagner, B., et al. (2016a). Resting-state global functional connectivity as a biomarker of cognitive reserve in mild cognitive impairment. Brain Imaging Behav. 11, 368–382. doi: 10.1007/s11682-016-9599-1

Franzmeier, N., Duering, M., Weiner, M., Dichgans, M., Ewers, M., and Alzheimer’s Disease Neuroimaging Initiative (ADNI) (2017b). Left frontal cortex connectivity underlies cognitive reserve in prodromal Alzheimer disease. Neurology 88, 1054–1061. doi: 10.1212/WNL.0000000000003711

Franzmeier, N., Hartmann, J. C., Taylor, A. N., Araque Caballero, M. A., Simon-Vermot, L., Buerger, K., et al. (2017c). Left frontal hub connectivity during memory performance supports reserve in aging and mild cognitive impairment. J. Alzheimers Dis. doi: 10.3233/JAD-170360 [Epub ahead of print].

Franzmeier, N., Unterauer, E., Ewers, M., Düring, M., Müller, C., Ruiescu, D., et al. (2016b). Effects of age, APOE 𝜀4, cognitive reserve and hippocampal volume on cognitive intervention outcome in amnestic mild cognitive impairment. J. Alzheimers Dis. Parkinsonism 6:4. doi: 10.4172/2161-0460.1000246

Gao, W., and Lin, W. (2012). Frontal parietal control network regulates the anti-correlated default and dorsal attention networks. Hum. Brain Mapp. 33, 192–202. doi: 10.1002/hbm.21204

Geerligs, L., Renken, R. J., Saliasi, E., Maurits, N. M., and Lorist, M. M. (2015). A Brain-wide study of age-related changes in functional connectivity. Cereb. Cortex 25, 1987–1999. doi: 10.1093/cercor/bhu012

Good, C. D., Johnsrude, I. S., Ashburner, J., Henson, R. N., Friston, K. J., and Frackowiak, R. S. (2001). A voxel-based morphometric study of ageing in 465 normal adult human brains. Neuroimage 14, 21–36. doi: 10.1006/nimg.2001.0786

Helfrich, R. F., and Knight, R. T. (2016). Oscillatory dynamics of prefrontal cognitive control. Trends Cogn. Sci. 20, 916–930. doi: 10.1016/j.tics.2016.09.007

Jack, C. R. Jr., Petersen, R. C., Xu, Y., O’Brien, P. C., Smith, G. E., Ivnik, R. J., et al. (2000). Rates of hippocampal atrophy correlate with change in clinical status in aging and AD. Neurology 55, 484–489. doi: 10.1212/WNL.55.4.484

Kim, H. (2015). Encoding and retrieval along the long axis of the hippocampus and their relationships with dorsal attention and default mode networks: the HERNET model. Hippocampus 25, 500–510. doi: 10.1002/hipo.22387

Kim, H., Daselaar, S. M., and Cabeza, R. (2010). Overlapping brain activity between episodic memory encoding and retrieval: roles of the task-positive and task-negative networks. Neuroimage 49, 1045–1054. doi: 10.1016/j.neuroimage.2009.07.058

Koch, K., Myers, N. E., Gottler, J., Pasquini, L., Grimmer, T., Forster, S., et al. (2015). Disrupted intrinsic networks link amyloid-beta pathology and impaired cognition in prodromal Alzheimer’s disease. Cereb. Cortex 25, 4678–4688. doi: 10.1093/cercor/bhu151

Liao, X. H., Xia, M. R., Xu, T., Dai, Z. J., Cao, X. Y., Niu, H. J., et al. (2013). Functional brain hubs and their test-retest reliability: a multiband resting-state functional MRI study. Neuroimage 83, 969–982. doi: 10.1016/j.neuroimage.2013.07.058

Mak, H. K., Zhang, Z., Yau, K. K., Zhang, L., Chan, Q., and Chu, L. W. (2011). Efficacy of voxel-based morphometry with DARTEL and standard registration as imaging biomarkers in Alzheimer’s disease patients and cognitively normal older adults at 3.0 Tesla MR imaging. J. Alzheimers Dis. 23, 655–664. doi: 10.3233/JAD-2010-101659

Meng, X., and D’Arcy, C. (2012). Education and dementia in the context of the cognitive reserve hypothesis: a systematic review with meta-analyses and qualitative analyses. PLoS ONE 7:e38268. doi: 10.1371/journal.pone.0038268

Meskaldji, D.-E., Preti, M. G., Bolton, T. A. W., Montandon, M.-L., Rodriguez, C., Morgenthaler, S., et al. (2016). Prediction of long-term memory scores in MCI based on resting-state fMRI. Neuroimage 12, 785–795. doi: 10.1016/j.nicl.2016.10.004

Mevel, K., Chetelat, G., Eustache, F., and Desgranges, B. (2011). The default mode network in healthy aging and Alzheimer’s disease. Int. J. Alzheimers Dis. 2011:535816. doi: 10.4061/2011/535816

Murphy, K., Birn, R. M., Handwerker, D. A., Jones, T. B., and Bandettini, P. A. (2009). The impact of global signal regression on resting state correlations: are anti-correlated networks introduced? Neuroimage 44, 893–905. doi: 10.1016/j.neuroimage.2008.09.036

Murphy, K., and Fox, M. D. (2016). Towards a consensus regarding global signal regression for resting state functional connectivity MRI. Neuroimage 154, 169–173. doi: 10.1016/j.neuroimage.2016.11.052

Petersen, R. C. (2004). Mild cognitive impairment as a diagnostic entity. J. Intern. Med. 256, 183–194. doi: 10.1111/j.1365-2796.2004.01388.x

Petersen, R. C., Caracciolo, B., Brayne, C., Gauthier, S., Jelic, V., and Fratiglioni, L. (2014). Mild cognitive impairment: a concept in evolution. J. Intern. Med. 275, 214–228. doi: 10.1111/joim.12190

Petersen, R. C., Jack, C. R. Jr., Xu, Y. C., Waring, S. C., O’Brien, P. C., Smith, G. E., et al. (2000). Memory and MRI-based hippocampal volumes in aging and AD. Neurology 54, 581–587. doi: 10.1212/WNL.54.3.581

Power, J. D., Mitra, A., Laumann, T. O., Snyder, A. Z., Schlaggar, B. L., and Petersen, S. E. (2014). Methods to detect, characterize, and remove motion artifact in resting state fMRI. Neuroimage 84, 320–341. doi: 10.1016/j.neuroimage.2013.08.048

 R Development Core Team (2013). R: A Language and Environment for Statistical Computing. Vienna: R Foundation for Statistical Computing.

Reed, B. R., Mungas, D., Farias, S. T., Harvey, D., Beckett, L., Widaman, K., et al. (2010). Measuring cognitive reserve based on the decomposition of episodic memory variance. Brain 133, 2196–2209. doi: 10.1093/brain/awq154

Schmid, N. S., Ehrensperger, M. M., Berres, M., Beck, I. R., and Monsch, A. U. (2014). The extension of the German CERAD neuropsychological assessment battery with tests assessing subcortical, executive and frontal functions improves accuracy in dementia diagnosis. Dement. Geriatr. Cogn. Dis. Extra 4, 322–334. doi: 10.1159/000357774

Soldan, A., Pettigrew, C., Li, S., Wang, M. C., Moghekar, A., Selnes, O. A., et al. (2013). Relationship of cognitive reserve and cerebrospinal fluid biomarkers to the emergence of clinical symptoms in preclinical Alzheimer’s disease. Neurobiol. Aging 34, 2827–2834. doi: 10.1016/j.neurobiolaging.2013.06.017

Song, X. W., Dong, Z. Y., Long, X. Y., Li, S. F., Zuo, X. N., Zhu, C. Z., et al. (2011). REST: a toolkit for resting-state functional magnetic resonance imaging data processing. PLoS ONE 6:e25031. doi: 10.1371/journal.pone.0025031

Sorg, C., Riedl, V., Muhlau, M., Calhoun, V. D., Eichele, T., Laer, L., et al. (2007). Selective changes of resting-state networks in individuals at risk for Alzheimer’s disease. Proc. Natl. Acad. Sci. U.S.A. 104, 18760–18765. doi: 10.1073/pnas.0708803104

Spreng, R. N., and Grady, C. L. (2010). Patterns of brain activity supporting autobiographical memory, prospection, and theory of mind, and their relationship to the default mode network. J. Cogn. Neurosci. 22, 1112–1123. doi: 10.1162/jocn.2009.21282

Spreng, R. N., Sepulcre, J., Turner, G. R., Stevens, W. D., and Schacter, D. L. (2013). Intrinsic architecture underlying the relations among the default, dorsal attention, and frontoparietal control networks of the human brain. J. Cogn. Neurosci. 25, 74–86. doi: 10.1162/jocn_a_00281

Spreng, R. N., Stevens, W. D., Chamberlain, J. P., Gilmore, A. W., and Schacter, D. L. (2010). Default network activity, coupled with the frontoparietal control network, supports goal-directed cognition. Neuroimage 53, 303–317. doi: 10.1016/j.neuroimage.2010.06.016

Stern, Y. (2012). Cognitive reserve in ageing and Alzheimer’s disease. Lancet Neurol. 11, 1006–1012. doi: 10.1016/S1474-4422(12)70191-6

Tavor, I., Parker Jones, O., Mars, R. B., Smith, S. M., Behrens, T. E., and Jbabdi, S. (2016). Task-free MRI predicts individual differences in brain activity during task performance. Science 352, 216–220. doi: 10.1126/science.aad8127

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

Valenzuela, M. J., and Sachdev, P. (2006). Brain reserve and dementia: a systematic review. Psychol. Med. 36, 441–454. doi: 10.1017/S0033291705006264

Wen, X., Liu, Y., Yao, L., and Ding, M. (2013). Top-down regulation of default mode activity in spatial visual attention. J. Neurosci. 33, 6444–6453. doi: 10.1523/JNEUROSCI.4939-12.2013

Wen, X., Mo, J., and Ding, M. (2012). Exploring resting-state functional connectivity with total interdependence. Neuroimage 60, 1587–1595. doi: 10.1016/j.neuroimage.2012.01.079

Yarkoni, T., Poldrack, R. A., Nichols, T. E., Van Essen, D. C., and Wager, T. D. (2011). Large-scale automated synthesis of human functional neuroimaging data. Nat. Methods 8, 665–670. doi: 10.1038/nmeth.1635

Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D., Hollinshead, M., et al. (2011). The organization of the human cerebral cortex estimated by intrinsic functional connectivity. J. Neurophysiol. 106, 1125–1165. doi: 10.1152/jn.00338.2011

Zahodne, L. B., Manly, J. J., Brickman, A. M., Siedlecki, K. L., Decarli, C., and Stern, Y. (2013). Quantifying cognitive reserve in older adults by decomposing episodic memory variance: replication and extension. J. Int. Neuropsychol. Soc. 19, 854–862. doi: 10.1017/S1355617713000738

Zaidel, L., Allen, G., Cullum, C. M., Briggs, R. W., Hynan, L. S., Weiner, M. F., et al. (2012). Donepezil effects on hippocampal and prefrontal functional connectivity in Alzheimer’s disease: preliminary report. J. Alzheimers. Dis. 31(Suppl. 3), S221–S226. doi: 10.3233/JAD-2012-120709

Zhang, Z., Zheng, H., Liang, K., Wang, H., Kong, S., Hu, J., et al. (2015). Functional degeneration in dorsal and ventral attention systems in amnestic mild cognitive impairment and Alzheimer’s disease: an fMRI study. Neurosci. Lett. 585, 160–165. doi: 10.1016/j.neulet.2014.11.050

Zou, K. H., Warfield, S. K., Bharatha, A., Tempany, C. M., Kaus, M. R., Haker, S. J., et al. (2004). Statistical validation of image segmentation quality based on a spatial overlap index. Acad. Radiol. 11, 178–189. doi: 10.1016/S1076-6332(03)00671-8

Zuo, X. N., He, Y., Betzel, R. F., Colcombe, S., Sporns, O., and Milham, M. P. (2017). Human connectomics across the life span. Trends Cogn. Sci. 21, 32–45. doi: 10.1016/j.tics.2016.10.005

Zuo, X. N., and Xing, X. X. (2014). Test-retest reliabilities of resting-state FMRI measurements in human brain functional connectomics: a systems neuroscience perspective. Neurosci. Biobehav. Rev. 45, 100–118. doi: 10.1016/j.neubiorev.2014.05.009

Conflict of Interest Statement: Outside the submitted work TG reported having received consulting fees from Actelion, Eli Lilly, MSD; Novartis, Quintiles, Roche Pharma, lecture fees from Biogen, Lilly, Parexel, Roche Pharma, and grants to his institution from Actelion and PreDemTech.

The other 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.

Copyright © 2017 Franzmeier, Göttler, Grimmer, Drzezga, Áraque-Caballero, Simon-Vermot, Taylor, Bürger, Catak, Janowitz, Müller, Duering, Sorg and Ewers. 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) or licensor 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/cover.jpg
, frontiers

in Aging Neuroscience

Resting-State Connectivity of the
Left Frontal Cortex to the Default
Mode and Dorsal Attention
Network Supports Reserve in Mild
Cognitive Impairment





OPS/images/fnagi-09-00264-t001.jpg
Age
Gender (m/f)

Years of education

APOE genotype (¢4
carier/non-cartier/not available)
MMSE score

CERAD word list delayed recall
score

LFG to DMN connectivity
LFG to DAN connectivity
Hippocampal Volume (in mi)

IMCI > HC, 2MCI < HC (p < 0.05); 3scores were only available for 12 HC subjects of the TUM sample.

HC (n = 16)

65.25 (5.51)
779
na.

7/6/3

2912 (0.81)
7.42 (1.68)°

~0.16 (0.05)
0.32(0.08)
5.85(0.37)

TUM

MCI (n = 24)

68.50 (8.28)
14/10
na
14/8/2

26.96 (1.60/2
4.08 (2.697

~0.15 (0.04)
024 (0,077
523 (0.68

HC (0 =32)

71.27 (5.26)
14/18
13.94 (3.06)
9/23

29.44 (0.80)
8.34 (1.43)

—0.18(0.07)
0.34(0.09)
5.61(0.63)

IsD

MCI (n = 23)

75.68 (4.22)!
o4
13.36 (3.59)
1A1A

26.32 (2.38)2
4.05 (2.24)7

~0.16 (0.05)
0.32(0.09)
5.04 (0.76)?





OPS/images/cross.jpg
3,

i





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





OPS/images/fnagi-09-00264-g004.jpg
A

Memory reserve

Memory reserve

TUM sample (MCI-AR+)

6" °
3+
O o
_3 o
p =0.0088 .
-0.24 -0.20 -0.16 -0.12 -0.08

-3

-2 4

ISD sample (MCI)

p =0.0222

-0.25

-0.20

LFC to DMN connectivity

p = 0.0295

0.2 0.3 0.4

-2

-0.15

-0.10

0.2

0.3

LFC to DAN connectivity






OPS/images/fnagi-09-00264-g003.jpg
TUM sample

T
0S0

T T T T T T
gy'0 O0r0 G0 0€0 G20 020

AlAnosuuod NyQ@ 0l D471

T
S0

MCI

HC





OPS/images/fnagi-09-00264-g002.jpg
aniesey JayblH oAlesaYy JomoT

- e

aouewJopad Alowaw pazienpisay

aouewlopad Alowsw [enjoy

Memory performance as predicted by hippocampal

volume, age & gender





OPS/images/fnagi-09-00264-g001.jpg
Functional Networks TUM Sample ISD Sample

t-score

15 I 15

Fronto-parietal control Limbic B Dorsal attention | Somatomotor
Default-mode I Ventral attention [l Visual





