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ARTICLE INFO ABSTRACT

Whether superior intelligence is associated with global lower resource consumption in the brain remains un-
resolved. In order to tap fluid intelligence “Gf” cortical networks, 50 neurologically healthy adults were func-
tionally neuro-imaged while solving a modified version of the Raven Advanced Progressive Matrices. “Gf”
predicted increased activation of key components of the dorsal attention network (DAN); and age predicted
extent of simultaneous deactivation in key components of the default mode network (DMN) during problem-
solving. However, there was no significant difference in mean levels of whole brain activation even when
cognitively taxed. This suggests that the brain may dynamically switch resource consumption between these
anti-correlated DAN and DMN networks, concentrating processing power in regions critical to enhanced cog-
nitive performance. We term this mechanism of activation increase and decrease of these anti-correlated DAN/
DMN systems, modulated by “Gf” and age, as “distributed neural efficiency”. This may achieve local cost-effi-
ciency trade-offs, while maintaining global energy homeostasis.
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1. Introduction

A neural efficiency hypothesis (NEH) proposes that better cognitive
performance is associated with lower global cortical energy consump-
tion [1,2]. While early studies supported the NEH, later ones have
suggested moderating variables such as age, gender [3,4], task type,
task demands [5], training, task familiarity and brain area [6]. An al-
ternate view has emerged, suggesting that the NEH is valid when task
difficulty is moderate to low, but that when highly challenging cogni-
tive tasks are performed, task-specific brain regions rise to the challenge
and consume more energy [5,6].

It is suggested that neural efficiency declines in older adults, where
there may be compensation-related utilization of neural circuits
(CRUNC—Hypothesis) resulting in either over or under-activation of
neural circuits involved in cognitive processing [7]. Fluid intelligence
or “Gf” [8], known to decline with age [9,10], is vital for adaptive
response to novelty and is relatively independent of learning and prior
knowledge. The aging process may be linked to the gradual reduction of
energy sources such as ATP (adenosine triphosphate) which creates
cascading events of metabolic slowdown and dysfunctions that result in
structural degeneration [11]. Thus aging individuals who may be ex-
periencing metabolic slowdown, may be additionally challenged in
brain function when attempting to acquire new skills or learn new in-
formation, a topic of relevance to gerontological education [12].
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Hence, we focus our attention in this study on how neural efficiency
may be modulated by age and fluid intelligence as task challenge in-
creases in a functional imaging resonance (fMR) study assessing “Gf”. In
this fMR task, we examined levels of brain activity by measuring the
BOLD (blood oxygenation level dependent) response when people
perform an increasingly challenging test of mental agility that tests
“Gf”. There is emerging evidence that the BOLD signal is strongly
coupled with the metabolic demands of adjacent neural activity in both
experimental conditions and when computationally modeled [13-15].
Hence the extent of signal change of the BOLD response in this task,
may putatively and indirectly assay extent of brain resource con-
sumption and energy expenditure.

The largest metabolic energy cost in the human cortex is expended
towards synaptic transmission [16] in information processing during
both during baseline resting states and in external task processing.
While there are significant regional changes in oxidative metabolism,
the brain barely consumes any extra energy [17-20] during external
task processing, than at baseline. This may be facilitated by the pre-
sence of energy-efficient neural information processing systems range
across multiple levels of organization ranging from action potentials
and axonal conduction at the neuronal level, to energy —efficient dy-
namics at the circuit level, and efficient functional connectivity dy-
namics across/within neuronal circuits and networks [21].

Approximately 20% of the brain's oxygen intake and 25% of its
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glucose consumption is utilized towards complex cognitive task pro-
cessing, and almost all the brain's oxygen consumption is driven to-
wards oxidative glycolysis, the major substrate of the brain's energy
metabolism [22-24]. Oxidative metabolism, the focus of the studies
above, is almost exclusively funneled into oxidative glycolysis, largely
for maintaining excitatory/inhibitory (E/I) balance of glutamate and
gamma-aminobutyric acid (GABA) signaling [21,22].

Eighty percent of the brain's energy maintains the (E/I) balance of
glutamate/GABA signaling [25] and is consumed at baseline resting
state when the brain is engaged in internally focused information
processing, at a network of brain regions that are intrinsically active
[26-28]. This is a condition first referred to as “REST” or “random
episodic silent thought” [29] which activates regions known as the
default mode network (DMN) (Fig. 1). The brain's energy consumption
during “REST” also supports glial functions and various processes such
as biosynthesis and redox regulation [30], all of the above being very
metabolically expensive. These may be some of the reasons why there is
only a marginal increase in global energy consumption during ex-
ternally focused cognitive processing [22,25]. When the human brain is
focused on external task processing, it activates a network of regions
called the dorsal attentional network (DAN) [31].

Several brain regions are implicated in cognitive intelligence
[32-34] according to an overarching theory of intelligence, the Parieto-
frontal integration theory (P-FIT) [35]. They include key nodes of the
DAN namely, Brodmann’ s Area (BA)7/precuneus/superior parietal
lobule (SPL) and the dorsolateral prefrontal cortex (DLPFC), which
together form a fronto-parietal attentional control system [31] and
oversees external task processing. The P-FIT theory, also includes key
nodes of the DMN, namely BA10/medial prefrontal cortex (MPFC) and
the posterior cingulate (PC) [36] that have high metabolic activity
during internally focused processing when the brain is at rest. These 4
brain nodes (Fig. 1) have some of the highest glycolytic indices in the
brain [30] and are part of an updated P-FIT system of intelligence [36]
that is facilitated by high, structural, white matter interconnectivity
between themselves and the rest of the brain (high centrality) [37]. We
focus our attention on these four hubs in this exploratory study for the
reasons mentioned above and because they represent the peak co-or-
dinates of BOLD activation in our fMR task.

These above mentioned nodes form important hubs [38] in a den-
sely connected neural grid called the rich club network [39] that allows
fast and efficient communication between disparate parts of the brain
[40]. There is emerging evidence indicating that these P-FIT nodes also
represent flexible hubs [41] that can modulate their functional con-
nectivity rapidly to accommodate a wide variety of cognitive demands.
It appears that these hubs have the highest global functional con-
nectivity across the brain, placing them in a unique relationship vis-a-
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vis themselves as well as relative to other networks, in facilitating
adaptive task control [42]. Amongst these P-FIT hubs, individual dif-
ferences in the global, functional connectivity of the DLPFC is linked to
fluid intelligence and cognitive control [43]. While the DMN nodes are
characterized by spontaneous quietening (task negative) when the
brain is engaged in externally focused processing, there is also emerging
evidence that the both DMN and DAN nodes display some of the highest
flexibility (amongst large-scale brain networks) in reconfiguring their
functional connectivity. Thus, they can also co-activate in unison when
solving tasks with high levels of cognitive demand [42]. While global
efficiency of the overall functional brain network is not associated with
intelligence, nodal efficiency of some of the P-FIT hubs are either po-
sitively or negatively correlated with 1Q [44].

Cost-efficiency analyses of the two networks of DMN and DAN re-
veal that they maintain the highest costs of remaining hyper-connected
at rich club nodes and that these wiring costs and resulting high me-
tabolic demand directly predict cognitive performance [45]. However,
it appears that individuals with higher intelligence tend to have lower
dendritic intensity and arborization in gray matter, perhaps fostering
neural efficiency through more directed processing through the P-FIT
regions and not through overall cortical activity [46].

Healthy aging is known to result in reconfiguration of connectivity
between and within large-scale networks. Keeping with age-related
functional dedifferentiation, older adults show lower modularity, lower
local efficiency and lower intra-network functional connectivity of the
DMN [47]. Additionally, in a study of short-term dynamic functional
connectivity and cognitive performance in older adults, those older
adults who could maintain a longer time-span of a dynamic con-
nectivity pattern with high DMN connectivity, also performed better on
tests of executive function [48].

An important aspect of “Gf” is working memory, whose perfor-
mance is shown to be directly associated with the E/I balance in the
brain [49], which is metabolically expensive. Thus higher working
memory performance is directly correlated to a lower GABA to gluta-
mate ratio in the frontal cortex and lower glutamate levels in the oc-
cipital cortex, putatively indicating that the brain may be distributing
energy cost/benefit ratio across brain regions [50]. Since keeping
working memory online in the frontal cortex may incur higher energy
costs, perhaps a tradeoff is effected by simultaneously lowering gluta-
mate levels elsewhere in the brain (occipital cortex).

Hence, we explore the possibility that mechanisms of neural effi-
ciency at the circuit/network level in the brain [21], may involve re-
organization of metabolic resources to accommodate the decline of
fluid intelligence with age. This may be related to a distributed system
of E/I and cost/benefit energy ratios in relation to “Gf” across brain
regions, since “Gf” is compromised with age related metabolic

Il Key nodes of Default Mode Network [l Key nodes of Dorsal Attentional Network

» BA7/SPL

Fig. 1. Key nodes of default and dorsal attentional networks: Illustration of key nodes of the default mode network namely, Brodmann Area (BA) 10 extending into
the medial prefrontal cortex (MPFC) and the posterior cingulate (PC); Also, key nodes of the dorsal attentional network, namely Brodmann’s Area (BA) 7 or the
precuneus extending into the superior parietal lobule (SPL). The green cross hairs locate the regions across the three sections of the brain.
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slowdown. Additionally, age-related reconfiguration of network con-
nectivity at baseline as well as during complex cognition involving
external tasks, may be taking place.

Thus, we hypothesize and explore the possibility that when the
brain is cognitively loaded, it may be able to (1) toggle resources from
the DMN nodes to key nodes of the DAN network such as the SPL and
DLPFC, which are charged with task performance; and (2) draw upon
additional activation from normally quietened DMN nodes (during
external task performance), especially in the PFC, if needed. Thus, the
brain may be able to maintain overall homeostatic balance and neural
efficiency by a system of distributing resources just in time, to those
hubs that are involved in task processing while simultaneously quie-
tening redundant nodes. Hence, this study directs its attention at ex-
ploring a potential distributed mechanism of neural efficiency between
key nodes of these two major neuronal networks, the DMN [28] and the
DAN [31]. We further explore how fluid intelligence or “Gf” [8], age,
and task difficulty may modulate this distributed mechanism of neural
efficiency.

Sex has also been proposed as a moderator of neural efficiency [6]
in the literature. Structural imaging has indicated sex differences in (a)
gray matter regions and (b)white versus gray matter associated with IQ
[51] indicating that intelligence may be achieved by different sex-re-
lated structural brain designs. Sex differences have also been associated
with regional differences in activation patterns in cognitive reasoning
[52], but these studies do not directly examine sex differences in the
context of neural efficiency. Thus, as a corollary to our main focus, we
additionally explore if sex is significantly correlated with the BOLD
response and behavioral variables in our data, along with the extant
moderators of age, “Gf” and task difficulty.

2. Materials and methods

Participants: We studied 50, cognitively average to high functioning
individuals (Mean Full scale Intelligence quotient=122.4, SD=16.47,
minimum = 88, maximum = 155), measured with the Wechsler Adult
Intelligence Scale-WAIS -III [53]. These participants ranged in educa-
tion from 12 to 20 years (Mean=17.08 years of education, SD=2.5).
There were 32 males and 18 females with average age of 47.6years
(SD=15.55, minimum=18 years, maximum="73 years). Forty-nine
participants were of Caucasian ethnicity, with one Asian Indian. fMR
scan parameters: Functional imaging was performed with a Siemens 3T
TIM Trio scanner using a 12-channel head coil. T1-weighted images
were acquired using a spoiled grass sequence obtained with the fol-
lowing parameters: 1.0-mm coronal slices, 10° flip angle, TR 25 milli-
seconds (ms), TE 40 ms, NEX 1, FOV 26 cm, and 256 X 256 matrix. The
blood oxygenation level dependent (BOLD) technique [54] with an EPI
paradigm was utilized with the following T2* parameters: TR 2s; TE
30 ms; matrix size 64 X 64; FOV 24 X 24cm. Twenty-seven 5-mm
slices were acquired, covering the entire cerebrum.

Task scanning parameters: The fMR paradigm task consisted of 21
visuo-spatial matrix problems drawn from the Raven's advanced pro-
gressive matrices (RAPM) [55] programmed on E-prime software [56].
The RAPM is a culture-free, non-verbal measure that is a prototypical
measure of “Gf.” Prior to scanning, participants were pre-exposed to the
task on a computer screen, using RAPM Set 1 and the control task, to
familiarize them with testing procedures. Each RAPM was a 3 X 3
matrix where the lower right element was missing. The cells could vary
left right, up down, diagonally, or a combination there of. Some pat-
terns were subtractive, additive, and/or rotational. Solutions were
presented as two rows of four unique cells for eight options. In the
control task, which began and ended each RUN, six simple 3 X 3 ma-
trices were presented consecutively for 4 s each. All the elements in the
simple matrix were identical except the empty lower right cell. Parti-
cipants were given two options wherein either the top or the lower row
was entirely correct. Eight 24-second control tasks alternating with
seven RAPM tasks completed a RUN.
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During scanning, subjects were shown matrices 1-21 from Set 2 of
the RAPM, with seven matrices per RUN, each progressively more dif-
ficult. The RAPM Set 2 is constructed in such a way that each matrix
from 1-21, gets progressively more complex in their underlying rules,
and hence RUNS 1, 2 and 3 are progressively more difficult to solve.
Task difficulty increased with matrix complexity, and limiting the time
allowed to solve each RAVEN matrix to 40 s escalated the challenge.
Participants were instructed to continue pondering the RAPM matrix
for the full 40-second duration and change their answers as needed. The
average correct responses for the RAPM puzzles in RUNS 1, 2 and 3
were 4.66, 3.24, and 2.66 respectively, with the number of correct re-
sponses dropping off as each RUN became progressively more difficult.
We also calculated the total number of correct responses from the 21
RAPMs (across three RUNS), as reflective of the participant's fluid in-
telligence (Gf) score known as RAVENIQ henceforth.

Thus, three RUNS of fMR scans were completed consecutively in the
scanner with each RUN being 7 min, 54 s in duration, with a total of
237TRs of fMRI data collected per RUN. The upper row of available
responses in each matrix was linked to the right-hand manipulandum
(response recording device that the palm/fingers rest on), the lower
row to the left, and participants responded through task buttons for
each finger. When the participants were satisfied that they had dis-
cerned the pattern, they pressed the button corresponding to one of the
eight options.

Data pre-processing and Image analysis: This was conducted using
Analysis of Functional Neuroimages (AFNI) [57]. Individuals’ data were
slice-time corrected via to3d's alt+z option. 3dDespike was used to re-
move random noise artifacts of obnoxious amplitude. The “best” vo-
lume of the 4D series was identified by 3dTqual and used as the base for
3dvolreg intra-series motion correction. Each series was spatially
smoothed via 3dmerge with a 10.5 mm FWHM Gaussian filter. Our voxel
size was 3.5 mm. Thus our filter size was adjusted to be approximately 3
times the voxel size in order to simultaneously cluster homologous
anatomic regions and yet separate functionally distinct regions [58].
This had additional advantages. It (1) reduced the number of in-
dependent regions or number of tests and hence decreased noise, (2)
increased overlap for group results between participants, and (3) pro-
vided a strong visual aid in Fig. 3, in presenting the spatial expanse of
de-activation between RUNSI, 2 and 3.

Normalization was then simply performed by dividing by the series
mean, and then multiplying by 100. Since this was a block design rather
than event-related, the next step was to apply a low-pass filter
(3dFourier -low pass 0.08333 -retrend) to remove high frequencies. As
the last step, the three RUNS were concatenated within 3dDeconvolve. In
doing so, 3dDeconvolve modeled the three RUNS as separate instances
for noise & trends.

This experiment was originally conceived as an A/B (RAPM/con-
trol) block design. While reviewing individuals’ BOLD signal within the
RAPM positive activation regions, a third component was revealed
which corresponded temporally to the last response within the RAPM
block. To explore this, an A/B/C block model was created wherein time
from subjects’ last response within an RAPM matrix block to the onset
of the next control matrix was assigned to C. Please refer to Fig. 2 for a
timing diagram of this quasi event-related design method. The result
revealed an activation pattern during C very similar to the DMN (de-
fault mode network) found in many studies of resting subjects, and lent
credence to the modified A/B/C model. The output of each participant's
3dDeconvolve consisted of t-statistics for conditions A, B and C of the
model. Average time to last response within each RAVEN block was
25.3 5 (9.5 S. D) with 2.5% of no responses. “No response” RAPM trials
were modeled as RAPM for the full 40s duration. The early RAPM
matrices are relatively easy, and induced quick responses. The later,
more difficult RAPM matrices garnered a mix of slow and quick re-
sponses. Overall, the quick responses outnumbered the slow, which
resulted in a saw-tooth waveform when modelling time spent in RAPM
(Fig. 5). All participants were “in” RAPM mode for the first few of the
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Fig. 2. Timing model of the quasi event-related design:
This represents the analytic design and timing model
from a random participant's activation pattern during
RUN 3 (highest task difficulty) at Brodmann's area 7,
which is the key area of activation in this task. The y-
axis represents times in seconds from the start of RUN
3 and presents seven RAPM matrices. The X-axis re-
presents the signal change. The RAPM task (A) ends
with the participant's last response, though each ma-
trix is presented for 40 s. Each control task (B) consists
of six consecutive simple matrices with eight sets of
(B). C represents time from the participant's last re-
sponse in A to the onset of B. “mxr3” is the partici-
pant's BOLD signal in BA7 during RUN3.

40 s, but the tally of those still “in” dropped over its duration. The rarity
of “no response” trials permitted differentiating between the end of
RAPM and initiation of the control task, since the transitions were de-
synchronous. Thus the effects of timing were controlled in the calcu-
lation of percent signal change in order to arrive at a fairly robust
measure of individual differences in activation intensity [59].

Group statistical analyses: The group's whole-brain, mean t-statistics
was computed from each participant's 3dDeconvolve output, to de-
termine whether it varied significantly during the RAPM and control
task performance. Fig. 3 visualizes this output in each of the three
RUNS, while Fig. 4 displays this in RUN 3 and splits activation of the
DLPFC into two separate bilateral nodes at a higher threshold. As part
of the statistical analysis, we also generated the peak co-ordinates using
3dANOVA (in AFNI), the results being listed in the results section in
Table 1. The 4 areas of bilateral activations of BA7/SPL, BA10/MPFC,
DLPFC and PC were selected for further analysis since they represented
the regions of peak activations. We did not include the occipital lobe
activity (Table 1) in any of the analyses since it was not central to our
hypotheses and since activity in this cortex may be expected due to the
fact that RAPM task involves visual pattern recognition. We also cal-
culated the percent signal change from beta-coefficients, for each of the
4 regions of interest (ROI), based on peak voxel activation, selected by
AFNI [57] recorded in Table 2. This was subsequently used for further
statistical analyses. The actual and idealized hemodynamic responses of
the participants during the control and RAPM tasks at each of the four
nodes of interest are displayed as wave-forms in Figs. 5 and 7. They
serve as a simplified indicator of time-stamped activity in each of these
nodes (Fig. 5) and split by top and bottom 1/3rds of the group's “Gf”
and “age” in Fig. 7.

In order to test both the main effects as well as the interactions
between “Gf” (RAVENIQ) and age in the context of task difficulty
(RUN1 and RUN 3) on extent of activation (percent signal change) we
performed multiple, multivariate analyses of variance (MANOVA), one
for each region of interest (ROI). The Pillai-Bartlett statistic was re-
ported for those tests that attained statistical significance on the
MANOVAs. Secondary univariate ANOVAs were generated to examine
main and interaction effects of RAVENIQ and age for RUN1 and RUN3
separately since they represented the easiest and most difficult of task
conditions respectively. Post ~hoc Wilcoxon tests were performed as
well, to examine if the percent signal changes between RUN1 and RUN3
repeated measures, were significantly different. Statistically significant
results from the multivariate, univariate analyses, and the Wilcoxon
tests are presented in Table 4. To complement these results, we ad-
ditionally conducted a task-based functional connectivity analysis to
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examine interaction effects of the above mentioned co-variates.

Task-related functional connectivity analysis: A 3dDeconvolve was
RUN for each participant for RUNS 1 and 3 separately, seeded at BA10
and BA7 peak voxels during the RAVEN task. The associated beta
coefficients for these RUNS were then fed into a multi-level model
analysis using the AFNI function 3DMVM. This model generated a
group level (between subjects) ANOVA of age, RAVENIQ and RUN with
an output of the interaction effects of these co-variates as well as their
main effects. The within-subjects’ variables were brain nodes (BA10,
BA7) and RUN (1, 3). The functional connectivity patterns of these
interaction effects (Fig. 6) were restricted to a mask representing DAN,
DMN regions of peak activations during the RAVEN task as reported in
Table 1. Additionally, we generated a general linear t-test (without
masks) that examined the functional connectivity model seeded at BA7
and BA10, as a contrast between these two ROIs (BA7vs. BA10), with
the co-variates of age and RAVENIQ during RUN3. This last general
linear t-test was meant to starkly display the functional anti-correla-
tions between these two ROIs when the RAPM task was at its most
challenging. Fig. 6 contains the results of the task-related functional
connectivity analysis.

As a secondary analysis, we were interested in examining whether
there was a significant percent signal change between RAPM and control
task in the whole brain, which would serve as an indicator of whether the
brain maintained similar levels of whole-brain activation irrespective of
cognitive load. Towards this end, we first calculated the non-normalized,
whole brain activation/de-activation peak coordinates in individuals’
processed 4D images, and then performed a group level analysis of
variance (ANOVA) of these extracted whole brain percent signal changes
between the control task (very easy) and the RAPM (very difficult). Since
spatial normalization tends to compress/limit whole brain activation/de-
activation peak co-ordinates, we used non-normalized brain data in order
to perform this additional/secondary analysis.

We also generated two Pearson's correlation coefficient [60] ma-
trices, the first of whose purpose was to examine the relationships be-
tween demographic variables of interest in this study such as age,
gender, sex and education, all of which have been known to impact
neural efficiency [6], with measures of intelligence such as “Gf-RA-
VENIQ” and WAIS IQ. This was also correlated with response times in
RUNS1 through 3. The results are presented in Table 3. The second
correlation coefficient table examined the relationships between per-
cent signal change in the key brain regions of interest with RAVENIQ,
sex and age, at RUN 1 and RUN 3, which represent the easiest and the
most difficult of task conditions respectively. This second correlation
coefficient matrix is presented in Table 2.
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All group level statistical analyses were performed using R Studio
software [61].

3. Results

Our first set of results dissect the activation patterns of the fMR
analysis of whole brain activity (RAPM vs. control task) of all 3 RUNS.
This indicates a significant (¢ < 0.001, 2-tailed) increase in BOLD re-
sponse at the SPL/BA 7 and DLPFC (Fig. 3), the core processing areas
for visuo-spatial problem-solving in the RAPM, as observed in previous
studies [2,62,63]. The DLPFC is also activated in this task (Fig. 3),
which together with BA7 form critical sections of the DAN [64] as seen
in Fig. 1.

Panel A in Fig. 3 suggests that the RAVEN task is processed pri-
marily in the DLPFC, superior parietal cortex, primary and extra-striate
visual cortices in RUN1, when the puzzles are the easiest to solve. As
they get harder to solve in RUNS 2 and 3 respectively, the BA7/pre-
cuneus appears to be recruited as well in problem solving. The peak
activation co-ordinates across all three RUNS are available in Table 1.
Of greater interest though is the increasing spatial expansion of the de-
activation or suggested suppression of two key nodes of the DMN net-
work, the BA10/MPFC and the posterior cingulate, as the task pro-
gresses in increasing difficulty from RUN 1 to RUN 3 (Fig. 3, Panel A-C).

We calculated the percentage of signal change (Table 2) during the
RAPM blocks from peak voxels in each of these regions (BA 7, 10,
DLPFC and PC) as reflective of the metabolic activity in these areas for
RUN 1 and RUN3 (representative of the simplest and most difficult
respectively).

The difference in extent of de-activation (difference in percent
signal change) between RUN 1 and RUN3 at the two DMN nodes
reaches statistical significance both at the BA10/MPFC (r = 0.54,
p < 0.01) and at the PC with r = 0.93, p < 0.0.001 (see Table 2). For
the key DAN ROIs, there is a significant increase in percent signal
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change between RUNS 1 and 3, as reported in Table 2, at both the BA7/
SPL/precuneus (r=0.66, p< 0.001) and DLPFC (r=0.71,
p < 0.001).

Fig. 4, generated at a significantly higher threshold (ql161-
169 < 0.0001) than Fig. 3 (g < 0.001), shows indicates that DLPFC
activations in Fig. 3, consist of two, separate nodes (Fig. 4), the anterior
middle frontal gyrus (aMFG) and posterior (pMFG) while solving the
RAPM matrix puzzles. Prior research [66], has indicated that activation
of the pMFG node serves as a central executive that regulates and spurs
negative functional connectivity between the DMN nodes of MPFC/PC
and specific DAN nodes (superior parietal lobule/precuneus, DLPFC.)
We simultaneously see activity in the aMFG as well (Fig. 4), which
along with the pMFG is known to strengthen connectivity [66] between
the DLPFC and superior parietal lobule/precuneus (DAN nodes). Hence,
we may putatively infer that during the RAPM task, activation of pMFG
may trigger the anti-correlation between the DAN and DMN nodes
while strengthening the connectivity between the DAN nodes especially
during RUN3 when the puzzles are hardest to solve.

These DMN and DAN nodes targeted in this study appear to be anti-
correlated during task performance as visualized in Fig. 5. As evident in
Table 2 and visually apparent in Fig. 3, BOLD response decreases (as
does percent signal change) at BA 10/MPFC and PC, and spatially ex-
pands from RUN1 to RUN3, as task difficulty escalates. RUN3 sees a
parametric increase in percent signal change (Table 2) and increased
area under the curve in Fig. 5 in BA7 and DLPFC (comprising the DAN)
compared to RUN1, when the matrices are being solved. We also see a
parametric decrease in percent signal change in MPFC and PC in
Table 2, between RUNS1 and 3. This decrease in percent signal change
is visually apparent as increasing/spatially expanding de-activations/
suppression at BA10 and PC in Fig. 3 between RUNS 1 and 3. These are
also visualized as deepening troughs at BA10 and PC between RUNS 1
and 3 (Fig. 5) during the RAPM task. In addition, when the brain is
minimally processing the control task (which is very easy), we see in

Fig. 3. Activation pattern on RAPM task across 3
RUNS. t-statistic (g < 0.001, OLSQ-ordinary least
square) of activation pattern of the RAPM task pro-
gressing from RUN1(panel A), RUN 2 (panel B) RUN
3(panel C), with decreasing BOLD activity from RUN
1(easier tasks) to RUN 3 (most difficult tasks) at
Brodmann area (BA) 10/medial prefrontal cortex
(MPFC) and posterior cingulate; and positive, in-
creased activation at superior parietal lobule,
Brodmann’ s Area (BA) 7/precuneus, extra striate

( A) cortex, visual cortex and dorsolateral pre-frontal
cortex (DLPFC). These are all core regions of the P-FIT
[65]. This figure displays the progression in de-acti-
vation in the key DMN nodes and increased activation
of the DAN nodes, as the RAPM task ramps up diffi-
culty from RUN1 to RUN3.

(B)

©
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Fig. 4. Dual nodes of the middle frontal gyrus. Left to right are the axial, coronal and sagittal views of the T-statistic (¢ < 0.0001), in RUN3, averaged across all
participants while solving the matrices. Highlighted in the frames are the anterior and posterior middle frontal gyri respectively titled as aMFG and pMFG.

Table 1

Peak co-ordinates of activation patterns in the RAPM task. Talairach co-ordinates with center of mass (CM) and peak voxels for sagittal (x), coronal (y), and axial (2)

planes are provided.

Brain region Voxels Volume (cc) CM x CMy CM z Peak x Peak y Peak z
Bilateral Superior Parietal Lobe 3194 135.77 —-4.1 65.1 15.8 —26.2 65.2 44.2
(Left Dorsolateral Prefrontal Cortex) 1083 46.04 32.8 —14.5 29.9 43.8 —4.8 26.8
Left Inferior Frontal Gyri

Left Middle Frontal Gyri

(Bilateral Medial Prefrontal Cortex) 983 41.79 -0.2 —47.7 8 -1.8 —53.8 2.2
Bilateral Medial Frontal Gyri

(Right Dorsolateral Prefrontal Cortex) 540 22.95 —42.2 -12.1 29.4 —47.2 —-4.8 23.2
Right Inferior Frontal Gyri

Right Middle Frontal Gyri

Bilateral Cingulate & Posterior Cingulate Gyri 380 16.15 0.3 35.6 28.5 -1.8 26.8 37.2
Left Occipital Gyrus 69 2.93 57.1 17.6 -11.7 57.8 12.8 —15.2
Right Occipital Gyrus 23 0.98 -34.4 -221 -1.2 -33.2 —22.2 -1.2

Table 2

Correlation (Pearson r) matrix of “Gf” with activity in key brain nodes. “Gf” is represented by RAVENIQ (total correct responses in the RAVEN task performed in the MRI
scanner). Brain activity in the key nodes of the dorsal attention network are dorsolateral pre-frontal cortex (DLPFC), Brodmann's area (BA) 7/precuneus/superior parietal
lobule, and in the default mode network are Brodmann’ s area (BA)10/medial prefrontal cortex, posterior cingulate(PC). Average percent signal change in these nodes during
the easy (RUN1) and most difficult (RUN3) RAVEN matrices represent brain activity and are displayed in the first column on the left.

Average% age Signal Change Sex Age RAVEN IQ BA10 RUN1 BA10 RUN3 BA7 RUN1 BA7 UN3 DLPFC RUN1 DLPFC RUN3 PC RUN1
Sex

Age —0.06

RAVENIQ —0.06 -0.4

BA10 RUN1 —0.04 0.26 -0.19

-0.21

BA10 RUN3 -0.1 0.53 -0.37 0.54

—0.339

BA7 RUN1 —0.03 -0.36 0.42 -0.51 —0.44

0.325

BA7 RUN3 —0.001 —0.45* 0.39 —0.44 —0.52 0.66

0.421

DLPFC RUN1 —0.08 -0.31 0.47* —0.34 -0.33 0.70 0.65

0.295

DLPFC RUN3 0.12 —0.24 0.45* -0.33 —0.37 0.46* 0.72 0.71

0.334

PC RUN1 —0.01 0.36 —0.03 0.13 0.15 -0.3 —-0.34 —0.31 -0.19

0.8030

PC RUN3 0 0.37 —-0.03 0.16 0.17 -0.33 -0.35 -0.27 -0.18 0.93
0.725

* Correlation is significant at 0.05 levels (2-tailed).
** Correlation is significant at 0.01 levels (2-tailed).
* Correlation is significant at 0.001 levels (2-tailed). Correlation is corrected for multiple comparisons using the Holms method.
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Fig. 5. Oscillatory waveforms of hemodynamic response at key nodes of Parieto-frontal intelligence theory (P-FIT) network. This figure displays the anti-correlated
nature of the wave-forms of the key ROIs of the Dan. DMN networks during the RAPM. The Raven model presented is a composite of all participants in RUN1 and
RUNS3. All signals are arbitrarily scaled for easy visual comparison around zero (Y-axis). The X-axis represents time from start of functional scan to completion of a
RUN. The X-axis is calibrated in intervals of 64 s: each control task blocks (green-24 s) + RAVEN experimental task block (black-40secs). Each RUN commences with
the control task and alternates with seven RAVEN matrices. None solved each matrix in less than 2s, and 2.5% of participants consumed the full 40 s allowed. The
idealized hemodynamic response function (HRF) of the control task and the RAPM are represented as a backdrop for the actual hemodynamic responses (wave-form)
at the specific regions of interest: Brodmann’s area (BA) 7 (superior parietal lobule/precuneus), DLPFC (dorsolateral prefrontal cortex), (BA) 10 (fronto-polar cortex/

medial prefrontal cortex) and posterior cingulate (PC).

Fig. 5 that the MPFC and PC (comprising the DMN) rise to normal levels
instantaneously, indicating that activity in these regions may have been
temporarily shut off while solving the matrices, and they in-
stantaneously recover when the RAPM task is disengaged.

If the BA7, the key node of activation for the RAPM, was borrowing
resources from its neighboring regions during the RAPM, then we might
expect to see a significant negative correlation of its percent signal
change with PC (Table 2). Instead, the activation increase in BA7/
precuneus/SPL significantly correlates with a concurrent decrease of
BOLD response in the bilateral fronto-polar regions (BA 10)/MPEC (see
Table 2) in both RUN1 and RUNS3. This putatively suggests that BA7 is
perhaps borrowing metabolic resources from BA10, a distant region of
the default mode network, during the RAPM task.

The activation increase in DLPFC significantly correlates positively
with BA7 in both RUNS1 and 3 (Table 2) suggesting that both regions
are simultaneously on task while solving the matrices. Thus, we see
parametric changes in signal (area under the curve) between RUNS 1
and 3 in all 4 brain regions of interest (Fig. 5 and Table 2). The wa-
veforms (from Fig. 5) demonstrate time-synchronized peaks and
troughs between disparate brain systems (DAN and DMN nodes), sug-
gesting a pattern of simultaneous activation and de-activation of DAN
and DMN nodes respectively.

We present further results to examine the influence of the extant
moderators of neural efficiency [6] such as age, fluid intelligence, sex,
education and task difficulty. In the performance of the matrix puzzles,
RUNS is the hardest to solve in comparison to the previous two RUNS,
as the task gets harder over time. It is of interest to note that there is no
significant correlation between age and average response time
(Table 3), both in RUN1 and RUNS3 levels of task challenge in our da-
taset, thus indicating that older adults are not significantly slower in
their response to increasing cognitive challenge.

We further examined the effect of age on mental resource allocation
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at the 4 key brain nodes of the DMN (BA10/MPFC, PC) and DAN (BA7/
superior parietal lobule/precuneus, DLFPC), which represent the areas
of highest percent signal change (Table 2) and peak activation (Table 1)
in this task.

In RUN1, when task challenge is lowest, there is no significant
correlation between age and percent signal change in any of the four
DMN/DAN nodes (see Table 2). Age is significantly negatively, corre-
lated with the BA7/precuneus (a DAN node critical to solving the
RAPM), when the puzzles are hardest to solve in RUN 3 (r = —0.45,
p < 0.05) indicating that older adults are perhaps not activating the
DAN nodes especially the BA7, as much as the younger subjects. They
appear to engage BA10/MPFC, more than the other three P-FIT nodes of
interest in this study in RUN 3, when they are challenged the most
(r = 0.53, p < 0.01, Table 2). This indicates that they may instead be
recruiting the DMN network, especially the BA10/MPFC to assist/
compensate in solving the matrices.

The participants’ “Gf”, reflected by their RAPM scores (RAVENIQ) is
significantly correlated with their WAIS PIQ (Performance Intelligence
Quotient) (r = 0.55, p < 0.01,) as evident in Table 3. This is not sur-
prising given that both are measures of “Gf”. RAVENIQ is significantly
correlated with the DLFC, a region connected with working memory,
critical to “Gf” (Table 2) in both RUNS 1 and 3.

Those with higher FSIQ (Full-scale Intelligence quotient) also tend
to be more highly educated in our dataset as per Table 3 (r = 0.54,
p < 0.01). Additionally, older subjects in our dataset are more highly
educated (Table 3), (r = 0.66, p < 0.001), and have higher verbal in-
telligence as measured by their VIQ (verbal intelligence quotient),
(r = 0.44, p < 0.01). Thus, in contrast to RAVENIQ, which is a measure
of fluid intelligence, age is significantly positively correlated with
verbal IQ, a measure of crystallized intelligence, known to be higher in
older adults [9].

Sex is not significantly correlated with any of the measures in
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Panel A: Functional connectivity during RAPM. Interaction of age*RUN. Uncorrected p<0.05.
Indicates functional connectivity between left posterior cingulate (F=9.82) and left BA10 (F=6.87).

Panel B: Functional connectivity during RAPM. Interaction of RAVENIQ*RUN. Uncorrected
<0.05. Indicates activation at the left precuneus (F=8.89)

Panel C: Functional connectivity during RAPM. Interaction of age*RAVENIQ*RUN. Uncorrected
»<0.05. Indicates activation of DAN nodes of BA7/superior parietal lobule (F=12.20) and DLPFC
(F=14.83). As well as activation of DMN node of BA10/medial prefrontal cortex (F=16.23).

Panel D: Functional connectivity during RAPM. General Linear test of BA7 versus BA10, with the
interaction of age*RAVENIQ in RUN3. T-statistic (¢< 0.05) with deactivation of DMN node of
BA10/medial prefrontal cortex with activation of extended DAN network of BA7/superior parietal

lobule/precuneus and DLPFC. Displays anti-correlated functional connectivity during the hardest of task

conditions.

Table 3
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Fig. 6. Significant results of a task-related functional
connectivity analysis of a three-way interaction of age,
fluid intelligence and task difficulty on activation
patterns during the RAPM task. Panels A, B and C
display an analysis of variance of age, fluid in-
telligence (RAVENIQ) and task difficulty (RUN) on
functional connectivity of the DAN and DMN ROIs in
this task. Results are reported at uncorrected p < 0.05
(given the large number of tests executed), with the
corresponding F values at peak voxels of each ROL
Panel D represents the functional connectivity pattern
of BA7 vs. BA10 at the hardest of all task condition
(RUN3), after inputting the co-variates of age and
RAVENIQ. The result reported for Panel D is that of a
general linear test.

Correlation matrix (Pearson's r) of age and fluid intelligence with psychological and other demographic variables. Fluid intelligence is represented by RAVENIQ (total
correct responses in the RAVEN task performed in the MRI scanner). The average response time while performing the Raven task across all RUNS is designated by RAVENRTav;
and by RAVENRT1 and RAVENRTS3 for RUNS 1 and 3 respectively. IQ measured by WAIS is provided with full scale IQ (FSIQ), performance (PIQ) and verbal IQ (VIQ).

Age Sex Education RAVEN IQ FSIQ PIQ VIQ RAVENRT av RAVEN RT1 RAVEN RT3
Age 1
Sex —0.06 1
Education 0.66 -0.1 1
RAVENIQ -0.4 —0.06 0.54 1
FSIQ 0.42 —-0.03 -0.51 0.35 1
PIQ 0.39 -0.1 0.15 0.55 0.71 1
viQ 0.44* —0.05 0.58 0.17 0.93 0.51 1
RAVENRTav -0.17 0.11 0.07 -0.03 -0.18 —0.02 —-0.13 1
RAVENRT1 -0.09 0.03 0.1 -0.13 -0.2 —0.08 -0.13 0.93 1
RAVENRT3 -0.16 0.11 0.09 0 -0.11 0.05 —0.08 0.91 0.78 1

* Correlation is significant below 0.05 levels (2-tailed).
** Correlation is significant below 0.01 levels (2-tailed).

=+ Correlation is significant below 0.001 levels (2-tailed). Correlation is corrected for multiple comparisons using the Bonferroni-Holms method.

Tables 2 and 3. Since sex is not significantly correlated with percent
signal change in the easy or the most difficult of task conditions
(Table 2), nor any of the demographic or IQ variables (Table 3) in our
data, we excluded it from further analyses, lacking statistical justifica-
tion for inclusion. Since education is significantly correlated with both
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age and fluid intelligence (RAVENIQ), we did not include it in further
analyses, to avoid multi-collinearity (Table 2).

We performed both multivariate and univariate analyses of variance
(Table 4) to account for the influence of task difficulty (RUN1, RUN3)
representing the easiest and most difficult of RAPM RUNS, controlling
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Table 4

Analyses of variance of the effects of age, fluid intelligence and task difficulty.
Significant effects of a Multivariate Analysis of Variance (MANOVA) and univariate
(ANOVA) predicting percent signal changes with increasing levels of task difficulty
(RUN1, RUNB3) predicted by age and fluid intelligence at relevant brain nodes of the
Dorsal Attentional Network (DAN), and Default mode network (DMN).

Predictors (RAVENIQ, age)

DAN - Superior parietal Pillai- F df Sum of w
lobule/BA7 Bartlett squares
Multivariate
RAVENIQ 0.22 6.37 2/46
Age 0.13* 3.3* 2/46
Wilcoxon Test (RUN1 1004.5*
versus RUN3)
Univariate RUN1
RAVENIQ 11.12 1 0.37
Univariate RUN3
RAVENIQ 9.54" 1 0.36
Age 6.7+ 1 0.26
DAN - Dorsolateral Pillai- F df Sum Sq. w
prefrontal cortex Bartlett
Multivariate- RAVENIQ 0.25 7.7 2/46
Univariate RUN1- 13.70* 1 0.46
RAVENIQ
Univariate RUN3- 12.35 1 0.39
RAVENIQ
DMN - BA 10/medial Pillai- F df Sum of w
prefrontal cortex Bartlett squares
Multivariate
Age 0.21 5.942 2/46
RAVENIQ 0.2* 4.7* 2/46
Wilcoxon Test (RUN1 1755
versus RUN3)
Univariate RUN 3- Age 12.12 1 0.40
Univariate RUN 3- 9.52 1 0.32
RAVENIQ
DMN - posterior Pillai- F df Sum of w
cingulate Bartlett Squares
Multivariate- Age 0.15* 4.2* 2/46
Univariate RUN1- Age 8.01 1 7.7
Univariate RUN3- Age 8.4 1 7.07

* significant at 0.05 levels.
* significant at 0.01 levels.
== Correlation is significant at 0.001 levels.

for both age and RAVENIQ simultaneously in predicting percent signal
change in these two RUNS. Our results (Table 4) indicate that the
percent signal change of both nodes of the DMN at BA10/ MPFC and PC
are significantly predicted by a main effect of age both in RUNS 1 and 3,
even after controlling for fluid intelligence. In fact, there appears to be a
significant difference/decrease in the percent signal change from RUN1
to RUN3 at BA10/MPFC (Table 2, Table 4-Wilcoxon Test=1755,
p < 0.01). Thus, our results indicate that age predicts greater deacti-
vation in percent signal change of both key nodes (MPFC and PC) of the
DMN during the RAPM task especially in RUN3.

In RUN 3, (Table 4), age as a main effect with F (1) = 6.7, p < 0.05,
significantly predicts percent signal change in the dorsal attentional
network (DAN) node of precuneus/SPL (see Table 4) when the brain is
cognitively taxed the most, though to a lesser extent than RAVENIQ
with F (1) =9.54, p < 0.01. Age does not predict activation in the other
key node of the DAN network, the DLPFC in RUN3. Although we do see
a significant negative correlation between age and percent signal
change at the DLPFC in RUN3 (Table 2), this drops out of significance
when controlled for the influence of “Gf” (Table 4). Since the re-
lationship between age and nodes of DLPFC and BA7/SPL are in the
negative direction (Table 2) and since age predicts activity in the BA7/
SPL/precuneus as a secondary effect to RAVENIQ, we may infer that
older adults may not be engaging the DAN network as much as younger
adults.

RAVENIQ predicts increased activation of both DAN nodes of
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DLPFC as well as BA7/SPL/precuneus in both RUNS 1 and 3, as a main
effect (Table 4). Fluid intelligence predicts a significance increase in
activation in the DAN nodes of BA7/SPL/ precuneus as the task in-
creases in challenge between RUN1 and 3 (Table 4, Wilcoxon test
=1004.5, p < 0.05). RAVENIQ also predicts activity in the BA10/MPFC
with F (1) =9.51, p < 0.01, in the most difficult RAPM (RUN 3) as a
secondary effect after age. This may imply that those with higher IQ
activate the BA10/MPFC nodes less, while solving the puzzles. Thus,
those with higher “Gf” may have higher metabolic activity (reflected by
higher percentage signal change of BOLD response) in some of the
brain's core processing areas (DLPFC and BA7/superior parietal lobule)
of the dorsal attentional network, while solving RAPMs. These results
suggest that participants with greater “Gf” engage the DLPFC and the
BA7/SPL/precuneus while solving the matrix puzzles, irrespective of
task challenge (both RUNS1 and 3).

While age has a smaller main effect in modulating percent signal
change at BA7 (the key region of task processing in the RAPM) and
RAVENIQ has a smaller secondary main effect in modulating percent
signal change (de-activation) at BA10/MPFC, there are no significant
multivariate or univariate interaction effects of RAVENIQ and age on
percent signal change at any of the 4 brain nodes, examined in this
analysis.

In order to directly contrast and compare the interaction effects of
age, fluid intelligence and task difficulty on neural processing in the
DAN and DMN during the RAPM task, a task-related functional con-
nectivity analysis was done. In Fig. 6, Panel A indicates that the left
BA10 and left PC are functionally connected during the RAPM, as an
interaction effect of age and task difficulty. In Fig. 6 (Panel B), displays
activation of the precuneus as an interaction effect of RAVENIQ and
task difficulty.

Fig. 6, Panel C displays the results of a 3way interaction analysis
(age, fluid intelligence and task difficulty), we find that the DAN
(DLPFC, BA7) and DMN (BA10/MPFC) nodes are all functionally con-
nected during the RAPM. Since this analysis includes both age as well as
“Gf” predictors in both RUNS 1 and 3, it is not surprising that we see
nodes from BA10/MPFC (predicted by main effect of age) as well as
that of the DAN nodes (predicted by main effect “Gf”), as being func-
tionally connected.

To further parse out the results in Fig. 6 (Panel C), we ran a general
linear test (functional connectivity analysis- Fig. 6, Panel D) that jux-
taposes the key DAN node of BA7 (seeded) against the key DMN node of
BA10 (seeded), including the interaction effects of age and “Gf”, during
the performance of the RAPM in the most challenging RUN3. Sig-
nificant results (g < 0.05), ratify previous results reported in this re-
search, showing an anti-correlation of functional connectivity between
the DMN node of BA10/MPFC (deactivation) and the DAN nodes BA7/
SPL/precuneus with DLPFC (activation). This result (Panel D, Fig. 6), is
effect of the interaction of age and “Gf” on functional connectivity
during RUN3 when the brain is challenged with solving the most dif-
ficult matrices.

We utilized the 1/3 top and bottom percentiles of participants to
selectively examine further the effects of aging on the oldest/youngest
participants and that of “Gf” on those participants with highest/lowest
RAVENIQ scores. We examined the hemodynamic waveforms of these
select participants at the anti-correlated hubs of BA7 (DAN network)
and BA10 (DMN network), displayed in Fig. 7.

In Fig. 7 (top bar), at the key RAPM task processing node of BA7
(top bar), we notice that the youngest/highest fluid IQ participants
approach the RAPM task head on at a higher effort /percent signal
change. The signal attenuates in the middle of a RUN, and finally ramps
up the signal peak towards the end of the RUN when the matrices are
the most difficult to solve, requiring more effort. In contrast, the oldest
adults and those participants with the lowest “Gf”, take their time to
ramp up effort at the beginning of the RUN. They eventually peak in the
middle of the RUN, and finally tend to ramp down effort/ percent signal
change towards the end, perhaps giving up on solving the most difficult
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Fig. 7. Effect of age and fluid intelligence on oscillatory waveforms of hemodynamic response at critical nodes (BA7, BA10) for RAPM task performance. The
waveforms represent top 1/3rd and bottom 1/3rd of participants’ average actual hemodynamic response by age (left bar, Mean = 29.67-years-younger, Mean =
64.71-years-older) and RAVENIQ (right bar, Mean= 10-low, Mean= 15.6-high,) at the anti-correlated hubs of BA 7 (top row) and BA 10 (bottom row) during
RAPM/control task performance. All signals are arbitrarily scaled for easy visual comparison around 0 (Y-axis). The X-axis represents time from start of functional
scan to completion of RUN 3. The idealized hemodynamic response (IHRF)/block design of the RAPM task (black) forms the backdrop.

matrices at the end of the RUN.

Overall, we see that oldest participants seem less adaptive in mod-
ifying signal intensity exhibiting, smaller signal peaks and troughs in
the key hubs of BA 7 and BA10 (Fig. 7) to meet task demands as the
matrices get harder, when compared to youngest participants. A sig-
nificant positive correlation between age and BA10 RUN3 (see Table 2)
indicates that oldest participants may additionally recruit activity in the
prefrontal cortex to assist the DAN nodes in solving the matrix puzzles.
This is visually borne out in Fig. 7, where we see in the lower bar re-
presenting age, that the oldest participants (blue waveform) activate
BA10 to some extent while solving the matrices while the youngest
participants exhibit strong signal de-activation/troughs at this time.

To summarize the above results, while the default mode and dorsal
attentional networks are well known to be anti-correlated with each
other [67], we find in our study that “Gf” predicts BOLD response and
increased activation of BA7/superior parietal lobule and DLPFC, key
nodes of the DAN network, while solving the matrices, irrespective of
task challenge. Age predicts extent of de-activation and functional
connectivity between the DMN nodes of BA 10/MPFC and PC irre-
spective of task challenge. The percent signal change between RUNS 1
and 3 achieve statistical significance only at the BA7 /SPL/precuneus
and BA10/MPFC nodes, as evident in the results of the Wilcoxon tests
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reported in Table 4.

Nevertheless, this does not answer the question of whether there is a
global increase in whole-brain percent signal activity between easy and
difficult task conditions. If the brain does consume similar extents of
metabolic resources when it is performing a relatively easy task (control
task) as it does when cognitively taxed (RAPM), then we should see no
significant difference in non-normalized whole-brain activity between
the control task (very easy) and RAPM RUNS (very difficult). As a
secondary analysis, our results indicate in a t-test = —0.003,
p = 0.9977, no significant difference in the whole brain means of per-
cent signal change during the RAPM (Mean=2801.0773) and control
task (Mean=_800.98). This suggests that the brain may maintain equi-
librium using neurally efficient mechanisms under varying conditions
of cognitive load.

4. Discussion

While early studies [1,2,6,68] suggested that superior cognitive
ability depended on the brain's global lower energy consumption and
on the efficiency of the brain's intrinsic functional network architecture
[69], recent research [36,70] has suggested that this may not be the
case. Our findings indicate that neural efficiency may not be dependent,
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but rather modified by cognitive intelligence and age, specifically “Gf”,
which is the fMR measure utilized in this study.

The neural efficiency hypothesis [1] has over time been modified to
propose that neural efficiency could be associated with the suppression
of unnecessary regions [1,68], thereby enhancing the performance of
relevant regions. We identify a similar suppression/ de-activation in the
posterior cingulate and MPFC of the DMN network while solving the
RAPM, while simultaneously noting a parametric increase of activity in
the SPL/BA 7/precuneus and the DLPFC of the DAN network which
together may represent a form of distributed neural efficiency. This has
been borne out in recent fMR studies of increased activation of the DAN
[4,63] and de-activation of the DMN [3,4] networks.

We demonstrate that the activity of specific nodes of the anti-cor-
related networks of DAN (BA7/superior parietal lobule/precuneus,
DLPFC) and DMN (BA10/MPFC, PC), which incur the highest energy
costs [30], are modulated by “Gf”, age and task difficulty.

According to the NEH [35], those with higher IQ have should be
taxed less in both easy and difficult tasks. On the contrary, in our data,
we see that those with higher “Gf” (RAVENIQ) are taxed less in the easy
RUNS, but expend more effort in the difficult matrices as has later been
proposed [6]. This may indicate that in the earlier RUNS, neural ca-
pacity [71,72], defined as the maximal activation achieved in the brain
that correlates with increasing cognitive load, has not been attained for
those individuals higher in fluid intelligence. Fig. 7 (top bar), focused
on neural efficiency by age and RAVENIQ, illustrates how at the region
of BA7, individuals with the lowest scores on RAVENIQ and those
highest in age may achieve neural capacity towards the end of a RUN,
when cognitive load is the highest. Towards the end of a RUN in the top
bar, their cortical activation falls off and is lower than that of youngest
participants and individuals with the highest “Gf”. This similarity in
cortical activation between the oldest/lowest “Gf” participants could be
due to the possibility that the sampling may be from the same subset of
participants, since “Gf” is known to decline with age [10,73,74].

Critical to the concept of fluid intelligence is the notion of cognitive
flexibility that allows one to engage in novel reasoning or problem
solving. This involves the ability to intentionally attend and hold in
short-term working memory all the goals of the RAPM task as assigned,
as well as the diverse options available, from which one correct re-
sponse is selected for each matrix. The DLPFC [75] and BA7 [76] are
important to working memory, a key component of fluid intelligence in
keeping multiple options online while solving the matrices. As the in-
dividual comprehends and begins to work through the options, s/he
would have to rule out and exclude irrelevant information from her/his
attention, and update working memory to focus only on relevant
schema. The DLPFC is also a key region, which provides top-down at-
tentional and cognitive control in external task processing [64] and in
our dataset is significantly correlated with RAVENIQ in both easy and
difficult task conditions. Thus, these two nodes of the DAN network,
which are a major substrate of working memory, cognitive control and
“Gf” [43], are hence not surprisingly the key areas of increased acti-
vation while solving the RAPM.

This task of exploration, updating and narrowing options that are
kept active and online towards the goal of solving the matrices, involve
both working memory and fluid intelligence [77]. Both and especially
the latter are heavily impacted by the aging process [10]. Interestingly,
in our data, neither age nor “Gf” has a meaningful relationship with
response time in solving the matrix puzzles. Older adults do not seem to
be significantly slower, and individuals with higher RAVENIQ do not
seem to be significantly faster, in solving the puzzles in our dataset. The
lack of a relationship between age and response time is unlike previous
theories suggesting that age slows down individuals when they engage
in complex cognitive challenges [10]. This may be partially accounted
for by the specific instruction they received, to continue thinking about
the problem until the 40 s time limit for each puzzle is reached. How-
ever, the last finger tap response is well before this time limit for most
subjects.
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In our research, age (as a secondary effect) compromises extent of
activation of the BA7/precuneus node, which is essential to solving the
matrices. On the other hand, age significantly predicts the percent
signal change and functional connectivity of both DMN hubs of BA10/
MPFC and PC. This may indicate a recruitment of these two DMN hubs
in problem-solving and to support the DAN hubs, when these in-
dividuals are cognitively taxed. In the case of the oldest subgroup, less
signal perturbation (Fig. 7) amongst the oldest adults may also be due
to greater reliance on experience to solve the RAPM rather than novel
or brute computation in the present moment. These two results in op-
posing directions between age and key nodes of the DAN (negative) and
DMN (positive), suggest that the aging brain may struggle to rev up to
task demands when challenged. Note that all the peak activated areas in
this task are bilateral, perhaps due to compensatory activation of both
hemispheres, associated with HAROLD (Hemispheric Asymmetry Re-
duction in Older adults) model, attributed to older adults [78]. All of
these bolster prior evidence [7] that older adults may draw extra re-
sources and rely on the prefrontal cortex (in this case the medial sec-
tion) to a greater extent, when faced with challenging cognitive tasks.

Research tapping the superior temporal resolution of magne-
toencephalography (MEG) has indicated that in visuo-spatial problem-
solving, the activation patterns tend to sequence from the posterior
visual stream and sensory motor areas to the lateral frontal executive
areas where hypotheses testing of the correct solutions/decision-
making may be underway [79]. Fig. 4 (Panel D) hints at the involve-
ment/activation of all these areas in the functional connectivity pat-
terns of the DAN network. MEG research is also pointing to individual
differences in neural capacity, where those with higher IQ may be ac-
tivating fewer/different regions than those with lower IQ who may be
relying more on frontal executive areas to carry more of the cognitive
load, earlier on in the sequence in visuo-spatial problem solving [79]. In
our study, this is somewhat mirrored amongst older adults (discussed in
the previous paragraph), who may be additionally recruiting the medial
frontal areas to assist in solving the puzzles.

The anti-correlation between BA7 and BA10 in RUN3, while solving
the RAPM, may represent an oscillatory, high-volume, fast commu-
nication and information integration that occurs between flexible hubs
[41] of the rich club network with high centrality [37], although these
hubs are physically remote in the brain [39,80]. The expanding de-
activation at BA10 and PC illustrated in Fig. 3 between RUNS 1 and 3,
also suggests that as task difficulty increases, resources from these two
DMN nodes may be diverted to the DAN network nodes of DLPFC and
superior parietal lobule/precuneus where the matrices are solved.

The inhibition of the DMN when the brain is engaged with external
task processing has been attributed to the pMFG in prior research,
where simultaneous activation of the aMFG has been attributed to
strengthening functional connectivity of DAN nodes [66], which are
engaged in external task processing. Thus, in our study we see si-
multaneous activations of both the anterior and posterior middle
frontal gyri while solving the RAPM. This enhanced connectivity be-
tween the a/pMFG and BA7 during the RAPM task may bolster and
support problem solving. It is possible that the activity in the pMFG
during the RAPM triggers transient suppression of the two DMN nodes
to provide necessary, extra metabolic resources to the specific DAN
nodes of BA7 and DLPFC, in executing this challenging cognitive task.

Additional clues to this transient suppression and recovery of these
DMN nodes by pMFG, are seen in Fig. 5, where the wave-forms of
BA10/MPFC and PC undergo a sharp dip at the beginning of the RAPM,
and when the brain is minimally processing the control task (which is
very easy), we see that the DMN nodes of MPFC/BA10 and PC, rise to
normal levels instantaneously. During the control task, these DMN
nodes are perhaps engaging in intrinsic incubating, coding and up-
dating the freshly learned information [26] from the previous RAPM
task item, which may then be applied to the next upcoming challenge.
Perhaps this is one example of how the brain achieves and maintains
energy equilibrium when it is “on” and “off” extrinsic task processing.
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This also suggests that those with the highest “Gf” or those oldest in age
may achieve better task performance by borrowing metabolic resources
from DMN hubs, which are de-activated, thus allowing the DAN nodes
to achieve greater signal intensities and computational power.

If the maintenance of excitation/inhibition (E/I) ratio of glu/GABA
at the DMN nodes during baseline REST represents the highest meta-
bolic energy cost for the human brain [21,22,25,49,81], then a me-
chanism of distributed neural efficiency may allow the brain to enhance
glutamate levels (activation) at DAN nodes and enhance GABA/glu
ratios (de-activation) at the DMN nodes during external task processing
such as RAPM. While this may marginally increase global consumption
of metabolic resources, it largely maintains energy homeostasis during
this time. Thus, this mechanism of distributed neural efficiency may
modulate resource allocation strategies by using a more focused and
efficient organization of task-related networks by additionally capita-
lizing on internal strengths such as fluid intelligence or to compensate
for age-related deficits.

The variance in “Gf”, age, task difficulty and our ability to control
for all of these proposed moderators [6] including education is a
strength of this study. A limitation of this research is that it proposes
distributed neural efficiency as one viable mechanism of the brain's
global homeostasis in resource consumption and metabolic activity, in
the context of “Gf” with the use of only one cognitive task and only at
the brain circuit/network level of organization. However, early clues of
these nodes serving as flexible functional hubs in wide cognitive per-
formance [41,43] are encouraging.

Distributed neural efficiency mechanisms may also allow for effi-
cient redistribution of resources to allow rapid response to task con-
tingencies. This has held true irrespective of the sensorial mode in-
volved, whether visuo-spatial [82] as in our research, or involving
multi-modal tasks; and while utilizing testing modes other than fMRI,
such as electro encephalography [83-85] or evoked oxygenation of the
PFC using near-infrared spectroscopy [86]. Thus, further research has
the potential to explore the scope of distributed neural efficiency
through (1) multiple testing modes, (2) examining the accuracy of re-
source consumption in several brain regions and (3) measuring energy
consumption efficiency mechanisms at molecular, cellular, neuronal,
circuit and network levels of scalar organization during cognitive per-
formance.

Training and education of the elderly has been constrained due to
the neurophysiological effects of aging. These aging effects create
complex interactions of age, intelligence and aptitude which affect
educational methodologies as well as training outcomes [87]. Recent
cutting edge research has suggested that functional connectivity pat-
terns of the fronto-parietal network may predict or “finger-print” an
individual's “Gf” [88]. Such bio-markers, in the future may serve in the
development of unique bio-trackers of training performance in the el-
derly by also incorporating individual differences such as age, sex, and
“Gf” as baseline measures. The development of these behavioral phe-
notypes have the potential to address learning in the healthy elderly,
but also to stave off or track mild or severe cognitive decline in age-
related disease.

While the industry for cognitive enhancement through “brain
training” continues to proliferate, there is virtually no robust evidence
of genuine long-term gains with transfer of learning/performance
across domains through these existing methods [79]. Further research
and knowledge regarding the layered, hierarchical mechanisms of
neural efficiency in the brain may provide leverage in the development
of customized cognitive enhancement programs that successfully tap
individual differences in learning contingencies.

5. Conclusion
In conclusion, perhaps the brain achieves neural efficiency in a

distributed fashion by increasing processing power on demand by di-
verting resources from other regions within the P-FIT network. It is
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plausible that neural efficiency is not a simple decrease/increase of
global brain resource use in higher-IQ individuals, but also effective
allocation of limited resources where and when required to maintain
global energy homeostasis. Thus, the brain may spontaneously inhibit
those networks that are not critically important in high -IQ individuals
to increase computational power; or to recruit additional regions when
taxed by age. Task difficulty may also be a moderating variable in de-
termining the extent of de-activation of unnecessary regions. These
results may redefine and broaden our understanding of the mechanism
of neural efficiency as well as the functional inter-relationships between
brain regions that network in the emergence of “g”. Our findings pro-
posing that the brain modulates resource allocation strategies based on
inherent limitations such as fluid intelligence, age and external task
contingencies, may represent one form of neural efficiency employed by
the brain at the circuit/network level, amongst many others. These
forms of adaptive efficiency that the brain employs have implications
for how we may better continuously learn.
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