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a b s t r a c t 

Resting-state connectivity measures the temporal coherence of the spontaneous neural activity of spatially dis- 
tinct regions, and is commonly measured using BOLD-fMRI. The BOLD response follows neuronal activity, when 
changes in the relative concentration of oxygenated and deoxygenated haemoglobin cause fluctuations in the 
MRI T2 ∗ signal. Since the BOLD signal detects changes in relative concentrations of oxy/deoxy-haemoglobin, 
individual differences in haemoglobin levels may influence the BOLD signal-to-noise ratio in a manner inde- 
pendent of the degree of neural activity. In this study, we examined whether group differences in haemoglobin 
may confound measures of functional connectivity. We investigated whether relationships between measures of 
functional connectivity and cognitive performance could be influenced by individual variability in haemoglobin. 
Finally, we mapped the neuroanatomical distribution of the influence of haemoglobin on functional connectivity 
to determine where group differences in functional connectivity are manifest. 

In a cohort of 518 healthy elderly subjects (259 men), each sex group was median-split into two groups with high 
and low haemoglobin concentration. Significant differences were obtained in functional connectivity between 
the high and low haemoglobin groups for both men and women (Cohen’s d 0.17 and 0.03 for men and women 
respectively). The haemoglobin connectome in males showed a widespread systematic increase in functional 
connectivity correlation values, whilst the female connectome showed predominantly parietal and subcortical 
increases and temporo-parietal decreases. Despite the haemoglobin groups having no differences in cognitive 
measures, significant differences in the linear relationships between cognitive performance and functional con- 
nectivity were obtained for all 5 cognitive tests in males, and 4 out of 5 tests in females. 

Our findings confirm that individual variability in haemoglobin levels that give rise to group differences are an im- 
portant confounding variable in BOLD-fMRI-based studies of functional connectivity. Controlling for haemoglobin 
variability as a potentially confounding variable is crucial to ensure the reproducibility of human brain connec- 
tome studies, especially in studies that compare groups of individuals, compare sexes, or examine connectivity- 
cognition relationships. 
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. Introduction 

Functional connectivity refers to statistical dependencies between
patially distinct neurophysiological signals ( Friston et al., 1994 ), and
an be estimated in humans at a whole-brain level using blood-
xygenation-level-dependent (BOLD) functional magnetic resonance
maging (fMRI). Many studies measure functional connectivity using
ask-free resting-state BOLD fMRI data ( Biswal et al., 1995 ; Fox and
aichle, 2007 ), otherwise known as resting-state functional connec-
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ivity. Numerous studies have demonstrated that resting-state func-
ional connectivity is associated with variability in cognition ( Fox et al.,
007 ; Jamadar et al., 2016 ), age ( Andrews-Hanna et al., 2007 ), sex
 Jamadar et al., 2018 ; Weiss et al., 2003 ), genetics ( Fornito et al., 2011 ;
lahn et al., 2010 ), psychiatric conditions ( Fornito and Bullmore, 2010 ;
arrity et al., 2007 ; McGrath et al., 2013 ), and neurodegeneration (e.g.,
lzheimer’s disease, Greicius et al., 2004 ). 

Measures of functional connectivity depend on temporal fluctuations
n the BOLD signal. Changes to the relative concentrations of oxygenated
Blackburn Rd, Melbourne, Victoria 3800, Australia. 
ash.edu (S.D. Jamadar). 
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nd deoxygenated haemoglobin in a brain region cause fluctuations to
he MRI T2 ∗ signal, giving rise to the BOLD effect ( Ogawa et al., 1992 ).
he BOLD signal therefore provides an indirect measure of brain func-
ion arising from the neurovascular coupling between neuronal activity
nd cerebral haemodynamics ( Phillips et al., 2016 ). As described by Liu
 Liu, 2017 ), the relative signal change in BOLD-fMRI is given as 

Δ𝑆 ( 𝑡 ) 
𝑆 ( 0 ) 

≈
Δ𝑆 0 ( 𝑡 ) 
𝑆 0 ( 0 ) 

− 𝑇 𝐸 ⋅ Δ𝑅 

∗ 
2 ( 𝑡 ) + 

Δ𝑛 ( 𝑡 ) 
𝑆 ( 0 ) 

here S(t) denotes the signal acquired at time t , R 

∗ 
2 (t) is the ap-

arent transverse relaxation rate, TE denotes the echo time, S 0 (t) is
he magnetisation at TE = 0, and n(t) represents additive background
oise. Thus, the relative change in signal is the sum of three terms:
i),the relative change in transverse magnetisation at zero echo time
 𝐸 ⋅ Δ𝑅 

∗ 
2 ( 𝑡 ) 

Δ𝑆 0 ( 𝑡 ) 
𝑆 0 (0) 

; (ii), the change in relaxation rate 𝑇 𝐸 ⋅ Δ𝑅 

∗ 
2 ( 𝑡 ) ; and

iii) the background noise Δ𝑛 ( 𝑡 ) 
𝑆(0) which is influenced by thermal noise,

adiofrequency (RF) interference, etc. BOLD-fMRI experiments are typ-
cally designed to measure the relaxation term as an indirect index of
unctional brain activity. 

There are several factors of non-neuronal origin that can influ-
nce the relative concentrations of oxygenated and deoxygenated
aemoglobin in the cerebrovasculature, which can contribute to changes
n the BOLD signal. These factors include heart-rate variability, respira-
ion, and head movement ( Birn, 2012 ; Chang et al., 2009 ; Friston et al.,
996 ; Glover et al., 2000 ; Parkes et al., 2018 ; Power et al., 2018 , 2017 ),
ll of which can cause temporal correlations of the fMRI signal between
rain regions. The modelling and removal of these signals continues to
e an active area of research (e.g., Liu, 2017 ). 

In addition to respiratory, cardiac and head movement factors, there
re other non-neuronal factors that directly influence the BOLD sig-
al, including the maximum oxygen carrying capacity of the blood
 Gustard et al., 2003 ; Levin et al., 2001 ). This capacity is related to
he amount and the fractional volume of red blood cells in the blood.
aemoglobin is the metalloprotein in red blood cells that carries oxy-
en from the lungs to the tissue, and returns carbon dioxide from the
issue back to the lungs. Haematocrit is the volume proportion of red
lood cells to whole blood volume and is usually expressed as a per-
entage. Haemoglobin and haematocrit are highly correlated (haemat-
crit is often defined as three times the value of haemoglobin), but are
ot identical. Haemoglobin measures are more stable to plasma volume
hanges, such as in dehydration ( Quinto et al., 2006 ). Haemoglobin and
aematocrit levels vary considerably between individuals; and systemat-
cally between the sexes, with men generally showing haematocrit levels
f 42–49%, and women 39–46% (e.g., Stack and Berger, 2009 ). Whilst
aemoglobin and haematocrit levels within subjects are not thought to
ary within an MRI scan session (unlike head motion or breathing rate),
hey are still able to influence the BOLD signal-to-noise (SNR) ratio of
he acquired data. This source of variability in BOLD signal (and SNR)
cross subjects has the potential to influence measures of functional con-
ectivity, particularly for analyses that examine individual variability
n connectivity and differences between groups of individuals. In fact,
nter-subject variation in haematocrit has been found to correlate with
he degree of centrality of fMRI networks ( Yang et al., 2015 ), to mediate
he magnitude of the BOLD response in the visual cortex ( Levin et al.,
001 ; Xu et al., 2018 ), and to mediate the BOLD signal intensity in other
orms of oxygenation-sensitive imaging, including the cardiac BOLD re-
ponse ( Guensch et al., 2016 ). 

Dependence of the BOLD signal on haematocrit level is particularly
mportant for studies where haemoglobin and/or haematocrit may dif-
er between study groups. Several factors have been found to correlate
ith haemoglobin differences, including sex ( Rushton and Barth, 2010 ),
ge ( Zauber and Zauber, 1987 ), race ( Dutton, 1979 ), hydration level
 Guensch et al., 2016 ), stress levels ( Jern et al., 1989 ; Muldoon et al.,
995 ; Patterson et al., 1995 ), body temperature ( Thirup, 2003 ), sleep
pnoea ( Choi et al., 2006 ), cardiovascular health ( Jin et al., 2015 ),
nd testosterone administration ( Drinka, 2013 ). These factors influence
aemoglobin, and so may also indirectly influence fMRI functional con-
ectivity analyses between groups and confound the results and inter-
retation of the findings. 

In this study, we examined the potential for haemoglobin to be a
onfounding variable in functional connectivity analyses in a group of
ealthy elderly individuals. Ageing is associated with a number of phys-
ological changes that may impact the BOLD signal ( Aanerud et al.,
012 ), and inter-individual variability in haemoglobin levels increases
cross the lifespan (Hawkins et al., 1954). We specifically aimed to test
hether between-group haemoglobin differences could systematically
ias between-group differences in functional connectomes, and whether
ndividual variation in haemoglobin could impact the relationships be-
ween functional connectivity and measures of cognition in group stud-
es. We predicted that groups selected by haemoglobin levels would
xhibit differences in both functional connectivity and connectivity-
ognition relationships. 

Given the significant known differences in haemoglobin between
he sexes ( Rushton and Barth, 2010 ), analyses were performed sepa-
ately for men and women. The cohort was additionally split into two
roups, divided into the lower 50% and upper 50% of individuals based
pon haemoglobin values. We tested for differences in cognitive per-
ormance between the two groups to ensure functional connectivity
ifferences were not due to differences in cognitive performance. We
ompared the functional connectivity matrices between the groups to
dentify whether there were effects of haemoglobin on the strength
f global or regional functional connectivity measures. We examined
hether the effect was global, and therefore an intrinsic property of the
OLD signal, or anatomically localized to specific brain networks, espe-
ially those networks with relatively high venous cerebrovascular vessel
ensity. Finally, we examined the effect of haemoglobin variability on
onnectivity-cognition relationships, by correlating functional connec-
ivity with cognitive performance and testing whether the correlations
iffered between the two haemoglobin groups. We hypothesised that
ignificant differences would be observed between functional connec-
ivity of the upper and lower haemoglobin groups, that these differences
ould persist in connectivity-cognition analyses, and could produce po-

entially spurious findings between the connectivity matrices of two oth-
rwise comparable groups of healthy people. 

. Methods 

This data was acquired by the ASPREE Investigator Group, under
he ASPREE-Neuro sub-study. We refer the reader to the ASPREE-Neuro
linical trial protocol paper ( Ward et al., 2017 ) for full study parame-
ers. The data that support the findings of this study are available from
SPREE International Investigator Group, but restrictions apply to the
vailability of these data, which were used under license for the current
tudy, and so are not publicly available. Data are however available
rom the authors upon reasonable request and with permission of AS-
REE International Investigator Group ( https://aspree.org ). 

All methods for the ASPREE-Neuro clinical trial were reviewed by
he Monash University Human Research Ethics Committee, in accor-
ance with the Australian National Statement on Ethical Conduct in
uman Research (2007). 

.1. Participants 

Data formed part of the baseline (i.e., premedication) cohort of
he ASPREE trial, a multicentre, randomised double-blind placebo-
ontrolled trial of daily 100 mg aspirin in 19,000 healthy community
welling older adults in Australia and the United States. Inclusion and
xclusion criteria for the ASPREE trial have been published previously
 ASPREE Investigator Group, 2013 ). Participants were eligible in Aus-
ralia if aged 70-years and over, no past history of occlusive vascular
isease, atrial fibrillation, cognitive impairment or disability, were not
aking antithrombotic therapy, and did not have anaemia or diagnosis
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f a conditions likely to cause death in the following five years. Baseline
haracteristics of the full ASPREE sample have been reported previously
 McNeil et al., 2017 ). The current study used data from 518 partici-
ants (age = 73.8 ± 3.5, 248 females) from the ASPREE-Neuro sub-study
 Ward et al., 2017 ). At study entry, ASPREE-Neuro participants had a
odified Mini Mental Status Examination (3MS) ( Teng and Chui, 1987 )

core of at least 78/100. All MRIs used in this study were acquired before
tudy medication was taken. 

.2. Procedure 

Full protocol details are available in the ASPREE-Neuro sub-study
rotocol ( Ward et al., 2017 ). Here, we include haemoglobin, cognitive
nd MRI data from the baseline time-point, prior to the administration
f study medication. 

.2.1. Haemoglobin 

Fasting blood was collected at a lifestyle profile and screening as-
essment and sent to a pathology laboratory for testing. Haemoglobin
as measured in g/dL. To comply with the ASPREE trial inclusion cri-

eria (ASPREE Investigator ASPREE Investigator Group, 2013 ), individ-
als were screened from study entry if their haemoglobin was below
1 g/dL for females or 12 g/dL for males. 

The cohort was separated into low-haemoglobin (‘low-Hb’) and high
aemoglobin (‘high-Hb’) groups using a median split (lower and up-
er 50%) separated by sex. This resulted in four groups: low-Hb fe-
ale, low-Hb male, high-Hb female, and high-Hb male. For females,

he median was 13.8, and for males the median was 14.9. Histograms
f haemoglobin distribution in this sample are shown in Supplementary
igure 1. 

.2.2. Cognitive tests 

The five cognitive tests used were: (i) single-letter controlled oral
ord association test (COWAT) ( Ruff et al., 1996 ); (ii) colour trails

est ( D’Elia, 1996 ); (iii) predicted score derived from the modified
ini-mental state examination (3MS); (iv) symbol digit modalities test

SDMT) ( Smith, 1982 ); and (v) the Victoria Stroop test ( Troyer et al.,
006 ). Performance on each test was normalised (z-scored) separately
or females and males. 

.2.3. Imaging 

MRI data were acquired using a 3T Skyra MRI scanner equipped with
 32-channel head and neck coil (Siemens, Erlangen, Germany). In this
tudy, we used resting-state BOLD-fMRI and T1-weighted structural MRI
ata. The fMRI protocol was an eyes-open resting-state multi-band EPI
equence (multiband factor = 3, TE = 21 ms, TR = 754 ms, voxel = 3.0 mm
sotropic, matrix 64 × 64, slices = 42). A T1-weighted MPRAGE scan
as acquired for registration (TE = 2.13 ms, TR = 2300 ms, TI = 900 ms,
oxel = 1.0 mm isotropic, matrix = 240 × 256 × 192, flip angle = 9°). fMR
mages were corrected for geometry distortions (FUGUE) and brain ex-
racted (BET) ( Smith, 2002 ). Intra-scan movements were corrected us-
ng 3dvolreg; both high frequencies (above 0.1 Hz) and the temporal
ean (and first- and second-order polynomials) were removed from

ach voxel’s time series using 3dTproject (AFNI) ( Cox, 1996 ). Filtered
mages were entered into a first-level independent component analysis
ICA) with automatic estimation of the number of components using
ELODIC ( Beckmann et al., 2005 ). All the extracted ICA maps were

hen automatically labelled by FSL-FIX ( Salimi-Khorshidi et al., 2014 ),
hich was previously manually trained on 25 random subjects. Tempo-

al trends from noise-labelled ICA components were linearly regressed
ut of the 4D MR images using ordinary least squares (OLS) regression
s implemented in FSL FIX. The cleaned images were then normalized
o the MNI template (2 mm isotropic resolution); the first volume of the
PI time series was registered to the T1-weighted image using linear
egistration (with 6 degrees of freedom). Each T1 was then non-linearly
egistered to the MNI template using the symmetric normalization algo-
ithm in ANTs ( Avants et al., 2008 ). The brain was parcellated into 82 re-
ions using the Desikan-Killiany atlas ( Desikan et al., 2006 ; Fischl et al.,
002 ). The last step was to apply all the transformations from the pre-
ious two points to the 4D cleaned file. Finally, the normalized cleaned
le was smoothed with a 5 mm FWHM Gaussian kernel. 

.2.4. Calculation of functional connectivity matrix 

fMRI timeseries were extracted from each of the 82 Desikan-Killiany
egions for each individual. An individual functional connectivity matrix
as calculated as an 82 × 82 correlation matrix, formed by calculating

emporal correlations (Pearson) between each pair of regions. A single
ntry in the correlation matrix is referred to as an edge in the connec-
ivity matrix; each region denotes a node. The correlation between a
egion and itself is always unity, and thus the diagonals values of the
atrix are not included in statistical tests. Once symmetry (a factor of 2)

nd the diagonals are removed, 3321 edges remained. Group-level con-
ectivity matrices were computed by averaging edges across subjects
ithin groups. 

.2.5. Group-level assessment of haemoglobin on the functional 

onnectivity matrix 

All analyses were performed separately for males and females to
itigate the confounding effects of haemoglobin differences associ-

ted with sex ( Rushton and Barth, 2010 ). The effect size of functional
onnectivity differences between two subgroups for each sex (median
plit on haemoglobin values) was quantified by calculating Cohen’s d
 Cohen, 2013 ) for each edge in the 82 × 82 correlation matrix. Two
ubgroup connectivity matrices for each sex were calculated taking the
ean edge-weight across individuals in the low-Hb and high-Hb sub-

roups (divided by the median haemoglobin value) and the subgroup-
evel matrices were compared using Cohen’s d -statistic 

.2.6. Origins of the haemoglobin influence 

Further analysis was performed to assess whether the effect of
aemoglobin on the functional connectivity matrix was due to neurovas-
ular effects, and potentially biased towards the neuroanatomical loca-
ion of the draining blood vessels. A general linear model for each edge
n the matrix was fit to infer a relationship between haemoglobin (Hb)
nd functional connectivity (FC), covarying for age. 

C = B 1 ∗ Hb + B 2 ∗ age + e 

Haemoglobin values were normalised (z-scored) using a separate
ean and standard-deviation for females and males to avoid previously

eported biases ( Rushton and Barth, 2010 ) prior to fitting the linear
odels. This model was fit using the whole cohort, i.e., not split into
igh and low haemoglobin groups. 

The distribution of the t-scores for the linear coefficients (B 1 ) and
xplained variance of the entire model (R-squared) were compared to a
ull model where the Hb, FC and age data were randomly permuted, and
he models refit at each edge. The distribution for the null model was the
omposite of t-scores and explained variance from 500 permutations.
e calculated an edge-wise p-value from the number of permutations
ith higher t-score values. 

To determine whether the proximity of brain regions to cerebrove-
ous vasculature influenced the relationship between haemoglobin and
unctional connectivity, the location of the strongest associations were
ompared to an atlas of the cerebral veins ( Ward et al., 2018 ). For each
ex, a ‘haemoglobin connectome’ was constructed with edges to repre-
ent the top 10% of linear coefficients (t-values). The number of edges
onnecting each node was then calculated (network degree) to deter-
ine which regions of the brain gave rise to the strongest haemoglobin-

unctional connectivity associations. These highly connected regions
ere then spatially compared to the probabilistic map of the location
f the cerebral veins ( Ward et al., 2018 ). 
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Fig. 1. The effect of haemoglobin on resting-state functional connectivity for (A) females and (B) males. Values are Cohen’s d effect sizes of the difference between 
high-haemoglobin and low-haemoglobin groups. Abbreviation: Hb, haemoglobin. 
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.2.7. Impact of haemoglobin on connectivity-cognition analyses 

To investigate how group-differences in haemoglobin may influ-
nce brain connectivity-cognition relationships, the relationships be-
ween cognitive performance and functional connectivity were com-
ared between the two subgroups (low-Hb and high-Hb) for each sex.
hus, in the comparison of low-Hb versus high-Hb groups within each
ex, the mean haemoglobin values are the only between-group differ-
nce. The two haemoglobin subgroups for each sex had no differences
n cognitive performance for either the male or female groups (see
esults). 

A linear model was calculated between functional connectivity (FC)
nd task performance (Cog), covarying for age, for each of the five tasks,
or each edge in the connectivity matrix. 

og = B 1 ∗ FC + B 2 ∗ age + e 

The linear coefficients (B 1 ) of the lower-Hb and upper-Hb subgroups
ere compared to measure the effect of subgrouping on haemoglobin
sing a Cohen’s d statistic. To assess the effect of haemoglobin, the re-
ults were compared with linear coefficients estimated from the entire
ohort (low-Hb and high-Hb combined). The likelihood of observing a
imilar or larger effect by chance (p-value) was calculated by permuting
he low-Hb/high-Hb group membership 1000 times and comparing the
bserved effect size to this distribution of effect sizes. 

Functional connectivity and cognitive performance were normalised
z-scored) prior to fitting the models. All normalisation and statistical
nalyses were performed separately for females and males. 

. Results 

.1. Group-level assessment of haemoglobin on the functional connectivity 

atrix 

Group-level functional connectivity matrices differed significantly
etween the low-Hb and high-Hb sub-groups for both men and women
 t -test p < 10 − 10 ). The size of this effect at a global level was small (Co-
en’s d men = 0.17 women = 0.03). In males, the edge-weights of the func-
ional connectivity matrix in the high-Hb subgroup were consistently
igher than in low-Hb subgroup ( Fig. 1 B) with effect sizes as high as 0.4.
or men, 88% of the edge-weights were higher in high-Hb compared to
ow-Hb subjects, with 12% having higher edge-weights in the low-Hb
ompared to the high-Hb subjects. In females, there was less system-
tic bias between the subgroup matrix edge weights with 59% higher
n the high-Hb compared to the low-Hb subgroup, with 41% higher in
he low-Hb subgroup than high-Hb subgroup. The strength of the global
aemoglobin effect between sex subgroups was less in females compared
o males ( Fig. 1 A). 

.2. Origins of the haemoglobin influence 

Linear coefficients between haemoglobin and edge-weights in the
unctional connectivity matrix were calculated and compared to a null
istribution of randomly permuted haemoglobin, functional connectiv-
ty and age data. In men, the linear coefficients ( Fig. 2 B.i.) and explained
ariance ( Fig. 2 B.ii.) were linearly biased relative to the randomly per-
uted dataset. The likelihood of this bias is depicted in Fig. 2 B.ii and

ompared to the expectation of a null model. Relative to the null model,
he haemoglobin model had a horizontal shift in linear coefficient, and
trongly non-uniform p-value distribution. Collectively, these observa-
ions demonstrate that the haemoglobin results are unlikely to be false-
ositives. The bias in the linear coefficient results from an increase in
he explained variance, as evident by the increase of the explained vari-
nce in the haemoglobin model in Fig. 2 Bii. This was not the case in the
emale group, where the distribution of the linear coefficients between
aemoglobin and functional connectivity edge-weights overlapped the
ull distribution ( Fig. 2 A). 

To determine if the haemoglobin influence on functional connectiv-
ty values was related to the proximity to cerebral veins, a map of the
ighest haemoglobin functional connectivity associations was compared
ith an atlas of the cerebral veins ( Ward et al., 2018 ). Fig. 3 shows the

patial map of the top 10% t coefficients, and the probabilistic location
f the major draining veins ( Ward et al., 2018 ). The strongest correla-
ions between haemoglobin and functional connectivity were not found
n close proximity to cerebral veins. Note that spatial maps at different
hresholds are shown in Supplementary Figure 2 and are consistent with
hese results, indicating that this result is robust to different thresholds.
isual inspection of Fig. 3 suggests there was a trend towards higher
ssociations in the right hemisphere in both males and females, most
ronounced in the sub-cortical regions. 
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Fig. 2. Correlation between resting-state func- 
tional connectivity and haemoglobin values 
in (A) Females and (B) Males. Upper plots 
(i.) show distribution of linear coefficients (t- 
values). Middle plots (ii.) show distribution 
of explained variance, and lower panel (iii.) 
shows distribution of p-values. Each panel com- 
pares the distribution of obtained values to a 
null distribution, calculated by randomly per- 
muting haemoglobin values between subjects 
and refitting the identical model. 
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.3. Impact of haemoglobin on connectivity-cognition analyses 

There were no significant differences in cognitive performance be-
ween the low-Hb and high-Hb subgroups ( t -test p > 0.36 for all tests and
oth sexes). Supplementary Figure 3 shows box-plots for low-Hb and
igh-Hb groups for each sex. 

Linear coefficients of cognitive test performance and edge-weights in
he functional connectivity matrix were compared between the low-Hb
nd high-Hb subgroups ( Table 1 ). In females, the coefficients were sig-
ificantly different ( p < 0.001) in three out of the four cognitive tests ex-
mined. In males, the coefficients were significantly different ( p < 0.001)
n all four cognitive tests. 

Linear coefficients between functional connectivity and cognitive
erformance were consistently lower in the low-Hb subgroup compared
o the high-Hb subgroup ( Fig. 4 ). The effect was present in both males
nd females. Matrix edges that showed no significant correlation be-
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Fig. 3. Spatial representation of regions strongly influenced by haemoglobin in resting-state functional connectivity (region degree, blue-green colour bar), and the 
probabilistic location of the major draining veins (see Ward et al., 2018 ; red-yellow colour bar), for (A) females and (B) males. Degree is defined by the number of 
edges connected to a region with correlation in the 90th percentile. Supplementary Figure 2 show results at different thresholds and standardised to a t-distribution. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 1 

The size of the effect (Cohen’s d) between haemoglobin sub-groups on cognition- 
connectivity relationships. Permutation-derived p-values in brackets. 

Cognitive Test Females Males 

Modified Mini Mental State Exam (3MS) 0.94 ( p < 0.001) 0.99 ( p < 0.001) 

Stroop Test − 0.18 ( p < 0.001) 1.13 ( p < 0.001) 

Symbol-Digit Modality Test (SDMT) 0.94 ( p < 0.001) 0.95 ( p < 0.001) 

Controlled Oral Word Association Test (COWAT) − 0.06 ( p = 0.022) 1.07 ( p < 0.001) 
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ween cognitive performance and functional connectivity (where the
lack line approached the zero line) still demonstrated a haemoglobin-
elated bias. 

. Discussion 

The BOLD signal originates in the blood, so it is therefore not sur-
rising that group and individual differences in haemoglobin levels are
n important confounding variable in BOLD-fMRI-based studies of func-
ional connectivity. The results of this study demonstrate that the con-
ounding effect of variability in haemoglobin values is widespread across
rain regions, differs substantially between the sexes, and strongly
nfluences functional connectivity-cognition relationships. The effect
f haemoglobin on functional connectivity measures was widespread
cross brain regions in males without particular neuroanatomical speci-
city. In females, the effect was weaker than that in the males: it var-

ed across the brain, with subcortical regions in particular showing
igher functional connectivity in the high-Hb subgroup compared to the
ow-Hb subgroup. Females also showed regionally specific higher func-
ional connectivity in the low-Hb compared to the high-Hb subgroup,
articularly in parietal and temporal regions. Elevated associations be-
ween haemoglobin and functional connectivity evident in the orbito-
rontal cortex are difficult to interpret due to their proximity to known
usceptibility-related distortions ( Cordes et al., 2000 ) and lateralization.
hese results demonstrate that BOLD-fMRI functional connectivity anal-
ses are confounded by haemoglobin differences, especially in studies
iming to compare groups of individuals, or between sexes. 

In addition to the significant effect of haemoglobin on functional con-
ectivity, we also found that cognition-connectivity relationships were
ubstantially impacted by haemoglobin levels. These results showed that
here are systematically higher correlations of cognitive measures with
esting-state connectivity for individuals with higher haemoglobin lev-
ls, and that this effect is spatially-non-specific, and occurs across the
rain. Thus, the influence of haemoglobin variability is not confined
o any one individual cognitive measure, or any single brain region
e.g., close to cerebral veins). These results suggest that care should
e taken when interpreting connectivity-cognition relationships calcu-
ated at the group level, that do not account for individual variability in
aemoglobin levels. 

The BOLD-fMRI signal relies upon the magnetic properties of
aemoglobin, which itself is closely related to haematocrit: the propor-
ion of red blood cells in the blood. When neuronal activity within a
rain region increases, the additional neuronal metabolic activity re-
ults in an increased local energy requirement, which is reflected as an
ncrease in the regional cerebral metabolic rate of oxygen consumption
CMRO 2 ) ( Buxton and Frank, 1997 ; Glover, 2011 ). The consumption
f oxygen results in an early elevation of deoxygenated haemoglobin
n the region. Following neuronal activity, the increased metabolic re-
uirement results in an increase in cerebral blood flow (CBF) to the
egion to restore the local O 2 levels. However, the CBF to the region
ncreases by a larger proportion than required to satisfy the increased
MRO 2 requirement. Consequently, the local concentration of deoxy-
aemoglobin decreases, leading to an increase in the MR T2 ∗ signal.
n sum, combined changes in CBF, cerebral blood volume (CBV) and
MRO 2 are reflected in changes in local deoxygenated haemoglobin.
he fMRI acquisition sequence is tuned to detect changes in the appar-
nt transverse relaxation rate (T2 ∗ ), which is sensitive to the amount of
eoxygenated haemoglobin in the blood ( Buxton et al., 2004 ; Liu, 2017 ).
herefore, individual differences in the proportion of haemoglobin and
ed blood cells are evident as individual differences in BOLD SNR. Our
esults complement the previous studies showing that BOLD signal in-
ensity is mediated by individual haemoglobin levels ( Levin et al., 2001 ;
uensch et al., 2016 ; Xu et al., 2018 ). 

In the majority of BOLD-fMRI experiments, the measurement of in-
erest is the relative change in the BOLD signal across time (during
est, in response to a task, etc.). In other words, the change in relax-
tion rate 𝑇 𝐸 ⋅ Δ𝑅 

∗ 
2 ( 𝑡 ) is interpreted as an indirect index of functional

rain activity ( Liu, 2017 ). As the relaxation rate in BOLD-fMRI depends
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Fig. 4. Correlation between resting-state functional 
connectivity and cognitive test performance (y-axis) 
in five domains, (top-bottom) 3MS, Stroop, SDMT, 
COWAT. Each dot denotes an edge in the functional 
connectivity matrix correlated with the cognitive test 
score. The black line shows the relationship between 
the cognitive score and functional connectivity calcu- 
lated for the entire cohort. The order of the edges (x- 
axis) is denoted by the coefficients on the entire co- 
hort. The blue points show the relationship between 
the cognitive score and functional connectivity for the 
low haemoglobin group. The red points show the re- 
lationship between the cognitive score and functional 
connectivity for the high haemoglobin group. Abbrevi- 
ations: 3MS, modified mini-mental state exam; SDMT, 
symbol-digit modalities test; COWAT, controlled word 
association test; Hb, haemoglobin. 
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n the total amount of deoxygenated haemoglobin in the blood, indi-
idual differences in haemoglobin/haematocrit will specifically influ-
nce the relaxation term 𝑇 𝐸 ⋅ Δ𝑅 

∗ 
2 ( 𝑡 ) . In other words, the very signal

f interest in BOLD-fMRI experiments is influenced by an individual’s
aemoglobin level. Notably, an individual’s haematocrit level also influ-
nces the viscosity of the blood, with higher haematocrit levels signif-
cantly slowing the rate of blood flow throughout the body ( Stack and
erger, 2009 ). Differences in CBF influences the number of spins that
ow into a voxel ( Gao and Liu, 2012 ), which affects the magnetisation
erm 

Δ𝑆 0 ( 𝑡 ) 
𝑆 0 (0) 

of the BOLD signal. Individual differences in haemoglobin

ay therefore also indirectly influence the magnetisation term of the
OLD signal. Previous studies that have aimed at minimising the effect
f noise and confounds on the BOLD signal have focused on factors that
ary across time, including cardiac noise, respiratory noise, motion, and
ow frequency drifts and fluctuations ( Liu, 2017 ). Individual differences
n haemoglobin/haematocrit have not been considered as an important
onfound, possibly because this value does not vary for an individual
uring a typical scan duration. This appears to be especially so for stud-
es of functional connectivity, which by definition examine relationships
etween signals that vary across time. 

The relationship between BOLD-fMRI and individual differences in
aematocrit has been investigated in a number of small cohort studies.
ang et al. (2015) found only a modest relationship between haemat-
crit variability and summary measures of functional connectivity in a
ample of 45 healthy younger (mean age 29yrs; s.d. 10.8) adults. De-
ree of centrality, fractional ALFF (amplitude of low frequency fluc-
uations) and voxel-mirrored homotopic connectivity showed discrete
lusters of significant association with haematocrit, in non-overlapping
egions. Resting-state networks estimated with dual regression showed
ore widespread relationship with between-subject variation in haema-

ocrit. They concluded that the impact of haematocrit variation in BOLD
ignal is modest and regionally-specific. In another sample of 13 healthy
iddle-aged (mean age 35yrs; s.d. 7) adults, Xu et al. (2018) found

hat 22% (i.e., R 

2 = 0.22) of the inter-subject variability of the BOLD
esponse in the visual cortex to flickering checkerboard stimulus was
ssociated with haematocrit, consistent with previous studies of haema-
ocrit and the BOLD signal (R 

2 = 0.23; Gustard et al., 2003 ; R 

2 = 0.28,
evin et al., 2001 ). When the BOLD response was normalised by the
aematocrit, the BOLD signal coefficient of variation reduced by 16%
eading Xu et al. (2018) to conclude that normalisation of the BOLD sig-
al by individual haematocrit levels is an important step for enhancing
he detection power of BOLD-fMRI studies. 

The current sample is substantially larger than the previous studies
f the influence of haemoglobin on BOLD-fMRI measures ( Yang et al.,
015 ; Xu et al., 2018 ), with a sample size of 518 subjects. Like
u et al. (2018) , our results suggest that individual differences in
aemoglobin have a substantial influence on BOLD-fMRI measures of
unctional connectivity and functional connectivity-cognition relation-
hips. Notably, Xu et al. (2018) used a task-based (stimulus-evoked)
aradigm, suggesting that the influence of haemoglobin on fMRI mea-
ures are not limited to resting-state paradigms alone. In contrast to
ang et al. (2015) , we found that haemoglobin effects were widespread,
patially non-specific in men; and widespread and spatially-variable in
omen. Unlike the previous studies, our sample were older adults within
 very narrow age range (73.8 ± 3.5yrs), with no major health prob-
ems and who passed stringent criteria for inclusion in a clinical trial
 Ward et al., 2017 ). 

Ageing is associated with a number of physiological changes that
ay impact the BOLD signal, including changes in oxygen extraction

raction, CMRO 2 , and CBF ( Aanerud et al., 2012 ). Haemoglobin declines
ith age in men, and increases with age in women ( Bäckman et al.,
016 ; Cruickshank, 1970 ), such that the values for men and women be-
ome more similar in older age, but still significantly different (note
owever this finding is not ubiquitous, with findings of declines in
aemoglobin levels for both sexes ( Salive et al., 1992 )). Haematocrit
oes not seem to change post-menopause compared to pre-menopause
 Amin et al., 2004 ; Koons et al., 2019 ), however CMRO 2 has been found
o change which may pose additional challenges for fMRI studies in
lder females ( Peng et al., 2014 ). Although we do not have data on the
enopausal status of the women in this study, it is notable that all par-

icipants were aged over 70-years, and the mean age of menopause in
ustralia is 51.3-years ( Davis et al., 2015 ). As such, the majority of the
omen in this sample are likely to be post-menopausal. An important
irection for future research is to examine how menopause influences
OLD physiology. 

Haemoglobin variations are known to coincide with cerebral blood
ow changes ( van der Veen et al., 2015 ). It is possible that the correla-
ions observed in this work are not a direct consequence of haemoglobin
ut a composite effect of blood flow, blood volume, and vascular re-
ctivity, all of which may be related to haemoglobin levels. Similarly,
he relationship between haemoglobin variability and frequency-based
etrics (e.g., fALFF) could also be related to either BOLD signal-to-
oise ratio or haemodynamic physiology. The timescale of resting-state
MRI fluctuations has been found to relate to region degree, i.e. that
ore strongly connected regions (‘hubs’) have slower rsfMRI BOLD fluc-

uations ( Fallon et al., 2019 ). Hub locations have been found to cor-
elate with cerebral perfusion ( Liang et al., 2013 ), and may reflect
he variations required in the oxygen-carrying capacity of the blood
 Hayashi et al., 2003 ) to support hub metabolic demands ( Tomasi et al.,
013 ). Therefore, the discrete clusters of the fALFF metric related to
aemoglobin, as reported by Yang et al., may indicate haemodynamic
esponses to hub metabolism. Differences in frequency-based fluctu-
tions between haemoglobin groups may reflect either an influence
n BOLD signal-to-noise ratio, or alternatively an anatomical overlap
f timescale patterns and perfusion responses to haemoglobin varia-
ion. In summary, it remains unclear whether the relationship between
aemoglobin and resting-state functional connectivity is mechanisti-
ally explained by BOLD signal intensity, blood physiology, or both.
uture studies should aim to disentangle these effects. 

Taken together, our results provide evidence that individual differ-
nces in haemoglobin/haematocrit are an important confounding vari-
ble in functional connectivity and functional connectivity-cognition
nalyses. The striking difference in the effect of haemoglobin between
he sexes is strong evidence for the importance of co-varying individ-
al differences in haemoglobin when undertaking connectivity analy-
es. It is well-known that haemoglobin variance differs between the
exes (e.g., Rushton and Barth, 2010 ). Our results suggest that it is
ossible that previous studies of sex differences in functional connec-
ivity and connectivity-cognition relationships that did not control for
aemoglobin may be confounded, at least in ageing (e.g., Jamadar et al.,
018 ). In addition, our results are consistent with some ( Xu et al., 2018 ;
uensch et al., 2016 ), but not other ( Yang et al., 2015 ) results in healthy
ounger adults. Given the differences in haemoglobin concentration
ver the lifespan ( Bäckman et al., 2016 ; Cruickshank, 1970 ; Salive et al.,
992 ), the effect of haemoglobin on the BOLD-fMRI signal is also likely
o vary with age. We therefore argue that future BOLD-fMRI studies
sing connectivity and connectivity-cognition between group analyti-
al approaches should consider statistically testing for differences in
he shapes of the haemoglobin distributions. Where shape differences
re observed it would be prudent to re-sample the population to de-
ermine whether the results are robust to removal of the haemoglobin
ffects. While it is perhaps not surprising that haemoglobin-connectivity
elationships differ between the sexes, our findings do not explain the
irectionality (positive and negative effect sizes) or why the regional
patial patterns differ between the sexes. Future studies are needed to
isentangle the regional effects of haemoglobin on the BOLD signal and
onnectivity patterns, investigate the underlying mechanisms that may
ontribute to these sex differences, and further examine the influence
f haemoglobin variability on connectivity and connectivity-cognition
elationships. 
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A number of approaches exist for obtaining measures of haemoglobin
or inclusion in BOLD-fMRI analyses. One approach, as used in this
tudy, involved drawing venous blood and laboratory measurement of
ull blood parameters. However, smaller devices that provide point-
f-care metrics of haemoglobin and haematocrit are now available
 Nkrumah et al., 2011 ; Avcioglu et al., 2018 ; Singh et al., 2015 ). These
evices require finger-prick samples of capillary blood, are quick, easy
o obtain, and relatively non-invasive. Comparisons of point-of-care de-
ices for measuring haemoglobin have been performed ( Avcioglu et al.,
018 ; Singh et al., 2015 ). Avcioglu et al. showed that the point-of-care
easurement of haemoglobin was correlated with venous haemoglobin
easures analysed with gold-standard cell analysers, with R 

2 = 0.825.
lternative approaches include image-derived estimates of haematocrit
sing the dependence of the T1 relaxation rate in venous blood ( Li et al.,
017 ), which takes around two minutes to acquire, and requires addi-
ional positioning of the subject to image the chest for complete inver-
ion of the inflowing arterial blood ( Li et al., 2017 ). Image-derived es-
imates of haematocrit were found to correlate strongly (R 

2 = 0.91) with
aboratory based measures of complete blood count ( Xu et al., 2018 ). In
um, the ease and cost of devices for acquiring haemoglobin or haema-
ocrit metrics should not be a barrier for most groups acquiring BOLD-
MRI data. 

One limitation of the current study is the known regional variation
f haematocrit throughout the brain. Calamante et al. showed that local
easures of capillary haematocrit can be obtained by combining mul-

iple MRI sequences, namely arterial spin labelling and dynamic sus-
eptibility contrast ( Calamante et al., 2015 ). This approach could be
sed in future studies to compare the influence of haematocrit varia-
ion on regional BOLD fMRI signal characteristics, to potentially provide
 neuroanatomical map of the degree of haematocrit influence on the
stimation of functional connectivity metrics. Given the known varia-
ion in haematocrit values across the body ( Mchedlishvili and Varaza-
hvili, 1987 ), brain image-derived metrics of haematocrit may be ulti-
ately be the best method to control for haemoglobin effects in BOLD-

MRI analyses. It is also important to note that resting-state functional
onnectivity is sensitive to differences in pre-processing pipelines (e.g.
arkes et al., 2018 ) and resting-state condition (e.g., eyes open, eyes
losed, fixation; Patriat et al., 2013 ). Future studies should confirm the
nfluence of haemoglobin on estimates of functional connectivity un-
er different conditions and analysis pipelines. Finally, the demographic
haracteristics of the current sample should be noted when interpreting
hese results. The observed differences between females and males may
ave been partially driven by the differences in haemoglobin distribu-
ion for the two groups. Particularly the non-symmetric nature of the
aemoglobin values for females. In addition to controlling for between-
roup biases in haemoglobin, researchers may find the shape of the dis-
ributions important for accurate analyses. To comply with the inclu-
ion criteria for the ASPREE clinical trial (during which this data was
cquired), the lower limit of haemoglobin values was restricted to above
1 g/dL for females and 12 g/dL for males. This restricted range may
ave led to us underestimating the effect of haemoglobin variability on
unctional connectivity ( Goodwin and Leech, 2006 ). The ASPREE clin-
cal trial is also predominantly white (91%; McNeil et al., 2017 ), and
ean haemoglobin values are known to differ by race (e.g., Dong et al.,
008 ). As such, future work in this area should consider samples with
ess restricted and more representative range of haemoglobin values. 

In conclusion, this study in a large sample of healthy older adults
emonstrated that individual variability in haemoglobin has a substan-
ial influence on functional connectivity and functional connectivity-
ognition relationships. The effect of haemoglobin was widespread, dif-
ered substantially between the sexes, and strongly influenced functional
onnectivity-cognition relationships. In males the effect of haemoglobin
n functional connectivity measures was widespread across brain re-
ions whereas in females the effect varied across the brain including in
ubcortical regions. Acquisition of haemoglobin/haematocrit measures
re readily available and future BOLD-fMRI functional connectivity and
onnectome studies should control for haemoglobin as a confounding
ariable, especially in studies aiming to compare groups of individuals,
ompare sexes, or examine connectivity-cognition relationships. 

eclaration of Competing Interest 

The authors have no competing or conflicting interests. 

cknowledgements 

PGDW, SDJ, ERO, AF & GE are supported by the Australian Re-
earch Council (ARC) Centre of Excellence for Integrative Brain Func-
ion (CE140100007). SDJ is supported by an ARC Discovery Early
areer Researcher Award (DE150100406) and NHMRC Fellowship
APP1174164). 

We thank the ASPREE group for data access. ASPREE was supported
y the National Institutes of Health (grant number U01AG029824); the
ational Health and Medical Research Council of Australia (grant num-
ers 334047, 1127060, 1086188); Monash University (Australia) and
he Victorian Cancer Agency (Australia). The Principal ASPREE study is
egistered with the International Standardized Randomized Controlled
rials Register, ASPirin in Reducing Events in the Elderly, Number: IS-
CTN83772183 and clinicaltrials.gov number NCT01038583. ASPREE-
euro trial is registered with Australian New Zealand Clinical Trials
egistry ACTRN12613001313729. 

upplementary materials 

Supplementary material associated with this article can be found, in
he online version, at doi:10.1016/j.neuroimage.2020.117196 . 

eferences 

anerud, J., Borghammer, P., Chakravarty, M.M., Vang, K., Rodell, A.B., Jónsdottir, K.Y.,
Møller, A., Ashkanian, M., Vafaee, M.S., Iversen, P., Johannsen, P., Gjedde, A.,
2012. Brain energy metabolism and blood flow differences in healthy aging. J.
Cereb. Blood Flow Metab. Off. J. Int. Soc. Cereb. Blood Flow Metab. 32, 1177–1187.
doi: 10.1038/jcbfm.2012.18 . 

min, M.G., Tighiouart, H., Weiner, D.E., Stark, P.C., Griffith, J.L., MacLeod, B.,
Salem, D.N., Sarnak, M.J., 2004. Hematocrit and left ventricular mass:
the Framingham Heart study. J. Am. Coll. Cardiol. 43, 1276–1282.
doi: 10.1016/j.jacc.2003.10.048 . 

ndrews-Hanna, J.R., Snyder, A.Z., Vincent, J.L., Lustig, C., Head, D., Raichle, M.E., Buck-
ner, R.L., 2007. Disruption of Large-Scale Brain Systems in Advanced Aging. Neuron
56, 924–935. doi: 10.1016/j.neuron.2007.10.038 . 

SPREE Investigator Group, 2013. Study design of ASPirin in Reducing Events in the
Elderly (ASPREE): a randomized, controlled trial. Contemp. Clin. Trials 36, 555–564.
doi: 10.1016/j.cct.2013.09.014 . 

vants, B.B., Epstein, C.L., Grossman, M., Gee, J.C., 2008. Symmetric diffeo-
morphic image registration with cross-correlation: evaluating automated label-
ing of elderly and neurodegenerative brain. Med. Image Anal. 12, 26–41.
doi: 10.1016/j.media.2007.06.004 . 

vcioglu, G., Nural, C., Yilmaz, F.M., Baran, P., Erel, Ö., Yilmaz, G., 2018. Comparison
of noninvasive and invasive point-of-care testing methods with reference method for
hemoglobin measurement. J. Clin. Lab. Anal. 32, e22309. doi: 10.1002/jcla.22309 . 

äckman, S., Larjo, A., Soikkeli, J., Castrén, J., Ihalainen, J., Syrjälä, M., 2016. Season and
time of day affect capillary blood hemoglobin level and low hemoglobin deferral in
blood donors: analysis in a national blood bank. Transfusion (Paris) 56, 1287–1294.
doi: 10.1111/trf.13578 . 

eckmann, C.F., DeLuca, M., Devlin, J.T., Smith, S.M., 2005. Investigations into resting-
state connectivity using independent component analysis. Philos. Trans. R. Soc. B Biol.
Sci 360, 1001–1013. doi: 10.1098/rstb.2005.1634 . 

irn, R.M., 2012. The role of physiological noise in resting-state functional connectiv-
ity. Neuroimage 62, 864–870. doi: 10.1016/j.neuroimage.2012.01.016 , 20 YEARS OF
fMRI. 

iswal, B., Yetkin, F.Z., Haughton, V.M., Hyde, J.S., 1995. Functional connectivity in the
motor cortex of resting human brain using echo-planar mri. Magn. Reson. Med. 34,
537–541. doi: 10.1002/mrm.1910340409 . 

uxton, R.B., Frank, L.R., 1997. A model for the coupling between cerebral blood flow and
oxygen metabolism during neural stimulation. J. Cereb. Blood Flow Metab. Off. J. Int.
Soc. Cereb. Blood Flow Metab. 17, 64–72. doi: 10.1097/00004647-199701000-00009 .

uxton, R.B., Uluda ğ, K., Dubowitz, D.J., Liu, T.T., 2004. Modeling the hemodynamic
response to brain activation. NeuroImage, Mathematics in Brain Imaging 23, S220–
S233. doi: 10.1016/j.neuroimage.2004.07.013 . 

alamante, F., Ahlgren, A., Osch, M.J.van, Knutsson, L., 2015. A novel approach
to measure local cerebral haematocrit using MRI. J. Cereb. Blood Flow Metab.
doi: 10.1177/0271678X15606143 , 0271678X15606143. 



P.G.D. Ward, E.R. Orchard and S. Oldham et al. NeuroImage 221 (2020) 117196 

C  

 

C  

 

C
C  

 

C  

 

C  

D  

D  

D  

 

 

 

D  

 

D  

D  

F  

 

 

F  

 

 

 

F  

 

F  

 

 

 

F  

 

F  

F  

 

F  

 

G

G  

 

G  

 

G  

G  

 

G  

G  

 

G  

 

G  

 

 

H  

 

 

J  

 

 

 

J  

 

 

J  

 

J  

 

 

K  

 

L  

 

 

L  

 

L  

 

L  

 

M  

 

M  

M  

 

 

 

 

 

M  

 

 

N  

 

O  

 

P  

 

P  

 

P  

 

P  

 

P  

 

P  

 

P  

 

Q  

 

R  

 

hang, C., Cunningham, J.P., Glover, G.H., 2009. Influence of heart rate on
the BOLD signal: the cardiac response function. Neuroimage 44, 857–869.
doi: 10.1016/j.neuroimage.2008.09.029 . 

hoi, J.B., Loredo, J.S., Norman, D., Mills, P.J., Ancoli-Israel, S., Ziegler, M.G., Dims-
dale, J.E., 2006. Does obstructive sleep apnea increase hematocrit? Sleep Breath 10,
155–160. doi: 10.1007/s11325-006-0064-z . 

ohen, J. , 2013. Statistical Power Analysis For the Behavioral Sciences. Routledge . 
ordes, D., Turski, P.A., Sorenson, J.A., 2000. Compensation of susceptibility-induced sig-

nal loss in echo-planar imaging for functional applications ☆. Magn. Reson. Imaging
18, 1055–1068. doi: 10.1016/S0730-725X(00)00199-5 . 

ox, R.W., 1996. AFNI: software for Analysis and Visualization of Functional
Magnetic Resonance Neuroimages. Comput. Biomed. Res. 29, 162–173.
doi: 10.1006/cbmr.1996.0014 . 

ruickshank, J.M., 1970. Some Variations in the Normal Haemoglobin Concentration. Br.
J. Haematol. 18, 523–530. doi: 10.1111/j.1365-2141.1970.tb00773.x . 

avis, S , Lambrinoudaki, I , Lumsden, M , Mishra, G , Pal, L , et al. , 2015. Menopause. Nature
Reviews Disease Primers, 15004 . 

’Elia, L. , 1996. Color Trails test Professional Manual. PAR Psychological Assessmant Re-
sources. Lutz, Florida. USA . 

esikan, R.S., Ségonne, F., Fischl, B., Quinn, B.T., Dickerson, B.C., Blacker, D., Buck-
ner, R.L., Dale, A.M., Maguire, R.P., Hyman, B.T., Albert, M.S., Killiany, R.J.,
2006. An automated labeling system for subdividing the human cerebral cor-
tex on MRI scans into gyral based regions of interest. Neuroimage 31, 968–980.
doi: 10.1016/j.neuroimage.2006.01.021 . 

ong, X, Mendes de Leon, C, Artz, A, Tang, Y, Shah, R, Evans, D, 2008. A population-
based study of hemoglobin, race, and mortality in elderly persons. J. Gerontol. A
doi: 10.1093/gerona/63.8.873 . 

rinka, P., 2013. Hematocrit Elevation Associated With Testosterone Administration. J.
Am. Med. Dir. Assoc. 14, 848. doi: 10.1016/j.jamda.2013.08.006 . 

utton, D.B. , 1979. Hematocrit levels and race: an argument against the adoption of sep-
arate standards in screening for anemia. J. Natl. Med. Assoc. 71, 945–954 . 

allon, J., Ward, P., Parkes, L., Oldham, S., Arnatkevi či ū t ė, A., Fornito, A., Fulcher, B.D.,
2019. Timescales of spontaneous activity fluctuations relate to structural connectivity
in the brain. bioRxiv 655050. 10.1101/655050 (accepted Network Neuroscience, May
2020). 

ischl, B., Salat, D.H., Busa, E., Albert, M., Dieterich, M., Haselgrove, C., van der
Kouwe, A., Killiany, R., Kennedy, D., Klaveness, S., Montillo, A., Makris, N.,
Rosen, B., Dale, A.M., 2002. Whole Brain Segmentation: automated Label-
ing of Neuroanatomical Structures in the Human Brain. Neuron 33, 341–355.
doi: 10.1016/S0896-6273(02)00569-X . 

ornito, A., Bullmore, E.T., 2010. What can spontaneous fluctuations of the blood
oxygenation-level-dependent signal tell us about psychiatric disorders? Curr. Opin.
Psychiatry 23, 239–249. doi: 10.1097/YCO.0b013e328337d78d . 

ornito, A., Zalesky, A., Bassett, D.S., Meunier, D., Ellison-Wright, I., Yücel, M., Wood, S.J.,
Shaw, K., O’Connor, J., Nertney, D., Mowry, B.J., Pantelis, C., Bullmore, E.T.,
2011. Genetic influences on cost-efficient organization of human cortical functional
networks. J. Neurosci. Off. J. Soc. Neurosci. 31, 3261–3270. doi: 10.1523/JNEU-
ROSCI.4858-10.2011 . 

ox, M.D., Raichle, M.E., 2007. Spontaneous fluctuations in brain activity observed
with functional magnetic resonance imaging. Nat. Rev. Neurosci. 8, 700–711.
doi: 10.1038/nrn2201 . 

ox, M.D., Snyder, A.Z., Vincent, J.L., Raichle, M.E., 2007. Intrinsic fluctuations within
cortical systems account for intertrial variability in human behavior. Neuron 56, 171–
184. doi: 10.1016/j.neuron.2007.08.023 . 

riston, K.J., Holmes, A.P., Worsley, K.J., Poline, J.-.P., Frith, C.D., Frackowiak, R.S.J.,
1994. Statistical parametric maps in functional imaging: a general linear approach.
Hum. Brain Mapp. 2, 189–210. doi: 10.1002/hbm.460020402 . 

riston, K.J., Williams, S., Howard, R., Frackowiak, R.S.J., Turner, R., 1996.
Movement-related effects in fMRI time-series. Magn. Reson. Med. 35, 346–355.
doi: 10.1002/mrm.1910350312 . 

ao, J.-.H., Liu, H.-.L., 2012. Inflow effects on functional MRI. Neuroimage 62, 1035–
1039. doi: 10.1016/j.neuroimage.2011.09.088 . 

arrity, A.G., Pearlson, G.D., McKiernan, K., Lloyd, D., Kiehl, K.A., Calhoun, V.D., 2007.
Aberrant “default mode ” functional connectivity in schizophrenia. Am. J. Psychiatry
164, 450–457. doi: 10.1176/ajp.2007.164.3.450 . 

lahn, D.C., Winkler, A.M., Kochunov, P., Almasy, L., Duggirala, R., Carless, M.A., Cur-
ran, J.C., Olvera, R.L., Laird, A.R., Smith, S.M., Beckmann, C.F., Fox, P.T., Blangero, J.,
2010. Genetic control over the resting brain. Proc. Natl. Acad. Sci. U. S. A. 107, 1223–
1228. doi: 10.1073/pnas.0909969107 . 

lover, G.H., 2011. Overview of Functional Magnetic Resonance Imaging. Neurosurg.
Clin. N. Am. 22, 133–139. doi: 10.1016/j.nec.2010.11.001 . 

lover, G.H. , Li, T.Q. , Ress, D. , 2000. Image-based method for retrospective correction of
physiological motion effects in fMRI: RETROICOR. Magn. Reson. Med. 44, 162–167
10.1002/1522-2594(200007)44:1 < 162::aid-mrm23>3.0.co;2-e . 

oodwin, L, Leech, N, 2006. Understanding correlation: factors that affect the size of r. J.
Exp. Educ. doi: 10.3200/JEXE.74.3.249-266 . 

reicius, M.D., Srivastava, G., Reiss, A.L., Menon, V., 2004. Default-mode network activity
distinguishes Alzheimer’s disease from healthy aging: evidence from functional MRI.
Proc. Natl. Acad. Sci. U. S. A. 101, 4637–4642. doi: 10.1073/pnas.0308627101 . 

uensch, D.P., Nadeshalingam, G., Fischer, K., Stalder, A.F., Friedrich, M.G., 2016. The
impact of hematocrit on oxygenation-sensitive cardiovascular magnetic resonance. J.
Cardiovasc. Magn. Reson. 18, 42. doi: 10.1186/s12968-016-0262-1 . 

ustard, S., Williams, E.J., Hall, L.D., Pickard, J.D., Carpenter, T.A., 2003. Influ-
ence of baseline hematocrit on between-subject BOLD signal change using gra-
dient echo and asymmetric spin echo EPI. Magn. Reson. Imaging 21, 599–607.
doi: 10.1016/S0730-725X(03)00083-3 . 
ayashi, T., Watabe, H., Kudomi, N., Kim, K.M., Enmi, J.-.I., Hayashida, K., Iida, H., 2003.
A Theoretical Model of Oxygen Delivery and Metabolism for Physiologic Interpreta-
tion of Quantitative Cerebral Blood Flow and Metabolic Rate of Oxygen. J. Cereb.
Blood Flow Metab. 23, 1314–1323. doi: 10.1097/01.WCB.0000090506.76664.00 . 

amadar, S.D., Egan, G.F., Calhoun, V.D., Johnson, B., Fielding, J., 2016. Intrinsic Connec-
tivity Provides the Baseline Framework for Variability in Motor Performance: a Mul-
tivariate Fusion Analysis of Low- and High-Frequency Resting-State Oscillations and
Antisaccade Performance. Brain Connect. 6, 505–517. doi: 10.1089/brain.2015.0411 .

amadar, S.D., Sforazzini, F., Raniga, P., Ferris, N.J., Paton, B., Bailey, M.J., Brodt-
mann, A., Yates, P.A., Donnan, G.A., Ward, S.A., Woods, R.L., Storey, E., McNeil, J.J.,
Egan, G.F., 2018. Sexual Dimorphism of Resting-State Network Connectivity in
Healthy Ageing. J. Gerontol. Ser. B. doi: 10.1093/geronb/gby004 . 

ern, C., Wadenvik, H., Mark, H., Hallgren, J., Jern, S., 1989. Haematolog-
ical changes during acute mental stress. Br. J. Haematol 71, 153–156.
doi: 10.1111/j.1365-2141.1989.tb06290.x . 

in, Y.-.Z., Zheng, D.-.H., Duan, Z.-.Y., Lin, Y.-.Z., Zhang, X.-.Y., Wang, J.-.R., Han, S.,
Wang, G.-.F., Zhang, Y.-.J., 2015. Relationship Between Hematocrit Level and Car-
diovascular Risk Factors in a Community-Based Population. J. Clin. Lab. Anal. 29,
289–293. doi: 10.1002/jcla.21767 . 

oons, N.J., Suresh, M.R., Schlotman, T.E., Convertino, V.A., 2019. Interrela-
tionship Between Sex, Age, Blood Volume, and Vo2max [WWW Document].
info:doi/10.3357/AMHP.5255.2019 

evin, J.M., Frederick, B.deB, Ross, M.H., Fox, J.F., von Rosenberg, H.L., Kaufman, M.J.,
Lange, N., Mendelson, J.H., Cohen, B.M., Renshaw, P.F., 2001. Influence of baseline
hematocrit and hemodilution on BOLD fMRI activation. Magn. Reson. Imaging 19,
1055–1062. doi: 10.1016/S0730-725X(01)00460-X . 

i, W., Liu, P., Lu, H., Strouse, J.J., Zijl, P.C.M.van, Qin, Q., 2017. Fast measurement of
blood T1 in the human carotid artery at 3T: accuracy, precision, and reproducibility.
Magn. Reson. Med. 77, 2296–2302. doi: 10.1002/mrm.26325 . 

iang, X., Zou, Q., He, Y., Yang, Y., 2013. Coupling of functional connectivity and regional
cerebral blood flow reveals a physiological basis for network hubs of the human brain.
Proc. Natl. Acad. Sci. 110, 1929–1934. doi: 10.1073/pnas.1214900110 . 

iu, T.T., 2017. Reprint of ‘Noise contributions to the fMRI signal: an Overview’’.’ Neu-
roImage. Cleaning up the fMRI time series: Mitigating noise with advanced acquisition
and correction strategies 154, 4–14. doi: 10.1016/j.neuroimage.2017.05.031 . 

cGrath, C.L., Kelley, M.E., Holtzheimer, P.E., Dunlop, B.W., Craighead, W.E.,
Franco, A.R., Craddock, R.C., Mayberg, H.S., 2013. Toward a neuroimaging treat-
ment selection biomarker for major depressive disorder. JAMA Psychiatry 70, 821–
829. doi: 10.1001/jamapsychiatry.2013.143 . 

chedlishvili, G , Varazashvili, M , 1987. Hematocrit in cerebral capillaries and veins under
control and ischemic conditions. J. Cerebr. Blood Flow Metab. . 

cNeil, J.J., Woods, R.L., Nelson, M.R., Murray, A.M., Reid, C.M., Kirpach, B., Storey, E.,
Shah, R.C., Wolfe, R.S., Tonkin, A.M., Newman, A.B., Williamson, J.D., Lockery, J.E.,
Margolis, K.L., Ernst, M.E., Abhayaratna, W.P., Stocks, N., Fitzgerald, S.M., Tre-
vaks, R.E., Orchard, S.G., Beilin, L.J., Donnan, G.A., Gibbs, P., Johnston, C.I.,
Grimm, R.H., 2017. Baseline Characteristics of Participants in the ASPREE (AS-
Pirin in Reducing Events in the Elderly) Study. J. Gerontol. Ser. A 72, 1586–1593.
doi: 10.1093/gerona/glw342 . 

uldoon, M.F., Herbert, T.B., Patterson, S.M., Kameneva, M., Raible, R., Manuck, S.B.,
1995. Effects of Acute Psychological Stress on Serum Lipid Levels, Hemoconcen-
tration, and Blood Viscosity. Arch. Intern. Med. 155, 615–620. doi: 10.1001/arch-
inte.1995.00430060077009 . 

krumah, B., Nguah, S.B., Sarpong, N., Dekker, D., Idriss, A., May, J., Adu-Sarkodie, Y.,
2011. Hemoglobin estimation by the HemoCue R ○ portable hemoglobin photometer in
a resource poor setting. BMC Clin. Pathol. 11, 5. doi: 10.1186/1472-6890-11-5 . 

gawa, S. , Tank, D.W. , Menon, R. , Ellermann, J.M. , Kim, S.G. , Merkle, H. , Ugurbil, K. ,
1992. Intrinsic signal changes accompanying sensory stimulation: functional brain
mapping with magnetic resonance imaging. Proc. Natl. Acad. Sci. 89, 5951–5955 . 

arkes, L., Fulcher, B., Yücel, M., Fornito, A., 2018. An evaluation of the efficacy, relia-
bility, and sensitivity of motion correction strategies for resting-state functional MRI.
Neuroimage 171, 415–436. doi: 10.1016/j.neuroimage.2017.12.073 . 

atriat, R, Molloy, E, Meier, T, Kirk, G, Nair, V, et al., 2013. The effect of resting condition
on resting-state fMRI reliability and consistency: a comparison between resting with
eyes open, closed, and fixated. Neuroimage doi: 10.1016/j.neuroimage.2013.04.013 . 

atterson, S.M., Matthews, K.A., Allen, M.T., Owens, J.F., 1995. Stress-induced hemo-
concentration of blood cells and lipids in healthy women during acute psychological
stress. Health Psychol 14, 319–324. doi: 10.1037/0278-6133.14.4.319 . 

eng, S-L, Dumas, J, Park, D, Liu, P, Filbey, F, et al., 2014. Age-related in-
crease of resting metabolic rate in the human brain. Neuroimage 98, 176–183.
doi: 10.1016/j.neuroimage.2014.04.078 . 

hillips, A.A., Chan, F.H., Zheng, M.M.Z., Krassioukov, A.V., Ainslie, P.N., 2016. Neurovas-
cular coupling in humans: physiology, methodological advances and clinical implica-
tions. J. Cereb. Blood Flow Metab. 36, 647–664. doi: 10.1177/0271678X15617954 . 

ower, J.D., Plitt, M., Gotts, S.J., Kundu, P., Voon, V., Bandettini, P.A., Martin, A., 2018.
Ridding fMRI data of motion-related influences: removal of signals with distinct spa-
tial and physical bases in multiecho data. Proc. Natl. Acad. Sci. U. S. A. 115, E2105–
E2114. doi: 10.1073/pnas.1720985115 . 

ower, J.D., Plitt, M., Laumann, T.O., Martin, A., 2017. Sources and impli-
cations of whole-brain fMRI signals in humans. Neuroimage 146, 609–625.
doi: 10.1016/j.neuroimage.2016.09.038 . 

uinto, L., Aponte, J.J., Menendex, C., Sacarlal, J., Aide, P., Espasa, M., et al., 2006. Re-
lationship between haemoglobin and haematocrit in the definition of anaemia. Trop.
Med. Int. Health 11, 1295–1302. doi: 10.1111/j.1365-3156.2006.01679.x . 

uff, R.M., Light, R.H., Parker, S.B., Levin, H.S., 1996. Benton controlled oral word asso-
ciation test: reliability and updated norms. Arch. Clin. Neuropsychol. 11, 329–338.
doi: 10.1093/arclin/11.4.329 . 



P.G.D. Ward, E.R. Orchard and S. Oldham et al. NeuroImage 221 (2020) 117196 

R  

 

S  

 

 

S  

 

 

S  

 

S  

S  

S  

 

T  

T  

T  

T  

 

v  

 

 

W  

 

 

W  

 

 

 

 

W  

 

 

 

X  

 

 

Y  

Z  
ushton, D.H., Barth, J.H., 2010. What is the evidence for gender differ-
ences in ferritin and haemoglobin? Crit. Rev. Oncol. Hematol. 73, 1–9.
doi: 10.1016/j.critrevonc.2009.03.010 . 

alimi-Khorshidi, G., Douaud, G., Beckmann, C.F., Glasser, M.F., Griffanti, L., Smith, S.M.,
2014. Automatic denoising of functional MRI data: combining independent com-
ponent analysis and hierarchical fusion of classifiers. Neuroimage 90, 449–468.
doi: 10.1016/j.neuroimage.2013.11.046 . 

alive, M.E., Cornoni ‐Huntley, J., Guralnik, J.M., Phillips, C.L., Wallace, R.B., Ost-
feld, A.M., Cohen, H.J., 1992. Anemia and Hemoglobin Levels in Older Persons: re-
lationship with Age, Gender, and Health Status. J. Am. Geriatr. Soc. 40, 489–496.
doi: 10.1111/j.1532-5415.1992.tb02017.x . 

ingh, A., Dubey, A., Sonker, A., Chaudhary, R., 2015. Evaluation of various methods of
point-of-care testing of haemoglobin concentration in blood donors. Blood Transfus
13, 233–239. doi: 10.2450/2014.0085-14 . 

mith, A. , 1982. Symbol Digit Modalities Test. Western Psychological Services, Los Ange-
les, CA . 

mith, S.M., 2002. Fast robust automated brain extraction. Hum. Brain Mapp 17, 143–155.
doi: 10.1002/hbm.10062 . 

tack, S.W., Berger, S.A., 2009. The effects of high hematocrit on arterial flow —A phe-
nomenological study of the health risk implications. Chem. Eng. Sci., Morton Denn
Festschrift 64, 4701–4706. doi: 10.1016/j.ces.2009.07.017 . 

eng, E.L. , Chui, H.C. , 1987. The Modified Mini-Mental State (3MS) examination. J. Clin.
Psychiatry 48, 314–318 . 

hirup, P., 2003. Haematocrit. Sports Med 33, 231–243.
doi: 10.2165/00007256-200333030-00005 . 

omasi, D., Wang, G.-.J., Volkow, N.D., 2013. Energetic cost of brain functional connec-
tivity. Proc. Natl. Acad. Sci. 110, 13642–13647. doi: 10.1073/pnas.1303346110 . 

royer, A.K., Leach, L., Strauss, E., 2006. Aging and Response Inhibition: norma-
tive Data for the Victoria Stroop Test. Aging Neuropsychol. Cogn. 13, 20–35.
doi: 10.1080/138255890968187 . 
an der Veen, P, Muller, M, Vincken, K, Westerink, J, Mali, W, et al., 2015.
Hemoglobin, hematocrit, and changes in cerebral blood flow: the Second Man-
ifestations of ARTerial disease-Magnetic Resonance study. Neurobiol. Aging
doi: 10.1016/j.neurobiolaging.2014.12.019 . 

ard, P.G.D., Ferris, N.J., Raniga, P., Dowe, D.L., Ng, A.C.L., Barnes, D.G.,
Egan, G.F., 2018. Combining images and anatomical knowledge to im-
prove automated vein segmentation in MRI. Neuroimage 165, 294–305.
doi: 10.1016/j.neuroimage.2017.10.049 . 

ard, S.A., Raniga, P., Ferris, N.J., Woods, R.L., Storey, E., Bailey, M.J., Brodtmann, A.,
Yates, P.A., Donnan, G.A., Trevaks, R.E., Wolfe, R., Egan, G.F., McNeil, J.J.,
2017. ASPREE-NEURO study protocol: a randomized controlled trial to determine
the effect of low-dose aspirin on cerebral microbleeds, white matter hyperinten-
sities, cognition, and stroke in the healthy elderly. Int. J. Stroke 12, 108–113.
doi: 10.1177/1747493016669848 . 

eiss, E.M., Siedentopf, C., Hofer, A., Deisenhammer, E.A., Hoptman, M.J., Kremser, C.,
Golaszewski, S., Felber, S., Fleischhacker, W.W., Delazer, M., 2003. Brain acti-
vation pattern during a verbal fluency test in healthy male and female volun-
teers: a functional magnetic resonance imaging study. Neurosci. Lett. 352, 191–194.
doi: 10.1016/j.neulet.2003.08.071 . 

u, F., Li, W., Liu, P., Hua, J., Strouse, J.J., Pekar, J.J., Lu, H., Zijl, P.C.M.van, Qin, Q.,
2018. Accounting for the role of hematocrit in between-subject variations of MRI-
derived baseline cerebral hemodynamic parameters and functional BOLD responses.
Hum. Brain Mapp. 39, 344–353. doi: 10.1002/hbm.23846 . 

ang, Z., Craddock, R.C., Milham, M.P., 2015. Impact of hematocrit on measurements of
the intrinsic brain. Front. Neurosci. 8. doi: 10.3389/fnins.2014.00452 . 

auber, N.P., Zauber, A.G., 1987. Hematologic Data of Healthy Very Old People. JAMA
257, 2181–2184. doi: 10.1001/jama.1987.03390160067028 . 


