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Although only 2% of our body weight, the brain uses 20% of our energy, but 

produces 100% of our suffering  

 

– and 100% of our joy 

  



ABSTRACT 

Functional brain imaging relies on the fact that neuronal activity and brain metabolism are closely 

coupled. Changes in neuronal activity evoke vascular responses, more precisely changes in cerebral 

blood flow (CBF) and blood volume (CBV), as well as metabolic responses, that is oxygen and glucose 

consumption. Yet, in neuroimaging research, most studies are not measuring these different 

responses separately. Instead, most researchers acquire the blood-oxygen-level-dependent (BOLD) 

signal, which is relying on a mismatch between oxygen delivery and the cerebral rate of oxygen 

(CMRO2). Increases in neuronal activity usually trigger larger CBF than CMRO2 increases. Only if 

more oxygen is delivered than is consumed, deoxyhemoglobin (dHb) levels in venous blood drop, 

which gives rise to a positive BOLD response. Thus, metabolic and vascular contributions cannot be 

disentangled by a simple BOLD experiment. Further, impaired metabolism in different disease states 

or after drug administration have been shown to influence the amplitude of BOLD signals. Due to its 

relative nature, its amplitude is not comparable in terms of neuronal activity level across different 

brain regions within one subject and even less across subjects or patient populations. In contrast to 

fMRI BOLD, CMRO2 is a physiological signal that directly measures oxidative brain metabolism. Apart 

from oxygen, the brain needs glucose to fuel its brain activity. The cerebral rate of glucose (CMRglc) 

quantifies glucose consumption and, via comparing CMRO2 to CMRglc, provides information about 

levels of oxidative versus nonoxidative metabolism. Changes in both glucose and oxygen metabolism 

are supposedly more localized at the exact site of neuronal activation than CBF and BOLD changes.  

In this doctoral thesis, I show the applicability of simultaneous CMRO2 and CMRglc measurements 

during a visual stimulation experiment within the first study. I then extend these findings to a 

cognitive design within the second study. I show that multiparametric, quantitative BOLD (mqBOLD) 

measurements in healthy human subjects are sensitive enough to measure absolute task-induced 

changes in CMRO2. Further, by comparing fMRI BOLD with CMRO2, I provide evidence that 

specifically negative BOLD responses are not necessarily indicative of reduced oxygen metabolism 

and thereby cannot be interpreted as reduced excitatory brain activity. This showed in a dissociation 

of the sign of BOLD and CMRO2 changes, which was more pronounced for negative than for positive 

BOLD signal changes and especially apparent in regions of the default mode network (DMN). While 

parts of the DMN with significant BOLD decreases also showed concomitant task-induced decreases 

in oxygen metabolism, around half to two-thirds of DMN voxels actually showed increased oxygen 

consumption, despite consistent negative BOLD signal changes. These results fundamentally 

question our commonly accepted interpretation of specifically negative BOLD responses as 

indicators for decreased neuronal activity. 

Overall, measuring brain metabolism has several advantages over fMRI BOLD. The most 

important ones are its better localization at the site of neuronal activity and its potential for 

measuring absolute energy consumption. While there is currently no way of measuring CMRglc 

without the administration of radiotracers, the non-invasive measurement of CMRO2 developed into 

a promising area of research. Further steps into improving the applicability of measuring cerebral 

oxygen consumption are important to consolidate its path into clinical routines as well as within 

neuroimaging research, as an extension or alternative to fMRI BOLD measurements.  
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DSC Dynamic susceptibility contrast 

EPI Echo planar imaging 

[18F]-FDG Fluorodeoxyglucose F 18, radiotracer for CMRglc PET imaging 
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ROI Region of interest 

DMN Default mode network 

DAN Dorsal attention network 

GM Gray matter 

OGI Oxygen-to-glucose index 

EEG Electroencephalography 

PCC Posterior cingulate cortex 

SNR Signal-to-noise ratio 
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1 General introduction 
 

Humans spend around 20% of their energy on their brains, which makes them the species that 

spends the most energy on their brains relative to the rest of their bodies. That energy is mostly used 

to fuel information processing across neurons and brain regions. These signaling related processes 

are assumed to cost 75% of the energy in grey matter and 60% of the energy throughout the whole 

human brain (Engl & Attwell, 2015). Why is the human brain so energetically expensive? 

Evolutionary novel pathways and complex cognition processes such as memory or reading are 

related to increased energy use, due to a high neuromodulatory activity (Castrillon et al., 2023). 

Additionally, humans have a highly connected brain and  the number of connections, measured by 

the degree of functional connectivity of a brain area, scales with increased energy (glucose) needs 

(Passow et al., 2015; Tomasi et al., 2013), even within single subjects (Castrillon et al., 2023). Because 

of the large number of synapses, more input has to be integrated, yielding information integration at 

the postsynaptic level that consumes 74% of the total energy spent on signaling, compared to only 

34% in rodents (Attwell & Iadecola, 2002). However, this energetically expensive architecture also 

seems to make certain brain areas as the default mode network (DMN) more prone to be affected in 

various disease states. Patients with Alzheimer’s disease typically show decreased glucose 

metabolism early on, particularly in frontoparietal and default mode network areas (Di & Biswal, and 

Alzheimer’s Disease Neu, 2012; Leech & Sharp, 2014; Minoshima et al., 1997; Mosconi, 2005). 

Moreover, studies reported a reduction in metabolism throughout the brain during healthy ageing, 

specifically in frontal regions, while motor and sensory regions are less affected (Aanerud et al., 2012; 

Deery et al., 2023). Schizophrenia, as well as autistic spectrum disorder and traumatic brain injury 

have been connected to decreased metabolism in the posterior cingulate cortex (PCC), core region of 

the DMN (Leech & Sharp, 2014). A range of different diseases have been connected to functional 

connectivity alterations and lack of suppression in the DMN (Anticevic et al., 2012; Mohan et al., o. J.). 

Therefore, a better understanding of brain metabolism, specifically within DMN regions, is an 

important window into our further understanding of healthy brain activity and the diagnosis and 

characterization of pathologies.  

The research projects presented in this thesis focused on new methods for non-invasive, 

quantitative imaging of glucose and oxygen consumption, the fuels for brain activity, via magnetic 

resonance imaging (MRI) and positron emission tomography (PET). The first chapter of the 

introduction describes the history and current work of measuring the metabolic rates of glucose 

(CMRglc) and oxygen (CMRO2) within the human brain as well as its relations to functional imaging 

using the blood-oxygen-level-dependent (BOLD) signal. It concludes with recent methodological 

advances, namely multiparametric, quantitative BOLD (mqBOLD) and functional PET (fPET) imaging, 

which both research projects are built on. While the first chapter focuses on the methodology, the 

second chapter introduces the theoretical backbone of the current work, which forms the basis of 

our hypotheses. First, evidence for changes in CMRO2 and CMRglc during visual stimulation is briefly 

described, while the second subsection focusses on the DMN. I review the history of the DMN, 

evidences for DMN deactivations and mixed or negative findings related to DMN deactivations. After 

a brief description of the aims of the current PhD work, both research projects are presented in 

manuscript style in sections two and three. These manuscripts are currently in preparation for 

submission. General findings are then discussed at the end of this thesis. 
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1.1 How to measure human brain activity and brain energy 
metabolism with functional brain imaging 

The brain is an energetically expensive organ and fortunately, changes in brain signaling are 

coupled to changes in energy usage. In fact, from the very beginning of functional brain imaging, 

measuring human brain activity has been relying on the fact that neuronal activity and brain 

metabolism are closely coupled (Hoge & Pike, 2001; Magistretti & Pellerin, 1999). Oxygen and 

glucose fuel brain activity via the oxidation of glucose to produce ATP (adenosine triphosphate), the 

energy substrate in the body (Hoge & Pike, 2001). Yet, in early experiments in 1955, researchers 

failed to show that brain activity in men performing an arithmetic task was coupled to a global 

increase of cerebral blood flow (CBF) or of the metabolic rate of oxygen consumption (CMRO2) 

(Sokoloff et al., 1955). However, in cats, via autoradiography, the same researcher could show in 

1961 that CBF increased regionally in the visual cortex after stimulation, being the first example of 

functional neuroimaging. This technique unfortunately was too invasive for application in humans. 

Only the development of the positron-emission-tomography (PET) in the 1970s made functional 

neuroimaging possible in vivo in humans (Reivich et al., 1979; Ter-Pogossian et al., 1975). For 

excellent reviews on the development of functional neuroimaging and its relationship with oxidative 

metabolism see Hoge & Pike (2001) and Sokoloff (2008a). 

 

1.1.1 Absolute glucose and oxygen consumption: CMRglc and CMRO2 

With the development of PET imaging, scientists could now measure regional glucose 

consumption via the injection of  fluorodeoxyglucose ([18F]-FDG) (Huang et al., 1980; Reivich et al., 

1979). Also, measurements of CBF via the injection of H215O were possible. Further, as Kety and Smith 

have already shown much earlier (1945), Fick’s formula could be applied to any substance which is 

removed from the blood by the brain. This made the calculation of  the metabolic rate of oxygen 

(CMRO2) possible through multiplication of CBF with the oxygen content of arterial blood and the 

oxygen extraction fraction (OEF), measured via inhaled gas (P. Fox et al., 1988; P. T. Fox & Raichle, 

1986a). This basic principle still applies today, even though the different parameters can now be 

acquired non-invasively via MRI instead of PET, see section 1.1.3. 

During rest, regional correlation of CBF and CMRO2 (P. T. Fox & Raichle, 1986a; Henriksen et al., 

2021), CBF and CMRglc (Henriksen et al., 2018)  and CMRO2 and CMRglc (F. Hyder et al., 2016) are 

usually high, although regional variability exists (Ances et al., 2008; Blazey, Snyder, Su, et al., 2018; 

Henriksen et al., 2018; Vaishnavi et al., 2010). Yet, the correlation of task-induced changes across 

parameters is less consistent. Task-induced increases in CBF and CMRglc are mostly coupled (P. Fox 

et al., 1988; Newberg et al., 2005; Paulson et al., 2010), although pharmacological intervention in 

animals can lead to increases in glucose consumption without increases in CBF, suggesting both CBF 

and CMRglc are triggered in parallel by neuronal activity (Magistretti & Pellerin, 1999). The 

uncoupling between increases in CBF and CMRO2, on the other hand, was striking from the very 

beginning (P. T. Fox & Raichle, 1986a). Early studies showed large increases in CBF, between 29% 

and 50%, even though increases in CMRO2 were small (around 5%) (P. Fox et al., 1988; P. T. Fox & 

Raichle, 1986a). Initially, the extent of CBF-CMRO2 uncoupling remained a debated topic: while some 

studies found no uncoupling at all in the rat brain, that is similar increases for CMRO2, CMRglc and 

CBF (F. Hyder et al., 1996), others found no increase in CMRO2 during stimulation in the rat striatum 

despite increases in CBF and CMRglc (Lowry & Fillenz, 1997). However, after the very early PET 

studies, subsequent research reported consistent increases in CMRO2 during visual stimulation in 



11 
 

humans that ranged between 10-30% (Donahue et al., 2009; Fujita et al., 2006; Hoge & Pike, 2001; 

S.-G. Kim et al., 1999; Liu et al., 2019; R. G. Shulman et al., 2001). CBF increases were usually 2-4 times 

larger (Ances et al., 2008; Buxton, 2010; Buxton et al., 2014), but the exact degree of uncoupling 

between CBF and CMRO2 has shown to vary across brain regions and depends on the type of 

stimulation. One example are subcortical structures as the hippocampus, where the uncoupling of 

CBF and CMRO2 increases is less pronounced, probably due to different vessel densities compared 

to neocortex (Shaw et al., 2021). Attention also seems to play a crucial role; visual stimuli that are 

attended increase the CMRO2 response more, resulting in less pronounced uncoupling between 

CMRO2 and CBF (Moradi et al., 2012). The uncoupling between increases in CMRO2 and increases in 

CBF or CMRglc during focal neuronal activity resulted in two important discoveries. 

First, uncoupling between task-induced increases in CMRglc versus CMRO2 indicated that not all 

metabolic needs of the brain are uniquely met by oxidative metabolism. If fractional CMRglc 

increased more than fractional CMRO2, there needed to be a task-induced increase in non-oxidative 

metabolism (P. Fox et al., 1988). During the full oxidation of glucose, six moles of oxygen and one 

mole of glucose are metabolized, so the oxygen-to-glucose index (OGI) for the full oxidation of glucose 

should be around 6, but drops significantly during focal activity (A.-L. Lin et al., 2008; Paulson et al., 

2010; Uludağ et al., 2004; Vafaee et al., 2012). However, even in the resting state, the average OGI of 

the brain is around 5.5, with frontoparietal and default mode regions showing a lower OGI and thus 

higher levels of non-oxidative metabolism (Blazey, Snyder, Goyal, et al., 2018; Blazey, Snyder, Su, et 

al., 2018; Vaishnavi et al., 2010). Blazey and colleagues deduced that around 10% of the energy needs 

in the resting state are met via non-oxidative metabolism (Blazey, Snyder, Goyal, et al., 2018). Please 

note that this view has been rejected by (F. Hyder et al., 2016) who propose a uniform OGI during 

rest. So far, no single hypothesis exists that explains the existence of non-oxidative metabolism or 

aerobic glycolysis in the brain and its increase during neuronal activity. Aerobic glycolysis is the 

definition for a state where, despite sufficient oxygen being present, glucose is not fully oxidized, 

leading to increases in lactate levels. A role of lactate may as a signaling molecule in long-term 

learning and synaptic plasticity has been discussed (Magistretti & Allaman, 2018; Yang et al., 2014), 

because stimulation-induced decreases of the OGI in task-relevant areas last longer than the actual 

task duration (Madsen et al., 1995).  

Second, the task-induced uncoupling between CBF and CMRO2 is the basis for another technique 

that since its discovery in the 1990s (Ogawa et al., 1990, 1993) has taken over the majority of 

functional brain imaging research: the blood-oxygen-level-dependent (BOLD) signal. It takes 

advantage of this luxury perfusion, i.e. the overcompensatory increase in blood flow that is usually 

2-4 times higher than the increase in CMRO2, In the following sections we will see how the 

measurement of fMRI (functional magnetic resonance imaging) BOLD is based on the uncoupling 

between blood supply and oxygen consumption and look at the physiological model behind the BOLD 

signal and how to interpret it. 

 

1.1.2 Blood-oxygen-level-dependent functional imaging 

fMRI BOLD imaging has several advantages over classical PET imaging and has therefore, since its 

discovery, taken over a large fraction of neuroimaging research. It has both good temporal and spatial 

resolution, making it possible to investigate local changes in a temporally resolved way, without the 

injection of any exogenous tracer. It needs much less time than a PET experiment and allows to 

measure several task conditions in one imaging session. Nevertheless, as a conglomerate signal, the 

BOLD response does not reflect one biophysical process but mainly relies on the mismatch between 
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blood flow and CMRO2 response (Hoge & Pike, 2001). Additionally, the BOLD response is a relative 

and not an absolute signal, fluctuating around an arbitrary baseline, which only allows measuring 

changes in the signal, but does not allow for comparison of baseline activity. Still, it is widely accepted 

that the BOLD signal is a proxy for underlying neuronal activity because its time course correlates 

strongly with local field potentials (LFPs), which consist of a combination of post-synaptic and pre-

synaptic activity (A. Ekstrom, 2010; A. D. Ekstrom, 2021; Hillman, 2014; D. S. F. Hyder, 2010a; 

Logothetis, 2003, 2008). The correlation of spike rates, measured by multi-unit activity (MUA), with 

the BOLD signal is weaker (Attwell & Iadecola, 2002; Logothetis, 2003; Logothetis et al., 2001) and 

may not be a direct correlation, but mediated by the correlations between LFPs and spike rate. See 

Ekstrom (2010) for an excellent review of how and when the fMRI BOLD signal relates to underlying 

neural activity. 

 

Basics of the canonical positive BOLD response 

What is the physiological model behind the canonical, positive BOLD response? As its name 

indicates, the blood-oxygen-level-dependent signal is dependent on the oxygenation, more precisely 

on the deoxyhemoglobin (dHb) levels of venous blood, which is measured via T2* weighted MRI. dHb 

is paramagnetic and thus elicits small disturbances in the magnetic field, leading to increased 

dephasing of the protons and thus to a reduced T2* signal. Following stimulus-induced neuronal 

activation, vessels dilate and arterial CBV rises as smooth muscles around the arteries relax, this is 

called neurovascular coupling (see Figure M1|A). Consequently, CBF increases and washes out dHb 

in the veins and capillaries, leading to an overall decrease in dHb, less dephasing and thus an increase 

in the T2* or BOLD signal (Byrne et al., 2014; Drew, 2019). However, neuronal activity usually also 

goes hand in hand with an increase in oxidative metabolism (Fujita et al., 2006; Hoge & Pike, 2001), 

thus results in increased oxygen consumption which leads to an increase in dHb in the venous blood. 

This is called neurometabolic coupling (see Figure M1|A) (D. S. F. Hyder, 2010b). This increase in 

CMRO2, as well as the slow, venous increase of CBV counteracts the aforementioned wash-out of dHb 

by the blood flow, but is usually not strong enough to give rise to a negative BOLD response (Blockley 

et al., 2013; Buxton, 2010). Experimental evidence shows that the rise in CBF is usually 2-4 times 

larger than the rise in CMRO2, so the higher the luxury perfusion, the stronger the positive BOLD 

signal (Ances et al., 2008; Buxton, 2010; Buxton et al., 2014; Davis et al., 1998, S. 199; A.-L. Lin et al., 

2010; Uludağ et al., 2004). The canonical positive BOLD response and its underlying fractional 

changes in CMRO2 and CBF are also displayed and explained in Figure M1|B a). 

However, there are different factors that influence this canonical positive BOLD response. First, 

the exact coupling between task-induced CBF and CMRO2 responses, the coupling ratio n, depends 

on both brain regions and stimulus. It has been shown that in subcortical areas as the hippocampus, 

the n-ratio is smaller than in the neocortex, leading to weaker BOLD responses (Ances et al., 2008; 

Restom et al., 2008; Shaw et al., 2021). This could in part be explained by the vascular density, which 

varies across regions and is lower in the hippocampus than e.g. in V1 (A. D. Ekstrom, 2021; Shaw et 

al., 2021). The vascular density is also higher in sensory cortices in comparison to association 

cortices, facilitating a stronger blood flow and blood volume response and giving rise to a higher 

BOLD signal (Harrison, 2002). The type of stimulation also has an impact on the amplitude of the 

BOLD response by modulating the size of the CMRO2 increase. Attention seems to influence the CBF 

and even more the CMRO2 response, but only influences the BOLD response minimally. During 

attention periods, the CBF response tripled, while the CMRO2 increase was nearly 8-fold, compared 

to the non-attended condition (Moradi et al., 2012). Second, the baseline blood flow and oxygenation 

influences the strength of the BOLD signal. The amount of dHb in the baseline state is a scaling factor 
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for the BOLD response and sets its limit, i.e. when all dHb is washed out, the BOLD response cannot 

increase further despite possible increases in CBF (Buxton, 2010; Griffeth et al., 2012; Whittaker et 

al., 2016). For excellent reviews on the basis of the BOLD response and its interpretation see (Buxton, 

2010; Drew, 2019; A. Ekstrom, 2010; A. D. Ekstrom, 2021). 

 

 

Figure M1. A | Physiological model of the canonical positive BOLD response. Increased neuronal activity 

causes elevated energy metabolism (CMRO2) and blood volume (CBV), both resulting in higher dHb in venous 

blood. At the same time, cerebral blood flow (CBF) increases oxygen delivery, lowering dHb levels. A positive 

BOLD signal arises with stimulus-induced decreases of dHb levels in the venous blood, resulting from CBF 

increases that are larger than concomitant increases in oxygen consumption. B | The biophysical Davis model 

and its visualization across a range of fractional CBF and CMRO2 changes. BOLD responses (%BOLD), displayed 

by the colored lines, are modeled in relation to changes in CMRO2 on the x-axis and changes in CBF on the y-

axis (%CBF and %CMRO2), using M = 10, α = -0.05, β = 0.98, following Gagnon et al. (2016). CBF0 and CMRO20 

denote the baseline. According to the model, the sign and amplitude of the BOLD response depend on the 

combined changes in CBF and CMRO2. A positive BOLD response, resulting from decreased dHb levels and 

displayed in hot colors, arises either a) when oxygen delivery via CBF surpasses oxygen consumption, called 

‘canonical’ BOLD response, b) with increased CBF, but decreased CMRO2, or c) when decreases in CBF are 

smaller than decreases in CMRO2. A negative BOLD response, resulting from increased dHb levels and 

displayed in cool colors, arises either d) when oxygen consumption, i.e. CMRO2 surpasses oxygen delivery via 

CBF, e) with increased CMRO2, but decreased CBF, or f) when decreases in CBF are larger than decreases in 

CMRO2. 

 

The Davis model: a biophysical model for BOLD-signal changes 

As we have seen, the amplitude of the BOLD signal depends on the exact relation between the CBF 

and CMRO2 responses as well as on the baseline dHb content. The Davis model (Davis et al., 1998) is 

a biophysical model that relates changes in the BOLD-signal to changes in CBF and CMRO2 and has 

served as the basis for calibrated BOLD experiments. Its robustness has since been proven by 
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multiple studies (Ances et al., 2008; Gagnon et al., 2016; Griffeth et al., 2015). The formula and its 

visualization is displayed in Figure M1|B. M is a global scaling factor that accounts for baseline dHb 

and scanning parameters such as field strength and echo time (Buxton et al., 2004; Davis et al., 1998). 

α is the power-law exponent used to describe the coupling of changes in CBV to changes in CBF by a 

power-law relationship. It was set to α = 0.38 by Grubb et al. (1974), but newer papers report lower 

values between 0.16 and 0.3, while β is dependent on the magnetic field strength with β = 1.5 at 3T 

(J. J. Chen & Pike, 2009; Hua et al., 2019; Wesolowski et al., 2019; Zhang et al., 2020). Optimized 

modeling, treating α and β as free parameters, result in better estimates of CMRO2, specifically in the 

case when CBF decreases, but remove their physiological meaning (Griffeth et al., 2013). A 

subsequent paper found different optimal values of α and β depending on the field strength, using 

evidence from oxygen-sensitive two-photon microscopic measurements of the cortical 

microvasculature (Gagnon et al., 2016). In Figure M1|B the Davis model is displayed based on α = -

0.05, β = 0.98. These are the suggested values for 3T, based on the optimized modeling values 

(Gagnon et al., 2016). Hence, the Davis model is the mathematical framework that formalizes 

dependencies between fractional changes in CMRO2, CBF and BOLD signal, based on a fixed baseline 

oxygenation (M-factor) and coupling between CBF and CBV. Both positive as well as negative BOLD 

responses can be formalized within this framework. 

 

Negative BOLD responses (NBRs) 

In the first section, I have described the ‘canonical’ positive BOLD response, which arises when 

oxygen delivery via CBF surpasses oxygen consumption. Can we expect the same, yet inverted, 

neurovascular coupling for negative BOLD signals, i.e. a decrease of CBF that is larger than the 

decrease in CMRO2? Negative BOLD signals and their interpretation have been a matter of debate. 

The Davis model is usually used in the calibrated BOLD context to determine dynamic changes in 

CMRO2 by measuring changes in BOLD and CBF, and determining the scaling parameter M in a 

calibration experiment, using mostly gas inhalation (Blockley et al., 2012, 2013; Bright et al., 2019; 

Davis et al., 1998; Zhang et al., 2020). Independent of the different parameters used to determine the 

change in CMRO2, the Davis model gives interesting insights about possible values of %CMRO2 and 

%CBF that result in a NBR. This could result from an ‘inverse’ neurovascular coupling in the sense 

that instead of an increase in CBF, there is a decrease in CBF coupled to a smaller decrease in CMRO2, 

as assumed by Raichle et al. (2001) and displayed in Figure M1|B f). Note that the spacing of the lines 

in graph M1|B is not equally distributed. The spacing between lines is smaller 1) in the negative 

domain (left side of the graph) with decreases in CBF and CMRO2, and 2) in general for negative 

BOLD responses (blue lines) compared to positive BOLD responses (red lines). Spacing is largest in 

the upper left quadrant, where CBF increases are larger than CMRO2 increases, indicating canonical 

neurovascular coupling. In graph sections with smaller line spacing, small variations in the CBF and 

CMRO2 response have a larger impact on the BOLD response. Concretely, a decrease of -40% CBF 

coupled to a decrease of -20% CMRO2 would result in a BOLD decrease of -3.5%, according to the 

model, while the same constellation in the positive domain would only lead to a BOLD increase of 

1.5%. In general, negative BOLD responses are more sensitive to the exact CBF-CMRO2 coupling than 

positive BOLD responses. The Davis model also shows that NBRs are not only to be found when the 

CBF decrease is larger than the CMRO2 decrease, named ‘inverse’ canonical BOLD response and 

marked as f) in Figure M1|B. An increase in dHb levels and thus a NBR also arises when either 1) 

%CMRO2 increase is larger than the %CBF increase, marked as d) in Figure M1|B, or 2) when an 

increase in %CMRO2 is coupled to a decrease in %CBF, marked as d) in Figure M1|B. In this latter 
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case, the strongest negative BOLD response arises because both decreasing CBF and increasing 

CMRO2 are increasing the level of dHb.   

While these are only theoretical considerations, it has been shown empirically in rats by Schridde 

et al. (2008) that negative BOLD signals can arise despite increased neuronal activity in the 

hippocampus, due to the fact that the CMRO2 increase exceeded the CBF increase. Another example 

was described in transgenetic mice, where optogenetic stimulation of astrocytes resulted in a 

negative BOLD signal due to oxygen consumption, but without neuronal activation (Takata et al., 

2018). In a different study, Shih et al. (2011) found a negative BOLD response despite elevated levels 

of spiking activity due to noxious forepaw stimulation in rats, which was caused by decreases of CBF 

in contrast to non-significant changes in CMRO2 and CMRglc. So in all of these cases, a negative BOLD 

response could not be interpreted in terms of decreased neuronal activity, whereas the only study 

with similar results in humans is, to my knowledge, the study of (Stiernman et al., 2021). Here, the 

authors observed a negative BOLD response in regions of the DMN despite constant or increased 

glucose consumption. As they did not measure CBF, it is not clear whether this was either a result of 

increased oxygen consumption, but not matched by constant or slightly increased CBF responses, or 

CBF decreased together with constant or increased CMRO2 responses.  

In general, neurovascular coupling underlying NBRs seems to be different from positive BOLD 

responses (PBRs). First of all, high-resolution studies showed laminar differences in the NBR, rather 

located in deeper layers compared to the PBR (Boillat et al., 2020; Goense et al., 2012; Huber et al., 

2014). Even though most studies report a neuronal basis of the NBR and similar neurovascular 

coupling as in the PBR, the exact CBF-CMRO2 coupling ratio was reported to be different for NBRs 

versus PBRs in a number of studies. In a study of Mullinger et al. (2014), unilateral nerve stimulation 

resulted in a PBR in contralateral and a NBR in ipsilateral sensorimotor cortex. The authors showed 

that both CBF and CMRO2 decreased in ipsilateral areas, but the %CBF-%CMRO2 coupling ratio was 

very close to one and significantly different from regions with PBR. For the NBR, CBF and CMRO2 

amplitudes were nearly matching, resulting in only a very small BOLD decrease. The authors draw 

the conclusion that neurovascular coupling is different for positive and negative BOLD responses, as 

also suggested by Devi et al. (2022b). Yet, this contradicts other studies which found similar coupling 

ratios n for both positive and negative BOLD responses (P. Lin et al., 2011; Pasley et al., 2007; Shmuel 

et al., 2002; Stefanovic et al., 2004).  

Overall, while it has been suggested that negative BOLD signals are linked to inhibitory brain 

activity, thus decreases in overall neuronal activity (Boorman et al., 2010; Gu et al., 2019a; Koush et 

al., 2021a; Mayhew et al., 2022a; Mullinger et al., 2014), the exact coupling of the NBR to CBF, CBV 

and CMRO2 remains unclear. The NBR has been reported to differ from the PBR in a number of 

studies regarding the exact coupling between CBF and CMRO2, the time-course of the elicited HRF 

and cortical depth (Devi et al., 2022b; Goense et al., 2012; Huber et al., 2014; Moon et al., 2021; 

Mullinger et al., 2014). Yet, besides the Stiernman et al. study, the aforementioned studies looked at 

the NBR in somatosensory cortices with dense capillaries and consistent neurovascular coupling. But 

neurovascular coupling of the negative BOLD response might also be region-specific and be different 

in association cortices than in somatosensory cortices (A. D. Ekstrom, 2021). Along these lines, 

neurovascular coupling specifically in DMN regions has shown to be reverted during hypoxia 

(Rossetti et al., 2021a), see also the section 1.2.2 about the default mode network below. To sum it 

up, slight differences in neurovascular coupling between the NBR and PBR seem to exist in 

somatosensory cortices. These differences could be inherent to the negative BOLD signal, but could 

be more pronounced or even have a different origin in other brain areas. 
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Localization of the BOLD response 

A final problem of the BOLD signal that I briefly want to mention is its localization. BOLD-

responses, measured by gradient-echo EPI sequences are usually biased towards large, pial veins 

that drain the deoxygenated blood (Beckett et al., 2020). Additionally, as Sokoloff (2008b) pointed 

out, no cells have ‘their own private blood flow’. That means that active neurons will increase the CBF 

response within a larger area, thus producing a BOLD-response that is more widespread and less 

localized than the focal increase in glucose or oxygen metabolism. The metabolic response should 

thus be closer to the locus of increased neuronal activity than the BOLD response. 

 

1.1.3 Recent developments in quantitative imaging: quantitative MRI and 

fPET 

As has been shown above, the fMRI BOLD signal alone cannot resolve questions about underlying 

metabolic or neuronal activity in the brain. Also, it is a relative signal, so its baseline is not 

interpretable and questions about how regions differ in their baseline metabolism or neuronal 

activity levels cannot be answered. To answer these questions, quantitative methods for the 

estimation of CMRO2 and CMRglc in the human brain are necessary. In the following, I will shortly 

review methods for the estimation of quantitative CMRO2 and CMRglc, which represent the 

methodological basis for research projects I and II of this thesis.  

 

Measuring CMRO2 

For measuring fractional changes in CMRO2, the Davis model (Davis et al., 1998), introduced 

above, has been used in the calibrated BOLD framework, via mapping of the M-factor by a gas 

challenge. Instead of gas calibration, R2’ calibration methods have been suggested to quantitatively 

evaluate the cerebral dHb content and calculate the M-factor (Blockley et al., 2012, 2013, 2015; J. J. 

Chen et al., 2022; Fujita, 2003; Shu et al., 2016) necessary for calibration. For an extensive review 

over different calibration methods see the review of Bright et al. (2019). Recently, based on work of 

Yablonskiy and Haake (1994) studying the MRI signal behavior in the static dephasing regime, a 

multiparametric, quantitative BOLD (mqBOLD) method has been developed (Christen et al., 2012; 

He & Yablonskiy, 2007). Since then, it has been optimized (Baudrexel et al., 2009; Hirsch et al., 2014; 

Hirsch & Preibisch, 2013; Kaczmarz et al., 2020; Preibisch et al., 2008), applied to a patient 

population (Göttler et al., 2019) and compared to PET measurements (Kufer et al., 2022). The main 

difference to calibrated BOLD is that it does not rely on the Davis model, thus its main goal is not to 

calculate the M-factor in order to calculate changes in CMRO2. Instead, via multiparametric 

measurements, quantitative OEF and CMRO2 maps are derived by measuring R2’ and CBV separately, 

yielding an OEF map, that, multiplied by CBF, is equivalent to the CMRO2 map. This approach is based 

on Fick’s formula, as already used in the Kety – Schmidt paper to measure global CBF (Kety & Schmidt, 

1945) and applied in early PET papers to calculate CMRO2 (P. T. Fox & Raichle, 1986b; Mintun et al., 

1984). Instead of acquiring PET measurements, the mqBOLD approach relies on acquiring the same 

parameters via non-invasive magnetic resonance imaging. This means that one can bypass several 

assumptions and problems inherent to the calibrated BOLD approach. First, gas challenges, where 

the participants breath a mixture of gas either high in CO2 (hypercapnia, usually around 5% CO2 and 

‘normal’ levels of O2) or high in O2 (hyperoxia, usually around 25-100% O2) require a complicated 

set-up. This often elicits heightened drop-outs, as subjects are feeling uncomfortable due to the 

breathing masks or because of experiencing shortness of breath while in the scanner. Second, 
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calibration experiments assume that gas challenges are not influencing the metabolism and brain 

activity patterns they wants to measure (Bright et al., 2019). Third, the Davis model assumes one 

CBV-CBF power-law coupling factor α, even though it has been shown that α varies across brain 

regions as well as due to the field strength and type of stimulation (J. J. Chen & Pike, 2009; Gagnon et 

al., 2016; Hua et al., 2019; Wesolowski et al., 2019; Zhang et al., 2020).  

In this thesis, we used the mqBOLD approach as described in (Bulte et al., 2012; Göttler et al., 

2019; Kaczmarz et al., 2020; Kufer et al., 2022) for the first time in a task-design in healthy subjects, 

during visual stimulation (Project I) as well as across a range of cognitive tasks (Project II). This 

required separate measurements of CBF and R2’ for each condition. Additionally, we measured the 

hematocrit levels of each subject, thus optimizing estimation of subject-specific OEF and CMRO2. 

Furthermore, we started measuring CBV maps with contrast agent infusion for two conditions in a 

row, instead of only measuring CBV in the baseline condition. This was possible because we only gave 

half the clinical dosage of contrast agent per scan. This enabled us to estimate task effects, even 

though only in two conditions and only for total CBV, as we had no means of separating arterial and 

venous compartments. For the exact methods on how to infer CMRO2 from T2, T2*, pseudo-

continuous ASL (pCASL) and dynamic susceptibility contrast (DSC) images, please refer to the 

methods sections of Project I and II below.  

 

Measuring CMRglc 

As described in section 1.1.1., PET was the first neuroimaging method to measure brain activity 

via measurements of glucose consumption and CBF, OEF and CBV. The measurement of glucose 

consumption was done via an intravenous bolus injection of [18F]-FDG and the quantification of the 

cerebral metabolic rate of glucose (CMRglc) via compartment modeling, which implies measuring the 

tracer concentration in the arterial blood (Reivich et al., 1979). The basics of this technique have not 

changed much until today. The PET scanner measures the accumulation of FGD in brain tissue, as the 

radiotracer cannot be fully metabolized and is therefore trapped at the location of neuronal activity. 

Researchers traditionally analyze an average image over the complete scanning time. This means 

that in order to measure task-induced changes in CMRglc, it is necessary to acquire a baseline and a 

task scan in different scanning sessions, for the tracer activity to have fully decayed. This is time-

consuming and requires the injection of the radioactive tracer multiple times, which can be avoided 

since recently due to the introduction of functional PET (fPET) (Villien et al., 2014). Here, instead of 

a bolus application of FDG, the tracer is applied continuously over the entire scanning period in order 

to create a constant plasma supply of FDG, so that task-induced dynamic changes in glucose 

metabolism can be measured. A number of studies have replicated this approach successfully, 

measuring glucose metabolism in different conditions during the same scanning session, 

quantitatively as well as non-quantitatively (Hahn et al., 2016, 2017, 2020; Jamadar et al., 2021; 

Jamadar, Ward, Carey, et al., 2019; Jamadar, Ward, Li, et al., 2019; Rischka et al., 2018, 2021; 

Stiernman et al., 2021). Rischka et al. (2018) optimized the temporal resolution by injecting a bolus 

of 20% of the total tracer volume in the beginning, thus increasing the signal-to-noise-ratio (SNR). 

We employed the same fPET technique as them in Project I to quantify CMRglc in a resting state 

baseline compared to a visual stimulation condition. In summary, the fPET approach is not very 

different from the traditional PET approach, but allows to measure condition-specific CMRglc within 

one scanning session via continuous tracer injection.   
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1.2 Task-induced changes in metabolism 

The aim of neuroimaging research from the beginning has been to measure task-induced changes 

in brain activity and visual or motor tasks are usually the first to be tested, as one can expect rather 

large effects and a clear localization (P. Fox et al., 1988; Kushner et al., 1988; Reivich et al., 1979; 

Sokoloff, 2008a; Sokoloff et al., 1955).   

 

1.2.1 Visual stimulation 

Visual stimulation, mostly in the form of a flickering checkerboard, is known to evoke large BOLD 

and CMRglc changes in the occipital cortex and is therefore often employed in order to validate new 

scanning methods (Fujita et al., 2006; S.-G. Kim et al., 1999; Villien et al., 2014). While the increase in 

CMRO2 in visual areas was rather small in  the first PET papers, around 5% in contrast to a CBF 

increase of 50% (P. Fox et al., 1988), subsequent studies found higher rates of %CMRO2. The increase 

in CMRO2 typically ranges between 5-30% (Donahue et al., 2009; Fujita et al., 2006; Hoge & Pike, 

2001; A.-L. Lin et al., 2010; Liu et al., 2019; Mintun et al., 2001; R. G. Shulman et al., 2001; Simon & 

Buxton, 2015), while concomitant increase in CBF range between 30 and 65%. CMRglc increases 

range between 6-50% (P. Fox et al., 1988; Hahn et al., 2016; Newberg et al., 2005), but most studies 

reported CMRglc increases around 25-30% (Kushner et al., 1988; Newberg et al., 2005; Rischka et 

al., 2018; Villien et al., 2014; Vlassenko et al., 2006). We used visual stimulation in Project I to elicit 

and compare changes in CBF, CBV, BOLD-signal, CMRO2 and CMRglc in the visual cortex in order to 

validate our quantitative and simultaneous CMRglc – CMRO2 measurement setup. 

 

1.2.2 Default mode network 

While visual stimulation or generally somatosensory stimulation is known to elicit robust and 

consistent increases in both the BOLD-response as well as CBF, CMRO2 and CMRglc, this is not 

necessarily true for other brain regions (A. D. Ekstrom, 2021). BOLD changes in association cortices 

can be different from BOLD responses in somatosensory areas because of vascularization differences 

(A. D. Ekstrom, 2021; Harrison, 2002). That is why we have decided to test a cognitive design in 

Project II, which aimed to elicit BOLD activations and deactivations in association cortices, 

specifically in default mode regions. Particularly the neuronal basics for negative BOLD responses 

are a matter of discussion, as elaborated in section 1.1.2. Negative BOLD responses can also be 

elicited in somatosensory cortices, for example in ipsilateral motor cortex via unilateral nerve 

stimulation (Mullinger et al., 2014). These negative BOLD have usually been interpreted as 

suppression of cortical activity and have shown to decrease in amplitude and extent during healthy 

ageing (Mayhew et al., 2022b). Yet, BOLD decreases in the default mode network (DMN) have shown 

to not decline in amplitude across the lifespan (Mayhew et al., 2022b) and are less intuitive to 

interpret. In the following, I will describe how the default mode network was defined and why it has 

a special role. 

 

History and functional interpretation of the DMN 

Regions that later defined the DMN were first described in a review of several PET studies by 

Shulman and colleagues (G. L. Shulman, Corbetta, et al., 1997), where they detected consistent blood 

flow decreases when comparing an active to a passive task or to a resting state. The naming stems 
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from an influential paper of the same group (Raichle et al., 2001), proposing the resting state as a 

baseline state of brain function with homogeneous OEF across the cortex, attaching meaning to 

certain brain regions that got suspended during goal-directed behaviors. These regions usually 

comprise midline core structures including the posterior cingulate, retosplenial, ventral and dorsal 

medial prefrontal cortex as well as lateral structures, including the inferior parietal lobule and lateral 

temporal cortex, plus the hippocampal formation (R. Buckner et al., 2008). 

Subsequently, a number of studies replicated CBF and above all fMRI BOLD decreases in the DMN 

(Huijbers et al., 2012; Koshino et al., 2011; P. Lin et al., 2011; Mayer et al., 2009; Pfefferbaum et al., 

2011; G. L. Shulman et al., 2007). It has even been shown that task-induced fMRI BOLD deactivations 

scaled with performance (Anticevic et al., 2010; Daselaar et al., 2004; Gilbert et al., 2012; Singh & 

Fawcett, 2008). Decreases have been interpreted as neuronal deactivations or suppression of 

internally guided processes during externally focused tasks (Anticevic et al., 2012; Singh & Fawcett, 

2008). Additionally, Greicius and colleagues (2003) could show with fMRI BOLD data that default 

mode regions were functionally connected in the resting state. Further evidence from functional 

connectivity studies came from Fox and colleagues who showed that the DMN is anti-correlated to 

regions involved in external attention (M. D. Fox et al., 2005) and subsequently called the DMN a 

‘task-negative network’. 

Still, the role of the DMN and the reasons behind its ‘shut-down’ during goal directed tasks is not 

clear. Activity in the DMN is usually associated to self-referential processing such was mind 

wandering, but also episodic retrieval and internal mentation (Andrews-Hanna, 2012; Andrews-

Hanna et al., 2014a; Anticevic et al., 2012; R. Buckner et al., 2008; Davey et al., 2016; H. Kim, 2012; 

Mason et al., 2007). Gradual suppression of the DMN, depending on the task difficulty, is thought to 

support externally-oriented cognition (Daselaar et al., 2004; Singh & Fawcett, 2008). Interestingly, 

regions of the DMN, especially the posterior cingulate cortex (PCC) are also among the first to show 

alteration in neurodegenerative disorders as e.g. Alzheimer’s disease (Anticevic et al., 2012; R. 

Buckner et al., 2008; Leech & Sharp, 2014; Mevel et al., 2011; Scherr et al., 2019) and even during 

normal ageing (Mevel et al., 2011). Finally, DMN regions have been associated with high metabolic 

costs. Functional connectivity analyses have shown that several hubs with a very high connectivity 

degree, responsible for long-range connectivity throughout the brain, are located within the DMN 

and high connectivity scales with metabolic costs (Castrillon et al., 2023; Leech et al., 2012; Liang et 

al., 2013; Passow et al., 2015; Tomasi & Volkow, 2011). DMN regions were also among the regions 

that showed higher rates of non-oxidative metabolism, compared to sensory regions (Blazey, Snyder, 

Su, et al., 2018; Vaishnavi et al., 2010). These studies all point towards a special role of the DMN, being 

highly connected to other brain regions, supposedly having higher metabolic costs and a higher rate 

of non-oxidative metabolism and being amongst the first to show decline in neurodegenerative 

disorders.   

Within recent years, the formerly prevalent assumption of the DMN being a task-negative network 

has changed. It has been shown that it can be ‘activated’, as it showed a positive BOLD response in a 

number of self-referential tasks as autobiographical or semantic memory tasks (Andrews-Hanna et 

al., 2014a; Kernbach et al., 2018; H. Kim, 2012; Leech et al., 2011; Wang et al., 2017). Also, functional 

connectivity analyses showed that parts of it get recruited during task execution, mostly coupled to 

the frontoparietal control network (A. C. Chen et al., 2013; Crittenden et al., 2015; Smallwood et al., 

2012; Spreng et al., 2010). Finally, an increasing number of studies has been showing that the DMN 

might not be as homogenous as expected by deactivation studies. In fact, researchers proposed a 

midline core, rather involved in self-referential processing, a temporal subsystem, rather involved in 

memory processes and a parcellation of the PCC in ventral and dorsal parts (Andrews-Hanna et al., 
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2010; H. Kim, 2012; Leech et al., 2011).  Several meta-studies have also shown task-based 

specialization in DMN regions (Andrews-Hanna et al., 2014a; Kernbach et al., 2018; Wang et al., 

2017). There have also been successful attempts to find functional DMN subnetworks within the 

individual, see (DiNicola et al., 2019; Gordon et al., 2020), which showed that a subparcellation of the 

DMN may be individually very specific. Thus, the role and function of the DMN is still under debate, 

but it becomes clear that it is probably more heterogeneous than previously thought. For an excellent 

review on this topic please refer to Buckner and DiNicola (2019). 

 

Evidence for DMN deactivations 

Consistent task-induced decreases of the BOLD signal were observed across the whole DMN in a 

number of CBF and fMRI BOLD studies (Daselaar et al., 2004; Huijbers et al., 2012; Koshino et al., 

2011; P. Lin et al., 2011; Mayer et al., 2009; Pfefferbaum et al., 2011; G. L. Shulman et al., 2007; Singh 

& Fawcett, 2008). Both in human as in animal data, there is also electrophysiological evidence for 

DMN deactivations. Hayden and colleagues (Hayden et al., 2009) found significant, tonic suppression 

of single-unit-activity in 35% of the neurons, but also significant enhancement in 9.4% of the neurons 

in the posterior cingulate cortex (PCC) of two macaques during an attentive task compared to the 

responses in the inter-trial interval. LFP activity in the gamma band, linked to BOLD / synaptic 

activity, was also suppressed by active task performance. Very similar results were obtained in 

another study with two macaques where short activation, followed by sustained suppression in LFP 

power and oxygen levels was measured during a passive visual stimulation task (Bentley et al., 2016). 

Additional support comes from human electrophysiological data: in 14 epileptic participants with 

depth electrodes, Ossandón and colleagues could show that DMN areas showed suppression of 

gamma band during task engagement, in an easy and hard visual search task (Ossandon et al., 2011). 

Also, quicker target detection was associated with stronger gamma suppression in mPFC and vlPFC. 

Furthermore, Foster and colleagues could show in another sample of eight epileptic participants 

(Foster et al., 2012) with intracranial recordings that gamma-power was suppressed during a 

calculation condition in 24% of overall posteromedial cortex (PMC) and increased during the self-

episodic condition in 33% of overall PMC (the other electrodes did not respond above threshold).  In 

yet another study by (K. C. R. Fox et al., 2018), 13 epileptic subjects showed activations in intra-

cranial high-frequency EEG recordings during an autobiographical memory task and deactivation 

during a calculation task in PMC (PCC + areas 7m/31), although activation during memory was larger 

than the deactivation during the calculation task. GABA and glutamate spectroscopy data in human 

subjects showed that the glutamate/GABA ratio positively correlated with task-induced BOLD 

deactivations and that deactivations were stronger in the PCC during a 2back compared to a 1back 

working-memory task (Gu et al., 2019b).  

 

Mixed or negative findings  

Nevertheless, despite large experimental evidence for a neuronal deactivation underlying the 

negative BOLD response in the DMN, there has been some controversy. It was shown that BOLD 

responses, especially in the PCC, key region of the DMN, is heavily influenced by physiological noise. 

Renvall and colleagues (Renvall et al., 2015) stated that fMRI responses are ‘alarmingly inconsistent 

across acquisition parameters’, for DMN regions but not for visual regions. Singhal and colleagues 

(Singhal et al., 2020) similarly showed that activity in PCC and precuneus regions do not survive 

when using smaller flip angles, a common tool to reduce physiological noise. Adding to this picture, 

Stiernman and colleagues (Stiernman et al., 2021) did not find any evidence for metabolic (CMRglc) 
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decreases in DMN areas during a working-memory task, despite consistent fMRI BOLD deactivations. 

Additionally, BOLD deactivations in the hippocampus can go hand in hand with increases in neuronal 

activity, probably due to differences in vascularization (Schridde et al., 2008; Shaw et al., 2021). 

Finally, several studies from the Mullins group showed that the DMN takes a special role within the 

cortex. Hypoxia increased CBF throughout the brain, but CBF decreased in the DMN, leading to a 

reversed pattern of BOLD responses and suggesting a difference in neurovascular coupling 

specifically within the DMN (Lawley et al., 2017; Rogan et al., 2022; Rossetti et al., 2021b). 

One reason for these inconsistent findings is the complex nature of hemodynamic coupling that 

gives rise to the BOLD signal. The canonical positive BOLD response arises when the CBF response is 

higher than the CMRO2 response, resulting in a wash-out of deoxy-hemoglobin at the location of 

neuronal activity. But neurovascular coupling changes across cortical regions and is stimulus-

dependent. The exact coupling of the CBF and CMRO2 responses (the coupling ratio n) has a large 

influence on the BOLD amplitude and has been shown to be vary across the cortex for positive BOLD 

responses (Ances et al., 2008; Buxton et al., 2014; J. J. Chen & Pike, 2009), but research on underlying 

CBF-CMRO2 coupling of negative BOLD responses is sparse. As association cortices, compared to 

visual and primary sensory regions, have less dense capillaries, this could give rise to weaker or even 

absent BOLD responses (A. D. Ekstrom, 2021; Harrison, 2002). All in all, a number of studies that 

target negative BOLD responses came to the conclusion that the neurovascular mechanisms for 

negative BOLD responses (NBR) was different from positive BOLD responses (PBR) (Huber et al., 

2014; Mullinger et al., 2014; Rossetti et al., 2021b).   

All these findings speak in favor of a special architecture of the DMN and regionally specific 

differences in neurovascular coupling that perhaps favor the appearance of negative BOLD results. 

Understanding the metabolic background of DMN deactivations will thus shed more light on its 

function and underlying architecture.  

 

1.3 Aims of the current work 

In contrast to BOLD fMRI, quantitative metabolic imaging makes it possible to compare different 

brain regions within a baseline state, as well as during task execution. Furthermore, parameters as 

blood flow, oxygen and glucose consumption track biophysical processes and are thus directly 

interpretable. Within this thesis, the first aim was to establish the multiparametric, quantitative 

BOLD approach for cognitive designs in healthy subjects. This method has been applied, to our 

knowledge, only during a baseline condition without any task (Christen et al., 2012; Kufer et al., 2022) 

or comparing patient populations to a control group (Göttler et al., 2019; Kaczmarz et al., 2020). 

Therefore, our first goal was to prove that quantitative metabolic imaging was sensitive enough to 

detect task-induced changes in CMRO2.  

Additional to measuring mqBOLD, we wanted to implement the recent fPET approach, which 

allows for running two task conditions within the same PET experiment, thus quantifying task-

induced changes in CMRglc. The first project was a proof-of-concept to show that the simultaneous 

measurement of both CMRglc and CMRO2 was possible. This is why we ran a simple visual 

stimulation design in Project I to measure CMRO2 simultaneously with CMRglc, comparing oxygen 

and glucose metabolism in the visual cortex. Also, we aimed to fully quantify both CMRglc, by taking 

arterial samples throughout the scan, and CMRO2, by measuring each participant’s hematocrit, 

arterial oxygen concentration values, and total CBV values via injection of a contrast agent. With this 

rather complicated set-up, we expected to get task-induced increases in CBF and CBV and decreases 
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in OEF, all together yielding increases in both CMRO2 and CMRglc within the visual cortex. We also 

expected stronger increases in CMRglc than in CMRO2 due to a task-induced rise in non-oxidative 

metabolism, similar to the very first studies of Fox and Raichle (P. Fox et al., 1988), but this time on 

an integrated PET-MR scanner, measuring fPET and mqBOLD simultaneously.   

The aim of Project II was to apply the mqBOLD method during cognitive tasks in order to 

investigate the metabolic basics for BOLD deactivations, specifically within default-mode regions. 

Here, we employed complex cognitive tasks that induced consistent BOLD activation and 

deactivation patterns, and compared them to patterns of quantitative CMRO2 consumption. The 

acquisition of simultaneous CMRglc was not possible in one scanning session, as scanning time would 

have doubled compared to Project I, being already 90min long. Additionally, we expected cognitive 

tasks to evoke smaller effects. We therefore acquired data on a different scanner than for Project I. 

Compared to the PET-MR Siemens scanner with a 12K head-coil, used in Project I, we expected 

improved data quality on the relatively new Philips 3T scanner with a 32k head-coil. We wanted to 

know whether BOLD signal decreases reliably captured decreases in metabolic activity in healthy 

human subjects, thus whether negative BOLD responses in the DMN were simply an inverse of the 

canonical positive BOLD response. Alternatively, we would find deviations from the canonical 

neurovascular and neurometabolic coupling mechanisms in negative BOLD regions generally. This 

would suggest that negative BOLD responses do not necessarily reflect decreased metabolism and 

thus decreased brain activity. This finding could be DMN-specific or a characteristic of negative BOLD 

responses in general.  
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2 PROJECT I: Simultaneous measurement of oxygen and glucose 

consumption during visual stimulation in the human cortex 

 
The current chapter includes the research article “Simultaneous measurement of oxygen and glucose 
consumption during visual stimulation in the human cortex”. This article is currently under 
preparation for submission, so the authors retain the copyright for the manuscript. If the manuscript 
will be accepted for publication, it will be subject to the Copyright terms of the respective journal.  
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ABSTRACT 

The human brain relies on oxygen and glucose consumption to fuel its signaling activity. With the 
help of new techniques as functional positron emission tomography and multiparametric, 
quantitative BOLD, this study is the first to quantify both oxygen as well as glucose metabolism 
simultaneously in the human brain during visual stimulation compared to a resting state. We found 
significant increases in both the cerebral metabolic rate of oxygen (CMRO2) and glucose (CMRglc) 
in primary visual regions, and a decrease in the oxygen-to-glucose-index (OGI), which indicates a 
heightened level of aerobic glycolysis during visual stimulation. The combined measurement of 
oxygen and glucose metabolism across different cognitive states and brain regions provides new 
insights into the understanding of neuronal activity and disease states. 

 

Keywords: Multiparametric, quantitative MRI (mqBOLD); functional positron emission tomography 
(fPET); fMRI BOLD; cerebral rate of oxygen (CMRO2); cerebral blood flow (CBF); oxygen extraction 
fraction (OEF); visual stimulation  
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INTRODUCTION 

We, as humans, are the species that uses more energy on the brain relative to our body mass than 
any other species. This is due to highly energy-demanding complex cognitive processes and 
evolutionarily novel connections (Castrillon et al., 2023). Further, 85% of the energy used in the brain 
is spent on neuronal signaling, mostly on postsynaptic processes (Attwell & Iadecola, 2002). 
Measuring brain energy metabolism is thus a unique opportunity to measure and quantify brain 
activity, which is fueled by oxygen and glucose metabolism. 

We simultaneously measured glucose and oxygen consumption in the healthy human brain, using 
functional 18F-FDG-PET (fPET) and multiparametric, quantitative BOLD (mqBOLD) imaging, 
respectively, to quantify the metabolic rates of glucose (CMRglc) and oxygen (CMRO2) during visual 
stimulation (STIM) compared to rest (REST). Early PET studies have measured either CMRglc or 
CMRO2 in different scanning sessions, but not  within one single, comparable session (P. Fox et al., 
1988; P. T. Fox & Raichle, 1986; Leenders et al., 1990; Vafaee et al., 2012; Vlassenko et al., 2006). 
Owing to recent developments in PET methodologies, it is now possible to measure different 
conditions within the same scanning session in a block design, named functional PET (fPET). This is 
done by constant radiotracer infusion instead of a bolus injection (Hahn et al., 2016; Jamadar et al., 
2019; Rischka et al., 2018; Villien et al., 2014). CMRO2 can be measured either via labeled water PET 
(P. Fox et al., 1988; Hyder et al., 2016; Vaishnavi et al., 2010), which again requires different scanning 
sessions, via calibrated BOLD (Kim et al., 1999; Lin et al., 2008a), which requires gas inhalation, or 
via gas-free techniques such as R2’ calibration (Fujita et al., 2006; Liu et al., 2019). Calibrated BOLD 
experiments often only measure fractional changes in CMRO2 (Blockley et al., 2013), because the full 
quantification of CMRO2 is mostly limited by the measurement of the oxygen extraction fraction (Liu 
et al., 2019). Therefore, we used the mqBOLD approach, which quantifies CMRO2 from cerebral blood 
flow (CBF), the reversible transverse relaxation rate (R2’) and the cerebral blood volume (CBV) as 
well as arterial oxygen content of blood (Bright et al., 2019; Christen et al., 2012; Kufer et al., 2022).  

Measuring changes in both oxygen and glucose consumption does not only track neuronal activity, 
but can also shed light on the level of oxidative energy metabolism. The brain’s energy source ATP 
(adenosine triphosphate) is generated via the oxygenation of glucose. If completely oxidized, one 
mole of glucose together with six moles of oxygen can generate 32 ATP. Without oxygen, one mole of 
glucose is metabolized to pyruvate and lactate via the glycolytic pathway, namely aerobic glycolysis, 
generating 2 ATP (Byrne et al., 2014). Under normal resting conditions, the ratio of oxygen to glucose 
consumption is about 5.5 but can substantially drop with an increase in neuronal activity, leading to 
an increase in aerobic glycolysis (Shulman et al., 2001). Aerobic glycolysis is the definition for a state 
where, despite sufficient oxygen being present, glucose is not fully oxidized.  

While earlier PET studies measured strong blood flow responses of around 50% during visual 
stimulation, but only weak CMRO2 responses of around 5% (P. Fox et al., 1988), calibrated BOLD 
studies found higher CMRO2 increases in visual regions of around 12-30% (Donahue et al., 2009; 
Fujita et al., 2006; Hoge & Pike, 2001; Kim et al., 1999; Liu et al., 2019; Shulman et al., 2001). Thus, in 
this study, we expected to measure significant increases in CBF, CMRglc and CMRO2. We also 
expected higher increases in CMRglc than in CMRO2 and a decrease in OGI in visual regions, as it is 
well established that the stimulus-evoked increase in glucose consumption is partly due to an 
increase in aerobic glycolysis (Lin et al., 2008b; Paulson et al., 2010). 

This study had two aims, first, to propose a proof of concept to measure both CMRglc and CMRO2 
fully quantitatively and simultaneously, combining two relatively new approaches, mqBOLD and 
fPET; second, to calculate the OGI across the whole cortex, contrasting it between STIM and REST 
conditions within visual regions, expecting a decrease due to aerobic glycolysis. 
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METHODS 

Subjects 

We acquired data of 18 right-handed healthy subjects for our main study. Five subjects had to be 
discarded due to unreasonable T2* values, severe motion, other imaging artefacts, or problems due 
to contrast agent delivery. All analyses depicted here were performed on the same 13 healthy 
subjects (mean age 32.9 ± 9.0y, 7 women). All participants gave informed written consent to 
procedures approved by the Ethics Review Board of the Klinikum Rechts der Isar, Technische 
Universität München. 

Experimental procedure and data acquisition 

Participants were asked to fast for 6 hours prior to their scan, that is not to eat or drink anything 
except water to keep their blood sugar levels low upon arrival. We measured body weight, BMI and 
body fat via a balance (OMRON Healthcare), blood sugar levels a via a blood glucose meter (Accu-
Chek, Roche Diagnostics, United States), heart rate and pulse via a blood pressure meter and arterial 
oxygen concentration via a pulse oximeter (Nonin 7500FO, Nonin Medical B.V., The Netherlands). 
Hematocrit, hemoglobin and creatinine values were measured via venous blood and sent to our in-
house clinical chemistry laboratory. Additionally, creatinine values were checked and the contrast 
agent was only delivered if creatinine values were in a normal range to ensure healthy kidney 
function. 

The venous catheter was placed by a medical doctor; the arterial catheter was placed by an 
anesthesiologist, specifically. Data were acquired via an integrated PET/MR (3T) Siemens Biograph 
MR scanner (Siemens, Erlangen, Germany), using a 12-channel phase-array head coil for the MRI 
acquisition. Blocks of full-field visual stimulation (STIM, checkerboard moving with 8Hz) alternating 
with resting-state blocks (REST, white fixation cross on black background) were presented through 
a mirror mounted on the head coil that reflected a monitor behind the scanner bore. The PET 
measurement started at the same time as the visual presentation (Neurobehavioral Systems, Inc., 
Berkeley, USA) and the infuse pump (Harvard Apparatus, Cambridge, Massachusetts, United States) 
which delivered [18F]FDG through the venous catheter. We aimed for a decay-corrected total dose 
of 3,6MBq per 1kg body weight. 20% of the total syringe volume was given as a bolus with a flow of 
1ml/s, whereas the remaining 80% was given continuously over the time-course of 70min with a 
flow of 0.2ml/s. PET data were collected for 70min, starting with the bolus injection, while automatic 
arterial blood samples were taken continuously from the radial artery via a Twilite blood sampling 
system (Swisstrace, Zurich, Switzerland) to measure radioactivity in the arterial blood. Please refer 
to Fig. 1E for an overview of the scanning protocol.  

The multi-parametric, quantitative BOLD MRI included the following sequences:  

- Multi-echo spin-echo T2 mapping, only in REST; 3D gradient spin echo (GRASE) readout 

as described previously (Kaczmarz et al. 2020) with 8 echoes; echo times (TE) TE1 = ΔTE = 

16ms; TR=4870ms; α=90°; voxel size 2x2x3.3mm3; 36 slices (32 slices in one subject); 

acquisition time = 6:16min (for 36 slices). 

- Multi-echo gradient-echo T2* mapping, in STIM and REST; as described previously (Hirsch 

et al., 2014; Kaczmarz et al., 2020) with 12 echoes, TE1 = 6ms, ΔTE = 5ms, TR=2340ms; α= 

30°; voxel size 2x2x3.3mm3 (including 10% distance factor); 36 slices (32 slices in one 

subject); 4 concatenations (1 concatenation in first subject);  correction for magnetic 

background gradients with a standard exponential excitation pulse (Baudrexel et al., 2009; 

Hirsch & Preibisch, 2013); acquisition of half-resolution data in k-space center for motion 

correction (Nöth et al., 2014); total acquisition time = 7:32min (for 36 slices). 

- Dynamic susceptibility imaging (DSC), in STIM and REST (in 2 subjects only in REST); as 

described previously (Hedderich et al., 2019). Single-shot GRE-EPI; EPI factor 128; 80 
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dynamics, TE=30ms; TR = 1890ms; α=70°; acquisition voxel size 2x2x3.5mm3; 27 slices (26 

slices in one subject); acquisition time = 2:38min (for 27 slices). DSC includes the  injection 

of a gadolinium-based contrast agent as a bolus after 5 dynamic scans, 0.1ml/kg, minimum 

6ml, maximum 8ml per scan (16ml for two injections in a row), corresponding to half a 

clinical dosage, flow rate: 4ml/s, plus flushing with 25ml NaCl. 

- Pseudo-continuous arterial spin labeling (pCASL), in STIM and REST; following (Alsop et 

al. 2015), as implemented in (Göttler et al., 2019; Kaczmarz et al., 2020); PLD 1800ms; label 

duration 1800ms; 2D EPI readout; TE=22.12ms; TR=4600ms; α=180°; 24 slices; EPI factor 

31; voxel size 3x3x6.6mm3; gap 0.6mm; 30 dynamics including a proton density weighted M0 

scan; acquisition time = 5:09min. 

The BOLD fMRI task-localizer was acquired using single-shot EPI, EPI factor 64, voxel size = 
3.0x3.0.3.0mm3, FOV 192x192x192mm3, TE=30ms, TR=2.0s, α=90°, 120 dynamic scans plus 2 
dummy scans, 36 slices, interleaved acquisition, total acquisition time: 4:08min together with B0 
field mapping data (2 echoes, TR/TE1/TE2=400ms/4.92ms/7.38ms, α=60°, voxel size = 
3.0x3.0.3.0mm3, 36 slices, interleaved acquisition, total acquisition time: 0:54s). 

Additionally, a T1-weighted 3D MPRAGE pre-and post-gadolinium (TI/TR/TE/α = 
900ms/2300ms/2.98ms/9°; 160 slices; voxel size 1.0x1.0x1.0mm3, acquisition time=5:03min) and 
T2-weighted 2D FLAIR (TR/TE/α = 5000/394/40°, 140 slices, voxel size 0.5x0.5x1mm3, EPI factor 
130, acquisition time=3:27min) were acquired for anatomical reference and to exclude brain lesions. 

fPET and CMRglc calculation 

We reconstructed the raw long-listmode data offline based on the ordered subsets expectation 
maximization (OSEM) algorithm, divided into 93 x 45s frames (plus a last frame of 15s), with the 
following parameters: matrix: 344, 3D iterative reconstruction method, zoom: 2.0, filter: allpass, 
iterations: 4, subsets: 21, scatter correction: relative. The reconstructed PET images were motion 
corrected, spatially smoothed (Gaussian filter, FWHM = 6 mm) and low-pass filtered (360s). For the 
non-quantified analyses, the polynomial fit of each voxel was calculated and regressed out, so that 
time-series could be used without the constant increase due to the infusion. The median TAC within 
the group mask (visual regions which showed significantly elevated blood flow during STIM on a 
group level, Fig. 2A) followed the expected stimulation model.   

For the CMRglc calculation, subject specific arterial input functions (AIF) were derived from the 
arterial blood samples. Preprocessing was done with in-house scripts in python (Python Software 
Foundation, version 3.8). First, the blood delay was estimated as the time between injection start and 
peak in the blood data. Then, background radioactivity was estimated and the blood TAC were 
modeled by fitting a sum of three exponential functions to the raw blood data (Feng et al., 1993). 
Blood TAC were then converted to plasma TAC, using the reference FDG plasma/blood ratio function 
(Phelps et al., 1979) together with each subject’s hematocrit value. For two subjects, the arterial 
blood sampling did not work properly, hence average AIF from all other participants was used to 
calculate an population based AIF, as described elsewhere (Castrillon et al., 2023; Vriens et al., 2009). 
To account for the delay of measurable FDG uptake, we shifted the task onsets by two minutes as 
suggested previously (Stiernman et al., 2021). To calculate CMRglc values separately for the STIM 
and the REST conditions, we split the PET-time-series data into four REST and four STIM periods. We 
calculated the net uptake rate constant (Ki) using the Patlak plot model (Patlak & Blasberg, 1985), 
based on the (shifted) STIM and REST frames of the preprocessed PET images and the individual, 
preprocessed AIF. Next, we calculated voxel-wise CMRglc separately for each STIM and REST period 
by multiplying the Ki map with the plasma glucose concentration value of each subject, multiplied by 
100 to get values per 100g, and divided it by a lumped constant of 0.65 (Wu, 2003). In a final step, 
the averaged CMRglc maps across all four STIM and REST blocks were calculated and normalized to 
standard MNI 2mm space (Montreal Neurological Institute, McGill University) via the mean PET and 
anatomical images. 
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Quantitative parameter calculation using mqBOLD  

The calculation of the quantitative parameter maps was performed with in-house scripts in 
Matlab and SPM12 (Wellcome Trust Centre for Neuroimaging, UCL, London, UK). Fig.1 displays all 
steps and subject-averaged parameter maps in native space. Quantitative T2 and T2* maps were 
obtained by mono-exponential fits of the multi-echo spin and gradient echo data  as described 
previously (Hirsch et al., 2014; Kaczmarz et al., 2020; Preibisch et al., 2008). Correction was 
performed for macroscopic magnetic background fields (Hirsch & Preibisch, 2013) and motion using 
redundant acquisitions of k-space center (Nöth et al., 2014). R2’ maps were calculated via  

R2’ = 
1

T2∗
  - 

1

T2
      [1] 

yielding the transverse, reversible relaxation rate that is dependent on the vascular dHb content 
(Blockley et al., 2013, 2015; Bright et al., 2019). However, confounds from uncorrectable strong 
magnetic field inhomogeneities at air-tissue boundaries, iron deposition in deep GM structures as 
well as white matter structure need to be considered (Hirsch & Preibisch, 2013; Kaczmarz et al., 
2020). The cerebral blood volume (CBV) was derived from DSC MRI via full integration of leakage-
corrected ΔR2*-curves (Boxermann, J.L., Schmainda, K.M., Weisskoff, R.M., 2006) and normalization 
to a white matter value of 2.5% (Leenders et al., 1990) as described previously (Hedderich et al., 
2019; Kluge et al., 2016). The oxygen extraction fraction (OEF) was then calculated from R2‘ and 
CBV parameter maps via the mqBOLD-approach as  

OEF = 
R2’

c · CBV
      [2] 

(Christen et al., 2012; Hirsch et al., 2014; Yablonskiy & Haacke, 1994), with c = γ · 
4

3
 · π · Δ0 ·hct · B0, 

the gyromagnetic ratio γ = 2.675 · 108 s-1 T-1 , the susceptibility difference between fully 

deoxygenated and oxygenated hemoglobin Δ0 = 0.264 · 10-6, the magnetic field strength B0 = 3T 

and the small-vessel hematocrit hct, which was assumed to be 85% of our empirically measured 
(large-vessel) hematocrit value of each subject (Eichling et al., 1975; Hirsch et al., 2014). CBF maps 
were calculated from pCASL data as in the first equation in (Alsop et al., 2015) to calculate CBF from 
averaged, pairwise differences of motion-corrected label and control images and a proton-density 
weighted image. 

For each subject and condition, we calculated the voxelwise CMRO2 by combining all parameter 
maps via Fick’s principle:  

CMRO2 = OEF · CBF · CaO2     [3] 

where CaO2 is the oxygen carrying capacity of hemoglobin and was calculated as CaO2 = 0.334 · Hct · 
55.6 · O2sat, where O2sat is the oxygen saturation measured by a pulse oximeter and Hct being each 
subject’s hematocrit value (Bright et al., 2019; Ma et al., 2020). All parameter maps of each 
individual subject were registered to the first echo of their multi echo T2 data.  

Venous versus arterial CBV 

It is well known that CBV measurements that are based on the injection of intravascular contrast 
agents as gadolinium measure total CBV, including arterial as well as venous blood volume within 
each voxel (Hua et al., 2019). For stimuli shorter than 40s, CBV increases may be ignored due to the 
passive, slow increase of venous CBV (Simon & Buxton, 2015). However, for prolonged stimulation, 
studies have found that between 29% (Huber et al., 2014) and 50% (Kim & Ogawa, 2012) of total 
CBV increase is venous. Thus, considering the total CBV increase might underestimate CMRO2 
changes, specifically during visual or somatosensory stimulation, where large total CBV increases are 
usually observed. As our visual stimulation persisted over a few minutes, we measured changes in 
CBV by acquiring two DSC scans, one per condition. DSC is a measure of total CBV, therefore, we 
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calculated CMRO2 group results with three scenarios: 1) original total CBV changes, 2) no changes in 
CBV, and 3) assuming 30% of total CBV changes being venous, based on results on 7T during visual 
stimulation in human subjects (Huber et al., 2014). Results in the main analysis were based on 
scenario 3, results for scenarios 1) and 2) are in the supplements. 

Artifact and GM masking  

To exclude voxels from brain areas affected by artifacts, we calculated the temporal signal-to-
noise ratio (tSNR) from the fMRI BOLD images per subject and voxel in standard 2mm space. We then 
masked out voxels that were in the lowest 15th percentile in over 66% of participants. These were 
mainly located in common susceptibility areas, i.e., fronto- and temporo-basal brain areas. 
Additionally, we masked out the cerebellum and only considered voxels with a gray-matter (GM) 
probability > 0.5. The final SNR-GM-mask in standard space was applied to the input matrices of the 
partial least squares analyses. For the analyses in native space (histograms in Fig. 1, boxplots in Fig. 
2B), we additionally used native-space parameter maps to mask cerebrospinal-fluid influenced areas 
(T2>120ms), susceptibility-influenced areas (R2’>11 s-1), voxels with a high percentage of blood 
volume (CBV>10%, probably driven by larger veins/arteries) and voxels with values that are higher 
than physiologically expected (T2*>120ms, OEF>1, CBF>100). For calculating the oxygen-to-glucose 
index (OGI, see next section), voxels with R2’>10s-1, median across all subjects in standard space, 
were not included. This is because CMRO2 values are calculated via R2’ which in turn is driven by 
susceptibility artifacts. That leads to unreasonably high CMRO2 and in turn high OGI values in areas 
with high susceptibility, influencing whole-brain measurements in standard space where these areas 
are included.  

Oxygen-to-glucose-index (OGI) 

The OGI compares how much oxygen in comparison to glucose is metabolized and is an indicator 
of oxidative metabolism. Two major pathways are responsible for energy production, that is ATP 
(adenosine triphosphate) generation: 1) glycolysis, generating two ATP via one mole of glucose, and 
also producing pyruvate, and 2) oxidation, producing another 30 ATP via further oxidation of 
pyruvate via 6 moles of oxygen (Byrne et al., 2014). If fully oxidized, theoretically one mole of glucose 
should be coupled to six moles of oxygen, thus the OGI in this case is 6. An OGI smaller than 6 indicates 
some percentage of non-oxidative glycolysis being present (Hyder et al., 2016; Shulman et al., 2001). 
The OGI was calculated on a voxel basis, each voxel being the median across all subjects in standard 
space.  

OGI = 
𝐶𝑀𝑅𝑂2

𝐶𝑀𝑅𝑔𝑙𝑐
        [4] 

fMRI BOLD processing and task analysis 

The BOLD fMRI localizer data was pre-processed using fMRIPrep 20.2.4 (Esteban, 2019) as a 
docker container, based on Nipype 1.6.1 (Gorgolewski et al., 2011). This included segmentation, 
estimation of motion-parameters and other confounds, susceptibility distortion correction, co-
registration in native T1w space and normalization to MNI152 ICBM 2mm Non-linear 6th Generation 
Asymmetric Average Brain Stereotaxic Registration Model (Montreal Neurological Institute, McGill 
University). FMRIPrep uses FSL 5.0.9 (Jenkinson et al., 2012; Smith et al., 2004) boundary-based 
registration, BBR, to register BOLD fMRI EPI time series to T1w data, FSL FAST for brain tissue 
segmentation and spatial normalization to standard space using ANTs 2.3.3, (Avants et al., 2008)) 
registration in a multiscale, mutual-information based, nonlinear registration scheme, concatenating 
all transforms and applying all registration steps at once. This final normalization matrix was then 
also applied to all quantitative mqBOLD parameter maps, after 6-dof (degrees of freedom) co-
registration to native T1w space, to transform all images to MNI 2mm standard space. Further, task-
analysis was done following recommendations in (Esteban et al., 2020), setting up a general linear 
model (GLM) with CSF and white-matter signal, dvars, framewise-displacement and translations and 
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rotations in x-, y- and z-axis as confounds, high-pass filter of 120s and 6mm smoothing. For analyses 
based on native GLM masks, we used individual 1st level z-maps, z>3.1. 

Partial least squares analysis 

Partial least squares (PLS) analyses were run using the Python pyls library (Python Software 
Foundation, version 3.8). Mean-centered PLS is a data-reduction method that computes latent 
variables and corresponding brain patterns, which optimally relate brain signals to experimental 
design, contrasting, e.g., groups or conditions (McIntosh & Lobaugh, 2004). In our case, the input data 
matrix contained one row for each subject including all voxels within the SNR-GM-mask in standard 
2mm space, and stacked STIM and REST conditions. In the case of BOLD fMRI data, median values of 
percent signal change (deviation from median REST value) across 20s (10TRs) per task condition 
were used, excluding the first 10s per task block to account for the hemodynamic response lag. In the 
case of non-quantified fPET data, median values of percent signal change (deviation from median 
REST value) across the whole length of the condition blocks were used, but shifted by 6 TRs to 
account for continuous increase (STIM) or decrease (REST) during the blocks, so that the ‘peaks’ and 
‘valleys’ in the time-course do not cancel out when calculating the median. In the case of the 
quantitative data, OEF, CBF, CMRO2 or CMRglc values per voxel and subject were used and stacked 
for the REST and the STIM conditions. With the help of a dummy-coding matrix, the pyls library 
computes within-condition averages, which are column-wisely mean-centered (Krishnan et al., 
2011). This matrix, Rmean-centered (q x p), which comprises q conditions and p voxels, is then 
subjected to singular value decomposition. This results in:  

R’mean-centered = USV’      [5] 

Up x q are the voxel weights (brain saliences), one row per latent variable (LV) i, that reflect how much 
this voxel contributes to the effect captured by LVi. Vq x q are the task saliences (one row per LV) that 
indicate how each condition contributes to the spatial pattern identified by LVi. Sq x q are the singular 
values per LV that reflect the strength of the relationship extracted by LVi (McIntosh & Mišić, 2013). 
The significance of the latent variables, i.e., the entire multivariate pattern, is tested via permutation 
tests (we used 2000 permutations), the reliability of the brain saliences, i.e., the voxel’s contribution 
to the latent variables, is deduced via bootstrap resampling (we used 2000 samples). Brain regions 
showing significant effects are identified via the ratio of the brain saliences to the bootstrap standard 
error (BSR), where a BSR >+2/< -2 is akin to a confidence interval of 95%, if the bootstrap 
distribution is normal (Krishnan et al., 2011; McIntosh & Mišić, 2013). In this paper, we used the PLS 
analyses to perform group level statistics in order to identify brain regions that differentiate best 
between the STIM versus the REST condition. As the same analyses were applied to both BOLD fMRI, 
fPET and quantitative data, resulting statistical result maps could be compared across the different 
parameters. The statistical maps were thresholded with a BSR of ±2 and only clusters with more than 
30 voxels were kept for creating the visual masks that were used in Fig. 2, Fig. 3 and Fig. 4. Please 
note that for correct interpretation, BSR maps must be compared to the design scores (design 
variables multiplied by brain saliences) of each condition within each LV to know the direction of 
task differences that is captured within the BSR pattern. In this manuscript, a blue-red BSR pattern 
indicates a positive task effect, that is voxels with higher values during STIM compared to REST, 
whereas blue voxels show the opposite contrast. 

Other statistical analyses 

Most statistics, except the native-space analyses (boxplots in Fig. 1, right column in Fig. 2C) were 
based on median voxel values within a group visual region of interest (ROI) in standard space, by 
taking the across-subjects median value per voxel in STIM and in REST. Delta values for OEF, CBF, 
CMRO2 and CMRglc were calculated for each voxel (STIM minus REST) and tested against zero via 
two-sample related permutation tests, 2000 permutations. We used permutation tests as most of the 
voxel distributions were not normally distributed. Permutation tests were also used to test for 
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significance in OGI, across voxels, when comparing REST versus STIM (Fig. 4A). Also, in general, we 
used median values as these are more robust against outliers than mean values. The %CBF/%CMRO2 
coupling ratio, or n-ratio (Buxton et al., 2014), displayed in Fig. 4B, was calculated for each voxel (on 
the median voxel value across subjects) by dividing the change in CBF by the change in CMRO2 and 
then averaged (median across voxels). 

For the native space analysis (boxplots in Fig. 1, right column in Fig. 2C), we calculated median 
values within each native-space activation ROI (output of the first level GLM, thresholded with z>3.1) 
per subject and tested significant differences in REST compared to STIM via paired-samples t-tests, 
across subjects.  

 

RESULTS 

In order to fully quantify CMRglc and CMRO2 within both REST and STIM conditions, we 
performed simultaneous fPET and mqBOLD imaging. As the physiological model in Fig. 1A shows, we 
expected an increase in neuronal activity following visual stimulation, leading to an increase in both 
cerebral blood flow (CBF) and blood volume (CBV), called neurovascular coupling. In parallel, as 
more energy is needed, oxygen and glucose consumption are expected to increase, i.e. the cerebral 
metabolic rate of oxygen (CMRO2) and glucose (CMRglc) go up, which is called neurometabolic 
coupling. Both neurometabolic as well as neurovascular coupling influence the BOLD response. As 
the CBF increase is usually very large, it overcompensates for CMRO2 increases, leading to decreased 
dHb levels and a positive BOLD response. This is what we expected to happen in our data. We 
simultaneously measured the CMRO2 response and the CMRglc response to a flickering 
checkerboard during extended blocks of 5-7min, and subsequently the BOLD response during a 
block-design with 4 x 30s blocks. Median values across all empirical quantitative parameter maps 
were in biologically plausible ranges, see Table 1. 

 

Table 1 

Baseline REST values, mean ± SD across subjects, within gray matter. 

T2 

[ms] 

T2* 

[ms] 

R2‘ 

[1/s] 

CBV 

[%] 

OEF 

[ratio] 

CBF 

[ml/100g/min] 

CMRO2 

[μmol/100g/min] 

81.4 ± 
2.0 

57.4 ± 
1.3 

7.69 ± 
0.34 

5.03 ± 
0.19 

0.46 ± 0.03 51.2 ± 9.6 27.4 ± 7.9 
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Fig. 1. Hemodynamic model, data acquisition and task design. A| Schematic of the physiological model of 
the BOLD signal. Increased neuronal activity causes elevated cerebral blood flow (CBF), lowering dHb in venous 
blood. In parallel, it triggers increases in energy metabolism (CMRO2) and blood volume (CBV), resulting in 
higher dHb. In addition to increased oxygen metabolism, glucose metabolism (CMRglc) is altered, without 
influences on the dHb content of the blood. B| Positive BOLD responses arise with lowered dHb content, i.e. 
when CBF increases overcompensate oxygen consumption. C| The fPET signal reflects glucose consumption 
and is independent from the venous dHb content. We quantified CMRglc by continuously measuring the 
radioactive decay of arterial blood. D| Multi-parametric BOLD fMRI allows CMRO2 calculation during rest 
(REST) and visual stimulation (STIM) via quantification of transverse relaxation times T2 and T2* as well as 
cerebral blood volume (CBV) and CBF. Subject-average parameter maps (in REST) are depicted together with 
boxplots of average gray matter values per subject and condition (line: median; box limits: upper and lower 
quartiles). The reversible transverse relaxation rate (R2’) reflects the overall dHb content in a voxel. The 
oxygen extraction fraction (OEF) is proportional to the ratio of R2’ to CBV (from dynamic susceptibility contrast 
(DSC) MRI). Voxel-wise CMRO2 is then obtained as the product of OEF, CBF (from pseudo-continuous arterial 
spin labeling, pCASL MRI), and the arterial oxygen content of blood (CaO2). E| One scanning session of around 
90min encompassed simultaneous fPET (green box) and MRI (blue box) measurements. After an initial resting 
block of 15min, STIM and REST blocks were alternately shown until the end of the fPET acquisition. Before the 
DSC acquisitions that contained the delivery of a contrast agent, BOLD fMRI was acquired in a 30sec block 
design, 4 repetitions per condition. 
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Significant group level changes in CBF, OEF, CMRglc and CMRO2 in visual areas 

In all parameters, the group PLS analysis revealed significant stimulation-induced changes. For 
BOLD, fPET, CMRglc, CBF, OEF and CMRO2, the first latent variable of the PLS analysis was significant, 
respectively, showing a statistical pattern with increased relative BOLD and fPET signal in visual 
areas as well as increased absolute CBF, absolute CMRglc, absolute CMRO2 and decreased absolute 
OEF, see Fig. 2A. The sign of OEF is to be expected as with canonical neurovascular coupling, 
increased neuronal activity goes hand in hand with a decrease in oxygen extraction due to an 
overcompensation by blood flow. All activation areas were located within primary visual regions, see 
contours in the axial slices which include Yeo’s visual regions A and B, from the 17 network 
parcellation atlas (Yeo et al., 2011). The BOLD statistical map expressed a more extended activation 
cluster whereas both CBF and OEF clusters were more localized. The relative fPET activation map 
and even more the absolute CMRglc and CMRO2 activation maps exposed an even more focal and 
rather small activation cluster. Surprisingly, the first latent variable of the CBF data also showed 
areas with significant flow decreases across the cortex during STIM, which were not examined in this 
manuscript. We then used the binarized group ROIs from the BOLD and fPET analysis as regions of 
interest (ROIs), restricted to activation regions, i.e. orange-red voxels in the fPET and BOLD group 
maps, to mask the quantitative parameter maps (Fig. 2B). The 3286 voxels within the BOLD group 
activation ROI showed a median BOLD-signal increase of 1.49% and a median PET-signal increase of 
1.19% during STIM compared to REST. The 214 voxels within the fPET group activation ROI showed 
a median BOLD-signal increase of 3.46% and a median fPET signal increase of 3.28%. In native space, 
using the subject-specific, thresholded first level BOLD results as ROIs, we found a median BOLD 
increase of 1.69% across subjects and a 1.1% increase in fPET.  

Within the same ROIs, we tested whether there were concomitant changes in CBF, OEF, CMRO2 
and CMRglc. CBV, CMRO2 and CMRglc increased significantly in both group ROIs, see Table 2.  

 

Table 2 

Median values across voxels (IQR) within BOLD and fPET ROIs.  

ROI BOLD CBF 

[ml/100g/min] 

 CMRO2 

[μmol/100g/min] 

 CMRglc 

[μmol/100g/min] 

 % 

 

REST ∆CBF  

%∆CBF 

 REST ∆CMRO2 

%CMRO2 

 REST ∆CMRglc 

%CMGglc 

BOLD 

ROI 

1.5 

(1.7) 

45.7 

(10.3) 

4.8** (7.1) 

11.6% (16.2) 

 198.9 

(59.2) 

5.8** (15.7) 

3.3% (8.6) 

 25.4 

(12.9) 

2.6** (8.7) 

8.2% (41.9) 

fPET 

ROI 

3.5 

(1.6) 

27.5 

(6.4) 

12.8** (3.4) 

27.6% (8.5) 

 176.8 

(43.5) 

15.0** (17.5) 

8.3% (9.1) 

 28.6 

(13.7) 

9.3** (11.6) 

31.0% (44.2) 

 

Note. This table reports median values across voxels within each BOLD ROI, based on subject-
averaged voxel values. Absolute CBF, CMRO2 and CMRglc are displayed both in REST and as delta 
values (STIM minus REST), along with percent change values for each contrast.  As voxel delta values 
were not normally distributed, median values along with interquartile ranges (IQR) are reported. ** 
p < .001, based on two-sample related permutation tests, 2000 permutations. 
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Across subjects, in native space ROIs, CMRglc increased by 24.73% (median) (REST 31.0 
μmol/100g/min ± 7.0, STIM  38.1 μmol/100g/min ± 10, paired samples two-tailed t-test: t(12)=4.5, 
p = < .001). CBF increased about 14.5% (REST 49.1 ml/100g/min ± 11.9, STIM 55.4 ml/100g/min ± 
11.8, paired samples two-tailed t-test: t(12)= 4.5, p = < .001) across subjects within 1st level BOLD 
ROIs. Yet, in native space, CMRO2 increase were not significant (REST 180.5 μmol/100g/min ± 45.7, 
STIM 185.9 μmol/100g/min ± 41.8).  

The OEF decreased significantly across voxels within the group ROIs; -0.04 or -7.3% in the BOLD 
ROI and 0.07 or -14.2% within the fPET ROI, delta values tested via permutation tests against zero, 
2000 permutations, p<.001. Across subjects, in native space, OEF decreased -7.6% on median (REST 
0.48 ± 0.05, STIM 0.45 ± 0.05, paired samples two-tailed t-test: t(12)= -4.8, p = < .001).  

Please note that both OEF and CMRO2 were calculated as described in Methods, correcting for 
arterial CBV increase, i.e. considering 70% of total CBV increase as arterial. It is well known that 
changes in CBV measured with contrast-agent include both arterial as well as venous changes, thus 
measure total CBV. In our data, shown in Fig. S1, total CBV (CBVt) measured by DSC on average 
increased by 12.54% within the BOLD activation ROI, and up to 50% across voxels. We observed that 
changes in R2’ and CBV were negatively correlated (Fig. S1A). R2’ is dependent on the dHb content 
of the blood and is growing with increased dHb content. This means that increases in venous CBV, 
which lead to increases in dHb content, should lead to increased R2’; thus increases in venous CBV 
and %R2’ should be positively coupled. As the opposite is the case, i.e. we observed a negative 
correlation, we assumed that most of the CBV changes were indeed arterial, thus not increasing but 
rather decreasing the dHb content. In Fig. S1 in the supplements, we show that CMRO2 increases 
were larger in visual cortex when not taking changes in CBV into account and CMRO2 changes were 
not significant when considering total CBV changes. 
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Fig. 2. Group level task results. A| Results of the PLS analyses of each parameter, comparing REST and STIM 
conditions. The left column shows statistical maps displaying the distribution of bootstrap ratios (BSR), akin to 
z-values, within the respective 1st latent variable, significant in all analyses (p<.001 for BOLD, fPET and OEF, 
p<.01 for CMRO2 and CBF, p<.05 for CMRglc). Axial slices show thresholded statistical maps with a BSR ± 2, 
corresponding to p<.05. In all parameters, except CMRO2, we see significant task changes in the visual cortex, 
black contours show Yeo’s visual areas A and B. B| Percent signal change and delta values within BOLD and 
fPET activation areas. Histograms show voxel distributions, median across subjects, for 3286 voxels within the 
BOLD group mask (left) and 214 voxels within the fPET group mask (right). CBF, OEF, CMRglc and CMRO2 
showed significant, concomitant changes that align with BOLD and fPET increases within both masks, CMRO2 
data are based on CBV values corrected for arterial increases. Delta values were tested via permutation tests 
against zero, ** = p<.001, see also Table 2. The third column shows results within native space BOLD ROIs, one 
dot per subject, median across voxels within the respective ROIs. We used the thresholded output of 1st level 
GLM per subject as masks, task changes across subjects were tested via paired samples t-tests, ** = p<.001. 
Across subjects, changes in CBF, OEF and CMRglc were significant, but changes in CMRO2 were not.  
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Decreases in oxygen-to-glucose-index during STIM within visual ROIs 

Finally, we wanted to know whether the rate of non-oxidative glycolysis decreased during STIM 
compared to REST within activation ROIs. The oxygen-to-glucose-index (OGI) is an indicator of how 
much CMRO2 compared to CMRglc is metabolized, smaller values indicate a higher rate of non-
oxidative glycolysis. Across all gray-matter voxels, there was no significant difference in OGI. Across 
voxels in both the BOLD as well as the fPET group masks, the OGI dropped significantly during the 
STIM condition, compared to REST.  

All in all, our empirical voxel data were in line with the predictions of the Davis model (Fig. 4B). 
The scatterplots and barplots in Fig 4B summarize CBF, CMRO2, CMRglc and BOLD responses across 
voxels within the two group ROIs, CMRO2 calculated with 30% CBVt. The relation of %CMRO2 and 
%CBF predict the strength of the BOLD response, which can be summarized by the n-ratio. In the 
scatterplots CBF increase across voxels ranging from zero to approximately 40% are displayed, while 
%CMRO2 ranges up to approximately 30% and also includes some voxels with a negative CMRO2 
response within the BOLD ROI. These negative voxels also decrease the CBF-CMRO2 coupling, called 
n-ratio, which was calculated for each voxel as the ratio of %CBF divided by %CMRO2. Within the 
BOLD ROI, n = 1.46, while within the more focal fPET mask this relation increased to n = 2.92. A higher 
n-ratio indicates a higher overcompensatory CBF response, resulting in a higher BOLD response.  

 
 

 
 

Fig. 4. Oxygen-to-glucose-index (OGI) and summary of results within the activation ROIs. A| OGI 
(CMRO2/CMRglc) in REST vs. STIM conditions. First column: across the whole brain, within grey matter (GM), 
second column: within the BOLD group ROI, third column: within the fPET group ROI. In both group masks OGI 
is significantly lower during STIM compared to the REST, indicating a higher rate of non-oxidative glycolysis 
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during STIM. Tested via permutation tests, 2000 permutations, **p<0.001. B| Biophysical Davis model equation 
and visualization, showing how changes in CMRO2 and CBF are relating to changes in BOLD, indicated by the 
colored contour lines. Scatterplots similarly show empirical voxel values within BOLD and fPET group masks, 
%CMRO2 versus %CBF, colors indicate the BOLD amplitude. The barplots in the right column show median 
percent-signal change values across voxels, different parameters the two ROIs, error bars display 95% 
confidence intervals across voxels, 2000 permutations. Within the BOLD mask (3286 voxels), the BOLD signal 
increased by 1.5%, CBF increased by 11.6%, CMRO2 by 3.3% and CMRglc by 8.2%. Within the fPET mask (214 
voxels), the BOLD signal increased by 3.5%, CBF increased by 27.6%, CMRO2 by 8.3% and CMRglc by 31.0%. 
This results in a median n-factor of 1.46 (25% quantile: -0.31, 75% quantile: 3.17) within the BOLD mask and 
a median n-factor of 2.92 (25% quantile: 1.94, 75% quantile: 4.35) within the fPET group mask. 

 

DISCUSSION 

In this study, we used an integrated PET-MR scanner for the simultaneous measurement of 
mqBOLD and fPET, yielding individual quantitative CMRO2 and CMRglc maps during resting state 
(REST) and visual stimulation (STIM). This is, to our knowledge, the first study to quantify both 
metrics simultaneously during the same scanning session in multiple conditions. All measured 
parameters were in biologically plausible ranges, although CMRO2 values were in the upper range 
(177 ± 33.1 μmol/100g/min) compared to other papers (131-153 μmol/100g/min) (Hyder et al., 
2016; Raichle et al., 2001; Zhang et al., 2015), but lower than e.g. reported by Liu et al. (2019). 

On a group level, we measured extended BOLD-signal increases in visual cortex and concomitant, 
significant changes in CBF, OEF and CMRglc. Increases in CMRO2 on the group level were only 
significant after correction for arterial fractional changes in CBV. Also, our increases in CMRO2 were 
rather low, 3.4% within the extended BOLD ROI and 8.3% within the more focal fPET ROI (Table 2) 
as compared to literature values where the increase in CMRO2 typically ranged between 12-30% 
(Donahue et al., 2009; Fujita et al., 2006; Hoge & Pike, 2001; Lin et al., 2010; Liu et al., 2019; Simon & 
Buxton, 2015). This could have several reasons. First, with 11.6% and 27.6% CBF increase on the 
group level (within BOLD and fPET ROIs), we were not in the range of 40-60% CBF increase that was 
reported elsewhere (P. Fox et al., 1988; Fujita et al., 2006; Huber et al., 2019; Kim et al., 1999; Lin et 
al., 2008a). As changes in CMRO2 were calculated via CBF (and OEF), a lower sensitivity of our CBF 
measurements might explain the rather low changes in CMRO2. Secondly, this might be the result of 
adaptation processes. It has been shown that the BOLD signal shows only little adaptation to 
prolonged visual stimulation (when instructed to ignore), whereas the adaptation is bigger for CBF, 
and even bigger for CMRO2 changes (Moradi & Buxton, 2013). Furthermore, attention has a big effect 
on CMRO2 changes, Moradi et al. (2012) reported a three times stronger increase in CMRO2 while 
participants were paying attention to visual stimulation stimuli contrasted to the same stimuli, 
presented in parallel, while performing another task. Additionally, it has been shown that energy 
demands adapted due to repeated stimulation when measured by lactate, whereas the BOLD signal 
did not (Mangia et al., 2007). In our experiment, the participants did not have to pay attention to the 
stimulus, which was shown repeatedly over a period of 5-7.5 min, so adaptation processes that 
influence the CMRO2 response, in particular, could explain our rather low %CMRO2 values. In 
contrast, an earlier water-PET study did not find adaptation of the CMRO2 response, and even 
significant increases during prolonged visual stimulation up to 25min, but generally reporting only 
weak increases in CMRO2 (5% after 25min) (Mintun et al., 2002). So, it is not sure if and how 
adaptation processes influenced our CMRO2 response. For CMRglc, we found significant increases 
within both group activation masks (BOLD: 8.21%, fPET: 31.0), which were in line with the values 
reported on the two first fPET studies, observing maximum increases of 6.1% in CMRglc during finger 
tapping (Hahn et al., 2016) and 25% during full-field checkerboard stimulation (Villien et al., 2014). 

Finally, we found a significant decrease in the oxygen-to-glucose-index (OGI) within group ROIs 
when comparing STIM to REST blocks. The OGI consistently decreased in the activated regions, even 
though our overall whole-brain OGI of 7 was higher than the physiologically plausible (OGI = 6). OGI 
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reported in the literature is usually around 5.2-5.5 in the resting state (Blazey et al., 2018; Hyder et 
al., 2016; Shulman et al., 2001; Vafaee et al., 2012). This overall higher OGI is most probably due to 
our CMRO2 values, which are in the higher range reported by previous literature. However, this does 
not affect the consistent decreases that we found within the activated ROIs. A decrease in OGI is 
indicative for increased non-oxidative metabolism, as expected during increased neuronal activity 
(Blazey et al., 2018; Shulman et al., 2001; Vafaee et al., 2012).  

 

Limitations 

By measuring R2’, CBV and CBF plus hematocrit values quantitatively, we could use Fick’s 
principle to derive subject specific CMRO2 maps. In contrast to many other studies that did not 
measure CBV, but instead used CBF to estimate CBV through the use of a power-law relationship 
(Blockley et al., 2013, 2015; Chen et al., 2022), we measured changes in total CBV. By measuring CBV 
precisely, we were able to increase the validity of our CBV data. Other studies simply assumed the 
CBF-CBV relationship across subjects and brain regions with the same coupling factor α. This poses 
a problem as different studies find different coupling factors, varying also across stimuli and subjects 
(Chen & Pike, 2009, 2010; Wesolowski et al., 2019). The drawback of measuring CBV directly is that 
venous CBV is hard to measure and the CMRO2 estimation based on total CBV changes 
underestimates oxygen consumption (Kim et al., 1999; Kim & Ogawa, 2012). This is why we 
estimated CMRO2 in the STIM condition based on 30% of the total CBV changes being venous, as 
found during visual stimulation on a 7T scanner (Huber et al., 2014). We encourage future research 
to measure venous CBV, e.g. by specific multi-echo VASO (vascular space occupancy) techniques as 
SS-SI-VASO (Huber et al., 2014), the VERVE technique (venous refocusing for volume estimation) 
(Chen & Pike, 2010), or e.g. by combining LL-FAIR (Look-Locker flow-sensitive alternating inversion 
recovery) with contrast-agent techniques to measure both total and arterial CBV (Wesolowski et al., 
2019). Second, while we could measure both mqBOLD and fPET on a simultaneous PET-MR scanner, 
the SNR was limited by a 12-channel coil. The error propagation from T2’ and CBF measurements 
lead to noisy CMRO2 measurements. Additionally, fPET measurements with continuous radiotracer 
injection have a lower signal-to-noise-ratio compared to bolus-PET acquisition, where steady-state 
FDG levels are reached and the whole time-series is averaged. Finally, this complex setup with 
continuous tracer venous injection, arterial blood withdrawal and simultaneous MRI and PET 
measurements is more error-prone than a unimodal imaging study. This was reflected in the 
incomplete data acquisition or insufficient data quality for five subjects, so only 13 out of 18 datasets 
survived quality checks.   

 

CONCLUSION 

All in all, we were able to acquire a completely quantitative dataset, simultaneously measuring 
changes in both glucose (CMRglc) and oxygen metabolism (CMRO2) during visual stimulation, based 
on fPET and mqBOLD. We found significant increases in visual ROIs in both CMRO2 and CMRglc, after 
correcting for arterial increases in blood volume. Further, we found a significant decrease in the 
oxygen-to-glucose-index, pointing towards increased non-oxidative metabolism during stimulation. 
This complete quantification of glucose and oxygen metabolism will be especially interesting to 
investigate changes in oxidative and non-oxidative metabolism during higher cognitive processes as 
well as in disease. 
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SUPPLEMENTS 

 

 

Fig. S1. Correction of CMRO2 due to arterial CBV increase. A| Axial slices show the distribution of percent-
change CBV values, the histogram shows the distribution of voxel values, median across subjects per voxel. CBV 
values within the BOLD group activation mask increased about 12.54% on average (median across voxels 
within group mask) and up to 50%. Most likely, this was due to arterial dilation, indicated by the significant 
negative correlation (r=-0.46, p<.001) between changes in R2’ and CBV, colored by %OEF, shown in the right 
scatter plot. B| Replication of group level CMRO2 task analysis via PLS, as in Fig. 2. First row: calculation of task 
CMRO2 without taking changes in CBV into account. Second row: calculation of task CMRO2 with total CBV 
(CBVt) increase. Maps show statistical values (bootstrap ratios, akin to z-values) within the first latent variable, 
p<.001. While there was no activation cluster in visual cortex when considering total CBV changes, we see a 
large visual cluster when considering no CBV changes. C| Distribution of absolute difference values per voxel 
in CMRO2, STIM minus REST condition, within BOLD and fPET group ROIs, median across subjects per voxel. 
Increases in CMRO2 were significant only when disregarding CBV changes (delta values tested via permutation 
tests against zero, ** = p<.001) within both ROIs.  
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ABSTRACT 

In human neuroimaging, blood oxygen level dependent (BOLD) functional magnetic resonance 
imaging (fMRI) is the most widely employed method to identify changes in brain activity during 
experimentally controlled tasks. The BOLD signal is sensitive to the oxygenation of venous blood, 
more precisely to the deoxyhemoglobin (dHb) level of brain tissue. Tissue oxygenation depends on 
the exact interplay between neuronal activity and blood flow as well as between neuronal activity 
and oxygen metabolism, which the BOLD signal alone cannot resolve. The cerebral metabolic rate of 
oxygen (CMRO2), in turn, reflects oxidative metabolism in the brain, a true physiological marker for 
neuronal activity. In this study, we used multi-parametric MRI to quantify CMRO2 as a proxy for 
neuronal activity. Participants performed different cognitive tasks that induced well-known patterns 
of BOLD signal increases and decreases. BOLD signal decreases during a calculation task as well as 
increases during an autobiographical memory task were primarily localized in regions of the default 
mode network (DMN). BOLD signal increases during both the memory and the calculation task, and 
compared to an active and a passive baseline, were mostly accompanied by concomitant increases in 
CMRO2 across voxels, with only 7 - 35% mismatch across voxels. On the contrary, 46 - 64% of DMN 
voxels that showed BOLD decreases did not show concomitant CMRO2 decreases, but stable or 
increased CMRO2. Thus, while some clusters within the DMN showed concomitant CMRO2 decreases, 
our data point towards a metabolic heterogeneity within the DMN that was not captured by the BOLD 
signal. Our data fits well to the biophysical Davis model, which predicts that both negative and 
positive BOLD signals can occur despite opposing sign of the CMRO2 response. Yet, dissociations 
between the signs of the BOLD and CMRO2 amplitudes question our common interpretation of BOLD 
signal changes in terms of neuronal activity. By comparing fMRI BOLD with CMRO2, this study 
provides evidence that this dissociation in oxidative metabolism and BOLD signal specifically affects 
negative BOLD responses. Thus, caution has to be exercised when interpreting negative BOLD signals 
as reduced excitatory brain activity. We advocate for the use of quantitative fMRI in future research.  

 

Keywords: Multiparametric, quantitative MRI (mqBOLD); default mode network (DMN); negative 
BOLD response (NBR); fMRI BOLD; cerebral rate of oxygen (CMRO2); cerebral blood flow (CBF); oxygen 
extraction fraction (OEF)  
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INTRODUCTION 

For over 30 years, functional magnetic resonance imaging (fMRI) has been used as a noninvasive 
tool to localize neuronal activity in the human brain. Neuronal signaling accounts for around 85% of 
brain energy metabolism (Attwell & Iadecola, 2002), which, in turn, relies on a constant supply of 
glucose and oxygen via arterial blood. As a result of oxygen uptake for energy metabolism, 
deoxyhemoglobin (dHb) concentration rises in venous blood. Functional MRI is sensitive to changes 
in dHb and measures the blood oxygenation-level dependent (BOLD) signal simultaneously in 
thousands of volume elements (voxels) covering the entire brain (Logothetis, 2003; Ogawa et al., 
1990).  

If dHb levels exclusively reflected energy metabolism, BOLD signal changes could be interpreted 
as changes in neuronal activity. However, the canonical positive BOLD response is elicited by luxury 
perfusion, meaning that it is caused by an overcompensatory increase in cerebral blood flow (CBF), 
which outweighs the increase in oxygen consumption. Thus, paradoxically, the positive BOLD 
response reflects a decrease in dHb in venous blood at sites of neuronal activity. But dHb levels 
crucially depend on details of coupling between neuronal activity and perfusion (neurovascular 
coupling) and between neuronal activity and oxygen metabolism (neurometabolic coupling) (Hyder, 
2010a), which the BOLD signal alone cannot resolve. The cerebral metabolic rate of oxygen (CMRO2), 
in turn, reflects oxidative metabolism in the brain, a physiological marker for neuronal activity (Hoge 
& Pike, 2001). Most of the brains energy needs are met via oxidative metabolism, which is the process 
that generates adenosine triphosphate (ATP) through oxygen and glucose (Hoge & Pike, 2001; 
Mangia et al., 2007; R. G. Shulman et al., 2001).  

How exactly does neurovascular and neurometabolic coupling impact on the BOLD signal? In 
practice, each MRI voxel (typically 1-10 mm3) covers brain tissue with an unknown composition of 
arterial and venous blood vessels delivering oxygenated and draining deoxygenated blood. 
Therefore, the total amount of dHb at baseline in each voxel is unknown. On top of that, due to 
differences in vascular architecture (Gagnon et al., 2015), neurovascular coupling can be expected to 
vary between brain regions. More specifically, cerebral blood flow and volume have been found to 
change in a nonlinear manner with neuronal activity depending on the vascular composition and the 
concentration of metabolites mediating the neurovascular coupling (Attwell & Iadecola, 2002; 
Blockley et al., 2013a; Buxton, 2010a; Buxton et al., 2014a; Buxton & Frank, 1997; Kaplan et al., 2020). 
This means that an identical change in neuronal activity may result in different BOLD signal 
amplitudes across the cortex. In summary, the BOLD signal merely captures changes in dHb relative 
to an unknown baseline that depends on a variety of factors in addition to non-linear neurovascular 
coupling in each voxel.  

Recent quantitative fMRI approaches aim to solve these uncertainties by capturing different 
aspects of cerebral hemodynamics with specific imaging sequences. Multiparametric, quantitative 
BOLD (mqBOLD) MRI is used to calculate the cerebral metabolic rate of oxygen (CMRO2) from 
measurements of transverse relaxation rates T2 and T2*, cerebral blood volume (CBV) as well as 
cerebral blood flow (CBF) (Bright et al., 2019; Christen et al., 2012; Kaczmarz, Hyder, et al., 2020; 
Kufer et al., 2022). CMRO2 quantifies the absolute oxygen consumption on a voxel level in both 
baseline and task states. It is supposed to be driven largely by excitatory brain activity and task-
induced increases in CMRO2 are controlled by ATP turnover (Buxton, 2021; Buxton et al., 2014b; 
Lauritzen et al., 2012). Here, we used mqBOLD MRI in combination with classical BOLD fMRI to 
quantify the CMRO2 changes underlying relative BOLD responses across brain regions and 
experimental conditions.  

Yet, changes in the BOLD signal have been related to neuronal activity as well. Seminal work 
showed that positive BOLD responses relate to increased synaptic (measured by local field 
potentials, LFP) and spiking (measured by multi-unit activity, MUA) neuronal activity (Hillman, 
2014; Hyder, 2010b; Logothetis, 2003, 2008). This has been shown in visual and primary sensory 
regions with dense capillaries and organized neuronal fields  but does not necessarily hold true in 
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other regions such as associative areas (A. Ekstrom, 2010; A. D. Ekstrom, 2021; Harrison, 2002a). 
Crucially, the BOLD response is highly variable across the cortex because it depends on the 
vasculature, the hemoglobin content of the blood, the baseline of deoxygenated hemoglobin in this 
brain region and on the cerebral blood volume, which makes interpretation difficult (Blockley et al., 
2013b; Buxton et al., 2014b; Buxton & Frank, 1997).  

In particular, the detection of consistent negative BOLD responses, mainly in the so-called default-
mode network (DMN), stimulated debate on the interpretation of BOLD signal changes. The DMN 
was originally defined as regions with decreased blood flow during sensory processing compared to 
passive states (G. L. Shulman et al., 1997). Since then, numerous studies reported BOLD signal 
decreases in DMN regions during a broad spectrum of sensory and cognitive processing compared to 
an uncontrolled, resting state condition (Buckner et al., 2008; Fox et al., 2005; Raichle, 2015; Raichle 
et al., 2001). Yet, DMN regions show positive BOLD responses during self-referential and other 
internally-oriented goal-directed tasks, in this case mostly compared to a matched control-task 
(Andrews-Hanna et al., 2014; Buckner et al., 2008; Spreng, 2012; Spreng et al., 2010, 2013). This led 
to the interpretation of the DMN as a network supporting internally-oriented cognition, which 
deactivates during externally-focused tasks that involve minimal internal mentation.  

However, evidence that speaks for the interpretation of negative BOLD responses as decreases in 
neuronal activity is mixed. At least parts of the DMN showed suppressed activity in 
electrophysiological measurements: Macaques showed tonic suppression of single-unit-activity in 
35%, but also enhancement in 9.4% of the neurons in the posterior cingulate cortex (PCC), part of 
the DMN, as well as suppressed LFP power during a passive visual stimulation task (Bentley et al., 
2016; Hayden et al., 2009). Intracranial measurements in human patients with epilepsy discovered 
task-related suppression in gamma power in classical DMN areas during a visual search task 
(Ossandon et al., 2011). Gamma power was also suppressed in 24% of electrodes in posteromedial 
cortex during a calculation task, as well as increased in 33% during a self-episodic condition, while 
the other electrodes did not respond above threshold (Foster et al., 2012). While the 
electrophysiological macaque studies point towards a decrease in neuronal activity in at least parts 
of the DMN, suppression in gamma power is only an indirect marker for reduced spiking activity. 
Spiking activity, in turn, does rather reflect action potentials than general synaptic processing and 
has a comparatively small impact on energy consumption in the brain (Attwell & Iadecola, 2002; A. 
Ekstrom, 2010). Interestingly, a recent study did not find any evidence for decreased glucose 
metabolism in DMN areas, despite consistent BOLD signal ‘deactivations’, when comparing a working 
memory task to awake rest (Stiernman et al., 2021). Additionally, DMN deactivations have been 
related to physiological noise (Renvall et al., 2015) and prolonged hypoxia seems to drive both 
resting state CBF and task-induced BOLD responses specifically in the DMN in the opposite direction 
compared to the rest of the cortex (Lawley et al., 2017; Rogan et al., 2022; Rossetti et al., 2021a). 
These results suggests a fundamentally different neurovascular coupling in DMN regions.   

In summary, there is strong evidence that positive BOLD responses are indicative for both 
increased neuronal spiking as well as increased synaptic activity in sensory cortices. However, there 
is no clear picture regarding BOLD decreases: do negative BOLD signals reliably capture decreases in 
synaptic and thus metabolic activity or do they arise due to deviations of the canonical neurovascular 
coupling mechanisms in certain brain regions?  

In this study, we used multi-parametric MRI to quantify energy metabolism, more specifically 
CMRO2, as a proxy for neuronal activity in brain areas showing positive and negative BOLD 
responses. To this end, we used cognitive tasks to induce well-known patterns of BOLD activations 
and deactivations. This allowed us to quantify task-induced changes in oxidative metabolism in 
comparison to BOLD signal changes within a range of cortical regions.  
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METHODS 

Subjects 

We acquired data of 47 healthy subjects for our main study, seven of whom had to be excluded 
because of apparent behavioral task difficulties, problems with contrast-agent application or severe 
motion artifacts in CBF or R2’ data. Resting state (REST) data from a subset of 16 subjects were 
already evaluated with regard to oxygen diffusivity and published (Kufer et al., 2022). The two main 
tasks, calculation (CALC) and control (CTLR), were acquired for 40 healthy subjects (22 women, 18 
men; mean age 32.1 ± 9.2y, all right-handed). All analyses including either autobiographical memory 
(MEM) or REST conditions were performed on a subset of 30 subjects (17 women, 13 men, mean age 
32.2 ± 9.6y) from whom we acquired all four conditions. MRI was performed on a 3T Philips Elition 
Ingenia MR scanner (Philips Healthcare, Best, The Netherlands) using a 32-channel head-coil. The 
fMRI-only control study was performed on a separate cohort of 18 healthy subjects on a 3T Philips 
Ingenia MR scanner (Philips Healthcare, Best, The Netherlands), using an identically constructed 32-
channel head coil (11 women, 7 men; mean age 28.1 ± 5.0y, all right-handed). Within the control 
study, we acquired BOLD fMRI data during prolonged task blocks compared to the main cohort. All 
participants gave informed written consent to procedures approved by the Ethics Review Board of 
the Klinikum Rechts der Isar, Technische Universität München. 

Task design  

Participants were lying in the scanner in a supine position and watched the task instructions on a 
screen behind the scanner via a mirror mounted on the head coil. Right hand responses were 
collected via a button box. Before entering the scanner, all subjects got the tasks explained, with 
emphasis on staying concentrated and giving correct responses rather than being fast, as well as 
practiced them on a computer outside of the scanning room. The CALC condition was designed to 
evoke negative BOLD responses in the DMN and positive BOLD responses in a task-positive network 
including frontoparietal control and dorsal attention networks (DAN). The CALC task was based on 
the design of Lin and colleagues (Lin et al., 2011) as a self-paced, continuous arithmetic task with a 
maximum response time of 10 seconds, so that participants had to continuously engage in 
calculations. A row of three numbers plus a question mark (n1, n2, n3, ?) was presented that had to 
be continued, based on the following rule:  n2 - n1 = DIFF,  n2 = n1+(1*DIFF), n3 = n2+(2*DIFF), ? = 
n3+(3*DIFF). An exemplary row was 33 38 49 ?. Here, the difference between the first and the second 
number is 5 and 3*5 is 15, so the right number is 64 (49 + 15). The participants had three response 
options. The autobiographical memory task was based on the task-design of Spreng and colleagues 
(DuPre et al., 2016; Spreng & Grady, 2010), where participants were asked to remember a specific 
event in the past. We aimed to match the visual input across all three tasks, thus using a written cue-
word instead of a picture. Instructions were given to the participants to remember all details of any 
event in the past, which came to their minds, no matter how well it related to the cue-word. The cue-
word was shown for a maximum of 15 seconds. To track how long it took the participants on average 
to remember an event, i.e., how easy it was for them to recover a memory, they were instructed to 
press the first button twice as soon as an event came to their minds. On average, it took the 
participants 2.5 ± 1 seconds to remember an event. If they could not remember any event or any 
more details, they were instructed to press the second and third button after each other in order to 
get a new cue-word. We employed this double-button pressing to match button presses across tasks. 
The CTRL condition was a task with low-level cognitive and attentional demands, where a row of 
random letters was shown for a fixed interval between 5.9 and 8.9 seconds and the participants had 
to decide via button-press if the first letter was a vowel or not. We employed CTRL as an active 
baseline, with matched visual input and button presses compared to the other two tasks, to employ 
a baseline without elevated activity in the DMN. While studies looking for DMN activations usually 
employ a matched control task as we did (Addis et al., 2007; Burianova et al., 2010; Burianova & 
Grady, 2007), studies looking at DMN deactivations, i.e., negative BOLD responses, usually compare 
a goal-directed task to the resting state (Lin et al., 2011; Pfefferbaum et al., 2011; Raichle et al., 2001). 
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This is why we also acquired REST data in 30 subjects, where a white fixation cross was presented 
on a black screen.  

Image acquisition and experimental procedure 

Multi-parametric, quantitative BOLD MRI included the following sequences:  

A) Multi-echo spin-echo T2 mapping, only in CTRL; 3D gradient spin echo (GRASE) readout as 
described previously (Kaczmarz et al. 2020). 8 echoes with even-spaced echo times (TE): TE1 = ΔTE 
= 16ms; TR=251; α=90°; voxel size 2x2x3.3mm3; 35 slices (30 slices in 4 subjects); total acquisition 
time = 2:28min (for 35 slices) 

B) Multi-echo gradient-echo T2* mapping, in all conditions; as described previously (Hirsch et al., 
2014; Kaczmarz, Hyder, et al., 2020). 12 echoes, TE1 = ΔTE = 5ms; TR=2229ms; α=30°; voxel size 
2x2x3mm3; gap 0.3mm; 35 slices (30 slices in 4 subjects). Correction for magnetic background 
gradients with a standard sinc-Gauss excitation pulse (Baudrexel et al., 2009; Hirsch & Preibisch, 
2013); acquisition of half- and quarter-resolution data in k-space center for motion correction (Nöth 
et al., 2014); total acquisition time = 6:08min (for 35 slices). 

C) Dynamic susceptibility imaging (DSC), in 30 subjects only during CTRL, in 10 subjects 
additionally during CALC; as described previously (Hedderich et al., 2019). Single-shot GRE-EPI; EPI 
factor 49; 80 dynamics; TR = 2.0s; α=60°; acquisition voxel size 2x2x3.5mm3; 35 slices (30 slices in 4 
subjects). Injection of gadolinium-based contrast agent as a bolus after 5 dynamics, 0.1ml/kg, 
minimum 6ml, maximum 8ml per injection (i.e. 16ml for two injections in a row corresponding to a 
full clinical dosage), flow rate: 4ml/s, plus flushing with 25ml NaCl; total acquisition time = 2:49min 
(for 35 slices). 

E) Pseudo-continuous arterial spin labeling (pCASL), in all conditions; following Alsop et al. 
(2015) and as implemented in Göttler et al. (2019) and Kaczmarz, Hyder et al. (2020). Post-labeling 
delay 1800ms, label duration 1800ms; 4 background suppression pulses; 2D EPI readout; TE=11ms; 
TR=4500ms; α=90°; 20 slices (16 slices in one subject); EPI factor 29; acquisition voxel size 
3.28x3.5x6.0mm3; gap 0.6mm; 30 dynamics including a proton density weighted M0 scan; total 
acquisition time = 6:00min. 

The BOLD fMRI task-localizer was acquired using single-shot EPI, EPI factor 43; voxel size = 
3.0x3.0x3.0mm3; FOV 192x192x127.8mm3; TE=30ms; TR=1.2s; α=70°; 400 dynamic scans plus two 
dummy scans; 40 slices; parallel acquisition; total acquisition time: 8:05min. For susceptibility 
correction, an additional with B0 field map was acquired with two echoes; 
TR/TE1/TE2=525ms/6.0ms/9.8ms; 40 slices; parallel acquisition; α=60°; voxel size = 
3.0x3.0.3.0mm3; FOV 192x192x127.8mm3; total acquisition time: 0:35s. 

Additionally, a T1-weighted 3D MPRAGE pre-and post-gadolinium (TI/TR/TE/α = 
100ms/9ms/4ms/8°; 170 slices; FOV=240x252x170 mm3; voxel size 1.0x1.0x1.0mm3; acquisition 
time=2:05min) and T2-weighted 3D FLAIR (fluid-attenuated inversion recovery) image were 
acquired for anatomical reference and to exclude brain lesions (TR/TE/α = 4800/293/40°; 140 
slices; FOV=240x248.9x168 mm3; acquisition voxel size 1.2x1.2x1.2mm3; turbo spin-echo factor 170; 
inversion delay 1650ms; acquisition time=2:09min). 

After giving informed written consent, a venous catheter was placed by a medical doctor and 
blood samples were taken and sent to our in-house clinical chemistry laboratory where hemoglobin, 
hematocrit (Hct) and creatinine values were analyzed. Before delivery of the contrast agent through 
the venous catheter at the end of the scanning session, creatinine values were requested and contrast 
agent was only applied if creatinine values were in a normal range to ensure healthy kidney function. 
Arterial oxygen saturation was measured via a pulse oximeter (Nonin 7500FO, Nonin Medical B.V., 
The Netherlands).  

The 30 participants who performed all four conditions had two consecutive scanning sessions on 
the same day: In the first block, which took around one hour, participants completed all task 
condition runs i.e., all mqBOLD sequences except the DSC scan, in addition to an 8min BOLD fMRI 
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localizer, designed as a 30s-block-design with four repetitions per condition. For 17 subjects, the 
localizer fMRI scan was included in the second block instead of the first block. During a 15-25min 
break, participants completed a memory questionnaire, where they had to indicate how easy it was 
for them to remember concrete events of the MEM task (difficulty scale; 1=‘very easy’, 2=‘rather 
easy’, 3=‘rather difficult’, 4=‘very difficult’) and how detailed their memories were overall 
(concreteness scale; 1=‘very detailed’, 2=‘rather detailed’, 3=‘rather vague’, 4=‘very vague’). On 
average, people scored 1.8 +/- 0.7 on the difficulty scale and 2.0 +/- 0.6 on the concreteness scale. 
This means that on average, it was rather easy for the subjects to remember a concrete event and the 
memory was rather detailed. This also matches with the reaction time: on average, it took 
participants only 2.5 ± 1s to remember an event. In the second session, which lasted 30min on 
average, a REST fMRI scan (not used in this study) along with a B0 scan and other structural scans 
(volumetric T2, MPRAGE, FLAIR, post-gadolinium MPRAGE, all used for basic clinical screening) were 
acquired. At the very end of the protocol and in the presence of a medical doctor, the contrast agent 
application for DSC MRI was performed via a venous catheter by means of a dedicated pump 
(Accutron MR, Medtron AG, Saarbrücken, Germany).  

Within the independent control study cohort, we acquired only fMRI BOLD data as well as a 
MPRAGE scan during CALC, MEM and CTRL condition. Task blocks were 3min long with 1min 
interleaved CTRL blocks, all tasks were repeated four times. This resulted in a 33min continuous 
fMRI block, and participants were lying in the scanner for around 40min. 

Quantitative parameter calculation using mqBOLD  

The calculation of the quantitative parameter maps was performed with in-house scripts in 
Matlab and SPM12 (Wellcome Trust Centre for Neuroimaging, UCL, London, UK). Fig.1 displays all 
steps and subject-averaged parameter maps, median across gray-matter, with artifacts area masked, 
for each subject and condition in native space. Quantitative T2 and T2* maps were obtained by mono-
exponential fits of the multi-echo spin and gradient echo data  as described previously (Hirsch et al., 
2014; Kaczmarz, Hyder, et al., 2020; Preibisch et al., 2008). Correction was performed for 
macroscopic magnetic background fields (Hirsch & Preibisch, 2013) and motion correction was 
performed using redundant acquisitions of k-space center (Nöth et al., 2014). R2’ maps were 
calculated via  

R2’ = 
1

T2∗
  - 

1

T2
      [1] 

yielding the transverse, reversible relaxation rate that is dependent on the vascular dHb content 
(Blockley et al., 2013b, 2015; Bright et al., 2019). However, confounds from uncorrectable strong 
magnetic field inhomogeneities at air-tissue boundaries, iron deposition in deep GM structures as 
well as white matter structure need to be considered (Hirsch & Preibisch, 2013; Kaczmarz, Hyder, et 
al., 2020). The cerebral blood volume (CBV) was derived from DSC MRI via full integration of leakage-
corrected ΔR2*-curves (Boxermann, J.L., Schmainda, K.M., Weisskoff, R.M., 2006) and normalization 
to a white matter value of 2.5% (Leenders et al., 1990) as described previously (Hedderich et al., 
2019; Kluge et al., 2016). From R2’ and CBV parameter maps, the oxygen extraction fraction (OEF) 
was then calculated via the mqBOLD-approach (Christen et al., 2012; Hirsch et al., 2014; Yablonskiy 
& Haacke, 1994) as  

OEF = 
R2’

c · CBV
      [2] 

with c = γ · 
4

3
 · π · Δ0 · hct · B0, the gyromagnetic ratio γ = 2.675 · 108 s-1 T-1 , the susceptibility 

difference between fully deoxygenated and oxygenated hemoglobin of Δ0 = 0.264 · 10-6, the 
magnetic field strength B0 = 3T and the small-vessel hematocrit hct, which was assumed to be 85% 
of our empirically measured (large-vessel) hematocrit values of each subject (Eichling et al., 1975; 
Hirsch et al., 2014). CBF maps were calculated from pCASL data as in (Alsop et al., 2015) to calculate 
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CBF from averaged, pairwise differences of motion-corrected label and control images and a proton-
density weighted image. 

Finally, for each subject and condition, we calculated CMRO2 in a voxel-wise manner by 
combining all parameter maps via Fick’s principle:  

CMRO2 = OEF · CBF · CaO2     [3] 

where CaO2 is the oxygen carrying capacity of hemoglobin and was calculated as CaO2 = 0.334 · Hct · 
55.6 · O2sat, with O2sat being the oxygen saturation measured by the pulse oximeter (Bright et al., 
2019; Ma et al., 2020). CBF was upscaled by 25% to account for systematic CBF underestimation due 
to four background-suppression pulses (Garcia et al., 2005; Mutsaerts et al., 2014). All parameter 
maps of each individual subject were registered to the first echo of their multi echo T2 data.  

Estimation of a realistic CALC CBV surrogate 

To be able to estimate CBV changes during CALC, we measured DSC data in our two main 
conditions, CALC and CTRL, in a subset of 10 subjects. These subjects received a full clinical dosage 
of contrast agent altogether. More than a full clinical dosage of contrast agent cannot be given in one 
session, so we could not acquire additional DSC data for the MEM and REST conditions. In this subset, 
due to technical reasons, we did not acquire oxygen saturation values empirically and assumed a 
value of 98%, which was the average across the remaining sample. From these measurements we 
determined the percent CBV changes (%CBV) of the CALC versus the CTRL condition across gray-
matter for the individual subject brains, within 360 Glasser regions of interest (ROIs) (Glasser, 2016) 
to get more reliable estimates, and determined the median change per ROI across the 10 subjects. 
This ROI-wise map of average %CBV was then applied to the subject-specific CTRL CBV maps of the 
remaining 30 subjects, to calculate realistic CALC CBV surrogate maps. These were used in all 
analyses to calculate OEF and CMRO2 values during CALC. This approach could not be applied for the 
MEM condition, where we used CTRL CBV instead of a realistic MEM CBV surrogate. 

Semi-quantitative CMRO2 estimation 

The estimation of CMRO2 maps relies on a combination of R2’, CBV and CBF values. Due to 
unfavorable error propagation especially from R2’ measurements (see appendix in (Kaczmarz, 
Göttler, et al., 2020), we also calculated semi-quantitative CMRO2 and OEF values from BOLD fMRI 
data using an approach presented by Fujita et al. (2006). This approach did not affect baseline CTRL 
and REST mapping of R2’, OEF and CMRO2, but only the MEM and CALC conditions. Instead of 

calculating R2’ using quantitative R2’ as measured by multi-echo T2* in the task conditions, we re-

calculated R2’ as 

R2’ =  −
ΔS 

S0 

1

 TE·R2´0
     [4] 

with TE = 30ms, R2’0 being the baseline R2’ and 
ΔS

S0
 the BOLD signal change, derived from the fMRI 

BOLD localizer. R2’ in CALC and MEM was then re-calculated via R2’ = R2’0 + (R2’ · R2’0) and OEF 
and CMRO2 were re-calculated via [2] and [3]. This approach was repeated using the REST baseline 
instead of the CTRL baseline, so that depending on the contrasts we looked at we either used semi-
quantitative CMRO2 maps derived from REST or CTRL baseline mapping. For CALC semi-quantitative 
CMRO2 calculation, realistic CALC CBV surrogate maps were used, see paragraph before, for MEM we 
used CTRL CBV maps. Thus, semi-quantitative compared to fully quantitative CMRO2 values in CALC 

conditions only differed in their usage of R2’ values that were inferred from BOLD fMRI signal 
changes. 

Davis model 

The Davis model was inspired by numerical BOLD signal simulations and describes how changes 
in the BOLD signal depend on changes in CBF, CMRO2, relying on M, α and β (Davis et al., 1998): 
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ΔS

S0
= M [1 − (

CBF

CBF0
)

α−β
(

CMRO2

CMRO20
)

β
]      [5] 

where α is a power-law exponent, relating changes in CBV to changes in CBF and β is dependent on 
the microvascular anatomy (Bright et al., 2019). Classically, α = 0.38 was used, (Grubb et al., 1974) 
but currently used values are much lower. For the visualization in Fig. 4A we used α = -0.05 and β = 
0.98, suggested for measurements on a 3T scanner with a TE = 30ms. These are optimized 
parameters derived from rodents and simulations, rather reflecting fitting parameters than real 
biophysiological meaning (Gagnon et al., 2016). M is commonly referred to as a quantification of the 
maximum BOLD signal change that would occur if all dHb was washed out of the vessels, it is 
dependent on the baseline physiology and OEF in baseline (Blockley et al., 2013b). The Davis model 
was conceived for calibration of fMRI experiments. To this end, M is estimated via combined 
measurement of CBF and BOLD responses to a vasoactive stimulus, mostly hypercapnia. By assuming 
α and β, fractional change in CMRO2 can be calculated from combined BOLD signal and CBF 
measurements (Blockley et al., 2013b; Chen et al., 2022; Germuska & Wise, 2019).  

fMRI processing and task analysis 

The BOLD fMRI localizer data was pre-processed using fMRIPrep 20.2.4 (Esteban, 2019) as a 
docker container, which is based on Nipype 1.6.1 (Gorgolewski et al., 2011). This included 
segmentation, estimation of motion-parameters and other confounds, susceptibility distortion 
correction, co-registration in native T1w space and normalization to MNI152 ICBM 2mm Non-linear 
6th Generation Asymmetric Average Brain Stereotaxic Registration Model (Montreal Neurological 
Institute, McGill University). FMRIPrep is using FSL 5.0.9 (Jenkinson et al., 2012; Smith et al., 2004) 
boundary-based registration, BBR, to register BOLD fMRI EPI time series to T1w data, FSL FAST for 
brain tissue segmentation and spatial normalization to standard space using ANTs 2.3.3, (Avants et 
al., 2008) registration in a multiscale, mutual-information based, nonlinear registration scheme, 
concatenating all transforms and applying all registration steps at once. This final normalization 
matrix was then applied to all quantitative mqBOLD parameter maps, after 6-dof (degrees of 
freedom) co-registration to native T1w space, to transform all images to MNI 2mm standard space. 
Further, task-analysis was done following recommendations in (Esteban et al., 2020), setting up a 
general linear model (GLM) with CSF and white-matter signal, dvars, framewise-displacement and 
translations and rotations in x-, y- and z-axis as confounds, high-pass filter of 100s and 6mm 
smoothing. For analyses based on GLM masks, we used individual 1st level z-maps, z > 2.5 and on a 
group level the FWE-corrected z-maps, output from the 2nd level analysis based on the following 
contrasts: CALC-positive = CALC > CTRL or REST, CALC-negative = CALC < CTRL or REST, MEM-
positive = MEM > CTRL, MEM-negative = MEM < CTRL. 

Artifact and gray matter masking  

To exclude voxels from artifact affected brain areas, we calculated the temporal signal-to-noise 
ratio (tSNR) from the fMRI BOLD images per subject and voxel in standard 2mm space. We then 
masked out voxels that were in the lowest 15th percentile in over 66% of participants. These were 
mainly located in common susceptibility areas, i.e., fronto- and temporo-basal brain areas. 
Additionally, we masked out the cerebellum and only considered voxels with a gray-matter (GM) 
probability bigger than 0.5. The final SNR-GM-mask in standard space was applied to the output of 
the GLM group analysis and to the input matrices for the partial least squares analyses. For the 
analyses in native space (Fig. 2C, Fig. S1C, Fig. S3C, last column on the right in all graphs), we 
additionally used native-space parameter maps to mask cerebrospinal-fluid influenced areas (T2 > 
90ms), susceptibility-influenced areas (R2’ > 9 s-1), voxels with a high percentage of blood volume 
(CBV >1 0%, probably driven by larger veins/arteries) and voxels with T2’ > 90ms, OEF > 0.9, CBF > 
90ml/100g/min.  

Partial least squares analysis 
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Partial least squares analysis (PLS) analyses were run using the Python pyls library (Python 
Software Foundation, version 3.8). Mean-centered PLS is a data-reduction method that computes 
latent variables and corresponding brain patterns, which optimally relate brain signals to the 
experimental design, contrasting e.g., groups or conditions (McIntosh & Lobaugh, 2004). In our case, 
the input data matrix contained one row for each subject including all voxels within the SNR-GM-
mask in standard 2mm space, and stacked conditions, e.g. CALC and CTRL. In the case of BOLD fMRI 
data, median values of percent signal change (deviation from either median across CTRL or REST) 
across 24s (20TRs) per task condition were used, excluding the first 6s per task block to account for 
the hemodynamic response lag. In the case of mqBOLD data, quantitative OEF, CBF or CMRO2 values 
per voxel and subject were used, for all conditions that were compared. With the help of a dummy-
coding matrix, the pyls library computes within-condition averages which are column-wise mean-
centered (Krishnan et al., 2011). This matrix, Rmean-centered (q x p), which comprises q conditions and p 
voxels, is then subjected to singular value decomposition, which results in:  

R’mean-centered = USV’      [6] 

where Up x q are the voxel weights (brain saliences), one row per latent variable (LV) I, that reflect 
how much this voxel contributes to the effect captured by LVi. Vq x q are the task saliences (one row 
per LV) that indicate how each condition contributes to the spatial pattern identified by LVi. Sq x q are 
the singular values per LV that reflect the strength of the relationship extracted by each LVi (McIntosh 
& Mišić, 2013). The significance of the latent variables, i.e., the entire multivariate pattern, was tested 
via permutation tests (3000 permutations), the reliability of the brain saliences, i.e., the voxel’s 
contribution to the latent variables, was deduced via bootstrap resampling (3000 samples). Brain 
regions showing significant effects are identified via the ratio of the brain saliences to the bootstrap 
standard error (BSR), where a BSR > ±2 is akin to a confidence interval of 95%, if the bootstrap 
distribution is normal (Krishnan et al., 2011; McIntosh & Mišić, 2013). In this paper, we used PLS 
analyses to perform group level statistics in order to identify brain regions that differentiate best 
between a task (CALC or MEM) and a baseline (CTRL or REST) condition. As the same analyses were 
applied to both BOLD fMRI and mqBOLD data, resulting statistical result maps could be compared 
across the different parameters. The statistical maps were thresholded with a BSR of ±2 and only 
clusters with more than 30 voxels were kept for creating masks for ROI evaluations. Please note that 
for correct interpretation, BSR maps must be compared to the design scores (design variables 
multiplied by brain saliences) of each condition within each LV to know the direction of task 
differences that is captured within the BSR pattern. In this manuscript, a blue-red BSR pattern 
indicates a positive task effect, that is voxels with higher values during the task compared to the 
baseline, whereas blue voxels show the opposite contrast. 
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Figure 1. Hemodynamic model, task design and data acquisition. A| Physiological model of the BOLD 
signal. Increased neuronal activity causes elevated energy metabolism (CMRO2) and blood volume (CBV) 
resulting in higher dHb in venous blood.  At the same time cerebral blood flow (CBF) increases oxygen delivery, 
lowering dHb. B| Positive BOLD responses arise when CBF increases overcompensate oxygen consumption. C| 
Multi-parametric BOLD fMRI allows CMRO2 measurement during different conditions via quantification of 
transverse relaxation times T2 and T2* as well as CBV and CBF. Subject-average parameter maps are displayed 
together with boxplots of average gray matter values per subject and condition (line, median; box limits, upper 
and lower quartiles). The reversible transverse relaxation rate (R2’) reflects the overall dHb content in a voxel. 
The oxygen extraction fraction (OEF) is proportional to the ratio of R2’ to CBV (from dynamic susceptibility 
contrast (DSC) MRI). Voxel-wise CMRO2 is then obtained as the product of OEF, CBF (from pseudo-continuous 
arterial spin labeling, pCASL MRI), and the arterial oxygen content of blood (CaO2). D| BOLD and mqBOLD data 
was acquired during four different conditions in the same imaging session: a calculation task (CALC) and an 
autobiographical memory task (MEM) as well as two baseline conditions, control (CTRL) and resting state 
(REST). E| During each imaging session, we acquired fMRI data with a 30s block design, as well as pCASL and 
T2* during each condition (6min per condition), and T2 and DSC MRI in CRTL (in 10 subjects, DSC was also 
acquired during CALC). 
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RESULTS 

Modulation of directional BOLD signal intensity presumably also leads to concomitant changes in 
oxygen consumption. In order to quantify CMRO2 in brain areas exhibiting positive and negative 
BOLD responses, we performed multiparametric, quantitative BOLD (mqBOLD) and classical BOLD 
fMRI. According to the common interpretation of BOLD fMRI, we tested the following hypothesis: If 
regions with significant task-induced positive BOLD responses show increased oxygen metabolism as 
a result of increased neuronal activity, is the opposite also true for negative BOLD responses? Fig. 1A 
shows the canonical, physiological model of the positive BOLD signal that is expected in response to 
increased neuronal activity. We aimed to test whether negative BOLD signals also elicit concomitant, 
larger decreases in CBF and consistent, but smaller decreases in CMRO2. Subjects were scanned 
during four different conditions within the same imaging session (Fig 1.D). Our aim here was to 1) 
investigate DMN regions, which showed both deactivations during an externally oriented calculation 
task (CALC ) as well as activations during an autobiographical memory task (MEM) in the fMRI BOLD 
signal 2) investigate frontoparietal control and dorsal attention regions in comparison, which 
showed CALC induced increases in the BOLD signal and to 3) investigate if our results differed when 
using an active control task (CTRL) versus a classical resting state (REST) baseline. Please note that 
in the following sections we use ‘CALC-positiveCTRL’ or ‘MEM-positiveCTRL’ and ‘CALC-negativeCTRL’ or 
‘CALC-negativeCTRL’ to indicate regions which show a significant positive or negative BOLD signal 
change during CALC or MEM conditions, with the subscript indicating whether against CTRL or REST 
baselines. While our focus was on comparing the task-induced activation and deactivation patterns 
of the CALC versus the active CTRL task, a subgroup of 30 (out of 40) participants was also scanned 
during MEM and REST conditions.  

All measured quantitative parameters covered biologically plausible ranges in gray-matter in the 
CTRL condition, and were very similar to literature values (Raichle et al., 2001; J. Zhang et al., 
2015), see Table 1.  

 

Table 1 

Baseline CTRL values, mean ± SD across subjects, within gray matter. 

R2‘ 

[1/s] 

CBV 

[%] 

OEF 

[ratio] 

CBF 

[ml/100g/min] 

CMRO2 

[μmol/100g/min] 

5.3 ± 0.4 4.8 ± 0.2 0.39 ± 0.04 44.5 ± 7.2  127.8 ± 18.4 

 

Concomitant CMRO2 changes in positive, but not in negative BOLD ROIs 

In a first step, we performed group analyses on the BOLD fMRI data as well as on the mqBOLD 
data of all subjects in standard Talairach space to identify spatial maps of positive and negative task 
responses. Fig. 2A displays the CALC versus CTRL contrast, for the other task contrasts see 
Supplements. As we aimed to compare statistical analyses on the fMRI BOLD data to the mqBOLD 
data, we ran separate multivariate partial-least-squares (PLS) analyses for all contrasts and 
parameter maps, as the mqBOLD data are not time-resolved. As a comparison, we also ran a classical 
general linear model (GLM) on the fMRI BOLD data, which produced nearly identical statistical 
patterns, see Fig. S2 in the Supplements. All statistical maps in Fig. 2A represent bootstrap ratios, 
akin to z-values, within the first latent variable per PLS analysis, which was significant (p < .001) in 
all analyses. The fMRI BOLD voxel patterns revealed a pattern of positive BOLD signal changes (CALC-
positiveCTRL, red) spanning fronto-parietal, dorsal attention and visual regions, and a pattern of 
negative BOLD signal changes including the DMN, but also auditory and somatosensory regions 
(CALC-negativeCTRL, blue), both consistent with the results of prior studies (Anticevic et al., 2012; 
Buckner et al., 2008; Fox et al., 2005). Separate PLS analyses applied to mqBOLD parameter maps, 



60 
 

contrasting absolute levels of CBF, OEF and CMRO2 during CALC versus CTRL, produced overall 
similar patterns of positive CBF, OEF, and CMRO2 changes (Fig. 2A, lower rows). Note that for 
canonical neurovascular coupling (increased CMRO2 and luxury perfusion), OEF decreases with 
higher neuronal activity, thus the color coding for OEF is inverted. The overlap of CALC-positiveCTRL 
and CALC-negativeCTRL maps with positive and negative CBF and CMRO2 maps revealed that there 
was an extended positive network showing both BOLD signal activations as well as CBF and CMRO2 
increases, while there is nearly no overlap of the BOLD deactivation map with CBF or CMRO2 (Fig. 
2B).  

In order to better disentangle pure vascular from metabolic influences on BOLD signal changes, 
we displayed absolute mqBOLD parameter delta values, i.e. absolute CALC minus CTRL values per 
voxel, median across subjects, within the BOLD ROIs, i.e. thresholded and binarized BOLD group 
results, in Fig. 2C. The histograms show voxels within CALC-positiveCTRL (orange) and CALC-
negativeCTRL (blue) BOLD ROIs with a median BOLD signal change of +0.33% and -0.21%, 
respectively. This means that the negative BOLD response is about 1/3 weaker than the positive 
BOLD response. This ratio should also be reflected in the other parameters - that is CBF, OEF and 
CMRO2 - if we expect neurovascular and neurometabolic coupling to be preserved for positive and 
negative BOLD responses. Yet, while we found consistent increases in CBF and CMRO2, and 
concomitant decreases in OEF, task-induced decreases were much weaker than expected. For an 
overview over all task-induced changes see Table 2. While we got significant CBF decreases, they 
were six times smaller weaker than expected, if we were to expect the negative CBF amplitudes to be 
1/3 smaller than the positive CBF amplitudes, as the BOLD response suggests. While we got 
significant CMRO2 increases, CMRO2 decreases within CALC-negativeCTRL ROI were not significant.  

To be more precise in terms of BOLD localization, we analyzed BOLD-fMRI and mqBOLD-
parameters in native brain space, within the thresholded first-level GLM mask for each subject (Fig. 
2C, right column). The average results for all parameter values are similar to the group level analysis 
above. Because individual first-level results are more specific than the group mask, we found 
generally higher median percent change amplitudes across subjects. Within individual CALC-
positiveCTRL regions, CBF, CMRO2 increased and OEF decreased significantly, but we found no 
significant changes in CBF, OEF or CMRO2 within individual CALC-negativeCTRL regions across 
subjects.  Thus, across subjects, there was no evidence for reduced CMRO2 nor CBF in regions with 
significant negative BOLD responses.  

We replicated the same analyses with REST instead of CTRL as the baseline condition (see FigS1, 
Supplemental Material, and Table 2), obtaining very similar results. The group statistical maps show 
a high overlap of BOLD CALC-positiveREST regions with regions of CBF and CMRO2 increases, but little 
overlap of BOLD CALC-negativeREST with regions of CBF and CMRO2 decreases. We identified a similar 
range of positive BOLD signal changes with 0.42% in the CALC-positiveREST ROI and -0.19% in the 
CALC-negativeREST ROI on a group level in standard space. Thus, compared to REST, the negative 
BOLD amplitude is about half of the positive BOLD amplitude. Within the positive ROI, we found 
concomitant increases in CMRO2 and CBF and decreases in OEF. Within the negative ROI, we found 
concomitant decreases in CBF and CMRO2, changes in OEF were not significant. Yet, expecting the 
same positive-negative ratio as for the BOLD data, decreases in CBF and CMRO2 were nearly two 
times weaker than expected. In native space, CBF, CMRO2 and OEF showed concomitant changes in 
the positive ROIs across subjects, but changes were not significant across subjects for the negative 
native space ROIs. 

As a control analysis, we additionally used BOLD GLM family-wise error (FWE) corrected group 
masks (CALC vs CTRL and CALC vs REST) instead of PLS group masks. FWE correction is considered 
overly conservative for fMRI group level analysis, it reduces the risk of false-positive BOLD voxels to 
a very minimum. This only changed our main results minimally and did not influence our 
interpretations, see Fig. S2 for GLM results versus Fig. 1 and Fig. S1 for PLS results. 
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Finally, we analyzed regions that showed BOLD signal changes during MEM compared to CTRL. 
This contrast was successful in ‘activating’ regions of the DMN, as shown in the group results in Fig. 
S3A, and participants also showed wide-spread, significant increases in both CBF and CMRO2 group 
statistical maps. Within the MEM-positive ROI (see Table 2), as well as within individual first-level 
GLM masks, both CBF and CMRO2 increased significantly. CMRO2 increases during MEM were on 
average comparable to CMRO2 increases during CALC, however, we have to consider that we had no 
means of correcting for CBV increases during MEM because we had no subsample with contrast-
agent injection during MEM, see Methods. Within MEM-negative ROIs, voxels showed significant 
decreases in CBF and CMRO2, although also here, decreases were three times (CBF) to four times 
(CMRO2) weaker than expected when considering the positive-negative BOLD ratio. Decreases in 
native space across subjects were not significant.  

We summarize the discrepancy between BOLD-CBF and BOLD-CMRO2 coupling in negative 
versus positive BOLD regions in Fig. 2D (CALC vs CTRL), Fig. S1D (CALC vs. REST) and Fig. 3D (MEM 
vs. CTRL), for GLM masks see Fig S2B and D. If we assume that BOLD signal amplitude and sign reflect 
direction and strength of neuronal activity, we expect BOLD signal changes to be coupled to the same 
CBF and CRMO2 changes independent of brain regions, i.e. the ratio of CBF-BOLD and CMRO2-BOLD 
changes should be the same within positive and negative BOLD regions. The bar plots illustrate how 
CBF and CMRO2 percent-change amplitudes were related to BOLD percent-change amplitudes across 
subjects for positive versus negative regions BOLD regions, within standard space group masks and 
native space first-level masks. For this measure, we divided median CBF or CMRO2 percent-change 
values by BOLD percent-change values per subject, within the respective ROI. The coupling ratio thus 
shows to which changes in %CBF and %CMRO2 a 1% change in BOLD is empirically coupled to. Our 
null hypothesis was that this ratio should not differ between negative and positive BOLD regions. Our 
data rejected this assumption. They showed a consistent positive BOLD-CBF coupling between 9.0 
(within native space CALC-REST masks) and 26.9 (within MEM-CTRL group ROI), as well as a 
consistent BOLD-CMRO2 coupling between 5.7 (native-space CALC-REST masks) and 22.4 (MEM-
CTRL group ROI). Yet, there was a lack of consistent coupling within CALC-negative regions, no 
matter if within group ROIs or native space masks. We only found consistent BOLD-CBF coupling 
within MEM-negative ROIs, between 4.0 (across subjects, native space) and 8.6 (across voxels, group 
ROI), although smaller than the BOLD-CBF coupling in positive BOLD ROIs. 
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Figure 2. Negative BOLD responses do not imply reduced oxygen metabolism. A| Results of the PLS 
analyses of CALC versus CTRL for relative BOLD fMRI and quantitative mqBOLD parameters. Surface maps 
show non-thresholded statistical maps, output from the partial least squares analyses (PLS, values are 
bootstrap ratios=BSR, akin to z-values) within the first latent variable, significant in each analysis (permutation 
test, p < .001), see Methods. Red voxels indicate higher parameter values during CALC versus CTRL and blue 
voxels show the opposing contrast. Additionally, axial slices show reliable brain clusters, thresholded by a BSR  
±2 (akin to p < .05, cluster size >30 voxels) for BOLD-fMRI, CBF, OEF, and CMRO2. B| Maps show consistent 
overlap between CALC-positive BOLD regions and CBF and CMRO2 (red-orange) maps, but only very little 
overlap between CALC-negative BOLD regions and CBF or CMRO2 (blue) maps. C| Left column: Histograms 
show distribution of voxel delta values (CALC minus CTRL) within the binarized CALC-negative and CALC-
positive BOLD group ROI (surface plot), median across subjects per voxel. Concomitant changes in CBF, OEF 
and CMRO2 were observed in both positive and negative ROIs, except for CMRO2 within the CALC-negative 
ROI. ** = p < .001). Right column: Replication of results in native space. Each dot indicates a single subject’s 
parameter value, median across voxels within CALC-negative and CALC-positive BOLD regions, 1st level GLM 
results (paired samples t-tests, ** = p < .001). Red lines indicate subjects where the condition-related change 
in the parameter of interest deviates from the expected response indicated by the BOLD change. A median 
BOLD signal increase of 0.67% was accompanied by a significant increase in CBF, CMRO2 and decrease in OEF, 
while a BOLD decrease of -0.41% was not accompanied by any significant changes in mqBOLD parameters. D| 
Bar plots illustrate how CBF and CMRO2 percent-change amplitudes were related to BOLD percent-change 
amplitudes across subjects for CALC-positive versus CALC-negative regions within group ROIs and native space 
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1st level ROIs. On average, a 1% increase in the BOLD signal was coupled to a 20.8% increase in CBF and a 7.6% 
increase in CMRO2, within the CALC-positive ROI, and a 11.6% increase in CBF and a 8% increase in CMRO2 in 
native space positive ROIs, across subjects. Overall, positive BOLD responses were consistently coupled to 
increases in CBF and CMRO2 whereas negative BOLD responses were not consistently coupled to neither CBF 
nor CMRO2 (median parameters values within BOLD masks, coupling ratios on the subject level, error bar = 
95% CI, 2000 bootstraps). 

 

Table 2 

Median values across voxels (IQR) within BOLD ROIs, original data, corrected for CBV.  

base-

line 

BOLD 

ROI 

BOLD CBF 

[ml/100g/min] 

 CMRO2 

[μmol/100g/min] 

 OEF 

[ratio] 

  % 

 

base-

line 

∆CBF  

%∆CBF 

 base-

line 

∆CMRO2 

%CMRO2 

 base-

line 

∆OEF 

%OEF 

CTRL CALC-

pos 

0.33% 

(0.25) 

35.1 

(7.8) 

2.2** (2.3) 

6.7% (6.5) 

 137.9 

(48.0) 

3.7** (9.3) 

2.9% (6.9) 

 0.40 

(0.15) 

-0.011** (0.02) 

-2.8% (4.3) 

CALC-

neg 

-0.21% 

(0.16) 

33.3 

(8.7) 

-0.3** (1.7) 

-0.7% (5.4) 

 126.6 

(52.7) 

n.s.  0.39 

(0.16) 

0.003 (0.02) 

0.9% (4.4) 

REST CALC-

pos 

0.42% 

(0.51)  

34.6 

(8.1) 

2.5** (3.0) 

8.0% (9.9) 

 138.5 

(51.2) 

5.4** (12.5) 

2.6% (7.2) 

 0.41 

(0.17) 

-0.012** (0.02) 

-2.5% (4.7) 

CALC-

neg 

-0.19% 

(0.25) 

34.4 

(9.4) 

-0.7** (2.2) 

-2.0% (6.5) 

 124.2 

(53.1) 

-1.5** 

(10.8) 

-0.6% (8.0) 

 0.39 

(0.16) 

n.s. 

CTRL MEM-

pos 

0.22% 

(0.23) 

36.5 

(8.7) 

2.3** (2.0) 

6.8% (5.3) 

 136.1 

(45.5) 

5.9** (8.6) 

5.3% (6.5) 

 0.39 

(0.13) 

-0.006** (0.01) 

-1.3% (3.8) 

MEM-

neg 

-0.15% 

(0.15) 

34.6 

(6.5) 

-0.5** (1.1) 

-1.6% (3.6) 

 128.3 

(48.6) 

-0.8** (6.1) 

-0.3% (5.3) 

 0.38 

(0.15) 

0.004** (0.01) 

1.3% (3.3) 

 

Note. This table reports median values across voxels within each BOLD ROI, based on subject-
averaged voxel values. Absolute CBF, CMRO2 and OEF are displayed both in the baseline and as delta 
values (task minus baseline), along with percent change values for each contrast.  As voxel values 
were not normally distributed, median values along with interquartile ranges (IQR) are reported. ** 
p < .001, based on two-sample related permutation tests, 2000 permutations. 

 

Usage of semi-quantitative CMRO2 in CALC and MEM conditions 

We acquired relative (BOLD) and quantitative (mqBOLD) MRI data in the same subjects and 
during the same imaging session. Still, task durations differed across sequences to achieve an optimal 
signal-to-noise ratio for each of the MRI-sequences. During BOLD fMRI, the block length for each task 
was 30 seconds, while the block duration during mqBOLD MRI lasted between four to six minutes. 
We therefore tested whether prolonged stimulation lead to a habituation effect in the acquired BOLD 
fMRI data. We acquired data from an independent sample of subjects (N = 18) that continuously 
performed the CALC and MEM task for three minutes, interleaved by 1min CTRL blocks. Additionally, 
we performed a time-resolved analysis of the six-minute blocks of CBF measurement from pCASL 
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imaging acquired in the main cohort. The two analyses revealed stable BOLD signal and CBF levels 
across several minutes of continuous task engagement (Fig. S4). We found an initial peak in the BOLD 
response, but after around 30s, positive and negative BOLD responses reached a stable plateau 
throughout task performance. We also observed stability of the CBF signal in all tasks throughout the 
entire measurement. In summary, metabolic and hemodynamic effects were stable over several 
minutes of task engagement, without habituation effects. This allowed us to use BOLD percent signal 
change data to optimize our CMRO2 calculation, as described in the next section. 

The mqBOLD protocol allows to quantify oxygen metabolism, yet has some disadvantages. First, 
it is time-consuming as it requires T2* mapping and pCASL acquisition for each task condition, 
requiring long scanning sessions. Second, prolonged data acquisition makes the technique prone to 
motion artifacts, especially for non-dynamic T2* mapping (Nöth et al., 2014). Third, T2* mapping is 
strongly influenced by background magnetic field gradients that need to be corrected (Hirsch & 
Preibisch, 2013). Finally, the calculation of R2’, OEF and CMRO2 from several underlying parameter 
maps results in a rather low signal-to-noise ratio (SNR) (Hirsch et al., 2014; Kaczmarz, Hyder, et al., 

2020). We therefore additionally implemented a semi-quantitative approach where R2* was 

approximated from BOLD fMRI data, see Methods (Fujita et al., 2006). Semi-quantitative R2* 
benefits from motion correction and offers a higher SNR due to repeated task conditions, even at a 
reduced total measurement time compared to mqBOLD MRI. Fig. 3A demonstrates comparable 
distributions and amplitudes of CMRO2 changes across the cortex for the semi-quantitative approach 
as compared to the fully quantitative approach. By repeating PLS group analyses with the semi-
quantitative CMRO2 data, Fig. 3A shows that our main results were still valid and even strengthened. 
The CALC task induced a widespread pattern of CMRO2 increases, even in brain regions with negative 
BOLD responses. In CALC-negative ROIs, semi-quantitative CMRO2 increased significantly  compared 
to CTRL (1.69%) and REST (0.72%). This is in contrast to the fully quantitative CMRO2 data, where 
CMRO2 did not show significant changes compared to CTRL, but decreases significantly by -0.6% 
compared to REST. 

Starting from here (from Fig. 3B and Fig. S5), we used semi-quantitative CMRO2 maps instead of 
fully quantitative CMRO2 maps for the CALC and MEM conditions. Baseline REST and CTRL CMRO2 
maps remained unchanged. 
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Figure 3. Semi-quantitative approach. A| Group results, replicating results in Fig. 2A with semi-quantitative 
CMRO2 data, using an approximation of ΔR2* from BOLD fMRI instead of long-block T2*-mapping for the 
calculation of CMRO2. Group maps looked very similar for the quantitative versus semi-quantitative approach. 
As before, we found significant CMRO2 increases for voxels within CALC-positive ROIs (orange histograms), 
using CTRL (upper row) or REST (lower row) as baseline. Within CALC-negative BOLD ROIs, for both the CTRL 
and the REST baseline, there was a significant increase in CMRO2 across all voxels (p < .001, two-sample related 
permutation test, 2000 permutations). B| Visualization of the Davis model. BOLD responses (%BOLD) are 
plotted in relation to changes in CBF and CMRO2 (%CBF and %CMRO2), using M=10, a=-0.05, b=0.98. 
According to the model, the sign and amplitude of the BOLD response depends on the combined changes in CBF 
and CMRO2. Roughly, positive %BOLD requires that oxygen delivery via CBF surpasses oxygen consumption, 
which results in a canonical positive BOLD response, displayed in the orange triangle in the upper right corner. 
This canonical response is also assumed for negative BOLD changes, here again CBF decreases surpass CMRO2 
decreases, displayed in the blue triangle in the lower left corner. C| Empirical data from semi-quantitative 
CMRO2, plotting %CMRO2 against %CBF, calculated as the median across all subjects (N = 40 for CALC vs. CTRL, 
N=30 for CALC vs. REST and MEM vs. CTRL), for all gray matter voxels. Please note that experimental data 
accurately replicated the model for positive (red) and negative (blue) BOLD changes across the whole range of 
CBF and CMRO2 changes, also outside of canonical neurovascular coupling. 

 

Fit of our empirical data to the Davis model 

Next, we sought to interpret our data through the lens of the Davis model (Davis et al., 1998). We 
wanted to see if and how our empirical data fit to this model approach, which relates changes in the 
BOLD signal to changes in perfusion and oxygen consumption. The Davis model reflects the 
compound nature of the BOLD signal as outlined in Fig. 1A and is mainly used in calibrated MRI 
studies (Blockley et al., 2013a; Griffeth & Buxton, 2011) to calculate CMRO2 changes from combined 
measurements of BOLD signal and CBF. However, the Davis model has so far not been experimentally 
validated with fully quantitative CBF and CMRO2 data in humans. Fig. 3B shows the model equation 
and visualizes it for a range of percent BOLD signal changes (%BOLD, colored lines) in relation to 
percent CBF and CMRO2 changes (%CBF, %CMRO2). Canonical coupling as described in Fig. 1A, 
featuring higher increase of CBF than CMRO2, resulting in positive BOLD changes, are only to be 
found in a small part of the graph, on the left side of the diagonal in the first quadrant (orange triangle 
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in the plot). However, this graphical display also illustrates combinations of CBF and CMRO2 changes 
that do not coincide with the canonical physiological BOLD model. The graph shows that decreases 
in CMRO2 may well be accompanied by positive BOLD responses, while negative BOLD responses 
may actually go along with increased CMRO2, which is also the most accepted explanation for the 
‘initial dip’ due to faster CMRO2 dynamics (Simon & Buxton, 2015). This dissociation between the 
sign of BOLD and CMRO2 changes can be the result of a lack of CBF ‘overshoot’ or due to opposing 
directions of CBF and CMRO2 changes; this is possible because neuronal activity triggers CBF and 
CMRO2 in parallel. 

When plotting empirical %BOLD vs. %CBF and %CMRO2 (Fig. 3C) across all voxels of the brain, 
median across subjects comparing CALC to CTRL, our results closely resembled dependencies 
between metabolism, perfusion and associated BOLD signal changes as predicted by the Davis model. 
This was reflected by the similar slope of the %BOLD contours in Fig. 3B compared to 3C and the 
dividing line between positive (red) and negative (blue) BOLD responses in the %CBF and %CMRO2 
parameter space. Notably, as implied in the Davis model, a substantial number of voxels with negative 
BOLD responses, blue in the scatterplots, showed CMRO2 changes with opposing sign, i.e. metabolic 
activations or CMRO2 increases, being located on the right of the red line, and vice versa for voxels 
with positive BOLD responses. The close resemblance of our empirical data to predictions of the 
Davis model, made us confident in a) the robustness and validity of the Davis model outside of the 
calibrated BOLD approach b) the robustness of our semi-quantitative CMRO2 data, based on the 
mqBOLD approach.  

Dissociations between BOLD and CMRO2 changes 

Next, we wanted to know how many voxels within the BOLD group ROIs showed dissociations in 
their BOLD and CMRO2 responses, and where exactly these voxels were located. Fig. 3C shows all 
gray-matter voxels independent of their significance, Fig. 4A only shows voxels within CALC-
positiveCTRL (upper plot) and CALC-negativeCTRL (lower plot) BOLD ROIs. Please note that this is the 
same data as in Fig 2C, only the CALC CMRO2 data are semi-quantitative, as shown in Fig. 3A. In the 
violet rectangles, we illustrated and quantified the ratio of voxels where the sign of %BOLD opposes 
that of %CMRO2. In the following, we call voxels with opposing sign in %BOLD and %CMRO2 ‘deviant 
voxels’. This analysis revealed that 30% of the CALC-positiveCTRL and 66% of the CALC-negativeCTRL 
BOLD voxels did not show concomitant increases or decreases in oxygen metabolism, respectively 
(pie-plots in Fig. 4B). Moreover, these deviant voxels spread across the full range of BOLD signal 
amplitudes and do not only comprise voxels with weak %BOLD (bar plots in Fig. 4B). Voxels within 
the DMN showed virtually the same proportion of deviant voxels as the bigger, non-restricted 
negative BOLD ROIs (DMN voxels are summarized in the black-contoured pie-plots). 

The brain slices in Fig. 4B show where deviant voxels (in violet) were located. Within CALC-
negativeCTRL regions, a larger cluster was located in auditory regions, while smaller clusters of deviant 
voxels were found throughout the whole DMN (black contours show the DMN as defined by (Yeo et 
al., 2011)). In the CALC-negativeCTRL brain slices in Fig. 4B, it seems that smaller clusters within the 
DMN are preserved that show BOLD as well as CMRO2 decreases (pale blue color). To make sure to 
be looking at significant CMRO2 decreases, we replicated this plot in Fig S6A, now only plotting 
regions with both significant BOLD and CMRO2 changes on the group level (voxels within the overlap 
in Fig. 1B). Thus restricted, generally only very few voxels with significant CMRO2 decreases were 
left and as much as 89% of CALC-negativeCTRL BOLD voxels actually showed deviant CMRO2 
responses, i.e. increases in CMRO2. In the positive domain, within CALC-positive BOLD regions, when 
restricted to significant CMRO2 voxels, the number of deviant voxels dropped from 30% to 6% (pie-
plots in Fig. 4D versus Fig.  S6). Within the MEM-positive ROI (Fig. 4C), we found 14% of deviant 
voxels, allocated across the whole range of BOLD amplitude changes.   

Even though our main baseline was the  CTRL condition, DMN ‘deactivations’ have usually been 
shown compared to a passive resting-state instead of an active control task (Raichle et al., 2001). 
Thus, we replicated Fig. 4 with the REST baseline in Fig. S5. The scatterplot revealed a similar slope, 
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yet with a broader range of values in both directions, i.e. maximum CBF and CMRO2 values of -
20/30% and -20/25% compared to -10/20% and -15/15% as in Fig. 4B (CTRL). While the 
percentage of voxels within CALC-negativeREST BOLD ROIs with deviant %CMRO2 diminished, 
particularly because auditory clusters were not present anymore, still nearly half (48%) of all BOLD 
voxels did not show coinciding decreases in oxygen consumption, and 46% of voxels that were 
located within the DMN. These deviant voxels were present across the whole BOLD amplitude range 
(quartiles in the bar plots in Fig. S5A), but less so for higher BOLD amplitudes. Restricting the BOLD 
ROI to areas that also showed significant CMRO2 changes increased the ratio of deviant voxels to 
57% (Fig. S6B). In summary, the analysis with the REST instead of the CTRL shows a shift of the voxel 
distribution along the BOLD contours of the Davis-model, but overall replicates the above reported 
results, although with a decreased ratio of deviant voxels, which still amounts to nearly 50%.  

In summary, regions with significant positive BOLD changes seemed to be a quite reliable 
indicator for increased oxygen consumption. On the other hand, there was a substantial number of 
voxels with dissociations between BOLD and CMRO2 responses, specifically within negative BOLD 
ROI. Only 52% of the voxels within negative BOLD ROIs showed concomitant, decreased oxygen 
consumption, in the best-case scenario against the REST baseline, and only 34% against the CTRL 
baseline.  

Deviant BOLD and CMRO2 responses were not explained by differences in vascularization  

Yet, differences between regions, such as different vascularization, baseline metabolism or flow, 
can influence the BOLD response (Buxton et al., 2014b). Thus, we sought to restrict our analyses to 
one ROI that shows both BOLD decreases and increases, in order for regional differences to not play 
a role in the result interpretation. To this end, we included only voxels that showed both a significant 
BOLD increase during MEM (Fig. S7, left) as well as a significant BOLD decrease during CALC (Fig. S6, 
right). 96% of these 1317 voxels were located within the DMN. For this selected set of voxels, we 
identified a ratio of 7% voxels within CALC-positive BOLD regions that showed deviant %CMRO2 
responses versus 64% deviant voxels within CALC-negative BOLD ROIs. Thus, while BOLD increases 
in this DMN ROI coincided by 93% with increases in oxygen consumption, a substantial amount of 
the same voxels showed negative BOLD responses during CALC in the presence of increased CMRO2 
(64%). That means that we found a decoupling between BOLD responses and CMRO2 during MEM 
versus CALC within the same regions. This difference between negative and positive BOLD responses 
must thus be characteristic of either this special set of DMN regions or of negative BOLD responses 
in general.  
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Figure 4. Positive and negative BOLD responses in relation to CBF and CMRO2 changes. A| Empirical data 
from semi-quantitative CMRO2 within CALC-positive and CALC-negative BOLD ROIs, compared to the CTRL 
baseline, group mask as shown in the surface plot. %CMRO2 is plotted against %CBF, colors indicate %BOLD, 
calculated for each voxel as the median across all subjects (N = 40). B| Negative and positive BOLD voxels are 
plotted separately. Voxels where the sign of %BOLD accorded with the sign of %CMRO2 are depicted in pale 
colors. Voxels where the BOLD signal changes opposes the sign of %CMRO2, i.e. deviant voxels, are depicted in 
violet color, in the scatter plots, barplots and brain plots. The pie-plots reflect the percentage of deviant voxels, 
violet rectangle. Our results showed that 30% of voxels with positive %BOLD were not accompanied by 
%CMRO2 increases, and 66% of voxels with negative %BOLD were not accompanied by a decrease in %CMRO2. 
Axial slices illustrate where these voxels were distributed and barplots show that they were equally distributed 
across the range of BOLD signal amplitudes with q1-q4 summarizing voxels from the lowest to highest BOLD 
quartiles. For negative %BOLD voxels, DMN contours are depicted in black in the brain slices together with the 
black-contoured pie-plot, which only contains DMN voxels. Within the DMN, 64% of voxels with BOLD 
decreases show deviant CMRO2 increases. C| Empirical data from semi-quantitative CMRO2 within MEM-
positive and MEM-negative BOLD ROIs, compared to the CTRL baseline, group mask as shown in the surface 
plot. %CMRO2 is plotted against %CBF, colors indicate %BOLD, calculated for each voxel as the median across 
all subjects (N = 30). D| Only voxels with significant %BOLD increases are shown. As in B, violet color highlights 
voxels with deviating %BOLD and %CMRO2 responses. 14% of all MEM-positive BOLD voxels showed 
deviating %CMRO2 and these were distributed across all BOLD quartiles. Within the brain slices, the DMN is 
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depicted by black contours, and voxels within the DMN are shown in the black contoured pie-plot. Of these 
DMN voxels, only 12% of voxels showed opposing %CMRO2. 

 

Median task-evoked responses  

In Fig. 5 the results of this study are summarized, comparing BOLD signal changes to underlying 
changes in CMRO2 and CBF within MEM and CALC positive (orange) and negative (blue) BOLD ROIs, 
using CTRL as a baseline. We identified a consistent increase in the BOLD signal during CALC and 
MEM and concomitant increases in CBF and CMRO2 (orange bars). Please note that, differently to the 
values in Table 2, these values were based on semi-quantitative CMRO2. Additionally, voxels with 
negative BOLD responses within the BOLD-positive ROIs and voxels with positive BOLD responses 
within the BOLD-negative ROIs, even though these were part of the PLS group result ROI, were not 
considered. This only concerned a few voxels. Finally, in order to compare the MEM vs. CTRL and the 
CALC vs. CTRL contrasts, we calculated both MEM and CALC CMRO2 without accounting for changes 
in CBV. However, this only had minor influence on the CMRO2 responses, increasing them from 2.4% 
(with CBV correction) to 2.6% and decreasing them in CALC-negative regions from 1.7% to 1.5%.  

On average, median CBF and CMRO2 increases across voxels within positive BOLD ROIs – but 
taking up to 30% of deviant BOLD voxels into account – suggested a consistent constructive coupling 
of BOLD and CBF going along with increased metabolic activity, i.e., CMRO2. Interestingly, MEM and 
CALC conditions lead to similar flow increases (6.5% vs 6.6%) but MEM induced a higher CMRO2 
increase (4% vs 2.6%) than CALC. This discrepancy of CMRO2 amplitudes could explain the weaker 
BOLD increases in the MEM-positive compared to the CALC-positive ROI (0.33% vs 0.22%).  

For a different set of voxels (blue bars), we identified a consistent pattern of negative BOLD 
responses during CALC and MEM, which was not accompanied by metabolic deactivation, i.e., a 
decreases in CMRO2. Within CALC-negative regions, the oxygen consumption even increased, on 
average. Together with a rather small CBF decrease of -0.8%, this could explain the strong BOLD 
signal decrease. In accordance with predictions from the Davis model, BOLD signal changes are 
strongest when the signs of CBF and CMRO2 responses are opposing. On the contrary, in the MEM-
negative ROI, negative BOLD responses seemed to be the result of pure vascular effects, i.e. of CBF 
decreases (1.5%) with nearly no changes in CMRO2 (0.2%). When taking REST instead of CTRL as 
the baseline (Fig. S8A), we got a stronger decrease in CBF during CALC (-2.3%), but CMRO2 changes 
around zero, also pointing towards a mainly vascular effect behind these BOLD decreases.  

 

 

Figure 5. Median %BOLD, %CBF and %CMRO2 responses within positive and negative BOLD ROIs. 
Barplots are summarizing voxel distributions within the CALC vs. CTRL and MEM vs. CTRL ROIs as plotted in 
the 3D brains on the left, median across subjects, summarizing results in Fig. 4. Error bars display 95% CI of 
percent signal change values across voxels, 2000 permutations. During CALC vs CTRL as well as during MEM 
vs CTRL, we find regions with both significant %BOLD increases (orange) as well as decreases (blue). Orange 
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bars show a significant, median increase in %BOLD, %CBF and %CMRO2 across voxels in both contrasts. Blue 
bars show %BOLD decreases, as well as small %CBF decreases (-0.8% for CALC vs. CTRL, -1.5% for MEM vs. 
CTRL), but either stable %CMRO2 for MEM vs CTRL (0.2%) or even increased %CMRO2 for CALC vs CTRL 
(1.5%). The last column in both contrasts quantifies the amplitude changes in %CBF and %CMRO2 to which a 
median change of 1% BOLD signal is coupled, across voxels. Within positive BOLD ROIs (orange), a 1% increase 
in BOLD is coupled to an increase in %CBF of 18.6% (CALC vs CTRL) or 26.4% (MEM vs CTRL) and an increase 
in %CMRO2 of 7.0% (CALC vs CTRL) or 16.5% (MEM vs CTRL). The MEM task thus elicits similar CBF and 
higher CMRO2 responses than the CALC task (vs CTRL). Within negative BOLD ROIs (blue), a 1% decrease in 
BOLD is coupled to a CBF decrease of 3.3% (CALC vs CTRL) or 8.9% (MEM vs CTRL), so the coupling factor is 
much smaller than for %BOLD increases. This is even more pronounced for BOLD-CMRO2 coupling within 
CALC-negative and MEM-negative ROIs. On average, a 1% BOLD decrease is coupled to a 1% CMRO2 decrease 
within MEM-negative regions, and even goes hand in hand with an average increase in %CMRO2 of 6.6% within 
CALC-negative regions, so we do not find the same coupling factor for negative BOLD responses as for positive 
BOLD responses. Please note that CALC-negative and MEM-positive regions party overlap in the DMN, as shown 
in Fig. S7.  

 

DISCUSSION 

In this study, we used fully quantified measures of CMRO2 to assess whether significant BOLD 
signal changes accurately reflect changes in oxidative metabolism, a direct physiological marker that 
indicates increased synaptic activity (A. Ekstrom, 2010; A. D. Ekstrom, 2021). We were especially 
interested in BOLD signal decreases in the DMN and therefore employed an autobiographical 
memory task to ‘activate’ DMN regions as well as a calculation task to ‘deactivate’ DMN regions. DMN 
‘activation’ studies usually employ an active baseline to control for visual input (Addis et al., 2007; 
Burianova & Grady, 2007; Spreng & Grady, 2010), DMN ‘deactivation’ studies traditionally use the 
passive resting state as a baseline as defined by early PET studies (Raichle et al., 2001). While we 
advocate for using an active baseline that controls for visual input and motor output, in this study, 
for the sake of comparison to other DMN studies, we employed both REST and CTRL baselines and 
replicated all CALC analyses also with the REST baseline, see supplementary materials. 

To our knowledge, this study is the first to measure CMRO2 fully quantitatively with a cognitive 
design instead of visual or motor stimulation. Recent studies employed this technique in patient 
populations where larger effects are to be expected (Göttler et al., 2019; Kaczmarz, Hyder, et al., 
2020). While there have been calibrated BOLD studies with gas inhalation using a cognitive design 
(Gauthier et al., 2012; Goodwin et al., 2009; Restom et al., 2008), calibration studies in general rely 
on several assumptions (Gauthier & Fan, 2019). First, it is assumed that the breathing manipulation 
does not affect the rate of oxidative metabolism. Second, calibration studies assume a fixed rate of 
CBF-CBV coupling across subjects and brain regions and rely on changes in BOLD and CBF to 
calculate fractional changes in CMRO2 via the Davis model (see Methods, formula [4]). Absolute 
levels of CMRO2 can be measured by dual calibration  (Ma et al., 2020; Wise et al., 2013). A newer n-
back study additionally included fractional CBV changes via vascular space occupancy (VASO) 
measurements, but without gas calibration and thus without full quantification (Y. Zhang et al., 2021). 
We bypassed the assumptions inherent to calibrated BOLD studies and aimed for a quantified 
mapping of CMRO2 in baseline and task states. This was possible by A) mapping oxygen extraction 
(OEF) via R2’ mapping in all conditions plus measurement of total CBV via contrast agent injection, 
B) measuring participants’ CBF via pCASL, C) measuring participants’ arterial oxygenation levels 
with pulse oximetry and D) measuring participants’ hematocrit levels in venous blood, used for both 
the OEF calculation as well as for the calculation of the arterial oxygen content of blood (CaO2, see 
Methods). This allowed us to combine all parameters via Fick’s formula and quantify CMRO2 in all 
conditions, without relying on the Davis model and fixed CBV-CBF coupling. All parameter values 
were in the expected range (Table 1). 

Our whole-brain group results showed consistent CALC-positive and MEM-positive BOLD 
networks with overall concomitant changes in all parameters (CBF, OEF and CMRO2) on the group 
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level across voxels (standard space) as well as across subjects in native space (Fig.  2). It is worth 
noting that the localization of CALC-positive and MEM-positive ROIs depends on the parameter we 
look at; in CBV, we see a lateralization of the red-orange activation maps compared to BOLD (Fig. 2A) 
and even more in CMRO2. On the other hand, while we found extensive CALC-negative BOLD regions, 
we did not find a consistent CALC-negative network using CBF and especially CMRO2 data, here only 
a few small clusters showed significant decreases (Fig. 2B). Overall, across voxels in standard space 
as well as across subjects in native space, voxels in BOLD-negative ROIs did not show significant 
CMRO2 decreases versus CTRL. When compared to REST, CMRO2 decreases within BOLD ROIs were 
significant but negligibly small. CBF decreases within CALC-negative BOLD ROIs were small but 
significant (except across subjects in native space), see Fig. 2 and Fig. S1 and S3. These CBF and 
CMRO2 decreases, if present, were around two to six times smaller than expected, if one assumed the 
same BOLD-CBF and BOLD-CMRO2 coupling in task-positive as in task-negative BOLD ROIs. Using 
the GLM FWE-corrected group mask instead of the group mask from the PLS analysis did not change 
these results. This leads to the assumption that positive BOLD signal changes are indeed the result of 
canonical neurovascular and neurometabolic coupling and represent increased neuronal activity, 
while negative BOLD signal changes do not necessarily reflect decreased oxygen consumption.  

We then aimed to explain the lack of consistent CMRO2 decreases in regions with consistent BOLD 
signal decreases by predictions of the theoretical biophysical Davis model (Fig. 3 and 4). Although 
we did not use the Davis model to calculate our empirical CMRO2 data, this biophysical model relates 
BOLD-signal changes to changes in CMRO2 and CBF and visualizes how sign and amplitude of the 
BOLD signal depend on the exact interplay between CBF and CMRO2 changes. First, we see a striking 
resemblance of our empirical data with predictions of the Davis model, for percent-signal changes 
across grey-matter voxels in all contrasts (Fig 3). As we aimed to answer the question whether BOLD 
signal changes are a reliable indicator for concomitant metabolic changes, we restricted further 
analyses to significant BOLD ROIs. Second, the large percentage of voxels within CALC-negative 
regions that showed a dissociation of (negative) %BOLD and (positive) %CMRO2 (roughly half of the 
voxels against REST and about 2/3 of the voxels against CTRL) explained the lack of overall CMRO2 
decreases seen in Fig. 3A. In CALC-positive regions, only around 6-35% of all voxels showed deviant 
%CMRO2 responses. These dissociations did not only affect voxels with weak BOLD amplitudes or 
non-significant CMRO2 responses. The difference in the percentage of deviant voxels in CALC-
positive compared to CALC-negative ROIs became even more prominent when restricting them to 
regions with significant CMRO2 changes (Fig. S6). Further, while deviant voxels were clustered in 
auditory regions (CALC vs CTRL), there were also large clusters of deviant voxels in all parts of the 
DMN, both against REST and CTRL. Posterior DMN seemed to be more affected by dissociations 
between %CMRO2 and %BOLD than anterior DMN (Fig. 4B, S5A).  

A common limitation of studies investigating negative BOLD responses and comparing them to 
their positive counterpart is the comparison of different ROIs, which may be affected by differences 
in baseline oxygenation and vascularization that influence the BOLD response (Ances et al., 2008; 
Buxton et al., 2014b; Simon & Buxton, 2015). We could identify an area within the DMN on the group 
level that showed both significant BOLD signal decreases during CALC as well as increases during 
MEM, named here CALC-MEM-overlap ROI (Fig. S7). Nevertheless, despite showing decreases in 
%BOLD during CALC, around two-thirds of these voxels showed deviant %CMRO2 increases, similar 
to what we found for the larger CALC-negative ROI. However, nearly all voxels (93%) showed both 
increases in %BOLD and concomitantly in %CMRO2 during MEM. Because these voxels showed, on 
average, large flow as well as CMRO2 increases, missing evidence for decreased %CMRO2 during 
CALC cannot be explained by a limited range of vascular dynamics in these regions or limited 
sensitivity of the pCASL sequence employed, as it did reliably catch flow increases. One might still 
argue that negative BOLD responses are lower than positive BOLD responses, which makes it more 
difficult to measure them reliably because of lower SNR. While this argument is hard to refute, we 
saw that rather low BOLD signal changes do not necessarily indicate low amplitudes of underlying 
CBF or CMRO2 changes. While voxels within the CALC-MEM-overlap ROI showed, on average, only 
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small BOLD increases (0.16%), these were coupled to rather large flow (6%) and CMRO2 (4.1%) 
increases, while the larger BOLD decrease (-0.22%) was not caused by a flow decrease (-0.5% only), 
but by an increase in CMRO2 (1.8%). We saw the same deviant BOLD-CBF and BOLD-CMRO2 
coupling in the larger CALC-negative regions, which makes us assume that it is not the low SNR in 
these regions being the cause for absent or small CBF and CMRO2 decreases, but rather true effects. 

In general, while positive BOLD changes in our empirical data could be explained by canonical 
hemodynamic coupling with luxury perfusion, overcompensating for increases in CMRO2, negative 
BOLD changes did not fit to a model of reversed hemodynamic coupling as was suggested by Raichle 
(Raichle et al., 2001). Rather, as summarized in Fig. 5, overall BOLD signal decreases reflected either 
mainly vascular effects, i.e. decreases in %CBF, or a combination of decreases in %CBF and increases 
in %CMRO2, leading to an even stronger negative BOLD response, in accordance with the Davis 
model. This implicates that decreases in the BOLD signal are no reliable proxy for decreased oxidative 
metabolism, i.e. do not necessarily reflect decreased neuronal activity, while BOLD signal increases 
are a more reliable proxy for increased oxygen metabolism. Yet, while metabolic decreases in our 
data were in general not very prominent, parts of the DMN still showed decreased CMRO2 during 
CALC, especially when compared to REST. These clusters with concomitant CMRO2 decreases were 
present in prefrontal, medial and lateral parts of the DMN, but were much smaller than the extended 
CALC-negative BOLD regions would suggest. On the other hand, large parts within the DMN showed 
increased metabolic activity during CALC, opposed to BOLD decreases. This explained why, on 
average, we did not find decreases in %CMRO2 across voxels within the entire BOLD ROI. Our data 
confirmed that the DMN is a heterogeneous region, as multiple studies have emphasized in the past 
(Andrews-Hanna et al., 2014; DiNicola et al., 2019; Leech et al., 2011). In extension of the Stiernman 
study (2021), (Godbersen et al., 2023) recently could show that metabolic decreases in DMN regions 
depend on the task employed. While dorsal PCC regions, although quite small in extent, consistently 
showed decreases in glucose consumption in externally guided tasks, a working memory task 
seemed to relate to increases in glucose consumption in ventral PCC. The authors suggested that 
cognitive control as during the working memory task induced a metabolically expensive suppression 
in vmPCC, and that heightened activity in the frontoparietal network is correlated to heightened 
metabolism in vmPCC. In our data, we also saw a division between dorsal parts of the PCC, that rather 
show CMRO2 decreases, an ventral parts without concomitant CMRO2 decreases, similar to (Leech 
et al., 2011). This could be explained by characteristics of our calculation task, where participants 
had to keep the differential number in mind in order to calculate the solution, similar to a working 
memory task. The division of voxels with increased and decreased %CMRO2 in posterior regions of 
the DMN could point towards a segregation of the DMN that has been found in recent papers, but 
needs further investigation (Braga & Buckner, 2017; Daitch & Parvizi, 2018).  

Finally, when comparing MEM-positive to CALC-positive regions, we saw a similar average 
increase in %CBF, but a stronger average increase in %CMRO2 in MEM-positive regions. Differences 
of CBF-CMRO2 coupling in the MEM-CTRL contrast could be explained by characteristics of the MEM 
task that affected %CMRO2 more than it affected %CBF. While it has been shown that e.g. attention 
strongly modulates %CMRO2, but less so %CBF (Moradi et al., 2012), this explanation does not hold 
for the MEM task compared to the CALC task. On the other hand, different CBF-CMRO2 coupling in 
MEM-positive versus CALC-positive regions points towards a lower n-ratio in the MEM-positive 
regions, with less overcompensation of CBF. This lower n-ratio could be region- and thus DMN-
specific. As the hippocampus has been shown to have a different n-ratio because of microvascular 
differences (Shaw et al., 2021), a similar mechanism could be at play in regions of the DMN. Kim and 
Ogawa explicitly stated that ‘in areas where vascular reactivity is hampered, a negative BOLD 
response is likely due to increased CMRO2 without a concomitant increase in CBF’, and also other 
studies state this possibility (A. D. Ekstrom, 2021; Harrison, 2002b; Kim & Ogawa, 2012). Thus, 
despite seeing a similar CBF increase in MEM-positive (DMN) as in CALC-positive regions, the blood 
flow response would have been even stronger in DMN regions if the vascularization was similar. Also, 
studies of the Mullins group point towards differences in the architecture of DMN regions, who 
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showed that neurovascular coupling specifically in DMN regions was reverted during hypoxia 
(Lawley et al., 2017; Rogan et al., 2022; Rossetti et al., 2021b). All in all, evidence points into the 
direction of vascular differences in the DMN, which influence CBF and BOLD responses. Further 
research, looking at negative and positive BOLD responses and their underlying metabolism in 
regions of the DMN compared to primary cortices with dense vascularization, is needed to confirm 
this hypothesis. 

 

Limitations 

Even though we aimed to measure all parameters influencing our CMRO2 estimations as 
extensively as possible, this study also faces some limitations. While most studies do not measure 
subject-specific CBV in baseline and task conditions, but interpolate it from CBF changes (Blockley et 
al., 2013b), we quantified CBV per subject. Contrast agent could only be injected to healthy 
participants up to a clinical threshold (0.2ml /kg), so we could only measure CBV in up to two 
conditions (with half the dosage each), which we did for 10 participants in CALC and CTRL, and then 
interpolated CBV changes to the rest of the participants. This could not be done for the MEM and 
REST conditions, so for these conditions we used CBV CTRL values for CMRO2 calculation and did 
not take possible changes in CBV into account. This affected OEF calculation and means that increases 
or decreases in CMRO2 including MEM or REST conditions might be overestimated as they were not 
corrected for CBV changes. However, when we compared CMRO2 responses during CALC with and 
without CBV correction, this only had minor influence on the CMRO2 response, so we are confident 
that this possible overestimation did not affect our main results. On the other hand, we might be 
overly conservative by correcting for (total) CBV increases, underestimating CMRO2 changes in 
CALC-CTRL regions. This is because we measured total CBV instead of venous CBV, and arterial 
vasodilation may account for 30-70% of total CBV increase, but is of no interest for CMRO2 
calculation (Drew, 2019; Hua et al., 2019; Huber et al., 2019a). All in all, it is important to take venous 
CBV changes into account, so we propose for future measurements to quantify CBV in the baseline 
via contrast agent injection, but to measure relative changes in CBV in all conditions via VASO 
(vascular space occupancy, (Huber et al., 2018)), or even better only measure dynamic changes in 
venous CBV. Further, BOLD, T2’ and CBF were all measured via separate sequences to get optimal 
sensitivity for each sequence. This resulted in prolonged measurement time and we cannot be sure 
that we measured the exact same processes in all parameters, as they were not acquired 
simultaneously. Newer studies using multi-echo sequences claim improved sensitivity for 
simultaneous measurement of CBF and BOLD and contain the possibility to also extract quantitative 
T2* (Devi et al., 2022; K. Zhang et al., 2019), which would reduce scanning time drastically. 

Also, R2* measurements and thus OEF and CMRO2 are relatively noisy. This why we decided to 

approximate R2* via BOLD from Fig. 3 onwards. The excellent fit of semi-quantitative %CMRO2 
to predictions from the Davis model made us confident that this approach worked. We cannot rule 
out that a fully quantitative evaluation of %CMRO2 would have been more ambiguous in its 

interpretation because of noisy R2’ which impacts on CMRO2. Nevertheless, we propose that future 

research fully quantifies R2’, OEF and CMRO2 in the baseline, but makes use of relative CBV (via 

VASO) and R2’ (via fMRI BOLD) to quantify CMRO2 in task states.    

Finally, it is well known that gradient-echo BOLD fMRI is biased towards by pial, draining veins 
containing large amounts of dHb. It is thus less sensitive towards the locus of interest, i.e. changes in 
dHb within capillaries (Beckett et al., 2020; De Martino et al., 2013). CMRO2 should localize changes 
in neuronal activity better than BOLD fMRI (Huber et al., 2019b). These factors may also explain why 
%BOLD and %CMRO2 in single voxels do not necessarily match.  
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CONCLUSION 

To date, it is broadly accepted that CBF and CMRO2 are not directly coupled, but neuronal activity 
is coupled to both CBF and CMRO2 in parallel (Attwell & Iadecola, 2002; Blockley et al., 2013b; 
Buxton, 2010b, 2021; Kaplan et al., 2020). It is therefore unlikely that the compound BOLD signal, 
being influenced by both CBF and CMRO2 changes, linearly scales with metabolic synaptic activity, 
ubiquitously across the whole cortex and across subjects.  

In this study, we confirmed that BOLD signal changes do not necessarily match changes in 
metabolic synaptic activity as measured by CMRO2. This is especially true for BOLD areas showing 
negative task-related BOLD decreases: while there is no total accordance between the sign of %BOLD 
and %CMRO2 in general, we found 6-35% of positive BOLD voxels showing deviant %CMRO2 
decreases compared to a larger percentage of 48-89% of negative BOLD voxels showing deviant 
%CMRO2 increases.  

Our results concerning the DMN confirm findings from a recent study that didn’t find decreases in 
metabolism (glucose consumption) in the DMN despite significant BOLD ‘deactivations’ (Stiernman 
et al., 2021). Yet, our study extents these findings by measuring absolute, voxel-wise CBF and CMRO2. 
On average within BOLD ROIs, we found no or only very weak evidence for decreased activity in DMN 
regions. Yet, when localizing deviant %CMRO2 voxels, we found that there were clusters in the DMN 
that showed decreases in oxidative metabolism, while others showed increases. This points towards 
the existence of different subregions within the DMN with different metabolic signatures, which were 
not captured by a uniform negative BOLD signal, and will need further investigation.  

All in all, this study fundamentally questions the commonly accepted interpretation of positive 
and specifically negative BOLD responses as indicators for increased and decreased neuronal 
activity, and might settle arguments regarding the interpretation of negative BOLD responses. 
Further, it strengthens recent efforts to extend or even replace fMRI BOLD measurements by 
parameters that reflect real biophysiological processes (Chen et al., 2022; Devi et al., 2022; A. D. 
Ekstrom, 2021; Huber et al., 2019b; Kufer et al., 2022). 
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SUPPLEMENTARY MATERIAL 

 

Figure S1. Replication of Fig. 2 with REST baseline. A| Results of the PLS analyses of CALC versus REST for 
relative BOLD fMRI and quantitative mqBOLD parameters. Surface maps show non-thresholded statistical 
maps, output form the partial least squares analyses (PLS, values are bootstrap ratios=BSR, akin to z-values) 
within the first latent variable, significant in each analysis (permutation test, p < .001), see Methods. Red voxels 
indicate higher parameter values during CALC versus REST and blue voxels show the opposite contrast. 
Additionally, axial slices show reliable brain clusters, thresholded by a BSR <-2 and >2 (bootstrap ratio akin to 
p < .05, cluster size >30 voxels) for BOLD-fMRI, CBF, OEF, and CMRO2. B| Maps show consistent overlap 
between CALC-positive BOLD regions and CBF and CMRO2 (red-orange) maps, and smaller overlap between 
CALC-negative BOLD regions and CBF or CMRO2 (blue) maps. C| Left column: Histograms show voxels within 
the binarized CALC-negative and CALC-positive BOLD group ROI and their distribution for the different 
mqBOLD parameter delta values (CALC minus REST), median across subjects per voxel. See also Table 2 for an 
overview over all values. A median BOLD signal increase of 0.42% related to a significant increase in CBF (2.5 
ml/100g/min) and CMRO2 (5.4 μmol/100g/min) with a corresponding decrease in OEF (-0.012). A median 
BOLD signal decrease of -0.19% related to a significant decrease in CBF (-0.7 ml/100g/min) with an increase 
in OEF (0.001, p<0.05), and a small, but significant overall CMRO2 decrease (-1.5 μmol/100g/min, permutation 
tests on delta values, ** = p < .001). Right column: Replication of results in native space. Each dot indicates a 
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single subject’s parameter value, median across voxels within CALC-negative and CALC-positive BOLD regions 
(paired samples t-tests, ** = p < .001, * = p < .05). Red lines indicate subjects where the condition-related change 
in the parameter of interest deviated from the expected response indicated by the BOLD change. Again, a 
median BOLD signal increase of 0.94% was accompanied by a significant increase in CBF, CMRO2 and decrease 
in OEF, while a BOLD decrease of -0.48% was only accompanied by a significant change in CBF. D| Bar plots 
illustrate how CBF and CMRO2 percent-change amplitudes were related to BOLD percent-change amplitudes 
across subjects for CALC-positive versus CALC-negative regions within standard space group masks and native 
space 1st level masks. On average, a 1% increase in the BOLD signal was e.g. coupled to a 21.86% increase in 
CBF, within the CALC-positive group mask, across subjects. Overall, positive BOLD responses were consistently 
coupled to increases in CBF and CMRO2 whereas negative BOLD responses were not consistently coupled to 
neither CBF nor CMRO2 (median parameters values within BOLD masks, coupling ratios on the subject level, 
error bar=95% CI, 2000 bootstraps). 

 

 

Figure S2. Replication of Fig. 2C and Fig. S1 C within GLM group mask. A| Histograms show voxels within 
the binarized CALC-negative and CALC-positive BOLD GLM group ROI and their distribution for the different 
mqBOLD parameter delta values (CALC minus CTRL), median across subjects per voxel. A median BOLD signal 
increase of 0.31% related to a significant increase in CBF (2.1 ml/100g/min) and CMRO2 (4.4 μmol/100g/min). 
A median BOLD signal decrease of -0.15% related to a significant decrease in CBF (-0.2 ml/100g/min) and a 
very small, but significant CMRO2 decrease across voxels (-0.02%), permutation tests on delta values, ** = p < 
.001). B| Bar plots illustrate how CBF and CMRO2 percent-change amplitudes were related to BOLD percent-
change amplitudes across subjects for CALC-positive versus CALC-negative regions within standard space 
group ROIs. On average, a 1% increase in the BOLD signal was coupled to a 23.19% increase in CBF and a 
10.56% increase in CMRO2, within the CALC-positive group mask, across subjects. Overall, positive BOLD 
responses were consistently coupled to increases in CBF and CMRO2 whereas negative BOLD responses were 
not consistently coupled to neither CBF nor CMRO2 (median parameters values within BOLD masks, coupling 
ratios on the subject level, error bar=95% CI, 2000 bootstraps). C| Histograms show voxels within the binarized 
CALC-negative and CALC-positive BOLD GLM group mask and their distribution for the different mqBOLD 
parameter delta values (CALC minus REST), median across subjects per voxel. A median BOLD signal increase 
of 0.45% related to a significant increase in CBF (2.8 ml/100g/min) and CMRO2 (7.3 μmol/100g/min). A 
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median BOLD signal decrease of -0.16% related to a significant decrease in CBF (-0.4 ml/100g/min) and a 
small, but significant CMRO2 decrease across voxels (-0.8 μmol/100g/min), permutation tests on delta values, 
** = p<0.001). D| Bar plots illustrate how CBF and CMRO2 percent-change amplitudes were related to BOLD 
percent-change amplitudes across subjects for CALC-positive versus CALC-negative regions within standard 
space group masks. On average, a 1% increase in the BOLD signal was coupled to a 23.03% increase in CBF and 
a 5.7% increase in CMRO2, within the CALC-positive group mask, across subjects. Overall, positive BOLD 
responses were consistently coupled to increases in CBF and CMRO2 whereas negative BOLD responses were 
not consistently coupled to neither CBF nor CMRO2 (median parameters values within BOLD masks, coupling 
ratios on the subject level, error bar=95% CI, 2000 bootstraps). 

 

 

 

Figure S3. Replication of Fig. 2 with MEM vs. CTRL conditions. A| Results of the PLS analyses of MEM versus 
CTRL for relative BOLD fMRI and quantitative mqBOLD parameters. Surface maps show non-thresholded 
statistical maps, output form the partial least squares analyses (PLS, values are bootstrap ratios=BSR, akin to 
z-values) within the first latent variable, significant in each analysis (permutation test, p < .001), see Methods. 
Red voxels indicate higher parameter values during MEM versus CTRL and blue voxels show the opposite 
contrast. Additionally, axial slices show reliable brain clusters, thresholded by a BSR <-2 and >2 (bootstrap 
ratio akin to p < .05, cluster size >30 voxels) for BOLD-fMRI, CBF, OEF, and CMRO2. B| Maps show consistent 
overlap between CALC-positive BOLD regions and CBF and CMRO2 (red-orange) maps, and smaller overlap 
between CALC-negative BOLD regions and CBF or CMRO2 (blue) maps. C| Left column: Histograms show 
voxels within the binarized MEM-negative and MEM-positive BOLD group ROI and their distribution for the 
different mqBOLD parameter delta values (MEM minus CTRL), median across subjects per voxel. See also Table 
2 for an overview over all values. A median BOLD signal increase of 0.22% related to a significant increase in 
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CBF (2.3 ml/100g/min) and CMRO2 (5.9 μmol/100g/min). A median BOLD signal decrease of -0.15% related 
to a significant, but small decrease in CBF (-0.5 ml/100g/min) and CMRO2 (-0.8 μmol/100g/min, permutation 
tests on delta values, ** = p < .001). Right column: Replication of results in native space. Each dot indicates a 
single subject’s parameter value, median across voxels within MEM-negative and MEM-positive BOLD regions 
(paired samples t-tests, ** = p < .001). Red lines indicate subjects where the condition-related change in the 
parameter of interest deviates from the expected response indicated by the BOLD change. Again, a median 
BOLD signal increase of 0.61% was accompanied by a significant increase in CBF and CMRO2, while a BOLD 
decrease of -0.44% was not accompanied by significant changes in CBF or CMRO2 across subjects. D| Bar plots 
illustrate how CBF and CMRO2 percent-change amplitudes were related to BOLD percent-change amplitudes 
across subjects for CALC-positive versus CALC-negative regions within standard space group masks and native 
space 1st level masks. On average, a 1% increase in the BOLD signal was coupled to a 26.9% increase in CBF 
and a 22.4% increase in CMRO2, within the CALC-positive group mask, across subjects. Overall, positive BOLD 
responses were consistently coupled to increases in CBF and CMRO2 whereas negative BOLD responses were 
not consistently coupled to neither CBF nor CMRO2 changes (median parameters values within BOLD masks, 
coupling ratios on the subject level, error bar=95% CI, 2000 bootstraps). 

 

 

 

 

Fig. S4. Control analyses. A| Left: Median time-course of BOLD fMRI signal extracted from individual ROIs 
(GLM 1st level contrast maps, z > 2.5, native space, duration (task/baseline): three/one minutes) and averaged 
across subjects (N = 18, independent control sample). CALC > CTRL, orange; CALC < CTRL, blue; MEM > CTRL, 
green. BOLD signal peaks at the beginning of each task block and then stabilize at an elevated level during the 
entire task duration. Right: Median CBF time-course within CALC-positive (orange), CALC-negative (blue) and 
MEM-positive (green) ROIs averaged across all subjects from the main study (N = 40; N = 30 for MEM). The left 
plot shows time-courses within the different ROIs during CTRL and the right plot shows time-courses within 
the same ROIs during task. CALC-negative during CALC, blue, CALC-positive during CALC, orange, MEM-positive 
during MEM, green. Within all conditions and ROIs, CBF was stable during 6min of acquisition. Replicating the 
results in Fig. 2C and S3C, there was a significant increase in CBF from CTRL to both CALC and MEM, within 
MEM-positive and CALC-positive ROIs, respectively, indicated by ** in the plot. 
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Figure S5. Replication of Fig. 4 with REST baseline. Positive and negative BOLD responses in relation to 
CBF- and CMRO2 changes. A| Empirical data from semi-quantitative CMRO2, plotting %CMRO2 against %CBF 
(CALC vs REST), calculated as the median across all subjects (N = 30) per voxel. Only voxels within CALC-
positive and CALC-negative ROIs are plotted, group ROIs are shown in blue and orange in the surface brain 
plot. Voxels where the sign of %BOLD accords with the sign of %CMRO2 are plotted in pale colors. Voxels where 
the BOLD signal changes opposes the sign of %CMRO2, i.e. deviant voxels, are indicated by violet color, in the 
scatter plots, bar-plots and brain plots. The pie-plots reflect the percentage of deviant voxels within all 
significant BOLD voxels. Our results showed that 35% of voxels with positive %BOLD were not accompanied 
by %CMRO2 increases, and 48% of voxels with negative %BOLD were not accompanied by a decrease in 
%CMRO2. Axial and sagittal brain slices illustrate where these voxels were distributed and bar-plots show that 
they were distributed across the whole range of BOLD signal amplitudes with q1-q4 summarizing voxels from 
the lowest to highest BOLD quartiles. Black contours in the lower plot outline the DMN and the pie-plot with 
black contours summarizes all voxels that were located within the DMN. Within the DMN, 46% of all voxels 
with significant %BOLD decreases show opposing %CMRO2, i.e. CMRO2 increases. 
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Figure S6. Replication of Fig. 4B and C within significant CALC-pos. and CALC-neg. BOLD and CMRO2 
overlap regions. A| Overlap voxels, showing both significant change in BOLD as in CMRO2, are shown. Color 
codes for %BOLD. Voxels where the sign of %BOLD accords with the sign of %CMRO2 are plotted in pale colors. 
Voxels where the BOLD signal changes opposes the sign of %CMRO2, i.e. deviant voxels, are indicated by violet 
color, in the scatter plots, bar-plots and brain plots. The pie-plots reflect the percentage of deviant voxels within 
all voxels in the scatterplot, separately for BOLD-positive and BOLD-negative voxels. Our results show that 6% 
of voxels with positive %BOLD were not accompanied by %CMRO2 increases, and 89% of voxels with negative 
%BOLD were not accompanied by a decrease in %CMRO2. Axial slices illustrate where these voxels were 
distributed and barplots show that they were equally distributed across the range of BOLD signal amplitudes 
with q1-q4 summarizing voxels from the lowest to highest BOLD quartiles. B| Replication of A, but with REST 
as the baseline condition. Empirical data from semi-quantitative CMRO2, plotting %CMRO2 against %CBF 
(CALC vs REST), calculated as the median across all subjects (N = 30) per voxel. Voxels where the BOLD signal 
changes opposes the sign of %CMRO2, i.e. deviant voxels, were indicated by violet color, in the scatter plots, 
bar-plots and brain plots. The pie-plots reflect the percentage of deviant voxels within all voxels in the 
scatterplot, separately for BOLD-positive and BOLD-negative voxels. Our results showed that 12% of voxels 
with positive %BOLD were not accompanied by %CMRO2 increases, and 57% of voxels with negative %BOLD 
were not accompanied by a decrease in %CMRO2. Axial slices illustrate where these voxels were distributed 
and barplots show how they were distributed across the range of BOLD signal amplitudes with q1-q4 
summarizing voxels from the lowest to highest BOLD quartiles, with a tendency for higher negative BOLD 
amplitudes containing less deviating voxels. 
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Figure S7. Overlap between CALC-negative and MEM-positive voxels. Both scatterplots show the same 
subset of voxels (brain slices in the middle) that displayed significant positive BOLD responses during MEM vs 
CTRL (left plot) and significant negative BOLD responses during CALC vs CTRL (right plot), 96% of these voxels 
were located within the DMN. During MEM, only 7% of these voxels exhibited opposing %CMRO2 decreases, 
despite positive %BOLD (violet in the pie-chart), while 64% exhibited opposing %CMRO2 during CALC, i.e. 
increases in %CMRO2 despite negative %BOLD, pie-plot in the right graph. Again, deviant CMRO2 responses 
were distributed across the whole range of BOLD signal amplitudes (bar plots) and the brain slices show where 
the deviating voxels were located (in violet) in both contrasts. 

 

 

Figure S8. Summary of Fig. S5 and S7, showing median %BOLD, %CBF and %CMRO2 responses within 
CALC-positive and CALC-negative BOLD ROIs as well as within the overlap ROI. Barplots are summarizing 
voxel distributions, median across 30 subjects, within the CALC vs REST ROIs (A) as well as within the MEM-
positive / CALC-negative overlap ROIs (B) as plotted in the 3D brains. Error bars display 95% CI of percent 
signal change values across voxels, 2000 permutations A| During CALC vs REST, we found regions with both 
significant %BOLD increases (orange) as well as decreases (blue). Orange bars show a significant, median 
increase in %BOLD (0.42%), as well as a 7.7% increase in CBF and a 2.7% increase in CMRO2 across voxels in 
the same region. This resulted in a BOLD-CBF coupling of 16.6 and a BOLD-CMRO2 coupling of 5.7. Within 
CALC-negative regions (blue), a median decrease of -0.2% in the BOLD signal was coupled to -2.3% decrease 
in CBF, resulting in a BOLD-CBF coupling of 9.6 across voxels. The median CMRO2 response within this ROI 
was only -0.2%, resulting in a BOLD-CMRO2 coupling of 1. Both BOLD-CBF and especially BOLD-CMRO2 
coupling was much higher within CALC-positive than within CALC-negative regions. B| The same voxels were 
displayed in green and plotted during MEM (vs CTRL) as well as during CALC (vs CTRL). During MEM, these 
voxels displayed a median BOLD signal increase of 0.16%, together with a CBF increase of 6% and a CMRO2 
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increase of 4.1%, resulting in a BOLD-CBF coupling of 33.3 and a BOLD-CMRO2 coupling of 23.8. In contrast, 
during CALC, these voxels displayed a median BOLD signal decrease of -0.22%, together with a small CBF 
decrease (0.5%) and a CMRO2 increase of 1.7%. This resulted in BOLD-CBF coupling factor of 2, much smaller 
than during MEM, and a BOLD-CMRO2 coupling of -6.9. This inversed coupling factor indicates that negative 
BOLD responses during CALC were coupled, on average, to CMRO2 increases, thus the opposite mechanism 
that we would expect. Pleas note that %CMRO2 during CALC was not corrected for CBV increases, in order to 
be comparable to MEM increases.  
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4 General discussion 

The goal of this thesis was to investigate brain metabolism in terms of quantitative oxygen and 

glucose consumption across different task states in healthy human participants. The first section 

summarizes and discusses the results of Project I, a simultaneous fPET and mqBOLD study that 

measured stimulation-induced increases in fMRI BOLD, CMRO2 and CMRglc in the visual cortex. The 

second section summarizes and discusses the results of Project II, an mqBOLD study that investigated 

the metabolic basis of task-induced fMRI BOLD activation and deactivation patterns in terms of 

oxygen consumption. Finally, the limitations and key findings of both projects are summarized. 

 

 

4.1 Implications of Project I 

In the first study, we used an integrated PET-MR scanner for the simultaneous measurement of 

mqBOLD and fPET, yielding quantified CMRO2 and CMRglc maps per subject during resting state 

(REST) and visual stimulation (STIM). This is, to our knowledge, the first study to quantify both 

metrics simultaneously during the same scanning session in more than one condition. All measured 

parameters were in biologically plausible ranges. We found task-induced, significant increases in 

CBF, CBV, CMRO2 and CMRglc on the group level in the occipital cortex.  

We also found quite large stimulation-induced increases in total CBV (12.5%), measured by 

intravenous contrast agent injection. It has been reported that especially in visual and 

somatosensory cortices, the vascularization is quite dense compared to association cortices, 

resulting in high increases in BOLD, flow and volume, or generally a higher vascular responsiveness 

to be expected (Ances et al., 2008; A. D. Ekstrom, 2021; Harrison, 2002). Both CBF and CBV changes 

influence the calculation of CMRO2 maps in opposing directions. If not corrected for arterial CBV 

increases, CMRO2 responses will be underestimated, because only venous CBV increases are relevant 

for the calculation of the oxygen extraction fraction and ultimately CMRO2 (S.-G. Kim et al., 1999; S.-

G. Kim & Ogawa, 2012). This is why we restricted CBV increases to 30% of the total CBV changes, 

following a study that employed visual stimulation on a 7T scanner, which found that only 29% of 

total CBV increases were venous (Huber et al., 2014). Of note, our CBF increases were unexpectedly 

low, 11.5% on the group level (27.6% within the smaller fPET ROI), in contrast to literature values 

ranging between 30 and 65% (Donahue et al., 2009; Fujita et al., 2006; Hoge & Pike, 2001; A.-L. Lin 

et al., 2010; Liu et al., 2019; Mintun et al., 2001; R. G. Shulman et al., 2001; Simon & Buxton, 2015), 

and in the same range as CBV increases. Thus, CMRO2 increases on the group level were not 

significant when considering total CBV changes. However, after correcting for arterial CBV, CMRO2 

increased significantly by 3.3% within the larger BOLD ROI and 8.3% increase within the smaller 

fPET ROI. Still, these increases are on the lower end of literature values. As just mentioned, this was 

most probably due to our low task-induced CBF increases. The pCASL sequence used at the PET-MR 

scanner employed automatic instead of manual planning of the labeling plane, which probably 

reduced labeling efficiency, together with a rather low SNR of the 12k head-coil. Further, CBF 

increases measured by pCASL are underestimated in comparison to CBF increases measured by PET 

(Warnock et al., 2018), which also may partly explain why our CBF increases are lower than CBF 

increases during visual stimulation measured via PET (P. Fox et al., 1988, S. 198; Mintun et al., 2001). 

Yet, other studies employing ASL measurements also measured CBF increases around 50-60% 

(Donahue et al., 2009; Fujita et al., 2006; A.-L. Lin et al., 2010), but usually in an overlap ROI with both 

significant CBF and BOLD activation. The choice of ROI influences average CMRO2 responses. The 
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more focal the ROI, the higher the average CMRO2 and CMRglc responses, as we can also see in our 

data comparing the larger BOLD ROI to the more focal fPET ROI.  

 Conversely, CBF and CMRglc increases were very similar, 11.5% and 8.2% within the larger BOLD 

ROI, 27.6% and 31% within the more focal fPET ROI, speaking in favor of a close coupling between 

CBF and CMRglc during focal neuronal activity, as described in the literature (P. Fox et al., 1988; 

Newberg et al., 2005; Paulson et al., 2010). However, as noted above, CBF increases were rather weak. 

But also the CMRglc values might suffer from a lower SNR of fPET compared to bolus PET (Jamadar, 

Ward, Carey, et al., 2019; Jamadar, Ward, Li, et al., 2019).  

Finally, we found a significant decrease in oxygen-to-glucose index (OGI) within the visual task 

ROIs, indicating increased levels of non-oxidative glucose metabolism. This is in line with other 

studies finding lower task-induced OGI (Mintun et al., 2002; R. G. Shulman et al., 2001; Vafaee et al., 

2012) as well as  spectroscopy studies finding higher levels of lactate, indicating aerobic glycolysis, 

during prolonged visual stimulation (Bednařík et al., 2015; Mangia et al., 2007). However, we have 

to consider that both CMRglc and CMRO2 values, and thus also the OGI, were averages over prolonged 

visual stimulation blocks of 5 - 7.5min. Unfortunately, with fPET and mqBOLD, the temporal 

resolution of both the CMRglc and the CMRO2 measurements is several minutes and does not reach 

the temporal resolution of fMRI BOLD. Studies measuring prolonged visual stimulation found 

variable CMRO2 and lactate increases over different time-courses. While Moradi & Buxton (Moradi 

& Buxton, 2013) found that CBF and even more CMRO2 response decreased during prolonged 

stimulation, comparing 45s to 8s intervals, Mintun and colleagues (Mintun et al., 2002) found 

increases in CMRO2 across prolonged stimulation, but comparing 1min to 25min of stimulation. 

Others have found that lactate levels reached peak after 3min and then returned to baseline, also 

pointing into the direction of increases in oxidative metabolism or CMRO2 over time (Frahm et al., 

1996). Mangia and colleagues (Mangia et al., 2007) found sustained steady-state lactate levels over 

the time-courses of 5 and 10min visual stimulation, which would speak in favor of sustained CMRO2 

consumption over time. It is thus not clear whether we should expect CMRO2 consumption to adapt, 

reach steady state levels or increase over time. Still, overall CMRO2 increases would be expected, 

because even in presence of aerobic glycolysis, most of the metabolic needs are met via oxidative 

metabolism (Hoge & Pike, 2001; Mangia et al., 2007).  

Overall, we could show that simultaneous acquisition of CMRO2 and CMRglc is feasible in healthy 

subjects, comparing blocks of resting state to blocks of visual stimulation. We found task-induced, 

significant increases in CMRglc and smaller, but significant increases in CMRO2 in visual ROIs. This 

made us confident to examine task-induced changes in CMRO2 during a more complex cognitive 

design, although skipping simultaneous fPET measurements for the sake of decreasing drop-out 

rates, time needs and generally simplifying the study set-up. 

 
 

4.2 Implications of Project II 

In the second study, we used fully quantified measures of CMRO2 to assess whether significant 

BOLD signal changes accurately reflected changes in oxidative metabolism. We were especially 

interested in BOLD signal decreases in the default mode network (DMN) and therefore employed an 

autobiographical memory task (MEM) to ‘activate’ DMN regions as well as a calculation task (CALC) 

to ‘deactivate’ DMN regions. Instead of simple visual stimulation, we used a complex cognitive design. 

Task-induced changes were compared to both an active control (CTRL) as well as a passive resting 

state (REST) baseline.  
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Task-induced changes in the BOLD signal  

We were successful in eliciting large, consistent BOLD increases mainly in visual, frontoparietal 

control and dorsal attention networks as well as BOLD decreases in DMN regions as well as parts of 

auditory and somatomotor networks, comparing CALC versus CTRL or REST. These patterns were 

what we aimed for and reproduced the so-called ‘task-negative’ versus ‘task-positive’ fMRI BOLD 

networks as described by (M. D. Fox et al., 2005). Average BOLD-negative amplitudes were about 

two-thirds (versus CTRL) to half (versus REST) of average BOLD-positive amplitudes. During MEM, 

compared to CTRL, the BOLD signal showed an opposed pattern. Here, parts of the DMN showed 

BOLD signal increases, although the pattern was not as extensive and more left-lateralized than the 

BOLD-negative pattern during CALC, as also found in the literature (Davey et al., 2016). In contrast, 

parts of frontoparietal control and dorsal attention networks showed BOLD signal decreases. Again, 

the amplitude of BOLD decreases was about two-thirds of the amplitude of BOLD increases. 

 

Task-induced changes in blood flow  

As the blood flow is a major driver for BOLD signal changes, we expected to find similar changes 

in CBF as in the BOLD data. This was the case for the positive task contrasts, were we found strong 

CBF increases during CALC and MEM. For negative tasks contrasts, the picture was not as clear. As 

described in the introduction, the DMN was first discovered in PET data, showing decreased CBF in 

a range of active compared to passive tasks, and replicated with ASL measurements (A.-L. Lin et al., 

2010; Pfefferbaum et al., 2011; G. L. Shulman, FIEZ, et al., 1997). Thus, we expected to find CBF 

decreases in DMN regions. In our data, CBF decreases were more consistent during CALC when 

compared to REST than when compared to CTRL.  Yet, when compared to the active control task, the 

extent of significant CBF-negative regions was quite small. On average, CBF-negative ROIs were much 

more focal than the extended BOLD-negative ROIs. Across all voxels within the BOLD-negative ROI, 

CBF decreased significantly, but decreases were rather small, only 12-30% of CBF increases. 

 

Task-induced changes in oxygen consumption  

As expected in canonical neurovascular coupling, we expected to get concomitant increases in 

CMRO2 in regions with BOLD increases. Even though the relative share of nonoxidative metabolism 

has been shown to increase during task execution, still most of the increased energy needs are met 

via oxidative metabolism (Hoge & Pike, 2001). First, we were successful in showing task-induced 

changes in CMRO2 with a cognitive design. Our whole-brain group results showed regions with 

consistent task-induced increases in BOLD as well as extended regions with increases in CMRO2 

during CALC (versus both CTRL and REST) and during MEM (versus CTRL), overlapping with BOLD-

positive regions. On the other hand, the CMRO2 data only showed a few small clusters with significant 

decreases. Yet, as described in the introduction, the empirical basis of negative BOLD signals is still 

unclear. It has been suggested by Raichle that negative BOLD responses are the result of inverted 

neurovascular and neurometabolic coupling and thus are based on large decreases in CBF and 

smaller decreases in CMRO2 (Raichle et al., 2001). Our data did not support this assumption. A recent 

study comparing CMRglc and fMRI BOLD responses specifically in DMN versus frontoparietal and 

DAN areas also showed larger regional overlap for activations than for deactivations (Godbersen et 

al., 2023). We therefore aimed to quantify to which extent the negative and positive group BOLD ROIs 

mirrored concomitant decreases and increases in oxygen consumption. While BOLD-positive voxels 
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on average showed significant increases of 2.6% (CALC vs. REST or CTRL) up to 4% (MEM vs. CTRL), 

BOLD-negative voxels showed, on average, only very small CMRO2 decreases (-0.2% CALC vs. REST) 

or even increases (1.5% CALC vs. CTRL). This led us to conclude that, while positive BOLD signal 

changes represent increased oxidative metabolism, negative BOLD signal changes do not necessarily 

reflect decreased oxygen consumption. This result supports a recent FDG-PET study, showing 

consistent BOLD decreases in a working memory task compared to a resting state, but without 

concomitant decreases in glucose metabolism (Stiernman et al., 2021). There is also empirical 

evidence from animal studies that negative BOLD signals can arise despite increased or stable levels 

of neuronal activity (Schridde et al., 2008; Shih et al., 2011; Takata et al., 2018). Second, we suspected 

different coupling mechanisms for negative and positive BOLD responses. This contradicts the 

assumptions of  Raichle and colleagues (Raichle et al., 2001), who simply assumed inverted coupling 

underlying negative BOLD. To explain the occurrence of negative BOLD signal changes despite stable 

CMRO2, we compared our empirical data to predictions of the Davis model. The empirical data fit 

very well to the theoretical model as visualized in Fig. M1|B.  On average, between half and two-thirds 

of all voxels with significant BOLD decreases did show increases in CMRO2 (displayed as d) and e) in 

Fig. M1|B). It makes sense that increases in CMRO2 correlate with negative BOLD when not 

compensated by CBF changes, as oxygen consumption increases dHb levels in the venous blood. In 

our data, BOLD signal decreases reflected either mainly vascular effects, i.e. decreases in fractional 

CBF, or a combination of decreases in fractional CBF and increases in fractional CMRO2. As both of 

these mechanisms increase dHb levels, even small changes in this combination can lead to substantial 

BOLD signal decreases.  

 

The default mode network – a heterogeneous region 

Nevertheless, the picture is more complex when looking at the different voxels that make up the 

large BOLD-negative ROI. While metabolic decreases in our data were in general not very prominent, 

parts of the DMN still showed decreased CMRO2 during CALC, especially when compared to REST. 

These clusters with concomitant CMRO2 decreases were present in all main parts of the DMN, but 

were much smaller than the extended CALC-negative BOLD regions. Conversely, substantial parts of 

BOLD-negative DMN regions showed increased CMRO2 (about half to two-third of the voxels). This 

lets us conclude that the DMN is a heterogeneous network, as multiple studies have emphasized in 

the past (Andrews-Hanna et al., 2014b; DiNicola et al., 2019; Leech et al., 2011). Our data suggest that 

the DMN does not suspend its activity as a whole network during externally oriented tasks, but rather 

increases its activity in some parts while reducing its activity in other parts. This view also fits with 

several functional connectivity studies, which found that parts of the DMN were recruited during 

executive function and that especially frontoparietal network activity was coupled to DMN activity 

to support goal-directed action (A. C. Chen et al., 2013; Crittenden et al., 2015; González-García et al., 

2018; Spreng et al., 2010, 2013; Vatansever et al., 2015). A recent study, comparing CMRglc and fMRI 

BOLD during a Tetris task as well as a working memory task found that, found that both tasks 

exhibited consistent BOLD deactivation in the DMN. Nevertheless, while small parts of dorsal 

posterior cingulate (PCC) also showed decreases in CMRglc during the Tetris task, other parts of 

ventro-medial PCC (vmPCC) showed increases in CMRglc (Godbersen et al., 2023), as previously 

reported (Stiernman et al., 2021). The authors suggested that cognitive control as during the working 

memory task induces a metabolically expensive suppression in vmPCC, and that heightened activity 

in the frontoparietal network is correlated to heightened metabolism in vmPCC. In our data, we also 

see a division between dorsal parts of the PCC, that rather show CMRO2 decreases, an ventral parts 

without concomitant CMRO2 decreases, similar to (Leech et al., 2011). This could be explained by 
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characteristics of our calculation task, where participants had to keep the differential number in 

mind in order to calculate the solution, similar to a working memory task. But this hypothesis 

remains speculation and needs to be tested by comparison to a different task without working 

memory load. 

 

Possible explanations for the dissociations in CMRO2 and BOLD 

Thus, heterogeneity within the DMN has been found in several studies but is usually explained by 

task differences. Yet, these hypotheses do not explain the biophysical basics that have to be met for 

a negative BOLD signal to occur despite increases in metabolism. The biophysical Davis model 

predicts that dissociations of BOLD and CMRO2 responses are possible in both the positive and 

negative domain. Yet, our empirical data shows that this is more often the case for negative BOLD 

responses. This could be region-specific, or inherent to negative BOLD responses in general. As 

mentioned in the introduction, the Davis model already implies some non-linearities of CBF-CMRO2-

BOLD coupling in the negative domain. The spacing of contours in Fig. M1|B gets smaller when the 

BOLD response is negative, but also when both CBF and CMRO2 responses are negative. This 

implicates that relatively small decreases in CBF and CMRO2 can already cause a BOLD response with 

a larger absolute amplitude than the same increases in CBF and CMRO2. Thus, based on the Davis 

model, we assume slight differences in CBF-CMRO2-BOLD coupling in the negative domain.  

Additionally, research suggests that DMN regions might have a different architecture than other 

cortical regions. Mullins and colleagues (Lawley et al., 2017; Rogan et al., 2022; Rossetti et al., 2021b) 

found hypoxia-induced reversal of task-induced BOLD patterns specifically in the DMN despite stable 

neuronal activity, although this could not be measured but was concluded from stable behavioral 

results. The reversal of the BOLD pattern, i.e. negative BOLD during the memory task, thus may have 

resulted from constant metabolic demands, but reduced flow increases due to hypoxia so that CBF 

increases were smaller than CMRO2 increases, leading to a negative BOLD response. Yet, task-

induced CBF responses were not measured during hypoxia in comparison to normoxia, so these 

explanations remain speculative. Partly, their could be explained by differences in vascular 

responsiveness in the DMN. The dynamic range of blood flow and blood volume is influenced by the 

density of vessels, and in turn stronger BOLD responses are expected in regions with denser 

vascularization (Ances et al., 2008; A. D. Ekstrom, 2021; Harrison, 2002). But whether differences in 

vascularization are specific to DMN regions and sufficient to reverse the BOLD response in hypoxia 

needs to be tested. 

We tried to address the question of restricted vascular responsiveness of DMN regions by 

identifying an area within the DMN on the group level that showed both significant BOLD signal 

decreases during CALC as well as increases during MEM. In this way, differences underlying the 

positive versus negative BOLD response cannot be explained by a difference in vascularization. In 

this ROI, the average positive BOLD response was +0.16%, thus smaller in amplitude than the 

negative BOLD response with -0.22% and in the same range as negative BOLD amplitudes during 

CALC. Nevertheless, despite consistent negative BOLD responses, two-thirds of the voxels showed 

CMRO2 increases during CALC. Despite the rather small BOLD increase, oxygen consumption within 

this area was higher than in BOLD-positive areas during CALC. Firstly, this shows that the amplitude 

of BOLD response is not indicative of the amplitude of the CMRO2 response. Secondly, this also shows 

that the underlying metabolic differences between negative and positive BOLD were not simply a 

problem of reduced sensitivity due to smaller negative BOLD amplitudes in negative BOLD regions. 

Additionally, this result speaks in favor of restricted vascular responses in the DMN, as a larger 
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CMRO2 increase in this DMN overlap region is coupled to a relatively weaker flow response, thus we 

have a smaller CBF-CMRO2 coupling in the DMN compared to frontoparietal or DAN regions. In 

summary, a combination of both explanations, different neurovascular coupling in the negative 

domain as well as restricted vascular responsiveness of DMN regions, seems plausible, although 

perhaps not sufficient. 

Furthermore, differences in localization of negative BOLD responses versus CMRO2 responses can 

occur due to different reasons. First, researchers showed the occurrence of negative BOLD effects in 

voxels with high proportions of venous blood and CSF, e.g. close to pial veins downstream from 

activated sites (Bianciardi et al., 2011). Also, while oxygen is consumed at the site of neuronal activity, 

changes in CBF (and CBV) are more widespread (Attwell & Iadecola, 2002; Kaplan et al., 2020), yet it 

is not clear how this fact would influence positive and negative BOLD responses differently. 

 

CBF and CMRO2 as indicators of the excitation-inhibition balance 

Another biological explanation for negative BOLD responses is inhibitory activity. Studies 

confirmed that GABA concentration increased with BOLD signal deactivations in the PCC, a core 

region of the DMN (Koush et al., 2021b) and that higher GABA levels at baseline correlate with 

stronger BOLD deactivations in the PCC (Hu et al., 2013). Yet, in every voxel, inhibitory and excitatory 

activity is present. A modeling study has shown that negative BOLD responses can arise from 

different scenarios of increases in excitatory versus inhibitory activity. If only inhibitory activity is 

increased, with no decrease or even small increases in overall excitatory activity, a negative BOLD 

response arises in combination with an increase in CMRO2 (Sotero & Trujillo-Barreto, 2007). Yet, 

with the same increase of inhibitory activity as just described, if overall excitatory activity drops 

below baseline levels, strong negative BOLD signals arise together with CMRO2 decreases. In this 

case, increased activity of inhibitory neurons leads to overall suppression of excitatory activity in a 

larger population. This latter case can explain BOLD decreases in small parts of the DMN where we 

found concomitant CMRO2 decreases. Yet, only the first scenario of active suppression without 

decreases in overall excitatory activity can explain the results in large parts of the DMN where we 

found negative BOLD response with stable or increased CMRO2. In general, CMRO2 is supposed to 

be largely driven by excitatory activity, while CBF is influenced by both excitatory and inhibitory 

activity (Buxton, 2021; Buxton et al., 2014). CMRO2 and CBF are driven in parallel, and controlled by 

different mechanisms, see review by (Lauritzen et al., 2012). Thus, the exact balance of inhibition and 

excitation per voxel is crucial for the resulting CBF, CMRO2 and finally BOLD changes. For future 

studies that study the basics of BOLD signal increases and decreases, measures of GABA, glutamate 

and lactate together with CBF and CMRO2 may be necessary to shed light on underlying processes.  

 

Conclusions of Study II 

All in all, positive BOLD signals are mostly coupled to increases in oxidative metabolism, whereas 

negative BOLD signals are no reliable proxy for decreases in oxidative metabolism. While increases 

in oxygen consumption can go hand in hand with active inhibition, even together with small increases 

in excitatory activity, they are not compatible with overall decreased neuronal activity. Thus, from a 

negative BOLD response alone we cannot infer reduced neuronal activity levels. 
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4.3 Limitations 

The aim of both projects described in this thesis was to fully quantify both CMRglc and CMRO2. 

To meet this goal, we acquired subject-specific hematocrit, changes in R2’ and CBF as well as changes 

in total CBV. However, since CMRglc and CMRO2 cannot be measured directly, the full quantification 

of both parameters is still relying on some assumptions:   

To gain subject specific maps of CMRglc, subjects got [18F]-FDG injected intravenously, while 

subject-specific arterial input functions were derived via continuous arterial sampling. The 

quantification of CMRglc then relied on Patlak modeling to deduce Ki maps, which were then 

multiplied by plasma glucose values and divided by a lumped constant (LC). The exact CMRglc values 

thus depend on the LC used, and different values between 0.4 and 0.8 have been proposed, see review 

of (Knudsen et al., 2004). However, a recent study suggested that the LC is also dependent on the 

physiological state, so that CMRglc during activation may be overestimated by up to 50% (Angleys et 

al., 2018). In our study, with a LC of 0.65 (Wu, 2003) we got global grey-matter CMRglc values of 27.4 

μmol/100g/min, which is in the expected range, but depends on the LC used. Additionally, we cannot 

be sure whether task-induced increases in CMRglc were over-estimated.  

On the other hand, the calculation of CMRO2 relies on Fick’s principle. This formula calculates 

CMRO2 from a multiplication of oxygen delivery, product of CBF and the arterial oxygen content of 

blood, with oxygen extraction, OEF. To calculate CMRO2, only the venous contributions to OEF are 

relevant as they quantify how much of the oxygen was used, assuming that arterial CBV is fully 

oxygenated. However, with contrast-agent CBV measurements, we only measured total CBV and had 

no means for estimating the venous contributions in the baseline or during task states. Studies 

estimated that at baseline 70-80% of total CBV is venous, but that the majority of task-induced total 

CBV increases is arterial (Hua et al., 2019). A 7T study estimated 29% of total CBV increases during 

a visual task being venous (Huber et al., 2014). Depending on the measured changes in total CBV in 

contrast to changes in CBF, this can have a big influence on the calculation of CMRO2, as large 

increases in CBV will result in smaller estimates of CMRO2. During visual stimulation in Project I, we 

measured large total increases in CBV in visual cortex, with big influences on our CMRO2 estimation. 

In contrast, in Project II, CBV increases did not play a crucial part in our CMRO2 estimation. 

Comparing CMRO2 changes after correction for total CBV changes, versus without correcting for CBV 

changes, only resulted in a 0.2% difference; CMRO2 percent change values were 2.6% (positive ROI) 

and 1.5% (negative ROI) in the uncorrected case, versus 2.4% and 1.7% in the corrected case. The 

conclusion of this is twofold: first, stimulus-induced CBV changes in visual cortex are larger than task-

induced CBV changes in association areas as the frontoparietal control networks and the DMN. 

Second, in Study I, our measured CBV changes were in the same range as the CBF changes, leading to 

the massive influence on the CMRO2 calculation. We assume that the pCASL sequence on the Siemens 

scanner with the 12k head-coil had a lower SNR than equal measurements on the Philips scanner in 

Study II, with a 32k head-coil. Additionally, the labeling efficiency was probably higher at the Philips 

scanner, where we planned the labeling plane manually, while this was done automatically in Study 

I. We conclude that high sensitivity of CBF measurements as well as the exact measurement of venous 

volume changes are crucial to correctly estimate CMRO2.  

Another limitation of both studies is the lack of time resolution in both CMRglc and CMRO2 

measurements. Task changes were estimated during blocks of 5-7 minutes, and these task blocks had 

to be repeated at least twice (for T2* and pCASL measurements), so adaptation effects cannot be 

excluded. We tried to test this in in a control sample, included in Study II, by measuring fMRI BOLD 

changes during extended 3min task blocks. Here, we did not find any adaptation effect. Additionally, 
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we looked at time-resolved CBF and could not find an adaptation effect within any of the task 

conditions either. Yet, we do not know how CBV and R2’ and finally CMRO2 changes behave over 

time. Even though it is in theory possible to calculate CMRglc in smaller task blocks of 1min (Jamadar, 

Ward, Carey, et al., 2019; Rischka et al., 2018), the signal-to-noise ratio makes it hard to detect and 

quantify task-induced changes. Concerning CMRO2 quantification, R2’ and CBV measurements via 

multi-echo T2* and dynamic susceptibility mapping made shorter task blocks impossible.  

Furthermore, CBF as well as R2’ measurements are rather noisy and due to unfavorable error 

propagation this also affected CMRO2 calculation. It could be argued that due to the low signal-to-

noise ratio we did not find CBF and CMRO2 deactivations in BOLD-negative ROIs in Study II. Yet, with 

the same methods, we were able to find CBF and CMRO2 increases in BOLD-positive ROIs. Albeit the 

amplitude of negative BOLD responses was roughly about two-thirds of the positive BOLD response, 

amplitudes of CBF and CMRO2 changes were much lower than two-thirds of CBF and CMRO2, which 

speaks against similar CBF-CMRO2 coupling within positive and negative BOLD ROIs and cannot 

simply be explained by a lower SNR.  

Finally, R2’, CBV, CBF and BOLD measurements were done sequentially and not simultaneously. 

Even though there are dual-echo EPI sequences to measure CBF and BOLD simultaneously, this 

usually is at the expense of sensitivity loss of one of the signals. However, newer methods claim to 

achieve similar sensitivity with an multi-echo approach, with the potential to even derive ∆R2* (Devi 

et al., 2022a).  

 

 
5 Outlook 

Three main aspects of mqBOLD as presented in this work have to be addressed for it to be broadly 

applicable. First, acquisition duration has to be reduced. The long scan time primarily stems from 

sequential measurements of T2, T2*, pCASL and DSC in all conditions (except for T2, only measured 

in baseline). Simultaneous measurements of at least some of the sequences could improve efficiency 

while measuring exactly the same processes. Recent developments with multi-echo simultaneous 

ASL EPI-BOLD sequences have shown improved sensitivity for mapping CBF changes. Devi and 

colleagues could show improved ∆CBF mapping with a pCASL-prepared ME-DEPICTING sequence 

while the contrast-to-noise ratio of the simultaneously measured BOLD signal was not affected (Devi 

et al., 2022a). This multi-echo sequence also allows for absolute R2* mapping, thus, only additional 

measurements of baseline T2 as well as baseline and task CBV would be necessary. Alternatively, 

∆R2’ could be estimated from BOLD signal changes, as shown in Study II, with additional baseline R2’ 

mapping to quantify the changes (Fujita et al., 2006), as shown in Study II, for an overview over R2’ 

mapping methods see (J. J. Chen et al., 2022). The advantage of these approaches is that only absolute 

baseline values need to be quantified, while ∆T2* can be measured simultaneously with CBF changes 

during task conditions in a block-design. In the case of Study II, this would have saved additional 

pCASL measurements of three conditions, corresponding to 18 min. Likewise, VASO (vascular space 

occupancy) sequences are able to measure BOLD and CBV simultaneously (Huber et al., 2019), which 

would still require additional baseline CBV and R2’ mapping as well as CBF measurements.  

Second, measuring the temporal dynamics of CMRO2 and its underlying parameters is crucial to 

gain understanding of the underlying processes that drive oxygen consumption. The main limitation 

here is the SNR of the CBF measurements as well as the non-dynamic nature of multi-echo T2* 

mapping. The aforementioned multi-echo EPI approach could be a solution to mapping both ∆T2* 
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and ∆CBF in a time-resolved manner. Likewise, VASO could be used to map fractional CBV changes 

during blocks employing several conditions in a time-resolved manner. In summary, a goal in future 

studies should be to measure time-resolved changes in CMRO2, for example by combining baseline 

quantification of CBV and R2’ with time-resolved simultaneous measurements of T2* and ASL plus 

time-resolved VASO-CBV.  

Third, the main limitation to measure absolute CMRO2 in the baseline as well as in different task 

states is the quantification of baseline OEF. Baseline OEF, CBF and ultimately CMRO2 values are 

affected by various diseases as well as healthy ageing (J. J. Chen et al., 2022; Hashem & Dunn, 2021). 

This can influence temporal dynamics and amplitudes of the BOLD signal and even vary across 

healthy subjects. BOLD signal amplitudes are especially not comparable between healthy subjects 

and certain patient groups, so quantitative measurements of baseline oxygenation can be a valuable 

tool in the clinical routine (Buxton, 2010; Buxton et al., 2014; Hashem & Dunn, 2021; Simon & Buxton, 

2015). Yet, absolute quantification via MRI remains a challenge. Calibrated fMRI studies either 

assume a fixed baseline OEF value or employ both hypercapnia and hyperoxia to map absolute 

baseline CMRO2, so-called dual calibrated BOLD (Germuska & Wise, 2019; Merola et al., 2018; 

Rodgers et al., 2016). In the mqBOLD framework, OEF is calculated via R2’ mapping and DSC 

measurements. Non-invasive CBV mapping is also possible, for an overview over different arterial 

and venous CBV measurement methods see (Hua et al., 2019). For future research, the goal should 

be to quantify absolute CBV in the baseline condition and map venous CBV changes in task conditions. 

VASO sequences are able to measure fractional changes in total CBV in several conditions and 

measurement of fractional venous CBV can be done by a few techniques including e.g. venous 

refocusing for volume estimation (VERVE) (Hua et al., 2019). So, in order to quantify absolute 

baseline CMRO2, either a combination of R2’ and absolute CBV in the baseline, or direct mapping of 

baseline OEF e.g. via Velocity-Selective Excitation with Arterial Nulling (VSEAN) is necessary 

(Hashem & Dunn, 2021; Jiang & Lu, 2022; Liu et al., 2019). In this work, we aimed for full 

quantification by measuring total CBV with an intravenous gadolinium-based contrast agent. This 

procedure requires venous injection of contrast agent, but provides good SNR. Additional 

measurements of subject specific venous hematocrit values made our calculations more accurate. In 

future studies, other, non-invasive procedures should be further explored and applied to cognitive 

designs in order to compare results to the mqBOLD approach used here.  

Finally, additional measurements of glucose consumption together with CMRO2 measurements 

provide important insights about oxidative versus non-oxidative metabolism across brain regions 

and in different task states. While this is relevant to gain further understanding about metabolic 

processes in the brain, quantitative fPET measurements require invasive injection of radioactive 

tracers plus arterial blood sampling. Because of the complex study setup and needs for a PET-MR 

scanner, simultaneous measurements of CMRO2 and CMRglc are, to date, not ready for extensive 

application. To further gain insight into non-oxidative metabolism, non-invasive spectroscopy 

measurements of lactate may be of interest in future research (R. G. Shulman et al., 2001). 

Additionally, the contribution of inhibitory and excitatory neuronal activity to task-induced increases 

in CBF, OEF and CMRO2 via measurements of GABA and glutamate levels are promising (Hu et al., 

2013; Koush et al., 2021b). 
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6 Conclusions 

The absolute quantification of oxygen and glucose consumption is a promising tool for further 

understanding different mechanisms triggered by different types of neuronal activity in the human 

brain, as well as investigating impaired metabolism in different disease states. Absolute 

quantification enables the comparison of baseline brain metabolism across the cortex within the 

same subject, but also across subjects or across different populations. While the absolute 

measurement of glucose consumption requires a PET scanner and is relatively invasive, recent 

developments allow CMRO2 mapping in a non-invasive way using MRI. The mqBOLD approach, with 

prospects to achieve baseline mapping of venous CBV, is a powerful tool for gaining insights about 

cognitive brain processes and disease processes. In contrast to fMRI BOLD, CMRO2 is a physiological 

signal and directly measures oxidative brain metabolism, which is supposed to be more localized and 

is happening at the exact site of neuronal activation as opposed to BOLD and CBF measurements. 

Improvements of measurement time by simultaneously measuring some of the needed parameters 

may make CMRO2 acquisitions also clinically relevant.   

With this body of work, we have shown that CMRO2 measurements in healthy human subjects, 

using the mqBOLD approach, are sensitive enough to show task-induced changes in a cognitive 

design. Further, by comparing fMRI BOLD with CMRO2, we provided evidence that negative BOLD 

responses are not necessarily indicative of reduced oxygen metabolism and thereby not indicative of 

reduced excitatory brain activity. Rather, while parts of the DMN showed task-induced decreases in 

oxygen metabolism, around half to two-thirds of DMN voxels with BOLD-signal decreases actually 

showed increased oxygen consumption, which may be an indicator of active inhibitory suppression. 

Additional measurements of GABA and glutamate may be necessary to test this hypothesis. 

Additionally, improved time resolution will be important for future studies to shed light on the 

timings of task-induced changes.  

 All in all, the presented findings fundamentally questions our commonly accepted interpretation 

of positive, but specifically negative BOLD responses as indicators for increased and decreased 

neuronal activity, and might settle arguments regarding the interpretation of negative BOLD 

responses.  
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