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Theme 2: A cornerstone of SFIM research is the improved understanding and use of characteristics of
the task-­‐activated hemodynamic response. For over thirteen years, we have been probing the
dynamics, spatial patterns, behavioral correlation, and variability of this response. Perhaps our most
exciting and novel Yinding in this theme has been the discovery that even with a simple task, the entire
brain shows evoked regionally-­‐speciYic and uniquely shaped hemodynamic responses[1]. To obtain
these results we averaged responses over nine hours from individual subjects performing a simple
discrimination tasks, then processed the data with no assumptions about hemodynamic shape.
Clustering of the responses showed clear responses throughout the brain. Also within this theme, we
demonstrate that reduction of the MRI Ylip angle -­‐ having several advantages over a higher Ylip angle -­‐
does not result in a reduction in temporal signal to noise if physiologic noise dominates[2].

We also report here on our ongoing efforts towards better understanding the underlying mechanisms
behind and limits of multivariate analysis – considering each voxel as part of a pattern of activity
across relevant regions of the brain. Using a multivariate classiYication approach, we have been able to
infer sub-­‐TR (100 ms) and sub-­‐voxel (ocular dominance column) relative activation sequences, and
have been able to decode “yes” and “no” answers in subjects -­‐ both of these at about 90% accuracy.

Theme 3: Our group also values the importance of developing methods that are complementary to rs-­‐
fMRI and fMRI. A new area of research has emerged that is based on the measurement of anatomic
MRI changes in individuals over short periods of time. We have established a processing pipeline for
assessing changes in anatomy with exercise and learning[3, 4]. We continue to develop perfusion
imaging methods, working closely with fMRI core facility. We have also developed an a high
resolution, off-­‐resonance corrected arterial spin labeling (ASL) approach at 7T resulting in perhaps
the highest Yidelity ASL-­‐based perfusion images yet produced[5]. Regarding hemodynamic
calibration, we show the utility of using the Valsalva maneuver. This Yinding may lead to
implementation of a more simple and repeatable global calibration stress than that of hypercapnia.

Since 2007 our group has also produced a body of work that has involved a wide range of applications
of cutting edge methods, but due to space limitations, this research will not be described. These topics
include anatomic differences with autism[6], non-­‐neuronal related release from adaptation[7], single
stimuli activation proYiles[8], movement-­‐related theta rhythm assessment[9], unconditioned
responses and implicit memory[10, 11], effects of task-­‐correlated breathing[12], group differences in
connectivity[13], verbal Yluency[14], and regions differentially associated with task difYiculty and
decision making[15]. In the future, we plan to move more more aggressively towards development of
individual assessment methods. We believe that for fMRI to become more relevant to the mission of
NIMH, it has to aid in assessing psychiatric and neurologic disorders on an individual basis – in much
the same way that anatomic MRI is effective in identifying and monitoring an individual’s anatomic
brain pathology. We are well-­‐positioned to take this goal on, as we are working at 7T with novel pulse
sequences and processing strategies.

This report is organized as follows: The themes are numbered 1 through 3. Within each theme, there
are three sub headings: A is a brief introduction; B is the progress report which describes projects
that have been completed after December of 2007 – most having resulted in published manuscripts;
and C describes ongoing, unpublished projects. At the end of each project description, the section
members and collaborators are listed in parentheses in alphabetical order, with the primary
investigator in bold print. Collaborators from the fMRI core facility or elsewhere are in red.
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Section 2: Research Themes

Theme 1: Spontaneous Fluctuations

1A. Introduction: An abundance of information and a proliferation of methods

As mentioned in the overview, a major focus of SFIM has been the better understanding of resting
state Yluctuations and the development of methods to more effectively separate neuronally-­‐relevant
Yluctuations from artifactual Yluctuations. In several areas, our work has had an impact on the Yield.
SpeciYically, we have shown that global signal regression causes artifactual negative correlations in
major networks[16], introduced a novel multi-­‐echo technique that enables objective and clean
selection of ICA components[17], and uncovered a unique periodic relationship between network
Yluctuations[18]. This theme contains a relatively large proportion of ongoing, unpublished work:
SpeciYically we demonstrate preliminary results using seed voxel analysis to clarify cross-­‐hemisphere
motor connectivity in single subjects; introduce an effective resting state-­‐based brain parcellation
method that stems from our multi-­‐echo based independent component analysis (me-­‐ICA) approach;
characterize, in detail, the dynamics of resting state networks, identifying the most and least stable
pairwise network connections; introduce a promising method for characterizing cognitive states
using resting state data, and lastly; propose an effective solution, also using me-­‐ICA, to recently
highlighted motion-­‐related problems in resting state data interpretation.

1B. Progress report

1B-­‐1. Impact of Global Signal Regression on resting state data.

The basis of rs-­‐fMRI is the identiYication and characterization of
the MRI Yluctuations that relate to spontaneous and correlated
neuronal activity. A major challenge is that many non-­‐neural
signals cause correlated Yluctuations in fMRI time series. These
artifactual signals include breathing and cardiac-­‐related signal
changes, head movement, and MRI scanner noise. One method to
reduce these nuisance signals has been to average the signal over
the entire brain -­‐ the global signal -­‐ for each time point, and and
regress this averaged time series out of the data. The assumption
is that neural activity does not synchronously happen
everywhere in the brain at the same time. Therefore, it follows
that any Yluctuations in the global signal can be removed, as they
do not represent neuronal activity. While global signal removal
does reduce temporal Yluctuations, we demonstrate, as shown in
Figure 2, that it introduces artifactual anti-­‐correlated networks
[16]. Several papers that have had global signal regression as a
processing step have often showed strong anti-­‐correlated
networks of brain regions[19]. We demonstrate both
theoretically and experimentally in our paper that global signal
regression artiYicially creates negative or “anti-­‐correlated” resting state signals. Our manuscript has
had a high impact on the Yield. It has also elevated the discussion in the fMRI community of which
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Figure 2: Correlation to a seed
region in PCC are shown with and
without global signal regression.
The default mode network is
visible both with and without
global signal regression, but a
negatively correlated network is
only visible after the regression.



processing steps introduce or eliminate artifacts with minimal signal corruption. (P. A. Bandettini, R.
M. Birn, D. A. Handwerker, T. B. Jones, K. Murphy)

1B-­‐2. Multi-­‐echo acquisition to sort ICA components and to minimize motion effects

An ongoing challenge has been to remove the large fraction of non-­‐neuronal Yluctuations rom rs-­‐fMRI
time series. Work on characterizing and removing non-­‐neuronal Yluctuations has focused on time
series modeling based on external measures of physiologic processes. In this study, we fully embrace
and carry forward the proposed work in our last BSC report from 2007 on using TE-­‐dependence to
separate BOLD from non-­‐BOLD time signal so that non-­‐BOLD -­‐ thus non-­‐neuronally relevant -­‐
Yluctuations can be removed. BOLD signal changes are manifest as changes in T2*, which can be
characterized as showing a linear increase in fractional signal change with echo time (TE). Motion,
system instabilities, and inYlow effects can be manifest as changes in longitudinal relaxation, T1 or
proton density, S0 but not typically T2*.

Here we show the utility of collecting multi-­‐echo EPI (me-­‐EPI) to clearly separate BOLD signal
Yluctuations from non-­‐BOLD signal Yluctuations. We collect three-­‐echo me-­‐EPI data and then apply
independent component analysis (ICA) on the echo-­‐concatenated time series data resulting in each
ICA map consisting of three images, each collected at a different TE. On a voxel-­‐wise basis, the change
of the component’s percent signal change with TE is Yit separately to ΔR2* and ΔS0 signal change
models, and the Yit quality is computed as an F-­‐statistic. Each component is characterized by two
metrics, κ for its BOLD likeness and ρ for its non-­‐BOLD likeness. Figure 3 shows that that resting state
BOLD components and non-­‐BOLD noise components are differentiable according to these metrics.

When the κ values of all of the ICA components are sorted and plotted as a spectrum, high κ and low κ
value regimes are clearly evident, separated by a boundary (an elbow in the curve). When the ρ values

corresponding to κ values are given, it is clear
that the majority of components have high κ and
low ρ, or vice-­‐versa, thus distinguishing BOLD
and non-­‐BOLD components. The differentiation
of BOLD and non-­‐BOLD components not only
enables sorting of ICA components for
subsequent clustering analysis (shown in IC-­‐2)
but also allows for the use of low κ component
time series for de-­‐noising in task-­‐based fMRI or
seed based rs-­‐MRI.

We demonstrate in our manuscript introducing
this approach[17], that de-­‐noising performed by
removing the regressors identiYied as those with
low κ components is more effective than
standard methods involving modeling and
regressing out the noise -­‐ particularly in
problematic regions such as hippocampus,
thalamus, and brainstem.

It has recently been shown that in-­‐scanner
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Figure 3: For a representative subject, κ score vs
(a) ICA rank (variance explained), and (b) rank by κ
(κ spectrum). The κ spectrum, is an L-­‐curve with
two distinct regimes: high κ (κ>20) and low κ
(κb20), with low κ components on a linear tail. (c) κ
spectra for 8 subjects. (d) Example of high κ and
low κ component maps. Each panel shows the time
course and thresholded ΔR2* map. Components are
annotated with κ-­‐score, ρ-­‐score, and ICA
component number.





1B-­‐3. Periodic changes in correlation.

In most rs-­‐fMRI studies, data are collected for 5-­‐10 minutes and analyzed across the entire scan
duration to create connectivity maps with high
reproducibility. However, when observed over
shorter windows of time, correlation strengths
between regions show temporal variations. In this
study[18], we show that these changes in correlation
strength appear to vary in a periodic manner.

Figure 5 shows this variation in correlation for two
slices in the brain. Figure 5A shows the posterior
cingulate cortex (PCC) region used for the seed time
course. Figure 5B shows the correlation map obtained
using that seed over the entire ten minute time
course. Figure 5C shows the changes in the
correlation with the seed voxel in 32 sec windows.
Figure 5D shows the time course of the seed and
another region in the motor cortex (not typically
correlated with anterior cingulate). Figure 5E shows
the correlation values between the seed and the
motor cortex over time, showing an average of about
zero yet semi-­‐periodic changes across a wide range of
positive and negative correlation values.

By calculating the power spectrum of these
correlation time series, we show that the correlation
Yluctuations appear to have several distinct frequency
peaks. While all correlations are to a single PCC seed,
the peak correlation change frequency varies by brain
region. Figure 5F shows relative power spectrum
magnitude maps at four frequencies. The red regions
for each column of slices in a volume are the peak
frequency magnitudes corresponding to the sliding
window correlation change power spectrum below.

While we cannot fully explain this periodicity, we
should note that this does not imply that networks
are necessarily “communicating” with each other.
Rather, this appears to be a “beat frequency” effect
that might prove useful in probing the most relevant
of network Yluctuation frequencies. Also, this
approach might open up a methodology for probing
differences in frequency content between regions.
(P.A. Bandettini , J . Gonzalez-­‐Casti l lo , D. A.
Handwerker, V. Roopchansingh)

7

Figure 5: (A) Posterior cingulate (PCC) seed
region (red highlight) that was used. (B)
Correlation map created from the seed using the
entire ten minute time series. (C) Correlation
maps created over 32 s temporal windows
centered at the time points in the connected
Yigures D and E. (D) Sample time series from the
seed region (red) and a voxel at the green
crosshairs (motor cortex region). (E) Correlation
values over time for the sample time series show
that the temporal correlation varies over time
but has minimal dependence on correlation
window. (F) Power spectrum of correlation
changes with PCC. Maps in each column
correspond to frequency peaks.





1C-­‐2: Clustering of resting state correlations

A major goal in rs-­‐fMRI is the whole-­‐brain mapping of functional cortical networks down to the scale
of voxels from a single dataset. Promising results have been obtained on highly subject-­‐averaged data,
however, our ultimate goal is to use the characteristics of these networks as individual biomarkers.
Towards this goal, we have developed an approach, based on our me-­‐ICA method (from 1B-­‐2) that
converges on stable and consistent areas with very few averages. The maps that we produce can also
predict subject-­‐speciYic activation patterns associated with activation-­‐based paradigms.

Seven subjects were scanned with 10 min rest runs and with several task-­‐activation runs consisting of
the following paradigms: face vs. objects differentiation, sense vs. nonsense sentence differentiation,
tongue vs. toe movement. Imaging was performed on a General Electric (GE) 3 Tesla GE Signa HDx
MRI scanner with a GE 8-­‐channel receive-­‐only
head coil. Anatomical images were acquired
using a T1-­‐weighted MPRAGE sequence.
Functional images were acquired with a multi-­‐
echo EPI sequence (TR 2.5 s, Ylip angle 90, matrix
size 64x64, in-­‐plane resolution 3.75 mm, FOV
240 mm, 31 axial slices, slice thickness 4.2 mm
with 0.3mm gap, acceleration factor 2). Three
echoes were acquired with the shortest possible
echo times, TE = 15ms, 39ms, and 63ms. Multi-­‐
echo data were analyzed with me-­‐ICA to reveal
BOLD ICA components and remove non-­‐BOLD
ICA components. This non-­‐BOLD component
removal is fundamentally important in the
success of these results as the clustering method
was based on the voxel-­‐wise grouping and
differentiation based on its unique belonging
“signature” to each ICA component.

This exquisitely detailed hierarchical structure is
shown in Figure 7. Large modules (from low
level clustering, i.e. k=10 clusters) reYlect
classical neuroanatomy. These modules
correspond to regions such as superior, middle,
and inferior frontal and temporal gyrii;
premotor, motor, sensory, and insular cortices;
cingulate and visual areas, etc. Smaller modules
(from high level clustering, i.e. k=350 clusters)
reYlect functionally speciYic areas. These modules
correspond, to regions in the motor cortex such
as lateralized hand, foot areas, as well as
language areas (Broca’s and Wernicke’s), visual
areas (V1/V2), and many others. The novel
implementation of hierarchical clustering
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Figure 7: (A) Functional organization (n=7) at
increasingly high levels of clustering. Lower cluster
levels show large modules. Higher cluster levels
show increasing differentiation of functional areas
within color ranges determined by lower level
clustering. (B) Labeled map of the k=350 functional
organization. (C) Comparison of task activated
regions and resting state clusters in a single subject,
showing a close correspondence.













connectivity patterns similar to those present in resting-­‐state data. For example, the area CL03
resembles a motor control network with nodes in the left primary motor hand cortex, medial
supplementary motor cortex, and postero-­‐lateral thalamus. Cluster CL02, with nodes in the bilateral
infero-­‐lateral parietal cortex, posterior cingulate, and ventro-­‐medial frontal cortex, resembles the
default-­‐mode network. Figure 13 C shows cluster-­‐averaged responses. All clusters display responses
time-­‐locked with the experimental paradigm.

These Yindings highlight the exquisite detail in fMRI signals beyond what is normally examined, and
emphasize both the pervasiveness of false negatives, and how the sparseness of fMRI maps is not a
result of localized brain function, but a consequence of high noise and overly strict predictive
response models. It also shows how inter-­‐regional variability in the hemodynamic response to tasks
can be used to functionally parcellate the whole brain in a manner similar to resting-­‐state scans.
Differences in functional parcellations between task-­‐state and resting-­‐state may provide good
markers for identiYication of clinical populations. We plan to continue this work at high Yield, using
me-­‐EPI, and with higher sensitivity RF coils in hope that we can achieve a temporal signal to noise
such that the necessary scan duration to obtain these results is more realistic. We also plan to explore
the reproducibility of these results with other tasks. (P. A. Bandettini, N. Brenowitz, J. Gonzalez-­‐
Castillo, D. Handwerker, S. J. Inati, Z. S. Saad)

2B-­‐2. Representational similarity analysis

Monkey single-­‐cell recordings have shown that primate inferotemporal (IT) neurons respond
selectively to visual features occurring in natural images as parts of objects. Kiani et al.[22] have
demonstrated that monkey-­‐IT response patterns cluster according to natural categories. Human
neuroimaging has demonstrated conventional-­‐category information in human IT cortex in both focal
activations and widely distributed response patterns. However, a focus on category-­‐average
responses has precluded addressing if a categorical structure is inherent to the representations and, if
so, what the natural categories are.

This study[23] combines human and monkey data from hi-­‐res fMRI and single-­‐cell recordings,
respectively. We investigate response patterns elicited by the same 92 photographs of isolated
natural objects in IT cortex of both species. Each stimulus image forms an independent condition. No
predeYined stimulus grouping is implied in either the experimental design or the core analyses to be
applied. Because response patterns are difYicult align between species or even among human subjects,
we relate monkey and human representations by considering, for each pair of stimuli, the similarity
of the response patterns the two stimuli elicit. This approach also allows us to relate both species to
computational models exposed to the same stimuli.

Monkeys performed a Yixation task while presented with the images in rapid succession. Responses of
more than 600 cells were recorded in two monkeys (right and left anterior IT cortex, respectively).
Human subjects detected color changes occurring at Yixation during image presentation while we
measured response patterns with hires fMRI (3T, SENSE, voxels: 1.95x1.95x2mm3).

Figure 14 A shows that IT response patterns across these two species cluster in natural categories,
with the animate-­‐inanimate distinction explaining most variance and faces forming a very focused
subcluster. Human-­‐fMRI early visual response patterns and several low-­‐level representations of the
images (luminance pattern, color pattern, silhouette pattern, V1 model representation) exhibit no

15

















References

1. Gonzalez-­‐Castillo, J., et al., Whole-­‐brain, time-­‐locked activation with simple tasks revealed using
massive averaging and model-­‐free analysis. Proceedings of the National Academy of Sciences,
2012. 109(14): p. 5487-­‐5492.

2. Gonzalez-­‐Castillo, J., et al., Physiological noise effects on the Wlip angle selection in BOLD fMRI.
NeuroImage, 2011. 54(4): p. 2764-­‐2778.

3. Thomas, A.G., et al., The effects of aerobic activity on brain structure. Frontiers in psychology,
2012. 3(86).

4. Thomas, A.G., et al., Functional but not structural changes associated with learning: An
exploration of longitudinal Voxel-­‐Based Morphometry (VBM). NeuroImage, 2009. 48(1): p.
117-­‐125.

5. Luh, W.M., et al., Pseudo-­‐continuous arterial spin labeling at 7 T for human brain: Estimation and
correction for off-­‐resonance effects using a Prescan.Magnetic Resonance in Medicine, 2012.

6. Misaki, M., et al., Characteristic cortical thickness patterns in adolescents with autism spectrum
disorders: Interactions with age and intellectual ability revealed by canonical correlation
analysis. NeuroImage, 2012. 60(3): p. 1890-­‐1901.

7. Mur, M., et al., Face-­‐identity change activation outside the face system:‚ÄúRelease from
adaptation‚Äù may not always indicate neuronal selectivity. Cerebral Cortex, 2010. 20(9): p.
2027-­‐2042.

8. Mur, M., et al., Categorical, yet graded-­‐single-­‐image activation proWiles of human category-­‐
selective cortical regions. Journal of Neuroscience, 2012. 32(25): p. 8649-­‐8662.

9. Kaplan, R., et al., Movement-­‐related theta rhythm in humans: Coordinating self-­‐directed
hippocampal learning. PLoS Biology, 2012. 10(2).

10. Knight, D.C., et al., Learning-­‐related diminution of unconditioned SCR and fMRI signal responses.
NeuroImage, 2010. 49(1): p. 843-­‐848.

11. Knight, D.C., N.S. Waters, and P.A. Bandettini, Neural substrates of explicit and implicit fear
memory. NeuroImage, 2009. 45(1): p. 208-­‐214.

12. Birn, R., et al., fMRI in the presence of task-­‐correlated breathing changes. NeuroImage, 2009. 47:
p. S56-­‐S56.

13. Jones, T.B., et al., Sources of group differences in functional connectivity: an investigation applied
to autism spectrum disorder. NeuroImage, 2010. 49(1): p. 401-­‐414.

14. Birn, R.M., et al., Neural systems supporting lexical search guided by letter and semantic category
cues: A self-­‐paced overt response fMRI study of verbal Wluency. NeuroImage, 2010. 49(1): p.
1099-­‐1107.

23



15. Ruff, D.A., et al., Complementary Roles of Systems Representing Sensory Evidence and Systems
Detecting Task DifWiculty During Perceptual Decision Making. Frontiers in Neuroscience, 2010.
4.

16. Murphy, K., et al., The impact of global signal regression on resting state correlations: Are anti-­‐
correlated networks introduced? Neuroimage, 2009. 44(3): p. 893-­‐905.

17. Kundu, P., et al., Differentiating BOLD and non-­‐BOLD signals in fMRI time series using multi-­‐echo
EPI. NeuroImage, 2012. 60(3): p. 1759-­‐1770.

18. Handwerker, D., et al., Periodic changes in fMRI connectivity. NeuroImage, 2012. in press.

19. Fox, M.D., et al., The human brain is intrinsically organized into dynamic, anticorrelated
functional networks. Proceedings of the National Academy of Sciences of the United States of
America, 2005. 102(27): p. 9673-­‐9678.

20. Power, J.D., et al., Spurious but systematic correlations in functional connectivity MRI networks
arise from subject motion. NeuroImage, 2012. 59(3): p. 2142-­‐2154.

21. Killackey, H.P., et al., The relation of corpus callosum connections to architechtonic Wields and
body surface maps in sensorimotor cortex of new and old world monkeys. The Journal of
Comparitive Neurology, 1983. 219: p. 384-­‐419.

22. Kiani, R., et al., Object category structure in response patterns of neuronal population in monkey
inferior temporal cortex. Journal of Neurophysiology, 2007. 97(6): p. 4296-­‐4309.

23. Kriegeskorte, N., et al., Matching Categorical Object Representations in Inferior Temporal Cortex
of Man and Monkey. Neuron, 2008. 60(6): p. 1126-­‐1141.

24. Kriegeskorte, N., R. Cusack, and P. Bandettini, How does an fMRI voxel sample the neuronal
activity pattern: Compact-­‐kernel or complex spatiotemporal Wilter? NeuroImage, 2010. 49(3): p.
1965-­‐1976.

25. Thompson, W.K. and D. Holland, Bias in tensor based morphometry stat-­‐ROI measures may
result in unrealistic power estimates. NeuroImage, 2011. 57: p. 1-­‐4.

26. Thomas, C. and C.I. Baker, Teaching an adult brain new tricks: a critical review of evidence for
training-­‐dependent structural plasticity in humans. NeuroImage, 2012. in press.

24



List of SFIM publications since last BSC report (papers featured in BSC report are in red)

1) R. M. Birn, M. A. Smith, T. B. Jones, P. A. Bandettini, The respiration response function: the
temporal dynamics of fMRI signal Yluctuations related to changes in respiration. NeuroImage,
40, 644-­‐654 (2008)

2) J. E. Dunsmoor, P. A. Bandettini, D. A. Knight, Neural correlates of unconditioned response
diminution during Pavlovian conditioning. NeuroImage 40, 811-­‐817 (2008)

3) A. Tuan, R. M. Birn, P. A. Bandettini, G. M. Boynton, Differential transient MEG and fMRI
responses to visual stimulation onset rate. International Journal of Imaging Systems and
Technology 18, 17-­‐28 (2008)

4) R. M. Birn, K. Murphy, P. A. Bandettini, The effect of respiration variations on independent
component analysis of resting state functional connectivity. Human Brain Mapping 29,
740-­‐750 (2008)

5) P. A. Bandettini, E. Bullmore, Endogenous oscillations and networks in functional MRI, Human
Brain Mapping 29, 737-­‐739 (2008)

6) N. Kriegeskorte, NJ. Bodurka, and P. Bandettini, Artifactual time course correlations in echo-­‐
planar fMRI with implications for studies of brain function. International Journal of Imaging
Systems and Technology, 18 (5-­‐6), 345-­‐349 (2008)

7) N. Kriegeskorte, M. Mur, D. Ruff, R. Kiani, J. Bodurka, H. Esteky, K. Tanaka, P. Bandettini,
Matching categorical object representations in inferotemporal cortex of man and monkey.
Neuron 60, 1-­‐16 (2008) (2B-­‐2)

8) T. B. Jones, P. A. Bandettini, R. M. Birn, Integration of motion correction and physiological noise
regression in fMRI, NeuroImage 42, 582-­‐590 (2008)

9) K. Murphy, R. M. Birn, D. A. Handwerker, T. B. Jones, P. A. Bandettini, The impact of global
signal regression on resting state correlations: are anti-­‐correlated networks introduced?
NeuroImage 44, 893-­‐905 (2008) (1B-­‐1)

10) J. Illes, M. P. Kirschen, E. Edwards, P. Bandettini, M.K. Cho, P. J. Ford, G. H. Glover, J. Kulynych, R.
Macklin, D. B. Michael, S. M. Wolf, T. Grabowski, B. Seto, Practical approaches to incidental
Yindings in brain imaging research, Neurology, 70, 384-­‐390 (2008).

11) J. D. Van Horn, P. A. Bandettini, K. Cheng, G. F. Egan, A. Stenger, S. Strother, A. W. Toga, New
horizons for the next era of human brain imaging, cognitive, and behavioral research: paciYic
rim interactivity. Brain Imaging and Behavior 2, 227-­‐231 (2008).

12) N. Kriegeskorte, M. Mur, P.A. Bandettini, Representational similarity analysis -­‐ connecting the
branches of systems neuroscience. Frontiers in Systems Neuroscience. doi:10.3389/neuro.
06.004.2008 (2008)

25



13) P. A. Bandettini, What’s New in Neuroimaging Methods?, Annals of the NY Academy of
Sciences: The Year in Cognitive Neuroscience 2009, 260-­‐293 (2009)

14) P. T. Fox, E. Bullmore, P. A. Bandettini, J. L. Lancaster, Protecting peer-­‐review: correspondence
chronology and ethical analysis regarding Logothetis vs. Shmuel and Leopold, Human Brain
Mapping.30, 347-­‐354 (2009)

15) M. Mur, P. A. Bandettini, N. Kriegeskorte, Revealing representational content with pattern-­‐
information fMRI – an introductory guide. Social, Cognitive, and Affective Neuroscience 4,
101-­‐109 (2009).

16) D. C. Knight, J. S. Waters, P. A. Bandettini, Neural substrates of explicit and implicit fear
memory, NeuroImage, 45, 208-­‐214 (2009)

17) A. G. Thomas, S. Marrett, Z. S. Saad, D. A. Ruff, A. Martin, P. A. Bandettini, Functional but not
structural changes associate with learning: an exploration of longitudinal voxel based
morphometry (VBM). NeuroImage 48, 117-­‐125 (2009) (3B-­‐1)

18) R. M. Birn, K. Murphy, D. A. Handwerker, P. A. Bandettini, fMRI in the presence of task-­‐
correlated breathing variations, NeuroImage 47, 1092-­‐1104 (2009)

19) P. T. Fox, E. Bullmore, P. A. Bandettini, J. L. Lancaster, Editorial reply to Jackle, Human Brain
Mapping, 30: 1936-­‐1937 (2009)

20) P. A. Bandettini, Seven Topics in Functional Magnetic Resonance Imaging. Journal of
Integrative Neuroscience, J. Integr. Neurosci, 8 (3) 371 – 403 (2009)

21) D. A. Handwerker and P. A. Bandettini, Hemodynamic signals not predicted? Not so: A
comment on Sirotin and Das (2009). Followup: NeuroImage 55, 4:1409-­‐1412 (2011)

22) D. C. Knight, N. S. Waters, M. K. King, P. A. Bandettini, Learning related diminution of
unconditioned SCR and fMRI signal responses. NeuroImage 49, 843-­‐848 (2010)

23) T. B. Jones, P. A. Bandettini, L. Kenworthy, L. K. Case, S. C. Milleville, A. Martin, R. Birn, Sources
of group differences in functional connectivity: an investigation applied to autism spectrum
disorder. NeuroImage 49 (1) 401-­‐414 (2010)

24) R. M. Birn, L. Kenworthy, L. Case, R. Caravella, T. B. Jones, P. A. Bandettini, A. Martin, Neural
systems supporting lexical search guided by letter and semantic category cues: a self-­‐paced
overt response fMRI study of verbal Yluency. NeuroImage 49 (1) 1099-­‐1047 (2010)

25) M. Mur, D. A. Ruff, J. Bodurka, P. A. Bandettini, N. Kriegeskorte, Face-­‐identity change activation
outside the face system: “release from adaptation” may not always indicate neuronal
selectivity. Cerebral Cortex (2010)

26) N. Kriegeskorte, R. Cusack, P. Bandettini, How does an fMRI voxel sample the neuronal activity
pattern: compact-­‐kernal or complex spatiotemporal Yilter? NeuroImage, 49, 1965-­‐1976 (2010).
(2C-­‐1)

26



27) M. Misaki, Y. Kim, P. A. Bandettini, N. Kriegeskorte, Comparison of multivariate classiYiers and
response normalizations for pattern-­‐information fMRI. NeuroImage, 53, 103-­‐118, (2010)

28) D. A. Ruff, S. Marrett, H. R. Heekeren, P. A. Bandettini, L. G. Ungerleider, Complementary roles of
systems representing sensory evidence and systems detecting task difYiculty during perceptual
decision making. Front. Neurosci. 4:190. Doi:10.3389/fnins.2010.00190. (2010)

29) D. A. Handwerker and P. A. Bandettini, Simple explanations before complex theories:
Alternative interpretations of Sirotin and Das’ observations. NeuroImage 55, 4:1419-­‐1422
(2011)

30) J. Gonzalez-­‐Castillo, V. Roopchansingh, P. A. Bandettini, J. Bodurka, Physiological noise effects
on the Ylip angle selection in BOLD fMRI. NeuroImage 54 (4) pp. 2764 – 2778. (2011) (2B-­‐3)

31) P. A. Bandettini, R. Bowtell, P. Jezzard, R. Turner, Ultra-­‐high Yield systems and applications at
7T and beyond: progress, pitfalls, and potential. Magnetic Resonance in Medicine 67, pp.
317-­‐321 (2012)

32) S. M. Smith, P. A. Bandettini, K. L. Miller, T. E. J. Behrens, K. J. Friston, O. David, T. Liu, M. W.
Woolrich, T. E. Nichols, The danger of systematic bias in group-­‐level fMRI-­‐lag-­‐based causality
estimation. NeuroImage 59, pp. 1228-­‐1229 (2012)

33) J. Gonzalez-­‐Castillo, Z. Saad, D. A. Handwerker, P. A. Bandettini, Whole-­‐brain, time-­‐locked
activation with simple tasks revealed using massive averaging and model-­‐free analysis.
Proceedings of the National Academy of Sciences 109, 14: pp. 5487-­‐5492 (2012) (2B-­‐1)

34) C. Chu, A.-­‐L. Hsu, K.-­‐H. Chou, P. Bandettini, C.-­‐P. Lin, Does feature selection improve
classiYication accuracy? Impact of sample size and feature selection on classiYication using
anatomical magnetic resonance images. NeuroImage 60, pp. 59-­‐70 (2012)

35) D. A. Handwerker, V. Roopchansingh, P. A. Bandettini, Periodic changes in brain connectivity,
NeuroImage (in press) (2012) (1B-­‐3)

36) P. A. Bandettini, E. C. Wong, Sewer pipe, wire, epoxy, and Yinger tapping: the start of fMRI at the
Medical College of Wisconsin. NeuroImage 62, pp. 620-­‐631 (2012). .

37) P. Kundu, S. J. Inati, J. W. Evans, W.-­‐M. Luh, P. A. Bandettini, Differentiating BOLD and non-­‐
BOLD signals in fMRI time series using multi-­‐echo EPI. NeuroImage 60, pp. 1759-­‐1770 (2012)
(1B-­‐2)

38) P. A. Bandettini, Functional MRI: a conYluence of fortunate circumstances. NeuroImage 61, pp.
A3-­‐A11 (2012) .

39) M. Misaki, G. L. Wallace, N. Dankner, A. Martin, P. A. Bandettini, Characteristic cortical thickness
patterns in adolescents with autism spectrum disorders: Interactions with age and intellectual
ability revealed by canonical correlation analysis. NeuroImage 60, pp. 1890-­‐1901 (2012)

27



40) D. A. Handwerker, J. Gonzalez-­‐Castillo, M. D’Esposito, P. A. Bandettini, The continuing challenge
of understanding and modeling hemodynamic variation in fMRI. NeuroImage 62, pp. 620-­‐631
(2012).

41) J. Gonzalez-­‐Castillo, K. N. Duthie, Z. S. Saad, C. Chu, P. A. Bandettini, W.-­‐M. Luh, Effects of image
contrast on functional MRI image registration. NeuroImage (in press).

42) P. A. Bandettini, Twenty years of Functional MRI: The Science and the Stories. NeuroImage 62,
pp. 575-­‐588 (2012) .

43) W.-­‐M. Luh, S. L. Talagala, T.-­‐Q. Li, P. A. Bandettini, Pseudo-­‐continuous arterial spin labeling at
7T for human brain: estimation and correction for off-­‐resonance effects using a prescan, Magn.
Reson. Med. (in press) (3B-­‐2)

44) M. Mur, D. A. Ruff, J. Bodurka, P. De Weerd, P. A. Bandettini, N. Kriegeskorte, Categorical, yet
graded single-­‐image activation proYiles in human category-­‐selective cortical regions, The
Journal of Neuroscience, 32, pp. 8649-­‐8662 (2012)

45) Z. Yang, X.-­‐N Zuo, P. Wang, Z. Li, S. M. LaConte, P. A. Bandettini, X. P. Hu, Generalized RAICAR:
Discover homogeneous subject (sub)groups by reproducibility of their intrinsic connectivity
networks, NeuroImage (in press).

46) R. Kaplan, C. F. Doeller, G. R. Barnes, V. Litvak, E. Duzel, P. A. Bandettini, N. Burgess, Movement-­‐
related theta rhythm in humans: coordinating self-­‐directed hippocampal learning. PloS
Biology, 10, e1001267 (2012)

47) A. G. Thomas, A. Dennis, P. A. Bandettini, H. Johansen-­‐Berg, The effects of aerobic activity on
brain structure. Frontiers in Psychology, 3, 1-­‐9 (2012) (3B-­‐1)

28






