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Objective: The advent of functional MRI (fMRI) enables the identification of brain regions recruited
for specific behavioral tasks. Most fMRI studies focus on group effects in single tasks, which limits
applicability where assessment of individual differences and multiple brain systems is needed.
Method: We demonstrate the feasibility of concurrently measuring fMRI activation patterns and
performance on a computerized neurocognitive battery (CNB) in 212 healthy individuals at 2 sites.
Cross-validated sparse regression of regional brain amplitude and extent of activation were used to
predict concurrent performance on 6 neurocognitive tasks: abstraction/mental flexibility, attention,
emotion processing, and verbal, face, and spatial memory. Results: Brain activation was task
responsive and domain specific, as reported in previous single-task studies. Prediction of performance was robust for most tasks, particularly for abstraction/mental flexibility and visuospatial
memory. Conclusions: The feasibility of administering a comprehensive neuropsychological battery
in the scanner was established, and task-specific brain activation patterns improved prediction
beyond demographic information. This benchmark index of performance-associated brain activation
can be applied to link brain activation with neurocognitive performance during standardized testing.
This first step in standardizing a neurocognitive battery for use in fMRI may enable quantitative
assessment of patients with brain disorders across multiple cognitive domains. Such data may
facilitate identification of neural dysfunction associated with poor performance, allow for identification of individuals at risk for brain disorders, and help guide early intervention and rehabilitation
of neurocognitive deficits.
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A typical clinical evaluation requires assessing a range of
behavioral domains related to distinct brain systems. Traditional neuropsychological batteries are well validated, used in

diverse populations, and applied clinically to assess brain dysfunction (Benton, 1994; Kaplan, 1990; Kolb & Whishaw, 1996;
Ropper & Brown, 2005). However, these batteries are based on
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lesion studies and do not incorporate advances in functional
neuroimaging, which capitalizes on cognitive neuroscience approaches to examine brain circuitry (e.g., Davidson, Jackson, &
Kalin, 2000; D’Esposito, Kayser, & Chen, 2009; R. C. Gur,
Erwin, & Gur, 1992; R. C. Gur & Reivich, 1980; Panksepp,
1998; Posner & DiGirolamo, 2000). Tasks that were used in
functional neuroimaging studies have been adapted to computerized neuropsychological batteries that have been administered
out of the MRI scanner (R. C. Gur, Ragland, Moberg, Turner,
et al., 2001; R. C. Gur et al., 2010). The main challenge in
adapting in-scanner tasks to out-of-scanner tests is that the
former focus on activating a brain system and try to minimize
individual differences in performance, which are targeted by the
latter. Consequently, a clinical neuropsychological assessment
is currently done outside the scanner, and even when functional
MRI (fMRI) data are available on an individual, their correlation with cognitive performance is conjectural. As clinical
applications of fMRI have increased (Brown, 2007), there is
need for a battery of validated neurocognitive tests that can be
administered in the scanner, offering complementary data on
performance as it relates to regional brain activation. Normative
data exist for individual tasks (e.g., Allen & Fong, 2008a,
2008b), yet no neuroimaging study has adapted an entire neuropsychological battery for fMRI. Here, we demonstrate the
feasibility of obtaining fMRI brain activation patterns concurrent with performance of a computerized neurocognitive battery
(CNB) at two sites and how performance can be predicted by
activation patterns in healthy individuals.
Applying a systematic procedure for selecting behavioral
measures for functional imaging and adapting them to the study
of individual differences (R. C. Gur et al., 1992), we validated
a computerized battery that profiles major neurobehavioral domains: executive control, episodic memory, reasoning, social
cognition, and processing speed (R. C. Gur, Ragland, Moberg,
Turner, et al., 2001; R. C. Gur et al., 2010). This CNB has been
applied in normative samples (R. C. Gur, Ragland, Moberg,
Turner, et al., 2001; Irani et al., 2012; Silver, Goodman, Gur,
Gur, & Bilker, 2011), large-scale genetic studies (Almasy et al.,
2008; Calkins et al., 2010; R. E. Gur et al., 2007), including
children (R. C. Gur et al., 2012), and neuropsychiatric populations (Goldenberg et al., 2012; R. C. Gur, Ragland, Moberg,
Bilker, et al., 2001; Silver, Feldman, Bilker, & Gur, 2003).
Here, we describe an adaptation of the CNB to fMRI (fCNB),
designed to link brain activation to concurrent performance.
The sample size allows us to establish benchmark data in
healthy volunteers, and we use a combination of a sparseregression framework and cross-validation to provide conservative estimates of reliability and validity. We test the hypothesis that each task engages a specific brain system, and that
activation is associated with performance accuracy. Establishing a reliable link between brain activation and neurocognitive
performance during standardized testing procedures is the first
step in developing a neurocognitive battery for use in fMRI.
Such efforts may enable quantitative assessment of patients for
activation-performance associations across multiple cognitive
domains. This approach can facilitate integration of functional
neuroimaging studies with large-scale clinical and genomic
investigations of complex brain disorders.

Method
Participants
A sample of 231 subjects, 16 to 85 years old, was recruited from
local urban communities in the greater Philadelphia and Pittsburgh
areas of Pennsylvania. Participants were medically, neurologically,
and psychiatrically healthy; free of Axis I and Axis II Cluster A
disorders (American Psychiatric Association, 2000); had no firstdegree relatives with history of psychosis; and had no detectable
brain abnormalities on MRI scans. These data were collected as
part of a larger genomics project examining genetic mechanisms of
schizophrenia, which restricted sampling to Caucasian individuals
to reduce genetic heterogeneity (Gur et al., 2007). To control for
potential effects of aging, adults over the age of 65 (n ⫽ 19) were
excluded from further analysis. All participants provided informed
consent and the institutional review boards of both universities
approved the study.

Neurocognitive Tasks
A validated CNB (Calkins et al., 2007; R. C. Gur, Ragland,
Moberg, Bilker, et al., 2001; R. C. Gur, Ragland, Moberg, Turner,
et al., 2001; R. C. Gur et al., 2010, 2012; R. E. Gur et al., 2007;
Irani et al., 2012) was modified for use in fMRI (fCNB). Stimuli
and tasks were structured to allow determination of brain activity
to multiple conditions and event-related contrasts within time
constraints (hybrid design). We allotted 40 to 50 min of functional
acquisition time out of the 90-min neuroimaging session. This time
restriction also considers participants’ ability to tolerate the scanning without excessive motion. We used alternate forms to those
administered in the standard CNB, selecting items of mild to
moderate difficulty to ensure an optimal level of performance in
the scanner without confounds, while providing sufficient spread
of performance to assess individual differences. Two performance
indices were calculated for each domain: accuracy (percent correct) and speed (median response time). For quality assurance, we
required a minimum response rate of 75% on each task. In addition, performance outliers (mean ⫾ 2.5 SD) were excluded from
the analysis.
Procedures for test administration and a description of individual tests of the CNB are published (R. C. Gur, Ragland, Moberg,
Turner, et al., 2001; R. C. Gur et al., 2010, 2012). Tests were
adapted to fMRI as follows.
Abstraction and mental flexibility. The Penn Conditional
Exclusion Test (PCET) measures concept formation and flexibility. As in the CNB, each trial presents four shapes and participants
indicate the shape that does not belong. The sorting principles
change, with feedback used to develop new strategies. Stimuli
were presented for 5 s and grouped into eight trial blocks (48 s)
separated by 18-s rest periods (fixation point). Unlike the CNB,
one sorting principle was applied to each block, and the rule was
continued independent of performance until the beginning of the
next block. A total of 48 trials were presented (6 min 54 s).
Attention. The Penn Continuous Performance Test (PCPT)
uses the CNB paradigm, except that stimuli are grouped into 54-s
blocks separated by 18-s rest periods (fixation point). Each stimulus appears for 300 ms, followed by a black screen for 700 ms.
For the first three blocks, the participant is instructed to respond
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when a seven-segment display forms a digit, and for the next three
blocks when the display forms a letter (7 min 39 s).
Verbal memory. The Penn Word Memory Test presents 20
target words and the participant is asked to remember them for a
subsequent memory test (⬃3 min). A 20-min delayed recall procedure is then administered, in which the 20 target words are
mixed with 20 distractors equated for frequency, length, concreteness, and low imageability. Stimuli appeared for 3 s, followed by
a variable inter-stimulus interval (ISI) (0 to 18 s) showing a
fixation point. Participants endorsed each word as new or old (4
min 9 s).
Visuospatial memory. The Visual Object Learning Test
(Glahn, Gur, Ragland, Censits, & Gur, 1997) uses 20 Euclidean
shapes as stimuli, with the same paradigm as the verbal memory
test (4 min 9 s).
Face memory (FMEM). In efforts to economize on time,
instead of using the same neutral faces as in the standard CNB face
memory test, we sought to capitalize on the faces presented during
the emotion processing task (see next section). Thus, FMEM was
measured by presenting the 30 digitized faces used during the
emotion processing task and 30 distractors equated for age, gender,
and ethnicity at 20-min delay (6 min 33 s). Unlike the standard
version (R. C. Gur, Ragland, Moberg, Turner, et al., 2001; R. C.
Gur et al., 2010), participants were not told to remember the faces
when they rated their emotional expressions, and therefore this
task measures incidental learning aspects of episodic memory. All
faces were shown with neutral expression during the recognition
phase. Stimuli appeared for 3 s, followed by a variable ISI (0 to 18
s) with a crosshair fixation point. Participants endorsed each face
as new or old.
Emotion processing. The emotion identification task (R. C.
Gur et al., 2002, 2010) presents facial displays of four emotions
(happy, sad, anger, and fear) and neutral faces in a fast eventrelated sequence. The participant selects the appropriate descriptor
(out of five). Six trials (3-s duration) of each emotion are presented, followed by a variable length (0 to 18 s) crosshair fixation
point. The faces are balanced for sex and ethnicity, and order of
presentation is pseudorandomized. Participants are not told that
they would be asked to recognize these faces later. A total of 30
faces were presented (4 min 30 s).
The fCNB was administered in a fixed order. Total administration time of the fCNB is approximately 55 min, including brief rest
periods between tasks.

fMRI Testing Procedures
Participants completed a brief practice task to familiarize themselves with the pace of the tasks and use of the response device, a
custom designed scroll-wheel fiber-optic response panel (fORP;
Current Designs, Inc., Philadelphia, PA) that allowed both cursor
movements in one axis (rotating wheel) and response selection
(depressing wheel). Earplugs were used to reduce scanner noise,
and the participant’s head was secured by foam-rubber restraints
mounted on the head coil. Stimuli were rear-projected to the center
of the visual field using a PowerLite 7300 video projector (Epson
America, Inc.; Long Beach, CA) and viewed through a head coil
mounted mirror. At project initiation, the research teams at the two
sites participated in a 3-day workshop to standardize ascertainment, screening, assessment, consensus diagnosis, reliability, neu-
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rocognitive testing, and imaging procedures to ensure cross-site
consistency.

fMRI Data Acquisition
Blood oxygen level-dependent (BOLD) fMRI was acquired
with Siemens Tim Trio 3T (Erlangen, Germany) systems using a
whole-brain, single-shot gradient echo planar sequence with the
following parameters: repetition time/echo time ⫽ 3000/35 ms;
field of view ⫽ 220 ⫻ 220 mm; matrix ⫽ 64 ⫻ 64; flip angle ⫽
70 degrees; slice thickness/gap ⫽ 3/0 mm; 50 slices; effective
voxel resolution of 3.44 ⫻ 3.44 ⫻ 3.0 mm. Radio frequency
transmission used a quadrature body coil and reception used an
eight-channel head coil. Prior to BOLD fMRI, 5-min
magnetization-prepared, rapid acquisition gradient echo T1weighted (MPRAGE) image (repetition time ⫽ 1,680 ms; echo
time ⫽ 4.67 ms; field of view ⫽ 180 ⫻ 240 mm; matrix ⫽ 192 ⫻
256; flip angle ⫽ 15 degrees; effective voxel resolution of 0.96 ⫻
0.96 ⫻ 1 mm) was acquired for anatomic overlays of functional
data and to aid spatial normalization to a standard atlas space. The
fMRI data acquisition protocol was identical at both sites.
Quality assurance was performed to identify potential site differences in scanner performance. Scan quality was similar across
sites (see Methods in the supplemental material), including no
difference in mean relative head motion (see Figure 1 in the
supplemental material) for any task (all ps ⬎ .14). Singleparticipant analyses of fMRI data were performed with fMRI
Expert Analysis Tool, Version 5.98, part of FSL 4.16 (FMRIB’s
Software Library; www.fmrib.ox.ac.uk/fsl). Images were slicetime corrected, motion corrected to the median image using a
trilinear interpolation with six degrees of freedom (Jenkinson,
Bannister, Brady, & Smith, 2002), high-pass filtered (100 s),
spatially smoothed (6 mm FWHM, isotropic), and grand-mean
scaled using mean-based intensity normalization. FSL’s brain extraction tool (Smith, 2002) was used to remove nonbrain areas.
The median functional and anatomical volumes were coregistered
and transformed into the standard anatomical space (T1 NMI
template, voxel dimensions of 2 ⫻ 2 ⫻ 2 mm) using trilinear
interpolation. Participant-level time-series statistical analysis was
carried out using FMRIB’s Improved Linear Model (FILM) with
local autocorrelation correction (Woolrich, Ripley, Brady, &
Smith, 2001). For each task, condition events were modeled in the
general linear model after convolution with a canonical hemodynamic response function and its temporal derivative. Six rigid body
movement parameters were included in the models as nuisance
covariates. Resulting contrast images revealing task-dependent
activation relative to fixation baseline were normalized and entered into group-level analyses.

Region-of-Interest (ROI) Analysis
ROI analyses complemented the group-level analysis. They
allow examination of regions activated at the group level through
reliable measurement of variability. This reliability is particularly
important, given our objective of identifying reliable brain activation patterns that predict neurocognitive performance. An ROI
approach was chosen, rather than voxelwise correlations, because
regional activation patterns are more reproducible across sites,
techniques, and subjects (Casey et al., 1998; Tegeler, Strother,
Anderson, & Kim, 1999).
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ROI analysis for each fCNB task was guided by the group-level
functional statistical map (e.g., Allen & Fong, 2008a). Each participant’s MPRAGE and fMRI statistical maps were coregistered
and normalized to standard space using the Montreal Neurological
Institute brain. The task contrast maps computed for each participant were entered into a second-level whole-brain analysis in
which the one-sample t test was performed to identify regions
showing significant brain activity for task compared with baseline.
Resulting statistic images were thresholded using GRF-theorybased maximum height thresholding, with a corrected significance
threshold of p ⫽ .0001 (Worsley, 2001). The corrected image was
then masked using the Harvard-Oxford Structural Atlas with FSL
to identify anatomical atlas defined ROIs that were significantly
activated by the group (see Methods in the supplemental material).
Data was extracted for all anatomical regions that were taskactivated at the group level (Allen & Fong, 2008a). Magnitude of
activity (mean percent signal change from baseline [%act]) and
spatial extent (percent of activated voxels [%ext]) were extracted
for all ROIs. Both %act and %ext values were used as independent
variables in prediction models of in-scanner task performance.
ROIs that activated less than two voxels were not included in the
prediction analysis. Task performance accuracy was normalized
using an arcsine transformation during predictive analysis to mitigate potential performance ceiling effects.
Prior to predictive analyses, data was excluded for the following: (a) invalid/poor behavioral response rate (⬍75%), (b) incomplete scan data, (c) poor scan quality assessment, or (d) poor
behavioral performance. A breakdown of the number of subjects
excluded per task is detailed in Table 1.

Prediction Model Analysis
There were two goals for the regression analysis: (a) to make a
valid prediction of behavior for a particular individual from the
independent brain regions (prediction model [PM]); and (b) to
understand the association between behavior and brain activation
in our current sample (association model [AM]). A sparse regression was used to build the PMs, and a tenfold cross-validation
procedure ensured the generalizability of these models. AMs were
derived by choosing the variables (ROIs) from the PMs. These
AMs were then used to compare the ability of brain activation
amplitude or extent to explain variability in performance in our
cohort.

Brain–Performance Prediction
Independent determinants of in-scanner accuracy scores were
ascertained using the least absolute shrinkage and selection operator (LASSO) method of variable selection (Efron, Hastie, Johnstone, & Tibshirani, 2004) with tenfold cross-validation. LASSO is
a shrinkage and selection method that minimizes the residual sum
of squares, with a bound on the sum of absolute values of the
coefficients. It can estimate a sparse model that has strong theoretical properties (Tibshirani, 1996). Model selection was
achieved by minimizing the cross-validated predicted residual
error sum of squares (CVPRESS) after the addition of each
predictor (e.g., ROI). This combined approach was used to
reduce the number of independent variables into a smaller set
reliably associated with outcome. A schematic of the analysis
pipeline is shown in Figure 1.
The amplitude (%act) and extent (%ext) of brain activation were
used to predict performance in three separate multivariate linear
regression models (MLMs) for each fCNB task. The first and
second MLM models (PM1, PM2) included %act and %ext, respectively, from identified task active ROIs with additive ROI
effects. The third model (PM3) combined additive effects from
both %act and %ext. Site of collection may influence the prediction of performance; thus, it was adjusted for in each model. We
tested age, education, and gender effects on performance of each
task prior to using brain activation patterns to predict performance.
Demographic factors that were significant were used in subsequent
AMs. Age was significant for each task, but education and gender
were not. Thus, only age was carried forward into the AM and PM
models.
The LASSO variable selection method with tenfold crossvalidation, as implemented in the SAS GLMSELECT procedure
(SAS release 9.2; Cary, NC), was used for all models. The
LASSO variable selection method used the L1 penalty on the
regression coefficients to produce sparse models at each step.
Then, for each sparse model, a tenfold cross-validation was
performed. The cross-validation created 10 random subsamples
of the original data set. Nine of these subsamples were then
combined to create the training data set. The remaining subsample was retained to validate the prediction of the training
data set. This process was then repeated 10 times. The model
that yielded the smallest CVPRESS statistic was then selected
as the final PM. Additionally, CVPRESS and the R-squared

Table 1
Explanation of Participant Exclusion on a Task-by-Task Basis
MRI QA (⫾ 2 SD)

Behavior (⫾ 2.5 SD)

Task

Poor response
rate (⬍75%)

Scan
incomplete

Low SNR

High motion

High drift

High spike

Accuracy

Speed

Final n

Abstraction/Mental flexibility
Attention
Verbal memory
Visuospatial memory
Face memory
Emotion identification

9
4
8
2
9
16

10
11
10
13
15
8

9
3
9
3
4
3

3
9
1
12
3
3

6
2
4
4
3
5

0
1
2
1
0
0

0
6
0
3
0
4

0
0
1
1
0
1

175
176
177
173
178
172

Note. Initial sample size was 231. Nineteen participants over the age of 65 were excluded. There was no systematic exclusion based upon site. QA ⫽
quality assessment; SNR ⫽ signal-to-noise.
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A.

B.

Whole Brain Task Activation
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Anatomical ROI parcellation

14

4

Z

L

L

C. Variable Selection and Cross Validation using LASSO and k-folds for performance prediction
Brain activation patterns (1) and demographics (2) used to predict fCNB performance (3) on each task

(1)

Percent Signal Change (% act)

Acvaon Extent (% ext)

Anterior Cingulate

Frontal Operculum

Central Operculum

Fusiform Gyrus

Frontal Operculum

Inferior Frontal Gyrus

Frontal Operculum

Medial Frontal Gyrus

Inferior Frontal Gyrus

Posterior Cingulate

Insula

Supramarginal Gyrus

(2) Demographics
Age
Gender
Education
Site

(3) Task Performance

D. Brain-Performance Prediction

E.

Brain Performance Association

LASSO-CV Variables Selected

1.15

Anterior Cingulate (% act)

1.05

Central Operculum (% act)

0.95

Frontal Operculum (% ext)

0.85

Inferior Frontal Gyrus (% act)

0.75

Insula (% act)

0.65

Superior Parietal Lobe (% act)
Hippocampus (% ext)
Lingual Gyrus ( % act)
CVPRESS= 3.31; R2=0.56

Model is selected based upon
minimizing cross-validated
predicted residula sums of
squares (CVPRESS).

Regions selected in LASSO model
used for Association*

0.55

Measured Value
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Harvard-Oxford Atlas

0.45
0.35
0.35

Predicted Value
0.45

0.55

0.65

0.75

0.85

0.95

1.05

1.15

1.25

*Anatomical regions selected,
not beta values

Figure 1. Schematic of the analysis pipeline. Whole-brain activation maps (A) were parsed using the
Harvard-Oxford Structural Atlas (B), with some modifications (see online supplemental methods). Brain activity
and extent of activity were extracted for each region. These values were used in a variable selection step using
a tenfold cross-validated sparse regression (LASSO) and used along with demographic variables (C) to predict
performance on six neurocognitive tasks. Models were built with the regions of interest that best predicted
performance in the CV-LASSO approach (D), and sample specific associations between predicted performance
and actual performance on each task were estimated using the selected regions of interest.
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Table 2
Participant Characteristics and Performance for the Functional Computerized Neurocognitive Battery (fCNB) for All Participants
Across the Two Data Collection Sites (University of Pennsylvania and University of Pittsburgh)
Task

Site

n

Sex (M/F)

Age (years)

Education
(years)

fCNB accuracy
mean (SD)

fCNB speed
mean (SD)

Abstraction/Mental flexibility

Pitt
Penn
Pitt
Penn
Pitt
Penn
Pitt
Penn
Pitt
Penn
Pitt
Penn

88
87
91
85
89
88
87
86
88
90
87
85

42/46
38/49
42/49
40/45
38/51
39/49
40/47
40/46
40/48
42/48
41/46
39/46

35.00 (12.95)
35.82 (13.53)
35.64 (12.95)
35.95 (13.75)
35.60 (12.76)
36.03 (13.84)
35.56 (12.85)
35.67 (13.64)
35.73 (12.87)
36.72 (14.08)
34.09 (12.30)
34.60 (13.27)

14.94 (2.90)
15.52 (2.25)
15.23 (2.32)
15.47 (2.88)
15.37 (2.46)
15.36 (2.31)
15.08 (2.92)
15.35 (2.21)
15.06 (2.93)
15.38 (2.35)
15.38 (2.42)
15.31 (2.17)

73.25 (14.82)
70.98 (16.58)
97.26 (0.40)
97.32 (0.50)
76.05 (8.37)
78.01 (9.41)
72.31 (9.57)
74.06 (10.23)
61.51 (7.00)
61.18 (6.32)
90.74 (5.75)
92.34 (6.01)

2083 (413)
2109 (469)
471 (45)
466 (46)
1538 (216)
1546 (221)
1645 (210)
1611 (231)
1658 (206)
1672 (193)
1858 (170)
1859 (182)

Attention
Word memory
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Visuospatial memory
Face memory
Emotion identification

Note. Accuracy is presented in percent correct. Speed is present in milliseconds. There were no differences in sex composition, age, education, fCNB
accuracy, or fCNB speed across site. M ⫽ male; F⫽ female.

statistic were calculated for all the 10 folds of the chosen model
(see Table 3 in supplemental material).

Results
Neurocognitive Performance

Brain–Performance Association
To assess association between brain regions and performance in
our sample, six separate multiple linear regression models were fit
to the data with performance as an outcome. The first model
(AM1) was a simple linear model consisting of age and site.
The second model (AM2) was built using age and ROIs from
Model PM1 that were selected using a cross-validated LASSO
(CV-LASSO) approach. Similarly, the third (AM3) and fourth
(AM4) models were built using age and ROIs from PM2 and
PM3, respectively.
Given the potential for a large number of predictors in the
combined model (AM4), a principal component analysis (PCA)
was performed as a complementary approach to further reduce the
number of independent predictors. Principal components from
AM4 that contributed to 80% of the variability were selected as
independent predictors in an MLM model (AM5). Finally, given
that each task engaged similar brain regions, we defined a sixth
model (AM6), based on the common region across three or more
tasks. The proportion of variance, as measured by cross-validated
R-squared and adjusted R-squared, was calculated for all four
predictive models. Age and site were adjusted for in all of the
models.
All models were assessed using the Akaike information criterion (AIC), in which AIC ⫽ ⫺2 ⫻ log(likelihood of the
model) ⫹ 2 ⫻ parameters. AIC provides a relative goodness of
fit estimate for different models when applied to the same data.
A model with minimal AIC attempts to find an optimal compromise between model fit (large likelihood) and model complexity (parsimonious model). In addition, to compare performance across models, we report the R-squared and the adjusted
R-squared values that were used to assess the amount of explained variance within the models.

Performance data are presented in Table 1. The fCNB was
completed by most participants and yielded valid data for about
82% of test sessions. Except for the face memory test, which, in
the fCNB, was implemented using a new incidental-learning
paradigm, performance on the fCNB was comparable with
previously reported standard CNB normative data (R. C. Gur et
al., 2010). There were no statistically significant differences
between sites for accuracy or speed on the fCNB (see Table 2).
Pearson correlations across the fCNB tests are presented in
Table 3. Like the standard CNB (R. C. Gur et al., 2010), the
fCNB measures were more highly correlated for speed than for
accuracy. There were higher correlations for memory measures
(word memory, spatial memory, face memory), whereas other
correlations ranged from low to moderate. These correlations
support the construct validity of the functionally adapted neu-

Table 3
Pearson Correlations for Accuracy and Speed for All Subjects
(n ⫽ 126) That Completed All Six Tasks of the fCNB Battery
Accuracy/
Speed

ABF

ABF
ATT
VMEM
SMEM
FMEM
EMO

0.13
0.49ⴱⴱ
0.42ⴱⴱ
0.45ⴱⴱ
0.49ⴱⴱ

ATT
0.18ⴱ
0.23ⴱⴱ
0.29ⴱⴱ
0.35ⴱⴱ
0.20ⴱ

VMEM
0.15
0.14
0.60ⴱⴱ
0.61ⴱⴱ
0.39ⴱⴱ

SMEM

FMEM

EMO

0.36ⴱⴱ
0.25ⴱⴱ
0.29ⴱⴱ

0.18ⴱ
0.04
0.19ⴱ
0.06

0.21ⴱ
0.09
0.25ⴱⴱ
0.18ⴱ
0.05

0.60ⴱⴱ
0.39ⴱⴱ

0.35ⴱⴱ

Note. Data above the diagonal are for accuracy; data below the diagonal
are for speed. fCNB ⫽ functional computerized neurocognitive battery;
ABF ⫽ abstraction/mental flexibility; ATT ⫽ attention; VMEM ⫽ verbal
memory; SMEM ⫽ visuospatial memory; FMEM ⫽ face memory;
EMO ⫽ emotion.
ⴱ
p ⬍ .05. ⴱⴱ p ⬍ .01.
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rocognitive battery, which aims to isolate dimensionally narrow
constructs.

Functional Brain Analysis

found in similar studies. For a complete summary across each
task, see Table 2 in the supplemental material. Group-level
whole-brain activation (see Figure 2) is briefly described for
each task.
Abstraction and mental flexibility. Consistent with the involvement of frontal regions in other fMRI studies (Adler et al.,
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Group-level BOLD activation. Group-level activation was
robust for each task and was highly consistent with patterns
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Figure 2. Whole-brain task activation for each fCNB task. Group-level activation was robust for each task and
was highly consistent with expected domain-specific activation.
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2001; Marenco, Coppola, Daniel, Zigun, & Weinberger, 1993),
the PCET reliably engaged frontal ROIs, in addition to temporal, parietal, and occipital regions at the group level (Figure
2A).
Attention. The PCPT, measuring vigilance, was associated
with activation of the frontal-parietal network, as confirmed in the
whole-brain group analysis (Figure 2B).
Episodic memory: Verbal, visuospatial, and face memory.
These declarative memory tasks and the incidental-learning task
examine the main visual modalities in a delayed recognition format. Consistent with previous studies (R. C. Gur et al., 1997;
Jackson & Schacter, 2004), these tasks activated frontal and bilateral anterior medial temporal lobe regions (Figure 2C through E).
Emotion identification. Like previous studies (Derntl et al.,
2008; Gunning-Dixon et al., 2003; R. C. Gur et al., 2002; Moser et
al., 2007), the emotion identification task activated temporolimbic
regions, including the fusiform gyrus, amygdala, and insular cortex
(Figure 2F).

Brain–Performance Prediction Results (LASSO
and CV)
Results from the CV-LASSO regressions are presented in Table
4, and the ROIs used for prediction are listed for each fCNB task
in Table 5. Overall, the combined model (% act ⫹ % ext) was the
most effective in predicting performance during abstraction/mental

Table 4
Tenfold, Cross-Validated LASSO Results for Predicting
Performance in Each fCNB Task
Model
Abstraction/Mental flexibility
PM1 (%act)
PM2 (%ext)
PM3 (%act ⫹ %ext)
Attention
PM1 (%act)
PM2 (%ext)
PM3 (%act ⫹ %ext)
Verbal memory
PM1 (%act)
PM2 (%ext)
PM3 (%act ⫹ %ext)
Face memory
PM1 (%act)
PM2 (%ext)
PM3 (%act ⫹ %ext)
Visuospatial memory
PM1 (%act)
PM2 (%ext)
PM3 (%act ⫹ %ext)
Emotion identification
PM1 (%act)
PM2 (%ext)
PM3 (%act ⫹ %ext)

CVPRESS

R2

Predictors

4.13
4.94
3.57

.48
.41
.55

24
19
35

3.93
3.73
3.59

0.12
0.17
0.42

8
7
44

3.40
3.44
3.33

0.12
0.16
0.16

9
20
18

1.24
1.24
1.15

0.13
0.06
0.19

18
10
30

3.10
2.90
2.69

0.08
0.18
0.58

5
13
62

3.66
3.63
3.18

0.12
0.06
0.27

10
10
31

Note. PM1, PM2, and PM3 indicate the predictive ability of %act, %ext,
and the combination of the two, respectively. CVPRESS, R2, and the
number of predictors are presented for the LASSO selected model.
LASSO ⫽ least absolute shrinkage and selection operator; fCNB ⫽ functional computerized neurocognitive battery; CVPRESS ⫽ cross-validated
predicted residual error sum of squares; %act ⫽ mean percent signal
change from baseline; %ext ⫽ percent of activated voxels.

flexibility, attention, and visuospatial memory, but the performance of these cross-validated models were more modest for
verbal memory, face memory, and emotion processing (see Table
3 in the supplemental material). The combined model explained
the most variance in all fCNB tasks in the cross-validated models.

Brain–Performance Association Results
ROIs from each cross-validation sparse regression were tested
in the AMs (see Figure 3 for summary). The predictive ability of
age and site are shown in model AM1. These variables explained
a minimal percentage of variance in each model. Adding brain
activation (AM2) or extent (AM3) improved prediction over and
above that of using only demographic information. The CVLASSO results show that the combined model (AM4) of amplitude
and extent predicted performance with the highest accuracy. Prediction was best in abstraction/mental flexibility, followed by
visuospatial memory, attention, face memory, verbal memory, and
emotion processing. A PCA (AM5) of the ROIs from AM4 resulted in moderate predictive ability, but the results were poorer
than AM4 in each of the six tasks. Using regions that were
commonly engaged (amplitude or extent) in three or more fCNB
tasks (AM6; regions listed in Table 6) resulted in moderate predictive ability, but the results were also poorer than AM4.

Discussion
The present study is a step toward attaining the next generation
of neuropsychological testing that will combine rigorous assessment of a neurobehavioral profile concomitant with brain activation. We show, in a healthy sample, the feasibility of using an
fMRI-ready computerized battery to measure neurocognitive brain
function, and illustrate the use of brain activation to predict performance. Supporting feasibility, most participants completed the
in-scanner battery, providing complementary behavioral and neuroimaging data across two sites. In-scanner neurocognitive performance was similar to previous reports of the standard test battery
(R. C. Gur et al., 2010). Likewise, task-specific brain activation
demonstrated effects corresponding to previous work (e.g., Adler
et al., 2001; Derntl et al., 2008; Gunning-Dixon et al., 2003; R. C.
Gur et al., 1997, 2002, 2010; R. E. Gur et al., 2007; Jackson &
Schacter, 2004; Leitman et al., 2011; Marenco et al., 1993; Moser
et al., 2007; Pinkham et al., 2011; Satterthwaite et al., 2010).
Importantly, activation patterns predicted performance. Prediction
of performance was robust for abstraction/mental flexibility, attention, and visuospatial memory, and was more modest for verbal
memory, face memory, and emotion processing. The results establish a normative index of performance-associated brain activation that can be applied across an entire CNB. Cross-validated ROI
analysis indicated that using task-specific brain activation patterns
improves performance prediction beyond demographic information, including age, education, and gender. Moreover, task-specific
activation was a better predictor than using global activation
patterns that are common across many of the fCNB tasks.
Performance on the fMRI-ready computerized battery can also
be used as a normative database for comparison with clinical
populations. Correlations among individual tasks are generally
higher for response time than for accuracy, a pattern similar to the
standard version of the CNB (R. C. Gur et al., 2010). The highest
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Table 5
Regions of Interest (%Act and %Ext) Used to Predict Performance in Each Task
Activation

Hemi

PE

Attention
Amygdala
Angular gyrus
Caudate
Caudate
Frontal pole
Inferior frontal gyrus
Inferior temporal gyrus
Lateral occipital cortex
Pallidum
Planum polare
Precentral gyrus
Planum temporale
Putamen
Supramarginal gyrus
Superior parietal lobe
Thalamus
Temporal-occipital fusiform
Temporal pole

R
L
L
R
R
L
L
R
R
L
R
R
R
R
R
L
L
L

⫺0.08
⫺0.10
⫺0.08
⫺0.007
⫺0.04
⫺0.01
0.03
0.12
0.07
⫺0.05
0.002
0.02
0.006
0.06
0.003
⫺0.06
0.04
0.03

—

⫺0.21

L
L
R
L
R
L
L
R
L
L
R
R
R
L
R
L
L
R
R
R
L
L
R
L
L
L
R
L

⫺0.12
0.12
⫺0.03
⫺0.24
⫺0.07
0.03
0.05
0.02
0.13
⫺0.03
0.10
⫺0.03
0.03
⫺0.09
⫺0.03
⫺0.06
0.13
⫺0.04
0.01
0.10
0.02
⫺0.02
0.001
⫺0.03
0.04
0.03
0.001
⫺0.03

Intercept
Visuospatial memory
Anterior cingulate
Amygdala
Angular gyrus
Caudate
Central operculum
Cuneous
Frontal pole
Inferior frontal gyrus
Insula
Juxtapositional lobe
Lateral occipital cortex
Lingual gyrus
Middle frontal gyrus
Orbitofrontal cortex
Orbitofrontal cortex
Occipital pole
Pallidum
Paracingulate
Parahippocampus
Posterior cingulate cortex
Putamen
Superior frontal gyrus
Superior frontal gyrus
Superior parietal lobe
Supramarginal gyrus
Temporal occipital fusiform
Temporal occipital fusiform
Temporal pole

Extent

Hemi

PE

Amygdala
Angular gyrus
Frontal operculum
Fusiform gyrus
Hippocampus
Inferior temporal gyrus
Juxtapositional lobe
Lateral occipital cortex
Lingual gyrus
Middle temporal gyrus
Orbitofrontal cortex
Orbitofrontal cortex
Paracingulate
Planum polare
Planum temporale
Precentral gyrus
Postcentral gyrus
Putamen
Supramarginal gyrus
Temporal fusiform
Temporal fusiform
Thalamus
Temporal-occipital fusiform
Temporal-occipital fusiform
Temporal pole

L
L
R
R
L
R
L
R
R
R
L
R
R
L
R
R
R
L
R
L
R
L
L
R
L

⫺0.02
0.02
⫺0.005
0.03
⫺0.002
⫺0.10
0.16
0.10
⫺0.03
⫺0.04
0.01
0.03
⫺0.12
0.02
⫺0.004
⫺0.02
⫺0.13
⫺0.004
0.07
⫺0.02
0.10
⫺0.02
0.04
⫺0.03
0.04

Anterior cingulate
Amygdala
Angular gyrus
Angular gyrus
Caudate
Central operculum
Cuneous
Frontal operculum
Frontal pole
Frontal pole
Inferior frontal gyrus
Inferior temporal gyrus
Insula
Juxtapositional lobe
Lateral occipital cortex
Lingual gyrus
Lingual gyrus
Middle frontal gyrus
Middle temporal gyrus
Occipital pole
Occipital pole
Pallidum
Posterior cingulate cortex
Postcentral gyrus
Precuneous
Superior frontal gyrus
Superior frontal gyrus
Supramarginal gyrus
Temporal fusiform
Temporal fusiform
Temporal occipital fusiform
Temporal pole
Temporal pole
Thalamus

L
L
L
R
R
L
L
R
L
R
R
R
R
R
L
L
R
R
R
L
R
R
R
L
R
L
R
R
L
R
R
L
R
R

0.10
⫺0.04
⫺0.07
⫺0.02
0.06
⫺0.03
0.09
0.05
0.04
⫺0.20
0.03
0.05
⫺0.12
0.005
0.30
⫺0.02
0.06
⫺0.08
⫺0.08
⫺0.21
⫺0.20
0.02
0.05
⫺0.04
0.01
0.06
0.14
0.09
0.08
⫺0.11
0.04
⫺0.03
⫺0.04
0.06
(table continues)
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Table 5 (continued)
Activation

PE

Extent

Hemi

PE

—

⫺0.11

Abstraction/Mental flexibility
Amygdala
Caudate
Central operculum
Central operculum
Frontal operculum
Frontal pole
Hippocampus
Inferior frontal gyrus
Intracalcarine cortex
Juxtapositional lobe
Lingual gyrus
Lingual gyrus
Middle temporal gyrus
Paracingulate
Posterior cingulate cortex
Precuneous
Temporal pole
Intercept

R
L
L
R
L
R
L
L
L
R
L
R
L
L
L
R
L
—

0.004
⫺0.16
0.23
0.03
⫺0.25
⫺0.08
0.07
⫺0.05
⫺0.002
0.03
⫺0.006
0.04
⫺0.02
⫺0.24
0.20
⫺0.02
0.02
⫺0.19

Angular gyrus
Angular gyrus
Hippocampus
Hippocampus
Inferior frontal gyrus
Inferior frontal gyrus
Intracalcarine cortex
Lingual gyrus
Lingual gyrus
Middle frontal gyrus
Middle temporal gyrus
Occipital pole
Pallidum
Posterior cingulate cortex
Supramarginal gyrus

L
R
L
R
L
R
L
L
R
R
L
L
R
L
R

0.03
0.03
0.09
0.006
⫺0.006
0.015
⫺0.02
⫺0.005
⫺0.03
⫺0.02
0.02
0.24
⫺0.03
0.07
0.11

Face memory
Angular gyrus
Caudate
Fusiform gyrus
Heschl’s gyrus
Inferior frontal gyrus
Inferior temporal gyrus
Insula
Lingual gyrus
Middle temporal gyrus
Orbitofrontal cortex
Parahippocampus
Precentral gyrus
Superior frontal gyrus
Superior frontal gyrus
Superior parietal lobe
Supramarginal gyrus
Intercept

R
R
R
L
R
L
R
R
L
R
L
R
L
R
R
R
—

0.004
⫺0.02
0.01
0.03
0.02
0.01
0.03
⫺0.03
0.005
⫺0.02
0.05
0.01
⫺0.02
⫺0.01
0.02
⫺0.02
⫺0.02

Anterior cingulate
Caudate
Hippocampus
Inferior frontal gyrus
Lateral occipital cortex
Pallidum
Pallidum
Posterior cingulate
Superior parietal lobe
Supramarginal gyrus
Temporal fusiform
Temporal occipital fusiform
Temporal occipital fusiform
Temporal pole

R
R
L
R
L
L
R
L
L
L
L
L
R
R

0.002
0.001
⫺0.04
⫺0.009
0.05
⫺0.01
0.04
0.005
⫺0.03
⫺0.006
0.001
0.003
0.001
⫺0.03

Emotion identification
Amygdala
Angular gyrus
Angular gyrus
Caudate
Inferior temporal gyrus
Insula
Insula
Heschl’s gyrus
Precentral gyrus
Paracingulate
Parietal operculum
Superior frontal gyrus
Superior parietal lobe
Thalamus

L
L
R
R
R
L
R
L
L
L
R
L
R
R

0.006
0.02
0.12
⫺0.005
⫺0.002
⫺0.11
⫺0.008
⫺0.07
0.04
⫺0.09
0.10
⫺0.001
⫺0.05
⫺0.04

Amygdala
Caudate
Cuneous
Frontal operculum
Frontal pole
Inferior frontal gyrus
Juxtapositional lobe
Juxtapositional lobe
Middle temporal gyrus
Paracingulate
Posterior cingulate
Postcentral gyrus
Putamen
Superior frontal gyrus
Supramarginal gyrus
Temporal pole
Thalamus

L
L
R
L
L
R
L
R
L
R
L
L
L
R
L
L
L

0.02
0.07
⫺0.009
⫺0.01
0.005
0.03
⫺0.08
⫺0.005
0.03
⫺0.07
0.03
0.14
⫺0.08
0.05
⫺0.04
⫺0.02
⫺0.04

—

0.07

L
R
L

0.05
0.008
0.04

Central operculum
Inferior frontal gyrus
Inferior temporal gyrus

L
R
R

⫺0.004
0.03
⫺0.02

Intercept
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Hemi

Intercept
Verbal memory
Angular gyrus
Angular gyrus
Inferior frontal gyrus
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Table 5 (continued)
Activation
Inferior temporal gyrus
Insula
Orbitofrontal cortex
Supracalcarine cortex
Superior frontal gyrus
Superior temporal gyrus
Temporal fusiform
Intercept
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Note.

Hemi

PE

R
L
R
L
R
L
L
—

⫺0.02
⫺0.01
⫺0.09
0.09
⫺0.03
0.05
0.03
⫺0.01

Extent
Middle frontal gyrus
Occipital pole
Posterior cingulate
Superior frontal gyrus
Temporal occipital fusiform

Hemi

PE

R
R
R
R
L

⫺0.05
⫺0.003
0.004
⫺0.03
0.04

Hemisphere of activation, intercept, and parameter estimates are indicated for each task. HE ⫽ hemisphere; PE ⫽ parameter estimate.

correlations were between verbal, visuospatial, and face memory
response time. These tasks measures episodic memory performance and their correlations add to the construct validity of the
neuroimaging battery. Although many correlations are significant
across tasks, the low magnitude of these correlations suggests that
each task measures a distinct domain. The more robust correlations
in response time may be indicative of trait-like patterns. Our
behavioral results should generalize to other healthy cohorts, as
there were no significant differences in neurocognitive performance between two sites. Notably, participants were recruited
under similar procedures from two relatively close geographic
locations (Philadelphia and Pittsburgh). Test–retest reliability remains to be established in this version of the CNB, and its
comparability with the standard CNB should be further examined.
The computerized format offers multiple advantages over traditional measures, but, most importantly, allows for inclusion of
fMRI in multisite studies.
Task activation patterns were consistent with previous studies
and each task engaged a distinct distributed network. The PCET
task, designed to measure abstraction and concept formation
(Kurtz, Ragland, Moberg, & Gur, 2004), showed the strongest
effects in the PMs. As hypothesized, this task robustly activated
prefrontal cortical (PFC) regions (Adler et al., 2001; Marenco et
al., 1993). Furthermore, our cross-validated predictive analysis
(PM3; R2 ⫽ 0.55) indicated that significant predictors of performance during PCET task localized to the PFC and contributed
beyond those regions engaged across most fCNB tasks. Moreover,
this network of regions was highly predictive of performance in
our sample (AM4; r ⫽ .77), and these effects were beyond the
prediction achieved using demographic information. Other tasks
showed similar effects of predicting performance, albeit the magnitude of prediction was smaller.
It appears that these tasks, which tap specific cognitive domains,
also share neural processes and consequently induce overlapping
activation patterns. There were 12 regions of amplitude and 16
regions of extent activation that were common in at least three
fCNB tasks. Using these regions (AM6; regions listed in Table 6)
resulted in moderate predictive ability, but it was poorer than using
both amplitude and extent. This overlap suggests that a common
neural activation pattern is engaged during many cognitive processes, a finding common to studies of complex cognition (Biswal,
Yetkin, Haughton, & Hyde, 1995; Fox & Raichle, 2007; van den
Heuvel, Mandl, Stam, Kahn, & Hulshoff Pol, 2010). However,
overlapping activation does not indicate that a region has the same
functional role across tasks (Cabeza & Nyberg, 2000). It is likely
the demands on each region depend on the global network activa-

tion necessary for task performance (McIntosh, 2000, 2004). Our
data support this possibility, given the increase in predictive capability using task-specific regions compared with using regions
active during multiple fCNB tasks (AM4 ⬎ AM6 for most tasks);
a pattern that held when using the results of a PCA analysis. This
pattern of results suggests that using combined amplitude and
extent of activation measures may provide novel insights into the
fundamental organization of neurocognitive performance.
In the current analysis, we combined the amplitude of activation
and its spatial extent in the prediction of performance. The amplitude of activation is most commonly used to estimate brain activation (Poldrack, Mumford, & Nichols, 2011), and most studies
report this metric with respect to neurocognitive function. Spatial
extent is less often reported due to methodological challenges
(Huettel & McCarthy, 2001; Saad, Ropella, DeYoe, & Bandettini,
2003). However, it is plausible that the extent of activation adds
unique information relevant to performance. We found this to be
the case for most fCNB tasks. Typically, spatial extent of fMRI
response is underestimated because voxels with low signal-tonoise ratio are indistinguishable from inactive voxels (Saad et al.,
2003). This can be overcome by increasing the number of trials in
a given task, which we have done by focusing on the most robust
regions associated with task performance. Alterations in spatial
extent may result from subthreshold network activity (Das &
Gilbert, 1995; Logothetis, Pauls, Augath, Trinath, & Oeltermann,
2001; Saad et al., 2003; Takashima, Kajiwara, & Iijima, 2001) and
could reflect individual differences in the organization of brain
structure (Chen et al., 2012). We show the utility of extent of
activation in addition to percent signal change, especially when
predicting neurocognitive performance. However, more work is
needed to elucidate this issue.
Our statistical approach yielded a reliable model to predict
performance on the fCNB. We demonstrated the possibility of
predicting performance from brain activity using the PM models
(Tables 4 and 5) across six neurocognitive domains, albeit prediction is better in some tasks than others. Extrapolation of our
findings to external data is encouraging in view of the crossvalidated results. Our combination of a k-folds cross-validation
approach with sparse regression to select variables increases the
confidence that can be placed on the predictors. Automated variable selection methods are often considered unreliable, as a large
proportion of selected variables can be independent of the outcome
(Derksen & Keselman, 1992; Flack & Chang, 1987). Such models
also suffer when multiple variables are used for prediction (Murtaugh, 1998), as is the case here with a large number of brain
regions. Note that we use only the ROIs in our AMs (AM2 through
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Abstraction/Mental
Flexibility

0.25

AM2 (%act)

-668.49 0.69

0.64

26

AM3 (%ext)

-630.41 0.60

0.54

21

R2

Adj-R2

AM1 (age & site)

-642.53

0.00

-0.01

2

AM2 (%act)

-669.47

0.22

0.17

10

p

AM3 (%ext)

-679.59

0.26

0.22

9

AM4 (%act +%ext)

-699.11

0.55

0.39

46

AM4 (%act +%ext)

-712.88 0.77

0.71

37

-647.16 0.59

0.56

10

AM5 (PCA of AM4)

-646.90

0.06

0.03

5

AM6 (fCNB)

-648.92 0.68

0.61

34

AM6 (fCNB)*

-659.45

0.35

0.21

32

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Actual Performance (% Correct)
Verbal Memory

AIC

R2

Adj-R2

p

AM1 (age & site)

-672.27

0.02

0.01

2

AM2 (%act)

-695.12

0.22

0.17

11

AM3 (%ext)

-690.18

0.30

0.21

22

Actual Performance (% Correct)
Visuo-Spatial
Memory

AIC

AM1 (age & site)

-672.62

AM2 (%act)

-694.76

AM3 (%ext)

-707.27

R2

Adj-R2

p

0.11

0.09

2

0.25

0.22

7

0.37

0.31

15
64

-710.20

0.32

0.23

24

AM4 (%act +%ext)

-747.33

0.72

0.55

-689.91

0.18

0.13

9

AM5 (PCA of AM4)

-680.95

0.18

0.15

5

AM6 (fCNB)

-675.66

0.32

0.16

34

AM6 (fCNB)

-680.00

0.40

0.26

34

Predicted Performance (% Correct)

AM4 (%act +%ext)
AM5 (PCA of AM4)

Actual Performance (% Correct)
Face Memory

AIC

R2

Adj-R2

p

AM1 (age & site)

-644.00

0.01

0.01

2

AM2 (%act)

-665.86

0.22

0.12

20

AM3 (%ext)

-673.41

0.16

0.09

12

AM4 (%act +%ext)

-686.19

0.35

0.21

32

AM5 (PCA of AM4)

-649.77

0.21

0.18

AM6 (fCNB)

-855.28

0.23

0.05

Actual Performance (% Correct)

Actual Performance (% Correct)
Emotion
Identification

AIC

R2

Adj-R2

AM1 (age & site)

-871.72

0.14

-0.13

2

AM2 (%act)

-879.68

0.14

0.13

12

p

AM3 (%ext)

-880.40

0.30

0.24

12

AM4 (%act +%ext)

-889.16

0.54

0.43

33

6

AM5 (PCA of AM4)

-867.86

0.07

0.01

10

34

AM6 (fCNB)

-637.70

0.38

0.23

34

Predicted Performance (% Correct)

Predicted Performance (% Correct)

AIC

AM5 (PCA of AM4)

0.9

0.2

Attention

2

Predicted Performance (% Correct)

Predicted Performance (% Correct)

-560.25 0.25

1

Predicted Performance (% Correct)
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AM1 (age & site)

AIC R2 Adj-R2 p

Figure 3 (opposite)

Actual Performance (% Correct)
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Table 6
Regions-of-Interest (ROIs) That Are Included in Models That
Predict Performance in Three or More fCNB Tasks
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Regions overlapping
Activation (% signal change)
Angular gyrus
Caudate
Inferior frontal gyrus
Inferior temporal gyrus
Insula
Lingual gyrus
Lateral occipital cortex
Orbitofrontal cortex
Superior frontal gyrus
Superior parietal lobe
Supramarginal gyrus
Temporal pole
Extent (% extent)
Hippocampus
Inferior frontal gyrus
Inferior temporal gyrus
Juxtapositional lobe
Lingual gyrus
Lateral occipital cortex
Middle frontal gyrus
Occipital pole
Pallidum
Posterior cingulate
Paracingulate gyrus
Postcentral gyrus
Superior Frontal gyrus
Supramarginal gyrus
Temporal fusiform
Temporal occipital fusiform
Note.

Hemisphere
L/R
L
L
R
L
R
R
R
R
R
R
L
L
R
R
L
R
L
R
L
R
L/R
R
L
R
R
L
L/R

The ROIs were used in Model AM6 to predict performance.

AM6) and not the parameter estimates from the CV-LASSO
regression, as we were interested in providing examples of prediction within our sample. The number of predictors in the combined model can be quite large, which could affect the stability and
predictive ability of the models. A PCA analysis on the crossvalidated ROIs to determine whether there are latent variables that
better explain performance did significantly reduce the number of
predictors, but it also reduced the overall prediction of performance—in some cases, rather dramatically. Another limitation is
that PCA does not always produce interpretable components, particularly in the brain, whereas using an atlas maintains anatomical
specificity. It remains a challenge to find an optimized parsimonious model that can identify all brain regions significantly contributing to performance. Future studies using multivariate pattern
classification or multimodal neuroimaging data may be beneficial.
Combining methods increases the confidence that a brain region is
a likely predictor of performance.
Our study has several limitations. The patterns of activation and
subsequent ability to predict performance are specific to the tasks
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used, and generalizing to other neuroimaging and standard paperand-pencil tasks is difficult. Second, we combined data from two
sites. Previous work indicates that even when the same individuals
are measured at different locations, there can be considerable
variation in BOLD activation (e.g., Zou et al., 2005). However,
this challenge can be overcome through quality assessment (e.g.,
Brown et al., 2011; Schneider et al., 2007; Van Horn & Toga,
2009), which we have emphasized in the present study. Another
limitation is that we concentrated on the association between
performance accuracy and task-related brain activation, yet performance speed (e.g., reaction time [RT]) may also show dissociable patterns related to brain activity. Furthermore, brain deactivation may contribute to performance and should be incorporated
into future studies. We chose to use anatomically defined ROIs to
improve generalizability across individuals, as the reproducibility
of anatomic ROIs is more robust across test sites (Demirci et al.,
2008). It is possible that functionally defined ROIs may reduce
interindividual variability in activation patterns. However, using
functionally activated voxels is more likely to result in overfitting,
thus making generalizability more difficult (Demirci et al., 2008;
but see Shirer, Ryali, Rykhlevskaia, Menon, & Greicius, 2011).
Also of note, regression identifies only independent predictors of
performance. Thus, regression is not necessarily identifying networks that activate together across people, but rather areas that
activate differently across people. It remains to be seen which is
more important for the clinical use of this neuropsychological test
battery—the areas activated in the group for each task or the areas
that independently predict performance. Finally, we note that our
ability to predict performance is more robust in some tasks. This
may be the result of using strong contrasts of interest when
extracting task-positive brain activation. Thus, activation patterns
may be more affected by global features of arousal or effort and
potentially reflect trait-like, not task-specific, activation patterns. It
is also possible that the use of a block design in some tasks led to
more robust activation than other tasks, which utilized eventrelated designs. However, our goal was to concentrate on the most
robust regions associated with task performance, and using strong
contrasts has been effective (Allen & Fong, 2008a). Perhaps this
could also be due to varying difficulty in task performance, as
performance was closer to ceiling on some tasks (e.g., emotion
identification) but more variable in others (abstraction/mental flexibility). This range of difficulty could also impact the degree to
which an individual is engaged in the task and subsequently affect
brain signal. We have tried to reduce this variability by not
including older individuals and by assessing each task for significant performance and fMRI outliers. Nonetheless, this issue needs
resolution using more advanced psychometric methods such as
adaptive testing based on item-response theory (e.g., Reise &
Waller, 2009).
Adapting neurocognitive tests for use in fMRI is challenging
and requires standardized procedures across participants and sites.
The goal of an fMRI task is to identify specific neural circuitry

Figure 3 (opposite). Association models A1 to A6. The AIC, R-squared, adjusted R-squared, and number of predictors (p) for each model for each task.
A plot of the actual performance and brain activation predicted performance is presented for each task. Dashed lines indicate 95% confidence intervals.
The AM4 model is shown for all tasks.
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associated with performing a task, and experimental designs seek
to minimize individual differences. Indeed, group performance
differences are considered as confounds in clinical studies, so tasks
are designed to allow the impaired group to perform at normative
levels. In contrast, tests used in neuropsychological assessment
focus on individual differences and attempt to avoid ceiling and
floor effects. Methodological challenges are added in multisite
studies, including standardization of MRI equipment, data quality
control, and analysis pipelines (Diedrichsen & Shadmehr, 2005;
Friston, Frith, Fletcher, Liddle, & Frackowiak, 1996; Wu, Lewin,
& Duerk, 1997). The present study addresses the evolving need for
reliable, standardized neurocognitive assessments combined with
fMRI. Using a standardized computerized battery adapted for use
in fMRI, we show stable, generalizable behavioral performance
and brain activation patterns in healthy Caucasian individuals.
Domain-specific brain activation patterns are consistent with hypothesized neural mechanisms involved in each neurocognitive
domain. Furthermore, we establish the association between activating these brain networks and performance in healthy individuals. Eventually, these data may facilitate the identification of
specific neural failures associated with neuropsychological dysfunction, allowing for the identification of individuals at risk for
brain disorders and guiding early intervention and design of cognitive neuroscience based rehabilitation strategies.
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