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Abstract

The first phase of the CNTRICs initiative focused on the identification of cognitive constructs
from human and animal neuroscience that were relevant to understanding cognitive deficits in
schizophrenia, as well as promising task paradigms that could be used to assess these constructs
behaviorally. The current phase of CNTRICs has the goal of expanding this initial work by
including measures of brain function that can augment these behavioral tasks as biomarkers to be
used in the drug development processing. Here we review many of the psychometric issues that
need to be addressed in regards to the development and inclusion of such methods in the drug
development process. In addition, we review quality assurance concerns, issues associated with
multi-center trials, concerns associated with potential pharmacological confounds on imaging
measures, as well as power and analysis considerations. Although review is couched in the context
of the use of biomarkers for treatment studies in schizophrenia, we believe the issues and
suggestions included are relevant to the entire range of neuropsychiatric disorders as well as to a
wide range of imaging modalities (i.e., fMRI, PET, ERP, EEG, TMS, NIR, etc.), and are relevant
to both pharmacological and psychological intervention approaches.

The first phase of the CNTRICs initiative focused on the identification of cognitive
constructs from human and animal neuroscience that were relevant to understanding
cognitive deficits in schizophrenia, as well as promising task paradigms that could be used
to assess these constructs behaviorally. The current phase of CNTRICs has the goal of
expanding this initial work by including measures of brain function that can augment these
behavioral tasks as biomarkers to be used in the drug development process. A relatively
recent review by Breier (1) highlights the fact that biomarker development is one of the most
pressing needs for current central nervous system drug development, as it is a critical
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component of timely and efficient drug evaluation (1). The NIH website defines a biomarker
as “A characteristic that is objectively measured and evaluated as an indicator of normal
biologic or pathogenic processes or pharmacological responses to a therapeutic
intervention.” This definition is broad and makes it clear that such measures could include
receptor binding studies, functional magnetic resonance imaging (fMRI),
electroencephalography (EEG), event-related potentials (ERP), and magneto-
electroencephalography (MEG).

Breier's review highlighted three important roles for biomarkers in drug development. A
first role for biomarkers is in dosage development and target validation. Historically, the
pharmaceutical industry has focused on the use of PET technology for this type of
biomarker, with an emphasis on examining dose-related occupancy of brain receptor sites as
evidence that the drug has reached its intended target, an often invaluable piece of
information in interpreting the results of negative trials. However, for many targets, there are
no appropriate ligands available for such studies. As such, measures of changes in functional
brain activation (fMRI, ERP, etc.) in response to task conditions ranging from simple
sensory stimulation to cognitive challenge can also serve as indicators that the drug has
modulated a target brain region(s) of interest (2). Further such fMRI (or ERP) measures can
also serve in a second role for biomarkers, namely as surrogate outcome measures that may
allow early evaluation of the eventual efficacy of a drug on longer term outcomes (1). In
principle, valid biomarkers should enhance the drug discovery process by providing critical
“proof of principle” evidence in early phase 2 trials. Recent work by Lewis and colleagues
highlighted the promise of cognitive neuroscience measures in this role, and demonstrated
that a novel GABAergic agent enhanced performance and cortical oscillations during
performance of tasks designed and validated in the cognitive neuroscience literature (3). Yet
a third important role for biomarkers is to help identify which people are most likely to
benefit from a drug, or to identify more homogenous samples of participants that enhance
power to detect significant effects.

The current paper will focus on psychometric and quality assurances issues related to using
non-invasive measures of brain function such as fMRI, EEG, ERP and MEG as biomarkers
during one or more phases of the drug development process, with the goal of reviewing the
extent literature and offering suggestions regarding potentially useful approaches for
addressing these challenges in future studies. In large part, the issues raised in this review
pertain to all types of measures of brain function. For ease of presentation, we will couch
our discussion primarily in terms of fMRI. However, we in no way mean to imply that these
issues are any more or less important for fMRI than for any of the other methods available
for measuring brain function associated with cognitive performance. Further, we believe the
issues and suggestions included here are relevant to the entire range of neuropsychiatric
disorders, and are relevant to both pharmacological and psychological intervention
approaches.

We think that the discussion of various psychometric and quality assurance considerations
will make more sense if couched in the context of a specific concrete example. Our example
will be the use of fMRI to measure brain function associated with one of the constructs and
tasks identified as relevant for translation in the first phase of the CNTRICs initiative: goal
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maintenance as measured by the Dot Probe Expectancy (DPX) task, a variant of the AX-
CPT task (4).

One of the most critical psychometric considerations for a measure to be used as a
biomarker is reliability. The term “reliability” refers to the repeatability or consistency of a
measure's values across a set of observations from research participants. It is important to
emphasize that reliability refers to the ability of a measure to consistently distinguish
among, or reproduce the rank ordering of, individuals on a particular trait over repeated
assessments, assuming that individuals do not undergo any true change between
assessments. As such, reliability is only defined with respect to a set of observations from a
sample or population—it does not describe the precision or accuracy of a measure for a
single individual (5, 6). Moreover, reliability is not an absolute property of a measure; rather
it is a property of the measurements obtained using that measure in a sample drawn from a
particular population. Because the true variation among individuals varies across
populations, the same measure can yield reliable measurements in one population but not in
another.

The supplemental data section contains a formal definition of reliability using classical test
theory (CTT). In practice, reliability coefficients are calculated as intraclass correlation
coefficients using variance component estimates derived from analysis of variance models
(7). In such models, a factor is included to estimate “person” variance based on scores
averaged over the various measurement conditions (e.g., test occasions, raters), and this
person variance provides an estimate of true score variance. When person variance is large
relative to the total variance of the measurements, measurement error is relatively small and
reliability is high. Based on these definitions, it should be clear that poor reliability can
result from large error variance, small person variance, or both.

Based on classical test theory, several types of reliability have been developed, each based
on different approaches to estimating measurement error variance. Reliability coefficients
based on internal consistency, such as coefficient alpha (8), estimate measurement error
based on variation across the instances of measurement, or items, for measures that employ
multiple items. Test-retest reliability coefficients estimate measurement error based on
variation across measurement occasions. In the context of our DPX example, internal
consistency reliability would refer to the degree to which the different instances of high and
low goal maintenance trials provide similar values of Blood Oxygen Level Dependent
(BOLD) activity across subjects. Test-retest reliability would refer to the degree to which
similar overall estimates of BOLD activity associated with high or low goal maintenance
trials are obtained from a group of subjects across different timepoints, assuming that the
cognitive function being measured has not undergone any true change over the test-retest
interval examined.

Reliability is critical because it sets an upper limit on a measure's validity as defined by its
concurrent association with other measures of the same or theoretically related constructs or
by its predictive association with related constructs measured in the future. This is because it
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is impossible for a measure to correlate more highly with a validity criterion (e.g., some
other measure of goal maintenance besides the DPX, or BOLD activity associated with a
different task that requires goal maintenance or related executive functions) than it correlates
with itself (i.e., reliability), unless the same measurement error has contaminated both the
measure of interest and the validity criterion with which it is being correlated (i.e., correlated
measurement error). Thus, a measure with low reliability will be limited in its capacity to
predict individual differences on other measures of interest. See supplemental materials for
an additional discussion of reliability and measurement of change over time.

Framing Questions About Reliability

It does not make sense to ask a question such as “what is the reliability of fMRI, or MEG, or
ERP, in general”. This is because reliability will vary as a function of the specific task (e.g.,
DPX versus another measure of goal maintenance), the specific contrast within the task
(e.g., high goal maintenance trials alone, the comparison of high versus low goal
maintenance trials, etc.), the specific voxels or brain regions assessed (e.g., responses in
visual cortex versus dorsolateral prefrontal cortex) and the specific dependent measure (e.g.,
average activity in a specific region, the peak voxel with a region, etc.). Further, reliability
will differ as a function of the methods or analysis approaches used. Finally, as already
noted, reliability is sample and population specific—one cannot assume that a measure that
is reliable in a sample of normal healthy subjects will be equally reliable in a patient
population.

A growing number of studies have examined ways of assessing the test-retest reliability of
imaging data (9-11). Such studies have used a wide variety of statistics and approaches to
this question, with a consequently wide variety of results, ranging from good to excellent
reliability (12-15) to moderate to poor reliability (16-20). Many such studies have used
various forms of correlation coefficients, including Pearson and intraclass correlation
coefficients (ICCs)(7), to assess test-retest reliability (based on Classical Test Theory
assumptions) across scan sessions. Although these measures can be useful in many contexts,
as pointed out by Zandbelt (21), such measures (Pearson's r, relative ICCs) can give high
values when the rank ordering of subjects is stable across sessions, even when large changes
in the absolute value of an estimate has occurred. If one wishes to establish reliability for
purposes in which the absolute value of the activation is important (e.g., a situation in which
the absolute value has some specific interpretation in terms of impairment, etc.), then one
should use an absolute value ICC estimate that allows “main effects” that influence the
measures for all subjects to count against a measure's reliability estimate (see (7)). However,
in many situations such main effects (e.g., those due to practice effects or equipment
changes that influence all individuals equally) do influence the measures reliability in the
context of the scientific questions being addressed (e.g., is there a greater change in
activation in one treatment group versus another). In such cases, a relative ICC estimate is
appropriate n the context of classical test theory, reliability is a unitary construct that does
not explicitly distinguish among different sources of measurement error. This can result in
considerable variability in the reliability coefficients estimated for a measure if there are
different sources of error across different studies. One way to address this concern is to
adopt the framework of Generalizability Theory (G-Theory), an approach that allows one to
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explicitly address multiple sources of measurement error that affect the reliability — or
generalizability — of fMRI activations (22, 23).

Generalizability Theory Framework

Generalizability Theory (G-Theory) was developed as an extension and expansion of
classical test theory to explicitly recognize and model the multiple sources of measurement
error that can influence a measure's reliability, providing the flexibility to assess a number of
sources of error but to estimate reliability with respect to only those sources that will be
relevant to one's particular research question and study design (22-25). Please see
supplemental materials for more discussion of the relationship between G-Theory and ICCs
based on classical test theory. In G-theory, these different sources of error variation are
referred to as “facets.” Each facet is defined by a set of similar measurement conditions,
sampled from some larger “universe of admissible observations”. While we typically
employ only a subset of measurement conditions for a given facet to estimate a person's true
score (called a “universe score” in G-theory), our interest is in generalizing this estimate to
the person's mean score over the entire universe of admissible observations for this
measurement facet. In G-theory, the objects of measurement (typically persons) are sampled
from a “population”, and the variability among persons is referred to as “universe score
variance”. G-theory explicitly makes use of an analysis of variance framework, treating as
factors, and estimating variance components, for: 1) the main effect of each facet of
measurement; 2) the main effect of persons (or whatever one considers to be the object of
measurement); and 3) the various interaction effects. In the context of a typical fMRI
reliability or “generalizability” study, such facets could include task run, test session (e.g.,
time 1 versus time 2), or even site if one is conducting a multi-site trial. In our DPX
example, we might have 10 participants (the objects of measurement sampled from a
specific population), 8 “runs” of the DPX task with high and low goal maintenance trials
interleaved (the task run facet), each person might be tested at each of two different
university scanners (the site facet), undergoing a scan session on two occasions separated by
a few days at each scanner site (the test occasion facet). An analysis of this type of
generalizability study design would focus on a dependent measure of interest, such as
activity associated with high goal maintenance trials, either in specific brain regions or on a
voxel-by-voxel basis. Such an analysis would allow one to estimate the variance in the
dependent measure associated with the effect of persons, the effect of each of the
measurement facets, and all of their interactions (except for the highest order interaction,
persons x run x occasion x site, which is confounded with residual error in the ANOVA
model). Ideally, the variance associated with persons would be high in relation to the
proportion of the total variance in the data, and the variance associated with factors such as
task run, occasion, site, and the various interactions, would be low. Such results would
indicate that the fMRI paradigm applied to the population of interest is reliable across task
runs, occasions, and sites.

In G-Theory, the results of an initial generalizability study are intended to be used to inform
the design of the subsequent primary research study - referred to as a “decision study” -for
which one needs to make choices about issues such as the number of task runs, the number
of measurement occasions, etc. A researcher can use the data from a generalizability study
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to determine which choices would give sufficient reliability for the question at hand. There
are several important advantages in conducting such a generalizability study, despite the
added time, effort, and expense. An obvious advantage is that it could be a waste of money
to conduct a trial with measures of unknown reliability, as failure to find significant effects
in a clinical trial may be due to an ineffective treatment or it may be due to unreliable
outcome measures that cannot detect treatment effects over and above the random
fluctuations in the measures over time. Indeed, allowing the task design to be informed by
data from a generalizability study could potentially lead to design of a shorter task (e.g.,
fewer task runs) than one might otherwise have used, thereby saving time and money and
minimizing subject burden. For example, in our DPX example described above, although 8
task runs were employed in a generalizability study, the generalizability analyses could
indicate that 4 runs will yield a sufficiently reliable measure for the purposes of the planned
substantive (i.e., decision) study. An excellent example of such an initial generalizability
study is the one by Yendiki and colleagues, which was designed to inform the design of a
much larger multi-site study by clarify the choice of tasks and the number of runs per task
(26).

Conducting reliability (generalizability) studies

There are a number of important considerations in designing generalizability studies. Here
we focus on the issues of group versus individual levels of activation, and the unit of
measurement. See the supplemental materials for a discussion of the choice of participants
and test-retest time frame.

Group Versus Individual Level of Activation

Some studies intended to demonstrate “reliability” of a measure have simply shown that
group means do not show significant change from test to retest. This does not explicitly
address the question of measurement reliability. For example, with respect to fMRI, Caceres
and others (9, 21) point out that stable group level activations can be observed over time
even when there is a great deal of change in how individual subjects contribute to that group
activation. In planning treatment studies or other longitudinal studies, our interest is
typically focused on measuring individual differences and their changes over time; group
level activations are not particularly informative about the dependability or reliability of our
measurements for the purposes of tracking individual differences over time.

The Unit of Measurement

A number of studies have examined some sort of summary statistic of brain activation for
each individual, such as the mean or median beta weight in a functionally defined or a priori
ROI (e.g., 15) for fMRI studies, or a component's peak amplitude or latency assessed at one
or more leads or sensors in an EEG or MEG study. With respect to fMRI, a second
possibility is to compute reliability for individual voxels, generating voxel-wise maps of
reliability coefficients for the entire brain. Caceres and colleagues recently completed a
study that compared four different approaches to assessing ROI level reliability in an fMRI
study. The first was a novel approach that used the median of the ICC distribution across
voxels within an ROI (medICC). The second was the beta weight (contrast) value for an
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individual subject at the voxel with the largest group level statistic (17) (ICCmax). The third
was the median contrast value within an ROI for a subject (15) (ICCmed). The fourth was an
intra-ROI measurement that provided information on the consistency of the spatial
distribution of activation within an ROI (16)(ICCv). The results of these comparisons
suggested that the ICCv was strongly influenced by smoothing in the data and that ICCmax
had the lowest ICC values and was strongly influenced by smoothing and cluster size (see
(9) for more detail). MedICC and ICCmed had relatively similar ICC values, but ICCmed
was more influenced by smoothing and cluster size than medICC, while medICC was more
influenced by head movement than ICCmed. See supplemental materials for a discussion of
additional approaches to assessing reliability that treats voxels rather than subjects as the
objects of measurement.

The above discussion focuses on evaluating the reliability of activation in individual ROls or
single voxels on the one hand.. However, the field has been increasingly interested in
multivariate analyses of fMRI data. Caceres examined reliability for a “network™ measure of
activation (defined as the network activated in a group analysis), and found that the
reliability of this metric was higher than for many (though not all) of the individual brain
regions (9). As such, it is possible that analysis approaches that focus on identifying brain
networks associated with task performance may have higher reliability than assessments of
individual ROIs, something that deserves greater examination in future studies. For
example, measures of functional connectivity (either task or resting state) may have higher
reliability than activation of individual regions, although this hypothesis awaits empirical
evaluation.

Quality assurance considerations

Some aspects of quality assurance for imaging biomarkers are relatively obvious, such as
ensuring that the correct acquisition parameters and procedures are used for all protocols.
However, there are a number of other considerations that are equally important, but for
which clear inclusion/exclusion criteria are less obvious. Here we discuss behavioral
performance and multi-site issues. See the Supplemental Materials for a discussion of signal
to noise, movement, equipment stability, and how such issues should be conceptualized
from the perspective of Generalizability Theory.

Behavioral Performance

Variation in behavioral performance levels can influence the level and pattern of brain
activity even in the absence of any pharmacological or psychological intervention (27-29).
As such, it is highly important to take task difficulty issues into consideration when
choosing paradigms and control groups, and to have good practice and training procedures
that ensure that participants understand the task and the response demands prior to scanning.
Further, one may need to set a criterion for the level of performance participants must
achieve in order for their data to be included in any analyses. One quantitative approach to
this issue is to formally compute the level of chance performance for one's paradigm and to
determine what level of performance an individual needs to achieve in order to perform
significantly above chance. The potential disadvantage to this approach that it is possible
that one's intervention for cognition may actually help participants better understand how to
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perform a cognitive task. Thus, excluding those individuals performing poorly at the start of
the trial could eliminate precisely those individuals who are most likely to benefit from the
intervention.

A second concern associated with behavioral performance is that changes in performance
across the course of a trial may confound interpretations of changes in brain activity (27-29).
This is of particular concern if practice effects are confounded with events within the
clinical trial, such that the first testing session is always off drug and the second is on drug
(or post intervention). Of course, including a no-intervention control group and using
parallel task versions when available helps address this concern. However, it would help to
reduce any confound between practice effects and the intervention of interest in order to
maximize sensitivity to true change and to reduce the influence of this confound. One way
to do this is to use something akin to a multiple baseline approach. The largest practice
effects in many cognitive paradigms tend to occur between the first and second time that a
person completes a task, as the first session allows them to understand the task and establish
a strategy. In such a multiple-baseline approach, participants would come in for a full
behavioral testing session prior to the first imaging session in order to increase the
likelihood that participants are on a more stable part of the learning curve at the start of the
first imaging session. In addition, one can use behavioral performance as a covariate in
analyses of the imaging data in order to elucidate the degree to which changes over time in
functional brain activity relate to changes in behavioral performance.

Multi-site Considerations

Ideally, one would use identical equipment for task presentation and data acquisition across
sites, although the degree to which differences in such factors influence the imaging data
may depend on the nature of the task paradigm. In addition, training procedures and task
presentation procedures need to be highly standardized across sites, with little room for
individual experimenter or testor variability. A number of groups have also published papers
on power and sample size in multisite studies (30), ways in which data can be analyzed to
reduce site differences, (31, 32) and ways that site differences in signal characteristics (e.g.,
SNR, smoothness) can be taken into account in statistical analyses (26, 33, 34). One
important question for multi-site studies is whether calibration across sites is only necessary
for an initial study, or whether such calibration would need to be conducted anew for each
new study, should the same set of sites conduct multiple studies. If money and time were no
consideration, it would likely be wisest to conduct all calibration procedures anew at the
start of each study, as personnel and equipment can change over time in a way that could
influence site performance.

Potential Drug-Related Confounds

Pharmacologically induced confounds may be more of an issue with some methods (e.g.,
fMRI) than with other methods (e.g., EEG/MEG). lannetti and Wise have provided a cogent
and comprehensive review of these issues (35). These researchers outlined three processes
that can be influenced by pharmacological manipulations that could mediate observed
changes in BOLD activity: 1) a direct influence on neural activity (what we typically hope to
measure); 2) an influence on the processes that signal blood vessels that control cerebral
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blood flow (CBF): 3) an influence on the processes that modify vascular reactivity. To
assess and estimate which of these influences is driving any observed change in BOLD,
lannetti and Wise suggest including the following in any pharmacological fMRI study: 1) a
control task not expected to be influenced by the pharmacological intervention; 2) measures
of changes in cerebral blood flow and vascular reactivity; and 3) assessments of arousal,
cardiac pulsation and respiration. Please see the supplemental materials for a more detailed
discussion.

Power and Analysis Considerations

Sample Size and Power

There are major advantages in terms of power to within-subject designs that compare the
same individual on and off the intervention. This approach is highly feasible in proof of
concept type trials that use a single dose design in which the order of placebo versus drug
can be counterbalanced across participants. However, this approach is less feasible in studies
with longer term administration of a pharmacological agent or intervention in which it may
be not be possible to counterbalance the “on” and “off” imaging days. In these situations, it
may be necessary to have a control group that does not receive the intervention. In such
designs, power concerns need to take into account the between subject nature of the design.
Many of the published discussions of power in fMRI studies focus only on within-subject
designs, and reliance on those sample size suggestions (36, 37) will greatly overestimate the
power than one has for a between-subject design (38). Fortunately, recent work has outlined
the power considerations and sample sizes necessary for such between group designs (30).
However, it should be noted that effect sizes are sometimes difficult to determine in
complex designs where one is looking at changes across conditions and time. As such, one
may also need to design a study to be able to detect the minimum effect size that is likely to
be clinically relevant and power the study to detect this effect size, even if one hopes the
obtained effect size will be larger. This concern is particularly pertinent in studies conducted
as part of the drug development process, as failing to find a significant and potentially
clinical important effect due to low power could derail the development of a promising
mechanism.

Analysis Approach and Power

In studies using measures of functional brain activity, the choice of analysis approach can
have a major impact on power. With almost all imaging methods, exploratory analyses can
involve examining many different voxels or electrodes. The need to control Type 1 error in
such analyses can often greatly reduce power and increase the risk of Type Il errors. As
such, researchers should consider taking a tiered approach to data analysis that starts with
the most highly powered approach. In fMRI studies, a highly powered approach is to use a
priori identified regions of interest (ROIs) and to analyze only the mean values for all voxels
included in any individual ROI. The advantage of this approach is that it necessitates
relatively few comparisons, requires relatively little correction for multiple comparisons,
and is very theoretically driven. However, the disadvantage is that you can choose the wrong
size or location of the ROIs, and miss detecting real changes in functional activation in
response to the intervention.
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The next most powerful approach would be to use such a priori ROIls as masks, but to
examine each voxel within the mask using some appropriate correction for the number of
comparison within or between ROIs. This approach is still more highly powered than a
whole brain exploratory analysis, as one is conducting fewer comparisons than in a whole-
brain analysis. Further, this approach may be less sensitive to misspecification than the
“whole” ROI approach since it allows for the detection of significant changes in subregions
of the masking ROIs. The least powerful approach is to do some type of whole brain
exploratory analysis, which typically requires a rather stringent correction for multiple
comparisons (39), but avoids any pitfalls associated with an inaccurate prediction of the
location of brain activity changes in response to the intervention.

The inclusion of measures of brain activity during cognitive performance has the promise of
enhancing the drug discovery process and potentially allowing us to develop effective and
targeted treatments for impaired cognition in schizophrenia. However, there are a number of
psychometric and methodological challenges that need to be addressed in order to make the
use of these measures feasible, easy to implement, and resistant to confounds in
interpretation. While these challenges will necessitate time and effort on the part of the field,
they are not insurmountable and are well worth the effort in terms of the potential payoff.
We hope that this review helps to highlight some of the key methodological and conceptual
challenges that remain, as well as providing useful suggestions for subsequent studies.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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