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Statistical approaches used in functional magnetic resonance imaging (fMRI) to

study cognitive development are varied and evolving. Two approaches have gener-

ally been used. These are between-group end-point analysis of variance (ANOVA)

and age-related regression. Differences in these 2 approaches could produce different

results when applied to a single data set. Event-related fMRI data from a group of

typically developing participants (n = 95; age range = 7–35 years) performing con-

trolled lexical processing tasks were analyzed using both methods. Results from the 2

approaches showed significant overlap, but also noteworthy differences. The results

suggest that for regions showing age-related changes, correlation was relatively more

sensitive to more linear changes whereas ANOVA was relatively more sensitive to

less-linear changes. These findings suggest that full characterization of developmen-

tal dynamics will require converging methodologies.

Functionalmagnetic resonance imaging(fMRI) isanemergingandpotentiallypow-

erful tool for studying cognitive development in typically and atypically developing

populations.Anunderstandingofhowaskill suchas readingemerges in thebrainsof

typicallydevelopingchildrenwill providecritical context for improvingapproaches

to reading education and to diagnosing and treating disordered reading (Shaywitz et

al., 2002, 2004). An appreciation of the dynamic aspect of cognitive development

and its relationship to reading disorders requires that investigators characterize nor-

mal developmental trajectories. However, to take full advantage of fMRI to more

completelyunderstandhowtodescribe thedevelopmental functionalneuroanatomy

of normal cognition, methodological advances are needed.

There are several conceptual and methodological concerns that require consider-

ation. These issues, discussed in detail elsewhere (Brown et al., 2005; Brown,

Petersen, & Schlaggar, 2003; Gaillard, Grandin, & Xu, 2001; Palmer, Brown,

Petersen, & Schlaggar, 2004; Poldrack, Pare-Blagoev, & Grant, 2002), include (a)

making direct statistical comparisons, (b) choosing adequate comparison tasks, (c)

using a common stereotactic space, and (d) assessing and accounting for perfor-

mance between children and adults. Differences in these design elements may ac-

count for someof theconflicts found indevelopmentalbrain imagingstudies.Anad-

ditional concern, and the basis for the current study, involves the statistical measures

used to arrive at developmental differences and trajectories throughout develop-

ment. Work from our laboratory has identified age-related brain regions across de-

velopment using an end-point (comparing youngest and oldest participants in the

sample) analysis of variance (ANOVA) approach (Brown et al., 2005; Schlaggar et

al., 2002). Developmental trajectories for these regions are then described by plot-

ting peak activity for these regions using all participants (regardless of performance

parameters) across all ages and fitting plots with a nonlinear regression technique

(Brown et al., 2005). This method for identifying age-related regions and describing

their trajectoriesdiffers from themorecommonanalysisapproachofage-related lin-

ear regression (Kwon, Reiss, & Menon, 2002; Shaywitz et al., 2002; Turkeltaub,
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Gareau, Flowers, Zeffiro, & Eden, 2003) in which all participants across all ages are

used to identify regions, and developmental trajectories are assumed to be linear.

As is common throughout the functional neuroimaging literature, the nascent

developmental literature comprises studies that differ in task, experimental design,

power, analysis software, and other features. There may be general agreement, for

example, that the left prefrontal cortex shows important developmental effects, but

studies may differ substantially in the details of the findings. It stands to reason that

analysis approach may be a significant contributor to the differences. For example,

in studies of controlled lexical tasks (Brown et al., 2005; Schlaggar et al., 2002)

that used ANOVA with performance matching, left dorsal frontal regions were

shown to have significant age effects whereas ventral frontal developmental

changes were not found. In contrast, in their study of typical readers using a con-

trolled categorical reading task and the correlation method (without accounting for

performance), Shaywitz et al. (2002) showed left inferior frontal regions that cor-

related positively with age, but did not find a correlation in the dorsal frontal areas.

Similarly, Turkeltaub et al. (2003), using a simple feature detection and im-

plicit-reading task while accounting for performance, also showed ventral inferior

frontal activity that correlated positively with age, but did not see a correlation in

dorsal frontal regions. Differences in these two types of statistical methods may in

part explain some of these inconsistencies.

There are several distinct differences between these two analysis approaches

that may contribute to the apparently conflicting findings. For example, one of the

advantages of the end-point ANOVA is that when identifying age-related regions,

it does not assume a linear developmental trajectory. That is, in theory, regions that

change activity with age in a nonlinear fashion will be identified equally well as

those that change linearly. The linear regression approach, by virtue of its statisti-

cal assumptions, presupposes linearity. Conversely, a disadvantage to the ANOVA

method is that data from participants whose age falls between the two end-point

groups are not utilized when identifying regions. By not taking advantage of data

from across the full age range, this method conceptually has less power than a

method using age as a continuous variable, such as linear regression.

Another difference between the two analyses lies in how each of these strategies

contends with performance confounds. Because children and adults tend to perform

with different levels of accuracyand speed on manytasks, imaging studies that dem-

onstrate differences between children and adults, if performance differences are not

taken into consideration, may attribute functional imaging differences to group

membership (e.g., maturation) when, in fact, the differences could be due to perfor-

mance per se. For the ANOVA approach, subgrouping of participants into matched

and nonmatched groups allows the influence of these performance parameter vari-

ables on the analysis to be assessed (Brown et al., 2005; Schlaggar et al., 2002). This

subgroupingagaindecreases power bydecreasing thenumber of comparablepartic-

ipants. The regression strategy contends with this issue by including performance
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variables as covariates (Kwon et al., 2002; Turkeltaub et al., 2003), allowing for sub-

ject quantity to be maintained. This approach is dependent on some lack of

colinearity of age and performance, which is often strongly confounded. Variations,

such as these, between end-point ANOVA and regression analyses may lead to dis-

parate findings; however, this has yet to be explored.

To determine the extent to which end-point analysis using ANOVA and correla-

tion methods differ, we applied both approaches to a single large and well-character-

ized data set including typically developing children, teenagers, and adults. We hy-

pothesized thatcorrelationanalysismightbe lesssensitive thanend-pointanalysis to

nonlinear changes across development and that both approaches would be compara-

bly sensitive to linear changes. For each set of analyses, we sustained the same con-

ceptual and methodological features consistent with Brown et al. (2005). Levels of

brain activity were measured and analyzed as hemodynamic response time courses

in an event-related design across several related controlled lexical tasks.

METHOD

Participants

Ninety-five healthy, right-handed, native English-speaking participants age 7 to 32

years oldparticipated in return for payment.Participantswere recruitedmostlyfrom

Washington University and the surrounding area. Adult participants were screened

with an interview and questionnaire to ensure no historyof neurologic or psychiatric

illness. Minor participants were examined by a pediatric neurologist (B.L.S) and

completed a detailed health questionnaire to assess typical development. They also

were acclimated to the MRI environment in a “mock” scanner several days before

the experiments. Informed consent was obtained from adult participants. Partici-

pants under the age of 18 gave assent with parental informed consent. The study was

approved by the Washington University Human Studies Committee.

Word Generation Tasks

Participants were scanned while performing three controlled lexical tasks: verb,

rhyme, and opposite generation. As previously described (Brown et al., 2005;

Schlaggar et al., 2002), single word stimuli were presented serially and partici-

pants were asked to say aloud a single word response for each. For example, for

verb generation a correct response after being presented with the word car would

be to say “drive.”

Thestimuliwerepresented to theparticipants in twosensorymodalities (auditory

andvisual).Durationof theauditorystimulivaried in lengthdependingon the length

of the word, and visual stimuli were presented for 1.37 sec, a relatively long duration

534 FAIR, BROWN, PETERSEN, SCHLAGGAR
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to aid in reading. Each participant performed runs of each task consisting of 21 trials

of one task in one modality, followed by a 90-sec rest period between runs. Prior to

each run, a fixation crosshair was presented in the center of the screen, remained for

the duration of the auditoryruns, and for visual runs was replaced onlyduring the ap-

pearance of the task word. During all runs, participants were instructed to maintain

gaze on the fixation cross, to generate single word responses as quickly as possible,

and to minimize movement. Words were presented white on a black background.

Verbal responses were recorded to allow for analysis of behavioral performance (re-

action times and accuracy) as previously described (Nelles et al., 2003). Stimuli

were presented in a pseudorandom fashion that allowed for the event-related time

course of the response to be extracted (Miezin, Maccotta, Ollinger, Petersen, &

Buckner, 2000). For the following investigation, analysis was collapsed across the

three tasks and across the auditory and visual modalities.

MRI Data Acquisition

We acquired fMRI data on a Siemens 1.5 Tesla MAGNETOM Vision system

(Erlangen, Germany). Participants’ heads were stabilized using pillows and a ther-

moplastic mask. Structural images were obtained using a sagittal magnetiza-

tion-prepared rapid gradient echo (MP-RAGE) three-dimensional T1-weighted

sequence (TR = 9.7 msec, TE = 4 msec, flip angle = 12°, TI = 300 msec, voxel size

= 1.25 × 1 × 1 mm, slices = 128). Functional images were obtained using an

asymmetric spin echo echo-planar sequence sensitive to blood oxygen level-de-

pendent (BOLD) contrast (TR = 3.08 sec, T2* evolution time = 50 msec, flip angle

= 90°, TI = 300 msec, voxel size = 3.75 × 3.75 mm in-plane resolution, slices =

128). During each scan, 73 frames of 16 contiguous interleaved 8-mm axial slices

were acquired parallel to the plane transecting the anterior and posterior

commissures (AC-PC plane), allowing complete brain coverage. Steady state was

assumed after three frames (~ 9 sec). Thus, acquisition of functional imaging data

began with the fourth frame of each run.

Data Preprocessing

Functional images were preprocessed to remove noise and artifacts (Miezin et

al., 2000). This preprocessing included removal of single pixel spike caused by

signal offset, whole-brain normalization of signal intensity across MR frames,

correction for subject movement within and across runs, and slice-by-slice nor-

malization to correct for changes in signal intensity introduced by the acquisi-

tion of interleaved slices.

Prior to statistical analysis, BOLD data were registered to the structural

(MP-RAGE) data for a given subject. Data from all participants were transformed

into the same stereotaxic space (Talairach & Tournoux, 1988), allowing for direct
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voxel-wise statistical comparisons. The feasibility of this approach for comparing

school-age children and young adults has been established in prior investigations

(Burgund et al., 2002; Kang, Burgund, Lugar, Petersen, & Schlaggar, 2003).

Movement Analysis

To encourage minimal movement, participants were positioned in the scanner us-

ing a thermoplastic mask individually fitted to the face and attached to the head

coil. Participant motion was corrected and quantified using an analysis of head po-

sition based on rigid body translation and rotation. The data derived from the ad-

justments needed to realign head movement on a frame-by-frame basis were calcu-

lated as root mean square (RMS) values for translation and rotation in the x, y, and z

planes in millimeters. Total RMS values were calculated on a run-by-run basis for

each participant derived from deviations from the initial position for each run. For

each subject, a median RMS was calculated for the six runs. Median RMS values

ranged from 0.19 to 1.37 mm, with an average of 0.47 mm of movement over all

tasks and participants. Median RMS was negatively correlated with age, showing

that head motion decreased with increasing subject age (r = –0.57, p < .001).

Imaging Data Analysis

Statistical analyses of preprocessed data were analyzed on a voxel-by-voxel basis

based on the general linear model (GLM; Brown et al., 2005; Miezin et al., 2000;

Schlaggar et al., 2002) as implemented by in-house software programmed in the

Interactive Data Language (IDL; Research Systems, Inc., Boulder, CO).

The GLM design included time as a seven-level factor, made up of the seven

MR frames following presentation of the stimulus. This method does not assume a

response shape. The hemodynamic response function was modeled over a period

of ~ 21 sec (7 frames, 3.08 sec/frame).

Analysis 1: Determining age-related brain regions using an
ANOVA-based approach. As previously reported (Brown et al., 2005), indi-

vidual participants were screened for outlier time courses, defined as those show-

ing any time point greater than 2% signal change. Regions containing 10 or more

individuals with outlying time courses were excluded from the remaining analysis.

Regions with fewer than 10 individuals with outlying time courses were not re-

moved; however, data from those particular participants were removed and re-

gion-based ANOVA was run again on the remaining participants. Regions deter-

mined to be within white matter or ventricles based on the group averaged anatomy

were removed from further analysis.

To identify age-related regions, we first selected two end-point groups deter-

mined by age from the total 95 participants. Twenty-six adults (13 men, 13

536 FAIR, BROWN, PETERSEN, SCHLAGGAR
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women; age range = 18–32 years, M = 24.9 years) and 32 children (14 boys, 18

girls; age range = 7–10 years, M = 9.3 years) were included. To test for overall

group differences, we included age group as a between-participants factor in the

GLM. An ANOVA model was used with Age Group (2 levels: children and adults)

and Time (7 levels: 7 time points) as factors. Using these groups (26 adults and 32

children), we created an activation difference between children and adults, ex-

pressed as a significant Age Group × Time interaction, on a voxel-wise basis. A

voxel-wise correction based on Monte Carlo simulation was implemented to guard

against false positives that may result from conducting a large number of statistical

comparisons over many images (Forman et al., 1995). To achieve a significance

level of .05 corrected for voxel clusters, we used a threshold of 24 contiguous

voxels with a z value less than 3.5. From this, we identified peaks and defined re-

gions in the Age Group × Time image using an algorithm to obtain the center of

mass and cluster coordinates for statistically significant voxels. Peaks were identi-

fied using a 4-mm hard sphere pre-blur and a z value greater than 3.0 as the statisti-

cal threshold. Regions were then defined beginning with a radius of 10 mm and by

consolidating regions with peaks closer than 10 mm. Regions smaller than 24

voxels or with a z value less than 3.5 (the size of the Monte Carlo correction) were

eliminated from the analysis. For all region-wise analyses, we used Box’s spheric-

ity correction, adjusting for temporal autocorrelation and inhomogeneity of vari-

ance over the time variable. To determine regions related only to age (independent

of performance), as previously reported (Brown et al., 2005), we then matched par-

ticipants by performance. Brain regions showing age-related effects were defined

as those in which children and adults showed statistically significant differences

despite having statistically similar behavioral performance. From the original

groups, a subset of 10 children and 10 adults were selected in which both accuracy

and reaction times were statistically equivalent. This separated the two groups into

four: matched children, matched adults, unmatched children, and unmatched

adults. A region-wise ANOVA on the regions established earlier was then con-

ducted in performance matched and nonmatched children and adults. Age-related

regions were defined as those regions that exhibited a difference (p < .05) between

children and adults for both matched and nonmatched groups.

Scatter plots of peak activity over age from these age-related regions were then

fit with a lowess curve (Cleveland, 1981)—a local regression-smoothing proce-

dure (see Figures 1 and 2; see insert). The process is a weighted least squares fit by

which each smoothed value is determined by the neighboring data points defined

within a span. In other words, only the value of the neighboring data points deter-

mines the fit at any particular location. Thus, the method makes no assumptions

about the form of the bivariate relationship and allows the form to be discovered

using the data itself. This approach is purely qualitative and useful for identifying

patterns in the data that may be otherwise overlooked with curve fitting that as-

sumes shape. For this report, smooth lines were computed using a tension of 50,
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which means that 50% of the adjacent data points were used to determine the

lowess fit for each of the 95 data points across age with the data point being

smoothed carrying the largest weight (see Figures 1 and 2).

Analysis 2: Determining age-related brain regions using a linear
regression-based approach. To accurately reproduce common developmen-

tal correlation techniques, we did not remove individuals with outlier time courses

from this analysis, as we did in the ANOVA approach; however, as in the ANOVA

method, regions determined to be within white matter or ventricles based on the

group averaged anatomy were removed.

To identify age-related regions, we performed correlation analysis using BOLD data

from all 95 participants across all ages (43 male, 52 female; age range = 7–32 years, M =

15.53 years). Average time courses were extracted from individual GLMs and a

voxel-wise correlation of peak BOLD activity (defined as Time Point 3) as a function of

age (to tenths of a year) was performed. As in the ANOVA method, we identified peaks

and defined regions in this correlation image using the same algorithm to obtain the cen-

ter of mass and cluster coordinates for statistically significant voxels. Again, we imple-

mented a voxel-wise correction based on Monte Carlo simulation; however; to achieve a

significance level of .05 corrected for voxel clusters, we used a threshold of 21 contigu-

ous voxels with a z value greater than 3.0 in this analysis. Regions smaller than 21 voxels

or with a z value than a 3.0 (the size of the Monte Carlo correction) were eliminated from

the analysis. The distinction between the ANOVA method and the correlation method

here is due to the difference in the transformations from the t to z (correlation) statistics

and the f to z (ANOVA) statistics. To determine regions related to age (independent of

performance), we performed a region-wise partial correlation of peak BOLD activity as

a function of age using reaction time and accuracy as covariates. Age-related regions

were then defined as those regions that maintained a significant partial correlation (p <

0.05). As in the ANOVA approach, for these age-related regions scatter plots of peak ac-

tivity over age were then fit with a lowess curve (see Figures 1 and 2).

RESULTS

Both approaches identified several similar age-related regions; however, notewor-

thy differences were present (see Figures 1 and 2). The ANOVA analysis identified

40 regions. The partial-correlation method identified 52 regions. A proportion of

the regions derived from one method overlapped with those derived from the other

method. Such an overlap region was formally defined as 2 regions identified sepa-

rately by each method with a vector distance in 3-dimensional space of less than 12

mm. A total of 24 such regions were identified. Two additional categories of re-

gions were defined: ANOVA only and partial-correlation only (Tables 1 and 2). As

a consequence of this categorization, the number of regions was reduced from 92

538 FAIR, BROWN, PETERSEN, SCHLAGGAR
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to 68. ANOVA-only regions accounted for 16 out of 68 regions or 24%. Par-

tial-correlation-only regions accounted for 28 out of 68 regions or 41%. Overlap

regions accounted for 24 out of 68 regions or 35%.

Using both visual inspection of the group-averaged anatomy and the Talairach

Daemon atlas (Lancaster et al., 2000), we classified the regions according to their

neuroanatomical locations and presumptive Brodmann areas (Tables 1 and 2). Re-

gions that overlapped tended to be located bilaterally in frontal, anterior and poste-

rior cingulate, and occipital-temporal cortex. ANOVA-only regions were

distributed throughout bilateral frontal, posterior cingulate, parietal, and

occipital-temporal cortex. Partial-correlation-only regions were also distributed in

bilateral frontal, insula, anterior cingulate, and occipital-temporal cortex.

These age-related regions identified by each analysis were also divided accord-

ing to whether adults or children showed greater activity (see Figures 1 and 2). In

other words, they were classified according to whether brain activity increased

with age, “grew up,” or decreased with age, “grew down.” The majority of the re-

gions identified by both analyses showed decreases in activity over age—75%

(30/40) of the ANOVA regions and 92% (48/52) of the partial-correlation regions.

Of the 10 “growing up” regions, 4 (40%) overlapped from the results of each

method (Table 1). Six regions (60%) identified by the ANOVA method were not

found by the partial-correlation method. There were no regions that were identified

COGNITIVE DEVELOPMENT AND fMRI 539

TABLE 1
Regions Growing Up

Regions x y z Location

Approximate

Brodmann Area r

Overlap regions

Left –39 –4 –48 Frontal 6 0.22

–53 –12 40 Frontal 4 0.28

–49 3 39 Frontal 6 0.36

–57 –27 41 Parietal 2 0.37

Right (no overlap regions)

ANOVA-only age-related

regions

Left –25 3 50 Frontal 6 —

–24 –12 56 Frontal 6 —

0 12 56 Medial frontal/

anterior cingulate

6 —

–60 –21 33 Parietal 2 —

–37 –44 37 Parietal 40 —

Right 26 7 52 Frontal 6 —

Partial correlation-only

age-related regions (no partial

correlation-only regions)
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540

TABLE 2
Regions Growing Down

Regions x y z Location

Approximate

Brodmann Area r

Overlap regions

Left –3 52 11 Medial frontal/anterior

cingulate

10 0.21

–8 43 24 Medial frontal/anterior

cingulate

9 0.38

–10 32 20 Medial frontal/anterior

cingulate

32 0.38

–5 23 19 Medial frontal/anterior

cingulate

24 0.41

–12 –42 12 Medial parietal/posterior

cingulate

29 0.32

–37 7 –18 Occipital/temporal 38 0.35

–41 –13 –2 Occipital/temporal 19 0.25

Right 50 6 20 Frontal 44 0.21

40 –12 0 Frontal 13 0.27

43 –43 15 Frontal 13 0.32

10 38 23 Medial frontal/anterior

cingulate

32 0.34

9 11 20 Medial frontal/anterior

cingulate

33 0.38

14 –39 30 Medial parietal/posterior

cingulate

31 0.24

40 –69 31 Parietal 39 0.22

36 –32 12 Occipital/temporal 41 0.26

23 –95 7 Occipital/temporal 18 0.37

37 –85 9 Occipital/temporal 19 0.36

52 –66 9 Occipital/temporal 37 0.23

26 –52 10 Occipital/temporal 30 0.26

26 –82 26 Occipital/temporal 19 0.24

ANOVA-only

age-related regions

Left –18 55 8 Frontal 10 —

–5 –41 29 Medial parietal/posterior

cingulate

31 —

–35 –32 30 Parietal 2 —

–44 –55 27 Occipital/temporal 39 —

–41 –85 7 Occipital/temporal 19 —

–36 –80 –5 Occipital/temporal 19 —

Right 11 –61 45 Medial parietal/posterior

cingulate

7 —

19 –72 27 Medial parietal/posterior

cingulate

31 —

26 –43 –5 Occipital/temporal 19 —

(continued)
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bythepartialcorrelation thatwerenot foundwith theANOVA.Overlapregionswere

located in left lateral frontal and left anterior parietal cortex. ANOVA-only regions

were located in bilateral dorsomedial frontal, and left inferior parietal cortex.

Of the 58 “growing down” regions, 20 (34%) overlapped from the results of

each method (Table 2). Ten regions (17%) were ANOVA only and 28 regions

(48%) were partial-correlation only. Two of these partial-correlation-only regions

were initially found by ANOVA but were removed secondary to outliers. Overlap

regions were located in bilateral frontal, anterior and posterior cingulate, right pa-

rietal, and bilateral occipital-temporal cortex. ANOVA-only regions were located

in left frontal, posterior cingulate, left parietal, and bilateral occipital-temporal
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Right 28 2 –14 Occipital/temporal 34 —

Partial

correlation-only

age-related regions

Left –29 32 8 Frontal 24 0.36

–27 44 9 Frontal 10 0.44

–15 9 34 Medial frontal/anterior

cingulate

32 0.26

–7 56 24 Medial frontal/anterior

cingulate

9 0.26

–20 –44 31 Parietal 31 0.26

–54 –43 11 Occipital/temporal 22 0.29

–43 –67 9 Occipital/temporal 37 0.26

–39 –83 7 Occipital/temporal 19 0.28

–33 –43 –4 Occipital/temporal 19 0.24

–29 –88 2 Occipital/temporal 18 0.38

–18 –86 7 Occipital/temporal 17 0.26

–18 –96 7 Occipital/temporal 18 0.30

–7 –86 23 Occipital/temporal 18 0.28

–37 1 15 Insula 13 0.22

–35 20 9 Insula 13 0.30

–35 6 3 Insula 13 0.29

Right 27 33 8 Frontal 24 0.36

29 43 27 Frontal 10 0.25

3 27 22 Medial frontal/anterior

cingulate

24 0.38

8 45 10 Medial frontal/anterior

cingulate

10 0.31

4 –92 7 Occipital/temporal 18 0.32

8 –80 11 Occipital/temporal 17 0.29

31 –27 –4 Occipital/temporal 27 0.23

35 –80 26 Occipital/temporal 19 0.23

32 21 3 Insula 13 0.23

44 –13 18 Insula 13 0.23

34 6 2 Insula 13 0.26
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cortex. Partial-correlation-only regions were located in bilateral frontal, insula, an-

terior cingulate, and bilateral occipital-temporal cortex.

DISCUSSION

With the presence of fMRI, studies investigating the neural correlates associated

with reading disorders are accruing. Progress toward a greater understanding of

these disorders relies on an adequate depiction of the normal developmental frame-

work. The methodological approaches used with the relatively new technique of

fMRI to characterize this normal development are continuously progressing; how-

ever,because thesemethodsarenotuniform across laboratories, there ispotential for

discrepancies, possibly leading to inconsistencies in the normal developmental con-

text that is used to contrast with children enduring reading disorders.

The purpose of this study was to do a side-by-side comparison on the same data

set of two common fMRI analysis strategies used to characterize the development

of cognitive skills over maturation. The most important finding was that although

both analytical approaches produced qualitatively similar activation patterns, dif-

ferences between the techniques were evident. Of all the regions identified with

these methods, 35% (24/68) were identified with both approaches, 41% (28/68)

were identified by the partial correlation only, and 24% (16/68) were identified by

the ANOVA only. The pattern of results we found suggests that functional

neuroanatomic regions that change activity with age in a nonlinear fashion are gen-

erally more detectible with the end-point groups ANOVA approach. These regions

tended to be those that grew up with age. Regions that changed activity with age in

a more linear manner were more detectible with the partial-correlation method.

These regions tended to be those that grew down with age.

An important assumption of correlation analyses is that the relationship between

the two variables being tested is linear. Correlating variables with relationships that

arenonlinear or havenonlinear componentscan fail to findeffects or lead toambigu-

ous results. Examination of the scattergrams and lowess curves of the regions identi-

fiedbybothmethods in thisdataset revealed that several regionshavenonlinear rela-

tionships between age and magnitude of signal change. Regions that tended to be

significant for the ANOVA but not the partial correlation appeared by simple visual

inspection to be less linear. Two of these regions are highlighted in Figure 1. In gen-

eral, suchregionsappeared tohaveasteeper trajectorybefore reachingmature levels

of activity. This finding seemed particularly relevant for regions that increased in ac-

tivity over development. Using nonlinear regression techniques fit to the same data

usedhere,Brownetal. (2005)showedthatactivityingrowing-downregionsonaver-

age became 50% adult-like at age 12.8 and 75% adult-like at age 16.5. On the other

hand, regions growing up appeared to mature earlier, becoming 50% adult-like at

age11.9and75% adult-likeat age14.8.Conceivably, regionsgrowingupweremore
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detectable by the ANOVA method because these regions tended to reach maturity

faster than regions did growing down, indicating a greater degree of nonlinearity.

Conversely, the correlation approach may have been more sensitive to the grow-

ing-down regions as a consequence of subject grouping and matching in the

end-point ANOVA analysis. By decreasing power, the sensitivity of ANOVA to de-

tect age differences may have been reduced.

Although this explanation may account for some of the differences seen here,

other explanations are likely to have contributed as well. Both methods depend on

the assumption that the variance of percent of MR signal change is homogeneous

throughout age (i.e., the variance of the BOLD signal in children is equal to that of

adults—the assumption of homoscedasticity). By simple inspection of the scatter-

grams(seeFigures1and2)andfurtheranalysisusing theLevene’s test (Brownetal.,

2005,) there is reason to believe that for the majority of identified regions in these

studies the variance throughout age is not equal. In the presence of significant

heteroscedasticity, the validity of significance tests can be adversely affected (Co-

hen&Cohen,1983).Furthermore, thepresenceofoutliers isalsoknowntocauseun-

desirable effects on several types of statistical analyses (Zimmerman, 1994). In our

work using the end-point ANOVA strategy, we have attempted to limit this suscepti-

bility by removing those data points that are highly deviant; however, this practice

maynot be typical. In the current analysis it is conceivable that inconsistencies arose

because of the inclusion of outliers in the correlation analysis.

It should be noted that some of the partial-correlation-only age-related regions

were identified with the ANOVA method as being either performance related or age

and performance independent (Brown et al., 2005). Regions of this type were seen

within the left and right insula and left occipital-temporal areas. In accordance with

the earlier explanations describing a decrease in power due to subject grouping and

performance matching for the ANOVA, many of these regions did not reach our sta-

tistical thresholdforsignificance,p<.05,butonlybyaslim margin(from p=.055for

right insular regions to p = .072 for occipital-temporal regions). Other regions, in-

cluding the left insular regions and additional occipital-temporal regions, had larger

p values but were most likely subject to these same concerns. Similar findings were

evident with the ANOVA-only regions, where a few regions identified as being

age-related with the ANOVA approach were not identified with the correlation

method (p < .05), but did show trend-like effects (as low as p = .07); however, the ma-

jorityof such regions had larger p values (as high as p = 0.89). Along with the discus-

sion of linearity, it is these types of findings that we feel warrant consideration of us-

ing both analyses to study developmental effects. For example, perhaps the right

insular regions, although not statistically significant for the artificial cutoff of crite-

rion in theANOVAapproach(p<.05),wouldhavebeendeemedage-relatedwith the

additional information provided by the partial correlation.

It should also be added that the results presented here are specific to the tasks

used in this study. It is likely that different task sets will not only engage differ-
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ent neural networks, but also, for a particular region, have a unique developmen-

tal trajectory. Differences in task could in theory produce either a closer relation-

ship or more discrepancies between the two analyses investigated here.

Likewise, widening or shrinking the age ranges used in this study might also

have a similar effect. In addition, given the drawbacks of cross-sectional studies,

it would be of interest to not only look at cognitive development from a longitu-

dinal perspective, but also to see how the differences between these two analyses

strategies studied here would be affected. Unfortunately, the obvious logistical

difficulties with this type of undertaking make high-powered longitudinal studies

a challenge.

With fMRI now assisting with tailoring interventions for disordered readers

(see Shaywitz, Lyon, & Shaywitz, this issue; Simos et al., this issue; Richards et

al., this issue), it is important that we fully understand the dynamics that accom-

pany normal development. Without recognizing that different methodological

approaches used in fMRI can lead to conflicting results in typically developing

children, investigators using this tool and the normal developmental framework

to aid in implementing strategies may be misled into providing ineffective or

possibly even damaging interventions. Here we looked at the differences in two

methodological approaches, between-group end-point ANOVA and age-related

regression, for studying normal development. Both of these statistical measures,

when applied toward identifying potential developmental regions of interest, are

limited by the constraints of their assumptions. Neither is ideal in coping with

the mentioned violations. Furthermore, human cognition and behavior has long

been known to exhibit discontinuous, nonlinear changes throughout develop-

ment, including U- and inverted-U-shaped growth (Mehler, 1982a, 1982b). Re-

cently, Luna et al. (2001) presented functional imaging evidence that suggests

some brain regions may exhibit these kinds of effects over age for certain

tasks—something both of these methods would fail to detect. Currently, we are

working on developing nonlinear regression techniques that more reliably iden-

tify a wide range of developmental changes in the brain. Applying statistical

methods, such as this, which deal with the earlier mentioned issues, may im-

prove the reliability of findings in the field. At the same time, the development

of these approaches should help us identify brain regions that show any number

of shapes and time courses over maturation. Until flexible, standardized tech-

niques are available and widely implemented, we feel there is value in using

converging methodological and statistical strategies when trying to characterize

the neural underpinnings of cognitive development. Results that are consistent

across analysis strategy are those that should be emphasized. Inconsistencies

should be viewed with appropriate caution.

How can one relate the implications of the present study to strategies for teach-

ing struggling readers? Our basic premise is that a solid understanding of normal

cognitive development will provide the context for understanding atypical devel-

544 FAIR, BROWN, PETERSEN, SCHLAGGAR

D
ow

nl
oa

de
d 

by
 [

W
as

hi
ng

to
n 

U
ni

ve
rs

ity
 in

 S
t L

ou
is

] 
at

 0
8:

34
 2

9 
D

ec
em

be
r 

20
17

 



opment (e.g., disordered reading). Such understanding will also provide the con-

text for generating rational interventions that are developmental-stage appropriate

and for assaying the consequences of those interventions. The current study under-

scores that the field of developmental cognitive neuroscience remains in pursuit of

improved methods needed to take full advantage of fMRI to study typical and

atypical development.
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