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A b s t r a c t  Functional magnetic resonance images of the 
brains of subjects performing the finger-tapping paradigm 
were made using a conventional technique. Two threshold 
values for the pixels were obtained by analysing pixel by 
pixel the distributions of the means and variances of each 
subject's images for 20 consecutive scans, both while per- 
forming the task and while at rest. Considerable signal im- 
provement in the final images was achieved by removing 
from our data all pixels beyond these threshold values 
(mean <16 and variance >_7). 
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Introduction 

Functional magnetic resonance imaging (fMRI) has be- 
come a powerful tool in the detection and assessment of 
cerebral pathophysiology and the regional mapping and 
characterization of such cognitive processes as vision, mo- 
tor skills, language and memory (Sanders and Orrison 
1995; Kucharczyk et al. 1995). Neural activity is asso- 
ciated with local changes in cerebral blood flow, blood vol- 
ume and oxygenation (Paulson and Sharbrough 1974; Fox 
et al. 1986; 1988; Belliveau et al. 1991). Pioneer fMRI 
studies showed changes in regional cerebral blood flow in 
response to sensory stimulation by using an ultrafast NMR 
imaging technique and a paramagnetic contrast agent (Bel- 
liveau et al. 1990; 1991). More and more, non-contrast- 
based NMR methods are being used as a non-invasive al- 
ternative to other functional imaging techniques "see Sand- 
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ers and Orrison 1995; Kucharczyk et al. 1995 and refer- 
ences therein), such as positron emission tomography 
(PET) and single photon emission computerized tomogra- 
phy (SPECT). 

The physiological basis for brain mapping by non-in- 
vasive fMRI is presumed to lie mainly with a transient hy- 
peroxygenation of the venous blood pool associated with 
neural activity, caused by an increase in oxygen demand 
and consequently a regional increase in cerebral blood flow 
(the blood oxygen-level-dependent, BOLD effect). Signal 
alterations in certain brain regions have also been sug- 
gested to be related to large vessels (vascular noise), and 
with flow changes which increase the MRI signal by re- 
ducing spin saturation (the in-flow effect) (Duyn et al. 
1994). Since some of these mechanisms are associated with 
the NMR parameters used in the acquisition of data, the 
interpretation of activation maps in fMRI will require de- 
tailed information concerning the experimental conditions 
under which the images were made and the methods used 
in their reconstruction (Frahm et al. 1993; Ogawa et al. 
1995). 

Using fMRI, an image is essentially obtained by mak- 
ing a pixel by pixel comparison of image sequences cor- 
responding to periods while the subject is performing a 
given task (activation image) and while he/she is not (at- 
rest image). The very low signal changes (AS/S) associated 
with these experiments [about 8% at 1.5 T (Ogawa et al. 
1993; 1995; Turner et al. 1991)] are within the range in 
which a number of potential artefactual sources, such as 
the bulk motion of the subject during the experiment, pul- 
satile blood, or other such non-stimulus processes, may 
contribute. For example, tiny spatial misalignment be- 
tween scans may cause artefactual signal differences at the 
boundaries between two images of as much as 40% (Turner 
1994). 

Pulse sequences less sensitive to these intrusions must 
therefore be used and powerful statistical methods need to 
be applied to the data processing (see Sanders and Orrison 
1995; Poline et al. 1995; Kucharczyk et al. 1995 and ref- 
erences therein). Less powerful methods, such as the sin- 
gle subtraction of pixel data between activation and at-rest 
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images for example, are very susceptible to noise, partic- 
ularly where small changes in large signals are concerned. 
Thus, to demonstrate more clearly the potential of the pre- 
processing approach we describe here, we have generally 
used the single subtraction of pixels. For the same reason, 
we have used a conventional MRI scanner without special- 
ised hardware for fast imaging sampling and also a con- 
ventional gradient-echo sequence. With echo-planar tech- 
nology, specialised hardware and better data processing the 
great advantages of the pre-processing technique discussed 
in this paper would not be so evident. 

We obtained repetitive fast images, both activation and 
at-rest, which allow us to obtain the frequency distribu- 
tions of the means and variances of the pixels. By study- 
ing these distributions we were able to choose threshold 
values for both the means and variances of the pixels in the 
resting images, which improve the quality and reliability 
of the fMR images considerably. 

Methods 

1. NMR data acquisition and processing 

The scans were made on a 1.5-tesla scanner (GE Medical 
Systems Signa, Milwaukee, WI) using a standard quadra- 
ture head coil. Sagittal multisection T 1-weighted images 
were obtained as an anatomical guide to select the correct 
planes for activity studies. For a motor stimulation, an ax- 
ial plane through the primary motor and sensory cortex was 
chosen. T 1-weighted images were obtained and used as 
anatomical references for the brain-activity maps. For the 
motor-activity studies, these identical selected planes were 
then imaged by using a conventional gradient-echo acqui- 
sition (TR = 120 ms, TE = 45 ms, flip angle = 40 °, NEX = 2, 
flow compensation, FOV = 22 cm, slice thickness = 10 ram, 
imaging matrix = 128x256) with a scan time of 30 s. The 
task for each time course series was divided into two con- 
secutive periods, and a sequence of ten gradient-echo im- 
ages was taken within each of these. The subjects were 
asked beforehand to remain completely relaxed during the 
first period (at-rest images), and during the second one to 
perform the finger-tapping paradigm by touching each 
right-hand finger to the thumb in a sequential, self-paced, 
repetitive manner (activation images). All the images dis- 
played were linearly interpolated to a 256x256 matrix. 
Twelve right-handed subjects between 19 and 25 years of 
age, all members of the university, participated in the ex- 
periments. Their written informed consent was obtained 
beforehand. 

All processing was performed off-line with home-de- 
veloped software in UNIX based workstations by using 
Interactive Data Language (Research Systems, Boulder, 
Colorado). Threshold images of the cerebral-activity im- 
ages were obtained from the time course data as described 
above, and superimposed upon the spin-echo anatomical 
references. 

2. Statistical methods 

The images corresponding to both resting and activity pe- 
riods were represented by matrices of m x m = M  dimen- 
sions, where M is the total number of pixels 
(mxm = 256 x 256 in our case). The values for each i, j pixel 
in the k scan are xij~ and Yijk under the resting and activity 
conditions respectively (i= 1, 2 . . . . .  256;j= 1, 2 . . . . .  256 
and k-- 1, 2 . . . . .  10). For every ten-images sequence, ac- 
quired for both the resting and activity periods, the corre- 
sponding means: Zij = (? Xijk)/l 0 and Yij = (~ Yijk) [lO and 
variances: 

(~x 2 ~- 02 (Xij) = Z (X i "k-- Xij) 2/1 O; 0,2 -~ 02 (Yij) ~" Z (Yi'k- Yij) 2/l 0 
k ~ k J 

were calculated for each i, j pixel. From now on we only 
- -  2 use these four matrixes (Y/;, Yij, ax and c7~ for each sub- 

ject. 
Two methods, means subtraction and Student's t test, 

were used for image comparison between the resting and 
task-performing periods. In a forthcoming publication, we 
shall be comparing the results obtained when using other 
parametric and non parametric methods. 

The distributions of variances (z = 02) are fitted to the 
beta distribution in order to determine the value and sig- 
nificance of the variances threshold (Johnson et al. 1995). 
The continuous beta distribution, Be (vt, v2), is defined by 
the following probability density function (Wilks 1962) 

f ( z ) -  F(vl +V2) zv'-I(I--z) v2-I 
F(Vl ) F(v2 ) 

for 0 < z < 1 andf(z)  = 0 elsewhere. We have used the mo- 
ments method (Kendall and Stuart 1963, 1967) for the fit- 
ting procedure, where the first, &l, and second, d~, mo- 
ments are &l = ~  z/n; g~ =~. z2/n, being v2= (/~2 /~1 --/~2 q'~l 
-&12)/(g~ -&~) and Vl = (~v2  + g~ -&l)/(&x -&e) and n is 
the total number of pixels considered. 

Results 

The Yij and Yij values obtained in our studies ranged from 
0 to 200 in arbitrary units. One of the fMR images obtained 
by plotting only yij-xij differences of pixels greater than 
2 arbitrary units is shown in Fig. 1 A. It contains a lot of 
artefactual noise because, as its presence is intentional, we 
have used a low threshold value and have taken no experi- 
mental step to avoid it (cf. Introduction). The situation can 
be improved a lot by using a more powerful statistical tech- 
nique such as the Student's t test (Fig. 1 B), although there 
are still many false positives (e. g. signal differences re- 
maining outside the brain area). 

The frequency distribution of the xij values for each i, 
j and one subject's image is plotted in Fig. 2A. We ob- 
tained very similar results with the other subjects. The dis- 
tributions always showed a first population with a maxi- 
mum at 2-ij of about 3 and another with a smaller maxi- 
mum of about 90. Practically identical distributions are ob- 



Fig. 1 A, B fMR images ob- 
tained for one subject perform- 
ing the finger-tapping paradigm 
under the experimental condi- 
tions described in the text and 
superimposed upon the corre- 
sponding spin-echo anatomical 
images. A Only those pixels 
showing y ~ i - x  ~j values greater 
than 2 arbitrary units are plot- 
ted. B Student's t test (~=0.01) 
for the same data 
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Fig. 2A, B Frequency (number of pixels) ofY U (A) and ~ (B) for 
the data used for Fig. 1 

tained when the y~j frequencies are plotted (results not 
shown), owing to the very small differences between Yij 

2 and 2-ij in fMRI. The frequency distribution of c~ x values is 
given in Fig. 2 B, which also shows two populations ofpix-  
els. Similar results are obtained for the frequency distribu- 

tion of variances for the activation images (results not 
shown). It is worthy of remark that we have always ob- 
tained two populations (neither one nor more than two) for 
both means and variances frequency plots. The first pixel 
population (those where Xij <16) will lead to very small 
signal changes (AS=b, because AS/S lower than 8% must 
be expected at 1.5 T (cf. Introduction). Therefore, the Yii- 
Yij differences for these pixels will always be confused with 
the experimental noise (including data digitalization) and 
we think is worthwhile considering all the Yij- xij differ- 
ences obtained for this first data population (where 2-ij < 16) 
as being artefactual errors. Thus we decided to remove all 
pixels where 2-/] <16 from our data. The fMR images now 
obtained are depicted in Fig. 3 A and B, which show a great 
improvement compared with Fig. 1 A and B. By this com- 
parison we can see that the pixels removed from Fig. 1 are 
randomly distributed along the brain. This observation 
shows that the two data populations do not correspond to 
two different brain regions (for example, grey and white 
matter) and fortifies our assumption that the first one (that 
with values of Yij <16) is only due to artefactual errors. 
There are nevertheless still some false positives in Fig. 3, 
which prevent us seeing the expected activation areas 
clearly. 

The frequency distributions of means (2-U) and variances 
(o-x z) for pixels where xij >16 are shown in Fig. 4A and B, 
respectivley. We can now see one maximum in the means 
frequency plot, at about Yij = 90 and a shoulder at about 
Yij= 110 (Fig. 4A). These two populations appear with all 
twelve subjects studied, although their relative positions, 
height and overlap alter from one individual to another (re- 
sults not shown). The variances frequency plots (Fig. 4 B) 
always showed a single maximum of about cy2= 3.5. We do 
not see now the first population of pixels with a maximum 
about ff~ = 1.3 shown in Fig. 2B. This means that it corre- 
sponds exclusively to the first media population with max- 
imum at Yij = 3. Therefore, our data unambiguously indicate 
that, within our experimental resolution, different brain re- 
gions can be fitted by a single variances distribution. 
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Fig. 3 A, B fMR images ob- 
tained from the same data used 
for Fig. 1, except that no data 
where ~ij _<16 is plotted 
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Fig. 4A, B Frequency distribution ofYij (A) and o'~ (B) for the data 
used for Fig. 3 

These variances came from measurements of the vari- 
ations obtained in k repeated measures taken in the same 
pixel, under identical experimental conditions, with the 
same subject and during a short time interval. We must then 
expect low variances, due to random variations, and it ap- 
pears to us that a good filter could be obtained by remov- 
ing all data with larger variances than a given threshold 

value. To find this value it is convenient to fit the variances 
population to a given distribution function. We have not 
fitted our data to a chi-squared distribution, despite the fact 
that we are dealing with sums of squares variables, because 
these variables should be normally distributed and inde- 
pendent, and we are not sure that any of these conditions 
is fulfilled here. Therefore, we have employed a beta dis- 
tribution, with parameters va'~v2, which is empirically 
used in a wide range of applications (Johnson et al. 1995). 
The values of vl and v 2 found are very similar for all sub- 
jects (around v 1 =2, and v2= 16). The probability of hav- 
ing pixels with variances lower than twice the distribution 
mode is always about 85% in both the experimental and 
the theoretical distributions. We therefore tried to improve 
our results by removing those data with variances greater 
than this threshold value (7 = 2x3.5). This improvement is 
clearly shown in Fig. 5 A and B, where only pixels with 
values of 2-;] > 16 and (72 <7 are plotted. Although artefacts 
may still be present, the expected activation area (marked 
with an arrow) can now be clearly seen as the larger clus- 
ter of points (see the differences between these and the sim- 
ilar Fig. 3 A and B). The great improvement resulting from 
using a parametric statistical technique such as Student's 
t test (Fig. 5 B) compared to the results obtained by using 
a simple subtraction method (Fig. 5 A) also becomes evi- 
dent. Further comparison with other parametric and non- 
parametric methods will be done in a forthcoming article. 

The central issue in fMRI studies is how the observed 
activation image relates to the real site of neural activity. 
We know the location of the site which is activated while 
right-handed subjects perform the finger-tapping paradigm 
by reference to previous studies reported in the literature, 
either using fMRI (Connelly et al. 1993; Bandettini et al. 
1994; Kim et al. 1994) or other techniques (cf. Fig. 7.101 
in Sanders and Orrison 1995). Small changes can be ex- 
pected in a small area along the gyral surface of the ante- 
rior margin of the central sulcus of their left hemisphere, 
minimal activation in areas anterior to this (premotor re- 
gions), and essentially no activation along the central sul- 
cus of the right hemisphere (Latchaw et al. 1995). This 
means that we should on the whole expect activation in- 



Fig. 5A, B fMR images ob- 
tained for the same data used 
for Fig. 1 except that no data 
where Yij _<16 and ~7 2 >7 is 
plotted 
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Fig. 6 Region of interest (ROI) in our studies 

side the region of interest (ROI) shown in Fig. 6. When we 
study the frequency distributions for all pixels inside this 

- -  2 ROI we see that there is little data for xij  <_ 16 and cy x >7, 
thus supporting our choice of these threshold values 
(Fig. 7). The presence of only a few pixels in the ROI be- 
yond these threshold values was observed with all twelve 
subjects (results not shown), irrespective of the position 
and size of the ROI (only reasonable values were tested). 
Some claims have been made that results obtained by us- 
ing selected ROIs are highly dependent upon the location 
and size of the ROI (Sanders and Orrison 1995). We do not 
need to involve ourselves in this point here because the vir- 
tual absence of pixels in our selected ROIs beyond the two 
threshold values (Xij = 16 and o-2= 7) means that by using 
our removal procedure we are not increasing type II errors 
(i. e. the probability of overlooking true changes), at least 
with fMR images of subjects performing the finger-tap- 
ping paradigm. 

It may reasonably be inferred from these results that a 
significant signal improvement should be obtained by 
eliminating from the data matrices those pixels which in 
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Fig.  7 A ,  B Frequency  dis t r ibut ion ofYij (A) and ~yx a (B) for those  
pixels  inside the ROI  selected in Fig. 6 

the resting state have a very low signal value (2-/j <_16) and 
the remainder with variances equal to and greater than 7. 
Further improvements in the quality of the fMR images 
must depend mainly upon the use of better experimental 
conditions (purpose-designed coils, ultra-fast echo-planar 
sequences and so on), and the use of better statistical meth- 
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Fig. 8A-C fMR images obtained by applying the Students's t test 
(a=0.01) of those pixels where ax 2 <7 and A: 16 <;cij <68; B: 68 
<xij <90 and C: 90 ~-'~ij 

ods that decrease type I errors (i. e. the probability of de- 
tecting false positives), despite the fact that this may bring 
about an increase in type II errors. 

Discussion 

fMRI has proved to be a promising and powerful tool for 
non-invasive, incruent studies into cerebral pathophysio- 
logy and the mapping of cognitive processes in the brain. 
One of the main problems pertaining to this technique, 
which impeded its wider development, is the difficulty in 
correlating the activity observed and the real sites of neu- 
ral activity, owing to the very low signal-to-noise ratios in- 
volved in these experiments. To overcome this, many tech- 
nical advances and very powerful statistical methods have 
been applied to decrease artefactual noise and increase the 
significance of the results. The problem revolves essen- 
tially around maximizing the probability of detecting true 
changes (i. e. decreasing type II errors) and simultaneously 
minimizing the probability of detecting artefactual signals 
(i. e. decreasing type I errors). 

We chose a conventional gradient-echo sequence for our 
data acquisition, this technique being very sensitive to 
small motions. When we compare our Figs. 1 A and 3 A or 
Figs. 1 B and 3 B we see that a great deal of boundary noise 
disappears as a simple result of removing those pixels 
where Yij <16. We are aware that some noise is still present 
after this filtering process but this implies that our method 
will also improve the reliability of measurements per- 
formed with sequences less sensitive to noise than the one 
used here, such as, for example, gradient-echo planar tech- 
niques. Moreover, when Figs. 1 and 5 are compared we see 
that more false-positives disappear in the frontal area than 
in back brain positions. More motion noise might be ex- 
pected in the frontal area, due to involuntary movements 
when the subjects start the task. This could well imply that 

artefactual noise will not be uniformly distributed in fMRI, 
even when using better technology. However, when algo- 
rithms (Hajnal et al. 1995; Baudendistel et al. 1995) for 
correction of slight head movements are used for image 
matching we did not see appreciable differences with re- 
spect to the images without such correction for our twelve 
subjects, although some mismatchings were detected and 
corrected in several cases. 

The threshold value of 15% of probability in the beta 
distributions (or twice the mode) for discarding pixels with 
large variances is of course arbitrary and it depends on our 
subjective demanding level. It is convenient to say, how- 
ever, that fMR images are almost equal by using threshold 
values between 10 and 20%. These computations clearly 
need to be recalculated every time the experimental design 
or the acquisition system is changed. However the compu- 
tation is easily made and takes little additional time, be- 
cause the means must always be calculated independently 
of the statistical method used. It is worth noting that t-maps, 
as well as other statistical methods, are discarding data 
based on the ratio between means differences and error var- 
iances and then data with high error variances cannot be 
excluded in the maps if the means differences are high 
enough. Therefore, we think that is advisable to discard 
these data with large error variances in a pre-treatment pro- 
cess. Furthermore, the overlapping between the Zij and Yij 
distributions increases with the error variances, raising the 
fl-error and so lowering the power of the test (1-/3). This 
means that we are lowering the type II errors by eliminat- 
ing pixels with large error variances during the data pre- 
treatment. 

We have clearly shown here that a preliminary filtering 
of data, carried out by eliminating those pixels in the rest- 
ing state that show Yij<_16 and a subsequent removal of 
those remaining showing cr2>7, could be an easy and 
highly desirable step for starting data manipulation in any 
fMRI experiment. These numbers (16 and 7) can also be 
optimized for each particular case without too much effort 
and many time-consuming computations by following a 
similar process to that described here. 

The study of frequency means distributions in the whole 
brain (Fig. 4 A) and in the ROI (Fig. 7 A) can also help to 



improve  the qual i ty  of  the f inal  fMR images .  F r o m  our dis-  
t r ibut ions we can es t imate  three p ixe l  popula t ions  wi th  the 
l imits  g iven in the capt ion  o f  Fig.  8, which  is ob ta ined  by 
plot t ing the Yij -Zij dif ferences  of  those pixels  were  ~ < 7  
and 2-ij is wi th in  the ind ica ted  l imits .  The last  popu la t ion  
(C) has not  p ixe l  in our se lec ted  ROI  (cf. Fig.  7 A).  Fig.  8 A 
is surpr is ingly  s imi lar  to what  we might  expec t  to obta in  
under  more  prec i se  exper imen ta l  condi t ions .  The pic tures  
are not  very  sensi t ive  to smal l  changes  in the l imits ,  which  
alter s l ight ly  f rom one subject  to another,  and the f inal  im-  
ages are a lways  very  s imi lar  (results  not  shown).  These  
l imi t  changes  were  not  made  on subjec t ive  grounds;  for ex-  
ample,  we inc luded  a l ine in our compute r  p rog ram to de-  
tect  them when the first  der iva te  of  the curve given in 
Fig. 4 A  reached  values  o f - 1  and +1. Any  other  ob jec t ive  
cr i ter ion m a y  be  used.  We are aware  that  Fig.  8 A still  con- 
tains ar tefactual  signals.  Nei ther  d id  we instruct  our sub- 
jec ts  to avo id  other  tasks whi le  they were  pe r fo rming  the 
f inger - tapp ing  parad igm.  For  example ,  we found out af ter-  
wards  that some of  them were  fo l lowing  the pa rad igm with 
their  eyes  whi ls t  others  where  s imul taneous ly  enact ing the 
s i lent  word -gene ra t ion  pa rad igm,  and some con tamina t ion  
f rom these tasks must  then be expec ted  in our data. We  
should  l ike to poin t  out, however ,  that d i sen tangl ing  the 
images  by  a careful  s tudy of  the f requency  means  dis tr i -  
but ion funct ions,  as has been  done in Fig.  8, s impl i f ies  the 
results  and helps  to ident i fy  more  e labora te  phys io log ica l  
consequences ,  which  we do not  try to do here  for  the rea-  
sons ment ioned  above,  We in tend to do this in a fo r thcom-  
ing ar t ic le  in which  we opera te  under  bet ter  exper imenta l  
condi t ions  and apply  and compare  more  power fu l  s tat is t i -  
cal techniques .  
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