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Abstract

There have beenmany approacesto grey and white matter measuremeh in NMR images [1, 2, 4, 5]. For clinical
usethe estimated values must be reliable and accurate. Unfortunately, many techniques fail on these criteria in
an unrestricted clinical ervironment. A recert method for tissue quarti cation in NMR image analysis has the
advantage of great simplicity, while at the sametime taking accourt of partial volume e®ects [3]. This technique
makesuseof two imaging sequenceso provide three linearly independert linear equations. We show that, although
the original mathematical solution could still be usedwith a speci ¢ set of modern sequencesthere are advantages
to generalisingthe solution which give far more scope for application and greater accuracy A theoretical analysis
is preserted here, which is badked up with real images.

Background

The quartities of CSF, grey matter and white matter (p;, py and py respectively) can be usedto estimate ea
pixel grey level g,

01 PcGic + PgGig + PwGiw

and

(0] PcGac + PgGzg + PwGow

where Gy¢ , Gi4 and Gy, are the mean grey levels of pure tissue. These equations follow directly from the Bloch
equations for the NMR imaging processfor a wide range of sequencesand together with the constraint that the
total quantity of matter must be equalto the volume, ie:

Pc + Pg + pw = 1

give enoughinformation to solve for the three tissue quartities within any volume. Clearly the assumptionthat a
pure tissue will give a constart signal responseis a simpli cation in practice, particularly as eld strength e®ects
can produce position dependert sensitivity. Assuming that these e®ectscan be appropriately removed we can go
on to solve these equationsto recover tissue proportions.

The method preseried in [3] used a particular imaging sequenceto generatesan image in which the average
proportion of tissue P within a volume generatea cortribution to the averagegrey level P4Gig + Py Gy Which
averagesout to zero. The averagevalue of G; within the volume can then be useddirectly to estimate P.. Given
this and the other two equations, it is then a relatively easy matter to estimate P, and P,, within the volume of
V voxels.

b4
Pc = Oiv=(G1cV)

P \
Gow i Gv=Vi Pc£ (Gow i Gac)
G2Wi GZQ
Pw = 1 i Pc¢j Pg

Pg:

The secondimage was chosento give good contrast betweengrey and white matter in order to give good accuracy
for this process.Howewer, the rst image was selectedto simplify the solution of the linear system. Unfortunately,
although this was a relatively recert publication, the suggestedimaging sequencehas generally beenreplacedin
clinical situations by Turbo/Spin-Echo for reasonsof speed. This paper addresseghe issueof updating the method
to make use of modern imaging sequences.

Staying for a while within the solution framework adopted by Rusinek, can we nd an imaging sequenceor which
the assumptionsusedin the solution will still hold, ie: is there a sequencefor which the real signal intensity of
the grey and white matter tissuesproduce grey level values which are approximately equal, opposite and small
comparedto CFS.

The expressionfor the signal intensities of brain tissuesin an inversion recovery spin-eto (IRSE) sequenceollows
directly from the Bloch equationsand is
S = N(H)Ai 2£ exp(i TI=T1) + 2£ exp(i (TR ¢)=T1) i exp(i TR=T1))exp(i TE=T>)
where
¢ = TE=2

where N (H) is the spin density and TE is the edio time. When this is plotted as a function of TI there is a
point at which the signal for grey and white matter have equal and opposite values. This is the point selected



by Rusinek for one of his imaging sequences.The modern equivalent to (IRSE) is the inversion recovery turb o
spin-edo (IRTSE) sequence.The expressionfor the signal intensities of brain tissuesin an IRTSE sequence

S = NMH)Li 2E exp(j TI=T1) + 2£ exp(j (TR TsN¢)=T1) i exp(i TR=Ty))exp(i TEers=Tz)

where Ts is echo spacingand N; is the factor number of the TSE train.

The bloch equation has very similar form to that for IRSE and by careful selection of parameterswe can achieve
the samesignal curves. We can usethe samescanparameters(TE¢: = TE) and onthe assumptionthat N (H)
is the samefor grey and white matter we will get equal amplitudes but di®erent signat TI = 600ms. The longer
time delays for short echo train TSE read-out causeslittle di®erencesin T; weightings provided that long TR's
areused( TR > 4000ms ).

Howevwer, it is well known that IRTSE has di®erent cortrast to convertional ITSE, in particular:

2 there is more crosstalk betweenslicesdue to a shorter 180 ° rf pulse.
2 there is more noisedue to the wider bandwidth
2 long T2 substancetends to be brighter becauseof averaging of later echoes.

2 there is more magnetization transfer sothat fat and grey matter are brighter on IRTSE images.

thesefour are the most important e®ectshere are thosethat tend to increasethe noisein the imageand in practice
modern scannerscan produce imageswhich are comparableto those usedin the original work.

Metho ds

In the table below we give the parametersfor seven scanning sequencesised here.

Sequence| TR(ms) | TE(ms) | TI(ms) | TSE factor | echo space(ms) | CSF | Grey | White | error
IRSE (R1) 5000 100 490 7 25 -1900 | -100 | 100 60
IRSE (R2) 1400 30 425 3 15 -500 | -50 400 90

IRTSE 6850 18 300 9 18 -1800 | -650 | -200 60
VE (PD) 5500 20 - 8 13.3 1475 | 1270 | 970 80
VE (T2) 5500 100 - 8 13.3 1450 | 435 320 80

Flair 6000 100 2200 19 10 250 | 750 550 30
CSF 8000 250 - 45 10.9 2070 | 100 100 30
Table 1

Given the correct NMR images, Rusinek's method provides a straight-forward way of estimating tissue quartities
in the brain. The calculation is simple and the method can be performed using a pocket calculator and somebasic
imagedisplay software, asthe calculation is basedupon meangrey levelswithin aregion of interest. Unfortunately,
it is not possibleto generatepixel level partial volume probabilities, (ie: an image segmetmation for visualisation),
becausahe CSF measuremeh hasto be averagedover a volume corntaining equalgrey and white matter proportions
for the assumption of grey and white matter cancellation to be valid. Any calculation performed at a particular
pixel which contains mainly one tissue type will be biased. The general problem of cancellation may be quite
common, as mean grey level valuesfor nominally the samesequencegan vary from machine to machine and due
to brain disease. It is unfortunate that the technique is likely to give innacurate results for the very people for
which an accurate measuremen is most important.

Howewer, these problems can be eliminated, and pixel level segmemation can be achieved, if the assumption of
grey matter/white matter cancellation is not made and the tri-linear equations solved (using accurate mean grey
level valuesfor ead tissue) within ead voxel v as follows:

O (Gow i G2g) i Gv(Giwi Gig) i (GigGow i GogGiw)
(Gaci Glg)(GZWi GZg)i (Goc i G2g)(G1wi Glg)

Pev =

Ov(Gaci Gow) i O2v(Gici Giw) i (GiwGaci GawGic)
(Gigi Gu)(Gaci Gow)i (Gogi Gow)(Gici Giw)

Pgv =



and
Pov = 1§ Pev i Pgv

P
The averageproportion over the volume for tissuet is now given by P; = y pw =V. giving

Gi1(Gow i G2g) i G2(Giwi Gig)(G1gGow i G2gGiw)

Pe = (Gici G1g)(Gow i G2g)i (Gaci Gog)(Giw i Gig)
P, = G1(Gaci Gow) i G2(Gici Giw)(GiwGaci GowGic)
(Gigi Gu)(G2aci Gow)i (G2gi Gow)(Gici Giw)
and
Pw = 1i Pci Pg
These equations revert to the original solution if we make the assumptionthat Gig = Giw = 0. Once again

theseequationsare baseddirectly upon the property of linear additivit y of tissueto the image signal, which follows
directly from Bloch equations for a wide variety of NMR sequences. As this solution takes no accourt of the
noise processduring image formation it is possiblefor these solutions to take non-physical valuesie: P; < 0 or
Pi > 1. These numbers cannot be interpreted directly as probabilities, though they are unbiased estimates of
tissue proportion. This is the correct solution for any pair of NMR imagesfor which the mean tissue grey levels
are linearly independent and we can use this algorithm on any other imageswhich satisfy the same constraint.
This also opensup the possibility of using the method for any triplet of tissues,not just CSF, white matter and
grey matter in brain images. Also, we are freeto selectany pair of imageswhich might deliver the required partial
volumeswith the best statistical accuracy As we will now shaw, theseare unlikely to be those usedin the original
method.

The processof NMR image formation contains seeral factors which can be modeled in a seriesof stages. The

Bloch equations establish mean grey level valuesfor particular tissues. Partial volume e®ectsare modeled linearly,

asin the assumptionsfor the derivation of the method described above. Finally there is the processof noisewhich

perturbs the grey level valuesaway from their nominal values. For the purposesof the following analysiswe assume
that the noise sourcecan be modeled as the expected linearly weighted meansplus a uniform measuremen noise.
This can be obsened to be generally true for a wide range of NMR image sequencesThus, the grey level that we
obsenein imagei is givenby g% = gy + n wheren is anormally distributed random variable with characteristic
width %. We can compute the expected accuracy on the calculation of p., using these numbers; assumingthat

the mean grey level valuesare much more accurate than individual pixel measuremets, it is possibleto estimate
the expected accuracy of per pixel partial volume measuremen

p
= (Gaw i G2g)?¥% + (Giw i G19)°%
- J(Gici Guig)(Gaw i Gag)i (Gaci Gog)(Giw i Gig)i

p
+ = (Goc i GZW)Z% + (Gye i le)z%
o J(Gigi Guw)(Gaci Gaw)i (Gzgi Gow)(Gici Giw)j

p
R (Gaci G2g)?¥4 + (Gici Gi19)°%
o J(Giw i Gi1g)(Gaci Gzg)i (Gaw i G2g)(Gici Gug)i

As the noiseprocessin e&dl voxel is independent of all others, the expected accuracy of the estimatesP; for tissue
t aregivenby ¢ = %= V Thusthe accuracyof proportion of tissue measuremeh increasesasthe squareroot of
the measuredvolume. We are now in a position to evaluate the choice of image sequencesn the standard Rusinek
method. Assuming that the secondimage has beenselectedin order to give the best contrast betweenthe three
tissues, the questionis: will the choice of a secondimagewith G, = Gy = O give the best statistical accuracy
on the "nal estimatesof tissue proportion? What is clear from the expressionsfor + (and alsothe others) is that

the best noise performancewill be obtained when the numerator is as large as possible,while this choice of grey
levels reducesthe negative term to zerowe can actually go further than this by inverting the order of Gy, and Ggq.
Thus, the freedomto solve theseequationswithout having to make the standard assumption givesus the potential

of greater statistical accuracy Although it is a dixcult processto optimise this expression,to get the best possible
accuracy from a physically valid pair of NMR images, we can show that the standard selectionis not the best
choice simply by "nding an alternativ e pair of sequencegor which the statistical accuracy of the technique would
be greater.

These sequencesnclude the Turbo Spin collection equivalent of the imagesin the original work (IRSE (R1) and
IRSE (R2), our own best estimate of a pure CSF image and a high cortrast anotomical image (CSF and IRTSE),
an image which inverts the tissue order (FLAIR) and nally a pair of variable echo sequencespurely becausethese




are commonly available in a clinical ervironment. The estimated grey level value for the three tissues, together
with an estimate of the rms noisein these MRI image sequencesare given in Table 1. The calculated grey and
white matter pixel accuracies(+; and %) are given in the following table; the upper diagonal is for grey matter
and the lower diagonal is for white matter.

Sequence]| IRSE (R1) | IRSE (R2) [ IRTSE | VE (PD) | VE (T2) | FLAIR | CSF
IRSE (R1) - 0.26 0.26 0.33 - 0.14 0.34
IRSE (R2) 0.23 - 0.49 1.99 0.31 0.12 0.20

IRTSE 0.22 0.34 - 0.52 0.45 0.11 0.14

VE (PD) 0.29 0.95 0.37 - 0.35 0.15 | 0.27

VE (T2) - 0.24 0.34 0.29 - 0.16 | 0.71
Flair 0.13 0.15 0.10 0.21 0.19 - 0.15
CSF 0.33 0.20 0.14 0.27 0.71 0.15 -

Table 3

As can be seen,seweral combinations of imagesare predicted to be theoretically superior to the original pair. Best
results are obtained when one of the combination is the FLAIR image sequencedue to the inversion of tissue grey
level order. Though in practice this sequencemay causea problem due to °ow artifacts, the next bestalternativeis
the one we have called CSF. The grey matter volume, which is particularly important in monitoring developmert
of degenerative diseasescan be a factor of 2.5 more accurate with somepairings of sequences.Interestingly, the
standard variable echo pair would also seemto give quite a reasonablesegmemation, even though these images
have not beenspeci cally designedfor usein this way.

Results

We have tested the new pixel level classi action algorithm on scansfrom a normal subject. Firstly, we obtained
data according to the original published technique 1(a) 1(b). Nominal tissue values were obtained by curve
“tting the histogram of pixel intensities with a function composedof three Gaussianpeakswith °at betweenpeak
componerts to accourt for partial volume e®ects. The image data was then processedusing the new equations.
We obtained pixel level probability imagesfor grey matter and white matter 1(c) 1(d) masked in the areaof the
brain 1. The full solution for the set of equations now allows us to visualise the e®ectsof improved accuracy and
reduction of bias (typically 4 %) in a pixel level segmemation. We recreatedthe e®ectof assumingequal grey levels
for grey matter and white matter in the original solution by setting the assumedgrey level valuesfor thesetissues
equal to the average?. Note the bias in the original solution 2(a) 2(b) which is bi-modal due to the systematic
dependencyon tissue type which has a typical value of 4 %.

The above analysissuggestghat there are four pairs of imageswhich are of interest. The turb o spin echo equivalent
of the original Rusinek pair (IRSE (R1) and (R2) ), the pair with the best predicted accuracy(FLAIR and IRTSE),
the next best combination excluding FLAR (IRTSE and CSF) and the variable echos (VE (PD) and VE(T2)). We
analysedtheseimages 1(e) and 1(f), 1(e) and 1(i), 1(I) and 1(m) computing once again the grey and white
matter probability maps 1(g) 1(h) 1() 1(k) 1(n) 1(o) . Thesemaps have statistical errors which are consisten
with our predicted values. The improvemert in stability of probability estimation from the new sequencess plainly
visible. A subtraction of corresponding probability maps from thesetwo data setsshows that these estimatesare
consistert exceptfor the improvemen in statistical noise.

Discussion and Conclusions

The results and analysis preseried here have concerirated mainly on the e®ectsof bias and statistical error. One
sud e®ectis now visible in the probability map for white matter. There are someareasof white matter which have
a systematically lower probability than others. Although thesee®ectsare alsopresert in the solution from the “rst

pair of images,it only becomesclearly visible oncethe noiselevel hasbeenreduced. Such problemswere discussed
in the original work; howewer, in most situations, systematic e®ectsdo not hinder the e®ectof quantifying change.
We have generaliseda recert technique for estimating tissue proportions from NMR image sequences.The new
technique is more powerful asit can be applied to any combination of NMR image pairs. Also this technique can
be made more accurate than the original solution by careful selection of image sequencesysing the freedom that

this new solution provides. A pair of sequencesas beenfound which givesa potential improvemen of a factor of

1The calclation for tissue typesother than the three modelled is unde ned
2we have not assumed a zero value as this is not a good mean value for these tissues on our scanner



2.5in accuracy of tissue volume measuremei over the original technique. This hasbeenillustrated graphically by
a pixel level segmemation which is also made possibleby the new approach. We believe that this work illustrates
the importance of being able to selectimaging protocols according to the requiremerts of processingalgorithms.
Though the image sequencesve suggestare signi cantly better than those in the original publication we do not
suggestthat this is an optimal combination. However, the analysis technique outlined in this paper provides a
framework for the comparisonof other possiblealternativesand shows that there is potentially much to be gained
both in terms of accuracy speedand utilit y by having the extra °exibilit y delivered by the new solution.
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