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of illness. Nuc rade has been shown to be in-
mor type as a prognostic factor,

specific histological subtypes of

arcinoma is still in question.

ing schema of CC-RCC is based on the

arated from each other by an extensive network of
delicate sinusoidal vascular channels. The tumor
cells are generally large and polygonal and show
the distinct cell membranes. The cytoplasm is opti-
cally clear in most cells. The nuclei are small, round
to slightly oval, and regular. They can be reco opic image of the neoplasm cells with
nized on the basis of one or even a few nucleoli. toxylin and eosin (H&E) staining. Figu

The degree of the nuclear atypia is used for grad- esents typical examples of cells correspon

ing these carcinomas. The most popular a ide- these 4 different grades.
a Grade 1 tumors have the round, unij
. with inconspicuous or absent nucleoli. Nu con-

ly used system for ing CC-RCC i

grading system descr

Fuhrman grading eatures tours at grade 2 are more irregul 1;
for assigning a s nuclear the nuclei are about 15 microns 1 . They
shape, chromati i he*nucleoli. may be visible at high magmifica grade 3

It is definedor gular in size
the best pr % st. The grade and shape. The nucleag, di n approach 20
is strietly correlated ge of development microns, and the nugleeli y seen. The size

Figure 1 The typical histologica
stain, x400).
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e analysis of slides representing
only some scarce works related
n of artificial intelligence methods
ification of cells in different pathological
,hepatocellular carcinoma” or colon cells.®

of cells at grade 4 exceeds 20 micrometers, and the
pleomorphic and hyperchromatic nuclei, and prom-
inent nucleoli in a minority of cells, are usually ob-
served.

The simplest method for assessing the Fuhrman
grade is based on the observation of nucleoli a 1, each type of pathology has its own spe-
different magnifications. If nucleoli are visible ature and needs a special approach. The
magnification of 400, it indicates Fuhrman grade udy on the research of CC-RCC and a disc
1. If they are visible at a magnification of of problems associated with this task was e
indicates Fuhrman g 2, and so on.%3 at the European Congress on Telepa y a

computerized 1

More advanced s s utilize has been published.?

features for assigni The main task of this project J develop” an
nuclear size, nu automatic computer system tha valuate
even number a ver, for the Fuhrman grade of renal e accuracy
distinguis d between comparable to that of hu experts)To solve the
grade 2 i component problem, we have appli es rt vector ma-
of t a \ ded. Interobserver chine (SVM) classifi data represent-
i ; ostly subjective as- ing over 100 patients. eract the problem of

e grade. The difficulty in ac- biasing the sc sed 3 medical experts

rading arises due to the heter expert was responsible

features in the same tumor a

for the
of cell ame set of images. In the learning
stem we have used only the cells for
erroud et al* shows the existe @ ignments were the same in the as-
e multidimensional space ociated f all experts. In this way we incorporate
ifferent grades of Fuhrman, co % g the h e knowledge and experience of different
ty of an automatic grade fecognition. Gi erts in the learning process of the classifi
zza et al® have shown t ication of pr reby reducing the interobserver and intr
rver variabilities.

port vector
We herein present the computerized
which is able to pe this grading Jwi
tervention of the hu operator.

cludes (1) the app f image g tech-
niques and mathiemat ract the
i generation
and selec i d (3) appli-

cation ifi i imation of the
Fuh g .
aluated using k-statistics r

traobserver variability is used a ase from the Military Institute of
mined by the same expert Health®Se s that was created for research
ases at two different times d prepared between the years

or four-tiered system equals 0 eventy CC-RCC cases representing
ates that there is an urgenime grades were evaluated and used in
develop a computerized system based phase of the system. In the verification
ples assessed independently by many e stablished system we used an additional 62
a system will incorporate their k atients of different grades of the illness and ana-
perience into the evaluation d 94 randomly selected images representing

However, up to now t those patients.

tions directed to such a Digital images of H&E-stained kidney neoplasm
ognition of the Fuhrman g cells of the appropriate tumor area were collected.

or.

machine and the geneti
different stages of CC-RC

others in the rang
Bektas et al® ha e

variability for the




They were acquired at a magnification of 400 x
through an Olympus BX-61 microscope and taken
with an Olympus DP-72 camera in RGB format at a
resolution of 2070 x 1548.

The appropriate fields representative for the tu-
mor areas were selected by the experts. In the nu
merical experiments of the system learning we
lected the cells from 105 histological slides which
were assessed in the same way by all expefts. The
base of 3,446 microsc images of nucleiextracte
from these slides wa ted and an b

tion of
es).

medical experts. T

Algorithm an Grading of

Nuclei

e extracted cells, the selection
t features, and the final recog

Sy

o

eration of t
tures char-

portant class discriminative
of the classifier for the deter

man grade of cell savin

data base.

Segmentatig clei from

The firsiste a 10 (after read-

is the segmentation
base of the images
microscopic photos taken in

ingi

Table I  The Cell Population Include
Class 1
No. of cells 1,164
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at the same ti e background (disturbing pro-

sible. It is well demonstrated in

experiments 70 slides of the kidneys,

senting different patients, were used.

00 nuclei (cells) were segmented and saved.

g those cells all 4 grades of Fuhrman
esent.

The first step is the smoothing and filterj
image, i.e., removal of the small parti
turb the image.® It is an important ope
ing us to avoid a lot of unimp
the edge detection process by u
method. This operation i
steps: (1) the histogram e
contrast of the image
of an intensity for
(2) the morphologic
element of 5-pixel size (

n of the values
of chromatin),
ion at circular structural
in experiments to be
application of the Gaus-

step is the edge detection—the crucial
nuclei segmentation.'%!? The accuracy
this step affects the whole result of the segme
on. To counteract the different luminositie

rts of the image arising from H&E staining, we
decided to apply the gradient method of themuclei
detection instead ti

1
VG + V, 1) ) ©

The discrimination function of the defined above
gradient was found to be significantly resistant to
the noise of the background. This can be well illus-
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In our experiments we ha
pixels as the most universal
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application of the
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clei should
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ted structures
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ed structure is accept-
10 between its major and

RS ceed the value of 1.5. This
@ d in“experiments as the most opti-

o the best identification of nuclei in

st
ich m.

seg

According to the medical e
have similar shape factors
ly from the circular shape.
must therefore und th
estimated the lengths
for each structure. The ex

mentation of the image, all nuclei are
e file as the separate objects for further
cessing. Examples of the automatically se
nted nuclei corresponding to different Fuhr
ades are shown in Figure 6. They are depicted in

such a way as to preserve the proportio

as much as possibleflt s easy to obse h i

ability among the c orrespondji i
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Figure 4 Illustratlon ing steps e processing: (A) image after smoothing

holes, (D) the binar, ented n - al morphological operatlons of closm
of n onag to te ! and the last 2 but1%
des i

Descriptors of Nuclei

ong the gray levels
e image. The [i,j]th
eration of of the pixel with the value i adja-
ith the value j and then subse-
e whole matrix by the total
ch comparisons that are made. The

assification of the cells, we to th
enu mencal descriptors well re
ei. They have been created in s
acterize the texture, the ge
shape, and*the color. The first group of

and right diagonal directions, in a two-
ional square pixel image, and as a result we
culate 4 of this kind of matrices. The texture
ures are then created on the basis of averaging
all of these 4 co-occurrence matrices.

From these averaged matrices many Haralick
texture descriptors of the statistical nature can be

Haralick approach. The descript
statistics related to gray-lev
ces.* The co-occurrence
ces with dimension N,
of the gray levels in the im
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. sum variance

11. difference variance

12. contrast

13. difference entropy.

The additional set of descriptors has

ed on the basis of 4 texture featu

paper.'® They describe the distri
eterogene-

rgination of

clear chromatin while considering

ity, granularity, condensation, and

the chromatin in the cell nuclei. Thefollowing 4 de-
scriptors have been & ese measures:

14. heterogeneity

15. marginafi

16. clump

n
17. co ti
escriptors is related to the geomet-
i r

. plication we have limited o
eration to ollowing!4:

1 g
25 eontra
F

7K %
X

rs of the nuclei. They include the fol- ‘

Figure 6

The examples of the
segmented nuclei of different
Fuhrman grades.
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19. major axis length
20. minor axis length

sification pow
smal els.

the incrementally larger and
each step of the processing the

21. eccentricity pval istics is estimated to test the models
22. convex area a ithout the potential term. If the term is
23. equivalent diameter defined by ot c tly in the model, the null hypothesis is
term would have a zero coefficient after

ed = % g it to the model. If there is a sufficient

nce to reject the null hypothesis, the t

24. solidity described by the expression added to the model. On the other side, if
currently in the model, the null hypot

solidarity =

sufficient evidence to reject the n
25. perimeter term is removed from the mode ess ter-
The color desc i i relative minates when no single ste

form as th of the par- The method is locally opti i erent initial
nt
&

ticular models or a different s
& ' ve controlling the stepwisefit
% he pixel intensities of the greo e apply the results of this procedure in
Ompq ifica

all co,

used a small a (around 20% of the
total number epresenting all Fuhrman

nt the c on, accepting this set of parameters,
G i s to the smallest misclassification error.
= RiC+B ) . T
R+G+B ector Machine Classification System
8. ratio of the pixel intensitiés of the blue the classifier we have used the SVM of
component aussian kernel.’¢ It is a feedforward network of
B one hidden layer (the kernel function laye own
Sp=—5—% 8) for excellent gener jon ability. I
R+G+B :
other neural solutio
The last set of des is formulated as th

ing vectors into her d,=1
(one class)
maximal i yin. in is formed

in the i the assumed
nstant C providing
er to the noise.

e learning problem leading to the
with linear constraints, which is
recognition of the classes . M of the Gaussian kernel has
mportant we have applied th
d the backward stepwise regression c

sian function and the regularization
ave been adjusted by repeating the
experiments for the set of their predefined
and choosing the best one on the validation
a sets. The optimal values of these parame-
ters were y=0.3 and C=10,000. The SVM classifier
needs application of the carefully selected set of
input signals forming the diagnostic features, hence

It is a systematic method for adding
ing terms (each representing t
input data represented by
multilinear model on t
significance in the regres
with an initial model and
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it cooperates strictly with a stepwise regression pre- of the nuclei w eprocessed to create the numer-
sented in the previous section. ical iptors according to the given definitions.

To deal with a problem of many classes, we ap- cell was represented by the set of 31
plied the one against one approach.’® In this ap-
proach we train many local two-class recognition
classifiers (all two-class combinations), on the basi potential features and choose only these of
of which the final winner is selected. At M cla ighest discriminative power. The multili
we have to train M(M-1)/2 two-class SVM net- epwise regression built in the form of th

step is to assess the discriminative abili-

works. In the simplest case, the majority v@ting of wisefit function of Matlab'?> was used. Sifiee
all trained classifier applied to find.th of the local optimality, we have repe it ma
winner at the proces of the actu ve times at different values of penter ove

x. In our case, at t 1sténce of 4 ¢ e have parameters, using 20% of the ay, he
to train 6 two-cl networksjan majori- results of the feature selection 1 were
ty dictates the mbexgship e ‘analyzed applied to the SVM classifi i aussian
sample. kernel. As an optimal we set leads to

the best classification res found by as-
Resul . ical ts of Cell suming the control ual: penter =0.06

and premove =0.10.

particular fea tant or not in the recog-

igure 7. A small estimated
nding to the particular descriptor

nition ar

p valu

is eyide f its significance in the recognition ‘
roC t alues of the parameter penter=0.06

o @e =0.10 (found as the best), we identified

otated by 3 experts responsi

n
ages. In further experimen 0

Figure 7

The estimated p values of the
succeeding descriptors in the
stepwisefit procedure.

’ Succee @ riptors
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8 descriptors (1, 5, 10, 12, 13, 15, 24 and 27) that ex-
ceeded the allowed level of the p value. They have
not been included in the optimal set of features
used in the recognition. The best selected set of fea-
tures was formed by the descriptors of the follow-
ing numbers: 2, 3,4,6,7,8,9,11, 14,16,17, 18, 19, 20 ations of classes.
21,22, 23,25, 26,28,29,30,31. We can observe t d notations denote the features that have
the selected features belong to all families of de- und by the stepwise regression as the least
scriptors (texture, geometry, color and hi am).
This result proves thdtthe assumed wi application of the Fisher measures to t
of descriptors generated on the basi ffe features has produced a bit differen
principles was the xig . features. According to the Fish
t of fea- features (for example 6, 26, 28) h
tures with their iscrimi alttes (indi- nation ability. However, the
of ith from the set of the best feature
sion. It confirms the a feature not
having the best indi ination ability
) may perform a meaningftil role in recognition while

() 5o (f) cooperating with others.
& represent the expected val After select ft est set, we started the

e E(f)
% the Fisher Measures of the Individual

S12 S13

and standard tion, respectively, of the feature
TableTl presents the values of this mea-
ture at all combinations of classes.
lumn of the table presents the average
ese discriminative measures over all

Average(S;)

1.4485 0.2934 . 0.6618
2.598 2.578 . . 1.4439
0.5855 1.2 0.779
1.8640 0 . . . 0.763
5 0.1809 52 . . . 0.0891
6 0.9037 791
7 2.5702 3
8 1.3405 .
9 1.9 .879
10 3918
11 1.6024
12 0.5676
13 0.2417
14 0.5729
15 0.6878
16 0.9877
0.9777
3.6946
2.0552
1.7998
2 0.6171
22 2.3515 3.7490
23 1.6592 1.9088
24 0.0134 0.0270
25 1.6745 2.0567
26 0.2583 0.3928
27 1.1353 0.5742
28 0.6959 0.3488
29 2.7911 4.0225
30 3.4573 3.3746
31 0.8901 1.3758

Bold numbers denote the features that h
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ity and Precision of the Method in
of All Fuhrman Grades

1 2 3 4

96.7% 94.2% 91.6% 84.3%
94.99% 88.01% 88.25% 95.69%

experiments of testing the presented solution. The Table IV Class Se
remaining 80% of the database was split into 10 ap-
proximately equal parts containing randomly se-
lected samples. We applied the tenfold cross vali-
dation procedure in which 9 parts of data were used
in learning and the last one was used in testing. I
each run the testing part was exchanged and t
results of testing added to the others. The results of

the computerized system have been com d to alyze such an arrangement of classes, the
i matrix is as shown in Table V.
e In this case the relative misclassificatio r of

the actual expert ass

results in the form of

ed in Table III. The tage of the cells” recognition is equal to 2.35 he

the real class expert sensitivity for determination of cl equal
t0 98.9%, and 96.5% for clas Th ective val-

ues of the class precisions d 98.87%.

scores), and the

Results of Recognitio. umor Cases

uclei are used to draw

There were 192 misclassificatio i umor case, representing
s. This means that the total av
r of the cell recognition

d between the neighboring dlas nlar patient and apply the proposed
single misclassifications

etermine the total number of cells of t
image in each class of the Fuhrman grade o
analyzed images of the considered case and
their proportion tg the total number o
* The final Fuhr grade of the in
tumor case is t ighest gradg

ble III, we can determine t
measures of the qualit
form of the sensitivity a
can separately determin
nition of each class (the F
spect to the rest. These values

system in t
ecision. We

picted in Table IV sented by >

The lowest val sefsitivi ] analyzed i
fourth grad e small- The exem : dure for one
est numbe i class in the image of igtare 8. It shows

databaseyus is has resulted the enlar
in sq i to grade 2. In this
ted. Fifteen of them
by our algeorithm as grade 2, three
two (two structures of oblong
ssified as the nuclei. The image
asaw. erefore be assigned to grade 2.

ant problem in the computerized

ses in the introductory as-
ss 1 =the first two grades,
4 taken together). If we an-

Table 111 sion Matrix of the Recognition of th
Fuhrman Crade

Grade 1 Grade 2

Confusion Matrix for the Recognition of 2 Classes of the
Fuhrman Grades (2-Tiered System)

Grade 1 0.967 0.02

Grade 2 0.035 0 Grade 1+2 Grade 3+4
Grade 3 0.006 Grade 1+2 0.989 0.011
Grade 4 0.010 0. Grade 3+4 0.035 0.965
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Figure 8
1,500,

man grade is the lack of a go We ob ied agreement between the
e used in learning. As w results t and the experts’ results. They
paper by Bektas,® the interob an the level of agreement among the
e assessment of Fuhrman gr rage value of kappa for our system
, while for the three experts it was only
s evident that our system has learned the
owledge from the experience of differe

the training of the automatic ¢
experts who assessed the
ges in the same way. Thanks
is"able to incorporate t o knowledge
from different sources, r in this w e in- agreement of the individual classes relat the
terobserver variability. case of best kappa o automatic system

To check the performance of our expert 2) and the bes
recognition of th, i 1 and 2). In the

It is interesting to compare the interobserver

representing diff 80.6% (grade 2) '
tional experi : d system 4). The appropr
Weused a i atdid not

take p
of 9 atients of different
r . ent age was 62.58,
ion of 12.69 (range, 32-81

t of patients were male and

small numbe
yzed'dat all case
an 5).

d the grade estimation results in

ch cases among the
eir estimated number

y by 3 experts blinded to,
h slide was assigned to a Fuh
g to the opinion of the parti
expert. The'results of expert assess
compared to the outcome of our com

Kappa Values for the Results of Recognition of
4 Fuhrman Crades (4-Tiered System)

tomatic system (AS). The compari AS Expert 1 Expert 2 Expert 3
the basis of Cohen’s kap — 0.4246 0.5049 0.4230
compared our results wit e an Expert 1 0.4246 — 0.3660 0.2499
the results among the e hey are p Expert 2 0.5049 0.3660 - 0.2476
Expert 3 0.4230 0.2499 0.2476 —

in Table VI in recognition ofiall 4 grades.
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the application of only a two-tiered system. In this
case the grades 1, 2 and 3, 4 were combined togeth-
er, forming two cumulated classes 1+2 as class 1
and 3 +4 as class 2 (a two-tiered system). The results
in the form of the Cohen kappa values for this case
are shown in Table VII.

This time we also got good agreement of our
sults and the experts’ scores. The average value

kappa for our system is 0.5689. The mean v

the three experts wa 0.4240.

Conclusion

This paper has p
sessment of the
The starti

discrimination ability wa
multilinear stepwise fit r
results of that stage, 23 i
tures were selected.

dividual
hecking

of the deve
in the
data
e
hr gr
acy of 93.3

e obtained results
able to recognize
e cells with an average ac-

Table VII appa Values for the Results of Recagnit
T

System)

AS Expert 1 E
AS — 0.6299 . .
Expert 1 0.6299 0.5 )
Expert 2 0.6284 0. 0.339
Expert 3 0.4584 0.431 0.3394

ote
expe e been taken into account at the final de-
isi f the computer. The probability of making
rrect decision has been increased in this .
of

The advanta machine learning is the auto-
mati ion of some “statistical” approach to the
p adicting verdicts of experts. In this

n
different points of view represented by the
T

is conjecture was confirmed by the result
experiments performed on the additio
data, in which we compared the agre
outcome of our system and the asses
of 3 independent experts. This ¢
that the Cohen’s kappa index of
ter than the kappa values a
experts.
The important advanta

rison

is bet-
pendent

&

f th stem is its re-
eat contrast with

hich are significantly
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