Prototype I nternet consultation system for radiologists

Boris Kovalerchuk,
Department of Computer Science, Centrad Washington Universty, Ellensburg, WA 98926-7520, USA
borisk@tahoma.cwu.edu
JamesF. Ruiz
Department of Radiology, Woman's Hospital, Baton Rouge, LA 70895-9009, USA
MDJR@womans.com
Evgenii Vityaev,
Ingtitute of Mathematics, Russian Academy of Science, Novosibirsk, 630090, Russia
vityaev@math.nsc.ru
Steven Fisher
Department of Computer Science, Centrad Washington University, Ellensburg, WA 98926-7520, USA
fishers@tahoma.cwu.edu

ABSTRACT

The overal purpose of this study is to develop a prototype radiologica consultation system. We
concentrate our work on prototype softwar e environment for the system. The system provides a
second diagnogtic opinion based on smilar cases, incorporating the experience of radiologidts, their
diagnogtic rules and a database of previous cases. The system dlows aradiologist to enter the description
of aparticular case usng the lexicon such as BI-RADS of American College of Radiology and retrieve the
second diagnostic opinion (probable diagnosis) for agiven case. The sysem dso dlows aradiologist
to get other important information too. These advances are based on a new computationd intelligence
technique and first-order logic [Mitchell, 1997].

We implemented a rule-based prototype diagnogtic sysem. Two experimenta Internet versons are
currently available on the web and are under testing and evauation of design. The diagnosisis based on the

opinions of radiologigs in combination with the Satisticaly significant diagnodtic rules extracted from the
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available database.

1. INTRODUCTION

We present current implementation and general design of the system. Currently radiologists can

retrieve the second diagnogtic opinion (probable diagnosis) for a given case using two sets of features:

BI-RADS of the American College of Radiology and

Set 2. This set indludes: (1) the number of celcifications/en? ;  2) the volume (in cnt) ; 3) total
number of caafications; 4) irregularity in shgpe of individud cddifications, S)variation in shape of
cddifications; 6) variation in gze of cddifications, 7) variation in dengty of cacifications, 8) dengty of
cddifications, 9) ducta orientation; 10) comparison with previous exam; 11) associated findings . See
[Kovaerchuk, Triantgphyllou, Ruiz, 1996] for more detalls.

Theradiologist can retrieve:

(1) description of Smilar casesin terms of BI-RADS and S&t 2, indluding clinical and pathological detafor
these cases.
(2) digita reproduction of the mammograms for these Smilar cases (currently about 100 imagesin JPEG
format)
(3) diagnostic rules used by the system.
The breast cancer database is developed as a part of our system and is open to incorporate other
databases).

Our main purposein this project is to extend the traditional design of medical expert systemsto



make the system closer to ared medical consultation system, where severd radiologists discuss their
vison of the case and diagnogis. The traditiond design of medicad expert sysemsisfocused on ddlivering
a second diagnogtic opinion by the system automatically. The Internet technology makes the idea of
interactive medical consultation system redlizable. In this project we are cregting a software sysem as a
medium alowing radiologigsto interact viatheweb. A radiologist can send to the system a description
of acase and tranamit X-ray images of this case. The radiologist removes any red patient identification
before sending. Theradiologist creates an atificid 1D number or the system assigns this unique 1D number
to the case. The consultation system dready has a technica capability to deliver smulated opinion of
another radiologist presented through hisher diagnodtic rules. Currently the system is loaded with the rules
presented in [Kovaerchuk, Tantgphyllou, Ruiz, J. 1996]. This experimentd part of the sysemisavailable
on the web (http:/Aww.cwu.edu/~borisk/diagtool/diagtool.hitml) and is under testing by Dr. Ruiz. Students
M. Klait and M. Kovaerchuk were involved in programming using Java. We developed a technology
(Kovderchuk et d, 1996 a, b) which dlows usto “extract” experts diagnogtic rules rdaively quickly (see
section results). Currently we are in the process of extending the rule base to include rules of other
radiologists.

The next option within the consultation systems thet is dreedy technicaly redlized and available on
the web is delivering the second diagnostic opinion based on the rules extracted usng SIPINA software
system (http://eric.univ-lyon2.fr/~ricco/spinahtml). This part is based on BI-RADS lexicon. The current
rule base was extracted using rdatively smal amount of cases (less than 100). Software system is designed
in such way that it can be corrected at any moment when larger database or/and more sophisticated

methods of rule extraction will be available.



The dialog pages of the system for BI-RADS and set 2 are presented in appendix 1.

The system has an option to show aradiologist the Smilar cases for each set of rules. Thisway we
support adidog smilar to ared consultation where radiologists can argue each using previous cases with
proven pathologica analyss results.

The next innovative part of the Consultation system is a comparison tool. With thistool radiologist
compares rules extracted from data with his’her rules and with rules of other radiologists or rules extracted
from database. We think that this is a more redistic gpproach than traditiond approach of automatic
generation of the second diagnostic opinion. It is very questionable that aradiologist can rely on the second
diagnostic opinion without extra judtification.

We present extra judtification for diagnostic rules using the comparison tool and provide datistical

information about rdiability of the rules. See section 2.

2. METHOD

There are many promising Computer-Aided Diagnostic (CAD) approaches ([F. Shtern, 1996],

[SCAR, 1996], [TIWDM, 1996] and [CAR, 1996].) based on neural networks, nearest neighbor

methods, discriminant andlys's, custer analyss, linear programming and genetic agorithm. We concentrate
our gpproach on aless actively used first-order logic approach [Mitchell, 1997].

A radiologist enters into the CONSULTATION SY STEM the description of a particular case.

This can be done in terms of the BI-RADS lexicon of American College of Radiology. Usng a CAD

system, the radiologist retrieves on the screen the second diagnostic opinion (probable diagnoss) for agiven
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Diagnostic opinions of other radiologists about Smilar cases are stored in the database and will be
available on the Internet.

Different techniques can be used to find smilar cases in CAD system. We use a rule-based
goproach. A diagnogtic rule gpplicable to the study isidentified in the knowledge base. Then Al casesinthe
database for which the premise of the rule istrue are retrieved. For example for arule "IF x and y then Z",
al caseswith x and y are digplayed for the radiologist.

An advanced mode is designed to dlow the radiologist to andyze diagnogtic rules from a
Computer-Aided Diagnostic system. These rules are applicable for agiven case, and used by the system
to deliver aprobable diagnoss. Theserulesar e under standable by any radiologist without sophisticated
knowledge of the mathematica methods insde of the CAD system.

This andlyss can become the most effective way for radiologists to share their experience to
improve the reigbility of interpretation. These rules are stored in the rule base. The method to find these
rulesin the rule base is based on comparison of premises of rules with a case entered by aradiologist into
the system. Also aradiologist is adle to enter hisher diagnosisfor a studied case and to obtain acomparison
of hisher diagnosis with computer smulated opinions of other radiologigts for the same case. (Consultation
system does not have actud opinions of other radiologists for this case, but using their rules, the system can
gmulate the opinion, i.e. the consultation system will gpply diagnodtic rules of other radiologiss for this case
description.

The user aso has access to:

-the rationde of diagnogtic rules by these experienced radiologists,



-the Sgnificance of rulesfrom datistical perspective.
-acomparison of radiologist's diagnostic opinion with data-based diagnosis.

There are no serious obstacles to achieving these gods. The technique for obtaining the rationde
behind the rules used by radiologists has been developed. Also we use the Consultation System to broaden
the base of experience in this part of the database.

Determining statistical significance is difficult for many CAD sysems [Kovaerchuk et al, 1996].
The most popular methods are based on Neura Networks, but do not have a mechanism to evaluate
datidica sgnificance of diagnods. Therefore the rdiability of diagnossis based only on the performance
on traning and tesing data [Gurney, 1994]. These populations may or may not be sufficiently
representative for the entire population [Kovaerchuk et d, 1996]. We use an origind method [Vityaev,
Maskvitin, 1993], which alows the derivation of diagnostic rules and evauates statistical significance of
these rules. Examples of rules extracted from 156 cases (77 maignant and 79 benign) are given below. A
radiologist may check his’her diagnostic opinion by comparing this opinion with the diagnoss made with
rules derived from the data base of the Consultation System .The system diagnosisis inferred from rules
discovered in the data base by "data mining" software [Vityaev, Moskvitin, 1993]. The breast cancer
database is devel oped as a part of consultation system and is open to incorporate other databases.
Theinterview of aradiologist to extract rulesisredized using an origind method [Kovaerchuk et
al, 1996 ab] and the comparison of rules is performed by trandating the rules into monotone Boolean
functions and then comparing these functions [Kovaerchuk et e, 1996 ab]. The demondtration of cases
is the most important and is redized by comparing the smulated diagnoss of a given radiologist and

pathologically confirmed diagnosisin the database.



3. RESULTS

Diagnogtic Rule Acquistion. Examples of diagnostic rules extracted in apilot study are presented

below. Expert diagnostic rules were extracted from specidly organized interviews of aradiologist (J. Ruiz,

MD). For details of the method see [Kovaerchuk, et a, 1996 a,b]. This method is based on the theory
of Monotone Boolean Functions and hierarchica gpproach. One of the extracted rulesis presented below.

RULE 1: IF NUMber of cacifications per e (wy) islarge AND TOTa number of cadifications (Ws) is

large AND irreqularity in SHAPE of individua cadfications is marked (y;) THEN highly suspicious for

maignancy. The mathemétical expresson for this rule is wawsy,=>"highly suspicious for malignancy”.

Inthis sudy of cadifications found on mammograms we used the following festures: 1) the number
of cddifications/on?; 2) the volume (in en?); 3) total number of caldifications; 4) irregularity in shape of
individud cddfications, S)variation in shgpe of cadifications ; 6) varidion in Sze of cdcifications,
T)varidion in dendty of cadfications; 8) dengty of caddfications 9) ductd orientation; 10) comparison with
previous exam ; 11) associated findings .

To restore dl diagnogtic rules thousands of questions might be needed if questions are not speciadly
organized.  For 11 diagnostic features of clustered cadifications there are (2'=2,048) feature
combinations, representing cases. The questioning procedure required only about 40 questions, i.e. 50 times
fewer questionsthan the full st of festure combinations [Kovaerchuk et &, 1996 ab]. Note that practicaly
al sgudiesin CAD systems derive diagnostic rules using significantly less than 1,000 cases [Gurney, 1994].

Thisisthefirst attempt to work with such alarge number of cases (2,000).



Diagnostic Rules extracted from Database. A study used 156 cases (77 mdignant, 79 benign).

Casss were described with 11 features of clustered cacification listed above and with two extra features:

Le Gd type and dendity of parenchyma. The diagnostic classes were "mdignant” and "benign’.

With Logicd Andyssof Datamethod (LAD) [Vityaev, Moskvitin, 1993] 44 datisticaly significant
diagnogtic rules were extracted with the conditiona probability greater than 0.7. There were 30 regularities
with the conditiona probaility greater then 0.85 and 18 rules with conditiona probability more then 0.95.
The tota accuracy of diagnosis was 82%. The Fase/negative rate was 6.5% (9 maignant cases were
diagnosed as benign) and false/pogitive rate was 11.9% (16 benign case were diagnosed as mdignant). For
the 30 more rdliable rules we obtained 90% tota accuracy, and for the 18 most rdligble rules we obtained
96.6% accuracy with only 3 false postive cases (3.4%). Neurd Network ("Brainmaker") software had
given 100% accuracy on training data but for Round-Robin test the total accuracy fell to 66%. The main
reason for this low accuracy isthat NN do not have a mechanism to evaluate statistical significance
Ireliability of the performance on training data. Poor results (76% on training data test) were aso
obtained with Linear Discriminant Anadysis ("SIGAMD" software). Decison Tree gpproach ("SIPINA"
software) has performed with accuracy of 76%-82% on training data. This isworse than what we obtained
for the LAD method with the much more difficult Round-Robin test. The extremdy important false-negative
rate was 3-8 cases (LAD), 8-9 cases (Decison Tree), 19 cases (Linear Discriminant Analysis) and 26
(NN).

Note dso that LAD and decison trees produce diagnostic rules. These rules make a CAD decison
process vishle to radiologists. With these methods radiologists can control the decision making process.

Linear discriminant anadyss gives an equation, which separates benign and maignant classes. For example,



0.0670x1-0.9653x2+... represents a case. How would one interpret the weighted number of
cddifications'cm?2 (x1) plus weighted volume (cm3)(x2)? Thereisno direct medicd sensein thisformula
For more technica details of these results see appendices 2-4 below
4. CONCLUSION

Our study has shown that used Logica Data andyss gpproach based of first-order logic is

appropriate for designing a consultation diagnostic system under requirements presented in section 1. This

approach can be used for development of a full-size consultation system.
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Appendix 2

TABLE 1
Computational Experimentswith Different CAD Methods.

Method statistical empirica | true false True false refused total

significance | test cancer | negative | benign | posi- (unclas- | accuracy

(0.05) c>C c>b b->b tive sified) without

b->c refused

LAD1 (0.75) | tested Round- 60 9 54 16 17 82%
44 rules F-criterion | Robin
LAD2 (0.85) | tested Round- 54 4 55 7 46 90%
30 rules F-criterion | Robin
LAD3(0.95) | tested Round- 43 3 45 0 68 96.6%
18 rules F-criterion | Robin
Neural ? test Round- 51 26 52 27 0 66%
Network unknown Robin
Decision ? test Training | 61 14 56 22 3 76%
Tree l unknown data
Decision ? test Training | 57 14 56 18 11 78%
Tree 2 unknown data
Decision Tree | ?test Training | 45 8 48 9 43 82%
3 unknown data
Linear Disc. testable Training | 58 19 60 19 0 76%
Analyss data
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Appendix 3.
Examples of Extracted Diagnostic Rules
Expert Diagnostic Rules

EXPERT RULE 1.
|F NUMBER of cdcifications per cnf (w,) islarge

AND TOTAL number of cddifications (ws) islarge

AND irregularity in SHAPE of individud cddifications is marked
THEN highly suspicious for malignancy

EXPERT RULE 2
|F NUMBER of cadifications per cnf? (wl) large
AND TOTAL number of cddficaionsislarge (ws)
AND vaiationin SZE of cdcifications (ys) is marked
AND VARIATION in Density of cddifications (ya) is marked
AND DENSTY of cdcification (ys) is marked
THEN highly suspicious for maignancy.

EXPERT RULE 3
IF (SHAPE and dengity of cddifications are positive for cancer AND Comparison
with previous examinationis positive for cancer)
OR  (the number and the VOLUME occupied by cdcifications are positive for cancer AND
SHAPE and density of cacifications are positive for cancer)
OR  (the number and the VOLUME occupied by cdcifications are positive for cancer
AND comparison with previous examingtion is positive for cancer)
OR  (DUCTAL orientation ispositive for cancer OR associated FINDINGS are positive
for cancer)
THEN Biopsy is recommended.
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Appendix 4
Diagnostic Rules extracted from Database

DB RULE 1:
IF TOTAL number of cdcifications >30
AND VOLUME >5cn?
AND DENSTY of cdcifications is moderate
THEN Mdignant.
F-criterion -- Sgnificant for 0.05.
Accuracy of diagnosisfor test cases --100%.
Radiologigt's comment -- This rule might have promise, but | would consider it risky.

DB RULE 2:

IF VARIATION in shape of cddifications is marked
AND NUMBER of cddficaions is between 10 and 20
AND |IRREGULARITY in shape of cacifications is moderate

THEN Mdignant.

F-criterion -- Sgnificant for 0.05.

Accuracy of diagnosis for test cases -- 100%.

Radiologist's comment -- | would trugt thisrule.

DB RULE 3:

IF vaidion in SZE of cddifications is moderate
AND vaiation in SHAPE of cddifications ismild
AND IRREGULARITY in shape of cddficaions ismild

THEN Benign.

F-criterion -- Sgnificant for 0.05.

Accuracy of diagnosisfor test cases -- 92.86%.

Radiologist's comment -- | would trugt thisrule.
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