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Abstract.     Inductive modeling method allow obtaining good results in medicine, in particular, for classifiers 
construction of differential diagnostics diseases, which are hardly-recognized by clinical features. This paper gives a 
results comparison analysis of classifiers base on probabilistic and inductive approaches for the purpose of their 
application in medical practice. We used ideas of Delphi Approach and Paired Comparison methods when created 
probabilistic approach classifiers. Multilayered Algorithm with Generalized Orthogonalized Factors (MAGOF) was 
chosen among inductive algorithms as the most adjusting and providing high solution accuracy. There were built 
several decision rules using MAGOV and verified their generalized capabilities in independent data. 
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1 Introduction 
 

Usually probabilistic approach comes from statistical nature of observations. The basis is the assumption of a 
probability measure existence in the space of diagnoses, which is either known or can be estimated. The reason of using 
probabilistic approach is that source data represent a table of a prior features frequencies in different sections (age, sex, 
diagnosis). Decision has been taken by maximum of criterion based on transformation of these frequencies [1]. 
Relations between the features do not have functional nature, but statistical one. Two well-known methods were used to 
create "physician counsellor" from probabilistic approach [2]. These were: the most simple to use, Delphi Approach 
(DA), and the Paired Comparison Method (PCM). DA was chosen as the most commonly used method for preparation 
information for decision maker person. This approach allows features correlation. DA is based on direct ranking, and 
uses consistency statistical tests for decision-making justification. The frequencies are easily interpreted as the ranks. 
Based on rank coefficients one can answer the questions: should we accept the hypothesis H0 about lack of differences? 
Are experts "coordinated" in their decisions on the diagnosis? It is not always possible to answer the question regarding 
to which the diagnosis there was reached a consensus. This will be demonstrated in further examples. 

In fact, H0 null hypothesis of DA corresponds to the hypothesis of differences lack from a uniform distribution. 
Uniform distribution in DA corresponds to the case when experts can not prefer some class to the others, i.e. we can not 
distinguish classes on the result of their voting. Chi-square-Pearson is used when testing this hypothesis, as its input data 
can be obtained in any scale.  

Disadvantage of above-mentioned method of ranking analysis can sometimes be eliminated by PCM. In this method 
a homogeneity hypothesis is considered instead of the uniform distribution one. Thus, experts opinions distributions 
coincidence between themselves is verified instead of coincidence of all distributions with fixed one (uniform). That is 
naturally interpreted as the consistency of their opinions in respect to a diagnosis. So, we can get rid of unnatural 
uniformity assumption. It is relatively easy to obtain a "physician counsellor" prompt about change in the patient’s 
diagnosis with a change of his(her) state (e.g. when adding a new symptom) by this method. 
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2 Problem Statement 
 

In the space of clinical features (  = 19), four classes (diagnoses) are given: DUm 1 is Willebrand disease (WD), D2 is 
coagulopathy (CP), D3 is disaggregation thrombocytopathy (DT), D4 is combined pathology of hemostasis (CPH). Each 
of the four diagnoses was established for patients in a clinical laboratory using expensive reagents. Clinical features 
usually take, the binary values of "yes " (+1) or "no" (-1), but for some patients the third value is added: "no conditions 
for manifestation of this feature "(0). Features values are given in Table 1.  

Object domain experts identify the following nineteen hemorrhagic symptoms: 1 denotes Juvenile Uterine Bleeding 
(YUB) 2 - dysfunctional uterine bleeding (DUB), 3 is epistaxis (E), 4 is gums bleeding (BG), 5 is tooth extraction 
bleeding (TEB), 6 is intra and postoperative bleeding (IPPB), 7 is post-traumatic hematoma (PTH), 8 is sores surface 
bleeding (SSB), 9 is sores long-term nonhealing  (SLTnH), 10 is post-traumatic hemarthrosis (PTHs) emissions; 11 is 
post-injection hematoma (PIH), 12 is tongue frenulum bleeding (TFB), 13 is gastrointestinal bleeding (GIB), 14 is groin 
hematoma, 15 is teething bleeding; 16 is birth cephalohematoma (BCH), 17 is renal bleeding, 18 is post-partum 
haemorrhage (PPH); 19 is hemorrhagic insult. 

Problem definition includes the following. There is a sample of observations W, represented by Table 1. Observable 

features хi, i= m,1  some diseases (diagnoses) kjDDi ,1, =∈  take integer values from a finite set 

. According to Table 1, Table 2 is constructed. It contains a numbers  meaning 

the probability (frequency) of  observation feature in the presence of a diagnosis . Let f:  meant 
function, which on observation 

{ 1,0,1, −∈∈ ii xXx } ),( ji Dxp

ix jD DX →

 , s≤m, XX s ⊆ ( )ss xxX ,...,1=   

takes the value DXf s ∈)( . The f  is called a decision function. 

The problem is that for given sets X, D, and the function ℜ→×DXpXD :  construct a function f: , which 
maximizes detection accuracy of diagnoses for the whole sample of learning, as well as on an independent sample.  

DX →

In general, classification is probabilistic in nature, we can introduce a threshold acceptable probability, and then 
there will be the variant "not classified". The classification precision was calculated as the ratio of nr patients correctly 
classified to their total number nW. Solution of the problem in a probabilistic approach is a decision function f *, that 
maximizes accuracy. 
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]1,0[,

*
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pFf
npfnf

∈∈
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Number of features m depends on the studied group of patients and varies from 5 to 13. We consider the group of 
patients the most difficult for classification. It is a women's group of 19 to 49 years with m = 13. Number of diagnoses 
for all patients group k=4. 

The research was carried out for the most difficult diagnosable patients. These are women aged from 19 to 49 years. 
This group does not have all above features, but only those, presented in Table 1 or 2. It is necessary to construct an 
algorithm for prior diagnosis using data from  Table 2 and evaluate the classifier accuracy using data in Table 1. This 
classifier recognizes one from four diagnoses. Analysis of the data in Table 1 revealed the presence of intersecting 
symptoms sets with the same values that characterize corresponding diagnoses, as well as "twins", i.e. people with equal 
values of the same set of symptoms that differ only in diagnoses name. Quite naturally, that there is no classifier, which 
can divide "twins", but a classifier can identify somebody of the twin. Patients sets having the same features sets must be 
isolated and additionally investigated (here are two pairs of such patients). This study does not discuss the completeness 
of initial features set. 

Table 1. Hemorrhagic manifestations presence for female patients aged from 19 to 49 years depending on age and 
Diseases (D) 

№  age D YUB DUB E BG TEB IPPB PTH SSB SLTnH PTHs PIH GIB BCH PPH

   1 2 3 4 5 6 7 8 9 10 11 13 16 18
70 38 DT +1 +1 +1 +1 +1 + -1 -1 -1 -1 -1 -1 -1 -1
79 43 DT +1 +1 +1 +1 +1 +1 -1 -1 +1 -1 -1 -1 -1 +1
75 21 CP +1 +1 +1 +1 +1 -1 -1 -1 -1 -1 -1 -1 -1 0 
74 49 WD +1 +1 +1 +1 +1 +1 +1 +1 +1 -1 -1 -1 -1 0 
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80 19 WD +1 +1 +1 -1 -1 -1 +1 +1 +1 -1 -1 -1 -1 -1
63 20 CP +1 +1 +1 +1 -1 -1 +1 +1 +1 -1 -1 -1 -1 -1
42 49 DT -1 -1 +1 +1 +1 -1 +1 -1 -1 -1 -1 -1 -1 0 
13 31 WD +1 +1 +1 +1 +1 -1 +1 -1 -1 -1 -1 -1 -1 0 
68 49 CP +1 +1 +1 +1 +1 +1 -1 +1 +1 +1 -1 -1 -1 0 
… … … … … … … … … … … … …  … … …

 
 

Table 2. Hemorrhagic manifestations occurrence relative frequency for female patients with Mild Pathology 
Hemostasis (MPH) aged from 19 to 49 years. 

Features 1 2 3 4 5 6 7 8 9 10 11 13 16 18
WD 1 1 1 0,5 0,82 0,8 0,5 0,63 0,5 0,04 0,04 0 0 0,7
DT 0,91 0,91 0,84 0,56 0,67 0,68 0,59 0,56 0,37 0 0 0,03 0 0,5
CP 0,88 0,88 0,71 0,65 0,86 0,75 0,77 0,53 0,29 0,06 0,06 0 0 0,3
CPH 0,75 0,75 0,5 0,38 0,8 0,83 0,63 0,75 0,5 0,13 0,13 0 0,1 0,7

 

3 Delphi Approach classifier 
 
A distinctive peculiarity of DA is that the symptoms are used as experts who "vote" for particular diagnosis in 
accordance with a measure, which they received as a result of patient examination in  specialized clinic. This measure is 
presented in Table 2, denoted as p, and is a relative frequency of certain feature presence when a patient is diagnosed. 
Collective coordinated confirmation is used for unambiguous diagnosis identification through p measure is not enough 
due to symptoms sets intersection. 

 Critique of statistical methods application bases in expert systems, in particular, the consistency dogma is not 
actual in this case in respect to actually existing experts division into groups. Because of the fact that hemorrhagic 
symptoms do not psychologically affect each other, they do not inclined to conformism. 

Relative importance of different diagnoses in the probabilistic approach is determined using Kendall-Smith 
concordance coefficient, χ2 Pearson statistical test, and paired comparison results. Diagnosis identification is defined by 
the maximum of preference weight: 

j
j

p wD
4,1

maxarg
=

= ,                                                        (2) 

where the weight wj is computed for various probabilistic methods using formulas given in description of these 
methods. If the weights coincide 4,1,;, ∈≠= jijiww ij , then diagnosis is defined by the maximum of index, that is 
calculated as the product of the preferences weight and a prior probability of diagnosis: 

)(maxarg
4,1

*
Dj

j
p pwD

=
= ,                                                  (3) 

where Dp  a prior probability is a patients part having each of the diseases (Dp
* ∈{WD, DT, CP CPH}) from total 

patients number belonging to this age and gender group. Modification of DA and PCM, that take into account a prior 
probability Dp  is denoted as DA* and PCM*. 

1. Symptoms ranking  

The most preferable rank 1 is assigned to the largest measure, rank of "k" labeled to the least measure, and the 
remaining diagnoses receive ranks from 2 to "k-1". Ranks vary from the lowest ( minimum possible value is 1) to 
highest (the maximum possible value is 4). Minimum and maximum ranks are achieved if the symptoms have 
frequencies from non-overlapping ranges for different diagnoses. If it is difficult to identify a candidate for the i-th 
place from two diagnoses, they each are assigned the average rank, computed as: 

ija =[i + (i +1)]/2 = i + 0,5, { }3;2;1∈i ; 4,1=j  
Everyone of three competitors for i-th place is assigned the rank of: 

ija =[i + (i +1)+ (i +2)]/3 = i +1, { }2;1∈i ; 4,1=j  
If experts (features) can not choose among the four diagnoses, everyone is assigned the rank of: 
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ija = 5,2
4
1 3

0
=+ ∑

=j
ji , i=1, 4,1=j  so long as each of them is pretended for the first place.  

Ranking results are shown in Table 3.  

The lowest and highest ranks belong to the range from zero to 1. They are calculated by above mentioned formulas 
and on condition that whole frequency range [0,1] is divided into 4 equal parts: [1-0.75) [0.75-0.5), [0.5-0.25), [0.25-0]. 

2. Kendall-Smith concordance rank coefficient is calculated as: 

∑ =
−−
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j jTmkkm
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1
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3. Interconnectivity ranks index Tj is calculated under the presence of repetitive ranks: 

Tj= (t∑
=

l

1i

3
ij – tij)                                                      (5) 

where tij is each rank repetitions number for each expert, ℓ is a repetition ranks number. For 
example, in Table 3 for the feature with number of 4 ℓ = 2, and for all other features ℓ = 1. 
Calculations by (4) and (5) has been done for all features (m = 14), and presented in Table 3, the 
values of S = 4.5 and KS = 0.034 has been received. Table 3 is the base for determining "voting" 
coordinated degree for particular diagnosis of women group aged from 19 to 49 years, and 
corresponds to a patient who has all the features mentioned in the table. According to the critical 
value of the criterion χ2

cr(0.95,3)= 0.35, which corresponds to confidence level 0.05 , features-
experts voting significantly differs from the uniform distribution, since χ2 = 1.42 > χ2

cr . Diagnoses 
with the lowest ranks sum are preferred. Situation when some of the diagnoses receive the same 
lowest ranking sum, is called a diagnoses conflict..  

 

Table 3. Ranking results for the female group aged from 19 to 49. 

Features 
 1 2 3 4 5 6 7 8 9 10 11 13 16 18 sum z z2 pD

WD 2,5 2,5 2 1,5 2,5 2,5 4 2,5 2,5 2,5 2,5 2,5 2,5 1,5 34 -1 1 0,3 

DT 2,5 2,5 2 3,5 2,5 2,5 2 2,5 2,5 2,5 2,5 2,5 2,5 3 35,5 0,5 0,25 0,4 

CP 2,5 2,5 2 3,5 2,5 2,5 2 2,5 2,5 2,5 2,5 2,5 2,5 4 36,5 1,5 2,25 0,2 
CPH 2,5 2,5 4 1,5 2,5 2,5 2 2,5 2,5 2,5 2,5 2,5 2,5 1,5 34 -1 1 0,1 

      2          χ2=1,42  tij 4 4 3 2 4 4 3 4 4 4 4 4 4 2 χ2
cr=0,35  

Tj 60 60 24 12 60 60 24 60 120 60 60 60 60 6 10164 КS=0,034 
 

4 Classifier of paired comparison method 
 

There are patients for whom criterion of χ2 = 0. For example, for patients of 74,75,73,42 in Table 1 DA can not 
identify the diagnosis. 

Let us determine the preferred diagnosis by the paired comparison method. In order to do that it is necessary to 
obtain a table where every feature-expert votes for each of diagnosis differently. Thus there is no voting results 
coincidence for different diagnoses. The first place in each table column is assigned to diagnosis with highest frequency. 
The last place is assigned to diagnosis with lowest frequency. Remain diagnosis get the “2” and “3” places. In the case 
of having the same frequency values, lesser place is assigned to the diagnosis that is “voted” by patients’ absolute 
minority. A subtable is separated off the Table 2 by “masking” for particular patient. The “mask” consists of features 
inherent to particular patient. “The imposition of the mask" means the crossing out lacking patient features in Table 3. 
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Let us build the Table 4 for 74-th patient having hemorrhagic features ranging from 1 to 9 (her true diagnosis is 
WD) (see Table 1). Table 4 is used for preferences number calculation in paired comparison voting results.  

Table 4. Initial table for 74-th patient. 

features 1 2 3 4 5 6 7 8 9 

WD 1 1 1 3 2 2 4 2 1 

DT 2 2 2 2 4 4 3 3 3 
CP 3 3 3 1 1 3 1 4 4 
CPH 4 4 4 4 3 1 2 1 2 

 
Let us build a preferences matrix using Table 4. The results are presented in Table 5. PCM uses three marks: zero, 

0.5 and 1. The one is assigned to more dominating diagnosis, and zero meant to less dominated one. If the preference 
can not be defined, both of diagnosis get 0.5 value (сij=сji=0,5 ). Let q is a diagnosis pairs number where the preferance 
between i-th and j-th diagnoses can not be defined. The simpliest way to define the preference is to make a feature 
values paired comparisons for each diagnosis (it is neseccary  to make k(k-1)/2 comparisons in the PCM having k 
diagnoses). The PCM results is presented in a matrix of k× k dimention. The bij matrix elements are preferences assigned 
numbers that are the sums of zeros and ones. Matrix diagonal is zero because there is no need to compare a diagnosis to 
itself. One of the properties of the matrix is that bij+ bji +2qcij = m, where m is a feature-experts number. 

Ratio of the quantity the preferences of each diagnosis to the total sum of the matrix elements characterize the 
diagnosis weight: 

4,1,)()( 1 11 =++= ∑ ∑∑ = ==
icbcbw k

i
k
j ijij

k
j ijiji                               (6) 

 
Table 5. Feature-experts paired comparisons for 74-th patient. 

74-th patient WD DT CP CPH In total wi

WD 0 7 6 6 19 0,351852 

DT 2 0 5 4 11 0,203704 

CP 3 4 0 6 13 0,240741 

CPH 3 5 3 0 11 0,203704 
 

The most weighted by the wi diagnosis turned out to be the WD for 74-th patient. In order to compare the results of 
different voting features number this sum was reduced to unit interval. In spite of the fact that DA classifier couldn’t 
define correct diagnosis, the PCM is able to do this. 

Sometimes both of the methods determine true diagnosis in concord (e.g. in the case of 80-th patient having 
hemorrhagic features ranging from 1 to 3 and from 7 to 9, the true diagnosis is WD, see Table 1). Table 6 represents the 
results of PCM for 80-th patient. Initial data for Table 6 are in the Table 4. 

Table 6. Feature-experts paired comparisons for the 80-th patient. 
80-th patient WD DT CP CPH In total wi

WD 0 5 5 4 14 0,39 

DT 1 0 4 3 8 0,22 

CP 1 2 0 4 7 0,19 

CPH 2 3 2 0 7 0,19 
 
If there is no unambiguous answer given by the DA and PCM classifiers (a diagnosis conflict is taken place), then 

the diagnosis is defined taking into account the pD data set weigth (2). In the case of diagnosis conflict with the same 
lowest ranking sum by the DA classifier, the wi index is calculated as: 

∑ ∑∑ = ==−= k
i

m
j ij

m
j ij

DA
i aaw 1 11 /1  

In the case of diagnosis conflict with the same largest preferences sum by the PCM classifier, the wi index is 
computed by (6). Preferable diagnosis is determined also by (3) and confirm to the result of PCM*. For DA analogically 
preferable diagnosis is 
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and method has denotation DA*. If there is no diagnosis conflict (2) or (7) is used to determine the preferable 
diagnosis. 

DA
j

j
p wD

4,1
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=                                                              (7) 

Example in the Table 3 illustrates diagnosis indistinguishability by DA classifier. WD and CPH have got the same 
lowest ranking sum, χ2>χ2

cr indicates diagnosis indistinguishability by DA classifier and diagnosis separability by 
DA*classifier. 

However not in all cases probabilistic approach classifiers recognize correct diagnosis. For instance, the DA 
classifier are not able to recognize true CP diagnosis for 75-th and 63-th patients, as long as experts selects the diagnoses 
equiprobable (chi-square criterion is equal to zero, КS=0). The PCM classifier also determines the diagnosis wrongly in 
this case. Analogously noone of the probabilistic approach classifiers couldn’t recognize the true CP diagnosis for the 
68-th patient (diagnosis conflict takes place, chi-square is not equal to zero), DA*  and PCM classifiers recognize it as 
DT diagnosis in concord. 

We devepol a new classifier based on inductive approach, which has a historical name of Group Method of Data 
Handling (GMDH), taking into account the resutls obtained. 

 

5 GMDH classifier 
 

Objective: To correctly diagnose new patients. To do this, separated out an independent (exam) sample with help, 
which we verified constructed classifier. Let the number of all correctly recognized patients is rn .  

There is a sample of W, | W | = nW clinical features (symptoms) { }25,1,5−∈ix , i= 1, ..., m characterizing Dj = 1, 
..., k  diagnoses (see Table 1). However, in contrast to the probabilistic approach, where decision function has the form 
(1), in the inductive approach it is found as: 

))),(((maxarg),(
,,

***
Wsr

XXFf
s nXfnXf

s
M

θθ
θ ⊆ℜ∈∈

= , 

where  optimal structure, s≤M and parameter vector )( sXf 1dim, ×= Mθθ  of decision function are 
determined by the Group Method Data Handling. 

The main idea is to separate each j-th class from others (j = 1,…,4) by its own classifier. Surfaces equations built 
have a form of fj(θ, Хs)=bj, where Хs is a features matrix; dim Хs=nA×s; θ – parameters vector; bj – thresholds [3]. 
Functions (fj(θ, хп) – bj) take values of defined sign (e.g. positive) in the records (n-th patient clinical features values) of 
j-th diagnosis, and has negative sing in the records of other diagnoses. Functions fj(θ, хп) – bj are equal to zero in the 
records located along separation boundary Wnn ,1= . 

Let us formulate fj(θ, Хs) – bj,  j=1,…,4 classifiers requirements. 
It is necessary to obtain fj(θ, Хs) – bj classifiers that are sensitive not only for A training set, but for new sets. 

Nonlinear approximation functions of fj(θ, Хs), which are built by GMDH, approximate  threshold functions Рj(x): 

⎪⎩

⎪
⎨
⎧

∉∀

∈∀
=

jnn

jnn
sj DхfхG

DхfхQ
XP

)(:,

)(:,
)( , 

where Q and G are given thresholds: Q is a threshold for records (patients) corresponding to certain diagnosis; G 
is a threshold for all the other diagnoses (Q = 220, G = 100). There are selected fj(θ, Хs) classifiers, having the best 
extrapolating capabilities using B validation set. Recognition classifiers capabilities are tested using C examinations set, 
that did not used for building of fj(θ, хп)=bj surfaces. 

Total patients number is nW = 80. Patient’s distribution for each diagnosis in training, validation, and examination 
sets presented in Table 7 (records of corresponding diagnosis). 

 
Table 7. Patient’s distribution for each diagnosis (records of corresponding diagnosis). 

Diagnosis total patients number Training set Validation set Examination set 
WD 24 17 3 4 
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CP 17 13 2 2 
DT 31 24 3 4 

CPH 8 8 or 6 0 or 2 0 
 
For WD and CP classifiers calculation training set contained 8 records, validation, and examination sets nB=nC= 0 

records correspondently because of the small initial patients set of CPH. For DT and CPH classifiers calculation training 
set contained nA=6 records, validation set nB=2 records, examination set nC=0 records. 

Patient’s distribution for each diagnosis in training, validation, and examination sets presented in Table 8 
(records of other diagnoses). 

 
Table 8. Patient’s distribution for each diagnosis (records of other diagnoses). 

Diagnosis Training set Validation set Examination set 
WD 62 8 10 
CP 62 8 10 
DT 60 10 10 

CPH 60 10 10 
 
Characteristics of obtained classifiers are presented in Table 9. 
 

Table 9. GMDH-classifiers characteristics. 
Sets VS CG … HSCP 

 accuracy Se Sp accuracy Se Sp … accuracy Se Sp

А В С ∪ ∪ 97,50% 0,953 0,953 96,25% 0,941 0,962 … 100% 1 1 
А В ∪ 100% 1 1 98,57% 1 0,982 … 100% 1 1 

A 100% 1 1 100% 1 1 … 100% 1 1 
B 100% 1 1 87,50% 1 0,833 … 100% 1 1 
C 80% 0,75 0,833 80% 0,5 0,875 … 100%  1 

 
Accuracy, sensitivity, and specifity calculations results for each classifier and record set are presented in Table 9. 

Accuracy is defined by the percentage of correct patients’ diagnoses recognition. Sensitivity Se ]1,0[∈ , and specifity 
Sp ]1,0[∈  are connected with first and second kind errors, which give information about doctors’ wrongly diagnose risk. 

1. High CPH classifier characteristics values allow recommending it for differential diagnostics. Some 
modification will be needed for CPH classifier because of the constant updating by new data and very small initial set 
size (8 patients) however. 

2. WD classifier made two mistakes. Both incorrect recognized patients’ numbers: 74 is incorrect diagnosis 
rejection and 79 is incorrect WD diagnosis acceptance were wrongly diagnosed by CP classifier (incorrect diagnosis for 
74) and DT classifier (incorrect diagnosis rejection for 79) in concord. Thus double classifiers mistake makes WD 
classifier mistake unrecognizable by other classifiers, which were used here. 

3. Similar situation occurred for CP classifier: we got unrecognizable diagnoses mistakes for 70, 74, and 75 
patients, and DT classifier mistook for 70 and 79 patients. 

4. All classifiers made wrong recognition just for eight patients (from total amount of 80) - 21, 42, 70, 71, 73, 74, 
75, 77, 79. Four unrecognizable mistakes were obtained here. Their patient’s numbers are 70, 74, 75, 79 from three 
classes (WD, DT (two patients), CP). For the remaining five patients, by the fact of classifiers conflict or agreed 
diagnosis rejection, an addition diagnosis clarification should be done. 

 
6  Comparison results 

 
Let us return to probability-based classifiers in order to compare their recognition results to GMDH classifiers 

ones. Recognition results by different methods (DA, DA*, PCM, PCM*, and GMDH) in the group merging randomly 
selected patients and patients with unrecognized diagnoses are presented in Table 10. 

Special interest represents the DA and PCM classifiers recognition results for the patients that are unrecognizable 
by GMDH classifier (70, 74, 75, 79 in Table 1). It turns out that for the patients with numbers of 74 and 75 DA 
classifier can not recognize the diagnosis because КS = 0 and chi-square criterion equals to zero (is denoted by (double 
query marks)), but PCM can identify the diagnosis correctly for 74-th patient. PCM made wrong diagnose for other 
patients (numbers of 70, 75,79). For the patients of 70 and 79 exists a preferable voting using DA classifier with the 
significance level < 0.05 not in favour of true diagnosis. But as long as there is a diagnoses conflict for 79-th patient 
(denoted as ?) consequently PCM* recognizes true diagnosis for this patient. Therefore DA and PCM classifiers allow 
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removing two (from the four) unrecognizable mistakes. Moreover the 44-th patient belongs to the WD class and do not 
belong to CG, or DT classes. And 79-th patient belongs to badly-recognizable DT class. 

 
Table 10. Different classifiers results. 

№  1 2 3 4 5 6 7 8 9 10  

Patient’s № 70 79 75 74 63 73 68 13 80 42 

DA - ? ?? ?? ?? ?? ? + + ? 

DA*  + - - - + -   + 
PCM - - ? + - ? - ? + - 

Probability-
based 

approach 
PCM*   -   -  +   

Inductive 
approach GMDH - - - - + + + + + + 

 
In general for set of ten patients (partially selected randomly and taken from the set of unrecognizable patients by 

GMDH-classifiers) each of the probabilistic and inductive approach classifiers made 4 mistakes. They each made 
mistake with recognition of 70 and 75 patients; probabilistic classifiers mistook for 63 and 68 patients, when GMDH 
classifiers did not mistake for these patients, but GMDH classifiers made unrecognizable mistakes in the case of 74 and 
79, where PCM and DA* classifiers made correct recognition. 

PCM and PMC* classifiers in sum mistook 7 times, DA and DA* in sum mistook 5 times, GMDH had 4 mistakes. 
It should be noted that BA∪ learning and C examination sets were separated from each other in the case of GMDH 
( Ø). There was no examination set in the probabilistic approaches methods, which mean that classifiers 
did not tested in new independent data. 

=∩∪ CBA )(

 
7 Conclusion 

 
 Total classifiers on a sample of 80 patients made a mistake for 9 patients: 2 unrecognized  errors and 7 

recognizable diagnosis errors 
 The percentage of correct classification of diagnostic system consisting of a probabilistic classifiers and 

inductive ones is less than 97.5%. 
Further development of differential diagnostics system based on WD, CP, DT, and CPH classifiers could be 

realized in the next two ways: 
1. Inclusion of additional characteristics of pathologies, which are diagnosed, in the features set. Developing more 

reliable classifiers based on this new features set. 
2. Separation off the class of patients with unrecognizable mistakes using classifiers built. Statistics accumulation 

of such patients and construction an additional classifier in order to separate a special domain of features values. 
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