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Autonomous Decision-Making: A Data Mining
Approach

Andrew Kusiak, Jeffrey A. Kern, Kemp H. Kernstine, and Bill T. L. Tseng

Abstract—The researchers and practitioners of today create » The models associated with neural networks and regres-
models, algorithms, functions, and other constructs defined in sion models are “population based,” which means that one

abstract spaces. The research of the future will likely be data model is developed for all cases in a training data set. Such
driven. Symbolic and numeric data that are becoming available in .
a model uses a fixed number of features.

large volumes will define the need for new data analysis techniques
and tools. Data mining is an emerging area of computational One of the two algorithms proposed in this paper uses decision
intelligence that offers new theories, techniques, and tools for ryles extracted from a training set. The feature extraction ap-

analysis of large data sets. In this paper, a novel approach for w o g . " .
auto?/womous dgecision-making is de\r/)eIFc))ped based o%pthe roughproaCh follows an “individual (data object) based” paradigm. A

set theory of data mining. The approach has been tested on o feature extraction algorithm identifies unique features (test re-
medical data set for patients with lung abnormalities referred ~Sults, symptoms, etc.) of an object (e.g., a patient) and checks
to as solitary pulmonary nodules (SPNs). The two independent whether these unique features are shared with other objects. It
algorithms developed in this paper either generate an accurate js gbvious that the “population based” and “individual based”

diagnosis or make no decision. The methodolgy discussed in the . - - -
pager depart from the developments in data ?Xining as well as paradigms differ and, in general, the set of features derived by

current medical literature, thus creating a variable approach for ~€ach of the two paradigms is different. In the feature extraction

autonomous decision-making. approach, a set of features applies to a group of objects. These
- . . . features are expressed as a decision rule. The properly derived

Index Terms—bata mining, lung cancer diagnosis, machine . .
learning, medical decision making, rough set theory. decision rules accurately assign outcomes for a large percentage

of cases with unknown decisions (i.e., make predictions for new
cases). The drawback of the feature extraction approach is high
. INTRODUCTION computational complexity of the learning phase; however, it of-
HE INTEREST in medical decision-making has beefgrs a greater promise for applications in decision-making than
gaining momentum in recent years. In this paper, nedlly of the “population-based” based approaches.
algorithms for decision-making based on prior data are pro-The approach presented in this paper follows the emerging
posed. The algorithms are built on the concepts from rough §encepts from the rough set theory [12] of data mining. The
theory, cluster analysis, and measure theory. Computatiof@@soning behind the rough set theory is that a group of objects
analysis indicates that the proposed algorithms offer numerd@égtients) with a unique subset of features shares the same de-
advantages over other approaches such as neural networksGgiein outcome. The feature extraction algorithm dynamically

regression analysis, namely: analyzes a large database and identifies unique features of each
« simplicity; group of objects. Importantly, the subset of fggture; is not spec-
« high accuracy; |f!eq in advar)ce. In expert systems, rules gwd|r_1g diagnostic de-
« low computational complexity. cisions are fixed, while the rules generated with the rough set

Regression analysis and neural networks share the followiw%eory approa}ch are dynamic and unique to each group'of qb-
- jetts [13]. An important aspect of the approach proposed in this
characteristics. . . ; o
) . . _paper is that the decisions (diagnoses)(af® — )% accurate
* Each involves a leaming phase and a decision-makifg 109 — §)% of objects with unknown outcomes, wherand
phase. o , _ , possibly§ could approach zero.
» Both make decisions essentially for all objects with un- To accomplish such high decision-making accuracy, the di-

known outcomes, however, with an error. agnostic decisions are made by two independent algorithms:
 Both require specialized software or even hardware (some . - . .
 primary decision-making algorithm;

neural networks). . . .
) « confirmation algorithm.

Both algorithms utilize features, however, in an orthogonal way.
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new approach significantly reduces patients’ risks and costs. Ina TABLE |

typical SPN disease occurrence scenario, a nodule is detected on FIVE-OBJECTDATA SET

a patient’s chest radiograph. As this SPN may be either benign ObjectNo. [F1 F2 F3|F4 D
or malignant, further testing is required to determine its exact 1 0. 1]o0o 270
nature. The diagnosis is perceived to depend on many features, 2 1 1.0 212
such as the SPN diameter, border character, presence of calci- 2 g (1’ (1’ (1) (1)
fication, patient’s age, smoking history, results of CT densito- s 0ol o 1 3 o

metry, and overall prevalence of malignancy within the popula-

tion [11]. Multiple medical disciplines are involved in collecting

a large volume of clinical data at different times and locationgatient and are expensive. The patient and physician would
with varying accuracy and consistency. Therefore, an approdegl more comfortable with an algorithm-generated outcome
that fuses information from different sources and intelligenti§f the autonomous decision could be confirmed in more than
processes large volumes of data is needed. one way. The proposed algorithms are designed to make predi-

The research presented in this paper shows that the nungaifons of high accuracy for a large percentage of cases being
of features (results of noninvasive tests, patient's data, etc.) né@gnosed. For cases in which an accurate decision could not
essary to diagnose an SPN is smaller than the number useBgnautomatically generated, other decision-making modalities
current medical practice. At the same time, the decision-makifguld be used, e.g., higher-level prediction systems or humans.
accuracy is significantly improved. The basic construct of rough set theory is called a reduct [12].
The reduct can be loosely defined as a minimal subset of features
uniquely identifying all objects (patients) in a data set (see [16]
for a formal definition of the reduct).

The researchers and practitioners of today create formulasBy definition, reduct expresses an alternative and simplified
models, algorithms, and other constructs defined in abstragy of representing a set of objects (patients). It is easy to see
spaces. In the world of tomorrow, large volumes of symboli¢at reduct has the same properties as a key defined in relational
and numeric data will define spaces for processing by the neitabase theory (with respect to a specific instance of a relation
and existing tools. Data mining is an emerging area of compghly). In this context, reduct can be considered an empirical key.
tational intelligence that offers new theories, techniques, andThe term “reduct” was originally defined for sets rather than
tools for processing large data sets. It has gained consideragiiects (patients) with input and output features or decision ta-
attention among practitioners and researchers. The growisigs with features (tests) and decisions (diagnoses). Reducts of
volume of data that is available in a digital form spurs thighe objects in a decision table have to be computed with the con-
accelerated interest. sideration given to the value of the decision (diagnosis). In this

One of the few theories developed specifically for data miningaper, each reduct is viewed from two perspectives: feature and
is the rough set theory [12]. It has found applications in industiecision rule perspectives.
service organizations, healthcare [8], software engineering [15];To illustrate the reduct, consider the data set in Table | for four
edge detection [24], data filtration [17], and clinical decisionfeatures (F1-F4) and a three-level decisibrH0, 1, and 2).

making [19], [22]. The meaning of the two perspectives is illustrated with the
A comprehensive comparative analysis of prediction methogisduct represented as

included in [7] indicates that automatically generated diagnostic

rules outperform the diagnostic accuracy of physicians. The au- 1xxx2 (1)

thors’ claim is supported by a comprehensive review of the liter-

ature on four diagnostic topics: localization of a primary tumofer object 2 of Table I. The first four elements in this reduct rep-

prediction of reoccurrence of a breast cancer, thyroid diagnosissent the features and the value 2 represents the decision (diag-

and rheumatoid prediction. nosis). The value of feature F1 is 1, and this reduct is referred
In this paper, the concept of feature extraction, cluster angas a single-feature reduct as it contains only one feature. The

ysis, and measure theory are used to develop low computatiog@itures F2—F4 marked with “x” are not included in the reduct.

complexity and accurate algorithms for the diagnosis of SPAS this reduct has been derived from object 2, it is referred to

patients. as an o-reduct (object-reduct). The reduct in (1) can be also ex-

pressed as the following decision rule:

Il. LITERATURE SURVEY

A. Background

To date, numerous models and algorithms have been dé- the value of feature F£ 1 THEN the decisionD =2 (2)
veloped for decision-making using medical data (called here
features). The existing approaches share a common thread—athe therefore it is called an r-reduct (rule-reduct).
outcome is predicted with an error. Such form of an outcome The reduct generation algorithm presented in [9] produces
is not acceptable in many applications. For example, a patiaimgle- and multi-feature reducts. In[3], an algorithm was devel-
with an SPN would like to be either certain whether the nodutgped for extraction of decision rules from data sets—a concept
is benign or malignant or be told that accurate diagnosis caneoimplementary to the reduct generation.
be made without additional tests. These additional tests (e.g.The reduct generation algorithm essentially applies the reduct
lung biopsy) are often invasive and involve higher risks to thaefinition to each object. The entry ‘X’ in each reduct [see (1)]
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TABLE I TABLE IV
THE MINIMAL SET OF FEATURES TEST DATA
Oject No. | o-ReductNo.| F1| F2|F3 F4|D ObjectNo.. Fl1| F2! F3  F4| D
P X100 x |0 1 1 o o0 l2]2
X lx . 210 2 0 1 1 0 1
3 0 x x40 3 1 1 0 2 2
—— X lox L1 0 4 1 2 0 2 2
5 0 X x !0 5 0 2 1 0 1
. X x. 1300 6 0 1] 1 0 1
4. X Lx L0l 7 1 3 0 2 2
2 X {x X 12 8 0 3 1 0 1
TABLE V
ALTERTNiﬁ\I;EE SgILUTION THE DECISION TABLE FOR THE DATA IN TABLE IV
Object No.. o- D
e o
4 o1
3,5 -0
2 L2

sification of objects. In fact, the decisidn could be uniquely
identified based on each of the three features F1, F3, and F4 in
implies that the corresponding feature is not considered in det&&ble V. The eight rows in Table V merge into two, thus signif-
mining the object’s output. To obtain a reduct, one input featui@antly reducing the number of rules. Since we have single-fea-
at a time is considered and it is determined whether this featduge reducts only, the number of input features in a row that are
uniquely identifies the corresponding object. A conflict in théifferent than “x” indicate the number of times an object can be
decision of any two objects disqualifies that feature from pramiquely identified. In other words, the DRF for the objects in

ducing a single-feature reduct. Table Vis3 — 1 = 2.
One of the objectives of feature extraction is to select reducts
with the minimum number of features representing all original [ll. ALGORITHM DEVELOPMENT

objects (patients). An example of a minimal set of features iStyg et re extraction algorithm can generate multiple fea-

shown in Table 11. Note that only two input features F1 and Fgy e sets (reducts). These feature sets are used for predicting
(reduct F1xxF4 or, for short, F1, F4) out of four are needeg, gpject's outcome with the primary and confirmation algo-
for unambiguous representation of all objects. An alternatiygyms.
solution is presented in Table lll where three (F1, F2, and F3)Tpe primary decision-making algorithm compares the feature
out of four features are selected. Table Il contains the merggges of a new object with the features of decision rules. When
o-reduct (3, 5) that has been obtained from two identical redugi® matching criterion is met, the object’s decision is assigned
3 and 5. Tables Il and 1l are called decision tables. equal to that of the matching decision rule, and the confirmation
The results in Table Il can be expressed as decision rulgggorithm is invoked. Only when the decisions reached by the
e.g., the decision rule (r-reduct) corresponding to object 2 is two algorithms are identical may we say that a final decision has
been made.
IF feature F1= 1 THEN decisionD = 2. 3)
A. The Primary Decision-Making Algorithm

The two tables illustrate the data reduction aspect of dataThe steps of the primary decision-making algorithm are as
mining, specifically feature reduction as well as rule (r-reductyp|lows.

reduction. The power of data reduction becomes apparent forStep 1) Match the new object’s feature values with the fea-

data sets with large numbers of objects and features. tures of the alternative decision rules generated by
In order to express the robustness of representing objects the rule extraction algorithm. If the match is satis-

with the selected features, a measure called decision redun- factory, go to Step 2; otherwise, go to Step 3.

dancy factor (DRF) is introduced. The DRF is the number Step 2) Assign the primary decision to the new object equal

of times an object can be independently represented with the to the decision associated with the matching decision

reduced number of features minus one. For an object with rules and go to Step 4.

single-feature reducts, the DRFE — 1, wherek is the number  Step 3) Output “No primary decision is made—More fea-

of features included in the reduced objects. This measure will ture values are needed” and go to Step 4.

also reflect the user’s confidence in predictions [26]. Step 4) If all new objects have been considered, stop; other-
The DRF is explained with the data set in Table IV, which wise, go to Step 1.

was transformed by the feature extraction algorithm in the form The alternative rules (perspectives) used in Step 1 are to in-

shown in Table V. crease the value of DRF. However, users may not be satisfied

It is clearly visible in Table V that column F2 can be deletedith the outcome generated by the primary decision-making al-
(all entries are “x”), as it does not add value to the proper clagerithm, regardless of the value of DRF. Common reasons for
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this lack of confidence are errors in the data, missing data, and=6  Location in thorax (1 = central, 2 = mediastinal, 3 =

so on. To overcome this application barrier, an “orthogonal” de- peripheral)
cision is generated with the confirmation algorithm presented inF7  Nodes (0 = none, 1 = less than 1 cm, 2 = larger than 1
the next section. cm without calcification)
F8  Other sus lesions, 0 = No, 1 = Yes (Other suspected
B. The Confirmation Algorithm lesions)
To present the confirmation algorithm, absolute distanceF® ~1=M,0=F (1 =Male, 0 = Female)
measurel;; between objectsand; defined F10 PET PNimage- bg, 1= Yes, 2 = No (Positron Emis-
sion tomography Pulmonary Nodule image is greater
n than background)
dij = |fi— firl (4)  F11 Pkl/yrs (packet - years)
k=1 F12 BMI (Body Mass Index)

F13 hxof ca, Yes =1, No =0 (history of cancer)

F14 FEV, ¢ (Forced Expiratory Volume, 1 sec, percent pre-
dicted)

F15 DLCO% ADJ (Adjusted DLCO, percent predicted)

where f;;, is the value of featurd'k for object: andn is the
number of features in a feature set.
The steps of the confirmation algorithm are as follows.

Step 0) Define proper feature sets. _ F16 FVC% (Forced Vital Capacity, percent predicted)
For each proper feature set: _ F17 FER;.759 (Forced Expiratory Flow, 25-75%)
Step 1) Cluster objects with equal outcome in groups. F18 SUV (Positron Emission Tomography Standard Up-
Step 2) Compute distanag; between a new object and take Value)
every object in each group of Step 1. D Diagnosis (M = Malignant, B = Benign)

Step 3) Foreach group, compute the average distance of {fjg, 50-patient data set is shown in Table XIIl.
distances/;; obtained in Step 2.
Step 4) Assign the new object a decision corresponding 40 Case Study Description
the clyster W'th the minimum average distance. .. A solitary pulmonary nodule (SPN) is defined as a dis-
Step 5) Continue until all new objects have been consid- | ity | h o hat i
ered. Crete pulmonary opacity less than 3 cm in size that is sur-

Step 0 is kev to qetting high-accuracy results generated ounded by normal lung tissue and is not associated with at-
PO ytog 9 hig y 9 : S¥ctasis or adenopathy [4], [2]. Approximately 150 000 SPNs

the algorithm. The computational experience reported in Sec- . e .

. . ate identified in the U.S. per year [21]. Benign processes,

tion IV-C proves that some feature sets ensure high-accurac

- Akh as inflammation, fibrosis, or granulomas can manifest as
decisions. We call these feature sets proper. The proper fea g

; . . ~AUBNs. Some 40%-50% of SPNs are malignant [10]. There-
sets are formed through experimentation by beginning with,a . L > .

. S .~ . fore, an early and correct diagnosis is critical for optimal
small set of features, often with low individual classification

. ) . - _.therapy of malignant SPNs and avoidance of unnecessary di-
quality, and adding new features until acceptable classification . : :
. . agnostic tests, treatment costs, and risks for benign SPNs.
accuracy is achieved. In the current medical practice, more than one hundred data
The accuracy of the results generated by the two algorithms. P '

was tested using a medical data set for SPN patients coIIecf[;é)clints fr_om noninvasive tests "T"ght. be cons.|dereq @rmg the
. . . - iagnosis of an SPN. For an individual patient, it is almost
at the University of lowa Hospitals and Clinics.

impossible for a human decision-maker to determine which of
these data points are critical for the correct diagnosis. Physi-
IV. SPN Case Stupy cians have difficulty in differentiating benign from malignant
Computational results will be illustrated with the data set cotases based on clinical features, including symptoms, phys-
lected at the University of lowa Hospital and Clinics for 118cal examination, and laboratory results [6]. Several diagnostic
SPN patients with known diagnoses, confirmed by pathologyocedures, including chest radiography, chest computed to-
tests. Eighteen randomly selected features for each patient waagraphy (CT), and bronchoscopy are used to differentiate
used in the computational study. The 118 patients’ records wérenign from malignant nodules. Unfortunately, these features
checked for completeness and reduced to 50. Each of theté®e poor sensitivity and specificity [10]. Even the choice
records rejected was missing at least one of the 18 features usediagnostic options is complicated by variances in test ef-

in our study. fectiveness, cost, accuracy, and patient risks. Considering the
The selected 18 features are listed next. uncertainty and the probability of malignancy, biopsies are
F1 Age (Patient’s age) often performed on SPNs. However, approximately 50%—60%
F2 CT max r (Computed Tomography maximum radiusif SPNs are not malignant and could be monitored clinically
computed as maxCtrl, CTr2}) and radiographically [5], [4]. Hubneet al. [5] conject that

F3  CT max area (Computed Tomography maximum areappropriate follow-up by CT scan could reduce biopsies or

F4  Borders (1 = sharp and smooth, 2 = smoothly lobuesections of benign nodules by 20%—40%. The exact number
lated, 3 = large irregular spiculation, 4 = many smalbf cases that go to surgical resection is not reported. To es-
spiculations) timate potential savings from implementing the algorithms, it

F5 Calcification type (1 = central calcification, 2 = lami-is conservatively estimated that 50% of the cases proceed to
nated, 3 = dense) a surgical resection to verify the diagnosis, yet only 40% of
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TABLE VI
PERSPECTIVEL DECISION RULES

Decision rule 1. IF (F10 <= 1) AND (F17 <= 89) THEN (D = B); [Patients 3, 4, 26, 40, 46]

Decision rule 2. IF (F2 in [0.9, 1.55]) AND (F18 in [2.75, 8.25]) FND (F6 >=2) FND (F5 <= 0) THEN (D = B);
[Patients 19, 33, 43]

Decision rule 3. IF (F14 >= 78) AND (F18 <=4.1) AND (F17 <= 54) THEN (D = B); [Patients 3, 26, 43, 47]
Decision rule 4. IF (F14 in [94, 109]) AND (F16 >= 103) THEN (D = B); [Patients 9, 33, 40]

Decision rule 5. IF (F6 <= 2) FND (F10 >= 1) FND (F16 <= 94) THEN (D = M); [Patients 7, 8, 13, 14, 15, 18, 20,
22,27,28, 30,31, 32, 34,38, 48]

Decision rule 6. IF (F2 <= 0.9) AND (F10 >= 1) THEN (D = M); [Patient 16]

Decision rule 7. IF (F10 >= 1) AND (F14 <= 74) AND (F13 <= 0) THEN (D = M); [Patients 5, 7, 10, 18, 22, 23,
25,31, 32, 35, 45]

Decision rule 8. IF (F15 <= 52) THEN (D = M); [Patients 7, 11, 31, 37, 45]

Decision rule 9. IF (F14 <= 80) AND (F17 >= 31) THEN (D = M); [Patients {5, 14, 23, 28, 34, 39, 42, 50]
Decision rule 10. IF (F14 in [81, 87]) THEN (D = M); [Patients 6, 38]

Decision rule 11. IF (F6 <=2) AND (F10 >= 1) AND (F14 >= 84) AND (F15 >= 63) THEN (D = M); [Patients 1, 6,
8,20, 21, 30, 38, 44, 48, 49]

Decision rule 12. IF (F16 <= 93) AND (F17 >=49) THEN (D = M); [Patients 2, 8, 12, 15, 20, 23, 28, 34, 36, 38]
Decision rule 13. IF (F6 >=2) AND (F14 >=91) AND (F15 <= 97) THEN (D = M); [Patients 11, 24, 29}]
Decision rule 14. IF (F2 >=1.65) AND (F15 >= 116) THEN (D = M); [Patients 17, 41, 49]

TABLE VII
PERSPECTIVE2 DECISION RULES

Decision rule 1. IF (F8 <= 0) AND (F10 <= 1) THEN (D = B); [Patients 40, 46]

Decision rule 2. IF (F8 >=0) AND (F9 <= 0) AND (F18 <= 4.1) THEN (D = B); [Patients 26, 43, 47]

Decision rule 3. IF (F2 in [0.9, 1.1]) AND (F4 >=2) AND (F18 <= 8.25) THEN (D = B); [Patients 33, 43]
Decision rule 4. IF (F2 in [1.1, 1.55]) AND (F6 >=2) AND (F8 <= 0) THEN (D = B); [Patients 3, 19]

Decision rule 5. IF (F2 in [2.25, 2.75]) AND (F4 <= 1) THEN (D = B); [Patient 9]

Decision rule 6. IF (F2 <= 2.1) AND (F6 <=2) AND (F10 >= 1) THEN (D = M), [Patients 1, 8, 10, 13, 14, 16, 18,
21,22, 30, 31, 32, 491

Decision rule 7. IF (F2 >=2.75) AND (F18 <= 8.6) THEN (D = M); [Patients 11, 15, 20, 27, 34, 36, 37, 38, 44]
Decision rule 8. IF (F2 <=2.75) AND (F13 <= 0) AND (F18 >= 5.3) THEN (D = M); [Patients 1, 18, 23, 25, 29,
30, 32, 39, 41, 45]

Decision rule 9. IF (F2 <= 3.25) AND (F18 >= 8.45) THEN (D = M), [Patients 1, 2, 6, 8, 12, 13, 18, 23, 25, 29, 39,
45, 48]

Decision rule 10. IF (F2 >=3.75) THEN (D = M); [Patients 7, 15, 17, 28, 34, 35,37, 38]

Decision rule 11. IF (F3 <= 6) AND (F4 <= 1) AND (F6 >= 2) THEN (D = M); [Patients 2, 24, 29, 50]

Decision rule 12. IF (F7 >= 1) AND (F8 <= 0) THEN (D = M); [Patients 5, 8, 16, 29, 36, 42]

TABLE VI
CLASSIFICATION QUALITY OF INDIVIDUAL FEATURES IN THE50-PATIENT DATA SET

F1 = 70%, F2 = 30%, F3 = 56%, F4 = 0%, F5 = 0%, F6 = 16%, F7 = 6%, F8 = 0%, F9 = 0%, F10 = 10%, F11 =
62%, F12 = 56%, F13 = 0%, F14 = 76%, F15= 86%, F16 = 88%, F17 = 82%, F18 = 60%.

TABLE IX hospital charges alone. The costs to society become larger if
CLASSIFICATION QUALITY OF FEATURE SETS we consider patient productivity losses and costs to insurers.
Therefore, there is a need to improve the diagnostic accuracy

Feature Set Classification Quality R .. . .
Feature Set1 (F15,T16) 100% of SPNs from patient, physician, and society perspectives.
Feature Set 1T (F1, F13) 100% ] )
Feature Set 11l (F1, F3, F15,F16) 100% B. Primary Algorithm Results
Feature Set IV (FL, F3, F11, F12, F15,F16, FI8) 100% . . . ) -
Feature Set v (F4, T3, 79, F13) 5% The primary decision-making algorithm uses decision rules
Feature Set VI (F4, F7, F8, F9, F10, F13) 94% extracted from the training data set. Numerous alternative rules
Feature Set VII (F4, F5, F6, F7, F8, F9, F10, F13) 100% (included in perspectives) have been generated with the rule ex-
Feature Set VIIL_(F1, F7, F10, F12, F18) 100% : laorithm. Table VI includes 14 decisi |
Feature Set IX_(F2, F4, F6, F7, F8, F9, F10, F13) 100% traction algorithm. Table VI includes ecision rules gener-
Feature Set X (F1 through F18) 100% ated with the rule extraction algorithm partially based on the

concepts presented in [3].

The rules in Table VI accurately describe the 50 patients in
these cases are malignant [10]. The cost of diagnosis and tr¢fa¢-training data set of Table XlII. Each decision rule indicates
ment of a patient with SPN may exceed $30 000 [25], and thige patients that it represents, e.g., rule 1 describes patients 3,
patient is exposed to surgical risks. Thus, the costs of makifdg26, 40, and 46. Some patients are described by more that one
benign diagnoses are in excess of $900 million per year decisionrule, e.g., patient 49 isincluded in decision rules 11 and
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TABLE X
RESULTS PRODUCED BY THE CONFIRMATION ALGORITHM FOR TEN PATIENTS FROM THE TRAINING DATA SET (DIAGNOSED PATIENTS 2, 14,
15, 24, 27, 28, 42, 44, BND 33)

Feature Set 1(F13, F16) H(F1,F3) HI(F1, F3,F15, F16) IV(FLF3.F11, F12, F15,F16, F18)
D=M D=B Diagnosis: | D=M D=B Diagnosis: | D=M D=B Diagnosis: | D=M D=B Diagnosis:

Min {(D = Min {(D = Min {(D = Min {(D =
M), (D= M), (D= M), (D= M), (D=
B)} B)} B)} B)}

Patient 2 1392739 367710 i 586.4739 20008710 | 29534735 5918710 53416539 1 9937710

(D - M) (35.6%9) 36.7) (25.29) (20.00 {75.73) (59.18) (136.95) {99.37)

Patient 14 1397739 635710 i 9388739 81,8710 25358139 §06.8/10 i 3162.25/39 | 1283.1/10 i

(D =M) {40.95) {63.5) (23.82) (18.18) (64.76) {80.68) (166.72) {12831

Patient 15 1491739 579710 ] 1681.2739 3888710 31722739 | 1157 8710 i 601865739 | 2102.1710 0

(D =M) {3823 {57.9) 43.1n {58.88) (7273 (115.8) (154.32) {210.21)

Patient 24 1839739 BI0L 1007.4739 165.8/10 38364739 S90.8/10 331645739 | 909.3/10

(D - M) {46.90) {43.5) (25.83) {16.58) {72.73) {59.08) {133.76) {90.93)

Patient 27 1973739 729710 1176.8/39 361.8/10 3149.8/39 1080.8/10 4771.85/39 | 1423.5/10

(D - M) {50.59) {72.9) {30.17) (36.18) (80.76) {108.08) (122.36) (142.3%)

Patient 28 1579739 741710 i 37884739 R14.8710 T 47674739 | 1545.8/10 i 71024539 | 1914.7/10 i

(D = M) (50.74) (74.1) {71.50) {81.48) (112.24) {154.38) (182.1D) {19147

Patient 42 2133735 769710 1 966.8739 3518710 i 30998739 | 1050.8710 [ 46986539 | 1316.5/10 i

O =M) (54.69) (76.9) (24.79) {29.18) {79.48) {105.08) {120.48) {131.65)

Patient 44 7235739 307710 1470739 3258710 3705739 7238710 521863739 | 1037.1/10

(D = M) {57.31) {40.7) {37.69) {32.58) (93) (72.28) (133.81) {103.71)

Patient 3 3903746 11017 1232.6/40 S187 5093 6/40 1192.8/9 701775746 | 1420009

(D=B) (97.58) (122.33) {30.82) 10.2) {127.39) (132.53) (173.44) (157.88)

Patient 33 2819/40 BEY 1081.4/40 11980 0 3860.4/30 634879 62252540 | 99479 ]

(D=B8) {70.48) (37.22) {27.04) (1330 {96.51) {70.53) (155.63) (110352

C-Quality 70% 60% 60% 0%

Feature Set VIIT (F1, F7, F10. F12, F18)

Diagnosis: Diagnosis: gl s D=M D=RB Diagnosis:
Min {(D = Min {(D= Min {(D = Min {(D =
M), (D= ML (D= M), (D= M), (D=
By B)} B)) B)}

Patient 2 118/39 38/10 1 159739 53/10 1 195/39 57710 i 962.65/39 374.9/10 ]

O=M) (3.03) (3.8) (4.08) (5.3) (&)} 3.7 (24.68) (37.49)

Patient 14 100/39 34/10 i 161/39 55/10 1 189/39 61/10 i 789.45/39 203.3/10 1

(D=M) (2.56) G4 4.13) (5.5) (4.85) .1 (20.24) (20.33)

Patient 13 78/39 30/10 1 119/39 45/10 i 17139 61/10 i 1007.45/3% 329.3/10 1

D =M) 2) 3) (3.05) 4.5) (4.38) 6.1} (25.83) (32.93)

Patient 24 96/39 34/10 1 133/39 45/10 1 169/39 49/10 ! 765.05/39 239.5/10 1

(D=M) {2.46) (3.4) (3.41) (4.5) 4.33) (4.9) (19.62) (23.95)

Patient k27 106/39 36/10 1 143/39 47/10 1 171439 53/10 1 1023.05/39 371910 1

D =M) 2.72) (3.6) (3.67) .7 {4.38) {5.3) {26.23) {37.17)

Patient 28 90/39 32110 1 127139 43/10 { 179/39 59/10 i 818.05/39 2419110 1

(D=M) (231 (3.2 (3.26) 4.3) (4.59) 5.9 (20.98) (24.19)

Patient 42 106/39 36/10 i 167/39 57710 i 203/39 61/10 1 773.85/39 264.7/10 1

D=M) (2.72) 3.6 4.28) .7 (5.21) ©.D (19.84) 2647)

Patient 44 92139 34/10 i 129/39 45/10 i 157739 SH10 i 1030.65/39 201.3/10

(D=M) (2.36) 3.4 3.3 4.5) (4.03) (5.1 (26.43) (20.13)

Patient 3 134/40 2419 Q 211/40 35/9 4 247/40 39/9 4] 1141.15/40 14519

D=B) (3.33) (2.67) (5.28) (3.89) (6.18) (4.33) (28.53) (16.12)

Patient 33 156/40 28/9 0 193/40 39/9 0 29/40 39 0 823.85/40 23499

(D=B) (3.9 (3.1 (4.83) (4.33) {72.5%) (53.56) (20.60) {26.1)

C-Quality

(b)

14. To increase the value of the DRF, it is desirable that eachThe Perspective 2 rules in Table VII increase DRF of indi-
object in the training set be represented by multiple rules. Aglual patients. For example, the previously mentioned patient
the decision rules in Table VI ensure DRF = 0 for most ruled9 that was described with rules 11 and 14 of Perspective 1 is
we call these decision rules Perspective 1 (the basic decisiaiso represented with rule 6 of Perspective 2.
making perspective). Alternative decision-making perspectives,To test the quality of the decision rules in Tables VI and
e.g., Perspective 2, Perspective 3, and so on, will increase YHg the test set of 13 patients has been considered (see Table
value of DRF for the objects (patients) in the training set andV). These patients were not included in the test data set due
the objects in the test data set. to missing information. The decision rules of Tables VI and VII
The rules in Table VIl use features that partially overlap witgenerated diagnoses for all 13 patients that have agreed with
the features used in Perspective 1 of Table VI. Mutually exclthe diagnoses shown in Table XIV. Additional testing was per-
sive sets of features are certainly possible. formed for ten randomly selected patients 2, 3, 14, 15, 24, 27,
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TABLE X (Continued)
RESULTS PRODUCED BY THE CONFIRMATION ALGORITHM FOR TEN PATIENTS FROM THE TRAINING DATA SET (DIAGNOSED PATIENTS 2, 14, 15, 24,
27,28, 42, 44, 3ND 33)

Feature Set IX (F2,F4, F6, F7, F8, F9,F10,F13) X (F1-F18)
D=M D=B Diagnosis: D=M D=B Diagnosis:

Min {(D = M), Min {(D =M),
(D=B)} (D =B)}

Patient 2 239.1/39 61.75/10 1 S163.15/39 | 16124510 |

(D =M) (6.13) (6.18) (209.3) (161.25)

Patient 14 2363739 68.75/10 1 6151.35/39 | 1770.85/10 1

(D=M) (5.8) (6.88) (157.73) (177.09)

Patient 15 2389739 873510 i 82562530 | 2638.45/10 i

(D =M) {6.13) (8.74) 211.70) (263.8)

Patient 24 224.5/39 5315710 1 7977.95739 | 1507.45/10

(D=M) (5.76) (5.32) (204.56) (130.75)
Patient 27 316.3/39 69.35/10 7627.15/39 | 2195.85/10
(D=M) (5.55) (6.94) {195.56) {219.59)
Patient 28 278.9/39 95.35/10 1 9352.35/39 | 2507.05/10 1
(D =M) (7.15) 9.54) (239.30) (250.71)
Patient 42 3433739 7235/10 1 7046.95/39 | 1925.85/10 1
D=M) (6.24) (7.24) (180.69) (192.5)
Patient 44 306.3/39 69.35/10 1 7199.95/30 | 1475.45/10
(D=M) (5.29) (6.94) (184.61) (147.5)
Patient 3 2977740 350 0 G038.45/40 | 1839.05/9
(D=B) (7.44) 4.79) (225.96) (204.34)
Patient 33 284.5/40 371505 0 §576.75/40 | 1452.85/9 0
(D=B) (7.11) (5.24) (212.92) (161.42)
C-Quality 90% 70%
(©
TABLE XI

RESULTS PRODUCED BY THE CONFIRMATION ALGORITHM FOR 13 TEST SET PATIENTS

Feature Set

Diagnosts: Diagnosis: Diagnosis:
Min {(D = Min {(D = Min {(D = M),
M). (D = B)} M). (D=B)} D =B)}

Patient 51 132/40 44/10 i 173/40 59/10 i 209/40 63/10 i
(D=M) 3.3) 4.4) (4.33) (5.9) (5.23) (6.3)

Patient 52 108740 38/10 1 185/40 49/10 i 221/40 33/10
D =M) 2.7} (3.8) (4.63) 4.9 (5.53) (53)

Patient 53 122/40 42/10 1 163/40 57/10 1 191/40 63/10
(D=M) (3.05) 4.2) (4.08) 5.7 (4.78) 6.3)

Patient 54 108/40 36/10 1 169/40 57/10 i 241/40 71/10 1
D =M) @n (3.6) (4.23) G.7) (6.03) (7.1

Patient 35 146/40 26/10 0 223740 37710 ] 359740 1710 i
(D=B) (3.65) (2.6) (5.58) 3.7 (6.48) .1

Patient 56 128/40 22/10 0 165740 33/10 0 201740 37/10 1
(D=B) (3.2) 2.2) (4.13) (3.3) (5.03) 3.7

Patient 57 108/40 36/10 1 149/40 5i/10 1 185/40 55/10 1
(D=M) @7 (3.6) 3.72) (5.1) {4.63) (5.5}

Patient 58 102/40 36/10 i 143/40 31/10 ) 171/40 57/16 {
D=M) (2.55) (3.6) (3.58) 5.0 (4.28) 5.7

Patient 59 80/40 32/10 1 169/40 61710 1 205/40 65/10 1
(D=M) @ (3.2) 4.22) 6.1) (5.13) (6.5)

Patient 60 502/40 134 i 225/40 73/10 t 253/40 79/10 1
(D=M) (12.55) (13.4) (5.63) (7.3) (6.32) (7.9

Patient 61 104/40 36/10 i 141/40 47/10 1 177/40 51/10 1
(D=M) (2.6) (3.6) , (3.53) 4.7 (4.43) (5.1)

Patient 62 118/40 20/10 0 159/40 35/10 0 187/40 41/10 0
(D =B) (2.95) ) (3.97) 3.5) (4.68) “.n

Patient 63 148/40 36/10 0 185/40 51710 221/40 55/10 0
(D=B) 3.7) 3.6) (4.63) 5.1 (5.53) (5.5)

C-Quality ‘ 92.3% 92.3%
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TABLE XIl
SUMMARY OF ACCURACY RESULTS

Test Set Feature Set ‘ \Y% VI Vil
10 internal patients Classification quality 100% 100% 100%

Diagnostic accuracy 100% 100% 100%
13 additional patients Classification quality 100% 92.3% 92.3%

Diagnostic accuracy 100% 100% 100%
Total test set (10 + 13) Classification quality 100% 95.6% 95.6%

Diagnostic accuracy 100% 100% 100%
Total test set (10 + 13) Combined algorithm 91.3%

classification quality

Combined algorithm 100%

diagnostic accuracy

TABLE XIII
TRAINING DATA SET FOR50 PATIENTS

No. F1 F2 F3 F4 F5 F6 F7 F8 F9 FI0 Fll F12 FI3 Fl4 F15 F16 F17 Fi18 D
51 79 2 126 4 0 3 1 1 1 2 2 0 113 109 8 144 168 M
52 64 15 49 1 0 3 0 1 1 1 2 o 83 104 7] 93 o M
3 76 5 7185 4 0 2 1 0 1 2 40 27 o 77 72 52 108 M
sS4 69 1 31 1 1 3 2 0 0 2 o) 1 40 42 85 13 42 M
55 37 18 102 3 0 3 0 0 1 1 25 I 78 87 108 30 o B
6 54 2 126 2 0 3 0 1 0 2 20 0 8 100 25 B
57 75 3 283 1 0 3 1 0 0 2 0 38 1 ss M
s8 81 3 283 2 0 2 1 1 1 2 33 L2467 44 13 s M
59 76 4 503 2 0 3 3 0 1 2 35 0 52 48 6 26 123 M
60 59 4 363 3 0 2 4 1 0 2 26 0 8 o4 38 725 M
61 57 1 31 3 0 3 0 1 1 2 30 26 o 82 14 87 37 M
62 76 35 332 2 0 2 1 0 0 2 20 0 9% 6 110 31 96 B
63 65 15 71 1 0 3 0 0 0 2 25 I 49 64 T 16 20 B

28, 33, 42, and 44 from the 50-patient set of Table XIll. Thedhe feature sets have classification quality less than 100%. The
patients were selected according to the cross-validation guidelected feature sets and their classification quality are shown
lines discussed in [20]. For each of the 49-patient data set, deniTable IX.

sion rules were derived and the patient deleted from the trainingTo test the confirmation algorithm, a subset of 10 patients (2,
set was tested. In all cases, the diagnosis produced by the Brid4, 15, 24, 27, 28, 33, 42, and 44), we randomly selected
mary decision-making algorithm agreed with the diagnosis privom the 50-patient data set. Each patient was removed, one at a
vided by an invasive test. time, from the 50 patient data set and the confirmation algorithm
diagnosed this patient using the remaining 49-patient data set.

The results produced by the confirmation algorithm are
shown in Table X(a)—(c).

An interesting observation concerns the ability of each fea- Under each feature set in Table X(a), e.g., set | with features
ture to uniquely represent objects (patients). A measure assd@&-and 16, there are three numbers. The numbers under D = B
ated with this ability is called a classification quality ratio. Foand D = M are the average distances of Step 3 of the confir-
example, feature F1 (Patient’s age) uniquely identifies 70% nfation algorithm. The number under ‘Diagnosis: Mib = B),
all patients. The classification quality for each of the 18 featur¢d = M)}’ is the diagnosis corresponding to the group with the
is shown in Table VIII. minimum average distance from Step 4 of the same algorithm.

The classification quality ratios in Table VIII will have someThe test patients, each with the diagnosis D confirmed with
impact on the selection of features to be used by the confirm@athology test, are listed as rows of Table X. The last row in-
tion algorithm. To test the confirmation algorithm, we have rarcludes the classification quality (C-Quality) of each feature set.
domly formed 10 feature sets, each with 2—18 features. Sodsethe end of Table X, the algorithm classification quality and
of these feature sets meet the definition of reduct and some di@gnostic accuracy are provided. The algorithm classification
random modifications of the reducts. The last (Xth) feature sguality is calculated as the minimum of the classification quality
includes all 18 features. Of course, all reducts and their supef-the three individual feature sets. The two algorithms recom-
sets have the classification quality ratio of 100%, while some ofend no diagnostic decision whenever a disagreement occurs

C. Confirmation Algorithm Results
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TABLE XIV
TEST DATA SET FOR 13 PATIENTS

z

]

l\l
$ =3
5 7
o @ b > I
« = = F o [ " - ]
5, E 218 £ £ |5 |2 Elel S5 5y 3
S5 el 5| 2 82| BIEIZ 2 B 2285
i Ol a Qo = z S e & = = 2 | &l | @ | =
Fi | F2 | F3 | Pa| F5 | F6 | F7 | F8 | F9 |FI10|F11| F12| F13 | P14 | FI5 |FI6| F17| F1I8 | D
L tes ! 1 13111 3 2 3 1 L | 211500 27| o 104 | 79 lor] 79| 12| M
2 | B lus| sz 0 3 1 1 o | 21513 1 99 | 108 [92] 91| 94| M
3 15711238 3 0 3 0 0 1 [ 1 ]2]24] o % s8 |12/41| o | B
4 | 7mjors) 18] 1 0 2 0 0 1L [ 1|20 23] o 55 | 118 |78 25| 0 | B
5 18511662 2 0 3 4 0 0 | 2 140] 19| o 60 | 100 | 61|45 34| M
6 | 65| 3 |283] 4 0 2 0 0 o | 2160 ]3] o 37 71 |103] 34 | 114] M
7 | 391 4 |385] 2 0 1 0 0 1 | 24037 ] o 33 41 {25/ 181101 ] M
8 | 57! 18]102] 1 0 2 3 0 0 12 1302 | 1 97 | 104 [ 85|98 | 11 | M
9 | 4925 [196] 1 0 3 0 0 i 121013042 o 104 | 106 |106] 91 | 36 | B
10 |72 15]71] 2 0 2 0 0 1 | 2120]3] o0 64 71 1113] 31| 46| M
1 p 77 3 1283 2 0 3 0 0 1 | 215502 | 1 116 | 45 |107] 80 ] 551 M
12 {7311 131] 2 0 3 0 1 1 [ 21 0] 2s 1 9 | 113 |91]67] 91! M
13 [62] 2 l126] 1 0 2 2 1 1 12 100 21 1 50 89 le68] 22]103] M
14 | 64| 2 {126] 2 0 2 2 1 0o | 2160 23 1 75 s8 | 82137 ] 51| M
15 | 71| 4 1503 2 0 ! i 0 o | 20100 3| o 94 62 |88 73| 46| M
16 |76 ] 08| 20| 3 0 2 4 0 0 12022/ 1 76 69 1112/ 16 | 12| M
17 | 34| 4 [385] 2 0 3 0 0 0o | 210 2 1 104 | 117 [102] 92| 18 | M
18 [ 72] 2 {96 2 0 2 1 1 0o | 2030[27] o 37 59 [43]20] 93| M
19 |70 15]49]| 2 0 3 0 0 0 121021 o 109 | 109 {102] 84 | 43 | B
20 | 74 3 283 2 0 2 0 0 1 | 22270 o 106 | 86 | 92|87 225 M
21 |34 2 |96 3 0 1 0 0 o | 21019 1 99 9 (101 78 | 18| M
2 | 1] 2 71] 4 0 2 3 1 1 | 21100] 26| o 56 s6 | 770241 35| M
23 I 2171 4 0 3 0 1 L | 2030 ] 241 o 68 90 [59]66 | 99| M
24 170 1 |31 1 0 3 0 0 0 i2]0[2] o 112 | 84 109| 77| 26 | M
25 |75 2 lizs| 2 0 3 0 1 1 | 2 (24|26 o 32 56 |57 15| 92| M
26 |55 | 1 |31 2 0 2 2 1 0l 1170 | 2 1 79 77 l97]31| o | B
27 | 79| 3 [283] 3 0 2 0 0 1121353 1 44 61 |61 | 24| 64| M
28 et | s l78s| 2 0 1 0 0 0o l2z10l20] 1 74 s8 |63 74| 95| M
20 | 60| 1 [31] 1 0 3 4 0 1 {2]60]24] o 93 88 | 99050 |137| M
30 | 72| 2 |126] a 0 2 1 0 1 | 2]s0]24] o 102 | 78 (8031 ] 71| M
31 | 69| 12|38 2 0 2 0 0 0 | 2|50[32 | 0 74 st |92 25| 28| M
32 | 64| 15| 49| 3 0 1 0 0 0 | 275,37 0 53 63 |80 21| 61| M
33 64| 1 131 3 0 3 0 1 1 2] 031 1 104 | 115 116} 56 | 78 | B
34 |40 5 [s03] 1 0 1 1 0 1 | 2]30 270 o 75 | 114 | 69| 65| 66 | M
35 | 641 4 [385] 1 0 3 1 1 o | 29|25 o 70 80 | 88| 24 [176| M
36| 66 | 3.5 |332) 4 0 3 2 0 1 281137 o 88 67 |83 59| 361 M
37 1 66| 6 |950] 2 0 2 0 0 0o | 2|50 2] o 90 52 (98] 59033 M
38 | 761 5 [503] 1 0 1 1 1 0 | 2160130 | 1 87 79 |87]79] 71| M
39 |62 1 |31 3 0 3 0 0 0o | 214 2] o 79 61 19332176 M
40 156 | 151 49| 1 0 2 0 0 0o L1 02 1 109 | 105 {107 85| 0 | B
41 | 68| 25 196] 2 1 3 0 1 1 | 2160 26| © 105 | 136 [ 114] 76 | 63 | M
42 | 72| 250196 3 0 3 2 0 1] 2 ]3] 28 1 56 59 | 57136132 M
43 |53 1 |31 3 0 3 3 1 o 1215/ 191 o 88 87 |9a| 52| 4| B
44 | 52|32 (302 2 0 2 0 0 1 1235 25 1 92 | 109 |105] 46 | 7.6 | M
45 |1 31 3 0 3 0 1 0o |20l 221 o 52 48 (8115|114l M
46 [ 54| 1 131] 2 0 3 1 0 o (1 la|32] o 44 81 441 28| o | B
47 | 47122 ]108] 4 0 2 0 1 0o | 21302 1 31 89 j100] 371 24] B
48 | 701 3 283 4 0 1 0 1 1 | 2192/ o 89 82 | 90| 34 |136] M
49 1 45| 2 | 96| 1 0 2 0 0 o l2lu|» | o 121 | 128 |124| 86 | 22 | M
50 |64 | 05]| 08| 1 0 3 1 1 0o | 2194 o 75 69 | 8433142 | M

in the diagnosis based on any of the feature sets V, VI, and {see Table XIV for the original data). These patients had suffi-

called here proper feature sets. cient data points to be tested on three feature sets V, VI, and VII
In addition to testing the ten randomly selected patients, wheat produced 100% classification quality in Table X. The test

considered 13 additional patients from the 118-patient data sesults of the 13 additional patients are shown in Table XI.
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D. Observations accuracy for the clinical data reported in the paper. Additional
Odevelopments of the algorithms and large-scale testing will be
tﬂe ultimate proof of diagnostic accuracy for lung cancer and
o ) _ ) other diseases. The number of features necessary for high-accu-
* The lowest classification quality of the confirmation algoracy autonomous diagnosis was smaller than in the original data
rithm is 60%, which is the highest accuracy rate reported Thjs reduced number of features should lower testing costs.
in clinical diagnosis. Because data from noninvasive tests were used for diagnosis,

* The highest classification quality of the confirmation alpatients’ mortality and morbidity risks should be significantly
gorithm is 100%, which corresponds to the three propegyced.

The following observations can be made from the informati
included in Tables X and XI.

feature sets V, VI, and VIl in Table X and feature set V in
Table XI.

Note that the following relationship holds for the three
feature sets in Tables X and XI: & VI C VII. 1]
» The feature sets V and VI are not reducts and have classi-
fication quality less than 100% in Table IX. They are con- [2]
sidered as “inferior” in the data mining literature, yet the 3]
feature set V with the classification rate of 68% in Table

IX resulted in 100% classification quality with the confir- [4]
mation algorithm (see Tables X and XI). This observation
might be key to future developments in data mining.

The classification quality of individual features included
in the feature set V and the feature sets VI and VIl is low
(see Table VIII). In fact, the classification quality of each (g
individual feature in set V is 0%.

» The classification quality produced by the confirmation
algorithm for the feature sets | and Il in Table X(a), which
are reducts, is only 60% and 70%. Combining the two
reducts in feature set Il in Table X(a) has resulted in 60%
classification quality by the confirmation algorithm.

» The classification quality by the confirmation algorithm
with all features [see Table X(c)] is only 70%. (9]

 Other feature sets ensuring 100% classification quality arg o,
likely to be found, however, the training set of 50 is too
small for further generalizations. [11]

 Patient 24 and 44 produced the largest number of errors iﬂz]
the algorithmic classification. The feature values of these
patients need attention. Removing the two patients fronl3]
the training set would certainly improve the classification
quality of the confirmation algorithm.

The accuracy results produced by the primary and confirma4]
tion algorithms are summarized in Table XII.

Based on the training and test data sets used in this researgty)
the classification quality by the combined primary and confir-
mation algorithm is 91.3% and the diagnostic accuracy is 100% 6]
This means that 91.3% of all patients tested have been cofr-
rectly diagnosed. The concepts presented needs further testing
on larger and broader data sets.

(5]

[17]

V. CONCLUSIONS [18]

The research reported in this paper opens new avenues f 5]
medical decision-making. The proposed idea of combining dif-
ferent decision modes is novel and offers a viable concept for
many applications. The primary decision-making and confir-
mation algorithms when combined generate decisions of hngO]
accuracy. The diagnosis by the two algorithms was of perfect

7] 1. Kononenko, I.
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