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Abstract

Bladder cancer is the fifth most common malignant disease in the United States with an annual incidence of
around 63,210 new cases and 13,180 deaths. The cost for providing care for patients with bladder cancer disease
is high. Bladder cancer treatment options such as immunotherapy, chemotherapy, radiation therapy, transurethral
resection, and cystectomy, are used with varying success rates. In this research, data from a nationwide bacillus
Calmette-Guérin (BCG) plus interferon-alpha (IFN-�) immunotherapy clinical trial was considered. Data mining
algorithms were used to analyze the effectiveness of immunotherapy treatment and to understand the prominent
parameters and their interactions. The extracted knowledge was used to build a patient recognition model for
prediction of treatment outcomes. The data was analyzed to understand the impact of various parameters on the
treatment outcome. A list of significant parameters such as cumulative tumor size, presence of residual disease,
stages of prior bladder cancer, current state of bladder cancer, and the presence of current bladder cancer (T1)
is provided. The decision-making approach outlined in the paper supplemented with additional knowledge bases
will lead to a comprehensive analytical road map of the BCG/IFN-� immunotherapy treatment. It will provide
individualized guidelines for each stage of the treatment as well as measure the success of the treatment.
� 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

1.1. Relevance of bladder cancer

Bladder cancer is the fifth most common malignant disease in the United States with an annual oc-
currence of around 63,219 new cases and 13,180 deaths [1]. In most industrialized western countries the
situation is similar, with incidence rates of 18 to 30 new cases per 100,000 men. Bladder cancer is among
the top 5 cancers in men while women are three times less likely to acquire this disease than men. The
early superficial disease stage in 75% of patients is diagnosed due to gross or microscopic blood in the
urine [2]. The overall recurrence rate of 65% and progression rate of 20% necessitates lifelong medical
observation involving periodic internal inspections of bladders for even these patients.

Though the exact cause of bladder cancer is unclear, various factors such as exposure to certain aromatic
chemicals, notably aniline dyes and benzidine compounds, cigarette smoking, and prior family bladder
cancer history have a strong association with the disease [2,3]. Smoking causes the release of �-napthalene
and �-napthalene into the urine, which is responsible for over 50% of the bladder cancers found in men
and 33% of those found in women [4]. Over 90% of bladder cancers found in such settings are of the
transitional cell type, with squamous cell carcinoma usually occurring in patients with chronic infections
such as bilhariasis [2]. The most significant factors in accurate prognosis of bladder cancer are the depth
of penetration (stage) and degree of cellular anaplasia (grade) among the transitional cell carcinomas.
Carcinoma-in-situ, a mucosal high-grade lesion is not surgically accessible due to its diffuse surface-
spreading behavior and if left untreated will progress to a muscle-invasive disease in up to 80% of cases
within 5 years [5].

The intracavitary treatment of superficial bladder cancer is performed to prevent tumor recurrence after
successful local surgical resection and to eradicate residual disease such as carcinoma-in-situ. Various
intravesical chemotherapeutic agents such as thiotepa, doxorubicin, and mitomycin were the mainstay
of therapy for years. They achieved short remissions with a net durable benefit for only 7–14% of
patients [6,7]. More unconventional forms of treatment, such as immunotherapy were introduced due to
unsatisfactory chemotherapy results [2]. One of the most successful therapies for superficial bladder cancer
and carcinoma in situ of the bladder is intravesical administration of bacillus Calmette-Guérin (BCG)
[8,9]. However, this therapy is unsuccessful in 25–40% of patients that never respond to BCG. Long-term
remission (> 5 yr) is achieved in only 50% of patients [10–13]. Furthermore, toxicity associated with
BCG therapy is frequent with incidence of severe adverse effects in 5% of patients and life-threatening
symptoms in 0.5% of patients [14,15].

Recent scientific investigations have revealed BCG anti-tumor activity involves activation of a specific
arm of the immune system referred to as T Helper Type 1 or TH1 [8]. Importantly, the addition of
interferon-alpha (IFN-�) to the BCG mixture has been shown to significantly augment TH1 responses
with the suggestion of improved efficacy in small clinical trials. On this basis a large (> 1100 patient)
clinical trial of BCG/IFN-� therapy was begun both for previous BCG failures (prior BCG treated) and
for those not previously treated with this agent (BCG naïve). An extensive data set of historical and
prospective information was generated for this treatment group.

Means to accurately predict the clinical response to BCG therapy are currently lacking. If the latter
were possible, patients at high risk for failure could be spared the morbidity of the treatment, offered
alternatives, or proceed with radical therapy without incurring the risk of unfruitful delay. Thus, there
is a need for measuring the effectiveness of BCG/IFN-� immunotherapy treatment and understanding
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the prominent parameters and their interactions. Currently, poor clinical outcomes from BCG therapy
are thought to be due to a combination of either inadequate/inappropriate immune responses or intrinsic
tumor resistance both of which may have indirect or direct associations with environmental or clinical
parameters. The aim of this work is to develop a comprehensive analytical road map of the treatment
involving various aspects of the therapy at various stages of the treatment. The hope is that this will
provide individualized guidelines for each stage of the treatment as well as measure the progress and
success of the treatment.

1.2. Hypotheses

The success of BCG/IFN-� immunotherapy treatment is measured by various factors such as prior
history, symptomatic response (measurable by a Quantitative Symptom Score (QSS)), toxicity analysis,
recurrence analysis, and long term follow up for later, less frequent events such as progression and survival.
A goodness metric of the overall treatment can be formulated based on these factors. This metric should
evolve over time with predefined milestone measurements.

The first phase of the metric building is the development of a patient recognition model (PRM), which
is based on prior history before the treatment initiation. In the second phase (after the treatment initiation)
status of the treatment response (measured every 3–6 months in accordance with the clinical surveillance
pattern) can be devised based on prior history, QSS analysis, and toxicity analysis. In the final phase the
recurrence analysis can be performed based on all the collected parameters as well as identified prominent
parameters from other phases.

The main hypothesis for the development of the PRM is as follows:
{Main Ho: Applying data mining algorithms to the patient’s disease history data can effectively predict

the treatment outcome, and the rules/knowledge generated can form the basis for decision-making}
The treatment success can be evaluated based on various aspects of the patient’s history such as

prior treatments, toxic exposures, daily supplements (dietary and over-the counter drugs), other medical
conditions, and so on. Thus various lower level hypotheses are formulated to support the main hypothesis
in the development of PRM. The lower level hypotheses were developed based on prior literature and
parameters of interest for domain experts. These hypotheses may involve a single parameter as well as
the interactions among various factors.

Hypothesis 1: {Ho: Daily supplements increase the treatment success}
Hypothesis 2: {Ho: Prior unsuccessful BCG treatment predisposes to treatment failure}
Hypothesis 3: {Ho: A higher grade of stage T1 leads to treatment failure}
Hypothesis 4: {Ho: A higher cumulative tumor size predisposes toward treatment failure}
Hypothesis 5: {Ho: Cardiac medication is a detrimental factor for treatment success}
Hypothesis 6: {Ho: Smoking has no effect on the treatment success}
Hypothesis 7: {Ho: Skin eczema allergy (a Th1 antagonistic process) predisposes to treatment failure}
Hypothesis 8: {Ho: Vitamin E (antioxidant) along with vitamin C results in treatment success}

1.3. Computational intelligence models for BCG/IFN-� immunotherapy treatment

The first phase of PRM is of major significance. The PRM metric provides the information for admitting
a patient into the treatment protocol based on the likelihood of treatment success. Thus patients will be
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well informed about various treatment options while the physicians will be provided with guidelines for
the treatment success in the form of IF-THEN rules. This knowledge will allow customizing a treatment
protocol to each individual patient.

The customization of the treatment is achieved by the use of computational intelligence tools. It provides
algorithms and tools for identifying valid, novel, potentially useful, and ultimately understandable patterns
from data and constructs high confidence predictions for individuals [16]. Discovering hidden patterns in
the data may represent valuable knowledge that might lead to discoveries, i.e., control setting, treatment
selection, and so on. As an emerging science, data mining draws from the existing theories, e.g., statistics,
as well as contributes its own developments, e.g., the rough set theory [17]. The most widely used data
mining algorithms are decision tree algorithms [18,19] decision rule algorithms [17], support vector
machines [20–22], neural networks, and so on [23].

Data mining has two facets: knowledge discovery and decision-making. As a knowledge discovery
tool, some data mining algorithms used in this research produce explicit knowledge (IF . . . THEN rules)
that can be analyzed by a user. The users may learn new knowledge and at the same time may pose
questions to be addressed by a targeted research. The decision-making facet of data mining overlays
with decision making and prediction theories, and it produces outcomes of three different types: high
confidence decision (type I), low confidence decision (type II) and no-decision (type III). The outcomes of
type I patients (subgroups corresponding to the discovered patterns) are expressed with high confidence
based on the collected data. The subgroups of type II patients require more clinical attention, as their
outcomes cannot be accurately predicted. This is due to conflicts in matching the extracted patterns
caused by the lack of relevant data presented to the data mining algorithms. Type III patients will be
of particular interest to the medical research community as there is no sufficient knowledge to make
evidence-based decisions for these patients. The selected data mining algorithms will emphasize what
is unique about a patient subpopulation (in particular a patient) rather than what is common about the
patient population. Three classes of data mining algorithms were used to extract knowledge, namely the
decision tree algorithm (C4.5) [18,19], a decision-rule algorithm (based on rough set theory) [17], and
support vector machines (SVM) [20–22]. Employing bagging [24,25] and boosting [25,26] techniques
further enhance the above algorithms.

2. Data preparation

2.1. Data set

The data used in this research has been collected at multiple locations, including the University of
Iowa Hospitals and Clinics (UIHC) [27]. Data collection was based on known as well as unknown
indicators of bladder cancer treatment responses. The information from 13 forms was categorized into
two major sections, patient-provided (8 forms) and physician-provided (5 forms) information (see Table
1). The patient-provided information covered demographics, exposure risk factors, bladder cancer history,
prior BCG history, and medical conditions for various physiological systems. The physician-provided
information included current bladder cancer information, prior history, individual on-site physician’s
assessments, and periodic assessments. The parameters (nominal, ordinal, binary, and integer types)
were of relevance to the success of current treatment as indicated in the literature as well as domain
experts. All the parameters except periodic assessment parameters were collected before the BCG/IFN-�
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Table 1
Information content

Patient-provided information

Demographics Bladder cancer history Other medical conditions

Initial signs Cancer activities Respiratory conditions
Prior treatments Cardiovascular conditions Skin conditions
Reason for stopping Immune system and infections Bones and joint conditions

Glandular - Endocrine disorders Blood disorders
BCG history Exposures risk factors Gastrointestinal problems Nutritional state
Side effects Smoking Neurological disorders Urological conditions
BCG tolerances Family history

Toxic exposure

Daily supplements
Aspirin Aspirin like drugs Vitamin B complex Coumadin
Selenium Tylenol Vitamin A Vitamin C
Herbal Multivitamins Vitamin E None

On site physician-provided bladder cancer information
Current information History Global assessment Periodic assessment
Grade Clinical parameters Summary cancer status Every 3 months
Multicentricity Prior treatments Tumor recurrence estimates 3 to 24 months
Tumor architecture Prior BCG history Tumor progression estimates
Tumor size

immunotherapy treatment initiation. The periodic assessments were performed every 3 months starting
at month three after the treatment starting date and ending at month 24.

The data sets were preprocessed to remove unwanted characters such as dashes, spaces, slash, and
so on. The inconsistencies (such as None or none are equivalent) and similar parameter values (not
applicable, not available, and none) in the data set were resolved with the help of domain experts. The
“not applicable” parameter value signifies applicability of the parameter, for example not applicable for
prior chemotherapy indicates absence of any prior chemotherapy treatment. Some of the categories were
recoded so as to assist in data mining and the subsequent analysis. Some of the parameters such as prior
treatment were in semi-colon separated format (Table 2). To analyze this information, the coding scheme
was modified to form a column for each parameter value. For example, in Table 2 the prior treatment
parameter was modified to form five additional columns with binary parameter values. The coding scheme
provided information regarding the importance of the presence as well as absence of the parameter. Thus,
a rule can provide information stating that prior treatment of chemotherapy is not a factor for the success
of the BCG/IFN-� immunotherapy, and so on.

Data cleaning was performed on all the individual data sets and these data sets were merged to form a
single data set. Data set was pruned to consider only patients who had completed 24 months and above
of the BCG/IFN-� immunotherapy. The dimension of pruned data set was 668 × 221 (i.e., 688 patients
and 221 parameters).
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Table 2
Examples of creating additional informative parameters

Prior coding scheme Present coding scheme

Patient Prior treatment BCG Int_alpha other chemo none

1 BCG 1 0 0 0 0
2 Chemo; BCG 1 0 0 1 0
3 BCG; Int-alpha 1 1 0 0 0

The data set was further partitioned into two classes, namely the BCG naïve subpopulation and the prior
BCG treated subpopulation. This partitioning was performed to analyze the response of each subpopu-
lation to the treatment separately. All the previously treated patients that have failed BCG were likely
candidates for poor immune response and intrinsic tumor resistance. The majority of the BCG naïve
patients had either never experienced intravesical therapy or received chemotherapy only, a situation pre-
viously shown not to significantly influence a subsequent response to BCG. The parameter representing
the prior BCG treatment column was utilized to perform the partitioning of the data set. The information
provided by the patients as well as the physicians regarding the prior BCG related factors was removed
from the analysis for the BCG naïve subpopulation. The dimensions of the BCG naïve and prior BCG
treated subpopulation data sets were 366 × 165 and 302 × 201, respectively.

2.2. Decision formulation

The first 3 months of the BCG/IFN-� immunotherapy treatment was an induction regiment where six
out of total 15 doses, separated by a week each, were administered. The Kaplan Meier analysis [27]
indicated that approximately half of the total positive events occur at 3 months and a similar number
of positive events occur over the next 15 months at a relatively constant rate (linear slope). The total
recurrence curve thus displayed properties of at least second order kinetics and steadied out at and after
24 months. The total bladder cancer-free percentages at 24 months for the BCG naïve and prior BCG
treated subpopulation are 57.3% and 42%, respectively. Thus, the assessment at the end of 24 months is
indicative of the patient’s long-term response to the treatment. The treatment response for the patients was
assessed using standard-care bladder cancer monitoring every 3 months with cytoscopy, urinary cytology,
and biopsies (when clinically indicated). As the patient recognition model is designed to measure the
applicability of the BCG/IFN-� immunotherapy treatment for a patient, the ideal decision parameter is
the assessment (positive, i.e., bladder cancer present, and negative i.e., bladder cancer not present) at 24
months.

2.3. Relevance-based data subset formulation

A micro-level (i.e., specific aspects of the hypotheses) analysis required formulation of a relevance-
based data subset (Fig. 1). After initial partitioning of the data set into BCG naïve and prior BCG treated,
each subpopulation provided parameters for the formation of eight relevance-based data subsets. The first
data subset consisted of all relevant parameters for the BCG naïve subpopulation. The second data subset
contained parameters corresponding to the daily supplements (Table 1) with the decision parameter.
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Data set

BCG naïvePrior BCG treated

Arm 1 Arm 2

All parameters

Other medical
conditions

Daily supplements

Significant selected
parameters

All parameters

Other medical
conditions

Daily supplements

Significant selected
parameters

Fig. 1. Relevance based data subset formulation.

It included binary parameters for aspirin, multivitamin, tylenol, herbal vitamins A and E, and so on.
The third data subset included the medical conditions (Table 1) of the patients such as cardiovascular,
gastrointestinal, neurological, skin, blood, and so on. The last data subset for the BCG naïve subpopulation
was comprised of significant parameters selected through the genetic algorithm and correlation-based
heuristics (Table 3). Similarly, four data subsets were formulated for the prior BCG treated subpopulation
(Tables 1 and 3).

2.4. Identification of significant parameter subsets

Parameter selection with a genetic algorithm (GA) [28] can be performed using two approaches, filter
and wrapper search [29]. The wrapper search uses the machine-learning algorithm (e.g., decision tree)
to evaluate the GA solutions [30,31]. The filter approach evaluates the parameters on heuristic-based
general characteristics (for example, correlation) of the data. The correlation based parameter selection
(CFS) filter is an effective way for parameter selection [29]. It selects a parameter if it correlates with the
decision outcome but not with any other parameter that has already been selected. Thus, GA provides
the global search framework for decision tree wrapper and the CFS filter, which in turn use their built-in
functionality to optimize the parameters selected.

The GA and CFS were applied to both the BCG naïve and prior BCG treated subpopulation. The
algorithm was replicated 10 times to ensure repeatability as well as exploration of the complete set of
the possible significant parameter set. The higher value of the occurrence rate (i.e., number of times
the parameter was selected) indicates the better quality of the selected parameter. A threshold on the
number of parameters selected as well as the threshold occurrence rate can be set for inclusion in the
final parameter set. The threshold for this research was set to parameters with an occurrence rate �6
(i.e., above the 0.5 probability of inclusion by chance). Forty-one of the original 165 parameters for the
BCG naïve subpopulation were significant (Table 3). Thirty-eight of the original 201 parameters for the
prior BCG treated parameters were determined to be significant, i.e., a reduction of 81.1% (Table 3).
In addition to data mining, an analysis of the individual parameter’s effect on the outcome (positive or
negative) was performed.
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Table 3
Significant parameters

Significant parameters: BCG naïve Significant parameters: Prior BCG treated

1 Ethnicity 1 Recent_tobacco_use
2 Family_history_bladder_cancer_sibling 2 Family_history_bladder_cancer_grandparent
3 Family_history_bladder_cancer_grandparent 3 Family_history_bladder_cancer_aunt_uncle_cousin
4 Number_bladder_tumors_removed_TURBT 4 Family_history_bladder_cancer_children
5 Second_hand_smoke_exposure 5 Number_bladder_tumors_removed_TURBT
6 Length_time_first_sign_diagnosis_of_bladder_cancer 6 Toxic_exposure_to_cytoxan_chemotherapy
7 Primary_reason_for_avoiding_bladder_removal 7 Length_time_first_sign_diagnosis_of_bladder_cancer
8 First_other_non_skin_cancer 8 Number_of_individual_maintenance_treatments
9 First_other_non_skin_cancer_activity 9 Number_of_separate_courses_of_BCG

10 Second_other_non_skin_cancer 10 Primary_reason_for_avoiding_bladder_removal
11 Second_other_non_skin_cancer_activity 11 Feel_about_your_progress
12 Cardiovascular_history_of_artificial_heart_valve 12 Given_anti_tuberculosis_antibiotics_before
13 Cardiovascular_history_of_impaired_circulation 13 Permanent_effects_from_BCG_urination_pain
14 Cardiovascular_history_of_other_heart_circulatory 14 Pattern_of_BCG_intolerance_uncontrolled_bladder

_problems _instability
15 General_medical_condition 15 First_other_non_skin_cancer
16 Respiratory_history_of_emphysema_COPD 16 Second_other_non_skin_cancer
17 Respiratory_history_of_other 17 Cardiovascular_history_of_high_blood_pressure
18 Glandular_history_of_diabetes_insulin_dependent 18 Glandular_history_of_diabetes_insulin_dependent
19 Gastrointestinal_history_of_cirrhosis 19 Neurological_surgery
20 Gastrointestinal_history_of_hepatitis_active 20 Skin_history_of_other
21 Gastrointestinal_history_of_other 21 Blood_medications
22 Gastrointestinal_history_of_pancreatitis 22 Nutrition_medications
23 Urological_history_of_prostate_disease 23 Nutrition_surgery
24 Urological_medications 24 Daily_supplements_vitamin_E
25 Neurological_history_of_degenerative_disease 25 Daily_supplements_aspirin_like_drugs
26 Skin_history_of_non_melanoma_skin_cancer 26 Daily_supplements_vitamin_C
27 Bone_history_of_chronic_injury_defect 27 Patients_performance_status
28 Bone_history_of_rheumatoid_arthritis 28 Highest_grade_if_current_bladder_cancer__is_T1
29 Nutritional_state 29 Cumulative_tumor_size
30 Daily_supplements_multivitamin 30 Cytology_result_prior_most_recent_TURBT_bx_cysto
31 State_current_bladder_cancer 31 Cytology_result_after_most_recent_TURBT_bx_cysto
32 Cumulative_tumor_size 32 Prior_chemotherapy
33 Cytology_result_after_most_recent_TURBT_bx_cysto 33 Stages_prior_bladder_cancer
34 Prior_chemotherapy 34 Permanent_effects_from_BCG_bladder_spasms
35 Administered_chemotherapy_after_last_TURBT 35 Estimated_success_of_study
36 Stages_prior_bladder_cancer 36 Intolerant_standard_intravesical_therapy
37 Prior_number_of_courses_with_intravesical_interferon 37 Appropriate_based_strictly_on_disease
38 Summary_cancer_status_at_expected_treatment_failed 38 Worst_side_effects_during_prior_BCG_treatment

_prior_intravesical_therapy _frequency_of_urination
39 Residual_disease_presence
40 Failed_prior_intravesical_therapy
41 Intolerant_standard_intravesical_therapy
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3. Analysis and results

The support vector machines (SVM) [20–22] provide information about the optimal hyperplanes sep-
arating the two classes. The decision tree (DT) [18,19] and decision rule (RSA) [17] algorithms used in
this research have produced rules in the following format, respectively:

DT_Rule1: IF Prior_chemotherapy = Not_performed AND Ethnicity = White AND
First_other_non_skin_cancer_activity = Not_applicable AND Cummulative_tumor_size
= 5 THEN Decision_24 = Positive [Strength = 12.97/1.91]

RS_Rule 1: IF Worst_side_effects_during_prior_BCG_treatment_frequency_of_urination in {Moderate,
severe} AND Nutrition_medications = Not_applicable AND Daily_supplement_vitamin_C
= Not administered THEN Decision_24 = Positive [6 (Support), 6 (Strength), 3.37%
(Relative strength), 100.00% (Confidence)]

To evaluate the accuracy of the knowledge generated by data mining algorithms, a 10-fold cross-
validation [32] was used, where a random 10% of the records were removed and remaining 90% were
utilized to generate the rules. The 10% removed were then tested on the generated rule set. This process
was repeated 10 times to ensure the generality of the rule sets for future predictions.

Classification accuracy (CA) is the ratio of correctly predicted over the total number of predictions
made [33]. This can be applied to each decision outcome as well as for the overall data set. For example,
the DT classification accuracy for the negative decision in Table 4 is (131/(131 + 83)) ∗ 100 = 61.21%.
The confusion matrix provides information regarding the actual decision outcomes (row) and the pre-
dicted decision outcomes (column) for patients [33]. Ideally the actual and predicted decision outcome
should both be the same (NN, i.e., negative predicted as negative and PP i.e., positive predicted as
positive). However, due to misclassification, the actual and predicted decision outcome may not agree,
which are represented by the NP (i.e., negative predicted as positive) and PN (i.e., positive predicted as
negative).

3.1. All parameters analysis

The Kaplan Meier analysis for the BCG naïve and prior BCG treated subpopulation has a 57.3%
and 42% cancer free population at the end of 24 months, respectively, which are represented by the
zero classifiers (true population distribution) [27]. Data mining of the BCG naïve subpopulation with all
parameters produced a classification accuracy of 55.19% for RS, 52.46% for DT, and 52.73% for SVM
(Table 4). The bagging with DT as base classifier and boosting with DT as base classifier resulted in
a classification accuracy of 53.55% and 52.73%, respectively. Though the above approaches (RS, DT,
SVM, bagging with DT, and boosting with DT) provided better classification accuracy (sensitivity) for
a negative outcome (∼ 60%), the performance was worse than that of true population distribution. RS,
DT, and SVM data mining algorithms produced classification accuracy of 55.25%, 55.96%, and 52.98%,
respectively for the prior BCG treated subpopulation (Table 4). Similar to BCG naïve subpopulation, the
prior BCG treated subpopulation provides better classification accuracy for positive outcome (specificity),
but the overall classification accuracy is worse than that of the true population distribution. However, the
bagging approach with DT as the base classifier had a classification accuracy of 61.26%, a 2.32% absolute
increase over the true population distribution (zero classifier) for the prior BCG treated population. This
classifier has a high specificity (71.91%), indicating that positive outcomes are better predicted.
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Table 4
Results: all parameters and significant parameters

The poor performance of most of the algorithms may have been due to three reasons namely, the
disproportionate data set, the lack of a sufficient knowledge base, and a noisy data set. The disproportionate
data set can be handled by re-balancing (e.g. one-sided selection) the data sets [34], cost-based sensitivity
functions [35], and so on. As the subpopulation distribution for BCG naïve and prior BCG treated is
roughly 57.3% (negative) to 42.7% (positive) and 42% (negative) to 58% (positive), respectively, the data
sets can be considered proportionate [27]. The noise in the data set can be due to the presence of irrelevant
parameters or an incorrect decision assignment. The decisions are based on a definitive clinical test, thus
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eliminating the possibility of an incorrect decision assignment. The presence of irrelevant parameters
is handled by applying significant parameter selection algorithms on the subpopulation data sets. The
selected significant parameters list retains only the relevant parameters with respect to the decision values.
The lack of a sufficient knowledge base can be handled by adding new relevant parameters and/or through
data transformation.

3.2. Significant parameters analysis

Mining the BCG naïve data set with significant parameters (derived by application of GA with a
CFS objective function) (Table 3) produced rules with a classification accuracy of 61.24% for RS, a
4.74% relative change from the population distribution (Table 4). The classification accuracy significantly
increased (by 6.05%) for the RS algorithm as compared to the all parameter BCG naïve data set. The
significant parameters were just a small fraction (i.e., ∼ 24.85%) of all available parameters. The SVM,
bagging with DT as a base classifier and bagging with SVM as a base classifier, performed either equivalent
to or better than the true population distribution, indicating that the significant parameter list was able
to remove irrelevant noisy parameters and increase classification accuracy. The sensitivity for the BCG
naïve subpopulation was above 70%, while the specificity was 36–42%. Thus the negative patients were
more likely to be identified correctly in the BCG naïve subpopulation.

A significant parameter data subset for prior BCG treated (similar to the BCG naïve significant param-
eter data subset) was created. This data subset consisted of 38 parameters and produced a classification
accuracy of 63–66% for various algorithms (Table 4). The classification accuracy significantly increased
(by 4–7%) over the true population distribution, indicating that the selected significant parameters were
superior. The specificity for the prior BCG treated subpopulation was about 62–78%. Thus the positive
patients were more likely to be correctly predicted in this subpopulation. The rules produced by the
algorithms provided access into the prominent parameters, interactions, and individual parameter con-
tributions for predicting the patient’s treatment outcome. These rule sets provide the information to test
the sub-hypotheses stated in Section 1.2. The prominent rules extracted by the data mining algorithms
and their medical interpretation (provided by the physician) for both BCG naïve and prior BCG treated
subpopulations are provided next. The rules should be interpreted with respect to the subpopulations (i.e.,
the initial conditions for the prior BCG treated subpopulation is that the patients should have had prior
BCG treatments) and other rules.

BCG naïve
DT Rule 1: IF Ethnicity = White AND Prior_chemotherapy = Not_applicable AND

Cardiovascular_history_of_impaired_circulation = 0 AND
Second_other_non_skin_cancer_activity = Not_applicable AND
Gastrointestinal_history_of_other = 1 AND
Cardiovascular_history_of_other_heart_circulatory_problems = 0 THEN Decision_24 = Negative
[24.84/1.0]

Interpretation: No prior chemotherapy, i.e., no history of prior chemotherapy failure, with no heart related
conditions, with no second non-skin cancers, some other gastrointestinal history, i.e., in all a
healthy patient produce negative outcomes after 24 months.

DT Rule 2: IF Ethnicity = White AND Second_other_non_skin_cancer_activity = Not_applicable AND
First_other_non_skin_cancer_activity = Not_applicable AND Stages_prior_bladder_cancer = Ta
AND Daily_supplements_multivitamin = 1 AND State_current_bladder_cancer = Ta THEN
Decision_24 = Positive [5.53]
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Interpretation: Absence of any other non-skin cancer with prior as well as current bladder cancer as Ta (i.e.,
the bladder cancer was not cured), with the intake of multivitamins resulted in unsuccessful
treatment.

DT Rule 3: IF Ethnicity = White AND Second_other_non_skin_cancer_activity = Not_applicable AND
First_other_non_skin_cancer = Not_applicable AND Residual_disease_presence = None AND
Administered_chemotherapy_after_last_TURBT = No AND Failed_prior_intravesical_therapy =
Not_applicable AND State_current_bladder_cancer = T1 AND
Cytology_Result_After_most_recent_TURBT_bx_Cysto = Not_done AND
Daily_supplements_multivitamin = 0 AND Primary_reason_for_avoiding_bladder_removal =
Not_applicable_never_advised THEN Decision_24 = Negative [29.89/5.84]

Interpretation: Absence of any other non-skin cancer, residual disease, multivitamin, with no history of failed
intravesical therapy, and never advised to remove bladder suggest the patients are in good health
even though the current stage of bladder cancer is T1. Thus the possibility of successfully
treatment is higher.

DTRule 4: IF Summary_cancer_status_at_expected_treatment_failed_prior_intravesical_therapy = 0 AND
Second_other_non_skin_cancer_activity = Not_applicable AND Residual_disease_presence =
visible THEN Decision_24 = Positive [7.19/0.11]

Interpretation: Absence of second non-skin cancer with a chance for success of intravesical therapy, but
presence of visible residual disease results in a positive outcome.

DT Rule 5: IF First_other_non_skin_cancer_activity = Not_applicable AND Ethnicity = White AND
Primary_reason_for_avoiding_bladder_removal = Not_applicable_never_advised AND
Prior_chemotherapy = Not_applicable AND Residual_disease_presence = None AND
Respiratory_history_of_other = 0 AND Respiratory_history_of_emphysema_COPD = 0 AND
Cytology_result_after_most_recent_TURBT_bx_cysto = Not_done AND
Daily_supplements_multivitamin = 0 AND Stages_prior_bladder_cancer = No_prior_cancer
THEN Decision_24 = Negative [38.97/5.54]

Interpretation: Absence or non-applicability of various parameters suggests healthier individuals and thus
the success of immunotherapy.

DT Rule 6: IF Glandular_history_of_diabetes_insulin_dependent = 0 AND
First_other_non_skin_cancer_activity = Not_applicable AND Ethnicity = White AND
Neurological_history_of_degenerative_disease = 0 AND Prior_chemotherapy = Not_applicable
AND Stages_prior_bladder_cancer = No_prior_cancer AND Second_hand_smoke_exposure =
minimal AND Nutritional_state = 30_to_51_lbs_overweight THEN Decision_24 = Positive
[13.51]

Interpretation: Absence or non-applicability of various parameters but overweight individuals lead to
treatment failure. Further investigation of nutritional state and second-hand smoking is needed.

Prior BCG treated
DT Rule 1: IF Permanent_effects_from_BCG_bladder_spasms = 0 AND

Cytology_result_prior_most_recent_TURBT_bx_cysto = Positive THEN Decision_24 = Positive
[33.24/2.95]

Interpretation: The positive cytology results prior to the most recent TURBT bx cysto along with no
permanent BCG (bladder spasms) effects to produce non-responsive treatment outcomes.

DT Rule 2: IF Daily_supplements_vitamin_E = 0 AND Number_of_individual_maintenance_treatments = 6
THEN Decision_24 = Positive [12.0]

Interpretation: A large number of individual maintenance treatments with no daily supplements of vitamin E
results in a positive outcome.

DT Rule 3: IF First_other_non_skin_cancer = Not_applicable AND
Highest_grade_if_current_bladder_cancer_is_T1 = 3_or_4_high THEN Decision_24 = Positive
[11.39/2.0]

Interpretation: The higher grades of T1 (T1 in general is a worse disease) along with no other non-skin
cancer results in a positive outcome.
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DT Rule 4: IF Cytology_result_prior_most_recent_TURBT_bx_cysto = Negative AND
Number_of_individual_maintenance_treatments = 0 THEN Decision_24 = Negative [13.95/1.0]

Interpretation: No individual maintenance treatment with cytology results prior to the most recent TURBT Bx
cysto is a beneficial condition for treatment success.

DT Rule 5: IF Appropriate_based_strictly_on_disease = Not_applicable AND
Highest_grade_if_current_bladder_cancer_is_T1 = 1_to_2_low_to_int THEN Decision_24 =
Negative [6.0]

Interpretation: The lower grades of T1 (T1 in general is a worse disease) along with no comments for
appropriateness of the treatment results in a negative outcome.

DT Rule 6: IF Permanent_effects_from_BCG_bladder_spasms = 0 AND Daily_supplements_vitamin_E = 0
AND Appropriate_based_strictly_on_disease = Med_approp_refused THEN Decision_24 =
Positive [10.0]

Interpretation: With medium appropriateness (i.e., recommended for refusal of treatment) of the treatment
with no vitamin E and no permanent bladder spasms BCG related effects resulted into positive
outcome.

DT Rule 7: IF Daily_supplements_vitamin_E = 0 AND Blood_medications = yes THEN Decision_24 =
Negative [7.03/1.03]

Interpretation: With no vitamin E but on blood medications can lead to negative outcome. Further analysis of
type of blood medication is necessary.

DT Rule 8: IF Second_other_non_skin_cancer = Not_applicable AND First_other_non_skin_cancer =
Not_applicable AND Highest_grade_if_current_bladder_cancer_is_T1 = Not_applicable AND
Appropriate_based_strictly_on_disease = Not_applicable AND
Number_bladder_tumors_removed_TURBT = 1 AND Feel_about_your_progress =
Tumors_in_check AND Cardiovascular_history_of_high_blood_pressure = 1 THEN Decision_24
= Negative [6.0]

Interpretation: Absence of any other non-skin cancer and T1 type bladder cancer, low number of bladder
tumors removed, positive attitude regarding the health, and high blood pressure medications
results in treatment success.

DT Rule 9: IF Second_other_non_skin_cancer = Not_applicable AND First_other_non_skin_cancer =
Not_applicable AND Cardiovascular_history_of_high_blood_pressure = 1 AND
Current_ness_tobacco_use = 4 THEN Decision_24 = Positive [13.33]

Interpretation: Absence of any other non-skin cancer, high blood pressure medications, with high use of
tobacco is detrimental for the treatment success.

DT Rule 10: IF Primary_reason_for_avoiding_bladder_removal = Not_applicable_never_advised THEN
Decision_24 = Negative [4.0]

Interpretation: As the removal of bladder is not applicable or never advised the prior and current condition of
bladder cancer are suggested. Potentially the patients are in good conditions in-spite of prior
BCG treatment and thus succeed with the BCG/IFN-� immunotherapy.

DT Rule 11: IF Second_other_non_skin_cancer = Not_applicable AND
Highest_grade_if_current_bladder_cancer_is_T1 = 1_to_2_low_to_int THEN Decision_24 =
Negative [6.0]

Interpretation: Absence of second non-skin cancer with smaller T1 cancer is beneficial for the treatment.
DT Rule 12: IF Given_anti_tuberculosis_antibiotics_before = no AND

Intolerant_standard_intravesical_therapy = Not_applicable AND
Number_of_individual_maintenance_treatments = 0 THEN Decision_24 = Negative
[42.56/12.56]

Interpretation: Absence of prior anti-tuberculosis antibiotics, with no history of prior failed intravesical
therapy, with no prior individual maintenance treatment is a good sign for BCG/IFN-�
immunotherapy success.

DT Rule 13: IF Appropriate_based_strictly_on_disease = Inapprop_high_risk THEN Decision_24 = Positive
[7.0]

Interpretation: High-risk patients with probable known history of BCG treatment failures are likely
candidates for the current BCG/IFN-� immunotherapy failures.
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Table 5
Trends of significant parameter: BCG naïve

Parameter Positive Negative Remarks

First_other_non_skin_cancer_activity Active_surgery, Inactive_chemo_surgery, Isuff.
Active Inactive_surgery, Surgery,

Radiation
Residual_disease_presence Visible, visible_CIS No_CIS Isuff.
Stages_prior_bladder_cancer CIS Ta_CIS Isuff.
State_current_bladder_cancer Tl_ CIS Ta_CIS, Not_available
Number_bladder_tumors_removed_TURBT 7 2,3 Isuff.
Administered_chemotherapy_after_last_TURBT Yes_immed Isuff.
Summary_cancer_status_at_expected_treatment 1 (Present) Isuff.
failed_prior_intravesical_therapy
Prior_chemotherapy Others Mil, Thi
Respiratory_history_of_emphysema_COPD 1 (Present) 0 is 50–50
Cumulative_tumor_size 0, 5 2, 4 Isuff.
Skin_History_of_non_melanoma_skin_cancer 1 (Present) Isuff.
Second_other_non_skin_cancer_activity Isuff.
First_other_non_skin_cancer Prostate Isuff.
Cytology_result_after_most_recent_TURBT_bx_cysto Isuff.
Daily_supplements_multivitamins Isuff.
Glandular_history_of_diabetes_insulin_dependent 1 (Present) Isuff.
Nutritional_state Isuff.
Second_other_non_skin_cancer Isuff.
Primary_reason_for_avoiding_bladder_removal Isuff.
Bone_history_of_rheumatoid_arthritis 1 (Present) Isuff.
Second_hand_smoke_exposure Isuff.
Length_time_first_sign_diagnosis of bladder_cancer 3, 4.5 Isuff.
Bone_history_of_chronic injury_defect 1 (Present) Isuff.
Urological_history_of_prostate_disease 1 (Present) Isuff.
Cardiovascular_history_of_impaired_circulation 1 (Present) Isuff.
Cardiovascular_history_of_other_heart_circulatory problems 1 (Present) Isuff.
Respiratory_history_of_other Isuff.
Gastrointestinal_history_of_other 1 (Present) Isuff.
Urological_medications Isuff.
Family_history_bladder_cancer_sibling 1 (Present) Isuff.
Cardiovascular_history of_artificial_heart_valve Isuff.
General_medical_condition Isuff.
Failed_prior_intravesical_therapy BCG Not_applicable
Neurological_history_of_degenerative_disease 0 (Absent)
Ethnicity

The rules generated by the algorithms had reduced complexity. The general trend of response for each
prominent parameter per subpopulation was formulated based on the multiple rule sets (from bagging),
occurrence of parameter values in various rules with respect to the decision class, and the analysis of
individual patients (rule strength). No prior chemotherapy for both subpopulations (Tables 5 and 6 )
indicates that the patients have had no history of prior failures to chemotherapy, which makes the patients
more likely to have negative outcomes after 24 months. The cardiac problems (Tables 5 and 6) such
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Table 6
Trends of significant parameter: Prior BCG treated

Parameter Positive Negative Remarks

Appropriate_based_strictly_on_disease lnapprop_high_risk, Positive outcome
Med_approp_refused trend parameter

Number_of_individual_maintenance > 2 Not applicable > = 2 is positive
_treatments (< − 1 or n_a) outcome
Highest_grade_if_current_bladder Intermediate (2) Low (1) to intermediate (2) Intermediate (2)
_cancer_is_Tl and above and above is positive
Prior_chemotherapy None No prior chemotherapy is

beneficial
Cytology_Result_After_most Atypical, Not_done, Negative Clearer relationship
_recent_TURBT_bx_cysto Positive
Stages_prior_bladder_cancer CIS, Tl.Ta_Tl Ta is insufficient
Feel_about_your_progress tumors_in_check Clearer relationship
Daily_Supplements_aspirin_like_drugs 0 (Absent) 1 (Present) Take aspirin and negative
Cytology_Result_Prior_most Not_done, Positive negative Clearer relationship
_recent_TURBT_bx_cysto
Number_of_separate_courses_of_BCG 2 0, 1 is insufficient
Worst_side_effects_during_prior None None means BCG can be in
_BCG_treatment the bladder for longer
frequency_of_urination
Blood_medications Not_applicable, No Yes Taking blood medications

beneficial
Length_time_first_sign_diagnosis 1, 2 4, 5 Not clear
_of_bladder_cancer
Estimated_success_of_study S1, S2, S3 Clearer relationship
Currentness_of_tobacco_use 4 3 Not clear
Given_anti_tuberculosis_antibiotics_before Not_sure No results in 50–50 in rules
Permanent_effects_from_ 1 (Present) Presence of spams may be
BCG_bladder_spasms beneficial
Nutrition_medications No Not taking nutrition

medications is not beneficial
Intolerant_standard_intravesical_therapy BCG Not applicable is insufficient
Family_history_bladder_cancer 1 (Present) Other values insufficient
_aunt_uncle_cousin
Number_Bladder_Tumors 4 Not clear
_Removed_TURBT
Daily_supplements_vitamin_C Not clear
Patients_performance_status 2 Other values insufficient
Skin_history_of_other 0 (Absent) 1 (Present) No other skin history is

positive
Neurological_surgery no
Cardiovascular_history_of_high 0 (Absent) High bp tends to be positive
_blood_pressure
Cumulative_tumor_size 0, 2 3
Primary_reason_for_avoiding Still_other_options N_a_never_advised
_bladder_removal
Nutrition_surgery No Not_applicable
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Table 6 (continued)

Parameter Positive Negative Remarks

Family_history_bladder_cancer 0
_grandparent
Toxic_exposure_to_cytoxan_chemotherapy 0
Glandular_history_of_diabetes_insulin_dependent 0
Second_other_non_skin_cancer Not clear
Daily_supplements_vitamin_E 0 (Absent) 1 (Present) Taking vitamin E beneficial
First_other_non_skin_cancer Colon, Prostate Not clear

as other heart circulatory problems, impaired circulation, high blood pressure may require the intake of
some aspirin, which may strengthen the immune system and thus result in a successful BCG treatment.
Positive feeling regarding the progress of the bladder cancer (indicates less concerned attitude) may help
in BCG/IFN-� immunotherapy treatment (Table 6) for prior BCG treated patients. More than two (i.e.,
higher) individual maintenance treatments (Table 6) for the prior BCG treated subpopulation indicate
the failure to respond to the treatments, suggesting a strong BCG resistance. The visible or visible with
CIS-type of residual disease presence, or the presence of activate or active with surgery, of first other
non-skin cancer activity may be indicative of BCG/IFN-� immunotherapy failure (Table 5). High-risk and
medium risk prior BCG treated patients are likely to fail the current BCG/IFN-� immunotherapy treatment
(Table 6). Patients with prior as well as current bladder cancer stages as T1_CIS, Ta_T1 or T1 or CIS will
probably not respond to the treatment, as T1 in general is a worse disease. Aspirin, aspirin-like drugs and
vitamin E and vitamin C are beneficial for the success of BCG/IFN-� immunotherapy treatments. Vitamin
E is a potent antioxidant that can react with damaging oxygen free radicals. Vitamin E also protects white
blood cells, which play a major role in the immune system’s defense against disease, thus resulting in
successful treatment for some individuals. The lower or no frequency of urination side effects due to
prior BCG treatments indicates that the BCG + IFN-� can stay longer in the bladder and thus create a
higher immune response resulting in treatment success. Other parameter trends are presented in Tables
5 and 6. The parameter trend analysis along with higher strength rules provides information regarding a
small subset of population, which can be predicted with minimum errors. This provides the physicians
an on-site, convenient, and easy parameter-based prognosis tool.

3.3. Other medical condition related parameters analysis

The other medical condition data subset included medical conditions (Table 1) of the patients such as
cardiovascular, gastrointestinal, neurological, skin, blood, and so on. The nature of these parameters was
to provide information regarding the presence/absence of the parameter. For example, the cardiovascular
history of impaired circulation parameters has only binary values with 0 being absent and 1 being present.
This parameter failed to provide information regarding the severity of the impaired circulation, which
may have a likely effect on the treatment. The binary medication and surgery history parameters did not
provide information regarding the kind of medications, dosages, number of such medications, complexity
of the surgery, number of such surgeries, and so on. Thus the analysis of the other medical history subset
was performed to identify prominent general parameters that can be further expanded with additional
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Table 7
Results: other medical conditions and daily supplements

information in future model refinements. For example, if the skin history of non-melanoma skin cancer is
a prominent parameter, then additional information such as stage of the cancer, number of such cancers,
tumor analysis, others related test, and so on can be included in the analysis.

The best classification accuracies of the BCG naïve and prior BCG treated subpopulations were 54.10%
(SVM) and 65.23% (bagging with DT), respectively (Table 7). Bagging with DT for prior BCG treated
subpopulations performed relatively better than the population distribution by 10.67%, while SVM per-
formed the same as the population distribution.

The other medical condition analysis produces classification accuracies (rule sets) that were worse than
the true population except for the bagging with DT for the prior BCG treated subpopulation. This clearly
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indicates the inadequacy of the generated knowledge base and the information content in the data sets. Thus
the analysis should be interpreted in conjunction with other information. The majority of other medical
condition parameters do not affect the outcome of the immunotherapy. The rules formed have the other
medical condition parameter value as zero, indicating healthier individuals, which improves the chances
of success for immunotherapy. The presence of seasonal allergies may weaken the immune response and
thus may result in the failure of the BCG/IFN-� immunotherapy treatment. Diabetes is associated with
immune dysfunction, thus the presence of a glandular history of insulin-dependent diabetes may reduce
the probability of treatment success. The sample prominent rules extracted by the data mining algorithms
are provided next.

BCG naïve
RS Rule 1. IF Cardiovascular_history_of_high_blood_pressure = 0 AND

Respiratory_history_of_emphysema_COPD = 1 AND Bone_medications = Yes THEN
Decision_24 = Negative [6, 6, 4.84%, 100.00%]

RS Rule 2. IF General_medical_condition is {Good, fair} AND Gastrointestinal_medications is
{Not_applicable, Yes} AND Uroloical_history_of_prostate_disease = 1 AND
Bone_history_of_non_rheumatoid_arthritis = 0 AND Immune_medications is {Not_applicable,
Yes} AND Blood_Disorders_History = Not_applicable AND Nutrition_medications = No THEN
Decision_24 = Positive [15, 15, 8.43%, 100.00%]

RS Rule 3. IF Glandular_history_of_diabetes_non_insulin_dependent = 1 AND Urological_medications =
Not_applicable AND Nutritional_state in {Well_nourished, malnourished} THEN Decision_24 =
Positive [17, 17, 9.55%, 100.00%]

RS Rule 4. IF Cardiovascular_history_of_impaired_circulation = 0 AND General_medical_condition is
{Good, Fair} AND Respiratory_history_of_seasonal_allergies = 1 AND
Bone_history_of_non_rheumatoid_arthritis = 1 THEN Decision_24 = Positive [6, 6, 3.37%,
100.00]

Prior BCG treated
RS Rule 1. IF Cardiac_medications = Not_applicable AND Gastrointestinal_surgery is {Not_applicable, No}

AND Uroloical_history_of_None = 0 AND Urological_medications = No AND Bone_surgery is
{Not_applicable, No} THEN Decision_24 = Negative [19, 19, 8.88%, 100.00%]

RS Rule 2. IF General_Medical_Condition = excellent AND Bone_history_of_non_rheumatoid_arthritis = 0
AND Bone_medications = No AND Bone_surgery = No AND Nutritional_state =
Well_nourished THEN Decision_24 = Negative [6, 6, 2.80%, 100.00]

RS Rule 3. IF Cardiovascular_history_of_impaired_circulation = 0 AND Cardiac_surgery = No AND
Glandular_history_of_diabetes_insulin_dependent = 1 THEN Decision_24 = Positive
[4, 4, 2.63%, 100.00%]

RS Rule 4. IF General_medical_condition is {Fair, Poor} AND Respiratory_history_of_emphysema_COPD =
1 AND Glandular_history_of_diabetes_non_insulin_dependent = 1 THEN Decision_24 = Positive
[9, 9, 5.92%, 100.00%]

3.4. Daily supplement related parameters analysis

The role of daily supplements in the success of the treatment is of interest to the physicians. Thus data
sets with only daily supplements (binary parameter values) were formulated for BCG naïve and prior BCG
treated subpopulations. The binary parameter values lacked the daily supplement-related information such
as dosages, which may be crucial in determining their relevance.
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The classification accuracies were around 54–59% and 63–67% for the BCG naïve and prior BCG
treated subpopulations, respectively (Table 7). Though the accuracies were higher, the number of high
confidence rules was smaller. Many approximate rules were generated from the RS algorithms for both
subpopulations. The relative rule strengths were small, and they covered only a small number of patients.
Thus the daily supplements were indeed significant/beneficial in the bladder cancer treatment for a certain
small patient subpopulation in both BCG naïve and prior BCG treated. The results obtained through this
analysis also highlighted the fact that the daily supplement knowledge base is not adequate to formulate
high confidence predictions for all patients. The generated rules must be interpreted with other knowledge.

Nine prior BCG treated individuals taking daily supplements of vitamin E and B-complex and no
aspirin had no recurrence of bladder cancer at 24 months. Aspirin-like drugs contributed to a higher
treatment success for the prior BCG treated subpopulation. The treatment was unsuccessful for BCG
naïve individuals who took multivitamins and vitamin C but not vitamin E. The sample prominent rules
extracted by the data mining algorithms are provided next.

BCG
RS Rule 1. IF Daily_supplements_multivitamin = 0 AND

Daily_supplements_tylenol = 0 AND
Daily_supplements_vitamin_E = 1 AND Daily_supplements_aspirinlike = 0 AND
Daily_supplements_vitamin_C = 0 AND Daily_supplements_herbal = 0 AND
Daily_supplements_selenium = 0 THEN Decision_24 = Negative [10, 10, 4.67%, 100.00%]

DT Rule 2. IF Daily_supplements_multivitamin = 1 AND Daily_supplements_vitamin_C = 1 AND
Daily_supplements_vitamin_E = 0 THEN Decision_24 = Positive [7.12/0.02]

DT Rule 3. IF Daily_supplements_selenium = 1 AND Daily_supplements_vitamin_C = 1 THEN Decision_24
= Negative [8.13/1.11]

Prior BCG treated
RS Rule 1. IF Daily_supplements_tylenol = 0 AND Daily_supplements_vitamin_E = 0 AND

Daily_supplements_vitamin_C = 1 THEN Decision_24 = Positive [13, 13, 7.30%, 100.00%]
RS Rule 2. IF Daily_supplements_aspirin = 0 AND Daily_supplements_vitamin_E = 1 AND

Daily_supplements_Bcomplex = 1 AND Daily_supplements_coumadin = 0 AND
Daily_supplements_selenium = 0 THEN Decision_24 = Negative [9, 9, 7.26%, 100.00%]

DT Rule 3. IF Daily_supplements_aspirin_like_drugs = 1 THEN Decision_24 = Negative [22.22/6.15]

4. Future research

The addition of other data (i.e., genetic, initial treatment responses, and so on) with the present knowl-
edge base will improve the probability of correct predictions. Due to the inherent nature and dynamics of
the data, each data set (daily supplements, other medical conditions, significant parameters, and all param-
eters) provided treatment success information with varying degrees of confidence. These predictions can
be used to create a weighted meta-decision-making algorithm [36]. More refined data mining algorithms
can be applied to these data sets to produce reliable knowledge bases. Based on similar approach, PRM
models can be built for various other bladder cancer treatment options such as chemotherapy, radiation
therapy, transurethral resection, cystectomy, and so on. Another layer of processing will be required to
combine the results of each PRM so as to determine the best (or least harmful) treatment option. This
will provide patients with individualized risk and/or benefits regarding each treatment option so as to
facilitate in making a well-informed decision. Various other models to address other aspects of bladder
cancer BCG/IFN-� immunotherapy treatment can be built similar to the PRM models.
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5. Conclusion

This research provided valuable knowledge to verify the known bladder cancer predictors as well as
identified other unknown predictors. This will lead to a greater understanding of the BCG/IFN-� im-
munotherapy treatment and its applicability to individual patients. Mining a patient’s history successfully
predicted the treatment outcome for both BCG naïve and prior BCG treated subpopulations. Various
hypotheses were successfully tested via relevance/significant parameter-based data mining, rule-set anal-
ysis, and general trend of each parameter. Various interactions and interdependencies were explored to
build robust rule sets. The current PRM models based on significant parameters performed (classification
accuracies above 60%) better than the true population distributions of both subpopulations. The identified
significant parameters and parameter trends considerably reduce the burden of data collection for the next
phases of the project/clinical trials as well as the computational burden of data mining algorithms.

The prominent trend parameters for the BCG naïve population were the activity of non-skin cancer,
presence of residual disease, stages of prior bladder cancer, current state of bladder cancer, number of
bladder tumors removed by TURBT, administered chemotherapy after last TURBT, expected treatment
failed prior intravesical therapy, prior chemotherapy, respiratory history of emphysema COPD, cumulative
tumor size, and skin history of non-melanoma skin cancer. The parameters for the prior BCG treated
population were treatment appropriateness based strictly on disease, the number of individual maintenance
treatments, the highest grade presence for current bladder cancer of T1, prior chemotherapy, cytology
results after the most recent TURBT bx cysto, stages of prior bladder cancer, feel about your progress,
cytology results prior to the most recent TURBT bx cysto, number of separate courses of BCG, frequency
of urination (worst side effects during prior BCG treatment), blood medications, length of time from
first sign diagnosis of bladder cancer, estimated success of study, aspirin, aspirin-like drugs, vitamin
E, and current tobacco use. Other medical-conditions and daily-supplements analysis provides some
parameters (such as respiratory emphysema COPD, seasonal allergies, high hypertension, vitamin A, C,
and E, aspirin, aspirin-like medications, and so on) for further investigations. The addition of relevant
parameters, type and dosages of BCG/IFN-�, additional information for other medical conditions and
daily supplement parameters, knowledge base, patients, meta-decision-making, relabeling algorithms,
and so on will lead to a robust PRM with enhanced and reliable predictions.
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