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Medical Prognosis

 Medical prognosis is the estimation of cure,
complication, disease recurrence or survival
for a patient or group of patients after
treatment.

* Approaches — neural network, fuzzy logic,
genetic algorithm, support vector machines,
etc.
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Research Objectives

* Develop survival model based on fuzzy
inference system approach to estimates the
survival rates and hazard rates of survival
data, further to assess the relationship of
explanatory variables to survival time.
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Survival Analysis

* Analysis of data that corresponds to the time from
when an individual enter a study until the occurrence
of some particular event or end-point.

* Data

— uncensored (reach end point).

— censored (lost to follow-up or study ends with no event).
* Reasons

— comparison of survival curves for different combinations of
risk factors.

— estimate individual hazard function and survival function.
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Survival Analysis

e Survival function

— Probability an individual survives at least up to a
certain time t.

S(t) = P(T>t)
 Hazard function

— Probability an individual will die at certain time t.
h, =P(T € A|T>t,,) = (S(t,,) - S(t))) /S(t,,)

2 S(t)=TI(1- h)

l:t<t
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Kaplan-Meier Estimator

* To estimate and interpret

survival function from

survival data. m
e Survival function at time t -
can be estimated as fs-
A ?
S(t)=ﬂ(n|_d|)/ nl 'g. 3
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PLANN method

e Partial Logistic Artificial
N e u ra I N EtWO rk. @ conditional failure probability OUTPUT
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Fuzzy System

* Fuzzy logic - Zadeh in 1965 to represent and
manipulate data and information in which
there are various forms of uncertainty.

e Use linguistic variables to reason using a series
of logical rules that contain IF-THEN rules
which connect antecedent(s) and
consequent(s), respectively.
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Fuzzy Inference System

* Mamdani method (Mamdani and Assilian,

1975).
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e Sugeno method (Sugeno, 1985).
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ANFIS method

e Adaptive neuro-fuzzy inference system.
e proposed by Jang in 1993.
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Analysis - Data

* 958 breast cancer patients.
* Nottingham Prognostic Index (NPI)

= 0.2 * pathological tumor size(cm) + lymph
node stage + histological grade

Table 1: clinical cut-off of NPI score

Less than 3.41 Good (1) More chance of survival

Between 3.41to 5.4 Moderate (2) Medium chance of survival

Over 5.4 Poor (3) Less chance of survival
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Analysis — Pre-processing

PLANN model - common pre-processing in
neural network.

— categorical variables = indicator variables.

Table 2: Conversion into indicator variables (1 of n)

NPI category | Indicator variables

Good (1) 1 0 0
Moderate (2) O 1 0
Poor (3) 0 0 1

— continuous variables = range(-1,1) or (0,1).
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Analysis — Pre-processing

Data replication for training - until time to

event. Table 3: Example of two patients data sets
| sTime | NPl

Patient 1
Patient 2 5 1 0

Table 4: Replication for all intervals observed for each patients

| svTime | NP
1

2 0

Patient 1 2 2 0

3 2 1

1 1 0

2 1 0

Patient2 3 1 0

4 1 0

5 1 0
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Analysis - Configuration

* PLANN model
— number of hidden node (btw 2-15).
— weight decay value (0.025, 0.5, 0.075, 1).

e ANFIS model

— number of membership functions (btw 3-7).
— type of membership functions (gaussmf).

— type of output membership functions (zero-order
Sugeno).
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Result — Conditional Event Probability
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Result — Survival Curve

e surv.pdf
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Result — ANFIS membership function
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Conclusion

* ANFIS as alternative method(s) in modelling
survival in the present of censorship.

 Knowledge is encoded as a set of explicit
linguistic rules , incorporation of expertise
from clinicians into the selection of inputs and
the modelling of rules.
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Future Work

* Repeat the study with NPI variable as a real
number.

* to restrict the constant value of the singleton
output of each rules producing by the ANFIS
to be all in positive manner.

 Create ANFIS models for other clinical data
sets.
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Thanks for Your Attention!

e Questions or Comment
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