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METHODS AND SYSTEMS FOR
PREDICTING OCCURRENCE OF AN EVENT

FIELD OF THE INVENTION
Embodiments of the invention relate to event occurrence analysis and in particular
eventual event occurrence analysis that can make use of both censored data and uncensored

data for predicting a recurrence of a disease, for example, including cancer.

BACKGROUND OF THE INVENTION

There are many instances in which it is desirable to predict the likelihood of an event
occurring within a certain amount of time or the amount of time until an event is likely to
occur. Indeed, event prediction type data, including censored data, is one of the most
common types of data used in bioscience (for example). Predicting the occurrence of an
event can help people plan for the occurrence of the event. For example, it is desirable to
predict the time to recurrence of diseases or other health issues, such as cancer, or
environmental events (e.g., earthquakes, hurricanes).

Censored data comprises incomplete data in which it 1s unknown when an event
occurred/recurred. For example, in training a model to predict the recurrence of cancer in a
patient, the training data would preferably include censored data comprising patient data in
which no recurrence of cancer came about in particular patients. This is because most
medical data includes both censored and non-censored data, and increasing the amount of
data available to train a predictive model can increase the reliability and predictive power of
the model. Censored data indicates whether the outcome under observation, e.g., recurrence
of cancer, has occurred (for example) within a patient's follow-up visit time: if the
recurrence of cancer has not been observed at a patient's follow-up visit, this patient's data is
censored. In predicting recurrence of cancer (in patients who have been considered cured,
tor example), data for many patients may be censored. Such censored observation provides

incomplete information about the outcome, since the event may eventually occur after the
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tollow-up visit, which should be taken into account by a predictive model. However, the
current most accurate learning models, particularly machine learning techniques involving
neural networks and support vector machines, do not make use of such censored data.

It would be highly desirable when training a predictive model to have as much data
from as many sources as possible. Thus, for example, for disease related events, it is
generally desirable to have data from as many patients as possible, and as much data from
each patient as possible. With such data, however, come difficulties in how to process
censored data.

Typically, traditional survival analysis, e.g., the Cox proportional hazards model,
uses censored data. However, 1n general, the reliability of the Cox model deteriorates if the
number of features 1s greater than the number of events divided by 10 or 20 [1]. For
example, 1n one study included as an example for the present invention, the dataset consisted
ot only 130 patients, each of which was represented by a vector of 25 features. For such
data, the Cox model could not be successfully derived from this dataset until the feature
dimensionality was reduced.

Neural networks have been shown to be able to outperform traditional statistical
models, due to neural networks’ capacity to model nonlinearities. However, in order to be
successful, a neural network typically requires a large number of samples in the training set.
Generally, several approaches have been used in épplying survival data in neural networks.
One approach 1s to model the hazard or survival function as a neural network structure. For
example, constructing the survival curve by a hazard function modeled by a neural network,
tor which the ith output 1s the estimated hazard at the discretized time interval i. Others have
used the discretized time interval as an additional input to a neural network to model the
survival probability. Still others have used several separately trained networks, each used to
model the hazard function at a different time interval.

Still, in order to effectively use machine learning al gorithms, treatment of censored
data 1s crucial. Simply omitting the censored observations or treating them as non-recurring
samples bias the resulting model and, thus, should be avoided. Kaplan-Meier estimates of

event probability have been used as target values during training for patients who had short
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follow-up times and did not have the event recurred. Although this algorithm takes into
account, to some extent, both follow-up time and censoring, it still fails to make complete use
of available information. For instance, it treats two recurred patients as the same regardless

of their survival time.

SUMMARY OF THE INVENTION

The present invention presents systems and methods to improve prediction of an
occurrence of an event that may use both censored and non-censored data. The treatment of
censored data in the present invention allows for the effective use of machine learning
algorithms, e.g., neural networks, for the analysis of survival data to produce an effective
predictive model, for example. In particular, some embodiments of the present invention
may be used to indicate how likely an event will eventually occur.

In particular, some embodiments of the present invention are directed to supervised
learning models which use an objective function to improve the predictive accuracy of the
model. One such novel objective function may be an approximation of the concordance
index (CI). Using an approximation to the CI allows the model to make use of the
information from both censored and non-censored observations, thereby reducing event
occurrence prediction into simpler predication/classification problem. Accordingly, such an
approximation to the CI for the objective function may be a derivative of the CI.

Embodiments of the present invention have particular application to the prediction of
the occurrence and, in particular, the recurrence of cancer after a patient has been initially
cured (e.g., following removal and/or treatment of the cancer). Being able to make-a more
precise prediction on cancer recurrence allows for a more effective follow-up therapy to be
administered to the patient. Accordingly, embodiments of the invention may be able to
determine a prognostic estimate for an individual patient. Comparing embodiments of the
present invention with the traditional Cox proportional hazards model (and several other
algorithms based on neural networks and support vector machines, see below), the present
invention may achieve improvement in being able to identify high-risk and low-risk groups

of patients.
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Accordingly, in a first group of embodiments of the present invention, a supervised
model (e.g., predictive, prognostic) for a neural network is provided and may include one or
more of the following components: a neural network having weighted connections, an mput
for receiving training data and an output, an error module for determining an error between
output of the neural network and a desired output from the training data, an obj ective
function for providing a rating of the performance of the model, the objective function
comprising a function C substantially in accordance with a derivative of the concordance
index and a training algorithm for adapting the weighted connections of the neural network
accordance with the results of the objective function. The input training data may include
one or more features (clinical, molecular, image) for each of a plurality of known patients.
Output data may include, for example, a predicitive or prognostic determination for each of
the patients.

In a second group of embodiments of the invention, a method for predicting
recurrence of cancer in a patient is provided and may comprise estimating the probability that
cancer will recur within a shorter period of time in a patient with a higher prognostic score
than a recurrence time in a patient with a lower prognostic score. Estimating may include
conducting pair-wise comparisons between prognostic scores for patients 1 and j, using a
neural network trained using an objective function comprising a function C substantially in
accordance with a derivative of the concordance index. :'

In a third group of embodiments of the present invention, a method for training a
neural network having weighted connections for classification of data is provided and may
include inputting input training data into the neural network, processing, by the neural
network, the input training data to produce an output, determining an. error between the
output and a desired output corresponding to the input training data, rating the performance
neural network using an objective function, wherein the objective funnction comprises a
function C substantially in accordance with a derivative of the concordance index and
adapting the weighted connections of the neural network based upon results of the objective

function.

In any of the above groups of embodiments, the function C may comprise
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e > 6. » < oR(1, 1)
Q

2

wherein {2 comprises pairs of data (i, j) meeting one or more predetermined conditions, or

. Z(f,j)eg—(ff-@)-R(ff-ﬁ)
D .

where

D = Z-(ff—li}),

(i,/)eQ

may be a normalization factor, and Q may comprise pairs of data (i, j) meeting one or more
predetermined conditions. In the above equation, t; and {j represent estimates by the neural

network of how long it will take for patients i and j to recur, respectively.

Moreover, any of the above groups of embodiments may be used, or modified to be
used, to determine a prediction of the recurrence of disease (e.g., cancer). In such cases, the
pairs of data may comprise patients {i, j} and the predetermined conditions may comprise at
least: both patients 1 and j have experienced recurrence and the recurrence time t; of patient 1
is shorter than the recurrence time t; of patient j; or only patient i has experienced recurrence
and t; 1s shorter than patient j’s follow-up visit time t;.

Other groups of embodiments may further include computer systems, computer
readable media and computer application programs for carrying out any one or more of
particular embodiments of the groups of embodiments listed above.

The present invention will become even clearer with reference to the attached fi gures,

brief descriptions of which are provided below, and the following detailed description.
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BRIEF DES CRIPTION OF THE DRAWINGS

Fig. 1 is a chart illustrating a comparison of R(t.,t ;) with / (2.t ;) ; the horizomntal axis

being ¢, -—fj, y=0.1landn=21m R(f,.,fj).
Fig. 2 is a chart illustrating a comparison of survival curves for high-risk and 1ow-risk

patient groups between NN¢; and NNkm.

Fig. 3 is a chart illustrating a comparison of survival curves for high-risk and low-tisk

patient groups between NN¢; and NINge.

Fig. 4 is a chart illustrating a comparison of survival curves for high-risk and low-risk
patient groups between NN and SV Re.

Fig. 5 is a chart illustrating a comparison of survival curves for high-risk and low-r1sk
pétient groups between NN; and the Cox model.

Fig. 6 is a nomogram based on the score from the NN;; model.

Fig. 7 is a general schematic of a supervised learning model for a neural network.

DETAILED DESCRIPTION OF THE EMBODIMENTS
Neural networks are a form of artificial intelligence which functions to imitate the
way a human brain works. A neural network typically comprises a plurality of weighted,
interconnected processing eleﬁlents, to emulate neurons of a brain. The organization of the
processing elements and the weights of the connections between the elements determine the

output. Generally, neural networks rmay be effective for predicting events, but typicall y

require large amounts of data to do s©.

A supervised model (e.g., predictive, prognostic) for a neural network 1s used to train
a neural network to solve particular problems, for example, to predict an occurrence of” an
event. The supervised learning model trains the neural network by providing 1t with inputs
and desired outputs. These inputs annd desired outputs are referred to as training data. "The
difference between what is actually output by the network and the desired output is then used
by a training algorithm in the model to change the weights of the connections between the

processing elements to obtain the desired output.
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Thus, the goal of the training a neural network is to find a function that, when training
input data is applied to it, yields the desired output for the given mput from the training data.
It can then be used to input data to seek output in accordance with the found function. As
shown in Fig. 7, a supervised learning model 700 generally includes a neural network 710
having weighted connections, an input 715 for receiving training data 705 (1nput training
data) and an output 720, an error function 730 for determining an error between output of the
neural network and a desired output from the training data (output training data), an objective
function 740 for providing a rating of the performance of the model, the objective function
comprising a function C substantially in accordance with a derivative of the concordance
index and a training algorithm 750 (i.e., optimization method) for adapting the weighted

connections of the neural network in accordance with the results of the objective function.

Prediction of an Event: Cancer Recurrence Example

The present description is in reference to training a neural network using an objective
function according to embodiment of the present invention. The neural network may
comprise a typical multilayer perception (MLP) with softmax outputs and a single hidden
layer and direct connection between the input and output layers. Please note, however, that
the invention is not so limited to such a network, and may be applied to any neural netwoxk
platform/ arrangement. |

Embodiments of the present invention enable improved prediction models by usmng
an approximation (e.g., a derivative) of the concordance index (CI), as the objective function
in training a neural network in a supervised learning model. Once trained, such models (and
systems/methods which operate under such a model) may be used to estimate the probability
that, of a pair of randomly chosen comparable patients, cancer will recur within a shorter
period of time in one patient with a higher prognostic score than the other patient. In that
regard, such use of a derivative of the CI as the objective function m supervised learning
model during training allows such models to make use of the training information from both

censored (event has not recurred) and non-censored (event has occurred) ob servations.
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The Concordance Index

The concordance index may be expressed in the form:

. 2 I(Ezﬂf )
CI — Z(I,j)EQ d T s (1)
Q)
where
G ) 1:%, >1, \ )
5t = > s
Y 0:otherwise

and may be based on pair-wise comparisons between the prognostic estimates f, and ¢, for

patients 7 and j, respectively. Here, Q consists of all the pairs of patients {7,j} who meet any

of the following conditions:

e both patients i and j experienced recurrence, and the recurrence time /; of
patient 7 is shorter than patient j’s recurrence time #; or

e only patient i experienced recurrence and ¢; is shorter than patient ;s follow-
up visit time ;.

In other words, the numerator of the CI represents the number of times that the patient
predicted to recur earlier by the neural network actually does recur earlier. The denominator
is the total number of pairs of patients who meet the predetermined conditions.

Though the CI has long been used as a performance indicator for survival analysis, 1t
has never been used as an objective function in a supervised learning model for a neural
network to allow complete use of information from both censored and non-censored
observations, as in embodiments of the present invention. The difficulty of using the Cl as a
training objective function in the past is that it is non-differentiable (1., the step function
cannot be differentiated) and cannot be optimized by gradient-based methods. The present
invention overcomes this obstacle by using an approximation of the CI as the objective

function.



10

15

20

CA 02557716 2006-08-25
WO 2005/086068 PCT/US2005/006241

As brietly stated above, the accuracy of a predictiv-e model can be determined by
using the CI: when the CI is maximized, the model is more accurate. Thus, by preferably
substantially maximizing the CI, the performance of a moclel is maximized. Accordingly, a
differentiable approximation to the step function in Eq. (2» has been proposed in 2] to
directly optimize the AUC. In [2], several alternative approximations to eq. 2 are discussed
in the context of approximating the Wilicoxon-Mann-Whitney statistic, which is different
from the concordance index [3]. An intuitive choice of thes discussed approximations is the
sigmoid function:

A ]

where B > 0. However, this is found to be less effective than the following function:

o —(f —f =N F—F. <y -
RG,7) = {( =i, =) it —1, <y ! 5)

0: otherwise

where 0 <y<1andn>1. R(f,¢,) can be regarded as an @pproximation to 7 (—1,,—%,). An
example of R(Z,,t Jywith I(z,,¢ ;)18 shown in Fig. 1. Thus, -in order to maximize the CI in
Eq. (1), a prognostic model is trained by minimizing the ob jective function:

. Z(f, j)eQR(ti o j)

C = o . (6)

Empirically, 1t has been found that a weighted version of C in the following form, according

to some embodiments, achieves improved results:

Z(z‘,j)eﬂ —( - tj) *R(1;, L )
Cw e 9
D

(7)

where
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D= Y -(-1), (8)

(i,/)eQ

is the normalization factor. Here each R(#,,7,)is weighted by the difference between ¢, and
t ;- The process of minimizing the C, (or C) seeks to move each pair of samples in Q to
satisfyZ, —, >y and thus to make /(7,,7,) = 1 in Eq. (1).

When the difference between the outputs of a pair in Q is larger than the margin v,
this pair of samples will stop contributing to the objective function. This mechanism
effectively overcomes over-fitting of the data during training of the model and makes the

optimization preferably focus on only moving more pairs of samples in Q to satisfy

t; —t; >v. The influence of the training samples is adaptively adjusted according to the pair-

wise comparisons during training. Note that the positive margin v in R is preferable for
improved generalization performance. In other words, the parameters of the neural network
are adjusted during training by calculating the CI after all the patient data has been entered.
The neural network then adjusts the parameters with the goal of minimizing the objective
function and thus maximizing the CI. As used above, over-fitting generally refers to the
complexity of the neural network. Specifically, if the network is too complex, the network
will react to “noisy” data. Overfitting is risky in that it can easily lead to predictions that are
far beyond the range of the training data.

Embodiments of the present invention, described above and further explained with
reference to the example below, allow a supervised learning model to make complete use of
information (censored and non-censored data) from survival data (for example) using a
derivative of the CI as the objective function in training the neural network. Using
embodiments of the present invention, improvement may be achieved in identifying high-risk
and low-risk groups of patients in a cancer recurrence predictive model (for example).

Moreover, embodiments of the present invention may be applicable for use in the

10



10

15

20

25

CA 02557716 2006-08-25
WO 2005/086068 PCT/US2005/006241

approximation in a more general problem of learning ranks, where an objective function
based on a step function can be formed.

The above description and example given below is consid ered as illustrative only of
the principles of the various embodiments of the invention. Further, since numerous
modifications and changes will readily occur to those skilled in thae art, the invention is not
limited to the exact construction and operation shown and describded, and ac cordingly, all
suitable modifications and equivalents may be resorted to, falling within the scope of the

invention.

Prostate Cancer Study

Prostate cancer (PCa) is a malignant tumor that usually be gins in the outer-most part
of the prostate and is the most common form of cancer found in A.merican men. More than
180,000 men 1n the U.S. will be diagnosed with prostate cancer this year, and more than
30,000 will die of the disease. While the number of men diagnos ed with prostate cancer
remains high, survival rates have been steadily improving primari 1y due to early detection.
Eighty-nine percent of the men diagnosed with the disease will suxvive at least five years,
while 63% will survive 10 years or longer.

The American Urological Association and the American Cancer Society recommend
annual screening for men ages 50 to 70. The most effective screening tests available include
a blood test for an enzyme called prostate-specific antigen (PSA) ~which is produced by the
prostate gland and the employment of a digital rectal exam (DRE) . Elevated PSA levels (>
4ng/ml or greater) may indicate prostate cancer. However, increasses in PSA are also
reported in benign conditions such as prostatitis and a pathologic enlargement of the prostate
known as benign proliferative hyperplasia (BPH). The standard of care once PCa is
suspected 1s to obtain a biopsy, typically a sextant (six-part) biopssy to assess presence or
absence of disease.

The most common treatment for localized or confined PCa ., in men under the age 70
who do not have other health complications is a radical prostatectoomy, 1.e., surgery to remove

the prostate gland, seminal vesicles, vas deferens and some surrouniding tissue. After surgery,

11
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the PSA levels in the blood should be reduced to 0.2ng/ml or less. If the PSA levels begin to
rise at any time after treatment (also known as a biochemical recurrence BCR), a local or
distant recurrence may be suspected, and will necessitate restaging the cancer, as well as a
discussion of possible salvage therapies with the patient including radiation or hormonal
therapy, experimental protocols or observation [4].

Thus, the ability to predict which patients will have a BCR would be very important
to urologists and oncologists in managing the course of future treatment. A number of
prostate cancer nomograms which combine clinical and/or pathologic factors to predict an
individual patients probability of disease recurrence or survival have been published, e. g., [5]
[6] [7]. The postoperative nomogram developed by Kattan et al. [5] is widely used by
clinicians and allows a prediction of the probability of disease recurrence for patients who
have received radical prostatectomy as treatment for prostate cancer.

The postoperative nomogram used Cox proportional hazards regression analysis to
model the clinical and pathologic data and disease follow-up for men treated with radical
prostatectomy by a single surgeon. Prognostic variables included pretreatment serum
prostate-specific antigen level, radical prostatectomy Gleason sum, prostatic capsular
Invasion, surgical margin status, seminal vesicle invasion, and lymph node status. Treatment
tailure was recorded when there was clinical evidence of disease recurrence, a rising serum
prostate-specific antigen level, or initiation of adjuvant therapy.

Despite the widespread use of the postoperative nomogram and its reasonable
predictive accuracy, better tools are needed to predict an individual patients probability of
disease recurrence after radical prostatectomy. Systems pathology or biology is a new
discipline that is positioned to significantly impact biological discovery processes. This
emerging approach attempts to facilitate discovery by systematic integration of technologies,
gathering information at multiple levels (instead of only one) and examining complex
Interactions which results in a superior output of data and information, thereby enhancin g our
understanding of biological function and chemico-biological interactions [8].

The number of features generated by these technologies can be larger than standard
survival methods can handle. Thus, the underlying hypothesis of this study is that an

12
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improved predictive model for disease recurrence after radical prostatectomy can be derived
from a novel integrated or systems pathology approach, that will use neural networks to
handle the expanded multidimensional sources of data input, including clinical and
pathological variables (variables used in original nomogram plus additional clinical
variables). Molecular biomarker data can also be derived for use from IHC analyses of
tissue microarrays, as well as results of machine vision image analysis which quantitate
histopathological features of H&E slides.

It has been found that clinical, histopathological, immunohistochemicai (IHC), and
bio-imaging data can be used to predict prostate cancer BCR. In order to achieve this
objective, a cohort of 539 patients who underwent radical prostatectomy at a single hospital
in the US was studied. 16 clinical and histopathological features were collected, which
include patient age, race, Gleason grade and score, and other pre- and post-operative
parameters. In addition, high-density tissue microarrays (TMAs) were constructed from the
patients' prostatectomy specimens. A single hematoxylin and eosin-stained (H&E) slide for
each patient was used for image analysis, while the remaining sections made from the
paraffin- embedded tissue blocks were used to conduct IHC studies of selected biomarkers in
the laboratory. Data generated by the IHC studies included the number of cells which stained
positive for a particular biomarker, if any, and the level of intensity at which the cell(s)
stained positive for the biomarker. 43 THC features from 12 biomarkers were obtained and
studied. Images of the H&E slides were captured via a light microscope at 20X magnification
using a SPOT Insight QE Color Digital Camera (KAI2000). °

Using a proprietary image analysis system, pathologically meaningful objects were
identified and various statistical features associated with these objects were generated. Such
objects include spectral-based characteristics (channel means, standard deviations, etc.),
position, size, perimeter, shape (asymmetry, compactness, elliptic fit, etc.), and relationships
to neighboring objects (contrast). In the end, 496 bio-imaging features were produced.

This study was restricted to those patients who had non-missing data for each of the
above three domains (clinical and histopathological, IHC, and bioimaging). Thus, the

effective sample size consisted of only 130 patients. For these patients, the time from the
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surgery to the most recent follow-up visit ranged from 1 month to 133 months. Patients who
had measurable prostate-specific antigen (PSA) at this visit were considered to have recurrent
prostate cancer. If a patient did not recur as of this last visit, or the patient outcome was
unknown as of their most recent visit (e.g. due to loss to follow-up), then the patient outcome
was considered censored, specifically right-censored.

T'wenty (20) patients experienced PSA recurrence among the 130 patients, while the
remaining patients were censored. Thus, the available sample was very small arad heavily
censored. By consulting domain experts and using an in-house domain specific feature
selection procedure, which combines greedy forward selection and backward elizmination
based on the relevant importance of feature groups given by domain experts, the final feature
set was reduced to 25 features.

The new training al gorithm/modei according to embodiments of the present
invention, denoted as NN, was compared with four other algorithms over the data collected.
The first compared model used an algorithm based on the Kaplan-Meier estimate of
recurrence probability, and 1s used as the target value for the patients who had sheort follow-
up times and did not experience recutrence. The MLP network trained by this al gorithm will
be referred to as NNym. The patients who had follow-up times longer than 7 year's and
remained disease free are assumed to be successfully cured and a target value of O is assigned
to such patients. Those patients who had recurrence at the follow-up visit have a. target value |
of 1. Like the new algorithm of the present invention, this model should output a higher score
for a higher-risk patient.

The second compared model uses an algorithm that trains an MLP model to regress
over the survival/censoring time. It uses an asymmetric squared error function for the
censored patients, which becomes zero when the model output is larger than the censoring
time. This model is referred to as NN,e. Unlike NN, and NNy, a higher-risk pa-tient should
have a lower score, an estimate proportional to the survival time, in this model.

In addition, the new training model is compared to a support vector machine regressor
with an asymmetric penalty function, which incurs a smaller penalty when the model output

1s larger than the target value (survival time) and a larger penalty when the output is smaller
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than the target value. This model is referred to as SVR., and should output a higher score for
a Jower-risk patient.

A last model compared to the present invention is the Cox proportional hazard model.
The Cox model outputs a prognostic hazard score, which is a function of a linear
combination of the covariates (input features). The higher the score is, the more risk the
model predicts the patient would have.

The empirical results are based on leave-one-out cross -alidation. Forall models,
model selection was conducted based on cross-validation over the training data for fold 1,
and the same model setting was used for all the folds. Generally, a fold is a partition of an
original dataset. For example, if the original dataset had only 10 patients and a leave-one-out
cross-validation was performed, there would be 10 folds of size 1 where one patient 1s
excluded for testing and the other 9 for training. As another example, 5 folds of size 2 are
present in 5-fold cross-validation of 10 patients. All the neural networks based models
have 5 hidden units after the model selection. For NN;, Y was chosen to be 0.01. It has been
found that the results in terms of the CI value are more sensitive to y than the AUC metric. »
is typically set as 3. The RBF kernel is used in SVRc. To obtain a Cox model, the number of
covariates was reduced to 23, since the dataset was too small (i.e., the number of
event/recurrences in the dataset was too small to handle the number of variables in question).

The performance is measured in two ways. The first measure is the Concordance
Index, which evaluates the model's general predictive accuracy for estimating the probability
that a patient with the higher prognostic score will recur within a shorter time than a patient
with a lower score. Table 1 (below) shows the Concordance Index values for all the models.
Not surprisingly, the new model according to embodiments of the present invention, NN,

achieved the largest CI value over the cross validation results.

NN NNim NNge SVR, Cox

0.8178 0.5411 0.7375 0.6206 0.7037
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The survival curves for both the predicted high-risk and low-risk patients are shown
in Figs. 2 to 5 for all the models. Survival curves are constructed for both high-risk and low-
risk patients by Kaplan-Meier estimates based on the scores from each model. In each
figure, the new model is shown with one of the four other models. A sign of a model
successtully distinguishing between the high risk and low risk patient groups is the distance
that the high-risk and low-risk survival curves are apart — the farther apart the two curves are,
the more successtul the model is at distinguishing between the two groups. As is evident in
these figures, the high-risk and low-risk survival curves are farthest apart for the NN,; model,
indicating a more successful model than the comparison models.

For NN¢j, NNim, and the Cox model, the high-risk group is defined as the patients in
the highest quartile of the scores, and the low-risk group consists of the patients in the lowest
quartile of the scores. However, for both NN, and SVR,, the high-risk patients are in the
lowest quartile of the scores, and the low-risk patients fall in the highest quartile of the
scores. A log-rank test [9] was also conducted for each pair of survival curves of high-risk
and low-risk groups within each model, with a “p” value indicating the ability of the model
to accurately distinguish high-risk and low-risk patient groups - the lower the p value, the
better the ability of the model to distinguish between the two groups.

Table 2 summarizes the p values for all the methods. As shown, the p value for the

new model NN¢; 1s much smaller (< 0.0001) than all the other models, giving further

evidence of the new model's improvement in identifying high-risk and low-risk patient

groups.
NN NNim NN.e SVR. Cox
< 0.0001 0.15 0.01 i 0.10 0.01
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Recalibration

In order to make the score from the model have a clinically meaningful interpretation,
the scores may be recalibrated to probabilities of remaining free of cancer recurrence in the
next 7 years following surgery. The probability is estimated using the cumulative hazard
function, also known as the Nelson-Aalen estimator. The Nelson-Aalen estimator
incorporates both the baseline hazard rate and the hazard function, estimated via partial
likelihood maximization using the Newton-Raphson method [10]. Based on these probability
estimates, a nomogram was generated which is shown in Fig. 6. For ease of use, the original
scores from the model are multiplied by 1000 in this nomogram.

To use the nomogram, a straight line is drawn up to the points axis from a patients
NN score to determine how many points toward recurrence the patient received. This
process is repeated for each feature, and the points added together to equal the Total Points.
In the example illustrated in Figure 6, with a single feature, which is the NN score, the Points
and Total Points axes are identical. Accordingly, a straight line would be drawn down from
the Total Points axis to the corresponding probability of the patient remaining recurrence-free

for 7 years following the surgery, assuming the patient does not die of another cause first.
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WHAT IS CLAIMED IS:
1. A supervised prognostic model for a neural network comprising:
a neural network having weighted connections, an input for receiving
training data and an output;
an error module for determining an error between output of the neural
network and a desired output from the training data;
an objective function for providing a rating of the performance of the
learning model, the objective function comprising a function C substantially
in accordance with an approximation of the concordance index; and
a traming algorithm for adapting the weighted connections of the
neural network in accordance with the results of the objective function.
2. The supervised model according to claim 1, wherein the function C is substantially in
accordance with a derivative of the concordance index.
3. The supervised model according to claim 1, wherein the function C allows for the use
of censored training data.
4. The supervised model according to claim 1, wherein the function C comprises

C B Z(f,j) € QR(Z?:,@)
X

, Wherein € comprises pairs of data (i, ) meeting one or more

predetermined conditions.

5. The supervised model according to claim 1, wherein the function C comprises
. . —(a_f).R(EQE) A A
C, = Z(”j L 5 J —" . wherein D = > —(fi-1;) is a normalization
(i,7/)e2

factor, and €2 comprises pairs of data (i, j) meeting one or more predetermined
conditions.

6. The supervised model according to claim 4, wherein the model is used to pr‘edict
recurrence of cancer, and wherein the pairs of data comprise patients {i, j} and

wherein the predetermined conditions comprise at least:
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both patients i and j have experienced recurrence and the recurrence
time t; of patient 1 is shorter than the recurrence time t; of patient j; and
patient i has experienced recurrence and t; is shorter than patient j’s
follow-up visit time ;.
The supervised model according to claim 5, wherein the model is used to predict
recurrence of cancer and wherein the pairs of data comprise patients {1, j} and
wherein the predetermined conditions comprise at least:
both patients 1 and j have experienced recurrence and the recurrence
time t; of patient i is shorter than the recurrence time t; of patient j; and
patient i has experienced recurrence and t; is shorter than patient j’s
follow-up visit tume t;.
A method for predicting recurrence of cancer in a patient comprising;
estimating the probability that cancer will recur within a shorter period of time
in a patient with a higher prognostic score than a patient with a lower prognostic
score, wherein estimating comprises conducting pair-wise compatisons between
prognostic scores for patients i and j, using a neural network trained using an
objective function comprising a function C substantially in accordance with an
approximation of the concordance mdex.
The method according to claim 8, wherein using a neural network trained using an
objective function comprises using a neural network trained using an objective
function comprising a function C substantially in accordance with a derivative of the
concordance index.
The method according to claim 8, wherein using a neural network trained using an
objective function comprises using a neural network trained using an objective
function comprising a function C that allows for the use of censored data in the

training.
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11.

12.

13.

14.

15.

The method according to claim 8, wherein the function C comprises

O Z(i,j) e QR(Ef,fj)

q , wherein Q comprises pairs of patients {i, j} meeting one or

more predetermined conditions.

The method according to claim 8, wherein the function C comprises

- -—(Z,':'—-?)'R(l":,?) P . .
C = Z doled "’ ~~ wherein D = Z-—(tf-tj) 1S a normalization
° D (i,j)e2

factor, and Q comprises pairs of data (i, j) meeting one or more predetermined

conditions.

The method according to claim 11, wherein the predetermined conditions comprise at

least:
both patients i and j have experienced recurrence and the recurrence
time t; of patient i is shorter than the recurrence time t; of patient j; and
patient 1 has experienced recurrence and t; is shorter than patient j’s
follow-up visit time t;.
The method according to claim 12, wherein the predetermined conditions comprise at
least:
both patients i and j have experienced recurrence and the recurrence
time t; of patient i is shorter than the recurrence time t; of patient j; and
patient i has experienced recurrence and t; is shorter than patient j’s
follow-up visit time ;.
A method for training a neural network having weighted connections for
classification of data comprising:
inputting input training data into the neural network;
processing, by the neural network, the input training data to produce
an output,
determining an error between the output and a desired output

corresponding to the input training data;
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16.

17.

18.

19.

20.

rating the performance of the neural network using an objective
function, wherein the objective function comprises a function C substantially
in accordance with an approximation of the concordance index; and
adapting the weighted connections of the neural network based upon
results of the objective function.
The method according to claim 15, wherein rating the performance of the neural
network using an objective function comprises rating the performance of the neural
network using an objective function comprising a function C substantially in
accordance with a derivative of the concordance index.
The method according to claim 15, wherein rating the performance of the neural
network using an objective function comprises rating the performance of the neural
network using an objective function comprising a function C that allows for the use of
censored data in the fraiming.

The method according to claim 15, wherein the function C comprises

A o

Z(f,j)EQ R(II ? tj)

T

. and wherein () comprises pairs of data (i, j) meeting one or

more predetermined conditions.

The method according to claim 15, wherein the function C comprises:
. _—(E“E).R(aﬁf) A A
C, = Z:("’ = ~~, wherein D = Z — (i -1j) is a normalization
D (i,))e0

factor, and wherein  comprises pairs of data (i, j) meeting one or more
predetermined conditions.
The method according to claim 18, wherein the neural network is used to predict the
recurrence of cancer and wherein the pairs of data comprise patients {1, j} and
wherein the predetermined coﬁditions comprise at least:

both patients i and j have experienced recurrence and the recurrence

time t; of patient i is shorter than the recurrence time t; of patient j; and
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21.

22.

23.

24,

25.

patient 1 has experienced recurrence and t; is shorter than patient j’s
follow-up visit time t;.
The method according to claim 19, wherein the neural network is used to predict the
recurrence ot cancer and wherein the pairs of data comprise patients {i, j} and
wherein the predetermined conditions comprise at least:
both patients 1 and j have experienced recurrence and the recurrence
time t; of patient i 1s shorter than the recurrence time t; of patient j; and
patient 1 has experienced recurrence and t; is shorter than patient j’s
follow-up visit time t;.
Computer readable media comprising computer instructions for allowing a computer
system to perform a method for predicting recurrence of cancer in a patient, the
method comprising estimating the probability that cancer will recur within a shorter
period of time 1 a patient with a higher prognostic score than a patient with a lower
prognostic score, wherein estimating comprises conducting pair-wise comparisons
between prognostic scores for patients i and j, using a neural network trained using an
objective function comprising a function C substantially in accordance with an
approximation of the concordance index.
The computer readable media of claim 22, wherein using a neural network comprises
using a neural network trained using an objective function comprising a function C
substantially in accordance with a derivative of the concordance index.
The computer readable media of claim 22, wherein using a neural network comprises
using a neural network trained using an objective function comprising a function C
that allows for the use of censored data in the training.
The computer readable media according to claim 22, wherein the function C

Z(i, $eQ R(Z: ’Ej )
X

comprises C = , Wherein €2 comprises pairs of patients {i, j} meeting

one or more predetermined conditions.
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26.  The computer readable media according to claim 22, wherein the function C

o —(a“f).R(Ezs?) A
Z(l,j)EQ J J , wherein D = Z—- (l‘; ~Z‘j) 1S a
D (i,/)eQ

comprises C =

normalization factor, and 2 comprises pairs of data (i, j) meeting one or more
predetermined conditions.
27.  The computer readable media according to claim 25, wherein the predetermined
conditions comprise at least:
both patients 1 and j have experienced recurrence and the recurrence
time t; of patient 1 is shorter than the recurrence time t; of patient j; and
patient 1 has experienced recurrence and t; is shorter than patient j’s
follow-up visit time t;.
28.  The computer readable media according to claim 26, wherein the predetermined
conditions comprise at least:
both patients i and j have experienced recurrence and the recurrence
time t; of patient i is shorter than the recurrence time t; of patient j; and
patient 1 has experienced recurrence and t; is shorter than patient j’s
tollow-up visit time t;.
29.  Computer readable media comprising computer instructions for training a neural
network having weighted connections, the method comprising:
Inputting input training data into the neural network:
processing, by the neural network, the input training data to produce
an output;
determining an error between the output and a desired output
corresponding to the input training data;
rating the performance of the neural network using an objective
function, wherein the objective function comprises a function C substantially

in accordance with an approximation of the concordance index; and
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30.

31.

32.

33.

34.

adapting the weighted connections of the neural network based upon
results of the objective function.
The computer readable media according to claim 29, wherein rating the performance
of the neural network comprises rating the performance of the neural network using
an objective function, wherein the objective function comprises a function C
substantially in accordance with a derivative of the concordance index.
The computer readable media according to claim 29, wherein rating the performance
of the neural network comprises rating the performance of the neural network using
an objective function, wherein the objective function comprises a function C that
allows for the use of censored data in the training data.
The computer readable media according to claim 29, wherein the function C
(f,j)eQR(Ef’ff)
<

comprises C = , and wherein 2 comprises pairs of data (i, j) meeting

one or more predetermined conditions.

The computer readable media according to claim 29, wherein the function C

B (7 —f.)oR(ff,f.) A A
Z(I,_])EQ J / ) whereimn D = Z—' (tz - t_;) 1S a
D (i,/)€Q

comprises: C, =

normalization factor, and wherein Q comprises pairs of data (i, j) meeting one or ,

more predetermined conditions.

The computer readable media according to claim 32, wherein the neural network is
trained to predict recurrence of cancer, the pairs of data comprise patients {i, j} and

wherein the predetermined conditions comprise at least:

both patients 1 and j have experienced recurrence and the recurrence
time t; of patient i is shorter than the recurrence time t; of patient j; and
patient 1 experienced recurrence and t; is shorter than patient j’s

follow-up visit time t;.
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33.

The computer readable media according to claim 33, wherein the neural network is
trained to predict recurrence of cancer, the pairs of data comprises patients {i, j} and
wherein the predetermined conditions comprise at least:
both patients 1 and j have experienced recurrence and the recurrence
time t; of patient 1 is shorter than the recurrence time t; of patient j; and

patient 1 experienced recurrence and t; is shorter than patient j’s

tollow-up visit time t;.
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Figure 2: The comparison of survival curves for the
high-risk and low-risk patient groups between NN;
and NNym. Note that the low risk group of NNin
consists of 84 patients because of tied scores.

2/7



CA 02557716 2006-08-25

WO 2005/086068 PCT/US2005/006241
“0 11 1.1 | d i I | | I 4 Li_k L i y_1
.11 1 Lt i
l — NNd Low=FRigk { 33 Plz, 33 Recurrence=Free)
0.9 ‘ | L 1 S I | S N |
1 — NNae Low==Rizk { 32 Pig, 30. Recurrence—=Free)
¢.8
i
£ 0.7 . o
| — NN2e High=Rsk (132'Pls, 22'Recurrence==Free):
L \ T T A S . I
O
EE 0.6
s — NNci Hgh=Rigk { 32 Pts, 20 Recutrence=Free)
O 0.5
c 1
5 l
- 0.4
E {
5
o 0.3
.
0.2 NNGi Low= ve High=FRisk: p < 00001
] NNae Low= ve High==Rick: p = Q.01
0.1 {
0.0l | | !
| I ] :
0 20 40 60 80 100 120 140

MONTHS FROM SURGERY

Figure 3: The comparison of survival curves for the
high-risk and low-risk patient groups between NNg;
and NN...

3/7



CA 02557716 2006-08-25
WO 2005/086068 PCT/US2005/006241

S 11| 1] L1 S A ¢ . ]

—‘_— | 1 = NNci Low=Figk { 33 Ptg, 33 Recurretce~Free)
0.9 | i S B 114 11 Ly i | 11 t
_]Ll i - | — SVRc Low==Rigk (33 Ptz, 30 F{ecurrence-Free)
| P | I DR I |

0.8 | | LL
0 ?..... } | IR | 1l 1

— SYRe High=—Fick (32 Pt§, 21 Recurrence~Free)

. 1
0.6 l
] 11 S SR ~d 1

— NN¢i th—Rfek ( 32 Ftg, 20 Becurrenicemfree)

PROPORTICON RECURRENCE--FREE

0.5
0.4
0.3
0.2 NNe¢i Low== v= High=Risk: p < 00001
$WRe Low= vo High=Risk: p = 010

0.1
0.0 - - S B | 7 - | — ]

| R S — ] | | | T

0 20 40 60 80 100 120 140

MONTHS FROM SURGERY

Figure 4: The comparison of survival curves for the
high-risk and low-risk patient groups between NN¢;

and SVRc.

4/7



CA 02557716 2006-08-25
WO 2005/086068 PCT/US2005/006241

il i i Lt | I R { |

— NNei Low=Higk { 33 Ple, 33 Recurrehce~Frexe)

YN DU SR IO R W L e v 3 SR B BN

— Cox Low=FRick (32 Pts, 30 Becurrence=Ffreea) |

L |
0.8

0.7~ ‘
' 1 ! 1)
0.6 I
: 1

0.5

- qu ngh-ﬁpk { 32Pl,a” 21 Recurrence=—Fré-e)
Pt e e e e H
— NNci High=Rigk ( 32 Pts, 20 Recurrence=Fr-«e)

0.4~

PROPORTION RECURREMCE-~FREE

0.3
0.2~ NNci Low== ve High=HRick: p < 00001
Cox Low= ve High=Rick: p = 001
0.1~
0.07 ! i -  A—— — ] ‘ - — I -
| I | | " T
0 29 40 60 g0 100 120 140

MONTHS FROM SURGERY

Figure 5: The comparison of survival curves for the
high-risk and low-risk patient groups between. NN;
and the Cox model.

S/7



CA 02557716 2006-08-25

PCT/US2005/006241

WO 2005/086068

‘epowr NN
O[]} WIOJ] 9J02S 93} U0 poseq WeISOWOoU Y :9 9INnsI

L'0 €0 G0 L0 80 60 G690 860 660

T S NI SN U NS E— R—— "JOJd 93l INODY A~/

00l 06 08 04 09 0G 44 0¢ 8 Ol 0

OLS 290G ¢c0S 121574 14°1% Q6 o8V
_ oy { ) _ 1 [ _ t O S R a2100S NN
A N A ¥ ¥ r SN Sntt S I T | S SR SN AR WHC._.OQ

001 06 08 04 0% 0% OV Ooc Oc Ol O

6/7



CA 02557716 2006-08-25

WO 2005/086068

DATA

PCT/US2005/006241

705

715

Y

NEURAL NETWORK
710

720

TRAINING
ALGORITHM
750

DESIRED OUTPUT

Y

ERROR
FUNCTION
730

FIG. 7

OBJECTIVE
FUNCTION
740

7/7



DATA

705

715

Y

NEURAL NETWORK

710

TRAINING
ALGORITHM
750

{20

DESIRED OUTPUT

Y

ERROR
FUNCTION
730

OBJECTIVE
FUNCTION
740




	Page 1 - abstract
	Page 2 - abstract
	Page 3 - abstract
	Page 4 - abstract
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - claims
	Page 24 - claims
	Page 25 - claims
	Page 26 - claims
	Page 27 - claims
	Page 28 - claims
	Page 29 - claims
	Page 30 - claims
	Page 31 - drawings
	Page 32 - drawings
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - drawings
	Page 37 - drawings
	Page 38 - abstract drawing

