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SYSTEM AND METHOD FOR REAL-TIME
FEATURE SENSITIVITY ANALYSIS BASED ON
CONTEXTUAL INFORMATION

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application Serial No. 60/425,800, filed on Nov. 13,
2002, which is incorporated by reference herein in its
entirety.

TECHNICAL FIELD

[0002] The present invention is directed to a system and
method for real-time feature sensitivity analysis based on
contextual information, and more particularly, to a system
and method for real-time feature selection of measurements
to be taken during a medical testing procedure based in part
on contextual information in order to accurately diagnose a
medical condition.

BACKGROUND OF THE INVENTION

[0003] Active object recognition or active vision (or as
called in robotics, active sensing/localization/navigation)
deals with a specific object or scene, searching for the next
action, operator, or viewpoint, to optimize some objective
function. Although these topics are intimately related to
feature selection in machine learning, two key issues raised
in the latter field have not been consciously considered by
the former, namely, the necessity of an induction algorithm,
and the possibility of complex feature interactions (e.g.,
in-class dependencies).

[0004] As aresult, an active vision system based on ad hoc
heuristics may fail to fully reveal potential feature contri-
butions. For example, most existing systems implicitly
assume feature independence (which translates to viewpoint
independence for object recognition using an active cam-
era). However, in many cases two or more views are
required to discriminate one class of objects from others.

[0005] Much research in active vision and robotics has
used similar heuristics for active selection of best features.
Some techniques include using reduction of entropy to guide
the selection of viewpoints, optimal sensor parameter selec-
tion for iterative state estimation in static systems by maxi-
mizing mutual information, and information gain-based
selection of “imaging operators”, taking into account also
operation costs. However, none of the above techniques
formally addresses the role of an induction algorithm for
feature analysis as well as the issue of feature interaction.

[0006] Feature selection for classification has recently also
been very active. Feature selection is essentially a search for
the most sensitive feature subset for the purpose of improved
classification accuracy and a significantly reduced feature
set. However, existing feature selection paradigm does not
deal with a specific test input or case-in-question along with
a context. Furthermore, many known feature selection tech-
niques do not use an induction algorithm for feature analysis
or address the issue of feature interaction.

[0007] One traditional class of feature selection tech-
niques uses a filter model that treats feature selection solely
as a preprocessing step for later induction algorithm design.
Recent feature selection techniques use a wrapper model
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that performs cross validation using an induction algorithm
on the training set. There have also been efforts to link these
two models. However, these algorithms are not directly
applicable for conditional feature sensitivity analysis.

[0008] For example, the wrapper approach relies on cross
validation but oftentimes sufficient training samples do not
exist to cross-validate in the neighborhood defined by the
context especially when more than a few features have been
measured; on the other hand, most variants of the filter
approach do not address the context issue, and often ignore
the induction algorithm altogether. Consulting an induction
algorithm is necessary during the course of feature evalua-
tion, because the most sensitive feature is not necessarily the
one that leads to the most variability in labels (which may
lead to minimal empirical error on the training data but large
error on test data); the best feature shall lead to the most
systematic and predictable variability in labels. The present
invention combines the essence of both the wrapper model
and the filter model and puts an explicit emphasis on the
modeling of contextual features.

[0009] For example during an echocardiograph exam, the
number of possible measurements is in the hundreds, but a
typical echocardiograph exam in the United States only
contains about ten different measurements on average. The
appropriate selection of additional measurements requires
extensive training and field experience and is therefore
subjective and error-prone. It would be very helpful if a
machine could provide context-sensitive real-time guidance
as to what additional feature(s) should be measured for the
current case. A feature sensitivity analysis module also
provides a way to reduce medical costs by identifying a
minimal number of measurements that need to be performed
to provide a proper medical diagnosis.

SUMMARY OF THE INVENTION

[0010] The present invention is directed to a method for
assigning feature sensitivity values to a set of potential
measurements to be taken during a medical procedure of a
patient in order to provide a medical diagnosis. Data is
received from a sensor that represents a particular medical
measurement. The received data and context data are ana-
lyzed with respect to one or more sets of training models.
Feature sensitivity values are derived for the particular
medical measurement and other potential measurements to
be taken based the analysis, and the feature sensitivity values
are outputted.

[0011] The present invention is also directed to a system
for assigning feature sensitivity values to a set of potential
measurements to be taken during a medical procedure of a
patient in order to provide a medical diagnosis. A medical
sensor provides data pertaining to medical measurements
taken of a patient. A processor connected to the medical
sensor receives the data from the medical sensor and context
data relating to the patient. The processor analyzes the
sensor data and context data and determines feature sensi-
tivity values for a set of potential measurements to be taken
by the sensor. A display device displays the sensor data and
feature sensitivity values.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] Preferred embodiments of the present invention
will be described below in more detail, wherein like refer-
ence numerals indicate like elements, with reference to the
accompanying drawings:
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[0013] FIG. 1 is a block diagram of a system for imple-
menting a method for conditional feature sensitivity analysis
in accordance with the present invention,

[0014] FIG. 2 is a functional block diagram illustrating
the overall process for conditional feature sensitivity analy-
Sis;

[0015] FIG. 3 is a graph depicting the training models
used to determine if a patient has DCM; and

[0016] FIG. 4 is an exemplary display screen showing
image and feature sensitivity data in accordance with the
present invention.

DETAILED DESCRIPTION

[0017] The present invention is directed to a method for
assigning feature sensitivity values to a set of potential
measurements to be taken during a medical procedure in
order to select those measurements having the highest
feature sensitivity thereby achieving a proper medical diag-
nosis with a minimal number of measurements being taken.
Feature selection is essentially a search for the most sensi-
tive feature subset for the purpose of improved classification
accuracy and a significantly reduced feature set. The present
invention addresses feature selection that further includes a
specific test input or case-in-question along with a context.
For any given medical diagnosis, all features for a given case
are presumed to be uncertain but to different degrees-a
measured feature (e.g., the visible patterns from the current
camera angle) contains lower uncertainty, while a missing
feature (e.g., the unseen or self-occluded parts of an object)
has maximal uncertainty. Then, the question is: “given an
induction algorithm, a labeling on a training set, and some
contextual information for the case-in-question, what is the
relative sensitivity for all features?” In other words, if more
measurements are taken, either on unmeasured features, or
to increase the accuracy of measured features, what addi-
tional measurements should be taken? The present invention
is directed to how to evaluate the importance or sensitivity
of the features or measurements, as well as how to deal with
uncertainty in the contextual features, which will be
described in more detail hereinafter.

[0018] FIG. 1 illustrates an exemplary architecture of an
echocardiograph system that uses a method for identifying
conditional feature sensitivity in accordance with the present
invention. A medical sensor 102, such as an ultrasound
transducer is used to perform an examination on a patient.
The sensor 102 is used to obtain medical measurements
consistent with a particular medical examination. For
example, a patient experiencing heart problems may have an
echocardiogram performed to help diagnose the particular
heart ailment. In such an instance, the medical sensor 102
may be an ultrasound transducer. An ultrasound system
provides two- or three-dimensional images of the heart from
various perspectives.

[0019] The present invention will be described in detail in
the context of performing an echocardiogram examination.
However, it is to be understood by those skilled in the art that
the present invention can be used in conjunction with other
medical examinations such as, but not limited to, breast
cancer detection examinations, prenatal ultrasound exami-
nations or another type of medical examination in which a
diagnosis is being determined.
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[0020] The information obtained by the sensor 102 is
communicated to a processor 104 which may be a worksta-
tion or personal computer. The processor 104 converts the
sensor data into an image that is communicated to display
108. The display 108 may also communicate other graphical
information or tables of information relating to the image. In
accordance with the present invention, the processor 104 is
also provided with context data which is used in conjunction
with the sensor data to determine what, if any, further
measurements need to be taken by the sensor 102 in order to
provide a proper medical diagnosis.

[0021] As will be described in greater detail hereinafter,
context data can originate from a number of sources of
information including, but not limited to, vital statistics,
patient symptoms and available test data. Vital statistics can
include such information as a patient’s height, weight, age,
blood pressure measurement, or any other personal medical
data that is pertinent to the particular medical examination
being performed. Patient symptoms can include, for
example, indications of pain, such as chest pain, shortness of
breath, detection of a foreign mass in an area of tissue,
labored breathing, poor circulation, unexplained weight loss
or gain or any other symptom that would be material to a
particular medical examination. Available testing data can
come from a baseline scan, preliminary blood work or any
other test that would be material to a particular medical
examination, and the data from sensor 102 during the current
examination. Testing data can also include test results or
medical measurements taken from a patient’s prior medical
examinations or procedures. Furthermore, context data may
also include data pertaining to the ultrasound or other
medical diagnosis system. For example, context data may
include the type of exam being taken, various system
settings and view settings.

[0022] Upon receipt of the data from the medical sensor
102, the processor 104 retrieves training models from a
database 106 in order to perform feature sensitivity analysis
as will be described in greater detail hereinafter. In addition
to data from the medical sensor, the processor 104 may also
receive other data inputs. For example, the processor may
receive data from the technician or physician performing the
medical procedure. The processor 104 may also receive
other measurements or system data to be considered during
the feature sensitivity analysis. The training models contain
a collection of data measurements relating to one or more
particular medical conditions. For example, the database
may contain a plurality of distribution data points relating to
the likelihood of a patient having Dilated Cardiomyopathy
(DCM) or a normal heart condition (nonDCM). Such data
may include measurements pertaining to the size of the
heart, the thickness of the heart walls and the level of blood
flow to and from the heart.

[0023] FIG. 3 illustrates a graph that represents a distri-
bution of training models indicating the probability of DCM.
The vertical axis 302 represents Left Ventricle Dimensions
(LVD) in millimeters (mm) and the horizontal axis 304
represents the patient’s height in meters (m). A training
model distribution 306 indicates those measurements that
signify a high probability of DCM and a second training
model distribution 308 indicates those measurements that
signify a high probability of nonDCM.

[0024] Consistent with FIG. 3, for a patient with a height
of 1.5 m to 1.7 m and an LVD of 5056 mm, the patient
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should definitely be re-measured more precisely for a sure
diagnosis. This is because the patient has a somewhat high
probability of having DCM. However, the same LVD value
range is adequate and should not be a sensitive concern at all
for a person taller than 2 m. Also, the VD measurement will
not be a sensitive measurement for a 1.1 m child because
then it is almost certain a DCM case.

[0025] Other information may be included in the database
106 as well including image data that represents a particular
medical condition (e.g., images of hearts that have various
types of DCM) as well as other groupings of data that may
be useful in achieving a correct medical diagnosis.

[0026] FIG. 2 illustrates a flow diagram that illustrates the
real-time guidance of the measurement process during a
particular medical examination. The conditional feature sen-
sitivity analysis module 210 takes as inputs all the available
information about the case in question 202 (both missing
and uncertain features) together with the class models 204
(e.g., likelihood maps) provided by a given induction algo-
rithm. The output is a list of sensitive features 208 that
provides a list of additional measurements 212 that should
be measured next, to maximally reduce uncertainty in clas-
sification.

[0027] Referring back to FIG. 1, once a particular mea-
surement has been taken and the feature sensitivity analysis
performed, the output is provided on display 108. An
exemplary display screen is shown in FIG. 4. The screen
includes an ultrasound image 402 created based on data
received from the medical sensor 102 which displays views
of the heart from which Left Ventricle End Diastolic (LVED)
dimension measurements can be made. LVED provides an
indication of the size of the heart. Also included in the screen
is a graphic 403 that provides the probability of DCM vs.
nonDCM as well as an indication of measurements 408 that
have been taken or can be taken and the corresponding
sensitivity value 410 for each measurement.

[0028] In accordance with the present invention, the sen-
sitivity value provides an indication of the importance of a
particular measurement for determining a correct medical
diagnosis. For example, as illustrated in FIG. 4, the LVED
measurement is 7.6 which indicates a high probability of
DCM. The sensitivity values indicate that other measure-
ments are recommended being taken that include the Left
Ventricle End Systolic (LVES) dimension, as well as the
wall thickness (septal wall, posterior wall) and the Ejection
Fraction (EF).

[0029] A technician or doctor who is viewing this screen
can then determine, depending upon the known facts regard-
ing the patient, whether these additional measurements need
to be taken. If any of these subsequent measurements are
made, the graphic 403 is updated both with the DCM/
nonDCM probability as well as re-calculate the feature
sensitivities for the measurements. By performing these
feature sensitivity analyses, the technician or doctor is able
to achieve a correct medical diagnosis by performing both
the “best” measurements and the fewest number of mea-
surements.

[0030] An exemplary system for real-time diagnosis sup-
port in echocardiography with optical flow-based contour
tracking for calculating heart volume, ejection fraction, and
ischemia regions, etc. will now be described in conjunction
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with FIG. 4. The exemplary system uses a database with
about 2000 echocardiography videos, labeled by medical
expert into different types and stages of cardiomyopathies.
As discussed above, FIG. 4 shows the system at work for
diagnosing DCM or nonDCM: after LVED (left ventricle
end diastolic dimension) is measured to 7.6 cm (95% th
percentile of healthy heart is <5.8 cm), the system outputs a
probability of DCM at 86.2%, but recommended further
measurements on LVES (LV end systolic dimension), wall
thickness, EF (ejection fraction), etc., in that order.

[0031] If the doctor or technician decide to do a further
measurement (e.g., LVES), the feature sensitivity analysis is
recalculated and new sensitivity values are determined as
well as new probability values of DCM vs. nonDCM based
on the additional measurement. For each additional mea-
surement that may be performed, the outputs are again
recalculated. Based on the resulting probability results, the
doctor or technician can determine if further measurements
are required or if a proper medical diagnosis has been
achieved.

[0032] For DCM vs. nonDCM, LVED is the most sensitive
feature given no context. Subsequent feature sensitive order-
ing is case or context-dependent, assuming nonlinear class
boundaries. In an embodiment of the present invention, once
the doctor or technician has completed those measurements
which he or she believes are necessary to achieve a proper
medical diagnosis, the data may be added to the data base to
further update the training models.

[0033] The present invention is directed to how to deal
with uncertainty with respect to the contextual features.
Consistent with the above, from an algorithm viewpoint, a
feature with uncertainty models both a missing feature and
a measured feature. In other words, all features will be
treated as uncertain features, with different degrees of uncer-
tainty. As such, a case S has a measurement vector Z with M
features, each of which has a prior distribution p,(z) over the
whole population, a true value z for the current case, and a
posterior distribution p(z) after a measurement operation.
The ultimate goal is probabilistic classification, i.¢., given a
case S;, to obtain probabilities of its membership in all
classes: {P(C;=c,), P(C;=c,), . . ., P(C;=cg)}, where ¢, k=1,
2, ..., K, are the class labels.

[0034] The symbol y represents the feature under current
study, {y} = Z. Without loss of generality we will assume y
is 1-D for simplicity unless otherwise noted. The remaining
features are represented by a vector X, X=Z\{y}. The current
features are referred to as y, and the contextual features as X.
Context—i.e., what we know about the current case—is
denoted by y and T, representing the distributions of X and
y, respectively. The expression “yel” means “y has a dis-
tribution C” or “y is restricted to T.” A particular sample
drawn from C” is denoted by y;; and from i, x;. Note that
when y is in 1-D, x; is a (N-1)-dimensional vector. The
lowercase x (without a subscript) is used to represent a
subset of Z.

[0035] A prerequisite for what is described hereinafter is a
way to deal with missing or uncertain features for both
training and testing. A principled way of treating a missing
feature is to sample (for training) or integrate (for testing)
over its value range (or, its conditional distribution), an idea
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that parallels the EM and Bayesian treatments of missing
data. A traditional formulation is as follows:

f PX.YAC=c | X pdxdy P

PC=ci X ey yel= 22

PXeyx yed

[0036] P(C|X, y) is obtained from the classifier. An esti-
mation of the joint distribution of the features, P(x, y) is also
required. It is assumed that a likelihood function is available
for every class in the original feature space P(X, y|C) (these
can be approximated efficiently), joint distribution is implied
and the following formula is used:

P(C:ck)ffP(X.y\C:ck)dXd)f @
Xy

PC=cqlXeyyed=
D PC=clf [P,y C=codxdy
k

[0037]
class.

[0038] The concept of conditional feature sensitivity is
defined as follows: Given the context {ex*, yeC} for the case
in question, further measurement of which feature(s) can
maximally reduce uncertainty in classification? Although
other criteria exist, the best gauge for uncertainty is entropy.
The reduction of entropy is the mutual information or
information gain. Indeed, if one only considers the class
label C and the current feature y, maximizing information
gain corresponds 1o minimizing conditional entropy and this
in turn minimizes a bound on classification error according
to Fano’s inequality.

[0039] With contextual information coming into play,
mutual information between C and y alone cannot in general
reveal the potential information gain; and one shall appeal
only to the information gain criterion for the right answer.
Since we have uncertainty in the contextual features, it is not
a trivial task to formulate an information gain strategy
directly. Based on different treatments of contextual uncer-
tainties, the present invention incorporates three models: a
mean imputation model, an integral model, and a sample-
expectation model; or M-model, I-model, and S-model,
respectively.

[0040] The M-model provides the most straightforward
treatment. It assigns the mean values to the contextual
features while working on the current feature. The informa-
tion gain of y, IG,, is defined as:

Here P(C=c,) is the prior probability of the kth

IG,(C,X =%, yel)= @
H(CIX=7,y€§)—fP(yIX=T)H(CIX=1y)dy
e

where @
HC|X =%, yel)=

-~ PC=el X =T yellogPC=ci|X =% yed)
k

Jul. 8, 2004

-continued
and ®

P(C=Ck)fP(X=1y|C=€;;)07y
4

PC=ci|X=%yel=
D PC=c)[PX =%y C=cody
k

[0041] The M-model is the simplest and it is very efficient.
It can be practically very useful in the following scenario:
when all measurements are done (with a mean value and a
small variance), the doctor wants to know which feature is
more sensitive than others, i.e., whether perturbations (due
to, say, human or machine error) in one feature will cause
more fluctuation in the final diagnosis than those of other
features. However, M-model did not utilize all the statistical
information available.

[0042] The Integral Model (I-Model) considers the full
range of the contextual features:

IGC, Xey,yeld)= (©)

H(C|X ex,yEZ)—fP(leEX)H(CIXEX,y)dy
/1

where @)
HC|Xeyx,yed)=

—ZP(C:ck |Xey,yellogPC=ci | X € v,y €0)
£

[0043] Here, P(C|Xey, yel) is evaluated according to the
likelihood sampling strategy discussed above. H(C|Xey, v)
is defined in a similar fashion. The conditional probability
can be expressed in terms of the likelihood as follows:

Py, X € ) ®
RXey

ZP(C:ck;;P(y, XeyxlC=c)
k

PylX ey =

" JZAC= oy X e x| C=eody

ZP(C= CA)fP(y, X[C=cldX
X

k

Y PC=e [ Py X1 C= c)dXdy
4 X
k

[0044] IG, is now expressed in terms of P(y, X|C), the
prior distributions obtained through the generative classifier,
and P(C), the prior probability for each class. All the
integrals can be estimated either analytically if closed-form
models are available, or by sampling within the uncertain
range. In terms of sampling, randomized sampling is pre-
ferred to a deterministic sampling for the serendipity that
could be brought forth in the randomness; in other words,
random sampling has the capability of capturing unexpected
irregularity in distributions.
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[0045] An example of an efficient sampling-based integral
algorithm, CFS-I is shown below:

For every feature of interest y:
Py=0;Sum_Hy=0:1,=0,k=1,.. ,K
For every sample of y, y;:
Lyg=0,k=1,..,K
For every sample of X, X;:
Accumulate Ly; i += P(Xy; | C = ¢);
Calculate Bayesian posterior, Py, from Ly,
Calculate Entropy Hy; over Py

Calculate p,, = Z Ly kP(C = cy);
X

Accumulate Sum__Hy, += Py H;
Accumulate (marginalize): p, += Py;
Accumulate Ly += Ly, i
Calculate Bayesian posterior, Py, from Iy
Calculate Entropy H, over Py;

Calculate information gain: IG, = Hy-Sum__H,,/P,.

[0046] For the Sample-Expectation Model (S-model), the
question to answer for the current feature is: “assuming that
we knew the context, on average how much information
could we gain from measuring the current feature?” The
formula is:

EIG,x(C, X € y,yel)=Ex[IG,(C, X, ye )] e

:fP(leeg”)IGy(C. X,yeddX
X

:fP<X|.ve§>(H<C|X,ye§>—
X

f Py XHIC| X, pdy)dX

4

[0047] An exemplary sampling-based implementation,
CES-S, is shown below:

For every feature of interest y:
Py =0; Accu_IG, =0;
For every sample of X, X;:
Pe=0;Sum_Hy=0;14=0,k=1,...,K
For every sample of v, y,:
Caleulate Ly, = P(Xp,y; | C = ¢);
Calculate Bayesian posterior, Py, from Ly
Calculate Entropy Hy, over Poyy;

Calculate py, = Z Ly P(C = ek
k

Accumulate (i.e.. marginalize): Py += Py
Accumulate Sum_ Hy, += PyHy:
Accumulate Ly += Ly

Caleulate p,; = Z LiP(C =k
X

Accumulate (i.e., marginalize): Py += Py;
Calculate Bayesian posterior, P, from L;
Calculate Entropy Hy over Py;
Accumulate the information gain:
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-continued

WeightedSurn_IGy += Pxf(Hy—Sum_Hy]PX).
IGy = WeightedSum_IGy/Py.

[0048] The sample-expectation model can also be defined
more generally but in a similar fashion in the form of EIG,,,
where x is only a subset of X.

[0049] The present invention devises a testing scheme that
combines outputs from multiple models to expose compli-
cated feature dependencies. By examining the outputs of
both the I-model and the S-model different feature sensi-
tivities or relevance scenarios are detected. The following
table shows an example for two features, x and y:

TABLE 1

An example for joint analysis of two features

Relevant

IG, IG, EIGy, EIGy, IG, features Notes

0 0 0 0 0 — X, y: weak or no

0 0 + + + X,y  Both strong, e.g.,
C =xPy

0 + 0 + + y y: Strong;
x: weak or no

+ 0 + 0 + X X: Strong; y:
weak or no

+ + 0 0 + x,y  Bothweak, e.g.,
x = f(y)

+ + + + + X,y  Both strong

[0050] Tt is worth noting that for the first five columns in

Table 1, only three columns need to be calculated. Joint
analysis of two features can only expose dependency involv-
ing less than three features. In case there are dependencies
between more than two features, joint analysis of more than
two features must be considered.

[0051] For example, if C=xy@Pz, and we have another
three redundant features, x'=x, y'=y, and z'=z, analyzing two
features at a time and we will arrive at the first row of Table
1. Only joint three-feature analysis such as I1G,  , can reveal
the contributions of x or x', y or y', and z or z'.

[0052] An easy implementation for IG, , or EIG, | is

through nested calls to the single-feature IG function. For
example,

IGye = IG + ElGgx = IG, + ) PU)Gygoms; (11)

=IG, + Z PU)UIG e, + ElGyes )

=IG, + Z P(;)

i

=IG, + ZP(Xi)[[G}XA[ + Z szj:'Iszx;.yyj]
i

1G oy + D POy _”J.]
4

(12)
[0053] The present invention uses an induction algorithm

that can learn probabilistic models from the training data.
We use kernel discriminant analysis combined with genera-
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tive modeling for this purpose. The kernel discriminant has
been shown to have comparable performance as SVM. In
addition, it can provide a low dimensional, non-linearly
transformed subspace, in which simple probability models
can be built. We use RBF kernel with an empirically
determined spread.

[0054] Tt is often necessary to expect missing feature
values in the training data during a medical diagnosis. Data
imputation is applied through sampling to fill in missing or
uncertain values for feature(s) y, based on p(y[x) where x
represents the remaining features with known values. The
term p(y|x) is estimated using the training set. Robust
estimates are used to reduce the influence of outliers.

[0055] Having described embodiments for method for
determining feature sensitivity during a medical examina-
tion, 1t is noted that modifications and variations can be
made by persons skilled in the art in light of the above
teachings. It is therefore to be understood that changes may
be made in the particular embodiments of the invention
disclosed which are within the scope and spirit of the
invention as defined by the appended claims. Having thus
described the invention with the details and particularity
required by the patent laws, what is claimed and desired
protected by Letters Patent is set forth in the appended
claims.

We claim:

1. A method for assigning feature sensitivity values to a
set of measurements to be taken during a medical procedure
of a patient in order to provide a medical diagnosis, the
method comprising:

receiving data from a sensor representing a particular
medical measurement;

analyzing the received data and context data with respect
to one or more sets of training models;

deriving feature sensitivity values for the particular medi-
cal measurement and other measurements to be taken
based on the analysis; and

outputting the feature sensitivity values.

2. The method of claim 1 wherein the medical procedure
is an echocardiogram examination.

3. The method of claim 1 wherein the context data
comprises vital statistics relating to the patient.

4. The method of claim 3 wherein the vital statistics
include the patient’s age.

5. The method of claim 3 wherein the vital statistics
include the patient’s height.

6. The method of claim 3 wherein the vital statistics
include the patient’s weight.

7. The method of claim 3 wherein the vital statistics
include the patient’s blood pressure measurements.

8. The method of claim 1 wherein the context data
comprises the patient’s symptoms.

9. The method of claim 8 wherein the symptoms include
indications of pain.

10. The method of claim 8 wherein the symptoms include
shortness of breadth.

11. The method of claim 1 wherein context data comprises
baseline test data for the patient.

12. The method of claim 1 wherein the medical sensor is
an ultrasound transducer.
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13. The method of claim 12 wherein the received data is
image data.

14. The method of claim 1 wherein the analyzing step
further comprises the step of:

analyzing the received data, context data and training
models using an integral model.
15. The method of claim 1 wherein the analyzing step
further comprises the step of:

analyzing the received data, context data and training
models using a sample expectation model.
16. The method of claim 1 wherein the analyzing step
further comprises the step of:

analyzing the received data, context data and training

models using both an integral model and a sampling
expectation model.

17. The method of claim 1 wherein the step of outputting

the feature sensitivity values further comprises the step of:

providing an indication of a probability for one or more
medical diagnosis; and

providing a listing of potential measurements wherein a
feature sensitivity value is assigned to each potential
measurement.

18. The method of claim 17 further comprising the steps

of:

receiving input representing a selection of one or more
potential measurement for which measurements are to
be taken;

receiving data from the medical sensor corresponding to
the selected one or more potential measurements;

analyzing the received data for the one or more potential
measurements, data corresponding to any prior mea-
surements and context data with the training models;

deriving feature sensitivity values for the set of potential
measurements; and

outputting the feature sensitivity values.

19. The method of claim 1 wherein a user uses the
outputted feature sensitivity values to assist in making a
medical diagnosis.

20. The method of claim 1 wherein the outputted feature
sensitivity values are provided in real time.

21. A system for assigning feature sensitivity values to a
set of potential measurements to be taken during a medical
procedure of a patient in order to provide a medical diag-
nosis, the system comprising:

a medical sensor that provides data pertaining to medical
measurements taken of a patient;

a processor connected to the medical sensor, the processor
receiving the data from the medical sensor and context
data relating to the patient, the processor analyzing the
sensor data and context data and determining feature
sensitivity values for a set of potential measurements to
be taken by the sensor; and

a display device for displaying the sensor data and feature
sensitivity values.

22. The system of claim 21 further comprising a database

associated with the processor, the database including a set of

training models that are compared to the context data and
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sensor data in order to obtain feature sensitivity values for
the set of potential measurements.

23. The system of claim 21 wherein the medical sensor is
an ultrasound transducer.

24. The system of claim 21 wherein the medical proce-
dure is an echocardiogram examination.

25. The system of claim 21 wherein the context data
comprises vital statistics relating to the patient.

26. The system of claim 25 wherein the vital statistics
include the patient’s age.

27. The system of claim 25 wherein the vital statistics
include the patient’s height.

28. The system of claim 25 wherein the vital statistics
include the patient’s weight.

29. The system of claim 25 wherein the vital statistics
include the patient’s blood pressure measurements.

30. The system of claim 21 wherein the context data
comprises the patient’s symptoms.
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31. The system of claim 30 wherein the symptoms include
indications of pain.

32. The system of claim 30 wherein the symptoms include
shortness of breadth.

33. The system of claim 21 wherein context data com-
prises baseline test data for the patient.

34. The system of claim 21 wherein a user uses the
determined feature sensitivity values to assist in making a
medical diagnosis.

35. The system of claim 21 wherein the determined
feature sensitivity values are provided in real time.

36. The system of claim 21 wherein context data com-
prises medical measurements from a patient’s prior medical
examinations.
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