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(57) Abstract: A turbine diagnostic machine learning system builds one or more turbine engine performance models using one or more
parameter or parameter characteristics. A model of turbine engine performance includes ranked parameters or parameter characteristics,
the ranking of which is calculated by a model builder based upon a function of AIC, AUC and p-value, resulting in a corresponding
importance rank. These raw parameters and raw parameter characteristics are then sorted according to their importance rank, and
selected by a selection component to form one or more completed models. The one or more models are operatively coupled to one or
more other models to facilitate further machine learning capabilities by the system.
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TURBINE BIAGNOSTIC FEATURE SELECTION SYSTEM

TECHNICAL FIELD
3601} The subject matter disclosed herein relates generally to feature selection, and,
more particularly, the optimization of selecting one or more turbine jet engine parameters

associated in one or more ways with a failure event.
BACKGROUND

3002} The loss of engine operation in an aircraft or most any critical piece of equipment
in a live operations setting offen can result in idle tme while an airplane 1s delaved at a gate
or on a tarmac. This loss of time can often result in one or more of many extraneous ¢osts
above a projected operating budget. Additional costs can appear in the form of incremental
maintenance costs, opportunity costs of not servicing a customer, downstream adjustments

made to subscquent tlight plans or the quality impact made to a brand.

[GB03] This loss of time hinges substantially on a maintenance team's abilities to correctly
diagnose a farlure event with respect to wdentifving a divect cause for the failure. The correct
identification of one or more performance parameters with respect to equipment fathure

ovents can directly indicate an equipment component or part that was cause for the failure.

10604} Such efforts to accurately link parameters to equipment failures are met with the
challenge of selecting parameters from an exceedingly large grouping of parameter
candidates. Current methods of feature selection result in a prohibitive amount of time lost

between a failure event and accurate parameter selection.

6605} The aforementioned deficiency of current feature selection methods within one or
more operations settings is merely imtended to provide an overview of some of the barriers of
current methods, rather than be fully comprehensive. Additional drawbacks of the current
state of the art and the subsequent benefits of the various non-limiting embodiments
described herein, may become further apparent upon review of the following detailed

description.
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SUMMARY

16006} The following presents a simplified summary of the disclosed subject matter in
order to provide a basic understanding of some aspects of the various cotboduments. This
summary 18 not an gxtensive overview of the various embodiments. It is intended neither to
wdentify key or critical elements of the various embodiments nor to delineate the scope of the
various embodiments. Its sole purpose is to present some concepts of the disclosure ina

streamiined form as a prelude to the more detailed description that 1s presented later.

[6607] One or more embodiments provide a system for selecting ong or more equipment
performance paramcters, or M'features”, is provided, comprising a raw parameter analyzer
configured to identify one or more characteristics associated with a set of raw parameters; a
model bualder that builds a classification model based on one or more characternistics or
parameters at a time of the set of raw parameters, computing Akaike Information Criterion
(AIC), Arca under Curve (AUC), and hypothesis acceptance as per alpha error, or p value; a
ranking component, that computes importance rank for respective raw parameters based on
the respective AIC, AUC, and p-vahue; a sorting component that sorts features based on
respective raw parameter importance ranking; and a selection component that selects N
features, N>1 based on the sorting fo utilize in connection with building the classification

model.

[GB08] Also, in one or more embodiments, a method for selecting one or more equipment
performance parameters is provided, comprising identifying, by a sysiem comprising at least
one processor, ong or morc characteristics associated with a set of respective raw
performance paramcters; building, by the svstem, a classification mode! based on one
parameter at a time of the set of raw parameters using computed Akaike Information
Criterion {AIC), Area under Curve {AUC) and hypothesis acceptance as per alpha error (p-
value): computing, by the system an importance rank for respective raw parameters based on
the respective computed AIC, AUC, and p-value; sorting, bv the svstem, one or more features
based on charactenistics of or direct values of raw parameters importance rankings; and
selecting, by the system, one or more features based on the sorted features based upon rank to

utilize in connection with building the classification model.

0609} Also, according to one or more embodiments, a non-transitory computer-readable

medium is provided having stored thereon mstructions that, in response to execution, causc a
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systern comprising at least a processor to perform operations, the operations comprising
identifying one or more characteristics associated with a set of respective raw parameters;
building a classification model based on one parameter characteristic or raw parameterat a
time of the set of raw parameters or parameter charactenstics using computed Akaike
Information Criterion (AIC), Area under Curve {AUC) and hypothesis acceptance as per
alpha error (p-value); computing an mmportance ranking for respective raw parameters or raw
parameter characteristics based on the respective computed AIC, AUC and p-value; sorting
features based on respective raw parameter or raw parameter characteristic importance
ranking; and sclecting one or more features based on the sorting to utilize in connection with

building the classification model.

6614} To the accomplishment of the foregoing and related ends, the disclosed subject
matter, then, comprises one or more of the features hereinafier more fully described. The
following description and the annexed drawings sct forth in detail certain ltustrative aspects
of the subject matter. However, these aspects are indicative of but a few of the various ways
in which the principles of the subject matter can be employed. Other aspects, advantages,
and novel features of the disclosed subject matter will become apparent from the folowing
detailed description when considered in conjunction with the drawings. It will also be
appreciated that the detailed desceription may include additional or alternative embodiments
bevond those described in this summary.

BRIEF DESCRIPTION OF DRAWINGS
[6611] FIG. 1is a block diagram of an example twrbine diagnostic feature selection
systent.
[6612] FIG. 2 15 a diagram iHlustrating computation of AIC, AUC, and p-values of one or
more raw parametors or raw parameter characteristics by the model builder.

03613} FIG 3 18 a diagram illustrating computation of AIC, AUC, and p-values of one or
more clusters of raw parameters or raw parameter characteristics by the chustening
component.

10614} FIG 4 13 a bisting of example functions for characterizing calculation of one or

more p-values or AIC of one or more raw parameters or raw parameter characteristics,

3
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381 5] FIG. 515 a graphical representation of the Area under a Curve, specitically a

receiver operating characteristic curve,

6616} FIG. 615 an example Receiver Operating Charactenistic (ROC) confusion matrix

demonstrating the graphical value of an ROC.

16617} FIG. 7 15 a diagram tHustrating an overview of calculation of interdependencies of

raw parameter or raw parameter characteristics by the interdependency component.

[6618] FIG. 8 is a diagram iHustrating an overview of caloulation of importance ranking
by the ranking componcut using an exaraple function to express importance ong or more of

raw parameters or raw parameter characteristics.

{6619} FIG. 9 15 a diagram iHustrating an overview of sorting based upon importance

ranking within an example feature model.

[6620] FIG. 10 1 a diagram dlustrating an overview of cross learning done by one or

more classification models coupled to other classification models

6621} FIG. 11 s a diagram illostrating an overview of a utility based analysis of

alternate decisions performed by the classification model.

3622} FIGs. 12A and 128 iltustrate a flowchart of an example methodology of model

building using a method of feature classification.
[6023] FIG. 13 13 an example of a computing environment.
DETAILED DESCRIPTION

3024} The subject disclosure 1s now described with reference to the drawings wherein
like reference numerals are used to refer to like elements throughout. In the following
description, for purposes of explanation, numerous specific details are set forth in order to
provide a thorough understanding of the subject disclosure. It may be evident, however, that
the subject disclosure may be practiced without these specific details. In other nstances,
el-known structures and devices are shown in block diagram form in order to facilitate
describing the subject disclosure.
[3625] Ag used m the subject spectfication and drawings, the terms “object,” “modale,”
“interface,” “component,” “system,” “platform,” “engine,” “selector,” “manager,” “unit,”

“store,” “network,” “gencrator” and the like are intended to refer to a computer-related entity
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or an entity related to, or that is part of, an operational machine or apparatus with a specific
functionality; such entities can be either hardware, a combination of hardware and firmware,
firmware, a combination of hardware and software, software, or sofbware in execution. In
addition, entities identified through the foregoing terms are hercin generically referred to as
“functional elements.” As an example, a component can be, but is not limited to being, a
Process FUNnIg on a Processor, a processor, an object, an executable, a thread of execution, a
program, and/or a computer. By way of itlustration, both an application running on a server
and the server can be a component. One or more components may reside within a process
and/or thread of execution and a component may be localized on one computer and/or
distributed between two or more computers. Also, these components can execute from
various computer-readable storage media having vanous data structures stored thercon. The
components may communicate via local and/or remote processes such as in accordance with
a signal having one or more data packets (e.g., data from one component mteracting with
another component in a local system, distriboted system, and/or across a network such as the
Intemet with other systems via the signal). As an example, a component can be an apparatus
with specific functionality provided by mechanical parts operated by electric or electronic
circuitry, which is operated by software, or firmware application executed by a processor,
wherein the processor can be intemal or extemnal to the apparatus and executes at least a part
of the software or firmware application. As another example, a component can be an
apparatus that provides specific functionality through electronic components without
mechanical parts, the electronic components can include a processor thergin to execute
software or firmware that confers at lcast in part the functionality of the clectronic
components. Interface(s) can inclade input/output (/) components as well as associated
processor{(s), application{s}, or API ( Apphication Program Interface) component{s). While
examples presented hereinabove are directed to a component, the exemplified features or
aspects also apply to object, module, mterface, svstem, platform, engine, selector, manager,

unit, store, network, and the like.

[G826] FIG. 1is a block diagram of an example turbine diagnostic feature sclection
system according to one or more embodiments of this disclosure. Aspects of the systems,
apparatuses, or processes explained i this disclosure can constitute machine-executable
components embodied within machine(s}, €.z, embodicd in one or more computer-readable

mediums {or media} associated with one or more machines. Such components, when
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executed by one or more machines, ¢.g., computer(s), computing device(s). automation
device(s), virtual machine(s), e¢tc., can cause the machine(s) to perform the operations

described.

6627} Turbine diagnostic feature selection system 102 can include sensor(s) 104, araw
parameter analyzer 106, a model builder 108, processor(s) 110, a memory 112, a clustering
component 114, an micrdependency component 116, a ranking component 118, and a sorting
component 120, In various embodiments, sensor(s) 104, a raw parameter analvzer 106, a
model builder 108, a processor 110, a memory 112, a clustering component 114, an
interdependency component 116, a ranking component 118, and a sorting component 120 can
he clectronically and/or communicatively coupled to one another to perform onc or more of
the functions of the turbine diagnostic feature learning system 102, In some embodiments,
ong or more of components 104, 106, 108, 114, 116, 118, and 120 can comprise software
instructions stored on memory 112 and executed by processor(sy 110 Turbine diagnostic
feature selection system 102 may also iteract with other hardware and/or software
components not depicted i FIG. 1. For example, processor(s) 110 may interact with one or
more external user interface devices, such as a kevbeard, a mouse, a display monitor, a touch-

screen, a Human Machine Interface (HMI), or any other suitable interface devices.

[0628] Sensor(s) 104 can be configured to receive and relay data representing measured
raw parameter values of a jet engine. Raw performance parameters that can be represented by
the data from sensor(s) 104 can be, but are not limited to, turbine fan speed, fan stress,
exhaust gas temperature, fuel flow rate, turbine clectrical current draw, or other such

measured parameters.

[6629] Raw parameter analvzer 106 can be configured to calculate charactenstics of one
or more raw parameters based on measured data received from sensor(s} 104, and generate
ong or more values that can be processed by the model builder 108, Raw parameter
characteristics can include, but are not limited to, the sum, mean, maximum, difference,
median, or standard deviation of any one or more raw parameters. For the sake of simplicity,
it can be understood that "throughout this document”, mention of “feature” or “features” can
refer to one or more raw parameters, raw parameter characteristics, or any groupings of cither
or both formed thercin. Groupings, as mentioned in this context, can include chasters of

ndividual features or groupings in addition to featare clusters.
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3030} Model builder 108 can be configured to receive one or more raw parameters from
the sensor{s} 104 or raw parameter characteristics from raw parameter analyzer 106. The
mode! builder 108 can compute one or more derived values based upon the raw parameters or
raw parameter characicustics including, but not hmited to Akaike fnformation Crterion
(AIC), Arca under Curve (AUC), and p-value. As detatled below, these derived values are
used by the ranking component 118 to calculate an importance rank associated with one or

more raw parameters, raw parameter characteristics, or any combinations therem.

{3631} The one or more processors 110 can perform one or more of the functions
described herein with reference to the systems and/or methods disclosed. Memory 112 can
be a computer-readable storage medium storing computer-executable instructions and/or
mformation for performing the functions described herein with reference to the systems

and/or methods disclosed.

3632} Clustening component 114 can receive two or more raw parameters or raw
parameter charactenistics and combine two or more of the features into respective clusters and
can compuie one or more derived values based upon features including, but not limited to
Akaike Information Criterion (AIC), Arca under Curve (AUC), and p-value. As detailed
below, these derived values are used by the rankmg component 118 to calculate an
tmportance rank associated with one or more raw parameters, raw parameter charactenistics,

or any combinations therein.

{3633} Interdependency component 116 can calculate interdependencies between one or
more features or clusters of features combined by the clustering component 114, These
interdependencies can be established using one or more methods, including, but not limited to
use of a kermnel method or various pattern analysis algorithms. A flow diagram ilhustrated in
FIG. 7 and associated description will describe 1n further detail the fimction of

interdependency component 116,

3034} Ranking component 113 can be contigured to compute importance rank for
respective features based on computed AIC, AUC and p-value. As will be described in more
detail below, a generic function (1) of these derived values can be emploved to illustrate an
example computation of the traportance rank by the ranking component 118, Also described
below is the use of the importance rank by sorting component 120 to arrange one or more

features within a classification model generated by model builder 108,
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[B835] Sorting component 120 can sort, based upon respective feature importance rank
generated by the ranking component 118, features within a classification model built by
mode] builder 108, The sorting of features by sorting component 126 can be based upon any
suitable order, manipulation, or scheme performed or arranged by any of the aforcmentioned

COMPOonents.

[G836] The embodiments of devices described herein can employ artificial
wnfelligence (AT) to facilitate automating one or more features described herein. The
components can employ various Al-based schemes for carrying out various
embodiments/examples disclosed herein. In order to provide for or aid in the numerous
deterninations {¢.g., determine, ascertain, infer, calculate, predict, prognose, estimate,
derive, forecast, detect) described herein, one or more components can examing an
entirety or a subset of data to which 1t is granted access and can provide for reasoming
about or determuine states of a system, environment, eto. from a set of observations as
captured vig events and/or data. Determinations can be emploved to identifv a specific
context or action, and/or can generate a probability distribution over states, for exampie.
The determinations can be probabilistic - that is, the computation of a probability
distribution over states of interest based on a consideration of data and cvents.
Determinations can also refer to technigues emploved for composing higher-level events

from a set of events and/or data.

G837} Such deterninations can result in the construction of new events or actions from a
set of observed events and/or stored event data, whether or not the events are correlated in
close temporal proximity, and whether the events and data come from one or several event
and data sources. Components disclosed herein can eraplov varous classification {explicitly
trained (e.g., via training data) as well as implicitly trained {e.g., via observing behavior,
preferences, historical information, receiving extrinsic information, etc.}) schemes and/or
systems {e.g.. suppoit vector machines, neural networks, expert systems, Bayesian belief
networks, fuzzy logic, data fusion engines, ¢tc.) in connection with performing automatic
and/or determined action in connection with the claimed subject matter. Thus, classification
schemes and/or svstems can be used to automatically learn and perform a mumber of

functions, actions, and/or determination.
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{3038} A classifier can map an mput attribute vector, z = {zl, 22, 73, z4, zn), to a
confidence that the input belongs to a class, as by f{z) = confidence(class). Such
clagsification can employ a probabilistic and/or statistical-based analysis {e.g., factoring into
the analysis utilitics and costs} to determimnate an action to be automatically performed. A
support vector machine (SVM) 18 an example of a classifier that can be emploved. The SYM
operates by finding a hyper-surface in the space of possible imputs, where the hyper-surface
attempts to split the triggening criteria from the non-triggenng events. Intuitively, this makes
the classification correct for testing data that 1s near, but not identical 1o training data. Other
directed and undirected model classification approaches melude, e.g., naive Bayes, Bayesian
networks, decision tregs, neural networks, fuzzy logic models, and probabilistic classification
models providing different patterns of independence can be crployed. Classification as used

herein also is inclusive of statistical regression that 1s utilized to develop models of priority.

{6839} FIG. 2 15 a block diagram tHustrating receiving, by the mode! builder 108, one or
more features relayed by the sensor(s) 104 or the raw parameter analvzer 106, Derived values
210 can be generated based upon the received features by the model builder 108. Derived
values 210 can include, but are not limited to Akatke Information Criterion (AIC), Area
under Curve (AUC), and p-value. Derived values 210 can then be used by the ranking
component 118 fo calculate importance ranks of various features for use in a classification

model.

[B040] Raw parameters {71, /... /i) 204 represent onc ore more raw parameters received
by the model builder from sensor(s) 104, In this example, /7, /2. /v are used to iHustrate an
integer N number of raw parameters to be analyzed by the model builder 108. it should be
appreciated that sensor(s) 104 and raw parameter analyzer {106) can be considered 1o be
operatively coupled considering that raw parameter values can be received by the raw
parameter analyzer 106 from the sensor(sy 104 m order to identify charactenstics associated
with one or more of those raw parameters. In this aspect, £, /7. fv can, in addition to being
analvzed by the classification model, also be analyvzed by the raw parameter analvzer,

wherein characteristics associated with the respective raw parameters can be derived.

13041} Raw parameter characteristics (Fi, Fa,.. Fn) 206 represent N number of raw
parameter characteristics. These characteristics can melude, but are not lmited to, parameter

mean, median, maximum, and standard deviation. Similarly to raw parameters 204, these raw
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parameter characteristics 206 can be received by the model builder 108 1n order to compute
Akatke Information Criterion (AIC), Area under Curve {AUC), and p-values associated with

those respective characteristics.

6642} Model computational component 208 is a computational block that can be
configured to calculate Akaike Information Criterion (AIC), Arca under Curve (AUC), and p-
values associated with one or more raw parameters or raw parameter characteristies - the
derived values 210, Written description of example functions and graphical representations
pertaining to the calculation of Akatke Information Criterion (AIC), Area under Corve

{AUQC), and p-value are detailed 10 more depth below in connection with Fi(zs. 4 and 3.

[6643] FIG 3 15 a block diagram illustrating grouping, by clustering component 114, ong
or more features into a cluster 302, In the present example, the clustering component 114 can
compute, based apon respective chuster, Akaike Information Criterion {AIL), Arca under
Curve (AUC), and p-value for one or more clusters. In an aspect, the clustering component
114 can group one or more clusters or features and caleulated Akaike Information Criterion
(ALC), Arca under Curve (AUC), and p-value for the resulting clusters, in cluster derived

values 304,

16044} It 1s worth mentioning that cluster 302 can be a grouping of any two or more

features, whether they be raw parameters, characteristics associated with those parameters, or
scparate clusters. Additionally, in this aspect, clements 302 and 114 are shown as operatively
coupled as it 18 to be understood that the clustering component 114 can be contigured to both
group one or more features, and to compute Akaike Information Criterion (AIC), Area under

Curve (AUC), and p-value for the respective clusters.

[0045] Claster derived values 304 can be one or more chuster dentved values including
Akatke Information Criterion (AIC), Area under Carve (AUC), and p-values associated with
one or more clusters of features. These cluster derived values will be used in a function (1)

described 1n more detail below.

3646} FIG 4 is an illustration of an example mathematical function block or component
402 that demonstrate known methods for calculation of p-value 404 and calculation of

Akatke Information Criterion 406. These example functions, in addition to any suitable

10
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alternative functions, can be used by the modetl builder 108 or cluster component 114 for
computation of derived values 210 or chuster derived values 304,

16047} Function block/component 406 can execute an example function detatling
computation of a p-value m a two-tailed hvpothesis test. In this example, a hypothesis is
formed with a destred confidence level 1- a. The value p denotes a sample mean of which a
hypothesis relationship is formed. For instance, a test could be performed to calculate a p-
value to show it the null hypothesis Ho: u=3 1s true with consideration of a given error value
a. "X bar' is used here to describe the actual population mean used to calculate p-value, When
finding the t-statistic, in this example, we will consider the desired value of N-1 degrees of
freedom, N being the population size. As this example is a two-tailed test, it can be observed

that the p-value will be twice the t-statistic, identified here as x.

[0048] Function block/component 408 can execute an ¢xample function detatling the
computation of a corrected Akaike Information Criterion. The mumber of parameters is
denoted by N. A expression tlustrating the likelihood fimction of a statistical model M with
some data x where § represents the values that maximize the likelthood function. The
corrected AIC 1s then calculated using the expression shown for AfC:, where 7 is the sample

size.

{06849} FIG. 5 15 a graphical representation conceptually illusteating the valae of the Arca
under a curve for a one or more featurcs. Receiver operating characteristic (ROC) curve 502
specifically illustrates the area under a curve for one or more receiver operating
characteristics {AURQC). ROC 504 illustrates an example data point reprosenting a receiver
operating characteristic based upon any feature, where the data point 1s composed of
coordinates along x-axis 510, and v-axis 508. AUCx 506 graphically illustrates an example
AUROC value. The derivation of each coordinate value will be described in more detail

below as a part of an example classifier confusion matrix 602,

3058} FIG. 6 features an example classifier confusion matrix 602 itlustrating in detail the
derivation of the coordinates of the ROC 504, The matnix demonstrates the binary
classification of one or more features by the distinction of two outcome classes. A predicted
Class of 1 denotes a predicted diagnosis of feature association with, for example, failure of a
turbing engine or its components. Conversely, a predicted Class of 0 denotes that the

predicted diagnosis will be that there is no association of one or more features with a fatlure

1
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event. An actual class of 1 denotes an eventual positive association of one or more features
with, for example, failure of a turbine engine or its components, regardless of the predicted
class. Stmilarly, an actual clags of zero wndicates a result that there is no association of one or
more featurcs in diagnosing an event. The predicted class of one or more features can be
compared against the actual class to demonstrate effectiveness of the feature with respect to
its use as an ROC 504, A feature as an ROC with high instances of correctly predicting a
class will have high instances of correctly diagnosing the presence of a fatdure. This is
referred to as the true positive rate of an ROC. Subsequently, the rate at which the predicted
outcome of association with an event does not match decreases with the aforementioned high
true positive rate. This is referred to as the false positive rate. An ROC can be derived by
plotting the coordmates where the x-axis 510 is the false positive rate, and the v-axis 508 is

the false positive rate.

{6651} FIG. 7 15 a block diagram iHustrating the various interdependencies leamed by the
interdependency component 116, The featurc imterdependencies 704 are shown to learned
based upon one or more raw parameters and raw parameter characteristics, however, this
component can alsc be configured to leam interdependencies between one or more raw
parameters, raw parameter characteristics, and one or more clusters of features. In general,
the interdependency component 116 leams relevance of two or more features when
considered together as opposed to separately. For example, a fluid temperature, flow rate,
and purnop amperage may have low rates of association independently, but when compared to
cach other, trend up and down in associative patterns, meriting consideration for use of the

respective features as a feature cluster similar to cluster 302,

16052} FIG. 8 is a flow diagram demonstrating cormaputing, by the ranking component,
various importance ranks 806 associated with their respective features. Withm the diagram,
receipt of one or more derived vahliues 210 and one or more derived cluster values 304 by the
ranking component are illustrated. An example function 804 is used to derive one or more
importance ranks /1, /2... /v based upon the Akaike Information Criterion (AIC), Area under
Curve (AUC), and p-values corresponding to their respective teatures. The example function
for importance rank can be given as:

.

Importance Ranking = AUC/ (p — VAIO)) (H
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or

Importance Ranking = AUC® X p¥ % AIC® (2}

3653} it should be noted that the importance ranking obtained from the equation (1) is
merely an example expression used to generate a particular value of mmportance ranking.
Other manipulations of this function are also within the scope of one or more embodiments of

the subject disclosure.

[3654] FIG. 915 a block diagram demonstrating, sorting, by the sorting component,
within the classification mode! one or more features based upon the value of their respective
mmportance rank. Once sorted, one or more features are arranged 1o a classification model
804. For example, the features may be listed 1in any manner mcluding, but not himited to
ascending importance rank value, descending importance rank value, or specifically grouped

by range of importance value.

|B655] A classification model 904 hists the sorted features according to their respective
importance ranks. In this particalar example, each feature is sorted in ascending order based
upon the value of their importance rank. Additionally, n line with one or more
embodiments, this particular mampulation of the function (1), features the populating of the
model with features listed from most relevant to least relevant with respect to a given event,
Values for Akaike Information Criterion {(AIC), Area under Curve (AUC), and p-values have
been arbitranly selected. As previously stated,” features” sorted in the classification model

can be any raw parameter, raw parameter characteristic, or claster{s} of one or both types.

6056} FIG. 10 1s a block diagram illustrating one or more embodiments wherein a
classification model 1002 can be operatively coupled to classification models 1004 and 1006,
facilitating cross leaming between the models. In this manner, classification models fiom one
aircraft’s turbine jet engine would be able to train off of models from a separate aircraft's
turbine jet engine, allowing for the model to learn potentially unanticipated impacts to jet
engine performance including, but not limited to routine flight paths, climate differences,

performance variation between differing atreraft models, and crew variables.

{66537} A selection component 1008 can be configured to incorporate a new feature mio a

classification model in order to observe its impact on model accuracy after training on the

i3
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new feature. In an aspect presented in the subject disclosure, this element can be a rules based

algorithm used for further selection, ranking, and sorting of features.

16058} Context component 1010 can be configured to add a context marker to one or
more features. The utility for the element in s present usage allows for comparison of
features in various runtime envirgnments, stages, or situations. For example, substantially any
feature incorporating solely the raw parameter or a characteristic of engine exhaust pressure
mav differ between vanous situations such as takeoft, taxi, landing, ascent, descent, etc. A
contextual marker for each feature further improves aceuracy of the classification model

training on that feature.

66539} FIG. 11 15 a decision methodology outlining a utility based analvsis performed by
the classification mode in accordance with one or more embodiments of the sabject application.
While, for purposes of simplicity of explanation, the one or more methodologies shown herein
are shown and described as a series of acts, it 13 to be understood and appreciated that the
subject innovation is not hmited by the order of acts, as some acts may, in accordance
therewith, occur in a different order and/or concurrently with other acts from that shown and
descrnibed herein.  For example, those skilled i the art will understand and appreciate that a
methodology could alteratively be represented as a series of interrelated states or events, such
as in a state diagram. Moreover, not all iHustrated acts may be required to implement a
methodology in accordance with the innovation. Furthermore, interaction diagram{s) may
represert methodologics, or methods, 1 accordance with the subject disclosure when disparate
entities enact disparate portions of the methodologies. Further vet, two or more of the disclosed
example methods can be implemented 1n combmation with ¢ach other, to accomplish one or

more featurcs or advantages described herein.

[0064] This analysis provides one or more metrics associated with a cost computation
where the cost is that of an incorrect decision, calculated at act 1102. For example, if the
result of an mcorrect decision is a sheared external flap, the associated cost would
presumably be much less than a ruptured fuel hne. This preliounary determination is
performed at act 1104, In an aspect, this determination can also take into account the element
of likelihood, in which values of current features can give an indication as to the current

overall nisk of incurning an associated failure cost.
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3061} At 1106 a comparison is made regarding likelihood and cost of a failure event to
the current and alternative courses of action. For example, an anomaly recognized by the
classification model due to excessive vibration in an equipment component as a considered
feature may be exacerbated 1f a flight path 1s altered to an area of higher wind shear or
turbulence. In this aspect, the classification model could utilize cross leamed patterns from
route mformation identified by other classification models to influence decision making. If
the likelihood and cost of a failure event are found to be too high for the given course of
action, the classification model can generate an advisory output via one or more extermal user

mterface devices

16062} Alternate acts can precipitate from the comparison made at 1106, At 1108 an
advisory output 15 generated i response to an unfavorable result of the companison 1106,
namely, one in which the likelihood and cost of a fathure event catweigh the chance and cost
savings of success. This advisory output can include, but is not Hmited to a course correction
advisory, an advisory to ground the plane, a work notification, part order, work order,
mainfenance request, preventative mainienance request, or any other term generally referring
to a maintenance activity performed on the aircraft or equipment. Conversely, act 1110
occurs in response to a favorable outcome with regards to the weighing of the aforementioned
risks. Act 1110 would most plausibly be continuation of service or the designated fhight path,

however can also be a nominated as a defined criterion created by the system.

[G863] At 1112, a measurement is made regarding actual outcome against a defined
criterion to determime whether that outcome matched a predicted outcome. In understanding
that, in this example provided, the predicted outcome was a favorable resolt weighted against
a reasonable amount of risk, the classification model can be configured to, mn response to not
satisfving a defined criterion, re-train 1tself based upon the degree to which the defined
criterion has or has not been satisfied. It 1s to be understood that the proceeding act s the
same for cither judgment. The result 1s not to be considered purely binary in nature. rather,
the illustration merely demonstrates that the results can differ, the degree to which affecting

updating of the classification model at 1114,

[6064] At 1114, the classification model is updated in response to the determination made

at 1112, Based upon various determinations, the classification mode! will update based on the

15
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respective features considered m the determination and subsequently repeat the calculation of

the value of the associated fatlure cost at 1102

16065} The systems or devices that have been described thus far have primarilv been
mentioned m applications pertaining to the arena of turbine jot engine root cause analysis or
maintenance. It should be considered that these systems can be applied to any suitable
oaumber of operating environments, mcluding antomotive diagnostic systermns, manutacturing
facilities, public transit systems diagnostic methods, health care systems, or any other
continuous operations enviromments. The goal of whose use within these environments is the
correct diagnosis of a failed component, tissue, orean, part, tool, or piece of cquipment
particularly when the pool of potential failures is especially large. The subject systems would

allow for a more expedient deternunation of as a result of the methods detailed heren.

10864} The aforementioned systems and/or devices have been described with respect to
inferaction between several components. It should be appreciated that such systems and
components can imclude those components or sub-components specified therein, some of the
specified components or sub-components, and/or additional components. Sub-components
could also be implemented as components communicatively coupled to other components
rather than meluded within parent components. Further vet, one or more components and/or
sub-components may be combined into a single component providing aggregate
functionality. The components may also interact with one or more other components not

specifically deseribed berein for the sake of brevity, but known by those of skill in the art.

[6067] FIG. 12 iHhustrates a methodology and/or flow diagram in accordance with the
disclosed subject matter. For simphicity of explanation, the methodologies are depicted and
described as a series of acts. It is to be understood and appreciated that the subject innovation
i3 not hmited by the acts illustrated and/or by the order of acts, for example acts can occur in
various orders and/or concurrently, and with other acts not presented and described herein.
Furthermore, not all itlustrated acts may be required to implement the methodologies in
accordance with the disclosed subject matter. In addition, those skilled 1n the art wil
understand and appreciate that the methodologies could alternatively be represented as a
series of mterrelated states via a state diagram or events. Additionally, it should be further
appreciated that the methodologies disclosed hercinafter and throughout this specification are

capable of being stored on an article of manufacture to facilitate transporting and transferring
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such methodologies to computers. The term article of manufacture, as used herem, is
intended to encompass a computer program accessible from any computer-readable device or

storage media.

[6068] FIG. 12A and FIG. 12B illustrate a flow diagram of an example, non-limiting
computer implemented method 1200 for selection of features for use in training one or more
classification models. At 1202, one or more raw parameters is generated, by a system
operatively coupled to a processor from the sensor(s}. A 1204, one or more raw parameters
is analyzed. At 1206, one or more characteristics of the raw parameters received by the
system is identified. At 1208, one or more raw parameters or raw parameter characteristics
can be grouped into clusters for evaluation by the system not unlike any other feature
considered. At 1210 a classification model 1s built based upon one feature at a time of the set
of features. At 1212, values for Akaike Information Critenion (AIC), Arca under Curve
(AU, and p-values are computed corresponding to their respective feature values. At 1214,
importance ranks are computed with respect to the aforcmentioned features, by the systom,
using an function (1) of Akatke Information Criterion (AIC), Area under Curve (AUC), and
p-values. At 1214, subsequent importance ranks are computed, by the system, for clusters of
respective raw parameters, raw parameter characteristics, or further grouped clusters. At
1216, teatures based on raw feature importance ranking are sorted, by the system. At 1218, a
comparison is made to evaluate if a ranked feature satisfies a defined criterion. 1f that defined
criterion 1s not made, the respective ranked features are stored in the system or use in an
alternate model at 1220 At 1222, one or more features 1s selected, by the svstem, based on
the sorting, to utilize m connection with building the classification model. In some cases,

those models will be coupled to enable cross-learning at 1224,

[6669] In order to provide a context for the various aspects of the disclosed subject
matter, FIG. 13 as well as the following discussion are intended to provide a bnief, general

description of a suitable environment in which the various aspects of the disclosed subject
maticr may be implemented.

{3676} With reference to FIG. 13, a suitable environment 1300 for implementing various
aspects of this disclosure includes a computer 1312, The computer 1312 includes a
processing unit 1314, a system memory 1316, and a svstem bus 1318, The svstent bus 1318

couples system components including, but not limited to, the system memory 1316 to the

17
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processing unit 1314, The processing unit 1314 can be any of various available processors.
Dheal microprocessors and other multiprocessor architectures also can be employed as the

processing unit 1314,

6671} The system bus 1318 can be any of several types of bus structure(s) ncluding the
memory bus or memory controller, a peripheral bus or external bus, and/or a local bus using
any variety of avatlable bus architectures including, but not himited to, Industrial Standard
Architecture (ISA), Micro-Channel Architecture (M5A), Extended ISA (EISA), Intelligent
Divive Electronics {(IDE), VESA Local Bus (VLB), Peripheral Component Interconnect (PCE),
Card Bus, Universal Serial Bus (USB), Advanced Graphics Port {AGP), Personal Computer
Memory Card International Association bus (PCMCIA), Firewire (JEEE 1394), and Small

Computer Systems Interface (SCST).

6072} The system memory 1316 includes volatile memory 1320 and nonvolatile memory
1322, The basic input/output system {(BIOS), containing the basic routines to transfer
information between elements within the computer 1312, such as during start-ap, is stored in
nonvolatile memory 1322, By way of illustration, and not limitation, nonvolatile memory
1322 can include read only memorv (ROM), programmable ROM (PROM), clectrically
programmable ROM (EPROM), electrically erasable programmable ROM (EEPROM), flash
memory, or nonvolatile random access memory (RAM) {e g, ferroglectric RAM (FeRAM).
Volatile memory 1320 includes random access memory {RAM), which acts as external cache
memory. By way of illustration and not funitation, RAM is available in many foums such as
static RAM (SRAM), dynamic RAM (BRAM), synchronous DRAM (SDRAM), double data
rate SDRAM (DDR SDRAM], enhanced SDRAM (ESDRAM), Synchlink DRAM
(SLDRAM), direct Rambus RAM (DRRAM), direct Rambus dvnamic RAM (DRDRAM),
and Rambus dynamic RAM.

16873} Computer 1312 also includes removable/mon-removable, volatile/non-volatile
computer storage media. FIG. 13 ilustrates, for example, a disk storage 1324, Disk storage
1324 includes, but 1s not himited to, devices like a magnetic disk dnve, tloppy disk dnive, tape
drive, Jaz drive, Zip drive, L5-100 drive, flash memory card, or memory stick. The disk
storage 1324 also can include storage media separately or in combination with other storage
media including, but not limited to, an optical disk drive such as a compact disk ROM device

{CD-ROM), CD recordable drive (CD-R Dinive), CD rewritable drive (CD-RW Drivelora
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digital versatile disk ROM drive (BVD-ROM). To facilitate connection of the disk storage
devices 1324 to the system bus 1318, a removable or non-removable nterface is typically

used, such as interface 1326.

[6674] FIG. 13 also depicts software that acts as an intermediary between users and the
basic computer resources described in the suitable operating environment 1300, Such
software includes, for example, an operating system 1328, Operating system 1328, which
can be stored on disk storage 1324, acts to control and allocate resources of the computer
gystem 1312, System applications 1330 take advantage of the management of resources by
operating system 1328 through program modules 1332 and program data 1334, ¢.g., stored
cither  system memory 1316 or on disk storage 1324, K is to he appreciated that this
disclosure can be implemented with various operating systems or combinations of operating

systems.

[B075] A user enters commands or information nto the computer 1312 through input
device(s) 1336, Input devices 1336 include, but are not limited to, a pointing device such as a
mouse, trackball, stvlus, touch pad, kevboard, microphone, joystick, game pad. satellite dish,
scanner, TV tuner card, digital camera, digital video camera, web camera, and the hike.

These and other input devices connect to the processing unit 1314 through the system bus
1318 via mterface port(s} 1338, Interface port(s) 1338 include, for example, a serial port, a
parallel port, a game port, and a universal serial bus (USB). Output device(s) 1340 use some
of the same type of ports as mnput device(s} 1336. Thus, for example, a USE port may be
used to provide nput to computer 1312, and to output mformation from computer 1312 to an
output device 1340, Owutput adapter 1342 is provided to thhustrate that there are some output
devices 1340 ike monitors, speakers, and printers, among other output devices 1340, which
require special adapters. The output adapters 1342 include, by way of illustration and not
hinntation, video and sound cards that provide a means of connection between the output
device 1340 and the svstem bus 1318, It should be noted that other devices and/or systems of

devices provide both input and output capabilitics such as remote computer(s) 1344,

13676} Computer 1312 can operate in a networked environment using logical connections
to one or more remote computers, such as remote computer(s) 1344, The remote computer(s}
1344 can be a personal computer, a server, a router, a network PC, a workstation, a

microprocessor based appliance, a peer device or other common network node and the ke,
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and typically includes many or all of the elements described relative to computer 1312, For
purposes of brevity, only a memory storage device 1346 is illustrated with remote
computer{s) 1344, Remote computer{(s) 1344 is logically connected to computer 1312
through a network interface 1348 and then physically connected via communication
connection 1330, Network mterface 1348 encompasses wire and/or wireless communication
networks such as local-arca networks (LAN), wide-arca networks (WAN), cellular networks,
etc. LAN technologies include Fiber Distnbuted Data Interface (FBD), Copper Distributed
Data Interface (CDDI), Ethernet, Token Ring and the ke, WAN technologies include, but
are not limited to, pomt-to-point links, circuit switching networks like Integrated Services
Dhigital Networks (JSDN) and variations thereon, packet switching networks, and Digital

Subscriber Lines (DSL).

16677} Communication connection{s) 1350 refers to the hardware/software emploved to
connect the network interface 1348 to the bus 1318, While communication connection 1350
ts shown for dlustrative clarity inside computer 1312, it can also be external to computer
1312, The bardware/software necessary for connection to the network interface 1348
includes, for exemplary purposes only, internal and external technologies such as, modems
mcluding regular telephone grade modems, cable modems and DSL modems, ISDN adapters,

and Ethemnet cards.
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CLAIMS
What is claimed is:
1. A machine learning system, comprising:
a processor that executes computer exccutable components stored in memory;

a raw parameter analyzer that identifies characteristics associated with a set of

respective raw parameters;

a model builder that builds a classification model based on one parameter at a time of
the set of raw parameters and computes Akatke Information Criterion , Arca under Curve,

and Hypothesis acceptance as per alpha error (p-value);

a ranking component that computes importance rank for respective raw parameters
based on the respective computed Akaike Information Criterion, Area under Curve, and p-

value:

a sorting component that sorts features based on respective raw parameter importance
ranking; and

a selection component that selects at least two teatures based on the sorting to utilize

in connection with building the classification model.

2. The system of claim 1, wherein the ranking component computes the
tmportance rank as a function of Akaike Information Criterion, Area under Curve, and

Hypothesis acceptance as per alpha error {p-vahue).

3. The system of claim 1 further comprising a clustering component that
combines two or more of the selected features mto respective clusters and computes Akaike
Information Criterion, Arca under Curve, and p-values for the respective clusters.

4. The system of claim 3, wherein the ranking component computes importance
rank for the respective clusters, and the sorting component sorts the respective clusters based
on importance rank, and the classification model 15 further trained based on the cluster
ranking,

5. The system of claim 1, fusther comprising an mterdependency component that

learns interdependencies associated with the features.
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6. The system of claim 1, wherein the classification model i3 operatively couple

to other classification models, and the respective classification models cross leam.

7. The systom of claim 1, wherein the selection component adds a new feature in
connection with building the mode! and compares accuracy of the model before and after

training on the new feature.

8. The system of claim 1, further comprising a context component that adds a

context parameter to the selected features in connection with huilding the model.

9. The systom of claim 1, wherein the classification model 1s trained o part to
perform a utility based analysis wherein the cost of making a certain incorrect decision is
weighed against the benefits of making a correct decision.

10 A method to facilitate building a classification model, comprising:

using a processor that executes computer executable components stored in memory o
perform the following acts:

using a raw parameter analyzer to identify characteristics assoctated with a set of
fespective raw parameters;

using a model builder to build a classification model based on one parameter at a time
of the set of raw parameters and computes Akaike Information Criterion (AIL), Area under
Curve {AUC) and Hypothesis acceptance as per alpha crror (p-value);

using a ranking component to compute importance rank for respective raw parameters
based on the respective computed AIC, AUC and p-value;

using a sorting component to sorts features based on respective raw parameter
importance ranking; and

using a selection component to selects at least two features based on the sorting to
atilize in connection with building the classification model.

11, The method of claim 10, wherein the ranking component computes the

wmportance rank as a function of Akaike Information Criterion, Area under Curve, and

Hypothesis acceptance as per alpha error (p-valuc).
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2. The method of claim 10 further comprising using a clustering component to
combines at least two of the selected features into respective clusters and computes AIC,

AUC and p-values for the respactive chisters,

13. The method of claim 12, further comprising using the ranking component to
compute importance rank for the respective clusters, and the sorting component sorts the
respective clusters based on importance rank, and the classification model is further trained

based on the cluster ranking,.

14, 'The method of claim 10, further comprising using an interdependency

component to learn interdependencies associated with the features.

i5. The method of claim 10, further comprising using the selection component to
add a new feature in connection with building the model and compares accuracy of the model
before and after training on the new feature.

16. The method of claim 10, further comprising using a context component 1o add
respective context parameters to the selected features in connection with building the model.

17. The method of clamm 10, further comprising training the classification model
to perform a utility based analysis wherein the cost of making a certain incorrect decision is
weighed against the benefits of making a correct decision.

8. A computer readable storage device comprising instructions that, in response
10 execution, cause a System Comprising a processor 1o perform operations, CoOmprising.

using a raw parameter analyzer to wentify characteristics associated with a set of
fespective raw parameters;

using a model builder to build a classification model based on one parameter at a time
of the set of raw parameters and computes Akaike Information Criterion (AIC), Area under
Curve {AUC) and Hypothesis acceptance as per alpha crror (p-value);

using a ranking component to compute importance rank for respective raw parameters
based on the respective computed AIC, AUC and p-value;

using a sorting component to sorts features based on respective raw parameter

importance ranking; and
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using a selection component to selects at least two features based on the sorting to
utilize in connection with building the classification model.

19.  'The computer readable storage device of claim 18 further comprising
mstructions to compute the importance rank as a function of Akaike Information Criterion
, Area under Corve, and Hypothesis acceptance as per alpha error (p-value).

24 The computer readable storage device of claim 18 further comprising
instructions to use an interdependency component to learn mterdependencies associated with

the features.
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