wo 2018/080522 A1 | 000 0 OO

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

~

=

—

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
03 May 2018 (03.05.2018)

(10) International Publication Number

WO 2018/080522 A1l

WIPO I PCT

(51) International Patent Classification:
GO6F 19/00 (2011.01) GOIN 33/00 (2006.01)

(21) International Application Number:
PCT/US2016/059556

(22) International Filing Date:
28 October 2016 (28.10.2016)
(25) Filing Language: English
English
(71) Applicant: HEWLETT-PACKARD DEVELOPMENT
COMPANY, L.P. [US/US]; 11445 Compaq Center Drive
W., Houston, Texas 77070 (US).

(72) Imventors: LIU, Lei; 1501 Page Mill Road, Palo Alto,
California 94304 (US). ROGACS, Anita; 1501 Page Mill
Road, Palo Alto, California 94304 (US).

(26) Publication Language:

(74) Agent: BURROWS, Sarah E. et al.; Mail Stop 35,3390 E.
Harmony Road, Fort Collins, Colorado 80528 (US).

(81) Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA,CH,CL,CN, CO, CR, CU, CZ, DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR, KW,
KZ,LA,LC,LK,LR,LS,LU,LY,MA, MD, ME, MG, MK,
MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM, PA,
PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC, SD,
SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN, TR, TT,
TZ,UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,

GM, KE, LR, LS, MW,MZ,NA, RW, SD, SL, ST, SZ, TZ,

UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,

(54) Title: TARGET CLASS FEATURE MODEL

SENSE FIRST SAMPLES FROM A FIRST SET OF DIFFERENT SUBJECTS HAVING A
MEMBERSHIP IN A TARGET CLASS

!
SENSE SECOND SAMPLES FROM A SECOND SET OF DIFFERENT SUBJECTS NOT
HAVING A MEMBERSHIP IN THE TARGET CLASS, EACH OF THE FIRST SAMPLES
AND THE SECOND SAMPLES COMPRISING A COMPOSITE OF INDIVIDUAL FEATURES

!

EXTRACT AND QUANTIFY THE INDIVIDUAL FEATURES FROM EACH COMPOSITE OF
THE FIRST SAMPLES AND THE SECOND SAMPLES

110~

114~

116—

!

IDENTIFYING SETS OF FEATURES AND ASSOCIATED WEIGHTINGS OF A TARGET
CLASS MODEL BASED UPON QUANTIFIED VALUES OF THE INDIVIDUAL FEATURES
FROM EACH COMPOSITE OF THE FIRST SAMPLES AND THE SECOND SAMPLES T0
CREATE A TARGET CLASS FEATURE MODEL REPRESENTING A FINGERPRINT OF THE
TARGET CLASS TO DETERMINE MEMBERSHIP STATUS OF A SAMPLE HAVING AN
UNKNOWN MEMBERSHIP STATUS WITH RESPECT TO THE TARGET CLASS

FIG. |

120~

(57) Abstract: A method may include sensing first data samples from a first set of different subjects having a membership in a target
class and sensing second data samples from a second set of different subjects not having a membership in the target class, wherein
each of the tirst data samples and the second data samples includes a composite of individual data features. The individual data features
from each composite of the first data samples and the second data samples are extracted and quantified. Sets of features and associated
weightings of a target class model are identified based upon quantified values of the individual features from each composite of the
first samples and the second samples to create a model representing a fingerprint of the target class to determine membership status of
a sample having an unknown membership status with respect to the target class.

[Continued on next page]



WO 2018/080522 A1 { ML) 00T O 00

EE, ES, FL, FR, GB, GR, HR, HU, IF, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Declarations under Rule 4.17:

— as to the identity of the inventor (Rule 4.17(i))

— as to applicant’s entitlement to apply for and be granted a
patent (Rule 4.17(i1))

Published:
—  with international search report (Art. 21(3))



WO 2018/080522 PCT/US2016/059556

TARGET CLASS FEATURE MODEL

BACKGROUND

[0001] Diagnostics are utilized to identify or determine whether a
subject belongs to a specified class or has a specified condition. For
example, diagnostics are utilized in life sciences to determine whether a
subject may have cancer. Diagnostics may be utilized to identify whether a
subject is authentic or a counterfeit. Diagnostics may be utilized to evaluate

food security, energy quality or environmental conditions.

BRIEF DESCRIPTION OF THE DRAWINGS

[0002] Figure 1 is a flow diagram of an example method for generating

or creating a target class feature model.

[0003] Figure 2 is a flow diagram of an example method for generating
a target class feature model through the iterative application of different

weighting combinations and the use of ground truth sample feature values.

[0004] Figure 3 is a flow diagram of an example implementation of the

method of Figure 2 for generating a target class feature model.

[0005] Figure 4 is a diagram of an example method for generating a

target class feature model.

[0006] Figure 5 is a diagram of an example method for updating a
previously generated target class feature model using new round truth data

samples.

[0007] Figure 6 is a flow diagram of an example method for generating

a subclass feature model.
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[0008] Figure 7 is a flow diagram of an example method for determining

chemicals corresponding to feature set of a target class feature model.

[0009] Figure 8 is a diagram illustrating an example implementation of

the method of Figure 7.

[00010] Figure 9 is a schematic diagram of an example system for

generating, using and communicating target class models.

[00011] Figure 10 is a diagram pictorially depicting various example

target class feature models for different conditions or classes.

DETAILED DESCRIPTION OF EXAMPLES

[00012] Existing diagnostic techniques or methods are often binary in
nature, indicating whether a subject belongs to a class or has a condition, or
does not belong to the class or does not have the condition. Examples of
different classes to which a subject might belong or a condition/status which a
subject may possess include: a particular health condition or disease; a
particular environmental condition, the state of being authentic or the state of
being counterfeit, a safe or an unsafe condition for food or the like, or a level
of quality regarding a product or resource. Many existing diagnostic methods
do not provide insights as to the nature and source or causes of a condition or
diagnosed state. Existing diagnostic methods are often complex, unreliable

and difficult to adapt to new data or new influences.

[00013] Disclosed herein are examples of methods for creating, using
and updating a target class feature model that may offer greater reliability,
adaptability to new data or new influences and deeper insights into
contributors to an identified condition or membership status with respect to a
class. Disclosed herein is an example database resulting from the example
methods. The Example database identifies individual features or

combinations of data features that may exist in a data sample and that may
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indicate membership in a class. For example, an example database may
identify individual data features or combinations of data features from a
biological data sample that tend to indicate the presence of a disease or other
condition. Disclosed herein are further example methods that identify what
particular chemicals or combinations of chemicals correspond to the individual
data features or combination of data features that indicate membership in a
class, providing insight as to the causes or chemical contributors towards
membership in a class. For example, the disclosed methods may indicate
particular chemicals or combination of chemicals associated with sample data

features or samples groups of data features that indicate cancer.

[00014] Disclosed herein is an example method that utilizes “ground
truth samples” by sensing and obtaining first data samples from a first set of
different subjects having a membership in a target class and sensing and
obtaining second data samples from a second set of different subjects not
having a membership in the target class. Each of the first data samples and
the second data samples comprising a composite of individual features. The
individual features from each composite of the first data samples and the
second data samples are extracted and quantified. In some implementations,
feature sets may be created and formed from functions of combinations of
selected individual features (a subset of all of the individual features). Sets of
data features and associated weightings of a target class feature model are
identified based upon quantified values of the individual features from each
composite of the first data samples and the second data samples to create a
target class feature model representing a fingerprint of the target class to
determine membership status of a sample having an unknown membership

status with respect to the target class.

[00015] Disclosed herein is an example non-transitory computer-
readable medium. The medium contains instructions to direct a processor to:
receive a composite of data features from each data sample of first data

samples having a membership in a target class; receive a composite of data
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features from each sample of second data samples not having a membership
in the target class; and extract and quantify individual data features from each
composite of the first samples and the second samples. The medium
contains instructions to direct the processor to further iteratively apply different
candidate weighting combinations to feature sets to create a different
candidate model during each iteration. For each iteration, the different
candidate model is applied to the extracted and quantified individual features
from each composite of the first data samples and the second data samples.
The result of each different candidate model applied to the extracted and
quantified individual features from each of the first samples and the second
samples is compared to a known membership status of each of the first data
samples and the second data samples. The target class feature model
representing the fingerprint of the target class based upon composites of

individual features is selected based upon the comparison.

[00016] Disclosed herein is an example database. The database
comprises a class and sets of sensed data features. Each set of the sensed
data features has a weight indicating a relevance of the set of data features
towards identifying membership of a subject with respect to a class. Such a
database may facilitate quicker and more reliable diagnosis of a condition or

class membership.

[00017] Figure 1 is a flow diagram of an example method 100 for
generating a target class feature model that may serve as a fingerprint for a
target class to assist in determining membership status of a sample having an
unknown membership status with respect to the target class. As indicated by
block 110, data samples from a first set of different subjects having a
membership in a target class are sensed. As indicated by block 114, data
samples from a second set of different subjects not having a membership in
the target class are also sensed. The data samples from the first set of

subjects and the second set of subjects serve as a ground truth for
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subsequent analysis. Each data sample comprises a data sample from which

multiple individual features may be extracted.

[00018] A sample is a set of sensed data taken from a subject. In one
implementation, a sample may comprise impedance data. In another
implementation, a sample may comprise Raman spectroscopy data. In some
implementations, different samples may comprise similar samples measured

with different Raman spectroscopy enhancement surfaces.

[00019] Features of a data sample may comprise individual
characteristics or aspects of the data in the sample. For example, in the case
of Raman spectroscopy data, a feature may comprise individual aspects or
characteristics of the spectra data based upon an amplitude, duration,
frequency, or timing of the spectral peaks of the Raman spectra data. Other
specific examples of different individual features may include, but are not
limited to, maximum peak amplitude, peak amplitude at a predetermined time,
a statistical value based upon a plurality of peak characteristics, a peak to
peak ratio, and all other types of created features through a feature engine,

such as deep learning, Principal Component Analysis (PCA) and the like.

[00020] As indicated by block 116, individual features in the composite
set of features forming the sample are extracted and quantified in each of the
first samples belonging to the target class and each of the second samples
not belonging to the target class. For example, with respect to Raman
spectroscopy data samples, the amplitude, location, frequency, duration and
other values regarding the peaks or other characteristics of the Raman
spectra may be measured or otherwise obtained. The values of the
measurements are subsequently utilized in combination (a function of multiple
individual features) with various potential or candidate feature weightings to
identify what specific weightings should be applied to specific feature sets of a
function. The function may comprise any formula or the like in which the

different feature sets, multiplied by their respective associated weightings,
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serve as variables in the function. For example in one implementation, the
function may be a multivariable equation in which the different feature sets,
multiplied by their and their respective associated weightings, are added. As
should be appreciated, the exact features for which values or measurements

are taken may vary depending upon the type of data samples being taken.

[00021] As indicated by block 120, sets of data features and their
associated weightings or applied weights for a target class feature model (a
function of the sets of features and their associated weightings) are identified
based upon the quantified values of the individual features from each
composite of the first samples of the second samples. In other words, feature
sets comprising an individual feature or a combination of individual features
(combined as part of a function) from the different samples serve as variables
in a function that identifies whether the sample belongs to a target class or
does not belong to a target class. A feature set may be an individual feature
or a created function of a combination of individual features. Each feature set
is assigned a weighting factor. The selection of the weighting factor, applied
to each of the feature sets in the function, influences the accuracy of the
function in properly identifying the sample as belonging to the class or not
belonging to the target class. A combination of weighting factors is the value
of the weighting factor as well as a particular feature set of the function to

which the weighting factor is associated.

[00022] In block 120, the method 100 determines the particular
combination of weighting factors for the feature sets in the function/model that
achieves the desired objective such as most accurately predicting whether a
sample belongs to a class, such as reducing the occurrence of false positives
or such as reducing the occurrence of false negatives in the predicted
outcome. Method 100 determines the particular combination of weighting
factors by “plugging in” the quantified or measured values for each of the
feature sets in a sample into the function of the feature sets and associated

weighting factors. For example, for a first sample, its measured value for
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feature 1 is plugged into the function variables that comprise feature 1 or that
are based at least in part upon feature 1. For a second sample, its measured
value for feature 1, which may be different than the value of feature 1 in the
first sample, is plugged into the function variables that comprise feature 1 or
that are based at least in part upon feature 1. Due to the different plugged in
measured or quantified values from each sample, the function may vield
different results. For each sample, the results of the function,
indicating/predicting whether or not the specific sample belongs to the target

class, are compared to the actual “ground truth” for the specific sample.

[00023] This process is repeated for each of the first ground truth
samples and the second ground truth samples. For each combination of
different weighting factors applied to the different feature sets of the function,
a prediction accuracy or indication accuracy is determined. For example, one
candidate model having a first combination of weight factors applied to the
feature sets may be more accurate as compared to a second candidate model
having a second different combination of weighting factors applied to the
same feature sets. The model having the particular combination of weight
factors applied to the feature sets that has a highest accuracy (the indication
result of the model most frequently being the same as the ground truth

membership status) may be identified as the target class feature model.

[00024] Figure 2 illustrates an example method 150 for identifying the
combination of weightings or weighting factors that form the target class
feature model. Figure 2 illustrate an example method 150 for carrying out
block 120 in method 100. As indicated by block 154, different potential or
candidate weighting combinations are iteratively applied to the feature sets of
the function to create a different candidate model during each iteration. For
example, during a first iteration, a first candidate model may comprise
X(W1FSq, WoFS, ... W,,FSy), wherein Wy ...W, are weighting factors and
wherein FS ...FSn are feature sets. During the second iteration, a second

candidate model may comprise the exact same function with the exact same
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feature sets, but wherein at least some of the individual feature sets have
different associated weighting factors as compared to the first iteration. For
example, the second candidate model may comprise fx(W.FS, W2'FS, ...
Wy, FSh), wherein at least one of Wy’ ...Wn’ is a weighting factor different

than its corresponding respective weighting factor W, ...W,,.

[00025] As indicated by block 158, during each iteration, the current
candidate model is evaluated for accuracy using the actual measured values
for the feature sets of the function taken from the first and second samples
forming the ground truth samples. For each iteration, method 150 applies a
different candidate model to the extracted and quantified individual features
from each composite of the first samples and the second samples. For
example, the measured values for the individual features forming the feature
sets are plugged into the candidate model of each iteration containing a
particular combination of weighting factors, wherein the candidate model
outputs a result for the candidate model predicting whether the current sample

is @a member or is not a member of the class.

[00026] As indicated by block 162, the result of each different candidate
model applied to the extracted and quantified individual features from each of
the first samples and the second samples is compared to a known
membership status of each of the first samples in the second samples. For
example, for a first sample from the first set of subjects having a membership
in the target class, the accuracy of the results of output by each candidate
model towards properly indicating the sample as being a member of the target
class is evaluated or determined. Likewise, for a second sample from the
second set of subjects known to not have a membership in the target class,
the accuracy of the results of the output by each candidate model towards
properly indicating the sample is not being a member of the target class is
evaluated are determined. This process is repeated for each sample, wherein
the aggregate accuracy results of each candidate model may be compared

against one another. As indicated by block 166, the candidate model (with its
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associated particular weighting combinations) having the highest degree of
accuracy may be selected as the target class feature model, representing the
fingerprint of the target class based upon composites of individual features.
The highest degree of accuracy serving as a criteria for selecting which of the
candidate model 50 serve as a target class feature model may vary
depending upon the objectives such as generating a target class feature
model having the fewest number of false positives, generating a target class
feature model having the fewest number of false negatives, or generating a
target class feature model that most accurately indicates or predicts whether a

sample belongs to a target class.

[00027] Figure 3 is a flow diagram of an example method 200, an
example implementation of method 150. Figure 3 illustrates the iterative
nature of method 150 in the form of “For ... Next loops”. As indicated by block
204, the results of a function fx is determined, wherein the function has a set
of variables in the form of feature sets FS¢ ... FS,, and wherein each of the
variable/feature sets FS has an associated weighting factor of a particular
weighting combination WC. The result of the function fx for an individual
sample is determined by using the measured or quantified values for their
associated variables, the feature sets that may comprise the values for an
individual feature or the values based upon a combination of values for

features.

[00028] As indicated by block 208, the result of the function has a value,
based upon a predetermined scale, that indicates whether or not the particular
sample belongs to a target class or does not belong to a target class. This
result is compared against the ground truth, the predetermined membership
status of the sample with respect to the target class. For example, in one
implementation, a positive numerical result between zero and one may
indicate membership in the target class or a negative numerical result
between zero and -1 may indicate a lack of membership with respect to the

target class. A sample predetermined to be within the target class (the first
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set of different subjects) will have a ground truth value of 1 while a sample
predetermined to not be within the target class (the second set of different
subjects) will have a ground truth value of -1. For each result determined in
block 204, a difference between the result in the ground truth value for the
sample is determined and output. Such differences are stored and
subsequent utilized to evaluate the accuracy of the particular combination of

weighting factors forming the candidate model applied in block 204.

[00029] As indicated by for-next loops of blocks 210 and 212,
respectively, blocks 204 and 208 are repeated for each sample of the ground
truth set of samples, the first set of subjects having a membership in the
target class and the second set of different subjects not having a membership

in the target class.

[00030] As indicated by block 216, the differences output in block 208 for
each sample S for the current a respective weighting combination WC are
aggregated. The aggregating constitutes a statistical or functional result of all
of the individual differences for the individual samples. In one
implementation, the aggregation may comprise the summing of each of the
differences to yield a total difference value for all of the samples S for the
particular weighting combination WC. In another implementation, aggregation
may comprise determining an average or mode of the set of different values
that resulted from the feature sets of the function fx being applied with the
particular weighting combination WC. In yet other implementations,
aggregation may comprise yet another form of aggregation based upon the
total number or collection of difference values for all the samples for the
particular weighting combination WC. In some implementations, outer

extreme difference values may be culled from the aggregation.

[00031] As indicated by the for-next loop of blocks 220 and 222, blocks
204, 208, 210, 212 and 216 are repeated once again for each potential or

candidate weighting combination WC. |n one implementation, the number of
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different weighting combinations, the resolution of the weights of the different
weighting combinations and/or the distribution of the different weights or
various assignments of the different weights with respect to the different
feature sets may be optimized using various optimization techniques such as
global optimization or kernel optimization using various optimization

techniques such as convex optimization, concave optimization and the like.

[00032] As indicated by block 226, the aggregated differences for each
candidate weighting combination WC, as determined in block 216, are
compared. As indicated in block 230, the combination of weighting factors
WC satisfying a predefined objective or predefined level of accuracy is
selected for generating the target class feature model based upon the
comparison. For example, in one implementation, the combination WC of
weighting factors having the smallest aggregation of differences across all of
the ground truth samples may be selected as the combination WC of

weighting factors for generating the target class feature model.

[00033] The target class feature model generated or determined is the
function fx of the multiple feature sets with the particular selected combination
of weighting factors WC applied thereto. For example, an example target
class feature model might comprise fx(W2>*FS+, W5*FS2, W5*FS3, W41*FS4
...), where the particular combination of the values for weighting factors W2,
W5, W4 as well as their particular assignment to the respective feature sets
FS produced the smallest aggregate difference across all of the ground truth
samples as compared to other weighting factor values in other particular

assignments of weighting factor values to particular feature sets FS.

[00034] Figure 4 is a diagram of an example method 300 an example
implementation of method 100, method 150 and/or method 200. As indicated
by block 304, ground truth samples are first obtained or received. Such
ground truth samples include samples from subjects having a known

membership in a target class as well as samples from subjects having a
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known membership not in the target class. Each sample may comprise a
collection of data corresponding to multiple individual features or a composite
of multiple individual features. In one implementation, each sample may be
sensed on a microfluidic chip or using a microfluidic sensor. In one
implementation, each sample may comprise impedance data. In another
implementation, each sample may comprise Raman spectroscopy or surface

enhanced Raman spectroscopy spectra data.

[00035] As indicated by block 3086, signal processing is carried out on
the sample data. Such signal processing involved data acquisition,
preprocessing and calibration as well as feature extraction. Feature
extraction involves the identification of individual characteristics or aspects of
the data from months other characteristics or aspects of the data. Such
feature extraction further involves the quantification or measurement of each

individual feature.

[00036] Features of a sample may comprise individual characteristics or
aspects of the data in the sample. For example, in the case of Raman
spectroscopy data, a feature may comprise individual aspects or
characteristics of the spectra data based upon an amplitude, duration,
frequency, or timing of the spectral peaks of the Raman spectra data. Other
specific examples of different individual features may include, but are not
limited to, maximum peak amplitude, peak amplitude at a predetermined time,
a statistical value based upon a plurality of peak characteristics, a peak to
peak ratio, and all other types of created features through a feature engine,

such as deep learning, Principal Component Analysis (PCA) and the like.

[00037] As illustrated by blocks 310 and 312, the result of the feature
extraction is a collection of ground truth samples: ground truth samples 311
for the target class and ground truth samples 313 for the non-target class.

For example, one target class might be samples taken from subjects known to

have a particular disease whereas the non-target class might be samples
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taken from subjects known to not have the same particular disease. As
further shown by blocks 310 and 312, the samples from both the target class
311 and the nontarget class 313 are taken using the same acquisition
methods such that the same individual features are present in each of the
samples. In the example illustrated, each sample acquired during the
sensing in block 304 and output by the signal processing and feature

extraction and 306 comprises individual features f; ... f,.

[00038] As illustrated by block 316, feature sets FS are identified from
the individual samples for inclusion in a function fx that outputs a value to be
used for indicating whether or not the sample has a membership in a target
class or a membership outside the target class. In one implementation, the
function may comprise all of the individual features found in each of the
samples of the ground truth samples as well as all of the different
combinations of features, combined through a separate function in which the
combined features serve as variables in the separate function. In one
implementation, a feature creation or generation engine, a module of
processor instructions and a processing unit, may identify and generate
different combinations or different functions of multiple individual data sample
features that serve as feature sets (variables) in the sample predicting
function. The feature creation or generation module creates multi-feature
feature set variables using global optimization techniques. In on
implementation, In another implementation, a selected portion of the total
number of possible combinations of individual features is included in the
function. In one implementation, the number of possible combinations or the
selection of the different combination of individual features is carried out using

global optimization or kernel optimization/distance metric learning.

[00039] As indicated by block 320, different weighting combinations are
applied to the feature sets 316 of the function. As described above with
respect to method 200, different combinations of weighting factors are applied

to the feature sets of the function, iteratively. As indicated by blocks 204, 208,
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210 and 212, the quantified or measured values for each of the feature sets of
each of the samples are used for the corresponding feature set variables in
the function to determine a difference between the function result and the

ground truth value for each sample for each different weighting combination.

[00040] As illustrated by block 324 and described above with respect to
block 216, the differences for each individual weighting combination across all
of the ground truth samples are aggregated. As described above with respect
to block 226, the aggregated differences of each weighting combination
(WC=1 to n) are compared. As described above with respect to block 230, a
particular weighting combination is selected for generation of the final target

class feature model 326.

[00041] As illustrated in broken lines, in some implementations, the
individual feature sets of each candidate function or candidate model may
itself be the result of a secondary or lower level function 330 of a selected
portion of or combination of individual features and associated secondary
weighting factors. For example, the feature set FS; in the candidate function
or candidate model (the primary function) may itself have a value that is the
result of a secondary function of a first feature set FS, multiplied by its
corresponding weighting factor Wy, a second feature set FS, multiplied by its
corresponding weighting factor W, and so on. In such implementations, the
different weighting combinations (as described above with respect to blocks
220 and 222) may also include different weighting combinations for the
secondary functions. For example, the value for FS in the primary function
may have multiple different values in different iterations even though the
quantified values of the secondary individual features that serve as variables
for the secondary function providing the value for FS, remain the same, due to
the different weighting factors applied to the different secondary individual

features as the different weighting combinations are iteratively applied.
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[00042] As further indicated by broken lines, the final target class feature
model 326 may comprise a primary class indicating function that itself
includes feature sets having values resulting from secondary functions 332 of
a selected portion of the total number of possible individual features with a
selected weighting combination that reduces error. In still other
implementations, the feature sets (FS,, FSy and so on) of the secondary
function may themselves have values resulting from yet further lower level
functions (not shown) of selected individual features with selected weighting

combinations.

[00043] As indicated by block 350, once the final target class feature
model 326 has been generated using the selected weighting combination for
the feature sets of the sample indicating function, samples from subjects
having an unknown membership status respect to the target class 311 may be
evaluated to predict class membership. For example, a sample may be taken
from a patient to determine whether or not the patient belongs to a target
class, whether or not the patient has, for example, cancer. The sample may
be sensed. The various individual features of the data sample may be
extracted and quantified and used as values for the various features set
variables of the target class feature model to provide an output indicating
membership status of the sample. In some implementations, computation
complexity and feature extraction complexity may be reduced by extracting
and quantifying a portion of the total number of individual features, such as by
extracting and quantifying those individual features having corresponding
weighting factors F greater than a predefined weighting value or weighting
threshold. For example, individual features that are only associated with
extremely low weighting factors W (below a predefined cutoff threshold) may
be ignored for sake of cost or expediency. As further shown by block 350, the
samples to which the target class feature model 326 is applied may be used
to diagnose disease, food security or contamination, energy quality or

environmental conditions, amongst others.
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[00044] Figure 5 is a diagram illustrating the evolving of a target class
feature model to automatically adapt to changing contributors or changing
factors to a condition or membership status over time. Figure 5 illustrates an
example method 400 for automatically updating the target class feature model
326 (shown in Figure 4). As shown by Figure 5, additional ground truth
samples for 11 and 412 may be obtained or sensed over time. The individual
features of each ground truth sample are extracted and quantified as
described above respect to block 116 of method 100. The extracted and
quantified values for each of the individual features of an individual sample
are then inserted into the target class feature model 326 for the respective
feature sets of the model 326. If the result of the target class feature model
applied to the individual sample is sufficiently close to the ground truth value
for the same individual sample, no updating is carried out. For example, if the
sample is in the target class 411 with the ground truth value of +1 and the
result of the insertion of the values for the sample into the target class feature
model result in an output of a positive value (also indicating membership in
the target class 411), a decision that no updating may be made. As should be
appreciated, in other implementations, the threshold value for triggering the
updating of the target class feature model may not necessarily be equally
distantly spaced between the ground truth value for target class membership

and the ground truth value for being outside of the target class.

[00045] By way of contrast, if the result of the target class feature model
applied to the individual sample is incorrect or is not sufficiently close to the
ground truth value for the same individual sample, an update to the existing
target class feature model may be triggered as indicated by decision block
414. As indicated by block 420 and block 424, the processes described
above with respect to blocks 320 and 324, respectively, are repeated with the
addition of the new or additional ground truth sample or group of new or
additional ground truth samples to the classes 311 and 313 for once again
evaluating the different weighting combinations to determine which particular

weighting combination, when applied to the different feature sets of the
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sample indicating function has an acceptable degree of accuracy. As
illustrated by Figure 5, the inclusion of the new subsequently sensed and
acquired ground truth sample or samples may result in the selection of a
different weighting combination and the generation of a different “evolved”
target class feature model having the different weighting combination applied
to the same feature sets. In the example illustrated, the evolved target class
feature model 426 may have at least one weighting factor W', W2 ... Wn’
which is different than its corresponding weighting factor W4, W, ... W,, of the

original target class feature model 326.

[00046] Figure 6 is a flow diagram illustrating an example method 500
for generating a target subclass feature model. The subclass feature model
generated by method 500 may provide additional insider detail as to a specific
category of the larger class which membership was indicated by the
application of the target class feature model 326. For example, rather than
simply indicating whether or not a person has cancer, the target subclass
feature model generated by method 500 may further indicate a subclass of
the cancer determination such as a particular type of cancer or a particular

stage of the cancer.

[00047] As illustrated by Figure 6, method 500 mirrors methods 100 and
150 (described above) respect to generating a target class feature model. As
indicated by block 510, third samples from a third set of different subjects
having a membership in a target subclass are sensed. As indicated by block
514, fourth samples from a fourth set of different subjects of the target class,
but not having membership in the target subclass are sensed. Each of the
third samples and the fourth samples comprising a composite of individual

features.

[00048] As indicated by block 516, the individual data features from each
composite of the third samples and the fourth data samples are extracted and

quantified. Thereafter, as indicated by block 554, different candidate
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weighting combinations are iteratively applied to feature sets of a subclass

function to create a different candidate subclass model during each iteration.

[00049] As indicated by block 558, for each iteration, the different
candidate subclass model is applied to the extracted and quantified individual
features from each composite of the third samples and the fourth samples.

As indicated by block 562, a result of each different candidate subclass model
applied to the extracted and quantified individual features from each of the
third samples and the fourth samples is compared to a known membership
status of each of the third samples and the fourth samples with respect to the
subclass. As indicated by block 566, the target subclass feature model
representing the fingerprint of the target subclass based upon composites of
individual features is selected are generated based upon the comparison. For
example, the particular weighting combination having the fewest number of
errors, the greatest accuracy, the least false positives or the least false
negatives may be selected and incorporated into the subclass function,

weighting each of the feature sets of the subclass function.

[00050] Figures 7 and 8 are diagrams illustrating how the generated
target class feature model 326, 426 or the target subclass generated pursuant
to method 500 may be used to indicate not only those particular data sample
features or data feature sets that highly indicate a condition or class
membership but also may be used to indicate contributors that may be the
root cause of the condition or class membership. For example, Figures 7 and
8 illustrate how chemicals linked to those features or feature sets that highly
indicate a conditioner class membership may be identified. Figure 7 is a flow
diagram of an example method 600. Figure 8 illustrates an example

implementation of method 600.

[00051] As indicated by block 604 of Figure 7, those feature sets in the
target class feature module 326, 426 or the subclass feature model generated

method 500 that have a high weighting factor, an associated weighting factor
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W above a predefined threshold may be identified as being especially
indicative of an existing condition or class membership. The values for the
particular feature sets for the target class/target subclass are compared to
corresponding predetermined values for the same identified set of features for

various possible contributors.

[00052] In the example shown in Figure 8, feature set FS1 650 has been
identified as a feature set in the target class feature model or the subclass
feature model having a relatively high weighting factor W4. In some
implementations, feature set FS1 650 is identified in response to the
weighting factor W4 being above a predefined threshold. In the example
illustrated, feature set FS; 650 has a value based upon a combination of three

individual data features F3, F4 and Fs.

[00053] As further shown by Figure 8 the weighted value of FS; is
compared to the corresponding weighted value for the same feature set FS;
obtained from samples from known compositions are differently known
chemicals C4-C,, (660). For example, composition or chemical C1 may be
tested using the same testing procedure from which the ground truth samples
were obtained. The features corresponding to the features of FSq are
extracted and measured from the sample of the chemical C; (in this case,
features F; F4and Fs). The values for these features extracted and quantified
from the sample of the chemical C; are combined in the same fashion as the
combination of the same features for FS1 in the target class feature
model/target subclass feature. The result of the combination of the features
from the sample data from chemical C1 are compared to results for the same
feature set FS4 using values from the ground truth samples. As indicated by
block 606, a particular candidate chemical may be identified or determined as
a chemical corresponding to the identified set of features FS; for the target
class based upon the comparison. In other words, the particular chemical or
group of chemicals that contribute to a particular condition or class

membership may be identified.
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[00054] Figure 9 is a schematic diagram of an example system 700 for
generating a target class feature model (as described above), for updating
existing target class feature models and for providing a database that
provides information to remote users regarding different target class feature
models or fingerprints FP for different conditions or classes. System 700
comprises sensor 704, controller 708, local database 710, remote database
712 and server 714.

[00055] Sensor 704 comprises a device to sense or capture data from
samples S - S, taken from subjects. Examples of such subjects from which a
sample may be taken, include, but are not limited to, a person, an animal, a
plant, a fluid, or an environmental body such as a lake, river, stream, ground
or the like. In one implementation, sensor 704 may capture impedance data
from a subject or physical sample flowing through a microfluidic device for
microfluidic channel. In one implementation, sensor 704 may capture Raman
spectroscopy data or surface enhanced Raman spectroscopy data. For
example, in such an implementation, sensor 704 may impinge or direct light
on to a subject or physical sample on a surface enhanced Raman
spectroscopy stage or substrate 716, wherein the light reflected or scattered
from the subject or physical sample on the substrate 716 is sensed by sensor
704 to produce a data sample, a spectra sample. In some implementations,
the physical samples S1-S, may be from the same subject but positioned on
different SERS substrates 716. In one implementation, the physical samples
and their associated or resulting sensed data samples are ground truth

samples, known to belong to a target class or not belong to a target class.

[00056] Controller 708 comprises a processing unit 720 and a non-
transitory memory 722. For purposes of this application, the term “processing
unit” shall mean a presently developed or future developed computing
hardware that executes sequences of instructions contained in a non-
transitory memory. Execution of the sequences of instructions causes the

processing unit to perform steps such as generating control signals. The
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instructions may be loaded in a random access memory (RAM) for execution
by the processing unit from a read only memory (ROM), a mass storage
device, or some other persistent storage. In other embodiments, hard wired
circuitry may be used in place of or in combination with software instructions
to implement the functions described. For example, controller 708 may be
embodied as part of one or more application-specific integrated circuits
(ASICs). Unless otherwise specifically noted, the controller is not limited to
any specific combination of hardware circuitry and software, nor to any

particular source for the instructions executed by the processing unit.

[00057] In the example illustrated, memory 722 contains instructions to
direct the processing unit 720 to carry out any of the methods 100, 150, 200,
300, 400, 500 and 600 described above. For example, memory 722 may
contain instructions to direct the processing unit 720 to create or generate
multi-feature sets using the individual features identified in the collection of
ground truth samples. These multi-feature sets may be used alone or in
combination with individual features as part of candidate sample indicating
functions. Memory 722 may further contain instructions direct the processing
722 iteratively apply different combinations of weightings to form different
candidate sample indicating functions, wherein each of the different candidate
sample indicating functions is applied to be measured or quantified results
from the actual ground truth samples and wherein the results of each
application are compared to evaluate the various different candidate sample
indicating functions to identify and generate a target class (or subclass)
feature model. Memory 722 further comprises instructions directing
processing unit 720 to populate databases 710 and 712 with the various
created or generated target class feature models and/or subclass class
feature models, representing feature fingerprints FP of the respective

classes/subclasses.

[00058] Databases 710 and 712 comprise a non-transitory computerize

readable medium storing the previously generated and/or updated target
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class feature models and target subclass your models. Each database 710,
712 may comprise a class identifier and sets of sensed data features or
feature sets, each set of sensed data features having the predetermined or
selected weight or weighting factor (selected as described above with respect
to block 230 in Figure 3), wherein the weighting factor indicates the relevance
of the feature set or set of data features towards identifying membership of a

subject with respect to a class.

[00059] Server 714 provides wireless or network communication
between controller 708 and remote database 712. Server 714 further
provides access to remote database 712 across a wide area network or
Internet 724 to remote users 726. Server 714 further facilitates

communication between the remote users 726 and controller 708.

[00060] Server 714 facilitates communication of additional ground truth
samples 730 from remote users 726 to controller 708, wherein controller 708
may update an existing target class feature model or subclass feature model
using the additional ground truth samples as described above with respect to
method 400. Server 714 further provides access to remote database 712,
facilitating use of the stored fingerprints or generated target class feature
models or subclass feature models by remote users 726. In one
implementation, remote users 726 may retrieve and obtain a target class

feature model or subclass feature model from database 712.

[00061] In another implementation, remote users 726 may upload a data
sample 732 taken by the remote user of a subject to controller 708, wherein
controller 708 extracts and quantifies those values of the individual features
making up the feature sets that are at least most relevant to the determination
of class membership. The extracted and quantified values taken from the
sample uploaded by the remote user may then be applied or plugged into the
corresponding target class feature model or subclass feature model, wherein

the output of the model may be used by the controller 708 to provide
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information to the remote user as to whether the sample uploaded by the
remote user indicates that the subject from which the sample was taken
belongs to the particular class/subclass or possesses the particular condition

in question.

[00062] Figure 10 is a diagram pictorially representing different target
class feature models 800A, 800B, 800C and 800D (collectively referred to as
models 800) for different classes Class 1, Class 2, Class 3 and Class 4,
respectively, wherein the target class feature models 800 are based upon
data features from SERS spectra data samples. The example individual
features of the composite SERS spectra forming the different feature sets are
pictorially represented. The target class feature model 800A for class 1
indicates that the feature set 802 has an associated weighting factor 812 of
29.6%, the features set 804 has an associated weighting factor 814 of 22.8%,
the feature set 806 has an associated weighting factor 816 of 15.3%, the
feature set 808 has an associated weighting factor 818 of 11.8% and the
feature set 810 has an associated weighting factor of 9.3%, wherein all of the
other feature sets (“Others”), combined, have a collective weight of 11.2%.
Thus, for class 1, the generated target class feature model indicates that
feature sets 802, 804 of the largest impact respect to indicating whether or not
a sample belongs to a class. As described above with respect to method 600
in Figure 7 8, such information may not only indicate what individual features
are the most important for extraction and quantification when determining
whether a sample has a condition or belongs to a class but may also assist in
identifying what particular contributors or chemicals may be associated with
the data features set and correspondingly, a contributor to the condition or
class membership. As illustrated by 10, different target class feature models
for different classes or conditions may have different weighting factors for the
same feature sets extracted from samples taken by the same or similar

sensing techniques or devices.



WO 2018/080522 PCT/US2016/059556

24

[00063] Although the present disclosure has been described with
reference to example implementations, workers skilled in the art will recognize
that changes may be made in form and detail without departing from the spirit
and scope of the claimed subject matter. For example, although different
example implementations may have been described as including one or more
features providing one or more benéefits, it is contemplated that the described
features may be interchanged with one another or alternatively be combined
with one another in the described example implementations or in other
alternative implementations. Because the technology of the present
disclosure is relatively complex, not all changes in the technology are
foreseeable. The present disclosure described with reference to the example
implementations and set forth in the following claims is manifestly intended to
be as broad as possible. For example, unless specifically otherwise noted,
the claims reciting a single particular element also encompass a plurality of
such particular elements. The terms “first”, “second”, “third” and so on in the
claims merely distinguish different elements and, unless otherwise stated, are
not to be specifically associated with a particular order or particular numbering

of elements in the disclosure.
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WHAT IS CLAIMED IS:

1.

A method comprising:

sensing first data samples from a first set of different
subjects having a membership in a target class;

sensing second data samples from a second set of different
subjects not having a membership in the target class, each of the
first data samples and the second data samples comprising a
composite of individual data features;

extracting and quantifying the individual data features from
each composite of the first data samples and the second data
samples; and

identifying sets of data features and associated weightings of
a target class feature model based upon quantified values of the
individual data features from each composite of the first data
samples and the second data samples to create a target class
feature model representing a fingerprint of the target class to
determine membership status of a sample having an unknown

membership status with respect to the target class.

The method identify of claim 1, wherein the identification of sets of
data features and associated weightings of a target class model
comprises:

iteratively applying different candidate weighting
combinations to data feature sets of a function to create a different
candidate model during each iteration;

for each iteration, applying the different candidate model to
the extracted and quantified individual features from each

composite of the first data samples and the second data samples;
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comparing a result of each different candidate model applied
to the extracted and quantified individual data features from each of
the first data samples and the second data samples to a known
membership status of each of the first data samples and the
second data samples; and

selecting the target class feature model representing the
fingerprint of the target class based upon composites of individual

data features based upon the comparison.

3. The method of claim 2, wherein the first data samples and the
second data samples comprise SERS spectra data and wherein the sets of

features comprise features based upon spectral peaks of the SERS spectra data.

4. The method of claim 3, wherein the first data samples and the
second data samples comprise SERS spectra data of a subject taken with
different Raman spectroscopy enhancement surfaces.

5. The method of claim 2, the first data samples and the second data

samples comprise impedance data.

6. The method of claim 2 further comprising creating multi-feature

feature sets for the function.

7. The method of claim 2 further comprising storing the identified sets
and assigned weights to a target class as part of a database.

8. The method of claim 2, wherein at least one of the different

candidate sets of individual data features comprises a single data feature.

9. The method of claim 2 further comprising:
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receiving an additional data sample having a known

membership status with respect to the target class;

extracting and quantifying the individual data features from
the composite of the additional sample;

applying the selected target class feature model to the
extracted and quantified individual data features from the additional
sample;

comparing a result of the selected target class feature model
applied to the extracted and quantified individual data features from
the additional data sample to the known membership status; and

based upon the result of the comparison:

iteratively applying different candidate weighting
combinations to the feature sets of the function to create different
candidate models for identifying membership status of a sample

with respect to the target class;

for each iteration, applying the different candidate model to
the extracted and quantified individual data features from each
composite of the first data samples, the second data samples and

the additional sample;

comparing a result of each different candidate model applied
to the extracted and quantified individual data features from each of
the first data samples and the second data samples to a known
membership status of each of the first data samples, the second

data samples and the additional data sample; and
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selecting a new target class feature model representing the
fingerprint of the target class based upon composites of individual

features based upon the comparison.

10. The method of claim 2, wherein the first data samples and the
second data samples comprise SERS sprectra and wherein the multiple features
comprise features selected from a group of features consisting of. maximum
peak amplitude, peak amplitude at a predetermined time; a statistical value
based upon a plurality of peak characteristics; peak to peak ratio; , maximum
peak amplitude, peak amplitude at a predetermined time, a statistical value

based upon a plurality of peak characteristics, a peak to peak ratio.
11.  The method of claim 2 further comprising:

sensing a sample having an unknown membership status with

respect to target class;

extracting and quantifying a portion of individual features of a
composite of individual features of the sample having the unknown
membership status, the portion of individual features comprising those

individual features making up the feature sets of the target class;

applying the target class model to the extracted and quantified

portion of individual data features; and

determining a membership status of the data sample based upon a
result of the application of the target class feature model to the extracted
and quantified portion of individual data features.

12.  The method of claim 2 further comprising:
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sensing third data samples from a third set of different

subjects having a membership in a target subclass;

sensing fourth data samples from a fourth set of different
subjects of the target class, but not having membership in the
target subclass, each of the third data samples and the fourth data

samples comprising a composite of individual data features;

extracting and quantifying the individual data features from
each composite of the third data samples and the fourth data

samples;

iteratively applying different candidate weighting
combinations to feature sets of a second function to create a

different candidate subclass model during each iteration;

for each iteration, applying the different candidate subclass
model to the extracted and quantified individual features from each

composite of the third samples and the fourth samples;

comparing a result of each different candidate subclass
model applied to the extracted and quantified individual features
from each of the third samples and the fourth samples to a known
membership status of each of the third samples and the fourth

samples; and

selecting the target subclass feature model representing the
fingerprint of the target subclass based upon composites of

individual features based upon the comparison.

The method of claim 2 further comprising:
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comparing the weighted sets of features of the target class
model to corresponding predetermined sets of features for

chemicals; and

determining chemicals contributing to membership in the

target class based upon the comparison.
An apparatus comprising:

a non-transitory computer-readable medium containing instructions

to direct a processor to:

receive a composite of data features from each data sample
of first data samples having a membership in a target class;

receiving a composite of data features from each data
sample of second data samples not having a membership in the
target class;

extract and quantify individual data features from each
composite of the first data samples and the second data samples;

iteratively apply different candidate weighting combinations
to feature sets to create a different candidate model during each
iteration;

for each iteration, apply the different candidate model to the
extracted and quantified individual features from each composite of
the first data samples and the second data samples;

compare a result of each different candidate model applied
to the extracted and quantified individual features from each of the
first data samples and the second data samples to a known
membership status of each of the first data samples and the

second data samples; and
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select the target class feature model representing the
fingerprint of the target class based upon composites of individual

features based upon the comparison.
A database comprising:
a class identifier;

sets of sensed data features, each set of the sensed data
features having a weight indicating a relevance of the set of data
features towards identifying membership of a subject with respect
to a class.
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