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1 ATOMIC-FORCE MICROSCOPY FOR IDENTIFICATION OF SURFACES
2 RELATED APPLICATIONS

3 This application clalins the benefit of the Now, 7, 2018 priority date of US.

4 Provisional Application 62/736958 and the Nov, 28, 2018 priority date of US.

S Provistonal Application 63/772,327, the contents of which are incorporated herein by

&  refercnce.

7 FIELD OF INVENTION
8 The invention relates to the use of atpmic fores microscopy and machine
9  learning in connection with using features of a sarfuce o classity of identify that

1Y swiace, and in panticudar, o using feanwes to wdentify or classify biological cells.

BACKGROUND
12 {n atomic force microscopy, a probe sttached to the tip of a cantilever seans

13 the surface of the sample. In one mode for operation, the probe taps the surface as it
t4 scans. Asthe probe scans the sample, it is possible 1o control the magniude and
13 direction of the force vector associated with a loading force that the probe exerts on

18 the sample.

17 The defloction of the cantilever from its equilibrivm position provides a signal
8 from which & great deal of information can be extracted. Ay an example, by keeping
19 either the loading force or the cantilever's deflection constant, 1418 possible to obtain
20 the sample’s topology at vartous points on the sample. The values collected af cach

21 puointare then oreanized into an aveay iy which the row and cobumn ideatifies the

22 location of 3 point in 3 two-dimensional coordinate system and the value at the row
23 and cohumn is representative of a property messured at that point. The resulting array
34 of numbers can thus be viewed as a map. This makes it possible to make s map of the
5 sample in which each point on the map indicates some property of the sample’s

26 swrface at that point. In some oxanyples, the property s the height of the surface above

27 ovbelow some reference plane,

38 However, gy image of the sarface’s height 38 not the only image that can be
¥ recorded when scamming. The captilover’s deflection can be used to collect mudtiple

30 images of the sample’s surface, with cach image bemy a map of a different property
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of the surface. Examples of just a fow of these properties inchude adhesion betwesn
the probe and the xarface, the stiffness of the surface, and viscoglastic energy loss.
SUMMARY

The invention provides a method for identifying a surface using
multidiroengional images obtained by an atomic force microscope and for using
imformatton from those mnages for classifying a surface mio ong of several classes,
According to the invention, i is possible to obtain & multi-dimensional smage of &
surface with two of the dimensions cotresponding to spatial dimensions and
adiditional dimensions corresponding to different physical and spatial propertics that
exist at the coordinate wdenmtified by the two spanal dimensions. In some embodiments,

the dimensions are lateral dimensions.

A quastion that arises s how one chooses and uses these different physical and
spatial properties for identifivation and classification of a surface. According to the
mvention, the properties that will be used Huv identification and classification of a
surface are not pre-determined. They are caleulated based on the result of maching
fearning apphed to a database of images and their corvesponding classes, They are

leared. n particudar, they are Ieamed by machine learning.

Among the embodiments of the bvvention are those that include using an
ateanie force microscope W acquirg difforent maps corresponding o ditforont
propertics of the surface and using combinations of these maps, or parameters devived
from those maps, to dentify or classtfy a sample swriace. Sach a method comprises
recording atonue force nucroscope images of examples of surfaves that belong to
well-defined classes, forming & database i which such atonie forve microscope maps
are associated with the classes 1o which they belong, using the atonue force
aueroscope maps thes obtained and dhe combinations thereof to leamn how to clagsify
surfaves by splitiing the database into training and testing data with the training data
being used to leam how to classify, for example by building a decision tree ov neural
setwork ov & combination of thereof, and using the testing data o venfy that the
classification thus learned is effective enough 1o pass a given thueshold of

eifertventss.

it
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i Another embodiment inchudes reduring the maps provided by the atomie force
2 microscope to a set of swrface parameters, the values of which are defined by

3 mathematical functions or algorithms that use those propertics as inputs thareof Ina
4 preforred practice, cach map or image vields a surface parameter that can then beused
§ sy, together with other surface parameters o classify or identify the serface. In such

& embodiments, there exists a classificr that classifiss hased on these surface

ol

parameters. However, the classifier itselfis not predetermined. 1t is learned though a

& machine-leavning procedure as desenbed above.

9 The wethod 15 agnostic to the nture of the surface. For exanple, one nuight
10 use the method to classify surfaces of paintings or currency of securs doctments such
11 asburth cortificates or passports in order 1o spot forgerics. But one pught also use the
12 same method to classify surfaces of cells or other portions of a hiving body 1n ovder to
13 wentify various disorders. For example, varous cancers have cells that have
14 particdar surface signatres. Thus, the method can be used to detect varions kinds of

IS cancers.

16 A difficulty that aviscs i that of actually obtaining cclls o exanune. In some
17 cases, an nvasive procedure is required. However, there are certain kinds of cells that
& arenaterally sloughed off the body or that can be exwracted from the body with only
19 minimal nvasiveness. Ao example is that of genty scratching the corvin s swrtace m
20 o Pap smear test. Among the cells that are naterally sloughed off are cells from the

21 unpary tract, inchuding the bladder. Thus, the method can be used 1o inspect these

2 eells wnd doeteet bladder cancer without the need for an invasive and expensive

23 procedurs, such as Cysioseopy.

24 The invention featwres using atomic force microscope that can producg a

25 mulndunensional array of phvsical properties. for cxanple, when using sub-resonance
26 tapping mode. In some practices, acquiving the set of iages comprises using an
atonuc-foree microseope i mode to carry oot nanoseale-resolution scanming of the
28 swrfaces of cells that have been collected from bodily flotds and providing data

29 obtained from the atomic force microscape scanning procedure to a machine learning

3 systemthat provides an indication of the probability that the sample came from a

[
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paticnt who has cancer, hercafier reforred fo as a “cancer-afflicted patient.”™ The

method is applicable in general to classifying cells based on their surface properties.

Altheugh described i the contest of bladder cancgy, the methods and syskems
disclosed herein sre applicable for detection of pther cancers in whick cells or body
floid are-avatlable foranalysiy without the need for fnvasive blopsy. Examples inclode
cancer of the upper-urinary wact, vrethra, colorectal and other gastromtestinal cancers,

cervical cancers, acrodigestive cancers, amd othercancers with sinsilar properties.

Moreover, the methods desertbed herem are applicable to detection of cellular
abnorroalities other than cancer as well as to monitoning cellular reaction to various
drugs. In addition, the methods described hergin are uscful for elassifving and
wentifying surfaces of any type, whether derived froor a Bving creature or-from son-
hiving matter, All that is noocssary is that the surface be ong that is susceptible o

heing scanned by an stonmie foree nuicroscops.

For example, the method described herein can be used to detect forgerics,
wcluding forgenies of cumrency, stock certificates, identification papers, ov artwork,

such a¢ paintings.

In one aspeet, the vention features using an atomic-force microscope to
acguinea set of mages of cach of o phuality of eells obtained from o patient,
processing the images o obtain sarface parmmetor maps, and, using a machine-

lcarning algorithan applied to the images, classifying the cells as having oviginated in

o

sither a cancer-afflicted or cancer-free patient.

Among these embodiments are those v which the microscope is used iy sab-
resonance tapping mode. In vet other embodiments, the microscope s used in ringing

masde.

{n another aspect, the lnvention features: using an atonuc-forcs microscope,
soquiring » st of images associated with surfaces, processing the hmages to obtain
surface parameter maps, and, using & machine-fearning algorithm applied to the

fmages, classifying the surfaces.

=)
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Among these practices are those that include selecting the surfaces to be
surfsces of bladder cells and classifying the surfaces as those of cells that originated

from a cancer-afflicted or cancer~free patient.

i another aspect, the invention features a method comprising, using an
atomic-force microscope Wy aoquire a setof trages associated with surfaces,
combining the images, and, vsing a machine-learming method apphied 1o the combined

imagoes, classifving the swefaces.

This method camsot be carvied out'in the human mind with or without pencil
and paper becanse i requires an atonc force mucroscope o be carried out and
because the buman mind cannot carry out a machene-learning wethod since the luman
mind is not a machine. The method is-alse canted out in anon-abstract manner so as
to achiove a technical offect, namely the classification of surfaces based on tochnical
properties thereof, A description of how to carry out the method i an abstract sndfor
non-fechnical manver has been purposefudly omitted to avoid misconstroing the claim

as covering anyvthing but a non-abstract and technical implementation.

Ty some practices, the inages are mnages of colls. Amony these are wractives
that further include mdomatically dotecting that an tmage of a cell has an artifact and
excluding that image from being used for classifving the surfaces and practices that
inchude partitoning an image of a sivaple nto partitions, oblatming swrface pavameters
for each partition, and defining a surface parameter of the cell as being the median of

the surfacs parameters for each partition,

Some practices also include processing the images to obtain swrtace
parameters and using machine learning to classify the surfaces based at least in part
on the surface paramctors. Among these are practices that further include defining a
subset of the swrface parameters and gonerating o database based on the subset In
such practices, defining the subset of surface parameters includes determining a
correlation between the surface parameters, comparing the corrglation with a
threshold to identify a set of correlated parameters, and inchuding 8 subset of the setof

correlated parameters in the sebset of surface parameters. Also amony these are

o

PCT/US2019/060225
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I practices that further inclode defining o subset of the swrisce parameters and

2 pencrating 2 database based on the subsct In these practices, defining the subset of
3 surface pavameters includos determining & eorrelation matrix between the surface

4 parameters and wheretn determiming the correlation matrix includes generating

& sionglated sarfaces. Also anvong these practices are those that inclede defining a

6 subsct of the surface pararneters and penerating a database based on the subset. In
ol

these practices, defining the subset of surface parameters includes combining different

& surface parameters of the samme kind from the same sample.

G Practices also include those in which scquiming the set of images inchudes
10 using a multi-channed atomde-force microscope in ringing mode, whersin sach
{1 channel of the atomdc~-force nucroscope provides information indicative of a

12 corresponding serface property of the surfaces.

13 Also amonyg the practices of the invention are those that include selecting the
14 surfaces to be surfaces of cells collected from urine of a subject and classifying the
s

cells as indicative of cancer or not indicative of cancer,

16 A variety of ways of using thomicroscope are within avatlable without

17 departing from the scope of the mvention. These inchude using @ multi-channe! atomic
18 force microscope, whersin cach channel corresponds to a surface propenty of the

19 surface, using the atomic-force microscope in sub-resonant tapping mode, and ysing
20 the atomic foree microscope in comection with acquining multiple channels of

21 information, each of which corresponds to a different swrface property of the surfaes,
22 condensing nformation provided by the channels and constructing, from that

23 condensed information, a condensed database.

4 Among the practices of the invention that rely on a multi-channel atomic force
25 nuerpscope are those that further include forming a first database based on the

6 information provided by the channels and carrying the construction of a condensed
27 datahase in any of avanety of ways. Among these are projecting the first database

28 intoa subspace of dimensionality lower than that of the first database, the projection

29 defiming the condensed database, the condensed database having a dimensionality that

6
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o s less than that of the first database. Also among these are those that inclode a

2 condensod database fromthe st database, the condensed database having fower

3 indices than the first database. This can be cawried out, for example, by canrying out
4 tensor addition to generate tensor sems that combine bformation from the first

& database along one or more shices corresponding to one of more indices of the first
6 database and forming the condensed database using the tensor sums,

7 In some practices of the iwvention, deriving a condensed database from the

¥ first database includes definting a subsct of values from the first database, each of the
9@ values being representative of & corresponding element in the first database, deniving
10 acondensed value from the values in the subset of values, and represeating the
{1 corresponding elements frony the first database with the condensed value, wherein
12 deriving the condensed valae includes sinmuing the values in the subset of values.
13 Thesanenation can be carried oot b a vanety of ways, wehuding by carrying out
14 temeor addition fo generate tonsor sungs that combing vabees from the Grst database
¥S along one or move slices corresponding to corresponding indices of the first database

16 and forming a condensed database using the tonsor sums,

17 Practices of the invention also inclede those iy which the condensed database
& s derived from the first database by defining a subset of values from the first

19 database, eachof the valugs being representative of 3 corregponding sloment in-the
20 first database, denving a condensed value from the values i the subset of values, and
21 representing the corvesponding elements from the fivst database with the condensed
22 value, wheretn denwving the condensed vahee includes averaging the values in the

23 subsetof values, for example by obtaining an arithmetic average or a geometric

24 averape.

25 Also among the practives of the invention are those in which deriving a

26 condensed database from a first database beludes defining a subset of valees from the
27 frest database, cach of the values being representative of a corresponding clement in
28 the firstdatabase, deriving a condensed value from the values i the subset af valuss,

29 and representing the corresponding clements from the fivst database with the
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i condensed value, wherein the condensed value is one of a maximum or a minimum of

2 the values in the subset of values.

3 {1 vet other embodiments, denving a condensed database from the first

4 datahase includes defining a subset of values from the first database, cach of the

5 values being representative of a corresponding element i the first database, deriving
& acondensed value from the valees in the subset of values, and representing the

7 coresponding cloments from the first database with the condonsed valug, wherein

& deriving the condensed value cludes passing information from the first database

G theough asurface-parsmetor extractor to obtain a surface-parmmeter set. Among these
10 are practices that include normalizing the surface parametors representative of the
11 surface-parameter set to be mdependent of surface arcas of images from which they
12 were denved and practices that inchude dividing the swrface pavameter by another

13 parameter of the same dimension.

14 Oherpractices include automatically detecting that an inage of a sample hag
15 anartifact and sutonatically excluding the image from being used for classifymg the

16 surfaces.

17 Still other practices include partitioning an image of & sample o partitions,
18 obtaining surface parameters for each partinon, and defining 8 surface parameter of

19 the cell as bemng the median of the surfhce parameters for each partition.

20 Some practices of the invention mchude g processing the images to obtain

21 surface parameters and using maching feaming to Slassify the surfaces based at least
22 in part on the swribce parameters and from exiormally-derived paramgtors. Among

23 these are practices m which the surfaces are surfaces of bodics that have been derived
24 from collected samples, at feast one of the ssmples being a body~fiee sanple, which
3§ nweans that it has no ‘bodies, In these practices, the methed furthor inchudes selecting
26 the extornally-derived parametors to nchede daty ludivcative of an absence of bodies
27 from the body-free sample, Among the practices that include a body-free smmple are
28 those that imchude asstgnung an artifioial surface parameter to the body-free sanple. In

28 wome practices, the sarfaces are surfaces of colls derived from samples obtained from
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I apatient. Among these are practices that imchide selecting the externally-dertved
2 parameters o inchude data indicative of a probability that the patient has a particular
3 discase. Examples of such data indicative of the probability includes the patient’s age,

4 the patient’s smoking habits, and the patient’s fanuly history,

%3

Acvariety of machine-tearming methods can be used. These mclade e

& Random Forest Mothod, the Extremely Randomized Forest Method, the method of
7 Gradient Boosting Trees, using 3 neunal network, a method of decision trees, and
3

combinations thereof,

9 in some embodiments, the surfaces are surfsces of a fist plurality of cells
10 from a patient, a second plurality of the cells has been classified as having come from
1 acencor-afflicted pationt; and a third pheality of the cells hasbeen classified ag

2 having come from a cancer-free pationt. These methods include diagnosing the pationt
13 with cancer if 8 ratio of the second plurality to the first plurality exceeds a

14 predetermined threshold

£5 {n sonie practices, the stonne-foree microseope includes a cantilever and a

6 probe disposed ata distal tip of the cantilever. The camtilover has a vesonant

17 froquency. In these practices, using the using the atmic-force microscope mchudes
18 cousing a distance between the probe and the surface to oscillate at a frequency that is

19 Jess than the resonant froquency.

20 i some practices, using the atomic-force micrascope includes using &
21 microstope that has been configured to output muultiple chanpels of formation

22 corrosponding to different physical propenties of the sample swrface.

Cither practices inclade processing the images to obtain surface parameters and
24 gsing machine learning toclassify the surfaces based at least in part on the surface

25 parameters snd from externally-derived parameters. In these embodiments, the

26 surfaces are surfaces of cells derived from samples obtained from a patient, at least

27 oneof the samples being a celi-free sample that has no cells from the patient. In sach
28 practices, the method further mchudes selecting the externally-derived parameters to
29 include data indicative of an absence of cells from the cellofree sample: Among these

9
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I practices are those that further inclode assigning an artificial surface parameter to the

2 celbfree sample.

3 v another aspect, the invention foatures an apparatus comprising an atomic

4 force microscope and a processing system. The atonue force microscope soguires

5 ymages associated with surfaces. The processing system recetves sigmals from the

& atomic force microscope representative of the images and combines the images. The
T processing system mohides a machineslearning modoeke and a classifier that classifies
¥ myutkoown sample afier having leamed a basis for classification from the machine-

9 learming module.

IS8 {n some emibodiments, the processing svstem 1s configured o process the
11 images to obtativsurface parameters and to use the machine-learning module to

2 classify the surfaces based at least in part on the surface patamcters. Among these are
13 cmbodments in which the stomic-foree microscope comprises & muiti-channel atonue
14 force mucroscope, cach channel of which corresponds o & surface property of the

5 surfaces. Among these are cmbodinments that also ichude 8 condenser that condenses
16 information provided by the channely and constructs, from the condensed

17 information; a condensed database

14 Embodiments that include a condensed database also include those i which a

19 classifier classifies an wnknown sample based on the condensed database.

20 A variety of condensers are available for constructing s condensed database,
21 Among these are condensers that construdt the condonsed database by projecting the
22 first database into a subspace of dimensionality lower than that of the first database.
23 This projection defines a condensed database that has a dimensionality that is less
24 than that of the first database.

25 As used herein, “glomic force microscopy,” "AFM,” “scanning probe

26 microscopy,” and "SPM” are 1o be regarded as synonymous.

The ouly methods described in thus speeification are non-abstract methods.

IR Thus, the clains can ondy be directed to non-abatract plementations. As used

10
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I herein, “non-abstract” is a deemed to mean comphiant with the requivements of 33

2 USC 101 as of the filing of this application.
3 These and other features of the invention will be apparent from the following

4 detailed description gud the accompanying figures, in which

S BRIEF DESCRIPTION OF THE FIGURES

& FIG. 1 showy g shoplified diagram of one example of anatomic foree

7 microscope;

& FIG. 2 shows addinonal details from the procossing systemy of FIGL |

9 FRGO3 shows a diagnostic method carnied out by the atomie force microscope
10 angd the processing svstem shinwn in FIGS. { and 2;
i1 FIG. 4 shows the view through an optical microscops st wito the atomie
12 force mucroscope shown in FIG. 1;
13 FIG. 5 shows maps of bladder cells acquired by the atomic force microscope
4 of FIG. 11
15 FIG. 6 shows detals of interactions between the database and the machine-
16 learming modude i the processing system of FIGL 2
17 FIG. 7 shows detals of condensing the initial large database into a condensed
1& database of smaller dimension and shows the deteils of iteractions
19 between the condensed database and the machine-learning module in the
20 processing system of FIG. 2;
2 FIG. 8 shows cxamples of sanulated surfaces used in connection with
22 evalusting correlation between differerd swrface parametors;
23 FIG. 9 shows a histograr plot of an importance coctiiciont fr two surface
24 paramaters;
25 FYG, 10 shows o bingry tree;

11
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i FIG. 11 shows a machine-fearning method adapted to the data structure
2 needed for classification;

3 FIG. 12 shows a reprosentative example of the artifacts because of possible

4 contamination of the call surface.

5 FIG. 13 shows the depeadences of the number of surface parameters on the

s correlation threshold;

7 FIG. 14 shows the hierarchy of importance of the surface parameters for

& height and adhesion properties caleulated within the Raydony Forest

i micthod:
13 FIG. 135 shows gcowracy for different numbers of swrface parameters and
i difforent alfocations of data among the training and tosting database ag
i2 calculated using the Random Forest method for combined channels of
i3 beight and adhesion
14 FIG. 16 shows receiver opotating characteristics using the Random Forest
S method for the combined channels of height and adhesion;
6 FIG. 17 shows a plot similar to that shown in FIG. 16 but with artificial data
17 used fo confinm the reliability of the procedure used to gencrate the datain
1¥ FIG, 16
19 FIG. 18 shoves area under the receiver operating charactonstics of FIG17;
20 FIG. 19 shows accuracy for different monbers of susface parametors and
21 different ways of allocating data betweeen the framing data and testing data
22 using the Random Forest method for the combined channels of height and
23 adhesion when using with five cells per patient and two cells regquired (o be
24 identificd as having come from & cancer-afflicted patient (=5 M=2}:
25 FIG. 20 shows veeeiver operating characteristios ealenlated using the Random
26 Forest method for the combined channels of height and adhesion when

12
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i using with five cells per-patient and with two cells required to be identified
2 as having come froom a cancer-afilicled pattent (N=5, M=2} and

3 FIG. 21 is a table showing statistics of the confusion matrix associated with

4 cancor diagnosis for two separate channels, one of which is for height and

5 the other of which 1s for adhesion.

& DETAILED DESCRIPTION

7 FIG. 1 shows an atimnic force micrasenpe 8 having a scanner 10 that supports
§  acantilever 12 to which s attached a probe ¥4, The probe 14 1< thus cantilevered from
2 the scanner 18 The scanper 18 moves the probe 14 along 8 scamsing ducetion that is

10 parallel to a reforence plane of a sample’s surface 16, In doing yo the scanner 18 scans
Pl aregion of a samphe’s surface 16, Whils the scanmer is moving the probe 14 in the

{2 scanning dection, i s also moving # i a vertival direction perpendicular (o the

{3 reforence plane of the sample sarface 16, This causes the distance from the probe 14

14 to thesurface 16 to vary.

13 The probg 34 is generslly coupled 1o a reflective portion of the cantilever 12.
¥6 This reflective portion reflocts an iumination beam 28 provided by a laser 22, This
17 reflective portion of the cantilevered 12 wilf be referred to herein as a miror 18, A

18 reflected beam 24 travely From the nurror 18 to a photodetector 26, the output of
19 which conneets o a processor 28, 1o some smbodiments, the processor 28 comprises
20 FPGA clectronies to pernnt real time caleulation of surface parameters based on

21 physical or peometric properties of the surface.

32 The movement of the probe 14 translates into movement of the miurror 18,

23 which then results in different parts of the photadetector 26 being Hluminated by the
4 reflected boam 24, This results i a probe signal 38 indicative of probe movement.
25 The processor 28 caleulates cortain surface parameters based on the probe signal 30
26 using methods described below and outputs the resolts 33 to a storage mediam 32,
27 These resudis 33 include data roprosentative of any of the swrisce paramgters

28  described herein.

e
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The scanner 10 connects 1o the processor 28 and provides o it a scanner signal
34 mdicative of scanner position. This scanner signal 34 s also avatlable for vse in

calcnlating surface parameters.

FIG. 2 shows the processing system 28 o detail. The processing system 28
foatures 8 power supply 58 having an AC souvce 68 comnected 1o an inverter 82, The

power supply 88 provides power for operating the vanous components deseribed

below. The processing systent forther inchudes-a heat radiator 64

In a preferred embodiment, the processing system 28 further inchudes a user

mterfice 66 to enable a person to control 1s operation.

The processing systom 28 further inclodes fivet and second A/D converters 88,
78 for receiving the probe signal and the scanner signals and placing theny on a bus
72, A program stovage section 74, o working wemory 76, and CPL registers 78 are
also connested to the bus 72, A CUPU B8 for executing wstractions 75 from program
storage 74 connects to both the registers 78 and an ALU 82, A non~fransitory
computer-readable medinm stores these mstructions 75, When executed, the
Instructions 78 canse the processing svstem 2810 calonlate any of the foregoing
paramecters based on Inpats received trough the first and second A/D convertors 68,
78,

The processing system 28 further inchudes o machine-feaming modals 84 and
a database 86 that includes training data 87 and testing data 89, best seen m FIG. 6.
The machine-leaming module 84 uses the training data 87 and the testing data 89 for

inpiementing the method described herein,

A specific example of the processing system 28 may inchede FPGA
glectromics that fncludes ciraitry configured for determining thevalues of the

propertics of the imaging services andior the surface parameters desoribed above,

FIG, 3 shows a process that usgs an stomiz foree nuicroscops Bt scquire
iraages and to provide them to the machine-learning modole 84 to characterize the

sample using the images. The process shown m FIG 3 melades scquiving urnine 88

14
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I from e pationt and prepaving cells 98 that have been sloughed off nuto the wrine 88,

B

After having scanned thom, the atomic foree microscope B provides tmages of the

3 bladder cells 99 for storage 1o the database 86.

4 Each inage is an aray in which cach element of the array represents a

5 property of the surface 18, A Jocation in the array corvesponds o 8 spatral location on
& the sample's sarface 16, Thus, the image defines 8 map corresponding to that

7 property. Such a map shows the values of that property at different bocations on the

% sample’s surface 16 in much the same way a soil map shows different soil propertics

9 aydifferent locations o the Earth's sweface. Such s property will be referredtvas «

1 “mapped propesty.”

i1 In sommecases, the mappad propertiss are physioal preperties. In other cases,
2 the propurtics are grometrical properties. An example of @ geomettical property is the
13 height of the surface 16, Examples of physical propertios include the surfage’s

14 adbesion, i stiffhess, and coergy losses assoctated with contacting the surface 16,

i3 A mult-channe! atomie fores microscope 8 has the ability to map different
16 properties at the same thime. Exch mapped mroperty conesponds to o different

17 “channel” of the microscope 8 An image can therefors be regarded as a
18 nudodimensional image array MY where the chavnel index, & is an integer in the

19 interval LAY, where & is the number of channels,

20 When used o 8 sub-resonance appimng miode, a multi-chamel stomic faree
21 microstope 8 can map the following properties: height, adhesion, deformation,

22 stiffoess, viscoclastic losses, foodback error. This resulis in six channels, each of

23 which comresponds to one of six mapped properties. When used in ringing mode, the
24 atonue force pucroscope 8 can map, as an example, one or more of the following

2§ additonalyropertics iy addition tw the previous six properiios: testived adbesion,

26 adhesion height, disconnecton height, pull-off neck height, disconnection distance,
27 discomestion cnergy loss, dynamic ereep phase shift, and zevo-force height. This
28 rosults tn a total of fourteon channels in this examiple, each of which corresponds 1o

28 one of fourteon mapped properties.

Mo
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i The scanner 10 defines discrete pixels on the refergnee plane. At each pixel,
2 the microscope’s probe 14 makes a measwwement. For convenience, the pixels on the

3 plane can be defined by Cartestan coordinates {x, 1), The value of the & channel

4 mcasured at that pixel is 2% With this in mind, an image array that represents a map
§  orimage of the & chanac! can be formally ropresented as:

& W= g 2,99 {H

X%

T owhere "7 and 77 are mtcgers in the witorvals {1, Nifand {1, A7 vespectively and

¥ 51

where N7 and Aj are the muabers of pixels available for recording an image inthe x
9 and y divections respectively. The values of M7 snd Nf coan be different. However, the

1y methods deseribed heren do not depend sipificantly on such a difference. Hence, for

11 pwposes of discassion, N7

12 The number of clements in a samiple’s tmage amay wouldd be the product of the
13 pumber of channels and the mumber of pixels. For g relatively bomogeneous surface
£ 16, it s only necessary to scan one region of the surface 16, However, for a more

I3 heterogenous surface 16, it is preferable to scan more than one region on the swrface
16 16 By way of analogy, if one wizhes to inspect the surface of the water in a harbor, it
17 s most hkely only nocessary to scan one region becanse other regions would likely be
18 similar anvway. On the other hand, if one wishes to inspeet the surface of the city that

19 the barbor serves, it would be pradent to scan maltiple regions,

20 With this in nund, the array acquires another index to wdentify the particular
21 region that 1s being scanned. This increases the array’s dimensionality. A formal

22 reprosenintion of the bmage arrav s tas;

(@)

24 where the scanned-region index § is an integer in the interval {1, 8] that wdentifics a

2y particdar scanned region within 2 sample. Note that this causes the namber of

26 cloments in the image array for a patticular sample to grow by a factor equal to the
37 number of seanned regions.

16
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i Preterably, the number of such scanned regions ix large enough to be represent
q E g g.,‘,’a i 3_‘ () 2oy Y CONVERee © . ans e o v E‘ f,‘__,, \d
2 the sample as a whole. Ong way to converge on an appropyiate number of scanne

3 reglons is to compare the distribution of deviations between two such scauned

4 regions. If incrementing the number of scanned regions does not change this in g
§  statistically significant way, then the namber of scamned rogions is likely to be

6 adequate to represent the surface as & whole. Another way s to divide what is

ol

constdered to be a reasonable testing time by the amount of time required to scan each

& scanned region and touse that guotient as the number of areas.

G In somme cases, itis useful to split cach of the scanned regions mto partitions.
10 Forthe case m wiuch there are £ such partitions it tach scanned region, the array can

11 bedefined as:

ErE ey SO QU < or) O (0 O S £y % O
F IS ey %X;.s ‘k,':.'\'\"0‘,3!‘,‘\'\' A,n;} {3'%}

3 where the partiticreindex pisan tnteger i the mterval [1LFL In the case of a square
f4 scanncd area, 3t iy convenient to divide the square nto four square partitions, thus

5 sctiing F o be equal to four.

16 The ability to divide a scanned region fnto partitions provides a useful way 1o
17 exchde image artifacts. This is particularly important for inspection of biological

I8 cells 99 This is hecausethe process of preparing vells 98 for inspection can casily
19 atroduce arnfacts. These artifacis should be exchuded from any analysis. This makes
20w possible to commpare one partition against the sthers to identify which, i any,

21 deviate significantly enough o be excluded.

22 (i the other hand, the addition of a new index further increases the

dimensionality of the array.

24 To identify a class to which a sample belongs based on the image anays M8

25 ascquired by the atomic force microscope 8, the machine-learning modoke 84 rebes

H  parton building a suttable database 86 that mcludes images of surfaces that are knpwn
T aprior o belong to partieslar chasses 9 Such a database 86 can be formally
X represented by:

17
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where b is a chavmel index that represents a property or channel, ¢ is 8 scannedregion
ncdex that identifics a particular scanned rogion, p is o partition index that reprosents 8
particular partition of the ¢ scanned region, # 18 & sample index that wdentifics a
particular sarople, and Ms acclass index that wentifies g particelar class from asetof L
classes. Theoverall size of the array is thus the product of the nunrber of classes, the
mpnber of samples, the number of scanned regions, the number of partitions per

scanned region, and the nuniber of channcls.

FIG. 3 shows a diagnostic mcthod 10 that features using an atonue force
microscope 8 operated using sub-resonanes tapping and the machine-learning module
84 to inspect surfaces of biologieal cells 98 that bave been recovered from wing 88 in
s effort to classify paticnts into ong of two classes: canver-afflicted and vancer-fiee,

Singe there greo two classes, £=2,

A preforred practice includes collocting the cells 90 wsing centrifugation,
gravitational precipifation, o filtration followed by fixing, and freeze drying or

suberitical drying the colls 98,

In the cxample shown, the atomic force microscope 8 was operated using
both sub-resonant tapping modes, such as PeakForce OMN as implemented by
Braker, Inc., and ringing modes, for example as implemented by NanoScience
Sedutions, LLC, Both modes allow 1o record hetght and adhesion channels.
Ringing mode s, however, a substantially faster mode of image collection. As
noted above; these modes allow prany chasnely to record simultancously,

Howgever, only two channels are used in the experiment described herein,

FIG, 4 shows the atomice force microscope s cantifever 12 together with a
cell 90 obtained from a paticnt gnd prepared as described above, The view is taken

through an optical microscope that 1s coupled to the atomic foree microscope 8.

FIG, § show firstand sccond map pairs 92, 94 The first map pair 92 shows

maps of 3 cell 98 from o cancer~free patient. The second map pair 94 shows maps

18
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1 ofaccl 98 from a cancer-affiicted patient. The maps showa are those of a square

2 scanngd arca that is ten tuicrometers on a side with a resohution of 312 pixels in both
3 donensions. The scan speed was (.1 Hz when scanning in a sub-resonant tapping

4 mode, such as PeakForce OMN mode, and 0.4 Hz when scanning in ringing mode.

& The peak foree during scaning iy five nano-nowions,

& Referring now to FEG. 6, the machine-learning mwodale 84 trang a candidate

vlassifier 108 based on the database 86, A particelar machine leaming method can be

9 ancural networka, or combinations thereof.

IS8 The methods shown in FIG. 6 and FIG. 7 begin by splitting the database 86
11 méo trasmng data 87 and testing data' 89, This raises the question of how much of the
12 data i the database 86 should go into the frainmg data 87 and how much should go

13 indo the testing data 89,

4 in some embodiments, 30% of the database 86 goes into the trmning data 87
13 and the remaining 50% goes tnto the testing data 89. In other embodiments, 60% of
16 the database 88 goes into-the waining data 87 and the remuaining 40%: goex into the

17 testing data 89, In vet other cmbodiments, 70% of the database 86 goes mto the

18 iraining data 87 and the romaining 30% goes into the testing data 89, In still other

19 embodiments, 80% of the database 86 goes into the tradning data 87 and the remabung
U 20% goes into the testing data 89, The candidate clagsifier 108 should wluinwately be

21 independent of the ratio used in the split.

22 In the example Hlustrated in FIG. 3, ten bladder cells 98 were pathered for
23 cach patient. The presence of cancer was identified using standard clinigal
24 methods mchiding ivasive blopsics and histopathology, These methods are

2§ relinble enough for the tve clagses o be rogarded as woll defined: As a resalt; the

26 databasc 86 shown in FIG. 6 can be ropresented as:

R R USRS f gy Ry
L OO, DI 0y

DI

]
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I where Naws 13 the manber of pabionts that ave 0 a fivst class, Muws 18 the momber of
2 paticnts that are ina second olass, and s which is a-whole nomber betwesn ouc and
3 tennclusive, identifies the particular one of ten cells collected from a single patient.
4 It is oot necessary that M and Naww: be equal.
5 When sphitting the database 86 bevween the travning data 87 and the testing
& data BY, it 18 important to avord having image avrays for different scanned areas from
7 the same sample { MBI Jp88e | RAERRN be divided between training and testing
¥ data B, 89 Violation of this rule would result in trating and testing on the same
¢ sample. This would antificially pump up the classifier’s effectiveness in & way that
Y may not be reproducible when applying the classifier 108 to mdepondent new
i1 samples.
12 The machine-fearning module 84 uses the training data 8§87 to build the
13 candidate classifior 108, Depending on the type of classitier 188 the training data 87
14 canbealearning tree, a degision tree; a bootstrap of troes, g nearal network, or
£S  combmatons thereof. The classifier 188, which is represerted bolow ay V41, outputs
16 aprobabibity that 3 particular sanple 1 belongs to a particelar class [
17 Proby il = AT A HpROY {3a)
I8 where Proby, %% ig the probability that the Bnage o chanmel deflned by 36500
19 belongs to clags €V
20 Aftor having bean buill, a verification module 182 uses the tosting data 890
21 venify that the candidate classtfior 104 is, in fact, sufficiently effecuve, Inthe
22 embodimentdescribed herein, thevertfication module 182 evalpates effoctivencss
23 based atleast in part on a receiver operating characteristic and on a confusion matvix.
24 Therobusiness of the candidate classifier 186 way verified by repeating the tandom
25 spliting of the database 86 1o therchy penerate different testing data 89 and training
26 daia 87 and then carrving out the classification procedure to see 1 this made i any
27  difference.
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i if the candidate classitior 188 s ot to be insufficiently effective, the
2 machine-learning module 84 changes the parameters of the training process and

3 generates 8 now candidate classifier 108, This eycle continues until the machine-

4 learming module 84 eventually provides a candidate clasaifior 108 that attains o

& desired threshold of effectivencss,

& The process of building a suitable clagsifier 188 15 hindered to some extent by

the computationa] load that arises when there 15 more than one probability vahse

¥ associated with a sample n. In fact, as a result of the multidimenstional nature of the

U image aray, for any one sample, there would be A-8-F probabilities, Prob,twit 1o
10 process. The required computantonal load would be impractically high for such a large

i1 daabase.

12 Another bottlencek of deating with such large amays of data is the large

13 muwmber of samples used to provide a reasonable traming of the classifiers, When

14 buoilding deasion trees, a rule of thuwnb requires the fumber of samples to be at Teast
& six times larger than the dimension of the database. Because atmmic force microscopy

16 isarclatively slow technigque, it would be impractical to obtain coough samples to

17 build any reasonable classifier.

I8 A condenser 104, as shown in FIG. 7, addresses the foregoing difficulty. The
19 condenser 184 condenses infonmation provided by a particelar channel into @ space of
20 surface parameters that embodies information about that chanel. The condenser 104
21 recetves the database 86 and generates a condensed database 108, In effect, thix

22 amounts to projecting a multidinmensional matrix that is in a fairly high-dimensional

23 space nio amatrix of muech less dimensionality.

4 The condenser 184 carries out any of a varety of database-reduction

3§ procoduwres. Amonyg theseare procodurss that combine ong or more of the database-
26 reduction procedures desenibed herem. These have in common deriving, from a setof
27 data, asurface parameter that cmbodies at feast some of the information embodied in

28  that set.
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i In some practices, the condenser 184 carvies out a fivst databascareduction
2 procedure. This first datsbase-reduction procedure rolies on the observation that each

i

image s ulumately an array that can be combined with other such arrays i a way that

viclds an object that preserves enough aspects of the information from the arrays that

5 £y =5

went into it 80 as 1o be usefid in classifying a sample. For example, tensor addition

& @7 can be used to combine a set of images M50 along a dlice corresponding o
7 ongof ity mdices.
8 In one specific implementation, the slice vorresponds to theindex & in that

9 cuse, the tensor suptof the inages is given by

1 MUt @ (s @ (5 B M

il Thas, cach clementof the condensed database 106 to be used for machine
12 learning becomes the following:

5 ~

Dot (R0l @ fMSE G M0 @ MMy {3-0)

bt
RS

=

This particular example decreases the dimensionality of the database 86 by a factor of

ot
145

K. Therefore, the classifier 1880 defines the probability as follows;

1 {;3 F i (}b‘et {,&{}’}{f?;;:;*&}" f}i{vk ) @ (;‘{)fh R "j:’\ 3%}{3;&;):’} @.., ﬁ i'i{-’{(:‘ "

i

%
17 ltis also possible fo carry out @ shnilar procedure for the remaining mdices.

18 Ultimately,

20 wherg “2OS” reprosents a tensor swmmation over the ndices &3, 2.

21 i other practices, the condenser 104 instead carries out a second database-

22 rodection procedure. This second database-reduction procedire relies on geometrical
23 or algchenie averaging on each of the mdexes &5, separately or their combination.
24 Examples of particular ways to earry out the second procedure include the following

2§ averaging procedures over all indiees fsn

bt
|2
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5 In yet other practives, the condenser 104 instead carries out a third database-
& reduction procedwre. This third database-reduction procedure  velies on assigning the

7 highest or lowest probability of the entire series o a particudar index. For example,

e

considering scanned-rogion index s, one can wse one of the following relationships:
9 Prob™ ™M = Map {Probt et 1 {3-86}

N\

1 Prob™ it = din {ProbHern 3

e
Yt
i

e

i Uhitately, Wall indexes are reduced this way

12 Prob?’ = Moy Prob et vy (3-8}

RN

oot
Tl

Prob'® = Min {Prab™ e 1 (3-9)
DN 24
14 In some practices, the condenser 184 reduces the dimensionality of the
1S database D297 by passing each image through a surface-parameter extracior . to

16 obtain a surface-parameter sot, Pt This can be represented formally by:
i 7 .ft j}?»: {\H = ";'1" j{jﬂf“&&‘}?}} {"‘;‘\F

18 where the surface-parameter index v is an meger in [ LA, the channel index &
19 identifics whether the map represents height adbesion, stiffiess, or some other

e
24_‘)
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I physical or geometric parameter, the sample index » identifies the sample, the

2 sconngd-region index ¢ identifies the particelar scanned region with i a sample, and
3 the pamition index pr identifies the partcular partition within a scanned region. This

4 procedure provides a compact way 0 represent a multidimensional tensor M9 g g
§ swface-parametcr veotor Puhek

& The surface-parameter vector inclades enough residual information

goncorning the channgl frony which iwas derfved to be usable as g basis for
% classification. Howoever, it ix much smaller than the image provided by the channel.
@ Ag such, o classification procedure that relies onvthe swrface-parumeter veetor sustams

10 amuch lower computational load but without a corresponding loss of acouracy.

i1 A varety of sarface parmmneters can be extracted from a channel. These

2 include roughness average, roof mican square, surface show, surface kurtosis, puak-
13 peak, ten-point height, maxivupn valley depth, maximum peak height, mean value,
4 mean sunpnit carvature, textee ndex, root mean square gradiont, aveg root mean

§  sguare slope, surface arca ratio, projected arca, stnface arca, surface bearing index,
16 corg Huld retention index, valley fluid rotention index, reduced stmmit height, corg
17 roughness depth, reduced valley depth, 5% height intervals of bearing carve, density
I8 of summits, texture divection, texture direction index, dommant radial wave length,

19 radial wave index, mcan balf wavelength, fractal dimension, correlanion length at
20 20%, correlation length at 3%, texture aspect tatio at 0%, and fexiore aspect ratio at

2 3T

22 The list of surface parameters may be further extended by introducing the
23 algoritheos or mathematical formulas. Forgxample, one can nomalize the sweisce
24 paramcters {0 a surface area of the images, which can be different for different cells,

25 by for example, dividing cach parameter by a function of the surface area.

26 The example described herein rolies on three swnface paramstars: vatley fluid
27 retention index (U8, the Surfaces Area Ratio (“5d77), and the Surface Area,

- (8347
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The valley flaid retenbon index 15 a surface parameter that indicates the

existence of large voids in a valley zone. It is defined by:

V( )80)
(M N -1D)ox8y

Sq ,
()

where N is the mumber of pinels in the v divection, M is the munbers of pivels in the
divection, F{Ay), s a void arca over the beaving arca ratio curve and wnder the
horizontal line Ay, and 5y 13 the Root Mean Square (RMS), which is defined by the

following expression:

{ Nl 3

\ m f’ g[hw,y,)]

Sg =
©)

The surfaces area ratio 58O7) is & swrfsce parmmeter that expresses the
increment of the interfacal surface arca relative to the area of the projected x, )y plane,

This swrface parameter is defined by

k=0 =0

S
“ (M- 1)(N 1)6x8y

100%
(7)

where N is the number of pixels in the x divection mad ¥ i the manbers of pixels i

the y direction,

The Surface Area, {5347} is defined by:

(8)
Ta calcudate cach of the above-mentioned three surface pavameters from

images provided by the atonme force nucroscope 8, cach image of a celb was frst split

]
L
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into fowr partitions, which m this case were goadrants of a square having five-
micrometer sides. Thas, each ocll viclded fowr sets of surface parameters, ong for cach

guadrant.

The presence of arnifacts in a cedl can be addressed in any one of three

different ways.

A first way is to have an operator tnspect the cells for artifacts and exclude,
from furthey processing, any cell that had one or more such artifacts. This requires

human intervention o identify amifacts.,

A second way s to provide an arhifsct-recognition module that s able to
recognize an artifact and avtomatically exchde the cell that containg that artifact, This

renders the procedure more operator-independent.

A third way 15 {0 use the median value of the parsmeters for each cell instead
of the mean vatues. The results described heorein were virtually wnchanged when the

median value was osed instead of the means value.

Using the same example of just two classes, the condensed database 186 will

ook as follows

(‘_AY‘“{}{ g} SUNLE Y

L

hrother ombodiments, one can assign additional parameters to help
differentiate between different classes even though these parameters are not divectly

refated 1o the atomic force microscope’s images.

For example, when aitenpting to detect bladder cancer, # 15 quate possible that
one or more samples of wine 88 will not have any cells 90, A convenent way take
into aceount such o result is to add a new “no cell” parameter that is either frue or
false. Toavold Baving to alter the data strachiwe fo actommodate such a paramieter; &
sample with a “no cell™ set to “true” reectves artificial values for surface paramcters

that are selected to aveud distorting the statistical rosults.

26
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As another example, there are other factors that are not related to surface
parameters bot are nevertheless pertinent to classification. These include
characteristics of patients, ke age, smoking, and family history, all of winch may be
relovant w the probability of that patient having bladder cancer. These parameters can
be mchuded in a swoner similar to the "no cell™ paramieter so as to avold having to

modify the data struchure,

Thoere extstyet other ways touse surface paramicters o reduce the size of the

database 86.

One such procedure is that of excluding swrface paranieters that are
sufficiently correlated with cach other. Some surface parameters depend strongly on
various othey surface parameters. Henee, hittle-addiional information s provided by
including surface parameters that are correlated with cach other, These redundant

surface paramelers can be removed with litde penalty,

One way to find the correlation matux between surface parameters 5 to
gencrate sinndated surfaces, examples of which are shown i FIG. 8. Vanious sample
surfycos-imaged weith an stomic-foree microscope § can also be used to identify

correlation betwesn different surface paramsters.

The machine-learning module 844 agnostic to the valwre of ity inputs, Thus,
although i 18 shown as operating on an image areay, #1s perfoctly capable of
operating on the surface-parameter vector instoad. The smoe machine-leaming

modale 84 13 thevefore usable to deternnne the probability that a particudar surface-

parameter vector helongs to a particular clas, Le., to evaluate Prob

AKPSC0

s,

Theretore, after having reduced e moliidimensional image array 3659 into
a surface-parameter vector P4, it becomes possible to substitute the surface-
parameter vector P for the multidimensional image arvray 44659 and 1o then
have the machine-lewrning modole 84 learn what surface pacameters are important for

classification angd how to use them to classity cells.

27
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i Because cortain supface pavametors are covrelated with cach other, i s
2 possible to Aother reduce the dimensionality. This can b carvied out vesthout tensor
3 sunungtion. Instead, such reduction is carried out by divect manipulation of the same

4 parameters from different images.

5 I addition to the methods that rely on the database-redaction procedures
& identified above as £3-13 to (3-9), #t 15 also possible 1© vse a classifier 108 that

7 combines ditferomt surface pavameters of the same kind from the same sample.
& Formally, this type of classifier 184 can be represented formally as:

9 ProbW = ALPUCHY (1)

1 where 2058 Peet™ ) and where F{(Pw5 ) is 3 combination of difforent surface

11 parameters wdentified by the surface-parameier index m and belonging to the sample

12 identified by the sample index v,

13 A related clagsifier 100 15 oue that combines different sarface parmmeters of
14 the some kind o1 of the same sample # from the images of the same properties. Such a

b=

153 classifier 1080 can be represented formally as;

16 Probe'OU = QTP (i1}

17 where P = FPLS 9 and FIP:79) 15 & combination of different surface
& parameters identified by the same swrface-parameter index ar of the sample identified

19 by the sample index # and from the chansel identitied by the channel index £.

20 Yet another classificr 188 1o one that does not combine all parameters but
21 mstead combines surface parameters by only one index. One such classifier 166
22 assigns one surface pavameter to an entive series of partitions pwithin the same

23 image. Such aclassifier 108 is formally reprosented as:

24 Pr {)b‘rz{&’ls}{;} o= ANF ‘_m;',»';‘.:-s'% (Y\) {i?.,}

25 where Por0 e BIPLSESY and FLPS9H i o combination of swefice parameters,
26 examples of which include a parameter associated with a statistical distribution of
27 P50 pver the partition index. Examples include the average:
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2 and the median:

3 }’ )m_»i‘&"k}} = mctﬂm} {f ‘},:;ri'k': y'.’u}} fﬂ 8 ){?:::: } - .J‘\\'r {14}
4 When used m comection with detection bladder cancer imaging of multiple
5 cells fromvach patient, the classificy 180 relies on either the average or the median.

6 However, it is preforable for the classitier 100 to rely on the median rather than the.

7 average because the wmedia is fess sensitive to argfacts.

8 In the particular erobodiment described herein, the machine-leaming module
9 84 implements any of 8 variety of machine-learming methods. However, when

1 confronted with nudtiple parameters, 8 machine-learning modale 84 can casily

HL become over-trained. 1t s thuy useful touse three methods that are least proie to

12 overtraming, namely the Random Forest method, the Extremely Randonuzed Forest

13 methed, and the method of Gradient Boosting Trees.

4 The Random Forest method and the Extremely Randomized Forest method are
1S bootstrap unsupervised methods, The method of Gradient Boosting Trees isa

o supervised micthod of butlding trees. Variable ranking, classifier training, and
17 vahdation were cartied out using appropriate classifier functions from the SCIKIT-

1%  LEARN Python machine-Jearning package (version (01711

Y The Bandom Forestand Extremely Randomized Forest methods are based on
20 growing many classification trees. Each classification tree predicts some

2 classification. However, the votes of all trees define the final classification. The trees
22 are grown on the wainig data 87, Inoa typical database 86, 700 of all davais m the
23 praining data 87 with the remainder baing in the testing data B, In the experuments
24 deseribed herem, the split betweon training data 87 and testing data 8% was random
35 and repeated multiple times to confivm that the classifiers 100 were insensitive to the

26 manner inwhich the database 86 was sphit.
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i Each branching node rebies on 2 randomly chosen subset of the origingl
2 surtace pasameters. n the methods described herein, the mumber of elements in the

3 chosen subset of origingl surface paramcters is the square root of the number of

4 surface parameters originally provided.

%3

The learming process then progeeds by identifying the best split of the tree
& branches given the randontdy chosen subset of swrface parameters. The machine-
7 leamning modele 84 bases the sphit threshold 1s based on an estimate of the
¥ classification error. Each parameter is assigned to & parameter region with respest to
9 the most comsmonly ocourring class of the training data 87 In these practices, the
10 machine-learning module 84 defines the classification error as a fraction of the

11 traning data 87 in that region that does not belong o the most covanton class:

12
Es L max(pod |
13 : {15

4 where pes reprosents the proportion of tratming data 87 that ts both in the " region
15 and that also belong to the & class. However, for 3 practical use, equation (1) is not
16 sufficiently sensifive to avoid overgrowing the trec. As a result, the machine-leating

17 module 84 relies on two other neasures: the Gint index and cross-entropy.

i8 The Gini index, which 18 a megsiee of varfance across ail K classes, is defined

12 as follows:

&

2 {16}

2 The Gint index remmins smiall when all values of poe renmain close 1o zero of
23 umity. As aresult, the Gint index measures an extent 1o which a particular node

24 contains mostly samples fron asingle class, This 1 referred to as the extent of “node
25 purity.” Thus, to avoid overgrowing, sach tres is grown only until the Gini-index

26 resulis in complete separation of classes. This ocours when two descondant wodes

27 yield a Gini-mdex that s loss than that of the parent node. There is no proning of the

28 growing branches in these Random Forest methods,
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The cross-cntropy, which also provides a metnie for node purity, is defined ax:

&

i}@ NE ft‘zxg Rm {28\:,\} o
i ( i ?}

Like the Gini index, cross-cntropy is small when all values of pa are close to

zevo. This tsindicative of o pure node.

The Gint index also provides 3 way 1o obtain an “importance coctliciont™ that
is indicative of the importance of cach swrface paramicter. One such measure comes
from adding all values-of the decrease of the Giny index at the tree nodes for sach of

the variables and averaging over all the trees.

The histograms shown in FIG. 9 reprosent average valuges for importance
coctficients with error bars to show the extent to which they deviate by one-standard-
deviation from the mean. These tmportance coctlicicnts correspond o the various
surface parametors that can be derived From a particular chanpel. Thas, the histograms
in the fiest row represent surface patameters that can be derived from the channe! that
mcasures the feature, “height.” whereas the surface patameters i the second row
represent surface parameters that can bederived from the channel that measures the
feature, “adhesion.”™ Note that a masmonic dovice has been used to name the features,
with all surface parameters that are derivable from the “height”™ channel beginning
with “h™" and all surface parameters that are derivable from the “adbesion” channed

begiming with “a.”

Thus, i the first row, the pavel in the first column shows the importance
coefhicients for those surface parameters that ave dentved from the Theight” channel
when the machine-learning module 84 uses the Random Forest Mothod; the panel in
the second column shows the mportance coefficients for those swrfiice parameters
that are dernved from the “height” channel when the machine-learning wodule 84 wses
the Extromely Randomized Forest Method; and the panel in the third column shows
the irpartance coefficients for those surface parameters that are derived from the
“herght” channel when the machine-learming moduste 84 uses the Method of Gradient

Boosting Trees.
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Similarly, i1 the second row, the panel in the first cohumn shows the
importance coefticients for those swrface parameters that are derived from the
“adhesion” chamnel when the machine-learning module 84 uses the Random Forest
Method; the panel in the second cohunn shows the importance coefficients for those
surface parametors that are derived from the “adhesion” channel when the machine-
fearning module 84 uses the Extromely Randomized Forest Method; and the panel in
the third colunm shows the impovtance coetficients for those surface parameters that
are dertved from the “adhesion” channel when the machine-legrning module 84 uses

the Method of Gradient Boosting Trees.

The histograms i Fi(G. 9 provide an imtelligent way to choose those surface
parameters that would be most helpful in correctly classifving a sample. For example,
if the machine-leaming module 84 were forced to choose ondy two surface parameters
from the channel that measures height, it would probably avoeid choosing “h Sy and

“h Sud” bt ooght instead prefer to vhoose b Sso™ amd “h Sfd.”

The importanee coefficients in FIG. 9 werg arrived at using botween ahondred
trees and three hundred trees. The maximum munber of elements in the chosen subset
of onginal surface parameters was the square root of the number of surface
parameters origimally provided and the Gint index provided the basis for evatoating
classitication evror. 1 is apparent from comparimg the lustograms in the same row that
the choice of machine-learning procedure does not make a great deal of difference o

the waportance of particular surface parameters.

FIG. 10 shows an cxample of 4 binary tree from my eosemble of one hundred
to three hundred tregs wsed in the bootstrap methods. In the first split, the fourth
variable "N was chosen with a split value of 15,0001, Thix vielded the Gin index
of 0.4992 and split seventy-three samples into two bins having thirty and forty-thyee

samples, respectively.

At the serond level split, fooking at left hand side vode, the sixth vatiable
X6 was chosen with sphit value of 14.36359, which viclded the Gin index of

£.2778 and split thirty samples (five in clags 1 and bwenty-five mvclass 2) into two

Lad
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binswith twenty seven and three samples, respectively. The sphit continues until a treg
nade has the Gint index of zevo, thus Indicating presence of only one of the two

classes

The method of Extrenicly Randomized Trees differs from that of the Random
Forest in its choice of the sphit. Instend of computting an optimal parameter and split
conhination wsing 3 Gntd rdex, as was the case for the Random Forest method, a
machine-learning module 84 wing the method of Extremely Randonized Trees
randomly selects gach parmmeter value finn the paramcter ampirical range. To ensurg
that these random cholves elentuadly converge to s pure node with oeere Gin indey,
the machine-learnimg module 34 ondy chooses the best split among random aniform

splits it the set of selected variables for which the current tree is chosen,

In some practices, the machine-fearning module 84 miploments the method of
Gradiewt Boosting Trees, In this vase, the machine-learning module 84 builds a swries
of trees, each of which converges with respect © some cost function. The machine-
exact pxjﬁ&diﬂi’im}, for exanple by nunimizing 8 mean sguared orror. I some cases, the
machine-learning modale B4 relios on the Fricdman process for this tvpe of
regression. A switeble implementation of this regression process can be camed out

usi:}g the rosgtie "TREEBOOST a» implomonted 1o the "SCHIT-LEARN

Becawe the method of Gradiont Boosting Trees facks o criterion fv e
nodes, the machine-kearning module 84 predefines the size of the e, Alternatively,
the machinc-lcaming modude 84 lanits the namber of ndividual regressions, thas

iimiting the maxinnen depth of 8 free.

A diffieuls that arises & that treos nalt with prodefined sires can easily be

overfitted. To nunimize the offect of tus

ulty, it 1s proferable that the maching-
¥ P
icaming maodife 84 impose constraints on such quantitics as the munber of boosting

wterations or that W weaken the deration vate, for example by using 8 dimensionless

La
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I learning rate parameter. I altorpative praciices, the machine-Jearning module 84

2 Hodls thoeomipinnan sember of tonminal nodes, or leaves, on g tregs

3 {n the implementations described horel, which reliod on the SCIKIT-LEARN
4 PYTHONpackage, the machine-learning wodile 84 sot the minimum murnber of

5 feaves to anity and the maximum depth to teee. In the application deseribed herein in
& which bladder cells collegted from human subjects were to be classified, the machine-
7 leaming modele 84 throttled back on ity ability to fearn by deliberating selocting an

& unusually low learning rate of .01, The resulting slow {earaing procedure decreases

@ vavtmhee that resudied fron having & small monber of Tnonio subjects, and henve s

0 small suosber of samples.

i1 I oreating the aimny data 87 and the testing data 89, 11 s wmportant fo avord

2o}

2 MESE hepweon the iraining data 87 and testing

12 dividing the sets {3560 468

13 data 89 The procedure disclosed in FIG, 11 avoids this.

i in the particular implementation of classifving bladder cells 90, cach patient
i3 provided several cells, with the maage of cach cell 98 being divided o fowr

16 partitions. A lnenay obseever visually inspected the partitions i an offort to spot

17 artifacts, two of which can be scen in FIG. 12, Han artifact veas found 1o be present in
18 g partition, then whoever inspected the image would flag that partition as one that is @

19 beignored

20 This process can become tedious when nany colls 38 are mvobved, Une can
21 automate this process by wsing the classifier 100 shown in equation {10 and taking
22 thewwedisn of the fowr partitions. This sipmifivangly diletes the contribution of the

33 getifact

24 The machinedearmng owdule B4 vandomly sphits the dagabase 86 oo that 8%
25 ofits data is in the waimng data 87 and 100-5% 15 in the testing data 98, Experiments
26 were carried out with S set o S0%, 60%, and 70%. The machine-learning nodule 84
27 split the database 8640 sueh a way asto keop data from the same individaal entively

28 ineather the taining data 87 or the testing data 98 o avoid artificial over-training that

Lk
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may otherwise vesult from correlation between different cells 90 of the same

sndividual.

The machine-lsarning module 84 then causes the condenser 104 to further
reduce the number of surface parsmeters to be relied upon for classification. In some
practices, the condenser 104 does so by ranking surface pavameters withiv a particular
channel based on thetr regpective Gin indives and keeping some number M, of the
best parsietors for that'channel, by some practices; the best parameters are seleeted
hased on their ability to their sepregation power and their low correlation with other
surface parameters. For example, by changing the inter-parameter covielation
threshold, it boeomes possible to change the number of surface parameters that will be

rehied wpon for classification.

FIG. 13 shows how changing the fhreshold value of the correlation coefficiont
affcets the number of surfpce parameters selected using the Randowm Forest Method,
with the Jeftmost panel corvesponding to the surface parameters avatlable from the
hetght channel and the middle panel corresponding to the surface parameters available
from the adhesion channel. Agis apparent from the change to the vertica! scale, the
rightmost panel represents the combination of the height channel and the adhesion
channel. Although FIGL 13 s specific 1o the Random Forest Method, the other

methodys have stmilar aurves,

Oimce the trees have been trained, it is appropriate to test their ability to
classiy correctly on the testing data 98 or altermatively, 1o use them {o olagsify
unknown samples. The classificasion process includes obtaining the result of tree
voting and using that result as a basis for a probability indicative of what class a
sample belongs to. This reselt is then compared with a classifier threshold that ts set
hased on what ervor is tolerable. This classifier threshold is typically made to vary as

part of butlding a receiver operating characteristic,

{n one experiment, sanples of urine 88 were collected from twenty-five
cancer-afflicted pationts and forty-three cancer-free patients. Of the caneer-afflicted

patients, fourteen were low grade and eleven were high grade as defined by TURBT.

i
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I The cancer-free patients were cither healthy ov had had cancer wn the past. Using an

foo

optical microscope that was coupled to the atomic foree microscope 8, a haman

3 observer randomly sclected round objects that appeared 1o be cells.

4 The database was further reduced by using the data-reduction process
5  referred o iy equation {14}, The resulting probably generator 106 was-therefore
& Pt lemedian{PaS9Y where pis an integer betwegn 1 and 4 inclusive to
T correspond with the four partiions of vach inage. The resulting condensed database
¥ has two classes and can be formally represented as:
g DI ES 00 DO st oy R €S
DR (B 0, DR gpie ey :
1
¥ At lesst five cells were imaged per patient. For the sake of simplicity ondy two

{2 properties were considered: hoight and adhesion.

13 FiG. 14 shows the lnerarchy of importance of the surface parameters for

14 height and adhesion properties caloulated within the Random Forest method. The
1S figure shows the averages of the importance coefficients together with an ervor bar
t6  indicating one standard deviation sbout the average. The database 86 was randonily

17 split into aining data 87 and testing data 89 a thousand tmes.

I8 The mapped properties for beight and adbesion were combined dwough tensor
19 addinon, which is basically the datareduction method (3+1) adapied for vectors of

20 sweface parametors). The relevant tensor addition operation is represented by:

:i f )n».r‘. o Q f }m’?u‘\

22 As was the case in FIG. 9, cach surface parameter in FIG. 14 has, as its name,
23 thestandard name of the surface pawvamicter but prepending by a lefter indicating the
24 mapped proporty from which it was dertved. For example, “a_Sds™ means the “5ds™
23 parameter derived from an image of adhesion property.

26 A suitable statistical performance metric for the Random Forest method comes

27 from inspecting the receiver operating characteristic and the confusion matrix, The

36
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I recerver operating characteristic permits defining range of sensitivity and specificity,

2 The range of scasitivity corresponds to “accuracy™ when classifving a cell as coming
3 from a cameer-afflicted patient, whereas specificity corresponds 1o “nccuracy” when
4 the cell is classified as from a cancer-free person. The receiver operating
§  characteristic makes i possible touse the receiver operating characteristic to define a
6 range of speetficity and a range of sensitivity, as follows:
7
8 sensitivity = TPATP-HFN);
9 specificity = TNI(TNHFP),

10 accuracy= (INFTPY(TPHENTINGER), {19}

12 where IN, TF, FP, FN stand for true pegative, true positive, false posttive, snd false

gogative, rospestively,

4 FIG. 15 shows three difforent durves, each of which shows the accuracy
IS5 achieved by considering different mumbers of surface pavameters, wherein the switce
16 parameters were chosen based choosing different seifcomelation thresholds and

o

7 imporiance cocflicients as deseribed above.

i8 Each of the three different curves in FIG. 15 was arived at through a thousand
19 randow splits botween traning data 87 and testing data 89, The curves differ in the

20 sllocaton of data to each set. A fist carve corvesponds to 70% of the data bemng

21 sllocated to the training data 87 and 30% being allocated o thetesting data 88, A

I3 second curve comesponds to only 60% of the data being allocated to training data 87
3 mnd 40% being allocated 1o the testing data 89, And a third curve cotresponds

24 correspond to an cven split between training data 87 and testing data 89,

5 it is apparent from inspection of FIG. 15 that there is vivtnadly no dependence
& ona particular threshold split, This indicates robustaess of the procedure carried out
7 hv the machine-learning module 84,

8 FIG. 16 shows a fanuly of recoiver opersting characteristics. The individual
9 veceiver oporating characteristic n the famuly of characteristics shown in FIG. 16

Ll
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arose from two hundred different randont splifs of the database 86 into training data

87 and testing data 89,

Each receiver operating characteristic shows seusitivity and specificity for
different thresholds when attempting to classify between two classes. The diggonal
ting that bisects the plot in FIG. 16 amounts to a classifier thar classifies by flipping a
coin. Thus, the closera recetver operating charactoristic comes to the diagonal Hue
shown in FIG: 16, the poorer its classifier i at classifving. The fact that the corves are
clustered far frovo this diagonal line with fitle variation between individual curves
suggests both the effectiveness of the classifier and s msensitivity to the specifie

choice of rabung data 87 and testing data 89,

In consteacting a vecetver operating chavacteristic, the threshold that defines
whether @ particudar probabitity value corresponds to one class or the other is a free
parameter. The chotce of this paranieter governs both specificity and sensitivity, For
each recerver operating characteristic, there exsts a point that corresponds to the
nnnimum ervor i classifing g sample that should have been in the first class into the
second clags and vice vorsa. This ix shown in FIG. 21 for cach of the three machineg-

feaming methods wsed when using a single channel,

Each row in the table shown in FIG. 21 s characierized by g particular nuanber
of collected cells (N} and a smaller mumber (M) that was ased as a theeshold for
diagnosis. For each row, theve were two channels considered: height and adhesion.
For cach of the three maching-learsing methods ased, the table shows the averaged
AUC ind accuracy for a thousand random splits of the database into training data and
testing data with 70% of the database being allocated 1o the tratuing data. The
securagy is that associated with the smallest ervor in classification. Eachirow tn FIG.

21 also shows sensifivity and specificity.

in principle, the sonsitivity and spectiicity can also be dedined around
balanced point i which scasitivity and specificity arc cqual. Because of o Hisuted
mmber of huenay sobjects, i s difficalt to define precisely where this balanced point

would be. Thas, in FIG. 21, the requivernent for equality was refaxed and a balanee

Lad
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I range was defined iy which the magnitude of the difference between sensitivity and

2 speoificity had to be fess than a selected vakue, which for FIG. 21 was §%6.

3 Ouly ten surface parameters were wsed to caleudate the reosiver operating

4 charactoristic. As was apparent from FIG. 15, there is a point of dinunishing returns at
5 which adding more surface parameters does not significantly improve aceuracy.

& According to FHG 15, it is appavently sufficient to-use ondy eight to ten judiciously

7 chosen surface parameters to achieve a relattvely high accowacy of 80%. The top n

¥ surfycs parameters were constdered to characterize the statistical behavior of the

G recewer operting characteristic mud the confusion mamix, including the specificity,

1) sensinivity, and accuracy of the classifier 104,

it The process of clissifving g cell as having come fom o cancer-free patientor
2 acencer-afflicted patient relics on averaging the probability obtained for that cell over
13 gl repetitions of the procedure used to acquire that probability. This is formally
14 represented as:
T E """ . o W e LWy TR SN SR RO R ) by Ry % %
IS F;‘cxb"»',f:f-g-;z Probt™ where Prob™™ =AWRY @pFT Y (20}

¥

16 where the classifier A7 was developed vsing the machine leaming methods developed

w4

on the training database 87, According to this procedure, and assunsing class |
18 reprosents acancer cell, a cell is wdentified as having come from a cancer-afflicted
19 patient if Prob./" exceeds a particular theeshold, which can be obtained from the

20 receiver operating charactenistio.

21 Iy an effort to confirm the veracity ef the data shown m FIGS 18 and 19, a

22 control experiment was carvted out with the same procedure as was used for FIGS. 1¢
23 and 20 but with the samples to be classified having boen split evenly hetween cancer
24 cells and healthy cella. FIGS. 17 and 13 show the result of 9 thousand random chotees
23 ofclassification. It 1s apparend that the accaracy has dropped to 33%a 10%, winchiis
26 consistont with oxpeetations. This sugzests the reliability of the data showan in FIGS.
27 19 and 20 a5 well as the classifier’s resistance to overtraining, which is 8 common

28 problem that ardses when @ machine-learming method is made to cope with too many

29 paramcters.
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An altermnative method of classification relies on more than one celi to
gstablish o disgnosis of @ patient. This avoids a lack of robustness based on a high
sampling error. Moreover, this avoids error that arises because one cannot be sure that
a cell found i urine 88 is actually from the bladder itself. Other parts of the urinary
tract wre perfectly capable of shedding cells. In addition, utine 88 can contain an
assortment of other cells, such as extoliated epithehal cells front other parts of urinary
tract. One such classifiention method includes diagnosing a patient with cancer i the
munber of cells 37 classified ag having cowe from a cancer-affiicted patient out of the
total nomber-of cells classrfied N is greater ovequal o a predefined vabue: Thisis a

generalization of the previously discussed case in which A=i=1.

The probability of having cancer based on probabilities for & cells can be
assigned using algorithms (322} ~ (3-9) or (18 - {14). &s a preferable procedure to
define the probability of classifying the ¥ tested cells as coming fromm a canvsr patient

{Class 1} 15 g5 follows:

4

(Probt ™ 1 whers Prob™ s ARRSY @ PR Wy,

{21y
where the classifior 44 15 doveloped frony the training database 87,

FIGS. 19 and 20 show accuracy and receiver operating characteristics
sinmifar robustness to those in FIGS. 15 and 16 bat for the case of N5 and M=0,
One can see that the accuracy of such msthod can reach 94%. The randomization
test describerd above shows 30£22% for the area under receiver operating
charvacteristic curves {the vesult of g thousand randon: choices of disgnosis sets).

These imply the lack of overtraining,

The results of caleulation of the confusion matnx for multiple N and M are
shows in Figure 20 table exampled for two siigle churmels thoipht and adhesion).
The robustaess of combined channels s better compared to the diagnostic based on

single channels.

40
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i The procedure described above can also be apphied to classity cancer free
2 patients. In such a case, the probabilities discussed above are the probabihitics that the

3 cell belongs to a cancer free patient.

4 Having deseribed the invention and a prefowed embodiment thereot, what is
5  clatmed sy nowand secured by letters patent is:

4
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1 CLAIMS

2L A method comprising, ssing an atomic-force microscope to gequire a set of
3 mnages associaieod with suwrfaces, corabuming said tnages, and, wing 3

4 machine~-learning method applied to said combined images, classifying saud
b surfaces.

6 2 The method of elgim 1, further conprising processing sad smages to obtam

7 surface parameters and using maching lesrning 0 classify swid surfaces based
8 at least in part on said sarface parameters.
. B The method of claim ¥, wherenn soquirag said sot of images comprises using
10 a multi-channel atonnie-force migroscope in ringing twde, wherein gach
b channel of said atomic-forer microscope provides information indicative of a
{2 comresponding surtace property of said surfaces.
13 4 The method of claim 1, further comprising selecting said surfaces to be
14 sarfaces of cells collected from wrine of a subject and classifving sad oells as
13 mdicative of cancer or not indicative of cancer.
e 5 The method of claim 1, wherein asing said stomig-force microscope

17 comprises wsing a multi-channe] atomic force microscope, wherein cach

8 chanmel corresponds 1o a surface property of said surfhees.

19 & The method of clatm 1, wherein using said atomic~-fivee nucroscope

20 comprises using said atomic-force microscope n sub-resonant tapping mode.
21 % The method of elaint ¥, wherein using an glomic-foree microseope comprises
22 acquiring multiple channels of information, cach of which corresponds to a
23 different surface property of said swriace, said method farther comprising

24 conxdensing information provided by said chinwels and  constructing, from
25 satd condensed informuation. a condensed database.

26 & The method of el 7, further comprising forming a first database based on
27 sawd information provided by satd chaonels, wherein constructing sad

A condensed database comprise projecting said first database nyto a subspace of
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dimensionality lower than that of said first database, said projection defining
said condensed database, said condensed database having a dumensionality

that s less thiut that of ssaid Brst database

The method of claim 7, further comprising forming a first database based on
saidd information provided by said channels, said first database having indices,
said method forther comprising deriving a condensed database from sad first
database; said condensed database having fewer indices than satd first

database.

The method of claim 9, wherein deriving said condensed database coraprises
carrying out tensor addition to gencrate tensor sums that combing information
from said first datsbase along one ov more slices corresponding o one or more
mdices of said first database and forming said condensed database using said

e RROT stms,

The method of claim 9, wherein deriving g condensed database from said first
database comprises defining a subset of values from said fivst database, cach
of said values being representative of 3 corresponding cloment mesaid first
database, deriving a condensed value from said values in said subset of valaes,
and representing said corresponding elements from said first database with
said condensed value, wherein deriving sard condensed value comprises

sunymning said values in sard subset of values.

The method of chum 11, wheremn simnmng said vahies comprises carryving ot
tensor addition to generate fonsor stoms that combing vabues from sald first
database along one or more slices corresponding to corresponding indices of

said first database and formung  condensed databasce using said tensor sums.

The method of claim 9, wherein deriving g condensed database from said first
database comprises defining a subset of values from said fivst database, cach
of said values being representative of 3 corresponding cloment mesaid first
database, dertving a condensed value from said values i said subset of values,
and representing said corresponding clements from said first database with
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195,

said condensed valoe, wherein dertving satd condensed value comprises

averaging said values i said subset of values.

The method of claim 13, wherein averaging said values comprises obtaining

an arithmetic average.

The method of clatin 13, wheretny averaging said values comprises obtaining a

geometric average.

The method of claim 9, wherein deriving & condensed database from said fiest
database comprises defining 4 subses of values from said Arat database, each
of said vahees being representative of a correspondmg clement by said first
database; deriving a condensed value from said valves tnsaid sobset of vadues,
and representing said comesponding clements from said first database with
said condensed value, wherein said condensed value wone of a maxinmen o3

minimam of said values iy said subset of valuea,

The method of claim 9, wherein deriving a condensed database from said first
database comprises defining a subset of values from said first datubane, cach
of said values being representative of & corresponding clement n said fivst
database, dertving a condensed value from said values in said subset of values,
and representing said coresponding slements from sad fisst database with
said condensed vahee, wherein desiving said condensed value comprises
passing information from said fivst database through a surface-parameter

extractor 1o obtain a surface-parameter set.

The method of claim 17, further comprising normahizing said surface
parameters vepresentative of said surface-parameter set 1o be independent of

swrface areas of images from which they were dertved.

The method of claim 17, frther conprising dhviding said sarface parameter

by another parameter of the same dimension.
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The method of claim 1, said method further comprising automatically
detecting that an image of & sample has an artifact and automatically exchading

said image from being used for classifving said surfaces.

The method of claim 1, further comprising partitioning an image of a sample
Into partitions, obtaining surface parameters for each partition, and defining a
surface parameter of said cell as bomg the median of saad sweface pavameters

for cach partition.

The method of claim 1, further comprising processing said images to obtain
surface parameters and using machine learning to classify said surfiaces based
at teast in part on said surfhce parameters and from extemnally-derived

paramneiers.

The method of clabm 22, wherein said surfaces are surfaces of bodies that are
derived from vollected samples, at least one of said samples-being o body-free
sample that has ne bodies, said method further comprising selecting said
externatly-derived parameters to include data indicative of an absence of

bodies from said body-froe sample.

The method of clatm 23, further comprising sssigning sn avtificial surface

parameter to said body-free sample.

The method of claim 22, wherein said surfaces are surfaces of cells derived
frenn samples obtained fromy & pationt, said method further comprising
sclecting said extemaliv-derived parameters to mchude data indicative ofa

probability that saxd patient has a3 particudar disease.

The method of claim 25, whercin said data indicative of said probability

mchudes said paticat s age.

The method of claim 28, whevetn ssud data mndicative of said probability

inchudes said pationt’s smoking habits,

A
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i 28 The method of claim 28, wherein said date indicative of said probability

2 mcludes said paticat’s family history:

3 2% the method of claim 2, said method finther comprising defining a subsct of

4 said surface parameters and generating 3 database based on said sabset,

5 wherein defining said sobset of surface parameters comprises determmning a

& correlation between said surface parameters, comparing sard correlation with a
7 threshold to identify a set of correlated parameters, and inclading a subset of
¥ said set of correlated parameters in said subset of surface parsmaeters.

9 30 Themethod of ol 2, said method further compnising defining a subset of

10 said surface parameters and gencrating s database based on said subset,

it wherein-defining said sobset of sarface parameters comprises deternuining a
12 cerrelation matrix between said surtace parameters and wherein defermining
13 said correlation matnix comprises generating simutated surfhces.

£ 31, Themethod of claim 2, smd method further compnising defining a subsct of

i3 said surface paramctors and gonorating & database based on sad subset,
16 wherein defining said sebset of surfsce paramoters comprises conmbinmg
17 different surface parameters of the same kind from the same sample.

I8 32 The method of claim 1, whergin asing o macking-leanung method comprises

1® using the Random Forest Method.

26 33, The mwthad of clavm ¥, wherehn using a machine-legrning method combrisgs

21 using the Extremely Randowmized Forgst Methoed,

2 3. Themethod of claim ¥, wherem using a machme-leaming method comprises

23 using the method of Gradient Bossting Trees.

24 35 The method of claim 1, wherein nsing 3 machine-learung method comprises

25 using & newal network,

26 36, The mothod of claim §, wherein using a machine-leaming method comprises

27 using at least two methods selected from the group consisting of the Gradient
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i Boosting Trees, the Extremely Randonuized Forest Method, and the Random
2 Forest Method.
3 37 the method of claimn 1, wherein using a machme-learning method comprises
4 using 8 methad of deciston Tregs.
5 38 Themethod of clabm 1, wherein said surfaces arve surfaces of a first plurality of
B cells from a patient, wherels a sceond plurality of said colls has beew classified
¥ as having come fronya cancer-affhicted patient snd a thivd phualinv of saxd
3 cells hay been classified as having comw from a cancer-free patient, sud
9 racthad further covaprising diagnosing suid patient with cancer if a vatio of
IS8 sad second plorality to said first plavality exceeds o predetermined thyeshold.
Pl 39 The method of claim 1, wherein said atomic-force nicroscope comprises a
i2 cantilever and aprobe disposed at a distal tp of saxd cantilever, where said
i3 cantilever hax a resonand frequency and whereln using sad using said atonie-
i4 force microscope comprises causing a distance between smid probe and said
£5 surface to oscillate at a frequency thatis less than said resouant frequeney.
16 48, The method of claim 1, wherein using suid atomic-force pueroscops
17 COTRPiSes using a wicroscope that has been configured 1o output multiple
i8 channels of pfornation corresponding to- different physical properties of said
19 sample sarface.
20 41 The methed of claym ¥, Bather congwising processing said mages torobiain
21 surfrce paramcters and using maching {earning o classify said surfaces based
22 at least in part on said surface parameters and from extermallv-derived
23 parameters, wherein said surfaces are surtaces of cells derived from samples
24 obizined frony a patient; at least oneof said saniples being a cell-free sample
25 that has no cells from said patient, said method further comprising selecting
26 sad externatiy-derived parmmeters o tnchude data indicative of an ahsence of
27 cells from said cell-free sample.
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46.

48,

The method of clam 41, further comprising assigning an artificial surface

parameter to said cell-free sample.

The method of claim 1, wherein said images are images of cells, wherein said
method further comprises sutomatically detecting that an image of a coll has
an artfact and automatically exclading said image from being used for

classifying said surfaces.

The method of elaimn 1, wherein said images are images of cells and whergin
said method fierther comprises partitioning an image of 3 simple info
partitions, obtaiming surfzce pavameters for each partiion, and defining &
surface parmmeter of said cell as betng the median of said swrfhee parameters

for cach parittion.

An apparatus comprising an atomie force nucrescope for scquiring binages
assoctated with serfaces and 3 processing system that receives signals from
said atomic force micrascope representative of siid images and combines said
mnages, said processing system comprising a machine~-learming module and a
classifier that classifior an unknown sample after having learned 3 bass for

classification from said machine-learning module.

The apparatis of claim 45, wherem sad processing svstern s confizured to

2 E E Ry s g
process said images fo obtain serface parameters and o use said machine-
fearning module to classity said surfaces based at least w1y part on said surface

parameters.

The apparatus of claim 46, wherein saud atomie-foree microgeope conpprises a
multi-channel atormic force microscope, each chamel of which corresponds to

a-surface property of said surfaces.

The apparatas of claim 47, wherein said processing systom comprises &

condenser that condenses information provided by said channels and

constructs, from said condensed information, a condensed database,

48
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I 49, The apparates of claim 48, further comprising a classifier that classifics an
2 uiknown sample based on said condensed database.
3 50,  Theapparatus of claim 48, wherein said condenser is configured to construet
4 said condensed database by projocting said first database into a subspace of
5 dimensionabity lower thai that of said Srstdatabase, said projection defining
& sard condensed database, satd condensed database having a dimensionality
7 that ts fess than that of said first database,
8
9

10

49



WO 2020/097302 PCT/US2019/060225

1125

1/
64
30 68
12 = Ay
— L CPU s OU
— 78 30 d 82
10 B Ap E 7
34 / AL
70 1 18 @5 i
| 74
i et 84
75 —
33~ 86
32 :
. 28

/ 86

FIG. 2

SUBSTITUTE SHEET (RULE 26)




WO 2020/097302 PCT/US2019/060225

2025

20um

FIG. 4

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

3125

SUBSTITUTE SHEET (RULE 26)



PCT/US2019/060225

WO 2020/097302

4/25

9 "9Ol4

,MQVQ_tﬂQmm”iExxxntQvﬁwmwxvnoi |

-
/\%

)0 TEIBON s} = (i TE1BPNG

{(1)0" PN ooy = (grsty ) VEEPNG

98

_‘

{0 Uil = (57000 Harsopit = (drerp) M

{0 Uarsyl =

osegRIEp

= (ds' P00 Hd's

W =

{d's

iwm

SUBSTITUTE SHEET (RULE 26)



PCT/US2019/060225

WO 2020/097302

5125

L Ol

Vomca o=t ats: %pﬁ..

s | < a5 5
8
{0 PN ol = (s 2)0FOONG {0 Uged! = (s 2100 U0 syt = (s} O
{0 VWEPN ponndh = (g ) H99PNG - {0 S geidt = (e S0 00 Yasdt = (e O
L ssBgRIRpR
o7
§
Eo
i

28

()0 PN st = (grsiz CEPNG
()0 VETEPN g = (st VRPN

{20 st = (5280 120 Yoyl = (gaip) D
{0 Yasyt = g's

2sedgeiep

000 Myl = (g O

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

) < <2 [ [ )
P &2 e & Y
< <= o™ o

FIG. 8

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302

h_Ssc
h_Sid
h Smean

7125

height

PCT/US2019/060225

0.00 0.01 0.02 003 004 005 0.08

SUBSTITUTE SHEET (RULE 26)

Importance cosfficient

FIG. 9



WO 2020/097302

a &vi
a_S3A

a_Smeaan
a_Sg

a Bsk
a_Sku
a_ 8ci
a_Sds

a Shi
a_Sdeh0 85
a_Spk

a Sp

a St

a Sz

a_ Str20

a_ Sdct0 50
a_Sdcl 5
a_Shw

a Sud7
a_Scl2¢
a_Sci37

8/25

()

adhesion

PCT/US2019/060225

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

SUBSTITUTE SHEET (RULE 26)

Impaortance coefficient

FIG. 9 (cont.)



WO 2020/097302

h Smean
h_Ssk
h_Scl3?
h_Sdae

h Sdg

h S3A

h Sdr
h_Seci20

h Sds

h Strz0
h_Stdi

h_ Srwi
h_Shw
h_Svi

h Str37

h Sde 5
h_Svk

h S

h 5td
h_Sbi
h_Sku
h_Sded 10
h Spk
h_Sv
h_Sdeb0 85
h Sp

h 3k

h Sa
h_Sq

h &dct( 50

0.00 & 05 0.010 0.015 GGZO 025 0.030 £.035 0.040 0.045
Importance oo

925

)

heig

ht

coefficient

FIG. 9 (cont.)

SUBSTITUTE SHEET (RULE 26)

PCT/US2019/060225



WO 2020/097302

a 8vi
a_Smean
a_Sq
a_Sbi
a_Sd
a_Svk

a S3A

a_ Sds
a_Ssc

a Ssk
a_Srwi
a_Sdg

a Sku
a_Sdeh0 85
a Sdgb
a_Spk

a Sdcb 10
a_Sid

a Sk

a Sp

a 810z

a Sdr
a_Sz_iph
a_ Sy

a Sz

a St
a_Sdc10 50
a Shw
a_Sid
a_Sdch 5
a Sir20
a_ Str37
a_ Sidi
a_Scl3y?
a_Sci20

10/25

(d)

adhesion

PCT/US2019/060225

(.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07

SUBSTITUTE SHEET (RULE 26)

Importance coefficient

FIG. 9 (cont.)



WO 2020/097302

h_Ssc
h_Sid
h_Smean
h_8sk

h StréQ
h_Sir37

h Sds

i Srwi
h_Sde0_5
h_Sci2
h_Scla?
h_&vk

h Stdi

h 8w
h_Sbi

h Sdcs 10
h_Sdy
h 834

h_Sdec10_50
h Sg

h Sa

h S10z

h Sz 1iph

11/25

PCT/US2019/060225

(e}

height

.00 0.02 0.04 0.06 0.08 010 012 014

SUBSTITUTE SHEET (RULE 26)

FIG. 9 (cont.)

Importance coefficient



WO 2020/097302

a 83A
a_Svk
a_Svi

a &ds

a Sa
a_Smean
a_ 8ol
a_Str20
a Sy
a_Sbi

a Ssk

a Sp
a_Sdchl 85
a Std
a_Stdi

a Sid

a Sku

a Sse

a Sy

a St

a Sk

a Sz
a_Spk

a Sird7?
a_Scl3d?
a 810z
a_Sz_ 1ph
a_Sdch 106
a Scll
a_Sdeid 50
a Sdel 5
a_Srwi
a_Shw

PCT/US2019/060225

12/25
{fH
adhesion
0.10 0.15

Importance coefficient

FIG. 9 (cont.)

SUBSTITUTE SHEET (RULE 26)

(.20



WO 2020/097302 PCT/US2019/060225
13/25
Xj4} <= 15.0001
gini = 0.4892
samples =73
valug = [38, 35}
Truj \;aise
8] <= 14.8058 X[15] <= 0.119
gms 0.2778 gini = 0.3580
samples = 30 samples = 43
value = {5, 25] vajue = [33, 10]
X[27] <= 3.2922 — X[2] <= 1.2501 | [
gini = 0.1372 gini = 0.0 gini = 0.4844 giny = 0.0
samples = 3 samples = 26
samples = 27 value = [3, 0] samples = 17 value = [26, O]
value = {2, 25] i value = {7, 10] '
gini = gini = X[10] <= 0.0102 gini = Q.0
gini = 0.2778 -
sampies = 25 sampfes 2 samplas = 5§
e =10, 25] |value =2 0 | SATPeS=12 40 e =15, 0]
value = {0, 25} ae = value = {2, 10] e
X{34] <= 0.5912 X[34] <= 0.6003
gini = 0.18 gini = (.5
sampies = 10 samples = 2
value = {1, 9] value = {1, 1]
gini= 0.0 gini = 0.0 gini = 0.0 gini = 0.0
samples = 1 samples = 9 samples = 1 samples = 1
value = [1, 0} vaiue = [, 9] value = {1, 0} value = [0, 1}
FIG. 10

SUBSTITUTE SHEET (RULE 26)



PCT/US2019/060225

14/25

sawel-ejep sojdwes Bupnse) pue Buuiel) :uinjoy

sawej-eyep sojdwes Bupnse) pue buiuies; 81018 (g

oijel sjdwes jsej-uiel}

ajqejoales buisn ‘s) Jusned uo paseq ‘sejdwes Buyse) pue Bujuiely ojul swel-ejep Jds (|
:sde)g

onei sjdwes )saj-ulel) ‘swelj-eyep :synduj ()3so)” urey ejep yjds uonouny

awel-ejep sajdwes o9 :uimay

alwielj-ejep ui 810js pue

s waied (e 104 ‘sjuelpenb |20 wou) ‘||8o Jad sejqeleA jje JO sanjeA uelpall 10 ueaw 195 (g
Q1 wened Aq sejdwes dnous) (1

sauwlel-ejep ajdwes Jooues-uou pue passeooidaid abiapy (9
Sj|92 ou ypm sajdwies Jaoued-uou yym swelj-ejep ajeal (g
ejep passasoidaid yym swelj-ejep 2101 (v

jJuasauid ale sjoeype uoyisinboe ejep aieym sajdwes 10afoy (¢
anjeA awes ay) aaey sojdwes |je aiaym ssjqenea 10afay (g
ali} ASD woyj eyep peo (|

'sda)g

SUBSTITUTE SHEET (RULE 26)

WO 2020/097302

[ueipaw Jo uesw)] Jejewesed soisnels ‘B ASH :sinduy  ()jesejep ayew uopduny

sioweled aoeuns (|99 Buisn uoioalaq seoue) wiyiobiy




PCT/US2019/060225

WO 2020/097302

15/25

(09} LI 'Ol

S9OL}BW UOISNJUOD ‘S8100S AOBINDOE. ‘S8100S DNV DOY ‘SAAIND HOY :uIney
XUl uoisnjuod pue ‘Aoeinooe
‘81098 DNV D0Y ‘OAINd HOY soujew aouewsouad uoneoiisseld japouwl ajenoje) (v
sliel-ejep ul aiojs pue sajdwes buise) ay) ul sq| Jushed jje
10} S99 | JO suoneulquiod ajgissod jie axew ‘q) usned ad sjgejieae s|a9 j|e Buisn (¢
Jaoued se | juaned ajoum ay) Ausseo
0} Ja2UBD SB palIsse|d aq 0} pasau yoiym g} Jusiied sed s)jeo jo Jaquinu N 109jeS (2
awley-ejep Buysey Joj solyew souewlopad
uoneoyisse}o Buunsesiu ul pasn aq 0} Q) jusied Jad sjjeo Jo Jequinu | 19918S (|
(01s9) ureny eep yyds uni
(iopow isyssejd~axew uni
:suojeIBY JO JBQUINU M Ul UnJ Y)-u 10}
:sdo)g
suoneIa) JO Jaquinu Y ‘S|jad JO Jaquinu N ‘s|ja9 JO Jaquinu |\ ‘swelj-ejep
sajduwies |jgo ‘19alqo jepow uonesyisseo :synduj ()solgew sauewiopiod UORIYISSEID UOIUNY

108[qo |jopoLu UoREOYISSED) (UINJY
Jopoul 8y} ajenuejsul pue siajaweled s japoul pajosies Aoads (z
$991) pa)s00q
usipelib 1o ‘seai}-eixd 1810} LWOPUEI :SjopoLU UOHeIISSe]D Buimoyjo} 8y} Jo auo 109je8 (|
:sde)g
siojoweled jppow ‘aweu jopow :sinduj (Jlopow JayISSe]d” dayew uonRouny

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

16/25

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

17125

36
32
28
24
20

12

Number of varigbles selected
>
e

01020304050860708081.0
Threshold value

36
32
28
24
20

16 /

Number of variables selected

01020304050807080910
Threshoid value

70
60
56
40

20 /
10 oo™
a FIG. 13

01020304050807080081.0
Threshold value

SUBSTITUTE SHEET (RULE 26)

Number of variables selected




WO 2020/097302 PCT/US2019/060225

a_Sds 18/25 FIG. 14
a_Sci h_Sdsw-\\\m ; l
Sdc10_50 a—Str‘?O—\
- I: Sa 6 h_Sdr—\«
a gk h—qu—\\—
- a_Sdgb
a_Sdr e T T
a—Ssc a_quw
- a_Sdchb0 95
a Sz— =
4 S a_St
i a_Sbj
h ngg a_Sz tph
a_S10z h_Sse
; Sek a_Sdc5 10
a_Ssk a_opk
h gtr?;? h_Std
a S—(—jCO 5 h_S3A
- . *S'q h_Shi
~ k
a_Sdc0 5 a_Sv _
a_Stdi a_vi
h_Sku h.Smv
- a_Sku
a_Sa
- a_Smean
A S
h _Shw e
“h S h_Sci
—p h_Svi
a_Scl37 a ghw
h_Smean a —S—Str37
h_Scl20 =
, h_Sci37
a_Stdi =
N h Sv
a_Scl20 h—Sk
h Sa ~
—  h_Sdc50 95
a_Sv—- =
- h _Sdc5_10
h_Sq a_std
h Sz tph h——S "
h 810z 5610 go
h_Svk—= S—3A
h_st 2
- h Sz
h_Sy h Std 0000 8025 0050 6075 0400

importance cosfficient

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

19/25

1.0+

Accuracy

0.4
. —— 70-30%
..... b B0-40%
—t— 50-50%
0.0-— = : E ;
1 T : 13 37

number of surface parameters

FIG. 15

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

True positive rate

2025

"no classification
power” line

0.0+

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

FIG. 16

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225

21725

1.0+

0.8+

0.6+

0.4

True positive rate

0.2 i
power” line

0.0~

j 5
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

FIG. 17

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302

PCT/US2019/060225

22125

Fregquency
B2
£

(b}

Area under ROC curve (AUC)

FIG. 18

SUBSTITUTE SHEET (RULE 26)

1.0



WO 2020/097302 PCT/US2019/060225
23125
1.04 | é/g
0.8~
2
3
g 06+
oc
L3
3
<
0.4+
0.2+ ——  70-30%
»»»»» e B0-40%
e 50-50%
0.0 ; ; 3 ;
3 8 13 37

number of surface parameters

FIG. 19

SUBSTITUTE SHEET (RULE 26)




PCT/US2019/060225

no classification
power" line

13

24125

a3es sasod enay

WO 2020/097302

1.0

0.8

@

0.4

0.2

0.0

FIG. 20

False positive rate

SUBSTITUTE SHEET (RULE 26)



WO 2020/097302 PCT/US2019/060225
2525
data Random forest Extreme%fofsssr;domized Gradient Boosting Trees
Aé‘,ﬁg oy Sense/spec Aéﬁg/ oy Sense/spec Acfc\:[d?a/cy Sense/spec
N=11{height| 75/73 50/84176/691 77/74  53/841 77/701 T74/73  46/86 | 75/68
M=1} adh. 88/83  68/90184/77 | 88/83  69/901{85/78] 87/82  ©9/891 84/77
N=2 i height] 7577  40/91176/691 77/78 44/91177/711 7577  40/92| 75/69
M=11 adh. 89/87  71/93186/801 89/86 70/93187/801 8987  71/93} 86/80
N=2 i height| 77/78 43/92| 76/69 | 78/79  48/91] 78/711 75/78  38/93 | 74/68
M=2 { adh. 89/86 _ 69/93186/80 1 90/87  70/941 86/791 89/87 _ 69/94 1 85/79
N=3{ height{ 73/81  34/951 75/66 | 74/81  35/95] 76/671 73/81  35/95| 74/66
M=11 adh, 90/89  70/9588/811 89/88 69/94186/791 8990 _ 70/961 87/80
N=3 { height{ 75/82 36/95} 75/68 | 78/82  42/341{77/69{ 73/81  34/96{ 73/66
M=2 1 adh. 91/90  73/961 87/80 1 90/90  72/961 87/80] 89/90 _ 69/96 i 85/78
N=3 | height| 75/82  37/95]|76/67 | 78/83  42/95] 77/691 72/81  32/96| 73/66
M=3 | adh. 90/90  71/96187/80 1 90/90  70/96{ 87/76) 88/8%  65/96 1 85/77
N=4 { height! 69/84 31/97171/611 70/84  33/97{73/64| 6984  34/97 | 73/64
M=11 adh. 89/91 75/95:88/801 88/90  71/961 87/791 90/92  74/96} 83/80
N=4 { height] 72/84 35/97{73/64 | 74/85 37/96{ 76/67 | 71/84  37/96} 72/63
M=2 | adh. 91/92 77071 88/80 1 90/92  74/961 88/801 90/92 _ 73/971 87/79
N=4 { height| 72/84  34/97} 74/64 1 76/85  41/96| 76/67{ 70/84  32/97 | 71/62
M=3 { adh. 89/92  72/97188/791 90/92  72/97 1 87/791 87/91  64/97 | 84/75
N=4 { height | 72/84  32/971 74/641 75/85  38/96] 76/66] 70/84  32/97{ 72/62
M=4 | adh, 89/91  71/96188/79 1 89/91  71/961 87/781 86/90 _ 64/971 84/75
N=51{height{ 66/86  33/98] 69/57 | 66/85 36/97{ 72/60{ 67/86  35/98{ 70/59
M=11 adh, 88/93 77/96187/78 1 87/92  75/96187/78) 89/94  77/97 1 88/79
N=51{height|{ 69/86 34/97}72/61] 70/86 39/96| 76/64{ 68/86  36/97 | 70/61
M=21 adh. 91/94  81/98191/821 90/94  78/97189/801 91/94  78/98} 83/80
N=51{height] 68/86  31/98} 72/61 | 72/87  39/97{ 76/65| 67/86  34/97 | 69/58
M=31 adh. 90/93  77/97 1 88/78 4 90/93  77/97 1 88/781 88/93  70/981 85/75
N=51{ height| 67/86  34/97{72/60| 72/87  39/97{76/64 65/85  30/97 { 69/57
M=4 | adh. 89/93 75971 87/77 1 88/93 73/97188/771 85/92  61/98 1 84/74
N=51{ height{ 68/86  30/97}72/59 | 74/87 39/97{76/63{ 67/85  32/97{ 71/59
M=51 adh. 88/93 _ T4/97188/77 1 88/93 _ T73/97188/771 84/91 _ 62/97 | 84/73
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