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Abstract

This reportsummarizesecenttechnicalwork of the Applied and ComputationaScience®ivision of the
Information TechnologylLaboratoryat the NationalInstitute of Standardsand Technology(NIST). Partl
(Overview) providesa high-level overview of the Division& activities,including highlights of technical
accomplishrentsduringthe previousyear.Partll (Featuresprovidesfurtherdetailson projectsof partic-
ular note this year. This is followed in Partlll (ProjectSummarieshy brief synopsesf all technical
projecsactiveduringthepastyear.PartlV (Activity Data)providedistingsof publicationsfechnicatalks,
andotherprofessionahctivitiesin which Division staff membershaveparticipated.The reportingperiod
coveredby thisdocumenis October2020 throughDecentber2021.

For further information, contact Ronald F. Boisvert, 100 Bureau Drive, Mail Stop 8910, NIST,
GaithersburgMD 208998910,phone301-975-3812,email boisvert@nist.govor seethe Divisionds Web
site at https://www.nist.gov/itl/math/

Keywords: appliedmathematicscomputdional scienceand engineeringhigh-performancecomputing;
mathematic®f metrology;mathematic®f biotechnologymaerialsmodelingandsimulation;mathemati-
cal knowledgemanagemen mathematicamodeling; network science;scientific visualization quantum
informationscience.
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Introduction

Foundedn 1901,the NationallInstitute of Standardsand Technology(NIST) is a nonregulatoryfederal
agencywithin the U.S. Departmenbf Commercelts missionis to promoteU.S.innovationandindustrial
competitivenesby advancingneasuremergcience standardsandtechnologyin waysthatenhancesco-
nomic security and improve our quality of life. The technical disciplines representedn the NIST
Laboratoriegncludephysicsglectricalengineeringnanotechnologymaterialssciencechemistry biotech-
nology, manufacturingand constructionengineeringfire researchinformationtechnology mathematics,
andstatistics TheNIST Labsoperatéan two locations:GaithersburgVD, (headquartefs 234hectared78
acrecampus)yndBoulder,CO (84 hectare208-acrecampus)NIST employsabout3 400 scientistsengi-
neerstechniciansandsupportpersonnelNIST alsohostsabout3 500 associateffom academiaindustry,
andothergovernmentgencieswho collaboratewith NIST staff andaccessts facilities.

The Information TechnologyLaboratory(ITL) is oneof six major organizationalnits that makeup
theNIST Labs ITL G singularpurposeis to cultivatetrustin informationtechnologyandmetrology.This
is donethroughthedevelopmenobf measurementsests andguidanceo supportinnovationin anddeploy-
mentof informationtechnologyby industryandgovernmentaswell asthroughtheapplicaton of advanced
mathematicsstatistics andcomputerscienceo helpensurethe quality of measuremergcience

The Applied and ComputationaMathematicivision (ACMD) is one of seventechnicalDivisions
in ITL. At its core,ACMDGs purposes to nurturetrustin metrologyandscientific computing To do so,
ACMD providesleadershipwithin NIST in the useof appliedand computationaimathematicgo solve
technicalproblemsarisingin measuremergcienceandrelatedapplicationsin thatrole staff members

1 performresearctin appliedmathematiceandcomputationakcienceandengineeringincluding ana-
Iytical andnumericalmethodshigh-performance&omputirg, andvisualization,

1 performappliedresearchin computerscienceandengineeringor future computingandcommuni-
cationstechnologies

1 engagen peerto-peercollaborationgo apply mathematicahndcomputationatechniquesndtools
to NIST problems

1 developanddisseminatenathematicateferencedata,software andrelatedtools and

1 work with internaland externalgroupsto developstandardstess, referenceémplementationsand
othermeasuremertechnologiedor currentandfuture scientificcompuing systems

Division staffis organizednto four groups:

1 MathematicalAnalysisandModeling Group(TimothyBurns Leade). Performsresearctandmain-
tains expertisein applied mathematics,mathematicalmodeling, and numerical analysis for
applicationto measuremerdcience.

1 MathematicaSoftwareGroup(MichaelDonahue Leade). Performsresearclandmaintainsexper-
tise in the methodologyand applicationof mathematicalalgorithmsand softwarein supportof
computationakciencewithin NIST aswell asin industryandacademia.

9 High PerformanceComputingand VisualizationGroup (Judith Terrill, Leade). Performsresearch
andmaintainsexpertisén themethodologieandtoolsof high-performancescientificcomputingand
visualizationfor usein measuremergcience.

1 Computingand CommunicationsTheory Group (RonaldBoisvert,Acting Leader Oliver Slattery
ProjectLeade). Performgesearctandmaintainsexpertisén thefundamentamathematicgphysics,
computerscience,and measuremensciencenecessaryo enablethe developmentnd analysisof
currentandfuture computingandcommunicationsystems.

Thetechnicawork of the Division is organizednto severthematicareasthesearedescribedn thesidebar.
Projectdescriptionsn Partlll of this documentreorganizedaccordingo thesebroadthemes
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Division Thematic Areas

Broad Areas

Mathematics of Metrology. Mathematics plays an im
portant role in measurement science. Mathematical mod
are needed to understand how to design effective meast
ment systems and to analyzbe results they produce.
Mathematical techniques are used to develop and ana
idealized models of physical phenomena to be measured,
mathematical algorithms are necessary to find optimal <
tem parameters. Mathematical and statistical techniques
needed to transform measured data into useful informatic
We develop fundamental mathematical methods and to
necessary for NIST to remain a worldass metrology insti-
tute, and to apply these to measurement science problen

High Performance Computing and Visualization. Com-

putational capability continues to advance rapidly, enah
modeling and imulation to be done with greatly increase
fidelity. Doing so often requires computing resources wi
beyond what is available on the desktop. Developing s
ware that makes effective use of such hggrformance
computing platforms remains very challemgirequiring ex-
pertise that application scientists rarely have. We maint
such expertise for application to NIST problems. Such co
putations, as well as modern experiments, typically prodt
large volumes of data, which cannot be readily comp
hended. W are developing the infrastructure necessary f
advanced interactive, quantitative visualization and analys
scientific data, including the use of 3D immersive envir
ments, and applying the resulting tools to NIST problems

Current Focus Areas

Mathematics of Biotechnology. As proofof-concept aca-
demic work in engineering biology meets the market realiti
of bringing lalscience to product initiation, therare needs
to compare biological products, measure whether desir
outcomes are realized, and optimize biological systems
desired behaviors. NIST is working to deliver tools at
standards to measure such biologiocattinologies, outputs,
and processes from healthcare to manufacturing and beyc
We support this effort with the development and deploy
ment of innovative mathematical modeling and data anal
techniques and tools.

Materials Modeling. Mathematical modeling, compute
tional simulation,and data analytics are key enablers

emerging manufacturing technologidhe Materials Ge-
nome Initiative (MQI an interagency program with the go:
of significantly reducing the time from discovery to comme
cial deployment of new materials using modeling, simulat
and informatics, is a case in point. To support the NIST rc
in the MGlI, we develop and assessdeling and simulatior
techniques and tools, with emphasis on uncertainty quan
cation, and collaborate with other NIST Laboratories in the
efforts to develop the measurement science infrastructu
needed by the materials science and engineering aamityn

Quantum Information Science. An emerging disciple at

the intersection of physics and computer sciengaantum

information science is likely to revolutionizes2&entury sci-
ence and technology the same way that lasers, electronic
and computers i@l in the 20" century. By encoding infor;
mation into quantum states of matter, one can, in theo|
enabé phenomenal increases in information storage and
cessing capabilitpt the same time, such computemwould

threaten the publikey infrastructure that secures all of ele(
tronic commerce. Although many of the necessary phys
manipulations of quantum states have been demonstrg
experimentally, scaling these up to enable fully capable q
tum computes and networksremains a grand challenge. W,
engage in (a) theoretical studies to understand the powel
guantum computing, (b) collaborative efforts with the mul
laboratory experimental quantuntience program at NIST|
to characterize and benchmark specific physical realizat
of quantum information processing, and (c) demonstrati
and assessment of technologies for quannetworking

Foundations of Measurement Science for Information
SystemsITL assumes primary responsibility within NIST f
the development of measurement science infrastructure ¢
related standards foiT and its applications. ACMD develoy
the mathematical foundations for such work. This can
very challenging. For example, many lesgale information
centric systems can be characterized as an interconnec
of many independently operating compone(e.g., software
systems, communication networks, the power grid, trar
portation systems, financial systems). Exactly how
structure of such largscale interconnected systems and tf
local dynamics of its components leads to systewel be-
havior is aly weakly understood. This inability to predict th
systemic risk inherent in system design leaves us open to
realized potential to improve systems or to avoid potential
devastating failures. A looming new example of importal
to NIST is the Internebf ThingsWe are developing models
to aid in the development of applications from individualiz
health IT devices to largecale sensor networks.

Mathematical Knowledge Management. We work with
researchers in academia and industry to devel
technologies, tools, and standards for representatis
exchange, and use of mathematical data. Of partic
concern are semantibased repreentations which car
provide the basis for interoperability of mathematig
information processing systenWe apply these representa
tions to the development and dissemination offeence
data for applied mathematics. The centerpiece of this efi
is the Digital Library of Mathematical Functions, a freely a\
able interactive and richly linked online resource, providi
essential information on the properties of the special fur
tions of applied mathematics, the foundation of mathemat
modeling in all of science and engineering.
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Highlights

In this sectiorwe identify someof themajoraccomplishmentsf the
Division during the pastyear We also provide news relatedto
ACMD staff. Forthesecond/earin arow,theCOVID-19pandemic &
providedawealthof challenges$o overcomeduring202L. TheNIST
campusremainedclosedto all Division staff exceptthosewhose
work requiredlaboratoryfacilities and equipmentonly accessible
while on campus The daily faceto-faceinteractionswhich arethe
lifeblood of aresearctorganizatiormovedonline,whichmadethem
difficult at best.The spontaneitythatfeedscollaborationcontinued
to be largely lost. While staffing levels grew during the period, it
continuedo bedifficult to integratenewstaff membersnto thelife
of the Division. We managedo copewith thesechallengesaindde-
veloped new methods of interaction. In fact, routine virtual
interactions enablestaff working in Gaithetsurg to know their col- |
leagues in Boulder better, and vieersa. Asl write this in early
2022, mostof our staff remainin full -time teleworkingmode.We
look forwardto areturnto normalcylater this calendaryear.

Figure 1. For the second year in a row, t
COVID-19 pandemic kept most ACMD st
working from homgwhich madeollaborations

Rece ntTeChnical ngh“ghts and the assimilation of new stafembers very

challenging. Theeorridor outside the Divisior

ACMD hasmadesignificanttechnicalprogreson manyfrontsdur-  office illustrates how lonely working on camp

ing the past year. Here we highlight a few notable technical

was during this period.

accomplishmentd-urtherdetailsare providedin Partll (Features)
andPartlll (ProjectSummaries)

T

Division staff have had some remarkable success in the problem of identifying an initial state which
evolvesunder the 2D viscouBurger®equationinto a close approximation of noisy data given at a
future point in timeThisdata assimilation problerns ill-posed and hence extremely difficlilising

a direct noriterative method based on marching backward in time with a stabilized explicit finite
difference schemdivision staff have demonstratedlarge class of examplé@swhich reasonable
recovery is possible. As one might expect in such a challenging problem, there are also unsuccessful
examples. See pade.

ACMD staff members madegroundbreaking advance in techniques identifying substances us-
ing DART-MS (Direct Analysis in Real Time Mass Spectromgti@ne importantapplication is
screening for controlled substances in foresiic seized drug evidenc&. h e t iss@mvéas to
utilize the statistical nature of the peaks in mass spectra in order to determine sirSiaripagéo.

Capitalizing on their success last yaausing machinéearning to successfully predittte Kovats
retention indexf substancg an ITL/MML team led by ACMD turned their attention to gredic-
tion of normal boiling point®f chemical compound3heirmachinelearningbasednodel wasalso
successfuhere See pagé8v.

By applyingChebyshev expansiomslaptively Division staff haveenabledmoreefficient and pre-
ciserepresentation of pure fluighase equilibriawhich will provide fundamental improvement in

the modeling routines offered by the NIST Reference Fluid Thermodynamic and Transport Properties
DatabaseSee pag&1.

The need foefficient and accuratenibody measurementsas been an ongoing need during the
COVID-19 crisis.This year, several staff membelsrived a series of new results showing that
agnostic classification associated with antilyoassaysan be recast as an optimization problem
Solutions to this problem result in improved classification accuracy over traditional methduss
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been demonstrated in collaboration with colleagues & ¢heol of Public Health at Johns Hopkins
University. See paggs3.

I We have been extending the capabiliti€®or densesuspension simulator, QDPD, to match the
physical experiments being performedNat S NGNR on theflow of monoclonal antibody proteins
in solution.An early application of this new simulation capability, in collaboration with researchers
at the University of lllinois and the University of Delawahasbeen published in the journ&truc-
tural Dynamics See pagé2.

ﬂ Pulmonary edema is a medical condition caused by accumulation of excess fluid in the human lungs.
It canoccur dueo heart problems, pneumonia, exposure to certain toxins, as well as guchess
COVID-19. We have investigated the feasibility of a simple wearable system that can be used at
home todetect or monitor excess fluid buildup in the lunse proposed wearable system is com-
posed of several small wearable antennas located arhédst and back are@ihrough simulation
studies, we have demonstrated that frequency and time responses of the communication channel
between these antennas can potentially be exploited to predict the onset of pulmonarysedema
pagels.

1 Working with staff of the National Renewable Energy Laboratory (NREL), ACMD mathematicians
have improved the search fmptimal airfoil shapesfor, e.g., wind @irbine bladesysing a new, much
richer set of datalriven deformations than designers had previously considered. Se@page

T ACMD6s Hi gh Per f ordMiaualication Group pas bperatefiammarsive visual-
ization environmentiVE) for many years and have successfully used it to provide critical insights to
a wide variety of NIST metrology projectfo take advantage of recent advancesiswmalization
hardware, we are moving our IVE to ParaView, a fully epeurce software environmew{s part
of thiseffotwe ar e partnering with Kitware to extenmrd art
mersive visualizationWe have also joined the honos Group, which is working to develop
standards for extended reality and for rendering scientific data. Se@3%age

I Modern engineered systems, such as infaomaind communication systems and power systems,
are actually comprised of many ssfsstemsDueto this interdependence, it is possible for a local
failure or infection of a system by malware to spread to other systems, potentially compromising the
integiity of the overall systemWith this in mind, we studied the problem mkasuring the cyber
risksto nodes (e.g., subsystems) and finding optimal cybersecurity investments for hardening vul-
nerable nodes in large systems, which will minimize the-lomgaverage cost® a system operator.

See pagdl7.

9 One difficulty with scalingup trappedon quantum computers is the management of lasers used to
apply logic gates. To overcome this difficulty, tEST lon Storage Group has developed techniques
to apply all logic gates using only microwave fields. ACMD researchers designed a strategiiy for
mating the fidelity with whiclsuchmicrowave gates could entangle qubitée observedidelity
rivaledthe besfidelities achieved with laser$his advance was reportedhlature See pag€9.

1 In Decembei2021PhysicsWorld, a publication of thénstitute of Physicsannouncedheir top 10
physicsbreakthrough$or 2021.The numberonebreakthroughwasa projectwith significantpartic-
ipationby ACMD. A teamled by JohnTeufelandShlomiKotler of PML wascitedfor entangling
two macroscopiwibrating drumheadsfitherebyadvancingour understandingf the divide between
guantumandclassicak y s t &zadShojaeeAlex Kwiatkowski, ShawnGeller,ScottGlancy,and
MannyKnill of ACMD developedhetheoryandwrote,analyzedandtestedthe dataanalysiscode
that enabledhis accomplishmentThey wereall co-authorson the paperreportingthe resultspub-
lishedin Sciencen May!, wherea newssummarystatecdthefollowing:

1 https://www.science.org/doi/10.1126/science.abf2998
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fi Qu a nentanglemenbccurswhentwo separateentitiesbecomestronglylinkedin
a waythat cannotbe explainedby classicalphysics;it is a powerfulresourcein quan-
tum communicationprotocols and advancedtechnologiesthat aim to exploit the
enhancedtapabilitiesof quantumsystemsTo date,entanglemenhas generallybeen
limited to microscopicquantumunits suchas pairs or multiplesof singleions, atoms,
photonsandsoon. Kotler etal. and Mercier de Lépinayet al. demonstratehe ability
to extendgquantumentanglemento massivemacroscopicsystemgseethe Perspective
by Lau and Clerk). Entanglementf two mechanicabscillatorson sucha large length
andmassscaleis expectedo find widespreadisein bothapplicationsandfundamental
physicgo probethe boundarybetweertheclassicalandquantumwo r | ds . 0

See pag®9.
1 Working with colleagues PML and at the University of Maryland, an ACMD researeh&mined

the class ofuantum adiabatic optimizatioalgorithmsthrough the lens of optimal control theohy.
this algorithm, the system is initialized in the ground state of some initial Hamiltonian. If the Hamil-

tonian changes slowly enough, the quantum adiabatic theorem says that the system will stay in the

ground state, allowingneto find the ground statef desired Hamiltonians that might encode some
classical problemn their studythey were able to identifgn optimal proceduréor evolving such a
Hamiltonian. See paged4.

91 For several years, ACMD staff have made remarkable progress inttraationof quantum dot
controlfor quantum computing applications. (See pagé Recently theyturnedtheir attention to
the processing of data from cold atom experiments, whosecdatas from imagedn particular,
theyare working with colleagues in PML afetectingdark solitonsin Bosé Einstein condensage
(BEC). Theyhave developedn automated classification and positioning system for identifich

structureausingdeep convolutional neural networks to eliminate the need for human image exami-

nation. Furthermorethey publisted a firstof-its kind labeled dataset of dark solitons for further
machine learning researcbee pag&4.

91 This year our quantum communications experimental taagan several new efforts in the area of
guantum networking-or example, they (ajesigned and built tools that will be deployed into quan-

tum netvorks for characterization of quantum network components and quantum network links, (b)

began to build and synchronize nodes on a cames quantum network testbed in collaboration
with colleagues from ITL, PML and CTL, and (c) developed a plan foriamalgquantum network
testbed (called the DC Quantum Network testbed orQ@Nef in collaboration with other NIST
colleagues and in coordination with a number of local federal ageBelesagé09.

9 Finally, ACMD staff played a key role in the analysisdatafor two importantstudiesof gender,
equity,and inclusion at NISTSee page$34and135,

TechnologyTransfer and Community Engagement

Thevolumeof technicaloutputof ACMD remainshigh. Duringthelast15 months Division staff members
were(co-)authorsof 48 articlesappering in peerreviewedjournals,28 papersn conferenceproceedings
and13 publishedin othervenues Twenty-oneadditionalpaperswere acceptedor publication,while 38
othersare undergoingreview. Division staff gave59 invited technicaltalks and presented4 othersin
conferencesind workshops.Staff memberswere co-inventorson two newly awardedpatens. Six new
invention disclosures weredill, four of which have resulted in patent applications.

ACMD continuego maintainanactivewelsitewith avarietyof informationandservicesmostnotably
the Digital Library of MathematicalFunctions thoughlegacyservicesthatare no longeractively devel-
oped like the Guide to Available MathematicalSoftware,the Matrix Market, and the SciMark Java
benchmarlstill seesignificantuse During calendayear(CY) 2021, thedivisionwebserversatisfiedmore
than6 million requestsfor pagesiuringmorethan793 000uservisits. Anotherindicationof thesuccessful
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transferof our technologyis referenceso our softwarein refereedournalarticles.For example our soft-
waresystemfor nanemagneticmodeling(OOMMF) wascitedin 203 suchpaperspublishedin CY 2020
alone.

Membersof the Division arealsoactivein professionatircles.Staff memberdold atotal of 14 edito-
rial positionsin peerreviewedjournals.For example Barry Schneideis an AssociateEditor-in-Chief for
IEEEGs Computingin Scienceand Engineering Staff membersarealsoactivein conferenceorganization,
servingon 25 organizing/steering/progranommittees.

Servicewithin professionakocietiess alsoprevalentamongour staff. For example Bonita Saunders
is a member ofhe Boardof Trustee®f the Societyfor IndustrialandApplied Mathematic{SIAM). Staff
membersarealsoactivein a variety of working groups.RonaldBoisvertand Andrew Dienstfreyserveas
membersf the InternationalFederatiorfor InformationProcessinglFIP) Working Group2.50on Numer-
ical Software DonaldPorteris amemberof the Tcl CoreTeam,BruceMiller is amemberof W3C& Math
Working Group,andSandyRessleiis amemberof theW3C Advisory CommitteeBarry Schneiderepre-
sentsNIST on the High-End Computing(HEC) InteragencyWorking Group of the FederalNetworking
andInformationTechnologyResearctand Developmen{NITRD) Program Furtherdetailscanbe found
in PartlV of thisreport

Staff News

Onceagain,thisyearACMD experience@dnunusuallylargenumberof staffingchangesThreepermanent
staff membergetired At the sametime, we welcomedfour new permanenstaff membersand four new
postdocsAll of our new staff memberswvere onboardedvhile the NIST campuswas closedduring the
pandemic.This hasmadethe assimilationof new staff into Division researctefforts moredifficult than
usual.Our seniorstaff memberdavebeendiligentin working to give our newstaff membersandpostdocs
the bestexperienceossibleunderthe circumstancesVe once again providegmoteinternship opportu-
nities to a large number of students, includlbgraduatestudents10 undergraduatstudentsand 3 high
school studentsSeeTable7 on pagel39for alist of ourinterns.

Furtherdetailson our staff changesandawardsareprovidedbelow.

Arrivals

William Sherman joined ACMD asa Federalemployeeon July 7, 2021. He had beenworking under
contractto NIST for the previousyear.Bill receivedaB.S.in ComputerEngineering1986)andanM.S.
in ComputerSciencg(1989)bothfrom the University of Illinois. An experton virtual reality (VR), Bill is
theauthorof four bookson thetopic. He haswide experienceén scientificvisualizationhavingworkedas
aresearcheattheNationalCenterfor Supercomputehpplications(15years)theDesertResearclnstitute
(5 years),andIndianaUniversity (11 years).At NIST, Bill will work onthedevelopmenandapplication
of theNIST CAVE, aswell asin standardizationf VR software.

Elsie (Meliza) Lane joined ACMD/Boulder asan Administrative Assistanton August16, 2021.Meliza
spent25 yearsworking for the ColoradoDept. of TransportatiorandColoradoParksandWildlife, and16
monthsatthe Dept.of thelnterior Bureauof Reclamatiorbeforejoining NIST. Shewill beprovidingadmin
servicego our Boulderstaff aswell asproviding backupfor adminwork in Gaithersburg.

Lisa Ritter beganan NRC PostdoctoraAssociateshi@ppointmentvith ACMD on Septembed.3, 2021.
Shereceiveda Ph.D.in Mathematicdrom the University of Hawaii at Manoalast springwhereshedid a
thesison superintegrablesystemstheir algebraicstructuresand how to usethemto find solutionsto

PainlevéequationsAt NIST shewill beworking with her ACMD advisorHowardCohlin the searchfor

newsolutionsto the PainlevéequationsShewill alsocontributeto the Digital Repositoryof Mathematical
Formulaeeffort.
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Figure 2. ACMD welcomed five newelleral staff members during 2021. From left to right: Zachary Grey, Elsie (Meliza) Lane, Simor
William Sherman, and Lisa Ritter.

In November2021 Zachary Grey madethe transitionfrom NRC PostdoctoralAssociateto a full-time
permanenACMD staff memberlin Boulder.Zachreceiveda Ph.D.in ComputationahndApplied Mathe-
maticsfrom the ColoradoSchoolof Minesin November2019.His researchinterestsfocuson the useof
differentialgeometryto solverealworld problemsjncludingthoserequiringdimensionreductionandun-
certaintyguantification.At NIST he hasworkedwith CTL staff on optimizing unlicensedandspectrum
sharingwith subspacédasedaretotracing.He alsoestablishea collaborationwith the NationalRenewa-
ble EnergyLaboratoryon optimizingthe shapeof wind turbineblades.

Simon Su joined ACMD asa permanenstaff memberon November8, 2021.He comesto us from the
Army Researcthaboratorywherehe servedasanexpertin large scalescientific dataanalyticsandvisual-
ization, including immersive virtual reality. He will continuework on suchtopicsin A C MD &ligh
PerformanceComputingand Visualization Group. Simon holds a Ph.D.in ComputerSciencefrom the
University of Houston(2001).He alsohasexperiencevorking at a variety of academidabs,suchasthe
DesertResearchnstitute, the University of Louisiana,and PrincetonUniversity, aswell asin industrial
labs,suchasBall AerospaceandLockheedMartin.

Three new postdocs wenelcomed via the NIST Guest Researcher ProgPaajakta Bedekar graduated
from the University of Houston with a Ph.D. in Mathematic2020. A modeler of biological systems, she
has joint appointments at NIST and at the Johns Heplniversity(JHU). At NIST she is working with
Paul Patrone on applications of mathematical modeling in cytonidganne Lukereceived a Ph.D. in
Mathematics from the University of Delaware in 20@iere she specialized imathematicahpplications

in biology and medicineShe is also a joint NISTHU postdoc who is working with Paul Patronedaa
analysis in biometrologySesha Challa(Pavan Kumarjyeceived a Ph.D. in Physics from Pusan National
University (India) in 2021At NIST he is working with Paulina Kuo aptical frequency conversion and
electreoptic modulation

Departures

StevenSatterfield, who servedastechnicalmanagenf A C M D énsnersivescientific visualizationlab
(the CAVE), retired in DecembeR02Q St e wverldirsvisualizationhasenabledadvancesn awide vari-
ety of NIST measuremergcienceprojects,from determiningthe underlyingmechanisnof shakegels,to
measuringhe critical dimensionf engineeregholymerscaffoldsusedin tissueengineeringto revealing
theinternalinteractionsof particlesin flowing cement.The latter work washonoredwith the 2020NIST
JudsorFrenchAward. Thevisualizationtools he helpeddesignandcreatehavemadeA C M D €AVE an
agilevirtual measuremergnvironmentin which newinteractivevisualizationsandthe insightsthey pro-
vide, canbe spunup quickly. Stevecontinuesto be affiliated with ACMD asa guestresearcher.

Geoffrey McFaddenretiredfrom NIST in January2021aftersome40yearsof Federakervice During his
tenureat NIST Jeff madefundamentatontributionsof lastingimportanceo the mathematic®f materials
scienceUnderstandinghe mechanism&ehindpatternformationin materialswhich occurs for example,
duringthesolidificationof metalalloysandthegrowthof crystalss crucialfor thedevelopmenof effective
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techniquedor the manufacturingof new materials.J e f sigifeantaccom-
plishmentsn this areaincludethe understandin@f threedimensionalkellular
interfacemorphologiesthermoesolutal convectionduring alloy solidification,
the effectof electricalcurrentson solidification processesnodificationof den-
dritic growth dueto fluid flow, the effect of shearflows and stepmotion on
crystalgrowth,anisotropie®f interfaceenergieskineticsin crystalgrowth,and
orderdisordertransformationsHe hasalsomadefundamentatontributionsto
phasefield anddiffuse-interfacemodelsfor solidificationwhich havebecomea
powerful predictivetool for materialsdesign.J e fwor& washighly collabora-
tive, asevidenceddy the 98 co-authorsof his 146 researctpapershoth highly
unusuahumbes for amathematicianJeff hasalsobeenan extraordinarymen-
Figure 3. Geoffrey McFadder tor of youngresearchergvidencedoy his direct training of 12 postdocsJeff
fetired from NIST in Januar: - receivechumerouswardsincludingtheDepartmenbf CommerceSold Medal,
the Arthur FlemmingAward, andthe WashingtonAcademyof SciencesAward
for work of Merit andDistinctionin Mathematicsand ComputerScienceHe wasnameda Fellow of the
AmericanPhysicalSociety the Societyfor IndustrialandApplied Mathematicsandthe Washingtm Acad-
emy of SciencesHe wasmadea NIST Fellow in 2004. Jeff continueshis associatiorwith ACMD asa
guestresearcheanda NIST Fellow Emeritus.

Marjorie McClain retiredfrom ACMD in SeptembeP021aftermore
than42 yearsof governmenserviceat NIST. Marjorie wasoriginally
hiredin the OperationdResearctbivision of theformerNBS Centerfor
Applied MathematicsOvertheyearsshewasinvolvedin awide variety
of projectsincluding an IRS postof-duty location modeling system,
specificationlanguagesor linearprogramsalgorithmsandsoftwarefor
the calculationof envelopecurves,surfaceapproximationrmethodsjn-
cluding non-oscillatory splinesfor modelingurbanenvironmentsand
calculationof uncertaintiesn coordinatemeasuringnachinemeasure-
ments. In more recentyears, she worked closely with ACMD staff
memberBill Mitchell on a surveyandexperimentatomparisorof hp-
adaptivestrategiedor the solutionof challengingelliptic partial differ-
entialequationsMarjorie playedalargelybehindthe-sceneshutcritical
role in the Digital Library of MathematicalFunctions(DLMF) project
performingsuchtasksasensuringthe uniform useof standardizednac-
ros in the LaTeX input andlinking the extensiveDLMF bibliography
with online sourcesShealsoworkedwith Howard Cohl on the developmenbf the follow-on digital re-
positoryof mathemadtal formula.

Figure 4. Marjorie McClain retired from
NIST in Sentember 2020.

Recognition

ACMD staff membersvererecognizedwvith avariety of awardshis year,includingthefollowing.

Anthony Kearsley received théWashington Academy of Scien€@&/AS) Award for Excellence in
Research in Applied Mathematj@n honor that was conferred at the annual WAS awards banquet held on
September 9, 2021. The citatione a Hos out8tanding contributions in the application of mathematics
with impact in a broad range of fields, including physics, chemistry, biotechnaad engineeringHe
was also named a Fellow of the WAS.

Six ACMD staff memberaverehonoredwith four different2020DOC andNIST Awardswhich were
commemorateth January2021

9 Bonita Saunders NIST Diversity, InclusionandEEO Award. First presentedn 1977,this awardis
grantedfor exceptionallysignificantaccomplishmentand contributionsto Equal EmploymentOp-
portunity/Diversitygoals.The awardconsistf anengraveglagueanda $5000honorarium Bonita
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was honoredfor exemplaryservice
asarole model,mentor,andtutorin

supportof STEM careerdy women
andminorities.

1 William George and Steve Satter-
field : NIST Judson C. French
Award. First presentedn 2000,this
awardis grantedfor significantim-
provement in products delivered
directly to industry, including new
or improved NIST calibration ser-
vices,StandardReferencéviaterials ¢
(SRMs), and Standard Reference
DatabasesThe awardconsistof an

engravedlagueanda $5000hono-

rarium.Bill andStevewerehonored Figure 5. Colleagues and mentees of Anthony Kearsley celebrate his recognit
. . the Washington Academy of Scienéeem left to right: Prajakta Bedekar, Rona
along with Nicos Martys of the pgisvert, Arun Moorthy, Anthony Kearsley, Ryan Evans, Robert DeJaco, Che

NIST EngineeringLab and Blaza Danielle Brager, and Matthew Roberts.

Tomanof the ITL StatisticalEngi-

neeringDivision for developmenbf a concreteheologystandardeferenceanaterial(SRM), thefirst
SRM certifiedthroughcomputersimulation.

9 Scott Glancy and Emanuel Knill: DOC Gold Medal for their work on the teamthat accomplished
thew o r Ifidt@emonstratiorof deterministicquantumgateteleportationbetweenphysicallysepa-
ratedtrappedons.

9 Barry Schneider DOC BronzeMedal for outstandingnitiative as part of the teamthat developed
anddeployedEnki, anewcomputationatapabilityin supportof NIST initiativesin big dataandAl.

In late2021NIST announcedhatthreeACMD staff membersvould berecipientsof the2021DOC Silver
Medal Theseconchighesthonoraryawardgrantedby the Secretaryof Commercethis recognizegxcep-
tional performanceharacterizethy noteworthyor superlativecontributionsvhich haveadirectandlasting
impactwithin the DepartmentThesestaff membersare:

9 ThomasGerrits of ACMD, alongwith five colleaguesn PML andonein CTL wererecognizedor
exceptionakcientificachievementulminatingin thefirst demonstratiorf anarrayof superconduct-
ing nanowiresinglephotondetector SNSPDs)with morethanonethousandixels. The NIST array
representa 15X improvementin sizeandpixel countandoveronehundrednillion timesbetternoise
propertiesthan conventionalarrays.Sucharraysof SNSPDsare requiredfor the mostdemanding
applicationsof imagingat ultralow light levelsfor astronomydeepspacecommunicationsandmed-
icalimaging.Theg r o ueshih@ogyis alreadybeingadoptedoy industry.

1 Ryan EvansandAnthony Kearsley of ACMD andateamof severresearctthemistsin MML were
recognizedor advancinghestateof-the-artin methoddor determininghehigherorderproteinstruc-
ture of biotherapeuticsThe groupled two technicallychallenginginternationalcomparisorstudies,
establishinghe reproducibility andlimitations of novel precisionmeasurementethods Addition-
ally, they developednew dataacquisitionand analysistools and new hardwarethat have hastened
broadindustryadoptionandprovideafoundationfor measurementhatensureguality andaccelerate
developmenbf life savingbiotherapeuticandbiosimilars.

A researchpaperwhoseleadauthoris Lucas Brady of ACMD (anda postdoctoratesearcheat the
NIST/UMD JointCenterfor QuantuminformationandComputerScience QuiCS)wasselectedaswinner
of the 2021 USRA Q2B Applied NISQ ComputingPaperAward for 2021.The paper.entittedii Be h a v i
of QuantumA | g o r i wascmautharedwith LucasKocia (SandiaLabs,anda former ACMD NRC
postdoc),PrzemyslawBienias,AniruddhaBapat,and YaroslavKharkov (UMD), and Alexey Gorshkov
(NIST PML). TheUniversitiesSpaceResearcissociationUSRA) announcedheawardon DecembeB,
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Figure 6. Recent award winners from ACMDeft to right: Thomas Gerrits, Ryan EvadsithonyKearsley, and Lucas Brady

2021, at the Q2B conferencein SantaClara, CA. The awardis presentedo a paperthat representan
outstandingadvancen thefield of appliednoisyintermediatescalequantum(NISQ) computing. The paper
of Brady et al. unifiesthe analysisof threemajorapproaches quantumoptimization:adiabaticquantum
computing,quantumannealing andthe quantumapproximateoptimizationalgorithm (QAOA), resulting
in importantnew insightsinto their behavior.They also presenta new algorithmic protocolthat doesa
betterjob of approximatingthe optimal one obtainedfrom optimal control theory. The paperhasbeen
postedo thearXiv here:https://arxiv.org/pdf/2107.01218.pdf

Daniel Lozier, retired staff memberfrom ACMD (andnow a guestresearcheryvasinductedinto
N1 S T avsof fl a mie @ctober2020 TheNIST PortraitGallery of DistinguishedScientistsEngineers
and Administrators honors NBS/NIST alumni for outstandingcareer contributionsto the work of
NBS/NIST. Portraitsandbiographiesof thoseselectedaredisplayedin the corridor adjacento the NIST
cafeteriaat Gaithersburgandin the Digital PortraitGalleryat NIST Gaithersbur@ndNIST Bouldersites.
Danwashonoredor his leadershif the NIST Digital Library of MathematicaFunctionsprojectaswell
asfor hisresearcltontributiongto thefield of specialfunctions.
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ComputationaModelingandDesignof aWearabléNireless
Monitoring Systemfor the Detectionof PulmonaryEdema

Pulmonaryedemais a medicalconditioncausedby ac-
cumulationof excessluid in the humanlungs.The fluid
accumulationcould occur becauseof heart problems,
pneumoniaexposureto certain toxins, as well as vi-
ruses such as COVID-19. Pulmonary edemais a
commorconditionin elderlyexperiencedy1in 15peo-
ple aged75to 84 andjust over1 in 7 peopleaged85
yearsand above Detectionand monitoring of pulmo-
nary edemaequire accesso medicalfacilities thatare
equippedwith appropriateimaging technologiesFre-
guentaccessouldbedifficult for patientdiving in rural
areas or during pandemicswhen resourcesare not
readilyavailable.Thecurrentpandemiclimatehassig-
nificantly increased the importance of Internetof-
Things (IoT) technologiesthat can enable remote or
selfhealthmonitoring.In this research we haveinves-
tigated the feasibility of a simplewearablesystenthat
can be usedat hometo detector monitor excesdluid
buildupin the lungs To studythis, a methodologyhas
been developedto computationally emulate human
lungswith variouslevelsof fluid in thealveoli. Thepro-
posedwearable systemis composedof severalsmall
wearableantennadocatedon the chestand backarea.
The antennaswill operateat the MedRadiofrequency
band and will be optimized for signal penetration
throughthe body. Thefrequencyand time response®f
the communicatiorchannelbetweertheseantennador
the lung modelswith varying levelsof fluid havebeen
measuredand analyzed Theresultsshowa correlation
betweerthe channelresponseandthelevelof fluids in-
side the lungs. This correlation can potentially be
exploitedby a simplewearablesysterto predicttheon-
setof pulmonaryedema

KamranSayrafian

There arenumeroudiny air sacs(known asalveoli) in
the humanlungswhereoxygenis exchangedvith car-
bon dioxide during the breathingprocessThe addition
of fluid in theseair sacswill make breatting difficult. If
this conditionis not treatedin time, shortnes®f breath
setsin, leadng to acuterespiratorydistresssyndrome
(ARDS)whichis aform of lungfailure. X-ray,CT scan,
andElectricallmpedancélomographyaretypical tech-
nologiesthatareusedto detectandmeasurdluid build-
up in the lungs; however physicalpresenceindaccess
of the patientto medical facilities having necessary
equipmentrerequiredfor accuratediagnosisFrequent
accesdo suchfacilities might not be easily feasibleor
convenienfor patientsliving in remoteareasor people
who needto be continuouslymonitored.In addition,

Figure 7. Computational human body model with the ante
placements indicated.

duringpandemicstesourcestthe medicalfacilities are
typically divertedto othercritical tasks.Thereforeit is
desirableto cut downthe numberof unnecessaryisits
by the patientsduring thosetimes. Recentadvancesn
loT technologyas well as proliferation and consumer
adoptionof wearabledeviceshavecreateda fertile en-
vironment for new applications that enable health
monitoringfunctionsto takeplaceatthep a t i lomet
To the bestof our knowledge,there are currently no
wearableor mobile devicesin the marketthat can be
usedto detectfluid buildupin the humanlungs.

In this project,we first developeda methodologyto
computationallyemulatehumanlungswith variouslev-
els of fluid in the alveoli. The lung modelswill be part
of afull 3D computationahumanbody modelthathas
beenusedfor a variety of researclrelatedto the appli-
cation of wearable,implant, and ingestibleelectronics
[1]. A sequencef virtual experimenthasalsobeende-
veloped to evaluatethe performanceof a wearable
systemdesignedo monitor pulmonaryedemaThepro-
posedsystemis composedof severalsmall wearable
antennasocatedon the chestandbacksideof the body
asshownin Figure7. Theantennasredesignedo op-
erate at the MedRadio (Medical Device Radic
communicationsServicg frequencyband(401 MHz to
406 MHz) andoptimizedfor signalpenetratiorthrough
thebody. TheMedRadiospectruncanbeusedfor diag-
nostic and therapeutic purposesin implanted and
wearablewirelessdevices.

Thereare480million alveoliin thehumanlungson
averageThemeansizeof asinglealveolusis estimated
to bearound4.2x 10P¢ m[2]. Computationaimodeling
of suchsmall structureswithin thelung tissueis nearly
impossible However,suchmicroscopidevel of model-
ing might notbenecessaryor the purposeof our study.
The net effect of fluid buildup in the alveoli is the
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Figure 8. Computational model of the lungs with a latticerafcro
alveolus

changein the dielectric propertiesof thel u n tisgus
(i.e., the medium where the electromagneticwaves
travelthrough).However,asknowledgeof thesedielec-
tric propertiedor variouslevelsof fluid is notavailable,
we proposea macroscopiccomputationalmodel in
which a clusterof alveoli areconsiderecasonemacrae
alveolus.Using this approachthe following methodol-
ogy is usedto constructa lung modelincorporatingthe
effectof fluid buildup.A periodiclattice of smallcubes
is creatednsidethevolumeof thelungs.Eachcube(re-
ferredto asLattice Element(LE)) representtheoverall
volumeof fluid thathasbeenaccumulatedn a macre
alveolus.To removethe periodicity of the lattice,anal-
gorithm hasbeendevelopedio randomizethe spacing
betweenthe LEs. It should be noted that since the
size/dimension of the lattice elemeistsmall compared

to the wavelength of the signal that we are using in th

studytheactualshapeof thelatticeelementgi.e.,cubes)
will not haveanyimpacton the final resultsand other
shapesuchasspheresnayalsobeused.

Figure8 showsa sampleof the lung modelinclud-
ing therandomizedatticestructure Thetwo parameters
in thislung modelarethe LE sizeandtheaveragespac-
ing betweenwo adjacentEs. Theaveragespacingwill
determinethe total numberof LEs that are contained
within the volume of the lungs. The numberof LEs
alongwith theirsizewill alsodeterminghetotalvolume
of the LEsthatexistinsidethelungs.This volumeindi-
catesthe total fluid buildup which impactsthe overall
mass density of the lungs representingpulmonary
edemaThismasgensitycanbecalculatedaccordingo

theformula
ﬁ n FI (b d) ﬁ
\ . 00 ORi0R 64 OO,
aa 6 ‘o&Ps 6 Q0 Wyo: o
where

" h is massdensityof thelungswith ex-

cesdluid,” " isthemassdensityof thenormallungs

tissue(fully inhaled) ” is the massdensityof the

h is the total

is theto-

fluid inside the lungs @
volumeof thefluid insidethelungs andw
tal volumeof thelungs.

The substancef thefluid thatbuildsup insidethe
alveoli is approximatedto be 0.9 % saline solution
Therefore,” = 1.0046g/cn?. Electrical properties
of lossyliquids suchassodiumchloride(NaQ) arevery
much temperaturedependent.Using the polynomial
equationsn [3], we cancalculateconductivityandper-
mittivity of sodiumchloride solutionsas a function of
normality and temperature.The temperaturerange
wherethe modelin [3] wasvalidatedwith actualdata
was5 to 35 JC. However,assumingthat the modelis
still valid for 37 JC (i.e., the normalhumanbody tem-
perature)and using a concentration/molarityof 0.154
mol/L for sodiumchloridesolutions thedielectricprop-
erties of 0.9 % saline solution at body temperature
(37JC) canbeestimatedo be72.47F/min permittivity
and1.86S/min conductivity.

The averagemassdensityof the normal (fully in-
haled)lung tissue(” is knownto be0.2g/cn? [4].
Assumingadimensionof 6 mm for anindividual cubic
shapedmacraealveolus/LE (equivalentto a volume of
216 x 10°¢ ) and consideringthat the volume of the
3D computationalung modelin our simulationis &
= 2309760.59mnm, Table 1 showsthe resultingmass
densitiesof the lungsfor variousconcentratiorof LEs.
This massdensityis usedas a parametetto study the
impactof fluid accumulationon the forward transmis-
sioncoefficientof thewirelesschannebetweerthe two

Table 1. Mass density of lungs for various numbers of madveo-
lus.

Average
LE No. of ) » h
Spacing| LEs mm3
) (mn) (g/en)
- 0 0 0.2
9.5 604 | 105791.19 0.24
5.5 1495 | 263640.72 0.29
4 2284 | 400857.96 0.34
3 3173 | 552898.45 0.39
2.3 3895 | 678601.29 0.44

antennashownin Figure7. The possiblerangeof this
massdensity parametelis from 0.2 g/cn? (indicating
healthylung tissueat the fully inhaledstat§ to an ex-
treme 1.0 g/cm® where the whole lung volume is
basicaly consideredo befilled with 0.9 % salinesolu-
tion. Table1 only showstherelevantinformationup to
0.45g/cn?. It is assumedhatthe detectionof variations
in massdensitiesin the lower range(i.e., up to 0.45
g/cn) aremoreimportantandshouldbethe mainfocus
for home or remote monitoring applications.Beyond
thatthe patientshouldmostlikely transferto a hospital
or clinic to receiveproperexaminatiorandcare.
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Using a pair of speciallydesignedand
optimizedantennagndplacingthemacross
theright lung asshownin Figure7, the for-
wardtransmissiorcoefficientof thewireless
channelY ) hasbeenmeasuredor various 3
parametersf themodelor massdensitieof
thelung shownin Tablel. It is observedhat
with increasingnassdensity the™Y param-
eter is gradually reduced. Fluid
accumulationin the alveoli will changethe 1
effectivedielectricpropertief thelung tis-
sue, which in turn impacts the scattering

Amplitude

i ——Healthy lung
0.24 mass density
——0.29 mass density
0.34 mass density
0.39 mass density
—0.44 mass density

parameter®f the wirelesschannelbetween 0
theantennasA noticeablet.5dB lossin Y

is observedvhenthe massdensityincreases
to 0.44 g/cn?. This changecan be easily
measure@ndcanserveasawarningsignfor
the onsetof pulmonaryedemaWe conjecturethat the
sizeof themacraalveolusdoesnot significantlyimpact
the™Y results.The validity of this conjecturehasbeen
verified for a few computationallyfeasiblesizesof the
macrealveolus(i.e.,6 mm,5 mm,and4 mm).

Time domainresponsesf thewirelesschannekan
also be obtainedusing the Inverse Fourier Transform
(IFT) afterapplyinga Hannwindowing on the™Y re-
sults. Figure 9 showsthesechannelresponsesvhenan
envelopealetectoiis usedio removethemid-bandcarrier
frequencyof 403MHz from the IFT output.Theimpact
of the changen the lung massdensityis alsoobserved

0.5

throughthe peakamplitudeof the channelresponses.

Thereductionof this amplitudeindicatesanincreasen
thelung massdensitydueto excesdluid accumulation.
Thereforethroughconstanmonitoringof theamplitude
of thetime domainchannelresponsethe onsetof fluid
buildupin thelungscanbe detectedIt shouldbe noted
that only the relative reductionof the peakamplitude
with respecto thebaselingesponsef thechanneli.e.,
responseof the healthylung) is important. This is be-
causethe absolute numerical value of the baseline
responsecould be different for peoplewith different
body sizesand shapesMonitoring of the channelre-
sponsecan be done by patients at their homes or
remotelyif wirelessinternetconnectivityis provided.
The resultsobtainedin this projectdemonstrat¢he
feasibility of a simplewirelesswearabledevicefor de-
tectingpulmonaryedemd5]. Themainconceptusedin
this researctcould alsoserveasa staring point for fu-
ture researchon wearablesdevicesthat can assistin
detecing abnormalitiesnside the humanorgansor tis-
sueslt is envisionedhatthewearableantennasisedin
this researchalongwith their correspondingelectronics
couldbeintegratedn thefabric of awearablebandor a
vest. The band/vestanbe worn at homeby patientsat
risk or individualsin remoteareaswith no convenient
accesdo a medicalfacility. The information provided
by the wearabledevicecanalsobe transmittedthrough

2.5 3
Time [s]

Figure 9. Time Response of the channel for various mass densities.

a telemedicinenetwork therefore reducing the fre-
guencyof unnecessaririps to medicalfacilities. Thisis
especiallyymportantduringa pandemidockdown.

This studyhasbeenconductedvith a staticcompu-
tational model of the lungs. A dynamic simulation
platform that can continuouslymeasurehe signaldur-
ing naturalbreathingcycle (inhalationand exhalation)
could be quite chalenging. The dielectric properties
usedfor the modelassumesully inhaledlungs.There-
fore, additionalcircuitry might be neededo ensurethe
measurementretakenattheright instancesluringthe
breathingprocessMore detailedcomputationamodels
correspondingo fully inhaledandexhalechumanlungs
areneededn orderto studypossibleadvantagesf per-
forming measuremerdteachstate Array antennasnay
also be usedto createa more directional propagation
paththroughthe lungs. This could further enhancehe
resolutionof the channelresponsesUltimate verifica-
tion of the methodology presentedin this project
requiregphysicalexperimentsnvolving patientghatare

susceptiblé¢o pulmonaryedema
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Probability Distributions in Peallatching for DARTFMS

Direct Analysis in Real Time Mass Spectrometry g
(DART-MS) is a technology that can be used for chemi-
cal identification. One application is screening for

controlled substances in forensic seized drug evidence
This rapid procedure produces complex mass spectre 04
because the spectral signatures of all compounds in the & |
sample are observed simultaneously. A major advantage :
of DARFMS over other methods is itsilily to produce '
multiple measurements of mass spectra so quickly. A &
DARTMS has become more commonplace in drug o4}
screening, differentiating the mass spectra of structur-
ally similar compounds has become increasingly

Methamphetamine 60V
Phentermine 60V

0.8 ‘

06

sealed intensity
(=]

021

0.6

important Unfortunately,it can be diffcult to distin- 087
guish betweerstructurally similar compounds using e ge o Th 1
DART-MS. Even with high resolution mass spectra, ex- mass to charge ratio m/2

isting measures of mass spectral similarity cannot
always discriminate between structurally similar com- Figure 10. Measured 60V spectra of Methamphetamine in red
. . . Phentermine in blue. Intensities avealed to the interval [0,1] witt
po_l_Jnds.One ?‘p_proaCh to solving th|ar(_)blem IS to base peak at m/z 91.06 (representing the protonated molecule
utilize the statistical nature of the peaks in mass spectre
coming from DARIMS in order to determine similarity. 1r
Using this method, we have developed a similarity meas 41|
ure between spectra coming from DARS that
accurately distinguishes sicturally similar com-
pounds. 04
0.2

Methamphetamine 60V
Phentermine 60V

061

Matthew Roberts

0 ;1{

021

scaled intensity

Direct Analysis in Real Time Mass Spectrometry T

(DART-MS) is a technology that can be used forrohe 0.6 ¢
ical identification. One application is screening for dial
controlled substances in forensic seized drug evidence |
With DART-MS, heated gas metastables are used tc ' 05 o1 15 @2 25 ©@ 95 o4 5 o
both desorb and ionize an analyte. This rapid procedure R

produces complex mass spectra because the spectral si Figyre 11. Measured 60V spectra over the m/z interval [90,¢
natures of all compounds in the sample are observe« with Methamphetamine in red and Phentermine in blue. Intens
Simu|taneous|yHerewe consider h|gh resolutocen- are s_caled to the interval [0,1] with base peak at m/z 91.06 (re
troided in source collision induced {@ID) mass  Senting the protonated molecule).

spectra coming from DARMS, so for convenience, we
will always be referring to this whenever we mention
mass spectra. A major advantage of DARE over
other methods is its ability to produce multipleasure-
ments of mass spectra so quickly. However, since =" . - -
DART-MS is not performed in a vacuum, resulting be inaccurate without add|F|onaI _f||ter|ng [5]‘. o
spectra have a greater tendency to vary due to contami- Ong gpproach to solving th|s_ problem is to ““"Z‘?
nation[6]. As DART-MS has become more common the statistical nature of the peaks in mass spectra coming

placein drug screening, differentiating the mass spectra{[}om EADT(;'IMI\S/I |thorder to tdeterr’r_nrt]_e sm;nantyi E\;En
of structurally similar compounds has become increas- oug ; as greater variation of spectra than

ingly important Figure 10 andFigure11 show the mass other methods of mass spectrometry, the rapid process

spectra for Methamphetamine and Phentermine at 60Vf)f DART-MS allows one to collect several measure-

two structurally similar compounds that can be difficult ments of the same compound in Very little ime. U_smg
to distinguish using DARTMS. Even with high resolu- these multiple measurements, one is able to quantify the

tion mass spectra, existing measures of mass spectréincertaimy in each peak in the spectra. In this way, each

similarity cannot always discriminate between structur-
ally similar compounds. Because of factors like mass
defect in isotopic compounds in high resolution spectra,
distinguishment bstructurally similar compounds can
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17 7 deviation that together form what we call a peak statis-
0ol P - tic. This collectim of peak statistics is then referred to
as a mass spectrum statistic.

Each peak statistic in a mass spectrum statistic is
o then naturally identified with a twdimensional normal
06 distribution. In this way, the similarity between two
peak statisticsan be determined by computing the sim-
ilarity between their associated normal distributions.
Using this similarity measure, a peak matching scheme
03 is then proposed to accurately match peak statistics be-
02k tween two mass spectrum statistics. A similarity score
between two mass spectrum statistics can then be com-
puted according to this matching.

08

05

04 r

scaled frequency

01 r

U aie o i‘f o ;2";‘1" .l P T Using this method of probability distributions, we
m/z have analyzed replicate measurements of 7 pairs of
Figure 12. Measured 60V for Methamphetamine together with StrUCtu.ra”y similar compounds. Num.e.ncal results show
sets Sfor the top 8 largest prominent peaks for Methamphetar that this méhod outperforms the traditional dot product
for m/z 90 to m/z 95. method when discriminating these pairs of compounds.
i Peak and Spectrum StatisticsThe major advantage of
Methamphetaming 60V DART-MS over other techniques in mass spectrometry
S i is its ability to produce multiple measurements afila-s
06 stance in very little time. The idea is to utilize these
04| multiple measurements to produce a statistic of the mass
Bl spectrum for that substance. lcetrd FE R beé rep-
g . P ’ licate massspectral measurements for a substance. In
2 8 5 8 b e e this caseg is a collection of mass spectra pointsiin
% 02t and may vary in size depending on the measurement.
- Here, for each pointafto in the spectrum, the first €o
| ordinatewis the massgo-charge ratiax ¢, and the sec-
‘ ond coordinatedis the relative intensity, a number from
D8 0 to 1. For the compounds we consider, a spectral meas-

urement has usually between 15 and 40 points.
Starting with the peak with greatest intensity of all
the measurements, say paakirom measuremend,

Figure 13. Measured 60V spectra over the m/z interval [90,95] v we determine the peak from each measureriettiat
Methamphetamine in red and Phentermine in blue. This tog

with the sets Sj foeach compound for the top 8 largest promin is closest to peaR in EUC"de"im dEtavnce- This will

peaks for m/z 90 to m/z 95. form the set of peak&% M yHE M , where
N i is the peak coming frord for each’QFrom this it

peak is identified as a probability distribution, and by s clear that ; 1 sinceny ™ & . The idea is thaty

comparing these probability distributions, one is able t0 .qnsists of the replicate measurements for peakhen
match peaks between two mass spectra appropriatelygrouped this way.

Using this method, we have \ddoped a similarity Once the setY has been determinethesepeaks
measure between spectra coming from DARS that are removed from the specttabed FE F . Starting

accurately distinguishes structurally similar compounds.With the remaiing peaki) of greatest intensity of all

Additionally, since prob_ablhty dlstrl_bu_uor_]s are being the remaining spectré Fo FE P ., the process is re-
used to model spectra, inaccurate similarity measure due

to inappropriatdinning does not occur like it does with pea}f[ed to produce the Sefrt . Elﬁ mh.ﬁ e m ﬁh , Of
traditional cosine similarity, or other methods of peak 'r‘eQ‘lcite‘measurements of papk In this way, the sets
matching [4]. YRYHE K'Y can be generated. Here,

In t_hi3 approach, the first challgnge is to understand Yo N a e M
the statistical nature of each peak in the spectra for a par-
ticular compound. By matchirgeaks between replicate Wheren j is the peak ind closest to peak in Eucld-
measurements of spectra according to Euclidean disean distancerigure12 andFigure13 show the 60V is
tance, groups of matched peaks are formed. Each grou@ID spectra of Methamphetamine and Phentermine to-
of matched peaks produces a sample mean and standaggther wih the setsY of replicate peak measurements

over thea ¥a interval [90, 95].

1 . , . . . . . . . |
9 905 91 915 92 925 93 935 94 945 95

mass to charge ratio m/z
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is defined to be thepectrum statistic ab itd FE R us-
ing & prominent peaks.

The next step is to now utilize the spectra statistics
of two compounds to accurately distinguish them from
one another. This is done by integting each peak sta-
tistic as a probability distribution and then match peak
statistics between spectra statistics according to their
similarity.

Peak Similarity and Peak Matching with Peak Sta-
tistics. One of the difficulties with peak matching
between mss spectra is determining an appropriate met-
ric in which to compare the peaks [4]. With a peak
statistic, additional information is available to explain
how the peak may vary from measurement to measure-
ment. Therefore, a peak statistic explains the digioh

of possible measurements for that given peak. In this

Figure 14. Peak statistics P and Q with mean and 1 standard ¢ way, a peak statiste ~ n[mH H can be iden-
ation in x and ydirections tified with the 2D normal probability distribution

0 R S §
Qo ———Q

Similarly for a peak statistio6 M A H hwe

can identiy it with the 2D normal probability distribu-
tion

Q oo L Q

¢

By comparing the distributiori® and™Q, one has a nat-

ural way of determining the similarity between peak

Figure 15, Plot of probability distributionffly e andfll, i 8 statistics andu . This comparison is done by determin-
ing the cosine similarity betweé@ and™Q in the space

0 s .Justhow a mass spectrum can be interpreted as

It can be a challenge to determine what is the appro- s o> > N !
priate value ofd. In other words, how many peaks avector im , the functions'Q and’Q are vectors in the

f iy FE ) should be considered when making the function spacé s and their cosine similarity is de-
sets"YRYFE RY ? In our analysis, we have used 15 termln“ed by the cosine of the angle bgatween them. In the
peaks in general, but the largésis equal to the small- SPaced s, the inner producGQQO ; is a gen-

est of the replicate spectéahd FiE R . The idea is to  eralization of the dot product bvegen vectors i and
choosed such thatYdoes not contaiartifact peaks for ~ is given by

any’QWe will refer to the peaks i) FE ) as prom-

inent peaks. QR0 |, Q oy "Q o QiR
In essence)Y is the set of replicate measurersen
of prominent peak . Therefore, the sample meafi Therefore, the nor®Q& , in0 a generated by
N MG and the standard deviation i h . the inner productsi given by

of “Y gives information about the location and variance
of prominent peaR . The peak statistio is defined by EQE
the 4tuple

v niEmiEh A In the same way the cosine of the angle between vectors
insa is computed using the dot product and norm in
this space, the cosine of the angle betw@=amd™Q in

6 OMERM 0 a is computed by

garQo Qan Q@

A

and the collection afi peak statistics
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Al O eiiele) A Table 2. Severpairs of structurally similar compounds.
h . n
EQAE ] Q q Pairs of Similar Compounds Considered
e e e 1 Cotinine, Serotonin
. Qadw Qaw Qe w 2 Phenibut, MDA
3 MMDPPA, Methylone
Qo Quw Qo Q0 o 4 5-methoxy MET, Norfentany!
g 5 Cocaine , Scopolamine
s » " 6 HU-210, Testosterone Isocaprionate
Here —p is the angle betweeQ and "Q, and 7 Methamphetamine, Phentermine

AT 6 iscomputed exactly by the fornaul

Table3.Si mi |l arity scores t (A, 3
statistics for each pair of compounds at energy levels 30V, 60V

i U0
X v A 90V.
Al ©;
l l l l S|m|lf:1r|tiﬁS"core of 30V 60V 90V
5 Cotinine , Serotonin 9.6E8 0.0088 0.0019
.”r.v & A & . Phenibut, MDA 2.12e6 3.17e5 | 3.92e13
- : MMDPPA, Methylone | 0.0192 0.0073 6e4
Qv o ou 5-methoxy MET, 06457 | 4.5e5 | 6.6524
Norfentanyl ' ) )
Splitting this intowanddcomponents we have Cocaine, Scopolamine] 0.0012 | 0.0439 | 0.0078
HU-210, Te_stosterone 0.0630 2 6865 4.9666
Isocaprionate
A S o Y Methamphetamine,
o &y i — Phentermine 0.0096 0.5485 0.6661
. > ' & (0}
Al ©; & l Q &

Table 4. Maximum cosine similarity values for each of the 7 pi
of structurally similar compounds at each of the energy levels

o o 60V, and 90V.
N a Max Cog;(? Similarity 30V 60V 90V
: i T & _ :
Q’ cro Q o o Cotinine, Serotonin 0.2007 0.0360 0.1355
s . P Phenibut , MDA 0.5725 | 0.0235 | 0.1014
l ! MMDPPA, Methylone | 0.6551 | 0.0201 | 0.0456
& o 5-methoxy MET, 09852 | 0.0055 | 0.0095

Norfentanyl
Identifying peak statistics with probability distributions Cocaine, Scopolamine] 06091 | 00559 | 0.1278
is a natural way for determining how well two peak sta- HU'|21°* Te_s“’sttero”e 07843 | 03202 | 0.2066
tistics match each other. The similarity measure betweer SOLApTIonats

i AT e : Methamphetamine, |, 7645 | 9922 | 0.9988
two peak statistice andv is denoted by—0hy and is Phentermine : : :
given by the fomula

—0fD Al 65 To start, letd N M A [ . be the

h h

whereall of the terms are defined as above. The similar- peak statistic with greatest relative intensity out of both
ity measure—0fD is a value between 0 andwith 0 6 and6. That is,0 had the largest second coordinate
if there is no similarity and 1 if the peak statistics are valuen[y of any of the peak statistics in eithiror 6.
identical. Next, the peak statistic is selected frond such that

Using the similarity measurg-we can now present  the similarity measure—0 ,0 ) is maximized. Once
a scheme for peak matching that accurately matchesghe pair & ,0 )has been determined, these peak statis-
peaks between spectra statistics. Leb tics are set to the side, and the process repeats for the
O FERM andd O M FEM  betwospec- remaining peak statistics iy andé. In this way, the
tra statistics. To compateandd, we consider at most peak statistic pairs0O F0 hO 0 ),EhO 0 )
a  G'Q& M peak statistics, or prominent peaks. are created from first to last.h& similarity score

For our results, we have used a value of m = 15 unlesg;, 35 betweerd and§ is then determined by
G Q& hd  was smaller. Peak matching is then per- o
formed in which pats of peaks are chosen such that they %o O B nfins—0 M
maximize similarity measure-No peak statistic can be 00 B AN
in two pairs, so optimal pairs of peaks are determined

starting from peaks with largest relative intensities and

moving to the smallest
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In this way, similarity measure between peak statistics  As can be observed, the method of peak matching
is weighted by the product of their intensities. The-s  with probability distributions outperforms the classical
ilarity score%.6f  betweend and 6 is a number  cosine similarity method for distinguishing every pair of
between 0 and 1, where 0 means no similarity and lcompounds at every singlaffmentation level. Because
means identical. of the limited measurements, the similarity score
method ofecould only be tested on one pair of spectra
statistics for each pair of compoundsTiable2, but the
results are convincing to look at further testing of this
method.

Results.Using the method of probability distributions,
we have considered 7 pairs of structurally similar com-
pounds withsimilar isCID spectra. These compounds
are listed inTable 2. For each of these compounds,
measurements of-8ID spectra were collected at 30V,
60V, and 90V.

Usingthese replicate measurements of DARS,  References
we were able to generate a spectra statistic for each comy) . sisco,A. S. Moorthy,and L.M. Watt. Creation and
pound at each of the three fragmentation levels. Foreach  Release of an Updated NIST DMS Forensics Data-

pair of compounds, spectra statisticandd are gener- base. Journal of the American Society for Mass

ated, and the similarity scoré 6h are recorded in Spectometry32:3 (2021) 685689.

Table3 for each of the 3 fragmentation levels. [2] A. S. MoorthyandE. Sisco. ANew LibrarySearch Al-
We compare these results to the classical method of  gorithmfor Mixture Analysisusing DARTMS. Journal

cosine similarity using the dot product. For a gipair of the American Society for Mass Spectrom&2y7

of compounds fronTable2, we compare the similarity (2021) 17251734

of replicate measurements itd FE K of one com-  [3] A.S. MoorthyandE. Sisca TheMin-Max Test: An Ob-

pound to replicate measuremenido FE oo of the jective Method for Discriminating Mass Spectra

Analytical Chemistr®3(2021) 1331913325.

A. J. Kearsleyand A.S. Moorthy. Identifying Fentanyl
with Mass Spectral Libraries. ChemRxiv. Cambridge:
Cambridge Open Engage, 2021.

other compound. Here, the spediiaand® areidenti-

fied as vectors im using classical binning with a bin [4]
width of 0.1 and with the last bin at 89%9fa to 900

& ¥¢, which makeg = 9000. We then consider the max- 5] L. Sleno. TheUseof Mass Defectn Modern Mass Spec
. . L v, 4 . . S SS n SS Spec-
imum cosine similarity score between amp ¢ andd trometry. Journal of Mass Spectrometdy (2021), 226-
coming from the two sets of replicate measurements [3]. o35

This similarity is determined by the formula [6] R.B.Cody,J.A. Larameée, J.M. Nilles, and HD. Durst.

. ¢ D Direct Analysis inReal Time DART) Mass Spectrome-

WE i—j Py try. JEOL News40:1 (2005): 812.

Here—p is the angle betweeh and® ins , and the o
norm A2 is theEuclidean norm im . Themaximum Part|C|pants

cosine similarity values between any two replicate Matthew Roberts, Anthony Kearsley (ACMD); Arun
measurements) and & are recorded for each pair of Moorthy, Edward Sisco (NIST MML)

compounds at energy levels of 30V, 60V, an& 90

Table4.
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Automation ofExpermental Quantunbot Control

Electrons confined in arrays of semiconductor
nanostructures, called quantum dots (QDs), are a prom-
ising quantum computing approach. Due to the ease of
control of the relevant parameters, fast measurement of FSss
the spin and charge states, relatively long decoherence
times, and their potential for scalability, QDs are gain-
ing popularity as candidate building blocks for selid
state quantum devices. However, with an increasing
number of QD qubits, the relevant parametgrace
grows sufficiently to make heuristic control unfeasible. Figtfjre 1|6- A I;aldseqolorTshca?ning telectron micgoggph of Si/gi:
In semiconductor quartum systems, devices now aveliafupls 90 Se4Es. The on e (58 a7 57 e e
tens of individual electrostatic and dynamical gate volt- ¢ i=1,2) are used to form and control the qubit QDs. The in
ages that must be carefully set to localize the system intoshowing a cross section through the device along the dashed
the singleelectron regine and to realize good qubit op-  line (top) and a schematic of the electric potential of a tuned dc
erational performance. It is thus highly desirable to dot (bottom). Adapted frofa].

have an automated protocol to achieve a target elec- _ . .
tronic state. dot, the tunnel coupling to the adjacent lead, and the in-

In recent years, there has been a considerable efforf€rdot tunnel couplingseeFigure 16). Thepresence of

to automate every phase of device calibration and con-defects andvariations in the local composition of the
trol, from taking a system from room temperature to heterostructurdisordering thdackground potential en-
quantum operation. This project is an effort to automate €79y further impedes this procedst the same time,
certain stages of device contohamely the coarse tun- 9iventhe progress in the construction of @b ar-
ning and setting the desired charge séatyy combining ~ '@yS in bothone and two dimensionslD and 20
scriptbased algorithms with machinedrning (ML) respe;ctlvelyIS, 4], it |S|mperat|ve to_replace the cu_rrent
techniques. Our efforts rely on combining ML algo- practhe of manual tunlng. to a desirable electraoic-
rithms trained using synthetic data from a physical figuration with a standardized automated method.
model with classical optimization techniques to estab- Realization of good qubit performance in QDs is
lish an automated closddop system for experimental achieved via electrostatic confinemeftelectrons in a
control. Our work serves as a baisel for future inves- ~ Wo-dimensional electron gas (2DEG) present at the in-
tigation of fully automated device control system and tot€rface of =~ semiconductor heterostructuressing

pave the way for similar approaches in a wide range of dynamically adjusted voltages on multiple electrical
experiments in physics. gatespatterned on top of the device (deigure 16 for

an example of dalsecolor scanning elgron micro-

graph of Si/SiGe quadrupl®D). Reservoir gates
(shown in purple ifrigure16) accumulate electrons into

|l eads with stable chemical pote
i ngo ates igure boyare usedito defene i n
There are myriad quantum computing approaches, each tr%]';\nsporgtchannel in tr(:e@ZJDEG);ﬁrriers define the

having its own set of challenges to understand and efyq hositiors by locally depleting carriensithin the 1D
fectively ~ control their operation. ~Arrays  Of cpannelthereby separating the electron density into dis-
electrostatically defineduantum dot¢QDs) present at  5int regionswhile plungers shift the chemical potential

the interface of semiconductor devices is one &N i, e ots relative to the chemical putials of the con-

proach [1]. Unfortunately, f[he_d|ff|culty of working V\_/lth tacts. In other words, the choice ogate voltages

such systends where fabrication tolerances are tight, yetermines the number of dots, their position, and their

impurities punishing, and material considerationsdvast coupling, as well as the number of electrons present in
has meant that only a few groups around the world have,, -1, qot.

succeeded in advancing the limftQD performance.

The current practice of tuning QDs manuatly in
a semiautomated fashiois a relatively timeconsuming
proceduresusceptible to random errors aimtherently
impractical for scaling up and other applications. Even
tuning a double Qxonstitutes a nontrivial task, with Bootstrappinga nd fi s a n dBoaskapping ¢or
each dot being controlled by at least three metallic gatesinitialization) is a pretuning process that involves cool-
each of which influences the number of electrons in theing the device down, making local sensing systems

operational, and bringing the main device regime into an

Justyna P. Zwolak

The complete process of tuning an unknown QD de-
vice can be divide into a sequence of distinct phases
shown inFigure 17. Over the past decade, there have
beennumerous attemptt automatig each of tlem
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Figure 172 The phases of the QD tuning flow. (a) Sample plots |ues
numerical derivative of the sweeps (right) for the gate used to divide the 2DEG into tptahel. (i) Example plot of the i dot channel.
The large rectangular regions to the right and top represent current flow underneath two screening gates. (i) A sexeyssdbs finger gate
showing Coulomb blockade oscillations. (iv) The 2D scan in the space of the two baffirergydbe sensor. (b) Visualization of a state tun
run in the space of two plunger gates, with arrows and the intensity of the color indicating the progress of the autp#roartgon of a
possible path (red line) connecting the (0,0) and the) (harge state. (d) (top) Charge stability diagram in the space of virtual gates with
dotted line indicating the intedot detuning axis. (bottom) Excess charge extracted from a fit to the sensing dot signal as a function of
along the dottedine for three different« . Adapted from [5].

appropriate parameter range for taking data (e nd-  figeneral, the process of tuning heavily relies on a visual
b o x i). e disual cooling techniques rely on usang inspection and classification of image data by a human
Helium-3 cryostat known commonly as a dilution refrig- expert and, as such, does not scale well with the growing
erator. array sizes, is prone to random errors, and may nesult
Once the device is cooled, the functionality testing only an acceptable rather than an optimal state.
can begin, where a series of 1D measurements In recent years, convolutional neural networks
(Asweepso) of i ndi vi dual (ChMs)deasclasa of thachin®leamiaga(dL) algerithens t s
(Ascanso0) is performediet od tdhweae ke mdhregagdhtas anigoot ed
thattwo 1D transport channghreformed in the 2DEG image classification, giving reliable output whesited
one where the qubit QDs will be formed and the other toon a representative and comprehensive dataset [6]. Tak-
host the charge sensing daeeFigurel7(a-i, ii). Then, ing advantage of the potential of CNNs, we have
the quality assessment and characterization of fingeproposed an autotuning framework that combines a
gatedakes place, sdeigurel7(aiii). During this stage, = CNN-based algorithm trained on simulated charge sen-
theacceptable (safeanges ofoltagedor coarse tuning  sor readout data with an optimization routine to
are determinedThe final step of bootstrapping is cali- eliminate the need for human intervention in tuning
bration of the charge sensor, that is, finding a set ofsemiconductor QD devices [7]JUsing a modified
voltages applied to the sensing dot gates that maximize¥homasFermi approximation, weleveloped a model
sengivity of the conductance through the dot to changesfor electron transport in gat#efined QDs that mimics
in the local electrostatic potenti®digure17(a-iv). the transport characteristics and the charge seresor
We are currently developing the bootstrapping tun- sponse of an experimental device [#or training
ing protocol. In the first attempt, we developed a script purposes, we generated an assembly d1lDrandom
that automates all the poalibration steps typically charge sensor measurement realizations, with charge
done by an experimentalist. At present, we are refiningsensor response stored as (30 x 30) pixel maps from the
the protocol to address difficulties we encounter during space of plunger gates. By varying betwsignulations
the first experimental test of thener. physical parameters of the system (e.g., the device ge-
ometry, gate positions, lever arm, and screening length),

Coarse tuning: Once the two 1D channels are formed samples in the training dataset are representative of

a?ﬁc?siciza;gﬁif\entshoé |nglr3e ?j?\/,’iégeune)i(; set‘est;r;);cge tllég':ﬁualitative features across a wide range of devices. The
P g P 9 abels for each simated measurement are assignhed

configuration of known topology in the state space with based he fracti f ixels within ai lizati
a known number of chargeslands.The process of based on the fraction of pixels within given realization
' in each of the possible states.

Comse g O deices Inuoes entiyng e e Tne corse auotuing prtoco s shown ot of
by adjustment of parameters (i.e., gate volta ’es) basegromise when testeih situ, with 85.7% success rate
y ad) P €. g 9 ver N=14 tuning runs [2]. Howear, since the training

on the ob_served outcomésgure17(b) shows a sample data was generated using idealized (i.e., noiseless) sim-
2D scan in the plunger gates space. The parallel charge

transition lines (visible in the top right cornerkifjure tlator, the experimental implementation required
L € topnight . devicespecific data processing to ensure compatibility

17(b)) indicate that the device is in a single dot regime .o ihe CNN modelStill. when data was unusuall

while the Xlike features (visible in the center Bigure T y

L . noisy due to, e.g.nstability of the charge sensor, the
17(b)) indicate a regimahere two dots are formed. In data processing was insufficient, resulting in the CNN

t
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datademanding CNRMbased classifi-

: 2 cation while requiring up to 7%

6 fewer measuremenmgoints. The RBC
- 1 framework naturally extends to classi-
i 00 30 0 20 0 20 fying convex polytopes in higher
ray length (pixels) dimensions [11] which makes it an ap-

) pealing measuremenbsteffective
solution for differentiating between
states of multiQD devces. See page

0
S p(a,) 86 for details.
5}

Charge statetuning: The coarse tun-
ing algorithm terminateonce a target
state e.g., doubleQD, is reached.

Figure 18 (a) The processed charge sensor (CS) signal for six evenly distributed ray: However, thespecificcharge configu-
inating from a fixed poine, in a double QD state. (b) The distribution of rays overlayint ration of the system remainst that

2D scan. (c) Visualization of the fingerprinting framework point unknown. Yet, the various QD

. . ) qubit realization® hybrid qubitsres-
returning an incorrect state vector and, ultimately, tun- 5,4t exchange qubjter quadrupolar exchangenly
ing failure. qubits & require a specific number of electrons. The

~ Toimprove the autotuner performance, recently We g,5| of the charge tuning phase iset the devices into
incorporatel several sources of physical noise into the 5 specific charge configuration.

training dataset. Moreoven prevent failures due to un- Current chargesensor measuremerpirovide only

usually low data quality, we have extended the yheoverall direction of changef the number of charges
autotuning framework to include a data quality control gased. put not trebsolutarumber of chargedo date

(DQC) figatekeeper o sysa eny hpdshd afgfhithid afired dt Sefidprelefided T € !

ble data is processed by the state classifieiS& page  charge configuration follow a twstep strategy. Starting
90 for details.Data assessed by DQC to be of lower yjithin a voltage regime where a double QD is formed
quality triggers one of two alternative actionsdiional (i) empty the QD of all electrons artien (i) load the
data analysis followed by targeted device recalibration yasired number of electrons on each @bth steps rely
or tuning termination. We are currently preparing for an 4, detecting and @unting transition lines whileelec-
experimental validation of the revised framework. trons are being shuffled, one at the time.

With the increasing number of dots, the number of Following te unloading re-loading strategywe

gates that need to be controBeend thus the number of 5. currently developing a rdyased approach to setting
2D scans required to assess the state of the @eaie®  he desired charge state. In our implementation2Be
grows. With the scalability to larger arrays in mind, we gcgnsare rephced by a series afiy-based measure-

have recently proposed an alternatipproach to as-  mentsto epable more efficient tuninGee pagé®?2 for
sessing the state ofbasedheyggevi ce, call ed “the Aray

classificationodo (RBC) [ 10]. Rather than using a ful!l 2D
scan capturing a small region of the voltage space, thd=stablishing controllability : Ideally, changing volt-

RBC framework relies on a collection of evenly distrib- ages on a single gasbouldaffect only the parameter it

uted 1D sweeps (daled fir ays o) me a sisdesigaed tp gontreh(e.g.tthe placteochemical potential

directions in theN-dimensional voltage space from a ©f a specific QD or the tunnel barrier between two adja-

CS signal
(arb. units)

e

&--

single point cent QDs) However, the capacitiverosstalkbetween
L the varbus gate electrodebe., a situation in which a
W O b b W BEY O , signal on one gate causes a smaller version of the same

) N - _ signal on an adjacent gate because of the capacitance be-
to assess the relative position of transition lines sur-yyeen themmakes it difficult (if not impossible) to vary
rounding® (seeFigure18for an example of a sample jyst a single parameter without @fting the others.
pOint in double QD state with six eVenly distributed One way to Compensate for the Capacitjmsta'k
rayg. The qualitative information about the voltage s to implement sealled fivirtual gates, that is linear
space around is encoded in the vector of distances to combinations of multiple QD gate voltages chosen to
the nearest transition lines (thesa | | ed A f i nggdesdbhly aihgle klectrochemical potential or tunnel
The state of the device near paintis determined using  parrier. The utiity of virtual gates has been shown in a
the point fingerprint and aimple deep neural network number of muliQD experiments, from showing con-
(DNN) trained using simulated fingerprints data. trolled filling of an array of eight QDs using tlia+1

The RBC framework has been implemented exper-method to demonstrating shuttling of a single charge
imentally showing performance on par with the more through a 9QDs charge stability space
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Fine tuning: Once the quantum dot system is in the de- [4]
sired configurationin terms of the topology and
arrangement of chargeandthe targeted controllability
is establishedhere remains a significant additional step
before the system can be used as a collectionaftgm [
bits. The final, fine-tuning phase of calibrating QD de-
vices focuses on adjusting the intlat tunnel coupling,
which directly translates to control over the exchange!6l
coupling.As the tunneling rate becomes set, additional
spin parameters must thére extracted, and in some
cases, tuned. These include both the Zeeman splitting
(Larmor precession frequency) and, where appropriate,
estimates of the magnetic field gradient seen in each QD[.7]
There are two main aspects to fituming ensuring
that the sgtem is behaving close to the qubit regene
that qubit performance and controllability can be
achieved.The output of thdine-tuning system should,
ideally, be a range of parameters that enable high fidelityjg)
guantum gates on the quantum bits storedhiwieach
QD or mult-QD qubit. Recently, we have begun inves-
tigating to what extent ML techniques can automate this
final phase of tuning QD devices to work as qubits. [9]

Summary: Working with experimental devicewith
high-dimensional parameter spacpsses many chal-
lenges from performing reliable measurements to
identifying the device state to tuningto a desirable

configuration By combining theoreticatomputational, 110}
and experimentaefforts thisinterdisciplinaryresearch
sheds new light at homodern ML techniques can assist
experimers. To useQD qubits in quantum computers, [11]

it is necessary to devel@reliableautomated approach
to controlQD devices, independent of humbeuristics
and intervention. However, more work is needed to de-
velop afully automated tuner for redife applications.

U. Mukhopadhyay, J.P. Dehollain, C. Reichl, W.
Wegscheider, and IM. K. Vand e r s y p e nQuan-A
tum Dot Array with Controllable IntefDot Tunnel
Couplings Applied Physics Letterk12(2018) 183505.
J.P. Zwolak and M. Taylor. Colloquium Advances in

Automation of Quantum Dot Devices Control
arXiv:2112.093622021.

A. Krizhevsky, |. Sutskever, and G.E. Hinton. Imagenet

Classification with Deep Convolutional Neural Net-
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1097 1105.
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CombinatorialTestingfor SoftwareBasedSystems

In 1997 theMars Pathfinderbeganexperiencingystem
resetsat seeminglyunpredictabletimes soon after it
landed and begancollecting data. Fortunately, engi-
neerswere able to deduceand correct the problem,
whichoccurredonly when(1) a particular typeof data
wasbeingcollected,and(2) intermediatepriority tasks
exceededh certainload, resultingin a blocking condi-
tion that eventuallytriggereda reset.Situationsof this
type are known as interaction faults. Many real-time
failures of softwarebasedsystemdavebeentracedto
suchfaults. Theseare ofteninsidiousin that they may
remainhiddenuntil the unfortunatecombinationis en-
counteredduring systenoperation.

Combinatorialtesting(CT) is a versatilemethodol-
ogy for detecting interaction faults. CT began as
pairwise (2-way) testingin which all pairs of the test
valuesfor all pairs of testfactors are checked.Thus,
pairwise testing can detectfaults involving single fac-
tors or interactionsbetweertwo factors.CT is basedon
an empirical observationyeferredto asthe interaction
rule, that while the behaviorof a softwaresystemmay
be affectedby manyfactors,only a feware involvedin
any givenfailure. NISTinvestigationf failuresin ac-
tual system#iaveshownthat while mostfaultsinvolved
a singlefactor or interactionbetweertwo factors,some
faultsinvolvedthreeor morefactors[1]. (Afaultinvolv-
ing more than six factors has not yet beenreported.)
Thus,pairwisetestingis useful,but it maynot be ade-
quate for detectinginteraction faults involving more
thantwo testfactors.

More thana decadeago,NISTtooktheinitiative to
extendpairwise(2-way) CT to higherstrengtht-way CT
for t > 2. NISThashelpedmakeCT practical by devel-
oping researchtools and techniquesfor generating
combinatorialtestsuites. CT hasnowgainedsignificant
interestfrom the internationalsoftwaretestingcommu-
nity. Many successfulresults from the use of CT in
aerospaceautomotiveandfinancial serviceindustries,
aswell asdefensesecurity,andelectronicmedicalsys-
temshavesincebeenreported.

RaghuKacker

A suiteof testcasedor combinatoriat-way testing
includes(covers)atleastonceall possiblet-tuplesof the
testvaluesfor everyset(combination)of t factorsout of
the completesetof all k factorsthat aretested(k > t).
Use of mathematicalobjects called covering arrays
makesit possibleto checkall t-tuplesof thetestvalues
with asmallnumberof testcasesTable5 showsa cov-
eringarrayof 13 rowsand10 columnseachhavingtwo
possiblevalue0 and 1. Columnscorrespondo the fac-
tors and the rows correspondto the test cases.The

Table 5. A covering array of 13 rows includes all eight triplets (O
001, 010, 011, 100, 101, 13hd 111)of thepossible values (0 an
1) forevery onef the 120 possible sets ob8t of10 test factors
represented bthecolumns (for example, see colored entries)

Columns
Rows 123456789 10
1 0O000O0OO0OOOOOTO
2 111111111 1
3 111010000 1
4 101101010 O
5 1 00011100 O
6 011001001 0
7 001010111 0
8 11 0100101 O
9 000111001 1
10 001100100 1
11 010110010 O
12 10000O0O0OT11 1
13 01 0001110 1

numberof possiblesets(combinations)f 3 out of 10
testfactorsis (10 x 9 x 8)/(3x 2 x 1) =120.Wheneach
factorhastwo possiblevalues,eachsetof 3 factorscan
have2® = 8 possibldriplesof testvalues((0, 0, 0), (0, 0,
1),(0,1,0),(0,1,1),(1,0,0),(0,0,1),(2,2,0), (1,1,
1)). So,thetotal numberof possibletriplesof valuesfor
all 10 factorsis 120 x 8 = 960. A test suite basedon
Table5includes( i ¢ o vadeastonckall 960distinct
triples of thetestvaluesof tenfactors.

In practice,one wantsa minimal covering array,
thatis anarraywhich coversall possiblet-tuplesof the
testvaluesfor everysetof t out of all k factorswith the
leastnumberof rows (testcases)In practice manyfac-
tors havedependencieand constraintsand hencenot
all combinationsof the testvaluesmay be logically or
physicallyvalid. A combinatorialtest suite mustavoid
suchforbiddencombinationsGeneratingminimal cov-
ering arrays that avoid forbidden combinationsis a
difficult computationaproblem[2]. A greatdealof re-
searchhas been done to develop mathematicaland
computationalmethodsto generateminimal covering
arraysof this type.NIST andits collaboratorshavede-
velopedseverakuchalgorithms.

NIST-DevelopedTools. NIST has developedseveral
researchtools to makeCT practical. ACTS (for Auto-

matedCombinatorialTestingfor Software),which was
developedn cooperationwith the University of Texas
at Arlington, includes severalalgorithmsto generate
high strengthtestsuitesfor CT. The ACTS algorithms
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are optimizedto efficiently avoid forbidden combina-
tions of testsettings.More than4265havedownloaded
executableversionsof the ACT algorithmsfrom the
NIST webpagefor CT. (It is difficult to ascertainthe
numberof usersbecausesomeusershaveredistributed
to others,and someare studentsvho may haveusedit

only oncefor asingleproject.)

A secondresearchtool, CCM (for Combinatorial
CoverageMeasurement)developedjointly by NIST
anda guestresearchefrom CENAM, the nationalme-
trology institute of Mexico, describes the
incompletenessf a testsuite that may not have been
developedfrom a CT viewpoint. Basic combinatorial
coveragemeasurementdescribethe incompletenessf
a testsuiterelative to a test suite basedon a coveing
array that includesall possiblet-tuples of valuesfor
everyt-factor combinationfor variousvaluesof t. The
combinatorialdeficiencyof atestsuitecanberemedied
by additionaltests.Thus, CCM can help guide the ex-
pansionof a test suite to satisfy statedcombinatorial
requirementg3]. The latestversionof CCM supports
constraintswhich exclude forbidden combinationsof
values A parallelprocessingersionis alsoavailable.

Impact of NIST Research NIST efforts havesparked
asurgeof researctandapplicationof combinatoriatest-
ing technology A 2010NIST SpecialPublicationonCT
was downloadedmore than 30 000 times by the end
2014[4]. In 2013,we publishedabookwith CRCPress
on this topic [5]. Oneof thefirst large-scaleusersthat
we workedwith is agroupattheU.S. Air ForceBasein
Eglin, Florida. The behaviorof oneof their systemde-
pendedon the sequentiabrder of certainevents.This
led to the problemof testingsequencesf eventswhich
required developmentof new mathematicalobjects
called sequencecovering arrays [6, 7, 8]. Lockheed
Martin, alargeU.S. defensecontractorreported(based
on eightprojects)thatuseof CT reducedcostof testing
by about20 % with 20 % to 50 % improvementin test
coveragd9]. CT methodsarenow beingusedin diverse
areasuchasfinancialservicesautomotiveautomation,
avionics,video coding standardsandfor securitytest-
ing. The NIST webpagefor CT cites more than 40
applicationpapersFortestinga softwarebasedsystem,
no single approachs enough.Multiple approachesre
generallyneedecht variousstagesdevelopmenandin-
stallation.CT complement®therapproachedt is now
includedin softwareengineeringoursegaughtin more
than18 U.S. universitiesand2 Austrian universitiesat
least.NIST efforts on technologytransferof CT tools
and techniquegeceivedthe 2009 Excellencein Tech-
nology Transfer Award from the FederalLaboratory
ConsortiumMid Atlantic Region.

CT hasalsogainedsignificantinterestfrom there-
search community. In 2012, NIST took lead in

2 http://www.research.ibm.com/haifa/Workshops/ct2012/
3 https://gist.nju.edu.cn/iwct2021/

organizinga workshopon CT? in conjunctionwith the
2012IEEE InternationalConferenceon SoftwareTest-
ing, Verification, and Validation (ICST), a premier
conferencein this field. Since then, an International
Workshopon CombinatorialTesting IWCT) hasbe-
comean annualeventfor sharingadvancementsx CT
toolsandtechniquesaswell asresultsfrom practicalin-
dustrialuseof CT. The tenthsuchIWCT?® washeld on
April 12,2021,in conjunctionwith ICST 202%. Four
project participants(Kacker, Kuhn, Lei, and Simos)
were among the co-organizers.The IWCT 2021 re-
ceived 12 submissios, from which the Program
Committeeselected papers(5 full papersand3 short
papers)Theprogramcontainedesearctpapersaswell
ason applicationsandusecasef CT.

Recentaccomplishments

Testing complexfaults in digital devicesin nuclear
powerapplications We investigatecchallengesn test-
ing digital devices(with embeddedeattime software)
in critical nuclearpower applicationg10]. New meth-
odsandnoveltechniquesareneededo adequatelytest
such systems Advancementsn understandinghe na-
ture of complexfaults,andapplyingthis understanding
in testingandverification,makeit possibleto build em-
beddedcyberphysicalsystemghat aresafeandsecure
[11]. Our experimentsand preliminary resultsindicate
that pseudeexhaustivetestingbasedon combinatorial
methodsat all levelsof interaction(variable,function,
andthreadinteractionsn anembeddedlevicecande-
tect a diverserangeof softwareflaws. We discovered
severahativedefectdn acodethatwerelatentfor some
time. While the availableresearchprototypetools are
very capablethe mainchallenges building the testbed
architectureo conductfurtherinvestigationg§12].

From fault localizationto explainingimageclassifiers
Thecoreof Artificial Intelligence(Al) basedsystemss
amachinelearning(ML) modelthatis usedto perform
taskssuch as classificationand prediction. Often ML
modelscomeasa black box to the user,leadingto the
problemof interpretability.ExplainableArtificial Intel-
ligence (XAl) is key to providing confidence and
trustworthinesén ML basedsystemsWe observeafun-
damentatonnectiorbetweerXAl andfaultlocalization
in softwaretesting.(Faultlocalizationrefersto detecting
from the pass/failresultsof testingan error (bug) that
triggersa failure.) In fault localization, given a failing
scenario a softwaredeveloperidentifies which part of
the input causeghe failure. Similarly, in XAl, givena
decisionmadeby anML model,we identify which fea-
turesof theinput causeshedecision,in thesensedhatif
thesefeaturesareremoved thenthe decisionwould be
different. We developedan approachthat usesa CT-
basedsoftwarefault localizationapproachcalledBEN,

4 hitps://icst2021.icmc.usp.br/
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to produceexplanationgor decisiongnadeby ML mod-

els in image classifiers[13]. We reporta preliminary
evaluation of our approachusing a popular (open
source)image classifier called VGG16 and 50 ran-

domly selectedmagesfrom the ImageNetdatasetOur

resultsindicatethatfor 44 (of 50) imagesour approach
cangenerateounterfactuaéxplanationdy removinga

very smallnumberof featuresn theinputimage.

Combinatorial approachto testing Deep Neural Net-
work (DNN) usedin AutonomousDriving Systemslin
AutonomousDriving Systems(ADS), a Deep Neural
Network (DNN) modelis often usedto perform tasks
suchaspedestriametectionpbjectdetectionandsteer-
ing control. TheseDNN modelsneedto be rigorously
testedwith realworld driving scenariogo detectsafety
critical bugsbeforedeploymentWe useda combinato-
rial testing(CT) basedapproacho generatdéestimages
basedon imagetransformationgor testingDNNs used
in ADS [14]. First, we identified a setof basicimage
transformationsthat do not essentially change the
fi g r oturnudtf thedmagebeingtransformedThatis,
the predictionresultfor a transformedmageproduced
by sucha transformationis the same(up to a certain
threshold)asthe originalimage.Then,we usedCombi-
natorial Testing(CT) methodsto generatea t-way test
setthat coverseveryt-way combinationof thesetrans-
formations. Each test is a combination of
transformationsndcanbe usedto createa testimage.
We considerinconsistenbehaviorsn two casesin the
first case,the groundtruth of a testimageremainsthe
sameas that of the original image. Thus, we consider
thataninconsistenbehavioris detectedf theprediction
resultof atestimagediffersfrom thatof theoriginalim-
ageby an amountthatis morethana threshold.In the
secondcasethegroundtruth of atestimagemaybedif-
ferentfrom that of the original image.In this case we
comparethe predictionresultsof the sametestimage
from different DNNSs that performthe sameprediction.
An inconsistenbehavioris detectedf thepredictionre-
sultsof atestimagefrom differentmodelsdo notagree
with eachother.We reportan experimentakvaluation
of our approachusing three of the top five models,
namelyAutumn,ChauffeurandRambofrom the Udac-
ity seltdriving challeng& The resultsindicate that t-
way testscan help the practitionersto effectively test
DNN modelsusedin ADS.

DNNsconsistf i n e u rthatrelatéto ead other.
Eachneuron|f activated performsasmallcomputation
thatcontributedo thefinal decision/predictiomadeby
aDNN. Coveringa neuronmeanghatwe provideatest
imagethat activateshe neuron,which allows usto see
theimpactof the neuron(or moreprecisely the compu-
tation performed by the neuron) on the final
decision/predictionTo someextent,a neuronis like a

5 hitps://arxiv.org/pdf/1409.1556.pdf
8 https://github.com/udacity/setfriving-car

statementn the codeof software,andneuroncoverage
is like statemen{code)coverageAchievingmoreneu-
ron coverageallows usto covermoretypesof images,
which in turn allows usto exposemore potentialfaults
in a DNN. DeepTestjs a stateof-the-art opensource
tool’ that aimsat generatingestimagesthat maximize
neuron coverage.We comparedthe neuroncoverage
achievedusingour combinatorialapproachagainstthat
achievedwith DeepTestOur combinatorialtestingap-
proach typically generatesmore test images than
DeepTestTo facilitate a fair comparisonwe usearan-
dom samplingapproactto selecta subsetof t-way test
imagessuch that both approachegieneratethe same
numberof testimagesTheresultssuggesthatourcom-
binatorial approachperformsbetter than DeepTestin
termsof generatingzalid syntheticimagesandcovering
anadditionalnumberof neurong15].

Combinatorically crosssite scripting web application
firewalls. Crosssite scripting (XSS)is a commonclass
of vulnerabilitiesin webapplications So, site operators
often seekto protecttheir assetsisingweb application
firewalls (WAFs). These systems employ filtering
mechanismso interceptandrejectrequestshatmaybe
suitableto exploit XSSflaws andrelatedvulnerabilities
suchasSQL injections.However,theygenerallydo not
offer completeprotectionandcanoftenbebypassedis-
ing specifically crafted exploits. We evaluatedthe
effectivenes®f WAFs to detectXSS exploits[16]. We
developedan attackgrammaranduseda combinatorial
testing approachto generateattack vectors.We com-
paredour vectorswith conventionalcounterpartsand
their ability to bypasdlifferentWAFs. Our resultsshow
that the vectors generatedwith combinatorialtesting
performequalor betterin almostall casesTheyfurther
confirm thatmostof therule setsevaluatedn this work
canbebypassedy atleastoneof thesecraftedinputs.

Combination frequency differencing Combinatorial
coveragemeasuregCCM) areusedin a wide rangeof
problemsjncludingfault localizationandfor evaluating
the adequacyof test inputs and input spacemodels.
More recently, CCM havebeenusedin applicationsof
artificial intelligence(Al) andmachinelearning(ML),

for explainability and for analyzingaspectsof transfer
learning.Thesemeasureslependon the presencer ab-
senceof t-tuples of valuesin inputs test cases.We
extendedCCM to a newmetricthatwe referto ascom-
binationfrequencydifferencingto comparerainingsets
usedin Al andML algorithms[17].

Current projects.

Combinatorialmethodgor explainableAl: We contin-
ued our work on explainable Al and related

7 https://arxiv.org/pdf/1708.08559.pdf
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combinatoriamethodsy briefly reviewingrecentlyin-
troducedprinciplesfor explainableAl, examiring their
feasibility, and extendingthem whereappropriate We
furtherview the combinatorialmethodsfor explainable
Al throughthe lens providedby thesefour principles,
namely explanation,meaningful,explanationaccuracy
andknowledgédimits. A paperhasbeensubmittedfor a
journalpublication.

SecurityTestingof SmartContracts A blockchainis a
decentralizeccomputersystemthat usescryptographic
technologiego recordinformationin a verifiable man-
ner. A smart contractis a computer program that
executesone or more transactionson a blockchain.
Whensomeconditionsare met, the transactiongreau-
tomatically executed andtheir resultsare recordedon
theblockchainin away thatcannotbe changedWe in-
vestigatedcombinatorialfuzzing (a combinationof CT
andfuzzing)to improvecodecoverageanddetectionof
vulnerabilitiesin testingsmartcontracts Combinatorial
Fuzzingrequirestestingtools. We developeda proto-
typeresearchool calledMagicMirror for combinatorial
fuzztestingof smartcontractsWe used MagicMirror to
test over two thousandrealworld smart contracts.
MagicMirror performsbetterthananotheracademiae-
searchtool. A researchpaperhasbeensubmittedfor
presentatiorat aleadinglEEE conference.

We havestartecaline of work thatappliessymbolic
executionto testsmartcontracts Symbolicexecutionis
a powerful programanalysisandtestingtechnique put
its applicationfor generakoftwarehasbeenlimited due
to scalability concernsand difficulties to handlecom-
plex constraintsand interaction with environments.
Comparedto general programs, smart contractsare
small, haverelatively simple constraintsandthey are
designedo executdn aclosedenvironmentWe believe
that symbolic executionis a very promisingtechnique
for securitytestingof smartcontracts Onechallengeis
that somefunctionsin a smartcontractcanbe difficult
to reachwhentheir executiondependsn severalother
functions.This is becausesymbolicexecutiontypically
imposesadepthlimit to handlethe stateexplosionprob-
lem. We have developeda coveragedriven approach
that usesthe notion of a function dependencyraphto
guidethe procesf symbolicexecution We havebuilt
a prototyperesearchool called SmartExecutorthatim-
plementsour approachThe experimentesultsindicate
thatourapproacfcansignificantlyreducethe numberof
statego beexploredwithout compromisingcodecover-
age and vulnerability detection results. We have
reportedour resultsin a submissiorto a leadinglEEE
conference.

ExplainableArtificial Intelligence(XAl). XAl focuses
on creatingapproachesandtools thatcanautomatically
provideexplanationgor thedecisionanadeby Machine
Learning(ML) models.XAl triesto answerthe follow-
ing two questions: Why does the model make a

particulardecisionWWhatarethe majorfactorsthatcon-
tribute to the decision?Providing explanationsallows
ML modelsto beinterpretedwhichis keyto acceptance
of Al-enabledechnologiesWe havestarteda newline
of researclthat exploresthe useof a generalsoftware
fault localizationapproach called delta debugging,to
producecounterfactuaéxplanationsWe usedthe delta
debuggingengineto guideandreducethe searchspace
for generatingcounterfactuaéxplains.We conductedca
proof-of-conceptstudythatcomparecdur approacho a
stateof-the-art researchool called DICE. The prelimi-
nary results are encouraging,where our approach
outperform®ICE in termsof achievinghigherproxim-
ity andsparsityof the producedexplanationsWe arein
theproces®f conductingmoreexperimentandarepre-
paringa conferencesubmissiorto reporttheresults.

Combinatorial Security Testing for 10T systemsWe

continuedour work on testing of Internet of Things
(IoT) home automationsystemsusing combinatorial
methodsfor testcasegenerationWe are investigating
two testingmethodologiesFor eachapproachwe pro-

posedcreationof dedicatednput parametemodelsof

anloT homeautomatiorsystemto be usedwith combi-
natorial test case generationstrategies.Further, we

devisedanautomatedestexecutionframeworkandau-
tomatedestoracledor evaluatiorpurposesWe applied
bothmethodologieso arealworld 10T systemandeval-
uatedthe generated-way testsetsbasedon the derived
inputmodels Ourempiricaltestingevaluationsevealed
multiple errorsin thetesteddevicesfor bothmethodol-
ogies.Moreover,we comparedour resultsto arandom
testingapproachwhich we usedasa baselingo bench-
markthe effectivenes®f our newly devisedloT testing
methodologiesWerevisedour previouswork for ajour-

nal submission.

BrowserFingerprinting We haveinvestigatedthe ap-

plicability of combinatorial sequencetesting to the

problemof fingerprinting browsersbasedon their be-

haviorduringa TransportayerSecurity(TLS) protocol

handshakéNe arecontinuingourwork onalargercase
studywhich includesmorebrowsersandoperatingsys-
tems.The evaluationof our resultsusingcombinatorial
techniguesand tools from machinelearning hasbeen
largely completed.We have comparedour approach
with otherestablishedingerprintingtechniqguesWe are

working on a journal submissiondocumentingour re-

sults.

PhysicalUnclonableFunction A PUFis a physicalob-
ject that for a given input and conditions(challenge),
providesa physically definedfdigital fingerprind out-
put (response}hat servesas a uniqueidentifier, most
oftenfor a semiconductodevicesuchasamicroproces-
sor. PUFs are most often basedon unique physical
variationswhich occurnaturally during semiconductor
manufacturingA PUFis a physicalentity embodiedn
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a physical structure.Today, PUFs are usually imple-
mentedin integratedcircuits and are typically usedin
applicationswith high securityrequirementsmorespe-
cifically cryptographyWe areinvestigatingchallenge
responseelationsin availablePUFsdatathroughcom-
bination frequency differencing (CFD) metrics for
potential exploits by clever machine learning algo-
rithms.
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Mathematics of Metrology

Mathematicplaysanimportantrolein measuremerscienceMathematicaihodelsre neededo understad how
to desigreffectiveneasuremerslystemandto analyzeheresultsheyproduceMathematicakechniqueare used
to develo@ndanalyzedealizednodelof physicgbhenomen# be measurecand mathematicalgorithmsire
necessaty find optimakystenparaneters Mathematicandstatisticalechniqueareneededo transformmeas-
ureddataintousefuinformationWe develogundamentahathematicahethodsndtoolsnecessarfpr NISTto
remaina worldclassnetrologinstituteandto applytheseto measuremeiscienceroblems.

TOMCAT: X-ray Imaging of
Nanoscalelntegrated Circuits
for Tomographic
Reconstruction

BradleyAlpert

Dan SwetZNISTPML)

Joseph~owler (NISTPML)

ZacharyLevine,etal. (NISTPML)

Kurt Larson (SandiaNational Laboratory)
EdwardJimenez(SandiaNational Laboratory)
AmberDagel,etal. (SandiaNational Laboratory)
EdwardGarboczi(NISTMML)
GeorgeBarbastathisetal. (MIT)

As theleadingsemiconductomanufacturingechniques
progresghrough14 nm, 10 nm,andnow 7 nmtechnol-
ogy nodestheability to fabricatethesechipshasoutrun
the ability to imagethem.This limitation makesa vari-
ety of diagnosticneedsmuch more difficult to satisfy.
The NIST QuantumSensorgsroup (PML), in collabo-
rationwith researcheratSandiaNationalLaboratoryjs
leadingaprojectfor | A R P RAVEN (RapidAnalysis
of Various EmergingNanoelectronicsprogramto de-
velop a smaltlaboratorycapabilityto imageintegrated
circuits by x-ray tomography.n distinctionfrom other
RAVEN projects, TOMCAT exploitsa scanningelec-
tron microscope (SEM) rather than a synchrotron
beamlineanddoesnot destroythe chip undertest. This
is enabledby the exquisiteenergyresolutionof NIST-
developedcryogenic microcalorimeterspectrometers,
comprisedof transitionedgesensorg TES), which are
beingextendedo largerarrays(now to 3000detectors),
aswell aswith betterindividual-detectorthroughputup
to 1000 counts/s)and energy resolution (< 10 eV
FWHM). The detectorsmeasurefluorescentphotons
producedvhenSEM electronsstrike a targetfollowing
theirdifferentialattenuatiorby differentmaterialdan the
chip.

A principal analysischallengeof the project,ena-
bling tomographicstructurerecovery in this limited
exposureangle,limited-photonregime,is the develop-
ment of physicsassistedmachine learning (PAML)
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Figure 19. (a) Supervised training of using modified con
tional generative adversarial network uses simule
measurements, paired with their maximlikelihood re-
constructions, and the corresponding ground truth.
Testing is on paireever seen during training.

customizedfor the detailsof photonfluorescenceab-
sorption,andscatteringn thisinstrumentonfiguration.
GeorgeBarbastathiswho hashadconsiderablesuccess
in PAML for optics,is leadingthis ML work. Thisyear
asignificantadvantagén photonefficiencywasdemon-
stratedfrom ML on simulatedx-ray measurementef
chip facsimiles generatedat random from a simple
model of the layered interconnectstructurefound in
semiconductocircuitry.

Futurework will generatesimulatedmeasurements
from sectionsof actual chip specifications,scale to
largerchip areasandreconstrucshaperepresentations
designedothto improvefidelity andreducehenumber
of unknowns.
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True Becquerel: A New Paradigm
for 21stCentury Radioactivity
Measurements

BradleyAlpert
RyanFitzgerald(NISTPML)
DanBecker(NISTPML)
DenisBergeron(NISTPML)
RichardEssexNISTPML)
KelseyMorgan (NISTPML)
SvetlanaNour (NISTPML)
GalenO 6 N ENISTTPML)
Daniel Schmidt{NISTPML)
GordonShaw(NISTPML)
Daniel SwetZNISTPML)
Mike Verkouteren(NISTMML)
DaikangYan(NISTPML)

Expandingapplication®f radioactivityin medicine en-
ergy, and security demandquantification of complex
mixtures at uncertainty levels that are currently
unachievableThis projectwill enablemeasuremendf
absoluteactivity (Bq) of radionuclidemixtures,avoid-
ing chemicalseparationpy analysisof the decayheat
signatureof gravimetricsamplesembeddedvithin mi-
crocalorimeterdetectors.This capability consolidates
multiple measurementsito one,reducingcostandun-
certainty.Sucesswill createaprimaryrealizationof the
Bq for direct assayof realworld samplesat NIST and
beyond,resultingin fasterclinical trials of new radio-
pharmaceuticalsand a faster, expanded nuclear
forensicdi f i n g e r methodiortimpnovgdrecision
making.

The projectentersits secondyearof NIST Innova-
tions in MeasurementScience funding with initial
successn dispensingweighing,andplacemenbf mg-
guantitysolutions,andinitial ODE fitting of previously
measuredk-ray pulsesin transitionedgesensor(TES)
microcalorimetersDepositingradionuclidesolutionsin
naneporoussubstratesor embeddingin TES sensors
designedor alphadecaysandtheirmeasuremerih new
laboratoryfacilities lies aheadalongwith characteriza-
tion of high-rateradioactivedecayeventgo generatean
energyspectrumandanalysisof the spectrumto quan-
tify constituentsof the sampleat the level of 0.1 %
uncertainty.

Theanalysicchallengesnclude(1) characterization
of detectordynamicsto enabledeterminatiorof decay


https://doi.org/10.1088/1681-7575/abd28a

Summary oActivities for Fiscal Year 2Q2

37

energie®of eventawvith poortemporalseparationavoid-
ing detectordeadtime, at an accuracythat reflectsthe
exquisiteprecisionof the TES detector,(2) characteri-
zationof the partialenergylossesdueto transporout of
the absorbematerial of alpha,beta,and gammarays,
and (3) disambiguationof the spectruminto constitu-
ents,basedn alibrary of radionuclidedecaysyith full
guantification. Two new tools for detectordynamics
characterizatiorare (a) fabricatedcapability for elec-
tronic excitation of the detectorwith known energy
depositionsand(b) algorithmsfor ODE parametesen-
sitivity, of muchrecentattention,to determinean ODE
systemfrom its input/output behavior. This machine
learning (ML) techniquewill be combinedwith more
conventionalsupervisedML for library-baseddisam-
biguationof spectraThe uncertainty andrisk, for both
techniquesis whetherthe stringentaccuracyrequire-
mentsof the projectcanbeachieved.

[1] R.P.Fitzgerald,B. K. Alpert, D. T. Becker,D. E. Ber-
geron,R. M. Essex K. Morgan,S. Nour, G. Od\eil, D.
R. Schmidt,G. E. Shaw,D. Swetz,R. M. Verkouteren,
andD. Yan. Towardsa New PrimaryStandardizatiotf
RadionuclideMassic Activity Using Microcalorimetry
and QuantitativeMilligram-ScaleSamples. Journal of
Researclof NIST, to appear.

Predicting Normal Boiling Points of
Chemical Compounds Using Graph
Convolutional Neural Network

Chen Qu

Thomas Allison (NIST MML)
Barry I. Schneider

Walid Keyrouz (NIST ITL)
Anthony Kearsley

The normal boiling point (BP) of a substance is the tem-
perature at which a liquid turns into a vapor at
atmospheric pressure. It is of great importance to physi

cists and chemists since BP is routinely dises a

measure of purity of chemical substances sold as rea
gents or after synthesis procedures. Therefore,
prediction of BPs using a variety of methods continues
to be of signiycant inter

dating back hundreds of years.
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Figure 22. Plots ofexperimental versus predicted value of the r
mal boiling point for the training, validation, and testing data s¢

In FY 2020, we developed a delgarning model to
predict Kovéts retention indices. The graph neural net-
work (GNN) model used thengerformed well on that
problem [3]. Given the nearly linear correlation between
retention times and boiling points, we expect that the
same methodology will perform well on BP, and we suc-
cessfully trained a good predictive model for the BP. A
brief summaryof the methodology is presented below.
The details appear in [4].

The data used in this study was extracted from the
literature as captured by the NIST Thermodynamics Re
search Center (TRC) SOURCE Data Archival System
[5, 6] This database contains moranh12000 experi-
mental determinations of the normal boiling point for a
wide variety of molecules, providing a robust data set
for training a new predictive
was to remove points which were outside of the molec-
ular set under coideration as well as outliers where
multiple measurements of the BP for a single molecule
were availabl e. T h 850 maiea | set
cules for training and testing the machine learning
model.

Our machine learning model is based on the mate-

rials gaph network (MEGNet) approach developed by

Chen et al. [7] This model has been tested for a variety

of chemical properties on both molecular and crystalline

systems, including the prediction of Kovats retention in-

dices with excellent results [3]. The MEGNe

nbetgo[dologyI ir}corqg?rgtgs a %rﬂph peHNPrlé E}VCQE?U{G” g h
c

that captures molecular structure in a very natural way.

Notab !l vy, Stein and Brown {Ej QNNathe g,orgi(h_ nteEsgq{r?spop%t%vterficgsnin

model with a mean absolute error of 20.4 K (4.3 %)
when this model was tested against 6584 compounds no
used in ytting [1]. This

United States EnvironERENt
Suite program that predicts a number of properties for aR
variety of compounds using molecular structure infor-

mation.[2]

graph, and chemical bonds correspond to graph
dges.

The_inpus to the ME t e atom, d,.
a@dig?oggr] Ifegt&l?ré?sggf;[ﬁggﬁérei téaérrﬁ%%;%%a ﬁDnt ©
MolFile representation of the motecules” dsing the
DKit package. Then these features were successively
updated wusipgssai mMmgnessagwor k.
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Table 6. Summary statistics of the -f6ld cross validation proce Chemical Informatics and Computational Scieribe

dure. The mean value and standard deviation of the mean ab: (1994), 581587.
grgoi\r/g\r:lﬁﬁ)eigﬂ tor}eﬂ:goé 2?;2?] :gg are @n(RMSE) over 10 run [2] United States Environmental Protection Ageriestima-
) tion Programs Interface Suite, v 4.11, Washington, DC,
Set MAE RMSE USA, 2021.
ini + +
;r/:i'g!;%n ggg " 8;;1 ggg n ggé [3] C. Qu, B. I. Schneider, A. J. Kearsley, W. Keyrouz, and
Testing 5'77 n 0'40 7.81 " 0'94 T. C. Allison PredictingKovéts Retention Indicessing

Graph Neural NetworksJournal of Chromatography A
1646(2021), 462100.

C. Qu, A. J. Kearsley, B. |. Schneider, W. Keyroax]
T L Allison Graph Convolutional Neural Network Ap-
pI%tho’ the Predictiorof Normal Boiling Point Journal
of Molecular Graphics and Modellingo appear

the feature vector of the grarepresentation of the mol-
ecule was extracted via a readout layer and was used fdfl
the ynal prediction of the
Training was carried out with hyperparameters that
were found to be reasonable as a result of empirical test-
ing during the training phase tfie project and in the [3] A. Kazakov, C. Muzny, K. Kroenlein, V. Diky, R. Chi-
previous model for retention indices [3]. The model per- :\'ﬁgT /‘IJ'h CMsgfrié ||3'at§2?lcjﬁl?\?;tcsw'st:r2thMe' NéF};er?kel
formance was assessed usingfd]_cross ve_llidation. . eration Data Modelfor Storagec);f Thérmophysical
Thelerror'pe.rformance of the mathne learning model is Properties International Journal Thermophysic83
depicted irFigure22. The ygure shows (®©oigbe3t he error in
the training set is smaller than the validation and testing

sets, which exhibit | ongdd NFL 5jTheangdynamics ¢ Rgspach o (Cenerr g gt r |
AL

P e
tions. This is indicative gtﬁpszllw.gcgoy/,lzqﬂi. quséa_cces q1 %ep.
latter error distributions are so similar indicates that the[7] C. Chen, W. Ye, Y. Zuo, C. Zheng, and S. P. GBigiph
validation set was e ect i v éetwprgsrag anUgiversar MadhineiLeargiiamewerks u | t iin g
a model withgood predictive capabilities. for Moleculgs andCrystals Chemistry of Material81

The overall statistics of our model from the-fbld (2019), 35643572.
crossvalidation are shown iffable6, with a mean ab-
solute error of 5.77 K and a salstandard deviation
of 7.81 K for the testing set. : : :
The current model is performing about a factor of Numerical Scalmg fOI’. Preprocessmg
two better than the method of Stein and Brown as imple-Mass Spectrometry Library Data
mented in the EPI Suite package [1, 2]. The mean
absolute error of the Stein and Brown method @ler  Danielle C. Brager
compounds in our data set is 11.84 K with a median er-Edward P. Erisman (NIST MML)
ror of 7.99 K and a standard deviation of 12.84 K. Arun S. Moorthy (NIST MML)
Another signiycant achi #8nthenndiKearsleyf our GNN model
is that it was capable of detecting errors in the data set.
We took note of molecules that consistgrexhibited ~ Mass spectrometry is a core technique for elucidating
large errors in the training set and then went back to thehe structure and identity of compounds. After pro-
source literature. This 9596 éeeuipy of a Massmspectiprmeiry apadysisrisiay -1 0 0
errors in the input data set, i.e., we found our model tomass spectrum which is a histogram displaying the in-
be e ective in detecti ng tepsfypidonsys masy-charge i@tioln higwork,iwe e r at-ur e
well as erros resulting from transcriptions of the data. focus exclusively on mass spectra obtained through
In summary, we have deve]oped a graph neural netelectron ionization (El) mass spectrometry which allows
work model to predict normal boiling points for a di- US to represent the mass spectra as vectors of equivalent
verse collection of molecules. Our model reproduces theength where the index (or location) of each element in
data well, with mean absolute errors of less thanis K the vector is thenassto-charge of an ion and the value
a 10fold crossvalidation procedure. During our study, ©f each elementis the corresponding relative abundance.
we found that the graph neural network model was ca-Given a collection of mass spectra for known com-
pable of detecting errors in the source data, and we useBounds, an analyst can infer the identity of unknown
this to make corrections to the original data set. Baseccompounds using a common tool called mass spectral
on our study, we feel that moeaccurate models will re-  library searching. During this process, the mass spec-

quire a larger set of source data with even bettertrum of an unknown compound is compared with the
accuracy. library spectra using a similarity measure resulting in

similarity scores between the query spectrum and each
library spectraThen the library elements are asdded

that

[1] S.E. Stein and R. L. Browkstimation of Normal Boil-
ing Points from Group ContributionsJournal of

1
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into a hitlist in order of similarity with the query spec- are currently implementing this procedure using differ-
trum where, ideally, top hitlist entries are likely entsimilarity measures including Stein and Scott as well
candidates. Finally, the analyst uses the informationas the cosine similarity

from the hitlist to infer the identity of the compound.
Oftenti mes,

mass spec similarity scorghus alleviating congestion
in the hitlists. The scaling matrix is generalgdsolving
a nonlinear optimizatiorproblem That is, a nonlinear
function is optimized, and the solutigields the opti-

mal scaling matrix that maximally separates the hitlist.
The problem is parameterized in a way that allows for

[1] A.J. Kearsley, R. A. Tapia, and M. W. Trosset. The So-
hsittel dios t v8h iacrhe |uiig@cepnnegetric STRESS and SSTRESS Problems in
that top hitlist candidates have similarity scores that only
differ by a small percentage making the selection of a
candidate spectrum more complicated. We have devel{2]
oped a mathematical pprocessing procedure where a
scaling matrix 0, is constructed to maximally separate

Mul ti di mensional Scaling
Computational Statistic$3:3 (1998), 36D396.

A. S. Moorthy and A. J. Kearsley. Pattern Similarity
Measures Applied to Mass SpectraPlrogress in Indus-
trial Mathematics: Success Stories: The Industry and the
Academia Points of VieyM. Cruz, C. Parés, and P.
Quintela, eds.) ICIAM 2019, Valencia Spain-88.

A. S. Moorthy, W. E. Wallace, A. J. Kearslep, V.
Tchekhovskoi, and S. E. Stein. Combining Fragrient
and Neutral_oss Matching during Mass Spectral Library
Searching: A New Gener&lurpose Algorithm Applica-
ble to lllicit Drug Identification.Analytical Chemistry

minimal constraints, and the formulation always admits

a solution. When the hitlist similarity scores are natu-

rally well separated, thweighting isfismalb and does

not change the resulting scores very mizjuivalently,

the optimal weighting matrix is close to the identity ma-

trix of appropriate sizeHowever, when scores are

congested, the optimal weighting matrix veilange the

inter-spectral distances significantlfhee are a variety

of objective functions that can be formulatishbending

on desired construction_of the scaling matrix. _ Representationsfor Aerodynamic
We demonstrate this procedure using a spectral li- . .

brary consisting of 170 mass spectra of Feriteelgted  Applications

compounds and separately collected as well as syntheti-

cally constructed query spectra. While various similarity ZacharyJ. Grey

measures are used in practice such as atefiScott4], ~ OlgaDoronina(NREL)

cosine similarity 2], andthe hybrid match factos], we ~ AndrewGlaws(NREL)

began with the intuitive Euclidean distantte com-  RyanKing (NREL)

pare the Euclidean distanagth an optimally scaled

dissimilarity measure using the computedtrix,A. We

89:24 (November 20, 2017), 1324B268.

Spectrometrp:9 (1994:859 866.

GrassmannianShape

[4] S. E. Stein and D. R. Scott. Optimization and testing of
mass spectral library search algorithms for compound
identification.Journal of the American Society for Mass

Usi |

Ai r Ebbadeesi gonl aspriclElleermgi neer -

produced scaled hitlists as well as directly calculated hit-! N@nmanuf acQuumoitnigviag @ ombi ne

lists and compared them to each other. The order of ' | N cpihpyl seigseealn s i d & ro@ hsehoanpse

hitlists change, sometimes slightly when scores are ald € S P O @ bwiemb d ecromp ut aecbnagues
ready well-separated and sometimes significantly | Nf obpueadd ai approdchedsanalhnal

typically when scores are congested. We visualize theY
resulting scaled separation in the libraryngsimultidi-

sefbi rdma@dmphaasi @ sseednsi ti vit
defor mahiiceding epregenéebdl |y

mensional scaling (MDS)] which is a technique used & f ftirnaen s f o(rrmoattsicoanssie @y i ags -

to represent pairwise measures of similarity amongst
set of¢ objects as a set @f points in a lowerimen-
sional Euclidean space while also preserving the
relationship between the objeets best as possible. We

- baseline
~22:.., —— perturbation

Figure 23. IEA 15MW blade interpolation. The spanseminal data (colored crossections with thicker line style) are interpolated alon
piecewise geodesic construction over the Grassmannian. The refinements along the interpolation are shown as the bleéntérefrtating
a diverse set of shapes fonincles through a variety of distinct airfoil classes. Moreover, the blade can be perturbed in a consistent
(same perturbation for each airfoil crosgction) resulting in smooth deformations (colored curves to the right).
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%= (x- miagwnmﬁ
S \_J

X = XM + 1diag(b)
Figure 24. Landmark affine (LA) standardization usedsigpple-
ment computations over the Grassmannian and standardize
variations in the shape to be-ascular-as-possible.

X

of f(eia)si € doth o v2elh i rd efi d r mmact ti

meaningful affine deformationsand undulations in
shapesesultingfrom higherorderpolynomialperturba-
tionscomplicateghedesignprocess.

In this work, we explore a datadriven approach
thatusesa Grassmanniaframeworkto represenairfoil
shapes.The resulting set of deformationsto airfoll
shapess independenbf the very important,and often
constrainedaffine deformationsModernairfoil design
often incorporatesonstrainedesigncharacteristiceof
twist (or angleof-attack)andscalewhich mustbefixed
or treatedndependentlyf higherorderdeformationgo

shapesuchasa rich setof changinginflections. Our

. . . a
infobmelat abfpbgsircealeayarnfto 'gﬁg%ackﬂecoupleﬂhesetwo aspectf airfoil design
n

pr evioaypstliwm bda t(diimpr ¢ o-avd -

offers newinterpretation®f a spaceof shapesnot
previouslyconsidered.

me n s i ppanrad ndeot meafionr n f e rsetnd ti ias't i x\CsAanecanbe representedsa boundarydefined

i nf ordmisngmu fma catndi @ @ g s i3 Dt et@
bl ader esampleartti voly as e ue h ¢

nomisnhaalpes.

Many Al-aided design and manufacturingalgo-
rithms rely on shape parametrization methods to
manipulateshapeso studysensitivitiesapproximaten-
verse problems, and inform optimizations. Two-
dimensionalcrosssectionsof aerodynamicstructures
such as aircraft wings or wind turbine blades, also
knownasairfoils, arecritical engineeringshapesvhose
designand manufacturingcan havesignificantimpacts
ontheaerospacandenergyindustriesResearcltnto Al
and ML algorithms involving airfoil designfor im-
proved aerodynamic, structural, and acoustic
performances arapidly growing areaof work.

While airfoil shapescan appearrelatively benign,
their representatioanddesignarecomplexdueto their
extremeoperatingconditionsin useandthe highly sen-
sitive relationshipbetweendeformationsto the shape
and changesn aerodynamigerformanceThe current
stateof-the-art for airfoil shapeparametrizatioris the
classshapetransformation(CST) method.In this ap-
proach,the upperand lower surfacesof an airfoil are
eachdefined using a classfunction to setthe general
classof the geometryto anairfoil, anda shapefunction
thatusuallytakestheform of aBernsteirpolynomialex-
pansionto describea specificshape The coefficientsin
thispolynomialexpansioraretypically treatedastuning
parameters$o definenewairfoil shapes.

However,defining a meaningfuldesignspaceof
CSTparameteracrosscollectionof airfoil typesis dif-
ficult. Thatis, it is challengingo interprethow modified
CSTparametersvill perturbtheshapeandthusdifficult

to containor boundCSTparameterto producefi r e a s 0

abled aerodynamic shapes. Furthermore, CST
representationsouple largescale affine-type defor-
mation® deformations resulting in significant and
relatively well-understoodmpactsto aerodynamiger-
formancé with undulating perurbationsthat are of
increasinginterestto airfoil designersand manufactur-
ersacrossndustries.This coupling betweenphysically

Lclosedinjectivecurve,dq,mb O a .Inacompu-
fational setting,we representhe 2D airfoil shapeasa
discrete ordered sequenceof landmarks @ N q
forE pfB FE. Thatis, givensomecurve®i , wehave
landmark points @ @i for m i i E

i p. Moving alongthe curve,this discretesequence
of planarvectorsdefiningtheairfoil shapecanberepre-
sentedasamatrix8 @M o N 2, . Important
and often rigorously designed deformationsof the
shapes<anbe written asaffine transformationspplied
to all landmarks- @ A We introducea scalingof
landmarkdata, depictedin Figure 24, to parametrize
new shapedeformationsover the Grassmanmmanifold
(Grassmannian)he natureof thisrevisedparametriza-
tion i d i vo uthéeffect of the first order matrix
operations,8 -, thus preservingthe affine transfor-
mations (combinedwith a translationinvariance)and
offering arichersetof parameterslescribingindepend-
entshapedeformations.

The innovative characteristicof the proposedap-
proachis representingairfoil shapesas elementsof a
Grassmanmanifold : &b 2, ¥@ pairedwith
acorrespondingffine transformatior(invertible 2-by-2
matricesandtranslation)representing subsetof rota-
tion, scaling, and shearingshapedeformations.This
reinterpretatiorof the airfoil shapegivesriseto asepa-
rable parametrization making important subsetsof
deformationandependentallowing designerdo make
interpretableand systematicchangedo airfoil shapes.
For example,one may seekto preserveaverageairfolil
scalecharacteristics while independentlystudyingall
remainingdeformationsasperturbation®vertheGrass-
mannian.Computationally thesenew parametrizations
become

& o
where @ 0 are representativeelementsparametrized
over coordinate® of a datadriven Grassmanniasub-
manifold and 0 & are the separateset of important
scalevariationsasprescribeduy airfoil designersThis
definesapair of independentectorsof parametersof

wolL a
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Figure 25. Four colored parameter sweeps (columns) over two different design spaces (a) and (b). The colors correspond to théodigt
the continuous sweep through parameter space resulting in a new airfoil for each color. (@f-tt@tart CST parameter sweeps lineal
interpolating four random pairs of extremal polynomial coefficients inferred from fits over a diverse set of distinctlasfei$. (b) Grass
mannian random parameter sweeps along four geodesics spanning theasgamehé Grassmannian parametrization shows improveme
the regularization of connected shapes while CST parameter sweeps resukpinysaal (selintersecting) shapes with undesirable oscil

tions.

describinganyairfoil shapeupto translationsThis sep-
arabilityis adesirablecharacteristidor aerospace/wind
turbinedesignersvho regularlyprescribeor fix 0 & N
" butseekundulations® o N : Th intheshape
to definearichersetof airfoil perturbations.

Theutility in thenovelrepresentatiors thesepara-
ble form of theairfoil parametrizatiosuchthatchanges
in 0 areindependenof changesn & Consequety, sev-
eral advantagesre introducedby this representation
including:

9 Dimension reduction using Principal Geodesic
Analysisto defineadominantsubmanifolcof i u n -
d u | a airfoih merdurbationgrom data.

91 Improvedparametedomainoffering regularized
shapeperturbationgievoid of undesirablescilla-
tionsin the shapeasdepictedin Figure25.

1 3D bladerepresentatiorgsshownin Figure23, by
interpolationof a sequencef discreteLA stand-
ardized airfoils (matrices) over piecewise
geodesicof the Grassmanniamwith subsequent
independenceagainst designed affine defor-
mations(twist, scale ,andtranslation).

1 Consistent3D blade perturbationsvia parallel
transportalong blade interpolationas shown by
the coloredcurves(right) in Figure23.
Thefficganb#gers wst earpaptri tca c
decovatl & gpeeise f o r ntaabieosnésad

Large Scale Dynamic Building
System Simulation

Anthony Kearsley

Amanda Pertzborn (NIST MML)
Aaron Chen (Drexel University)
Jin Wen (Drexel University)

The building sector represents the largest primary en-
ergy-consuming sector irhe United States, responsible
for 41 % of the counti@ primary energy, in comparison
to 28 % for the transportation sector and 32 % for indus-
try. Moreover, buildings consume 74 % of the electricity
in the United States, which makes the building sector
significant to the overall smart grid infrastructure. Given
the rapid development of the smart grid and the potential
of buildings to store and generate electricity through de-
mand shifting and transactive control, there is an urgent
need to improve the dynamiinteractions between
buildings and the smart grid, which further calls for ro-
bust and accurate dynamic building energy system
modeling and simulation.

Traditional dynamic building simulations typically
focus on a single building. Howevehose used for
smart grid applicationsiustsimulate large and complex
building energy systems and their interactions among
building clusters that are composed of multiple build-
ings. These result in large systems of coupled,

des caldiDbiert cu r bi a(ieg 2 Bues iomg y potentially ill-conditioned nonlinear systenfsasily in-
fivetpalr amd@heisenov htaieeamd | cluding thousands of equations), that will need to be
i mpr awnead gni fniockena ¢iymb &des esolved rapidlyThus, dficient, robust,and accurate so-
si gvnisaac hli e@r fnanregg e n e rvait A d llution of large sparse nonlinear algebraic and differential

tur ibil meTehsiwe rhkalse e c etp @ leAd
f oresiagManuf acCtomrfief@&hce

[1] OADor o rZiJdrGa ,eaynAl.Gl a ®s a sne ma n
Sh aRepr e s efncdrat 0 d yApppriiccTaot i
appeRrh.ttps:

/| / arxiv.orgl/ abs/ z

equation systems is becoming more and more essential
to meet the demands to simulate large scale multiple
building heating ventilation and air conditioning
(HVAC) scenarios that arcoupled to various complex
energy sources either through the smart grid or other
means, such as district heating/cooling.

In practice, these simulations are decomposed into
geometric zones (sddgure27) where one expects air
flow and thermal conductivity to be similar. Typically,
these zones are comprised of rooms or collections of
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Figure 26. A simple fan/coil unischematic.
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Figure 27. A floor and window view of a typical zone.

closely connected rooms. HVAC systems control tem-

perature and air flow in these zones through coupled
boundary conditions that are matched in what is called a

fisuperblock 0 It is interesting that something as simple
as a fan/coil unit (seleigure26) can result in an approx-
imation whose discretized system is quite hard to solve
More detailed mathematical models which would more
accurately predict the physics of a simple fan coil unit
would result in simulations that would be prohibitively

building engineer seeking to simulate and evaluate a
building HVAC system. Not surprisingly, poor variable
scaling [2] can also lead to a deterioration in numerical
performance but results presented in [1] suggest that
pre-conditioning of inexact Krylov methodse outper-
form more traditional dense solution techniques [3] as
problem sizes growrigure28 demonstrates that the nu-
merical method proposed in [1], here called INB
PSGMRES(m), outperforms Powasll hybrid method
(PH) [4] irrespective of seasonal changes. Harde-
notes the dimension of the Krylov subspace,
traditionally a parameter that is tuned. Of course, the
comparison of CPU time is not exactly a straightforward
one. The PH method was not designed for problems of
this size. However, it provides strong evidenthat
methods like those proposed in §],are very much ap-
propriate for these simulations.

[1] Z. Chen.Advanced Solver Development for Lai§eale
Dynamic Building System Simulatio®’hD. Thesis,
Drexel University, Philadelphia RA2019.

Z.Chen, J. Wen, A. J. Kearsley, and A. J. Pertziscal-
ing Methods for Dynamic Building System Simulation in
an HVACSIM+ Environmentln Proceedings of the 15th
International Building Performance Simtilan Associa-
tion (IBPSA) Conferenge&san Francisco, CA, US, 2017,
20592065.

S. Pourarian, AJ. Kearsley, J. Wen, and A. Pertzborn
Efficient and Robust Optimizatiofor Building Energy
Simulation Energy and Building422(2016)53-62.

M. J. Powell A Hybrid Methodfor Nonlinear Equations
Numerical Methods for Nonlinear Algebraic Equatiahs
(1970) 87-114.

Z. ChenJ. WenA. J. KearsleyandA. Pertzborn Eval-
uating the Performance of an Inexact Newton Meétho
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Z. Chen, A. Kearsley, Wen, and A. Pertzborigmooth-
ing Techniques in Dynamic Building System Simulation.
In 2021 International Conference on Instrumentation,
Control, and AutomatiofiCA) Bandung, Indonesia, Au-
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(2]

3]

(4]

(5]

(6]

expensive. Less detailed mathematical models vyield

more wellconditioned systems that can be solved
quickly but do not provide the flexibility of, for exam-

ple, more complicated scenarios through various
degrees of occupancy, seasons or other factors that must

be considered.
In [1], Chen develops a class of largeale Krylov

methods for solving these nonlinear systems using auto-

matically built preconditioners. A numerical survey of
the performance of thesmethods wasompletedthis

year, [5 6]. Comprised of smaller models, like the one
used to predict fan/coil dynamics, the resulting large

scale systems are assembled at the same time as a pre-
conditioner, both of which would be made available to a
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Numerical Solutionsof the Time
DependentSchrédinger Equation

Barry |. Schneider
HemanGharibnejaqComputationaPhysicsinc.)
LucaArgenti(Universityof Central Florida)
JuanMartin Randazzo(CONICET, Argenting
NicholasDouguet(KennesavstateUniversity)
JeppeOlsen(AarhusUniversity)
RyanSchneide(U. of California San Diego)

Wearedevelopinghumericallyrobustmethoddor solv-
ing the time-dependenSchrédnger equation(TDSE).
Therearethreerelatedresearchihreadsunderway.

1. Developinga hybrid basisset approachusing B-
splinefinite elementdiscrete variable (FEDVR)
andGaussianypeorbitalsorbital to treattheinter-
action of attosecond(10'® sec) radiation with
moleculartargets.

2. Computingthe requiredhybrid basisfunction ma-
trix elementsvia a novel 3D numericalgrid based
onoverlappingatomicgrids.

3. Examiningthe performanceof various numerical
time propagatiortechniquedor the TDSE.

The hybrid basisfunction approachthat hasbeen
developeds quite general but the applicationsto date
have concentrateadn describingthe single and double
ionization of electronsexposedto intense,ultra-fast,
laserradiationin many-body atomicandmolecularsys-
tems.Theseattosecond1078 seq) pulsesprovideanew
window to study the electronicmotion in atomsand
moleculeson their naturaltimescaleTo putthisin con-
text, the motion of electronsresponsiblefor chemical
bindingandelectrontransferprocessef naturehavea
characteristictimescaleof about 100 attoseconds(It
takesan electron152 attosecond$o go aroundthe hy-
drogen atom) Theseprocessesanonly be described
using time-dependenguantummechanics Where ap-
propriate, this need to be coupled to Maxwellés
equationsto describe macroscopicphenomena.Our
overallgoalis to imagequantumphenomenavith sub
femtosecondemporaland sub-Angstrom spatialreso-
lution and to provide coherentcontrol of electron
dynamics Eventually,one cancontemplatgroducing
Amol emaV iad tié motion in much the same
way asit is donein moleculardynamicssimulationsof
heavyparticleprocesses.

The basic methodologyas applied to atoms and
simplediatomicmoleculeshasbeendescribedn [1-11].
Referenceg4] providesa detailedreview of the work.
The essentiahspecthavebeen

1 developmenbf thefinite elementdiscretevariable
method(FEDVR) to spatiallydiscretizethe coordi-
natesof the electrons

1 constructionof numerical grid capable of effi-
ciently computingtherequiredoneadtwo electron
matrix elementsand

1 extension®f the shortiterativeLanczosmethodto
propagatehewavefunctionin time.

Previous efforts have efficiently parallelized the
FEDVR methodusingMPI, shownthatit scaledinearly
with the size of the FEDVR basisand appliedit to se-
lected problems[1-13]. Large scalecalculationshave
beenperformednanumberof atomsandmoleculesis-
ing resourceprovidedby theNSFExtremeScienceand
EngineeringdiscoveryEnvironment{XSEDE).

In morerecentresearctwe havebegunto employa
mixed basisof Gaussianfunctionsat shortrangeand
FEDVR functionsat long rangeto extendour methods
to complex polyatomic molecules.This approachhas
severalimportantadvantage®sver using a single basis
over all of space.First, the use of nuclearcentered
Gaussiangreserveghe local atomic symmetryaround
eachnucleusandavoidsthe poorandoftennon-conver-
gentbehaviorof usinga singlecenterFEDVR basisat
all distancesSecond,oncethe electronis far enough
awayfrom the nuclearcuspsa single centerexpansion
convergesquickly and importantly, can representhe
electronsout to very large distancesisingan approach
thatis veryamenabléo domaindecompositionThema-
jor issueis to computetheoneandtwo electronintegrals
betweerthetwo typesof basisfunctions.Theformalism
we have beendevelopingrequiresas input, transition
density matricesextractedfrom a high-level quantum
chemistrycode,in orderto computethe additionalone
andtwo-electronintegrals.Quantum chemisleppeOl-
senfrom AarhusUniversity hasbeencollaboratingwith
usontheproject.Our researcheammeetson a weekly
basisto discussthe issuesand plans. During the past
year, the density matriceshave beenintegratedinto a
new codecalledASTRA andsomepreliminarytestsof
the code havebeenperformedthat indicatethings are
working asexpected. It shouldbe notedthat this is a
very complex manybody problemand evenwith the
mosttalentedof researcherst is along-termeffort.

The calculationof the oneandtwo-electronmatrix
elementsoverthe hybrid basis,mustbe performed nu-
merically. Given the polycentricnatureof the electron
distributionandthe needto computetheseintegralsto
significantlylargerdistanceshanin quantumchemistry
calculationsjt wasnecessaryo developanefficient3D
integrationscheme One cannotusemethodswhich fix
the coordinatesystemat a singlepointin spaceasthey
areatbestvery slowly convergenaindoftendo not con-
verge at all. To overcomethat, a popular approach
developedy Axel Beckebasednthepartitionof unity,
definesatomic grids, centeredon the atomswherethe
grid pointsareappropriatelyweightedto satisfythepar-
tition of unity. The original methodof Beckerequired
substantiamodificationfor our purposesWe requirea
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centralgrid thatcandescribehemuchlargerintegration
regionwithout too muchcontaminatiorfrom the points
on the nuclearcentersTo accomplishthat, we definea
new partition of unity that constrainsthe atomic grid
pointsto small atomic spheresA centralgrid is then
addedto take care of the interstitial and longerrange
parts of configuration spacewhere the atomic grid
pointsareforcedto vanish.The new partition of unity
doesremarkablywell in performingvery accuratdnte-
grationfor integrandshaving nuclearcuspsaswell as
oscillatingatlargerdistances.Thework hasbeencom-
pletedanda paper14] describingt hasbeenpublished.

Lastly, we havebeenengagedn effortsto general-
ize the short iterative Lanczos(SIL) methodusedto
integratethe TDSE efficiently andaccuratelyfor much
longertimes[15]. An integral equationformalism has
beendevelopedwhich exploitsthe fact that part of the
Hamiltonianis alinearoperatorandcanbetreatedusing
an exponentialpropagatorwhich is exactly what the
SIL provides.Theremainderterm,involving atime in-
tegral over the residualinteraction and the unknown
wavefunction,is computedby numerical integration
over the large time stepusing the SIL on eachof the
termsin the integrand.To do the integralrequiresthat
we havea previousapproximatiornto the wavefunction.
Thus, the entire schemeis iterative, starting with the
wavefunctionfrom the previoustime step.

We havebeencollaboratingon this projectwith a
mathematicsgraduate student, Ryan Schneider, at
UCSD. Ryanwasinitially supportedy the Mathemat-
ical SciencesGraduatelnternship(MSGI) programof
the NSF andworkedremotelywith usfor almostthree
monthsin 2019.We havecontinuedto work with Ryan
sincethe endof the internshipasthe work wasnot fin-
ishedand Ryan was eagerto continue.While Ryanis
mainly occupiedwith his PhD. degree he remainsac-
tive, working on the problemparttime. He hasapplied
to theMSGI programagainandwe hopeto obtainfinan-
cial supportfor hisresearchduringthe summerof 2022.

Forcompletenessye alsoreferenceareviewpaper
[16] by Schneiderand Gharibnejacdthat was published
in Nature ReviewPhysicswhich receivedthe ITL Out-
standingJournalPaperawardin 2020.

[1] J.Feist,S.NageleR.PazourekE. PerssonB. I. Schnei-
der, L. A. Collins, and J. Burgdérfer Nonsequential
Two-PhotonDoublelonizationof Helium. PhysicalRe-
viewA 77 (2008) 043420.

[2] X. Guan,K. BartschatandB. |. SchneiderDynamicsof
Two-photonlonizationof Heliumin ShortintenseXUv
LaserPulsesPhysicalReviewA 77 (2008) 043421.

[3] X. Guan,K. BartschatandB. |. SchneiderTwo-photon
Double lonization of Hz in IntenseFemtosecond.aser
PulsesPhysicalReviewA 82 (2010) 041407.
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in MathematicaPhysics Springer,New York, 2011.
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(2012),043419.
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Hz by Femtosecon®XUV LaserPulsesPhysicalReview
A 88(2013) 043402
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Alignment and Pulseduration Effects in Two-photon
Double lonization of H2 by FemtosecondXUV Laser
Pulses PhysicalReviewA 90 (2014) 043416

[9] B.I. Schneiderl. A. Collins, X. Guan K. Bartschatand
D. Feder Time-DependeniComputationalMethodsfor
MatterUnderExtremeConditions Advancesn Chemical
Physics157 (2015) Proceeding®f the 240 Conference:
Sciencés GreatChallenges(A. Dinner,ed.),JohnWiley.

[10] B. I. SchneiderX. Guan andK. BartschatTime Propa-
gation of Partial Differential EquationsUsing the Short
Iterative LanczosMethod and Finite-Element Discrete
Variable RepresentatiamAdvancesn QuantumChemis-
try 72 (2016) 95-127.

[11] B. I. Schneider How Novel Algorithms and Accessto
High PerformanceComputing Platforms are Enabling
Scientific Progressin Atomic and Molecular Physics
Journal of Physics: Conference Series 759 (2016)
012002.

[12] B.I. SchneiderLooking Backat45 Yearsof Computa-
tional PhysicsandChemistry.Computingin Scienceand
Engineeringl9 (SeptembeOctober2017),4-5.

[13] B. I. Schneiderl. A. Collins,K. BartschatX. Guan and
S. X. Hu. A Few SelectedContributionsto Electronand
PhotonCollisionswith H2 andHz*. Journal of Physics
50(2017) 214004

[14] H. Gharibnejad N. Douguet,B. I. SchneiderJ. Olsen,
andL. Argenti, A Multi-CenterQuadratureSchemefor
the MolecularContinuum ComputerPhysicsCommuni-
cations,263(2021),107889
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A ScienceGatewayfor Atomic,
Molecular and Optical Science
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Lincoln Carr (ColoradoSchoolof Mines)
KlausBartschat(Drake University)
KathrynHamilton (Drake University)
OlegZatsarinny(Drake University]|Deceased]
Igor Bray (Curtin University,Australia)

Armin Scrinzi(Ludwig-MaximiliansU., Germany)
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NicholasDouguet(KennesavstateUniversity)

An internationaleffort hasbeenunderwaysince early
2019to developand maintaina ScienceGatewayfor
Atomic MolecularandOptical Sciencd AMOSG)[1,2].
Thegatewaywasrenamedrom a ScienceGatewayfor
Atomic, and Molecular Physics,to a ScienceGateway
for Atomic MolecularandOptical Scienceto reflectthe
broadematureof the ongoingactivity The purposs of
the gatewayareto (1) collectandmakeavailableto the
communitya setof advanceccomputationakools that
are actively being usedto study atomic and molecular
collisionsandtheinteractionof radiationwith atomsand
molecules (2) provide educationamaterialsfor begin-
ning andadvancedisersdesiringto learntheideasand
conceptof AMOS, both theoreticalandcomputational
and(3) makeavailableto the broadcommunityatomic
and moleculardataneededfor many applications The
availability of collision datais critical to manyareasof
physicsincludingastrophysicsfusionenergy the study
of lighting andmicroelectronics.

Codesfor modeling and simulation of such phe-
nomenahave been developedin specific groups by
graduatestudentsandpostdocdutareoftenpoorly doc-
umentedandunavailableoutsidethe groupdeveloping

the software This leadstofi r e i n hewh & @lg o

too many instances.Maintaining thesecomputational
tools aswell asenhancingheir capabilities is one of
the major goalsof the projectandis critical to ensure
continuedscientificprogressn AMOS.
Anotherimportantgoalis to enablethe codedevel-
opersthemselveso comparehe calculationof specific

well-defined problemsusing different methodologies.

This enablegheverificationof resultsof differentcodes
and encouragescomparisonwith experiment,where
available It hasalreadybeendemonstratethatafew of
thesecodesareoftenmoreaccuratehanexperimentnd
thusprovidea predictivecapabilitywhenexperimental
resultsareunavailable.

At the outsetthegroupacknowledgedhat,in con-
trastto someothercommunitiesthe AM OS community

haslaggedbehindin developingcommunitysupported
softwarepackageghat are robustand usedby others.
Thegroupwasconvincedhetime hadarrivedto change
existing practices and make thesetools availableand
easily usedby future generation®of AMP scientistsas
well asthedevelopershemselves.

The group wrote a proposalto the NSF XSEDE
programto fund someinitial developmenof the gate-
way. The proposalwas successfuland importantly,
providedthe developersvith somehandson assistance
from the ExtendedCollaborativeSupportServicesarm
of XSEDE.Thiswasvital to thesucces®f theeffort. In
particular,we acknowledgehe importantcontribution
of SudhakaPamidighantanof IU in makingour ef-
fortsasuccess.

Therehave beensomeimportant advancesluring
the currentreportingperiod: (1) the original web pages
for the gatewayhave beencompletely revampedand
new materialhasbeenadded(2) the original six major
codeschoserfor initial deploymenhavebeenexpanded
to include elevencodesand many have alreadybeen
ported to at leastthree XSEDE supercomputers(3)
thereis an early versionof an API availableto enable
usersto perform calculationswith at leastone of the
codestRecX, and (4) NIST hasawardeda contractto
IndianaUniversity to further developthe neededGUI
interfaces.

Theneedfor longertermsupportfor the projecthas
beenrecognizedhsanessentiaingredientto its ultimate
successTo thatend,thegroupspentconsiderableffort
duringthefall of 2020in writing anNSFproposato the
Cyberinfrastructurdor Sustainednnovationprogram.
Thatproposalwasnotsuccessfulbutit hasbeenrewrit-
ten and resubmitted for the current competition.
ProfessorLincoln Carr, of the Colorado School of
Mines, remainsthe projectPl. Co-P | é&rsSudhakar
Pamidighantamfrom IU and Klaus Bartschatfrom
Drake University. In addition,NicholasDouguet,from
KennesawsState andRobertLucchesdrom LBNL have
joined Schneideras SeniorlnvestigatorsThe proposal
wassubmittedrom the ColoradoSchoolof Minesasthe
lead organization.The involvement of the Colorado
Schoolof Mines in the project hasenabledus to get
neededesourcedo developthe portal pagesinto what
hasbecomeavery professionastate. Thecurrentportal
containsgood descriptionsof the codes,the peoplein-
volved, links to documentation,a bibliography, a
preliminarydatarepositoryandsomenicegraphicaima-
terialillustratingafew of thecalculationghathavebeen
donewith thecodes.

[1] B.l. SchneiderK. BartschatO. Zatarinnyl. Bray, A.
Scrinzi F. Martin, M. Klinker, J.Tennyson,J. Gorfink-
iel, andS. PamidighantaA ScienceGatewayfor Atomic
andMolecularPhysics 2020.URL: arXiv:2001.02286

[2] B.I. SchneiderK. BartschatQ. Zatsarinny K. Hamil-
ton, I. Bray, A. Scrinzi, F. Martin, J. G. Vasquez,J.
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TennysonJ. Gorfinkiel, R. Lucchesg and S. Pamidig-
hantam Atomic and Molecular ScatteringApplications
in an ApacheAiravataScienceGateway In PEARC'20:
Practiceand Experiencan AdvancedResearchiCompu-
ting, July 2020,DOI: 10.1145/3311790.3397342

B. . Schneiderfi At o andMplecularScatteringAp-
plications in an Apache Airavata ScienceGat e wa
PEARC '20: Practiceand Experiencein AdvancedRe-
searchComputing Online, July 2020.

(3]

Computing lll -PosedTime-Reversed
Dissipative Evolution Equations

Alfred S.Carasso

lIl-poseddeconvolutionproblemsand relatedtime-re-
versed dissipative evolution equations, pervade
measuremergcienceandareimportantin severalother
technologicabpplicationsIn numerouscientfic meas-
urementstheinstrumentpoint spreadunctionis a bell-
shapedlistributionthatmay be well-approxmatedby a
Gaussian,or by a heavytailed indefinitely divisible
probability density,often with parametershatareonly
tentativelyknown. Reformulatingthe integralequation
deconvolutiorprobleminto anequivalentime-reversed
generalizedliff usionequation providessignificantad-
vantagesMarchingbackwardin time stepwisefrom a
positivetime“Ytotimeo T, allowsthedeconvolution
to unfold in slow motion, providestheability to monitor
thatprocessandthepossibility of terminatingit prior to
time 0 T, to preventseriousnoise contamination
and/or developmentof ringing artifacts. Such an ap-
proach,involving backwardfractionaland logarithmic
diffusionequationshasbeensuccessfullyappliedin im-
agedeblurringof MRI andPET brain scansnanoscale
scanningelectronmicrographsandgalacticscaleHub-
ble SpaceTelescopeémagery[1-3].

In othercontextsmuchsucces$asbeenachieved
in environmentaforensicsfor example by solvingad-
vection diffusion equationsbackwardin time to locate
sourcef groundwatercontaminatiorj4]. In numerical
weathempredictionandothergeophysicatomputations,
data assimilationinvolving time-reverseddissipative
equationsplays a major role in initializing prediction
models[5-8].

While iterative methodsare often usedto solveill -
posedevolutionequationssuchmethodsaretime-con-
sumingandoften developstagnatiornpoints. Recently,
apowerfulnoriterativedirectapproacthasbeendevel-
oped for time-reversed multidimensional nonlinear
dissipativeequationsbasecdn stabilizingexplicit back-
ward marching finite difference schemes. An
appropriateeasilysynthesizedompensatingmoothing
operatoris appliedat everytime stepto quenchthein-
stability. The stabilized scheme now becomes
unconditionally stable, but slightly inconsistent,and

eventuallyleadsto adistortionawayfrom the true solu-
tion. Thisis the stabilizationpenalty However,in many
problemsof interestthe cumulativeerroris sufi ciently
smallto allow for usefulresults.In aseriesof paperq9-
16], suchstabilizedscheme$avebeensuccessfullyap-
plied to interestingclassesof time-reversednonlinear
Yinittal value problemsfor parabolicequationsyiscous
wave equationscoupledsoundand heatow, thermoe-
lasticvibrations,2D viscousBurgersequationsand2D
incompressibleNavierStokesequations Suchcompu-
tationshadnot previouslybeenconsideregossible.

Data Assimilation in 2D ViscousBurgers Equation.
The 2D viscousBurgersequatioris acoupledsystenof
two nonlinearequationsin two unknowns,6 o h
0 afufd 8n [13], theill -posedproblemof backwardre-
coveryfrom inexactdataatanappropriatelychoseriY
mhis studied.Rigorousuncertaintyestimatesn [17, 18]
requireasufficientlysmall”Y 1, aswell assufficiently
small solutionderivativesonm 0 “Y for usefulre-
covery.

A fundamentallydifferenttime-reversedgroblemis
discussedn [16]. In a boundeddomainm O Y hwith
homogeneouboundaryconditionson? mhandno forc-
ing term,thefollowing dataassimilation/inverselesign
problemassociatedvith thatsystemis considered:

Find initial values 6 dmh) & that can
evolveinto a close approximationto a desired
targetresult 6° &iYhy® 1Y at somesuitable
v T8

Here,in contrastto [16], highly non smoothtargetdata
are consideredhat maynot correspondto actual solu-
tionsattime "Y andit maynot be possibleto find such
initial values.Sucha 2D viscousBurgersproblemhas
not previouslybeenstudied.For the 1D Burgersequa-
tion, data assimilation is discussedin [5-8], using
variousiterativemethods.

Using a direct noniterative method based on
marchingbackwardin time with a stabilizedexplicit fi-
nite-difference scheme,a large class of examplesis
presentedn [16] where,with realisticvaluesof 'Y T,
and Reynoldsnumbersas high as 18000, useful initial
valuescan be found that evolve into good approxima-
tionsto the desiredtargetdata,with modestlysmall 0
relative errors.Importantly,therearealsounsuccessful
examples.

Numericalexperimentpresentedh [16] involve 8-
bit, ¢ v @ ¢ v gixel gray-scaleimagesdefinedby non
differentiableintensitydatathatwould be quite difficult
to synthesizemathematicallySuchimagesposesignifi-
cant challenges in ill-posed reconstruction and
constituteaninvaluableexploratorytool in awide vari-
ety of dissipativeevolutionequations.

In Figure 29, the leftmostcolumn containsthe de-
sirednonsmoothtargetdataat¢® p 11, representing
imagesof the SydneyOperaHouseandJoanCrawford,
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Figure 29. Successfulata assimilation in 2D viscous Burgers equation from target gie p 1,

COMPUTED AT TIME 0

ACHIEVED ATTIMET

wi t h Reynol usignonn

differentiable Sydney Opera House and Joan Crawford images. Data in rightmost @gprorimates desired target data in leftmost colt

with an L* relative error less than 3 for each image.

with aReynoldsNumberof 18000.Marchingbackward
in time with thesedataleadsto candidatenitial values
at time 0 1, shown in the middle column. When
marchedforwardin time, thesedatanow producea so-
lution to the2D Burgersequatiorshownin therightmost
column.However,sincethe leftmostcolumnwasnot a
solution, the rightmost column cannotbe expectedto
match. Nevertheless successfuldata assimilation is
achievedin thatthe¢ v @ ¢ v iptensitydatain eachof
the rightmostimages,approximateghe corresponding
targetintensity datain the leftmostimages,with an 0
relativeerrorlessthan9 %.

An exampleof unsuccessfullataassimilationwith
the same”Yvalue and ReynoldsNumber,is shownin
Figure30. There thedesiredargetalphanumeriémage
atthetop of theleftmostcolumn,is very poorly approx-
imated by the assimilatedimage at the top of the
rightmostcolumn,with an0 relativeerrorof 174 %.
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and USAF Chart image®ata in rightmost column approximates desired target data in leftmost columh’wétlative errors of 174% for the
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Computational Toolsfor Image and
ShapeAnalysis

GunayDo | an

JavierBernal

Jamed_awrence

CharlesR. Hagwood(NISTITL)
PrashantAthavale(ClarksonUniversity)
Emmanueltindama(ClarksonUniversity)
PeterLef (ClarksonUniversity)

Harbir Antil (GeorgeMasonUniversity)
SoererBartels(Universityof Freiburg)
OlakunleAbawonséSUNYBinghamton)

The maingoalof this projectis to developefficientand
reliable computationakools to detectgeometricstruc-
tures, such as curves, regions, and boundaries,from
given direct and indirect measurementse.g., micro-
scopeimagesor tomographianeasurementgswell as
to evaluateand comparethesegeometricstructuresor
shapesin a quantitativemanner.This is importantin
manyareaf scienceandengineeringwherethe prac-
titioners obtaintheir dataasimages,andwould like to
detectandanalyzethe objectsin the data.Examplesare
microscopyimagesfor cell biology or micro-CT (com-
puted tomography) images of microstructures in
material science shoeprintimagesin crime scenedor
footwearforensicsin FY 2021,advancesveremadein
the two fronts of this project:imagesegmentatiorand
shapeanalysis Pythonimplementation®f solutionsfor
problemsin theseareaswverereleasedanddocumenta-
tion and exampleswere provided.In the following, we
providemoredetailson the specificwork carriedout.

Image Segmentation This is the problem of finding
distinctregionsandtheir boundariesn givenimageslt
is a necessarylataanalysisstepfor many problemsin
cell biology, forensics,andmaterialscienceaswell as
otherfields in scienceandengineeringln FY 2021,G.
D o | andhis collaboratorsontinuedto work on mul-
tiple strategiegor imagesegmentation.

Thefirst of thesestrategieduildsonimplicit repre-
sentation®f imageregionsby embeddinghemin phase
field functions,developedpreviouslyby D o | andhis
collaboratorsH. Antil andS. Bartels.Initial guesse®f
regioncandidatesreplacedon theimage,andthe cor-
respondingphasefield functionis evolvedin a manner
optimizing a datafidelity andboundaryregularityterm.
Thisalgorithmtendsto producewell-definedsegmenta-
tions without stray pixels. D o | antroduced further
improvementdo this algorithmin FY 2021 anddocu-
mentedits performancewith detailedexperimentsThe
algorithmandthe experimentaredescribedn [1].

D o j alsocontinuedo work with formergraduate
intern O. Abawonseon their implementationranimage
segmentationalgorithm that leveragesa convexified
version of a piecewiseconstantsegmentatiorenergy.

This algorithm is useful for obtaining two-phaseseg-
mentatias, i.e., backgrouneforeground segmentation
of grayscaldmages.Theyarecurrentlywriting a paper
describingthis work.

In orderto segmentmorecomplicatedmagessuch
as natural imagesand otherswith complex textures,
D o ] pumsuedadifferentapproachcombiningtexture
featuresandmachindearningalgorithms.Thisworksin
threesteps.First a givenimageis convertednto a fea-
ture image,using a setof pre-definedtexturefeatures.
Thena subsebf the imagefeaturesis selectedand as-
signedclasslabelsto representhedistinctregionsto be
identified. Thelabelscanbeassignedy auseror aclus-
tering algorithm. Finally, the labeledsubsetis usedto
train a classificationalgorithm, suchas supportvector
machines(SVM) or randomforests,which, in turn, is
usedto labelthe remainingimagefeaturesandthe cor-
responding pixels. The output of the classification
algorithmis the desiredsegmentationAn examplecan
beseenin Figure31.

D o j acontinued his collaboration with P.
Athavale, E. Atindama, and P. Lef (who also was a
SURFstudenin ACMD) onpreprocessingndsegmen-
tation of orientation images of microstructures.
Orientationimagesmorespecificallyelectronbackscat-
ter diffraction (EBSD) images,often comewith many
misorientationpixels, which have the appearancef
noise,andmay haveregionsof missingdata. To allevi-
atetheseissuesthey havebeendevelopingPDE-based
denoisingand inpainting algorithmsto produce high
quality reconstruction®f the EBSD images.They fur-
therimprovedtheir algorithmsin FY 2021in termsof
efficiencyandquality of reconstructionsA critical nov-
elty was a new preprocessingalgorithm that they
developedo removecertainartifactsspecificto orien-
tation images. A Python implementation of their
algorithmis completed.They are currentlyworking on
apaperdescribingthesealgorithms.

Shape Analysis. A natural approachto analyzeand
compareobjectsin images and datais through their
shapesanaspecthatis invariantto rotation,translation,
and scaling. Shapebasedanalysiscan facilitate object
recognitionandcanprovideamoreintrinsic way to per-

form statisticsof geometricdata. Previously,Do ] a n,

Bernal,and Hagwooddevelopedan efficient optimiza-
tion algorithm to computethe elastic shapedistances
between2d closed curves|[2, 3, 4], building on the
squareroot velocity frameworkof Srivastaveaet al. [6,
7]. This shapedistanceis the fundamentalbuilding
block for shapeanalysis.

In FY 2020andFY 2021,Bernalandcollaborators
[5] extendedhe work of Srivastaveet al. [6, 7] for the
elasticregistrationof two simple curves,originally in
two dimensionsto higherdimensionsandsimilarly the
elasticshapedistanceto higherdimensionsaswell. As-
suming the first curve that we considerhas multiple
possiblestartingpoints,andthesecondturvehasafixed
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Figure 31. Segmentation (right) ofa a t umagel(left) with complex texture usiag mac hi ne

texture features

startingpoint, Srivastaveet al. computethe shapedis-
tanceone starting point (of the first curve) at a time.
They minimize an L, type distancebetweenthe curves
using alternatingcomputationsof optimal diffeomor-
phismsof theunit intervalandoptimalrotationmatrices
that reparametrizeand rotate one of the curves[6, 7].
Building on this previouswork, Bernalet al. presented
a dynamicprogrammingalgorithmto computeoptimal
diffeomorphismdor curvesin anydimensionsn linear
time complexity[5]. Moreover they justified a key al-
gorithm for computing optimal rotationsin a purely
algebraicmanner namely,the KabschUmeyamaalgo-
rithm for computingoptimal rotation matrices,which
usesthe singular value decompositionof the rotation
matrix. In addition,Bernalet al. presenteda procedure
in [5] to minimize the L type distancethat alternates
computationof optimal diffeomorphismswith succes-
sive computationsof optimal rotation matricesfor all
startingpointsof thefirst curve.Carryingout computa-
tionsthis way is not only moreefficient on its own, but
alsoif bothcurvesareclosedit allowsusto usethe Fast
FourierTransformfor furtherefficiencyto computeop-
timal rotationmatrices.

Currently, work is underwayto extendthe shape
analysisframework[7, 8] to surfacesnhamely,elastic
registrationof two simplesurfacesn threedimensional
(3D) spaceandthenthe elasticshapedistancebetween
them.Previouswork on this problemwascarriedoutby
Kurtek et al. [10]. With a simple surfacedefinedasa
parametrizedgurfacein 3D spacethatis, therangeof a
oneto-one function from an elementaryregionin the
planeinto 3D spaceBernaldefineda shapeunction of
a parametrizedsurfacein 3D spacedifferent from the
onedefinedby Kurtek et al., andestablishedomefun-
damentatesultsaboutthisfunction.A similardefinition
andsimilarresultswerepresentedn [5, 6, 7,8, 9] in the
contextof the shapdunctionof aparametrizea¢urvein
di di me n space.Baseldon this definition of the
shapdunctionof aparametrizedurface Bernalalsode-
fined the elastic shape distance between two

|l earning

algor

parametrizedsurfaces.This is doneat first by repara-
metrizingoneof the surfaceghroughthe minimization
of adoubleintegralin termsof homeomorphismé&om
the elementaryegionthatis partof thedefinition of the
parametrizegurfacespntoitself (thehomeomorphisms
having Jacobian®f positive determinant)and later by
rotatingoneof thesurfacesy minimizingthesamedou-
ble integral in terms of rotationsof the surface.He
demonstratethatthis distanceis well definedusingar-
gumentssimilar to thoseusedto justify thedefinition of

the distancebetweencurvesin di d i me n spacenn a |

[7, 8]. Next stepswill be focusedon developingan al-
gorithm or heuristicto minimize the aforementioned
doubleintegralto computeoptimalhomeomorphisms.
Using different shaperepresentationsr different
versionof thealgorithmdeadto diff erentshapedissim-
ilarity metrics, and this brings the questionof which

metricwould performbest.In thepreviousyearsD o | a n

andFleisig(UC Berkeley)developed Pythonprogram,
VEMOS (Visual Explorer for Metrics Of Similarity)

thatcanbe usedto evaluateandcomparemultiple com-
peting similarity/dissimilarity metrics,including shape
dissimilarity metrics. VEMOS is usefulfor applications
beyondshapedistances;jt can be usedin a versatile
mannerto evaluate multiple alternative dissimilarity
metricsfor heterogeneoudatasets,including images,
shapespoint cloudsand otherdatatypes.In FY 2021,
D o j eontinuedto developVEMOS, madebug fixes,

andaddednewfeaturesA reportdescribingcapabilities
of VEMOSwaspublishedasaNIST technicahote[11].

[1] H.Antil, S.Bartels,andG.D o | .# RegionBasedSeg-
mentationModel with FractionalDiffusion for Improved
BoundaryRegularizationln preparation

[2] G.Do] d.Bernal,andC.R.Hagwood FastAlgorithms
for ShapeAnalysisof PlanarObjects In Proceedingof
the IEEE Conferenceon ComputerVision and Pattern
RecognitionCVPRAL5), Boston,MA, June2015.

[3] G. Do alnBernal, and C.R. Hagwood FFT-based
Alignmentof 2d ClosedCurveswith Applicationto Elas-
tic Shape Analysis In Proceedings of the 1st
International Workshop on Differential Geometryin
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Computeisionfor Analysisof ShapesimagesandTra-
jectories(DiffCV al5), SwansealJK, SeptembeR015.

J.Bernal,G. D o | ,amd C.R. Hagwood FastDynamic
Programmingfor Elastic Registrationof Curves In Pro-
ceedings of the 2nd International Workshop on
Differential Geometryin ComputerVision and Machine
Learning(DiffCVML @16), LasVegas,NV, July 1, 2016.

J.Bernal,J.LawrenceG.D o | amdC.R.Hagwood On
ComputingElastic ShapeDistancesBetweenCurvesin
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DataAnalysis Springer 2016.

J.Bernal ShapeAnalysis,Lebesgudntegrationand Ab-
soluteContinuity ConnectionsNISTIR 8217, 2018.

S.H. Joshi,E. KlassenA. Srivastavaandl. H. Jermyn
A Novel Representatiorfor RiemannianAnalysis of
ElasticCurvesin R". In Proceeding®f the|[EEE Confer-
ence on Computer Vision and Pattern Recognition
( CV P R Miinkapolis MN, June2007.

[10] S. Kurtek, E. Klassen,Z. Ding, and A. Srivastava A

Novel RiemanniarFrameworkfor ShapeAnalysisof 3D
Objects In Proceeding®fthel EEE Conferencen Com-

puter Vision and Pattern Recognition( CV P R &an0 ) ,

FranciscoCA, June2010.

[11] E.FleisigandG.D o j .&BMOS: GUI for Evaluationof

Similarity Metrics of Complex Data Sets NIST Tech-
nical Note 2160, June 2021, 34 pages. DOI:
10.6028/NIST.TN.216

Seminorm Regularization of Linear
Inverse Problems

Matthew J. Roberts
Mark S. Gockenbach (University of Delaware)

problem of this type occurs in the case thi an inte-
gral operator oven closed and bounded domain, and
more generally, whenevdris a compact operator (see
[2] and [5]). One way to deal with this is by using semi-
norm regularization. We consider the following
problem: Determine solutiotto the problem

NI’ EﬁT/E’Y() OE i Dé&E E 5.
Here,L is an operator (such as the derivative operator),
and_ is a scalar greater than 0. The solutiois the
seminorm regularized solution. The idea is to choose an
operatolL that reflects an undesible feature in the so-
lution x. For example, if the solution to (1) is highly
oscillatory, a good choice fdarwould be the derivative
operator

The generalized singular value expansion (GSVE)
can be used to simultaneously diagonalize the operator
pair (T, L) in problem (1) (see [3], sections 2 through 4).
This makes determining the solutianof (1) transpar-
ent.In practice the operator paif,(L) is discretized by
the pair of finite dimensional operatoi&,(Ln), where
ashY 0, the olple)geestoll)ipsomne
sense. It was shown in [4] that the GSVET{ () con-
verges to the GSVE of(L)ashY 0 T,V fT andLy
Y Linthe operator norm asY O .

Building on this work, together with results from
[1], we have been able to degithe rates of convergence
of the approximate generalized singular vectorsTaf (
Ly) to the true generalized singular vectorsTofl). Nu-
merical examples show that these derived rates of
convergencare the best possible in the case of varia-
tionalapproximation. Such results will be most useful in
error analysis pertaining to seminorm regularizatidn.
manuscript with these resultsin review

In addition, we have been able to derive the rate of
convergence of the generalized singular value€Tgf
L) to the true generalized singular valuesTfl). We
havealsobeen able to prove that there is an improved
rate of convergence of the generalized singular values in
the case of variational approximation. These results

Linear inverse problems arise in many applications per-have been documented intoezzend manuscript that we
taining to measurement. In general, a linear inverseNope to submit for publication in the near future.
problem is posed as follows: Determine solutidm the
equation

Yo ah

wherey is a measurement gf. Here,x, y, andy* are
usually functims in a function space such %0, 1),

and this is the setting we will assume. The basic question

is the following: ify is a good estimate gf , then isxa
good estimate of the true solutign? Here,

Yo3 w8

The inverse problems of interestsaiwhen the so-

lution x does not continuously depend on the gafhis
means that an accurate measureryerity’ canstill re-
sult in a large distance betwe&rand X*. An inverse

[1] D. K. CraneM. S. Gockenbachtand M.J. RobertsAp-
proximatingthe Singular Value Expansiaf a Compact
OperatorIn review.

[2] H.W. Eng| M. Hanke, and A. NeubaudR®egularization

of Inverse ProblemsKluwer Academic Publishers

Group, Dordrecht, 1996

[3] M. S. GockenbachGeneralizing the GSVISIAM Jour-
nal on Numerical Analysis4 (2016) 2417 254Q

[4] M. S. GockenbachndM. J. RobertsApproximating the
Generalized Singular Value Expansi&AM Journal on
Numerical Analysi$6:5 (2018, 27762795

[5] M. S. Gockenbach.Linear Inverse Problems and
Tikhonov RegularizatigMAA Press, 2016
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Mathematics of Biotechnology

As proofof-concepacademiworkin engineeringiologyneetshe marketrealitie®f bringindabsciencéo product
initiationtherearequestiong howto compae biologicgdroductaneasurevhethedesiredutcomearerealized,
andoptimizebiologicadystem®or desiredehaviordNISTisworkingo delivetoolsandstandards measuresuch
biologicakchnologiesutputsandprocessesomhealthcaréo manufacturingndbeyondwe supporthiseffort
withthe developmeminddeploymerdf innovativenathematicahodelingnddataanalysigechniqueandtools.

AdvancedData Analysis for
Diagnostics,Biometrology, and
COVID-19

Paul Patrone

AnthonyKearsley

PrajaktaBedekar

Rayannd.uke
ChristopherHeaney(JohnsHopkinsUniversity)
Nora Pisanic(JohnsHopkinsUniversity)
YukariManabe(JohnsHopkinsUniversity)
David ThomagJohnsHopkinsUniversity)

The on-going COVID-19 healthcrisis hashighlighted
the critical needfor advancednetrologytools that can
beusedin bothclinical andresearclsettings For exam-
ple, accurataliagnostidestingis neededo characterize
epidemiologicapatternsmanagehealthcarenfrastruc-
ture,andidentify optimalpolicy decisionsMotivatedby
suchissuesseveralktaff membersn ACMD havebeen
collaboratingwith arangeof internalandexternalstake-
holderson projectsrelatedto antibodymeasurements.

In FY 2021, severalof us deriveda seriesof new
resultsshowingthatdiagnosticclassificationassociated
with antibodyassaysan be recastas an optimization
problem.From a dataanalysisstandpointthe underly-
ing measurementseturn a valuei associatedvith an
antibodylevel, which usedto classifya sampleasposi-
tive or negative,say for having been infected with
SARSCoV-2. A canonicaimethodassigns to thepos-
itive or negativeclasseslependingon whetherthe data
falls into oneof two domainsO or’O thatpartitionthe
measurementspace. However, we recently demon-
stratedthat the optimal (i.e., minimum error) domains
aregivenby

O idy o p Nnoi
O idy oi p RO
whered 1 and( | aremodelsquantifyingthe condi-

tional probability that a positive or negative sample
yieldsavaluei , andr is thediseasgrevalencdl]. We
alsoprovedthatunbiasecdstimate®f prevalenceanbe
constructedfrom a counting exerciseindependentof
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Figure 32. lllustration of the classification method developed in [
Red x and blue o correspond to samples that are known to be
tive and negative for SARSV-2. The measurements a
associated with two different methods of quantifying antibodies
[2] for details. The yellovgreen domain is the positive classific
tion domain, whereas dark blue is the negative classifice
domain. The light blue domain is the holdout domain. The oric
assay defined the upper two quadrants of the plot as the po
domain, the lower right as the negative domain, and the lowel
as the holdout domain. The optimal method maintains testing «
racy while reducing the fraction of holdouts by more thaf4l0

sampleclassificatiorbut still dependentntheseproba-
bility models[1]. Thus,we reducedall diagnosticgo a
problemof correctlymodelingprobability distributions.
Following up on this, we begana seriesof collabo-
rations with the School of Public Health at Johns
HopkinsUniversityto improvedataanalysisassociated
with salivabasedSARSCoV-2 antibodytests.A fun-
damentaproblemwith suchassayss thevariablenature
of the measurementonditions,given that daily activi-
ties such as drinking water may dilute samplesAs a
result,it is sometimesecessaryo hold out samplesf
they aretoo diluted and/ordo not appearto containa
meaningfulsignal. However,doing so alsowastegime
andresource$f alargeamountof the datamustbedis-
carded. To addressthis problem, we formulated a
constrainedoptimization problem that minimizes the
size of the holdoutdomainwhile maintaininga given
classificationaccuracyfor the remaining samples[2].
Interestingly, the solution to this problemis given in
termsof thebathtubprinciple.In the contextof diagnos-
tic testing, this principle statesthat we hold out points
from the measuremerdpacewith the lowestlocal clas-
sificationaccuracyupto athresholdthatdepend®nthe
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targetclassificationaccuracy Figure 32 showsthe re-
sults of this analysisappliedto a SARSCoV-2 assay
developedat JohnsHopkinsUniversity.

[1] P.N. PatroneandA. J. Kearsley ClassificationUnder
Uncertainty: Data Analysis for Diagnostic Antibody
Testing MathematicaMedicineand Biology: A Journal
of the IMA 383 (2021), 396/416. DOL
10.1093/imammb/dgab007

[2] P.N. PatroneP.BedekarN. Pisani¢ Y. C. ManabeD.
L. Thomas,C. D. Heaney,andA. J. Kearsley.Optimal
DecisionTheoryfor DiagnosticTesting:Minimizing In-
determinateClasseswith Applicationsto SalivaBased
SARSCoV-2 Antibody Assaysln review.

Data Analysis for Quantitative
PolymeraseChain Reaction
Measurements

Paul Patrone

AnthonyKearsley

RobertDeJaco
PeterVallone(NISTMML)

Erica RomsogNISTMML)

Patrick Hutchins(US GeologicalSurvey)
AdamSepulveddUS GeologicalSurvey)

Quantitativepolymerasechainreaction (QPCR) meas-
urementsare a mainstaytool for detectionof genetic
material, with broad applicationsto diagnosticsenvi-
ronmentatesting,andforensicsindeed the COVID-19
pandemichashighlightedthe critical role of gPCRin
identifying active SARSCoV-2 infections. Despiteits
importancehowever therearemanyopenquestionge-
garding uncertainty quantification (UQ) and methods
for robustanalysisof raw data.

In FY 2020, severalof us developechew methods
for backgroundsubtractionand analysisof qPCRdata
[1]. Themainideabehindourapproachwasto leverage
apreviouslyunknownpropertythatall gPCRamplifica-
tion curves,includingtheir plateauphasesareidentical
up to horizontal shifts and multiplicative factors. We
showedthatit waspossibleto identify positivesamples
by transforminga testcurve onto a positive control via
a constrainedptimizationformulation; seeFigure 33.
This led to a manuscriptand patentapplicationfor the
resultingmethods.

In FY 2021, we engagedn collaborativeresearch
and technologytransferwith externalstakeholdersin
particular, the US Geological Survey (USGS) uses
gPCRmeasurement® locateinvasivespeciesn fresh-
water systemsby testing for environmental DNA

(eDNA). However giventhelikelihoodof i g e ncent i ¢

t ami n &tsuclopeasystemsUQ of theresulting
analysisis critical for justifying remediationdecisions.
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Figure 33. gqPCR amplification curves of the N1 fragment o
SARSCoV-2 RNA construct. Top: gPCR curves after backgro
subtraction. Bottom: curves after datallapse. The inset shows tl
error on an absolute scale relative to the master curve. The
collapse is accurate to better tha®d of the maximum scale of tl
data.

This is especiallyimportantgiven thatthe resultingac-
tionsareexpensiveandhavethe potentialfor ecological
disruption.To addressuchquestionswe haveworked
with USGSto identify bestpracticesfor dataanalysis,
including determiningif certaindataanalysisroutines
arestatisticallyconsistentith theamountof DNA ex-
pected in samplesthat were tested as part of an
interlaboratorystudy[2].

In additionto this,work continuesn doing technol-
ogy transfer ofour gPCRdataanalysismethodsvia a
CRADA with a private diagnosticslab. On-going re-
searchaimsto betterunderstanéndquantify sourceof
backgroundn raw data.

[1] P.N.PatroneE.L. RomsosM. H. ClevelandP.M. Val-
lone,andA. J.Kearsley Affine Analysisfor Quantitative
PCRMeasurementsAnalyticalandBioanalyticalChem-
istry 412(2020),7977 7988.

[2] A.J. Sepulveda, P. R. Hutchins, C. Jackson, C. Ostberg
M. B. Laramie, J. Amberg, T. Counihan, A. Hoegh, and
D. S. Pilliod. A RouneRobinEvaluation of the Repeata-
bility and Reproducibility of Environmental DNA Assays
for Dreissenid Mussel&€nvironmental DNA:4 (2020),
446-459.
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Absolute Quantification of
Antibodiesfor SARS CoV-2

Paul Patrone

Danielle Middlebrooks
AnthonyKearsley

Lili Wang(NISTMML)
ShengdLin-Gibson(NISTMML)

A key problemassociatedvith antibodymeasurements
for SARSCoV-2 is thelack of anabsolutescale. Typi-
cal standardsrely on pooled blood samples.Being
humanderived,however they haveunknownantibody
titers, sothatsubsequenneasurementsanonly bede-
fined on a relative scale.This makesit challengingto
understandhe degreeof protectionassociatedvith a
given antibodymeasuremerandreducesusefulnesof
harmonizatiorstudies.

To addressheseproblemsNIST hasengagedvith
externalstakeholderdncludingRoche Abbott,andRe-
generon, to develop SARSCoV-2 monoclonal
antibodiesmAbs) asreferencamaterials.Being manu-
factured proteins, mAbs have well-defined
concentrationshatareknownin absoluteterms.How-
ever,conformationatifferencesetweermAbsrelative
to the SARSCoV-2 antigenssuggestghat theserefer-
ences may Yyield significant measuement variation
when testedagainstthe variety of commercialassays.
Thus,it is necessaryo quantifythemAb induceduncer-
taintiesin orderto assessheir usefulnessasreference
materials.

To addresshis problem,we haveundertakeranin-
ter-lab studythatcombineslement®f dark-uncertainty
analysesvith physicsbasedntuition to separatelistinct
sourcesof measurementariation. While development
of the uncertaintyquantificationis on-going, we have
solved severalpreliminary issuesassociatedvith data
normalization.The characteristigrocessfor quantify-
ing antibody levels is to measureboth a reference
materialandatestsample;the numberof antibodiesin
thelatteris thenassumegbroportionalto theratio of the
correspondingneasurementaluesge.g, asexpresseth
fluorescenceunits. However,this methodassumeshat
the instrumentand assayoperatein a linear regime
whereineachfluorescencesignalis proportionalto the
actualantibodylevels.In practice identifying thelinear
regimerequiresserialmeasurementat increasingsam-
ple dilution, and even then, the choice of what
constitutedinearis subjective Moreover,usingasingle
measuremerftom anentiredilution serieswastessalu-
ableinformation.

To overcometheselimitations, we havedeveloped
amethodthatusesconstrainedptimizationto mapen-
tire dilution curves onto one another. The key
observationis that the total fluorescencesignal should
be a monotoneincreasingunction of antibodyconcen-
tration &y which is equal to the undiluted antibody

concentratiomotimesthedilution factorQ Becausenly

the first of theseis unknown,eachdilution curveis a
function of a singleunknownparameterwhich canbe
determinedy solvinganoptimizationproblemthatcol-

lapsesall the curvesonto oneanother.By construction,
eachvalueof Gis a quantificationof the numberof an-
tibodies. Such estimatesare more stable than their

single-dilution-factor counterpartswhich do not useall

of the availabledata. A manuscripton this work is in

progress.

Metrology for Cytometry

Paul Patrone
AnthonyKearsley

Danielle Middlebrooks
Rayannd.uke
PrajaktaBedekar
GregoryCookseyNISTPML)
MatthewDiSalvo(NISTPML)
Jalal Sadegh{NISTPML)

For more than 30 years,flow cytometry,a technique
usedio measureharacteristicsf cells,hasbeenamain-
stay for cancer detection, drug development, and
biomedicalresearchlt hasremaineda primarily quali-
tative metrology platform, however, because
measurementuncertaintiesassociatedwith this tech-
nigue are so large. While exacteconomicfigures are
difficult to estimatethishasclearlyhadasignificantim-
pact on the roughly $200 billion of waste in the
healthcaréndustryandcontributedo thebroaderrepro-
ducibility crisis in biomedical research [1]. The
challengeof makingcytometryan accurateandprecise
metrologicalool arisefrom thecompetingrequirement
thatit havehighthroughputTypical biologicalsamples
canhaveupto hundredof millions of cells,whichmust
beanalyzedverafew hours.

To achievethis throughput,cytometerdirect cells
througha microfluidic channelat high-speed pastan
optical interrogationregion that collects fluorescence
light from antibodiesattachedo surfaceproteins.The
total fluorescenceollectedfrom eachcell shouldthen,
in principle,beproportionalto thetotalnumberof mark-
erson its surface But in practice this idealizedpicture
is complicatedby the cumulativeeffectsof the physical
phenomenanvolved: fluid-dynamicforcescausecells
to move acrossstreamlinesand/or have unpredictable
trajectoriesppticalgeometriccollectionefficienciesde-
pending on position in the interrogationregion; and
signal acquisitionand processingools introducenort
linear effects and measurementincertaintiesthrough
discretesampling.Thesechallengesjn additionto the
complexity of exactly replicatingthe necessaryneas-
urementinfrastructureatthemicron scale havemadeit
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Figure 34. Top. 1300 cytometry signals corresponding to partic
having different velocities and sizes. Bottom. Our theory pre
that the 1300 curves in the top figure can be collapsed onto
another using straightforward linear transformations that dep
on the particlesd6 velocitie:
ory is on the order of 2% relative to the maximum scale of
measurements. The residuals in the inset can be interpreted
per-event reproducibility ofhe measurement process.

virtually impossibleto reproducemeasurementsn a
singlecell, anecessarfirst steptowardsfully assessing
andcontrollinguncertaintiesn cytometry.

ACMD, PML, and MML staff were awardeda
NIST Innovationsn Measuremen$ciencgIMS) award
to developamicrofluidic-basectytometemwhosedesign
explicitly allows control and study of repeatmeasure-
mentsof cells.Followingonwork from FY 2020,weare
continuinga seriesof researclhprojectson uncertainty
quantification (UQ) for cytometry. The first of these
aims to quantify the perevent uncertaintyassociated
with eachmethod.Recentlywe deriveda key resultin-
dicatingthatall cytometryevents(e.g, for a fixed cell-
markertype) areidenticalup to a setof straightforward
linear transformationghat dependon physicalparame-
ters such as the cell size, speed, and number of
biomarkers;seeFigure 34. Using optimization,we can
determinetheseunknown parameterdy mappingdif-
ferent signals onto one another. Critically, this also
yieldsmultiple, modetbasedut distinctrealizationsof

whata measurementvould look like couldit berepro-
ducedonthesamemeasurandJsingthis, we havebeen
ableto estimatefor the first time the pereventuncer-
tainty; seeFigure 34. This analysisalso enablesnew
typesof dataanalysisassociateavith doubletidentifica-
tion, doubletdeconvolution,and more generally,cell
counting.Thiswork is summarizedn a manuscripthat
hasbeensubmittedfor publication[2].

The secondUQ projectaimsto identify the proba-
bilities of measuremenbutcomesfor populationsthat
may have someoverlappingsignals.The key assump-
tion of this analysisis that the probability densities
(PDFs)of measurementaluesfor differentpopulations
havepartially disjoint supportsGivena i mi x RDE 0
associatedvith an unknowncombinationtwo or more
populations,one canonly subtractoff the PDF of one
populationfrom this mixture until the latter becomes
negative Thisimpliesanoptimizationproblemwherein
oneseekgo maximizetheamountof subtracteghopula-
tion subjectto apositive definitecongraint. Work is orn-
goingto applythisalgorithmto realcell systemsandad-
dressissuesassociatedvith signalnoise.

[1] W.H. ShrankT. L. RogstadandN. ParekhWastein the
US Health Care System:EstimatedCostsand Potential
for Savings JAMA 32215 (2019),150%15009.

[2] P.N. PatroneM. DiSalvo,A. J.Kearsley,G. B. McFad-
den,andG. A. Cooksey.Reproducibilityin Cytometry:
SignalsAnalysisandits Connectiorto UncertaintyQuan-
tification. In review.

Cell Counting with Flow Cytometry

RyanEvMns

Ant hony J. Kearsl ey
SandrdasiM(WNd ST MML)
Kir Ptaem &Nt ST MML)

The gut microbiompraddci $ spineay a
an i mportant role in a vast S €
including infl ammatory bowlel
obesity, ad3njd. c aMscseers s[ilng gu-t mi
heal th poses a <chall eanng e st nce
invasive intestinal bi opsy, whi
patients wh o ar e suspected of
Al though microbi al communities
from those taken from the intesi
heal thy and dirsehisaeld goammuwemittsi, e s
fecal samples are far easier to
as a useful way of characteri zi
To this end SandrRarDmhtSti |l va a
t hel SMateri al s Measur ement Laboc
shown thametfdywi cynhao effective
guantifying cell types and det €
genome equi valents associated
sampl e. A typical fl ow cytomet
Fi gBbBEEach el ement of the horizor
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Histogram with and without Noise Model Performance Predicting Pure
Figam Triglyceride Thermodynamic
1 Properties
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attachedseeFigure40), triglyceridesprovide structure
and function to vegetable and animal fats which play an
important role in food science and engineering. Melting

\.Q\ 1 Consisting of a glycerol backbone with three fatty acids

0 2 4 6 8 10 12 and solidification of fats in muktomponensystems di-
logintensky) rectly impacts product characteristics such as melting
Figure 38. Histogram before and after stochastic regression range and solipphase composition. These compounds
noising. are also a primary element of stores of adipose. Triacyl-
glycerols form an important part of the human diet
50 :  Noise : serving as an energy source wistored in fat tissues.

They provide thermal and mechanical protective layers
surrounding important organs. Their primary source in
the human diet are plant oils.

There is a significant interest in predicting how
these fats melt, as this has a tremendsfest on stor-
age/transportation and commercial viability of food
products that contain fats (i.e., almost all food products).
Thus, building mathematical models that accurate pre-
dict fat melting on the product development cycle can
have a significant ecoomic impact on the food.

Together with Technische Universitat Berlin, we
have investigatd mathematical model fits, perfor-

(=]
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0 2 a 6 8 10 12 mance, and predictive power when imposing
log(Intensity) thermodynamic constraints on the predictiohswell-
Figure 39. Noise associated with histogramfigure 36. known model to predict pure compongmbperties of
triglyceridesproposed by Wesdorpas been shown to
] SAnaad8S. MandWicmDdteitgta pgrform WZ'_I d.esp|tfe makmg thermodynamlcr:]glly m(;:on-h
Lun@onne.dtriomn iMrcs obBoP 0,4 8§ )S|stentpre ictions for certain test cases. In this study, the
2147. underlying parameter set is improved to deliver more
B D. i s haMett abol incvse s tf iogaphysmally consistenpredictions, i.e., increasing melt-
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Figure 40. An example structure drawing of a triglyceride mc
cule; the most commoconstituents in dietary fats (e,dutter,
margarines, oils).
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only thermodynamicallgonsistent data is compared to
a broader dataset, it appears that the model's efficacy i
highly dependent on the quantity of data, specifically the
number of unsaturated triglycerides data. Quality and
thermodynamic consistency of model predictions and
the condition of a reliable description of monoacid tri-
glycerides as a subset is discussed, addressing
potential interdependence

A manuscript describing this work has recently
been published [1]

[1] J. Seilert, A. S. Moorthy, A. J. Kearsley, andFioter.
Revisiting a Model to Predict Pure Triglyceride Thermo-
dynamic Properties: Parameter Optimization and
PerformanceJournal of the(Amer i can Oi | C
ciety98:8 (2021), 837850.DOI: 10.1002/a0cs.1251
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Figure 41. |dealized crossectional schematic of a BIET exper-
iment. Chemical reactants injected at the top of the instrur
difuse to bind with recepto

our schematic, chemical reactis in solution are represented .

. circles spread throughout the instrument, and receptor sites ar

Modeling for Biological Field Effect
Transistor Experiments

Ryan M. Evans

Luis Melara (Shippensburg University)
Seulki ChdNIST PML)

Arvind Balijepalli (NIST PML)
Anthony Kearsley

Bi ol ogi cal yel d-FETS)ae modéerm a
bi oelectronics instrumeni
measurements. In contrast with traditional measuremen
techniques that require specialized facilities and expen:
sive equipment,Bi- ETs o er rapi<d,
cost measurements. Since these instrusnare hand
held and portable, they promise to yield wider accessi-
bility to critical medical diagnostic tests. During a
typical experiment, a chemical reactant bath is injected

into a solutioaw e | | t hat contains
chemical r ethroughahe soduticdell and s
bind with chemical react

known as the biochemical gate on the sensor surface
This produces a timseries signal that can be used to
analyze the chemical reaction of interest. Segure
41for an experimental Bi&-ET signal.

Since estimating parameters associated with thest
experiments |like kinetic
biomarkers, accurate mathematicedels for these ex-
periments are desired. Previous mathematical model:
have either not accounted for the time dependent natur
of Bio-FET experiments [i13] or have not included
physically relevant transport processes5¥ A model
recently published bivans, Kearsley, and Balijepalli is
the yrst dyn a+hETcexperodnesithatf
accounts for physically r
has been shown that this model compares favorably witt
experimental data [6]. This model togethéth experi-
mental developments by Balijepalli and Cho have led to
interesting areas of inquiry.

picted with Ydés on the bioc
scale. The orientation of the x and y axes have been shown
left, along with thedcation of the origin O.
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Figure 42. Experimental BieFET signal. The horizontal axis rej
resents time in seconds, and the vertical axis represents voltag
is measured as a result of surface binding.
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The yrst concerns t he iotheraystems fo driveoneve applicatorss inidrud disv-r at e d
in Figure42. Bio-FET signals ontain noise that inter- ery and diagnostics of disease.
fere with quantitative analysis. Kearsley, Gadhyan, and  The model presented in [6] has also led to interest-
Wallace have shown that stochastic regression is anng numerical analysis questions. Therein it is shown
e ective technique for detlat trenngodel fakedh the foimsaf ainanlinedn én- cont e x t
of mass spectrometry data [7]. This approach centers e gr od i erenti al equation, wi t h
around modelinghe time seriesb with a stochastic  behavedike pj MOasdbappr oaches zer o. So vy
di erential equation ( SDEnumetidal@approxintatios to thé sdlutiorf of this norilim e ar dr i
term and a stochastic di euasri ogng utaetrino, n tcoa wwhdrethedizefocul t f or
A Bo Bod A OoALh o Fhe prot_)I_em becomes very large, which can result in an
ill-conditioned system. Kearsley observed that formulat-
ing the problem in a clever way lends it amenable to
The drift®ooarddcd are deermined techniques developed by Professor Josef Sifuentes at the
through solving a local weighted least squares problemUniversity of Texas RioGrandeVWaley . Josef 6s —r es e
and the di ucsOi iodetermined throuighe nhtas f ocused on ynding accurate
maximum likelihood estimation. Since the modBl is KarushKuhn-Tucker (KKT) systems for which the gen-
linear,a EulerMaruyama discretizatioof (1) can then  eralized minimum residual method (GMRES)
be used to extract the estimated deterministic and stoeonverges in as few iterations as possible. Preliminary
chastic components of the signal. The performance ofresearch shows that his techniqueseal i or at e t he e e
this method relies on the size of the local averaging win-of the singularity for very large systems, which aids in
dow, which is set by the bandwidth paraméxkarger ynding the sscaleprtblemsn t o | ar g®
values ofQcorrespod to larger averaging windows, and There are other interesting problems on the horizon
smaller values ofQcorrespond to smaller averaging for future research, one of which concerns the biotin and
windows. If the bandwidth parameter is too large, then streptavidin kinetics dr which cooperativity remains an
the estimated deterministic and stochastic component®pen question. Takeshi and Cantor have employed gel
may not match with experimental dafdne same prob- electrophoresis to argue that bietitieptavidin is coop-
lem may &o occur if the bandwidth parameter is too erative [9]. However other studies have suggested that
small. So there exists aptimalbandwidth parameté®  sequential binding of biotin to tetrameric streptavidin
that is neither too large nor too small. Professor Luisoccurs in a noncooperative fashion, with the four bind-
Melara, a faculty member in the Department of Mathe-ing sites being thermodynamically equivalent and
matics at Shippensburg University of Pennsylvania independent [1011]. More recent work has suggested
together with Evans, Cho, Balijepalli, and Kearsley, that although each of the binding sites on streptavidin
have determined optimal bandwidth parameters for a bi- may be kinetically independent, sequential bigamay

DT ®8

ol ogical yel d e ect t r a mduge sanformatiorakcipaages [IdleTiis is a pr@rjising A
comparison of an experimental BRET signald with avenue of future investigation. We conclude by noting
its reconstruction using stochastic regressiogom- that experimental advances may also make it possible to

puted with an optimal baritis shownin Figure43. I~ use the modeling framework developed in [6] to quan-
this work it was also shown that this parameter is re-tify DNA interactions.

markably robust with respect to tagpect ratid , which [1] S.Baumgrtner, M. Vasicek, A. Bulyha, N. Tassotti, and

iS the ratiO Of the radiUS Of the Solutm” he|ght to the C. Heitzinger. Ana|ysis ofield-E ect Bi osensor-s Us i
biochemical gate diameter. Self-Consistent3D Drift-Di  u sahdoMonte-Carlo

This project has also led to further interesting col- Simulations Procedia Engineerin@5 (2011) 407-410.
laborations betweeACMD and the Microsystems and [2] C.HeitzingerN. J. Mauser, an@. Ringhofer. Multiscale
Nanotechnology Division of thdlIST Physical Meas- Modeling of Planar andNanowireFieldE ect Bi os e'n -
urement Laoratory. Balijepalli and Cho of the latter sors.SIAM Journal on Applied Mathematié6:5 (2010)
recently fabricated a Bi®ET by conjugating thiel 16341654.

modi yed biotin to a-agsen-d [3p D.LahdheersS.AersON. H. McKinmon,aq. JsDeeh, find
bled monolayer (SAM). The interactions of streptavidin J. C. Ranuarez. Model for tiiée | d  EomelLayersof

with the SAM were then measured dynamically. Prelim- Biological Macromoleculesn the Gatesf Metal-Oxide-

inary results show that it is possible to extract rate ~ Semiconductor Transistordournal of Applied Physics
constants and a di usion co8*@POKPL{hat characterize the
reaction by ytting the mo[4dié(IDuaﬂYeL\?@KB%@%A@%enbEWéﬂﬁd§ Bal i -
jepalli, and Kearsley to time series data. These  2ndM Reed. Ble i Acamdii-oas of

netics of Proteln Interactlons Usmg Silicon Nanowire

encouraging results indicate that the teghai may Biosensors ature Nano echnolog.6 (2012) 401-407. .
broadly beneyt bi omol ecul ar i n r Elon_g o%) proteins

with ligands, antibodies with antigens and numerous
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[5] G.Tulzer,S.BaumgartnerE. Brunet,G. C. Mutinati, S.
SteinhauerA. Kck, P.E. Barbano, an@€. Heitzinger. Ki-
netic Parameter Estimatioen d puct uat éefon
CO a SNO2 Single NanowiresNanotechnology4:31
(2013) 315501.

[6] R.M. EvansA. Balijepalli, andA. J. Kearsley. Transport
Phenomena in Biologi cSSAM F
Journal on Applied Mathemati@&g:6 (2020) 25862607 .

[71 A.J.KearsleyY. Gadhyan, andlV. E. Wallace. Stochas-
tic Regression Modeling of Chemical Spectra
Chemometrics and Intelligent Laboratory Systet89
(2014) 26-32.

[8] L.A.Melara,R.M. Evans,S.Cho,A. Balijepalli, andA.
J. Kearsley. Optimal Bandwidth Selection in Stochastic
Regression of Bid-ET Measurements$n review.

[9] T.Sano, an€.R. Cantor. CooperativBiotin Bindingby
Streptavidin.ElectrophoreticBehaviorand Subunit As-
sociationof Streptavidinin the Presenceof 6 M Urea
Journal of Biological Chemistry2656 (1990) 3369 Figure 44. Spherical celsurrounded by an encroaching sdlitig-
3373. uid interface.

[10] M. L. Jones and Gary P. Kurzban. Noncooperativity of
Biotin Bindingto Tetrameric StreptavidirBiochemistry 1 Helaftty. Temporature
34:37 (1995)1175011756. '

[11] L. Deng,E.N. Kitova, and].S. Klassen. Dissociatidfi-
netics of the Streptavidinbiotin Interaction Measured
Using Direct Electrospray lonization Mass Spectrometry orf
Analysis Journal of The American Society for Mass b |
Spectrometr4:1 (2012) 49-56. ey

[12] M. J.Waner,J. M. Hiznay, A. T. Mustovich,W. Patton, E’“ Il
C. Ponyik, and DavidP. Mascotti. StreptavidilCoopera- ol |
tive Allosterism Upon Binding Biotin Observely 0
Di er ent iialhtrin€diFlaonegcenseBiochem-
istry and Biophysics Reporig (2019) 127-131. 02
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Mathematical Models for

CryObiOIOQy Figure 45. Time sequence of thermal profiles in solid (blue) :
liquid (green) regions controlling the temperature adjacent to ¢

. ological sample.
Daniel Anderson

Anthony Kearsley
James Benson (University of Saskatchewan, Canada)

Jessica Masterson (George Mason University) Mathematical and computational models can be used to

probe these complex systems and, in conjunction with

Cryobiology, the study of biological specimens at cryo- sophisticated control and optimization schemes, can es-
etablish more effective protocols for cryeservation.

genic temperatures, plays an enormous role in a wid ) X .
Cryopreservation of a human cell is a form of bio-

range of fields. In the field of medicine, cryobiology is . h doin the lab in sili
the basis for cryopreservation in assisted reproduction™Micry that attempts to do in the laboratory, or in silica,

organ transplantation, biobankingnd personalized what some frog and am.phibian spe_cies can (.jo naturally.
medicine. Cryebanking is used in the agriculture indus- * CTYOProtectant, effectively an antifreeze, aims to play
try as well as for initiatives aimed at preserving rare andth€ role that substees like glucose play in the winter

endangered plant and animal species and in the develog2féservation of frozen frogs. These cryoprotectants,
ment of more productive agricultural yields. which are added to the extcallular environment, help

Applications in forensicsrise in the processing and to remove water from a cell before cooling, thus reduc-

preservation of frozen biological samples that are often't:19 the likelihood of intracellular ice formation. Th's’
important and fragile evidence in criminal investiga- 1 © _V\r’]e V; rr] ’ | ¢ odrrlle SI ? th a | pr ; (;: ©
tions. The breadth and depth of these applications reflecC Withstand the elevated levels of chemicals, including

the complexity of the biological, chemical, and physical the naturally occurring salts in the cell, possibly damag-
ing thecell, or causing death by chemical toxicity. Thus,

agects required to describe and model these problems.
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the maintenance of aable cell during cryopreservation bio/chemical/physical model constrains variables such
is complicated by two primary factors. Cooling the cell as solid and liquid thermal fields (s€&gure 45) that
too quickly increases the likelihood of intracellular ice help define objective functions such as those measuring
formation and cell damage or death while cooling thetissue undercooling. Our first objective is to address op-
cell too slowly can overexpose the cell to high solut  timal protocols in the freezing/cooling stage. A future
concentrations and lead to chemical toxicity. This goal is to extend this framework to explore strategies
amounts to a higlstakes goldilocks problem from the that can optimize protets for cryerecovery where
cell 6s perspective. warming and/or melting occur. The central role played
Mathematical modeling in cryobiology thus re- by phase transformation and transport in multicompo-
quires a detailed understanding of thermal and chemicahent systems links these cryobiological processes and
transport in bulk phases a®ll as across a semiperme- their mathematical descriptions to related ones that oc-

able cell membrane. Additionally, phase transformation cur under vatty different conditions in geophysics and

of these multicomponent solutiorfisphenomena that
link cryobiology to a wide range of other fields from ge-
ophysics to industrial materials processing [6inust
also be inclded. Cryopreserving a cell requires a deli-
cate balance between two competing damage
mechanisms, and thus a delicate optimization problem.
We are exploring foundational aspects of biochemical[?]
and physical modeling in cryobiology, computational
methods forhe solution of these models, and applica-
tions of these ideas to cryopreservation of cells.

The focus of [1] was to establish the foundations of
the chemical thermodynamics necessary to describd3]
transport processes during cryopreservation. This work
formulated chemical potentials and related thermody-
namics quantities for nedilute and norideal
multicomponent solutions of experimental and theoreti- [4]
cal interest to cryobiologists. Next, the multiphase,
multi-species transport equations were developed along
with a consistent characterization of cell membrane dy-
namics and solidiquid phase transitions [2]. A critical [5]
aspect of our work was to obtain, from first principles,
mathematical models that address both spatial and tem-
poral dynamics of chemical speciegdaheat transport.
Various aspects of the freezing of a spherical biological
cell (seg-igure44) were addressed in [3] and [4]. Based [6]
on a numerical algorithm outlined [4], we explored in
[3] the evolution of the thermal fields in the soliduid,
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and intracellular regions along with the concentration of
cryoprotectant and the intraand extracellular salts.

These studies incorporated the effects of confinementArtifiCiaI Inte”igence for Low-Field
and partial solute rejection, which had not previously Magnetic Resonancdmaging

been examined in cryobiology. These observations led

to the development of objective functions in [4] which AndrewDienstfrey
provide a measure of both intracellular undercooling andzydrunasGimbutas

chemical toxicity. These control functis appear more

AdelePeskin(NISTITL)

suited to deriving cooling protocols than previously em- JoeChalfoun(NISTITL)

ployed toxicity functions [5].

KathrynKeenan(NISTPML)

The mathematical models and computational algo-Kalina Jordanova(NISTPML)

rithms established in this foundational series of papers
[1-4] provide the launching point for our currenbnk
towards optimal control of these systems.

Emerginglow-field magnetiacesonancénaging(MRI)
Our currentsystemffer the promiseof low-cost,point-of-careim-

work underway with J. Masterson involves the identifi- aging that could be conductedin, for example,rural
cation of proxies for cell/tissue damage that can be usedocations,on the battlefield, and eventuallyevenin an
in optimal control settings. The mathematical frame- ambulanceHowever,presentow-field MRI resultsin
work is PDEconstrained optimizath in which the  imageswith low spatialresolutionandhighnoise.These
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Figure 46. Schematic of tNet architecture. (A) The network sho
here includes 4 input images for purposes for inverting for £
map. The same architecture was used wisingle input image fo
purposes of segmentation training and inference. (B) Traditi
ADC analysis fits an exponential model on a pbpixel basis.

Figure 47. The new lowfield MRI scanner arrived at the Katharir
Blodgett Gebbie Laboratory in April 2021. The scanner can
moved using a joystick to drive buiilt motorized wheels.

poorqualitiespreventquantitativeanalyseshatarecrit-
ical for advancedliagnosticsRecentresearctsuggests
that artificial intelligence(Al) methodscan potentially
restoreémagequality andfurthermoremayenablequan-
titative mapping of tissue parameterswhich are
increasinglysoughtfor medical diagnostics[1] Such
claims must be validatedvia rigorous comparisongo
existingmeasuremengtandardgor high-field MRI. In
FY 2021we initiated a newresearclprojectfundedun-
der the NIST Uselnspired Al Programto investigate
guantitativecharacteristicef Al-basedanalysisin low-
field MRl measuremertontexts.
Magneticresonancémaging enablesortinvasive
imaging of biological soft tissue.QuantitativeMRI re-
fersto anextensiorof MRI in which scanningorotocols
anddataanalysisareimplementedo obtainanin vivo
mapof measurablguantitiesvhosemagnitudesrere-
portedin termsof standarcphysicalunits. For example,
tumor volumesare reportedin units of mm?, apparent
diffusion coefficient(ADC) in mm? s ! andprotonspin
relaxationtimes, 'Y and "Y, are reportedin seconds.

NIST hasan ongoing,multi-year programto providea
robustmeasuremennfrastructurgor quantitativeMRI.
The recent publications [2] documentingthe NIST
StandardReferenceMRI SystemPhantomand[3] in-
vestigatingthe useof this phantomto assessong-term
stability of "Y and”Y measurement@reexamplesor re-
centoutcomes.

While traditional high-field (i.e., greaterthan 1
Tesla)MRI is a critical medicalimagingtechnology,it
alsoextremelyexpensivewith U.S.spendingexceeding
$10B/yeai4]. Theroot causeof thesecostsarethe he-
lium-cooled, superconductingmagnets required to
generate3 Tesla(T) static fields at the heartof such
scannersDirect costsfor theseexoticmagneticsystems
exceedblM perT. Furthermoreasthe magnetsweigh
severatonsandstraymagnetidields presensignificant
safetyconcernshigh-field MR systemsnustbesitedin
structurally reinforced,shieldedrooms, therebyincur-
ring substantialindirect coststo houseand maintain.
Finally, to statethe obvious,sucha systemis not porta-
ble. This last fact has consequencedor medical
outcomesn emergencyituationsandin healthcareq-
uity both domesticand intemational,as MRI scanners
require sufficient proximate densitiesof well-insured
patientsto covertheir substantiatosts.

Low-field MRI systemsoperateat 6.5 mT to 550
mT. Critically, thesefield strengthsdo not require su-
perconductingmagnetsbut rather can be generated
using,for example Halbacharrays Suchsystemshave
the potentialto disruptthe entire MRI ecosystemFor
one, low-field systemsare 30x cheapera stateof-the
artscannecosts$80K in comparisorto morethan$3M
for atraditional3 T clinical system.Furthermorejow-
field systemsare portable,andin somecasesmay be
light andsmallenoughto fit in the backof alargevan.
However,this tradeoff doesnot comefor free: tradi-
tional reconstructionalgorithms applied to low-field
signalsresultin noisy, low-resolutionimageswith lim-
ited diagnosticutility. Recentinnovationsin Al-based
reconstructiorshowpromiseto resolvethesebarriersIn
FY 2021 we initiated a projectin this areausing seed
funding from a NIST Uselnspired Al Programaward.
We briefly describesarly-stagework on this project.

QuantitativeMRI techniguegxistto measurenany
differentparametersiVe selectedheapparentliffusion
coefficient(ADC) asthefirst measurando betargeted.
As ADC is ameasuremerdf waterdiffusionit is insen-
sitive to staticmagneticfield strengthsThus, previous
workin high-field ADC measuremerghouldbedirectly
applicableto low-field contexts.

Our first researchquestionwas whethera neural
networkcouldtakea sequencef MR scanst different
i v a | ameisverttheseo returnaspatiaimapof dif-
fusion coefficient. For training data,we useda dataset
of high-field MR scansof theNIST Diffusion Phantom
acquiredby internationalcollaboratorsaspartof anon-
going study. This standardeferenceartifact consistsof
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NIST Diffusion Phantom

Figure 48. Results of Abased segmentation. On the left is an MRI scan of the NIST Diff
Phantom. On the right wehow the same image with the ADC regions inferred by two ni
networks developed under this project. The red contours correspond to-Befs@Net anc

the blue to a kNet.

anarrayof tubescontainingpolymersolutionsat differ-
entdensitiesReceniprecisionmeasurementsonducted
at NIST determinedvaluesfor the ADC of thesesolu-
tions. Thus,we havethe possibility for an Sl-traceable
referencelataseto beusedfor training.Priorto execut-
ing this training, however,we requireda segmentation
of the dataseto identify the regionsof interestwithin
the MR imageswhich containthe characterizedolu-
tions. We trainedtwo neuralnetworksfor this task,one
with aU-NetarchitectureandtheotheranFC-Densenet.
TheU-Nettopologyis shownfor referencen Figure46.
Approximately20imagesveresegmentethy hand
by multiple teammembers.Theseimageswere aug-
mented using standard techniques to create a
segmentatiortraining set. Both networkswere trained
againsthis setandwereusedto infer segmentationsf
theremainingd400imagesin theADC phantondataset.

Figure 49. ADC measurements of human brain acquired by NIST r
clinical scanner operated by a collaborator. The same subject was

Al Segmentations

A sampleimage and its region seg-
mentationareshownin Figure48.

The segmenteddatabaseof MR
images with the associatedground
truth datafor ADC valueswere then
used to train additional neural net-
works to infer ADC from images.In
the nextyearwe planto implementa
detailed quantitative analysis of the
segmentatiomesultsin comparisorto
traditional algorithms such as active
contoursln addition,we hopeto com-
parethe ML -basedADC inferenceto
standardworkflow which consistsof
pixel-by-pixel nornlinear regression
for the parametersf an exponential
model.

Low-field MRI is emergingas a
clinical technology but is still very
new.We areexcitedto reportthatin FY 2021we com-
pleteda CRADA agreementvith Hyperfine,alow-field
MRI startup companybasedin Guilford, CT. Hyper-
f i n 8woep low-field scanneris the first to be
approvedoy the FederalDrug Administrationfor clini-
cal medicaluse.Using $80K of the seedfunding from
the Uselnspired Al Proposalwe purchaseda Swoop
systemwhich was deliveredto NIST Boulderin April
2021.A pictureof thescanneagrriving to the Katharine
BlodgettGebbieLaboratoryis shownin Figure47. The
NIST-Hyperfine CRADA statesthat NIST researchers
will begrantedi e x pn® rd tecoesgo the systemand
someaspectsof its control and analysissoftware.To
date,we havecompletedover 100 scansusingthe Hy-
perfine systemandwe haveheld extensivediscussions
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esearch team. The imagkefshiosvs a higlield measurement using
scanned on theARERIT lowfield MRI.

































































































































































































































































































































