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Abstract

High-fidelity simulationsrepresent the processes gitenomenan a detailed manner
However they are generally computationally expensive to evaluate dptimization and
sensitivity analysis applicains Additionally, some higHidelity simulationsarestochastic due to
different uncertainty sources. Tlkeurce ofuncertainty in simulations can lakvided into two
groups of intrinsic and extrinsic uncertainty: in the first case, the uncertaintg i® duncertain
parameters or model formand in the latter one, the simulation has uncertain inputs. The

uncertainty of the output can be quantified and analyzed through different methods.

Uncertainty propagatio(iJP) is one of the popular methods to pagate the uncertainty
of the uncertain inputs (extrinsic uncertainty) to the output. Most UP methods require multiple
simulation runs, which is not favorable with hifitielity simulations. Different UP methods were
compared to each other in terms of thafficiencies to estimate the first four statistical moments
of the output in this studyrhe metric used to assess the performance is the minimum number of
simulation rungequired to reach a certain confidence level for the moment estimates. The methods
considered include Mont€arlo simulation, numerical integration, and expansiased methods.
The results reveal t hat , despite their accur
deteriorates quickly with increases in the number of uncertain infpligsMonteCarlo simulation
met hods ¢ onver dgreevaues withithe mimmumenantber 6f model evaluations if

model characteristics are not considered or known.

One popular method tbandle the intrinsic uncertainty due to uncertain parameters
utilizing surrogate models representimgh-fidelity stochastisimulations. The surrogate models
approximate the high fidelity simulation with cheaper to evaluate functions. The existing surrogate
modeling techniques are mainly designed for detestinsystems, and only a few approaches
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are available for stochastic simulatioMy study introducesa new method, called PARIN
(PARameter as INput), tefficiently construct accurate surrogate models of Hidélity
stochastic simulation$ARIN is compred to three existing approacheserms of accuracy and
efficiency: fixing the uncertain parameters at a preselected value (Fixed parameter), training
multiple surrogate models for a selected set of uncertain parameter values (Parameter set), and
stochatic kinging. The results reveal that PARIN generally has a lower normalized root mean
square error in predicting the mean and standard deviation of the simulation outputs. The output
distribution predicted by PARIN has the lowest Wasserstein distangefiom the actual output
distribution compared to the other approaches. However, both metrics for PARIN estimates
deteriorate for simulations with a significantly large number of input variables in low

computationabudget cases.
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Chapter I’ Introduction

With recent advances in computational capacities and capabilities;fidedjty
simulations have become a popular and powerful method for deamikimg and optimization in
many engineering fields, e.g., chemical engineefiicet al., 2020; Burnak et al., 2019jigh-
fidelity simulations can be developed to model a variety of processes, includingphadéa flow
modeling in different equipment and applications like pipelines or welll{@lesadehdakhel et
al., 2010; Livescu et al., 201 ®rosion predictions pipelines with different flow regimgZahedi
et al., 2017) heat transfer ipipelines or heat exchangdSupta et al., 2010)and many other
applications. Most of thessimulation models consist bfonte Carlo simulations ananumber
of differential equations (partial or ordinamatshouldbe solvedgenerallynumerically, using a
large number ofliscretiation Therefore, higHidelity simulations are generally computationally
expensive teevaluate In many casesmployinghigh-fidelity simulationsfor applications like
optimization or sensitivity angsis of the systems, where a high number of simulation runs are
needed(Liu et al., 2016; Peherstorfer at., 2017) requires computational resources beyond
available High-fidelity simulationsmayhaveuncertain inputswhich is an extrinsic uncertainty,
uncertainparametersanduncertairmodel form which are intrinsi¢Ankenman et al., 2008 he
estimation of the outputs and propagation of uncertainty for-fidghity simulations with

uncertainty is computationally expensive.

One source of uncertainty high-fidelity simulations is uncertain inputs, i.e., extrinsic
uncertainty. There are different methods to propagate input uncertainty to outputs. Although many
studies have carried out comparative analyses of different uncertainty propagation nmetheds,
considered the efficiencies of these methods in terms of the required number of simulation runs

for accurate propagation of uncertainty. This dissertation fills this gap by comparing six
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commonlyused uncertainty propagation methods in terms of #feaiencies to predict the four
statistical moments of the simulation outputs and deriving guidelines for selecting the appropriate

uncertainty propagation methods based on the simulation model characteristics.

The computational burden of hididelity stochastic simulations in sensitivity analysis,
optimization studies, or uncertainty propagation can be reduced wgsimggate models
representing the simulatiof®uirante et al., 20155urrogate models are redueadler models
of the simulations, which map inputs to the outpu{@uirante et al., 2015)They lead to
computationally cheaper to run modélsang et al., 2020)Various modeling techniques have
been developed and implementedbuild surrogate models. (e.dgL,. E. O. Breiman, 2001;
Friedman, 1991; Haleem et al., 2013; Witis and Rasmussen, 20D6lhey are developed for
deterministic systemandcan be used for approximation of the stochastic simulations only with
uncertain inputsi.e., extrinsic uncertaint{Staum, 2009)In such cases deterministic surrogate
model is trained toepresent the simulation output, and then the uncertainty sfithegate model
output(s) due to uncertain inputs is estimated using uncertainty propagation ni&ihgd)16)
However, the existing modeling techniguiedl to accurately map the put-output pairs for
simulations with intrinsic uncertaint

Few studies investigated the problem of building surrogate models forfidhédity
simulations with intrinsic uncertainty. Stochastic krigidgnhkenman et al., 2008)singa subset
of uncertain parameter realizatiofidtillen et al., 2019)and fixing uncertain parameter values
(Hullen et al., 2019pre the approaches that have addressed this proHlewever eachhas
limitations, making these approaches a weak candidate for accurate estimation of the output for

high-fidelity stochasticsimulations andheir uncertainty This dissertation addressthis gap by
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introducing a framework to accurately and efficiently estimate the output offidigty

stochastic simulations and the uncertainty of this estimate.

1.1 Objectives

This dissertation

(1) Explores and comparethe accuracy of different uncertainty propagation methods based
on the required number of simulation runs to estimate thefdinsstatistical moments of
the output.

(2) Implemens and comparedifferent machine learning techniques for building surrogate
models of experimental applications.

(3) Develosanew approach for efficiently building accurate surrogate models offiuiglity

stochastic simulations.

1.2 Organization

The dissertation i®rganized as follows. Chapterp2esens background information about
three main areas of the study. Section 2.1 provides the literature review on uncertainty propagation
(UP) methods and gives details of six common UP methods. Section 2.2 goenanhére
learning applications and techniques implemented in this research Biedjterature review on
theconstruction of surrogate models for stochastic simulations is included in SectiGmh&pser
3 describes work otiheassessment of six different untzénty propagation methods in estimating
the four statistical moments ofitputs fromsimulationswith uncertain inputeind discusses the
resultingguidelines from this study. In Chapter 4, the workflow and results for two ML technique
applications for @ssification and regression are discusSedtion 4.1 discusses and shows results
on classifyingcardiomyocytecontent differentiated frorhumaninduced pluripotent stem cells.
Another application oML techniques is included ine8tion 4.2, where regraea models are
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constructed forpredicting thesize and polydispersity prediction of producedngarticles.
Chapter 5explains PARIN, the approach developed to estimate outputs of simulations with
uncertain parameters. It alsontains the computational gariments and results for comparison

of PARIN to three existing approaches for building surrogate models of stochastic simulations.

Finally, Chapter 6 goes over the conclusions and future directions digbéstation
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Chapter 2 Literature Review

2.1 Uncertainty Propagation

With advances in computing systems and improved computational power, simulation
models have become popular methods for assisting with decs&mg in chemical process
design and operation. Many uncertainties present in the diorulaodels, e.g., in the model
inputs and/or parameters, model formulations, and numerical calculations, cause their outputs to
be uncertain. In recent years, the uncertainty due to numerical calculations has reduced
significantly with advanced computatial power(Htllen et al., 2019) Therefore, the primary
sources of uncertainty in simulation outputs are uncertain inputs, uncertain parameters, and model
form uncertainty.

Model urcertainty is studied and characterized using the uncertainty quantification (UQ)
methods. The UQ methods are also used to reduce uncertainties in the systems to generate reliable
output values and increase confidence in the mdqtigler et al., 2014) Important steps of UQ
are 1) identification of unctainty sources, 2) characterization of the sourcegn8grtainty
propagation(UP), and 4) analyzing the uncertaint{€el et al., 2013)Uncertainty propagation
investigates the contribution of uncertawurces to the final uncertainty of the model. When only
extrinsic uncertainty is considered, the UP methods propagate the uncertainty of theinpts (
the model outputsiE"Qd ) of the modelQ8 (Lee and Chen, 2009kor propagating extrinsic
uncertainty to outputs, UP methods first require selecting the appropriate statistical representation
for the uncertain input variables. Next, the UP isiedrout to make statistical inferences regarding
the outputs. Statistical inferences regarding the uncertain outputs are generally carried out through
estimating three main statistical concepts: the probability density function of the outputs, statistical

moments of the outputs, and the probability of a certain outcome, such as failure, based on output
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distribution(Yang et al., 2017)Estimation of the four statistical moments was the focus of this
study.

There are many challenges in UQ and UP, such as discontinuous response surfaces,
selection of gnificant uncertain parameters for models with high dimensionality, highly complex
physical/simulation models, and computational cost associated with UP. There are many UP
methods in the literature addressing parts of these challd@yesn et al., 2014; Luo and Yang,
2017; Wang and Sheen, 2015)

Uncertainty propagation methods are divided into two groups, intrusive aridtnasive
methods. In intrusive methods, the modehfatation is needed and modified to propagate input
uncertainty. The models are treated as black boxes feintrsive methods. Lee and Chen (2009)
categorized the nemtrusive UP methods into five groups, 1) simulatmsed methods, e.g.,
Monte Carlo MC) simulations, 2) local expansion based methods, 3) most probableopeet
methods, 4) functional expansidrased methods, e.g., polynomial chaos expansion (PCE), and 5)
numerical integratiofibased methods. It has been established that the momemitestiobtained
using local expansichased UP methods are significantly different from the true values for models
with high nonlinearitiegJia et al., 2019; Lee and Chen, 200dpst probable poirbased UP
methods are typically used for reliability applications and do not provide accurate estimates of
higher statistical mments(Arakere et al., 2010; Padulo et al., 2Q0R) addition to these five
categories, responseirfacebased methods have been used in recent years, where the models of
interest are represented through surrogate mdhtelecia et al., 2018; Sofi et al., 2020; Tripathy
et al., 2016) The responssurfacebased methods encompass the fourth category, which is

functional expansioibased methods.
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Most UP methods require the evaluation of complex simulation models and many model
runs (Liu and Gupta, 2007)Carrying out UP for complexrohigh fidelity models that are
computationally expensive to evaluate could be prohibitive for achieving accurate results with
some UP method&Rajabi, 2019) Hence, selecting ¢happropriate UP method is crucial for
efficient and accurate URhe following sectin gives a brief explanation séveral different UP

methods which were used in this study.

2.11 Uncertainty Propagation Methods

2.1.11 Monte Carlo Simulatiofbased Mthods
For Monte Carlo simulation (MCS) based methods, the method of mofianisen, 1982)

is used to estimate the statistical moments. @henoment A ) is calculated by Eq. 1,

‘ o"Q® B
a

QO (1)
where'Q® is the model value 8@ sample pointo from input distribution(s), and is the
number of sample points. Three methods, L{N®Kay et al., 1979)Sobol sequencdsSo b o | 6,
1967) and Halton serie@alton, 1960)are implemented as samplingheijues for determining
uncertain input space sample locations and calculating the corresponding model outputs for
propagating input uncertainty. These sampling methods are-fitiagaechniqueqCrombecq et

al., 2011) which evenly spread the sample poititsoughout the input space. Moreover, Sobol

and Halton series are sequential sampling metfidds et al., 2019)allowing previous sample

points and model evaluations to be reutilized if additional sample points are collected.

2.1.1.1Latin Hypercubesampling(LHS)

In the LHS metho@McKay et al., 1979)the range for each uncertain variable is divided into

a bins with equal probability, where is the number ofequired sample points. Then, a sample
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is randomly selected from each bin for each uncertain variable. Next, the samples of different
uncertain variables are randomly matched and resuit in¢ sample matrix, where is the
number of uncertain inputshe initial binning enables LHS to cover the space of each uncertain
parameter better than MCS with random sampling. However, the random matching of the samples
from different dimensions could cause clusters in the design spaceasrhelad to a poor space

filling attribute. Latin Hypercube sampling is not a sequential sampling method because the
binning of the uncertain parameters is a function of the number of sample points, and it changes

as the value af is modified(Fahmi and Cremaschi, 2016)

2.1.1.2S0bol ®quences

Sobol sequences are ladiscrepancy pseud@ndom serie6 S 0 b o | .OThese bedjefices
are constructetb generatesamples as uniformly as possible over the sampling {gadlli et
al., 2010) Every new sample point is generated based on the location of the existing points, which
helps with avoiding clusters and ggBsirhenne et al., 2011\ ccording to Joe anduo (Joe and
Kuo, 2008) for the generation of th® component of Sobol samples, a primitive polynomial of
orderi , must be selected (Eq. 2).

W WEW O fw E & ro p (2)

The coefficients® ; o BB f in Eq. 2 are binary values. Ti@ component of the
point in Sobol seriesy ;;, is calculated by Eq. 3,

Wp, I OpS T UfR $ (3)
wherd is the'Q digit from the right whef is written in binary =(...J I | )2 and$ is
the bitby-bit exclusiveor operator. The parameters; are called the direction numbers (Eq. 4),

wheren j are positive integers calculated in Eq. 5.
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<Q (4)
Nh GO 7S CORN S 88 N ()
2.1.1.3Halton Sries
Halton sequencefHalton, 1960)are lowdiscrepancy series used for sampling. Gigen
number of uncertain inputs, tff2 sample point obtained using Halton series is given by Eq. 6,
B Qpf QpBE Qp (6)
whereny T is a selected arbitrary prime number, which is subjefjtpo /¢ E R ¢
p . The variablds "Qis defined in Eq. TWong et al., 2005)
B Q

0 0 N 0
— — — E
n n n

P

(Wong et al., 2005)

(7)
In Eq. 7,0 is an integer inTity p that follows Eq. 8, which shows the expansion of
integer'Quith the maximum order af, wherel is any positive integer value, via prime base

N o On o E o (8)
2.11.2 Numerical Integration Mthods

The output moments of a model with uncertain inputs are defined in Eqg. 9, which gives the
integral for théQ moment,

(Grimmett and Stirzaker, 20Q1Jhis integral can be computed
using an appropriate numerical integration method.

Qw QO Q®

(9)
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In Eqg. 9,"Q& is the joint density function of the uncertain input variabdegor the modelQ® .

Here, we utilize FFNI, UDR, and SG, which are popular numerical integration methods.

2.1.2.1Full FactorialNumericallntegration

Full factorial numerical integration (FFNI) employs a weighted sum of the model output
values at specified input valuéBuffy et al., 1998) For estimating the statistical moments of
model output with uncertain inputs, the model is evaluatéd aff  specific input values, which
can dso be referred to as sample locations, wiiegethe number of uncertain inputs and the

number of nodes from each of these inputs. The weights)(and sample locations)( ) for the

0h point of @ dimension are determined by implementing Gadissnite, Gauséegendre, or
GaussLaguerre quadrature based on the distribution of each uncertain input vgkiataleowitz

et al., 1988)Then, the desired moments are calculated by Eq. 10

000 18 3 Qo B (10)

2.1.2.2UnivariateDimensionReduction (UDR)

In the UDR method, the multivariate functio®® , is approximated t€Qw using the
summation of several univariate functioBahman and Xu, 2004Each of these univariate
functions,’Q @ , are similar to theriginal one, but each one is only a function of one variable

with the remaining variables set to their mean valies } (Eq. 11). Then, the original model

output is approximated by the additive decomposition of the model (Eq. 12),
Qe Qo OL @Y pRB R A
| (11)

Q Q
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Qw Qw Q (0 € pQo (12)

where’Q0 is the model output value with all uncertain input variables set at their mean values.
The moments of the output functioif2(o ) are calculated using the estimated model outputs,
"Q® , and the quadrature formula (Eqg. 13), similar to the FFNI method. Employing univariate
quadrature formula wittk nodes, the number of model evaluations is equal to] € p, where

¢ univariate models are calculated] adifferent nodes, and one extra model evaluation is

performed with all variables set to their mean values.

‘ 0 QW 0 QW 0O 0w € p Qo (13)

2.1.2.3SparseGrid Numericallntegration

Sparse Grid (SG{Smolyak, 1963)s a numerical integration method that uses quadrature
formulas, similar to FFNI, for estimating integrals (such as Eq. 9 and Eg. 10). The sample points

and the wights are determined using Eg. 14 and Eq. 15, respec{iXilgg et al., 201Q)

¥ YooY e Y (14)
83

. € p : ,
$$
0 p 0 & <@ L 80 (15)

where™¥ , isad ¢ array of all sample points with an accuracy( denotes the number of

dimensions, and is the number of resulting possible sample points gerp Q@ Q Q

The operatiortt corresponds to the tensor product of arrays. The variablé8 A'Y are one
dimensional quadrature points for each dimension,@iglthe number of nodes in dimensjon

Variable$Qis the summation of the muitidices €@ 'Q E Q). In Eq. 150 is the weight
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for thed sample pointt® & M hRd N 'Y , whereQN phlB AQ . The parameted s

the weight for the sample sets of edienensional quadrature. THe¢ moment { ) is calculated

using Eq. 16.

‘ 0 "QO 0 QP (16)

2.11.3 Functional Expansioibased Mthods

In functional expansiobased methods, the modritput is approximated by a polynomial
function. This approximate simpler model is used in conjunction with UP methods to estimate the
statistical moments. In this study, PCE is selected as a representative functional ekpasstn

method.

2.1.3.1Polynamial Chaos Epansion (PCE)

Polynomial chaos expansigWiener, 1938approximates the model output using orthogonal
polynomials. It projects the output variable as a function of random variables with a specific
distribution based on orthogonal stochastic polynon{iatghony, 2013; Crestaux et al., 2009)
The statistical mments of the output are calculated using the projected polynomial expansion.
The general form of the PCE of a random variable;-, can be written as Eq. 1Zrestaux et al.,

2009)

0— W e, — w o, —h — E (17)

In Eq. 17,0 are the orthogonal polynomials of order p. Different orthogonal polynomials are
used depending on the distribution of the random varialt®r example, Hermite and Legendre

are the polynomial basis for normal and uniform distributions, respectjvehy is the standard

29



variable, e.g., standard normal variable if the distribution for input(s) is normatpérsl ar e

deterministic coeffiients. Eq. 17 can be approximated using Eq. 18

6— 0,h Bh o, — (18)
A
AA

® Q, o, (19)

- o0& )

w o (20)

wherel is the"™Q component of the orthogonal polynomials. In Eq. d8correspond to

A

@ g 6s and are cal cul at e do forate enddelowith rEudiple inpu . The

variables;Q, , can be approximated usingdimensional PCE with an order 9fEq. 19). For
inputs not distributed normally, either specific polynomials are used, or the transformation of the

variables to the standard normal variables is carried out.

2.1.2 Uncertainty Propagation Comparison Studies

Multiple studies compared the pamance of different UP techniques in terms of accuracy
and efficiency to guide selecting an appropriate UP method. Several of these studies compare
simulationbased methods to other categories of UP methods. For instance, Klavett@&0dt2.
compared perturbation, Taylor series expansion, and Monte Carlo methods in propagating the
uncertainty in slug length and liglentrainment in gas core to the outputs of a multiphase flow
model. The results stated that Taylor series expansion overestimated variance for most outputs,

and the other two methods yielded comparable estimates. However, the perturbation method may
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not povide reasonable uncertainty estimates for models that are not monotonically increasing or
decreasing, and it does not provide confidence |€iddetter et al., 2012)

Several studies investigated simulatimsed methods versus functional expansiased
methods. Safta et g2017)and Hunt et al(2015)compared the accuracy and efficiency of MC
simulations, PCE, and Qualgionte Carlo (QMC) simulation methods. Both studies concluded
that the PCE required fewer model evaluations to converge to the true value of the output mean
for the test functions. Aleét al.(2018)studied the efficiency of MC simulation and PCE methods
based on the number of sample points used to estimate the output distribution accurately. The
results revealed that the PCE was 90% more efficient than MC methods imteéh@siumber of
numerical calculations.

Jia et al(2019)evaluated the performance of MC simulation and the numerical integration
approaches, includingparsegrid numericalintegration (SG)univariate dimension reduction
(UDR), and extended sparse grid methods. They concluded that the SG methods were the most
efficient in estimating the first four moments of the output requiring the fewest model evaluations.
Allen and Cambers (2009)compared simulatichased methods to response surface approaches
to estimate the output probability density function and calculate the probability of failureediefi
as the probability of an event that the output value exceeds a specific critical level, using the
probability density function. They employed two models as case studies, one with high
nonlinearity and one with high dimension. The results were evalbatged on the number of
required model evaluations to predict the desired uncertainty metrics. They concluded that
responsesurface methodsespecially polynomial chaos expansion, accuratedyimated the

probability of failure with the lowest number ofrsples compared to other methods. One other
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conclusion was that accurate output distribution estimates required many samples from the
uncertain input space and many model evaluations.

Some studies only considered different simulatbased methods and coarpd their
performances. Burhenne et 2011)and Hou et al(2019)studied MC and QMC methods by
employing different sampling techniques. The performance was assessed based on accuracy and
efficiency in estimating the output mean for a set of test functions in both studies and standard
deviatin in Hou et al.(2019) The results suggested that QMC methods are efficient and
outperform MC methods in most cases.

Other studies investigated the difference in the performance of other UP method categories.
Padulo et al(2007)employed local expansion and most probable goaisied approaches in their
study. First and thirdorder Taylor series expansion and Sigma point methods were used to
estimate output uncertainty for four test functions. Sigma point methodsied better estimates
of the output mean and standard deviation for input distributions with high variance. Sigma point
methods do not require derivatives, which gives them a computational advantage over Taylor
series expansion for functions with expersilerivative calculations. Rajag@019)and Tardioli
et al.(2016)investigated different response surfd@sed methods. Rajal@019)compared PCE
to Gaussian Process Emulation (GPE). The study suggested that although GPE had lower
normalized Root Mean Square Error (nRMSE) in estimating the response surface, PCE estimated
output mean, standard deviation, and probability density famd¢#ils with higher accuracy. In
addition, PCE tended to have lower statistical dispersion with noisier input probability
distributions. Tardioli et al(2016) compared PCE, Tchebycheff expansions with sparse grids,
kriging (Gaussian process modeling), and high dimensional mogetsentation (HDMR)

met hods. The performance was evaluated based
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surface of the test models at different sample sizes using RMSE as the metric. Tchebycheff
expansion was concluded to be efficient due tosesof sparse grids and required a lower number
of sample points to get to the desired accuracy. The performance of PCE was observed to be
inconsistent, and HDMR provided very close results to the Tchebycheff expansion method
requiring a lower number ofamples to converge to the desired accuracy for all test models.
Compared to the other methods, kriging required a high number of model evaluations and had a
higher RMSE for all the case studies.

Two papers compared more than two main categories of UP dsettee and Chef2009)
and Fahmi and Cremascf016) included MC, Full Factorial Numerical Integration (FFNI),
UDR, and PCE methods in a comparative analysis. Fahmi and Cremaschi (2016) also studied
different samplingschemas of random, Halton sequences, and Latin Hypercube sampling (LHS)
for both MC and PCE. The number of function evaluations used for the analysis was fixed in both
studies. The methods were compared in terms of their ability to estimate the faircatati
moments of the model outputs. Lee and CK&0p09) concluded that the performance of the
methods depended on the model characteristics, such as nonlinearity and unegidbie v
interactions. The results from Fahmi and Cremag2bil6) revealed that simulatiebased
methods were more sensitive to existing nonlinearities in the test functions than other methods.

The UP method comparisons carried out in the literature demonstrate the importance of the
UP methodselection for efficiently propagating the extrinsic uncertainty for obtaining accurate
estimates of the output uncertainfhey alsaallude to the correlation betweentdd® met hod 6 s
accuracy and efficiency and the model characteristics the methodiedapplone of the existing

literaturecomparedJP methods based on their efficiency.
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2.2Machine Learning Applications and Techniques

Different feature selection anehachine learning techniques were used and compared in
two different applications to lid datadriven models based on the data gathered from
experimental systems. The applications included the classification of cardiac differentiation
outcomes for hydrogetncapsulatechumaninduced pluripotent stem cells (hiPSCs) and the
prediction of polylactic-co-glycolic acid (PLGA) nanoparticlesizes synthesized usinghe
emulsion solvent evaporation method For each application, specific feature selection and
modeling techniques were used to build either classifiers or regression models to predigithe

This section introduces these techniques.

2.2.1Feature Selection Methods

Reducing the initial feature sets to smaller ones to eliminate the features with redundant
information and keeping the most relative ones is called feature sel@tion and Langley,
1997) It has been shown that the accuracy of classification models depends on the input features
set(Chen et al., 2020fFurthermore, the limited number of data makes feature selection essential
to trainng an accurate mode{Chen and Wasikowski, 2008)The generalization of the
performance of the trained models is poorer when features are irrelevant or red@edasgeiro
arnd BolonCanedo, 2019)The feature selection methods considered included f{iHail and
Smith, 1999) embedded J o v i | e ,twrappker.methodgRohdvi)and John, 1997and

principal component analysiCA) (Hotelling, 1933)

2.2.1.1Filter Methods
Filter methodsare generallyemployed as a preprocessing step to remove the highly
correlated input features from the initial feature $ae Pearson corraion coefficient(Soper et

al., 1917)can beused tadentify stronglycorrelatedfeaturesandremove these features, thereby
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reducing the multicollinearity of features in tfeatureset. Tle Pearsortorreldion coefficient
measures the strength of the linear relationship between two variablesefiaent value ranges
from-1to 1, with a value of 1 indicating a perfect positive linear correlation, a value of 0 indicating
no linear correlation, andwalue of-1 indicating a perfect negative linear correlatiBoper et al.,

1917)

2.2.1.2Embedded Methods

Some machine learning techniques have lilfeature selection methadsuch as
automatic relevance determination in artificial neural netw@kkacKay, 1994)and Gaussian
process modeléWilliams and Rasmussen, 200@hese builin feature selection methods are
referred to as embedded meth@d<Breiman, 2001; Williams and Rasmussen, 1986nplifying
a model by selecting only the most relevant input features makes the model more interpretable and
can provide time and resource savings by reduciagathount of data that must be collected.
Relevant input features are highly predictive of the output variable for a rfRahanen et al.,
2019) Amongall the classification techniques employed in this stikbndomForests RF) and
GaussiarProcess GP) based classification techniques have huilfeature selection methods,

which calculate the relative importance of the features for praditte classes.

2.2.1.3Wrapper Methods

In wrapper methods, different candidate subsets of the é&saane used to build the
models, and the feature set yielding the{pestorming model is selected as the final input feature
set(Das and Das, 2001; Kohavi and John, 19Bfjerent strategies exist to generate the candidate
subsets. Among them, Forward Sélec (FS) (Kittler, 1978) Backward Elmination (BE)
(Kittler, 1978) and Bidrectional(BD) SearcfPudil et al., 1994are some of the popular ones and

are considered in thdissertatio(Wah et al., 2018)Iin FS, the feature set is initially empty, and
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features are progressively addedhe set based on their improvements in the model performance
(Almany et al., 2003; Waht al., 2018)In BE, the initial feature set contains all the features, and

the features that least impact the model performance are progressively eliminated from the set
(Almany et al., 2003; Wah et al., 2018) both FS and BE methods, the algorithms used to add

or eliminate the features are greedy and may yieleoptinal feature sts at termination. In the
Bidirectional Search, the algorithm is flexible and allows dynamic addition and elimination of the

features until a specific stopping criterion is r\dah et al., 2018)

2.2.1.4Principal Componen#nalysis

Principal component analysis (PCA) is a dimensionality reduction technique used to reduce
the number of features in large datasets by orthogonally transforming a set of possibly correlated
features into a set ofnkearly uncorrelated principal components (PCs). The PCs are linear
combinatiors of the original features, transformed so that each PC points in the direction of the
greatest variance in the ddtdotelling, 1933) The PCs are assigned in ordinal format, such that
the first PC contammithe highest percentage of the original data variance, and the last PCgontain
the least. The number of features, or dimensions, is reduced by only using the first few PCs while

retaining as much of the variance in the original dataset as possible.

2.2.2Surrogate Modeling Techniques

Six common surrogate modeling techniques weoasideredfor this work These
techniques includ®ultivariate Adaptive Regression Splines (MARSIhgle hidden layer feed
forwardArtificial Neural Networks (ANN), Extreme Learning Machines (ELM), Random Forests
(RF), Gaussian Process (GP), and Suppedtd Machine $VM). Depending on the project,

some of these methods were used for classification or regression
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2.2.2.1Random Forest

Random forest (RHL. Breiman, 2001)nodels are collections of decision tremaking
predictions of the desired output. In cifisation modelsthe outpuis predictedby the majority
vote of the decision trees in the foreBbr the regression cas¢he output is the average of the
predictions from all the trees in the fordsach tree is constructed independently and depends on
a random vector sampled from the input data, with all trees in the forest having the same
distribution (L. Breiman, 2001) The RF modelshave an embedded feature selection algorithm
that ranks features in ordef importance by calculating how much edelaturedecreases the
impurity (number of incorrect classifications mean error for regressipat each decision node

in the decision trees.

2.2.2.2Gaussian Process

Gaussian process modeadse generalizationsf the Gaussian probability distribution
governed by prior covariance. The prior covariance is specified by a kernel function, which is a
measure of similarity between data points that the model has not seen before and the data used to
construct, or trainthe modelRasmussen Christopher K. I. Williams., 2008)e GP models in

this work use a radial basis function as the kernel. Radial basis funetidn$take the form

i Q (21)

where

i A WA (22
In Egs. @1) and @2), 1 is the Euclidean distance between data pairdaedw, anddis a length

scale vector determined duriegtimationof the GP model parameters. Feature selection for GP
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models is performed using the values of the length scale vector at each input dimehesien,

input dimensions with smaller length scale valueelage relevance in the model.

2.2.2.3Support Vector Machines

Support vector machines (SVM) are machine learning models that transform input data
into n-dimensional space. This transformation to a higher dimensional space is performed using a
kernelfunction(Drucker et al., 2002)The kernel function linear sepagathe data by constructing
a set of hyperplanasherethe distance frorthe hyperplanet the nearest data point on eadaesi
of the planeis maximized.On the other hand, for th8VMs for regression (SVB), the n
dimensional hyperplanes are built in a way that the total distance between the points out of the
tolerance margin of the hyperplanes and them is minimieid. stugy has implemented a radial

basis kernel function for classification and regression

2.2.2.4Artificial Neural Networks and Extreme Learning Machines

Artificial neural networks (ANNs)Haykin, 2009)are a modeling technique inspired by
how the human brain functions. An ANN consists of input, hidden, and output layers, each
containinga number of neurond bias 5 associated with each neuron, and neurons are connected
via the layer weights in the network. A nonlinear activation function deteswinethera neuron
firesor not. In the training of ANN models, the weights and biases are tuned to minimize the error
of the predictions. Two types of ANNs are considenetthis study The first oneis a feedforward
network with oneinput, one hidden and one outputayer with a hyperbolic tangents the
activation functionThe second type is called Extreme Learning Machines @l(Nuang et al.,
2006) In ELMs, the weights for all the layers are assigned randomtgxfor the last hidden

layerwhose layersareestimatedising thetrainingdata.
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2.2.2.5Multivariate Adaptive Regression Splines

Multivariate adaptive regression splines (MAR&riedman, 1991)s a nonparametric
machine learning method based on the linear summation of the basis functions. Basis functions in
MARS models are either constants, a hinge function, or the product of two or more hinge functions.
In the first step of training MARS models, the basis functions are initialized at the mean value of
the outputsand the model theaver fitsthe training datayadding more basifunctions. Next,
by implementinga backward pruning pass that uses a generalized-gadiskation criterion, the

terms with minimal effects on the predictions are eliminated from the model.

2.3 Surrogate Modeling Methods and Techniquesfor Stochastic Simulations

The three main existing methods to construct surrogate models for stochastic simulations
are 1) fixing the value of the uncertain parameter(s) (Fiedlien et al., 2019)2) using several
realizations of the uncertain parameter values (P&Hilen et al.,, 2019)and 3) Stohastic
Kriging (SK) (Ankenman et al., 20087 brief explanation of each of these methscluded
in the next sectiond he first method uses a fixed value, usualy mean valugp construct a
deterministic surrogate model. In this method, the uncertainty information is lost, and the output
uncertainty is not captureéd set of values is sampled from the uncertain parameter(s) space in
the second methodnd a supgate model is trained for each sample vaieeral models need
to be built and used for predictionsing this method which raises the possibility of added
uncertainty based on the data availability. The third method, ®dsed on regular kriginghere
the uncertainty is incorporated into the covariance function used in the.imdsl€| the surrogate
model type is limited to kriging, andhere is no optiorfor employing different modeling
techniguesHowever, it has been shown that the best ML technique for building a surrogate model

is a function ofthe data characteristics, whichdspendent othe underlying phenomena the
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simulationrepresentgWilliams and Cremaschi, 2021Hlence, each of these existing approaches
come with limitations of their own for building accurate surrogate models of stoc$iastiations

efficiently.

2.3.1Existing Surrogate M odeling Approaches forStochastic Simulations

2.3.1.1Fixed ParameterValue (Fixed)

In the Fixed approach, the uncertain parameters are fixed at a nominal value, which is
normally the mean value of the parameters. The stochastic simul&ioR)( ) is converted to a
deterministicone ("@® ) by fixing the value of the uncertain parametérs (0 ) (Hullen et
al., 2019) In this method, the uncertainty of the parameters is ignored and not considered in the
modeling and prediction of the outpud)( The surrogate model({& ) of the deterministic
simulation,"@® , can be built with any ML technigue in the absence of uncertainty (Eq. 23). The

output €), without uncertainty information, is predicted usingtitaned surrogate model.
A& QAP e W O QO (23)

2.3.1.2Subset of dcertainParameterRealizations (PSet)

In the PSet approach, multiple observations of uncertain parameters are generated and used
to build surrogate models of the stochastimulation Q@ ) (Hullen et al., 2019) The
uncertain parameter space is sampled. The uncertain parameter values are fixed to the sampled
ones, which results in a set of deteristic simulations, each one corresponding to one set of
uncertain parameter realizations. The resulh isleterministic simulations'@z> I8 KDY )
givend different realizations of uncertain paramete¥ 0 B b . Using ML techniquesi

number of strogate models'Q @ ) are trained to represent each of the deterministic simulations,
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"Mm . The mean output value and its standard deviatieestimated as the average value of the

trained surrogate modélsutpus, Eq. 24, and their standard deviation, Eq. 25, respectively.

O QAP 0w (24)

” ” 'O "Q (I) (I) (25)

2.3.1.3StochastikKriging (SK)

Stochastic kriging (SK) was proposed based on the classic kriging method to account for
the intrinsic uncertainty of the system itsghkenman et al., 2008 is a tal for evaluating the
expected value of the response surface in each design(yang and Chen,6) Stochastic
kriging is preferred over regular krigingecause inot only considers the uncertainty occurring
due to the input sampling but also the uncertainty corresponding to the stochasticity of the system
and/or simulation through the replications information at each training point. The value of the

output () onreplication] is evaluated using Eq. 26,

L Pein 1 L (26)

where™Q8 is the basis function, which is assumed toobe for many application$, are the
unknown parameters, is a Gaussian random field with a mean of zero,-amlthe measzero
random field realized in th& replication due to system error.
The unbiased prediction of the output value at any poistcalculated via Eq. 27.
L 5 By eBIBy B, L 5 g (27)
In Eq.27, B is the covariance matrix across all sample poBits, Gf8 is the covariance vector

consisting of the covariance of the pointand other pointsB is the diagonal matrix of the
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covariance of the intrinsic uncertainty, ahd is the unknown parametegstimated by the

maximum likelihood.
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Chapter 3 Assessment of Uncertainty Propagation Methods

In this chapter, seven nantrusive UP methods are compared based on their ability to
estimate the first four statistical moments of the outputs of models 1Qd® ) with uncertain
inputs(Figure 1). The estimated mean, standard deviation, skewness, and kurtosis are the extracted
information of the output uncertaintyhe methods considered are Monte Carlo simulation using
1) Sobol sequencegs S o b o | 62) Hallo® $rfeXHalton, 1960)and 3)LHS (McKay et al.,

1979) FFNI (Duffy et al., 1998) UDR (Rahman and Xu, 2004$%G (Smolyak, 1963)and PCE
(Ghanem and Spanos, 199A) extensive set of test functions were employed to study the effects

of 1) nonlinearities, 2) the number of uncertain inputs, and 3) different input uncertainty
distributions for establishing guililees for selecting efficient UP methods. The efficiency of the
methods was evaluated using the minimum number of model evaluations required by each method
to converge to a preset gap around the true value of the first four statistical moments. Fally, th
guidelines were utilized to determine the most appropriate UP method for two case studies. The

following sections include the computational expentresults and discussions of this study.

Standard deviation

/_\\ # , ’ B \\‘
;/‘\\ g —"‘/ ’[ \“
5 1
X, /\ - (X)) //' '\\ +o
. v Kurtosis

Figure 1. Propagation of uncertainputs to the simulation output via four statistical moments.
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3.1 Computational Experiments

For computational experiments, all UP methods are implemented for propagating input
uncertainty to the outputs of a set of test functions with known analyticakfddumerous test
functions and input distributions are considered in the experiments for studying the impacts of
functional forms, the number of uncertain inputs, and distributions on the performance of the UP
methods. The test function names, their fdamuand the input distributions are summarized in
Appendix 1 The uncertainty propagation is carried out by calculating the first four statistical
moments of the function outputs. The computational experiments start with three function
evaluations and tarinate at 1 x 10function calls. At each increment, four moments are estimated

using all applicable UP methods.

In the PCE method, the polynomials are truncated at the ordgrlofthis study, four
different values of}, |  cloftiv , are consideredotobserve the impact of the polynomial
truncation order. Also, we use three methods, Sobol sequenceSREtlton series (PCH),

and FFNI (PCEF), for estimating the numerator of Eq. 20.

The quality is defined as the minimum number of function evauostrequired for a
statistical moment to reach and remain within the desired erroifgapsure that the estimated
value stays within the 5% error gap, the search for minimum number of function calls started from
the highest value then decreased gragiuattil the point where the estimation violated the 5%
error gap of the true moment vallée error gap is a band with a width equal to adatermined
error per ctuedt angpanemfFoutdiieent@rrogapsof 2%, 5%, 10%and 20%
wereconsideredThe results for 10% and 20% ergapswere not different fronthe5% errorgap
trends.The variability was high for the 2% error gap, and in many cases, most of the UP methods
could notconverge to the specified error gap of the test functidesce the 5% error gap results
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are presentedand discussedn this dissertationT h d¢rue® v al ues of the momen
using Monte Carlo simulation with 5 x @fuinction evaluations. Experiments are impleteerin
Python 3.6. The packageghaospy(Feinberg and Langtangen, 201&)tilized for generatinghe

Sobol seriesamplesandincorporating?CE,respectively.

Four different cases are considered for assessing the performance of the UP methods. In
each case, the effects of a specific factor are studied. The functions implemented in each case are

included in &ble A13 in Appendix 1

3.1.1Impact of Nonlinearity

The performance of UP methods for various nonlinear functions is studied using two
groups of functions. The first group contains twenty different nonlinear functions with one
uniformly distributed input. The source of nonlinearity stems fexponential and trigonometric
functions and the absolute value operator. The second group contaidsnemsional power
functions, in which the input is uniformly distributed. The UP methods are evaluated for power
functions with exponent values rangimgrh one to five to investigate the accuracy and efficiency

of their estimates for increasing nonlinearity in a model.

3.1.2Impact of the Number of Uncertain I nputs

The effects of the number of uncertain inputs on the UP methods are studied by changing
thedimensions of GSurjanovic and Bingham, 2018nd Ackley(Surjanovic and Bingham, 2013)
functions. It is assumed that all inputs are uncertain and uniformly distributed. The number of

inputs is increased from one to five for the G functind t eleven for the Ackley function.
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3.1.3Impact of the Uncertain I nput Distribution

The impact of input distributions is investigated via two test sets. In the first set, UP
methods are implemented and evaluated for differenrtlonensional functiongith both uniform
and lognormal distributions. The second set includes the Ackley function with varying input

dimensions (from one to eleven) and different distributions, uniform, normal, and lognormal.

3.1.4General Performance
As the final case, we csider all the 95 different test functions with various properties to
assess the general performance of the UP methods. The results are studied to observe and deduct

general trends for each UP method.

3.1.5Application of the UP Methods to Borehole and Stde€Column Models

TheBoreholeandSteel Columnmodels(Surjanovic and Bingham, 2013q. Band Egs.
29-31, respectively, are used as problems to test the trendhané@sulting recommendations
generated using the computational experimentsBoneholemodel has eight input variables and
calculates the flow rate in a borehole given its specifications. Table 1 lists the inputs with their
distributions. TheSteel Coumn model is ninedimensional, and the input distributions are listed
in Table 2. This model evaluates the reliability of a steel column based on the limit state function

shown in Eq. 9, Eq.30, and Eq31, which is a criterion of failure.

— s ¢“'YO O
Qw 0"Y Y (28)
L G —
O Y
Qe O 0 b 00 29
60 0@ U (29
O 0 0 0 (30)
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Table 1. Distribution of uncertain inputs for Borehole function
Variable Distribution
radius of borehole (m) w~ N (e=0.10, G@=0
radius of influence (m) r ~ Lognor mal (e="
transmissivity of upper aquifer (m?/yr) Tu~ Uniform [63070,115600]
potentiometric head of upper aquifer (m)  Hu~ Uniform [990, 1110]
transmissivity of lower aquifer (m2/yr) T, ~ Uniform [63.1, 116]
potentiometric head of lower aquifer (m) Hi ~ Uniform [700, 820]
length of borehole (m) L ~ Uniform [1120, 1680]
hydraulic conductivity of borehole (m/yr) Kw ~ Uniform[9855,12045]
Table 2. Distribution of uncertain inputs for Steel function
Variable Distribution
yield stress (MPa) Fs ~ Lognormal(mean=400, standard deviation=35)
deadweight load (N) PP~ N(&e=500000, (G4=50000)
variable load (N) P> ~ Gumbel(mean=600000, standard deviation=90000
variable load (N) Ps ~ Gumbel(mean=600000, standard deviation=90000
flange breadth (mm) B ~ Lognormal(mean=300, standard deviation=3)
flange thickness (mm) D ~ Lognormal(mean=20, standard deviatigh
profile height (mm) H ~ Lognormal(mean=300, standard deviation=5)

initial deflection (mm) Fo~ N(e=30, 0d=10)

Young's modulus (MPa) E ~ Weibull(mean=210000, standard deviation=4200)
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3.2 Results and Dscussion

3.2.1Impact of Nonlinearity on the Performance of Uncertainty Propagation Methods

Figures 2 and 3 include boxplots for the minimum number of function evaluations required
to converge to a 5% error gap for each of the first four moments for the first group of nonlinearity
test functions. In the graphs, Pki)stands for th&) order FCE where the integral was estimated
using FFNI, P(HS using Sobol, and P{H using Halton. The variables;,my, ns, and n, are the
number of functions for which the method did not yield results within the 5% error gaptfehe
mean, standard deviah, skewness, and kurtosis values, respectively, with one million function
evaluations. The plots do not depict results for UDR and SG because all test functions are one

dimensional, and for these functions, the UDR and SG revert to FFNI.

Figure 2 reveal that FFNI and P(@F required the lowest number of function evaluations,
on average, to yield estimates within the 5% error envelope ofrdkemean and standard
deviation. Their interquartile ranges and range of whisker values were the smallesh fmebot
and standard deviation estimations in comparison to all the methods (Figure 2). The outlier values
for FFNI and P(HF were lower than the average outlier valagother UP methods. The use of
MCS-based methods in PCEs resulted in PCE requiringverage, a higher number of function
evaluations than FFNI and R{)to yield mean and standard deviation estimates within the 5%
error gap. For PCE using Sobol (P%) and Halton (P(#H) sampling, the average number of
function evaluations required @rhe interquartile range decreased with an increase in the PCE
order. This behavior suggests that the highreler polynomials aided in representing the
nonlinearity in the test functions. However, PCEs with the lower orders, sperially, did not
yield estimates within the 5% error gap of tinee standard deviation for a large number of the

test functions. The number of test functions for which the standard deviation estimate was within
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the 5% error gap increased as the order of the PCEs §h@wWICSbased methods, Sobol and
Halton sampling, and LHS needed more function evaluations to estimate the mean and standard
deviation (Figure 2). Although the whiskers range was largest for-BH38d methods, the
interquartile range was smaller than loveeder Ki)-S and P(HH suggesting a peaked distribution

for the minimum number of function evaluations in comparison to the PCE methods with

approximately same whisker range but larger interquartile ranges.

FFENI required the fewest number of function evaluattorestimate skewness and kurtosis
(Figure 3) within the 5% error gap of threie valuesfor all the functions. Both interquartile and
whiskers ranges were smaller than other methods. Hglder PCE where FFNI is used to
calculate the integral (P{h) estimated these two moments with a low number of function calls.
However, they did not converge to a 5% error gap for all of the functions. The twododesr
P(i)-Fs did not converge to the error gap for more than 60% of the functions. Sampling using Sobo
and Halton sequences and LHS yielded skewness and kurtosis estimates within the 5% error gap
for all test functions; however, they required more function calls than FFNI and-oiglesrP (i}

F on average. The interquartile range of M&ed methods wasgnificantly larger than that
obtained by FFNI but smaller than what higheder P(i}S and P(BH methods yielded. The
skewness and kurtosis estimates of PCEs were still not within the 5% error gap at the maximum
allowed function evaluations for mostnictions, especially when lowerder PCEs were used
(Figure 3).However, the number of functions where the estimates were not within 5% decreased
as the order increased, suggesting that highger polynomialsvere necessary for estimating
higherorder manents of the outputs for Sobol aHdltonbased PCEs. On the other hand, this is

not true for PCEs based on FFNI, since FFNI is very efficietitaprediction of the moments for

onedimensional models, which leads to quick convergence to the desiredyepr@ven with
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lower order polynomialsThe number of outliers in estimating skewness and kurtosis is larger than

the number observed when estimating the mean and standard deviation for all the methods.
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Figure 2. The minimum number of functioavaluations for estimating meamd standard deviation within 5% of
their true values for the test functions to study the impact of nonlinearitgnd n» are the numbers of functions for
which the method did not yield arstenate within a 5% gap of theue values forthe mean (Mean) and standard
deviation (Std), respectively.
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Figure 3. The minimum number of function evaluations for estimating skewness and kurtosis within 5% of
their true values for test functions to study the impact of nonlinearity. n3 and n4 are the numbers of functions for
which the method did not yield an estimate within a 5% gap ofrtieevalues for skewness (Skew) and kurtosis
(Kurt), respectively.
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Figure 4 summizes the results for the second group of test functions for evaluating the
effect of nonlinearity, where different exponent values are used in the power function. Each figure
demonstrates the minimum number of required function evaluations for each UBdnet
converge to a 5% error gap around the moment for Power functions with different exponent values.
Based on Figure 4, MCBased methods required a higher number of function evaluations to
generate accurate estimates of both mean and standard deswatipared to the other methods.
Furthermore, the number increased as the value of the exponent rose. The number of function
evaluations required by FFNI and PCE where FFNI is used to estimate the integi@) (R{ihot
change significantly for estimaginthe mean when the exponent value increased, and the change
was the lowest for estimating standard deviation compared to the other methods. PCEs with
secondorder polynomials with integral estimates carried out using either Sobol or Halton
sampling methosl P2S and PzZH, needed more function calls than the higbieter PCEs for
estimating mean and standard deviation of the output for power function with the large exponent

values.

Monte Carlo simulatiofbased methods required more function evaluationsstionate
skewness and kurtosis with increases in the exponent (Figure 4). The required function evaluations
were the lowest, in general, for LHS for estimating skewness and kurtosis among the three
sampling schemas. FFNI needed a significantly lower nummbé@inction evaluations than the
MCS-based methods for accurate estimation of the skewness and kurtosis for the power function
with all considered values of exponents. Furthermore, the change in the number of function calls
as the power value rose was mal compared to MC®ased methods. All PCEs with orders of

two and three did not yield thirdind fourthmoment estimates within the 5% error gap for the
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power function with an exponent of five due to high nonlinearity. As a result, higher orders of

PCEsmust be used when predicting higher moments.
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Figure 4. The minimum number of function evaluations for estimating mean (Mean), standard deviation
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exponents.
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3.2.2 Impact of the Number of Uncertain Inputs on the Performance of Uncertainty
Propagation M ethods

Figures 5 and 6 plot the minimum number of function evaluations needed by each method
to achieve mean, standatdviation, skewness, and kurtosis estimates within the 5% error gap for
G and Ackley functions. These plots show the impact of increasing the number of uncertain inputs
on the performance of the UP methods. The plots reveal that the minimum number refdrequi
function calls to estimate the first four moments increases for all UP methods as the number of
uncertain inputs increases. The increase is about an order of magnitude or more function
evaluations for each input increment, and it is more significanFFNI, SG, and P(@} for
estimating all moments. This result is not surprising because the number of samples required
increases exponentially with the number of uncertain inputs for these methods. The impact can be
seen clearly for FFNI for the numberinputs above four in both functions. According to the plots
(Figures 5 and 6), either the number of function calls to estimate all the moments using FFNI is
above 18or FFNI did not converge to the error gap for dimensions larger than four. However, SG
converged to a 5% error gap for all moments of the G function and for the mean of the Ackley
function for all dimensions within the maximum number of allowed function calls.

The UDR converged to the 5% error gap only up to five and three dimensions for the
Ackley function (Figure 6) in estimating the mean and standard deviation, respectively, and did
not yield accurate estimates of the other three moments for any of the dimensions. The results for
high dimensional functions, especially estimation of highements, agree with the expected
performance from UDR. The accuracy of the linear combination of univariate functions in
representing the test function drop quickly for high dimensioesausea higher number of

relations between the variabie®verlookel by this method. In addition, higher mometdsitain
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strongnonlinearity which is not well captured by univariate functions. Consequently, moment
estimates obtained using these approximations did not converge to the error gap within the allowed
number offunction evaluations. The UDR is not applicable tfoe G function (and hence is not
included in Figure 5) because the univariate functions are equal to zero when G function is
approximated as the linear combination of the univariate functions (theseldsrare given in
Appendix J.

Although the MC$%based methods required higher function evaluatiesgecially for
lower dimensions, to estimate the moments, the number of function calls varied less with changes
in the number of uncertain inputs compar@dther methods. The results demonstrated the-MCS
based methods as reliable approaches for estimating the moments as they yielded estimates of all
four moments within the error envelope for all the functions with different dimensions. The PCEs
where the itegrals were approximated using Sobol and Halton sampling methods, in general,
converged to the 5% gap of ttrae mean with a lower number of function evaluations compared
to numerical integration methods and the PCEs associated with them. This is tieeausaber
of samples does not increase exponentially using thelisgvepancy series, unlike the quadrature
based methods. Furthermore, the rate of increase in required evaluations was slow as the dimension
increased. The plots also reveal that, asweige trend, the number of required function evaluations
increases as the polynomial order increases for PCEs (e.g., mean plot in Figure 6). According to
Eqg. 19, as the order and dimension of the polynomials for PCEs increase, the number of
coefficients @, increase, and based on Eq. 20, a larger number of samples provides more accurate
estimates of these coefficients. The number of function evaluations required by PCEs is dependent
on two factors, the order of the polynomial and the number of uncenaits of the modeFigure

6 illustrates that RS and PH did not yield estimates within the gap for any number of uncertain
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inputs for the Ackley function; however, the higleeder polynomials estimated the skewness and
kurtosis within the 5% error gaThese observatiorsiggest that lowesrder polynomials were

not representing the nonlinearity of functions with higbeter moments accuratelyzor the G
function, heMCS-based PCEs did not converge to the desired gap of the standard deviation with
a higher number of uncertain inputs akéwness and kurtoses wittmost none of the dimensions
(Figure 5). We think the main reason for these results is the high nonlinearity in the G function
due to several interaction terms of different uncertain shxantl absolute value function, and added
nonlinearity for calculating the second to fourth moments of the output, which is making it difficult

for the PCEs to capture the response surface of the G functions accurately.
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3.2.3 Impact of the Input Distribution on the Performance of Uncertainty Propagation
Methods

Figures 7 and 8 show the box plots of the minimum number of function evaluations to yield
an accurate estimate of mean and standard deviation, and skewddsastosis, respectively, of
the output for the ondimensional test functions with input distributed uniformly and lognormally.
The average number of function calls needed by each UP method is noticeably larger for the
lognormal distribution than theniform one, suggesting that input distribution is an important
factor. Additionally, the interquartile ranges increased for lognormal distribution in estimating all
the moments with at least one order of magnitude for all methods, and the increase was the
maximum for the MCSased methods. However, the average was located far from the
interquartile range for the lognormal distribution case, suggesting the effect of the outliers on the
final value of the average and indicating that not all the functionsreeqansiderably higher
function evaluations to converge to the error gap. Different nonlineadiorensional functions
were used in the first test group, and similar to the results of the first case study group in Section
3.2.1, the MCSbased methods were the ones with the highest variability in results for both input
distributions with the largest interquartile and whiskers ranges. Based on Figures 7 and 8, the
MCS-based methods, on average, required the highest number abfuaetluations in both
uniform and lognormal distributions to converge to a 5% error gap of all moments, and the values
were higher for the latter distribution.

The FFNI had the minimum median and average number of function calls to estimate all
momentswithin the desired error gap for both input distributions. The change in average required
function calls between two distributions was the lowest among all the methods. Different

quadratures are used for selecting the nodes in FFNI, and the impact frolisttifoeitions is
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mitigated by the use of appropriate quadratures. Thé=R{i¢thods had comparable performance

to the FFNI method in estimating the mean of the function outputs for both distributions. However,
as the moment order increased, the numbduraftion calls for the onethat converged to the

error gap and the number of functions for which the-P(methods failed to converge to a 5%
error gap for the last three moments increased (Figure 7 and 8). There were no significant
differences in the @-F methods estimate quality between uniform or lognormal distributions,

possibly due to the same reason for FFNI.
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Lower order PCEs with integral approximated using MCS with Sobol and Halton sampling
did not yield moments within the error gap of tinge values for a larg@mumber of functions.
Higherorder PCEs were better in estimating mean and skewness, where the plots (Figures 7 and
8) do not demonstrate a considerable fluctuation in the number of function evaluations needed by
these methods between two different inpustributions. The average number of function
evaluations required increased significantly for lognormal distribution in estimating the standard
deviation and kurtosis. The trends and performance of the UP methods for both distributions
agreed with thosebsrved in SectiorB.2.], suggesting that those results can be extended to

different distributions.
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(Std) within 5% of their true values for the case with the impact of distributions in Ackley functions. NC (Not
Converged) indicates the methods which were biet® converge to the desired gap within 106 function evaluations.
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Figure 10. The minimum number of function evaluations for estimating skewness (Skew) and kurtosis (Kurt)
within 5% of their true values for the case with the aetpof distributions in Ackley functions. NC (Not Converged)
indicates the methods which were not able to converge to the desired gap within 106 function evaluations.

In the second case study on the impact of input distributions, the minimum number of
function calls to estimate the four moments tbe Ackley function with three different
distributions for the inputs are shown in Figures 9 and 10. According to thedjdti¥NI
demonstrates large changes in the number of function evaluations to estimate the output moments
among different distributions for dimensions above.tiMoe number of function calls does not
change drastically for the UDR method in estimating tleamof the Ackley function. However,

UDR was not able to converge to the error gap for most cases with higher moment orders. The
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performance of the MGBased methods varies less, i.e., the required number of function
evaluations does not change signifidgnin comparison to other methods. The PCEs based on
Sobol and Halton sampling are not affected by the distribution of the input variables and require
the same number of function evaluations for cases that converged to a 5% error gap of each

moment.

3.24 Comparison of the Performance of Uncertainty Propagation Methods for all Test
Functions - Overall Performance Analysis

Figure 11 shows box plots of the minimum number of function evaluations required to
estimate the mean and standard deviation withirb¥%eerror gap ofrue moment values for all
the test functions considered in this study. The results are important for problems where not all the

characteristics of the models are known or given.

The plots in Figure 11 demonstrate that Mi&83ed methodsutperformed the other
methods in four aspects. First, they converged to the 5% error gap in estimating both mean and
standard deviation for almost all the functions. Second, the median and the average number of
required function evaluations are lower ththe other UP methods. Third, the interquartile and
whiskers ranges are the smallest in comparison to other methods converging to the error gap for
the majority of the functions. Finally, the number of outliers is the lowest in comparison to any
other methd. The two prohibiting factors in estimating the moments, which are the dimensionality
curse for numerical integration methods and the ability to represent the nonlinearity of the systems
using PCEs, do not apply to M&fased methods. Hence, they are neffieient in terms of the
required number of function evaluations compared to all the other ones in this study.

Numerical integration methods and Fijare the least efficient UP methdascausehe

minimum number of required function evaluations to estimate the mean and standard deviation
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using these methods is strongly affected by the number of uncertain inputs and grows quickly.
There were many test functions with more than one uncertain ipatresult, FFNI, UDR, and

P(i)-F could not yield accurate estimates of the first two moments for a larger number of the test
functions, more than 10%, compatedther methods. However, among the numerical integration
methods, SG converged to the emgap within the allowed number of function evaluations for a
higher number of functions, and the medians of the number of function calls were less than the
medians of MCSased methods. As the order of the moments increased, the number of functions

for which the estimation of standard deviation through SG was unsuccessful grew larger.
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According to Figure 11, the function calls required by the @nd P(BH to converge to
the desired error gap of mean does not have decreasing trend as the order of the polynomials
increasesWe assumehis was due to the low order of the mean as the first magmadrare the
degree of nonlinearity is lower tham the other momats. On the other hand, the change in the
number of functions that these methods did not converge to the error gap of standard deviation,
¢ his notable as the order of the polynomial rises in value. Thel BAd P5S estimatedthe
standard deviation with a 5% error gap for more than 90% of the test functidbhs percentage
is larger than 75%he percentage of functiomghose standard deviati@stimats were within the
error gapusing the secondrder PCEs. The mean number of function calls usethéofirst two
moment approximations by P{ and P(HH were lower than numerical integration methods and
P(i)-Fs, but it was significantly larger than M@&&sed methods. PCEs do not guarantee
convergence as the number of function calls increases, whargdlasMCSbased models, the
estimation converges to the desired value at some point if the number of function calls is large
enough. If the PCE with chosen order does not represent the nonlinearity accurately, then
increasing the number of function evdioas would give accurate estimates of the built PCE,
which is not necessarily representative of the desired function. On the other handabtgiS
methods, using spad#ling or low discrepancy sampling methods, cover larger amounts of the
input(s) spacas the number of samples and consequently the number of function evaluations
increase and yield more accurate estimates of the moments as a result of the higher number of data.
Figure 12 illustrates the box plots of minimum required function calls imast the
skewness and kurtosis within a 5% error bound ofrtrevalues for all the 94 test functions used
in this paper. MC®ased methodaccurately estimated the third and fourth momémtsnore

than 90% of the test functions. Thus, they were thetmadiable methodfor converging to the
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desired error gap. FFNI and SG predicted skewness and kurtosis of a larger number of functions,
more than 65% and 75%, respectively, in comparison to the UDR are, R{ich was less than
50% for estimating botekewness and kurtosis. The median of the number of required function
calls for the functions the numerical integrations methods were able to converge to the desired
error gap was lower than the median for M@&ed methods, suggesting that if the numerical
integrations are an appropriate method for the function characteristics, they are more likely to be
efficient in estimating all moments accurately. Similar conclusions can be drawn for PCEs as well.
For the cases in which PCEs converged to the 5% enpanfgaetrue values of the moments, the
mean and median of the number of the demanded function calls are less than tira3d@S
methods. Hence, for the cases where the PCEs can approximate the nonlinearity of the model, the
number of function evaluations is not largéven though the performance of the PCEs was
comparable to the MGBased methods for estimating the mean, the performance significantly
deteriorated for the higher moments, skewness and kurtosis, as can be seen with the higher values
of n3 and n for PCEsversus MC&based methods in Figure 12. The increase in the order of the
polynomials improved the performance of the PCEs in converging to the error bound for a larger
number of functions since the higher orders were able to represent the nonlinehatfuattions
with better accuracy. The seceadder PCEs had the highest number, more than 80%, of functions
for which the convergence to the 5% error gap was not achieved. Therefore, based on Figure 12,
they are not recommended to estimate the skewnddauaiosis.
3.2.5Results for the Application of the Uncertainty Propagation Methods to Borehole and
Steel ColumnM odels

Based on all the previous case studies, it is expected that?d€x8l methods to be reliable

methods and converge to the 5% error gagdlonoments for both Steel and Borehole models and
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be one of the methods with a lower number of required model evaluations. Due to the high number
of uncertain inputs for both models, SG among numerical integration methods is expected to have
the best pdgormance and require lower numbers of model calls if converged to the error gap. PCE
based methods are expected to have better or the same performancelzaskiC@ethods if they
converge to the desired error gap of thee values of the moment, and thember of model

evaluations should increase as the order of PCE gets larger.
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Figure 12. The minimum number of function evaluations for estimating skewness and kurtosis within 5%
of their true values for the case of general performancand¢ are the numbers of functions that did not converge
to a 5% gap of the true values for skewn&iee(v) and kurtosis (Kurt), respectively.

The mearstandard deviation and skewnésstosis estimation for Steel and Borehole
models are plotted in Figures 13 and 14, respectively. The figures show the minimum number of

required model calleequiredto conwerge to a 5% error gap of the moments. M&2Sed methods
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convergedo the desired error gap of the mean with the lowest number of function evaluations.
However, lowetorder (2 and 3) PCEs that employed Sobol and Halton sampling also needed
relatively low function evaluations to reach 5% of ttree values. The number of function
evaluations increased as the order increased, and for the Steel model, the PCE with orders of 4 and
5 did not converge to the chosen error gap, which suggests that these polynemgaist able

to represent the nonlinearity of the Steel model. SG had the best performance among all the
numerical integration methods with the lowest number of model evaluations to estimate all the
moments within the 5% error gap of thé&iue values. FNI and the PCEs associated with it
required a higher number of function calls due to the relatively high number of uncertain inputs in

the models.
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Figure 13. The minimum number of function evaluations for estimating mearstamdiard deviation

within 5% of their true values for Steel and Borehole models.

For the Borehole model, none of the PCEs estimated the skewness and kurtosis within the

desired error gap. The MA&&sed methods and FFNI performed the best for this model, requiring

the lowest number of function evaluations. On the other hand, PCEs gedverthe desired gap

with the number of function evaluations very close to the Sobol, Halton, and LHS for Steel model.

As the order grew, there was an increasing trend for the required function evaluations .of PCEs

The results for the Steel and Borehwoledels agree with the observations and conclusions drawn

from the earlier case studies.
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Figure 14. The minimum number of function evaluations for estimating skewness and kurtosis within 5%
of their true values for Steel and Borehole models.

3.3Conclusions

This chapter studied the performance of seven methods from three common groups of
uncertainty popagation (UP) methods, including Monte Carlo simulabesed methods,
numerical integration methods, and functional expanbased methods, using computational
experiments. The methods wehe Monte-Carlo method using Sobol series, Halton series, and
Latin Hypercube sampling (LHS), numerical integration methods of Full Factorial Numerical
Integration (FFNI), Univariate Dimension Reduction (UDR), and Sparse Grids (SG), and
Polynomial Chaos Expansion (PCE) as the function expaisised method. The studyaluated

the impact of model characteristics, such as the number of uncertain inpulisieaoity of the
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model, and uncertainty distribution type using 95 different test functions. The uncertainty
propagation methods were compared based on the acoofrabg output estimates and the

met hodsdé efficiency in yielding these esti mat
statistical moments of the model output, and the efficiency was assessed using the minimum
number of model calls required tcad and remain within the 5% error gap of tituee values of

these moments.

The efficiencies of the FFNI and PCEs that utilized F&iingly dependedn the number
of uncertain inputs. PCEs generally estimated the first two statistical moments acdutibty
not converge to the desired error gap for skewness and kurtosis (third and fourth moments) for
most test functions. Theonlinearity ofthe test functionsonsiderably impacted the performance
of the MonteCarlo simulatiorbased methodompared tdhe other methods$rrespective of the
sampling technique used, and they required a higher number of model evaluations for complex
functions. However, these methods were the most reliable UP methods and converged to the

chosen error gap of all the moments for most (88% ¥uestions.

In light of our computational experiments, we constructed the following guidelines for
selecting the UP method based on the characteristics of the model of interest: For models with less
than five uncertain inputsegardless of the nonlinessr, FFNI is generally the most efficient
method to estimate the first four moments. SG is a better choice among numerical integration
methods when the number of uncertain inputs is higher than five. As the number of uncertain
inputs increases, for the mald with high nonlinearities, such as models that contain high power
values, logarithmic, and trigonometric functions with possibly interacting terms, fogther
PCEs can be used to estimate the mean and standard deviation. HowevegridighBCEs are

not the most reliable methods for estimating higbreler moments, such as skewness and kurtosis,
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because they did not converge to the error gap for most test funétithresigh higherorder PCEs

may capture thenodelnonlinearity, itmust benoted thathisincrease in order results in a higher
number of coefficients that need to be estimated. This, in turn, translates into a lower efficiency
for the PCE methods. There is a tradEbetween accuracy and efficiency with higloeder PCEs.
Finally, MonteCarlo simulatiordbased methods are recommended for modelsatithh number

of uncertain inputs and are reliable for estimating all four statistical moments of these models. The
results from this study did not yield clear guidelines based on the diginkiype as the trends

observed were not consistent for the test functions.
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Chapter4 Machi ne Learning Met hodsdo Appl i

4.1 Classification of Cardiomyocytes Content Differentiated from hiPSC in

Hydrogel Capsules

Cardiovascular diseases haezh and continue to be the leading cause of mortality worldwide
due to the limited selfenewal capacity of adult human cardiomyocytes (CMs) after myocardial
infarction (Kempf et al., 2016a)t has been estimatdiat billions of CMs per patiemtreneeded
to treat myocardial diseases effectivedyveigerdt et al., 2011Yhe discoveryf humaninduced
pluripotent stem cells (hiPSCs) in 200Bakahashi and Yamanaka, 20@#ablesand facilitats
generatingin vitro cardiomyocytes (hiPSCMs). Current twedimensional 2D) cell culture
approaches result in highly reproducible differentiatddrhiPSC to CMs; however, these 2D
systems cannot recapitulate key physiological attributes of the complexity of the native
myocardium. Furthermore, the large surface area required limits their applicability fougéale
large-scalecell production. © overcome tese2D cell culture problems, tissue engineering offers
threedimensional 8D) cell culture approaasthat can bettemimic thein vivo conditions(Zhao
et al., 2020)and hae shownpromise for the culture and differentiatiof hiPSCs for scalable
production ofhiPSGCMs (Kempf et al., 2014; Zhao et al., 202@Ithough 3D cell culture
suspension has the potential to be used for scaling up HIREQroductionjnconsistencyvithin
and between batchesmains a challengHamad et al., 2019)Therefore,the source of tis
variability in scalable, suspensidresed production of hiPSGCMs must be recognized and

understood using reliable todqlksropp et al., 2017)

Complicated systems and the high number of affecting variables make the development and

optimization ofbiological processes challenging. In recent years, machine learning techniques
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have been used as a new toolset to elucidate part of the complexities that exist in biological
processes and identify critical variables in systémset al., 2018; Xu and Jackson, 2019)
Machine learning methods build algorithms to classify or predict a desitednog based on the
available data. Various machine learning techniques are used in bioprocesses development to
reduce the complexity of the systems and help with identifying key variables. For example, Wu et
al. (Wu et al., 2016usedsupport vector machines,-earest neighbor, and decision trees to
predict the metabolic fluxes of heterotrophic bacteria, and Sciascio and Amifdir8tiascio

and Amicarelli, 2008predicted the biomass in batch biotechnological presegsing Gaussian

process modeling.

Cell production is an intense bioprocess with high variability, and machine learning methods
have shown remarkable performance in predicting the outputs for these systems. Mehrian et al.
(Mehrian et al., 2020predicted the population doubling time of cells in humanemelsymal
stromal cell expansion using random forest models, which had significantly better performance
than theoretical estimates. Cunha et(@lunha et al., 2019assessed the &fentiation and
proliferation of stem cells using artificial neural networks, and Schh@dk et al(SchmidtHeck
et al.,, 2005)implemented support vector machines and random forest models to predict the

performance oé bioreactor producing human liver cells.

Producing CMs is a multactor proces with complicated interactions, making experimental
testing timeconsuming and expensive. Hence, different applications of machine learning methods
can be found in the field of hiPSCMs to account for the complexities in the system and provide
models andools to be used for different applications of hiPGMs. Models like the random
forest, knearest neighboranddecision trees were implemented to analyze drug effects on CMs

and to build classification too[#leylman et al., 2015) ee et al(Lee et al., 2017)ised support
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vector machines to predict the impaatslirugs with different components on cardiandtionality.

They constructed a multiclass model, based on the influence on cardiac functionality, capable of
classifying a library of drugs with different components that were not included in the training data.
Orita et al.(Orita et al., 2020xlassified the camactility of hiPSGCMs using support vector
machines as a metric to assess the functional quality of the cultured-GiM&ESNaive Bayes,
support vector machines, akehearest neighbors were used to classify the diseased and abnormal
CMs (Hwang et al., 2020; Teles et al., 2028)lliams et al.(Williams et al., 2020predicted the
outcome for prodcing CMs, which were differentiated from hiPSCs in a bioreactor, using
different models, such as random forest and Gaussian process modeling. All of these studies
demonstrated the promising results of using machine learning techniques to classify, aamddict
select features for constructing accurate predictive models for 3D CM production systems and

their potential to be used thescaleup analysis.

A singlestepcell handling approach bareviouslybeenestablished foniPSC encapsulation
and diret differentiation in a 3Dengineered tissumicroenvironmentThe approaclemploysa
novel and coseffective microfluidic systenfFinklea et al., 2021; Seeto et al., 201®)create
microtissues appropriatéor scaling up the production of hiPSTMs. Creating cardiac
microspheres witkh75% CMscontent byencapsulation of hiPSC withPEGfibrinogen(PF)has
been reported by Finklea et @Finklea et al., 2021)Furthermore, ltis microfluidic platform is
highly flexible and canrapidly fabricate hiPS@aden microspheroids with different sizes
(diameter) shapegqaxial ratiog, and cell densities in PHian and Lipke, 2020)Understanding
the impact of thestunableparameters along with different differentiation protocols and protein
concentration in PF, as controllable features, and leveraging the use of the microfluidic PF

encapsulation systerto adjust them, has the potential to advanekable and reproducild
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scalable, suspension cultdbased Bgineered cardiac tissypeoduction The ability to predict the
final CM content is a crucial step for increasing the efficiency of hiE$production due to the
expensive and timeonsuming nature of the CM different@t process and the challenges of
downstream processing to remove +@¥s. The most influential experimental variables,
individually or in combination, are not well understdod this microfluidic system. Additional
insight is essential to improve thepeximental conditions and ultimately increase the consistency

and efficiency of hiPSC to CM differentiation at larger scales.

In this study, machine learning techniques are used for two main goals. The first goal is
identifying the most influential variabk for classifying the CM content. The second one is to
classify the CM content on a specific day, i.e., day 10, of differentiation. Identification of the
predictive parameters and an accurate classification model can be used to optimize the process by
interrupting the processes leading to failure, consequently saving money and time. In addition, the
informative parameters can lead to further modifications in the system for higher CM cbhéent.
experiments for CM production were carried uyy Dr . group pskgtlie snicrofluidic
system for hiPSC encapsulation on eaythree days befotbestart of differentiation, day 0) and
collectingand analyzinghe CM content inmicrospheroids on day 10 of differentiation (First and
second rows in Figuresl The information from the experiments was used for the computational
analysis. In addition to the experimental features (variables), several other features were generated
using feature engineering techniques to include more information in the input festtdioe the
model training step (third row in Figur®)1 Using different feature selection methods, subsets of
the initial input sets were chosen to construct classifier models (fourth row in Fyutdthiough
different studies reported different hiP&D/A percentages for successful CM differentiation in 3D

platforms(Branco et al., 2019; Dahlmann et al., 2013; Fonoudi et al., 2015; Williams et al., 2020)
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in the context of this study, the yield of 65% hiRS®I content or higher on differeation day

10 is consideredsufficient based onthe recent experience in the hiPSC microspheroid
encapsulabn and cardiac differentiatio(Finklea et al., 2021)in contrastless than 65% CM
contents defined agmsuficientclass The classifier models are built using three different machine
learning techniques and compared in terms of their performance (the last row in FHgure 1
Ultimately, the features used in constructing the-pestorming model based on thengparison

metrics were selected as the most influential features of the system.
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Figure 15. Schematic of the process to generate experimental data for creating-drivitamodel of

predicting CM content from cell encapsulatierperiments. Humamduced pluripotent stem cells (hiPSCs) were

resuspended in PF precursor solution including the photo initiator at a concentration of 30, 40, 50, and 60 million cells

mL™* of PF. The precursor solution and mineral oil were infused leadp and bottom inlets of the PDMS mold,

respectively. With breaking the surface tension of the precursor solution, the microspheroids of hydrogel were created

and crosslinked in the outlet by using visible light. Microspheroids were collected at tbéteaéd?DMS mold and
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removed from the oil phase and cultured in two different stem cell media for expansion for 3 days. Cardiac
differentiation was initiated on day O using two different differentiation protocols as showime itimeline.
Experimental fetures which were measured and intentionally changed were fibrinogen concentration in PF and
hiPSCs concentration in PF on d&y microspheroid size and shape whietre measured on day2, and CHIR
concentration and using to different differentiation poat on day 0. The output feature was CM content in each
batch of encapsulation which was measured by flow cytometry data. The only categorical input feature associated
with differentiation media and was encoded into numerical variables (Media 1, Med&ng)onehot encoding.
Features like surface and volume of the micrpspheroids were derived from the input features to have indicators of
their geometry of them. As the first potential set of inputs were ready subsets of them were selected by difterent fea
selection methods: Correlations, Principal Component Analysis (PCA), Wrapper methods, amd Embedded methods.
As the final step, using all the subsets selected by the methods classification models were trained and the performances
of them were compared:he machine learning techniques used for the modeling were Random Forest, Gaussian

Process, and Support Vector Machines.

4.1.1Computational Methods andTheory

4.1.1.1FeatureEngineering

The data used for computatioséiidiesvereobtained from B batches of experimenky
our collaborators Dr . L i .pEkch 0fghesg babchep was considered one data point for
constructingthe models. The first potential set of input features were the tunable variables that
described the experimental conditoorf the differentiation process. This set included the number
of cells being encapsulated, the pfyeeze passage number, type of media, CHIR concentration,
cell concentrationfibrinogen concentratiorin PF, microspheroid size, and the axial ratio o th
microspheroidBased on experimental observationisie additional derivedeaturesvere added
to the primary set to capture the impact of the microspheroid geometry on differentiation. These
additional features include surface (S) and volume (V) of nierospheoids the ratio of
microspheoid surface to volume (S/V), ratio of CHIR molecule concentration to microsphere
surface, volume and their ratend inverse of these ratidde feature set included one categorical
variable, media type, which waspresented using o+t encodingPotdar et al., 2017h the

models. In onéhot encoding, the categorical feature withdifferent observations is transformed
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into & binary variables indicating each observatiBotdar et al., 2017)Jsing onehot encoding,
the variables Media 1 and Media 2, which are binary variatéstituted the media type variable
in the feature seConsequently hte initial input feature set for computatiosélidiesncludedl16

attributes

4.1.1.2FeatureSelectionMethods

Different feature selection metho@Suyon and Elisseeff, 2008)ere utilized to identify
the input features with a significant impact on the ctasgion of the CM content (Figurks). It
has been shown that the accuracy of classification models dependsnputtieatureset(Chen
et al., 2020; Chen and Wasikowski, 2008)rthermore, the limited number of data makes feature
selection essential to trangy an accurate mod¢Remeseiro and Bole@anedo, 2019; Wang et
al., 2016) The generalization of the performance of the trained models is poorer when the features
are irrelevant or redundabalcedeSanz et al., 2014Classificationmodels were trainedsing
the selected features by each of the methBgsomparing the performance of the classification
models, the features with the strongest influemicéhe classification of the CM content on day 10
were determined. The feature selection methods considered includedHileand Smith, 1999)
embedded( J o v i | e t wrapper meth@gKbhayi and John, 1997)and principal
component analysig®CA) (Hotelling, 1933)Figurel16). The description of the feature selection

methodss included in Sectio2.2.1of Chapter 2.
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Figure 16. Diagram of feature selection methods used for selection of most significant features. The first
step was using correlation to filter the initial set of features. The Principal Component Analysis (PCA), Wrapper
Methods, and Embedded methods were implemerited modeling techniques used were Random Forest (RF),
Gaussian Process (GP), and Support Vector Machines (SVM).

4.1.1.3EvaluationMetrics

The classification model performance was evaluated and compared using four metrics:

accuracy, recall, precision, and the Mathews correlation coefficient (MCC). The accuracy

measures the proportion obrrect model classification3he precision is the prability, given

the modelpredictsthe fisufficiend class(CM content greater than or equal to 65%), that the

differentiation actuldy resulted or will result ira CM content equal to or above 65% on day 10.

The recall is the ratio of all the corréigufficien© class predictions to all of thiesufficiend class

observations in #data set or the percentage of fimufficiend class differentiations that the

model captures successfullyAccuracy, precisionand recall have values betwesgroandone

with oneindicatinga perfect score for these metri§®kolova and Lapalme, 2009)he MCC is
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a correlation coefficient betweenethctual classifications of the differentiation experiments and
the classification predicted by the mo{idatthews, 875) TheMCC ranges froml to 1. A value

of zerofor the MCC indicate no correlation between the data classifications and the model
predictions, meaning that the prediction with the model is no better than randomly assigning
classifications. A valuef -1 indicates a perfect negative correlation, with all of the predicted
classes being the opposite of the actual classes, and a valoeintlicates a perfect positive

correlation with all predicted classes being correct.

4.1.2Feature SelectionResults

The initial feature seincludedthe number of cells being encapsulated, the-frestze
passage number, type of media, CHIR concentration, cell concentféddiorggen concentration
in PF, microspheroid size, and the axial ratio of the microsphefbid feature set was developed
by our collaboratordased orprevious studies on 3D hiPSCM differentiation(Chang et al.,
2020; Finklea et al., 2021; Halloin et al., 2019; Zhao et al., 2lDCHIR concentration, and
the experimental observati®during hiPSC encapsulation and differentiatibor instance,he
initial stem cell density for encapsulation was obseteeithpact CM differentiationoutcome
The other initial featuressuch asS/V/CHIR, CHIR/S, CHIR/S/V, and S/CHIRvere selected
based on the experimental observatibour collaboratorsiuring differentiaion from more than
100 batchesf hiPSCGmicrospheroid cardiac differentiatiari&he features from the initial set were
first filtered using the Pearson (linear) correlation. For sets of features with a correlation coefficient
higher tharD.8, only one featre was kept in the set, and the rest were eliminated (Figur&he
resulting feature set was named filtered feature set and used as the base feature group for the
remaining feature selection tasks. The features in the filtered feature set are the afurebs,

the postfreeze passage numbsmpe ofmedia, CHIR concentration, cell concentration, fibrinogen
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concentration in PF, microspheroid size, axial ratio, S/V/CHIR, CHIR/S, CHIR/S/V, and S/CHIR.
The classification modelencluding RF, GP, and SVMwere built using the filtered feature set,

and the performance metrics were evaluated for each of the three classifiers.
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Figure 17. Heatmap of the Pearson correlation values between the input features and output variable. The
larger and darker the circles, the higher the absolute value of the correlation value. The colors blue and red
correspond to positive and negative values, respectively.

PCA was used to find the orthogonal principal components)(@&laining the variance
in input data. Using the filtered feature set, 13 Principal Components (PCs) were constructed. The
details about 13 PCs with their ratio of input variance description are incluédggemdix 2 The
first six PCs of the 13 explained above 90% of ther@iefeature set variance. The first six PCs
were utilized to trailRFeca, GReca, and SVMca models for classifying CM content.
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Table 3. Relative feature importance frothe random forest (RF) and Gaussian process (GP) models
embedded functions for Filtered features.

RF GP

Features | mpor Featuresl mport
S/ CHI R 0. 13 Cel l concentr 2. 00]
S/ V/ CHI R 0.13 Medi a1l 9. 30T
CHI R/ S 0.14 CHIR/S/IV 8. 517
Mi crospheroid 0. 114 Axi al Ratio 3.031
Number of <cel 010 Medi a2 3. 217
Pass ag¢gea epeozset 0. 08 Pas s aege epeazset 1. 437
Axial Ratio 0.70 | S/ CHI R 1. 210
Fibrinogen co 0.07CHIR concentr 1. 057
CHIR concentr 060 | Number of cel 7. 8¢
Me d2 a 0.0 Microspheroid 7. 68T
Medl a 0.0 S/ V/CHIR 5. 367
Cel | concentr 030 | Fibrinogen co 5_341f)
CHI R/ S/ V 0.0d CHI R/ S 3.047

Table 4. Relative feature importance frothe randomforest (RF) and Gaussian process (GP) models
embedded functions for PCs.

RF GP
Feat ul | mport Featu | mpor t d
PC1 0.16 PC4 1.8071 1
PCS8 0. 11 PC3 1.671 1
PC6 0.09 PC7 1.3071 1
PCa4 0.08 PC12 9.871 1
PC7 0.08 PC13 1. 3171
PC2 0.08 PC2 3. 5471
PC12 0.08 PC1 2. 627 1
PC5 0.08 PCS8 3. 4071
PCO 0.06 PC10 1.9771 1
PC10 0.06 PC11 1.697 1
PC11 0.06 PC6 1.627 1
PC3 0.06 PC9 1. 25871
PC13 0.00 PC5 7. 9711
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Built-in feature selection functions of RF and GP were aisestigated for feature
selection. The RF and GP classifiers were constructed using features selected by their embedded
functions. Each embedded function calculates relative feature importance for building the
corresponding classifier. The calculated tieaimportance of features for each classifier model
is given in Table3 and Table4 for the filtered feature set and PCs, respectively. The first two
columns in Tabl& and Tablet of these two tables correspond to RF classifier and the last two to
the GP classifier. The features are sorted based on their importance for each classification model.

Based on Tabl8, the first five features ithe GP method had the highest importance in
comparison to the othemwith higher than six orders of magnitude difface in their importance
value. Thus, cell concentration, media type (Media 1 and Media 2), CHIR/S/V, and axial ratio
were used to build a GP classifier. The feature importdoc€Cs in Tablel for the GP method,
given inthe first five rows of the tabJéC4, PC3,PC7, PC12, and PC13, are significantly larger
than the rest of the PCs. Unlike GP, the feature importance calculatethes®igmodel did have
a significant change in the values to choose the most impamestfor features or PCAs a
result, to choose the features, first, the RF model using the most important feature was constructed.
Then, based on feature importance ordee feature at a time was added to the input set, and a
new model was constructed tgpthe point that all the features were included in the feature set.
The feature set with the highest values of performance metagshwsen as the features selected
by RF. The first four features frothe RF column in Table& were the most importantd&ures
identified by RFbased feature selectiofhe RF classier was constructed using these four features
(S/CHIR, S/VICHIR, CHIR/V, and microspheroid siz&)o common features were selected by

GP and RF models, suggesting that none of the featuresnf@mativeto be selected regardless

89



of the modeling techniquéhe first three PCs in Table 2 ( PC1, PC6, and PC8) were selected
using the embedded feature selection method of RF and used for building the RF classifier.

The last feature selection techuéqgwas wrapper methods. All the three classification
models RF, GP, and SVMwere trained with FS, BE, aeD methods for finding the best feature
combination exclusive to each mod&he wrapper methods were implemented for both the
filtered feature seand PCs. Figur&8 and Figurel9 contain plots of how the MCC, accuracy,
precision, and recall values ftire GP classifier changed with the number of features selected by
the FS method from the filtered feature set and PCA, respectively. The ijistsate the
performance metric values for constructed models with different combinations of the features. The
linesin Figuresl8 and19 areused to track the changes in metric values shown with markers, and
the shaded area demonstrates the 95% com®darerval calculated based on 30 iterations of
Monte Carlo crossalidation. The tables below the plots list the features in the order they were
selectedAccording to Figures 18 and 19, the values of all four metrics show increasing trends as
the numbenpf selected features increases to four features. After four features, the values of MCC,
accuracy, precision, and recall exhibit a descending trdmeinimber of features corresponding
to the highest comparison metrics is selected as the optimal featureeach case. The rest of
the figures associated wittihe performance of three different wrapper methods with other

modeling techniques are includedAppendix 2
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Figure1l8 Mat t hewb6s corr el
to it for the forward selection (FS) algorithm with Gaussian Process (GP) classifier on filtered features. The table

shows the order each of the features wasdadohtil all the features were selected. The black stars show the best

case with the highest metric value.

91

and

a



0.84
0.51
0.4 0.744
>
g 80.64-
0.2 <
0.1 0.541
0.0
1 2 3 4 5 6 7 8 9 101112 13 1 2 3 4 5 6 7 8 9 10111213
Number of features Number of features
0.91 0.82
0.81 0.72
0.71 1 0.62 1
50.61 = 0.521
0 o _
[w] Q
20.51 e 0.42 1
o
0.41 0.32 1 =Y
0.31+ 0.22 1
o221 012
1 2 3 4 5 6 7 8 910111213 1 2 3 4 5 6 7 8 910111213
Number of features Number of features

1 2 3 4 S 6 7 8 9 10 11 12 13
PC8 PC5 PC4 PCI3 PCl1 PC2 PCI2 PCI0 PC7 PC6 PCO PC3 PCl

Figure 19 Mat t hewdéds correlation coefficient (MCC), and
to it for forward selection (FS) algorithm with Gaussian Process (GP) classifier on Principal Components (PCs). The
table shows the order each of the features was added until all the features were selected.

The results for selected features using eaethod and modelintgchniqueare included
in Table5 and Table6 for filtered features and PCs, respectively. In TaBlesd 6, the first
column is the list of the features/PCs used in the study and the evaluation.rib&iosst of the
columns are associated witelected features and results of the modeling techniques using
embedded methods and three different wrapper methods, which had the highest evaluation metrics

values. The features selected in each case are markethe accuracy, recall, precision, and®1C
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associated with models built using the selected features are calculated using Monte Carlo cross

validation with 30 iterations.

Table 5. Features selected from the filtered feature set using different wrapper methods and embedded

functions.

RFes | RFse | RFep | SVMEs | SVMge | SVMgp | GPss | GPse | GPsp | RFe | GPe
Number of cells V
Passage post v Vv Vv v Vv Vv
freeze
CHIR _ Vv Vv Vv
concentration
Cell V

) vV

concentration
Fibrinogen
concentration \Y V V V V \Y
in PF
Microspheroid \%
. V
Size
Axial Ratio v
CHIR/S v
CHIR/SIV \Y V \Y
S/CHIR v | v v
SIVICHIR v | v v
Medial Y, Y, Y, v | v v
Media2 Vv v
Accuracy 0.67|1 0.66| 0.69 | 0.69 0.66 0.71 | 0.72] 0.63| 0.63| 0.65| 0.52
Recall 0.55| 0.55| 0.65| 0.33 0.59 0.61 | 0.68] 0.55| 0.55| 0.52| 0.48
Precision 0.59| 0.56| 0.57 | 0.68 0.58 0.64 | 0.6 | 0.57| 0.57| 0.55{ 0.40
MCC 0.31| 0.3 | 0.36 0.3 0.32 0.41 | 0.42] 0.28| 0.28| 0.26| 0.02

According to Table$ and 6, several features were frequently selected by the feature
selection methods. These features inclpdstfreeze passage numbdébrinogen concentration

in PF, media type, CHIR concentration, and the ratio of CHIR concentration to the surface/volume.

93



Basal on Tables, PC8 and PC13, which are strongly correlated with-fresze passage number
and media type, respectively, were the most frequently chosen among all the PCs. Based on
previous studiesiRSCs effectiveness highly relies on their phenotypelgtaburing longterm
passagingdKempf et al., 2016b; Volpato and Webber, 2020)dthe passage number of iPSC
impacts diffeentiation outcomes Furthermore, other important parameters such as CHIR
concentratiorfKempf et al., 2016land media typéLian et al., 2013 ffectal differentiation yield
in the 2D monolayer differentiatiosystem.Interestingly, forthe 3D hiPSCCM differentiation
used in this studythese parameters (features) have been selectedapper methodBesides
these parametershe PF fibrinogen concdration has been selected with different methods.
Fibrinogen, as a wellefined extracellular matrix (ECM) molecule, has been tisgatovidea
biological site in PF focell adhesior{Fuoco et al., 2012)'he PF percent composition impacts
the resulting PF hydrogel stiffneé&lmany et al., 2003)our collaboratordiypothesize that PF
matrix stiffnessplays an important role in hiPSCM differentiation outcome. Based on our
c o | | a bexpeantental abgervatiortheyalso hypothesize that microspheroid shapetiR
concentration to surface area and CHIR concentration to microspheroid volumenaataigect
differentiation.

Based on TableS and6, GP models trained with features selected uiedg-S method
(GPxs) had the highest accuracy and MCC for both the filtered feature set and PCs, and the values
for recall and precision were higher thamsnh of the classifiersPostfreeze passage number
fibrinogen concentration in PF, CHIR concentratiand S/V/CHIR were the selected features by
the GP:s method from the filtered feature set. Among all PCszg@Rose PC8, PC4, PC5, and
PC13. These PCs are associated vptistfreeze passage numbeanedia type,Fibrinogen

concentration in PFCHIRS/S/V, axial ratio, and cell density. In both cases, most of the selected
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features overlapped with the most frequestiected ones, except for axial ratio and cell density.
According to the literaturecell density and confluencinfluence the CM content in 2D
environment¢Balafkan et al., 2020 The axial ratiogdefined as a ratio between the microspheroid

longitudinal and transverse axes, accotfmtshe shape of the microspheroids.

Table 6. Features selected from PCs using different wrapper methods and embetdiensu

RFes | RFse | RFep | SVMEes | SVMee | SVMep | GPes | GPse | GPsp | RRe | GR:
PC1 V
PC2 V \
PC3 \/ V
PC4 Vv V V
PC5 \/ V V
PC6 \Y
PC7 V \Y/ \Y/ V
PCS8 \ V \ V \ \ \/ V V \
PC9 \ \Y/
PC10
PC11
PC12 V \Y
PC13 V \Y V V V \
Accuracy | 0.67 | 0.67 | 0.67 0.73 0.7 0.73 0.75| 0.69 | 0.69 | 0.51 | 0.66
Recall 0.57| 057 | 0.57 0.64 0.5 0.64 0.59 | 0.44 | 0.44 | 0.36 | 0.52
Precision | 0.59| 0.59( 0.59 | 0.66 0.65 0.66 0.71| 0.62 | 0.62 | 0.34 | 0.55
MCC 0.31]1 0.31| 0.31| 0.44 0.35 0.44 0.46 | 0.31| 0.31| -0.03 | 0.27

4.1.3Classification Results

Classification models were constructed using the filtered feature set and PCs. Table
7 summarizes the accuracy, recall, precision, and MCC values of all trained classification models.
The metrics were calculated using 30 iterations of Monte Carlo-eadisi&tion. The first column
of Table7 shows the machine learning techniques usecbrstructthe classifiersand the next

four columns demonstrate the performance metrics for the corresponding classifier models.
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The first three rows of Tablé show the results for three modeling techniques using the
filtered feature set as their inputthe accuracy and precision of the three methods are very close,
and the values are around 60% and 50% on average, respetimeigver,the GP model has a
lower recall value (27%) and consequently a lower MCC vadogparedo the other two methods.

TheRF classifiers performed better with all metrics higher than the other two.

Rows four through six are the results of classification performance for three models of GP,
RF, and SVM using PCs as their input features. All methods yielded models with acotlosges
to 60%. The recall and precision were around 30% and 45% on average, respectively. The highest
MCC using PG as inputs of the three models was 0.16 hi#SVMpca model| and the lowest

was 0.06 for RFca.

The seventh and eighth rows of Tableshow the classification resultsvith features
selected using embedded methods for RF and GP models. The average accuracy and recall for
these two cases were 60% and 47%. The MCC value fes, RR26, was two folds dhe GPss

method.

The last two rows contaitine results for GRlassifierwith features selected from filtered
set and PCs, respectively, using wrapper methods. Based orbEatnld ables, GP models with
features chosen usirtige FS method for the filtered feature set and PCs had the highess \adlu
performance metricd hereforeGP-FS and GH-Seca were selected as the representative models
to discuss the results of the features selected using wrapper méthedscuracy was above 70%
for both GRFS and GH-Sca methods marking the maximumlua achieved in comparison to
all other methods. The other three metrics were also the higlidgsaverage values of 65%, 56%,

and 0.44 for recall, precision, and MCC, respectively.
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4.1.3.1Classification Models Trained Using Principal Components

Six PCs, which accounted for 90% of the variance in the filtered feature set, were used as
input features for training RF, GP, and SVM classification models. Rows correspondingctp GP
RFpca, and SVMecain Table7 summarize the performance metrics for theselels. The results
reveal that the performance of the RF classifiers deteriorates as PCs are used as the inputs and as
can be seen in the decreasing accuracy, recall, precision, and MCC values by 8%, 19%, 7%, and
0.14, respectively. However, the perforrmanof the GP and SVM models did not change
significantly, as the changes in all metric values were less than 6%. The variance in the output was
not accurately captured by the PCs accounting for 90% of the variance insinggésting the

possibility of features not captured in the current set also impacting the differentiation process.

Table7.Cl assi fication model sd performance using al

Model Accuracy Recall Precision MCC
GP 0.59 0.40 0.51 0.14
RF 0.62 0.48 0.52 0.20
SVM 0.58 0.45 0.45 0.12
GPpca 0.57 0.37 0.48 0.12
RF pca 0.56 0.29 0.45 0.06
SVM pca 0.60 0.40 0.52 0.16
RF 0.65 0.49 0.57 0.26
GPe 0.55 0.46 0.31 0.12
GP-FS 0.72 0.68 0.60 0.42
GP_FSeca 0.75 0.59 0.71 0.46

97



4.1.3.2Classification Models Trained Using Features Selected by Embedded Methods

GP and RF models come with beiiitfeature selection functions. We used these functions
to select features and train classifier models using the selected features. The fasdffiue
most important features identified with buiitt functions (Table8 and4) were used for training
RF and GP models, respectively. The seventh and eighth rows of/&iade the accuracy, recall,
precision, and MCC values of the RF and GP cl&ssifrained using the features selected by their
corresponding budin selection functions. The results show a small improvement in RF
performance metrics when the classifier is trained using the five most important features compared
to the classifier &ined using the filtered feature set with 1% to 6% increases in the evaluation
metrics. Howeverthe metrics for the GP model decreased, and the maximum decrease was in
precision from 51% to 31%, suggesting that the eliminated features hmlpdidtthe dasses

although they had lower importance.

4.1.3.4Classification Models Trained Using Features Selected by Wrapper Methods

Three wrapper methods, FS, BE, and BD Search, were used to select features and train
classifiers using RF, GP, and SVM methoddiie filtered feature set and P@3assifiers trained
using GP using the FS methbdd the highest accuracy and ME&E both inputgFiguresl8 and
19). Figures18 and 19 show the trends of change in values of four metrics, MCC, accuracy,
precision, andecall, for trained GP modelas one feature is selectatla timefrom the filtered
feature set and PCs, respectively, and added to the training input set. The cases identified as the
bestperforming model based on their highest metric values were maiited star inFiguresl8

and19.

The GP model with FS selected four features, fibrinogen concentration in PF, S/V/CHIR,

CHIR concentration, angostfreeze passage numbesm the filtered feature set as the best input
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set. The GP classifigrainedusing the selected four features had an accuracy of 72%, recall of
68%, precision of 60%&and MCC of 0.42. All metric values were significantly larger than all th
previouslytrainedmodels.The GP classifiewith PCsemployed fourcomponents PC8, PC5,
PC4,and PC13 (Figur&9) - as inputs. The largest absolute values of the coefficients of different
features for the selected P@sre associated withpostfreeze passage numbenedia type,
fibrinogen concentration in PF, CHIR/S/V, axial ragad cell concetration. The accuracy of this
model was 75%, withrecall of 59%, precision of 71%, and MCC of 0.48. Best classifiers trained
using both filtered features and PCs includpdstfreeze passage numbefibrinogen
concentration in PF, and the ratio betwé®ss CHIR concentration and microspheroid surface to
volume ratio as the predictors of the outfxperimentdiave shown that theostfreeze passage
numberand CHIR concentration impagitPSC differentiation to CMKempf et al., 2016b; Liu et

al., 2014; Vdpato and Webber, 2020pur experimental collaboratoedso hypothesize that the

PF fibrinogen concentratigolays an important role in the outcomehiPSGCM differentiation
outcome PF composition impacts hydrogel stiffngdémany et al., 2003)it has been suggested
that physical parameters such as mechanical stiffness may influence hiPSC capacity for self
renewal, stem cell fatend differentiation toCMs (Kerscher et al., 2016 Dynamic substrate
stiffening, mimicking the changes that heart tissue undergoes during development, has been
previously fiown to drive the maturation of precardiac cells and CMsg and Engler, 2019;
Young and Engler, 2011 furthermore, substrate mecleahave been shown to impact mesoderm
induction when cells are cultured on 2D surfaffeark et al., 2011)When encapsulating and
differentiating hiPSCs within a 3D microenvironment, having ahainPF stiffness that more
closely mimics the native embryonic microenvironment may be a critical factor in the outcome of

hiPSGCM differentiation(Kerscher et al., 2016)
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The results from GIFSeca showed the highest metric values, except for recall which was
the seconéhighest,comparedo all the methods considered in this study-FE82ca model hada
lower recall thathe GP-FS method, indicating that the lattassifier correctly predicted a higher
number of positive class points. On the other hand, the precision value was higheiF8sdsP
than GPFS, suggesting that the probability of a predicted positive outcome to be a real positive
class was higher witBP-FS>ca. The four PCs selected by &% ca, PC8, PC5, PC4, and PC13,
explained only 18% of the variance in the input data. The classificationsreggijest that the
variance in the output may not be strongly related to the variance in the input déte for
experimeral data used in the studince the weakest descriptors of the input data variance were

selected as the most influential predictors for the classifier model.

In summary the best classification results were generated by the featuresdélgdhe
FS using GP modeling, where the PCs were inputs to the model. These results indicate the
importance of correctly selecting the predictors, features, as the right combination of the
predictors led to classifier models with higher evaluati@trim values. The best classifier model
had MCC of 0.46, suggesting that it can predict classes of the new points accurately 46% of the
time better than a random classifier, accuracy of ,0mtbch means itcan classify any point
correctly 75% of time, rexdl and precision of 0.59 and 0.71, respectively, suggesting there is 59%
chance that a point with sufficient class would be classified correctly and 71% probability the
points predicted as sufficieatetruly from that class. Additionally, the variancethe output was
revealed not to be strongly correlated to the variance of the input data based on the results from
classification with PCEBased on this outcome, the results from classification performances with
different feature selection methods, aedults fromthe previous work in CM content prediction

in a bioreactor platfornfWilliams et al., 202Q)we hypothesize that other biological features,
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specifically the ones associated with the differentiation process during the protocol timeline
(dissolved oxygen in media, PH, cell concentration, transcriptomics/gene express.), may
have additional key information necessary to predict the output more accurately and describe the

variance existing in the CM content on day 10 of differentiation.

4.1.4Conclusions

In this chapter the goalwasto classify CM content on day 10 of differentiation and to
identify the most significant features and conditions which lead to higher CM content in ene cell
handling step differentiation ofiRSCs to CM using encapsulated stem cellsRf hydrogel
Machine karning techniques were usedetogineer and select features and build classification
modelsto classify CM content on the $@ay of differentiation into two classesufficiend and
fi ns uf fThe inikahfdatoreset was constructebly combining experimentally measured
variables and engineered features & differentiation experiments. Filteembedded and
wrapper methods and principal component analysisvere employed to find the best
combinationgubset of the filtered features fmrcuratelyclassifying the CM content. The classifier
models were constructagsing randomforests, Gaussian processsifier andsupport vector
machines Accuracy recall, precisionand Mathews correlation coefficient (MCC) were the

metrics for comparing the dermance of the classifiers.

The highesmetric valueof 75%, 59%,71% and 0.46 for accuracy, recall, precisiand
MCC were achieved using principal components (PCs) selected by wrapper methods to build a
Gaussian process classifiEhe PCs used ithe besfperforming model explained 18% of the input
data variance, suggesting that the variance of the input set did not fully explain the variance in the
output data. Based on previous work in using machine learning techniques to predict CM content

in abioreactor platfornin our group(Williams et al., 202Q)we suggest including more biological
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features and indicators corresypling to cell growth and differentiation, such as dissolved oxygen,
pH, and cell density during the time course of differentiation, in experimental data can improve

the prediction accuracy.

This study provides helpful information on the important contotdl@arameters affecting
the differentiation process by identifying variables that are strong predictors of the CM content on
the 10" day of differentiation. This information is valuable in two main ways. First, the selected
features are computationallpjportant for accurately predicting CM content. Second, they provide
potential leads for further exploration of this system experimentally to explain the observed
outcomes. Additionally, the classification models built in this study were the first stepsdtow
predicting CM content on the desired day of differentiation in hHeSC differentiation in

hydrogel microspheres.

4.2 Prediction of the Size for PLGAbased Naneparticles

Polymeric mnoparticleqe.g., those based @iiphatic polymers such as pdbctic-co-
glycolic acid PLGA) havedrawn significant attentiorior their potentialuse in biomedical
applications(Fredenberg et al., 2011; Makadia and Siegel, 20This interest is due tther
favorable properties, such b®degradability, biocompatibility, andinable degradation rate, for
thecontrolled releasef encapsulated therapeuti@espitethe tremendous effort to develop these
particles clinical trarslation has been slgwith no polymericnanoparticles currently approved
by the U.S. Food & Drug Administration for clinical applicati@nselmo and Mitragotri, 2019;
Operti et al., 2021)t has been suggested that a major obstacle to overcome is the development of
processes fothe consistent and controlled production of particles with wlefined properties

(Wang et al., 2021)Control of nanopatrticle properties (e.g., particle size distribution) is important
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for obtaining formulations with predictable performance and safety prafiles/s to approval

(Berkland et al., 2004; Elsabahy and Wooley, 2012; Sahin et al.,.2017)

Various methods for synthesizing polymeric nanoparticles have been explored to control
average particle size and the polydispersity index (P&)measure of size distribution. These
include emulsiorbased methods, nanoprecipitation, salting outiods, or dialysi¢Crucho and
Barros, 2017)Theemulsion solvent evaporation (ESE) method is the most commonly studied of
these methodsThis method offers good control of synthesis parameters and high encapsulation

efficiencies and yieldeighly uniform polymeric nanopacles.

Several studies have evaluated the effect of process parameters on the average size and PDI
of particles produced by the ESE method. In one stddynandezsiottonini et al.(Hernandez
Giottonini et al., 2020gvaluated the impact of PLGA concentration, polyvinyl alcohol (PVA)
concentration, organic solvent (volume) fraction, sonication amplitude, and the mixing speed used
during the evaporation step. Thendings indicated that PLGA concentration within the range of
5 15 mg/mL (0.51.5% w/v) did not significantly change the nanoparticle size or PDI. This result
contradicted other published findings by Song e{@bng et al., 2008hat reported a positive
correlation between size and PLGA concentration; it was suggested that variation in properties of
PLGA used could be a contributing factor this discrepancy. A positive correlation was also
observed in a study reported by Halayga etffaHa | ayqga and Dwhonsa®Esrk a , 2 C
increase in average nanoparticle diameter as PLGA concentration increased from 0.8% to 1.3% or
1.6% for two different formulations. Both studies also observed that increasing PVA concentration
was associated with a slight decrease in pagizkeand PDI. This effect, where the concentrations
of both PLGA and PVA components have contrasting effects on final nanoparticle size, was

hypothesized to occur becausey changehe interfacial surface tension and the bulk phase
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viscosity of the emulen droplets, whichn turn,change the droplet coalescing stabi(Bhekar

et al., 2011) Particle size was also observed to increase witltrger organigphase volume
fraction, which is expecteas total surface energy is a function of surface area. It should also be
noted that PDI increased significantly as the organicmeldraction was increased to 0.500.
HernandezGiottonini et al.(HernandezGiottonini et al., 2020also observed that increasing the
mixing speed yielded smaller particles, with no change to PDI, and increased sonication energy
during emulsion formation also decreased size. An excellent summary of other attempt®to contr
PLGA nanopatrticle size is provided by Rao e{Rho and Geckeler, 201However, a rigorous
assessment of the synthesis parameters and their potential use for controlling partael size
polydispersity is missing in these studidglditionally, none of these studies provigledictive
models andhe importance of different synthepiarametesfor accurately estimatinpe size and

PDI of produced particles.

This work investigates théeasibility of employing machine learning techniques to
determine which process parameters for the ESE method would enable the control of particle size
and PDI. PLGA nanoparticles were synthesized via ESE using a wide range of parameter values.
A subset bdata from the synthesis experiments was used to train models to predict the particle
size and PDI of PLGA nanopatrticles with synthesis parameters as inputs. The remaining data set
was kept as the testing set. We considered Gaussian process regressan, foaest, support
vector regression, multivariate adaptive regression splines, and artificial neural networks as
candidate machine learning techniques for building the models. We evaluated the models using
crossvalidation root mean square error (RM&@Edmean absolute error (MAENd selected the
technique that yielded the lowest RM3&d MAE Feature selection and model sensitivity was

used to determine the most significant control parameters. Furthermore, an optimization problem
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was constructed to edict synthesis parameters to yield a target average particle size. While
explicitly focused on the synthesis of PLGA nanoparticles via ESE, we expect this work to provide

a general framework that could be applied to other synthesis methods and vagmes ol

4.2.1Size and Size Distribution Width Characterization (PDI)

The experimental data were collected by collaborators Dr . Al linatmee6s gr o
Department of GemicalEngineering aAuburn University.The average hydrodynamic size and
size distribution (PDI) of nanoparticles were measured by Dynamic Light Scattering (DLS) using
a Malvern Zetasizer ZS (Malvern, UK). Nanoparticle suspensions were prepared at concentrations
of approximately 0.2 mg/mL in denized water, and readings were taken at 25°C. A refractive
index of 1.44 was used for PLGA. Resulsrethe average and standard deviation of the three
measurementir each data poinfThe width of the size distribution curve approximates three
standadl devi ations-a(8miagd roimze he3 Z) anRDbythen be c

relationship in Eq32 (Nobbmann, 2015)

d
JL
ol

(I (32

4.2.2Computational Theory and Methods

Several computational models were utilized to evaluate the effect of process parameters on
the average hydrodynamic size (S) and PDI of synthesized nanoparticles. Models used for data
analysis included a powdaw model and six different machine learnirghniques random
forests (RFs), Gaussian processgression(GP), artificial neural networks (ANNs)extreme
learning machines (ELMs)support vector regression(SVR9, and Multvariate adaptive
regression splines (MARS). The accuracy of the models was evaluated using RMSE and mean

absolute error (MAE). The model with the lowest RMSE and MAE was employed to formulate an
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optimization problem for determining the synthesis parameter vabuesbfaining any specific
desired PLGA nanopatrticle size. The inputs for the models are spawgigy(O ) (J/mL), the

moles of PVA in each described step of the process (flask {, emulsion{  ),wash{ )),

the total PVA molsused 0 ), PLGA moles(0 ), and theratio of moles of PVA to PLGA

(v 2
V] 6“0" o}

Experimentaldata were divided inttraining (118 points)and test (20 points) sefBata
points in the test set were selected randomly fitoee20 equal width bins across the range of sizes
obtained experimentallfvonte-Carlo crossvalidationwith 30 replications and 20/80 split was

implemented fotuning modeparametes during training

To analyze and compare the uncertainty of the seleatelel to observed uncertainty from
experiments, three new experimental conditions, i.e., synthesis parameter values, were identified,
andPLGA nanoparticles were synthesized via ESthese parameter values. The three new points
were selected based dretranges and trends observed in the existing data. The modeling studies
revealed that size decreases exponentially with increasing energy. Based on this observation, the
logarithm of the existing energy data range was divided into three equal segnbotss aristing
experimental condition was randomly selected from each segment for uncertainty analysis. At each
condition, ten repetition experiments were conducted. The standard deviation of the replicate size
measurements at each condition was compardtetstandard deviation of the model predictions.

The uncertainty estimates of the experiments were compared to the uncertainty evaluated based

on the model witlthe lowest error metrics.
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4.2.2.1Performance MetrictJsed for Model Evaluation
Root mean guareerror (RMSE) gives the mean value over the squared errors in the
predictions (Eq.33). When comparing models, the model with the lower RMSE value is
preferred as its predictionsn averageare closer to the observations. The RMSEtfatata

pointswith « as the actual output value ands predicted value is calculated using &3j.

Eq. (33

144 F -

Meanabsolute erro(MAE) gives the average absolute error values of the predictions
(Eq. 34). Similar to RMSE, lowewralues of MAE are preferred. MAE corresponds to the
average distance of the predictions from the observed vdtuesntrastRMSE puts higher
weights on large error values (distances) because the s@lm@dte error valuemreused to
calculate it. This, while MAEis a goa measure othe average error of the predicted values,
RMSE accounts for largerediction erros.

Jep =

Eq. (39

4.2.3Size and PDI Regression Models Results

According to the initial screenings and plots afes(S) versus the input variables, the
energy feature@ ) showed the highest impact on the size vajgagire20). The trend suggested
a powetlaw relationship between energy and size. A pelaermodel fitted to data iRigure20
(Eq. 35 was considered the baseline model for comparing the machine learning models.
Interestingly, this powelaw model suggests that the minimum size that can be achieved via

sonication using specific energD( as the only controlling feature would be 149.15 nm.
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However, inrealityt hi s fAmi ni mumo si ze is specific to
not considerchanges in the centrifugation collection process tleenot analyzed in this study.

For instance, centrifuge time and force could be inedgmossibly leading to a smaller average
diameter due to collecting arsynaller particles that were formed. However, these features were
deemed different from the emulsion formation pro@ssthus wrenot considered in this work.

Also, changing solventor surfactants/esurfactants could lead to smaller average sizes.

q 8 o ® 8 (39
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Figure 20. Observed #erage size and predicted size frtra powerlaw model using energy as the
independentariable
4.2.3.1Performanceof Trained Regression Models for Nanoparticle Average Size Prediction
The six machine learning modelacluding GP, ANN, ELM, MARS, SVR, and RF
were trained to predict the size of the nanopartidiee.comparison of thérainedand power
| aw maeeafermades based on RMSE and MisKivenin Table8. The mandom forest

modelis the best performing machine learning technifquehe predictingsizeaccording to
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training and test setwith the lowest RMSE and MAE valueBhe RF model predictions also
have lower errorghan thebaselinemodel (Eq.35). The other techniques generally overfit the

data,yielding lower errors for the training set but higher for the test set.

Table 8. Performance oflifferent models for predicting the average size of nanoparticles.

Model RMSE-train MAE -train RMSE-test MAE -test
Power-law 3341 24.27 37.74 27.06
GP 34.30 23.39 38.17 27.64
ANN 21.85 12.71 32.32 24.45
ELM 28.18 19.34 34.49 24.49
MARS 20.17 12.18 30.78 19.28
SVR 27.72 18.51 34.88 24.08
RF 26.62 21.06 22.19 17.51

Figure2l includes a plot of the experimentally observed sizes versus the predicted sizes
calculated using the trained RF model for the test poirts. dncertaty of the RF model
predictions was evaluated for eatdst data poinbased on the standard deviation of the
predictions from all the trees in the fordkt Breiman, 2001) The RF model prediction
uncertainty is represented with the vertical gray error bars in FRur@he experimental
uncertainty was estimated fthree pointsia repeate@xperimentsand it is represented with
the orange horizontal error bars in Fig@fe The error bars in Figurgl correspond to one
standard deviation around the mean sizes for both experimental observations and model
predictions. The standard deviation for sizes above 250snmgh for both experimental
measurements and model predio8. However, the standard deviations are remarkably small
for sizes below 200 nm. We hypothesize that the higher error in size prediction arotB&D250

nm in the data is due to the high uncertainty of the observed values in this range.
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Figure 21. Predicted sizes witthe RF model versus the observed size values for the test points. The
horizontal and vertical error bars correspond to one standard deviation from the mean value for experimental and
model size valuesespectively.

4.2.3.2PDI ModelPerformances
The first six rows offable9 list the performance of models trained to predict PDI. The
last row of the table shows results for a linear model built to predict the PDI, iwhlisbussed
in the next paragrapithe performance comparison is based on the RMSE and MAE on the test
set. The models trained using RF and GPR have the lowest MAE and RMSE, respectively,

compared with other machine learning techniques.
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Table 9. Performance of different models for predicting PDI.

Model RMSE-train MAE -train RMSE-test MAE -test
GP 0.038 0.026 0.041 0.033
ANN 0.033 0.021 0.056 0.043
ELM 0.041 0.029 0.056 0.043
MARS 0.036 0.023 0.051 0.036
SVR 0.041 0.025 0.047 0.033
RF 0.017 0.013 0.042 0.030
Linear 0.035 0.028 0.041 0.032

PDI is defined as the square of the ratio of standard deviation to the average size (Eq.
32). We investigated the relationship between the size and standard deviation for our
experimental measuremenEgure 22 show a linear relationship between size and standard
deviation, especially for sizes greater than 200 nm. A model that utilizes the average standard
deviation value,() for sizes below 200 nm and linear regression between standard deviation
(, ) and size above 200 nm was developed to predict standard deviation given si&. (Htp

R2, RMSE, and MAE of this model for training and test data sets are summarizailé1.0.

., Cc@ b YQaQmmn

» My d QaQn@R £ i 0 0 (36)

We also developed a simple model (model labeled Lineaalihe9) that employs Eq.
36to predict PDI. For sizes above 200 nm, the Linear model estimates standard deviation using
Eqg. 36and calculates PDI iy Eq. 32). For sizes below 200 nm, the average PDI value of
those measurements is used as the prediction. We hypothesize that the PDI is roughly constant

for average sizes below 200 nm due to reaching the effective limit on how energy is dispersed
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throughout the emulsion. As energy is added to the emulsion, it is distributed to the emulsion
droplets near the sonication tip firhis initial energy increasecreases the average diameter

the mostnear the sonication tjpvith the diameteincreasingasone movesaway spherically

from the tip region. As more energy is added, the emulsion droplets near the tip reach the
diameter plateau (leveling of diameter sdenexamplein Figure21) first. The droplets further

away reach this plateau later, and &mgher energhasvery | i ttl e change
diameter and little change in PDI. In fact, in this regif@®| should fluctuate based on
deviations in droplet interfaces and coalescing effects. This would result in a linear decrease in

PDI until apoint, as seen iRigure22.

The RMSE and MAE of these predictions are calculated and included in the last row of
Table9. The RMSE and MAE values are comparable and, in some cases, lower than those of
ANN, ELM, MARS, and SVR models. The Linear model riegsi size as input to predict PDI.
Therefore, utilization of this mod®lould requireusinga model for predicting size first, which
would increase the uncertainty of the PDI predictiof the Linear model. None of the other

models inTable9 require size as input and suffer from this additional prediction uncertainty.
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Figure 22. Standard deviation (Std) versil®e observed average size of the nanopatrticles

Table 10. Performance of the linear regression model of standard deviation for sizes larger than 200 nm

Train Test

R? 0.88 0.71
RMSE 15.89 20.81
MAE 12.91 15.55

4.2.3.3Feature mportanceCalculatedUsing RFModel
In the RF models, each feature (i.e., input) may have a different impact on predicting
the output. The RF modeling technique has an embedded function that quantifies these impacts
via a metric called relative importan¢e. Breiman, 2001) Table 11 shows the relative
importance of each feature in predicting the size and PDI values for the trained RF models
comparedto other features. EnergyO() was specified as the most important feature

contributing around 90% (importance of 0.897Tiable 11) for size prediction and 74%
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(importance of 0.744 imablel11) for PDI. The molar ratio of the PVA to PLGA was the second

most important feature in both models.

Table 11. Feature importance for RF models predicting the size and PDI

Size PDI

Feature Importance Feature Importance
Fo 0.897 Fo 0.744
4. 0.041 44 0.130
dl k= 0.021 JH 7= 0.070
= 0.020 dl k= 0.025
4l = 0.013 I fr= 0.014
g 0.004 g 0.009
4 Jr= 0.003 4 JFr= 0.008

The importance othe specific energy and molar ratif@aturesis significant when
considering the thermodynamic base of emulsion formation. The, warkeeded taeduce the
size of the droplets can be representeédp37, where is the droplet interfacial tensioYd is

the change in total surface araad is a function of the number of droplets and their average size

(radii) in Eq. 38.

®» [ Yo (37)

Yo ¢ BT € FoTed (38)

Thespecific energy applidsr direct work on the droplet to increase the number of droplets
and decrease the average radidmwvever this work does not correspondttee work term irEq.

37 because there is some temperature change within the emulsioneasantbator tip itself
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Furthermorethe energy reported by the sonicator is not the energy put directly into the emulsion

it is the energy used by the sonicator equipment to maintain desired tip vibrational amplitude.

The molar ratio affects the intedial tension of the emulsion because as it incredises
PVA molecules available to coat the surface of each droplet also increase, which in turn decreases
the free surface tension of each droplet. However,dbservatioralso suggests that thereas
limit to the effectof this ratio, as once each droplet surface is fully coated, any additional PVA
moleculewould not change free surface tension. Combined, the significance of both of these
features means they can be used to control average diameteDhamddeher systems as well.
Their significance othefinal size and PD$houldremain the samier other solvents, surfactants,
or cosurfactants though the parameter valwesild differ from the ranges investigated in this

work.

4.2.40ptimization Results

4.2.4.10ptimizationModel to Estimate Synthesis Parameter Values for Achieving a
Specified Size
Knowing the values for synthesis parameters leading to a desired average size is critical
for efficient and reliable production of timangarticles. he values for these parameters can
be estimated usingccurate models predicting the average size of the prodareparticles.
Hence, anoptimizationmodelis developedo determinethe synthesis parameter valuts
obtain a given nanoparticlesize. Theoptimizaton model in Egs. 39 43 can utilize any
regressionmode| "Qw, that can predict sizgiven synthesis parameters, where @

~

oR) R hG R K AY .Theobjective function of the model minimizése

difference between the desired s{Z® and the predicted si{é€Qw ).

115



i i e s (39)
S.t.

Jﬁr= ﬁﬂ'1r= JJI;T= JET= (40)

Jhr= H g, (41)
d br=dfr= (42
ill.hr= ilﬁ1r= (43)

We employed the RF model, which yielded the lowest RMSE and MAE, to predict size
in Eq. 39. The resultingmixed integernonlinear programmingmodel (MINLP) was solved
using GurobB.1for desired sizesf 200, 250, and 300 nritable12 summarizes the syrehis
parameter values for each siz@ur experimental collaboratorsonducted synthesis
experiments at these parameter values and measured the resulting nanoparticle sizes, which are
given in the last column dfable12. The experimental results showedseaable agreement
between the desired size (first column Tiable 12) and observed values. However, the
experimental observation ftine desired sizef 250 nm has larger error than nRMSEf the
RF model This larger erroragrees with the high uncertainty observed for this range of sizes
(Figure21). This resultsuggests that there may be room for improvhgpredictivemodels
for better agreement between the experimental observations and model predictions. The

potentialsolutionsmay be addingnore descriptive variables, which were not captured in the
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first round of the experiments, increasing the number of datag@rduictinga larger number

of repetitiongo decreas¢he uncertainty of the observed values.

Table 12. Synthesis parameter values obtained through optimization using the RF model and the
corresponding experimental measurements

T F J 1 I 1 ” Experiment
[o = J = Jl = Jl - J _
(nm)  (I/ml) ﬁr - T o T 5. rc(ar?ﬂ;s

200 230.36 3.02x10F 2.63x10° 252 x10 5.88x10°F 299 x1®®  196.87 216.9

250 90.10 2.81x10° 293 x1F 1.07x10' 3.32x10°F 6.99 x1¢® 47.01 224.6

300 3145 358x10° 1.60x10° 2.59x10' 7.77 x10' 1.62 x10’ 4.78 282.7

4.2.5Conclusions

This work integrates the experimental data and machine learning techniques to build the
best datadriven model fopredictingthe size and polydispersity of PLGA nanopatrticles produced
by the emulsion solvent evaporation method, using the most commontdo¥#l and surfactant,
PVA. While previous work hainvestigated the various synthesis factors for this highly popular
method and polymer, none shhparoduced a model of this process and the effect on size and
polydispersity.This work applied machine leang and optimization to produce a predictive

model for the first time.

Six different machine learning techniques were used to find theobdsrming model for
predictingthe size and PDbf PLGA nanoparticlesGaussian procesegressionrandomforess,
multivariate adaptive regression splinestificial neural networksgextreme learning machines,
and support vectorregressiorwere the modeling techniquésvestigatedfor constructng the
models.The results revealathatrandomforest modelpredictedthe size and PDbest with the

lowest RMSE (22.19 and 0.041, respectively) and MAE (17.51 and 0.032, respeciively)
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feature importance studiassing the random foreshodel revealed thepecific energy (total
sonication energy divided by the total esiah volume)and PVA to PLGA molar ratio as the key
variables for the prediction¥hese features fit with the understanding of emulsion formation and
stability. The energy needed to form emulsion droplets of a certain size from an initial bulk fluid
is directly related to the work needed to change the total surface area of the emulsion, which is
itself directly related to the energy from the vibration of the sonicator tip. In addition, the ability
of the emulsion droplets to not coalesce is related toiitesity of the bulk aqueous liquid and

the interfacial tension with the organic phase, which can be captured by the molar ratio between
the molecules of the two phases (PVA to PLGA). The random forest model was used in an
optimization problem for estimaty the synthesis parameter valuesich would result irnthe

desired size, where the error tao of the thregoints between the observed value and predicted

size were within thencertainty othe RF modelpredictions

The best model (RF) yieldedt ®MSE of around 22 nm for predicting the average size of
the nanoparticlesIn many applications, this level of control would be acceptabtevever
improvements to thenodelcould reduce this error~or applying machine learning techniques, a
larger dataset with larger ranges of all synthesis parameters of inteoestl yield moreaccurate
modek. Additionally, procedures could be used to reduce any potential error or variability in
parameters that may unknowingly exist, such as using polymers (PVRA®A&)Rwvith a more
defined molecular weight instead of using average molecular weights for calculations. Another
improvement could be in feature optimization. For instance, high amplitude powers (>60%) were
generally avoided during synthesis due to the lhigéat that high power settings distributed into
the emulsion, whichf not properly controlledcould change the emulsion formation and thus the

final nanoparticle sizéAn ice bath was used &void the problembut this or other restraints could
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be incoporated into the machine learning data prior to training so that it more completely captures
the process. However, the main purpose of this work was to investigate using machine learning
algorithms on common and popular process data and the ability tostardeand control it for

successful future nanoparticle modification and clinical translation. We believe this work shows a

novel approach in this aspect and lays out a procedure for future research.

Consequentlythe model from this work or an improvedein the future could be used
for adaptive experimental campaggyand possibly scalap designsThis initial work lays the
groundworkfor how this analysis technique can be used on other nanoparticle synthesis methods

and materials.
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Chapter 5 Surrogate Models ¢ Stochastic Simulations and Surrogate

based Optimization

5.1 Building Surrogate Models of Stochastic Simulations

This chapter proposes a new framework to construct surrogate models of stochastic
simulations with uncertain parameters. The framework, PARINRameter as INputariable),
aims to alleviate the limitations of the existing approaches. PARIN enables the use of any existing
ML technique for building surrogate models of stochastic simulations, and it estimates the output
uncertainty. PARIN considsrthe uncertain parameters of the stochastic simulations as input
variables and converts the stochastic formulation of the simulations to a deterministic one. In
PARIN, any ML technique can be used to approximate the new deterministic simulation. Finally,
the uncertainty of the parameters is propagated through the surrogate model to tisausungut
uncertainty propagation methods. We implemented six ML techniquessesthe performance
of PARIN in terms of accuracy of output predictions using the autgan, standard deviation,
distribution, and efficiency. The ML techniques inclUgiaussiamprocessegressio{GP), random
foress (RF), support vector regression (SVR), artificial neural networks (ANN), extreme learning
machines (ELM), and multariatea d apt i ve regression splines (M
performance is compared to three existing approaches of fixed parameter value gsxedet
of realization of uncertain parameters (PSet), and stochastic kriging (SK). The computational
studies erployed a diverse number of models in the form of test functions. The details of the

PARIN, computational experiments and results are included in the following sections.
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5.1.1Proposed method: PARameter as INpuvariable (PARIN)

In this study, we proposea new approach for building surrogate models of stochastic
simulations. The new approach is called PARIN, which standBA&ameter as INputariable
and consists of three main steps (Figi8e First, the uncertain parameters of the system are added
to the input variables. Hence, the intrinsic uncertainty is converted to an extrinsic one. With
consideration of the uncertain parameters as input variables of the simulation model, the stochastic
formulation of the simulation becomes a deterministic onéhdrsecond step, a surrogate model
is built to represent the outputs of the deterministic simulation. Finally, in the last step, the
surrogate model is converted back into a stochastic one by separating the uncertain parameters
from the input variables anpropagating their uncertainty to the output using uncertainty
propagation methods. PARIN approach conserves the uncertainty information of each uncertain
parameter through the modeling step, which can be used to study the impact of each uncertain
paramegr on the simulation output and to carry out sensitivity analysis. The structure change of
the formulation from stochastic to deterministic provides the possibility of implementing various

types of ML techniques for surrogate model construction.

The generaworkflow of PARIN is given in Figur@3. Assume® "Q is a high
fidelity stochasticsimulation modelwith uncertain parameter(s), where® is the stochastic
output @ is the input vector withQ componentsand U is the vector of system umntain
parameters witthe dimension of) . Using PARIN, the stochastic simulatidn, "Ql , is
converted to a deterministic one, "®® , by considering the uncertain parameters as
additional inputs to the system (Figu28). In the new simulationmodel (@® ), @ is a'Q
dimensional vector of inputs with  'Q ‘Q, which contains all inputs and the uncertain

parameters of the stochastic simulatioQdp ). We assume that the distributions of the
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uncertain parameter® J are known, and the parameters of the distributions are conatayt.
surrogate modeling technique can be utilized to train a model represéiméingenerated
deterministicsimulation,”"Q @ "Q & , where'Q & s the trained surrogate model of the

deteministic simulation (Figur@3).

Different sampling schemes with various sampling budgets could be used to generate the
training input/output data sets. For instance, the original input variables and uncertain parameters,
which are assumed as input vates now, can be sampled separately. Then, the full factorial
design of these two sample sets, random combination, or a similar method could be used to
generate the final input sample sets. Another method can be to sample the combined space of the
original input variables and uncertain parameters, which are now assumed as additional input
variables of the model. Depending on the sampling method and combination of the samples, the
budget allocation for the number of samples could be different. For instaot®der a total
budget of 100 function calls for a model with one input variable and one uncertain parameter. The
function call budget could be utilized by the full factorial design with 10 levels for the input
variable and uncertain parameter. On theeotiand, the budget could be utilized by randomly
generating 100 samples from the combined input variable and uncertain parametei/spase.
low-discrepancy sampling methods to sampleithimput space and produce the training data set.
Once the traimg data are ready, the surrogate mo@eky is generated (Figur@3). The
uncertain parameters are nested in variable®, hence, the surrogate model representing the

stochastic simulation is now shown wih "Q @ in Figure23.
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Figure 23. Transformation of the stochastic mod€ @) ) to a deterministic model® & ) by extracting uncertain
simulation parameters and using them as additional inputs to the simulation. The deterministic simulation is

represented by surrogate model@ & ). Finally, the output distributio(ty), mean(&y), and standard deviatidp)
are estimated using uncertainty propagation methods.

The output meandy), standard deviation, §, and distributions estimated by propagating
the unertainty of the uncertain parametérghrough the surrogate mod& & (Figure23).
Although PARIN can utilize any uncertainty propagation methadthis dissertation we
implemented Monte Carlo simulation method with Halton sampling to estimgtecitieted mean
output value and its standard deviation. The predicted mean output Galuend standard

deviation (, ) for test pointQs calculated using 1000 repetitions at each poinEgiat4 and Eq.

45, respectively, wher@® corresponds t& repetition output of test poif

5 ¢
6 @ (44)
p Tl
” B w w (45)
P Tt

For example, consider one dimensional Ackley function given in 46gwith @N
o & o & X and assume that the uncertain parameteb & ¢ f, . Using PARIN, the
formulation of Ackley is changed to E47, where corresponds to the uncertain paramejer

which is now considered an additional variable (First step of PARIN, Fi@®e Then 1000
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samples ofw who are generated using Sobol sampling. The output for each sample is
calculated through Eqt7. Then, using these input/output data, the surrogate méxedg is
trained (Second step of PARIN, Figu28). The formulation is coverted back tdQaito, and

using MonteCarlo simulatiorbased methods, the uncertainty of paramefer each given test
pointis propagated (Final step of PARIN, Fig@®. Halton sampling with 1000 samples is used

to samplewoparameter space for dagiven test point o8y, and themean and standard deviation

of each test poins calculated using Eq44 and45. Figure 2 includes three plots. The first plot,
Function in Figure 2, shows the output means and standard deviations for 50 test mwints f
Ackley function (Eq.46). The other two plots, GP and MARS in Figu# 8how these values
predicted by PARIN using two ML modeling technigues of GP and MAR&xamples. In Figure
24.the markers represent the output mean, and the error bars correspardstandard deviation
around the mean for each test point in each plotording to Figure 2, GP and MARS models
accurately estimate the mean and standard deviation of different test points for the Ackley function,

and the estimations of the GP mbdee closer to the true output mean and standard deviation.

W Qo Moo IS Qoli & o & Agp (46)

wee "Qayhey QQonmES QoRi &g q Aop (47)
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Figure 24. Outputmeanvalues for Ackleyfunction using the original functiofEq. 46) and PARIN using
two modeling techniques of Gaussian process (&gtessiorandmultivariateadaptive regression splines (MARS).
The error bars show one standard deviation around the ougarvalues.

5.1.2Computational Experiments
Two case studies were designed to investigate the impact of simulation input dimensions
and the number of uncertain parameters on the accuracy and efficiency of PARIN compared to

Fixed, PSet, and SK. The first case study included test functionsvith an adjustable number
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of inputs, referred to as model dimensions, fromMireual Library of Simulation Expements
Optimization Test SuitéSufjanovic and Bingham, 2013These test functions were utilized to
study the impact of model dimension on the performance of PARIN, Fixed, PSet, and SK in
estimating the output of the stochastic simulations and the uncertainty associated with them. The
details of input ranges and parameters of uncertainty distributions of the test functions are included
in TableA3.1 of Appendix 3 The number of inputs/dimensions (D) was increased from one to
thirty-two geometrically for each test functic@ phchthyfp 4o ¢. The computational budget,

@ , available to train the surrogate models were defined using the number of model runs for
generating the training data. Four different budgeis, 6 p mthy vho Ttha Tt 1, TWere

considered to assess the efficiencyhef approaches.

The second study investigated the influence of the number of uncertain parameters,
the stochastic simulations on the performance of the four approaches. The study employed fourteen
test functions from theVirtual Library of Simulation Expaments Optimization Test Suite
(Surjanovic and Bingham, 2018jth&¢ ~ phchott . Four different budget values were used for

the second case studig well, whereo™ 6 p ¢ho ohp mtha 1T Y. 7t

Figure X illustrates the steps for the computational experiments. For each approach, data
generation was the first step of the process. Sobol series and Halton sequences were used for
sampling inputs and uncam parameters to generate the training and testing data sets. Uncertain
parameters were assumed to be distributed normally, and the parameters of the distributions for
each test function are included in Ta& 2 of Appendix 3 FortheFixed method, thealues of
the uncertain parameters were set to their mean values, and the sampling for training data was
conducted only for input variables of each test function. For PSet and SK methods, the sampling

was done for inputsi) and parameters |, separatey, then the simulation runs were conducted
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using a final sample set which was the Cartesian product of the two sample sets. The number of
uncertain parameter samples of each function was sét to p m ¢ for PSet and SK
approaches. Therefore, for a givbudgetg the number of function input samples, , was
calculated via Eqg48. In the last framework, PARIN, the uncertain parameters are considered
additional input variables. The new input variahle)(space was sampled and used for output

valuegeneration from the simulation runs.

a (48)

The training data was used to build the surrogate models in the second step of the
computational experiments. For all approaches except the SK method, which only uses kriging,
six ML modelingtechniques including Random forest (RE) Breiman, 2001,)Gaussian process
(GP) (Williams and Rasmussen, 2008upport vector regression (SVB)rucker et al., 2002)
multivariate adaptive regression splines (MAR@jriedman, 1991)artificial neural networks
(ANN) (Haykin, 2009) and extreme learning machin@tuang et al., 2006)were trained using
Scikit-learn packag®.23.2(Pedregosa et al., 201ih) python 3.7using Aulurn University HPC
resourcesA brief explanation of each of the ML modeling techniques is includégppendix 3
The hypefparameters of the surrogate models were tuned utilizingfdidecrossvalidation
(Wong, 2015)Using Halton serie8 number of samples from input variables were selected as the
test pointsin the next step (Figureb?, the output values for the test points weredgcted using
all the trained surrogate models for each approach. The PSet, SK, and PARIN approaches return
the mean predicted output value, its standard deviation, and the estimated output distribution for a
given test point . @nedfpragiveetesiipoiet asmgthevixdd approachs o0 bt

The mean predicted output val ue for the PSet

predictions. The standard deviation is the standard deviation of these predictions, and it can be

127



viewedasamasure of the predictionds uncertainty.
the output withaknown mean and standard deviation. The mean and standard deviation for PARIN
is calculated through Mon€arlo simulatiorbased uncertainty propagation thie uncertain

parameters through the final trained model.

The last step (Figureb? was the comparison of different approaches to each other in terms
of their accuracy and efficiency. The comparison was conducted using two metrics explained in
Section5.12.1. Because Fixed, PSet, and PARIN methods allow using different ML techniques,

the comparisons also assessed the impact of ML techniques.

Data Generation Train ML Models

Sampling

Inputs (X) Simulation run
¥ =g(X)

Uncertain parameters

(K)

* For Fixed approach only inputs (X) are sampled. Predictions

Figure 25. The framework for omputational experimentn the first step, training aneést data sets are generated

for each of the four approaches, including 1) Fixed: fixing the uncertain parameter value, 2) PSet: subset of realizations
of the uncertain parameter, 3) SK: stochastic kriging, and 4) PARIN: the proposed approach. Tiewlatien

(@ "Q)) is represented by trained Machine learning (ML) mod®ls (Q& ). Then, the outputf) for each test

point & is calculated using the trained model. Finally, two comparison metrics ofcam& () and Wasserstein

score (»;) are evaluated to conduct the comparison among different approaches.

5.1.2.1ComparisorMetrics
Four surrogate modeling approaches, Fixed, PSet, SK, and PARIN, were compared based
on the accuracy and efficiency of the methods. Accuracy was evaluated using normalized root

mean square error (nRMSE) and Wasserstein disaflteni, 2009). Efficiency was evaluated
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based on the accuracy of the models on different fixed atatipnal budgets, defined as the

number of simulation runs available for training the surrogate models.

5.1.2.1.1NormalizedRoot MeanSquareError (nRMSE)

The normalized root mean square er(oRMSE) is used forthe evaluation of the

predictions foboth outpus mean and standard deviation. The nRMSE between the two predicted

outputsfrom each model, which are meah)( and standard deviation § for "Q test point, and

their true valuesdh, ) is calculated using Eq9 and 50, where subscriptsd & cand & Q¢
correspond to the maximum and minimum of these outputs in the training data, respectively. Since
six ML models were trainedpr three of the approaches, Fixed, PSet, and PARIN, a new %tpre,

based on the nNRMSE, was defined to compare different approaches to each other based on the best

performing ML modeling technique in each approach.

(49)

€YD YO

0 (50)

€YD YO

Calculation of rank scoreY() consiss of four main steps. In the first step, the ML
technique with the lowest nNRMSE for each approach is selected for each test function, insuring
that each approach is represented by the most accurate MLgteelior that test function. In the
next step, the four approaches are sorted basteeir nNRMSE for each function. The scoyéor
each approach is obtained from TabBbhased on the sorted errors for the given funct8iaps
one through threarecaried out for all the test functions. Finally, the rank scoréGorapproach

('Y ) is calculated using E&J1, where¢ corresponds to the number of test functions. The values
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of 'Y is between 0 and 1. The higher the score, the more often th8BRMs the lowest for that

approach, i.e., Fixed, PSet, PARIN, SK methods.

B Y

‘ (59)
¢

Y

Table 13. The Score (S) associated with the rank of each approach.

Rank Score (S)
18t 4
2nd 3
3 2
4 1
No information 0

5.1.2.1.2Wasserstein Btance

Wasserstein distang¥illani, 2009)is a similarity metric between the distribution of two
variables and calculates the distance between two distrib({amset al., 2018)The distance,
o , between distributions of variabl&and Owith cumulative probability density function¥
and w, respectively, is calculated using Es2. In this study,the Wasserstein scorey , for
approach Qs defined to as the percentage of the test functions for which the estimated output

distribution using approacthas the lowest Wasserstein distance.

© "GO QLAY wE (52
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5.1.3Results andDiscussion

The first step for comparison of the accuracies from different approachesheas
calculation of the rank scoreY() discussed irSection 5.1.2.1.1Six different ML modeling
techniques were used to build surrogate models for Fixed, PSet, and PARIN approaches. The
NRMSE was the metric to choose the best ML modeling techniqueheikbwest error value for
each test function to represent the trainediehdor each of these three approaches. Figére
shows the nRMSE values from each modeling technique to predict the mean and standard
deviation ofthe Griewank function as an example, togiven number of input dimensions wih
budget equal tp 1. Theresults show that the ML modeling techniques wliglowest nRMSE
for each dimension @renot the same for all the considered number of input dimensions. The ML
techniques with the lowest nRMSErmeselected as the representative model for each of tiee Fix
Pset, and PARIN approached, hence the best performing models from each approach were

compared to each other in terms of their accuracy.
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Figure 26. The normalized root mean square error (hnRMSE) from each modeling techntae in
prediction of mean and standard deviation (Std) of Griewank functiortigtomputational budget of 1000. The
subscripts 1, 2, and 3 correspond to PARIN, Fixed, and PBeiaghes, respectively.
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5.1.3.1Results on thémpact of hputDimension

In Figure27, the accuracy of the four different approaches of Fixed, PSet, PARIN, and SK
in estimating the mean and standard deviation of test functions with different numbers of input
variables, i.e., dimensions, are compared. The comparison is based on the mayik sedth
maximum budget valuelY p T 1 Hccording to Figure27, PARIN has the highest score for
estimating both the mean and standard deviation of the output for all considered dimensions of test
functions compared to the other approaches. SK redighest deterioration of performance in
estimation of the mean because tHevalue decreases significanths the number of inputs
increases. Fixed and PSet approaches have similar scores in predicting the mean for dimensions
larger than two. The rels suggest that the PARIN approach with the right ML modeling
technique has the highest accuracy in predicting the mean and standard deviation given a large

budget for simulation runs regardless of the number of dimensions.
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Figure 27. The rankscore plot of mean and standard deviation (Std) estimations forgixeneter (Fixed),
parametesset (PSet), PARIN, and stochastic kriging (SK) approaches given different input dimensions for a
simulation run budget of 1000.

Figure28 shows the rank score of Fixed, PSet, PARIN, and SK approaches in predicting the mean
and standard deviation, first and second column, respectively, with different budget values and
input dimensions. Based on the plot, PARIN yields the highest rank scoediotprg the mean

and standard deviation of the outputs except for the low budget cases of high dimensional
functions, e.g., 16D and 32D. As the available budget for the number of simulation runs decreases,
the accuracy of PARIN estimations deterioratashigh dimensional test functions. The high
number of input di mensions and | ow availabl e

to explore and cover enough uncertainty space to capture its impact. Based on these results, for
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functions with hi¢p dimensions and low computational budget, PSet has the highest rank score

values in predicting the mean and standard deviation of the function output. The SK approach

yields the lowest, i.e., worst, score for predicting the mean and standard deviaioalgbudget

values.

EPARIN OSK

PSet
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Figure 28. Rank score values for mean and standard deviation (Std) estimations fepdieedeter

(Fixed), parameteset (PSet), PARIN, and stochastic kriging (SK) approaches given differentlinperisions and

budget valueswj™ 6 ).
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The accuracy of the predicted output distribution was another metric for comparing all four
approaches. Figur®9 illustrates the Wasserstein scoce |, introduced in Sectiob.1.2.1.2 for
PSet, PARIN, and SKpproaches for four different budget values. The Fixed method does not
provide distribution estimates thus, is not calculated for it. Figur29 reveals that PARIN had
the lowest Wasserstein score for all the test functirthe highest budget valg® p 1 L1t
However, the accuracy of the estimated distribution by PARIN decreases with decreases in the
available budget. The Wasserstein score for PARIN decreases drastically for low budget cases,
@ pTmor®w ¢ u,msthe dimension of the test functionws, leading to higher distance values
in comparison to PSet approach estimations. The distribution predicted by the SK method has the
largest Wasserstein distano® () for all the dimension and budget values, resulting in the

Wasserstein scorey( ) value of zero.
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Figure 29. Wasserstein score for PARIN, parametet (PSet), and stochastic kriging (SK) for functions with
different dimension values given four different budget (b) values.
5.1.3.2Results on thanpact of thdNumber of WicertainParameters
Figure 30 shows the rank score results as the number of uncertain parameters increased

from one to four for estimating the mean and standard deviation afimensional test functions
using Fixed, PSet, PARIN, and SK approaches at the maximum buagep (T . Basd on
Figure 30, PARIN had the highest rank score among all approaches in estimating the mean for
functions with less than three uncertain parameters. With the higher number of uncertain
parameters, PARIN is the secebest method for estimating the medteathe Fixed approach
based on th&y value On the other hand, PARIN consistently yields the highest rank score in the

estimation of the standard deviation value for all the functions with a various number of uncertain
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parameters. After PARIN, PSettiee next recommended approach for the prediction of the output
standard deviation according to tiyevalues from the plotSK has the lowest rank score values

among all four approaches for estimating mean and standard deviation.
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Figure 30. Rank score plot of mean and standard deviation (Std) estimations fopfxatheter (Fixed),
parametesset (PSet), PARIN, and stochastic kriging (SK) approaches fedimensional functions with different
numbers of uncertain parameters.

Figure 31 shows the results for the estimation of the mean and standard deviation of the
two-dimensional test functions with various numbers of uncertain parameters at different budget
values. According to the plot, the Fixed approach is the best metilodheihighest rank score

values for estimation of the mean values for functions with different uncertain parameters in cases
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with low available budgets, and PARIN is the next recommended methodvwithlues larger
than PSet and SK. The highest rankrscfor prediction of the standard deviation with all the
budget values belongs to PARIN for all the test functions regardless of the number of uncertain

parameters.

The Wasserstein score for each approach was calculated for the test functions i this cas
study witha different number of uncertain parameters. PARIN had the highest Wasserstein score
among all the approaches with different values of the computational budgets. This result showed
that the output distribution estimated by PARIN had the lowdssserstein distance and
consequently the predicted distribution had higher similarity to the original output distribution in
comparison to the other approaches. The Wasserstein distances from all the approaches using

different ML techniques for the tesitrictions are included iAppendix 3
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Figure 31. The rankscore plot of mean and standard deviation (Std) estimations forgixesneter
(Fixed), parameteset (PSet), PARIN, and stochastic kriging (SK) approaches given adiffeumber of uncertain
parameters and budget values (b).

5.1.4Conclusions

This study proposed a new approach to lmngéccurate surrogate modelshagh-fidelity
stochasticsimulations. Six different machine learning techniques are used to train surrogate
models. The proposed method, PARameter as ‘vgmiéble (PARIN), is compared to three
existing methodsincluding a fixed parameter (Fixed), parameter realization setetjP&nd

stochastic kriging (SK) based on accuracy and efficiency metrics using several test functions. The
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results suggest that PARIN hasower error in estimations of the function average and standard
deviation values in comparisonttee other three rathods for functions with different number of

input variables. However, the accuracy of PARIN decreases for the high dimensional functions
with lower available computational budgefhe test functions witlthe number of uncertain
parameters greater thame PARIN had the minimum errocompared to other methods for
predictingboth mean and standard deviation of the outputs even for the lower computational
budget values. Moreover, the estimated output distribution by PARIN had the highest similarity to
the original output distribution for all the functions basedtba Wasserstein distance. The
decrease in the computational budget causes adinp in similarity metric between the original

and estimated distribution by PARIN for functions with very latigeensions.

5.2 Surrogate-based Optimization of Highfidelity Simulations

One major application of the surrogate modetspigmizing processes that are represented
with complicatedmodels or high-fidelity simulatiors. When the models or simulations are
stochastic, an efficient approach is needed to build their surrogate models. | proposed to use the
PARIN approach to build the surrogate models for stochastic mauleds surrogatdased
optimization framework For preliminary analysis, | implemented PARIN iwo stochastic
programming models that employ two test functions with uncertain paramgters Icompared
the optimum identified using the model trained by PARIN to the optisnobtained when PSet

and SK approaches were used to build the surrogatelsnod

5.2.1Computational Experiments
Two-dimensional test functions of Thrémimp camel and Booth withour and three

uncertain parameters, respectively, were used to study the application of PARIN for surrogate
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based optimization. The results were cangal to the solutions from PSet and SK approaches as
the surrogate modeling frameworks. The computational budget of 1080 simulation runs was
considered for building the six different types of surrogate models. The ML model with minimum
NRMSE was chosen tme the surrogate modir each approach usedtime optimizationmodel
Sample average approximatifidannah, 2004yvas implemented to calculate the expected value

of the objective functionMonte-Carlo simulation method with Sobol sampling was used to
generate the set of scenariog for uncertain parameters of the test functions. The optimization
problem is shown in in Eg3, with bound constraints on input variables shown in9q.The
optimization was formulated usirRyomo (Bynum et al., 2021; Hart et al., 201dnd was solved

using AntigongMisener and Floudas, 2014)

. _B . i
| E-I.—m (53
SVRS
s.t.
wN @ ho (54)

5.2.20ptimization Results

Figure32 shows the optimum valued optimization problems fothe Threehumpcamel
and Booth functions. The location of the optimum solution values from PARIN and PSet and the
original function are included in the figures. SK kriging was not solved within the maximum
allowable timebecausehe solution time is a function dfie number of training datgoints,and
1080pointsresulted in a very long solution time. Based on Figi&ethe distance between the
optimum decision variable valuestimatedy PARIN andhefunction itself was lower than PSet

for both Booth and Threleumpcamelfunctions.
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Figure 32. Optimum location solution from original function, PARIN, and PSet.

5.2.3Conclusions

This study investigatedhe implementation of PARIN andhe other two surrogate
modeling approaches of PSet and SK for surregased optimization problems. Two test
functions were used as the case studytfercomparison of the optimum solutions. The results

showed that the optimum location found by using PARi®S significantly close to the original
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funct i ons §and$Kthaditaage golatiomtimand wasot solvel within the maximum
allowable time in this computational experiment. These results wefgghsteps toward using
PARIN for optimizationand showed its potentifdr usein surrogatebased optimization. In the
future more intense and comprehensive experismenist be onductedto evaluatePARIN in

surrogatebased optimization.
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Chapter 6 Conclusions and Future Directions

In this disgrtation, | focused on handling hidildelity stochastic simulations. First, |
developed a guideline to select the most efficient uncertainty propagation methods for simulations
with uncertain inputs. Then, | developed a new approach to building acaunatgase models of

high-fidelity stochastic simulations with uncertain parameters.

6.1 Assessment obUncertainty Propagation Methods

Chapter 3 comprehensively investigates and complaegserformance of severdifferent
uncertainty propagation (UP) metls for estimating the first four statistical moments of the
outputs for simulation with uncertain inputs. The comparisons are based on the efficiency of each
method. The efficiency is defined as the number of required simulation runs to achieve ae estimat
within a 5% error gap of the true values for each moment estimation. The UP methods considered
include theMonte-Carlo method usin§obol series, Halton seriemdLatin Hypercube sampling
(LHS), Full Factorial Numerical IntegratiofFFNI), Univariate Dmension ReductiofUDR),

Sparse Grid (SG),and Polynomial Chaos Expansi®CE). The results of this comparison led to

guidelines for selecting UP methods based on several simulation function characteristics.

The standard deviations of the uncertainigtributions used in this study were kept
constantDifferent standard deviations can be used in future anatysis/estigate their impact
on UP methodperformancesin addition, the guidelines developed in this stadgbe used for
two different applkations: 1) building surrogate models of stochastic simulations and 2) scenario

generation for optimization of stochastic simulations.

145



6.2 Machine Learning Applications and Comparison

Chapter 4 includes twmachine éarning (ML) applications inlassification and regression
for two experimental systems as black boxes. In the first study, a model is constructed to classify
cardiomyocytes (CM) content, produced by differentiation of humduaced pluripotent stem
cells (hiPSCs) on day 10 of differe i at i on, I ng wf ftiawdd ecn tatsfsbleesc ioef n to
second study used ML techniques to build d@iteen models to predict the size and polydispersity

(PDI) of polymeric nanoparticles manufactured for drug delivery applications.

6.2.1Clasgfication of Hydrogel Encapsulated Cardiomyocytes Content

Section6.2.1 describes my research with our collaborators to classify the CM content
produced through differentiation of hydrogel encapsulated hiPSCs on day 10 of the differentiation
process. Thability to accurately predict the sufficiency of CM content of a batch at an earlier
time point is a significant step for efficient biomanufacturing of the CMs due to the high expense
associated with the process. We used several ML techniques to baissiied, including feature
engineering, feature selection, and classification models. The feature selection methods considered
were filter methods, embedded methods, principal component analysis, and wrapper methods.
Random forest Gaussian proces$assfiers, and support vector machines were used to build the
classification models. The best model was a Gaussian process classifier using four principal
components, selected by the forward selection method, with accuracy, recall, precision, and

Ma t h e wdladion coefficient (MCC) of 0.75, 0.59, 0.71, and 0.46, respectively.

The features selected by the best classifier inclpdstfreeze passage numbébrinogen
concentration in PE@brinogen (PF), and the ratio between the CHIR concentration and
microspheroid surface to volume ratio as the predictors of the classes, which were in agreement

with observations from the literature and experiments. However, the four principal components
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(PCs) only explained 18% of the input variance, suggesting thatithetwariance is not strongly
correlated with the input variance for the current features. Modeling and classification results can
be improved with additional features, specifically those capturing the changes through the
differentiation process like diskved oxygen in media, PH, and cell concentration, which is

recommended for future studies.

6.2.2Data-driven Model for Size Prediction of the PLGA Nano-particles

In Section6.2.2 my research on predicting the size and polydispersity (PDIpdbr
lactic-co-glycolic acid (PLGA)-based nangarticles is discussed. PLGA naparticles play a
significant role in recent drug delivery methods, and control over the size and its uniformity is
crucial for their reliable implementation. This study depelbpredictivemodels to predict the
nanoparticle size and PDI using several different ML techniquegtilized random forest
Gaussian processgressionsupport vector regression, mu#riableadaptive regression splines,
artificial neural networksand extreme learning machinas modeling techniques. The results
showed that the regression model trained using random forests was the most accurate, with root
mean square error (RMSE) and mean absolute error (MAE) of 22.19 and 17.51 for predicting the
size andRMSE and MAE of 0.041 and 0.032 for estimating the PDI of the particles. The feature
importance analysis of the best model revealedtttat sonication energy divided by the total
emulsion volume ang@olyvinyl alcohol PVA) to PLGA molar ratiowere the most significant
predictors for sizeConsidering new features in the analysis and training the models using data
points covering wider ranges of the most important features are recommended for future studies
This work demonstrated promising parhance from ML techniques to be implemented in these
applications In future directios, ML techniquesare recommended to heilized with other

materials and processes to produce controllable and uniform size nanopatrticles.
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6.3 A Novel Approach for Building Surrogate Models of High-fidelity

Stochastic Smulations

Chapter 5 presents my proposed novel approach for building surrogate models to
accurately represent the outpus of kiglelity simulation with uncertain parametekigh-fidelity
simulations ge computationally expensive to run. If they include uncertain parameters, their use
in applications that require many simulation runs, such as sensitivity analysis, uncertainty
guantification, and optimization, becoesmmputationally intractable. In th&tudy, | proposed a
new method to represent hifjdelity stochastic simulations with accurate chéayevaluate
surrogate models. The proposed method, PARameter asviapaible (PARIN), is compared to
three other existing methods: (1) setting the \@hfauncertain parameters to a fixed value (Fixed)
and training a surrogate model, (2) selecting a subset of realizations of the uncertain parameters
and building surrogate models corresponding to each of these realizations (PSet), and (3) stochastic
kriging (SK). The comparison considered the accuracy and efficiency of the methods in predicting
the mean and standard deviation and the similarity of the predicted output distribution to the
original oneusing a set of test functions. The results revealed®ARIN was the most accurate
approach with the lowest error in predicting mean and standard deviation for casearyiith
i nput di mensions and uncertain parameters. Ho\
dimensional functions for low comptianal budgets. The resulting output distribusdrom
PARIN had the highest similarity to the original output distributions compared to PSet and SK.
The similarity of the predicted distribution by PARIN dropped for functions with a large number

of inputdimensions as the computational budget value decreased.

In Section5.2, PARIN is used for surrogateased optimization, and the results are

compared to PSet and SK approaches. The distance of optimum lcestimatedoy PARIN
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from the test function optium was less than the PSet approach. The solution time for the
optimization model with SK exceeded the maximum allowed time, suggesting how this method

could not be a good candidate for surrogased optimization.

Future studiesshould investigatehe inpact of uncertain parameters with different
distributions to evaluate the accuracy and robustness of PARIN. The spread of the data is another
important factor irtheperformance of different approaches foilding accurate surrogate models
of simulations hence considering different values of standard deviation for the uncertainty
distributionshould banvestigated in the future. Moreover, more studies are required in terms of
the evaluation of PARIN application in surrogéi@sed optimization. Additionigl PARIN could

beused for applications like sensitivity analysis and uncertainty quantification in the future.
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Table Al.2. Distribution of inputs for each of the functions

_ Input ) Input
Function o Function o
distributions distributions
U (0, 10) U (0, 10)
Power N (5, 3) CPGX-8 N (5, 3)
L (1.5, 0.37) L (1.5, 0.37)
Hougen U (0, 10) U (0, 10)
Watson L (1.5, 0.37) CPGX-9 N (5, 3)
Kirby U (0, 10) L (1.5, 0.37)
L (1.5, 0.37) Exponential U (0, 10)
Hahn U (0, 10) Linear Exponential U (0, 10)
L (1.5, 0.37) Nonlinear Exponential | U (0, 10)
MGH-09 U (0, 10) U (0, 10)
L (1.5,0.37) Ackley N (5, 3)
CPGX-4 U (0, 10) L (1.5, 0.37)
L (1.5, 0.37) G U (0, 1)
CPGX-7 U (0, 10) Ishigami U ,)
L (1.5, 0.37) Oakl ey & OO|N(O,4)
CPGX-1 U (0, 10) Oakl ey & 08|U(0.01,0.01)
x1~ U (1,10)
U (0, 10) Webster
CPGX.5 X2~ N(2,1)
_ L (1, 0.5),
N (5, 3) Lognormal ration _
Correlation coeff. = 0.3
U (0, 10)
CPGX-6 N (5, 3)
L (1.5, 0.37)
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Table A1.3. List of functions used in each case study

Function

Casel

Case2

Case3

3.1 3.2

Case Case
5 6

Power

HougenWatson

Kirby

Hahn

<

MGH-09

CPGX-4

CPGX-7

CPGX-1

CPGX-5

CPGX-6

CPGX-8

CPGX-9

Exponential

Linear Exponential

NonlinearExponential

Ackley

< <] <] < <

Borehole

Short column

Steel column

G

Ishigami

Oakl ey & O06H:

Oakl ey & O06H:

Webster

Lognormalration

< K K<) K< < < <)< KKK K< KKK K (&I (LI LIk«

175




Chapter 9 Appendix 2

9.1 Principal Component Analysis Results

Table A2.1. The ratios of the variance explained by each PC

PC1 PC2 PC3 PC4 PC5 PC6
0.32 0.272 0.116 0.0% 0.064 0.04%
PC7 PC8 PC9 PC10 PC11 PC12 PC13

0.0% 0.022 0.019 0.0 0.003 0.001 0.0000

Table A2.2. The coefficients of each variable in every PC

PC1 | PC2 | PC3 | PC4 | PC5 | PC6 | PC7 | PC8 | PC9 | PC10 | PC11 | PC12 | PC13

N”gﬁ’g”’f 0.1 |-0.16|-0.65|-0.12 | -0.02| 0.35 | -0.38 | -0.31| 0.41 | 0.01 | 0.01 | 0.01 | O
Paﬁf:gfep"st -0.27 | -0.03 | -0.39| -0.35 | -0.25| -0.5 | -0.29 | 0.48 | -0.16 | 0.03 | 0.05 | -0.02
MR | -032| 0.33 | 007 | -0.13| 0.24 | 0.25 | 0.06 | 0.25 | 0.31 | 0.26 | 0.64 | 0.08
o . |-007|-023| -053| 0.16 | 0.47 | 0.1 | 0.48 | 0.14 | -0.39| 0.04 | 0.03 | 0.01
oEGb | .0.18| 0.06 | 0.05 | 0.66 | 0.4 | -0.21|-0.57| 0.07 | 0.03 | 0.01| 0.01 | 0
Microssiggemid 0.22 | 041 |-0.11| 0.13 | -0.19| 0.24 | -0.23 | -0.06 | -0.51| 0.29 | 0.15 | -0.49

Axial Ratio 03 | 023 ] 002 |-032| 055 |-022| O 0.13 | 0.29 | 0.13 | -0.33| -0.43

S/VICHIR 0.2 | -0.43| 0.05 0 -0.02| -045| 0.12 | -0.35| 0.07| 0.2 | 055 | -0.3

CHIR/S -0.39| -0.23| 0.16 | -0.23| 0.13 | 0.25| -0.12 | -0.04 | -0.12| -0.58 | 0.1 | -0.52

CHIR/SIV -0.23|-0.32| 0.25|-0.38| 0.22 | 0.15| -0.26| -0.21 | -0.31| 0.54 | -0.18 | 0.2

eNNeoRNeolNoNBNolNolNolNeolNeolNo

S/CHIR 0.37 | 0.22 0 -0.27| 0.31 | -0.13| -0.23| -0.18 | -0.32| -0.41| 0.31 | 0.42

Medial 0.36 | -0.32| 0.12 | 0.01 | -0.03| 0.22 | -0.12| 0.43 | 0.01 0 0.09 | 0.01 | -0.71

Media2 -0.36| 0.32 | -0.12| -0.01| 0.03 | -0.22| 0.12 | -0.43 | -0.01 0 -0.09| -0.01 | -0.71
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9.2Wrapper Method Feature Selection Results

9.2.1Forward Selection

The foll owing graphs show the changes in
accuracy trends of two modeling techniques of RF, GP and SVM &satiaee numbers grow by
selection and addition of one feature at a time. The table beneath the plots are showing the order

of featuredeing selected going forward.

RF
0.76
0.40 1
0.35 1
0.30 0.66 1
>
L 0.251 5
o) 5
= 0.20 1 9
Py
0.15 0.56 1
0.10 1
0.05 1
1 2 3 45 6 7 8 910111213 1 2 3456 7 8 9 101112 13
Number of features Number of features
1 S/CHIR 8 CHIR concentration
2 Medial 9 Microspheroid Size
3 CHIR/S/V 10  Axial Ratio
4 Media2? 11  Number of cells
5 CHIR/S 12 Passage post-freeze
6 PEG-fb concentration 13 S/V/CHIR
7 Cell concentration
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