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Root Cause Analysis of Failure in Molecular Biology WorkHfows

This dissertation describes a framework for accurate and efficient root cause analysis for
repeatable biological workflows. This framework has three significant contributions. Firstly,
we introduced Open operational protocol semantics (OOPS), a framework that enables the
production of physics-based synthetic datasets for biological workflows. OOPS allows users
to model the possible failure modes of a flow. We demonstrate how the OOPS framework
generates diverse and physics-based synthetic datasets, including cell-free protein synthesis
and polymerase chain reaction. Secondly, given the experimental outcomes and records of
the items used for each workflow, our framework generates a probabilistic model to represent
the variabilities of the workflows. The details of the experimental records, such as technicians
and reagents involved in each operation of trials, are encoded to a low-dimensional embed-
ding using a neural network. With the embeddings as the input, a logistic regression-based
model is trained to predict whether a particular trial would succeed, considering the involve-
ment of reagents and technicians. With this formulation, we can perform root cause analysis
to identify the reason for the failure of trials in a quantitative manner. Furthermore, due
to the small-scale biological data set, this hybrid approach allows users to train a compact

neural network for feature extraction that facilities prediction based on logistic regression.



We anticipate that our result will identify the source of variability and accelerate research
progress. We found the source of variability with 86.75%, 98.9%, 97.71%, 99.7%, and 88.31%
accuracy in synthetic cell-free protein synthesis, synthetic polymerase chain reaction, real
polymerase chain reaction, real Gibson assembly, and real yeast strain construction, respec-
tively. Lastly, we use statistical methods to rank reagents and technicians by their accuracy.
The relative quality or accuracy is conditioned on the specific step of a workflow. We use
synthetic and real datasets to demonstrate that the overall success rate has improved by

replacing degraded reagents or retraining technicians with low accuracy.
Effective Using Remote Lab in Promoting Simulation and Verification Tools

New modalities for conducting hands-on labs are needed with the transition to remote in-
struction during the pandemic. In particular, courses that entail major hardware compo-
nents face challenges in making the hardware available for students reliably and sustainably.
Furthermore, the industry partners expect students to be well-trained in simulation and
verification tools. This dissertation presents our experience in using a virtual breadboard
feature interfaced with real Field Programmable Gate Arrays (FPGA) boards located on the
University of Washington’s campus, where students can access the FPGA hardware remotely
to complete their lab assignments. We evaluated this approach through anonymous surveys
of students and industry partners. The findings demonstrate that we effectively transformed
a lab assignment, typically carried out in person, into an online modality. Using remotely
accessible hardware, a practice that showed promise in promoting students’ skills in using

verification tools, is a desirable skill in the industry.



TABLE OF CONTENTS

Page
List of Figures . . . . . . . . iii
Glossary . . . . . . . vi

Chapter 1:  Root Cause Analysis of Failure in Molecular Biology Workflows . . . . 1

1.1 Introduction . . . . . . . . . . .

1.2 Literature Review . . . . . . . . . . . . .. 5
1.3 Methodology . . . . . . . . e 14
1.4 Synthetic Data Generation . . . . . . .. . .. ... L. 24
1.5 Experimental Results . . . . . . .. .. ... oo 33
1.6 Future Works . . . . . . . .. 72

Chapter 2:  Effective Using Remote Lab in Promoting Simulation and Verification

Tools . . . . . 74

2.1 Imtroduction . . . . . . . .. 74
2.2 Literature Review . . . . . . . . . . . 76
2.3 Background . . . . ... 79
2.4 Technical Solution . . . . . . . . . .. ... 81
2.5 The FPGA with Breadboard Laboratory Experience at the UW . . . . . .. 85
2.6 Future Works . . . . . . . .. 92
Chapter 3: Conclusion . . . . . . . . 93
Bibliography . . . . . . . 95
Appendix A: Biological Workflows . . . . . . . . .. ... 114
A.1 Polymerase Chain Reaction (PCR) . . . .. ... ... ... ... ... ... 114
A2 Gibson Assembly . . . . .. 117



A.3 Yeast Strain Construction

i



LIST OF FIGURES

Figure Number

1.1

1.2

1.3
1.4

1.5

1.6

All possible factors contribute to the overall variability of CFPS. Cole et al. [1]
found four factors dominate the variability in CFPS workflow: (1) technician
pipetting technique, (2) the time to set up the experiment, (3) pipetting dif-
ferences in loading standard curves among different sites, and (4) reagent. . .

A table shows all failed trials for a biological experiment. Each row of the
table is a failed trial with the involved reagents. The last row in the table
corresponds to a sparse tensor [0, 2, 999], meaning reagents 0, 2, and 999 are
used in this trial. . . . . ..o

Problem statements and contributions of the proposed system. . . . . . . ..

Given the known features of technicians and reagents, and the involvement of
technicians and reagents in each operation of the trial, the goal is to predict
the probability that the trial would succeed. Figure 1.4a is the neural network
architecture that performs the automatic feature engineering. The output of
the encoder is an embedding that summarizes all the information that we have
regarding a technician or a reagent. In Figure 1.4b, a logistic regression-based
model uses the embedding to capture the relationship between the observed
outcome and the underlying variabilities due to technicians and reagents.

A sample illustrates how to use states to describe a wet lab protocol. This
sample protocol involves two states, three actions, and four reagents. For state
19, the inventory contains four containers containing plasmid, master mixes,
E. coli cell extract, and an empty one for cell-free protein synthesis (CFPS)
reaction. Each of them has its unique volumes. Action ag includes retrieving
plasmid, reaction mixture, and E. coli, and pipetting them to the reaction
container. The volume of each container in ¢; is marked accordingly. State 2,
records the inventory of four test tubes after the operation retrieves, transfers,
and stores. . . . ... L L e

Sample usage of control action uniformRandomPick. In this setup, we have
four containers that contain plasmids. We can randomly pick one of them
using control action uniformRandomPick. The chance of retrieving plasmid 1
and plasmid 3 are equal. . . . . . ...

1ii

Page

12
14

18

25



1.7
1.8

1.9

1.10

1.11

1.12

1.13

1.14
1.15

1.16

1.17

A technician may occasionally mislabel the test tube. . . . . . . . ... ...

The technician is instructed to transfer 1u/L plasmid from the grey tube to the
green tube. However, the absolute volume of liquids transferred is modeled as
a normal distribution with a zero mean and technician variance. . . . . ..

Modeling CPFS workflow as an OOPS protocol. Each box is either a control
action or an operation. Once selecting a technician and a plasmid to perform
the trial, all reagents are retrieved and transferred to a new test tube for
reaction. Operation four “CFPS reaction,” models a CFPS workflow based
on a physics-based model. All reagents are stored after the reaction finishes.

A scatter plot of the mass of matured protein to technician id and template id.
Generally speaking, if we have a combination of a technician with a smaller
variance and a template with a concentration higher than five nanoMolar, we
tend to have a high mass of matured protein. . . . . . . . . ... .. ... ..

A variation of CFPS workflow. This sample workflow includes three sources
of variabilities: (1) technician transfers different volumes of reagents, (2) de-
graded reagents, and (3) technician may retrieve the wrong test tubes. . . . .

The technician retrieves the wrong test tube leading to zero mass of matured
protein. . . . ..o

Model performance improvement with embeddings. Besides embeddings, we
explored various combinations of encoders when processing the raw dataset.
The raw dataset has been for a fair comparison. The data size is one million.

Confusion matrix using CFPS datasets. . . . . . ... .. ... ... .....

A sample failed trial. Each column is a potential root cause for this PCR
workflow. The first and second rows present real and predicted root causes,
respectively. We use a gold box to indicate if predicted root causes match
predicted root causes. The blue box marks the unmatched predictions. This
trail is counted as a failed root cause identification since not all predicted root
causes match real root causes. . . . . . ... ..o

Baseline Comparison: ranking with deletions using a CFPS workflow that
models two root causes: degraded reagents and technicians transferring dif-
ferent volumes of reagents. By deleting the reagents and technicians with low
success rates, we observe the overall success rates increase. . . . . . ... ..

Baseline Comparison: ranking with deletions using a CFPS workflow that
models three root causes: degraded reagents, technicians transferring different
volumes of reagents, and technicians may retrieve the wrong test tubes. By
deleting the reagents and technicians with low success rates, we observe the
overall success rates increase. . . . . . . ...

v

41



1.18 We drop all trials associated with K% technicians who needed to be retrained
based on their numerical scores. We observe that the percentage of successful
trials increases as the value of K increases. When K% > 15%, the improve-
ment of the percentage of successful trials starts to decrease, this decrement
is due to the limited data size of the test data. . . . . . . . .. .. ... ...

1.19 Stages of deploying the proposed framework in an industrial setting. . . . . .

2.1 The customized breadboard module (left) and the DE1-SoC FPGA (right).
The breadboard module is connected to the FPGA board via the GPIO 0
header. . . . . .

2.2 The breadboard circuits that are required by the laboratory experiment.
2.3 The breadboard configurator on the IDE of the remote laboratory. . . . . . .
2.4 The breadboard user interface for testing FPGA programs. . . . . . . . . ..
2.5 Current roles or job titles collected from industry professionals (N = 35).

2.6 Check if industry professionals have used any simulation or verification tools
in their job duties (N =35). . . . . . . . ...

A.1 The general steps and required inputs (reagents, primers, and templates) of a
polymerase chain reaction (PCR) cycle. The figure is found in [2]. . . . . . .

A.2 Polymerase chain reaction (PCR) workflow in Aquarium. . . . . .. ... ..
A.3 Gibson Assembly workflow. [3] . . . . . ... oo Lo
A.4 Gibson Assembly result in Aquarium. . . . . . . .. ... L

A.5 Yeast Strain Construction workflow in Aquarium. . . . . .. ... ... ...



GLOSSARY

ACCURACY: has two definitions in this framework. When used as model performance
metrics, accuracy is used to evaluate the model’s prediction. Based on the given test

data and labels, accuracy measures what percent of the predictions are correct. It
True TP+ TN

True + False TP+TN + FP+FN’
accuracy of technicians reflects the probability of successfully finishing each operation

of the workflow.

has a form of Accuracy = Furthermore, the

ADC: an analog-to-digital converter (ADC) in electronics is a device that transforms an
analog signal into a digital signal, such as sound captured by a microphone or light
entering a digital camera

AUC: Area Under the ROC Curve is a metric used to assess the model’s effectiveness.
It can be found by examining the ROC curve’s area under the curve. AUC is a
performance metric that considers all potential categorization criteria. AUC should
ideally be near 1.0, which denotes a good indicator of separability

AQUARIUM: is an interactive web-based software application developed at Klavins Lab.
In Aquarium, users can manage the inventory, design/submit the workflow, execute
the protocol, collect/retrieve the resulting data logs, estimate the cost of running the
whole workflow

BERNOULLI DISTRIBUTION: is a discrete probability distribution with two possible binary
outcomes. It accepts the values of 1 (success) and 0 (failure) with probabilities of p
and ¢ = 1 — p, respectively

BOOSTING: is a class of machine learning algorithms that turns weak learners into strong
ones and is an ensemble meta-algorithm in machine learning for minimizing bias and
variance in supervised learning

CFPS: Cell-free protein synthesis (CFPS), also known as in vitro protein synthesis (IVPS),
is the production of protein in a cell-free system, that is, without the use of living cells.
The environment for in vitro protein synthesis is not constrained by a cell wall or the
homeostasis conditions required to maintain cell viability
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CONTROLLED EXPERIMENT: , a scientific test that often runs concurrently with the ini-
tial trial’s original schedule. The controlled experiment limits the surroundings of
the sample being investigated while allowing the researchers to test one independent
variable at a time

CROSS ENTROPY: , a measurement of the differences between two probability distribu-
tions for a particular set of occurrences. It is also employed as a statistic to assess the
effectiveness of the model

DAC: A digital-to-analog converter (DAC) in electronics is a device that transforms digital

signals into analog signals. The reverse function is performed by an analog-to-digital
converter (ADC)

DATAASSOCIATION: a key/value pair associated with inventory, plans, or operations

DE1-SOC: a powerful hardware design platform centered on the Altera System-on-Chip
(SoC) FPGA

EMBEDDING: , also called representation learning, is commonly used in recommendation
systems and natural language processing. Embeddings are algorithms that convert
high-dimensional raw data into low-dimensional vectors. An embedding ideally cap-
tures some of the semantics of the input by clustering inputs with comparable semantic
properties together in the embedding space

FEATURE(S): individual measurable properties or characteristics of a phenomenon being
observed

FP: False Positive (FP), an outcome in which the model predicts the positive (success)
class incorrectly

FN: False Negative (FN) results when the model predicts the negative (fail) class inad-
vertently

F1 SCORE: is a statistic used to assess the model’s prediction. It is a tallied average of

Precision and Recall. It is helpful when dealing with unequal class distribution. Its
Recall x Precision

f lais F1 =2 x
ormia 18 Recall + Precision

FPGA: Field Programmable Gate Arrays (FPGAs) are semiconductor devices that are
built around a matrix of configurable logic blocks (CLBs) connected by programmable

vil



interconnects. After manufacturing, FPGAs can be reprogrammed to meet specific
application or functionality requirements

GIBSON ASSEMBLY: a biological method to assemble DNA seamlessly and in the correct
order

GPIO: A general-purpose input/output (GPIO) is a software-programmable uncommitted
digital signal pin on an electronic circuit board or integrated circuit that can be used
as an input, output, or both

GRADIENT-BOOSTED TREES: A machine learning method called gradient boosting is
used, among other things, for classification and regression tasks. It provides a pre-
diction model in the form of an ensemble of decision trees-like weak prediction models.
The gradient-boosted tree is the name of the resulting algorithm when a decision tree
acts as the weak learner

HEX DISPLAY: a device that can receive binary inputs and display the hexadecimal num-
ber corresponding to those inputs

HUMAN-IN-THE-LOOP AUTOMATION SYSTEM: allows users to define experimental work-
flows algorithmically, attach upstream design tools, and send data to downstream anal-
ysis software without external monitoring intervention

IDENTITY VECTOR: a unique vector assigns to each technician or reagent. It represents
who or what they are in the system

JOB: the model representing actions taken during the execution of an Operation
LABEL: 1 for a successful trial, 0 for a failed trial

LABSLAND: an online remote laboratories

LED: a semiconductor light source produces light when current passes through it

LOGISTIC REGRESSION: a statistic model that uses to model the probability of a binary
outcome

MIN/MAX ENCODING: the data in each column is scaled to a range of [0, 1] based on

r — min(x)

(1)

Fscaled = mazx(x) — min(z)
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where x is the original variable, and x,.4eq is the normalized value.

MLA: The Maximum Likelihood Estimation (MLA) method is used to estimate the pa-
rameters of a probability distribution. It maximizes a likelihood function so that the
observed data is most likely under the assumed statistical model

NOMINAL VARIABLE(S): a categorical variable classification. It is used to identify a set
of values. Nominal variables do not provide orders or quantitative values

NORMALIZATION: a scaling technique. A [0,1] range is created by shifting and rescaling
the values

ODDS: the probability of an event occurring divided by the probability of it not occurring
ODDS RATIO: a ratio used to calculate the change in the odds of a particular outcome

OPERATION: is a discrete, self-contained procedure on a set of reagents performed by a
technician

ONE-HOT ENCODING: a modeling technique for converting nominal variables to numbers.
Each category is mapped to a vector with 0 and 1 values indicating whether or not the
feature is missing

PRECISION: is a metric for assessing model performance. It displays the percentage of
ositive predictions that were correct. It has a form of Precision = ————
P P TP+ FP

PCR: Polymerase Chain Reaction (PCR) is a common laboratory technique used to make
many copies of a particular region of DNA in a test tube

PLAN(S): a set of Operations connected in a graph that roughly represents a workflow

PROBABILITY: the quantitative measurement of the likelihood that a specific event will
occur

PYHTON: Guido van Rossum’s widely used high-level programming language for general-
purpose programming, first released in 1991

PYTORCH: a free and open-source machine learning library created by Facebook’s Al
Research lab
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QUALITY: of a reagent to quantify its ability to react as expected when used as described
in a workflow

RAW DATA: The dataset has not yet been prepared for use
RASPBERRY PI: a microcontroller board

ROOT CAUSE: is a factor that contributed to a nonconformance and ought to be perma-
nently removed via process improvement. The core issue, or root cause, is what started
the complete chain of events that led to the problem in the first place. It is also the
most fundamental cause (s)

RCA: Root Cause Analysis (RCA) refers to various methods, instruments, and procedures
used to identify the root causes of issues. Some root cause analysis (RCA) methodolo-
gies are more focused than others on locating the actual reasons for an issue. Other
RCA methodologies are generic problem-solving approaches

REAGENT: chemicals used in a workflow, such as media, enzymes, and antibodies

RECALL: is a model performance metric known as sensitivity. It displays the percentage
of genuine positives that the classifier successfully identified. It has a form of Recall =

TP+ FN

REGULARIZATION: a method for lowering error by properly fitting a function to the
provided training data while minimizing the chance of overfitting. The coefficient
estimations are reduced until they are zero

REPEATABILITY: in biological research, it measures the variation between results of the
successive workflows performed under identical conditions

ROC: Receiver Operating Characteristics (ROC) curve is a metric used to assess the
performance of a classifier’s model. It summarizes the classifier’s ability to distinguish
between positive and negative examples. The ROC curve is constructed by plotting
recall versus one minus specificity at various threshold settings.

SCIKIT-LEARN: an open-source machine learning library. It features modeling data
SIGMOID FUNCTION: , also known as the sigmoidal curve or the logistic function. It has

1
14 e 2
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SIMULATION TOOL: the foundation is the mathematically simulating genuine phenomenon.
In essence, it is a program that allows the user to view and imitate an activity without
actually carrying it out. Equipment is frequently designed using simulation software
to ensure that the finished product adheres to the design specifications as closely as
feasible without requiring expensive process adjustments

STANDARDIZATION: a scaling technique in which the values are centered on the mean
and have a unit standard deviation. The attribute’s mean becomes zero after stan-
dardization, and the resulting distribution has a unit standard deviation. It has a form

ofX’:X_'u
o

SYNTHETIC DATA: generated by a computer simulation. It contains all the characteristics
of the real dataset

SYSTEM VERILOG: a hardware description and hardware verification language is used to
model, create, simulate, test, and build electronic systems

TECHNICIAN: executes operations in the workflow. One operation only involves one tech-
nician.

TEST SET/DATA: a subset of data to test the trained model
TRIAL: each repetition of the same biological workflow
TRAINING SET/DATA: a subset of data to train a model

TRIDENT: the Python API in Aquarium. Users can manage inventory, plan experiments,
and query data for Aquarium

TP: True Positive, an outcome where the model correctly predicts the positive(success)
class

TN: True Negative, an outcome where the model correctly predicts the negative(fail)
class

VISIR: Virtual Instrument Systems in Reality (VISIR) is a remote laboratory developed
by the Blekinge Institute of technology. It allows users to design, wire, and measure

electronic circuits
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VERIFICATION TOOL: a collection of technologies that use static analysis to prove or
disprove the correctness of hardware or software behavior with a specific formal speci-
fication or property

WORKFLOW: a set of standard laboratory operations with specific ordering constrained,
meaning operation A may be Deon before operation B, but operations B and C may
be done independently

XGBOOST: an open-source library targeted gradient boosting

YEAST STRAIN CONSTRUCTION: taking genetic materials to transform it into a given
strain of competent yeast cells
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Chapter 1

ROOT CAUSE ANALYSIS OF FAILURE IN MOLECULAR
BIOLOGY WORKFLOWS

1.1 Introduction

Repeatability measures the variation between the results of successive experiments performed
under identical conditions. In recent years, the biological research community has faced a
methodological crisis in which scientists found the results of various publications challenging
to replicate in subsequent studies, either by other researchers or by the authors themselves [4].
Unrepeatable experiments can result in time-consuming and costly repetition of experiments,
and in some extreme cases, invalid results and conclusions. The low repeatability of experi-
ments has long been recognized as an acute issue in biological research. According to a survey
published in Nature [4], more than 70% of researchers cannot replicate another scientist’s
experiments, and more than half of them have difficulty reproducing their own experiments.

Biological experiments can be highly complex and sophisticated, involving dozens of
operations and taking weeks to complete. Consequently, the cost of performing such complex
and multi-operation experiments can be high [5]. For example, a single protein stability assay
can cost around ten thousand dollars and takes three days to complete. If an experiment
fails, it is highly desirable to investigate the cause of failure to improve the probability of
future successful experiments. The procedure to identify the underlying cause of a failed
experiment is referred to as root cause analysis [6, 7, 8]. Practitioners have been relying on
a combination of experience and exhaustive search to perform root cause analysis, making
the process highly time-consuming and cost-prohibitive [9)].

Biofoundries introduce an empirical approach to perform root cause analysis to address

the repeatability issue. When a failed trial is identified, the system will introduce a set of



new control experiments by replacing chemicals/technicians [10, 11, 12]. The results can
be used to quantify the variabilities associated with failure trials. Furthermore, researchers
with extensive domain knowledge of the experiments may be able to quantify relative contri-
butions to variability associated with the failed experiments by analyzing the personnel and
instruments involved in the experiments [13, 1]. However, as the quantity and complexity
of the data produced by automated experiments increases, manually analyzing such data

becomes impractical.

This dissertation is based on extensive previous work by the UW BIOFAB [14], a bio-
foundry located at the University of Washington. The UW BIOFAB developed Aquarium [15],
a software system for data management in biological laboratories. In Aquarium, users can
manage their laboratory’s inventory, design, submit and execute workflows, and collect and
retrieve the resulting data logs. Some experiments in this dissertation are based on Aquar-
tum, and it is justified first to define several terminologies repeatedly used throughout this
dissertation. Operation is a discrete, self-contained procedure on a set of reagents performed
by a technician. For example, run gel is an operation in the PCR workflow. Workflow is a
set of standard laboratory operations with specific ordering constrained, meaning operation
A may be done before operation B, but operation B and C may be done independently,

for example. Each execution of a workflow is called a trial. Technician executes operations

in the workflow. Omne operation only involves one technician. However, a workflow may

distribute to multiple technicians. We use reagent to refer to chemicals used in a workflow,

such as media, enzymes, and antibodies. All inventory and generated data are captured
and cataloged during the workflow execution. Experimental logs include technician identity,
timestamps for each operation in a trial, trial error records, and inventory handled.

While Aquarium is mainly focused on data management of real-world biological experi-
ments, we are also interested in synthetic data for the training and validation of our proposed
methods. Open Operational Protocol Semantics (OOPS), also developed by the UW BIO-
FAB, is a framework for synthesizing physics-based synthetic datasets for biological work-

flows.



In this work, we focus on two factors that may lead to failed biological experiments: the
quality of reagents used in the trials and the accuracy of technicians. We use the term quality
of a reagent to quantify its ability to react as expected when used as described in a workflow.
Accuracy of technicians reflects the probability of successfully finishing each operation of the
workflow. To better harness the insights captured by the experimental records, we take a
data-driven approach to address the repeatability issue in workflows. This work is inspired

by the rich literature in root cause analysis [6, 7, §].

We implemented a logistic regression-based method to perform root cause analysis. Given
the experimental outcomes and records (technicians and reagents involved in each trial), the
objective is to infer quality of reagents and accuracy of technicians. A probabilistic model
captures the relationship between the observed experimental outcome and the underlying
variabilities due to the quality of reagents and technician performance. We use a neural
network to encode informative features of reagents and technicians as a low-dimensional
feature embedding. Examples of features that we used include the age of the reagent and the
number of trials a technician has performed. In addition, following well-studied techniques in
recommender systems and data mining [16, 17, 18, 19], we also assign a unique low-dimension
identity embedding to each technician and reagent to account for the information that was
not reflected by the feature embedding. With embeddings as input, a logistic regression-
based model is trained to predict whether a particular trial would be successful, considering
reagents and technicians involved in the trial. With such a probabilistic model, we could
identify the most likely root causes that led to the failure. To further improve the overall
success rate of all trials, we retrain technicians or replace reagents based on the ranking of
technicians and reagents by their accuracy and quality.

Complex biological workflows involve multiple operations. For example, in a polymerase
chain reaction (PCR) workflow, operations are make PCR fragments, run gel, extract gel
slice, and purify gel slice. Through extensive discussion with practitioners, we observe that
in a multi-operation workflow, if one operation failed, the entire trial would inevitably fail.

Traditional logistic regression does not directly reflect such important observation [20]. In



our probabilistic model, we explicitly model the outcome of each operation and mandate that
all operations have to be successful for the trial to be considered successful. The encoding
process and logistic regression variables are jointly optimized through conjugate gradient
descent.

This dissertation is organized as follows. We describe related works in Section 1.2. Section
1.3 presents the framework’s methodology. In Section 1.4, we introduce the syntax and
semantics of a synthetic data generator called OOPS. Case studies and the corresponding
results are presented in Section 1.5, demonstrating that our method can infer the root cause
of failed trials in both synthetic and real-world datasets. Finally, we talk about the future

works in Section 1.6, and conclude the research findings in Chapter 3.



1.2 Literature Review

1.2.1 Data and Ezperiment Management

In biological research, the online protocol editors [21] allowed the user to detail, share, and
discuss the experimental protocols. Autoprotocol [22, 23] allowed users to build and test
protocol execution. The protocol management system is also in high demand. Moreover,
researchers nowadays use sophisticated equipment and outsource services. Thus it is essential
to find an optimal way to incorporate the experimental inputs and outputs into the workflows.

Combing protocol editors [21] with protocol management systems can provide a platform
for different laboratories/research teams to organize the research activities. Aquarium [14],
is an example of such a system. In Aquarium, users can manage the inventory, design and
submit experiments, execute the protocol, and collect and retrieve the resulting data logs.
To be more specific, designer can specify a protocol either using web-based graphical user
interface (GUI) or Python API Trident. Protocol will then be sent to the laboratory as a
job to be performed by technicians. Aquarium can also estimate the cost of running the
whole trial. During protocol execution, all inventory and generated data will be captured
and cataloged. When a job completes, designer can download the generated results to the
downstream data analysis tools. The use of materials can also be tracked at the same time.

As biological workflows get more complicated today, researchers tend to use equipments
manufactured by different companies. Synthace Antha is a software designed to facilitate
researchers’ management of the equipments involved in the experiments.

Other biofoundaries, such as Ginkgo Bioworks and Zymergen [22], aim to automate the
experimental design process by integrating biology, software, and hardware. This approach
allows reserachers to optimize workflow design, speed up research and discovery, and allow
trials to progress rapidly.

Great efforts have been made to improve workflows repeatability by standardizing reac-
tion conditions and experiment protocols [24, 25, 1]. Pardee [24] evaluated the batch-to-batch

variations for the cell-free transcription-translation system.



Batch-to-batch variation was also studied in Silverman et al.’s work [25]. The main goal of
this research is to standardize the methodology of cell-free extract preparation. Silverman et
al.[25] characterized the variations of the preparation process. The authors conducted an in-
depth investigation by preparing three identical extracts on three different days. Researchers
believed the RNA degradation rates in batches do not contribute much to the experimental
performance. Instead, the result demonstrated that the variation is due to both extract-
extract variation and trial-trial variations.

Cole et al. [1] ran identical standardized workflow called cell-free protein synthesis across
three laboratories to identify and quantify variability. A linear mixed model was fit into
the data to estimate how the inputs contribute to the workflows’ variability. A mixed linear
model notably aimed to disentangle the within-cluster effects from between-cluster effects.
This model assessed a standard protocol’s variability by introducing the inputs, such as sites,
technicians, reagents, extract, and shared materials.

As shown in Figure 1.1, Cole et al. [1] presented a table listing all possible factors con-
tributing to the overall variability of CFPS. After running various controlled experiments,
Cole et al. found four factors dominate the variability in CFPS workflow: (1) technician
pipetting technique, (2) the time to set up the experiment, (3) pipetting differences in load-
ing standard curves among different sites, and (4) reagent. We will model our CFPS workflow

using the same factors that dominate the variability in CFPS workflow.



category description contributing factors
Operator the person preparing the reaction e pipetting technique (number/rate of mixes, pipetting accuracy, etc.)
e time to set up an experiment
Site the laboratory and instrument where the reaction e difk e et Hed—orby trre—enres— e
is run plates)
1 2 -+ H s
¥ —

e pipetting differences in loading standard curves

L tione (og husmidity)

Reagent all components of the reaction except the extract e lot number, catalog number, and manufacturer of individual components
and shared materials

e technique of individual preparing each batch of reagents (pipetting accuracy, pH
measurement accuracy, efc.)

Extract material derived from lysed E. coli cells o variability between culture batches
o differences between lysis instruments
® batch-to-batch variability within lysis instruments
o differences between operator of lysis instruments
e execution of postprocessing steps

Shared Materials ~ materials shared from a common stock o differences between aliquots (shared materials are DNA template, RNase inhibitor,
malachite green, and T7 RNA polymerase)

Day unknown sources of day-to-day variability o factors from categories above that change from day-to-day, such as ambient conditions

Figure 1.1: All possible factors contribute to the overall variability of CFPS. Cole et al. [1]
found four factors dominate the variability in CFPS workflow: (1) technician pipetting
technique, (2) the time to set up the experiment, (3) pipetting differences in loading standard

curves among different sites, and (4) reagent.



1.2.2  Synthetic Data Generation

Synthetic data is widely used in machine learning and data analysis. Sun et al. [26] used
neural network to identify an optimal embedding for synthesizing high-dimensional data. Al-
berti et al. [27] presented a novel method of producing synthetic question answering corpora,
by integrating question creation and answer extraction models and filtering the outcomes
to ensure round-trip consistency. Bowen et al. [28] presented an extensive evaluation of
several differentially private synthetic data algorithms. Tsoukalas et al. [29], implemented
an R-package called anySim, for synthesis of non-Gaussian correlated random variables,

stochastic processes, and random fields.

1.2.3  Root Cause Analysis

Root Cause Analysis (RCA) is a retrospective method of identifying the root cause of faults
that generated a given set of symptoms [30]. A statistical model is built to represent the
relationship between observed symptoms and faults to perform this inference process in
complex systems.

Using machine learning or statistical learning methods, we can construct a surrogate
model to link observed symptoms to a set of possible faults. Kumari et al. [31] used a Hi-
erarchical Bayesian Model to study the rare events in the chemical process industry. The
hierarchical Bayesian model is a probabilistic graphical model that captures the correspond-
ing relationship between a set of random variables with a directed acyclic graph. Kumari et
al. introduced an informative prior to compensating for limited data and expert judgments.
This informative prior allows the system to cope with source-to-source variability. Ferreira
and Vasilyev [32] proposed a decision tree-based method. Event logs are transformed into
logical representation and train a decision tree-based classifier. The sub-sets in the gener-
ated model can compare the average duration with other sub-sets, and provide a root cause
for this difference. Dean et al. [33] employed an unsupervised learning method called Self

Organizing Map to predict anomalies in virtual cloud systems.



1.2.4  Logistic Regression

The objective of logistic regression is to characterize the relationship between a binary out-
come variable y and various predictor variables X on a log-odds scale [34]. It is commonly

written in the form:
P(y|z,0) = Bernoulli(y|sigmoid(0” x + c)) (1.1)

where x contains the feature values. gy denotes the outcome variable, which is a binary
variable having either a success (1) or failure (0) as the outcome. 6 and ¢ are variables to
estimate. 6 contains the coefficients for x, and ¢ are intercepts.

Bernoulli stands for a Bernoulli distribution, which is commonly used when the response
is in a binary state. 72 computes the linear combination of the inputs. Then we pass it
through a sigmoid function to ensure the function sigmod(6*z) € [0, 1]. The sigmoid function
is also called the logistic function or logit function. The definition of the sigmoid function
is:

1
1+ e 0Tate

The log-odds for the binary outcome variable y is a linear combination of a group of

sigmoid(0"x + ¢) = (1.2)
predictor variables. The predictor variables x can be either continuous or categorical. We can
use logistic regression to determine which predictor variables x are statistically significant,
along with a measure of the magnitude of the potential influence with respect to the outcome
of interest.

The differences between probability and odds is worth emphasizing. Probability is the
quantitative measurement of the chance that a particular event will occur. Odds are defined
by the probability that an event will occur, divided by the probability that it will not occur.
Change in odds of an outcome, for example, an increase in odds of a failed trial associated
with a certain technician - is measured as a ratio called odds ratio. For example, if a trial
associated with technician A has an odds of failure of 2.0, and a trial not associated with
technician A has an odds of failure of 0.5, then the odds ratio associated with technician A

2

would be 2 : 0.5 or 4. It is the same as an increase in the probability of failure from 3 to —.

3
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The odds ratio for the outcome associated with an event (for example, the reagent used in
the experiment) is determined by the coefficient calculated for each predictor variable. These
odds ratios measure the magnitude of each predictor variable associated with a particular
outcome. In other words, it defines the uncertainty for each predictor variable in terms of

the magnitude of the influence.

Logistic regression has been applied to various fields, including medical fields [20, 34],
social sciences [35] and marketing [36]. Medical researchers used two staged logistic regression
to assess the illness severity of a patient in an Intensive Care Unit (ICU) [34]. Kavade [37]
developed a predictive logistic regression model to determine the severity of a future incident
utilizing the Human Factors Analysis and Classification System. The proposed Human
Factors Analysis and Classification System is a well-established framework for performing

the root cause analysis for an unsafe event.

Thiru et al. [38] detects coronary heart disease using a logistic regression model. The au-
thors reduce the numbers of predictor variables using the Receiver Operating Characteristic
(ROC) curve. The prediction result of the logistic regression model is a continuous number.
However, the ideal result should be in a binary manner (whether a given patient has coronary
heart disease). To map the classification result to a regression result, the authors need to
find an optimal cut-off line. ROC curve would be the optimal tool to fulfill this requirement.
This ROC curve can be generated by plotting the cumulative distribution function of the
false-positive rate in the x-axis versus the cumulative distribution function of the probability

of detecting coronary heart disease in the y-axis.

Logistic regression sometimes yields unstable estimation in high dimensional settings,
where the number of predictor variables p > is the number of samples n. To resolve this
issue, Park et al. [20] introduced an adaptive penalized logistic regression based on L-
regularization to rule out these insignificant predictor variables. This method encouraged

sparse solutions and used a limited number of variables for predicting.
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1.2.5 (Gradient-boosted Trees

Classification and regression methods based on ensembles of decision trees are widely adopted
in practice [39]. Popular gradient-boosted trees libraries include XGBoost [40], Light-
GBM [41], and CatBoost [42]. Such methods can naturally handle combinations of con-
tinuous inputs and categorical inputs.

Boosting is an ensemble technique that sequentially groups weak learners to improve
learning performance. Once a weak learner is learned, the misclassified points will be assigned
a higher weight, and the correctly predicted points will be weighted lower. In the next
iteration, the boosting algorithm will update the model according to the weights of the points
assigned in the subsequent iteration. The boosting algorithm will build a more robust model
by capitalizing on the misclassification error. The resulting algorithm is called gradient-
boosted trees when using a decision tree as the weak learner.

On the downside, gradient-boosted trees is known to be prone to overfitting if too many
decision trees are added [39]. Thus gradient boosted trees require meticulous tuning of the

hyperparameters. The gradient-boosted trees model is also hard to interpret.

1.2.6  Neural Network based Automatic Feature Engineering

Embedding, also called representation learning, is a commonly used technique in recommen-
dation systems or natural language processing [16]. For example, in a recommender system
for an online movie streaming website, we recommend movies to users based on the features
of the user (such as zip code and browser version), and the past clicking history of the user.
In our context, we would like to recommend which reagent is due for replacement or which
technician is due for replacement.

One-hot encoding is an option to represent nominal or categorical data. For example, as
shown in Figure 1.2, the failed trials are presented in the table. Each row of the table is a
failed trial with involved reagents. In this table, the last row is represented as a sparse tensor

0, 2, 999], meaning reagents 0, 2, and 999 are used in this trial. Using one-hot encoding,



12

the size of the representation is equal to the number of possible categories (total number of
technicians or reagents) to represent. As the number of categories grows, one-hot encoding
faces scalability issues.

Embeddings represent large sparse vectors in a lower-dimensional space that preserves

semantic relationships. Recommender systems that utilize embedding are [18, 19, 17].

0 1 2
X X X
X
X X X
3 X X X

Figure 1.2: A table shows all failed trials for a biological experiment. Each row of the table
is a failed trial with the involved reagents. The last row in the table corresponds to a sparse

tensor [0, 2, 999], meaning reagents 0, 2, and 999 are used in this trial.

A large amount of data is required to train a deep neural network effectively. Such high
data requirement is not an issue in specific applications where data is readily available (for
example, E-Commerce), but it could become a significant hurdle in our task where the data

scale is much smaller. In this work, we take a hybrid approach where we use a compact
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neural network to encode the available information of the technicians and reagents as an
embedding [43], which serves as input to a standard logistic regression. With this setup, we
could afford to train a compact neural network for feature extraction that facilities prediction

based on logistic regression.
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1.3 Methodology

Our objective is to identify the most likely root causes (either due to a technician with low
accuracy or a degraded reagent) of a failed trial. The flowchart of the proposed system and

contributions are summarized in Figure 1.3.

OOPS enables production

of physics-based synthetic Hybrid approach: neural network for encode
datasets for biological information + logistic regression-based model
workflows
\ Synthetic data Identity root causes of
generation failed trials
Predict the
OR outcome of
current trial Identity degraded
Real data reagents or technicians
collection with low accuracy

I

rank technicians and reagents by accuracy
of using statistical methods

Figure 1.3: Problem statements and contributions of the proposed system.

The input to our method are:

e The known features of technicians and reagents. For technicians, features are statistics
of technicians performing certain workflow operations, including the number of tech-
nicians who have attempted a specific operation, the number of trials that technicians
completed, the number of trials that technicians aborted, and the number of successful
and failed trials that technician has performed. For reagents, the features are the type

of reagent and its age.
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e The involvements of technicians and reagents in each operation of the trial. Using an
experiment management system allows for the collection of such data. Each technician
and reagent in the experiment management system is associated with a unique ID. In
each operation, the ID of the technician who performed and the ID of the reagents

used are recorded.

Formally, let a training dataset S with N trials that involved Np technicians and Ng

Q1 cl cQz
u, u,

2:"“7

reagents. Each trial s = (u},u$!, -, o ulLu ,y) € S is a sequence of
(Q1+ -+ Qz + Z) technician and reagent IDs. u§ and wi* are technician ID and reagent
IDs in operation j. Let Z be the number of operations in the trial, and j € {1,2,--- ,Z} be
the index of Z operations. Define a € {1,---,Q;} be the index of @); reagents involved in

each operation j.

1.3.1 Synthetic Data Generation

The effectiveness of data-driven machine learning algorithms depends on a large amount of
training data with precisely labeled ground truth. However, the availability of labeled train-
ing data could be of significant concern. Biological experiments are notoriously costly and
time-consuming, thus limiting the number of experimental logs. Furthermore, the underly-
ing root cause of the failed experiment is generally unknown. In such cases, synthetic data
closely mimics real-world data dynamics, and distribution is highly desirable to facilitate
algorithm design and validation.

To this end, we designed a physics-based synthetic data generator, named Open Opera-
tional Protocol Semantics (OOPS), which aims to generate synthetic datasets with the same
mathematical and statistical properties as the real-world biological workflows datasets.

OOPS allows us to define sources of variabilities in reactions, such as the accuracy of
technicians and the qualities of reagents. For example, reagents modeled in OOPS contain
various attributes, such as concentration, volume, pH value, and temperature. Changing

these attributes of reagents affects the final products of reactions. The statistical distribution
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of the attributes (both for technicians and reagents) can be defined by users.

OOPS also allows flexibility to define how the attributes of technicians and reagents
affect the outcome of biological workflows. For example, the attributes could impact the
parameter of an ordinary differential equation [44, 45], which captures the dynamics of
biological workflow and, in turn, decides the output of workflow.

With this formulation, OOPS could serve as a practical synthetic data framework for
root cause analysis in biological workflows. The ground-truth root causes of the failed trials
are known to users. We will show in a later section that the availability of ground-truth
labels greatly helps the design and validation of the algorithms. Additionally, we will show
that the insights we gained with synthetic data extrapolate to real-world data.

Admittedly, gaps between real-world and synthetic data exist. A biological workflow is
a very complex procedure that an ordinary differential equation cannot fully describe with
a few dozen parameters. The seriousness of the gap is conditioned on how accurately we
could model the relationship between attributes of technicians and reagents, and the output
of workflows. In this work, we employed models in state-of-the-art works [44] to minimize
the gap between real-world and synthetic data.

We will describe the detailed procedure of synthetic data generation in Section 1.4.

1.3.2  Feature Engineering

The features of technicians and reagents contain precious prior information for our prediction
task. However, such prior information often requires some feature engineering to be effec-
tively used in a probabilistic model. Therefore, instead of using manual feature engineering
to encode such prior information, we employ a neural network to encode the features. The
neural network automatically learns a non-linear transformation of the prior information
based on the training data. Such automatic feature engineering using the neural network
has been proven to be highly successful in various applications. We refer to the output
of the neural network as the feature embedding of a technician or a reagent. The neural

network projects the features into a high-dimensional manifold to facilitate the downstream
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prediction tasks. Leveraging automatic feature engineering enabled by neural networks is a
critical technical contribution of this work. As we shall show in Section 1.5.2, our neural
network-based feature engineering outperforms manual feature engineering.

Figure 1.4a is an overview of the neural network architecture we used to generate fea-
ture embeddings. This neural network consists of the following layers: [Input - Fully Con-
nected Layer - Rectified Linear Unit - Fully Connected Layer]. The input layer has a size
of REox(Qu++4+Qz+2)xN The output of the neural network is of shape RE1*(@i++Q@z+2)xN
where Ky and K; are hyperparameters to control the capacity of the network, N is the
dimension of the feature embedding.

Feature embedding is not sufficient to capture all relevant information. For example, a
technician may have a long tenure in another lab, so their statistics of completing a certain
operation cannot be collected and properly reflected in their feature embedding. Another
example would be two bottles of reagents of the same type may have an exact age, but one
bottle has been contaminated and would lead to failed trials. To address such ambiguity
issues, we introduce a randomly generated vector of unit length to each technician and
reagent to augment their feature embedding. We call such a vector identity embedding.
Using a random unit vector to introduce individuality is a commonly used technique in
recommender systems, and data mining [18]. Feature embedding and identity embedding
are concatenated to generate technician and reagent embedding. Figure 1.4 summarizes how

embeddings are generated.
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(a) The encoder encodes the informative features and identity features of technicians and reagents
as low-dimensional feature embeddings. Ky and K; are hyperparameters to control the capacity of
the network. Z is the total number of operations. The total number of trials is defined as N. @ is

the number of reagents involved in each operation.

RKox(@1+-+Qz+Z)xN RE2%(Q1++Qz +Z)xN
» Encoder > h=0ix; +c —

RIXN z ZXN RZXN
Prediction +—— np(Ej) «— P(E)=0(h) «—
j=1

(b) The logistic regression-based model with embedding. The Encoder is the neural network

architecture shown in Figure 1.4a. Ky is a hyperparameter to control the capacity of the network.

Figure 1.4: Given the known features of technicians and reagents, and the involvement of
technicians and reagents in each operation of the trial, the goal is to predict the probability
that the trial would succeed. Figure 1.4a is the neural network architecture that performs the
automatic feature engineering. The output of the encoder is an embedding that summarizes
all the information that we have regarding a technician or a reagent. In Figure 1.4b, a logistic
regression-based model uses the embedding to capture the relationship between the observed

outcome and the underlying variabilities due to technicians and reagents.
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1.3.8 Probabilistic Model

The embedding of each technician and reagent effectively summarizes all prior information
that we have regarding their accuracy. We implement a probabilistic model built upon
logistic regression with embedding as input. Our probabilistic model aims to predict the
probability that a particular trial would succeed, given which technicians and reagents were
involved in each operation.

In a multi-operation workflow, it has been observed by the practitioner that if one op-
eration fails, then the entire trial will fail. Therefore, to facilitate the accurate localization
of technicians with low accuracy or degraded reagents, we explicitly model the probabilistic
distribution of each operation’s outcome (success or failure). This is a critical difference
between our method and traditional logistic regression.

For the sake of discussion, let us assume that a trial only involves one operation and
describe how we predict the probability of success of a single operation in a trial. Obviously,
in this case, if the single operation in the trial is successful, then the trial is successful.
The prediction is based on logistic regression. With technician embedding x! and reagent
embedding " as the input, the goal is to predict the outcome of the trial, which is a binary
random variable y € {0,1}. Again, if a trial only consists of a single operation, the outcome
of the single operation is essentially the outcome of the trial. We model y as a Bernoulli

random variable
Ply =1)=¢((0"-a') x (6" -a") +c) (1.3)

where 0, " and c are variables of logistic regression to be estimated, ¢(z) = 1—1—% is
the logistic function. If more than one reagent is involved in an operation, each reagent’s
distinct 0, is introduced. For example, with two reagents involved in an operation, Equation
1.3 becomes (0" - ') x [[22, (0™ - x"*) + ¢ = (0" - ') x ("' - "!) x (0™ - x"2) + ¢, where
Q1 = 2. With the probability of success of a single operation defined in Equation 1.3, we now

describe modeling the probability of success of a trial with multiple operations. We assume

that a trial is successful if and only if all the operations in the trial are successful. Such an
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assumption help us better localize the operation in which an error occurred and consequently
facilitates identifications of technicians with low accuracy or degraded reagents. To facilitate
further discussion, let E; be the event that the jth operation of a trial is successful, thus
P(E;) = ¢((0"-a') x [[:,(67 - &™) + ¢;).

The probability that a trial is successful is simply the product of the probability of success

for all operations in the trial

“U

H

]:

ﬁ¢< XHOC“- +cj>

=1

(1.4)
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In the training dataset, a multi-operation trial is repeated N times. Let P(y, = 1) denote
ith trial is successful, where subscription i@ € {1,---, N} is the index of trial in training
dataset. We also define mf and zc ¢ as technician embeddings and reagent embeddings in

jth operation of ith trial, respectlvely. Thus the probability of success of ith trial is simply

Py, =1) = [[ (!, ><H0”~ i)+ e) (1.5)

In the training dataset, we also have the ground-truth outcome of each trial. We per-
form Maximum Likelihood Estimation to estimate the variables of the prediction model in
Equation 1.5. Note that the variables to be estimated include ¢; and c;, as well as weights of
the neural network, denoted W, which generates technician embeddings and reagent embed-
dings. In other words, the neural network that performs the automatic feature engineering

is jointly optimized with logistic regression variables.

Formally, the objective function of the optimization is
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Z Y -y,
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i=1 j=1
(1.6)

where W denotes the weights of the neural network for feature engineering, y/ is the ground-

truth outcome of 7th trial.

1.8.4 Inference

What we described in the previous section is a probabilistic model that captures the relation-
ship between observed outcomes and underlying variabilities due to technicians or reagents.
With such a probabilistic model, we can predict the probability of a trial succeeding, given
which technicians and reagents were involved in each operation of the trial.

Such a probabilistic model could provide actionable insights into achieving the following
two goals:
Goal 1: Given an unsuccessful trial, we can identify the technician or reagent that most
likely leads to an unsuccessful trial. Identifying the technician or reagent that most likely
leads to the unsuccessful trial is straightforward using our probabilistic model. As shown in
Equation 1.4, our probabilistic model predicts the probability of success for each technician
and reagent in the trial. Given the technicians and reagents involved in each operation of an
unsuccessful trial, we plug in their embeddings in Equation 1.5, and we immediately have
the probability of success of each technician and reagent. We could pay more attention to
analyzing the technicians or reagents with a lower probability of success.
Goal 2: We can identify inaccurate technicians or degraded reagents that are due for re-
training (technician) or replacement (reagent). Arguably a more exciting and constructive
insight that our method could offer is the ability to rank the relative accuracy of technicians

and reagents. The technician or the reagent with a lower accuracy compared to its peers can
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be tagged for retraining technicians or replacing reagents.

Ranking technicians and reagents based on their relative accuracy or qualities compared
to other technicians and reagents can be achieved by considering the following intuition:
if the probability of success of trials can be improved by substituting a technician with a
second technician with all the other conditions being identical, then the second technician
is considered to have higher accuracy. Without the loss of generality, let us consider the
following example. Assume that technician Alice and technician Bob are tasked to perform
the same operation of a trial. Each of them would individually perform ten repetitions of the
trial respectively. Intuitively, we could say Alice has higher accuracy compared to Bob, if
Alice has more successful trials than Bob with all the other conditions being the same. Here
the other conditions include the technicians and reagents that are involved in the trials other
than Alice and Bob. One strategy to keep all the other conditions the same so we can perform
sensitivity analysis solely on Alice and Bob is to place Alice and Bob in one operation of a
trial, and randomly sample technicians and reagents to fill the slots in the other operations.
Using our probabilistic model, we can predict if the trial is successful, given the technicians
and reagents involved in each operation. We repeat the random sampling procedure several
times and record the number of failed trials. Based on the number of failed trials, we could
rank the accuracy of the technicians and the qualities of the reagents.

Note that with such a strategy, the relative accuracy or quality is conditioned on the
specific operation. This is highly desirable in practice, as a technician may perform one
operation (task) with high accuracy, but may not have the same accuracy level at other
operations (tasks). The technician with low relative accuracy can focus on the operation or
task the technician is not good at during retraining, and not spend time on the operations
that the technician can already accurately perform. We will demonstrate the efficacy of our

method with both synthetic and real-world datasets.
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1.5.5 Discussion

Aside from the logistic regression-based model described in this section, a few other relevant
methods could also be employed for similar objectives. However, their severe drawback in
our specific application makes them less favorable than our method. Bayesian networks
could also be used in the context of root cause analysis [46]. However, it is well known that
the learning of Bayesian Networks does not scale well [46]. It is challenging to use Bayesian
Networks with nearly one hundred predictor variables. Gradient boosting-based methods [39]
have been widely adopted in statistical analysis. We will show that our proposed method

outperforms XGBoost [47], as our method better exploits the structure of the problem.
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1.4 Synthetic Data Generation

This section introduces the syntax of OOPS for modeling biological workflows. Formalization
of the syntax of a protocol language in Abate et al. [48] has been adopted in this work.
State of the lab can be considered as the collective state of all the test tubes, beakers,
flasks, and other lab items at any particular time. To change the states of containers, we
introduce operations as discrete, self-contained procedures on a set of reagents performed by
a technician, such as retrieving reagents and pipetting. A process P manipulates a list of
containers through a set of operations and finally yields a new container as a result. A set
of containers is defined as an inventory. Consequently, we model a process in the lab as a

series of inventory states followed by a series of operations on those states:

io 2% 0, i, 9 (1.7)

Algorithm 1 shows how to create a new inventory by calling the constructor.

Algorithm 1 OOPS - Create a New Inventory

1: ip = oops.Inventory()

In OOPS, each container can have various attributes, including volume, template, pH
value, and the properties of the reagent stored in the container. Different containers may
have different initial conditions. We could create containers or operations. Other operations
include retrieve, in which modeling a technician takes something from a freezer and brings
it to the lab bench; store, in which modeling a technician returns a container to the freezer.

Protocols are simply sets of operations to be performed on inventory states. Operations
are needed to be used inside Protocols in OOPS.

We now use a cell-free protein synthesis (CFPS) workflow as an example to explain how
OOPS models a wet-lab protocol. In biological machinery, CFPS aims to produce protein

without living cells.
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Example 1. Figure 1.5 shows a sample illustrating how to use states to describe a wet
lab protocol. This sample protocol involves two states, three actions, and four reagents. For
state iy, the inventory contains four containers containing plasmid, master mixes, E. coli cell
extract, and an empty one for cell-free protein synthesis (CFPS) reaction. Each of them has
its unique volumes.includes retrieving plasmid, reaction mixture, and E. coli, and pipetting
them to the reaction container. The volume of each containers in 4; is marked accordingly in
figure 1.5. Action a; transfer plasmid, master mixes, and E. coli into CFPS reaction tube.
The last action as, stores all four test tubes. State ¢; records the inventory of four test tubes
after the operation retrieves, transfers, and stores. Algorithm 2 demonstrates how to use

protocol and operations in OOPS.

REACTION E. COLI CELL — ~CFPS
| PLasmo + MIXTURE + EXTRACT - |_REACTION

v U U ¥

Figure 1.5: A sample illustrates how to use states to describe a wet lab protocol. This
sample protocol involves two states, three actions, and four reagents. For state ig, the
inventory contains four containers containing plasmid, master mixes, E. coli cell extract, and
an empty one for cell-free protein synthesis (CFPS) reaction. Each of them has its unique
volumes. Action ag includes retrieving plasmid, reaction mixture, and E. coli, and pipetting
them to the reaction container. The volume of each container in 7; is marked accordingly.
State i; records the inventory of four test tubes after the operation retrieves, transfers, and

stores.
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Algorithm 2 OOPS - States

1: plasmid = oops.Inventory([{ “volume”:100. * u.uL,
f'plasmid’: (1.00 + random.random()) %3 *wu.nanomole/u.L}])
2: master_mixes = oops.Inventory ([{ “volume”:100. * u.uL,
f'master_mixes”: (1.00 + random.random()) *4 * u.nanomole/u.L}])
3: E. coli = oops.Inventory ([{ “volume”:100. * u.uL,
fie_coli’: (1.00 + random.random()) *3 * u.nanomole/u.L}])
4: protocol = oops.Protocol(
create({ “volume”: 0*u.ulL}, name = “cfps_reaction_tube”)
inv = plasmid(1) + master_mixes(1) + e_coli(1) + cfps_reaction(1)
retrieve(plasmid, master_mixes, e_coli, cfps_reaction)
transfer (“plasmid”, “cfps_reaction_tube”, 1 x u.uL, sigma = 0.05)
transfer (“reaction_mixture”, “cfps_reaction_tube”, 1.5 % w.uL, sigma = 0.05)
transfer (“E. coli_Extract”, “cfps_reaction_tube”, 1.5 w.uL, sigma = 0.05)

store(plasmid, master_mixes, e_coli, cfps_reaction)
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Control actions can be used to wrap operations in OOPS.

1. maybe(operation, p = 0.5): operation will be executed with a probability of 0.5.

2. choose (operations, probs) takes a list of operations and a list of associated probabilities
as inputs. These two inputs are of the same length. A particular operation will be

chosen based on its associated probability.

3. either takes two operations and one probability of operation one as input. It is equiv-

alent to choose shown in Algorithm 3.

Algorithm 3 OOPS - Control Actions (Either)
1: choose([operationl, operation2], (p,1 — p)

4. uniformRandomPick allows users to randomly select a container using a uniform dis-
tribution, where a user-specified operation list defines its range. Figure 1.6 shows an
example usage of control action uniformRandomPick. In this setup, we have four con-
tainers that contain plasmids. We can randomly pick one of them using the control
action uniformRandomPick. A sample algorithm implemented in OOPS is shown in

Algorithm 4.

Algorithm 4 OOPS - Control Actions(uniformRandomPick)

1: uniformRandomPick(

[steps(transfer “template”,”m”, 1 x u.uL, sigma = 0.05, log(“tech_id”, 1) ),
steps(transfer “template”,”m”, 1 x u.uL, sigma = 0.1, log(“tech_id”, 3))])

5. steps(operations) wrap all operations. The system can only execute one operation at

a time. Operations are executed one after another.

6. skip indicates no actions will be taken.
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Figure 1.6: Sample usage of control action uniformRandomPick. In this setup, we have four

containers that contain plasmids. We can randomly pick one of them using control action

uniformRandomPick. The chance of retrieving plasmid 1 and plasmid 3 are equal.
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7. say(message) prints out message as system outputs. It will not change inventory.

In biological workflows, the accuracy of technicians is one of the significant root causes
of experimental failure. OOPS is able to model the accuracy of technicians as a failure
mode. Three types of accuracy issues can be modeled in the current system. We can model
a technician occasionally retrieves the wrong test tube from the freezer, mislabels the test
tube, and transfers the volume varies with variations.

Example 2. Figure 1.7 shows that a technician may mislabel the test tube occasionally.
A technician is instructed to create a container with the DNA “ATCG”. However, there is a
chance he/she creates a container with the DNA “CATG” and mislabelled it as the original

DNA in desire. Algorithm 5 shows how to model this absent-minded technician using OOPS.

correct incorrect
\ PLASMID ‘ PLASMID

¢ ¥

Figure 1.7: A technician may occasionally mislabel the test tube.

The other source of variability introduced by technician performance is modeled using
liquid handling. Moving liquids from one container to another is known as liquid handling.

However, even robots are unable to transfer liquids with perfect accuracy.
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Algorithm 5 OOPS - Modeling an Absent-minded Technician

1: error_prone_create = oops.Protocol(

either(
steps (create({ “sequence”: “ATCG” }, name=“my _first_primer”)),
steps (create({ “sequence”: “CATG” }, name=“my _first_primer”), say(“oops!”)

), p = 0.5 # half of the time, the technician gets it right ) )

Example 3. As shown in Figure 1.8, a liquid handling agent (human or robot) is
instructed to draw up one microliter from container A and then transfer one microliter into
container B. Algorithm 6 demonstrates how to model liquid handling using transfer operation
in OOPS. This transfer operation decreases the volume in container A and increases the
volume in container B. This transfer operation asks for a variance as an input. The absolute
volume that has been transferred is modeled by a normal distribution with a zero mean and
technician’s variance. Note that different technicians have different variances that represent

their accuracy.

Algorithm 6 OOPS - Liquid Handling

1: transfer(“plasmid”, “cfps_reaction”, 1 *x w.uL, sigma=variance)

The physical process underlying a biological workflow is modeled as a reaction. We keep
track of the results of reactions, since many reactions are finished before a test tube is put
back in storage.

Example 4. consider a simple chemical reaction
A+B—=C (1.8)

where two aliquots from tubes holding A and B are joined into a third tube. Either all of
A is consumed, all of B is consumed, or both are consumed in the reaction to produce C.

Assume ag > by, and starting concentrations of A and B in the reaction tube are [A] = ay
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Retrieve 1L plasmid from grey tube

Transfer 1L plasmid from grey
tube to green tube

CFPS
REACTION

V v

Figure 1.8: The technician is instructed to transfer 1ulL plasmid from the grey tube to the

‘ PLASMID

green tube. However, the absolute volume of liquids transferred is modeled as a normal

distribution with a zero mean and technician variance.

and [B] = by, respectively. B becomes the limiting component at that point. Therefore, the

reaction will stop after finishing up B.

[A] = ag — bo
[B]=0
[C] = bo

The OOPS implementation is presented in Algorithm 7. Once we define the protocol,
we can simulate it in OOPS. Algorithm 8 shows how to simulate the protocol one thousand
times.

In Section 1.5.1, we illustrate the usefulness of OOPS in two case studies, highlighting

the potential impact of our work on scientific discovery.



Algorithm 7 OOPS - Modeling Reactions

1: inv = oops.Inventory ()(
.create({ “A”: 10 * w.umole / u.L, “volume”: 100 * u.uL}, name=“A")
.create({“B”: 15 * u.umole / u.L, “volume”: 100 * u.ul}, name=“B”)
.create({ “volume”: 0 * u.ul}, name=“C")

2: sample_reaction = oops.Protocol(

retrieve_by name(“A”, bench_ name = “a”)
retrieve_by_name(“B”, bench_name = “b”)
retrieve_by_name(“C”, bench_name = “c”)

transfer(“a”, “c”, 10 * u.ul)
transfer(“b”, “c”, 10 * u.ul)
reaction(
“e’[“A” B, “C7],)
lambda a, b, ¢: [a - min(a, b), b - min(a, b), ¢ + min(a, b)]
),
store(“a”),
store(“b”),

store(“c”)

Algorithm 8 OOPS - Simulations

1: sample_reaction.reset|()
2: num_sims = 1000
3: for each i in range(num_sims) do

4: sample_reaction.run(inv)
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1.5 Experimental Results

We demonstrate the efficacy of our method on synthetic datasets and real-world datasets
collected from a biological laboratory. We illustrate how our framework can be employed
to predict outcomes given the involvement of technicians and reagents, identify the root
causes of the failed trials, and identify degraded reagents and technicians with low accuracy.
The flexibility of our proposed framework is demonstrated using combinations of operations.
Various standard outputs are interrupted for the proposed model. All evaluation metrics are

adopted from [49].

1.5.1 Details of Synthetic Datasets Generation

The motivation and advantage of using a synthetic dataset have been discussed in Section
1.3.1. In the same section, we also described the general procedure of synthesizing training
data with ground-truth labels using the OOPS framework, utilizing the syntax introduced
in Section 1.4. We now present details of two case studies, namely cell-free protein synthesis
(CFPS) and Polymerase Chain Reaction (PCR), illustrating how the proposed framework can
be employed to model biological workflows. Furthermore, we demonstrate that the proposed
framework can be employed to perform automated analyses of the protocol parameters while

accounting for the uncertainty in the performance of technicians and the qualities of reagents.

Synthesis of Technician and Reagent Feature

The features of technicians and reagents carry important information that is highly valuable
for predicting the accuracy of technicians and reliability of reagents, and are the inputs to
our root causes analysis framework.

We generate feature and identity encoding (ID) in OOPS for each technician and reagent.
As shown in Algorithm 9, each technician and reagent is assigned a randomly generated vector
of unit length as their identity encoding. Then the proposed system logs the involvements

of the technicians and reagents by using their identity information.



34

Algorithm 9 Generate Identity Information

1: function GENIDENTITY(R, T') return a dictionary

2: inputs: technician list T', reagent list R

3: local variables: :Dict, a dictionary that stores identity for each reagent r and
technician ¢

4: for eachr € R;t €T do

5: iDict < Random-Vector(unit length)

Algorithm 10 and Algorithm 11 are the pseudo codes to generate technician encodings
and reagent encodings, respectively. We generate the statistics of prior success for each

technician to represent their accuracy. These statistics involved four pieces of information.

1. We count the number that the technician has attempted each operation.
2. The number of successful and failed trials the technician has performed is counted.

3. Let X% be samples from a Bernoulli distribution, where the probability of success p

is the technician’s accuracy.

4. We randomly generated fifty data points to synthesize the number of successes and
failures trials a technician has performed. Here we cannot generate too much data
due to the Law of large numbers. Since using too much data could directly feed the
accuracy of each technician into the model. Out of these generated fifty samples, the

number of successful and failed trials are logged.

For each reagent, we model the age of the reagent by adding Gaussian noise to the quality

of the reagent.
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Algorithm 10 Generate Technician Encoding

1:

2:

10:

11:

12:

13:

function GENTECHENCODING(¢rDict, iDict) return technician encoding

inputs:trDict, a dictionaries that store accuracy of each technician, #Dict, a dictio-
nary that stores identity for each technician ¢, trails S, operations O, technician list
T,

local variables: u' is the technician ID for technician ¢
fto! is the number that the technician ¢ has attempted the operation o
22 and f“>3 are the number of trials that technician ¢ completed and aborted
fhot and f4°° are the number of successful and failed trials that the technician ¢ has
performed
2! is the technician encoding for technician ¢

for each t € T do

for each s € S do
for each 0 € O do

count the number that ¢ has attempted for each operation fi!
count the number of successful f#°* and failed f°° trials that ¢ is involved in
for i =1 to 50 do
Xter ~ Bernoulli(rt)
count the number of successful f%>? and failed ft*3 trials
technician_identity < iDict(u')

gt fhol 4 fto2 4 gtod 4 fhod 4 fhod 4 technician_identity
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Algorithm 11 Generate Reagent Encoding

1: function GENREAGENTENCODING(rgDict, iDict) return reagent encoding

2: inputs: rqDict, a dictionary that stores the quality of each reagent, iDict, a dictionary
that stores identity for each reagent r, reagent list R

3: local variables: u” is the reagent ID for reagent r, 2" is the reagent embedding for
reagent r

4: for each r € R do

5: quality_clean_signal = iDict(u")

6: Pnoises Tnoise = 0, 0.1

7: Gaussian_noise = random.normal(fineise, Tnoise )

8: reagent identity = iDict(u"°)

9: z" < (quality_clean_signal + Gaussian_noise) + reagent_identity

Modeling PCR Workflow

PCR is a fundamental workflow to make various copies of a specific region of DNA in a
test tube [50]. We model polymerase chain reaction (PCR) workflow to generate synthetic
datasets. Using OOPS, a large dataset of PR experimental records can be synthesized by

parameterizing the accuracy of technicians and quality of reagents,

PCR workflow is modeled by tracking the results of reactions. Initially, a technician re-
trieves and transfers the reagents: primers, template, and master mix, to a tube. This liquid
transfer process could potentially introduce errors, since the technician cannot transfer lig-
uids with absolute precision. This approximation is modeled by a normal distribution, with
a zero mean, and the standard deviation ¢ is the technician’s accuracy. All reagents have
the attribute of volume, concentration, and age. The liquid transfer updates concentrations
and volumes accordingly. Therefore, the concentration of the reagent is updated accordingly
based on the volume change. Furthermore, the reagent’s age affects the reactants’ concentra-

tion, which in turn affects the reaction rate. The concentration and volume of the products
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(in most cases, a reagent) are the keys to determining the outcome of each trial.

PCR workflow creates amplicons as the product. Ideally, all the primers are converted
into amplicons. However, the failed trial occurs when primers do not bind to each other or
bind nonspecifically to undesired regions of the template. If the concentration of the resulted
amplicons is high, we consider the trial is successful. Conversely, a failed trial would have
a low concentration of the amplicons. The other common source of the error is technician
performance, such as technicians do not follow the workflow procedure, or retrieve the wrong
reagents. Algorithm 12 shows the pseudo-code of modeling PCR workflow with both root

causes.
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Algorithm 12 Modeling PCR Workflow using OOPS
1: function SYNTHETICPCR(trDict, rqDict) return a dataset

2: inputs:trDict, rqDict, dictionaries that store the accuracy of each technician and
3: the quality of each reagent, respectively, trails S, technician list T', reagent list R
4: local variables: forward primer F'P, reverse primer RP, and master mix M are
reagents
amplicon A
u! and r! are the ID and accuracy of a technician ¢
u™X and r™¥ are the ID and quality of a reagent X

y® is the outcome of the trial s

5 for each s € S do

6: u' < Random-Select(T")

T: unFP yn R yM « Random-Select(R)

8: rt < trDict(u")

9: prE P prRE er Mo g Diet(u”)

10: rate = Normal(0,r™™) x 0.9 x Normal (0, min(r"¥'F rmBF))

11: Volume(A) = Volume(M) X rate x min(Volume(FP), Volume(RP))
12: if Conc(A) is low then y* =0

13: else y° =1
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Modeling CFPS Workflow

Cell-Free Protein Synthesis (CFPS) produces protein by employing biological machinery in-
stead of living cells [51]. As a result, researchers can quickly generate and produce modest
quantities of functional proteins using CFPS workflow. A cell extract, an energy source, a
supply of amino acids, cofactors like magnesium, and DNA containing the needed genes are
common reactants of a cell-free reaction workflow. A cell extract is produced by lysing the
target cell and centrifuging cell walls, DNA, and other detritus. The remaining components
of the cell, such as ribosomes, aminoacyl-tRNA synthetases, translation initiation, and elon-
gation factors, nucleases, are necessary cell machinery. We assume these nutrients for gene

expression are in infinite supply while modeling the CFPS workflow.

In CFPS, linear expression templates and plasmids are the two forms of DNA that can be
utilized. Circular plasmids are exclusively produced inside cells. PCR, which duplicates DNA
far more quickly than growing cells in an incubator, can produce linear expression templates
much more efficiently. Plasmid yields are typically substantially greater in CFPS, even
though linear expression templates are more straightforward and quicker to manufacture.
In this study, we employ the reference plasmid P70a-deGFP, in which the sigma 70-specific
promoter P70a has been used to clone the gene deGFP, which produces the reporter protein

deGFP.

An essential component of a cell-free process is an energy source. Typically, the extract is
combined with a supply of amino acids and a separate mixture containing the required energy
source for the process. Phosphoenol pyruvate, acetyl phosphate, and creatine phosphate are

typical sources. These energy sources are added to extract in this work.

Cell extracts derived from E. coli, rabbit reticulocytes, wheat germ, insect cells, and yeast
Kluyveromyces are commonly used nowadays [51, 52]. These extracts are all commercially
available. E. coli is the most commonly used lysate. It is the cheapest extract to make
and takes the least amount of time. Furthermore, vast numbers of E. coli can be easily

cultured and subsequently lysed using a homogenizer or a sonicator [51]. E. coli has the
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highest protein yields as well. High yield production, however, can limit the complexity of
the synthesized protein, particularly in post-translational modification. In this aspect, lower
efficient eukaryotic systems may be helpful if modifying enzyme systems are preserved in
the extracts. We use P70a in this sample CFPS protocol. According to reports, the phage
lambda-derived P70a is one of the most potent E. coli promoters ever discovered.

Figure 1.9 shows how to model CPFS workflow as an OOPS protocol. We follow Cole
et al’s work to model the source of variabilities of CFPS [1]. We model two sources of
variabilities: technicians transfer different volumes of reagents, or degraded reagents are
used. This OOPS protocol starts with randomly selecting a technician and a plasmid. The
plasmid may be fresh or degraded. The selected reagent introduces the reagent issue into the
CFPS protocol. Then the selected technician retrieves the plasmid, master mix, and E.col
cell extract and creates a new test tube for a reaction. Next, all reagents are transferred to the
reaction tube, in operation three. Since tech cannot transfer the absolute volume of liquids,
this transfer process introduces a performance error. Operation four is the CFPS reaction.
Finally, the technician stores all reagents in operation five after the reaction completes.

For CFPS workflow, we adopt an ODE-based model proposed by Ryan Marshal to predict
the behavior of biological components in cell-free extracts [44]. This ODE-based model
uses relevant kinetic constants and concentrations of molecular components to describe the
kinetics of deGFP synthesis. This mechanistic-based model involves many factors that affect
the reaction. Among these factors, the most critical factors are plasmid concentration and
the ratio of the plasmid to the cell-free lysate. Algorithm 13 presents the implementation
of CFPS reaction using OOPS. Algorithm 14 shows how to simulate the CFPS workflow to
obtain a data set.

Figure 1.10 is a scatter plot of the mass of matured deGFP mRNA to technician id and
template id. X axis is (technician ID, template id), and the y-axis is the mass of matured
protein. Note that each template has a unique concentration, and each technician has a
unique variance that describes their accuracy. The trials performed by different technicians

are plotted in different colors. For example, trials performed by technician zero are colored



uniformRandom
Pick a plasmid
Low: 0
High: 3

Control Action 0

Retrieve plasmid

Operation 0

uniformRandom

Pick a technician
Low: 0
High: 3

Control Action 1

Retrieve master

| mix + E. coli cell

extract

Operation 1

Transfer
reagents to CFPS
reaction tube

Operation 3

41

CFPS Reaction

Operation 4

Store reagents

Operation 5

Create a CFPS
reaction tube

Operation 2

Figure 1.9: Modeling CPFS workflow as an OOPS protocol. Each box is either a control

action or an operation. Once selecting a technician and a plasmid to perform the trial, all

reagents are retrieved and transferred to a new test tube for reaction. Operation four “CFPS

reaction,” models a CFPS workflow based on a physics-based model. All reagents are stored

after the reaction finishes.
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Algorithm 13 Modeling a CFPS Reaction using OOPS
function SYNTHETICCFPS(E}, C,,, R:) return a dataset

inputs: trails S, total concentration of active core E. coli RNAP [nM] E;, rate of transcription [nt/s]
Cm, concentration of ribosomes [nM] R;

local variables: total concentration of sigma 70 [nM] (S7o; = 30), P70a transcription rate [s~}]
(kem = 0.065), MM constant for mRNA synthesis [nM] (Km = 1), total concentration of sigma 70
(S7ot = 30[nM]), rate of mRNA degradation [nM/s] (kg = 6.6), MMs constant for RNA degradation
(K mm = 8000), translation rate constant [s~1], (ke, = 0.006), translation MM constant[nM] (K, = 10),
dissociation constant sigma 70 and E. coli core RNAP [nM] (k7o = 0.26), length of messenger RNA
[nt] (L,,, = 800), rate of translation [nt/s] (C), = 2.5), rate of protein maturation [s~!], (ke = 0.000725)

for each s € S do
# calculate the concentration of free RNA polymerase
eo = lambda Ey : Eg + Eg * S70¢/(kvo + Eo) + Eo * S70t * Pro_conc((t — 1)/2)/(Eq * Szt + K, *
(k70 + Eo)) * (1 + ke * Lin /Cr) — Ey
Ey = fsolve(eg, F¢)[0] # concentration of free core RNA polymerase [nM]

# degfp mRNA (estimate using forward Euler)
ypre =mli — 2] if (i > 1) else 0
yi = ypre + h x (kem * Pro_conc((i — 1)/2) % Eg * S7ot/(Eo * S7ot + K * (Eo + k7o) — kam *

y-pre/(Kmm + y-pre))

# calculate the concentration of free ribosomes Ry

ro = lambda Ry : Rg + Ro * y;/(Ro + Kpy) * (1 4 kep * Ly, /Cp) — Ry

Ry = fsolve(rg, R:)[0] # concentration of free ribosomes

# non-mature deGPF (estimate using forward Euler)

y-dark_pre = m_dark[i - 2] if (i § 1) else (k¢p * yi * Ro/(Kmr + Ro))
y-dark_i = h* (y_dark_pre + kep * y; * Ro/(Kmr + Ro) — kmar * y-dark_pre)

# mature deGPF (estimate using forward Euler)
y-mat_pre = m_mat[i — 2] if (i > 1) else (kmat * y-dark_i)
y-mat = y_mat_pre + h x (kpqt * y_dark 1)




43

Algorithm 14 OOPS - Simulation
1: for + = 0 to 1000 do

2: cfps_protocol.run(inv)

in blue. The circled blue points and orange points involve the same template zero. Blue
points are trials involving technician zero, with a variance of 0.05. Orange points are trials
performed by technician one, with a variance of 0.5. Since the volume of retrieved reagents
is a normal distribution, with a variance of involved technicians and a zero variance. The
final product of technician one, which has a larger variance, is more spread out compared to
technician zero, which has a smaller variance, since the volume ratio of reagent and lysate
affects the concentration of the final product and vol of the final solution. The circled red
points are used to show how the quality of templates affects the mass of matured deGFP
mRNA. For any given technician, we group trials by template IDs. For example, the fourth
group of red points (counting from left to right) is the trails involving technician three and
template three. Template three has a concentration that is higher than five nanoMolar. We
consider template three a fresh template, since the template concentration affects the final
product’s reaction rate. Template two is degraded due to its low concentration. If a line is
drawn to indicate trials with a high enough mass of matured protein, we found that a fresh
template leads to higher probabilities of a high mass of matured protein. Generally speaking,
a combination of a technician with a smaller variance and a template with a concentration
higher than five nanoMolar will more likely lead to a high mass of matured protein. Based
on this information, we could associate the failed trial with the involvement of technicians
and reagents. Also, we could identify technicians who have high-performance error rates or
degraded reagents that are due for retraining or replacement.

OOPS allows users to construct a model of the experimental protocol that includes vari-
ous possible failure modes. As shown in Figure 1.11, we demonstrate a variation of the CFPS
workflow described above. The previously described model contains two sources of variabil-

ities, (1) technicians transfer different volumes of reagents, and (2) degraded reagents are
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Figure 1.10: A scatter plot of the mass of matured protein to technician id and template id.
Generally speaking, if we have a combination of a technician with a smaller variance and a
template with a concentration higher than five nanoMolar, we tend to have a high mass of

matured protein.
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used. This variated CFPS workflow contains an additional type of error that the technician
may retrieve the wrong test tubes. The operation that introduces this additional error is
highlighted in red. In operation zero, the selected technician may have a chance to retrieve
the wrong test tube. This performance error causes the trial to fail. Figure 1.12 shows
this additional error that the technician retrieves a wrong test tube leading to zero mass of

matured deGFP mRNA.

. Retrieve correct
uniformRandom .
. ) plasmid tube
Pick a plasmid -
Low: 0
High: 3
J e Operation Oa
Control Action 0
Retrieve wrong
plasmid tube
> —
Operation Ob
Retrieve master Transfer
: - mix + E. coli cell | reagents to CFPS .
uniformRandom > | . CFPS Reaction .| Store reagents
Pick a technician extract » reaction tube >
Low: 0 Operation 4 Operation 5
High: 3 Operation 1 Operation 3
Control Action 1

Create a CFPS
reaction tube

Operation 2

Figure 1.11: A variation of CFPS workflow. This sample workflow includes three sources
of variabilities: (1) technician transfers different volumes of reagents, (2) degraded reagents,

and (3) technician may retrieve the wrong test tubes.
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Figure 1.12: The technician retrieves the wrong test tube leading to zero mass of matured

protein.
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Embeddings

In our proposed method, some input data (reagent IDs and technician IDs) are nominal or
categorical data. Nominal data or categorical data are discrete, while numerical data are
continuous. Commonly used modeling methods prefer data in numerical form. Thus it is
essential to convert nominal variables into numerical variables. We introduce a customized
nominal data encoding method called embedding.

We learn an embedding, which is detailed in Section 1.2.6, as a neural network for our
prediction task. This approach leads to a well-customized for our particular system. Again
we use the CFPS workflow as an example. This particular workflow involved one operation,
four technicians, and four reagents. Table 1.1 shows a sample raw data of CFPS workflow.
This table contains two trials. We know which technician and which reagent is involved in

each trial. The outcome of each trial depends on the mass of matured protein.

Table 1.1: A sample raw data of CFPS workflow. Two trials have been presented in this
table. We know which technician and which reagent is involved in each trial. The outcome

of each trial depends on the mass of matured protein.

Operation 1 technician ID | Operation 1 template ID | Mass of matured deGFP mRNA (pmole)

1 2 1 175.895

2 0 0 170.232

We include IDs as part of the model’s predictor variables. We know which technician
and reagent are involved in each step by including IDs. A randomly generated 1 x 3 vector
to each technician and reagent is used to augment their feature information.

Each technician also contains a 1 x 2 row vector representing the statistics of the techni-
cians performing certain operations, including the number of successful and failed trials the
technician has performed. For example, for all the trials that technician two has performed,

he/she has succeeded 450 times and failed 580 times. For reagents, the feature is the age of
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the reagent. The row vectors for technician two and template one are shown in Equation 1.9

and 1.10, respectively.

-0.69
0.31
— 10.96 (1.9)
450
580

2
(technician ID)

0.51
1 0.32

= (1.10)

(template 1D) 0.16

3.45

Next, we replace the technician and template ID with encodings containing identity and
feature information for model training. Table 1.2 shows a trial of the generated CFPS
dataset. The first nine rows are input data. We also log the real root causes of each trial.
These real root causes are used in the synthetic data generation phase. Furthermore, we
use ground-truth root causes to evaluate the proposed probabilistic model. These real root
causes are not used for model training. Finally, the last row is a binary output for each trial.
Since we would like to perform root cause analysis for any trials that do not have a high
enough mass of matured deGFP protein, we pick 165 picomole as the cut-off line and mark
all trials that have a mass of matured deGFP protein that is lower than 165 picomole as
zero outputs. This cut-off line is selected based on various prior works [44, 53] and numerous
simulations.

A neural network is trained to generate low-dimensional embeddings for each technician
and reagent. During the training process, the weight of the neural network is optimized.
Similar embedded vectors are placed closer to each other. The resulted embeddings serve as
input to a logistic regression-based model. Both embedding and the logistic regression-based

model are implemented using PyTorch. The neural network that performs the automatic fea-



Table 1.2: A trial of the generated CFPS dataset.

The first nine rows are input.
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The

next four rows are real root causes. These real root causes are only used in synthetic data

generation and model validations. The last row is a binary output that depends on the mass

of the final product.

1
Operation 1 technician identity 0 | 0.69
Operation 1 technician identity 1 | 0.31
Operation 1 technician identity 2 | 0.96
Operation 1 technician succ count | 450
Operation 1 technician fail count | 580
Operation 1 template identity O 0.51
Operation 1 template identity 1 0.32
Operation 1 template identity 2 0.16
Operation 1 template age 3.45
Operation 1 template conc 3.61
Operation 1 template volume 0.84
Total volume 3.83
Operation 1 technician variance 0.2
Outcome 0
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ture engineering is jointly optimized with logistic regression variables. This hybrid approach
allows us to train a compact neural network for feature extraction that facilities prediction
based on logistic regression with a small-scale dataset.

Statistical Results and Validation

Model Evaluation Metrics We evaluate the model in Figure 1.4 using the following

metrics: accuracy, cross-entropy, F1 score, recall, and area under curve (AUC) [49]. Define

e True Positive (TP): Trials that succeed and were also predicted to succeed.
e True Negative (TN): Trials that failed and were also predicted to fail.
e False Negative (FN): Trials that failed, but the predictor says they succeeded.

e False Positive (FP): Trials that succeed, but the prediction says they failed.

The most common diagnostic of a logistic regression model is accuracy, which is the

proportion of correct predictions over the total predictions.

True TP+ TN

A = =
Ay = e + False  TP+TN + FP+ FN

(1.11)

Cross Entropy measures the differences between two probability distributions for a given
set of events. It is also used as a metric to evaluate model performance.

Recall is defined as the probability of the model predicting an observation’s ”success”
given that in truth. Conversely, specificity is the probability of the model predicting “fail”
given that it fails.

TP
Recall = ————
TP+ FN (1.12)
Speci ficity = TN ’
pect ZCZy_TN—I—FP

The Area under the receiver operating characteristic (ROC) curve (AUC) has been used
to assess the discrimination of the fitted model. The ROC curve is created by plotting
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recall against the one minus specificity at various threshold settings. Ideally, the ROC curve
should go close to the top left corner of the plot, meaning we simultaneously have a high
discrimination ability with high recall and specificity. Otherwise, the ROC curve ends with
a 45-degree diagonal line if a model has no discrimination ability.

We always summarize the discrimination ability by reporting the Area under the ROC
curve (AUC). For example, AUC = 1 indicates that the model has perfect discrimination
ability. In addition, AUC gives a successful classification rate by the logistic regression model.

Precision presents the proportion of positive identifications that were actually correct.

TP
Precision = m——F'_P (]_].3)

F'1 score is a weighted average of Recall and Precision. It is useful when we deal with an

uneven class distribution.

Fl Recall x Precision

Recall + Precision (1.14)
Comparing Embeddings to Manual Feature Engineering In Section 1.5.1, we present
the details of modeling PCR workflow. The accuracy of technicians and quality of reagents
are used to compute outcomes for each trial of the synthetic dataset. However, these ground
truth values are commonly not available in real life. Instead, we have informative features
and involvements of technicians and reagents in each operation.

We simulate the PCR workflow one million times to generate a dataset. This large
data size allows a fair comparison between embeddings and manual feature engineering.
Depending on the accuracy of technicians and the qualities of reagents used to generate the
synthetic dataset, the ratio of successful and failed trials can be highly unbalanced. Therefore
balancing is required to perform the machine learning task. We handle imbalanced datasets
by oversampling the minority class (failed trials). To be more specific, we re-sampled the
minority class to make the ratio roughly 1 : 1. This method allows us to use all majority

class items, at the cost of overusing the minority class items.
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Table 1.3 shows that using embeddings as the feature engineering technique significantly
improved model performance compared to approaches that use other types of feature engi-
neering techniques. The same synthetic PCR dataset has been used for this performance
comparison. The data size of the synthetic PCR dataset is one million. The success rate
is thirty percent. We allocate twenty percent of the data to the test set and eighty per-
cent to the training set. The first column shows the performance metric of the model that
uses embedding, which is described in Section 1.5.1. The first column is the performance
metric of the model that uses embedding. The remaining columns show the performance
metrics of the model using different feature encoding methods. normalize feature indicates
the usage of standardization to normalize data in each feature information. identity (one
hot) allows us to use the encoded technician IDs as predictor variables. It converts IDs
to indicator columns. With non-linear, we add non-linear terms to the predictor variables.
feature (min/mazx) denotes the usage the min/max encoding to normalize each column of
the predictor variables.

As shown in Figure 1.13, test set accuracy, cross-entropy, fl score, and recall against
AUC are plotted. The result with embedding is highlighted in red. Our neural network-
based feature engineering outperforms manual feature engineering. In Table 1.4, a confusion
matrix is presented to analyze classification results with the test set using a synthetic PCR

dataset.
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Table 1.3: Model performance improvement with embeddings with a synthetic PCR dataset.
Besides embeddings, we explored various combinations of encoders when preprocessing the

raw dataset. The same raw dataset is used for a fair comparison. The data size is one million.

normalize
normalize
feature normalize feature
feature | normalize identity
embedding + identity feature (min/max)
+ identity | feature (one hot)
(one hot) | + identity + identity
(one hot)
-+ nonlinear
data size 1M (30% succeed)
test set accuracy | 93.94% 89.4% 88.78% 89.32% 88.79% 89.28% 88.97%
cross-entropy 2.396 3.30 4.17 3.30 4.17 4.710 3.71
F1 score 0.931 0.843 0.906 0.843 0.912 0.883 0.893
recall 0.931 0.843 0.906 0.843 0.912 0.883 0.893
AUC 0.988 0.815 0.786 0.813 0.805 0.759 0.788

Table 1.4: Confusion matrix for failed trial prediction using the proposed probabilistic model

based on embeddings with a synthetic PCR test set.

Predicted as
Actual | Total
Success Failed
) 11436 (TN) 660 (FP)
Failed 12096
94.54% 5.4%
1489 (FN) | 186415 (TP)
Success | 187904
0.79% 99.21%
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Figure 1.13: Model performance improvement with embeddings. Besides embeddings, we
explored various combinations of encoders when processing the raw dataset. The raw dataset

has been for a fair comparison. The data size is one million.



95

PCR Prediction Results We now show our experimental results on a synthetic dataset
using PCR workflow. Among all technicians and reagents involved in this PCR workflow, we
first set technician one has a lower accuracy of 0.7, and all other technicians and reagents have
0.95 as their accuracy or qualities. The technician’s accuracy affects the volume of reagents
transferred to the reaction tube. Note here that technicians’ accuracy and the quality of
reagents range from zero to one. A higher value means a technician or a reagent is more
likely to lead a successful trial. Assigning a number for each technician and reagents not
equal to the maximum number introduces variations to the system. Using this dataset, We
aim to show that the proposed framework can identify the technician with lower accuracy
than their peers. Furthermore, we would test if our proposed system can effectively predict

outcomes with a small dataset.

The data size of the PCR workflow is one thousand. The first column of Table 1.5 shows
the model performance metrics. This data size is much smaller than the prior synthetic data
generated using the same PCR workflow. The typical size of the biological dataset is roughly
around thousands. Our hybrid approach that uses a compact neural network to encode the
available information of technicians and regents as embeddings, and uses embeddings as
input to train a logistic regression-based model, is able to solve the prediction tasks with

limited data scale.

We detail the process of modeling the PCR workflow and probabilistic model in Section
1.5.1 and Section 1.3.3, respectively. The model performance using a PCR dataset is shown
in the first column of Table 1.5. This model is evaluated using accuracy, cross-entropy, F1
score, recall, and AUC. Using the test set, our model can predict each trial’s outcome with
high accuracy of 98.9%. Furthermore, a high AUC of 0.938 is obtained, meaning the model
has a good discrimination ability. This high AUC is desirable, since our test set in this
PCR dataset is balanced. The higher the AUC, the better the performance of the model at

distinguishing between the positive and negative classes.
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CFPS Prediction Results We also evaluate the model performance using two variations
of synthesized CFPS workflow. The details of modeling the CFPS workflow and probabilistic
model can be found in Section 1.5.1 and Section 1.3.3, respectively. The model performance
using two datasets is presented in the second and third columns of Table 1.5.

Both CFPS workflows model reagents issues, and technician transfers different volumes
of reagents. Synthetic CFPS w/ 3 root causes also model the technician may retrieve the
wrong test tube. The data size for both CFPS workflows is six thousand. The success rates
are 11.9% and 20.22% for CFPS workflow models with two root causes and with three root
causes, respectively. We randomly sample 80% of experimental logs for each dataset as the
training set to estimate the latent variables. The remaining 20% of data is the test set.

As shown in table 1.5, our proposed probabilistic model can accurately predict each
trial’s outcome. Figure 1.14 shows confusion matrixes using the synthetic CFPS datasets
that model two root causes and three root causes, respectively.

We further verify the model performance using cross-entropy, F1 score, recall, and AUC.
Modeling an additional root cause, where technicians may retrieve the wrong tube, causes
performance degradation in all terms of metrics. This additional root cause is modeled as
a technician performance error. However, it introduces the mixture effect into the dataset.
From a reagent point of view, the wrong test tube contains zero desired reagent concentration.
However, we define any templates with a concentration that is lower than 5 nanoMolar as
a degraded reagent. Thus it is hard to distinguish a correct but degraded template from a
wrong template, purely based on data.

However, we still obtain high AUC and F1 scores in both cases. Since both datasets
are highly imbalanced, we focus on the F1 score because it can still evaluate performance
objectively, even with skewed class balance.

We further evaluate if the proposed probabilistic model correctly uses the input data.
The first two columns of Table 1.6 show the model performance using (1) both identity
and feature information and (2) only identity information, respectively. The model that

uses both identities and feature information as inputs outperformed the model that uses
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Table 1.5: Model performance metrics using a synthetic PCR dataset, a synthetic CFPS
dataset with two root causes, and a synthetic CFPS dataset with three root causes. Our

proposed probabilistic model can still accurately predict each trial’s outcome, even with a

small dataset.

Synthetic PCR Synthetic CFPS Synthetic CFPS
w/ 2 root causes w/ 3 root causes
data size 1000 (54.8% succeed) | 6000 (11.9% succeed) | 6000(20.22% succeed)

test set accuracy 98.9% 86.75% 75.08%
cross-entropy 0.207 4.576 8.606
F1 score 0.994 0.868 0.751
recall 0.994 0.868 0.751
AUC 0.938 0.924 0.819

True label
True label

0 1
Predicted label Predicted label

(a) Using a CFPS workflow that models two root(b) Using a CFPS workflow that models three root

causes. causes.

Figure 1.14: Confusion matrix using CFPS datasets.
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identity information. Feature embeddings contain valuable prior information for technicians
and reagents. Therefore, feature embeddings allow us to place similar items near each other,

facilitating downstream prediction tasks.

Baseline Comparison using a CFPS dataset We also compare the model performance
of the proposed model with a popular baseline for prediction tasks called gradient-boost
trees [40]. Gradient-boosted trees are a popular supervised learning algorithm in classifi-
cations and regression tasks. Boosting is an ensemble method that combines a few weak
learners in sequential order.

As shown in the first and third columns of Table 1.6, our proposed neural network-based

model outperforms this widely-adopted classification tool.

Table 1.6: Baseline comparison using a synthetic CFPS dataset. The first column shows the
model performance of the proposed neural network-based model. The second column shows
the result of a model that uses identity information as input. Comparing the first and second
columns, we demonstrate that our proposed model uses the right amount of inputs. Finally,
in the third column, we show the model performance of gradient-boosted trees, a popular
baseline for classification and regression. Again, comparing the results in the first and third

columns, we show that our proposed model outperformed the baseline.

Original | No Feature Embedding | Gradient-boosted Trees
Test set accuracy 86.75% 83.58% 84.50%
Average Log Loss (cross-entropy) 4.576 5.670 4.493
F1 score 0.868 0.836 0.851
Recall 0.868 0.836 0.851
AUC 0.924 0.909 0.912

Identity Root Causes of Failed Trials We would like to identify the technician or
reagent that most likely led to the failed trial for each failed trial. The details of this
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inference goal are presented in Section 1.3.4. Firstly, we plug in the embeddings of each
technician and reagents involved in the unsuccessful trial, and train the model in Equation
(1.5) to obtain the latent variables 6; and ¢;. Then, by applying a Sigmoid transform to
the multiplication of @; and the neural network output, the probability of success can be

calculated for each technician and reagent involved in each trial.

Ply=1)=¢0; x; +c;)
. (1.15)
4(z) = 14e*

Then we can rank the probability of success of each technician and reagent involved in each
failed trial 7 in ascending order to obtain a ranking list PR;. We define PR;(j) as the rank
(or position) of the j-th probability of success of technician or reagent in trail 7. The lower
the rank, the higher the chance that this particular technician or reagent is likely to lead
to an unsuccessful trial. The predicted root causes for each failed trial are technicians and
reagents with a lower probability of success, denoted as PR;(0). Defined RR; as the root
cause for each failed trial ¢, such as the involvement of degraded reagents or technicians with
low accuracy. Then we can compare the real root cause RR,;, which is the ground truth,
with the predicted root cause PR;(0).

A sample failed trial is shown in Figure 1.15. Each column is a potential root cause
for this PCR workflow. The first row presents real root causes. Each real root cause is
marked with “x”. Predicted root causes are listed in the second row. Similar to real root
causes, all predicted root causes are marked with “x”. In this example, the real root causes
are reverse primer, master mix, and technician performance. The predicted root causes are
reverse primer, master mix, and template. If the predicted root cause matches the real root
cause, we highlight them using a gold box. Otherwise, we mark unmatched root causes with
a blue box. This trail is counted as a failed root cause identification since not all predicted
root causes match real root causes.

If the real root causes and predicted root causes are matched for a failed trial, we consider

this root cause identification is successful. The accuracy of root cause identifications for a
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Forward Reverse Master mix | Template Technician
primer primer
Real root - X X - X
causes
Predicted - X X Lx - J
root causes

Figure 1.15: A sample failed trial. Each column is a potential root cause for this PCR
workflow. The first and second rows present real and predicted root causes, respectively. We
use a gold box to indicate if predicted root causes match predicted root causes. The blue box
marks the unmatched predictions. This trail is counted as a failed root cause identification

since not all predicted root causes match real root causes.

synthetic CFPS that models two root causes, a synthetic CFPS that models three root
causes, and a synthetic PCR is 92.81%, 80.26%, and 85.5%, respectively.

Table 1.7: The accuracy of the root cause identifications for the synthetic datasets. If the
predicted root causes match the real root causes, we consider this root cause identification

is successful.

Synthetic CFPS | Synthetic CFPS | Synthetic

w/ 2 root causes | w/ 3 root causes PCR

Accuracy of successful

92.81% 80.26% 85.5%
root causes identifications

Identify Degraded Reagents and Technicians with Low Accuracy The second in-
ference goal, detailed in Section 1.3.4, is to identify technicians with low accuracy or degraded

reagents due to retraining or replacement. More specifically, we would like to rank techni-
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cians and reagents based on how likely they lead to failed trials. Since our method produces
a success rate for each technician and reagent, we can rank predictions from highest to lowest
and compare them with the ground truth values.

For the synthetic PCR dataset, technician zero has a lower accuracy of 0.7, and all other
technicians and reagents have the same accuracy of 0.95. Therefore, our proposed statistical
method can identify technician zero with the lowest accuracy.

Two variations of CFPS workflow have been modeled using OOPS. The first dataset is
collected from a CFPS workflow that models degraded reagents, and the technician transfers
different volumes of reagents. We use the term “CFPS that models two root causes” for the
first dataset. The second dataset is called “CFPS that models three root causes”. Besides
the exact root causes modeled in the first dataset, we also model that the technician may
retrieve the wrong test tube.

For CFPS that models two root causes, we demonstrate the ranking of reagent and
technician by success rates in Table 1.8 and Table 1.9, respectively. The first row shows the
ranking based on real root causes. In the second row, we obtain the ranking of the reagent
or technician by using the proposed model. The third row shows the model’s results that use
identity information as input. Comparing two different types of encoding methods, we found
that using identity and feature information achieves the best performance when identifying
the degraded reagents and technicians with low accuracy.

We compare our results with the ranking obtained from raw counting to demonstrate
that the proposed statistical method to identify degraded reagents and technicians with low
accuracy is effective. For each technician and regent, we count the number of successful
trials that the technician or reagent is involved in and calculate their success rates. These
success rates obtained from raw counting are used as baselines. In Table 1.10 and Table 1.11
we show the baseline comparison using the CFPS that models two root causes. The failure
outcome in raw data is a mixture of a technician performance issue and a reagent issue. Thus
our proposed method outperformed the raw counting baseline. As shown in Table 1.12 and

table 1.13, the same trend is observed using the CFPS that models three root causes.
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Table 1.8: Rank reagents using a CFPS workflow that models degraded reagents, and tech-
nicians transfer different volumes of reagents. Compare two cases that one uses feature and
identity information as input, and the other case only uses identity information. The rank-

ing results show that using identity and feature information is the most efficient encoding

method.
Reagent: ranking (success rate) 0 1 2 3
Real root causes ranking 0 1 2 3
Probabilistic model 0 (0.02%) | 1 (0.04%) | 2 (0.04%) | 3 (80.86%)
Without feature embeddings | 3 (0.02%) | 0 (0.04%) | 1 (0.14%) | 2 (49.68%)

Table 1.9: Rank technicians using a CFPS workflow that models degraded reagents, and
technicians transfer different volumes of reagents. Compare two cases that one uses feature
and identity information as input, and the other case only uses identity information. The

ranking results show that using identity and feature information is the most efficient encoding

method.
Technician: ranking
0 1 2 3
(success rate)
Real root causes ranking 2 3 1 0
Probabilistic model 2 (17.62%) | 3 (19.7%) | 0 (20.88%) | 1 (21.82%)
Without feature embeddings | 0 (3.8%) | 3 (6.18%) | 1 (19.18%) | 2 (20.14%)
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Table 1.10: Baseline comparison for technicians using synthetic CPFS data that models
degraded reagents and technicians transfer different volumes of reagents. Our proposed

statistical methods outperformed the ranking obtained from raw counting.

Reagent: ranking
0 1 2 3
(success rate)
Real root causes ranking 0 1 2 3
Probabilistic model 0 (0.02%) | 1 (0.04%) | 2 (0.04%) | 3 (80.86%)
Raw counting 1 (5.88%) | 3 (23.53%) | 2 (29.41%) | 0 (41.18%)

Table 1.11: Baseline comparison for reagents using synthetic CPFS data that models de-
graded reagents and technicians transfer different volumes of reagents. Our proposed statis-

tical methods outperformed the ranking obtained from raw counting.

Technician: ranking

(success rate)

Real root causes ranking 2 3 1 0
Probabilistic model 0 (17.62%) | 2 (19.7%) | 3 (20.88%) | 1 (21.82%)
Raw counting 0 (0.06%) | 3 (0.18%) | 2 (28.94%) | 1 (30.54%)
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Table 1.12: Baseline comparison for reagents using synthetic CPFS data that models de-

graded reagents, technicians transfer different volumes of reagents, and technicians may

retrieve wrong test tubes. Our proposed statistical methods outperformed the ranking ob-

tained from raw counting.

Reagent: ranking

0 1 2 3
(success rate)
Real root causes ranking 3 1 2 0
Proposed model 0 (14.78%) | 2 (21.78%) | 3 (29%) 1 (47.5%)
Raw counting 3 (0%) 2 (28.72%) | 1 (33.11%) | 0 (38.18%)

Table 1.13: Baseline comparison for technicians using synthetic CPFS data that models

degraded reagents, technicians transfer different volumes of reagents, and technicians may

retrieve wrong test tubes. Our proposed statistical methods outperformed the ranking ob-

tained from raw counting.

Technician: ranking
0 1 2 3
(success rate)
Real root causes ranking 0 1 3 2
Proposed model (item 1) | 0 (28.28%) | 2 (29.08%) | 3 (29.12%) | 1 (29.5%)
Proposed model (item 2) | 3 (28.24%) | 0 (28.6%) | 1 (28.86%) | 2 (29.02%)
Proposed model (average) | 0 (28.44%) | 3 (28.68%) | 2 (29.05%) | 1 (29.18%)
Raw counting 2 (4.73%) | 3 (13.85%) | 1 (28.04%) | 0 (53.38%)
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Ranking with Deletion Lastly, we would like to show if the proposed numerical method
works. We discovered a mechanism termed ranking with deletion, which suggests that the
suggested framework is functional. The purpose is to demonstrate that the total success
rate should increase while removing trials related to technicians or reagents designated for

retraining or replacement.

For technician A, define N4 as the total number of trials technician A has performed. My
is the number of all trials technician A has performed and succeeded in. Given Ny and M4,
a numeric score % associated with technician A can be calculated. We repeat the same
procedure to find t?le numerical scores for each technician and regent involved in the test
set. These technicians and regents are ranked based on their associated numeric scores. The
lowest K technicians and regents needed to be retrained or replaced for this workflow. Then

we removed all trials associated with technicians or technicians that needed to be retrained

or replaced, and observed the change in the percentage of successful trials.

In this sample CFPS workflow, four technicians and four reagents are involved. Figure
1.16 shows the result of ranking with deletions with a CFPS model that models degraded
reagents and technicians transfer different volumes of reagents. In this case, the ranking
of reagents by success rate is 0,1,2,3. We start with deleting all trials that use reagent
zero, and observe the change in success rate. We repeat the same procedure with the order
of reagent zero, reagent one, reagent two, and reagent three. The x-axis of Figure 1.16(a)
and 1.16(b) shows the number of reagents and technicians that have been deleted, and the
y-axis shows the improvement in success rate. We observe that the success rate increases
with deleting the reagents and technicians with low success rates. Similar trends have been
observed with the result collected from the CPFS workflow that models three potential root
causes: (1) degraded reagents, (2) technicians transferring different volumes of reagents, and

(3) technicians may retrieve the wrong test tubes.
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Figure 1.16: Baseline Comparison: ranking with deletions using a CFPS workflow that
models two root causes: degraded reagents and technicians transferring different volumes of
reagents. By deleting the reagents and technicians with low success rates, we observe the

overall success rates increase.
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Figure 1.17: Baseline Comparison: ranking with deletions using a CFPS workflow that

models three root causes: degraded reagents, technicians transferring different volumes of

reagents, and technicians may retrieve the wrong test tubes. By deleting the reagents and

technicians with low success rates, we observe the overall success rates increase.
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1.5.2 Real-World Datasets

Prediction Results We also conducted experiments to verify that our proposed method
is capable of root causes analysis in real-world datasets supplied by Aquarium [14] software
running at the University of Washington BIOFAB. The biological workflows in the real-
world dataset are PCR, Gibson assembly, and yeast strain construction. Gibson assembly
allows DNA to be assembled seamlessly. Yeast strain construction takes genetic material and
transforms it into a given strain of competent yeast cells. These real datasets are supplied by
Aquarium [14] software running at the University of Washington BIOFAB. We demonstrate
how to collect and process these real datasets in Appendix A.

The original experimental logs in Aquarium [14] software include operations batched
within the job, the identity of submitting users, technicians involved in each operation, the
precise timing of each workflow operation, the data acquisition from equipment, the inventory
management, and the error logs.

The original datasets are described in the first row of Table 1.14. We split the dataset
into an 80% training set and a 20% test set.

Let input matrix X be technicians and reagents feature and identity information for each
workflow. Identify information is a randomly generated 3 x 1 vector for each technician and
reagent. The feature information for each technician includes: the number of technicians
that attempted a specific operation, the number of trials that technicians completed, the
number of trials that the technicians aborted, and the number of successful and failed trials
that the technician has performed. For reagents, the feature information contains age.

The details of constructing a probabilistic model are presented in Section 1.3.3. Table
1.14 presents the model performance for each fitted model. Using the test dataset, the
fitted root cause analysis model has been evaluated by accuracy, cross-entropy, F1 score,
recall, and area under the curve (AUC). The results in Table 1.14 shows that the models
generalize well. Furthermore, with high AUCs and high F1 scores, we demonstrate that our

probabilistic model is able to predict classes correctly, even on imbalanced datasets.
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Table 1.14: The model performance for each fitted root cause analysis model of each workflow.

PCR Gibson assembly | yeast strain construction
data size 2400 (91% succeed) | 1650 (42% succeed) 750 (25% succeed)
accuracy 97.711% 99.7% 88.31%

cross-entropy 0.792 0.209 5.607
F1 score 0.977 0.994 0.838
recall 0.977 0.994 0.838
AUC 0.892 0.995 0.588

Identity Root Causes of Failed Trials

We present the inference process, detailed in

Section 1.3.4, using the yeast strain construction dataset. In this example, we have twelve

operations and one hundred and twenty-four predictor variables. For each operation j, we

calculate P(E;), which is the Sigmoid transformation of multiplications of ; and the output

of the neural network.

Table 1.15 shows an example of root cause identification using a trial of yeast strain

construction. The ranking of variabilities is based on the values of P(E;). Note, the higher

P(E,; ;) is, the higher chance we should retrain the technician or replace the reagent involved

in operation j. —1 indicating the current operation is skipped.
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Table 1.15: The proposed system would perform the inference process to provide the ranked
list of variabilities ordered by the computed probabilities of each of the potential root causes.
To calculate these failure-associated probabilities P(E;), we take the sigmoid transformation
of multiplications of €; and the neural network’s output for each operation j. The higher
P(E, ;) is, the higher the chance we should retrain the technician or replace the reagent

involved in operation j. —1 indicating the current operation is skipped.

operation | 10 5) 6 9 3 2 11 1 4 0
P(E)) 0.57 1 0.52 1 0.52 ] 0.48 | 0.47 | 0.44 | 0.42 | 0.36 | 0.27 | -1

Identify Degraded Reagents and Technicians with Low Accuracy Ranking with
deletion is applied to real datasets to verify if the proposed numerical method is functional.
The same procedure is detailed in Section 1.5.1 using synthetic datasets. Since the real
workflow usually involves a large amount technicians and reagents, we remove technicians by
percentages. Note that reagents are hardly reused in our real datasets. Therefore, we only
demonstrate the ranking of deletions results with technicians.

All technicians are ranked based on accuracy using the numerical method proposed in
Section 1.3.4. The lowest k% of technicians require retraining. We conduct studies to show
the effects of different values of K. Figure 1.18 shows that compared with the original test
set, dropping all trials associated with K% of technicians who need to be retrained improves
the percentage of successful trials, using Gibson assembly data. We further observe that
increasing the value of K increases the percentage of successful trials. Due to the limited
data size of the test set, we found the improvement of the percentage of successful trials

starts to decrease when K% > 15%.
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based on their numerical scores. We observe that the percentage of successful trials increases

as the value of K increases.

When K% > 15%, the improvement of the percentage of

successful trials starts to decrease, this decrement is due to the limited data size of the test

data.
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1.6 Future Works

We have successfully developed a framework that enables accurate and efficient root cause
analysis for biological workflows. Certain future work is required to deploy the proposed
method in an industrial setting, such as Ginkgo Bioworks. As shown in Figure 1.19, deploying
this framework is a multi-stage procedure and requires collaboration between a biologist who
knows the workflows and machine learning engineers. First, the biologist would formalize
the biological workflow and provide a mathematical model to model the reactions of the
workflow. The machine learning engineer then models the biological model using OOPS.
The next step is collecting data from the biologist’s wet-lab experiment. OOPS generates
the synthetic dataset. The framework’s usefulness would be verified using real and synthetic
datasets.

A user interface would allow lab managers to access the system quickly needed to be

developed by future graduate students in the UW Biofab.

1. A planning system. Lab managers can generate trials of workflows, estimate costs, and

duration, and forecast the outcome of each trial.

2. A management system that displays the status of each operation of the workflow.
Furthermore, the management system would report the root causes whenever a failed

trial is identified.

3. A retraining and replacement recommendation system. The system flags that techni-

cians and reagents are due for retraining and replacement.

4. A system for logging operations details and recording all equipment-generated data.

The obtained data is utilized to enhance the suggested framework further.

Modeling and remodeling a new biological workflow requires one biologist and one ma-

chine learning engineer to work for about one month. The user interface development would
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require two months for two biologists and five machine learning engineers. Even though de-
ploying the proposed framework would take some time, it would save a considerable amount
of money and time in the long run. For example, a protein stability assay currently running
in the UW BIOFAB costs around ten thousand dollars and takes a week to complete a trial.
Suppose we can improve 10% the success rate for this workflow. Twenty-five thousand dol-
lars per year, on average, can be saved. Even worse, rescheduling a failed trial would cause
delays in various weeks. Since the following week’s schedule is usually fixed, we need to wait

a few weeks for reworking.

Modeling (and : :

: : A User interface Continual
remodeling) biological ErRT i t
workflows using OOPS P refinemen

. Planning
Data collection .
Continual
refinement
Management
A 4
Retraining and
Synthetic data replacement
validation recommendation

Logging

Production deployment Continual
Py refinement

Figure 1.19: Stages of deploying the proposed framework in an industrial setting.
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Chapter 2

EFFECTIVE USING REMOTE LAB IN PROMOTING
SIMULATION AND VERIFICATION TOOLS

2.1 Introduction

Traditionally, universities teach Field Programmable Gate Arrays (FPGAs) courses using on-
campus labs, which have lab benches, PC and workstations, and other supporting equipment.
In order to complete assignments, students need to be physically present in the labs to
interact with these pieces of equipment. However, this approach was not feasible during the
Covid-19 pandemic, and necessitated a new teaching approach based on using global network
of remote laboratories. Research shows that remote laboratory facilities prepare students to
design engineering systems effectively [54, 55].

While remote laboratories have been used in teaching physics, biology, and other sub-
jects [56, 57, 58], the majority of them are stand-alone systems that cannot be shared with
different facilities. In the field of engineering education, VISIR designs a shareable system
to provide seamless access for students from various universities [59]. It allows students
to explore electronics, sound, and vibration or propagate radio signals through an online
platform. Even though previous work demonstrates how applicable the educational remote
laboratory facilities are, the state-of-the-art applications lack the ability to teach the student
how to use General Purpose Input Output (GPIO) ports to communicate with the FPGA
boards.

FPGAs have been widely used in remote laboratories for many years, in different initia-
tives at different universities [60, 61, 62, 63]. Building on the work of Mayoz et al.

cite9163773, we added a new layer to provide an easy-to-use solution for students to work

with the GPIO ports of the FPGA.
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We introduced a feature that uses a virtual breadboard where students can use GPIO
ports to interface with real FPGA boards that are accessed remotely through a global network
called LabsLand [64, 65]. This remote FPGA laboratory has been used to teach a junior-
level course in digital design at the University of Washington during the autumn quarter
of 2020. We presented our experience transforming a lab that traditionally used physical
breadboards and FPGA boards into an online modality. We demonstrated how the lab used

to be conducted pre-Covid-19 and how it has been restructured to fit online instruction.
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2.2 Literature Review

The purpose of remote laboratory facilities is to remotely operate and manage specialized
experimental facilities in order to teach students knowledge in many engineering domains.
Traditionally, online education is not favored in engineering courses requiring students to be
physically present in the laboratory, since hands-on physical experiences play a central role
in engineering education [66, 67]. In addition, hands-on physical experiments help students
achieve the expected learning outcome, promote reasoning skills, and professional preparation

for the workforce [68, 69].

With computer technology advancements, people have started to introduce multimedia to
facilitate engineering education. Examples of multimedia include interactive on-screen exper-
iments procures, virtual simulations, automated data acquisition, and quantitative analysis
of experiments. These computer-based technologies redefined the "hands-on” experiences.
The covid-19 pandemic further simulates the widespread proliferation of remote laboratories.
Remote laboratories have gained popularity, particularly during the Covid-19 pandemic, due
to their accessibility, ease of use, and affordability. As a result, various initiatives for creating

remote and virtual laboratory systems have been put forth.

Speech-based virtual assistants have been applied to various application areas. Callaghan
et al. [70] investigated how to use virtual reality, the Internet of Things (IoT), and voice-
controlled virtual assistants to guide students through their experiments, provide supple-
mental teaching resources as needed, and access, control, and configure instruments and
hardware while providing formative and summative feedback. Ak et al. [71] presented the
design and implementation of the remote laboratory and learning management system. Zine
et al. [72] provided a brief overview of online laboratories and suggested a simple approach
to remote laboratories. Mohammed et al. [73] presented a method for improving the remote
control of educational laboratory experiments within the electrical engineering sector. Monzo
et al. [74] presented the Remote Laboratory at the Open University of Catalonia (RLAB-

UOC) that allows engineering students studying online to conduct practical experiments
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using advanced electronic and communication equipment anywhere and anytime. Further-
more, this work presented the case of a blended learning approach adopted in the remote
teaching of electrical power engineering by Arefi et al. in 2021. During a new Manufactur-
ing Engineering program at the University of British Columbia, Keulen et al. [75] presented
and reflect on their experience of remote teaching three hands-on laboratory courses. Todos
et al. [76] described how to conduct laboratory work under the strict conditions of a pan-
demic. A real-time remote control engineering teaching lab was demonstrated at Oregon
State University’s College of Engineering [77]. In a remote laboratory, students are able to
access physical experiments at a cost-effective and flexible rate, but at the same time, an
added layer of the user interface was introduced. Miele et al. [78] described a computer-based
remote laboratory component for one of these courses at Rensselaer Polytechnic Institute,
including some preliminary evaluations. Marquez et al. [79] proposed augmented remote
laboratories (ARLs) as a replacement for virtual labs and remote environments. Azad et
al. [80] discussed the uses of remote laboratories, pedagogy, architecture, and future trends
in evaluating remote laboratories. Tawfik et al. [81] described cutting-edge remote laborato-
ries for industrial electronics applications. Herrera et al. [82] described a remote photovoltaic
power lab. Remote laboratories add the value of using real hardware in a remote location,
demonstrating to students the additional issues that arise when using real equipment. These
pedagogical advantages are compelling if the laboratories are designed to be used in an In-
teractive Engagement approach [83]. Cvjetkovic et al. [84] discussed some remote physics
and engineering experiments using Arduino.

However, the majority of them are stand-alone systems that cannot be shared with dif-
ferent facilities. This has led to the recent widespread growth of remote laboratories across
all fields of industrial electronics at numerous universities and institutions.

A shared architecture was used in the iLab to develop and deploy remote laboratories,
consisting of lab clients, service broker middleware, and lab servers [85]. Several approaches
were utilized to give online learners hands-on educational experiences, including remote

laboratories, simulation software, and virtual labs, which offered a more structured setting
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with planned asynchronous access to physical resources. Lahoud et al. [86] explored how
these approaches might be applied from the learner’s viewpoint to improve the efficiency
of online instruction, uphold student satisfaction, and maintain the same standards and
outcomes as traditional classroom instruction . Additionally, several educational strategies
used by institutions that use Weblab were discussed [87]. A remote lab system that enabled
remote groups to access a shared PR2 is described by Pitzer et al. [88]. However, this could
be quite constructive and rigid.

The board’s remote experimentation system is being created so that students can modify
and reconfigure experiments using remote node-to-node cable connections [89]. Orduna et
al. [90] describe and discuss a widely dispersed remote laboratory (VISIR, presented in
six universities in Europe plus one in India) shared by three institutions (two universities
plus one high school). Kumar et al. [91] investigated how real-time resource sharing made
possible by remotely operated biotechnology labs can enhance student learning. Saenz et
al. [92] introduced an open course in the University Network of Interactive Laboratories,
which provides various open-access virtual and remote laboratories on automatic control.
Alavi [93] described a remote lab that gives students in online classes an immersive learning
endeavor. The difficulties of assuring dependable instrument operation and high-quality
data output while facility staff and outside service provider on-site presence was severely

constrained were discussed by Gravano et al. [94].
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2.3 Background

The laboratory experiment highlighted in this work is one out of five other labs students
are expected to complete for the course. This lab experiment is a refresher of finite state
machines and introduces students to the onboard general-purpose input/output (GPIO). The
students achieve this goal while designing a parking lot occupancy counter, which consists of
two pairs of photosensors monitoring the activity of cars. For educational purposes, students
use switches to mimic the output signal from the sensors. The signals are also displayed on
two LEDs to make the signals visible while introducing more circuit components to the
laboratory. This gives students opportunities to practice implementing breadboard circuits
and interfacing GPIOs, which are essential skills for hardware design. Traditionally, in the on-
campus laboratory environment, each student receives a breadboard assembly in conjunction
with a DE1-SoC FPGA, which is shown in Fig. 2.2. Students will implement three switches
and two LEDs on the breadboard for this laboratory experiment. An example of breadboard

circuits is shown in Fig. 2.1.

Download DE1-S
://del-s

Figure 2.1: The customized breadboard module (left) and the DE1-SoC FPGA (right). The
breadboard module is connected to the FPGA board via the GPIO 0 header.
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Figure 2.2: The breadboard circuits that are required by the laboratory experiment.

However, manufacturing these breadboard modules for large classes is time-consuming,
and most importantly, the physical laboratory kit is not accessible in the remote learning
environment. Therefore, a remote laboratory solution that does not rely on hardware distri-

bution is needed for this particular laboratory experiment.
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2.4 Technical Solution

2.4.1 User Perspective

To provide an uncompromising learning experience to students, we added a virtual bread-
board interface to the remote laboratory facility to simulate hands-on circuit building, pro-
viding students the opportunity to interface GPIOs in their SystemVerilog designs.

Design Decisions for the Breadboard User Interface. A breadboard configurator
is added to the user interface switch to simulate the hands-on breadboarding experience. Stu-
dents have access to several circuit components in the configurator, including three switches
and two LEDs that are placed onto the virtual breadboard. In addition, we have a GPIO
header that is internally connected to the DE1-SoC’s JP1 in the backend of the system. Next
to the breadboard’s implementation area, we provide a pinout diagram for DE1-SoC’s GPIO
0 (JP1) to help students understand the relationship between pin names and pin numbers
and build the circuit. Fig. 2.3 depicts the default state of the virtual breadboard.

Students will connect each circuit component to an appropriate GPIO pin for this labo-
ratory experiment. To start with, students need to figure out which pin to use by referring
to the pinout diagram to the left. As the pin names (for example, GPIO_0[20]) are delib-
erately not shown on the actual GPIO header, students are forced to use the relationship
between pin names and pin numbers, which ensures that all the essential steps for working
with the actual boards are taken on the web interface as well. Then, students click on a wire
color in the wire selector to choose a wire. Finally, they can use their mouse as a pen for
drawing wires and connecting the GPIO header and the breadboard. All the connections on
the breadboard will be automatically saved to emulate the real-life experience.

Students can then proceed to the web interface of the remote laboratory in the form of
a code editor interface to continue implementing the constructed virtual breadboard circuit.
Once they synthesize and upload the project to FPGA, the user interface shown in Fig. 2.4
is presented to the students with all the previous changes made to the breadboard preserved.

To verify their design, the students can toggle the switches and observe the LEDs’ states
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Figure 2.3: The breadboard configurator on the IDE of the remote laboratory.
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Close

and other outputs on the DE1-SoC board, such as the HEX display. A tutorial specifically

for the breadboard user interface is provided to the students to help them get familiar with

the workflow.

This workflow provides several benefits over other possible implementations. Firstly, it

closely emulates the process of building a breadboard circuit in a physical laboratory setting,

as it allows students to build the circuit before or in parallel with writing code. Secondly, by

always saving the state of the breadboard for each student, it simulates the irreversible and

nonvolatile nature of working with physical hardware. Thirdly, while providing unlimited

time for building breadboard circuits, it also reduces the test time each student spends on

the limited number of the FPGA hardware, reducing queueing time and providing a better

learning experience for more students.
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Figure 2.4: The breadboard user interface for testing FPGA programs.
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2.4.2  Technical Perspective

The Open Source VISIR client has been used as an external library for the breadboard user
interface, particularly the breadboard component. On top of the breadboard component, a
JavaScript code is added to check if certain user interface points are connected to the GPIOs,
switches, and LEDs on the breadboard. The system automatically detects faulty connections
to help students connect what they need to connect to the particular GPIO.

The wiring phase is typically done in the code editor [65]. Once the breadboard is wired,
whenever students use the FPGA, they have the same circuit built before, and they can
still modify it once they are connected to the FPGA itself. Internally, each change of the
wires or switches state is translated into a call to the server to send specific signals to the
GPIOs. Once we detect any wire-changing calls, the web browser will turn on and off the

LEDs accordingly.
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2.5 The FPGA with Breadboard Laboratory Experience at the UW

2.5.1 Contextualization

Due to the logistical difficulty of shipping physical DE1-SoC lab kits to students during
the Covid-19 pandemic, all students in the Design Of Digital Circuits class at the UW in
Autumn 2020 were asked to use the remote laboratory along with the newly developed
breadboard user interface. The remote laboratory does not require shipping any laboratory
equipment and can be accessed anywhere and anytime. Before taking this class, all students
are required to take a prerequisite junior-level Design of Digital Circuits and System course.
Since the remote laboratory facilities just deployed for this offering. Students only have prior

knowledge of using the physical DE1-SoC development board and breadboards.

2.5.2  Survey and Results

The students in the Design Of Digital Circuits And Systems class were asked to complete
an anonymous online survey to indicate their degree of agreement on certain statements
based on a 5-point Likert scale [95], with one being “strongly disagree” and five beings
“strongly agree.” Out of sixty students enrolled in the course, fifty-five completed the survey.
The survey questions were designed to evaluate their experience using the remote platform
with the newly developed breadboard user interface. The survey and the corresponding
quantitative data for statistical analysis are given in Table 2.1.

The survey results indicate that the virtual breadboard served its purpose as an alter-
native to the physical breadboard. Furthermore, deliberate design decisions, such as the
placement of the pinout diagram, helped students understand the topics being taught in the
course. Moreover, while closely emulating the physical breadboard, the virtual breadboard
is not hard to use, helping students become proficient in it quickly and thus saving them
time on other tasks. However, the survey results also show that the breadboard interface
has room for future improvements.

We further extend our evaluation process to industry professionals who work in engineering-
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Table 2.1: The online survey, questions, and quantitative data collected from students (N =

55).

# Question Min | Max | Mean | Std. Dev. | Var.
The pinout diagram shown on the

1 2 5 4.02 0.89 0.8
Breadboard UI was helpful
Connecting wires on the breadboard

2 1 5 3.35 1.25 1.56
UI was easy
Testing the breadboard circuit with

3 1 5 3.55 1.1 1.22
my code was easy
The breadboard interface does not

4 1 5 2.95 1.18 1.39
need improvement
The breadboard interface closely

5 1 5 3.67 1.12 1.26
emulated the real physical breadboard
The Breadboard UI helped me

6 1 5 3.64 1.08 1.16
understand how to use FPGA’s GPIOs
I was less afraid of damaging the FPGA

7 | board than when I work with circuits in | 1 5 3.58 1.46 2.14
the traditional lab
The Breadboard UI worked out without

8 1 5 3.38 1.19 1.43
any problems
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related fields. A new survey for a study on the effectiveness of simulation and experimentation
tools in engineering design has been developed. In this survey, we seek the perspective of
industry professionals who use modeling and simulation tools to some extent in their job
duties. Industry professionals are asked to fill out the survey based on their collective work
experience in the industry, whether from their current job or previous job(s). The survey
questions consist of Likert scaling questions on a scale from 1 - 5 (1 = strongly disagree, 2 =
disagree, 3 = neutral, 4 = agree, and 5 = strongly agree), and brief short answers questions.

The survey has been sent to three types of industry partners. The first group is companies
that develop simulation and verification tools, such as Intel and Cadence Design Systems.
The second group is companies that use simulation and verification tools, such as Qual-
comm and Samsung. Finally, the third group is other engineering-related companies, such
as Google, META, Amazon, and Apple. Thirty-five industry professionals completed the
survey.

The survey starts with collecting job roles. The demographic results have been reported
in figure 2.5. Forty-nine percent of participants are engineers who work in related areas. The
remaining 51% of participants are managers.

Figure 2.6 shows that among thirty-five industry professionals who have filled out the
survey, only two participants have not used any simulation or verification tools in their
job duties. We asked industry professionals to provide examples of online experimentation
environments or any setting where they are able to carry out experiments in a remote or
virtual/online setting. Examples provided by participants include EDA playground, web
inspector in the Chrome browser, Browserstack (a platform that allows users to access real
phones), Citrix VDI, MATLAB, AWS, Google Cloud, TWCC, Xcode iPhone simulator,
Labview, ORAL_RT, typhoons, Bento Notebook (developed by META), and some internal
tools that allow users to access FGPA, new PCB designs, and ASIC boards and servers.

Table 2.2 presents the perspective of industry professionals who use modeling and sim-
ulation tools to some extent in their job duties. By answering this questionnaire, industry

professionals are asked to rate the statements based on their prior experiences related to
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Figure 2.5: Current roles or job titles collected from industry professionals (N = 35).
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Figure 2.6: Check if industry professionals have used any simulation or verification tools in

their job duties (N = 35).



89

simulation or verification tools. Each of these items tackles at least one objective to develop
a remote laboratory for engineering education. Note that the min column is considered an
outlier for this survey. Since the variance is slight, and average scores are close to each
question’s maximum value.

The survey results show the trend that our industry partners believe our proposed frame-
work is well aligned with industry practices. Based on the survey results, we conclude that
new employees should be well-trained in using simulation and verification tools at school.
Furthermore, a remote laboratory provides users with consistent results, easy access to ana-
lyzing and interpreting data, and developing teamwork abilities. This shows that the remote
laboratory is a promising tool in engineering education that aligns with industry’s expecta-
tions of engineering graduates entering the workforce.

In summary, we interviewed students and industry professionals. The students’ interviews
focused on their experiences with the remote laboratory. The interviews with industry
professionals zeroed in on their overall experience with simulation and verification tools. By
comparing the results of the two surveys, we found that remote lab forces students to spend
more time on simulation tools compared to traditional offline design. Therefore, students
have considerably improved their skills in using simulation tools. This founding aligns with

the study results of Hussein et al.’s work [54].

Table 2.2: The online survey, questions, and quantitative data were collected from industry

professionals (N = 35).

+# Question Min | Max | Mean | Std. Dev. | Var.

How much do you work with

I | verification/simulation tools versus 0 100% | 0.54 0.33 0.11

real hardware in your job duties?
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Table 2.2: The online survey, questions, and quantitative data were collected from industry

professionals (N = 35).

#

Question

Min

Max

Mean

Std. Dev.

Var.

Entry level hires are expected to
have solid skills in using

simulation and verification tools

4.06

1.00

1.00

Verification of hardware design is
typically done using simulation tools
prior to deploying a functional

solution on real hardware such as

FPGAs

4.06

1.03

1.06

Using simulation and verification tools

makes the design phase more efficient

4.49

0.66

0.43

Using an online experimentation
environment allows users to work

effectively in a team

4.11

0.87

0.75

Using an online experimentation
environment facilitates data handling.
For example, Amazon Web

Services (AWS), 1010data, etc

4.37

0.69

0.48

Using an online experimentation
environment is an adequate
opportunity to connect users in
a large variety of teams and let

them carry out experiments

4.21

0.69

0.47
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Table 2.2: The online survey, questions, and quantitative data were collected from industry

professionals (N = 35).

+# Question Min | Max | Mean | Std. Dev. | Var.

Using an online experimentation
8 | environment allows users to 2 ) 4.29 0.80 0.64

obtain consistent experiences

Feedback and assessment can be

9 | made readily available by using an 2 5 4.09 0.83 0.69

online experimentation environment
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2.6 Future Works

We plan to extend the UW remote laboratory to support the LTC connector and the ADC.
The LTC connector on the DE1-SoC board contains the Serial Peripheral Interface (SPI)
master, an 12C, and a GPIO interface. The communication is enabled by the LTC connector
and the hard processor system (HPS) system. The real code will be passed to the ARM
using the LTC connector. We are working on providing better support for ARM, for ex-
ample, running bare-metal code. We plan to support Analog-to-Digital Converter (ADC)
and Digital-to-Analog Converter (DAC) on the DE1-SoC in the near future. There are two
proposed uses of the ADC/DAC. Firstly, we can connect a single sensor to the FPGA, which
captures the analog signal. Then we initialize the ADC to read some digital values based
on the reading of the sensor. Secondly, we can connect ADC/DAC to another device, for
example, the Raspberry Pi. Combining ADC and LTC connectors, we are opening the doors
for students to implement more exciting projects involving sensor readings. Additionally,
we are analyzing options to improve the GPIO connectivity in the breadboard by providing
virtual components, such as logic gates, to improve the power of the current solution.

Moreover, the current design of the virtual breadboard could be extended to allow that
allows students to explore logic gates and more GPIOs. This shall allow the integration of a
more sophisticated virtual breadboard with microcontrollers or FPGAs.

Despite the small sample size for the survey collected from our industry partners, the
subjects we interviewed were quite diverse. Our future effort will interview more industry
professionals to draw more solid conclusions regarding the importance of simulation and

verification tools in the industry.



93

Chapter 3
CONCLUSION

Biological experiments are complex processes, and many factors can influence a biological
experiment’s success rate. This dissertation established some foundational work in quantitive
and statistical analysis of identifying the root cause of failed biological experiments.

The availability of high-quality data is a critical consideration in designing machine learn-
ing and statistical models. As a first step, we introduced Open Operational Protocol Seman-
tics (OOPS), a framework that enables the production of physics-based synthetic datasets
for biological workflows. OOPS allows the users to control physic-based and realistic factors
that impact the result of the experiment. Furthermore, the synthetic dataset with known
ground-truth reasons for failed experiments allows us to validate the correctness of our pro-
posed methods.

We then propose a statistical learning method that is specifically designed for root cause
analysis in biological experiments. Two distinct features of biological experiments inspired
the design of our proposed method: (1) the number of experiment trials available for learning
is generally quite limited. (2) The technicians and items are involved in multiple experiment
trials. Because of these two features, we design a machine learning method that is data effi-
cient, and aim to exploit the correlation between experimental trials based on the technicians
and items involved. The details of the experimental records, such as technicians and reagents
involved in each operation of the trials, are encoded to a low-dimensional embedding using
a neural network. With the embeddings as the input, a logistic regression-based model is
trained to predict whether a particular trial would succeed, considering the involvement of
reagents and technicians. We validated the efficacy of our proposed method on synthetic

datasets as well as real-world datasets.
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During Autumn 2020, we taught Design of Digital Circuits and Systems at the University
of Washington using the remote laboratory facility. The remote laboratory facility relies on
international collaboration with other universities. We introduced a novel approach during
this offering by using a virtual breadboard, which allows students to interact bi-directionally
with the FPGA using LEDs and switches. Traditionally, FPGA remote laboratories only
support using pre-wired switches and buttons and LEDs seen on the camera. However, it
does support wiring the GPIO freely. This contribution represents the first step of providing
a hybrid simulated and real solution for teaching labs using GPIO in class, providing students
with a certain degree of freedom compared to existing solutions. We evaluated this approach
by conducting an anonymous survey of the 60 students enrolled in the course. Results show
that we successfully transformed a lab experiment traditionally conducted in person into an
online modality. We further evaluate the effectiveness of simulation and experimentation
tools in engineering design by collecting data from industry professionals. Surveys used
in our study presented students’ perspectives and experiences using a remote laboratory in
designing digital systems. They also presented the perspectives of a small sample of industry
professionals on the importance of simulation and verification tools in engineering design.
Surveys showed that the remote laboratory is a promising platform for serving the education
needs of students in digital design courses, while promoting students’ skills in using simulation
and verification tools, skills that are perceived as valuable by industry professionals. Our
future effort will assess more assignments to provide a comprehensive statistical analysis of

the benefits of using remote laboratories.
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Appendix A
BIOLOGICAL WORKFLOWS

This chapter describes four biological workflows that serve as test cases for the proposed

framework.
A.1 Polymerase Chain Reaction (PCR)

We apply the proposed framework to a complex multi-step biological workflow, namely the
Polymerase Chain Reaction (PCR). PCR is a common biological technique to make many
copies of a specific region of DNA in a test tube. To acquire the specific DNA region, we

need five core ingredients.

1. The DNA template to be copied

2. Primers: a short sequence of nucleotides that initiate DNA synthesis. Two primers in

each PCR reaction: forward primer and backward primer, are used.

3. Taq polymerase, which is a thermostable DNA polymerase, to add in the new DNA

bases.

4. DNA nucleotide bases (A, C. G, and T) are fundamental building blocks of DNA. PCR

relies on DNA nucleotide bases to construct the new strand.

5. Bulffer is used to ensure the right conditions of the PCR reaction.

When copying the target regions of DNA, the PCR reaction will cycle through a series
of temperature changes. For each time, we double the number of DNA copies. After PCR
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is completed, we run electrophoresis to check the quantity and size of the DNA fragments

produced.

 ecRcomponents | PCRProcess(Onecycle)
= - NRRRRNANEY

N . . l 95¢C - Strands Separate 1. Denaturing

DNA Sample Primers Nucleotides m

. H U—? 1 55°C - Primers Bind Template 2. Annealing

Taq Polymerase  Mix Buffer PCR Tube W

72°C - Synthesise New Strand 3. Extension

N PCR Cycle m
Thermal Cycler m

Figure A.1: The general steps and required inputs (reagents, primers, and templates) of a

polymerase chain reaction (PCR) cycle. The figure is found in [2].

Figure A.2 shows a sample PCR workflow in Aquarium. Starting with make PCR frag-
ments, we run extract gel slice and run gel.

Among these steps of the PCR workflows, make PCR fragments is an essential step. There
are so many factors that determine if the operation will yield the desired band. Among these

factors, the factors that dominate are:

1. incorrect or degraded template

2. wrong primer design by an inexperienced user or wrong information in Aquarium
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(putting too high or too low of annealing temperature for the primer, incorrect length)

3. Kapa polymerase master mix was incorrectly made (all PCRs will fail, and this is easy

to identify but still a possible source of failure)

4. technician performance error

If a PCR workflow is successful, we run purify gel slice, and the status of purify gel slice

should be done. Otherwise, we abort purify gel slice instead.

©

Purify Gel Slice
b e

Extract Gel Slice

done

Run Gel

done
‘,- - e (s .

I Make PCR Fragment I
——— Q00 0———

‘.gon%III - Ea s

Figure A.2: Polymerase chain reaction (PCR) workflow in Aquarium.
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Gibson Assembly is a biological method to assemble DNA seamlessly [171]. This workflow

is carried out under isothermal conditions using three enzymatic activities:
1. a 5" exonuclease generates long overhangs
2. a polymerase fills in the gaps of the annealed single-strand region

3. a DNA ligase seals the nicks of the annealed and filled-in gaps

As a result, different DNA fragments will join into one DNA fragment. Gibson Assembly

is performed in a single reaction vessel. We combine the fragments and a master mix of

enzymes and incubate the mixture solution at 50°C' for up to one hour.

B MEB Gibson Assembly Cloning Kit
A EE————rm (NEB #E5510)

Linear

vactor
(REase- 1 - + Gibson Asseambly Mastar Mix
; DMA inserts with 15-20 bp (NEB #E2611)
digesiad) overlapping ends (PCR-amplified) + NEB 5-alpha Competent E. coli
(NEB #C2087)

3 / Single-tube reaction
* Gibson Assembly Master Mix
=5 exonuclease
— DNA polymarase
— - DNA ligase
Incubate at 50 G

for 15-60 minutes
\ A B

Assembled || —— [SEES St
DMA

Transformation
and plating

Figure A.3: Gibson Assembly workflow. [3]
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We present a sample Gibson Assembly workflow in Figure A.4. This workflow starts with
Assemble Plasmid. Following with the directed edge on the figure, the path is transform cells,
plate transformed cells, check plate, make overnight suspension, make miniprep. Finally, we
may have various send sequencing and upload sequencing results.

To decide if a Gibson Assembly workflow succeeds, we need first to check the status of
upload sequencing results is done. Also, we need to pull plan info under the Aquarium system
and look for an item called item = sequencing ok? Whenever a Gibson Assembly workflow
finishes, the experiment designer checks the sequencing result. If the result is as expected,
they would manually mark yes for item z sequencing ok.

There are a few factors that determine if the desired plasmid will be produced:

1. Gibson assembly design (for example, if the fragments going into the reaction com-
patible with each other; if the overlap is enough between the DNA fragments for the

reaction for effective work)

2. technician performance error, especially for E. coli transformation, which is a time and

temperature-sensitive procedure

3. bad fragment stock coming from a PCR that was not sequence verified, since most

fragments are not sequenced before assembly

4. the wrong temperature is used, or the wrong duration at the desired temperature



Upload Sequencing Results

done

Send to Sequencing

done T I

Upload Sequencing Results

done
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l
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done

I

Check Plate

done
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(a) Gibson Assembly workflow in Aquarium.
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(b) The sample size is 500.

Figure A.4: Gibson Assembly result in Aquarium.
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A.3 Yeast Strain Construction

Yeast is an excellent model system for studying various aspects of synthetic biology. We
can control the genetics of yeast using a few sophisticated armories of molecular genetic
techniques. As a result, the yeast becomes a highly approachable model system. Yeast
Strain Transformation turns genetic resources into a specific strain of competent yeast cells.
Lithium acetate, single-stranded carrier DNA, and polyethylene glycol are used in this yeast
transformation process (PEG).

Figure A.5 denotes a typical sample yeast strain construction workflow in Aquarium.
It starts with yeast transformation. Sometimes, we plate the transformed yeast cell with
antibiotics. Then we run check yeast plate. Then, the path splits to a few branches, some
of them have yeast overnight suspension and yeast glycerol stock; some of them have yeast
lysate, colony PCR, and Fragment analyzing. To check if a yeast strain construction has
been run successfully, we would need to check one input called require QC? under the yeast
overnight suspension, it needed to be marked True. Furthermore, at least one of the statuses
of fragment analyzing needed to be marked as done.

We also run some control experiments for yeast strain construction workflow. In this case,
the operation won'’t create yeast overnight suspension or yeast glycerol stock. In this type of
controlled workflow, we need to ensure the status of all ”fragment analyzing” required to be
marked as "done” to be considered a successful workflow.

Among these steps, we believe make yeast comp cells, plasmid digest, and yeast transfor-
mation are the most essential steps. (1) Plasmid digest: if the technician used an expired
enzyme, and did not put DNA or buffer in the reaction, the plasmid would not be linearized,
and transformation would not integrate the new gene into the yeast genome. (2) Make yeast
comp cells: the comp cells need to be made while they are still in their log phase growth,
and there is no contamination happening in the YPAD media. (3) Yeast transformation:
this step involves multiple reagents, including PEG, Salmon sperm, LiAc, Plasmid digest,

comp cells, and H20. The success of this also depends on the user design: some auxotrophic



markers are easier to integrate into, while others are hard.

Fragment Analyzing
l done d I
[ |
-

Colony PCR Yeast Glycerol Stock
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Figure A.5: Yeast Strain Construction workflow in Aquarium.
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