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ABSTRACT

ENGINEERING IN PRACTICE:

FROM QUANTITATIVE BIOLOGY MODELING TO ENGINEERING EDUCATION

In quantitative analyses of biological processes, one may use many different scales of models

(e.g., spatial or non-spatial, deterministic or stochastic, time-varying or at steady-state) or many

different approaches to match models to experimental data (e.g., model fitting or parameter uncer-

tainty/sloppiness quantification with different experiment designs). These different analyses can

lead to surprisingly different results, even when applied to the same data and the same model.

In Chapters 2, a variety of modeling approaches that can be utilized in analyzing biological

processes are explained, with examples included of how to mathematically represent a system in

order to use these various modeling approaches. Many of these mechanistic modeling approaches

are demonstrated in Chapter 3 when we use a simplified gene regulation model to illustrate many

of the concerns regarding modeling approach differences; these include ODE analyses of deter-

ministic processes, chemical master equation and finite state projection analyses of heterogeneous

processes, and stochastic simulations. For each analysis, we consider a time-dependent input signal

(e.g., a kinase nuclear translocation) and several model hypotheses, along with simulated single-

cell data, to illustrate different approaches (e.g., deterministic and stochastic) in the identification

of mechanisms and parameters of the same model from the same simulated data. We also ex-

plore how uncertainty in parameter space varies with respect to the chosen analysis approach or

specific experiment design, and conclude with a discussion of how our simulated results relate to

the integration of experimental and computational investigations to explore signal-activated gene

expression models in yeast [1] and human cells [2].

Different modeling approaches are used in Chapter 4 to build on the work of Scott, et al. (2018,

2019) [3, 4] to evaluate different model classes for DNA structural conformation changes, includ-
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ing the unwinding/rewinding dynamics of the double-stranded DNA (dsDNA) helical structure

and subsequent binding interactions with complementary single-stranded oligonucleotides probes

(oligos), in relation to different conditions: temperature, salt concentration, and the level of su-

percoiling of the DNA molecule. This is done to identify a class of models that best fit the DNA

unwinding and subsequent oligo probe binding experimental data as a function of these three con-

ditions. In this work, we demonstrate the use of additional quantitative modeling approaches,

including a modified genetic algorithm along with the process of cross-validation and Markov

Chain Monte Carlo (MCMC) simulations with the Metropolis-Hastings (MH) algorithm [5] to ex-

plore parameter space. We also demonstrate many of the challenges that can be encountered when

modeling complex biological phenomena with actual experimental data.

Although much of the work described in Chapters 2 through 4 may appear to be, on the surface,

just the use of various computational methods for biological processes to increase understanding

of biological mechanisms, much of it also has a separate purpose. The structure of these works

and an underlying aim of much of this work, namely Chapters 2 and 3, is to provide guidance with

examples to make these computational approaches more accessible to scientists and engineers.

Many of these approaches are included in a quantitative biology (UQ-bio) summer school that has

been conducted for the last few years as well. Through the process of developing these works and

seeking to make quantitative biology more accessible, a related goal manifested to improve the

accessibility of engineering education as a whole, which is addressed in Chapter 5, specifically re-

lated to diversity, equity, and inclusion (DEI) in undergraduate engineering education. There have

been efforts since Fall 2017 to increase the presence of DEI in the undergraduate CBE education

using a bottom up approach. To date, various efforts have been incorporated into the first two years

of the CBE program. In Chapter 5, these previous efforts, along with lessons learned, are detailed.

A substantial, holistic approach to incorporating DEI throughout the CBE curriculum is proposed,

based on a review of recent work by other engineering education researchers, to help the CBE

department create a more inclusive educational experience for undergraduate students and better

enable students to handle the complex challenges they may face in their careers.
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Chapter 1

Introduction

In recent years, massive strides have been made experimentally in the field of biology to both

visualize and quantify biological phenomena and biological systems at a single-cell and single-

molecule level [3, 4, 6–11]. Along with these advances, however, follows a need to be able to

quantitatively analyze the resulting data to understand the biological system and the mechanisms

at work within it. Gaining a quantitative understanding of various biological systems, including

the dynamics and mechanisms involved, is crucial for numerous applications, among them the

development of therapeutics [12], tissue engineering [13–16] and gaining a more comprehensive

understanding of the dynamics of cancer on a molecular level [17, 18].

Gaining a quantitative understanding can present a challenge, though, because of the inherent

stochastic nature of biological processes, resulting in small copy numbers as well as spatial and

temporal fluctuations. These fluctuations lead to both intracellular heterogeneity, or intrinsic noise,

and cell-to-cell variability [19, 20], a combination of intrinsic and extrinsic noise, which is noise

related to changes within the cellular environment [21]. This variability within and between cells

increases the complexity of the system and further complicates the process of mathematically and

computationally modeling the system.

To effectively model a biological system, choosing an appropriate scale for the model and mod-

eling approach is of the utmost importance. Mathematical modeling, model fitting, and parameter

estimation and uncertainty quantification can be used to model a particular biological system, for

example. Additionally, one could choose a deterministic model or a stochastic model, with or with-

out spatial variability, that could be either transient (time varying) or steady state. The selection

of a suitable model is not only based upon what knowledge or information one is hoping to gain

about the biological system, though, but also upon the nature of the experimental data.

Although many systems have been quantitatively analyzed both computationally and math-

ematically to date [1, 2, 22–25], many others have only been qualitatively analyzed and are only

1



beginning to be explored quantitatively. The dynamic structural, conformational changes in nucleic

acid molecules [3, 4, 26], which can affect their interactions with various other cellular molecules

(such as enzymes, proteins, and other molecules involved in or necessary for DNA replication,

transcription, and repair) [27–29], are an example of this.

In light of the challenges in understanding and using various modeling approaches for biolog-

ical systems, including what information can and cannot be elucidated by different methods, how

to properly utilize each method, and what are the differences between them, Chapters 2 and 3 in

this work walk through a demonstration of this process by first explaining numerous modeling

approaches with examples in Chapter 2, and then analyzing the dynamics of a class of simplified

multi-state bursting gene regulation models through the use and comparison of multiple mech-

anistic modeling approaches in Chapter 3. In this process, setting up the stoichiometry matrix

and propensity functions for a gene expression model is also described, as is how to formulate

the mathematical representation of gene expression in terms of these in state space in order to

utilize the many described computational approaches. The quantitative mechanistic modeling ap-

proaches described and utilized include: a deterministic model approach with a system of coupled

ordinary differential equations (ODEs) to describe bulk gene regulation dynamics and mean gene

expression [30–37]; a stochastic simulation approach, which is a dynamic modeling approach that

samples from the true distribution of the state space through the use of random variables to evaluate

the time evolution of the system [38–50]; and a Chemical Master Equation (CME) based approach

which utilizes the finite state projection (FSP) algorithm [51–60] to solve for the flow of probability

from state to state within the state space to solve for the distribution within specified error bounds.

This work demonstrates model identification and parameter estimation utilizing the methods de-

scribed above, as well as the associated uncertainty quantification by performing Markov Chain

Monte Carlo (MCMC) simulations utilizing the Metropolis-Hastings (MH) algorithm [61, 62].

Additionally, a comparison of the results of these different methods is also included. Extending

beyond this, the importance of experiment design is briefly explored by varying an input signal

and comparing the differences between the results.
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In Chapter 4, to build on the work of Scott, et al. (2018, 2019) [3, 4], computational model-

ing of DNA structural conformation changes, including the unwinding/rewinding dynamics of the

double-stranded DNA (dsDNA) helical structure and subsequent binding interactions with com-

plementary single-stranded oligonucleotides probes (oligos), in relation to different conditions are

explored. The aim of this work is to identify a class of models that best fit the experimental data

of DNA unwinding and oligo probe binding on a particular binding site on the unwound plasmid

DNA as a function of three conditions: temperature, salt concentration, and the level of super-

coiling of the DNA molecule. To perform this modeling, we use a modified genetic algorithm

along with the process of cross-validation to evaluate different model classes. We also use MCMC

simulations with the MH algorithm to explore parameter space and attempt to quantify parameter

uncertainties. In this work, we demonstrate the use of additional quantitative modeling approaches

as well as challenges that can be encountered when modeling complex biological phenomena.

Much of the work described in Chapters 2 through 4 may appear to be, on the surface, just

the use of various computational analyses that are performed on biological processes with a goal

of simply seeking to increase the understanding of the biological mechanisms at play. However,

the structure of these works and the underlying goal of much of this work, Chapters 2 and 3 in

particular, is to make these computational approaches more accessible to both scientists and engi-

neers by providing guidance with examples. This work aims to educate, specifically concerning the

when, how, and why as related to the applicability and utilization of these different computational

approaches. In fact, many of these approaches are included in a quantitative biology (UQ-bio)

summer school that has been conducted for the last few years. Through the process of developing

these works and seeking to make quantitative biology more accessible, an interest was sparked in

the realm of understanding and seeking to improve the accessibility of engineering education as a

whole.

In this spirit, the focus of Chapter 5 is diversity, equity, and inclusion (DEI) in undergraduate

engineering education, with the primary focal point being the Chemical and Biological Engineer-

ing (CBE) Department at Colorado State University (CSU). In this work, an analysis is performed
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of the current demographics, persistence, and graduation rates for the engineering departments in

the Walter Scott, Jr. College of Engineering (COE) at CSU over the last 5-10 years, with a more

in depth look at the CBE department. The Covid-19 pandemic resulted in numerous challenges

in all departments, particularly as related to enrollment, especially for CBE, and higher education

overall is still working to recover. In addition to that, although the department has made notable

strides in achieving gender parity in the undergraduate population in the last 3 years, more so when

dual degree CBE/BME students are included, not as much progress has been made in regards to

historically excluded groups, particularly undergraduate students that are racially and ethnically

minoritized. Compared to the State of Colorado statistics for 18-23 year old individuals, the CBE

department is considerably less racially and ethnically diverse than the overall Colorado popula-

tion within the same age demographic. The department also has not made any progress towards

achieving gender parity and equivalent female representation in the faculty as compared to the un-

dergraduate population. Since Fall 2017, there have been efforts to increase the presence of DEI

in the undergraduate CBE education using a bottom up approach, and to date, various efforts have

been incorporated into the first two years of program. In this chapter, these previous efforts are

detailed along with lessons learned. Additionally, based on a review of recent work by other en-

gineering education researchers, a substantial, holistic approach to incorporating DEI throughout

the CBE curriculum is proposed to help the CBE department to create a more inclusive, supportive

educational experience for undergraduate students.
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Chapter 2

Quantitative Analysis of Biological Systems1

2.1 Introduction

2.1.1 What is quantitative biology?

Quantitative biology (or q-bio) is an interdisciplinary field that integrates biology, computer

science, mathematics, and engineering to understand the behavior of biological systems. By em-

ploying quantitative methods, researchers have made significant strides in studying vital biological

processes, including gene expression [63], signaling pathways [23], viral dynamics [64], micro-

bial community dynamics [25], and more. Quantitative biology is crucial in advancing biomed-

ical research [65], drug development [24], and synthetic biology [66]. The models developed in

quantitative biology have far-reaching implications, ranging from designing personalized medical

treatments [67] to shaping public policy during pandemics [68].

2.1.2 History of Quantitative Biology

Using quantitative methods to study life sciences is not exactly new. Early examples can be

traced back to the 19th century when Pierre-François Verhulst introduced the logistic function to

model population growth [69]. In the late 19th century, Cato Guldberg and Peter Waage elucidated

the principle for the Law of Mass Action to describe the stoichiometry and rates of elementary

chemical reactions [70]. At the beginning of the 20th century, Leonor Michaelis and Maud Menten

extended upon these to introduce the model describing the kinetics of substrate and products in

enzyme-catalyzed reactions [71]. During the same period, Lotka–Volterra (or predator-prey) equa-

tions were introduced to model the evolution of interacting populations of distinct species [72,73].

During the 50s, Alan Hodgkin and Andrew Huxley introduced a mechanistic model to describe the

1From a currently in-progress UQ-bio manuscript. Section 2.1.1 has been authored by Luis Aguilera. Section 2.1.2
has been primarily authored by Luis Aguilera, with contributions by me. Sections 2.1.3 and 2.2 have been authored
by me.
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initiation and propagation of action potentials in neurons [74]. During the ’60s and ’70s, scien-

tists combined experimental observations with statistical models to determine genetic variation and

predict quantitative traits in livestock and crops [75]. In 1965, Margaret Dayhoff pioneered the de-

velopment of computational methods in the study of biological molecules and had been described

as the "mother of bioinformatics" [76, 77]. Then, during the 90s, large data sets of DNA, RNA,

and protein sequences became available during the genome sequencing era, and the need to store

and interpret these data sets gave rise to genomics and structural bioinformatics [77]. By the end

of the 90s, important progress was made using mathematical models to understand the evolution

of the immune system and HIV in infected patients, paving the way to developing potent antiviral

drugs [78]. In parallel, physicists and biologists combined crystallographic data and molecular

models to determine the 3D structure of proteins [79]. In the early 2000s, systems biology became

a hot topic; this field aims to have a holistic (systems) understanding of the metabolic processes

in the cell [80]. At the same time, by combining mechanistic modeling and experimental data,

important progress was achieved in understanding the sources of variability (extrinsic and intrinsic

noise) in gene expression [81]. More recently, powerful technologies have been introduced to gen-

erate massive data sets of biological data, which, combined with more powerful computers, has led

to the development of complex models with predictive capabilities and a better understanding of

the whole-cell processes [82]. Nowadays, breakthroughs in biology have been achieved by using

artificial intelligence and machine learning models. For example, image segmentation has been

revolutionized after the introduction of U-net, a deep learning approach capable of automatically

segmenting biomedical images [83]. A more recent example is AlphaFold, a deep-learning model

that could predict human protein structures with unmatched accuracy [84, 85].

2.1.3 Recent Advances

Significant advances have been made in recent years in experimental techniques to visualize bi-

ological systems or quantify biological phenomena at a single-cell or single-molecule level. These

include mass-spectrometry based approaches [6], sequencing-based approaches [7], cytometry-
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based approaches [8], and imaging-based approaches [9, 10], such as single-molecule Fluores-

cence in situ Hybridization (smFISH) [10, 11] and Convex Lens-induced Confinement (CLiC)

microscopy [3]. These advances have furthered the collective understanding of cellular processes

substantially; however, along with these experimental advances is the challenge of quantitatively

analyzing the corresponding data, which can vary dramatically in scale. Although much progress

has been made in recent years to apply various mathematical and computational approaches to ana-

lyze various biological systems, such as RNA transcription and bursting gene expression [1,2,22],

there are numerous biological systems that have been qualitatively analyzed, but are still in the

early stages of quantitatively understanding different processes and interactions within that system.

An example of this includes the structural dynamics and interactions of nucleic acid molecules.

Nucleic acid molecules, such as DNA and RNA, undergo dynamic conformational changes as a

result of both external and internal factors, such as temperature, ionic strength, and supercoil-

ing [3, 4]. These changes in the structure of the nucleic acid molecules affect interactions of these

molecules with enzymes, proteins, and other molecules involved in DNA replication, repair, and

transcription [27–29], which are critical for proper cellular function. Quantitatively understanding

the dynamics of these biological processes and systems is critical for gaining an understanding of

cancer dynamics on a molecular level [17, 18] as well as applications such as the CRISPR-Cas9

gene-editing technique [86, 87] and the development of therapeutics [12].

2.2 Quantitative Mechanistic Modeling

Having the ability to simply utilize the numerous possible modeling approaches, however, is

inadequate when analyzing biological data. Given the numerous modeling strategies available, it is

crucial not only to understand the nature of the data, but also to understand the differences between

the information that can be extracted from a given set of experimental data using different mod-

eling approaches. Having a working understanding of the various possible approaches that have

been developed to quantitatively analyze data acquired using a particular experimental technique

and the differences between modeling approaches is imperative to select an approach (e.g., mathe-
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matical modeling, model fitting, or parameter uncertainty quantification) and scale of model (e.g.,

spatial or non-spatial, deterministic or stochastic, time-varying or steady-state) that is capable of

capturing the dynamical behavior of interest, informative, and feasible, given the available data

and computational expense. This will enable the selection and utilization of a modeling technique

that will maximize the information that can be extracted from the data as well as provide sufficient

quantitative information necessary to understand the dynamics of the biological system or process.

Often times, these various approaches can lead to significantly different results, even when applied

to the same model and same data, because of the stochastic nature of biological processes, as well

as the limited data available in many cases because of the difficulty and expense associated with

experimentation. If a suitable mathematical or computational modeling approach for a particu-

lar dataset is not chosen, one may inadvertently misidentify critical parameters, or inaccurately

estimate parameters and their uncertainties, which can result in failing to capture or incorrectly

identifying critical system mechanisms and behavior.

In cellular biology, the regulation of genes and the subsequent processes of mRNA transcrip-

tion and protein translation are inherently stochastic due to the temporal and spatial fluctuations and

small copy numbers at the single-cell level, resulting in intracellular heterogeneity and cell-to-cell

variability. This can lead to the expression of different phenotypes, even in genetically identical

cells within the same chemical environment [19, 20]. The cell-to-cell variability is described as

the intrinsic noise of the cell. In contrast, extrinsic noise is related to the cellular environment,

such as changes in temperature and nutrients, environmental stresses, and fluctuations in intercel-

lular signals, etc. The stochasticity of gene regulation pathways is the result of a combination of

both intrinsic and extrinsic noise [21]. To gain a quantitative understanding of the regulation dy-

namics in different genes, a system can be analyzed at a macroscopic scale using a deterministic

approach with differential equations or at a mesoscopic scale using a stochastic modeling approach

or chemical master equations. The level of complexity and accuracy differs between these mod-

eling approaches, and depending upon the scale of the model and the system behavior of interest,

one or more of these approaches may be necessary [88].
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2.2.1 Stoichiometry and Propensity Functions

A simple set of biochemical reactions (and their associated stoichiometric coefficients) and

their corresponding rates (propensity functions) govern the expression levels over time, or the

temporal dynamics, of a gene and its production of mRNA and protein. Once a system has been

mathematically characterized using these, the system can be modeled. The mean behavior of the

species populations within the system can be evaluated using a deterministic approach, and the

temporal fluctuations can be modeled using a stochastic simulations approach. Additionally, the

mean of many stochastic simulations can also be compared to the mean behavior identified using

the deterministic model of the system [30, 31].

To perform modeling to quantitatively describe gene expression or match models to experi-

mental data, the system must first be described mathematically. This is done by characterizing the

system as a set of biochemical reactions. The biochemical reactions related to gene expression

are for the transitions from one species (state) to another. These are used to define the (N x M )

stoichiometry matrix for the system, with one row for each of the N species and one column for

each of the M reactions, which indicates the relative (net) change in the population of each species

if that reaction occurs. The possible states of the system can be tracked by assuming that the transi-

tion from one state to another is a discrete, random process that depends only upon the current state

of the system and not previous states or the history of the system, known as Markovian dynamics.

We also assume a continuous time evolution, which, when combined with Markovian dynamics,

is known as the well mixed assumption. The population vector, x, indicates the integer count for

every species in the system, where x ∈ Z
N
≥0. The current state of the system, i, is represented by

xi = [s1, s2, ..., sN ]
T
i , where s1 through sN refer to each of the species in the system. The final

state, sN , is often the species of interest. Any transition between the state, xi, to the next state, xj ,

is denoted as xj = xi + νµ, where νµ represents the stoichiometry associated with the µth reaction

occurring at the ith step.

As an example, consider a bursting gene expression model in which a gene toggles to an active

(Gon) or inactive (Goff ) state as a function of time. When in the on state, the gene has two possible
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transitions that could occur: it could either become inactive (turn off ), or it could produce an

mRNA molecule through transcription. An mRNA molecule, in turn, could either degrade or

produce a protein molecule through translation, which could subsequently degrade. The reactions

for this gene expression model are:

(i) Goff → Gon (iii) Gon → Gon +R (v) R → R + P

(ii) Gon → Goff (iv) R → ϕ (vi) P → ϕ

For this example, the state vector, x, will have four species: the inactive off gene state (Goff ),

the active on gene state (Gon), the number of mRNA in the cell (R), and the number of protein in

the cell (P ). The population vector for this example is x = [Goff , Gon, R, P ]T , , where R is the

number of mRNA molecules and P is the number of protein molecules. The stoichiometry matrix

is:

S =



















−1 1 0 0 0 0

1 −1 0 0 0 0

0 0 1 −1 0 0

0 0 0 0 −1 1



















(2.1)

where the columns correspond to the stoichiometric coefficients for the reactions (i) through (vi),

and the rows correspond to the species in the x vector. In the matrix, S, the first column is for the re-

action (i) Goff → Gon. If this reaction were to occur, the population vector x = [Goff , Gon, R, P ]T

would change by [−1, 1, 0, 0]T .

The rate (or transition probability) associated with each reaction (or state transition) is called

its propensity, w, which is a function that is always positive and typically depends upon the current

reactant populations and time. The term wµ(x, t)dt is the probability that the µth reaction initially

in state x will occur in the time-step dt. To determine propensities for individual reactions, the law

of mass action can be applied, which states that the rate of a chemical reaction is proportional to the

number of unique combinations by which reactants can form products. The propensity functions

for each reaction are combined into a column vector when developing a stochastic model.
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In the bursting gene expression example, the probability that a single mRNA molecule is tran-

scribed in time t+ dt is kR, where kR is the transcription rate. The probability that a single mRNA

molecule is degraded in time t + dt is RγRdt, where R is the number of mRNA molecules, and

γR is the degradation rate. The propensity vector for this example, which includes the propensity

functions for reactions (i) through (vi), is w(x, t) = [konGoff , koffGon, kRGon, γRR, kPR, γPP ]T .

2.2.2 Simulation: Deterministic Modeling Approach

To describe the bulk gene regulation dynamics for the system, a system of coupled ordinary

differential equations (ODEs) can be used, where each ODE in the system describes the mean

behavior over time for a specific species population. The deterministic description of a system is

given by:
dx

dt
= SW (x, t) (2.2)

where S is the stoichiometry matrix representing the net change of each species after each reaction,

and W is the propensity vector representing the propensity of each reaction in the system. In

deterministic modeling and the other modeling approaches that will be discussed, it is assumed that

the cell is well-mixed, so molecules are evenly distributed. The ODEs that describe the bursting

gene expression example are:

dGoff

dt
= −konGoff + koffGon, (2.3)

dGon

dt
= konGoff − koffGon, (2.4)

dR

dt
= kRGon − γRR, (2.5)

dP

dt
= kPR− γPP, (2.6)

which can be easily solved using an ODE solver. The solutions generated using this approach,

while useful for solving for the bulk gene expression dynamics, can be misleading due to the

fluctuations exhibited in real systems and since, especially for small volumes like cells, molecule
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counts aren’t continuous. A Python notebook with stoichiometries and propensities and formu-

lating and solving ODEs for gene regulation dynamics can be found at 2021 Undergraduate Qbio

Summer School Colab Notebook.

2.2.3 Simulation: Stochastic Simulation Approach

Since the deterministic approach cannot capture stochastic system behavior and model noise,

stochastic simulations are often required. Stochastic simulation is a dynamic modeling approach

known as a kinetic Monte Carlo (kMC) method, which utilizes one or more random variables

to sample the time evolution of the state space in a stochastic process. Stochastic simulations

generate trajectories that represent how the state of the system and each species’ population can

change over time, given the stochastic nature of the process and assuming that the population

vectors fully describe the system. These trajectories can account for system noise and include the

stochastic selection process describing the probability that a reaction will (or will not) occur in

time t+ dt and, if one does occur, the probability that it will be a particular reaction. If no reaction

occurs, nothing in the system will have changed. Since each trajectory is merely a sampling of

the probability distribution of possible states at each time t, many SSA trajectories are needed to

compute the probability distributions at specific times and to improve the statistical accuracy as

related to the mean system behavior [30, 31].

One approach for generating many stochastic trajectories for the state of the system is to use

an algorithm such as Gillespie’s direct stochastic simulation algorithm (SSA) [39, 50, 89]. Two

questions must be answered at each step to simulate a stochastic process one reaction at a time.

We need to know i) when the next reaction occurs and ii) how the system’s state is affected by that

reaction. The stochastic simulation algorithm performs the following steps in each iteration:

1. Specify the initial state, x(0), and the final time, tmax.

2. Calculate the propensity functions, w1(x),...,wn(x). Then, calculate the sum of the propen-

sities, w0(x) =
∑M

µ=1 wµ(x).

3. Generate the time for the next reaction, τ .
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4. Determine which reaction has occurred.

5. Update the current time (t = t+ τ ) and state of the system (x = x+ σk).

6. Repeat Steps 2 through 5 while t < tmax.

To generate the time at which the next reaction will occur (step 3 of the SSA), consider the follow-

ing: the probability that a reaction will occur in [t, t + ∆t) is w(x)∆t + O(∆t)2, the probability

that a reaction will not occur in [t, t + ∆t) is 1 − w(x)∆t + O(∆t)2, and the probability that a

reaction will not occur in two such time intervals, [t, t + 2∆t), is 1− 2w(x)∆t +O(∆t)2. Given

these, we can determine the probability that no reaction will occur in K time intervals, which is

1 −Kw(x)∆t +O(∆t)2, assuming K is some positive integer. Letting τ = K∆t and taking the

limit as K goes to infinity will yield the probability that no reaction will occur in [t, t+ τ):

lim
k→∞

(1− w(x)
τ

K
+O(K−2))K = exp(−w(x)τ). (2.7)

Therefore, the probability that a reaction will occur in [t, t + τ) is the cumulative probability

distribution F (τ) = 1− exp(−w(x)τ), with a probability density function (pdf) of:

f(τ) =
1

w(x)
exp(−w(x)τ), (2.8)

which is an exponentially distributed (memoryless) random variable. In practice, the time at which

the next reaction will occur is a random variable with a distribution given by:

Pτ (t) = |w(x)|1exp(−|w(x)|1t), (2.9)

Given this, the time at which the next reaction will occur, τ , can be found by:

τ =
1

|w|1
log

1

r1
, (2.10)
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where r1 ∈ U [0, 1] and can generated using a uniform random number generator. To evaluate

which reaction has occurred at this time (step 4 of the SSA), another uniform random number r2 is

generated, and the smallest k is found, such that:

k−1
∑

µ=1

wµ(x) ≤ r2|w|1 ≤
k
∑

µ=1

wµ(x), (2.11)

Once this is done, the final step (step 5 of the SSA) can be performed, which consists of updating

the current time (t = t+τ ) and the state of the system (x = x+σk). To compute many trajectories,

the process will be repeated. One disadvantage of the SSA is that it is quite computationally

intensive regarding time and memory. The computational expense increases with the number of

reactions, which is why algorithms that can make additional assumptions and reduce computational

effort are sometimes utilized.

Examples of more computationally efficient methods that approximate the SSA and generate

stochastic trajectories include the τ -Leaping Algorithm [90] and the Chemical Langevin Equation

(CLE) Algorithm [91]. The τ -Leaping Algorithm assumes that there is a time step τ during which

the propensities do not change appreciably and, as a result, the number of times the µth reaction

occurs can be approximated by a Poisson-distributed random variable. This method, however, may

result in a large decrease in accuracy if the system species have low numbers of molecules and if the

propensity functions experience quick, substantial changes. The τ -Leaping Algorithm can be sim-

plified to the CLE Algorithm, which takes advantage of the behavior of statistically independent

Poisson-distributed random variables with a high density (assuming there is a high number (≫ 1)

of occurrences of a reaction within the specified time step τ ) to be well-approximated by normal

distributions with the same mean and variance. Since normal distributions require less computa-

tional expenditure to generate, simulations are more efficient if these assumptions are valid. This

approach, however, has the same limitations related to accuracy as the τ -Leaping Algorithm and

is best used with reactions that are sufficiently fast that they can be approximated as continuous-

valued Markov processes. Given the limitations of these, though, at least some stochastic simula-
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tions using the SSA are often still needed. As the number of stochastic simulations substantially

increases, the approximation of the Chemical Master Equation (CME) improves. A Python note-

book that details the Markov description of gene expression and the Stochastic Simulation Algo-

rithm, as well as demonstrates its use, can be found at 2021 Undergraduate Qbio Summer School

Colab Notebook.

2.2.4 Simulation: Chemical Master Equation (CME) Based Approach

The CME (or the forward Kolmogorov equation) is a system of linear ordinary differential

equations that describe the probability of all possible values for all the molecule species in the

system. If solved, the CME has all information to fully describe the evolution of the system.

Unfortunately, it is important to consider that for most realistic systems, the state space is infinite,

meaning that an infinite number of ODEs are also needed to formulate the CME. Using standard

notation, the CME can be derived by knowing (1) the current probability mass for state xi at time

t, p(xi, t), and (2) the probability that the system will still be in state xi at t+ dt. The CME is:

d

dt
p(xi, t) = −

M
∑

µ=1

p(xi, t)wµ(xi, t) +
M
∑

µ=1

p(xi − νµ, t)wµ(xi − νµ, t) (2.12)

To put the CME into matrix form, it is helpful to remember that the CME consists of a linear

ODE for each state in the state space, which tracks the flow of probability to and from this state.

Consistent with the notation described in 2.2.1, the probability mass vector for the full state space

can be defined as P ≡ [p(x1), p(x2,...], hence the matrix form of the CME is:

d

dt
P(t) = AP(t) (2.13)
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where the infinitesimal generator matrix, A, is equal to:

Aij =























−
∑M

µ=1 wµ(xj) for i = j,

wµ(xj) for (i,j) such that xi = xj + νµ,

0 otherwise























. (2.14)

2.2.5 Finite State Projection (FSP)

Given the dimensional size of the CME in spite of its linearity, there is rarely an exact or

analytical solution that can be found, except for very simple models. Because of this, numerical

approaches such as the SSA are used. Another method that can be used to approximate the CME is

called the Finite State Projection (FSP) Algorithm [51–55]. While the SSA merely samples from a

true distribution of the state space, the FSP solves for the distribution within specified error bounds

by solving for the flow of probability from state to state within the state space.

To use the FSP algorithm, some necessary additional notation is first introduced, similar to that

described in Munsky and Khammash (2008) [53] and Munsky (2012) [51]. If X = {s1, s2, ..., sN},

where s1, ..., sN are the species in the system, then we can denote a finite subset of X and its

complement, XJ and X
′
J, respectively, that together represent the full state space of the system.

Using this notation, J = {j1, j2, ..., jN} is a finite set of indices, and J
′ is the complement to the

set J, which includes all of the other indices that were not included in J. The full CME can be

represented using this notation as:

d

dt







PJ(t)

PJ ′(t)






=







AJJ AJJ ′

AJ ′J AJ ′J ′













PJ(t)

PJ ′(t)






(2.15)
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Furthermore, let AIJ denote a submatrix of A with rows chosen according to I and columns chosen

according to J. For example, if A is given as:

A =













a b c

d e f

g h k













,

and I and J are defined as {1, 2} and {3, 1}, respectively, then AIJ is defined as:

AIJ =







c a

f d






,

since [A13, A11] = [c, a] and [A23, A21] = [f, d]. For convenience, let AJ = AJJ. If the full CME,

shown in Eq. 2.2.4, describes an infinite state Markov process, M, with an initial distribution of

P(0), then the master equation for a finite state Markov process, MJ, is:

d

dt







P
FSP
J (t)

g(t)






=







AJ 0

−1
T
AJ 0













P
FSP
J (t)

g(t)






(2.16)

where g(t) consists of one or more aggregate absorbing states for any probability mass that leaves

XJ. In this formulation of the master equation, once mass leaves XJ, it cannot return and remains

in the absorbing state(s). The initial distribution for this is given by:







P
FSP
J (0)

g(0)













PJ(0)

1−
∑

PJ(0)






(2.17)

An important aspect of the FSP formulation of the CME, Eq. 2.2.5 is related to the absorbing state

or states, g(t), which contain the exact probability mass that has left XJ at any time, τ ∈ [0, t],

since probability can only leave XJ, but cannot return in this formulation of the CME. Directly

related to this, if probability mass in XJ has never left XJ at any time, τ ∈ [0, t], then the elements
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of PFSP
J (t) must be the exact joint probabilities that the system is in XJ at time t and has never

left XJ. From this, we can posit that PJ(t) ≥ P
FSP
J (t) ≥ 0 for any index set J since P

FSP
J (t) is

a more restrictive joint distribution than PJ(t). The exact residual of the P
FSP
J (t) as compared to

PJ(t) can be computed as [51]:
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1

= |PJ(t)−P
FSP
J (t)|1 + |P′

J(t)|1,

= |PJ(t)|1 − |PFSP
J (t)|1 + |P′

J(t)|1,

= 1− |PFSP
J (t)|1,

= g(t)

(2.18)

Similarly to the SSA approach discussed in Sec. 2.2.3, the stoichiometry matrix and propensity

functions are needed for all species as well as the initial probability density vector, P(0), and the

final time, tf . An input that isn’t needed in the SSA, but is required for the FSP is the total amount

of acceptable error, ϵ > 0.

With those inputs, the Finite state projection (FSP) algorithm is as follows [51, 58]:

0. Specify the initial finite set of states, XJ, for the FSP.

Initialize a counter, i = 0.

1. Use the propensity functions and stoichiometry to form AJi .

Compute g(tf ) by solving Eq. 2.2.5.

2. If g(tf ) ≤ ϵ, Stop.

P
FSP (t) approximates P(tf ) to within a total error of ϵ.

3. Add more states to find XJi+1
.

Increment i and return to Step 1.

There are numerous ways to accomplish these steps, however, as outlined in Munsky (2012) [51].
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2.2.6 Summary

Together, the mechanistic modeling approaches described in detail here can be used to analyze

both deterministic and stochastic aspects of a biological system. This can be incredibly useful for

better understanding the behavior and physical mechanisms of biological phenomena. In the next

chapter, these modeling approaches will be utilized to analyze a gene regulatory model. This chap-

ter will further demonstrate the differences between these modeling approaches, what information

can be obtained from them, and challenges in using them and interpreting the resulting data.
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Chapter 3

Identification of Gene Regulation Models from

Single-Cell Data2

3.1 Introduction

Recent years have led to rapid advances in the capabilities to measure gene regulatory phe-

nomena at the level of single-cells and in fluctuating conditions. These techniques include image-

based strategies, where fluorescence markers are used to highlight specific DNA, RNA, or protein

molecules of interest [9,10]; cytometry-based approaches, where cellular properties, especially size

or fluorescence, are rapidly measured one cell at a time [8]; mass-spectrometry based approaches,

where cellular proteins are digested into peptide fragments whose distinct mass or charge spectra

can be analyzed quantitatively [6]; and sequencing approaches, where the abundances of specific

RNA or DNA molecules are quantified on a single-cell basis [7]. In this article, we focus on

the quantitative analysis of one specific technique, known as single-molecule Fluorescence in situ

Hybridization (smFISH) [10, 11], which provides precise and reproducible measurements of the

number and locations of individual RNA molecules within single cells. In the technique of sm-

FISH, researchers tile individual molecules of endogenous RNA with many complementary DNA

oligomers. Each RNA-binding oligomer contains one or more fluorescent dyes, such that the en-

tire multi-labeled RNA molecule appears as a bright diffraction limited spot under the fluorescence

microscope. Counting the integer numbers of these spots for many single cells in large populations

at many times and in the same conditions, one can capture the temporal distributions of gene regu-

2This is the Accepted Manuscript version of an article accepted for publication in Physical Biology. IOP Publishing
Ltd is not responsible for any errors or omissions in this version of the manuscript or any version derived from
it. The Version of Record is available online at [10.1088/1478-3975/aabc31] [92]. A substantially reduced version
also appeared as an extended exercise in the textbook Quantitative Biology: Theory, Computational Methods and

Examples of Models, edited by Brian Munsky, Lev S. Tsimring, and William S. Hlavacek [93]. This work has been
primarily authored by me. The GUI presented in Section 3.5 was developed by William Raymond. In addition,
Section 3.4.6 was authored by Brian Munsky.
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lation activity for those conditions. By using microfluidics or by adding or removing stimuli, one

can observe how single-cell statistics are affected by transitions from one environmental condition

to another [1, 2, 22].

Utilizing experiments such as smFISH, many researchers have quantified time-varying and

bursty gene expression at the single-cell level, and many models have been developed to capture

these dynamics (e.g., see recent reviews at [56, 57, 94]). In this article, we define a small class of

single-cell models which have previously been shown to capture and predict smFISH data [1, 2,

22], and we employ several computational analyses in attempts to identify these models and their

parameters from various sets of simulated data.

3.1.1 A Standard Computational Toolbox for Quantitative Biology

In the following paragraphs, we introduce a handful of computational tools that are frequently

used in the analysis and fitting of quantitative gene regulation models.

Ordinary Differential Equations. One of the most common approaches to describe the dynamic

behavior of gene regulation is to use coupled sets of Ordinary Differential Equations (ODEs). For

example, the ODE related to mRNA transcription is a mathematical equation which describes the

rate of change in the number of mRNA over time, taking into consideration both production and

degradation of mRNA molecules. For most biological processes of interest, analytical solutions to

the corresponding ODEs may not be possible and numerical techniques may be necessary. In this

article, we will deal with reaction rates that change over time, for which numerical integration is

required.

Parameter Fitting and the Metropolis-Hastings Algorithm. A common task in quantitative bi-

ology is to fit parameters of a model to match experimental data. Due to the stochastic nature of

biological systems, in addition to the fact that experimental data is noisy and limited in quantity,

exact estimation of parameters is impossible. Having a quantitative understanding of parame-

ter uncertainties in light of existing data is crucial for predictive modeling. To accomplish this

goal, Markov Chain Monte Carlo (MCMC) analyses, such as the Metropolis-Hastings (MH) al-
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gorithm [61], are frequently used to provide unbiased samples of parameter space and to estimate

parameter uncertainties. In particular, the MH algorithm samples parameter space by adding ran-

dom perturbations to parameters and then calculating the likelihood of the data, given the new

parameter set. The new parameter set is then discarded unless the likelihood exceeds an appro-

priately chosen (albeit) random acceptance threshold. Like any parameter fitting routine, the MH

algorithm has several tunable parameters. The MH chain is the sequence of parameter sets that

have been accepted during the random walk through parameter space. The proposal distribution

is a probabilistic rule by which a new parameter set is generated from the old. The burn-in period

is the number of MH samples that are ignored to allow the MH chain to relax away from the (po-

tentially poor) initial parameter guess. The chain length is the total number of MH samples that

are recorded following the burn-in period. The thin rate is the number of accepted samples that

are ignored between those that are recorded (i.e., every 10th sample). See [95] for a more in depth

discussion of Monte Carlo analyses (Chapters 10 and 16), parameter estimation (Chapter 13), and

sensitivity analyses (Chapter 14) as applied to models in quantitative biology.

The Stochastic Simulation Algorithm. Unlike most dynamical problems in science and en-

gineering, gene regulation is inherently subject to discrete stochastic behavior arising from the

single-molecule nature of genes within individual cells. The standard approach to analyze such

discrete stochastic processes is to apply the kinetic Monte Carlo algorithm known as (Gillespie’s)

Stochastic Simulation Algorithm (SSA) [38, 50], which uses a combination of stochastic reaction

rates (i.e., propensity functions) and reaction rules (i.e., stoichiometry vectors) to simulate the

stochastic trajectories. This algorithm updates the state of the system after each random reaction

and assumes exponentially-distributed waiting times between every event. In this article, we apply

the SSA to simulate many possible stochastic trajectories for the switching of gene activity states

coupled with mRNA production and degradation.

The Finite State Projection Method. In addition to using the SSA to generate stochastic tra-

jectories for the gene regulation processes, we also explore direct computations of the underlying

probability distributions for these processes. These distributions evolve according to the infinite
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dimensional linear equation known as the Chemical Master Equation (CME) [60,96]. Because the

CME has no exact solution for most models, we employ the finite state projection (FSP) method

to approximate the CME solution and to estimate the full joint probability distributions for gene

switching behavior and transcript accumulation [52]. Several recent reviews of the FSP approach

and its applications can be found at [55, 57, 58, 97]. A key advantage of the CME and FSP formu-

lation is that they provide systematic approaches to compute and compare the likelihood of data

arising from multiple models [1, 2, 55]. With this in mind, we use the Metropolis-Hastings algo-

rithm in conjunction with the FSP analysis to attain more precise constraints on the parameters

when fit to simulated data [22].

Experiment Design. The successful identification of a model from data requires not just good

data and appropriate modeling tools, but the experiment itself also needs to be conducted using

a well-designed and informative condition [58, 98–103]. With this in mind, we will explore the

importance of experiment design, and we will show that different experiments (e.g., different input

signals and different measurement times) and different analyses (e.g., ODEs or the FSP) yield

different results for the constraint of system parameters.

In the following section, we introduce a specific gene regulation model and its underlying

assumptions. Then, in Section 3.3, we discuss the simulated data from which we seek to identify

our model parameters. In Section 4.2, we demonstrate the implementation of the above tools to

this model and different sets of simulated data. Finally, in Section 3.5, we provide a brief summary

of our results and conclusions, and we introduce a user-friendly PYTHON-based toolbox with a

graphical-user-interface to allow readers to reproduce all of the described analyses. All analyses

discussed in this article have been implemented in MATLAB and PYTHON codes, and the codes

are available for download at: https://github.com/MunskyGroup/WeberPB

3.2 Gene Regulation Model Description

We begin by specifying a simple semi-mechanistic model for gene regulation. Figure 3.1 il-

lustrates this model, which is a generalization of the standard bursting gene expression model dis-
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cussed in [56, 94, 104]. The model consists of a single gene with three possible states {S1, S2, and

S3}, each of which represents a different configuration of transcription factor binding or chromatin

conformation. Similar three-state models have been used previously in the context of time-varying

inputs to capture and predict signal-activated single-cell gene expression in yeast [1, 22] and hu-

man [2] cells. The model assumptions are as described with additional detail in Subsection 3.2.1.

S1 S2 S3

k12 k23

k32k21

kr2 kr3
∅

γ

Figure 3.1: Schematic of a three-state gene regulation model. State 1 is transcriptionally inactive, whereas
states 2 and 3 are transcriptionally active with transcription rates kr2 and kr3, respectively. Parameters kij
denote the (potentially time-varying) transition rates between states Si and Sj .

3.2.1 Assumptions of the Three-State Bursting Gene Expression Model

First, we define the conformational states {S1, S2, and S3} of the gene and the production and

degradation of mRNA. In this model, S1 is a transcriptionally inactive (‘OFF’) state, whereas S2

and S3 are transcriptionally active (‘ON’) states. The transcription rates for S2 and S3 are kr2 and

kr3, respectively. Degradation of mRNA species, R, is assumed to be a first order process with rate

γ.

Next, we define the transition dynamics that allow the gene to switch among these states. In the

three-state model, there are four state transition events: Si → Sj , each with a corresponding transi-

tion rate of kij(t). Three of the four transition rates are assumed to be constant with respect to time

and the activating kinase: kij(t) = kij(0). The gene is activated by a time-varying kinase, Yi(t),

which acts as an input to the system. In practice, such signals can be controlled experimentally

through modulation of external stimuli [1, 2, 22, 105–107]. For illustrative purposes, we initially

assume a sinusoidal input signal given by:
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Y1(t) =


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1− cos
(

2πt
30

)

for t ∈ (5, 70)











, (3.1)

where the input signal (in arbitrary units of concentration) begins at time t = 5 min and ends at

time t = 70 min. We assume exactly one of the four transition rates is linearly dependent upon the

activating kinase as follows [1]:

kij(t) = max {0, kij(0) + βYi(t)} . (3.2)

For the combination i < j (i.e., when the reaction leads to a state with a higher index), the value

of kij(0) is negative and β is positive. Conversely, when i > j (i.e., when the reaction leads to a

state with a lower index), the value of kij(0) is positive and β is negative. This choice gives rise

to a thresholded activation response in which kij(t) is zero until the kinase exceeds or drops below

a specific level. This definition leads to activation, either through direct activation when i < j or

indirect loss of repression when i > j.

One of our goals in this study is to determine if it is possible to identify the mechanism of

action, i.e., to determine which kij depends upon the time-varying kinase signal. We define the

model number, Nm, as the integer that specifies which mechanism depends upon the activating

kinase. The model numbers and the corresponding input-dependent transition rates are as follows:

Model 1: k12(t); Model 2: k23(t); Model 3: k21(t); Model 4: k32(t).
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Now that we have specified the assumptions needed to define the gene states, mRNA levels,

and the associated dynamics, we can write a set of four ODEs to describe this model:

dS1

dt
= −k12S1 + k21S2, (3.3)

dS2

dt
= k12S1 − (k21 + k23)S2 + k32S3, (3.4)

dS3

dt
= k23S2 − k32S3, (3.5)

dR

dt
= kr2S2 + kr3S3 − γR. (3.6)

These equations are easily integrated in MATLAB using the stiff ODE solver, ODE15S.

Finally, for parameter estimation, we assume that all rates have an independent prior given

by a lognormal distribution with a logarithmic mean of E{log10(λ)} = 0 and a wide logarithmic

variance of E{(log10(λ))
2} = 4. Having defined the reactions and priors on all parameters, in the

next section we will generate some simulated data and attempt to fit our model, after which we

will explore uncertainty in parameter space, and make model predictions in light of these datasets.

3.3 Single-cell Data Collection

The technique of smFISH [10,11] makes it possible to measure the number of mRNA molecules

within hundreds or thousands of individual cells at specific instances in time during a dynamic re-

sponse from one condition to another. For example, in [1, 22], the authors measured and found a

quantitative FSP-based model to predict the statistics of STL1, CTT1, and HSP12 mRNA expres-

sion in yeast cells every two to five minutes following osmotic shock and temporal activation of the

HOG1p kinase. Similarly, in [2], the authors measured time-varying p-ERK kinase and its effect

on c-Fos expression in human-derived U20S cells.
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To generate simulated data of this form, we assume a “true" model, which corresponds to

Model 2, and for which the parameters are presented in vector form as:

ΛTrue = [k12, k23, k21, k32, kr2, kr3, β, γ]

= [0.20, −0.076, 0.050, 0.050, 16.0, 5.0, 0.10, 1.0]. (3.7)

Throughout this article, all rate parameters will be assumed to have units of (minutes)−1, and β has

units of (minutes)−1(concentration)−1.

At the initial time (t = 0), we assume that all cells are in state S1 and that there are no mRNA

(R = 0), meaning that all cells are in a transcriptionally inactive state. This initial condition was

chosen arbitrarily, but matches to observed dynamics for many genes (e.g., STL1, CTT1, HSP12,

c-Fos), which are transcriptionally silent in the absence of their activating kinase signal [1, 2]. We

use the FSP approach [52,55,57,58,97] with the true model and known initial condition to compute

the time-varying mRNA probability distribution at each combination of time and input condition.

We then use the FSP solution to generate histograms of 100 exact independent random samples

(i.e., one data point for each simulated cell) at ten equally spaced times between zero and 100

minutes. In the following sections, we will use various computational approaches to infer model

parameters from these time-varying histograms.

3.4 Results

The goal of our study is to determine if simulated data is sufficient to identify the model and

its parameters, and if the identified parameters can be used to predict the system’s response under

new experimental conditions.

3.4.1 Simulation of ODE Models

We first use a deterministic approach and solve the simple system of ODEs listed in Eq. 3.3 - 3.6

to capture the bulk gene regulation dynamics. For a given model and parameter set, these ODEs
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generate the mean gene expression as a function of time. Figure 3.2 shows the predicted mean

gene expression as a function of time for Model 2 (i.e., where k23 is time-dependent), assuming

the input signal in Eq. 3.1, and two different arbitrary parameter sets (blue and magenta) as given

in the caption.

Figure 3.2: (A) Input signal, Y1(t) in arbitrary units of concentration (AUC) versus time, as defined in Eq.
3.1. (B) Deterministic ODE solution for the mean gene expression as a function of time for the three-state
gene regulation model shown in Fig. 3.1, as outlined in Section 3.4.1. Analyses are shown for Model 2 (k23
is time dependent), and the two illustrated parameter sets are ΛA = [3, −0.4, 2.5, 1, 9, 2, 1, 0.8] and
ΛB = [1, −0.6, 1, 0.2, 5, 2, 1, 0.2].

Examining how different parameters affect system behavior reveals qualitative insight about

how rate parameters control the underlying process dynamics. For example, Fig. 3.2 illustrates

that faster rates for transcription and degradation (kr2 and γ) enable gene expression to track the

input signal more closely (Fig. 3.2, magenta line), whereas slower rates result in greater averaging

and lag behind the input signal (Fig. 3.2, blue line). Biologically, evolution could tune the rates

of these reactions to allow cells to respond more quickly to important fluctuations (e.g., sustained

stresses) while rejecting faster environmental disturbances (e.g., short-lived transient fluctuations).

In addition, such dependence of response dynamics on parameters makes it feasible to perform an
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inverse analysis (i.e., to estimate parameters from quantitative observations of response dynamics),

as discussed in the following subsection.

3.4.2 Maximum Likelihood Estimation for ODE Models

Next, we use the ODE model defined in Eq. 3.3-3.6 and search parameter space to find a

parameter set that maximizes the likelihood of the simulated dataset. As described in Section

3.3, the data were generated at ten equally-spaced time points between zero and 100 minutes,

assuming the known input signal, Y1(t), as given in Eq. 3.1. Prior to fitting with the ODE model,

we computed the mean, standard deviation, and standard error of the mean (see Fig. 3.3).

Before we can fit the model to the data, we must first compute the likelihood of the data, given

the model’s parameters. Consider a set of experimental data, including Ni cells at each time ti. Let

R̃ij denote the number of mRNA in the jth cell at the ith time point. The measured sample mean

at each time is given by:

µS(ti) =
1

Ni

Ni
∑

j=1

R̃ij. (3.8)

To fit the ODE model to the measured sample mean, one must quantify how well one would expect

the sample mean to match to the predictions made by the ODE analysis. This question is easily

answered by invoking the central limit theorem (CLT) [108], which applies provided that the true

distribution has finite variance. According to the CLT, when many independent and identically

distributed measurements are taken from the same distribution, the average of those measurements

will tend to a Gaussian random variable with mean equal to the true mean and variance equal to the

true variance divided by the number of samples (or squared standard error). In turn, the squared

standard error can be estimated from the measured histograms according to:

σ2
SEM(ti) =

1

Ni(Ni − 1)

Ni
∑

j=1

(

R̃ij − µS(ti)
)2

. (3.9)

Provided that the underlying distribution has a finite true variance and if enough sample measure-

ments are collected, the likelihood to observe the measured sample mean can be estimated using
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the normal distribution:

Prob(µS(ti) | Λ) =
1

√

2πσ2
SEM(ti)

exp

(

−
(µS(ti)−R(ti,Λ))2

2σ2
SEM(ti)

)

. (3.10)

Our assumed lognormal prior distribution (E{log10(λ)} = 0, E{(log10(λ))2} = 4) for each pa-

rameter can be written as:

Prob(λk) = A exp

(

−
log10(λk)

2

8

)

, (3.11)

where A is a normalization constant. The probability of a parameter set Λ, given the data, can

be written according to Bayes’ rule, (i.e., P (Λ|D) = P (D|Λ)P (Λ)/P (D), where Λ denotes the

model and D denotes the data) as:

Prob(Λ|D) =
1

P (D)

(

Nt
∏

i=1

Prob(µS(ti) | Λ) ·
8
∏

k=1

Prob(λk)

)

. (3.12)

Here, Nt is the number of time points, and P (D) is a normalization constant. Taking the logarithm

of Prob(Λ|D) and substituting in the expressions for Prob(µS(ti) | Λ) and Prob(Λ|D) above

yields:

log(Prob(Λ|D)) = C −

Nt
∑

i=1

(µS(ti)−R(ti,Λ))2

2σ2
SEM(ti)

−

8
∑

k=1

log10(λk)
2

8
, (3.13)

where the first summation is the chi-squared function, which quantifies the likelihood of the data

given the model, and the second summation relates to the prior probability to select those param-

eters in the absence of any data. The variable C is a normalization constant that does not depend

upon any of the model parameters, and it can be ignored for the purpose of model comparison or

likelihood maximization. For small data sets, the second term will dominate, but as more data is

collected, the first summation will take on greater importance.
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We fit all four possible models (each with a different input-dependent transition rate) by maxi-

mizing the likelihood of the model given the data, as specified in Eq. 3.13. For this, we use standard

optimization routines, including MATLAB’s fminsearch, which attempts to find the unconstrained

minimum of the objective function using a Nelder-Mead simplex algorithm [109, 110]. We have

also utilized a customized simulated annealing algorithm [111]. Knowing the signs of all param-

eters, we converted them to positive values, and we conducted all searches in logarithmic space.

This choice is advantageous because (i) it allows us to improve efficiency by removing need to

check and satisfy parameter positivity constraints, and (ii) it allows for parameter step magnitudes

to be relative to their current values, even when relative magnitudes of parameters are unknown at

the start of the fitting process. To increase our chances of finding a global maximum of the like-

lihood function (and to avoid getting stuck in local maxima associated with particular parameter

guesses), we restarted all searches using thirty different random initial guesses per model. We se-

lected the local maximum that provide the greatest likelihood of the model, given the data. Figure

3.3 shows the result for such a fit using the “correct" model (i.e., Model 2) in which the rate k23

was assumed to be time-dependent. The corresponding best-fit parameter set for Model 2 using

the ODE fit was:

ΛFit = [1.7254, −1.0095, 0.1070, 0.0998, 3.0449, 2.2485, 1.6607, 0.2360]. (3.14)

These parameters are very different from the “true" parameters given in Eq. 3.7, suggesting that

although the ODE analysis provides excellent fits, it is insufficient for identification of the param-

eters.

3.4.3 Parameter Uncertainty Estimation for ODE Models

When maximizing the ODE-based likelihood of the model, given the data, we saw that it was

possible to find many combinations of models and parameters that match exceptionally well to the

simulated data. For example, Models 2 and 4 fit equally well to the data generated from Model

2, meaning that the ODE analysis was insufficient for model discrimination. We next explored
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Figure 3.3: Mean gene expression as a function of time for Model 2 after performing optimization to
determine the parameter set with the best fit to the averaged data. The light error bars represent the mean of
the data ± one standard deviation. The dark error bars represent the mean of the data ± the standard error
(100 independent samples per time point). The best ODE-fit parameter set for this model is given in Eq.
3.14.

the uncertainty in parameter space in order to understand how well the averaged experimental

data was able to constrain the parameters of the chosen model. To do this, we implemented the

Metropolis-Hastings (MH) algorithm (see Section 3.1.1) to explore posterior parameter uncertainty

in the model, given the simulated experimental data and the likelihood function in Eq. 3.13.

For our implementation of the MH search, we chose a proposal function in which we select

each parameter with probability of 0.5, and, for those selected, we change their logarithmic value

by adding a Gaussian-distributed perturbation with a mean of zero and a standard deviation of 0.2.

In MATLAB, this can be scripted as:

x = x + 0.2*randn(size(x)).*(rand(size(x))>0.5),

where ‘x’ is the vector of parameters in logarithmic space. For the MH search of parameter space,

we used a total chain length of 750,000 parameter sets with a burn-in of 250,000 ignored initial

parameter steps and a thin rate of ten ignored for every one recorded parameter set (see Section

3.1.1). Figure 3.4 shows a representative MH trajectory on the plane of parameters kr2 and γ for

Model 2.

Since the MH algorithm is random, each finite length run of this algorithm produces different

results. In practice, the MH algorithm should be run until convergence (e.g., until multiple inde-
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pendent chains with different initial starting parameter guesses converge, within some specified

metric and tolerance). Our analysis to compare the ODE model to the simulated data yielded the

following average parameter values:

ΛMH = [7.2673, 0.1012, 0.3457, 0.2072, 7.2478, 0.0706, 2.1825, 0.0923]

and the following large covariances for the parameters in logarithmic space:

ΣΛ =
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In Fig. 3.4, the ellipse depicts the 90% confidence interval in the parameters, with the (dubious)

assumption that the posterior parameter distribution is a multivariate lognormal distribution with

the mean equal to ΛMH and a covariance matrix equal to ΣΛ. Clearly, with the data available,

the model is not well identified despite excellent fits to the average data. This is an illustration

of the effect of model sloppiness, where parameters are highly uncertain in some directions, yet

potentially well-constrained in other directions within parameter space [112,113]. In Section 3.4.5,

we explore how stochastic analyses can dramatically improve model identification, even when

using the same model and the same data.

3.4.4 Simulation of Stochastic Gene Expression Models

Next, we simulate many stochastic trajectories for the gene regulation model, thus generating

potential single-cell mRNA distributions from the model. To do this, we define the stoichiometry

matrix and the propensity functions for each of the four possible models. Unlike the standard
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Figure 3.4: (A) Parameter uncertainty in logspace for parameters kr2 and γ, as determined by ap-
plying the Metropolis-Hastings algorithm to the ODE likelihood function (Eq. 3.13). The ellipse indi-
cates a 90% confidence interval, assuming a log Gaussian posterior. The magenta circle indicates the
true kr2 and γ parameter values. Two similarly good parameter sets were selected from this chain:
log10(Λ1) = [0.0705, −2.2859, −0.1497, −0.3444, 0.7181, −1.9591, −1.1805, −0.5304] and
log10(Λ2) = [0.1797, 0.5551, −0.7058, −1.1098, 0.4949, 0.3303, 0.6639, −0.6531]. For these
parameters sets, kr2 and γ are represented by the black x and +, respectively. (B) Comparison of the thresh-

olded covariances for each parameter combination from the ODE MH search, with the covariance values
thresholded at ±0.05. All covariance values whose magnitudes exceed 0.05 are shown in white. The (+)

and (-) symbols indicate positive and negative covariances, respectively.

SSA, one of the propensity functions in these models is a time-varying function. In this case, it is

necessary to adapt the SSA in a manner similar to that discussed in [114, 115]. This modification

corresponds to adding a fast reaction to the system, which has a large propensity function (w1 =

100/min), but which does not change the state of the system (S(:, 1) = 0). We ran 1000 SSA

trajectories for each of the four possible models, and we made histograms of the number of mRNA

in different cells at each point in time (using the resulting best fit parameters from Section 3.4.2).

A single SSA trajectory is shown Fig. 3.5A. In Fig. 3.5B, we plot the average of multiple sets

of 1000 SSA simulations versus time along with the ODE solution. In addition, Fig. 3.5C shows

different FSP distributions for the two parameter sets (given in the caption for Fig. 3.4) and the

simulated data at the same, specific time point. Despite producing excellent fits to the averaged

data (Fig. 3.5B), neither parameter set captures the bimodal behavior of the data, as shown in

Fig. 3.5C. This again shows that fitting the set of ODEs was not a sufficient strategy to extract all
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Figure 3.5: (A) Results from a single SSA trajectory for Model 2 using the best fit parameters, ΛFit,
obtained in Section 3.4.2. (B) Mean gene expression as a function of time from multiple runs of 1000
SSA trajectories using the best fit parameters compared to the deterministic solution and the experimen-
tal data. (C) Full distributions at 44 minutes for the two parameter sets, Λ1 and Λ2, compared to the
data and the exact distribution for the true parameters at the same time point. The true parameters are
ΛTrue = [0.20, −0.076, 0.050, 0.050, 16.0, 5.0, 0.10, 1.0] or equivalently log10(ΛTrue) =
[−0.6990, −1.1192, −1.3010, −1.3010, 1.2041, 0.6990, −1.0000, 0].

available information from our simulated single-cell data set, and the result suggests that fitting

full distributions could lead to improvements in parameter identification [22]. We examine this

possibility further in the next subsection.

3.4.5 Parameter Uncertainty Estimation for FSP Models

To improve upon the parameter uncertainty estimation results, we next utilized the Finite State

Projection (FSP) approach to re-explore the uncertainty in parameter space, given the single-cell

data. To accomplish this, we write the CME in the matrix ODE form:

dP

dt
= A(t)P(t), (3.16)

where P = [p1, p2, . . .] is the vector of probabilities of each state of the stochastic process,

and A(t) is known as the infinitesimal generator matrix. See [55, 57, 58, 97] for examples on

the construction and evaluation of this FSP formulation (Eq. 3.16) and the GITHUB folder at

“https://github.com/MunskyGroup/WeberPB/Matlab_Codes” for specific FSP codes for this sec-
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tion. Equation 3.16 can then be integrated in time to compute full probability distributions for the

gene regulation dynamics. We verified that the FSP analysis produced distributions that matched

to the SSA results in the previous section (Fig. 3.5C, compare bars and dashed line). With the FSP-

computed probability distributions, the likelihood of the data, given the model, is easily computed

using the expression:

log (LFSP(D|Λ)) =
Nt
∑

i=1

Nr
∑

j=0

nij log(p(j|ti,Λ)), (3.17)

where Nr is the maximum number of mRNA observed in a single cell, nij is the number of cells

with exactly j mRNA at the ith time point, and p(j|ti,Λ) is the probability to have j mRNA at that

time, given the model parameters in Λ, as discussed in [55, 58]. The corresponding log-likelihood

of the model, given the data, can be written (using our previous definition of the prior) as:

log (LFSP(Λ|D)) = C − log(P (D)) +
Nt
∑

i=1

Nr
∑

j=0

nij log(p(j|ti,Λ))−
8
∑

k=1

log10(λk)
2

8
, (3.18)

where C is a constant that is independent of the parameters. With this new likelihood function,

we again implemented the MH algorithm to explore parameter uncertainty in the model, given the

full information within the simulated single-cell data. In comparison to the parameter uncertainty

estimation using the ODE analysis, our analysis using the FSP approach yielded substantially lower
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covariances for the parameters, as seen in the logarithmic covariance matrix:

ΣΛ =


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Figure 3.6: Data distributions compared with FSP distributions for Model 2 (using the FSP best fit parameter
values) at specific time points.

The FSP distribution results are presented in Figs. 3.6 and 3.7. Figure 3.6 shows that the

FSP distributions resulting from the identified parameters match closely to the data distributions

at the time points presented and capture the bimodal behavior of the data. Unlike the ODE anal-

ysis, the FSP was able to recover the correct model (i.e., Model 2) from its fit to the simulated

data. Moreover, Fig. 3.7 shows that there is substantially less parameter uncertainty when the

Metropolis-Hastings search is performed with the FSP instead of the ODE analysis. Figure 3.8

shows the true parameter values compared to the average estimated parameter values for Model

2 from the ODE and FSP searches of the parameter space. For nearly all of the parameters, the

FSP search yields substantially closer estimates of the true parameter values and has much lower
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Figure 3.7: (A) Parameter uncertainty for kr2 and γ, as determined using the FSP likelihood function (Eq.
3.18) in the Metropolis-Hastings analysis of Model 2. The ellipse indicates a 90% confidence interval. The
magenta circle indicates the true kr2 and γ values. (A Inset) To provide a scale reference, the FSP-MH
results are compared to the ODE search results for the same data set. (B,C) Comparison of the thresholded

covariances for each parameter combination from the ODE MH search (B) and the FSP MH search (C),
using the thresholding procedure described in the caption of Fig. 3.4 caption. The (+) indicates a positive
covariance and (-) indicates a negative covariance.

Figure 3.8: Bar plot showing the true parameter values compared to the mean parameter values from the
ODE MH search and the FSP MH search for Model 2. The error bars represent the mean parameter value
± one standard deviation.

standard deviations for the parameter estimates as compared to ODE-based search. The only ex-

ception to this observation, for parameter k23(0), is easily explained by the fact that this reaction

(Eq. 3.2) is saturated and, therefore, unobservable for much of the system trajectory. It is also

worth noting that, in addition to providing better parameter estimates and lower uncertainty, the

FSP-based analysis required far shorter MH chains to explore parameter space before converging

around the global minimum.
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3.4.6 Directions of Parameter Uncertainty

To quantify and compare the model sloppiness after parameter estimation using the ODE and

FSP analyses, we examined the eigenvectors and eigenvalues of the MCMC results (in logarithmic

space). The square-root of the largest eigenvalue and its corresponding eigenvector quantify the

magnitude and direction of the greatest component of parameter uncertainty (also known as the first

principal component or PC). The second eigenvalue/eigenvector pair characterizes the next most

variable direction, and so on. Figure 3.9A shows the magnitudes of the eight ranked PCs for the

ODE (red) and FSP (black) analyses. The solid lines in Fig. 3.9A correspond to identification using

the initial condition (S1 and R = 0) as presented above, and the dashed lines correspond to using a

different initial condition defined by the steady-state distribution in the absence of external input.

For this particular combination of input signal and sampling frequency, the two different initial

conditions yield similar results for the contrast between the ODE and FSP analyses. However, we

note that both the ODE and the FSP analyses are slightly more variable when the initial condition

is defined by the steady-state behavior in the absence of the activating signal.

Figures 3.9B-E show the directions of all eight PCs on the log10(kr2) × log10(γ) plane for the

FSP and ODE analyses with the two different initial conditions. For the FSP analysis with the

zero-activation initial condition (Fig. 3.9 B), the first PC explains 86% of the total uncertainty, and

only three PCs are needed to explain more than 95% of the total uncertainty. Moreover, parameters

kr2 and γ are linearly related to one another (i.e., their logarithms co-vary with a ratio of one) in

each of the first three PCs, and Fig. 3.9B shows almost no uncertainty except on a single line with

unit slope (Fig. 3.9C shows the same trend for the other initial condition). In contrast, six of the

eight of the possible PCs are required in order to explain the total uncertainty in the ODE analysis,

and Figs. 3.9C,E show that all of these PCs have significant variation in the log10(kr2) × log10(γ)

plane, for either initial condition.
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Figure 3.9: Principal component analysis of the posterior uncertainty after parameter estimation. (A) The
magnitude of uncertainty (i.e., parameter variances) for the FSP (black) and ODE (red) analyses, ranked
from the least to the best constrained directions in parameter space. Solid lines denote results using the initial
conditions described in the text, and dashed lines denote the identification results assuming that the initial
conditions are determined by the equilibrium condition in the absence of external signal. (B,C) Directions
and magnitudes (± two standard deviations) of the principal components on the log10(kr2) versus log10(γ)
plane using the (B) FSP analysis or (C) ODE analysis. Panels (B,C) use the initial conditions described in
the text, and (D,E) use the zero-input steady state as the initial condition. For scale comparison of scales,
the black box is the same size in every panel, and the magenta circle denotes the true parameter set.

3.4.7 Importance of Experiment Design

Up to this point, we have demonstrated that the type of analysis chosen (i.e., an ODE- or

FSP-based likelihood function) to examine experimental data is crucial in model and parameter

identification. We have also observed that the type of initial condition can have a smaller, but still

significant quantitative effect on parameter identification. We now briefly explore how different

experimental designs can affect parameter identification results. To demonstrate this concern, we

fit the data and performed MH searches of parameter space for multiple different experiments (i.e.,

different input signals). Specifically, we compared the original input signal, given in Eq. 3.1, with

two additional input signals, which are as follows:

Y2(t) =











0 for (t ≤ 5)(t ≥ 70)

2 for t ∈ (5, 70)











, (3.20)
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Y3(t) =











0 for (t ≤ 5)(t ≥ 70)
(

2
65
t
)

−
(

2
13

)

for t ∈ (5, 70)











, (3.21)

where both additional input signals begin at time t = 5 min and end at time t = 70 min, similar to

Y1(t).

Figures 3.10 and 3.11 illustrate how the three different experimental designs (i.e., three dif-

ferent input signals) lead to dramatically different parameter uncertainties, using the ODE and the

FSP likelihood functions, respectively. In all figures, we assume the exact same amount of data, but

the effects on which parameters are tightly identified and which remain uncertain is non-trivially

dependent on the input signal. Moreover, input signals that are best for one type of analysis may

not be the best choice for a different analysis (for example, compare Figs. 3.10G to 3.11G).

Figure 3.10: (A) Uncertainty in kr2 and γ given three different input signals, as determined by the ODE-
based MH analysis of Model 2. The ellipses indicate a 90% confidence interval. The magenta circle indicates
the true kr2 and γ parameter values. (B,C,D) Three different input signals and (E,F,G) the corresponding
comparison of the thresholded covariances for each parameter combination from the ODE MH analysis.
The (+) indicates positive covariances and (-) indicates negative covariances.

To further demonstrate how important experimental design considerations are to obtain accu-

rate prediction of gene regulation dynamics, we make model predictions of FSP distributions at

different times and for multiple different experiments (i.e., different input signals). In these pre-

dictions, we use the best-fit parameter sets from the FSP-based searches for all four models (each
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Figure 3.11: (A) Uncertainty in kr2 and γ given three different input signals, as determined by the FSP-
based MH analysis of Model 2. The ellipses indicate a 90% confidence interval. The magenta circle indicates
the true kr2 and γ parameter values. (B,C,D) Three different input signals and (E,F,G) the corresponding
comparison of the thresholded covariances for each parameter combination from the FSP MH analysis. The
(+) indicates positive covariances and (-) indicates negative covariances.

with a different time-dependent transition rate and obtained using the original input signal given in

Eq. 3.1). The potential input signals are Y2(t) (Eq. 3.20), Y3(t) (Eq. 3.21), and Y4(t), given by:

Y4(t) =











0 for (t ≤ 5)(t ≥ 70)

1− cos
(

2πt
15

)

for t ∈ (5, 70)











. (3.22)

Figure 3.12 shows predictions for these 3 potential input signals (left, middle, right columns)

for two potential time points (middle, bottom rows), assuming the 4 different models that were

identified using the original experiment (different colors). By examining these predictions, we

can gain insight into which experiments might be more informative. For example, at t = 30 min

(middle row), an experiment with input signal Y2(t) (left column) or Y3(t) (middle column) would

enable us to differentiate easily between the models, whereas input signal Y4(t) (right column) is

unlikely to differentiate between the models. Furthermore, measuring the output at t = 30 min is

clearly more informative than at t = 100 min (compare Figs. 3.12D-F with 3.12G-I ).
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Figure 3.12: Predictions of the FSP distributions for all four model numbers at two different time points
for three different experiments (with input signals shown in Eq. 3.20 - 3.22). Each model uses the best
parameter set found during the fit to the original input signal in Eq. 3.1.

3.5 Summary and Conclusions

In this article, we explored the application of various computational techniques (such as ODE

analyses [32–37], stochastic simulations [38–49], and finite state projections [51–60]) to under-

stand the dynamics of single-cell gene regulation. In particular, we focused on a class of sim-

plified multi-state gene regulation models that has previously been fit to experimental single-cell

data [1,2,22], and we used a combination of simulated single-cell data and different modeling pro-

cedures to explore how well one could identify models and parameter uncertainties from discrete

stochastic data. Additionally, we discussed the importance of experiment design and illustrated

how different initial conditions or experiments can be more informative than others for model

identification. In addition to changing the initial conditions or input conditions, additional infor-

mation can be gained from system response by adjusting the times at which measurements are

taken. Although there have been many recent developments toward model-driven experiment de-

sign for ODE analyses [99, 116], the development of experiment design methods for stochastic

gene regulatory systems remains an active field of investigation [99, 117]. Moreover, our analyses

show that fitting ODEs to dynamical data may not be adequate for parameter identification and
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discerning parameter uncertainty (even when models are relatively simple), and we discussed the

fact that fitting full distributions (e.g., using an FSP likelihood function) may lead to substantial

improvements, even when considering the same model and same data. These results argue that

the integration of discrete stochastic models and single-cell data could open new possibilities for

improved model identification, even in cases where traditional ODE analyses have failed due to

excessive parameter sloppiness.

In our current study, we focused on the analysis of mRNA levels as can be measured precisely

with single-molecule resolution and fast temporal resolution using single-molecule Fluorescence

in situ Hybridization [1, 10, 11, 22]. Similar tools and stochastic model can also be applied to the

analysis of protein variations, although such analyses must contend with additional complications,

such as slow protein translation or activation dynamics that can filter out the fast transcriptional

responses [94] or added background noise (e.g., cellular autofluorescence) that must be convolved

with the model-generated protein signal [118]. Despite these issues, single-cell flow cytometry data

have been successfully combined with stochastic models to generate accurate predictive models for

single-cell protein distributions [118, 119]. We assumed the possibility of rich and well measured

time-varying input signals, which can be temporally controlled through alteration of environmental

conditions and quantified with time-lapse fluorescence microscopy [1, 2, 105–107].

To make these approaches more accessible, we have developed a GUI, which is freely available

on GITHUB in the folder “https://github.com/MunskyGroup/WeberPB/GUI”. The GUI, shown in

Fig. 3.13, provides an opportunity for users to specify any input and model number and to per-

form the analyses outlined throughout, evaluate results, and generate figures. In addition, the GUI

enables the automatic generation of simulated data using SSA for user-specified parameter sets

and models, or to import a previously generated data file to perform the analyses outlined in this

exercise. The GUI requires PYTHON and the packages: NUMPY, SCIPY, and MATPLOTLIB.
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Figure 3.13: Screenshot of the provided GUI, which can be utilized to perform all analyses outlined
throughout, including generating simulated data sets and producing desired plots.
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Chapter 4

Deconstructing the kinetic rates of binding and

site-unwinding in structure-mediated nucleic acid

interactions3

4.1 Introduction

Proper cellular function relies on proteins, RNA, and DNA adopting the correct structural

conformations to support biological activity. Dynamic changes in the structures of nucleic acid

molecules allow for a wide variety of interactions that are critical to cellular processes. One par-

ticular example is DNA unwinding, or the process of the melting of a DNA strand that makes

it stably single-stranded, which exposes a target nucleotide sequence to other molecules, such

as enzymes, proteins, and various additional molecules involved in DNA replication, repair, and

transcription [27–29]. These DNA structural changes and their associated interactions are sen-

sitive to changes in multiple variables, such as DNA supercoiling, ionic strength, and tempera-

ture [120, 121]. Cellular processes can also dynamically affect the local, or even global, DNA

structure they act upon, promoting or inhibiting further interactions [121–124]. Despite the impor-

tance of DNA structural kinetics and interactions to many cellular processes, there is insufficient

information on their dynamics.

Controlling interactions between biomolecules and target DNA sites is also of increasing im-

portance within the biotechnology community. New gene editing techniques, such as CRISPR-

3The work discussed in this chapter has been done in collaboration with Shane Scott, Cynthia Shaheen, Brian Munsky,
and Sabrina R. Leslie. Experimental data modeled in this work has been provided by Shane Scott and Sabrina R.
Leslie, and are published in Scott, et al. (2018) [3] and Scott, et al. (2019) [4]. Computational analyses and modeling
presented here were completed by me. In this manuscript, the text has been authored by both Shane Scott and me. I
have primarily authored the introduction and text regarding the modeling and results, while Shane Scott has primarily
authored the text related directly to physical interpretations. While portions of the models developed and used here
have been published in Shaheen, et al. (2022) [26], much of the work presented here is currently unpublished.
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Cas9, employ guide-RNA oligonucleotides (oligos) that bind to complementary DNA sequences

as a first step in genetic modification processes within living cells [86, 87]. Beyond gene edit-

ing applications, understanding DNA structural transitions, such as unwinding, and their subse-

quent interactions could have a profound impact on the development of oligonucleotide therapeu-

tics [12, 125]. As such, these techniques would benefit from a more sophisticated understanding

of DNA unwinding and rewinding dynamics as functions of supercoiling, temperature, or ionic

conditions, and their role in mediating nucleotide interactions.

Previous studies have performed experimental and computational analyses to explore confor-

mational changes of RNA or DNA molecules in relation to environmental conditions or mechanical

stress, many of which utilize molecular dynamics (MD) simulations [126–141]. Liangruksa and

Wongwises (2018), for example, applied Kirkoff’s rod model to evaluate the elastic behavior and

DNA conformational changes resulting from an increase in temperature [130]. Kruithof and van

Noort [138] and Bian, et al. [139] used Markov Models to explore the conformational dynamics

of DNA, where the transitionary events were assumed to be stochastic, dependent only upon the

previous state of the system [141]. In addition, Ghosh, et al. [134] utilized Monte Carlo (MC) and

MD simulations to analyze the effects of ionic strength on DNA conformational changes. Works

that analyze the binding dynamics of DNA have also been performed [142–148]. For example,

Palermo, et al. [149] explored conformational changes and binding dynamics in relation to the

CRISPR-Cas9 gene editing system using MD simulations. Additionally, Zarrabi, et al. [150] used

hidden Markov models to investigate conformational changes and binding dynamics related to the

formation of the TBP-NC2-DNA complex. Studies have also been performed on analyzing and

modeling DNA microarray data, including using Markov Chain Monte Carlo (MCMC) simula-

tions for parameter estimation [151–153]. While these previous studies have simulated or modeled

the effects of temperature, supercoiling, or ionic strength on DNA structural transitions or subse-

quent binding dynamics independently, these factors all act upon nucleic acids simultaneously in

vivo. It is thus necessary to develop a more general model that incorporates all of these variables at
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the same time to determine their collective importance to DNA structural changes and concurrent

interactions.

In this work, we present a simple computational model that quantitatively captures both the

structural transition of double-strand DNA (dsDNA) to an unwound (stable single-stranded) struc-

ture and the binding dynamics of a complementary DNA-oligonucleotide probe. We investigate

these dynamics as a function of several variables: temperature, salt concentration, and DNA su-

percoiling. The model consists of a three-state Markov Chain that describes the unwinding and

rewinding dynamics of the DNA double-helix and subsequent oligonucleotide probe binding dy-

namics. We fit our model to experimental data of DNA unwinding and probe binding to a particular

site on plasmid DNA [3, 4] using a modified genetic algorithm to find parameters that maximize

the likelihood of the data, and we use Markov Chain Monte Carlo (MCMC) simulations (i.e., the

Metropolis Hastings algorithm [61]) to quantify parameter uncertainties.

4.1.1 Experimental Methods

Recently, Scott, et al. (2018, 2019) presented a novel means of observing DNA unwinding

and interactions between a known unwinding region and a fluorescently-labeled DNA oligo probe

[3, 4]. Using Convex Lens-induced Confinement (CLiC) microscopy, a small portion of a solution

containing pUC19 plasmid molecules and oligos complementary to a known pUC19 unwinding

region (Site 1, associated with the origin of replication in pUC19) were trapped in 3 µm-diameter,

500 nm-deep wells. In these wells, it was possible to monitor the interactions occurring in the large

sample volume by recording multiple short videos, each of a fresh sampling of molecules from

the larger reaction volume, thus characterizing system behavior over a long period of time. By

counting the number of interacting molecules within a sample as a function of temperature, ionic

strength, and supercoiling, it was observed that binding increased with increasing temperature and

supercoiling, or with decreasing solution ionic strength [3, 4].

While these works validated the experimental technique, the model used to extract the reaction

rate between plasmids and oligo probes and to quantify DNA opening was unable to accurately
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measure the unwinding and rewinding rates. Previously, it was assumed that plasmid unwinding

and rewinding were very slow compared to the timescale of plasmid-probe binding, and these rates

were ignored in the mathematical model. Though experimental controls supported these assump-

tions, the presented binding curves never quite reached stable equilibrium, showing binding to

increase slightly with time at late experimental timescales. Such a weak time dependence suggests

that unwinding and rewinding may indeed affect the probe-plasmid binding interactions, even if

only slightly. Thus, by applying a more complex modeling approach, we hypothesize that it may be

possible to simultaneously extract multiple kinetic rates from this data: those of binding, unbind-

ing, unwinding, and rewinding. These dynamic processes occur frequently within living cells, but

their values and how they interact with one another are relatively unknown. Quantifying these rates

could therefore provide important insight into cellular processes, and increase our understanding

of DNA structure and interactions.

4.1.2 Modeling Approach

This work builds upon Scott, et al. (2018, 2019) by applying new computational models to

investigate the structural dynamics of unwinding and rewinding in Site 1, and the subsequent in-

teraction kinetics between this site and complementary oligo probes. Figure 4.1A illustrates this

system using three distinct, reversible conformations (‘closed’, ‘open’, and ‘bound’) of the oligo-

plasmid system. In our computational analyses, C corresponds to the closed DNA plasmid with no

bound oligo probe (wound structure); O corresponds to the open DNA plasmid and unbound oligo

probe (unwound structure); B corresponds to the open, bound oligo-plasmid system (bound struc-

ture), and U corresponds to the unbound oligo probe. Here, we examine the possible transition

rates between C, O, and B, and determine their dependence upon temperature (T ), ionic strength

([S]), and/or DNA supercoiling (σ).

When modeling the interacting oligo-plasmid system, we assume a set of four transition events

between the closed, open, and bound conformations: plasmid opening, i = o, plasmid closing,

i = c, oligo binding, i = b, and oligo unbinding, i = u, each with a corresponding transition rate
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Figure 4.1: A) A schematic of the 3-state Markov Chain used to describe the three conformational structures
of the oligo-plasmid system over time. Each transition rate, ki, is potentially dependent upon temperature,
salt concentration, and/or DNA supercoiling. B) Spatial variance vs. time for an experimental oligo-plasmid
binding event, including raw and smoothed data, as well as the corresponding conformational structures. The
data was obtained at T = 31◦C, 22.5 mM total ionic concentration, and a plasmid with ⟨σ⟩ = −0.151.

of ki. These transitions are assumed to follow the principles of a Markov chain: they are stochastic,

with transition rates dependent only upon the current state (conformation) of the system. Here, the

plasmids and oligos are assumed to be well-mixed prior to imaging. All transition rates are non-

negative, and each could depend upon one or more of the experimental conditions (T , [S], σ). To

ensure that the reaction rates are positive in all environments, we define each reaction rate using

the form:

ki = ef(T−T0,S−S0,σ−σ0),

= ef(∆T,∆S,∆σ), (4.1)
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where f is an unknown function that we wish to identify from experimental data. For convenience,

Eq. 4.1 is defined relative to a reference temperature, T0 = 310 K, reference ionic strength, [S]0 =

22.5 mM, and reference supercoiling, ⟨σ0⟩ = −0.108. We reasoned that the simplest form for f

should be affine linear in each of the independent variables, such that:

ki = eki,0+αi,T∆T+αi,S∆S+αi,σ∆σ,

= eki,0eαi,T∆T eαi,S∆Seαi,σ∆σ. (4.2)

Under this definition, ki,0 is the baseline value for each transition rate, which ensures that all

transition rates are positive; this baseline value also ensures that the transition rate is non-zero

if it is independent of all experimental conditions. The αi,y denotes how strongly the structural

transition depends upon the corresponding independent variable (represented by y), with positive

or negative values corresponding to either an increase or decrease in that rate (depending upon

the sign of the experimental variable), respectively. Null values correspond to an independence of

that reaction with respect to the experimental variable. As a special case, if a transition rate is not

dependent upon any of the experimental conditions, or if the system is operating at the baseline

conditions (T0, [S]0, σ0), then the transition rate is reduced to the baseline value, ki = eki,0 .

We also note that this choice of general definition for the dependence of the rates on the pa-

rameters is similar to the Arrhenius equation (at least for the case of small temperature variations),

in which the dependence of ki on temperature would be assumed to be:

ki(T ) = Ae(
−Ea
RT ). (4.3)

If we apply the Taylor Expansion to the term inside the exponential, this becomes:

ki(T ) = Ae
−Ea
R

(

1
T0

−
T−T0
T2
0

+
(T−T0)

2

T3
0

−...

)

, (4.4)
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assuming that |T − T0| ≪ T0 and rearranging terms yields:

ki(T ) ≈ eki,0eαi,T∆T , (4.5)

where ki,0 = − log(A)Ea/RT and αi,T = Ea/RT 2
0 . However, because the Arrhenius equation

assumes the sign of the dependence (i.e., higher temperatures lead to faster rates), and such effects

are not known for the other system parameters, we choose the more general formulation detailed

in Eq. 4.2.

For each experimental condition, multiple model classes are considered. Each model class

consists of a unique combination of transition rate (ki) dependencies on the experimental variable

of interest. This results in a set of model classes for each experimental variable that encompass all

possible combinations in which zero, one, two, three, or four of the transition rates are dependent

upon that variable.

The concentrations for each element of the oligo-plasmid system evolves over time, and can be

described by the coupled set of Ordinary Differential Equations (ODE) shown in Eq. 4.6 - 4.9.

d[C]

dt
= −ko[C] + kc[O] (4.6)

d[O]

dt
= ko[C]− kc[O]− kb[O][U ] + ku[B] (4.7)

d[B]

dt
= kb[O][U ]− ku[B] (4.8)

d[U ]

dt
= −kb[O][U ] + ku[B] (4.9)

where [X] indicates the concentration of X . Because the total numbers of plasmids and oligos are

both assumed to be constant, these four ODEs can be simplified with two algebraic constraints:

[O]T = [B] + [U ], (4.10)

[P ]T = [C] + [O] + [B]. (4.11)
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where [O]T is the total oligo concentration and [P ]T is the total plasmid concentration. This allows

for the oligo-plasmid system to be described using two ODEs instead of four, which are reduced

forms of Eq. 4.6 and 4.8 in terms of only [C] and [B]:

d[C]

dt
= −ko[C] + kc([P ]T − [C]− [B]) (4.12)

d[B]

dt
= kb([P ]T − [C]− [B])([O]T − [B])− ku[B] (4.13)

Initially, the concentrations of DNA plasmids in the C and O conformations (closed and open

structures) are in equilibrium, with no oligo probes available for binding. Using the total plasmid

concentration [P ] = [C] + [O] + [B] = 21.1 nM, known experimentally, the initial state vector is

expressed as:

[[C]0, [B]0]] =

[

kc
ko + kc

[P ]T , 0

]

. (4.14)

In each experiment, oligos are added to the solution at time t0, and we estimate a 300 second delay

to account for the time required to prepare and load the samples before imaging.

For each experimental data set (denoted by e = 1, . . . , NExp) and time point (denoted by ti for

i = 1, . . . , Nt), the fraction of oligos that are bound to plasmids was measured as µS(ti, e), and the

standard error of this measurement was estimated as σSEM(ti, e), both using 10 independent mea-

surements scaled per 100 wells. To find the model that most accurately captures these experimental

data, we assume that the measurement noise is Gaussian and independent for each time point such

that the likelihood to observe the observed fraction of bound oligos in a given experiment is

Le = Ce

Nt
∏

i=1

exp

(

−(x(ti;Λ, e)− µS(ti, e))
2

2σ2
SEM(ti, e)

)

, (4.15)

where x(ti;Λ, e) is the model-predicted fraction of bound oligos in experiment e at time point ti

and using parameters Λ, and Ce is a normalization constant that does not depend on the parameters.

Since all experiments are independently conducted, the likelihood to capture all experiments at
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once is the product of the individual likelihood values:

L =

NExp
∏

e=1

Le =

NExp
∏

e=1

Ce

Nt
∏

i=1

exp

(

−(x(ti;Λ, e)− µS(ti, e))
2

2σ2
SEM(ti, e)

)

. (4.16)

The total loss function for the parameter optimization is the natural logarithm of this likelihood

function:

Jfit = − log(L) = C +

NExp
∑

e=1

Nt
∑

i=1

(x(ti;Λ, e)− µS(ti, e))
2

2σ2
SEM(ti, e)

, (4.17)

and is equivalent to the sum of squared scaled residuals (SSR) between the data and each model.

We minimize this loss function using MATLAB’s genetic algorithm followed by MATLAB’s fmin-

search to determine the parameter set, Λ, which minimizes the SSR. We constrain ki,0 such that

-18<ki,0<18 and αi,y so that -1000<αi,y<1000, which allows kinetic parameters to range over more

than 14 orders of magnitude, but reduces numerical issues associated with unrealistically large or

small rate parameters.

Parameter searches for all models are conducted iteratively from many different initial param-

eter guesses, allowing all models to exchange parameters during the initial stages of the genetic

algorithm; all model searches are continued until all fits have converged for every individual model.

The models that minimize the loss function, Jfit, most accurately reproduce the data and are kept

for further testing.

As an additional measure to focus on models that capture the experimental data without over-

fitting, we perform leave-one-out cross-validation to determine which models best predict data that

is held out during fitting. Finally, we calculate the overall cross-validation error, ⟨Jtot⟩CV :

⟨Jtot⟩CV =
1

NCV

NCV
∑

i=1

Jtot, (4.18)

where Jtot is the total error for each individual cross-validation model based upon its fit error,

Jfit, and prediction error, Jpred. Models with the lowest overall cross-validation error, ⟨Jtot⟩CV ,
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demonstrate the most accurate combinations of fits and predictions and are retained in the best

classes of models, given the available training data.

Combined Model

Using the model classes that best fit the experimental data to each variable independently, a

combined model is constructed that best fits the data while considering all variables at once. By

considering all variables simultaneously during the fitting, this combined model more accurately

determines which variables are most important for each conformation transition. To construct the

general models, we use combinations of the two to four model classes with the smallest ⟨Jtot⟩CV

for each individual experimental variable (temperature, ionic strength, and supercoiling). Ap-

plying the Metropolis-Hastings (MH) algorithm [5, 61] to these model classes estimates the pa-

rameter set, ΛMH, that results in the best model with multiple dependencies, and also quantifies

the uncertainty associated with each parameter. For the proposal function in the MH algorithm,

we use a Gaussian distribution with a covariance matrix equal to the inverse of the Fisher In-

formation Matrix (FIM) [154]. This is computed using finite differences at the best fit parame-

ters and known experimental conditions, though many sampling strategies exist when perform-

ing an MCMC search [62, 155]. This choice was motivated by the Cramér-Rao lower bound

(CRLB) [156], which states that the inverse of the FIM gives a lower bound on the variance of

unbiased maximum likelihood estimations (MLE). It was reasoned that the posterior distribution,

given the data set, would be broadly similar in shape to the spread of MLE estimates from many

independent data sets. We use the Λ values obtained from the previously determined models as

the initial sampling point for the MH algorithm. Also, we use a thin rate of 50 in the MH search,

meaning we only record every 50th accepted sample and discard all others, decreasing storage re-

quirements for the large chains generated during this process. Mixing was confirmed using Geweke

diagnostics [157] and integrated autocorrelation times (IACT) in MATLAB’s MCMCSTAT package.
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4.2 Results and Discussion

To identify the optimal model that captures the dynamics of the interacting oligo-plasmid sys-

tem as a function of T , [S], and σ, each condition is first modeled individually. As discussed

above, the overall cross-validation (CV) error is the metric used to determine the best individual

models. The individual results for each variable are subsequently employed to identify the best

model capable of fitting all environmental conditions simultaneously. The MH algorithm is then

used to estimate the parameters and their uncertainties for this combined model.

4.2.1 Temperature

Five experimental data sets for the number of binding events per 100 oligonucleotide molecules

are considered when modeling T effects, each at a different temperature, T (301, 304, 307, 310,

313)K. Each of these experiments was conducted at the reference ionic strength, [S], of 22.5 mM

and the reference supercoiling, ⟨σ⟩, of −0.108. As a result, the full functional form of the rate

equation (Eq. 4.2) for T -dependent transitions is reduced to:

ki(T ) = eki,0+αi,T (T−T0). (4.19)

The experimental data and fit results for DNA oligo-plasmid binding as a function of time for the

best model class for T -dependent binding are shown in Fig. 4.2A, along with shaded regions that

demonstrate the variation in model fits resulting from cross-validation. It is clear in this figure that

DNA plasmid-probe binding increases as T is increased.

The Jfit and ⟨Jtot⟩CV for T -dependent binding for all model classes are shown in Fig. 4.2B.

When each model has reached convergence, we verify that the total error when the model is fit to

all data (Jtot = Jfit) is always lower than the total error (Jtot = Jfit + Jpred) when that model is

fit to only four data sets and then used to predict the final data set. This can be seen by comparing

the corresponding red and blue symbols for each model class in Fig. 4.2B. We also verify that

for every possible pair of nested models and every combination of fitting data, the more complex

model always produces a better fit than the less complex model. Additionally, for a given number
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Figure 4.2: Results for Temperature-Dependent Binding. A) Experimental data and fit with Model 1To
of

binding per 100 oligos, averaged over 10 different videos versus time at different T . Data are shown with
symbols and error bars that are the standard error of the mean (SEM) of binding per 100 oligos, averaged
over 10 videos. The thick dashed lines correspond to the best simultaneous fit to all data. Shaded regions
correspond to the mean plus or minus one standard deviation from the mean using cross validation, leaving
out one time trace at a time. B) Model Errors (SSR) for the best models at each combination of either zero,
one, two, three, or four T -dependent ki. The total number of parameters (ki,0+αi,y) is shown on the x-axis,
along with the corresponding number of T -dependent αi,y in parentheses. The red symbols correspond to
Jfit for the models that best fit all of the data. Blue symbols indicate the ⟨Jtot⟩CV for all data when the
models are fit to all combinations of four out of the five trajectories. Filled symbols indicate the models
in D. Models are clustered by numbers of parameters and ranked left to right according to fit errors. C)
Schematic of the model with the best ⟨Jtot⟩CV , which has one T -dependent rate, {ko}. D) Parameters, error
values, and the number of parameters for four models with the best ⟨Jtot⟩CV . Model 1(To) is depicted in
C. Standard deviations for the ⟨Jtot⟩CV for Models 1(To) through 4(Tc) are 9.02, 8.76, 9.73, and 12.75,
respectively.

of parameters, there is an optimal model class that exhibits a better overall CV error, as shown by

the blue symbols in Fig. 4.2B. The blue line visualizes the best overall CV error as a function of

the number of parameters and demonstrates that the optimal number of T -dependent parameters

is one. Below this optimal number of parameters, the best overall CV error is higher because the

models have too few parameters to adequately fit the data. With more than this optimal number of

parameters, the model is overfitting the data and is unable to predict the held out data.

Figure 4.2C illustrates the model selected by cross validation for T -dependent binding, and Fig.

4.2D shows the corresponding parameter values for this model, Model 1(To), which has one T -

dependent transition rate: ko. Whether temperature enhances or inhibits a transition is indicated by

the signs of αo,T , αc,T , and αb,T . A positive αi,T corresponds to an increase in ki with temperature,

57



and a negative αi,T corresponds to a decrease in ki with temperature. All four models in Fig.

4.2D have very similar Jfit and ⟨Jtot⟩CV , with the strongest similarities between Model 1(To) and

Model 2(Tb). Due to these similarities, as well as an equal number of parameter in Model 1(To)

and Model 2(Tb), it is difficult to clearly identify which of these two models is definitively better.

This difficulty is magnified by the results presented in Table 4.1, which show the mean parameter

values plus or minus one standard deviation from cross-validation for the top four models.

For Model 1(To), substantial variation is present in the CV results for kb,0, kc,0, and ku,0. For

kc,0 and ku,0, most of this variation is a result of the CV model in which the data at the highest

temperature, 313 K, is left out. This CV model has a higher total error,Jtot, than the others also,

which is mostly due to the poor predictive capability of this model for that specific data set com-

pared to the other CV models. However, for the CV model with a very different kb,0 value from the

others is the one in which the data at the same temperature as the reference temperature, 310 K,

is left out. For Model 2(Tb), there is less variability in the CV results for many of the parameters,

except there is substantially variability in ko,0. Once again, this variability is due to the CV model

in which the data at the highest temperature, 313 K, is left out, which once again also has a higher

total error,Jtot, than the others due to the poor predictive capability of this model for that data set

as compared to the other CV models.

Model 1(To) demonstrates that increasing T has a slight stimulatory effect on the opening

transition rate (ko), as can be seen by the positive αo,T . The stimulatory effect of T on DNA

unwinding is not surprising: as temperature increases, there is more thermal energy that can drive

DNA denaturation. The small magnitude of this stimulatory effect may be due to the second

unwinding site (Site 2) present on the pUC19 plasmid, which unwinds at higher energies (caused

by increasing T or σ), and has been shown experimentally to take some of the energy used by Site

1 for unwinding [3, 158]. According to Model 1(To), the increase in plasmid-probe interactions

seen in the experimental data is due to an enhancement in DNA opening, increasing the site’s

exposure to its complementary oligo probe. These results have important biological implications:
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Table 4.1: Cross-Validation (CV) Results for Temperature-Dependent Binding. Mean parameters from
cross-validation, error values, and the number of parameters for the four models with the best ⟨Jtot⟩CV ,
shown in Fig. 4.2. CV results are presented as the mean plus or minus one standard deviation from the
mean.

at physiological temperatures (37◦C) that match the higher experimental T presented here, binding

sites may be more available to interact with important cellular machinery.

In contrast, Model 2(Tb) demonstrates a stimulatory effect on the probe-plasmid binding rate

(kb). This effect follows from reaction kinetics, where more thermal energy drives molecular dif-

fusion, increasing the probability for the reactants to collide and react. Interestingly in this model,

while the closing rate is independent of T (αc,T = 0), the overall rate is significantly higher than

the opening, binding, and unbinding rates (i.e., kc,0 >> ko,0, kb,0, and ku,0). For biological sys-

tems, a very high closing rate is problematic: interactions with DNA sites that close too quickly

would be difficult as these sites would only be available for interaction for very short time periods.

Since neither opening nor closing are thermally-driven according to this model, higher temper-

atures would be required for cells to function properly as it would sufficiently increase binding

enough to overcome this steric hindrance. Model 3(Tbc) in Fig. 4.2D has two T dependencies: kb

and kc. Here, T has a stimulatory effect on both the probe plasmid binding rate (kb) and the closing

rate of the plasmid (kc). Despite an additional T -dependency, the magnitudes of all of the transition

rates are surprisingly similar between this model and Model 2(Tb), suggesting redundancy in the

use of model parameters when considering temperature data alone. Additional data to quantify the
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combined effects of supercoiling and ionic strength in addition to temperature could further refine

the ⟨Jtot⟩CV and Jfit values, and allow for a clearer distinction between models for this system, as

we will explore in the subsequent sections.

4.2.2 Supercoiling

The flexibility of DNA structural changes is heavily controlled by the under- or over-twisting

of the DNA double-helix, known as supercoiling. Supercoiling is quantified through the linking

number Lk, which is defined as the sum of the twist Tw (the number of times a DNA double-helix

turns about itself) and the writhe Wr (where one part of the DNA double-helix crosses over another)

[3,159]. As the DNA double-helical structure is naturally twisted, torsional strain (or supercoiling)

applied to a DNA molecule is quantified via the linking number difference ∆Lk = Lk − Lk0,

where Lk is the linking number of a supercoiled DNA molecule, and Lk0 is the linking number

of the same molecule with no supercoiling. Unstressed DNA (i.e., with no supercoiling) has a

natural Tw rate of 10.4 bp/turn under physiological conditions, and no Wr. As the amount of

torsional stress for DNA with a particular ∆Lk decreases with increasing size, the superhelical

density σ = ∆Lk × 10.4/N is a better measure of the superhelical stress on a DNA molecule.

Here, N is the number of base pairs of the molecule, and 10.4 is the twist rate of a relaxed DNA

molecule.

Torsional stress in DNA created by supercoiling provides energy to drive structural transi-

tions, such as allowing the standard B-DNA double helix to become unwound DNA, Z-DNA, or

DNA cruciforms [159]. Cells can modify supercoiling through DNA-protein interactions, such as

through the use of topoisomerases and gyrases. Additionally, transcribing RNA polymerases can

generate sufficient transient supercoils to drive structural transitions hundreds to thousands of base

pairs away, which may serve functional purposes. This is the case with the far upstream element

(FUSE) region associated with the c-myc oncogene in humans. Here, transient supercoils created

by the RNA polymerases cause the FUSE region to unwind. FUSE binding proteins (FBP) can

then bind to the unwound FUSE region, stimulating c-myc transcription, which in turn generates
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more supercoils, creating a positive feedback loop that ends when FBP Interacting Repressor (FIR)

proteins bind to the FUSE region and return the c-myc transcription to baseline levels [160].

To observe plasmid-probe interaction dynamics as a function of supercoiling, experimental

data sets counting the number of binding events per 100 probes over time were collected at dif-

ferent σ: ⟨σ⟩ =-0.05, -0.07, -0.081, -0.105, -0.12, and -0.132. As the pUC19 plasmids in each

experiment had a Gaussian-distribution of σ, the mean ⟨σ⟩ is used; see below for further details.

Each experiment was conducted at a reference temperature of T = 310 K and the reference of

22.5 mM ionic strength. As only ⟨σ⟩ varied for these experiments, the full functional form of the

transition rate equation (Eq. 4.2) for supercoiling-dependent transitions is reduced to:

ki(σ) = eki,0+αi,σ(σ−σ0). (4.20)

Supercoiled pUC19 plasmids used for experiments were grown and extracted from Escherichia

coli cells using standard plasmid purification methods with a Qiafilter Plasmid Midi Kit (Qia-

gen, Toronto, ON, Canada) [3, 161]. Supercoiling itself was quantified by running the plasmids

through an agarose gel, which separates plasmids of different σ due to slight differences in their

size [3]. Plasmids were supercoiled to different negative superhelicities by reacting them with

topoisomerase IB in the presence of varying quantities of ethidium bromide. Typically, plasmids

extracted and reacted in such a way have a Gaussian-distribution of supercoiling; as in the previous

work, ⟨σ⟩ is the mean σ obtained from a Gaussian fit of the plasmids in the agarose gel. To deter-

mine the σ of each plasmid within a particular sample, a control sample of pUC19 is reacted with

either a topoisomerase IA or IB enzyme. This removes most supercoiling present in the sample,

such that ⟨σ0⟩ = 0. Using this as a reference, and a ladder composed of plasmids with known

values of σ, the ⟨σ⟩ of a sample may be determined. A negative superhelical density, σ, corre-

sponds to underwound DNA. Note that structural tension in supercoiled plasmids depends upon

the magnitude of supercoiling, and not its sign.

The experimental data and best fits for plasmid-probe binding averaged over 10 different videos

per 100 probes as a function of time for several ⟨σ⟩ are shown in Fig. 4.3A. Shaded regions indicate
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the variation in model fits resulting from cross-validation. As seen in Fig. 4.3A, plasmid-probe

binding is nonlinear with ⟨σ⟩; binding increases with the magnitude of ⟨σ⟩ up to ⟨σ⟩ = −0.120,

then decreases at ⟨σ⟩ = −0.132. At this supercoiling level, a secondary unwinding site (Site 2)

begins to unwind, absorbing some of the torsional energy used by Site 1 [158,162]. With less Site

1 unwinding, probe-plasmid binding is reduced at these supercoiling levels.

Figure 4.3: Results for Supercoiling-Dependent Binding. See Fig. 4.2 for symbol descriptions. A) Exper-
imental data and fit with Model 1σ_oc of binding averaged over 10 different videos per 100 probes versus
time for a range of ⟨σ⟩ (supercoiling). B) Model Errors (SSR) for the best models at each combination of
either zero, one, two, three, or four ⟨σ⟩-dependent ki. The total number of parameters (ki,0+αi,σ) is shown
on the x-axis, along with the corresponding number of ⟨σ⟩-dependent αi,σ in parentheses. C) Schematic of
the model with the best ⟨Jtot⟩CV , which has two ⟨σ⟩-dependent parameters, {ko, kc}. D) Parameters, error
values, and the number of parameters for four models with the best ⟨Jtot⟩CV . Model 1(σoc) is depicted in
C. Standard deviations for the ⟨Jtot⟩CV for Models 1(σoc) through 4(σobu) are 3.73, 13.5, 103, and 585,
respectively.

The Jfit (total error when a model is fit to all data) and ⟨Jtot⟩CV (average error when a model

is fit to five data sets and used to predict the final one) for σ-dependent binding for all model

classes are shown in Fig. 4.3B. Unlike the T -variant data in which one dependent transition rate

was optimal, Fig. 4.3B suggests that two σ-dependent transition rates are optimal to fit and predict

the data. It is important to note that because supercoiling increases as ⟨σ⟩ becomes more negative,

a negative (positive) αi,σ in Fig. 4.3D results in an increase (decrease) in ki.

The best model (Model 1(σoc)) for σ-dependent binding is shown in Fig. 4.3C, with the cor-

responding fitting parameter values shown in Fig. 4.3D. Model 1(σoc) in Fig. 4.3D has two σ-

62



Table 4.2: Cross-Validation Results for Supercoiling-Dependent Binding. Mean parameters from cross-
validation, error values, and the number of parameters for the four models with the best ⟨Jtot⟩CV , shown in
Fig. 4.3. CV results are presented as the mean plus or minus one standard deviation from the mean.

dependent ki and two independent of σ; only opening and closing depend on σ. Comparing Model

1(σoc) with the others, one sees that Jfit and ⟨Jtot⟩CV for Model 1(σoc) are noticeably lower than

those of the other models, indicating that the optimal model is significantly better than the others

at both fitting the included data and predicting the left out data set. In fact, Model 1(σoc) can fit

the left out data set with the highest supercoiling level quite well, even though binding at Site 1

becomes nonlinear at this torsional stress. As with T , higher supercoiling provides more torsional

stress and therefore more structural energy. With enough structural energy, Site 2 begins to unwind,

simultaneously stealing some of the energy Site 1 uses to unwind, causing a decrease in binding.

For Model 1(σoc), Jtot is slightly higher (73.4 and 74.3 versus 66 − 67) for the CV models that

leave out the data sets at the highest and lowest σ values,⟨σ⟩ = −0.132 and ⟨σ⟩ = −0.05, respec-

tively, due to higher predictive error for these two data sets as compared to the others, possibly

related to the nonlinearity in binding behavior. Looking at Table 4.2, there is large variability in

kc,0 for Models 1(σoc) through 3(σbcu), with a standard deviation at least 2 times larger than the

mean. This is a partially the result of kc,0 changing signs when the data at the highest σ value, in

the nonlinear region, is left out during cross validation.

That Model 1(σoc) predicts that supercoiling has an inhibitory effect on unwinding and rewind-

ing and no effect on binding or unbinding is not surprising: supercoiling is inherently a structural
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phenomenon in the plasmid alone. Though supercoiling enables binding with the unwinding site,

it should neither have any effect on increasing the collisions that drive oligo probe interactions,

nor on forcing the probe to unbind. What is interesting here is that the model predicts that both

opening and closing are inhibited by increased supercoiling. While this seems counterintuitive, if

the rates of opening and closing are compared, it is evident that closing is far more inhibited with

increasing supercoiling, as shown by αo,σ < αc,σ. Thus, at higher supercoiling, closing is far more

impeded than opening, permitting the unwinding site to be open for longer times than it is closed,

as is the case for lower supercoiling (ko(σ1)
kc(σ1)

< ko(σ2)
kc(σ2)

for |σ1| < |σ2|).

The dependence of these structural rate changes on supercoiling demonstrates how important

torsional tension is to DNA structural transitions. This is important to consider physiologically,

where torsional tension in cellular DNA is controlled by topoisomerase enzymes which can relax,

or further supercoil, DNA. Judging by the dependence of ko and kc on σ presented here, improper

topoisomerase function could have a negative effect on DNA structural transitions, increasing or

decreasing DNA unwinding compared to normal levels within a cell and affecting subsequent

interactions. Cancer and other genetic diseases can result in humans when DNA σ is misregulated

[17, 18]; the model presented here reinforces the idea that this may be due to a supercoil-drive

change in structural transitions, subsequently affecting DNA interactions.

4.2.3 Ionic Concentration

To evaluate the effect of ionic concentration on plasmid-probe binding, experiments counting

the number of binding events averaged over 10 different videos per 100 probes were collected

at a range of ionic concentrations: 22.5 mM, 32.5 mM, 50 mM, 100 mM, and 150 mM. These

concentrations were calculated using NaCl concentrations of 10 mM, 20 mM, 37.5 mM, 87.5 mM,

and 137.5 mM, and considering the ionic contributions of the 12.5 mM Tris and 25 mM HEPES

present at a pH of 8.0. Each experiment was conducted at the reference temperature of T = 310 K

using pUC19 plasmids with ⟨σ⟩ = −0.101. Note that this value is less supercoiled than the

reference supercoiling level. Given this, the reduced functional form of the transition rate equation
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Figure 4.4: Results for Salt-Dependent Binding. See Fig. 4.2 for symbol descriptions. A) Experimental
data and fit with Model 1(Scu) of binding averaged over 10 different videos per 100 probes versus time for a
range of [S]. B) Model Errors (SSR) for the best models at each combination of either zero, one, two, three,
or four [S]-dependent ki. The total number of parameters (ki,0+αi,S) is shown on the x-axis, along with the
corresponding number of [S]-dependent parameters in parentheses. C) Schematic of the model with the best
⟨Jtot⟩CV , which has two [S]-dependent parameters, {kc, ku}. D) Parameters, error values, and the number
of parameters for four models with the best ⟨Jtot⟩CV . Model 1(Scu) is depicted in C. Standard deviations
for the ⟨Jtot⟩CV for Models 1(σoc) through 4(σobu) are 16.2, 6.82, 6.25, and 9.76, respectively.

(Eq. 4.2) for salt-dependent transition rates is:

ki([S]) = eki,0+αi,S([S]−[S0]). (4.21)

Similar to the T and σ-dependent results, the fit of Model 1(Scu) as well as the experimental data

for plasmid-probe binding as a function of time and salt concentration [S] are shown in Fig. 4.4A.

In contrast to the binding vs. T and σ where plasmid-probe binding increases with the experimental

variable, here, binding decreases as [S] is increased, resulting in the lowest plasmid-probe binding

at the highest ionic strength. Also worth noting is the higher prediction error for the data at the

lowest salt concentration (22.5 mM) for all of the models shown in Fig. 4.4, which may be related

to the higher SEM for the experimental data at this concentration, as seen by the error bars in Fig.

4.4A.

The Jfit and ⟨Jtot⟩CV for [S] binding for all model classes are shown in Fig. 4.4B. While Fig.

4.4B-D show that a model with two [S]-dependent ki optimally fits the data, with the Model 1(Scu)

being the best model for [S]-dependent binding, all models have very similar Jfit and ⟨Jtot⟩CV val-
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ues. Despite the differences in salt-dependencies between Models 1(Scu), 2(Sc), and 3(Soc), the

magnitudes of all four transition rates are incredibly similar due to the small magnitudes of αu,S

in Model 1(Scu) and αo,S in Model 3(Soc), with Model 1(Scu) being the least likely model to

accurately model the system, as no unbinding of oligo probes was ever observed experimentally.

Additionally, the results from cross-validation, presented in Table 4.3, demonstrate much more

variability in parameters and ⟨Jtot⟩CV for Model 1(Scu) compared to both Model 2(Sc) and Model

3(Soc). Given this, the only meaningful dependency on salt concentration demonstrated in Models

1(Scu), 2(Sc), and 3(Soc) is kc, which is the rate of transitioning from the open (unwound) confor-

mation the wound (closed) conformation. The enhancement of Site 1 rewinding with increasing [S]

is possibly due to cations screening the negatively-charged DNA backbone. The negative charges

on each DNA strand repulse those on the other, decreasing the amount of thermal or torsional en-

ergy needed for site unwinding. As ionic strength increases, more dissolved cations are attracted

to the negatively charged DNA backbone, reducing the electrostatic repulsion, and thus enhancing

rewinding.

Table 4.3: Cross-Validation Results for Salt-Dependent Binding. Mean parameters from cross-validation,
error values, and the number of parameters for the four models with the best ⟨Jtot⟩CV , shown in Fig. 4.4.
CV results are presented as the mean plus or minus one standard deviation from the mean.

Model 4(Sobu), however, has substantially different transition rates than the other three models.

Model 4(Sobu) agrees with DNA structural theory, where DNA secondary structures are assumed
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to have an inverse dependence for unwinding on [S] [159]. As highlighted above, this inverse de-

pendence arises from salt screening of the electrostatic repulsion present in the negatively-charged

DNA phosphate backbone. In this model, however, the effect of this salt screening on the repul-

sion causes a subsequent decrease in unwinding, as opposed to enhancement of rewinding. As

discussed above for Model 1(Scu), the fourth model has a salt-dependent probe unbinding, which

was never observed experimentally, rendering this model less probable as an accurate model for

this system.

Due to the similarities in the Jfit and ⟨Jtot⟩CV values, it is difficult to clearly identify which

model is definitively better than the other without additional experimental data, although Model

2(Sc) seems to be the most likely based on both the results presented in Fig. 4.4, the physical

understanding of the system, and the cross-validation results presented in Table 4.3. The combined

model described in the next section, however, was developed to test multiple combinations of

dependencies on all experimental variables ([S], T , and ⟨σ0⟩) to elicit which model best fits the

data.

All of the models in Fig. 4.4D indicate that DNA structural changes, either through an increase

in rewinding, or a decrease in unwinding, are dependent upon ionic concentration. Consequently,

important cellular processes that rely on open binding sites, such as replication or transcription,

could possibly be enhanced (or impeded) by changes in salt concentration. This idea finds support

in the presence of ion channels within cells that maintain a homeostatic ionic concentration within

cells [163].

4.2.4 Temperature, Ionic Concentration, and Supercoiling

To determine the optimal model with the least number of parameters that can fit all of the

data simultaneously, all three of the experimental variables (T , σ, and [S]) must be taken into

consideration. In addition to the experimental data sets independently modeled above, new data

sets are considered here for plasmids with ⟨σ⟩ = −0.132 for three ionic strengths: 32.5 mM,

100 mM, and 150 mM. These experiments were conducted at the reference temperature of T =
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310 K. It should be noted that at this high supercoiling, the binding behavior to Site 1 is nonlinear

as a result of Site 2 unwinding.

When considering T , [S], and σ simultaneously, evaluating all of the combinatorially large

number of possible models is time intensive and computationally expensive. To reduce computa-

tion time, we used the previous models obtained by fitting each variable independently, reducing

the total number of models evaluated. Specifically, we combined the dependencies from the top

model class for each individual experimental variable, ignoring unlikely models. For the models

obtained for T and [S], only the rate dependencies from the top two models are considered when

fitting all data simultaneously, due to their similar fit errors. For σ, the transition rate dependencies

from the top four models in Fig. 4.3D are considered as the nonlinear behavior of the plasmid-

probe interactions create a large variation in model results. We also included the most general

model, where all structural transitions are dependent upon each variable (T , [S], and σ), in case

any behavior cannot be adequately captured when modeling each variable independently, result-

ing in a total of 45 models. In contrast to the cross-validation approach used for the individual

experimental conditions, a Metropolis-Hastings (MH) search is performed after fitting the data to

estimate parameter uncertainties because of the prohibitive number of possible cross-validation

data sets.

Applying this method to the data, six models are identified with similarly low (and overlapping)

fit error distributions. To determine which of these best captures the physical behavior of the

plasmid-probe system, we compare the parameter dependencies identified in these models. For

all six models, the fit error for the salt and supercoiling data is high, while the fit error for the

temperature data is relatively low. As both the salt and supercoiling data were obtained with

plasmids at ⟨σ⟩ = −0.132, nonlinear binding behavior dominates due to Site 2 opening, potentially

accounting for the higher error. For all models, the value of αu,S switches signs between positive

and negative during the MH search, behavior indicating that this transition is independent of [S],

and can therefore be ignored. Additionally, αb,T , αu,T , and αb,σ are zero in several of the best-fitting

models; these rates are also ignored.
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Eliminating these rate dependencies results in a final model with reduced parameter dependen-

cies, shown in Fig. 4.5. The shaded regions in Fig. 4.5 correspond to the mean plus or minus one

standard deviation from the mean for 25 randomly-sampled parameter sets from the MH search.

This reduced model includes temperature dependencies from Model 4(To) and Model 4(Tc) in

Fig. 4.2D, the supercoiling (σ) dependencies from Model 1(σoc) and Model 2(σbc) in Fig. 4.3D,

and the salt dependencies from Models 2(Sc), and 3(Soc) in Fig. 4.4D, along with the additional

[S]-dependency of the rate of binding.

Figure 4.5: Results for Binding with Dependencies on Temperature, Ionic Concentration, and Supercoil-
ing. A) Experimental data and model fit of binding versus time at different temperatures (A), superhelical
densities (B), and ionic strengths (C,D). Data are shown with symbols and the error bars represent the SEM
of binding for 10 averaged videos. The thick dashed lines correspond to the best simultaneous fit to all data.
Shaded regions correspond to the mean plus or minus one standard deviation from 25 randomly-sampled
parameter sets from the MH search results. (E) Schematic and (F) parameters of the final, reduced model.

In the previous Ionic Concentration section (Sec. 4.2.3), when considering DNA-oligo binding

solely as a function of salt concentration, it was difficult to identify the best model due to similar-

ities in the fit error and overall cross-validation error between all of the models, although Models

1(Scu) and 4(Sobu) are the least likely models to accurately model the system, as no unbinding of

oligo probes was ever observed experimentally. Given this difficulty, along with the large SEM
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of the data at the two lowest salt concentrations in comparison to the other data, as seen in Fig.

4.5 and Fig. 4.4A, it is unsurprising that the combined results had different salt dependencies than

when evaluated independently. This is especially true given the inclusion of an additional salt data

when fitting all data simultaneously. It is also possible that these three transition dependencies

upon [S] were only observable when considering the interplay between all three system variables

at once: T , σ, and [S]. As such, modeling DNA structural and interaction kinetics may only truly

capture some behavior in a system when all variables are considered simultaneously, as opposed

to one variable independently, as performed in previous sections.

This final model also allows us to compare the impact of each parameter (temperature, ionic

strength, and supercoiling) on each possible structural transition of the system: unwinding, rewind-

ing, binding, and unbinding. It should be noted that the magnitudes of each αi,y are not comparable

between different y values. Of particular note are the dependencies of three structural transitions

on both [S] and σ, with unbinding completely independent of all variables. The independence of

binding upon T is surprising: according to reaction kinetics, interactions between the oligo and

plasmid should increase exponentially with increasing T . It is likely that within this relatively

small range of T , the structural dynamics are far more sensitive than reaction kinetics to tempera-

ture changes. This has implications for cellular processes that require molecules, such as proteins,

to bind to DNA, as in DNA replication or transcription. Sub-optimal replication or transcription in

cells at lower than physiological temperatures may be due in greater part to interference in DNA

unwinding than changes in diffusion.

The dependence of three structural transitions (unwinding, rewinding, and binding) on σ and

[S] demonstrates how both structural dynamics and reaction kinetics rely on these variables. Of

particular note is the weaker dependence of binding upon these variables: the effect of supercoiling

or ionic strength on structural dynamics dominates over oligo binding. This indicates that for DNA-

binding processes, it is the sensitivity of DNA unwinding itself to σ and [S] that is important, and

not their effect on DNA-DNA interactions. It’s well-known that a change in supercoiling can

have an impact on gene expression in cells [160]; this combined model supports this hypothesis.
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Additionally, the presence of cellular mechanisms to control ionic strength, such as ion channels

in either the cellular or nuclear membranes, demonstrate the importance of salt concentration to

molecules and processes in cells, such as with DNA interactions. Also, temperature control within

cells is quite difficult, usually requiring their growth in thermally stable environments at their

species’ preferred conditions. As such, there is very little cell-based thermal regulation of DNA

and DNA processes. It follows from this that temperature would have as much of an influence on

DNA structure and interactions as either supercoiling or ionic strength. Of these two variables,

supercoiling is even more tightly regulated via numerous classes and species of proteins, from

topoisomerases to histones. The importance of exact supercoiling control, on both a global and

local level, is evident in our results by its strong effect on the kinetic rates of all the DNA processes

studied here, with the exception of DNA unbinding. These results are also pertinent to gene editing

techniques, such as CRISPR-Cas9, which employ a single-stranded nucleotide that binds to a target

DNA region. It is likely that the DNA structure of the target region may play an important role in

the success of these gene editing processes, and that the role of supercoiling, salt conditions, and

temperature cannot be discounted.

How each of the three variables affects structural dynamics is also important for the subse-

quent interactions. While both unwinding and rewinding are negatively-dependent upon T and σ,

rewinding is even more sensitive to both of these mechanisms than unwinding. Thus, at higher T

or σ, once Site 1 unwinds, it is more likely to stay unwound than at lower values of these variables,

making it more available to bind other molecules, such as the oligo probe used here. This is further

support for the idea that the DNA structure is a dominant force in reaction kinetics, as opposed to

the diffusive process between the plasmid site and the oligo. This has implications for the study

of DNA interactions with other molecules, as DNA structural dynamics clearly plays an impor-

tant role in the interactions or reactions. Furthermore, the negative T -dependence of this general

model disagrees with the optimal model (Model 1(To)) determined in Sec. 4.2.1, which indicates

an increase in the rate of unwinding as temperature increases. While ionic strength affects both

unwinding and rewinding, the rates of each seem to decrease nearly identically with increasing [S],
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while for the reaction kinetics, only the binding interaction is negatively affected. Thus, while both

the structural and reaction kinetics are affected by ionic strength, an overall decrease in interactions

is observed.

What is also surprising is the effect of supercoiling on DNA binding. Supercoiling in this

system is only applied to the pUC19 plasmid, in theory affecting only its structure. As posited in

the Supercoiling section (4.2.2), it’s possible that further supercoiling of pUC19 not only promotes

DNA-DNA interactions through increased DNA unwinding, but also by making the unwinding site

more available for binding. As supercoiling increases in a plasmid, the DNA molecule’s writhe also

increases substantially. This restricts its possible conformations to those with multiple crossovers

of the DNA double-helix. It is possible that a toroid-like structure could be created, as was posited

when pUC19 molecules were crowded [4]. This would also be advantageous in living cells as

it would provide additional control over DNA interactions; by reducing the overall supercoiling,

it could hide interaction sites within the DNA structure, whereas increasing overall supercoiling

would increase interactions.

Although we have a model that fits the data very well and while some of the sign dependencies

in this model are understood, it is likely there are some interactions and physical mechanisms that

are not entirely understood or accounted for in this model when all data is considered simultane-

ously, particularly related to the interconnectivity between the experimental variables, T , σ, and

[S].

This is demonstrated in the exploration of parameter space using the MH algorithm, as seen

in a small subset of the parameter results in Fig. 4.7. In Fig. 4.7, sloppiness can be seen, with

parameters that are highly uncertain in some directions, despite being well-constrained in others

[112, 113]. Given this, the system parameters may only be partially identifiable with this model.

Also, additional analyses are needed to understand the bimodal probability distribution of Jfit from

the MH search of parameter space, seen in Fig. 4.6. It is also possible that issues related to the

bias-variance trade-off for this model have been encountered [164–166] and a revised modeling

approach is needed [167]. This is further suggested by the substantially higher fit error obtained
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Figure 4.6: Probability distribution of the MLE fit error, Jfit, from the Metropolis-Hastings (MH) search
for the final, reduced model for binding with dependencies on temperature, ionic concentration, and super-
coiling.

Figure 4.7: Results from the Metropolis-Hastings exploration of parameter space for the final, reduced
model for binding with combined dependencies on temperature, ionic concentration, and supercoiling.
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with an intuitive model to all of the data as compared to the fit error for the final, reduced model

presented here. Unlike the final, reduced model, the intuitive model incorporates sign restrictions

consistent with the physical understanding of the system; the intuitive model results in a fit error,

Jfit, of 547. Since the final, reduced model is, in essence, a nested, reduced version of the intuitive

model, once sign restrictions based on the intuitive understanding are systematically removed, the

fit error improves and the model dependencies become similar to those present the final, reduced

model. Directly related, when sign restrictions are incorporated in the final, reduced model based

on intuition of the physical mechanisms, the fit gets worse. Given this, further investigation and

potentially more data are needed to resolve these issues related to interpretation of the final model

[167].

4.3 Conclusions

Determining how DNA structure and subsequent interactions depend upon temperature, su-

percoiling, and ionic strength has important ramifications for cellular processes, such as DNA

transcription or replication. By applying a computational approach to model the interactions be-

tween an oligo and known unwinding site in a pUC19 plasmid, we obtain interesting results on

how each variable affects the structural and reaction kinetics. The computational approach used

here demonstrates that considering how each variable affects the kinetics independently provides

different results than when each variable is considered simultaneously, potentially as a result of

synergistic impact of the experimental conditions on DNA conformational changes and binding

behavior.

Our combined model indicates that for the DNA-DNA interactions studied in this system, tem-

perature, supercoiling and ionic strength play a much larger role in regulating structural dynamics

than reaction kinetics. As such, how these variables affect DNA structural dynamics may be more

important than previously thought for DNA interaction processes, such as for gene editing tech-

niques. Surprisingly, our numerical models show that supercoiling may have an effect on DNA-

DNA interactions, potentially through the creation of another structure, as can occur under crowded
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conditions. Our numerical models thus reinforce the idea that supercoiling has an important effect

on DNA structure and subsequent interactions, with consequences for plasmid replication and gene

transcription. Further investigation is needed in the form of both additional experimental data and

potentially a revised modeling approach, however, to improve the understanding of the interplay

between these experimental conditions on the structural and binding dynamics of the system as

well as better elucidate the model as related to the intuitive physical understanding of the system.
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Chapter 5

Diversity, Equity, and Inclusion in Undergraduate

Chemical and Biological Engineering Curriculum4

5.1 Introduction

"... without diversity we limit the set of life experiences that are applied, and as a result we pay

an opportunity cost — a cost in products not built, in designs not considered, in constraints not

understood, and in processes not invented."Wulf (2001)

What are diversity, equity, and inclusion? According to Dr. Jessica Rush Leeker at the Univer-

sity of Colorado at Boulder (CU Boulder), "In the simplest terms, diversity refers to the presence

of differences in any sense. Equity refers to fairness. And inclusion refers to having resources

and opportunity." [169]. Improving diversity in engineering and fostering inclusive professional

identities is crucial for more inclusive engineering designs as well as for society as a whole, as

concisely summarized in the opening quote by Wulf (2001) [170]. When there is a limited rep-

resentation of women and historically excluded groups in engineering, including groups that are

racially-minoritized, there is also a limited view of where there is a need for engineers, both for

design of new or improved products and development or creation of new processes. From Mays

(2022), "Cognitive diversity generates more and better ideas, and identity diversity fuels cognitive

diversity. But regarding equity and inclusion, diversity does not work without them" [171].

Engineering students should be aware of the connection and intersections between these con-

cepts and the engineering career, which is why it is important for diversity and inclusion to be

integrated in required engineering courses and taught by engineering faculty and instructors. This

4Portions of this work were partially funded as part of an NSF-supported initiative. In addition, some of the topics
presented in this chapter, particularly the previous work done, which is discussed in Sec. 5.4, were presented at 2021
Collaborative Network for Engineering and Computing Diversity (CoNECD) Conference [168].
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is especially critical given exclusionary aspects that continue to endure in the engineering culture,

despite some effort in the last few years for improvement [172–174]. These include individualism,

meritocracy and the assumption that meritocracy is without bias, the belief that engineering can

and should be ’depoliticized’ or removed from ’cultural concerns’, and the closely related belief

that topics, such as gender equality, that are related to ’social’ issues should be separate from the

technical aspects of engineering [172–175].

In reality, engineering, culture, and public welfare are closely intertwined. The need for engi-

neers is directly dependent upon the needs of society, and an understanding of the needs of society

related to engineering applications cannot be separated from the diversity (or lack thereof) of the

engineering workforce. According to the 2022 U.S. Census Bureau data for the employed civilian

population 16 years and over, females accounted for only 18.97% of bioengineers and biomedical

engineers and only 19.97% of chemical engineers [176,177]. Additionally, according to the Digest

of Education Statistics, out of all employed 25- to 34-year olds with a Bachelor’s degree, 17.4%

were engineers. However, the proportion of women compared to men is lower across racial/ethnic

backgrounds, with the proportion of Black women being substantially lower than all others for

both men and women (see Fig. 5.1).

Figure 5.1: Percentage Distribution by race/ethnicity for all employed 25- to 34-year olds with a bachelor’s
degree in engineering in 2021. Data obtained from Digest of Education Statistics (2021), Table 505.30 [178].
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In order to achieve a more diverse and inclusive engineering workforce that is capable of solv-

ing the numerous challenges that face society, it is imperative to adapt engineering education to be

more inclusive overall, promote an increase in diversity, and focus on improving equity within the

field. In addition to the incorporation of DEI into core engineering courses (in both pedagogy and

curriculum) in a program, there are many other important topics and concepts related tangentially

or less obviously to DEI that can also be incorporated. This can be approached from numerous

different angles, some of which include:

• encouraging diverse representation of students, staff, and faculty within the university, col-

lege, and program; [179, 180]

• adopting a more inclusive pedagogy that supports the breadth of backgrounds, learning

styles, and perspectives as well as making sure course materials are accessible to all stu-

dents, including persons with disabilities; [181–183]

• fostering a positive, inclusive, respectful classroom environment that considers and accom-

modates the backgrounds, cultures, experiences, and identities that the students and faculty

hold; [174, 182, 184]

• making revisions or adaptations to the curriculum to increase the presence of DEI through

the use of modified language, real-world examples, case studies, social and cultural context

and sensitivity, and environmental, ethical, and societal considerations; [173, 184]

• ensuring students are aware of current support programs, communities, and resources that

are open and available to them at the university, within the engineering college, and within

the individual department; [179]

• improving, increasing, or modifying faculty and staff training and educational workshops;

[185–187]

• interactive theatre sketches and improvisation activities; [188–191]

• helping students to improve teamwork [184, 192] and learn about implicit biases [193] to

assist them in fostering more inclusive professional identities;

• and incorporating community-based and community-engaged engineering projects and prob-

lem solving into the program. [194, 195]
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Regarding diverse representation, this can be improved both by attracting more women and stu-

dents from racially-minoritized and historically excluded groups to engineering majors as well as

making modifications to improve retention of these students in engineering programs. It is par-

ticularly critical that these go hand-in-hand since attracting these students does not make sense if

efforts have not been made increase retention of them in the program. These are some of the more

obvious areas worth consideration.

5.2 Approach

This chapter addresses the DEI challenge in engineering by focusing on the Chemical and

Biological Engineering (CBE) Department at Colorado State University (CSU). The overall goal

motivating this work is to attract and graduate a diverse population of students in alignment with

the CSU mission of access, and to ensure that graduates of the program are prepared to practice

engineering in inclusive and equity-minded ways. The purpose of this chapter is to propose a

course of action for the CBE department at CSU to substantially increase the connections between

engineering, society, and content related to diversity, equity, and inclusion in the department’s cur-

riculum. In pursuit of the goals and purpose of this chapter, the following objectives are addressed:

1. Analyze the current student composition of the CBE department to establish a baseline and

identify challenges for improvement;

2. Describe prior work to incorporate DEI into the department curriculum, including lessons

learned and potential improvements;

3. Review and synthesize work by other engineering education researchers to lay out proposed

changes to the department.

5.3 Background

5.3.1 Walter Scott, Jr. College of Engineering (COE) Demographics

Before considering changes to the undergraduate curriculum or the wide spread adoption of

initiatives that may change a program, it is important to understand the current state of a program,
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including the current demographics and challenges the department faces as well as where there

are opportunities for growth and improvement. It is therefore relevant to evaluate the previous and

current demographics, graduation rates, and so on of the undergraduate student population in the

Walter Scott, Jr. College of Engineering (COE) at Colorado State University. The undergradu-

ate enrollment demographics for the COE at CSU are shown in Fig. 5.2 through 5.5 and Tables

5.1 through 5.5 [196]. Demographics for the undergraduate student population specifically for

the CBE department at CSU are shown in Fig. 5.6 through 5.10 [196].5. Throughout the rest of

this chapter, the abbreviation COE denotes the Walter Scott, Jr. College of Engineering, ENGR

denotes Engineering, BME denotes Biomedical Engineering, CBE denotes the Chemical and Bi-

ological Engineering department, CIVE denotes the Civil and Environmental Engineering depart-

ment, ECE denotes the Electrical and Computer Engineering department, EIC denotes Engineering

Intra-College, and ME denotes the Mechanical Engineering department.

Table 5.1 and Fig. 5.2 show that the ME department is the largest engineering department,

with a higher overall enrollment than the other engineering departments; the smallest department

is the CBE department, having the lowest overall enrollment. These numbers, however, do not

include students who are in a dual degree program with BME and either CBE, ECE, or ME; in

this figure (and as provided by CSU [196]), these students are included in EIC along with ENGR

Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space ENGR,

or Teacher Education. In Table 5.1 as well as Fig. 5.3 and 5.4, both the numbers corresponding to

Fig. 5.2 are shown as well as numbers when the dual degree BME students are removed from EIC

and included with their respective corresponding programs (CBE, ECE, or ME).

Looking at both Table 5.1, Fig. 5.2, and Fig. 5.3 the ME department had a maximum number

of students in 2015, and decreased overall enrollment until Fall 2020. However, since the Covid-

5It is assumed that gender refers to biological sex, not gender identity. Enrollment data in engineering at CSU for
some additional groups of historically excluded or minoritized groups, such as those who identify as LGBTQ+, has
not been found (and may not be collected or tabulated).Despite this, however, LGBTQ+ professionals in STEM fields
are an historically excluded and underrepresented group that may experience a wide range of negative workplace
and career inequalities [197]. In addition, international students appear to be classified as non-minoritized in the
data [196].
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Figure 5.2: Number of racially-minoritized students in the Walter Scott, Jr. College of Engineering (COE)
at CSU from 2013 to 2023, by department. Each bar represents the total number of students in the respective
department; the total number of students is divided into the number that are racially-minoritized and non-
minoritized. In this figure, students in the dual degree program with BME and another engineering degree
program are categorized as ENGR Intra-College, along with ENGR Open Option and dual degrees for
ENGR Science with Intl Studies, ENGR Physics, Space ENGR, or Teacher Education [196, 198].

19 pandemic began impacting enrollment in FA 2020, the only department that has rebounded and

seen an increase in enrollment is the ME department, reaching levels just under the Fall 2015 levels

in Fall 2023. Enrollment in CBE (both with or without including the dual degree BME students)

in Fall 2023 is at levels not seen since Fall 2009 or earlier. In recent years, the ME department

has taken steps to focus on: increasing recruitment and retention "from historically marginalized

and excluded populations; building an environment where students are culturally competent and

have the skills to enter a diverse workforce; improving the campus climate of inclusion; infusing

curriculum and educational programs with diversity, equity and inclusion (DEI) content" along

with some other areas [199]. However, it is unknown if any of these steps have contributed to the

increase in enrollment in recent years.
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Table 5.1: Total undergraduate enrollment for the COE at CSU from Fall 2013 to present by Department,
including dual degree BME students. For the CBE, ECE, and ME departments, the numbers shown to the
left of the parentheses are the combined numbers of students enrolled in the specific department and the dual
degree BME students, and the numbers in parentheses do not include students enrolled in the dual degree
BME program. The * indicates that dual major BME students with CBE, ECE, or ME have been removed
from the count for EIC [196].

The four- and five-year graduation rates for the primary programs in the COE are shown in

Tables 5.2 through 5.7. For each cohort, Tables 5.2 and 5.5 show the graduation rates from any

program within the University as a whole, Tables 5.3 and 5.6 show the graduation rates from any

program within the College of Engineering, and Tables 5.4 and 5.7 show the graduation rates from

the same program in which students began.

Although the four-year graduation rates as shown in Table 5.2 for the most recent graduating

cohort (Fall 2019 cohort, which graduated in Spring 2023) show that CBE had the highest percent-

age (at 60.9%), and the ME department had the lowest percentage (at 44.1%), this figure shows

the graduation percentage in four years from any program within the university as a whole, not

specifically the College of Engineering or the specific program in which they started. Disregard-

ing the dual degree programs (with BME), which are primarily five-year programs, the four-year

graduation rates for students that graduated from any program within the COE (shown in Table

5.3), CIVE and CBE had the highest percentages, which were nearly the same (42.0% and 41.3%,

respectively), while ECE had the lowest (with 28.4%). When looking at the four-year gradua-
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tion rates within the same program, CIVE again had the highest percentage once again and ECE

again had the lowest percentage, shown in Table 5.4. Including transfer students in the results

increases the four-year graduation rates for the Fall 2019 cohort for all of the primary departments

(with graduation rates for ME, ECE, CBE, and CIVE of 39.1%, 30.7%, 40.4%, and 45.3%, respec-

tively) [196].

When looking at the five-year graduation rate for the most recent cohort (Fall 2018, which

also graduated in Spring 2023), the CBE department is noticeably lower as compared with other

departments and with itself in previous years (as seen in Tables 5.3 through 5.7). It is possible some

of this is a result of the 2020 pandemic, which impacted academic years 2020-2021 and 2021-2022

substantially; it is not possible to quantify this with the data available, however. In reality, the full

impact of the 2020 Covid-19 pandemic overall will most likely not be understood and quantifiable

for many years to come.

It is also worth noting that these numbers may not be entirely reflective for departments with

dual degree BME students since, as previously mentioned, the dual degree BME students are in a

different department within the College of Engineering. This will not impact the graduation rates

from the University and College of Engineering statistics; however, the graduation rates from the

same program (shown in Tables 5.4 and 5.7) will be impacted by this.

Table 5.2: The four-year graduation rate from the University overall By COE Cohort and Department at
CSU from Fall 2013 to Fall 2019. For the CBE, ECE, and ME departments, the number of students enrolled
in the specific department is shown separately than the dual degree BME students. [196].
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Table 5.3: The four-year graduation rate from the College of Engineering By COE Cohort and Department
at CSU from Fall 2013 to Fall 2019. For the CBE, ECE, and ME departments, the number of students
enrolled in the specific department is shown separately than the dual degree BME students. [196].

Table 5.4: The four-year graduation rate from the same program By COE Cohort and Department at CSU
from Fall 2013 to Fall 2019. For the CBE, ECE, and ME departments, the number of students enrolled in
the specific department is shown separately than the dual degree BME students. [196].

Table 5.5: The five-year graduation rate from the University overall By COE Cohort and Department at
CSU from Fall 2013 to Fall 2018. For the CBE, ECE, and ME departments, the number of students enrolled
in the specific department is shown separately than the dual degree BME students. [196].

The percentages of racially-minoritized students compared to the departmental undergraduate

student population are shown in Fig. 5.4F. The values in parentheses are for the CBE, ECE, and

ME departments when the BME dual degree students are not taken into consideration in these

percentages. When looking at these values, ME has the lowest percentage of racially-minoritized
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Table 5.6: The five-year graduation rate from the College of Engineering By COE Cohort and Department
at CSU from Fall 2013 to Fall 2019. For the CBE, ECE, and ME departments, the number of students
enrolled in the specific department is shown separately than the dual degree BME students. [196].

Table 5.7: The five-year graduation rate from the same program By COE Cohort and Department at CSU
from Fall 2013 to Fall 2019. For the CBE, ECE, and ME departments, the number of students enrolled in
the specific department is shown separately than the dual degree BME students. [196].

students, with 21%. Generally, the overall percentage of racially-minoritized undergraduate stu-

dents has increased over time for most departments and has hovering between 20 − 30% for at

least the last 3-5 years, with only slight fluctuations. When looking at percentage of racially-

minoritized students compared to the departmental undergraduate student population, shown in

parentheses in Fig. 5.4F, ME has the lowest at 21%. However, when the dual degree BME stu-

dents are included with their respective corresponding programs (with weighted averages based

on the number of students), as shown in Fig. 5.4 and Table 5.1, the undergraduate enrollment of

participating departments (CBE, ECE, and ME) increases considerably, as does the percentage of

racially-minoritized students within the department when compared to the percentage only based

on non-dual degree students for both CBE and ME for nearly every semester. For CBE/BME,
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Figure 5.3: Total undergraduate enrollment in the COE at CSU from Fall 2013 to present by department,
including for dual degree BME students. The * indicates that dual degree BME students with CBE, ECE,
or ME have been removed from the count for EIC [196].

the racially-minoritized undergraduate population hovered between 27− 30% from Fall 2017 until

the current semester (Fall 2023); for ME/BME, it hovered between 20 − 28% since Fall 2018,

although it wasn’t above 24% until Fall 2022. When the dual majors are considered, CIVE has

a considerably lower racially-minoritized undergraduate student population as compared to the

other engineering departments. When considering the percentage of racially-minoritized males in

each department (including BME dual degree students), the percentages in Fall 2023 are 26.7% for

CBE/BME, 19.8% for CIVE, 48.6% for ECE/BME, and 11.8% for ME [196].

Fig. 5.5A-E show percentage of total and racially-minoritized female undergraduate students in

each department from Fall 2013 to Fall 2023, and Fig. 5.5F shows the total female percentage with

and without the dual degree BME students included in their respective corresponding department.

From Fig. 5.5, it is clear that CBE and CIVE have made substantial gains in the overall percentage
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Figure 5.4: (A)-(E): Number of racially-minoritized students in each primary department (including dual
degree BME students) in the COE at CSU from 2013 to 2023. Note, the y-scale is not the same on all figures
due to broad distribution in enrollment numbers. (F) The enrollment percentage of racially-minoritized
students based on undergraduate enrollment for the individual department. The values in parentheses are
the percentages when BME dual degree students are not included in their respective dual major programs,
but instead are accounted for in Engineering Intra-College (EIC). The indicator * indicates that dual major
BME students with CBE, ECE, or ME have been removed from the count for EIC. The value in parentheses
include for these students in EIC [196].

of female undergraduate students overall and now have a considerably higher percentage than

the ECE and ME departments, even when including the dual degree BME students with their

respective corresponding departments. When comparing the percentage of female students that

are also racially-minoritized (based on the overall undergraduate department population), the CBE

department has the highest, with 13.2% racially-minoritized female students in Fall 2023, while

the ME department has the lowest, with 2.8% racially-minoritized female students in Fall 2023.

However, when the percentage of racially-minoritized female students is determined based solely

on the number of female undergraduate students in each department (including the dual degree

BME students), the ECE department has the highest percentage (75%) and ME has the lowest

percentage (14.6%). The ECE department has not increased the percentage of females since Fall

2013, though, with only 13% female undergraduate students in Fall 2023.
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Figure 5.5: (A)-(E): Percentage of total racially-minoritized female undergraduate students in each primary
department (including dual degree BME students) in the COE at CSU from 2013 to 2023. (F) The per-
centage of female students based on undergraduate enrollment for the individual department. The values in
parentheses are the percentages when BME dual degree students are not included in their respective dual
major programs, but instead are accounted for in Engineering Intra-College (EIC). The indicator * indicates
that dual major BME students with CBE, ECE, or ME have been removed from the count for EIC. The value
in parentheses include for these students in EIC [196].

5.3.2 Department of CBE Demographics

Beyond just comparisons to the other engineering departments, the Department of Chemical

and Biological Engineering (CBE) is considered in more detail to see where they currently stand as

compared to the national statistics and the State of Colorado. When looking at the CBE department

individually, it has done better regarding gender balance than the national statistics show, and

the percentage of females enrolled in the undergraduate program over time has generally trended

upwards (see Fig. 5.6A and 5.7A), although there has been a 2.1% decrease in the percentage

of female undergraduate students enrolled in the CBE program alone from Fall 2022 to Fall 2023

(from 43.6% to 41.5%). Only when the dual degree CBE/BME student population is included (Fig.

5.5A and 5.5F) is gender parity recently achieved; although the overall number of students in the

CBE department is higher, the percentage of females in the department noticeably increases overall
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compared to CBE only, with a slightly higher percentage female than male in Fall 2022 and Fall

2023. Despite this, the CBE department has not made progress towards gender parity or adequate

female faculty representation as compared to undergraduate student enrollment percentages, with

only 3 females out of 17 faculty members (or 17.6%) for the 2023-2024 year [196]. The CBE

department is also not doing as well faculty gender parity as the University of Colorado at Boulder

(CU-Boulder), which has been hovering at or just above 30% for the last 10 years [200].

Regarding the enrollment percentages of students in racially and ethnically minoritized groups,

which can be seen in Fig. 5.6, 5.4A, 5.7B-C, and 5.8, there has not been a consistent increase over

time; even though there has been an increase in enrollment in some of the racially underrepresented

groups, there has been a decrease in others. When the international students are removed from the

statistics, as show in Fig. 5.8, the decrease in enrollment of many racially underrepresented groups

is even more apparent, particularly the percentage of hispanic/latino female undergraduate students

enrolled since 2018. Additionally, when compared to the racial/ethnic distribution in Colorado in

2022 for 18-23 year olds [201], the percentage of white (non-Hispanic) students is more than 10%

higher than the state average in many recent years; the percentage of Hispanic/Latino students is

more than 50% lower than the state average, and the percentage of black students is 40% lower

than the state average.

Table 5.8: 2022 Colorado racial / ethnic demographics for 18-23 year old. [201].

Another historically underrepresented and marginalized group is first generation students,

shown in Fig. 5.9, with enrollment generally trending upwards to 22 − 23% before the Fall 2020
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Figure 5.6: Percentage distribution by gender and racially-minoritized status for the (A) CBE program and
(B) dual degree CBE/BME program from the Fall 2013 semester to present [196, 198].

Figure 5.7: Percentage distribution of CBE undergraduate enrollment demographics at Colorado State Uni-
versity by gender and ethnicity from Fall 2015 to present. For (B) and (C), numeric values less than 2% are
not explicitly displayed on bars, and "no response" regarding ethnicity are excluded from figures. In Fall
2018, there was one male of Hawaiian/Pacific Islander ethnicity that is not shown in (C) [196, 198].

semester (with only a slight dip in Fall 2019 compared to the previous year); however, enrollment

of first generation students appears to have been dramatically impacted by the Covid-19 pandemic,
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Figure 5.8: Percentage distribution of CBE undergraduate enrollment demographics (without international
students included) at Colorado State University by gender and ethnicity from Fall 2015 to present. Numeric
values less than 1.8% are not explicitly displayed on bars, and "no response" regarding ethnicity are excluded
from figures. In Fall 2018, there was one male of Hawaiian/Pacific Islander ethnicity that is not shown in
(C) [196, 198].

decreasing to 14.7% by Fall 2022, a level not seen since 2011. At present (Fall 2023), this has

rebounded to 18.5%, but whether this trend continues remains to be seen. Unfortunately, 50% of

the first generation students in the undergraduate CBE program are seniors, so it is possible the

number of first generation students in the program will decrease considerably by Fall 2024 unless

there is a significant increase in freshman enrollment of first generation students.

Fig. 5.10 shows the undergraduate persistence rates by cohort for CBE only students as well

as dual degree BME/CBE students from Fall 2015 through Fall 2022. When looking at Fig. 5.10A

compared to Fig. 5.10B and C, persistence rates for the 2018 and 2019 cohorts appear to have been

91



Figure 5.9: Percentage distribution of first generation undergraduate students in CBE at CSU by (A) class
and (B) gender from Fall 2013 to present. Note: Students classified as post Bachelors are excluded [196].

negatively impacted by the Covid-19 pandemic; however, the primary negative impact of Covid-19

may have been on enrollment and not persistence, as demonstrated by the numbers for CBE only

students and dual degree CBE/BME students in the 5.10C legend. Although persistence appears

to be lower for the CBE only students in the Fall 2022 cohort, it is similar to historic data.

An issue did become apparent upon analysis, however, with how this data is reported. Although

data regarding persistence within the University, College, or Department are available, since the

dual degree students are not technically in their corresponding department, students switching from

CBE to the dual degree CBE/BME or vice versa are not accounted for within the persistence data,

which may make persistence numbers appear lower than they actually are. This can be seen when

comparing persistence data to the Major Migration Between Entering Cohort and 3rd Fall data,

which unfortunately is only available for Cohort Fall Terms of Fall 2018, Fall 2019, and Fall 2020.

Looking at the Major Migration Between Entering Cohort and 3rd Fall data for the Fall

2020 cohort, shown in shown in Table 5.9, 69.6% of CBE only students and 69.4% dual degree

BME/CBE students were still in the same program. However, 3 of the 4 students that left the

BME/CBE program for another program in the same college switched to CBE only. When adjust-
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ing for this, the department more accurately had a retention rate for this overall cohort of 74.6%

during this time frame. Of the students that left the CBE program, roughly two thirds transferred

to programs outside of the College of Engineering and the other third of students left the univer-

sity overall. Additionally, the total Fall 2020 cohort gained 12 additional students from different

programs during this time, so it is currently 89.8% of its original size. The numbers were not as

favorable for the Fall 2018 and Fall 2019 (CBE and CBE/BME combined) cohorts, however, with

adjusted retention rates of 47.0% and 56.5%, respectively. Although these cohorts were large to

begin with, even with students transferring into the program, they were only 65.0% and 75.0% of

their original size, respectively, by the 3rd fall semester.

Figure 5.10: CBE and CBE/BME Department Undergraduate Persistence Rate from Fall 2015 to Present,
by Cohort. [196].

In addition, as seen in Table 5.1 and Fig. 5.3, the overall number of students enrolled in the

CBE department (both single major and dual degree with BME) is lower than overall enrollment in

other engineering departments since Fall 2019, possibly as a result of the Covid-19 pandemic, even

without taking into consideration any of their dual degree undergraduate students, with the number

of students in CBE decreasing to levels not seen since before 2009. Given the enrollment chal-
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Table 5.9: The major migration percentage between the Fall 2020 entering cohort and the third fall, by COE
Department at CSU. For the CBE, ECE, and ME departments, the percentage of students in the department
is shown separately than the dual degree BME students. [196].

lenges and current representation levels of underrepresented and historically excluded populations

at both CSU and in the CBE department, the CBE department needs to increase the enrollment

of these students as well as improve overall enrollment in the department. To do this, it is crucial

that the department attract students from diverse backgrounds, but also make changes within the

program and adapt the program to be more inclusive overall and support these students, includ-

ing through an increase in the presence of DEI initiatives in the undergraduate CBE curriculum,

which will likely positively contribute to an increase in retention throughout the undergraduate

population.

5.4 Previous Work and Lessons Learned

As part of a multi-year NSF-supported initiative, a variety of approaches to incorporate multiple

activities and assignments in the first- and second-year CBE courses have previously been imple-

mented in order to help students improve teamwork and learn about implicit biases, with an aim of

assisting students in fostering more inclusive professional identities and recognizing the value of

diversity and inclusion in engineering. These courses, along with the other required courses within
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the CBE department, are shown in Fig. 5.11. Even though other courses are also required for all

CBE students, those courses are not offered within the CBE department and are, therefore, not

taught by CBE faculty and the curriculum and pedagogy are not within the department’s control.

This work was presented at the 2021 Collaborative Network for Engineering and Computing Di-

versity (CoNECD) Conference [168]. Our long-term goal in this endeavor is to incorporate topics

related to DEI throughout all four years of the undergraduate CBE curriculum (shown in Fig. 5.11)

in the future. The approach utilized in each individual course has been (and will continue to be)

dependent upon both the structure and the content of the course. In addition, we have taken a va-

riety of approaches in different courses in an effort to improve student participation by decreasing

repetition across courses and redundancy in assignments and activities.

Figure 5.11: These required courses for the CBE Program are offered and taught by the CBE department at
CSU. Even though other courses are also required for all CBE students, those courses are not offered within
the CBE department and are, therefore, not taught by CBE faculty and the curriculum and pedagogy are not
within the department’s control. [168].

When considering possibilities for the undergraduate curriculum, it is may be helpful to con-

sider DEI initiatives from multiple different angles. There are specific types of knowledge and
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skills that can help individuals recognize cultural barriers to inclusion and work more effectively

with difference. For example, every person has implicit biases which can impact their thoughts,

actions, behaviors, and decisions towards others unconsciously in spite of the person’s conscious

external values and beliefs [202]. It is, therefore, vital to educate students about implicit biases and

their ability to unconsciously impact one’s thoughts and actions. Additionally, the ability to work

well in teams and effectively collaborate with others, which require interpersonal skills that can

be developed and/or improved, are essential for an engineer in both academia and a professional

setting, regardless of industry [189, 203–206]. Building a strong interpersonal skill set entails rec-

ognizing the value every individual and their unique perspective contributes to the team, having an

understanding of personal strengths and weaknesses, clearly and effectively communicating ideas,

actively listening to the ideas of others, and exhibiting sensitivity regarding differences. More

broadly, an inclusive mindset and an appreciation for the value of diversity within the group are

critical factors that contribute to a team being successful and achieving its goals. While the need

for engineering students to be able to work in teams has long been recognized, engineering educa-

tion has not always recognized the need to explicitly teach about teamwork and sought to develop

teamwork as a skill. Incorporating diversity and inclusion topics so that students learn the crucial

interpersonal skills necessary to foster a supportive and respectful team environment, however, can

be a challenge in an academic engineering environment in which nearly all of the course content

is highly technical. Simply placing students in teams for project work and laboratories is insuffi-

cient without also providing students with the knowledge and tools required to enable them to gain

the interpersonal skills that are needed for more successful interpersonal interactions, including

educating them on implicit biases [192,207]. Incorporating these topics throughout the undergrad-

uate engineering education alongside their technical core engineering content can not only provide

students with the necessary tools to achieve more effective academic teams, but also enable them

to cultivate more inclusive professional identities and gain additional skills that will be beneficial

long-term in their careers. Although effective teamwork and implicit bias are just two components

of the broader concepts of diversity and inclusion in engineering, the ease with which they can be
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incorporated into both non-technical and technical course content make them a good starting point

for introducing these concepts in engineering curricula.

5.4.1 First-Year Courses

CBE 101: Introduction to Chemical and Biological Engineering

In the first-year course, Introduction to Chemical and Biological Engineering (CBE 101), we

included multiple diversity related topics because the structure of the course more easily allows

for the addition of non-technical course content. An interactive theatre sketch of a dysfunctional

team interaction has been performed, with trained facilitators guiding the activity [189–191]. In

the interactive theatre sketch activity, students watch the full interaction between dysfunctional

team members. The class discusses the interaction and negative behaviors and treatment between

members. The group then starts the sketch over again, but this time the students have an oppor-

tunity to stop the interaction at a specific point and join in to contribute to changing the direction,

language, or intensity of the interaction to improve respect and inclusivity. This was included in

the CBE 101 course starting in 2017 and has continued since then, although it is only incorporated

in the fall semester of each academic year. In addition, I included it in CBE 101A course when I

taught it in Fall 2022; at this time, the theatre troupe was funded by the Walter Scott, Jr. College

of Engineering, thanks to the efforts of Melissa Burt. However, a significant challenge to routinely

incorporating this into the course is funding, since hiring the theatre troupe is quite expensive.

To introduce the concept of implicit bias, we incorporated an activity in the lab sections of the

CBE 101 course, which enabled us to implement the activity for smaller groups of students. In

this activity, the students watched a video introducing implicit bias, after which they took multiple

Harvard Implicit Association Tests (IATs), participated in a group discussion, and answered reflec-

tion questions regarding their test results [191]. The implicit bias activity was implemented in the

course in many semesters between Fall 2017 and Spring 2020. It was discontinued, however, in

following years for a couple of reasons. When we incorporated the activity initially, we discussed

how the results are not necessarily predictive and conclusive, but rather just a tool to use over time
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to get students thinking about implicit biases. However, as time has progressed, a growing body of

research regarding the complex nature of implicit versus explicit behaviors and the associated con-

texts as well as what the IAT is actually measuring, and shortcomings and flaws associated with the

IAT [208–211]. At the same time as changes were being considered to the activity, the Covid-19

pandemic affected the format of instruction in courses, with hybrid and/or online components, so

retiring the activity was the best approach. Regular surveys were also incorporated into the course

to assess these various activities.

An additional activity that was incorporated into the CBE 101 course in Spring 2022, Fall

2022, and Spring 2023 was a 50-minutes Science Communication Workshop [212–214], presented

by Nicole Kelp. The students take a survey before the workshop and another roughly a month

afterward. The workshop is an interactive experience in which the students have to communicate

regarding different scientific topics to individuals with different backgrounds and careers. This

workshop not only encouraged students to consider how to communicate scientific topics, but

also encouraged engagement and positive socialization between the students in the classroom.

Some results from the pre- and post-surveys done for this workshop for courses in multiple STEM

departments and programs at CSU are discussed in Alderfer, et al. (2023) [212].

Related to DEI in the pedagogy and course structure itself, numerous changes were imple-

mented from Spring 2022 through Spring 2023. The course syllabus was restructured to include

the following: an Inclusive Classroom statement, an extended Universal Design for Learning /

Accommodation of Needs, an Undocumented Student Support statement, Religious Observations

statement, and Basic Needs statement. The homework policy was adapted after Spring 2022 to

include the acceptance of late HW with a daily penalty, with further flexibility if students reached

out to explain their circumstances. I also substantially increased the number of learning assistant

help hours in addition to my help hours, as well as took a poll in order to have help hours that were

varied enough to accommodate as many students as possible. Overall, many students seemed to

respond well to the changes. For example, some anonymous student comments from Spring 2023

include:
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Student 1: The professor was really understanding when it came to extensions and getting help

Student 2: The concepts were fairly hard to grasp since it is nothing like what iv’e seen before.

There is an abundance of resources though to help understand the concepts. Ms. Weber gives

lecture notes in person and in online videos. We have access to the book which is helpful and

whenever there is confusion Ms. Weber explains well. We also have countless help hours.

Student 3: The classroom environment was very inclusive and helpful to my learning. The

instructor conveyed the concepts clearly, but could have added more examples problems to go

more in depth with the concepts...

Student 4: Ms. Weber seems to be very knowledgeable with these subjects and explains them

well. She also was very understanding of our schedules most of the time and would push back

homework if need be. I also liked when she would give examples of when bad engineering out in

the work force created a problem,...

CBE 160: Introduction to MATLAB for Chemical and Biological Engineers

In the first-year computing course, Introduction to MATLAB for Chemical and Biological En-

gineers (CBE 160), many changes have been made to incorporate DEI into the class, both in terms

of the curriculum and pedagogy. Related to DEI in the pedagogy and course structure itself, numer-

ous changes have been implemented. The course syllabus has been restructured and now includes

the following: an Inclusive Classroom statement, an extended Universal Design for Learning /

Accommodation of Needs, an Undocumented Student Support statement, Religious Observations

statement, and Basic Needs statement. In addition, Canvas for the course has been restructured

to have easier-to-navigate homepage and weekly modules with objectives, reminders of reading

and assignments, course files, and posting of class session videos (edited to remove any downtime

during class sessions). Further, at the beginning of the semester, an instruction guide is provided to

students via email and on Canvas (as an announcement and preparation module that explains, with

numerous links included, how to navigate the Engineering Technology Services (ETS) website to

create an engineering account, set up personal computers, access their university drive, download
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software, use the VPN, etc. A QR code for tutoring resources through the COE and a MATLAB

HW assignment template are also provided for students. Additionally, an Introductions Discussion

Board is started on Canvas before each semester begins for students to engage introduce them-

selves to the class, specify a preferred name and identify preferred pronouns (if desired), and list

at least one random fact about themselves, and they are encouraged to respond to at least one other

student’s post. The purpose of this is for students to begin the process of engaging with and get-

ting to know one another before they meet each other in person. Each week, partially completed

weekly notes (in MATLAB) are provided to students so they can participate and stay engaged in

class while practicing coding and the topics we are covering, but also not be hindered by an in-

ability to type quickly. Typically, half to three quarters of each class session is dedicated to course

notes, but the rest of class time is dedicated to working together, helping one another, and receiving

help from me on "in-class problems" that are some of challenging questions on the HW assign-

ment. This helps with students understanding of the material as well as with building relationships

with their classmates and having learning be more of a collaborative process. In addition to these

changes, changes have been made on the grading to:

1. drop two HW assignment scores, no questions asked;

2. drop one weekly (in-person) quiz, no questions asked;

3. provide some quiz accommodations to allow a student to take a weekly quiz remotely if

they have a situation that comes up regarding an illness or other circumstance (with some

requirements, particularly regarding communicating with me in advance of missing class

and that the policy has not been taken advantage of);

4. and provide quiz extra credit assignments for more than 3/4 of the weekly quizzes that are

designed to for any student to take (whether they missed the quiz, received a 0, or received a

100%) to increase their understanding of the material (that overall are worth nearly an entire

additional quiz).

The purpose of these numerous class policy changes and course structure changes is to account for

circumstances beyond a student’s control, to improve equity by recognizing that different students
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have different life circumstances or obstacles outside of their academics that may interfere with

their classes, and to provide some understanding regarding the different ways in which different

students learn. The student feedback regarding these changes was quite positive. For example,

from Fall 2022, some anonymous student comments include:

Student 1: Ms. Weber really went in depth and made sure we all were following the information.

The classroom was very open and comfortable making it easy to ask questions.

Student 2: Some good-to-excellent aspects of the course instruction was the in class notes pro-

vided and level of care during class and office hours. The in class notes are detailed and interactive.

This helps me stay engaged throughout class and also helps me learn better. The professor also

provided a lot of office hour opportunities which were helpful because it offered a chance for one

on one help on homework and collaboration with other students.

Student 3: Some good to excellent aspects of the course instruction were the in class notes because

I found them to be engaging as well as very helpful when referring back to in order to complete the

homework. The class is split in a way that usually works very well with most of it devoted to notes

with some time at the end to work through a more challenging problem with our peers.

Student 4: Ms. Weber used the class periods very effectively in getting the course content across to

the students. This also created a good class environment where everyone is listening to the content

and asking questions when one comes up.

From Spring 2023, some anonymous student comments include:

Student 1: The way Ms. Weber set up the in-class notes as skeleton notes in which we had to fill

out together with her during the lecture was very impactful. It kept me engaged in the very long

lecture while allowing me to actively learn and recall material.

Student 2: I like how the instructor actually did the code alongside us in the in class notes and

you could visibly see where and why you were making errors if you made them.

Student 3: The instructor did well on very clearly showing us what concepts are, especially by

being very loud, clear, and coherant. She was very open with students asking questions/created a

safe environment for students to be vulnerable with this difficult course
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Student 4: The instructor was really great and conveyed concepts clearly, while working with

students so they can do their best to succeed.

Student 5: The classroom environment was really good. Classes were also made to make the

content clear to understand.

As related to DEI in the curriculum, the students perform multiple assignments in which they

apply the programming skills learned in the course to analyze the gender-pay gap as a result of

different starting pay rates, annual raises, and promotion periods. This assignment was originally

based on one developed as part of the NSF-initiative at West Virginia University. When this assign-

ment is introduced, a discussion takes place regarding the intersectionality of pay disparities based

on gender with pay disparities based on race/ethnicity as well as other factors (such as LGBTQ+

status). In this discussion, it is specified that although these other factors may also come into play

in overall pay (and specifically in salaries), many of these are either more complex to analyze, more

difficult to find reliable data, or both. The homework problems related to this are spread across

multiple assignments and are still incorporated in the course, as of Fall 2023. The students are also

asked to answer reflection questions regarding their results. The reflection questions were modi-

fied in Fall 2023; prior to this, however, the reflection questions and some examples of students

responses are:

1. Was there anything surprising in the results? Explain why or why not?

2. Do you expect what you learned in this assignment will impact how you interact with other

engineering students or engineers in your profession, especially those who are different from

you? If so, how?

3. Did what you learned in this assignment change your views on the roles and responsibilities

of engineers? If so, how?

4. After completing this assignment, do you feel like you have a better understanding of coding

loops in MATLAB and/or applications of MATLAB? Please explain.

Student 1: What I learned in this assignment will definitely impact how I react with engineers

especially when it comes to future bosses and fighting for equal pay and knowing my worth as an
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engineer.The assignment did change the roles and views of engineers. I think they have the role

now to stop the pay gap and encourage a diverse and healthy working enviornment. I feel like I

have learned that Matlab can be used for realworld applications instead of just math problems,

and real world problems can have real implications from the data produced by matlab.

Student 2: I didn’t realize how much a women’s salary could differ from a man’s salary. It makes

me sad that women can work just as hard or even harder than men, and not get rewarded for it. I

might be biased since I am a women but if I was doing the same work as a man and he got paid

better than I did, I would be very upset. Yes it did. Since I didn’t realize that pay gap was as

serious of an issue as this code proves it to be, I find it more annoying to be in engineering as

a woman because I will most likely get paid worse than my colleagues. Engineers still have the

same roles and responsibilities but I believe that we should be working to fix this problem and pay

people when people are due and deserve it.

Possible improvements for this assignment include the addition of pay disparities based on

race/ethnicity or adding reflection questions after each portion of the assignment. Possible im-

provements for this course include adding one or two mini projects (or making a couple of the

homework assignments group assignments instead of individual) in the semester as well as adding

in reflection questions regarding working in these groups. Although students currently do group

evaluations at the end of the final project, most students add reflections into these and it may be

beneficial to formally add them in as a separate survey or question set as well.

5.4.2 Second-Year Courses

In the second-year courses, Material and Energy Balances (CBE 201) as well as Thermody-

namics (CBE 210), incorporating DEI topics is more challenging as a result of the highly technical

course content. The frequent group projects in these courses allowed for incorporation of diver-

sity related topics with a series of reflection questions after each project that address individual

behavior within the group, interactions with team members, demonstration of respect for group

members’ contributions, and overall inclusion of group members. Additionally, this was an easily
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implemented strategy for enabling students to learn effective teamwork skills while not infringing

on the technical course content. Reflecting on their experiences interacting with their classmates

and working in groups can provide students’ insight into their individual strengths and weaknesses,

help them in communicating their ideas more effectively, and can provide improved understand-

ing into what skills, actions, and strategies are useful for creating a more open, supportive, and

respectful team environment. These questions were designed to promote a growth mindset in how

the students view their individual group contributions, as well as interactions within the group. It

is believed that the reflection questions are still incorporated in CBE 201 to-date; in CBE 210, they

continued until at least Spring 2021, and whether they are still incorporated is unknown.

CBE 201: Material and Energy Balances (CBE 201)

For CBE 201, four group projects are completed throughout the semester. For each of these

projects, students are in a new group. This provided us with an opportunity to reflect on their

interactions after each one to reflect on the experience, possibly identify elements that went well

or could be improved, and compare with the previous project teams. The students also completed

a final set of questions reflecting on the overall team experiences throughout the semester. Each

set of reflection questions provided a small amount of extra credit in the course. In this course, the

reflection questions were designed to address multiple aspects of individual work within a team

as well as teamwork overall. These aspects of working in teams as well as a related reflection

question example are shown in Table 5.10. The reflection questions were selected and grouped

strategically for each group project to address all of the following: Individual behavior (self re-

flection), Teamwork (group reflection), and Inclusivity (inclusion, appreciate for differences, and

respect for group members).

In Fall 2019, 82 students completed all four sets of project reflection questions as well as the

final set of reflections; in Fall 2020, 63 students completed all five total sets of reflection questions.

An examples of one of the reflection questions asked after completing the first group project and

examples of student responses are:

P1 Q2: What is the most valuable skill you learned from your teammates / project group that you
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Table 5.10: Examples of the CBE 201 group project reflection question, as related to the aspect of working
in teams they are intended to address [168].

will incorporate in future teamwork?

A1: The most valuable skill I learned from my teammates was that it is very important to meet

in person and communicating about your thoughts and questions on the project is vital. I also

learned that it is ok to ask your teammates questions if are confused or don’t know how to ap-

proach something. This way your team can help you and they can feel open and comfortable to ask

you questions as well so you can help them too.

A2: I learned that patience is necessary when working with a group (especially a group of

strangers), such as when extra explanation is needed.

A3: There are a lot of people who are better are certain subjects than me, so it’s very valuable to

listen to everyone’s ideas.

Each subsequent question set built upon the previous set, asking students to compare previous

interactions with their most recent interactions as well as to discuss what changes they can make

to improve future interactions. The subsequent question sets were also designed for students to

recognize and reflect on both the positive and negative aspects of their group interactions. An ex-
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ample of two questions asked for Project 2 and examples of student responses are:

P2 Q2: What did you learn were your greatest strengths? Your biggest areas for improvement?

A1: My greatest strength was actually solving the material balance problems. I need to improve

my ability to communicate my work to my other teammates so that they could understand it.

A2: I learned that my greatest strengths were my communication, and my biggest area of improve-

ment would probably be trying to get on the same level of understanding of everyone else.

A3: I think that my biggest strengths was being able to communicate my points across and prop-

erly suggest how to tackle a problem without upsetting anyone. In that the group was able to take

in all ideas and select the best one possible with all voices being heard equally. I believe I need to

improve on knowing the material better so that I can contribute accurate and correct information

to my group as some of the ideas I put out may have not have been the best until I figured out the

material that I was doing was wrong and then I had to correct it. Such as the idea that a stream

with only on variable does no count as specified.

P2 Q3: How do you ensure people know that you have taken account of their views?

A: I acknowledge their ideas when they present them and try to make compromises out of all group

members ideas. If you ask people questions about their ideas, then you also gain more knowledge

about their views and they see you are validating them.

The final set of reflection questions asked students to look back on all of their group expe-

riences throughout the entire semester. Although most of the reflection questions are designed

strictly for the benefit of the students, responses to the final question regarding topics that may

benefit from formal training provide some actionable suggestions that the department could imple-

ment relatively easily, such as a short seminar on group work, communication, etc. All of these

responses and as well as some identified themes are discussed in Appendix B. The final question,

which relates directly to changes that could be made by the department, and some examples of

student responses are:

Final Reflections Question: Experience is an important teacher; however, sometimes formal in-

struction or training on particular topics can be helpful. Thinking about your team experiences this
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semester, are there topics or types of interactions where you would benefit from formal training?

In other words, if the CBE department decided to incorporate some formal team training skills into

this course or later courses. are there particular topics you think that training should cover?

A1: I think some of the people in this major could benefit from trainings on how to be respectful

to other group members, especially ones that come from diverse backgrounds. One particular an-

noyance is the tendency for males to interrupt females while they are talking (i have experienced

this many times) and to generally ignore what females are saying. For example, I, as a female will

suggest one idea (that will be generally disregarded), but when that same idea is suggested by a

male in the group, everyone will agree to do it.

A2: I think that training should cover how to respectfully get in contact with people you have never

met before. It would also be good to address group etiquette and expectations.

A3: There are some basic skills that I am not sure would even be considered in this training but that

some fellow students still lack- mostly communication. Things like reaching out to group members

early on, responding to these messages, and retaining respectful language even while frustrated.

But I believe one important topic that the training should actually cover is how to divide work

among a team efficiently and respectfully. In the real world, we are going to be working with peo-

ple of different skill levels. We need to know how to assign the tasks of a project to these people in a

way that makes the work most efficient but does not make anyone feel disrespected or undervalued.

A4: The training should cover how to properly communicate with each other. This could touch on

how to communicate with your group mate’s ideas in order to properly acknowledge everyone and

make everyone’s ideals feel validated.

A5: I think that a small seminar based on teamwork could be helpful. In this seminar, students

should be taught about organizing meetings, distributing workloads, understanding skillsets, and

working as a team. This would likely help people with their groups and group organization.

A6: It might be helpful to take the material and energy balances that we learn in class and apply

them into real life situations. I feel like it would be a great way to help figure out why we set the

balances up the way we do...
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CBE 210: Material and Energy Balances (CBE 210)

In CBE 210, the students completed group problem solving sessions each week. They rotated

groups and worked with three different groups throughout the semester. The reflection questions

after working with each individual group are different from those in Material and Energy Balances.

These questions are more focused on developing an understanding and appreciation in students of

the unique perspectives and experiences each member has, how these perspectives affect how each

member approaches a problem, and how the diversity within the group can help the group to more

effectively achieve its goals For example, the first question set for each project is shown in Fig.

5.12.

Figure 5.12: CBE 201: Reflection Question Set 1 Following Each Project [168].

5.4.3 Challenges

Initially, the intent was to attempt incorporation of these concepts throughout the entire cur-

riculum (in at least one course every semester – see the program structure in Fig. 5.11) in each

academic year. This has presented several challenges, aside from the extremely technical course

content and course structure. Broad incorporation requires significant coordination and collabora-

tion with and between faculty members within the CBE department to determine the best approach

for each course and avoid redundancy across courses that may result in decreased student partici-

pation. In addition, the activities need to be relatively self-sustaining in the course once integrated
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since a required follow-up for every initiative in every course over time is unachievable, given the

time expense. This poses multiple challenges and will continue to be an ongoing process. Addi-

tionally, individual faculty must not only recognize the value of addressing these topics but must

also be willing to make adjustments within their course structure to accommodate these topics in

some form.These challenges will be discussed in more depth in following sections. Overall, how-

ever, the challenges faced and lessons learned from incorporating DEI into these courses, including

maintaining these activities in the courses as well as engaging and motivating faculty, are informa-

tive for in future planning and implementation initiatives as the department makes steps to become

more inclusive.

5.5 DEI in Engineering Education: The Current Landscape

In Section 5.4, previous work related to incorporating DEI into the CBE curriculum in the first

and second years is discussed. There are, however, numerous approaches to incorporating these

topics into engineering curriculum. Some of these approaches are direct and forthcoming with their

intent, related to course content. Others, however, are more broad and provide a general overview,

or are indirect and focused on pedagogy to create a more engaging, accessible learning experience.

Many of these approaches are more directly related to pedagogy, such as altering class structure

to include flipped classroom environments and increased student involvement throughout the class

sessions. There have been many recent works with a wide variety of approaches to address DEI in

the field of engineering education.

5.5.1 DEI in Course Curriculum

Some recent research works have primarily approached diversity through the lens of engineer-

ing curriculum and focused on modifying the course curriculum [173,184,185,188,193,212,215,

216]. For example, two DEI activities have been included in undergraduate chemistry courses at

Gulf Coast State College in Nakamura (2002) [193]: reflection questions after attending diversity

and inclusion community engagement talks, and completion of the IAT and a subsequent short
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reflective essay. As mentioned in Sec. 5.4, although there is value in recognizing the presence of

implicit biases in all interpersonal interactions and the potential impact of these biases, as well as

the limited number of tools to be able to measure and quantify this, growing research suggests the

IAT has significant flaws and may not in fact be measuring what is intended [208–211].

In a significantly different approach, Wendland and Worthington (2023) [188] modified an

upper-level biomedical engineering course to dedicate class time to the incorporation improv ac-

tivities, as well as conducted pre- and post-implementation surveys to gauge student engagement,

self-confidence, communication, and comfortability in the classroom. Bansal, et al. (2023) [185],

though, details numerous approaches for integrating DEI into engineering curricula to provide

guidance to faculty and instructors, given the new ABET DEI criteria in biomedical engineering

curricula. The importance of faculty training in this area is stressed as a jumping off point in the

process of DEI incorporation into the curricula. Beyond this, two primary actionable recommen-

dations are to revise language to be more inclusive, particularly in relation to disabilities, and to

take surveys to assess the student experience in the program and the effectiveness of teaching inter-

ventions. Many of the other suggestions in this work relate specifically to biomedical engineering

design courses; however, they do provide some examples and thought exercises in this arena that

could be beneficial for reflections in related technical courses regarding the impact of engineering

designs that do not account for diversity.

Others have approached diversity through a combination that includes both engineering cur-

riculum and course content using a more well-rounded, holistic approach that looks at the course

as a whole instead of just considering the incorporation of individual activities [173, 184].

For example, Rice and Mays (2022) discuss the integration of DEI through the modification

of the course structure of a fluid mechanics course at the University of Colorado Denver (CU

Denver) [173]. Although implemented for fluid mechanics course for civil-engineering majors, the

approach is directly applicable to equivalent courses in other engineering majors. These changes

were originally made accommodate a hybrid online learning course with both asynchronous and

synchronous components as a result of the Covid-19 pandemic; however, they can be easily adapted

110



for an in person course. They implemented numerous changes while taking into consideration the

theoretical framework of Culturally Relevant Pedagogy [217]. First, they revised the syllabus

language and phrasing to be more inclusive and have a more supportive, less authoritative tone

while still setting the same standards and requirements for the course; additionally, they included

a land acknowledgement statement on the syllabus, which is quite applicable given that CSU is a

land-grant institution. In modifying the course content, they asked themselves two questions:

• "Do these course materials marginalize anyone?"

• "Do these course materials represent a missed opportunity to engage anyone?"

While doing this evaluation of the course content, they also replaced some of the personal nomen-

clature throughout the course material with technical nomenclature. For example, changing

"Bernoulli" to "Energy Equation" and "Buckingham Π" to "Dimensional Analysis" so that the

more descriptive wording that is used removes the implication that fluid mechanics is "exclusively

by and for white men" [173]. They also attempted to change at least some of the in-class examples

to be more engaging by adding cultural context (since this is a time consuming challenge) as well

as changed the videos presented throughout the course, replacing videos with homogeneous de-

mographics which students may have difficulty looking beyond, with videos that address the same

topics with a more accessible presentation. In this work, they also provide suggestions for engi-

neering faculty looking to infuse DEI into engineering courses. Although utilizing this approach

to evaluate those two questions for all course materials in a specific course may be incredibly time

consuming overall, it is one that can be applied systematically and incrementally over time to all

courses within the curriculum.

In their approach, Busch-Vishniac and Jarosz (2004) [184] developed six steps to follow when

evaluating revisions to engineering curriculum. Unlike the work of Rice and Mays (2022) [173],

their approach is geared more generally towards the entire engineering curriculum in a particular

program and not just one specific course. In their approach, they suggest adapting courses start-

ing from the bottom up, making the first year or two and earlier engineering courses the students

encounter more integrative and interdisciplinary. They also outline what numerous different uni-
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versities have attempted to do in this area since the early 1990’s to determine what has previously

been done to see if it can be built upon (Step 1).

In addition, they discuss the lack of social relevance in many engineering programs in spite

of the critical need for its inclusion given the overall fundamental purpose of engineering and its

relation to the needs of society. The poignant lack of recognition of female and minority scientists,

engineers, and physicists in many textbooks as compared to males, including the use of their work

and a lack of acknowledgement by full names, and the need for improving diversity and multi-

culturalism in the curriculum is also discussed. Since this can result in overly crowded curricula,

tough discussions regarding the necessity of all the current inclusions and prioritization may be

required to streamline the curriculum instead of extending the time to graduation. This is particu-

larly true since this is an area where engineering departments already struggle, with most allowing

for little flexibility for students to be able to achieve graduation in four years, which is more likely

to negatively impact students from historically excluded or marginalized groups.

On a related front is the topic of required prerequisites, and which are actually critical for the

degree and which, although they may be beneficial, are not actually a necessity. They also suggest

departments consider reorganizing parts of the course sequence, if need be. Another noteworthy

topic they touch on are the assumptions many faculty make regarding the level of ability of the

entering students, which can prove to be an impediment for many minority students since not

all high schools offer the same material or the same quality of education. Although this work

was published well before the Covid-19 pandemic, this topic seems especially relevant for current

students since, from personal experience teaching first-year engineering students before, during,

and "after" the pandemic officially ended, the distribution of preparedness seems to have broadened

as a result. Moreover, in line with what the CBE department has already been working towards, is

defining the engineering culture as one of collaboration instead of competition to enhance academic

experience, decrease isolation of the students, and improve teamwork and the overall well-being

of the students. In addition, this work addresses multiple other areas worth considering to address

issues of accessibility in engineering programs.
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Shields (2023) [218] builds upon some of the areas suggested for improvement regarding DEI

in engineering education in Busch-Vishniac and Jarosz (2004) as they outline their approach in a

pilot program at the University of Pennsylvania to incorporate justice, equity, diversity, and inclu-

sion (JEDI) material into a core introductory bioengineering course, following an "ethics across

the curriculum" pedagogical approach [219, 220]. In this approach, they embed content related

to ethics in the course alongside the technical content to instil a sense of ethical responsibility as

well as provide societal relevance. Their goals included having students learn about the intersec-

tionality of bioengineering practice with JEDI through an interdisciplinary context in addition to

having students contribute to and participate in an inclusive environment while learning about and

discussing these topics. Although they consider this to be a pedagogical approach, it seems to

be more of a combination approach related to both pedagogy and content. Many of the concepts

and topics they introduced into the program are relevant to and can be easily incorporated into the

current CBE program, even in a piece-wise fashion.

5.5.2 DEI Primarily Through Pedagogy

Instead of focusing on curriculum, other works have taken a more pedagogical approach to

DEI in engineering [174, 181, 218, 221]. In Krestra (2021) [181], for example, the skills required

for innovation, creativity, and reliability in engineering are framed and discussed in the context of

topics related to DEI. Although the work is less focused than many others and does not provide

much in the way of substantial examples to put into practice, it does provide some ideas on active

learning and collaborative activities to incorporate into a classroom setting.

A wide range of specific activities and interventions that can be implemented in STEM courses

are introduced in Casad, et al. (2018) [215]. A review of social-psychological interventions that

have been incorporated in education as well as their outcomes as related to grade point averages

(GPAs) was conducted by Yeager and Walton (2011) [222]. Tibbetts, et al. (2016) [216] describes

social-psychological interventions in undergraduate biology with a goal of promoting positive aca-

demic outcomes for underrepresented groups, some of which were implemented in a class setting.
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Although this work is specifically related to biology courses, they could be just as easily incor-

porated in engineering courses. While this is a pedagogical strategy that could potentially benefit

all students, this research suggests a larger positive impact for students from historically-excluded

populations.

Farrell, Godwin, and Riley (2021) [174] approach inclusive teaching practices in engineering

through a lens of a sociocultural learning framework which emphasizes the importance of collabo-

rative dialogue with peers and larger context in an individual’s learning development and learning

environment. They discuss some exclusionary aspects of the engineering culture that act as barri-

ers to both participation and inclusion. Additionally, they provide some strategies as a jumping off

point for incorporating DEI into chemical engineering curriculum, with a focus on learner identity

and classroom context. These strategies include an active approach to an inclusive classroom in

which the diversity of students’ identities are valued in their instructor interactions instead of an

approach that assumes an inclusive classroom is one that lacks bias and has equitable treatment for

all students. Examples of this in practice are using terms like "everyone" instead of "you guys" as

well as using students preferred names and pronouns. Other strategies include the importance of

recognizing student-wellness, using an asset-based model that approaches diversity from a positive

view of unique strengths and perspectives these students bring to the field versus the view of what

they lack, setting classroom norms, and using socially relevant examples.

Butterfield, McCormick, and Farrell (2018) [221] discussed some of the same strategies men-

tioned in Farrell, Godwin, and Riley (2021) [174] regarding the inclusive classroom and students’

identities, and also mentioned assisting in access to support networks and being visible as an ally.

5.5.3 Transformative Approaches to DEI in Engineering

Looking beyond just incorporating DEI in current course structures, pedagogy, and curricu-

lum, some take an ambitious, more transformative approach to DEI in engineering education that

involves the addition of new courses, entirely reworking the program, or significant restructur-

ing of current courses. For example, the beneficial impacts of experiential learning in engineering
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education are discussed numerous recent works, with the focus of many related to biomedical engi-

neering education [223–232], while others discuss the benefit of incorporating immersive research

experiences for undergraduates (REU) into engineering programs [233].

Nease (2021), however, discusses concrete approaches for modifying the undergraduate en-

gineering curriculum through community-engaged design initiatives (also known as service-

learning) [194]. In Nease (2021), undergraduate participation in these is discussed to help students

develop greater awareness of the complexities of real world engineering problems while also de-

veloping more empathetic understanding and ethical, social, environmental, and economic issues

that may be encountered. This work also discusses a major transformation to the entire first-year

engineering curriculum by combining four courses into one large course at McMaster University to

employ an experiential framework that utilizes a series of five community-engaged design projects

(in teams) along with subsequent corresponding reflections on each experience. This work also

discusses the addition of in-class workshops, open discussions, and discovery-based learning to

chemical engineering courses throughout the following years in the curriculum. As a way to elicit

an individual students understanding and mastery of the course material, the concept and benefits

of collaborative assessments and collaborative re-testing are discussed, along with a step-by-step

example process of how this is put into practice in an engineering course, as well as an evaluation

of the results of these practices, including student surveys and grade distributions. While these

practices don’t necessarily directly relate to adding DEI in the course content, they are related to

ways DEI can be utilized to alter the pedagogy for some engineering topics to make the abstract

concepts more clear, improve teamwork and understanding from fellow students, and increase the

accessibility of the material to all students, not just students that learn in one particular way.

Reynante (2022) [195] is another work that also discusses the addition of community-engaged

learning initiatives in an engineering program at a university on the West coast, with a "design-for-

justice" approach as opposed to a "design-for-charity" approach that others often take. The "design-

for-justice" approach incorporates participatory community involvement, considers reflexivity to

be critical, and utilizes asset-based community framing to focus on causes of inequity instead of
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symptoms of inequity. In this program, two courses are required, an introductory course and lab-

oratory course (with a field practicum), out of several courses taught by engineering faculty in the

university that infuse social justice and service-learning. This case study is conducted for one of

the particular projects this community-engaged engineering program worked on, which focused

on a lack of affordable and reliable lighting in a village in the Philippines, which began when

the program was contacted by a non-governmental organization (NGO) in the country that aims

to alleviate poverty. This study was guided by a social constructivist framework, which consid-

ers learning to be an active, social process in which conceptual understanding is built by utilizing

previous experiences, knowledge, interactions with specific context and culture, and reflections of

those [234–236]. In this work, Reyante provides a thorough example of positionality by evaluat-

ing his positionality in reference to the current study. In evaluating the study, he used a deduc-

tive qualitative analysis approach, coding, and thematic analysis to investigate if/how participants

demonstrated shifts in mindsets.

A challenge of many of these approaches is the requirement for substantial resources, both

in terms of time and financial capital. Additionally, these more transformative approaches re-

quire substantial engagement and collaboration with individuals, entities, and businesses outside

of the university. Without these, it may still be possible to implement some community-engaged

or real-world initiatives on a smaller scale that is more feasible, given the current resources of the

department.

5.5.4 A Broad View of DEI in Engineering Education

There are also some works that are primarily focused more on the big picture of DEI in engi-

neering education [179, 180, 182, 183, 186, 212–214, 237–246], including what works overall and

what doesn’t, what are some challenges that may be encountered, how students with various iden-

tities and minoritized statuses perceive these efforts, the impact of level of engagement of faculty,

etc.
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The evaluation of "successful" science and engineering programs for undergraduate women as

measured by an outcome of the number of undergraduate degrees awarded to women in science

and engineering was completed by Fox, Sonnert, and Nikiforova (2009) [179]. In these programs,

they found the most successful programs were the ones in which the issue being addressed was

defined and approached from a more comprehensive, institutional/structural perspective instead of

a more individualistic perspective. For example, while all of the programs were ultimately work-

ing on recruitment and retention struggles, more successful programs defined the overall issue as

a combination of underrepresentation and minoritized status, grading systems to "weed-out" stu-

dents, faculty and classroom biases, and a lack of a support pipeline as well as stressed a need for

creating an equitable environment. The least successful, on the other hand, had a more simplistic

view of the overall issue, such as recruitment and retention (i.e., the number of women participat-

ing and staying) as related to personal or gender deficiencies, and these programs had a goal of

attracting, recruiting, and retaining women by increasing "outreach" and mentoring. While these

are not bad or useless strategies and they can,in fact, be quite beneficial and successful [180], they

can’t be the only strategies or initiatives taken; they can’t be completed in a vacuum, with the ab-

sence of more substantial changes that take into consideration the "why" of both recruitment and

retention issues, including the overall environment of the institution and/or program itself.

Equity in engineering classrooms is addressed in Secules and Masta (2020) [182], with a dis-

cussion of the marginalizing experiences of students in underrepresented and historically excluded

groups, such as in relation to race, sexual orientation, first generation status, socioeconomic status,

gender, as well as gender non-conformity, and ability. In this realm, they also discuss how many

studies focus on only a single dimension in relation to this, with a primary focus often being bi-

nary gender despite the status of many students in multiple marginalized groups simultaneously.

Instead of directly addressing ways to implement culturally relevant pedagogy into the curriculum

like Rice and Mays (2022), this work, in contrast, broadly discusses the challenges present in the

creation of culturally responsive pedagogy (CRP), covered in depth in Sleeter (2012) [183], partic-

ularly the risks of essentializing CRP by assuming a fixed characterization of cultures or students
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belonging to a particular group, taking on a simplistic view or trivialization of what CRP is, imple-

menting only superficial pedagogical changes as a result, and a failure in connecting its use with

improving student learning and achievement. This work also discusses the unintended negative

impact meritocracy and competition in engineering courses can have on some students in a class

environment. In examining changes to curriculum, Secules and Masta suggest considering a series

of questions, which include:

"What does it mean to imagine an engineering curriculum that is not steeped in whiteness and

masculinity? Whose culture should we respond to and how?"

"Can all students be supported in learning and growth as engineers without some students becom-

ing constructed as failure in comparison to others?"

"How does the curriculum of engineering education pursue liberatory, critical, and justice-

oriented practice within subject matter traditionally nested within neoliberal capitalism?"

In doing this, they suggest multiple areas within a course to consider where equity issues may be

encountered, including curriculum, course texts, communication, grading, interactions, and sup-

port. They also discuss the benefits of an expansion of faculty learning to better understand their

individual "learning edges" and positionality in relation to their students as well as diversity, equity,

and inclusion.

Valdez and Kelp (2023) evaluate student perceptions of inclusive pedagogy in undergraduate

STEM classrooms, particularly students in historically marginalized and underrepresented popu-

lations [242]. They, along with others [212–214, 237–241], also discuss the relationship between

aspects such as grit, self-efficacy, self confidence, science communication skills, and science iden-

tity and undergraduate STEM students’ personal motivations, community engagement, retention

in STEM programs, and career attainment. These works collectively provide valuable information

regarding motivations for DEI interventions and areas to consider when designing these.

Thoman, et al. (2021) [186] address some of the challenges in achieving the integration of DEI

initiatives and interventions into undergraduate classrooms, despite the relative ease and evidence-

based success of many of them, which they describe as a "resistance to action model". Additionally,
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this and many other works discuss some of the research that has been done over decades that show

that ignoring underrepresentation, including gender and race to take a color-blind approach, can

in fact exacerbate inequality, undermine interracial interactions and diversity efforts, and reduce

sensitivity to racism [247–252]. Collopy, et al. (2022) [187] discuss challenges regarding faculty

hesitancy and resistance as well as workshops conducted as part of a program with approximately

20 faculty members in multiple stages of their career that represent every department in the College

of Engineering, Design, and Computing at CU Denver. This program, called the Faculty Learning

Community (FLC), follows the Colorado Equity Toolkit three-component framework [253]. Park,

et al. (2020) discuss what engaged faculty looks like as related to DEI, and address approaches

that seem to work in efforts to engage faculty in incorporating diversity-related content in their

courses [243].

Hartman, et al. (2019) [244] also address the need for an inclusive environment, pedagogy, and

curriculum changes, and framed their work in constructivist learning theory [236], like Reynante

(2022) [195], and critical (liberatory) pedagogy [254], which orients education towards social jus-

tice and the liberating of students from oppression. In addition, they discussed student versus

faculty perceptions, the inclusion of faculty workshops regarding DEI and curriculum changes,

the benefit of mentoring for first-year and transfer students, conducted a number of surveys, and

touched on admissions standards. The misalignment in stated goals for the incorporation of DEI

into undergraduate engineering programs (particularly as related to women in engineering) and

the actual implementation approaches taken are discussed in Fox, et al. (2011) [246]. This work

stresses the importance of consideration of the institutional, college, and program environments

while evaluating various DEI inclusions and implementation, as well as the importance of poten-

tially larger scale activities regarding faculty and program / classroom climate. Lezotte (2023)

also looks at the institutional context and environment, and how it shapes diversity-related efforts

within the university [245].

Overall, the expansive field of recent work in this area provides ideas and examples for incor-

poration of DEI initiatives into the pedagogy, curriculum, or a combination of approaches as well
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as many larger-scale transformative approaches to adapting the curriculum. Additionally, there

is a wide array of information regarding the perceptions, motivations, and sense of belonging of

students in underrepresented and historically excluded groups, and the broader view of the impact

of various interventions and activities to help direct engineering departments in their approach.

5.6 Moving Forward: Possibilities for the CBE Department

There are numerous opportunities for the CBE department at CSU to continue to incorporate

DEI into the CBE curriculum and program as a whole, some of which are proposed to extend

efforts that have previous been done (5.4) and some of which have not been previously explored.

These efforts are proposed to help the department cultivate a more supportive, inclusive educational

environment and culture that better reflects the diversity within society as a whole as well as helps

improve the retention and success underrepresented and historically excluded students within the

CBE and dual degree CBE/BME programs. These initiatives also have the potential to benefit all

CBE students in achieving success in their academic career and in their future professional careers

by helping them foster inclusive professional identities and improve their ability to work well in

diverse teams.

5.6.1 Proposal: Adapting for Diversity Growth and a More Inclusive Future

Although I propose that a substantial approach to the incorporation of DEI in the CBE depart-

ment which includes the systematic and strategic implementation of wide-spread revisions in the

curriculum and program overall would be the most effective and impactful for the CBE depart-

ment at CSU, this could be applied over time starting from the bottom up. The proposed approach

involves changing the tone broadly throughout the program to increase cultural competence and

inclusive pedagogy. In this approach, the department overall could utilize some of the same tools

that can also be incorporated on an individual course level, with a goal of creating a more inclusive

educational environment overall that addresses some historical disparities that continue to exist

and proliferate in the entire engineering field.
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I propose that, initially, the incorporation of DEI in the CBE department be integrated through-

out all of the courses in the CBE curriculum by utilizing an approach to includes aspects of the

strategies discussed in Busch-Vishniac and Jarosz (2004) [184] and described in Rice and Mays

(2022) [173], which have been previously implemented in an engineering course at CU Denver.

However, instead of each individual faculty member looking at only a specific course or the course

they "usually" teach, I believe a more effective approach is one which is systematic and strategic,

that also has the potential to add an element of consistency regarding departmental DEI values and

goals throughout the program. Of course, for this approach to be effective, the department needs

to have some collective understanding and consensus of what its core values are as well as its DEI

values and goals are. Some of the questions that may need to be answered by the faculty both

individually and overall as a group are:

• Why do you think enrollment has not recovered from the pandemic? What is the problem?

• What do you see as driving forces for the low enrollment of historically marginalized popu-

lations?

• What do you see as main issues that need to be addressed in the department in relation to

enrollment, DEI, retention, departmental culture, etc.?

• Are there any areas that can be identified as generally in need of changes or improvements?

• Do you have ideas for changes or improvements that could be made that you believe would

be beneficial to remedy these?

• What are the collective DEI values for the department? What are the ultimate goals?

• Where do you envision the department in 2 years? What about 5 years?

• What do you see as a primary roadblock in achieving this?

• What do you foresee as barriers to incorporating DEI in the department and the program?

These questions could be addressed in a facilitated workshop in which faculty learn and think

together about DEI in both engineering education and an institutional context. Given the known

challenges regarding the range of faculty comfort with DEI topics [182, 183, 186, 243, 245], addi-

tional faculty training and workshops may also be extremely beneficial to help faculty understand

these issues better in order to consider them in the courses, but also to understand their own
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positionality in terms of understanding DEI issues in the classroom and department [182, 183].

Collopy, et al. (2022) [187] provides valuable insight regarding an approach to increase faculty

engagement and investment in DEI. Additionally, the three-component framework of the Colorado

Equity Toolkit [253], which includes resources for self inquiry, course design, and creating

community, is specifically designed for educators, including instructors and faculty, in the State of

Colorado. According to the Colorado Department of Higher Education:

"Although Colorado enjoys one of the highest education attainment rates nationally, the

share of the white majority population that has earned a credential is more than twice that of our

fastest-growing group—Latinx and Hispanic Coloradans—and more than 1.5 times the share of

African American, Black and American Indian Coloradans.

We can and must do better. As higher education leaders, it’s on us to foster welcoming, thriving

learning environments for all—especially in the classroom." [253]

With this in mind, I suggest that the DEI Committee brainstorm to not only answer these

questions, but also develop a list of what aspects of DEI they believe should be consistent

throughout the program (and department overall). It may also be beneficial or necessary to ask

external advisors about the DEI skills graduates will need. These answers and this list can be used

as a "jumping in" point to initiate a discussion within the faculty and staff regarding DEI since,

as many research works discussed in Sec. 5.5 have noted, effective, broad implementation of DEI

initiatives requires not only cooperation of the faculty, but engaged faculty members.

The faculty and staff should identify any specific aspects of DEI the department wants to unite

behind and emphasize for the students. For example, if the faculty and staff able to reach consensus

and get "buy-in" from members, the department could add some "universal" changes throughout

the program to all syllabi, including: the addition of a land acknowledgement, a statement regard-

ing respect and inclusivity in the classroom, and the incorporation of general language changes to

be more inclusive and supportive on syllabi. This would help affirm for students that the values and
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culture the department strives for both overall and in their individual courses is indeed recognized

as important and supported by all faculty.

Additionally, I recommend that every course in the curriculum replace some of the personal

nomenclature with more technical, descriptive terminology in the course material. For example,

using For example, using "Dimensional Analysis" instead of "Buckingham Π" in course materi-

als. It is my understanding that the basic content of courses is reviewed and discussed in faculty

meetings, particularly to ensure that each course is satisfying the requirements of ABET. In this

process, each course review could also address potential DEI issues and the consideration of equity

in course structure and design, as well evaluating the two questions suggested by Rice and Mays

(2022):

• "Do these course materials marginalize anyone?"

• "Do these course materials represent a missed opportunity to engage anyone?"

Further, in the review of courses, faculty together could modify language in current assignments

and problems to be more inclusive as well as work to incorporate at least a couple of example

problems that include cultural context and real-world relevance. Drawing on the collective breadth

of faculty experience and knowledge may, in fact, be more time efficient than if it were done

by an individual faculty member since some faculty members may have more to offer (based on

background and knowledge) regarding these aspects for particular classes, even if they do not

frequently teach them. For upper level courses, I also suggest the addition of case studies which

demonstrate the importance of diversity in engineering design, as well as the incorporation of

concepts such as sustainability and ethical sourcing in engineering design course.

5.6.2 A Next Step: Course-Specific Interventions

For a small number of courses, I propose some specific DEI inclusions, particularly in lower

level courses. For example, if the first year seminar course (CBE 180A2) that was taught in Spring

2023 is continued, I recommend the addition of discussions in that course as well as CBE 101

regarding the benefits of inclusive language. If the science communication workshop that was

incorporated in CBE 101 has not been continued from Spring 2023, perhaps it could be included
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in this first year seminar because, in addition to continuing the science communication workshop,

I suggest continuing the efforts and building on it in following years. To extend activities related

to science communication into the later years in the academic program, Kelp and Hubbard (2021)

[255] describes curriculum for both 200-level and 400-level science communication courses, parts

of which could be effectively incorporated into CBE courses. For the first-year seminar, some

additional possible approaches can include (but aren’t limited to): assignments on recognizing and

understanding the impact of microaggressions, and shedding light on challenges that affect women

and/or underrepresented and historically excluded populations, such as pay discrepancies or other

inequities in industry.

5.6.3 Taking It Further: Transformative Additions

Beyond the proposed adaptations of the CBE program discussed in Sec. 5.6.1, I propose that

the CBE department (and every engineering department, in fact) should consider the addition of

at least one non-traditional elective course that incorporates experiential, service learning in the

form of community-engaged sustainable design initiatives or projects. Whether these projects are

geared toward the local community or other communities, possibly with a focus on disadvantaged

or struggling communities with a current lack of resources or access, this course could greatly

increase undergraduate students’ awareness of the extensive complexities and challenges involved

in the process of engineering solutions in a real world setting, including the difficult balance that

must be achieved regarding ethical, social, environmental, economic, and political issues. These

projects would not only help students with engineering skills, but would also help build students’

skills in communicating with others with different backgrounds and education levels, strengthen

their team work, and potentially increase their empathy for others. This plan is a reduced, smaller

scale version of the EPICS program at Purdue University [256] or the vertically integrated projects

(VIP) that can span for years at universities such as Georgia Tech and NYU Tandon School of

Engineering [257–259]. If CBE is able to achieve this, it could be used as a model for other

courses as well as for other departments in the future.
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In contrast to having each group work on the same project or a couple of different projects

through the semester, another possible approach I envision for this course structure includes groups

rotating through different projects in a sequence. Depending on if problem formulation is included,

this course would be divided into either three or four steps, so the semester is broken up into either

thirds or quarters. If problem formulation is involved, there would be a Step 0 before the following

three steps:

1. Identify and consider potential sustainable engineering solutions for an identified problem,

issue, or opportunity (working with community or company contacts or collaborators, if

necessary). Flesh out a sustainable engineering design for the selected solution;

2. Switch projects. Evaluate the designs provided by groups for a different project in Step 1

to identify any potential issues or concerns with the proposed designs. If multiple designs

are evaluated, select the best design based on the options or potentially develop a hybrid

approach. Modify or revise the design to resolve the problems or issues identified;

3. Switch projects. Take the revised, improved design for a separate in Step 2 and create a

plan for implementation (working with community or company contacts or collaborators, if

necessary) potentially including a cost analysis, analysis of local challenges, sourcing issues

for materials, etc. that may be encountered.

This course could include a set of 4-6 project groups, each with 4-5 students from second-year

and above. Two or three separate projects or design initiatives could be considered by the different

groups during this course. This rotation strategy would not only include the science communication

and mentorship aspects that are present in the approach in which groups only evaluate a single

project from start to finish, but adds additional aspects of solving engineering problems that they

all may encounter in real-world situations, the complexities of communicating a design to others

outside of the team as well as the critique of others’ work, which includes the recognition of

potential issues with and the need to improve or modify others’ designs. Additionally, in either of

these approaches, I suggest each group have a "faculty mentor" beyond just the course instructor

that they can bounce ideas off and ask for suggestions.
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Of course, given the ambitious nature of this recommendation, there is an understanding that

challenges are present in attempting to achieve this, including the substantial investment of time,

the need for significant collaboration with the communities involved, the need for collaborative

faculty involvement, and a need for funding. However, there are funding opportunities for en-

deavors like this through the National Science Foundation (NSF) for both faculty and for graduate

students who are interested in being involved.

Another possibility is, instead of adding a course, to have a community-engaged project option

in Chemical and Biological Engineering Design I and II (Senior Design). However, the restriction

to only higher level students is a disadvantage. The benefit of a separate elective course is the

possibility for students in years two through five to take this course, with strategic placement of

students in project groups to account for the variability of skill level as a result of their current

education level. Not only could this course be an excellent learning opportunity for all students,

but it could also be a built-in opportunity for upper level students to provide guidance and men-

toring for others, but also for all participating students to gain skills and confidence in science

communication.

5.6.4 Summary

Overall, an in depth look at the current demographics, persistence, and graduation rates of the

Walter Scott, Jr. College of Engineering at CSU 5.3.1 along with a more in depth evaluation of the

CBE department 5.3.2 is completed here 5.3. A wide range of different approaches to both under-

standing and incorporating diversity, equity, and inclusion in undergraduate engineering education

are explored in this work that could potentially benefit the CBE department in its efforts to increase

diversity and inclusion. Additionally, a variety of approaches have already been incorporated in

the first- and second-years courses in the CBE program over the last six years. Through lessons

learned in this process as well as the current body of research regarding the challenges regarding

DEI in engineering, possibilities for implementation, and evaluation of the effectiveness of many

of these, a more substantial, holistic approach to DEI is proposed here as a viable, yet achievable
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option for the CBE department. Additionally, an ambitious approach for an additional elective in

the course is also suggested. Together, incorporating these could be a large step forward for the

department to both create a more inclusive, supportive educational experience for undergraduate

students and better enable them to handle the complex challenges they may face in their careers as

a result of limited resources and our diverse, increasingly interconnected world.
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Chapter 6

Future Work

In this work, numerous computational approaches for analyzing biological systems were ex-

plained and demonstrated. This demonstration included addressing differences between the com-

putational methods as well as challenges in utilizing these methods in the analysis of real data. As

related to challenges, further investigation is needed in the form of both additional experimental

data and potentially a revised modeling approach to improve the understanding of the interplay

between temperature, ionic strength, and the level of supercoiling of the DNA molecule on the

conformational dynamics of the DNA double-helix and subsequent oligonucleotide probe binding

dynamics. Further analysis is also necessary to better elucidate the model as related to the intuitive

physical understanding of the system.

Many of the concepts discussed in Chapter 5 regarding DEI in undergraduate education, as

well as and the proposal for increasing DEI in undergraduate education, are applicable to engi-

neering programs throughout higher education, not only the program at CSU. When considering

other engineering programs, however, it is crucial to keep in mind that each engineering program,

department, and college are unique, with their own particular strengths and weaknesses. Given

this, it is important to consider the individual culture and characteristics of each individual depart-

ment, including the size and demographics of the undergraduate population. Additionally, it is

important to consider each department’s core values, educational mission, and any challenges or

circumstances that are specific to them when considering why and how to implement DEI.

Regarding DEI in the undergraduate education experience in the CBE department at CSU, the

demographic analysis suggests a need for change throughout this department to create a more in-

clusive, supportive educational experience for undergraduate students. This change would also

potentially increase both enrollment and retention of a more diverse undergraduate student popu-

lation. However, in order for this to materialize, the faculty and staff would need to collectively

evaluate whether and in what ways their current educational environment is aligned or misaligned
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with its mission and goals related to the undergraduate educational experience and DEI. A pro-

posal for moving forward and increasing DEI throughout the undergraduate program is provided.

Additionally, an ambitious approach for an additional elective in the curriculum related to a project-

oriented, community-engaged, experiential learning course is suggested. Together, incorporating

these could be a large step forward for the department to both foster a more inclusive environment

for undergraduate students and better enable these students to handle the complex challenges they

may face in their careers with limited resources in a diverse, interconnected world.

Beyond just the undergraduate educational experience, future work for many universities in-

cludes a thorough analysis overall, including the culture and support structure in their graduate

program as well as for their faculty/staff. If there are issues with diversity, equity, and inclusion in

these areas, it would be unrealistic to assume this not be felt by the undergraduate student popu-

lation. For an engineering department to truly be prepared to grow and improve, it needs to have

engaged, motivated leadership and a willingness and investment in fostering a more supportive,

inclusive culture throughout the department, not just for the undergraduate students.
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Appendix A
CSU Demographic Statistics for Undergraduate Engineering Enrollment

Figure A.1: Percentage of racially-minoritized students in the Walter Scott, Jr. College of Engineering
(COE) at CSU from 2013 to 2023, by department. Each bar represents the total number of students in
the respective department; the total percentage of students in the department based on the total number of
students enrolled in the COE. The percentage for each department is divided into the percentage that are
racially-minoritized and the percentage that are non-minoritized. In this figure, students in the dual degree
program with BME and another engineering degree program are categorized as ENGR Intra-College, along
with ENGR Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space
ENGR, or Teacher Education [196, 198].
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Figure A.2: Percentage of female students in the Walter Scott, Jr. College of Engineering (COE) at CSU
from 2013 to 2023, by department and racially-minoritized status. Each bar represents the total number of
students in the respective department; the total percentage of students in the department based on the total
number of students enrolled in the COE. The percentage for each department is divided into the percentage
that are racially-minoritized and the percentage that are non-minoritized. In this figure, students in the dual
degree program with BME and another engineering degree program are categorized as ENGR Intra-College,
along with ENGR Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space
ENGR, or Teacher Education [196, 198].
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Figure A.3: Percentage of male students in the Walter Scott, Jr. College of Engineering (COE) at CSU
from 2013 to 2023, by department and racially-minoritized status. Each bar represents the total number of
students in the respective department; the total percentage of students in the department based on the total
number of students enrolled in the COE. The percentage for each department is divided into the percentage
that are racially-minoritized and the percentage that are non-minoritized. In this figure, students in the dual
degree program with BME and another engineering degree program are categorized as ENGR Intra-College,
along with ENGR Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space
ENGR, or Teacher Education [196, 198].
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Figure A.4: CSU engineering department undergraduate enrollment percentage from 2013 to 2023, by
racially-minoritized status. Each bar represents the percentage based on the total number of students in
the respective department. The total (100%) is divided into the percentage that are racially-minoritized
and the percentage that are non-minoritized. In this figure, students in the dual degree program with BME
and another engineering degree program are categorized as ENGR Intra-College, along with ENGR Open
Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space ENGR, or Teacher
Education [196, 198].
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Figure A.5: CSU engineering department female undergraduate enrollment percentage from 2013 to 2023,
by racially-minoritized status. Each bar represents the percentage based on the total number of female
students in the respective department. The total (100%) is divided into the percentage that are racially-
minoritized and the percentage that are non-minoritized. In this figure, students in the dual degree program
with BME and another engineering degree program are categorized as ENGR Intra-College, along with
ENGR Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space ENGR,
or Teacher Education [196, 198].
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Figure A.6: CSU engineering department male undergraduate enrollment percentage from 2013 to 2023, by
racially-minoritized status. Each bar represents the percentage based on the total number of male students
in the respective department. The total (100%) is divided into the percentage that are racially-minoritized
and the percentage that are non-minoritized. In this figure, students in the dual degree program with BME
and another engineering degree program are categorized as ENGR Intra-College, along with ENGR Open
Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space ENGR, or Teacher
Education [196, 198].
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Figure A.7: CSU engineering department racially-minoritized undergraduate enrollment percentage from
2013 to 2023, by gender. Each bar represents the percentage based on the total number of students in the
respective department. In this figure, students in the dual degree program with BME and another engineering
degree program are categorized as ENGR Intra-College, along with ENGR Open Option and dual degrees
for ENGR Science with Intl Studies, ENGR Physics, Space ENGR, or Teacher Education [196, 198].
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Figure A.8: Percentage of female students in each engineering department at CSU from 2013 to 2023,
by racially-minoritized status. Each bar represents the total percentage of students that are female in the
respective department; the total percentage of female students in the department is based on the total number
of students enrolled in the department. The percentage for each department is divided into the percentage
that are racially-minoritized and the percentage that are non-minoritized. In this figure, students in the dual
degree program with BME and another engineering degree program are categorized as ENGR Intra-College,
along with ENGR Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space
ENGR, or Teacher Education [196, 198].
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Figure A.9: Percentage of male students in each engineering department at CSU from 2013 to 2023, by
racially-minoritized status. Each bar represents the total percentage of students that are male in the respective
department; the total percentage of male students in the department is based on the total number of students
enrolled in the department. The percentage for each department is divided into the percentage that are
racially-minoritized and the percentage that are non-minoritized. In this figure, students in the dual degree
program with BME and another engineering degree program are categorized as ENGR Intra-College, along
with ENGR Open Option and dual degrees for ENGR Science with Intl Studies, ENGR Physics, Space
ENGR, or Teacher Education [196, 198].
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If the CBE department were to incorporate some formal team training skills into this course, I think 

one of the topics that could potentially be covered is how everyone can find different ways to 

contribute to a project, even if they do not necessarily know the material well. 

I do not think that would be helpful, team building practice is not taken very seriously by most STEM 

majors. 

The training should cover how to properly communicate with each other. This could touch on how to 

communicate with your group mate's ideas in order to properly acknowledge everyone and make 

everyone's ideals feel validated. 

If the CBE department were to incorporate formal team training skills into this course or later course, 

I think that they should cover the topics of respect and proper reply times/etiquette. One of the main 

problems that we faced were that people would simply not reply and that was frustrating and 

sometimes damaging to our ability to complete the project in a timely manner. I think that we should 

cover the best ways to share coding scripts and how to do that. 

I think that the most important team skill that could be taught is personal responsibility, even when in 

a group. A couple of times over the semester I had group members that weren't nearly as productive 

(and didn't try to be) as others which didn't positively impact the group. 

I think there are topics that can be helpful where small situation with items like m balance 

elementally and and interaction with it can help underestimating better or Pxy or Txy diagrams where 

an interaction can help show the point the graphs are trying to show. 

I think stressing that engaging teamwork (effort from all tea members) help a project go by faster and 

more efficiently. 

I think that a small seminar based on teamwork could be helpful. In this seminar, students should be 

taught about organizing meetings, distributing workloads, understanding skillsets, and working as a 

team. This would likely help people with their groups and group organization. 

My first semester I was in Engineering 101 (engineering open option) and they had us do an exercise 

where we had to establish team rules/goals before beginning a project. This allowed everyone to 

agree on what to expect from each other. 

I think a training on how to actively listen and and ask questions. Often times, people seem to be 

listening but when it comes time to ask a question it is hard to come up with. 

I think that it would be important to be trained on interpersonal skills, implicit bias, leadership, open-

mindedness, and construction of objective planning. 

I would benefit from formal training on how to interact with anyone outside of my field; I felt that 

working with engineering students was overall almost entirely positive. I think anyone who was 

unpleasant to communicate with this semester would never have been hired with that ethic and 

won't be in the field in the future. 

I think that I would suggest the only training necessary would be training groups to evaluate 

everyone’s strengths and being open to multiple different routes to a solution. This is really important 

when trying to make the best project possible and finding the best solution. 

In particular, I think a course on accurate and complex research would be especially helpful when 

considering the amount of information we still don't know or when we have to go research a topic to 

further understand something. I know we already have a coding course but another course where the 

coding is directly related to research and topics we are studying would be incredibly helpful. 

communication and integrity 
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I think if I was to receive a formal training on a skill from this class I think it would be beneficial to 

have a training on MATLAB. I understand that we took a course our freshman year that taught us how 

to use MATLAB, but I found it difficult to recall things that I learned for that program a year ago. I 

think if a formal training of MATLAB accompanied this class I think it would benefit not only myself, 

but fellow students as well. As for topics of this training I think it should cover the same topics that 

CBE 160 covered, but just more briefly and more directed towards what we are doing in this course 

rather than the beginner skills. 

I think scientific communication might be beneficial. It can be difficult to put these challenging 

concepts into words. 

If a training were to exist, it should focus more on how to take and give constructive criticism, so that 

you're not afraid to add an input when you think someone may be wrong, or take criticism when you 

are wrong. 

I think the training should cover communication skills 

I believe that there should be training on group communication. This would better the 

communication greatly. 

I think that the primary formal instruction that would benefit our class, I think that it would be good 

to cover how to listen and ask the right questions for problems. For example, our instructor could 

describe a problem, and then we would have to answer series of questions concerning the problem to 

see how well we actually listened and comprehended the issue. From there, we could be asked to 

provide questions that, if answered, provided more insight into the problem. This would allow for us 

to become better listeners and thus better group members. 

I think training should cover how to get the most out of working in a team because I think a lot of 

people have done group projects before but they don't know how to use the team to get the most 

out of the project. 

A topic like leadership training will be useful because I think we always need someone to guide the 

team to work in the right direction. Even if everyone a team is good, the team still needs someone to 

connect the work together to make a good report. 

Formal team training skills that would be helpful would be how to communicate effectively in a group 

and job delegation. 

I did benefit, although sometimes I felt that I was completely lost and did not do as much as i wanted 

other times I was the leader in my group and that is why working in groups is so beneficial, because 

sometimes we might have some difficulties understanding and we can learn from our teammates, or 

sometimes we really understand the topics and we can explain that to peers that are struggling. 

I personally think it's better to learn first hand rather then lean in a class about skills needed for this 

type of thing. 

Team building activities...stuff where we can get to know each other both professionally and 

informally. We were so busy just trying to get the projects done, didn't get as much of a chance to get 

to know others to know more about their experiences. 

I think that an appropriate topic to teach would be to teach how to divide up work evenly and 

efficiently. For example how and if work should be done individually or together. 

just suggestions in class on each project about how you should break up the project so no single 

person has to do way more than others 

I don't think these skills can be taught. The individual needs to find his own urgency and motivation to 

complete a task. 
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In my opinion, teamwork is a topic that can really only be introduced instructionally. Further 

developing your group work skills requires practice, not instruction. The current incorporation of 

group projects into the CBE curriculum is exactly what I need to improve as a team member. 

no, because I think that particular topics are not that important 

That type of training in the classroom should cover communication: teaching people basic how to 

communicate skills that work in project groups and the real world, time management because for 

some of my projects that seemed to be an issue for others in my group and I myself sometimes lack 

there and maybe not always needing to be in charge there were some moments where multiple 

people in my group wanted to tell others what to do which is okay in some scenarios but its not really 

conducive to working efficiently. 

I wouldn't say it was training due to how they complicated things way to much in the group projects. I 

would say it was more to weed out people. 

Communication skills would probably be the best one to incorporate into teaching. Communication is 

the most important in any group so everyone is on the same page and no one is lost or lagging 

behind. Another important subject to cover is how you present yourself since that can either make or 

break group dynamics at times. 

No, these skills are best learned by more interactions with group members. General tips for being a 

good team member could be helpful for guidance. 

I think that 101 should not have a lab. I think the lab for that class is a joke to be quite honest. If 201 

had a lab I think it would greatly improve the course work. Honestly I think 101 should be a catalyzed 

class over summer or like a month consolidated at the beginning in 201. I have a better grade in 201 

than 101 because all 101 is is attendance and very simple understandings. Just my opinion. If you 

want to make an engineering beginning class, make it physics 1 engineer specific. I seriously think it 

needs to be considered. 

We should go over how to allocate work and get things done efficiently so these projects don’t take 

hours upon hours. 

I honestly think strict formal training could be one of the worst things to have and rely upon. I have 

found that flexibility is the most important part of working in a team, so that would be the only lesson 

I would want training to impart, however, teaching flexibility isn't exactly the easiest thing to do. 

Formal training with regards to rapport-building might be beneficial. 

I think that the team trainings should incorporate inclusive diversity due to the fact that engineering is 

a white male dominated field and people who do not fall under that category should feel accepted 

and feel as if they van too take on a leadership role in their teams despite being minority. 

It might be helpful to take the material and energy balances that we learn in class and apply them into 

real life situations. I feel like it would be a great way to help figure out why we set the balances up the 

way we do. Also, it would be good to do that when we learn a big point in class (ex. when 

pressure/temp/etc. goes up, why does pressure/temp/etc. go down). 

Learning to communicate effectively with others is something so important in group projects. I think 

many people lack this skill and would benefit from training or formal instruction. People should also 

realize that doing things last minute is ineffective. Time management skills would also be a topic that 

people may benefit from training or formal instruction. 

Maybe teaching some people how to actually put work into a group project? 

I think they should cover more on what makes a successful team and how to solve situations that are 

made difficult amongst classmates. 
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I feel as if most college students have a general leadership background or experience coming in. Then 

again, I worked with some group members who definitely did not act as team members. It may be 

beneficial to train on different types of leadership styles and communication patterns so groups can 

expand their understanding of each other as they work together. In the case that different group 

members communicate differently, it may be beneficial for other group members to recognize that 

they are simply operating differently but still putting in effort. 

Yes I think everyone would benefit from a teaching or lesson on communication. I think 

communication is the most essential part of working with a team. I think if people were trained or 

informed on the importance of this I believe the team dynamics would be much better. 

I think it would be beneficial to have some form of training on how to communicate with a group of 

people because all of my groups struggled with that this semester. I think the success of all the 

projects would have been improved if group members simply replied to each other more often, 

answered questions more clearly, and were able to organize meeting times more easily. 

I think there were very few issues in the groups I was in. To be honest, the part of group work I 

struggle most with is getting the group together. Often teachers leave the students to put themselves 

into groups by their own choice. I find, for whatever reason that I end up with groups that are less 

effective than randomly assigned groups. It can be hard to know who would make a good group mate 

just by sitting near them, so if there was instruction that would help with that, it would be helpful. 

No I personally do not think I would benefit from something like that however there are many people 

who would. I just think it should include tactics on how to communicate and how to deal with issues 

when they arise. 

There should be a smaller class outside of the CBE 201 class where the groups can meet at the same 

time. Similar to a recitation in chemistry, but with a more practical approach. If there was a class like 

this, then the students would have a specific time frame where they could work with instructors and 

their group members. Office hours are similar, but not everyone can make it to those, if there is a 

class then they can sign up. 

The training should cover certain topics such as perhaps the chain of command as some student may 

have never been in a position of leadership as well as some students maybe have never been a 

follower. It might be helpful to simulate this and change up who leads in order to train students for 

real world companies in which you must report to a higher up. 

I think that we should do more work overcoming subconscious biases. 

Things that I think would be beneficial would be all the characteristics of a bad team/group to act as a 

foil to understanding how to be a successful group. Also how every single member can be a leader 

and take initiative. 

No I do not believe that is the CBE departments duty unless of course the students took an optional 

course in which was specifically for teamwork. I'm just here to learn about engineering and science, I 

have been in the workforce since I was 14 and learned team work throughout all of those 

experiences. I did not pay to be lectured about team work and the importance of diversity. 

I think some training would be good for all students. I think leadership training that covers how to 

engage all the different types of people to work together would be great. I want to gain the skill and 

knowledge to be a leader that can bring an entire group together no matter our differences may be. I 

think the experience of this class helped greatly because it showed me the different types of people 

that I may encounter. This class also showed me that I am a team player and I want to see my team 

succeed all together not individual. I think in a later course it would be nice if we had groups where 

each group member took a turn being a leader trying to engage everyone after being taught some 

skills in how to do this. 
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DOF, 

 

and Pxy Txy and incorporating all of the related equations for both. 

* Group management (Coordination of meetings and whatnot) 

* How to set up collaborative environments (I set up a google drive folder and shared it with my 

group each time to keep track of documents) 

* Teach people to not be afraid to speech up, even if there is a *power* player in the group that wont 

easily concede the speaking floor. That person's feelings may get hurt, but if they are hogging all the 

meeting time with their agenda, they deserve to be interrupted. 

No the issues in the group project never arose from the team not being able to work together well. 

The issues that I believe are more important is the minimal amount of formal training that we have 

received in matlab and the fact that the questions in the group projects were so time consuming to 

complete. 

I honestly think that a training may be a waste of time because know one would take it seriously, i 

honestly think the best way of teaching us how to work in groups comes from practice, with hard 

projects which we got in 201. 

I don't think a group team work class is needed, it would really do nothing compared to going straight 

into experience. If there was to be a class, maybe they would try and focus on how to break up 

assignments for everyone. 

I think being trained in a more hands on way with every topic in this course would be extremely 

valuable. I think a sort of lab would be very beneficial to the student learning experience. I have 

discussed with lots of my peers and it seems to be the consensus that applying the skills in a real 

world application or lab format would improve understanding. It could be something as simple as 

having to design simple systems or reactors ourselves to create a desired output, or essentially just 

give a physical application to our projects. 

I think a general overview of how to work in groups would be good. 

Not really, I enjoyed experiencing the work with a team and going to office hours to learn how to do 

things. 

I am not exactly sure what formal training entails and if it would help with learning particular topics. I 

did think though that this class would benefit from better examples. We seem to have very little 

knowledge on a topic before having to do it for a group project. If we had a simpler example to work 

off of it might be easier to figure out what we are supposed to do. 

Yes, I think it was very easy to let one person take over the matlab script while you work on other 

things. Therefore maybe incorporate more matlab in formal training so that we are forced to continue 

the practice. 

If there were to be formal training, the most important thing is communication. Without good 

communication within the group, even a group with the four smartest people could fall apart. 

Training should also involve what to do with a team member that hasn't participated yet. While it 

makes sense that they get a 0 if they did nothing, it does seem better to find ways to incorporate 

them in a way where they also participate. 

I think over the course of a CBE degree, there is plenty of opportunities for a student to practice and 

refine their group work skills. I believe these are skills that take lots of practice to be good at and I'm 

not sure a single course would benefit a student so much as developing their way of working in a 

group. 

I think team training skills are very vital skills for this major. Future students can benefit so widely 

from this if this were to be applied in the CBE department. I believe that learning by doing helps 
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create so much experience and successfulness for this team training. This allows for more insight into 

what the future workforce holds by working with more team-based activities, almost most 

engineering jobs are team-based, which is a very important background to be shown to when 

studying in the engineering field. 

I think the students here are pretty solid on being able to work in a team. I think if any formal training 

needs to be incorporated, it ought to be in time management skills. Frankly though, the curriculum is 

probably meant to strain everybody to a certain extent, so the late nights and all that are probably 

more of a right of passage than something that can be overcome simply by improving on simple time 

management skills. Also, formal training is also easy to just ignore (for example, if I were pulled into a 

surprise leadership seminar instead of a lecture about topics relevant to the class, I would probably 

take out my computer and start working on homework). If it's going to happen anyway though, place 

an emphasis on open communication. One of the biggest sources of problems I noticed this semester 

was when messages regarding the group were ignored or forgotten about. 

I think training on learning how to communicate your ideas with people that are less familiar with the 

content that you are trying to express would be helpful. that was a difficult part for me in the group 

projects. Besides that, I think it would just be important to emphasize organizing times to meet early 

on after the projects are assigned so that the whole group can actually meet with all of our busy 

schedules. 

I think the department should cover some topics relating to social justice, as it can help build 

awareness of how to interact with people from different backgrounds and how we can navigate these 

interactions. It can also build understanding for one another and can help teams build communication 

skills so we can best work together. 

Some of the topics may have required formal training such as how to work together on MatLab code 

because usually only one person can work on it at a time. Overall, the CBE lab for 101 helped with 

these teamwork interactions. More examples of how a group should work should be presented 

initially. 

training on how to figure out meeting times and prioritizing meeting times would be helpful 

Matlab. There should be a separate class covering the new concepts for matlab and not make us do 

complex and long matlab on concepts we learnt a week ago and are still absorbing. 

I think this formal training should be optional. Many of the people in CBE I have talked to had to do so 

many team work exercises in high school, in addition to cbe 201, that more training is unnecessary. As 

stated in the question, experience is an important teacher, and with teamwork, the most important 

formal instruction is the actual cbe material we would be applying while working in groups. Working 

in groups cannot be taught. People who are not good at teamwork are often not open to improving 

and would not take a training like this seriously. I strongly believe the CBE department should focus 

on improving teaching CBE material instead, especially given that the department has a reputation for 

poor teaching. 

I think that a formal training would be useful to learn about methods for successful communication. 

That was a major problem in a few of my group projects, so receiving more information on how 

successful communication in a group can be achieved would be very helpful. Another thing that I 

think would be good to include in a training are methods of compromise, working with ideas you 

don't necessarily agree with, and being respectful to every team member's ideas. While these all 

make sense in a general aspect, sometimes it is difficult to determine how exactly one can implement 

these things. 
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Final Project Question: Experience is an important teacher; however, sometimes formal instruction or 

training on particular topics can be helpful. Thinking about your team experiences this semester, are 

there topics or types of interactions where you would benefit from formal training? In other words, if 

the CBE department decided to incorporate some formal team training skills into this course or later 

courses. are there particular topics you think that training should cover? ** These have been edited 

only for the removal of any identifying features, such as names.  

Fall 2020 Responses 

I think if if the CBE department decided to incorporate some formal team training skills into this 

course or later courses, they should focus on how teams should work together and teach future 

students to be more accepting to different people and ideas 

Training should have a section based solely on responsibility and dependability. Multiple people in 

multiple groups did not contribute or did not, even when they said they would. 

I think that the training should touch more on communication and how to split up the project. 

Especially being online, it was a lot harder to reach out to people and sometimes group members 

never even responded or contributed to the final product. The training could also explore different 

scenarios, such as how to approach a team member who is not doing their work as that is a realistic 

scenario that students may come across. 

I think having a discussion about the bystander effect would be extremely beneficial to a lot of 

people. I found that a majority of the folks I worked with were definitely plagued by the bystander 

effect (the belief that you dont need to do a particular thing because someone else will). Each project 

got increasingly more stressful for me as I realized that many people had this bystander belief and 

that I was typically the someone else฀ who did whatever did not want to be done. I think a lot of 

people maybe dont realize this is a thought process they have and bringing awareness would be good. 

I would recommend that you would encourage group communication early. And that you would have 

ideas that would allow for group collaboration and discussions. 

I can not think of any, sorry. 

I think training should cover communication and how to not come off to other people as "bossy" and 

a "know it all" because I found that that made me uncomfortable and not want to work on the project 

with those people. I'm not sure what other skills to train on but I would say that communication is the 

most important in my opinion. 

Maybe how to start working as a team because every time I met with a group for the first time, it was 

awkward and no one said much. 

Yes, I've had plenty of team training through my years of playing competitive sports growing up but 

that is not the case for everyone in CBE. Maybe some class we have to attend a few times a semester 

to learn about ways to effectively communicate with each other could be useful. 

I would like to dive deeper into more MATLAB problems in applying them to vapor/liquids 

equilibrium. 

Yes, I do. Something that I experienced without almost every group was a sort of unprofessional 

approach and lack of responsibility. Some would show up to our meetings without any background on 

the assignment and no pre-work done and therefore a lot of time was spent catching everyone up. So 

if team training skills could incorporate something about the responsibility of each group member I 

think that it would really help. Especially for those that show up prepared then end up doing most of 

the work. 
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If a formal team training skills course were to be created, I think that a topic that should be taught is 

encouragement of team members that may not feel comfortable speaking their opinions. I found that 

within these group projects, there was always at least one or two members of the group that did not 

speak a word, but just did as they were told. I think that to have a strong group that can collaborate 

effectively, such people must gain the confidence to actively participate. 

Yes, the department should incorporate brainstorming strategies and a methodology to solve 

problems as a group and not only by ourselves 

I dont think forcing engineers to talk to eachother or build team mentality face to face this early is a 

good thing. It would add stress to those who are antisocial to begin with. Maybe in the next CBE 

course that would be a good idea. 

I think this experience is sufficient, but if there was training it should include anger management, 

problem resolution, time management, the physiology behind seeking help when necessary, and 

good listening skills. I also think training in leadership would be beneficial to work better in a team. 

Perhaps general insights into how we're going to be applying these CBE skills we've been learning to 

the real field would be helpful to better prepare graduates to hit the ground running when they both 

search for and land their future careers. This isn't too dissimilar to how it would be helpful earlier in 

high school to incorporate practical economics (bills, taxes, loans, payments and the works) into the 

curriculum, as knowledge on these subjects would be useful to the graduating seniors. All in all, 

practicality is king in my opinion, and if we can get guidance or even training on precisely how we 

could be applying what we've learned to our future jobs, that would be best. 

I would love to have more MATLAB training with stuff that was not covered in CBE160. 

If a formal team training was incorporated into the course, the CBE department might benefit from 

lessons in how to approach difficult problems as a group (helpful strategies for working together) or 

by clearly explaining what is expected by the instructor for these projects. 

The training should definitely include how to best contact team members, especially those that are 

unresponsive. It's hard for me to ask others to do a part of the project if they don't volunteer because 

I feel like I am asking for too much. If we had more training on how to better approach this and 

resolve conflict and uneven effort within groups I think my groups would have functioned much 

better. 

Not that I can think of. 

I can't think of any particular topics that would really benefit from formal team training. 

Formal training regarding collaboration techniques and how to deal with people would be helpful. 

I feel we could potentially benefit from a lab in this course if it correlated with the processes which 

we have to understand and analyze. For instance, being able to see a separator in action and visually 

see how the different species and streams are separator would definitely be helpful to some people. 

Being able to operate or see how a reactor works would also be a good topic to incorporate in formal 

training. 

I would want some team building activities that didn't need to be a group project instead going out 

and playing games. That way it is less stressful. 

I think some main topics to cover would be organizational skills, and social anxiety in a group setting, 

and how it may affect people in your group. 

I think the training should cover sexism, racism, and all other discriminatory things that happen in the 

workplace. While this year, I have not seen any of these things happen, I know that they do and I 

think everyone could benefit on ways to combat this and expand their knowledge on how to be 

inclusive. 
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I feel team skills are developed naturally and the more group projects we work on will expand our 

team skill the fastest 

Project planning. The process of dividing up work and setting deadlines is absolutely essential to any 

project working smoothly. In addition, setting up avenues of contact is necessary, because the 

number of times that someone missed a message or didn't get a memo was high, so making sure 

that's clarified and formally taught seems useful. 

I think the most important aspect of a group project is communication. 

None, I think the group projects are enough training. I have experience working in several fields 

before and those kind of formal teamwork training always created animosity and never had a 

noticeable effect. Teamwork is something to learn naturally through practice. 

- Accepting mistakes 

 

- How to disagree with explanations, really focus on not coming off as condescending 

 

- Communication, communication, communication 

 

Actually, just think of the stereotypical training and that's where I was going. The only issue with that 

is that it generally makes no difference in how people feel and act as it is really, really hard to pull off 

well. Anytime in my life, albeit coming from high school and prior, there has been an attempt to 

formally teach team skills it has changed nothing except be mocked relentlessly. I know that this was 

less of the question that was asked but it would be my main concern with implementing formal 

training for team skills. 

I'm not really sure which topics I think the training should cover. I would like more team training with 

MATLAB because some people are better at coding than others. I personally am not the best at 

coding. I think it would allow people to gain better team skills. 

I think it'd would be beneficial to have designated class time to work on them, when an instructor is 

present, to help with some of the more confusing areas. 

I think this training should be over any learning topic in the class that has a very applicable principle to 

most things we will see in our future careers. 

I think the CBE department is training us in a well-rounded way. The courses are building off of each 

other and they are creating a solid foundation for later courses. I think that more MatLab training for 

this CBE 201 incorporated into the lectures would be beneficial or having an advanced MatLab course 

to come after CBE 160 would be very helpful. Overall, the courses seem like they are going to prepare 

me well for the work field. 

I think organization within a group would be a big topic needed to be covered. I think that was a big 

issue throughout, was just being able to organize all the information and organize to give us the 

ability to effectively meet. 

It would be helpful to have training on how to handle group members that do not contribute to 

projects. It would also be helpful to have training on how to assign tasks equally and how to 

contribute when everyone has different strengths and weaknesses. The best way to learn is from 

experience; although this class has definitely given us experience in teamwork, some people were still 

not contributing by the end of the semester. Therefore, it may be helpful to have training in 

teamwork. 

There most definitely needs to be formal instruction with applying the CBE knowledge that we learn 

to matlab. I feel like several times this semester I understood the content but had no idea how to 
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apply it to matlab. For loops and fsolve functions should be reviewed because I think a lot of 

engineering concepts require that knowledge to apply them. 

If this were to happen I think one topic or type of interaction that should be covered is time 

management or something along those lines. Some of my groups were totally fine and got together 

great and for others, it was more difficult to get someone to show up or a time that didn't work for 

everyone. That made the projects to be really difficult and I think for a lot of people it wasn't only 

showing up to group discussions but also doing their part. Lots of people, in the beginning, did their 

part of the project very last minute and I think it was because they didn't know how to time manage 

and I do think it's a skill people should know. 

I think that would be a really great idea! I think that they should include lots of information about 

how to communicate within a diverse group of people and how they may think differently from you, 

and teach us about how to see from different perspectives. 

If there was any topic of training, perhaps it might be good to incorporate some team building 

activities. These activities may increase communication, and make it easier for others to work 

together. 

I think formal skill training could be useful for some groups. With this semester, whenever a group 

member would not show up or do the project, it was hard to contact them because of the inability to 

meet in person at class. I think most of the issues in my team experiences stemmed from something 

like that as opposed to formal training. If there were a formal team training skills unit in a course 

down the line, I think that the most useful tool to me would be learning how to correctly organize a 

group and divide up work in order to work most effectively. 

All Matlab code I think I would need formal training on as a lot of my peers had very little clue on how 

to apply it to the projects and a lot of guesswork was used. Also being able to work on a code with 

multiple different people needs formal training as it is hard to be able to understand what everyone is 

doing and why especially when working on harder and longer projects. 

I think training should cover how to properly approach a task when working with a larger group, 

especially when a project head is not established. The content was covered properly, so I think 

training would be most effective if it covered the dynamics of teamwork and how to accomplish a 

goal. 

I think it should cover how to engage people who don't want to help and how to handle situations like 

that because there is nothing more frustrating that when people don't help and it causes people to be 

less open which makes the issue worse. It would be good to learn strategies on how to handle that. 

I don’t think there are any topics that need formal training. If a topic had to be covered I would 

suggest how to be respectful when someone disagrees with you or two members of the group are 

disagreeing. 

I think overall some form of formal training could be nice, not for a specific topic but so that people 

learn to work in groups. Over the course of the year there were so many people I was supposed to 

work with that never contributed, maybe this is because of laziness but I was thinking that maybe 

they just don't know how to communicate with groups. 

I think training in doing in your own but matches the description that the group agreed on. 

The more formal training the better, the more hands-on we get with material and topics relating to 

CBE the better since it will help in developing my experience. 

I would like to be more confident when it comes to team training. So every activity that involves 

getting the students out of their comfort zone will benefit myslef. 
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I honestly think incorporating "formal team training" might be counterproductive in the long run. I 

know not everyone is going to be inherently good at working in a team, but just giving students 

enough opportunities to work in a group is the best training you could give them. I don't know if there 

would be enough valuable information about working in teams that you could give that students can't 

learn just from experiencing a group collaboration to warrant adding a whole class for it. 

In my opinion, formal team training would be extremely beneficial. Although I have seen a lot of great 

collaboration and teamwork in this class, the skills that my peers, and myself, have regarding 

teamwork could be refined with a training session. 

There aren't any particular training skills I can think of off the top of my head, though it would help to 

be taught how to communicate with a member you may think is lost. 

I believe formatting for formal presentations as well as presenting more projects will help boost the 

greater experience for presenting in the workforce. 

I'm not sure if team training skills can be taught except by actually being part of a team. Unless the 

training course told individuals where their faults are, I don't see it helping much. If the department 

decided to incorporate some team training skills into the course(s), then I think being an active 

member is a big topic. It doesn't mean they have to talk, but to participate and give their voice. Most 

of the groups I worked with had one or two people who just waited until a task was given, completed 

the task, and then sat on the sidelines until the project was submitted. 

I personally believe that online differs greatly from in person group projects. However, I don't think 

any one thing should be formalized in a group project. All types of people work differently with each 

other, with ranging skill sets, and peoples desire to complete the project. As time goes on, students 

will have to learn that having on or two members not present can drastically effect success. 

The training should cover how to approach a problem when given a big task. There seemed to be a lot 

of confusion of how to start the projects, so having someone with experience discuss their approach 

to a difficult task could be helpful. There was a lot of information and we did not always know what to 

do with that. I think exercises where we are given a topic, have to determine what we need to do and 

how to execute that plan would be helpful. There just seemed to be a lot of uncertainty in the 

approach when we have not seen many real world problems in engineering before. 

I think it would be beneficial to incorporate communication training. I think it would help teams 

communicate better and encourage people to share ideas within the group. 

For training, I think it is very important to learn communication and how to speak opinions when in a 

group setting, as well as equality being a major part of engineering right now, 

I think the training should cover respect of others in a group project environment, as well as even 

splitting up of work and the importance of doing your part. This is all basic stuff, but so important. 

I have no idea, really. I think people, at this point in their academic careers, have done an immense 

amount of group work, so should have pretty good idea of how to work with other people. 

I think accountability should be covered as there were way to many people who very much had the 

attitude of someone else will do it. I also I think this training should cover the importance of coming 

prepared and being ready to participate. 

yes, I think training students to interact with a diverse group and teaching them to accept everyone 

for who they are, giving such type of training would change a lot of people life. this is because for our 

community to be strong we need a diverse group, as an engineer to solve a world problem we need a 

heterogeneous Engineer not Homogeneous, so we need to teach everyone to accept each for whom 

we are. 
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