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Letter from the Editor

Dear Reader,

Welcome to the fourth issue of Vertices: Duke’s Undergraduate Research Journal. This semester’s issue is
marked by a record number of new peer reviewers who worked hard to ensure that the research we present to
you is held to rigorous standards of scientific quality. With the Academic Editing branch being the largest it has
ever been, we were able to host more exchanges of ideas between our reviewers, Duke’s faculty and graduate
students, and our collaborators at Georgetown University. We are therefore excited to present this collaborative
issue, and we are proud of the academic community that has contributed to its final form.

Within this multidisciplinary issue, there is something for readers with interests varying from quantum
mechanics to neurobiology. Our first article discusses the role of self-esteem and self-perceived value in group
dynamics, which have implications for assessing how social factors may contribute to the idea of status.
Second, we present an article that discusses multiple hypotheses regarding the randomness of variables within
quantum mechanics, providing a unique perspective that blends quantum physics with philosophy. We next
present a biochemistry article that models the effect of varying expression levels of transporters involved in
serotonin reuptake (e.g. SERT) on extracellular serotonin concentrations, highlighting potential explanations
for heterogeneous responses to serotonin reuptake inhibition as a treatment for depression. Last, we present an
article that discusses and tests simultaneous localization and mapping (SLAM): a computer vision technique
that uses algorithms to generate first-person visual simulations.

With that introduction, I invite you to continue into our fourth issue and explore these examples of rigorous
science, wonderful communication, and fascinating research.

Sincerely,

Yo 47

Kaeden Hill, Co-Academic Editor in Chief






Investigating Serotonin Dynamics and Simulating Effects of
Antidepressants Using Variation in Enzyme Expression

Alexander Diefes




Vertices: Duke’s Undergraduate Research Journal Volume 2, Issue 2 | Fall 2023

Article Synopsis

Depression is often treated with selective serotonin reuptake inhibitors (SSRIs), but some patients do not show
improvements in their symptoms while taking them. Using a mathematical model of serotonin, we simulate the
effects of various antidepressants and predict which factors may influence SSRI success.

Graphic by Erin Heyeck
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Investigating Serotonin Dynamics and Simulating Effects of
Antidepressants Using Variation in Enzyme Expression

Alexander Diefes

Duke University
https://doi.org/10.55894/dv2.21

Abstract

Serotonin plays a crucial role in the symptoms of depression, and understanding its dynamics in the brain is of
the utmost importance in determining how to mitigate the effects of depression. We investigate a mathematical
model presented by Best et al. (2020) that examines serotonin dynamics in the substantia nigra pars reticulata. By
incorporating experimental data and a stochastic systems population model, several biological mechanisms and
observations are further understood. A populations model is utilized to account for enzymatic expression level
variation from 75% to 125% of their base values. When generating the population model, uniform distributions
are assumed when simulating maximum velocity values, which correspond to enzyme expression levels. We
investigate this assumption and show that it is reasonably insensitive; that is, changes in the distributions used to
generate these values do not significantly change the results of the model. We also use the model to simulate the
effects of monoamine oxidase inhibitors (MAOIs), one of the first treatments discovered for depression. We then
use similar methods to simulate the effects of selective serotonin reuptake inhibitors (SSRIs), the most common
antidepressant used today. We demonstrate that low enzyme expression levels of tryptophan hydroxylase and
neutral amino acid transporter are most associated with low extracellular serotonin values at the steady state,
indicating that these two enzymes may play key roles in predicting which patients may or may not respond to
SSRI treatment.

Keywords: major depressive disorder, selective serotonin reuptake inhibitors, monoamine oxidase inhibitors,
stochastic systems population model, tryptophan hydroxylase, neutral amino acid transporter

1. Background

proportion of patients with MDD that take their own
lives can as high as 15% or 16.6% [2][3]. The severity
of MDD is further highlighted by recent global health

Major Depressive Disorder (MDD), commonly
known as depression, can affect all aspects of daily
life, causing loss of interest in normal activities, sleep

and appetite disturbances, and general hopelessness
about the present and the future [1]. Episodes of
depression vary in frequency and duration, with
depression sometimes requiring treatment that may
last from months to years [1]. Symptoms may also
lead to a diverse array of behavioral dispositions
including outbursts of irritability or frustration,
difficulty remembering and concentrating on
cognitive tasks, and physical symptoms, such as
headaches or back pain [1]. In extreme cases, MDD
can also lead to suicide; several studies find that the

statistics, which cite that as of 2020, suicide was the
third leading cause of death for ages 15-24 and the
second leading cause of death for ages 25-34 in the
United States [4]. Thus, understanding the causes
and potential treatment mechanisms of MDD are
evidently urgent for public health.

Environmental factors, such as parental abuse or
neglect, bullying, social nonconformity, and other
traumatic experiences, play a pivotal role in the
onset of depressive symptoms [S]. Depression may
also result from the progression of other diseases
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and disorders, such as cancer, schizophrenia,
diabetes, and other chronic illnesses [5]. While
these external factors are important to consider in

a comprehensive model of depression, we focus
primarily on biochemical pathways in the brain.
Specifically, we investigate the dynamics of serotonin
in the brain. Serotonin is a neurotransmitter that is
known to be closely tied to body weight regulation,
alcoholism, and anxiety disorders, amongst other
behaviors [6]. There is a known, strong correlation
between serotonin and symptoms of depression [7],
and we aim to elucidate the mechanisms behind this
relationship.

2. The Model

This study evaluates the use of a deterministic

model of serotonin metabolism presented by Best

et al. (2020). This model integrates computationally
simulated outcomes with experimental data to explain
several biological mechanisms, including features

of autoreceptor function, tryptophan input, and two
separate reuptake mechanisms [6].

The experimental data was produced in the lab of
Parastoo Hashemi, who measured extracellular
serotonin and histamine levels in mice. In these
experiments, the medial forebrain bundle of the
mouse is stimulated for two seconds, which causes
antidromic spikes to excite the dorsal raphe nucleus.
Bursts of action potentials then fire to various
projection regions in the brain, such as the substantia
nigra pars reticulata, the prefrontal cortex, and the
hippocampus. Extracellular serotonin and histamine
levels are then measured in these projection regions,
which serve as the primary locations of focus in this
paper. Specifically, we focused on the results in the
CA2 region of the murine hippocampus, which was
the region studied in vivo [6].
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Figure 1: Schematic representation of the model. Names
of enzymes and transporters are as follows: Trpin,
neutral amino acid transporter; DRR, dihydrobiopterin
reductase; TPH, tryptophan hydroxylase; AADC,
aromatic amino acid decarboxylase; MAT, vesicular
monoamine transporter; SERT, 5-HT reuptake
transporter; auto, S-HT autoreceptors; MAO,
monoamine oxidase; ALDH, aldehyde dehydrogenase;
NET, norepinepherine transporter; DAT, dopamine
transporter; OCT, organic cation transporter. Taken
from Best et al. (2020).

The schematic in Figure 1 is the basis for this
deterministic mathematical model. The yellow
structure is known as an axonal varicosity, a
structure that is vital for the synaptic transmission
of neurotransmitters [8]. Action potentials fired
down axons to various projection regions in the
brain stimulate these axonal varicosities to release
neurotransmitters [9]. Thus, changes in biochemistry
can essentially be projected across different regions
of the brain, adding to the complexity of modeling
serotonin dynamics and other neurobiological topics
[9]. Each blue oval represents an enzyme within

the varicosity, which facilitates one or multiple
biochemical reactions as the substrates in red boxes
increase or decrease in concentration. The red box
labeled eht, located below the axonal varicosity in
Figure 1, represents the concentration of serotonin in
the extracellular space, which is used as a metric for
depressive symptoms [6].

The orange structure is known as a glial cell, a class
of cell that is known to be involved in a myriad of
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distinct functions [10], including modulating nerve
signal propagation and aiding neural development
[11]. In our model system, glial cells are involved

in one of the reuptake mechanisms for extracellular
serotonin. When serotonin is released into the
extracellular space, it is transported back into the
varicosity as cellular serotonin via the 5-HT reuptake
transporter enzyme (SERT in the schematic) or
through an alternative pathway, Uptake 2, when

the extracellular serotonin reaches a certain

critical concentration [6]. The presence of two
separate uptake mechanisms has been confirmed
experimentally in vivo [12]. Since the Uptake 2
mechanism relies on glial cells, it is expected that the
value associated with the kinetics of its biochemical
pathways varies with respect to glial cells near the
electrode taking the readings [6]. Thus, this value will
sometimes be higher than the value used in the model

[6].

In this model, maximum velocity (V) values capture
the maximum rates at which an enzyme-catalyzed
reaction can occur. It is directly proportional to
enzyme concentration, and therefore varies based

on enzyme expression [6]. Since enzyme expression
levels are known to vary across individuals, V-

values vary as well [6]. This variation is the subject of
this paper.

The various enzymatically driven biochemical
reactions at the axonal varicosity can be modeled as
standard Michaelis-Menten kinetics, as governed by
the Michaelis-Menten equation,

_ Vinax [S]
K +[S]

Yo

where [S] represents the substrate concentration over
time, V, represents the velocity of the reaction at a
given time, V _represents the maximum possible
rate of the enzymatic reaction, and K represents the
substrate concentration at which V, =2V .

However, not all reactions follow this simplified
curve. The kinetics of the tryptophan hydroxylase
(TPH) enzyme, an enzyme responsible for converting
tryptophan into 5-hydroxytryptophan, which is

11

a precursor to serotonin, show a deviation from
traditional Michaelis-Menten kinetics. A phenomenon
known as substrate inhibition is observed, as

outlined in Figure 1 by G, *, the activated form of

the signaling G-protein unit, inhibiting TPH. When
G, * is above its equilibrium value, this results in a
reduction of V., and the converse is observed when
G, * is below its equilibrium value. This relationship

can instead be modeled by the Hill kinetics equation,

_ Vmax' [S]n
O K+ [S]"

where n represents the Hill coefficient, quantifying
degrees of cooperativity in binding. As the long range
dynamics of TPH inhibition are unknown, the Hill
coefficient is assumed to be constant with change in
time [6].

The SHT  autoreceptor is in the family of G protein-
coupled receptors, and their relationships are shown
in the bottom left of Figure 1 near the blue auro oval.
The system is responsible for regulating G, *, and
thus, V. [6]. G, represents the inactive concentration
of the G-protein subunit, the counterpart to the
signaling G-protein unit denoted G, * [6]. Their
relative amounts change via the equilibrium arrows,
and these kinetics are represented in the differential
equations of the model. The G-protein network is
regulated by regulators of G-protein signaling (RGS),
shown in the schematic as the T substrates [6].
Analogously, T, represents the inactive RGS protein,
and T, * represents the active RGS protein. As
described by Figure 1, bound extracellular serotonin
(bht) stimulates the conversion of G, to its active
form, G, * [6]. Following the network, G, * stimulates
conversion of 7, to its active form, 7, *, and in turn,
T, * stimulates the deactivation of G, * [6]. These
interactions form the basis for the regulatory system,
as it is also involved in V_, , a vital step in producing
extracellular serotonin that can then be bound to the
autoreceptor. The iteration of this process leads to
the overall equilibrium of the system; the increase
of extracellular serotonin concentration inhibits the
synthesis and release of vesicular serotonin, and the
decrease of extracellular serotonin concentration
facilitates it [6]. However, these kinetics are likely
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to differ across varicosities and projection regions,
depending on the expression level of SHT
autoreceptors [6]. In the model, it is assumed that
total autoreceptors, total G protein, and total RGS
protein are constants [6]. A similar system is evident
in the histamine (H3) pathway in Figure 1.

Histamine regulates several physiological processes
including gastric acid secretion, inflammation,

and vasodilation regulation [13][14]. It has also

been determined that histamine plays an important
role in serotonin dynamics [15][16]. In a study
involving male and female mice injected with acute
systemic lipopolysaccharide to induce inflammation,
consequent decreases in extracellular serotonin were
exhibited in the murine hippocampus [16]. Increased
histamine activity was caused by inflammation, which
acted on inhibitory histamine H3 heteroreceptors

on serotonin terminals [16]. This experimentally
confirmed homeostasis between serotonin and
histamine presents an important dynamic in serotonin-
based treatments for depression [16].

The model describes system changes through a
system of differential equations. Equilibrium states,
represented by twin arrows in Figure 1, exist in the
autoreceptor (auto) and histamine (H3) pathways.
As described above, this allows for concentrations of
G proteins and RGS proteins to balance each other.
An inhibition arrow is shown from G, * to TPH, and
this long-range kinetic process is accounted for in
the system of differential equations. The full set of
sixteen differential equations is shown below:

d[bh2] .

37— = Veeu(trp,bh4,G},) ~ Vo (bh2, NADPH, bh4, NADP)

d[bh4] .
o = Vore(bh2, NADPH, bh4, NADP) = Vrpy(trp, bh4, Gy,

d[trp]

dt = Vtrpin(btrp) - VTPH(trp; bh4‘, G;:t) - Vpool(trp: POOD - kf%ub . trp

d[htp]
dt

= Vrpy (trp, bh4, Gy) — Vaapc (htp)

d[cht]

at Vaapc(htp) — Vigar (cht, vhe) + Vsgrr (eht) — Vearag(cht) — k% - chi

d[vht]

BrTa Vyar (cht, vht) — inhibp(G;,) - inhibpa(Gp ) - fire (¢) - vht

d[eht]
dt

= inhibp(Gh) - inhibpa(Gpg) - fire(t) - vht — Vsgpr(eht) — Vyp(eht) — KiET - eht + kigak
- ght - kX% . cht — ks - eht - (BE?® — Bpe) + ke - Bne
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d[hiaa] ‘
a Vearas (cht) + Vearas (ght) — kEEP . phig
d[pool
[Z(Zo ] = Vpool(“‘p. POOD - k%fﬁb -pool

[Grel . v
d:t = ﬁl[kl'Bgt ’ (Gﬁ?t_ Ght) —ka 'Ther]
[T;,]

25 = Balks (607 (T =T — ks T3

[liht] = Balks - eht - (BE2" — Bpe) — ke - Bl
[gtht] = Vyz(eht) = Vearas(ght) — KiS3 - ght
% =ky - B2, - (GESE — Gip) — kg - Tia Gy
% = ko (G3)? - (Ty2" = Tig) = kao - Tig
d[gt’“‘] =kyy - eha - (B9 —Bug) —kiz - Bha

The maximum velocity of a given enzyme may
depend on the concentrations of several different
substrates. For example, V. depends on rp, bh4,
and G, *, shown in parentheses in the first differential
equation.

Using the differential equations, K values were
determined from the literature, and V _values were
chosen such that the concentrations were correct
assuming Michaelis-Menten kinetics [6]. The model
was solved until it reached a steady state in which
substrate concentrations remained constant. V
values essentially represent the expression level

of a particular enzyme. It is known that enzyme
expression levels vary from approximately 75% to
125% of their base values in each projection region
of the brain [6]. In order to appropriately account for
this variation, Best et al. (2020) created a stochastic
systems population model, in which V. values were
randomized from 75% to 125% of their base values.
Each set of randomized values represented a single
computer-generated individual, and then a population
of individuals was created using this methodology.
Thus, extracellular serotonin distributions of a
simulated population could be visualized, and various
simulations could be performed on that population.
For example, three such populations of 1000 were
generated, and their extracellular serotonin levels
(nanomolar concentration) were graphed below, as
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shown in Figure 2.

Extracellular serotonin concentration at the steady
state was graphed on the x-axes, and the number

of individuals in a given population of 1000 for

a given range of eht values was graphed on each
y-axis. While there were some visible differences
between the three populations, the distribution of
extracellular serotonin at the steady state was roughly
the same, with an approximately bell-curved shape
with maximum frequencies near 60 nM. It should be
noted well that the numerical values of extracellular
serotonin concentration are not as important, since
again, the steady state values and enzyme expression
levels are known to differ across different projection
regions [6]. While we focused on the CA2 region of
the hippocampus in these simulations, the steady state
values of extracellular serotonin could very well be
distributed around 40 nM or 80 nM in other regions
of the brain.
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Figure 2: Sample populations generated using uniform
distributions for maximum velocity values. Frequency
represents the number of simulated individuals, and
eHT is represented in units of nM.

3. Distribution Simulations

In the model created by Best et al. (2020), it was
assumed that the enzyme expression levels were
uniformly distributed from 75% to 125% of their
base values. We investigated the sensitivity of this
assumption by changing uniform distributions to
other distributions and evaluating the similarity of the
results. Our goal was to show how the general shape
of the distributions either fluctuate or remain the
same based on different distributions used to generate
these initial enzyme expression levels. The enzyme
expression levels themselves were not randomized;
rather, multipliers are used in the code instead. This
allows for the same methodology to be applied to
other projections in the brain, in which absolute
maximum velocity values may be different.

31V, simulations

We began by changing the distribution of V,, , the
maximum velocity of TPH [6]. The first distribution
we substituted was a normal distribution. All other

V . values were kept distributed according to
uniform distributions, and a new set of random values
were generated for a new population of 1000. For

V., Vvalues, a normal distribution of multipliers was
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set with mean 1 and standard deviation 0.125, so two
standard deviations in either direction of the mean
captured the interval from 0.75 to 1.25. Thus, roughly
95% of values generated were kept within this range,
which is consistent with determinations for enzyme
expression levels in the literature [6]. The results are
shown in Figure 3.
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Figure 3: Extracellular serotonin distribution
according to a normal V_,distribution. Frequency
represents the number of simulated individuals, and

eHT is represented in units of nM.
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Figure 4: Extracellular serotonin distribution
according to a bimodal V,,  distribution. Frequency
represents the number of simulated individuals, and
eHT is represented in units of nM.
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The results from this simulation can be compared
with the control populations in Figure 2, in which

all enzyme expression levels were varied according
to uniform distributions. The general shape of the
normally distributed V. values was roughly the
same as the control populations, and the mean of the
newly simulated distribution showed no significant
difference from the blue control population, #(1998) =
-1.3,p > 0.1. Thus, changing the distribution of V.
from uniform to normal does not have a significant
effect on the results. We further investigated their

similarities later in this section.

A similar investigation with a bimodal distribution
was also conducted. This distribution consisted of two
normal distributions for the multipliers: one centered
at 0.85 and the other centered at 1.15. This captured
the possibility of a genetic predisposition toward a
higher or lower TPH expression level, for example.
Standard deviations for both normal distributions
were chosen as 0.05, so the interval between two
standard deviations below the lower distribution and
two standard deviations above the higher distribution
were from 0.75 to 1.25. To generate these randomized
values, each individual had a 50% chance of receiving
a value according to the lower normal distribution
and a 50% chance of receiving a value according to
the higher normal distribution. This yielded a roughly
bimodal distribution of simulated values. The results
of this investigation are shown in Figure 4.

Like the results for the normal V_distribution
simulation, these distribution means also did not
differ significantly from the blue control population
in Figure 2, 1(1998) = 0.6, p > 0.5. The peak is still
centered around 60 nM and follows an approximate
bell-shape. In order to further visualize the
relationships between generated V_,, values and
extracellular serotonin values at the steady state,
scatterplots of population data were created. These
results are shown in Figure 5.

These scatterplots provide further evidence that
results were not heavily influenced by changing

the distribution of generated V_, values. Each plot
shows a relatively weak positive association between
extracellular serotonin concentration at the steady
state and initially generated V. values. Since we
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cannot accurately predict extracellular serotonin
values from simulated V= values, regardless of their
distributions, we show that the two variables do not

influence each other.

3.2 Further distribution simulations

We showed that varying the distributions of V.
alone did not have a significant effect on steady

state results. We further tested the sensitivity of

the uniform distribution assumption by changing

the distributions of all related enzyme expression
levels. By deviating further from this assumption, we
challenged the bounds to which results will remain
relatively unaffected. We varied the distributions of
nine different multipliers in this simulation, instead
of just a singular multiplier as in the V_, simulations.
Although there are more than nine different enzymes
in the schematic in Figure 1, some of the enzymes
were grouped together as a single expression level;
for example, the Uptake 2 mechanism was varied as
a whole, as opposed to varying individual multipliers
for norepinephrine transporter (NET), 5-HT reuptake
transporter (SERT, in the Uptake 2 mechanism),
dopamine transporter (DAT), and organic cation
transporter (OCT). Two more populations of 1000
computer-simulated individuals were generated, using
the same specifications for the normal and bimodal
distributions as above for each multiplier. The results
of this simulation are shown in the two histograms in
Figure 6.
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Figure 5: Extracellular serotonin concentration vs.
V.., 1n populations generated according to uniform
(blue),normal (red), and bimodal (yellow) distributions

for VTPH.

These distributions can be compared to the control
populations using uniform distributions for each
multiplier in Figure 2. Once again, their distributions
follow the familiar quasi-bell-shaped curve and peaks
in frequency near 60 nM. When comparing the means
from the normally distributed parameters (red) to

the blue control population in Figure 2, there was

no significant difference, #(1998) = -0.5, p > 0.5; the
bimodally distributed parameter distribution (green)
also showed no significant difference in means,
#(1998) =0.67,p>0.1.
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These simulations show that the assumption that
enzyme expression levels are uniformly distributed
from 75% to 125% is not particularly sensitive.
Knowledge of the biological mechanisms driving
these distributions is somewhat limited [17][18]
[19], but any new discoveries of non-uniform
distributions may not significantly impact the results
of this model. Reasonable distributions were chosen
for these simulations; distributions resembling delta
functions or distributions strongly skewed toward
75% or 125% were not tested. However, if a function
similar to a delta function were the most biologically
appropriate distribution, we would not observe the
variability in enzyme expression level from 75% to
125%. Additionally, if a strongly skewed distribution
toward either 75% or 125% were more biologically
appropriate than a uniform distribution, the literature
values for maximum velocities would have reflected
this. Thus, changes to the uniform distributions

of the enzyme expression levels, within reason,

do not significantly impact resulting extracellular
serotonin distributions, as shown above. We can

be much more confident in using the assumption
that maximum velocities are distributed according

to uniform distributions, because even if this is not
truly representative of the neurobiological reasoning
behind it, the results are left relatively unchanged.
Therefore, we used the uniform distribution
assumption for subsequent simulations.
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Figure 6: Extracellular serotonin distributions

according to normal (red) and bimodal (green)
distributions. Frequency represents the number of
simulated individuals, and eHT is represented in units
of nM.

4. Effects of MAOIs

Monoamine oxidase inhibitors (MAOIs) were the first
treatments developed to combat depressive symptoms
[20]. Examples of MAOISs include isocarboxazid,
phenelzine, selegiline, and tranylcypromine, and they
are usually taken orally [20]. They work by restricting
the activity of the enzyme monoamine oxidase [20],
which is essentially the equivalent of lowering the
enzyme expression level of monoamine oxidase
(MAO) in the model. By inspecting the schematic in
Figure 1, one can see that cytosolic serotonin (cht)
undergoes two pathways: one to vesicular serotonin
(vht) via the vesicular monoamine transporter enzyme
(MAT), and the other to 5-hydroxyindoleacetic acid
(hia) via the MAO enzyme and the aldehyde
dehydrogenase (ALDH) enzyme. By restricting the
activity of MAQO, one would expect more cytosolic
serotonin to be routed toward vesicular serotonin,
which then becomes extracellular serotonin,
according to the schematic [6]. To simulate the effects
of MAOIs, we generated another population with
V..o Values distributed according to a uniform
distribution between 75% and 125% of the base value
and then multiplied by one half. A comparison of this
new population with a control population is shown in
Figure 7.
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Figure 7: Extracellular serotonin distributions of
a control population (blue) and a population with
halved V,,, , (green). Frequency represents the number
of simulated individuals, and eHT is represented in

units of nM.

The general shapes of the two distributions are
similar, but the peak of the halved V, distribution
is approximately 5 nM higher than the control
population. Their means show a statistically
significant difference, #(1998) =-26.6, p < 0.001. As
expected, MAOISs cause an increase in extracellular
serotonin in silico, and we use this as a barometer
for depressive symptoms. It is important to note
that the choice to multiply V, values by one half
is arbitrary. It is not known exactly how MAOI
treatment quantitatively impacts the analogous
enzyme expression level used in the model.

As aresult, the fact that the peak of the halved

V. .. population is 5 nM higher than the control is

MAO
also arbitrary; the true difference may be higher or

17

lower, and this difference likely varies in different
projection regions of the brain. The takeaway is that
the extracellular serotonin distribution as a whole was
shifted to the right upon simulated treatment with
MAUOISs.

Unfortunately, MAOIs are known to cause many

side effects, including dry mouth, nausea, headache,
drowsiness, and insomnia, among others [20]. More
serious side effects include involuntary muscle
movement, weight gain, low blood pressure, and
issues with the urinary and reproductive systems [20].
MAOI use also typically requires dietary restrictions
and monitoring intake of other medications, as
certain foods and medications can cause dangerously
high blood pressure when taken with MAOIs [20].
Furthermore, when taken with other drugs that raise
extracellular serotonin levels, patients may experience
serotonin syndrome [20], a condition characterized
by dangerously high levels of serotonin that can lead
to major changes in blood pressure and rapid heart
rate and even death if left untreated [21]. Serotonin
syndrome may be difficult to predict, as certain pain
or headache medications and herbal supplements are
known to induce serotonin syndrome when taken with
MAOISs [20][21]. Other antidepressants are favored
in modern practice since they are safer and cause
fewer side effects [20]. We examined another class of
antidepressant in the following simulations.

5. Effects of SSRIs

Selective serotonin reuptake inhibitors (SSRIs)

are currently the most commonly prescribed
antidepressants [22]. They can ease depressive
symptoms in moderate to severe cases while typically
causing fewer side effects than other classes of
antidepressants [22]. Examples of SSRIs include
citalopram, escitalopram, fluoxetine, paroxetine,
and sertraline, which are commonly known by their
brand-names as Celexa, Lexapro, Prozac, Paxil or
Pexeva, and Zoloft, respectively [22]. Side effects
are similar to those caused by MAOIs, but they are
less common and less severe [22]. In the model, the
pathway associated with SSRIs is carried out by the
SERT enzyme directly connected to the varicosity
in Figure 1. This enzyme removes serotonin from
the extracellular space and converts it into cytosolic



Vertices: Duke’s Undergraduate Research Journal

Volume 2, Issue 2 | Fall 2023

serotonin [6]. SSRIs hinder the enzymatic activity of
SERT, leading to a higher concentration of serotonin
left in the extracellular space, which is thought

to ease the symptoms of depression [6]. SERT is
also involved in the Uptake 2 mechanism, but this
second form of extracellular serotonin uptake is only
active once a certain concentration of extracellular
serotonin is reached, as predicted by the model

and verified by experimental results [6]. In these
simulations, we primarily focused on individuals with
low extracellular serotonin levels at the steady state,
so SERT is the primary mechanism that transports
extracellular serotonin back into the varicosity.

We utilized the same methodology from the MAOI
simulations; a new population of 1000 was generated
using a uniform distribution for SERT expression,
and then these values were subsequently multiplied
by one half. This simulated the function of SSRIs by
inhibiting the ability of SERT to convert serotonin
from its extracellular to cytosolic form. We once
again juxtaposed a control population with this new

population with halved V. values in Figure 8.

The results from this simulation are similar to the
results obtained from the halved V, , & simulation;
the general shape of the extracellular serotonin
distribution remains unchanged, but values are shifted
toward higher extracellular serotonin levels at the
steady state. The means show a statistically significant
difference, #(1998) =-31.0, p < 0.001. Just as in the
V..o simulations, the choice for multiplying the

V.x; multiplier by one half was arbitrary, so the exact
difference between frequency peaks does not carry

any confirmed biological significance.

120
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18

120

frequency
5 8 8 3§

N
S
T

54 56 58 60 62 64

eHT

66 68 70 72 T4

Figure 8: Extracellular serotonin distributions of a
control population (blue) and a population with halved
Ve (Purple). Frequency represents the number of
simulated individuals, and eHT is represented in units

of nM.

While SSRIs tend to be the preferred treatment for
MDD in modern medicine, there are still a multitude
of obstacles in finding a personalized treatment.
People may react differently to the same SSRI, so
certain medications may be more effective for some
than others [22]. Different SSRIs exhibit different
kinetics [23], which are likely influenced by genetic
factors. In a clinical setting, the responses of family
members to SSRIs may provide insight on the
optimal SSRI for a patient [22]. However, many
patients do not have family members who have not
responded successfully to an SSRI, so it can take
time to test different medications. Another nuance

is introduced by dosage, since dosage alterations

may be necessary to alleviate symptoms and avoid
side effects [22]. A particular antidepressant at a
particular dose may require several weeks of testing
to get through initial side effects and determine the
efficacy of the treatment [22]. Since untreated patients
with depression are at a high suicide risk [2][3], this
method of trial and error is increasingly dangerous
the longer it takes. Furthermore, roughly 30% of
patients with major depression do not show responses
to SSRIs of any form [24], so efforts to experiment
with different drugs and doses may not lead to any
productive treatment. Patients then must turn to other
solutions, which takes more time that a patient may
not have. The issue of drug identity is beyond the
scope of the model, since molecular biochemistry and
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VSERT Distribution for eHT < 60 nM

kinetics are not accounted for in the schematic. The

dosage issue is also unexplored in this paper, since

more work would have to be done in determining

how changing dosages of a given SSRI quantitatively

impacts the V, of SERT. However, we sought to »
provide insight into the third issue mentioned above
and investigated why certain patients may not respond
to SSRIs in general.

Count

We assumed that there was some overlap between " ’7
people with low levels of extracellular serotonin jtw“b:’;fﬂmw R
in the halved V. population and people that do

not respond to SSRIs, because we used serotonin

as a barometer for symptoms of depression. While x
depressive symptoms are influenced by external

factors [S], which cannot all be captured in the model,

there is a strong association between low extracellular "
serotonin levels and depressive symptoms [25]. T

We isolated the computer-simulated population
with steady state extracellular serotonin values

below 60 nM from the halved V. distribution T T e T
shown in Figure 8. Again, this numerical choice of S
serotonin concentration was arbitrary, as we were
trying to capture the people on the lower end of this
distribution. Individuals with steady state extracellular =
serotonin values lower than 60 nM totaled 112 of
1000. Then, for each multiplier, the value of the
randomly generated multiplier was graphed on the
x-axis, and a histogram was created from the count
of people falling within each interval of multiplier

values. This was done with hopes of finding which R S
characteristics were common among people with low S

steady state extracellular serotonin concentrations.
The results are displayed in Figure 9. —

The first seven graphs did not show a strong

inclination toward extreme values, but the last two
graphs showed high counts of people with low
simulated expression levels of TPH and neutral
amino acid transporter; the vast majority of randomly i T
generated multiplier values fell below 1.0 for ol |

these two enzymes. Thus, low expression levels
of these two enzymes were most correlated to low
extracellular serotonin values at the steady state.
These two enzymes may be the key in predicting
whether patients will respond to SSRI treatment.
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Figure 9: Counts of people with low steady state
extracellular serotonin concentrations vs. randomly
generated multiplier values of enzymes or groups
of enzymes. The order of multiplier distributions
displayed are as follows: 5-HT reuptake transporter
(Vi) S-HT autoreceptors (autoreceptor), monoamine
oxidase (V,, ), fire(t), Uptake 2, aromatic amino
acid decarboxylase (V,, ), vesicular monoamine
transporter (V, ), tryptophan hydroxylase (V,,, ), and

. AT‘ PH
neutral amino acid transporter (V_ ).

trpin

6. Discussion

Mathematical modeling cannot replace in vivo
experimentation. There exists a balance between the
two; mathematical modeling may drive motivation
for certain experiments, and these results may
confirm what the model predicts or reveal a flaw

in the model’s design or our current understanding
of the biological problem at hand. Problems in
neurobiological topics pose a greater challenge, since
it can be difficult to measure or determine needed
parameters or concentrations in vivo. In serotonin
dynamics, it can be challenging to measure enzyme
expression levels, so confirming the results from

the SSRI simulations may require advancement in
experimental techniques. It may also be difficult to
utilize the results from the simulations, since with
current capabilities, it may not be possible or practical
to determine enzyme expression levels of specific
patients and determine personalized treatments.

The development of a system to determine the most
effective SSRIs or other medications for treating
depression in individual patients may offer substantial
benefits. However, it is important to recognize that
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patients with limited access to healthcare are unlikely
to reap these benefits until access to such a system is
expanded.

Further research should account for differences in
SSRI doses. Reducing the time it takes for patients
to discover their correct personalized treatment for
depressive symptoms is crucial, so any insights in
shortening any part of this process deserve to be
extensively studied, both in vivo and in silico. If
quantitative relationships are determined between

a certain SSRI dosage and its enzyme expression
reduction equivalent, simulations of people with low
steady state extracellular serotonin can be analyzed
for future insights. These observations should be
confirmed or refuted with in vivo experimentation;
however, this comes with limitations. The
assumption that low serotonin levels are associated
with depressive symptoms may not hold for every
patient, so it is possible that the isolated patients with
low serotonin levels may not actually be the ones
displaying these symptoms. /n vivo experimentation
in this field is typically performed on rodents,

so depressive symptoms cannot necessarily be
extrapolated to humans; only extracellular serotonin
values can be measured. Overall, we hope these
findings provide motivation for further in vivo
experimentation.
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Article Synopsis

This study investigates how to better map and navigate inside buildings using advanced computer simulations
and video game technology. The research delves into various camera settings and virtual environments to
improve the accuracy of these mapping systems. Key findings demonstrate significant enhancements in indoor
navigation, especially in complex and dynamic spaces. These advancements are crucial for developing more
efficient and reliable indoor mapping technologies, which have wide-ranging applications in robotics and
augmented reality.

Graphic by Gaby Dunn
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Abstract

The rapid advancement in visual-inertial simultaneous localization and mapping (SLAM) has opened numerous
applications in computer vision. However, the scarcity of high quality, publicly accessible datasets hampers

the evaluation of SLAM performance in varied and tailored environments. In this study, I employed the

AirSim simulator and the Unreal Engine 4 to generate a trajectory resembling that of the TUM VI Room 1
ground truth dataset within the ArchViz indoor environment representing a well-lit, furnished room. I further
modified the environment and trajectory through various expansions, addition of features, and data smoothing
to ensure a more stable sequence of input frames into the SLAM architecture. I then examined the efficiency

of visual ORB-SLAM3 by inputting images of resolution 256x144 and 512x288 at 30 frames per second
(FPS), while also adjusting the feature threshold - the maximum number of feature points that ORB-SLAM3
tracks per frame. This investigation of the camera parameters within AirSim and ORB-SLAM3 has led to the
essential finding that the resolution of the input images must coincide with the dimensions of the film. The
subsequent runs under these variables reveal that higher resolution images lead to considerably better tracking,
with an optimal feature threshold ranging between 3000~12000 feature points per frame. Moreover, ORB-
SLAM3 demonstrated significantly enhanced robustness within dynamic environments containing moving
objects when using higher resolution inputs, with a decreased error of close to Ocm compared to 23.19cm for
lower resolutions (averaged over three runs). Finally, I conducted qualitative testing using real-life indoor
environments recorded with an iPhone Xr camera, which produces results that highlight the challenges faced by
ORB-SLAM3 due to factors such as glare and motion blur.

Index Terms— Visual simultaneous localization and mapping, Unreal, AirSim, ORB-SLAM3, Feature threshold
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I. INTRODUCTION

Simultaneous localization and mapping (SLAM) is an
essential component in robotics and computer vision
systems. It involves constructing a three-dimensional map
of an unknown environment while simultaneously
locating the robot or a camera within that environment.
SLAM algorithms typically use a combination of sensor
measurements and motion models to estimate the position
of the robot or camera at each point in time, and to update
the map of the environment based on these estimates. A
typical visual SLAM workflow includes the following
steps [1], [16]-[18]:

1) Sensor data  acquisition:

preprocessing of camera images.

2) Visual odometry (VO): Estimation of the camera
movement between adjacent frames to estimate the
displacement of the observer (ego-motion) and
generate a rough local map, also known as the
frontend. This tends to generate noisy estimates of
the map and accumulates displacement error.

3) Backend filtering and optimization (backend):
Generation of a fully optimized trajectory and map
from camera pose and time stamp data from the VO
and loop closing modules.

4) Loop closing: Loop closing: Determines whether the
robot has returned to its previous position to reduce
accumulated drift. If a loop is detected, it will
provide information to optimize the backend.

5) Reconstruction: Constructs the map based on camera
trajectory.

The most direct applications of SLAM are in the fields
of autonomous systems and augmented reality. By
constructing a map and localizing, SLAM enables
vehicles to navigate autonomously in unknown
environments and to detect objects, which is essential for
identifying and avoiding pedestrians and other obstacles.
SLAM also allows robots to navigate through warehouses
and hospitals to perform tasks such as inventory
management, patient care, and creating accurate maps of
complex infrastructure to efficiently detect needed
maintenance. In the field of augmented reality, the
precision of localization and mapping is essential for
creating an immersive experience in realistic virtual
environments, which branches out into gaming, training
simulations, and remote collaboration.

To reliably test the accuracy of these models,
researchers use public, pre-available datasets such as
TUM VI [3], KITTI [2], EuRoC [13], and SenseTime
[14]. These datasets provide real-world sensor data
collected from cameras and more advanced sensors such

Acquisition  and
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as laser range finders (LIDAR) mounted on a mobile
agent.

Data generation using simulators has become an
increasingly popular approach to computer vision research
for several reasons. First, simulators provide researchers
with greater flexibility to create complex datasets with
specific features and characteristics that may not be
available in existing datasets. This allows researchers to
test their algorithms under a wide range of scenarios,
which can improve their performance in real-world
applications [4]. Second, simulators provide precise
ground truth data, which is the exact location, orientation,
and other relevant information of the objects in the scene,
without the need to collect it separately through more
advanced sensors. This is important for training and
evaluating computer vision algorithms since ground truth
data provides a reference for accuracy and helps to ensure
that the algorithm is performing as intended. Third,
generating data using simulators like AirSim can be a
cost-effective alternative to collecting real-world data,
which can be time-consuming, expensive, and may
require specialized equipment and personnel. Using a
simulator can be a more affordable and accessible option
for researchers.

The key contributions of this study are as follows. First,
I generate a trajectory resembling the TUM VI Room 1
ground truth dataset within the ArchViz indoor
environment using the AirSim simulator and Unreal game
engine, and further modify the environment and trajectory
to ensure a more stable sequence of input frames for the
SLAM architecture. Second, I perform a comprehensive
analysis of the efficiency of visual ORB-SLAM3 by
adjusting the input image resolution and feature threshold,
leading to essential findings on the optimal settings for
improved tracking performance within both static and
dynamic environments. Third, [ investigate the
importance of tuning the camera parameters within
AirSim and ORB-SLAM3, highlighting the need for the
input image resolution to match the dimensions of the
film. Lastly, I conduct qualitative testing using real-life
indoor environments recorded with an iPhone Xr camera,
providing insights into the challenges faced by
ORB-SLAM3 in real-world scenarios with everyday
commercial cameras due to factors such as glare and
motion blur. Collectively, these contributions aim to
enhance the understanding of visual SLAM performance
and its practical applications in various indoor
environments.
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II. RELATED WORKS

A. Feature Extraction

An effective visual odometry system relies not only on
the quantity of feature points but also on their quality,
which refers to the properties of feature points that
influence the performance of feature-based image
registration. These properties include repeatability,
distinctiveness, efficiency, and locality [1]. Several feature
detection algorithms have been developed over the years,
aiming to extract distinctive points from images that can
be matched across multiple frames. Some of the widely
used feature detection algorithms include scale invariant
feature transform (SIFT), speeded-up robust features
(SURF), features from accelerated segment test (FAST),
oriented FAST and rotated BRIEF (ORB), and
acceleratedKAZE (AKAZE), which vary in their level of
accuracy and computational efficiency.

The applicability of these extraction algorithms depends
on their ability to run in real time at 30FPS, or 33ms per
iteration. The SIFT and SURF algorithms, which are
known for their scale and rotational invariance, suffer
from high computational costs that cannot meet the 33ms
threshold. The FAST algorithm sacrifices the robustness
of SIFT and SURF for faster speed, which may negatively
impact its performance in scenarios with significant
changes in scale or orientation. ORB, which compromises
between efficiency and accuracy, is a combination of the
FAST keypoint detector and the BRIEF descriptor,
offering an efficient and binary feature detection
algorithm. It is more computationally efficient than SIFT
and SURF while providing some degree of scale and
rotation invariance.

Recent advancements in feature detection algorithms
have focused on incorporating machine learning
techniques, particularly deep learning, to improve their
performance. Convolutional neural networks (CNNs)
have been employed to learn feature representations that
are more robust and discriminative than traditional
hand-crafted features. While these learned features show
promising results, they often require significant
computational resources, which can limit their
applicability in real-time scenarios. Recently, with the
advent of edge computing and efficient parallelization,
this paradigm of extraction algorithms has been shown to
be effective in feature detection.

The SuperPoint algorithm is a learning-based approach
for keypoint detection and description, which aims to
overcome the limitations of traditional hand-crafted
feature detection algorithms such as SIFT and FAST,
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particularly in challenging conditions like poor lighting or
low-texture scenes [2]. SuperPoint is based on a
lightweight neural network architecture that is trained on
image  pairs undergoing known = homographic
transformations. The algorithm comprises three main
steps: MagicPoint detection, homographic adaptation, and
descriptor training.

1) MagicPoint is the initial step in the SuperPoint
algorithm, which focuses on keypoint detection. It is
trained on synthetic data to detect corner points in
images.

2) Homographic adaptation is then employed to
generate image pairs with known homographic
transformations, which are wused to train the
descriptor network.

3) The final step involves training the descriptor
network, which is responsible for providing a
descriptor for each keypoint detected by MagicPoint.
These descriptors are used for image matching tasks,
enabling the algorithm to find correspondences
between keypoints in different images.

SuperPoint has demonstrated superior performance
compared to traditional hand-crafted algorithms in most
benchmarks. It has been found to extract more feature
points and perform more stably in low-texture scenes, as
well as in poor lighting conditions [2]. The lightweight
architecture of the SuperPoint network allows it to
maintain relatively low computational requirements while
providing improved keypoint detection and description
performance, with an empirical runtime of 70FPS on an
NVIDIA Titan X ® GPU.

B. Complex Dataset Generation

Simulators have become a valuable tool in robotics and
computer vision research, enabling researchers to generate
diverse and complex datasets for various applications.
One notable example is TartanAir, a synthetic dataset
created by researchers at the Robotics Institute at
Camegie Mellon University, which is specifically
designed for visual localization, visual odometry, and
SLAM research [8].

TartanAir is an extensive dataset comprising
photorealistic RGB-D images, depth maps, and camera
poses collected from a wide range of indoor and outdoor
virtual environments using a custom-designed flying
robot. The creators of TartanAir have designed a diverse
dataset with dynamic objects, varying lighting conditions,
and different types of textures and materials. This level of
diversity allows researchers to develop and evaluate
algorithms in a more comprehensive and realistic manner,
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accounting for many real-world challenges that simpler
datasets might overlook.

The TartanAir dataset has been instrumental in
advancing the state of the art in visual localization, visual
odometry, and SLAM research. Its comprehensive nature
enables researchers to identify limitations in existing
algorithms and develop novel solutions to overcome these
challenges. Furthermore, by providing a standardized
dataset, TartanAir facilitates fair and consistent
comparison between different detection and tracking
algorithms, which is crucial for understanding the
strengths and weaknesses of various techniques.

The use of simulators to generate datasets such as
TartanAir not only offers a cost-effective and efficient
alternative to collecting real-world data but also provides
researchers with the flexibility to easily modify and tailor
the dataset to specific needs. This adaptability allows for
rapid iteration and experimentation, accelerating the
development and refinement of algorithms in the field of
computer vision.

C. Edge-Assisted SLAM

The integration of SLAM with edge computing has
gained significant interest in recent years due to the need
for real time processing of localization and mapping data
for various applications. Edge computing refers to the
processing of data on devices located close to the source
of the data, instead of sending it to a centralized cloud
server for processing. This approach has several
advantages, such as reduced latency, improved data
privacy, and reduced network bandwidth consumption [9].
One of the main needs for using SLAM with edge
computing is to enable real-time processing (of 30FPS) of
data from sensors such as cameras, LIDAR, or inertial
measurement units (IMUs). These sensors generate a large
amount of data, which must be processed in real-time and
may cause computational bottlenecks in a lightweight
mobile agent. To overcome this limitation, outsourcing
computation to an edge server can improve accuracy and
performance [10].

One prominent example of integrating edge computing
with SLAM is the Edge-SLAM system, which adapts
visual SLAM into an edge computing architecture to
enable prolonged operation on mobile devices [9].
Edge-SLAM offloads computation-intensive modules of
visual SLAM, such as global map optimization and loop
closing, to the edge, reducing resource usage on the
mobile device without sacrificing accuracy. That is,
Edge-SLAM maintains the tracking computation on the
mobile device while moving the rest of the computation to
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the edge [10], allowing the system to overcome the
computational bottlenecks often faced by lightweight
mobile agents that need real-time processing.
Additionally, edge computing allows the agent to offload
tasks without the large latencies seen when offloading to
the cloud, saving a considerable portion of time during
transmission. This approach may be particularly
applicable when using machine learning-based feature
extraction algorithms such as the previously mentioned
SuperPoint algorithm, which may require significant
computational power to process data in real-time. By
offloading these tasks to the edge, the mobile device can
focus on other critical tasks, and the overall system
performance can be improved.

III. METHODOLOGY

A. Environment and Trajectory Initialization and
Modification

1) Building Emulators with Unreal and AirSim
Plugin: Unreal Engine 4 is a game engine developed by
Epic Games that provides developers with a highly
customizable editor, a wide range of pre-built templates
and advanced rendering capabilities [15].

AirSim is an open-source simulator developed by
Microsoft that provides a platform for researchers to
simulate and test the performance of autonomous systems,
such as drones or cars, which can be controlled through its
API supported by C++, Python, and MATLAB. It
supports a variety of sensors, such as RGB cameras, depth
cameras, LIDAR, and GPS, which allows for efficient
data collection that can be streamlined directly into
SLAM algorithms. It takes a sequence of pose vectors as
inputs and assigns this pose to the agent within the Unreal
environment per frame. After the sequence is complete, a
directory containing the stream of frames for each pose is
generated.

In this study, I used ORB-SLAMS3, an open-source
simultaneous localization and mapping system developed
by the Robotics and Perception Group at the University of
Zurich [9]. ORB-SLAM3 wuses a combination of
feature-based and direct monocular, stereo, and RGB-D
visual odometry methods and incorporates advanced
features such as semantic segmentation, loop closure
detection, and multi-map fusion. I will specifically focus
on performance testing of visual ORBSLAM3 with a
non-distorted monocular camera at 30FPS.

2) Environment and Trajectory Initialization: In
order to investigate the performance of ORB-SLAM3 in a
typical indoor setting, [ selected a representative
environment that closely resembled a standard household
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interior. The chosen environment, ArchViz Interior, is
publicly accessible through the Unreal marketplace. This
specific environment offers a unique advantage as the
distribution of furniture and objects is non-uniform, and
consequently, certain frames within the room will exhibit
numerous feature points, while others, such as specific
wall sections and the ceiling, will have a sparse feature
distribution. This non-uniformity presents a substantial
challenge for ORB-SLAM3 during tracking, unlike the
TUM VI Room 1 environment, which contains
checkerboards, densely packed shelves, and hanging nets
that create a grid-like structure, simplifying the tracking
process for ORB-SLAM3.

My objective was to identify a trajectory that accurately
reflects the movement patterns within an indoor setting,
while simultaneously presenting a considerable challenge.
The TUM VI Room 1 trajectory proved to be an ideal
choice, as it encompasses multiple pans, tilts, and
rotations, which together create a complex trajectory for
evaluating the performance of ORB-SLAM3.

3) Coordinate Conversion in AirSim: The ground
truth data of the TUM VI consists of 16,541 rows in a
CSV file, with each row formatted as row

v r T r T T r T.
r= (T ’ pxﬁ py! pz: qw; qu q},’ qz)
where Trrepresents the number of nanoseconds past Unix

Epoch, (p;, p;, p:) is the translation component in

- r r r r . - .
centimeters, and (qw, q, qy, qz) is the unit quaternion

representation of the SO(3) orthogonal group.

When comparing side-by-side the trajectories of the
TUM VI Room 1 image frames and those generated by
AirSim in the ArchViz environment, I noticed that the
coordinates did not align. It is common for different
software to use different coordinate systems, so I needed
to incorporate a conversion factor between the Unreal and
AirSim bases. For conciseness of notation, let (p, q)
represent the timestamp plus the 7D pose in Unreal
coordinates, and (p', q'") represent the same in AirSim
coordinates. The proper conversion has been empirically
tested to be

P~ — PP~ —Pp —P,4,74,4794" 44,

Therefore, after I extracted the TUM-VI ground truth into
a tabular format, I followed the coordinate conversion
above before inputting the poses into the AirSim API.
Note that the translational conversion factor may differ
depending on the orientation of the entire environment.

That is, if the entire Unreal environment was rotated 90
degrees across the XY-plane without any change in the
world coordinate system, the x and y components in
Unreal and AirSim would align.

4) Environment Expansion: After the conversion, I
noticed that the total area covered by the trajectory was
greater than the original room. During multiple instances,
the camera would get too close to the furniture and walls,
sometimes going through them, which was unrealistic and
is problematic for tracking. My goal was for there to be
approximately 20cm of space between the agent’s camera
and the walls throughout the entire simulation, since the
ground truth video in the TUM VI Room 1 dataset had
kept this approximate distance throughout.

Therefore, 1 manually expanded the room by selecting
all objects on one side of the room, translating them out a
specific point in the expanded room, and manually added
more sections of the walls, floors, and ceiling where
needed. It was not as straightforward as simply
highlighting all objects and stretching them across the axis
using the built-in stretch tool, as there were already too
many dependencies between the objects that caused
errors. Additionally, stretching the furniture itself would
cause noticeable deformations.

The expansion caused a significant decrease in lighting
in two corners of the room, so further modifications were
made:

1) The windows on the walls on the north end of the
blueprint were likewise stretched accordingly to cover
the majority of the stretched wall.

2) An extra window along with a directional light

source was added on the walls of the south end of
the blueprint to allow for more consistent lighting.

B. ORB-SLAM3 and AirSim Parameter Adjustment

1) Timestamp  Conversion  for  ORB-SLAM3
Preprocessing: The frames generated by AirSim are
labeled with a timestamp (in nanoseconds after Unix
Epoch) representing the time at which the frame was
captured in the APIL The variance of the time gaps
between adjacent frames may be high depending on the
hardware in which the simulator is run, the latency of the
API calls, the presence of additional functions within the
API scripts, and the length of the sleep timer between
each API call.

To process this into ORB-SLAM3 at 30FPS, I needed to
relabel these timestamps such that the time gap between
adjacent poses is 33ms. ORB-SLAM3 also processes
timestamp labels in nanoseconds after Unix Epoch, so I
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relabeled them by choosing an arbitrary starting point 7;,=
1.5 - 10" and setting the timestamp for frame k to be

T},C = T0 + 33,000,000k

where 33,000,000ns represents 33ms.
2) Camera Parameter Adjustment: 1 had later
discovered that the parameters of the AirSim camera must
align with the those of ORB-SLAM3. The relevant
parameters of ORB-SLAMS3 can be found and set in a
yaml file, each of which I explain and computed below.
1) The type of camera is always set to "PinHole", since
I am working with a monocular camera.
2) (W, H) is the width and height of the image, in
pixels.
3) (Cx, cy) is the central point of the camera.

4) (kl, kz’ ks) and (p ¥ pz) describe the radial and

tangential distortion parameters, respectively.
5) ( f v fz) are the focal lengths for each axis.

6) The FPS will always be set to 30 within this study.
The basic settings of the AirSim camera can be specified
in the settings.json file, which should be located at the
same directory of the Unreal project executable. By
default, it contains one camera, with the "ImageType" set
to 0 (to indicate that this is RGB) and the CameraName
set to "0". I have specified the resolution WxH in pixels
of the AirSim camera here.

For reasons elaborated in the Necessity of Resolution
Consistency subsection, I have noticed that the
ORB-SLAM3 parameters require that the resolution ratio
W:H matches the ratio WseM:H . of the sensor width

and height of the AirSim camera digital film, which can
be accessed directly in the API. While the simulator is
running in “AirSimGameMode” in Unreal, I can connect
to the API with the following commands.

Sen

client = airsim.VehicleClient()
client.confirmConnection()

One the connection has been established, I have called the
client.simGetFilmbackSettings("0") method to return the
sensor width and height, which is by default
23.76:13.365. I went back to settings.json and modified
the resolution to match the sensor ratio (e.g. 512 x 288 if
the ratio is 23.76 : 13.365). Once the proper resolution
WX H has been set, the central points can be set as simply
half the resolution as a float value: c = W/2 and
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¢, = H/2. The distortion parameters can be found by

calling client.getDistortionParams("0"), which in this
study was set to all 0’s. The focal lengths f y fy are not as

straightforward to retrieve since AirSim does not have
built in functions that directly provide them, so I
calculated them manually. To clarify, the axes focal
lengths refer to the fx, fy shown below when the 3D

diagram in figure 1 is projected in the X and Y axes.

Image Film

.
512px‘ /f//
=
P
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- 13.365mm

2 . sy’
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X

(f21 £y) 11.9mm

Fig. 1: The diagram representing the projection of the
camera image onto the film in the pinhole camera allows
us to use geometry to calculate the focal lengths fx, fy

needed to correctly parameterize ORB-SLAM3.

By calling the client.simGetFocalLength("0") method, I
found the focal length to be 11.9cm, and by simple
geometry, the axes focal lengths are computed as

_ 512 x119
23.76

Hf _ 288x119

H T 13365

sens

= 256.431pxf = = 256.431px

:::::

While not directly relevant for focal length calculation, I
found that simGetCameralnfo could be useful, which
returns the pose and the projection matrix of the camera,
and simGetLensSettings, which returns additional
parameters of the AirSim camera, which may be useful
for fine-tuning camera parameterizations.

C. Improving SLAM Stability through Environment
Enhancement and Trajectory Smoothing

1) Environment Modification with Feature Addition:
Even with the proper unobstructed trajectory and the
proper camera parameters, ORB-SLAM3 consistently lost
tracking during multiple timestamps, leading to a
trajectory error of 87.98cm. This may be due to the lack of
features that resulted from the previous environmental
expansion. When expanding the room, I did not add any
new furniture to it, which subsequently led to large
sections of the wall and floor with significantly less
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features. It seemed that when ORB-SLAMS3 processed
frames that turned towards these relatively featureless
sections, it lost tracking.

Therefore, I added more features to the environment to
reduce the possibility of these sudden feature “dead
zones.” As seen below in the two diagrams, several pieces
of furniture were copied and added, including a new
dining table set, the rug underneath, multiple ceiling fans,
an extra couch, multiple paintings, and other slight
modifications. However, running ORB-SLAM3 within
this modified environment led to a marginal improvement
from 87.98cm to 80.75cm, which was not significant
enough to consider a lack of features to be the issue,
especially since there were still several instances of lost
tracking.

Fig. 2: After manual feature addition within the
environment resulting in the room shown above,
ORB-SLAM3 performed marginally better, improving the
trajectory error from 87.98cm to 80.75cm.

I hypothesized that the presence of transparent objects
such as glass or windows can severely affect the
performance of ORB-SLAM3 due to lighting issues like
glare. 1 tested this hypothesis by taking the same
trajectory but stopping localization right before the frame
turns to look at the windows. Creating this new
subtrajectory had required significant cutoff, reducing the
number of timesteps from 16,541 to less than 2000, but
this led to a great improvement in the error, from 80.75¢cm
to 13.17cm.

However, two pieces of evidence from further testing
have shown me that the presence of windows was not the
main problem behind lost tracking. First, when I slightly
extended the subtrajectory to include the windows for 150
more frames, the error of ORB-SLAM3 still remained at
approximately 13cm and did not spike as I had expected.
Second, when I initialized the trajectory at a pose that
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initially included the windows in its frame, there was no
considerable effect on the error.

2) Trajectory Jumps and Data Smoothing: Further
testing with different initial poses and subtrajectories did
not indicate that the main cause of lost tracking was the
windows, so I have concluded that it was not at a certain
frame that ORB-SLAMS3 lost tracking, but it was at a
certain timestamp. This indicated that the problem might
have been the trajectory itself. Upon inspection of the
TUM VI Room 1 ground truth data, I noticed that there
were several large “jumps” between adjacent poses, where
the pose in row R was significantly different

—— ground truth

05 —— estimated

0.0 4

T T T T
0.0 05 1.0 11:5!
x [m]

Fig. 3: Upon stopping localization right before the frame
turns to look at the first window, the estimated
subtrajectory was much closer to the ground truth
subtrajectory, reducing the error from 80.75cm to

13.17cm.

from the pose in row R + 1. To quantify the magnitude of
these differences, I constructed a custom pseudo-metric.
To compute the distances between the translational
components, I took the Euclidean distance between them.
The quaternion component is slightly less straightforward.

Let P = R3><SO(3) be the space of all poses,
constructed as the Cartesian product of translations R* and
rotations SO(3). Let (H v ~) denote the quotient group of

unit quaternions representing rotations. It is well known
that the natural mapping

p: H " 50(3)
is 2-to-1. That is, givenq € H e both g and — q represent

the same rotation. Therefore, the distance between q and
itself should be 0, but also g and — g should also be 0. In
fact, Ravani and Roth recognizes this ambiguity in
quaternion representation and constructs the metric for
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! ||q1 + q2||},
where ||-|| is the Euclidean norm [11]. Therefore, in this
study, I will define the pose metric of two poses
P =(@,q),P,=(p,q,) tobe

quaternions g, and g, as {||q1 —4q,

d(Pf Pz) = ”p1 - pz”2 + min{ ||q1 - qzllz’ ||q1 + 1,

From graphing the pose metric of each consecutive pair
throughout the ground truth trajectory in figure 4, it was
evident that there were huge distances between several
pairs. While the vast majority of pose metrics remained
small (< 0.02), I have observed in several instances that
some translational and rotational components vastly
exceeded this difference. For example, in rows 11588 and
11589, the difference of just the g, components was as
large as 0.79. In fact, most of the pose metric values came
from the difference between quaternion components,
rather than the translational ones.

Closer inspection revealed that the time gap between
these large pose jumps were also very large, so the ground
truth data contained several “time gaps” where the pose
was not collected. Some data smoothing was required, but
before I
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Fig. 4: The graph of the pose metric between adjacent
poses in TUM VI Room 1 ground truth trajectory shows
several spikes that indicate that there are huge jumps
between adjacent frames in our estimated trajectory.

could begin, I also noticed that the ground truth had
several instances of where the rotational pose q_at row r

suddenly jumps to q..,~—4, in the next row. This flip

in orientation is not a problem when simulating the
trajectory in AirSim since given a rotation quaternion g,
both g and— g represent the same rotation in SO(3). This
was a problem for data smoothing, so I created a script
that parsed through the ground truth file and converted all
the quaternions to the correct orientation. Once all

quaternions have been oriented, the data smoothing was
done in 3 steps:

1) smooth.py: I ran a simple moving average of 10 rows
(SMA-10) on only the quaternion components of the
oriented data, to ensure that the differences in each
component of q, and q._, was< 0.07, which was a

threshold that I’ve empirically determined to be an
acceptable pose metric that did not cause
ORB-SLAM3 to lose tracking. This smoothed out
most of the data.

2) The greatest pose metric after smoothing had
remained at a value of ~ 0.5 and increasing the
timesteps of the moving average further may have
distorted the rotational data too much, so I cut off the
trajectory right before this massive jump.

3) I manually smoothed out any other remaining spikes
by inserting rows in between them and linearly
interpolating until all pose metrics met the < 0.07
threshold.

D. Resolution and Feature Threshold Adjustment

The two main factors of performance of ORB-SLAM3
are the resolutions of the input images, which dictate how
much data is being fed into the algorithm, and the number
of features that ORB-SLAM3 is allowed to detect. There
is another parameter in the settings yaml file, nFeatures,
that sets the maximum number of feature points M that
ORB-SLAM3 would detect in a given frame. If L feature
points are detected in a frame, then {M, L} features would
be extracted for visual odometry.
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(b) Pose metric between adjacent poses in TUM VI
Room 1 groundtruth trajectory after linear
interpolation and cutoff.

Fig. 5: After performing both smoothings and cutoffs,
there were no more instances of ORB-SLAM3 losing
tracking.

Therefore, I have performance tested ORB-SLAM3 with
the following datasets and parameters:

1) I work with two different resolutions: 256 x 144 and
512 x 288 pixels.

2) For each resolution, I set the feature threshold to
750, 1500, 3000, 6000, and 12000 points.

3) Due to the stochastic nature of ORB-SLAM3, I run
ORB-SLAMS3 three times for each resolution and for
each feature threshold.

1) Error Evaluation: 1 computed the error using the
evaluate ate scalepy module, which computes the
absolute trajectory error of the estimated trajectory. It first

reads in the ground truth trajectory
{P k]N = {(p w d k)]N and estimated trajectories
k=1 k=1

P' ={(p, q' as two lists of 7D poses, each

pose consisting of a timestamp, 3D translation, and 4D
quaternion representing the rotation. Then, it aligns the
estimated trajectory to the ground truth trajectory using
Horn’s method, which computes a rotation matrix and a
scale factor that best aligns the two trajectories, which I

will denote {P;} for the ground truth and {P;} for the

estimated. After alignment, it computes the translational
error between the two trajectories by finding the
Euclidean distance between the corresponding translation
components of each pose. The script then reports the Root
Mean Squared Error (RMSE) of the translational error
over all poses as the absolute trajectory error.

N 2
_ i * _ *
Error = ,\/ngl P, — D,

In figure 6, we can observe Horn’s method aligning the
ground truth trajectory within the TUM VI Room 1
environment and ORB-SLAM3’s estimated trajectory
within the ArchViz Interior environment by seeing that the
translational components roughly align if we perform the
coordinate conversion pPP, PP, PP, which is

represented by the rotation matrix
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Similarly in figure 7, for the rotational components, we
expect Horn’s method to align the basis elements of the

quaternions  with  the coordinate  conversion
q,749, quqy, quqw’ q,~9., represented by the
rotation matrix

0 0 1 0

0 0 01

01 0 0

1 0 0 (

o~

2) Robustness in Dynamic Environments: 1 further
tested the robustness of ORB-SLAM3 by repeating the
experiment within a dynamic environment containing
moving objects. After identifying a range optimal feature
thresholds within the static environment, I analyzed the
change in tracking performance of ORB-SLAM3 for both
the 256x144 and 512x288 resolutions. The moving
objects consisted of three ceiling fans, rotating at fast
speed (~1 rotation per 6 frames), and a decorative hanger,
rotating relatively slowly (~1 rotation per 45 frames).
While this may not seem like a significant difference, the
directional lights coming in from the windows had cast
large moving shadows as well.

E. Performance Testing in Real-Life Environments

Furthermore, I have tested ORB-SLAM3 within two
real world environments in Duke University:

1) the Wilkinson 4th floor graduate lounge, which
consisted of glass walls, with multiple tables, chairs,
a fridge, a sink, under bright lighting.

2) the Kilgo Quad N common room, consisting of
various couches, tables, chairs, a TV, a foosball
table, and framed walls.

Both environments represent typical indoor locations with
consistent lighting. The main difference between the two
is that the graduate lounge consists of glass walls, while
the common room has few windows and transparent
objects. I believed that having at least a qualitative
analysis of how the performance of ORB-SLAM3 is
affected by the presence of transparent windows and walls
would prove useful in developing assumptions in future
works. While the ground truth data was not available, I
have qualitatively observed the general accuracy of
ORB-SLAM3 by manually comparing the trajectories
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taken in the video with the ego-motion computed by the
localization module.

An iPhone Xr camera, which has comparable technical
specifications with most commercial phones in the United
States, was chosen as the performance benchmark. The
default resolution for an iPhone Xr camera is 1920 x
1080px, but I compressed and cropped the image frames
to be 960x720px for easier processing of the data in
real-time. The camera type was also sent to pinhole, the
central point was set as (480,360), and the distortion
parameters were all set to 0. To compute the axes focal
lengths (fx, f ), I collected measurements on the focal

length and the film dimensions online.

Fig. 8: Corner view
lounge.

of Wilkinson 4th floor graduate
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Fig. 6: Rough estimate of how Horn’s method would
align the translational components of the ground truth
and estimated trajectories with a rotational factor.
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Fig. 7: Rough estimate of how Horn’s method would
align the rotational components of the ground truth

and estimated trajectories with a rotational factor.

36

4 6
Timestamp (ns)

0 Fl

8
1e10+1.5e18

B8 4 ]
1e10+1.5e18 Timestamp (ns)

(a) Ground truth pX aligned with estimated pZ trajectory
(b) Ground truth pY aligned with estimated pX trajectory
(c) Ground truth pZ aligned with estimated pY trajectory

rial Component (m)

Rotatio
L
Rotational Component (m)

3 H
Timestamp (ns)

3 i
Timestamp {ns) 110+l sene

(a) Ground truth gW aligned with estimated gZ trajectory
(b) Ground truth ¢X aligned with estimated gY trajectory
(¢) Ground truth ¢Y aligned with estimated gl trajectory
(d) Ground truth gZ aligned with estimated gX trajectory



Vertices: Duke’s Undergraduate Research Journal

Volume 2, Issue 2 | Fall 2023

1) The sensor number is known to be 1/2.55', which
corresponds to a film dimension of 5.33 x 4mm
2) The focal length is 2.45mm (26mm equivalent for
digital camera lens)
The axes focal lengths were calculated to be

960x4.25 720x4.25
fx =" i = 765.0px

= 765.478px, fy =

Fig. 9: Corner view of Kilgo N common room.

Once the video was taken, each frame was saved as an
image using OpenCV and labeled with the appropriate
timestamp as specified previously before inputting the
data into ORBSLAM3.

IV. RESULTS

I have collected the AirSim dataset of images and
ground truth labels in Unreal Engine 4.27, run on a Dell
XPS 9570 with 16GB RAM and 16 CPU cores. I have
then ran ORB-SLAM3 on an Ubuntu 20.04 operating
system, with 8GB RAM and 8 CPU cores. Within both the
static and dynamic environments, the performance of
ORB-SLAM3 with 512 x 288 resolution images had
significantly outperformed that of 256 x 144 resolution
images. Furthermore, ORB-SLAM3 with the higher
resolution inputs had been much more robust in dynamic
environments, with no noticeable loss in accuracy, while
the accuracy had significantly dropped with lower
resolution inputs.

A. Impacts of Resolution and Threshold in Static
Environment

In the static environment, I observed that the absolute
trajectory error was smaller by a factor of 5~12 when
utilizing higher resolution inputs compared to lower
resolution ones under all threshold levels. Although this
may seem obvious, as higher image resolution intuitively
leads to improved tracking, it is important to consider the

role of feature points in visual odometry for localization.
In this case, both the 256 x 144 and 512 x 288 resolution
images had their feature threshold limited at the same
level, which indicates that ORB-SLAM3 is extracting the
same number of features per frame, particularly for lower
thresholds.

TABLE I: Absolute trajectory error of estimated trajectory
in stationary environment (cm)

Feature Threshold
750 | 150 | 300 | 600 | 12000
0 0 0
65.8 | 64.0 | 427 | 31.5 | 77.70
25 89 87 56 4
256x1 | 96.6 | 86.9 | 78.8 | 68.1 | 40.11
44 76 98 44 21 9
973 [ 96.8 | 66.8 | 64.3 | 100.3
85 58 03 51 12
Re 12.7 | 10.0 | 9.43 | 824 | 5.815
S. 35 25 1 6
512x2 | 6.00 | 9.96 | 9.31 | 6.65 | 4.942
88 0 3 5 7
996 | 9.38 | 11.9 | 6.65 | 7.763
3 4 59 2

I have slightly modified ORB-SLAM3 to have it output
the number of features detected in each frame, and it was
evident that for the runs with the lower thresholds (750
and 1500), the number of features extracted from each
frame remained consistently at the maximum threshold for
both the higher and lower resolution inputs. This suggests
that the "quality" of the features is a critical factor, as
demonstrated by the 750 or 1500 threshold runs, where
the quality of the 1500 features detected in the 512x288
images was significantly better than that of the 1500
features detected in the 256144 images
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Fig. 10: Number of features detected per frame in
ORBSLAM3 with images of resolution 256 x 144 in static
environment. For the thresholds of 750 and 1500,
ORB-SLAM?3 consistently detects the maximum number
of feature points throughout the entire trajectory.
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Fig. 11: Number of features detected per frame in
ORBSLAM3 with images of resolution 512 x 288 in static
environment. For the thresholds of 750 and 1500,
ORB-SLAM3 consistently detects the maximum number
of feature points throughout the entire trajectory. For
higher thresholds, ORBSLAM3 detects significantly more
feature points on the 512x 288 images than on the 256 x
144 images.

A visual graph in figure 12 is shown below to better
compare the performance between the two resolutions,
where the mean errors of each three runs are plotted,
along with their sample standard deviation in the error
bars. The graph shows that ORB-SLAMS3 not only has
significantly less error with higher resolution inputs, but
the trajectory error remains very consistent throughout
multiple runs. On the lower resolution inputs, however,
ORB-SLAM3 was quite unstable in localization,
generating significantly different trajectories per run,
leading to a high standard deviation in the sample data.
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Fig. 12: Effects of resolution on ORB-SLAM3
performance under varying feature thresholds in static
environment. These results indicate that the feature points
detected by ORB-SLAM3 are of higher quality (for lower
thresholds) and more numerous (for higher thresholds),
both of which contribute to higher performance.

ORB-SLAM3 with extremely high feature points was
able to construct a perceivable point-cloud map of the
room. In figure 13, certain objects, like the walls, the
lights, the table, and the rug, are discernible, though they
are easier to identify directly in the interactive software
outputting the point-cloud map.

Fig. 13: Distinguishable objects are visible in the
point-cloud map generated by ORB-SLAM3 with 512 x
288 resolution inputs and threshold of 12000 feature
points.



Vertices: Duke’s Undergraduate Research Journal

Volume 2, Issue 2 | Fall 2023

B. Impacts of Resolution and Threshold in Dynamic
Environment

The optimal performance of both resolutions seemed to
lie within the 3000, 6000, and 12000 feature thresholds,
and so under this range, I ran ORB-SLAM3 again within
the dynamic environment. The results show that
ORB-SLAM3 is significantly more robust to moving
entities with the higher resolution images.

TABLE II: Absolute trajectory error of estimated
trajectory in dynamic environment (cm)
Feature Threshold
3000 | 6000 | 1200
0
104.5 | 63.13 | 99.28
24 5 7
256 % 87.4 | 60.36 | 104.4
144 43 7 49
58.3 | 101.9 | 99.83
99 |22 6
Re 7.98 | 7.849 | 4.812
S. 7
512 x 873 | 7.212 | 6.778
288 1
13.3 | 9.014 | 5.082
14

Since I was working with higher feature thresholds in
the dynamic environment, there was a significant
difference in the number of feature points detected
between the 256x144 and 512 x 288 resolution images.
Even though the figures below indicate that even at the
3000 threshold level, ORB-SLAMS3 is detecting many
more features in the 512 x 288 images, the difference in
its performance is most likely due to the difference in
quality of the feature points.
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Fig. 14: Number of features detected per frame in
ORBSLAM3 with images of resolution 256 % 144 in
dynamic environment.
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Fig. 15: Number of features detected per frame in
ORBSLAM3 with images of resolution 512 x 288 in
dynamic environment. For these higher thresholds,

ORB-SLAM3 detects significantly more feature points on
the 512x288 images than on the 288 x 144 images.

By superimposing the trajectory errors within the
dynamic environment onto the those computed within the
static, figure 16 shows that the performance of
ORB-SLAMS3 is barely affected when inputting 512 x 288
resolution images, while the absolute trajectory error
increases by about 20 ~ 30cm with 256 x 144 resolution
inputs.
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Fig. 16: Effects of resolution on ORB-SLAM3
performance under varying feature thresholds in both
static and dynamic environments. This figure indicates
that ORB-SLAM3 is much more robust in dynamic
environments with 512x288 resolution inputs than with
256 x 144 resolution inputs.

I have organized the error difference below. Even
though the presence of negative values indicates that there
is a marginal improvement in tracking in the dynamic
environment, this is most likely due to the stochasticity of
ORB-SLAM3, and with subsequent runs, the average
difference in the absolute trajectory error will converge to
a positive value.

C. Necessity of Resolution Consistency

I want to emphasize a certain restriction on the resolution
of the input images when working with AirSim and
ORBSLAM3. It is extremely important that the resolution
of the image and the resolution of the film have the same
width-to-height ratio.

TABLE III: Increase in absolute trajectory error upon shift
from static to dynamic environment (cm)

Feature
Threshold
300 | 600 | 120
0 0 00
256x14 | 20. | 20. | 284
Re | 4 64 |46 8
s. [512x28 | -0. | 0.8 | -0.6
8 22 4 2

During the experiment, I had initially worked with 256
x 256 and 512 x 512 resolution images. The respective
focal lengths were computed to be
(fx, fy) = (128, 215, 227.939) for 256 x 256 and

(fx, fy) = (256.431, 455.877)for 512 x 512. However,

running ORB-SLAM3 with these parameters had resulted
in the 256 x 256 resolution inputs consistently
outperforming the 512 x 512 resolution inputs.

TABLE 1IV: Absolute trajectory error of estimated
trajectory in stationary environment with 1:1 ratio
resolution (cm)

Feature Threshold
750 | 150 | 300 | 600 | 120
0 0 0 00
227 | 36.5| 26.7 | 20.6 | 23.8
02 70 64 25 56
256 x 250 | 31.2| 333|219 | 23.8
256 30 78 58 65 46
20.7 | 305 | 27.5 [ 252 | 222
05 55 03 65 53
Re 83.9 [ 569 [ 359 | 319 | 264
S. 34 51 48 21 00
512 x 50.4 | 39.7 | 33.0 | 26.5 | 30.5
512 44 45 29 22 90
52.0 | 79.7 | 303 | 38.8 | 77.5
48 24 83 93 66

This was a very counter-intuitive result, as I would have
expected that having more information of an image
through higher resolutions would result in better tracking
overall. I had hypothesized that 512 x 512 is too fine of a
resolution, containing extremely large amounts of data
that led ORB-SLAM3 to overfit the features in some way,
but this contradicted the results of multiple other studies
in the literature, where researchers would work with
resolutions that went as high as 1920 x 1080 in very
complex environments and still generated very accurate
localization [12]. Even the TUM VI dataset consisted of
images with a relatively high resolution of 1024 x 1024
pixels, and ORB-SLAM3 had still produced a consistently
small ~ 7cm error.

I noticed that the parameters for ORB-SLAM3 tuned for
the TUM VI Room 1 dataset had set the axes focal lengths
to be approximately equal: fx = fy. I attempted to mimic

this setting by modifying the resolution of my input
images. If I keep the dimensions of the resolution W: H
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the same as the dimensions of the film W :H , then
sens sens

the resulting calculations would lead to fx =f v Since the

sensor had a 16:9 ratio, I had modified my input
resolutions to 256 x 144 and 512 x 288, which led to the
axes focal lengths to be (128.215, 128.215) and (256.431,
256.431), respectively. This led to an error improvement
up to a factor of 10 for the majority of simulations taking
with the higher resolution cameras.

While I haven’t found out exactly the reason why the
image resolution must have the same dimensions as the
film, this may simply be an intrinsic property of
ORB-SLAM3. Regardless, this observation in its own
right is very useful for future studies.

TABLE V: ORB-SLAM3 performance comparison
between

1:1 ratio resolution and 16:9 ratio resolutions in static
environment, averaged over 3 runs (cm)

Feature Threshold

750 | 150 | 300 | 600 | 120

0 0 0 00
256 x 22.8 [ 32.8 1292 | 22.6 | 23.3

256 13 01 08 18 18
256 x 86.6 | 82.6 | 62.8 | 54,6 | 72.7

144 29 48 11 76 12
Re | 512 x 62.1 | 58.8 | 33.1 | 32.2 | 44.8

s. | 512 42 07 20 25 52
512 x 9.56 | 9.79 | 102 | 7.18 | 6.17

288 6 1 35 5 3

i =0.5

(a) Trajectories of 512 x 512 image frames with 1500
feature threshold.
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(b) Trajectories of 512 x 288 image frames with 1500
feature threshold.

Fig. 17: Upon modifying the resolutions to match the film
dimensions, the ORB-SLAM3’s tracking performance had
greatly improved, from an error of 58.8cm to 9.8cm.

D. SLAM with iPhone Xr Camera in Physical Indoor
Environment

Qualitatively, the localization of ORB-SLAM3 in a
real-world environment appears to correspond reasonably
well with the actual trajectory, as observed by comparing
the video and localization module side-by-side. Moreover,
the system generates a relatively dense point-cloud map of
the environment, allowing for the identification of distinct
features such as wall nooks.

Nonetheless, in both the graduate lounge and the
common room, the localization exhibited considerable
instability which was characterized by multiple instances
of lost tracking. I attributed this phenomenon to two
primary factors:

1) The substantial exposure to windows and transparent
objects in the graduate lounge may have caused
ORB-SLAMS3 to lose tracking due to the glare and
reflections of both the individual operating the
system and the objects within the room.

2) The videos captured by the iPhone Xr displayed
significant motion blur, even during relatively slow
changes in pose. This factor could have potentially
impeded ORB-SLAM3’s capacity to detect features
within each frame, consequently resulting in abrupt
declines in performance.

V. FUTURE WORKS

This research has provided valuable insights and a
foundation for further exploration and development in the
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domain of visual SLAM. Based on our findings, I have
identified three key areas for future works:

A. Visual-Inertial SLAM Integration

Expanding the scope of this research to include
visual-inertial SLAM is essential, as the majority of
real-world SLAM applications incorporate inertial data
using gyroscopes. Integrating inertial measurement units
(IMUs) with the visual ORB-SLAM3 framework could
significantly improve the system’s accuracy and
robustness under various conditions. This integration
would involve fusing IMU data with visual information,
allowing for enhanced tracking and mapping in situations
where visual data alone may not suffice, such as in
low-light environments or during rapid motion.
Furthermore, exploring various sensor fusion techniques
and optimization methods could lead to even more
accurate and reliable visual-inertial SLAM systems.

B. Diverse and Challenging Datasets

Creating diverse and challenging datasets is crucial for
advancing the evaluation and development of SLAM
algorithms, and many efforts have been made to add to the
diversity of public datasets. The RobotCar dataset,
collected through a consistent route in Oxford, UK, over
the span of a year, contains large scale data in changing
light and weather conditions for self-driving tasks [19].
Other researchers have taken advantage of emulators to
efficiently navigate virtual environments to create diverse
datasets such as TartanAir [8] and DISCOMAN [20].
Following this approach, by using emulators to generate
complex datasets under different environments, weather
conditions, and challenging trajectories, I can provide
researchers with a wide range of test scenarios and foster
the development of versatile SLAM systems. This
endeavor could involve creating indoor and outdoor
scenes, simulating varying lighting conditions, and
incorporating challenging elements such as occlusions,
dynamic objects, and complex motions. Ultimately, these
comprehensive  datasets would help assess the
performance and robustness of SLAM algorithms under a
broad array of real-world conditions.

C. Streamlining Camera Calibration Process
Streamlining the camera calibration process is a critical
aspect of making SLAM systems more usable and
accessible, since it may not be always the case that
researchers have access to the relevant camera
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specifications. Certain calibration modules included in the
OpenCV library allow one to extract an estimate of the
camera intrinsic and extrinsic matrices, along with
distortion parameters [21], but the integration of this
process into SLAM and AirSim is still poor.

By using SLAM to initially approximate camera
parameters, I believe that it is possible to develop a
hierarchical model that adaptively tunes the
hyperparameters of SLAM based on the range of
parameters in which it performs optimally (i.e., exhibits
the least trajectory error). This approach not only eases
the calibration process but also allows for continuous
adaptation and improvement of SLAM performance as the
environment or operating conditions change. By refining
this hierarchical model and exploring novel techniques for
adaptive hyperparameter tuning, I cande enhance the
accuracy and adaptability of SLAM systems, making
them more suitable for a wide range of applications. This
improvement in the calibration process could significantly
enhance the usability and accessibility of SLAM systems
for various researchers and developers.

VI. CONCLUSION

This study utilized the AirSim emulator to generate a
challenging trajectory within the ArchViz Interior
environment built within Unreal. Various modifications
such as environment expansion and trajectory smoothing,
paired with a careful calculation of the camera parameters,
were applied to ensure stability of ORB-SLAM3’s
tracking module.

The results demonstrate that employing higher
resolution images (256 x 144 and 512 x 288) at 30FPS
significantly improves tracking performance in visual
SLAM, specifically ORB-SLAM3. It also highlights the
importance of environment selection, trajectory stability,
and camera parameter tuning for maintaining consistent
localization, allowing for a comprehensive evaluation of
the visual ORB-SLAM3 performance. My results indicate
that the optimal feature threshold is found to be between
3000 ~ 12000 feature points per frame, and ORB-SLAM3
shows enhanced robustness in dynamic environments with
moving objects when using higher resolution inputs.
These findings provide valuable insights and a
streamlined workflow for virtual dataset generation,
which can be used in the future development of not only
visual SLAM systems, but for general computer vision
algorithms.

Furthermore, qualitative testing in real-world indoor
environments  highlighted  challenges faced by
ORB-SLAM3, such as glare and motion blur, which offers
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direction for future improvements in the SLAM system.
Overall, the study’s findings contribute to the growing
body of knowledge in the field of visual SLAM and can
potentially enhance the development and application of
SLAM systems in computer vision.
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Article Synopsis

The Kochen-Specker Theorem is a mathematical statement that is widely accepted as proof that deterministic
interpretations of quantum mechanics must fail. By analyzing the definitions and logic underpinning Kochen
and Specker’s results, Miller finds that the axioms of the theorem are not applicable to quantum systems and
thus that its results are inconsequential. This reintroduces the possibility of determinism, resolves what is often
thought of as an inconsistency between quantum mechanics and classical physics, and highlights the need to
better define several terms salient to effective physics discussion and communication.

Graphic by Amanda L1
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ABSTRACT

There is ongoing discourse in philosophical and physics literature about whether the probabilistic essence

of quantum mechanics indicates that deterministic interpretations of nature must be false. In 1967 two
mathematicians, Simon Kochen and Ernst Specker, developed a mathematical theorem to the effect that
particles do not have well-defined property values at a given time. A logical consequence of this is that there
can be no well-defined hidden variables responsible for the outcomes of mysterious quantum behaviors. The
theorem is thus fatal to the many deterministic interpretations of quantum mechanics that assume hidden
variables, including pilot wave mechanics, a quantum theory developed by Louis de Broglie and David Bohm a
few decades prior to the formulation of the Kochen-Specker Theorem. The purpose of this essay is to evaluate
the legitimacy of the logical basis of Kochen’s and Specker’s argument considering its severe implications. It is
concluded that Kochen and Specker do not provide sufficient evidence that deterministic theories must fail, due
to their misinterpretation of the axioms on which hidden variable theories rely. This paper also finds that pilot
wave mechanics is mathematically successful while remaining consistent with the deterministic understanding
of broader physics and deserving of more serious consideration as a quantum theory. Above all it is emphasized
that the nonsensicality of absolute randomness and indeterminism should be acknowledged, and theorems
purporting to prove their existence should be critically examined, for such a discovery would undermine the
legitimacy of logic itself.

Keywords: quantum mechanics, determinism, observables, hidden variables, pilot wave mechanics, Kochen-
Specker Theorem

Introduction

Nearly a century after the invention of
quantum mechanics (QM), even experts on the
subject disagree about what it indicates about the
fundamental nature of reality. QM, pioneered in
1925 by Austrian and German physicists Erwin
Schrédinger and Werner Heisenberg, describes
the behavior of particles by associating them with

value of some wave function (“ l’Ulz) integrated over
a finite interval represents the probability of finding
the function’s associated particle on that interval at a
given time, as first suggested by Max Born in 1925.
However, even Schrodinger, the inventor of QM’s
signature wave equation, could not fully comprehend
what he had created and famously misinterpreted the

matter waves called wave functions, denoted by wave function multiplied by its complex conjugate (

. It is widely accepted that the square of the absolute E*E) as electric charge density (Serway et al, 2005).
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In the present day, many similar issues persist, with
leading physicists, mathematicians, and philosophers
tending to agree on the mathematical results of
quantum calculations while disagreeing on how to
interpret those outcomes (Schlosshauer et al., 2013).

QM has the peculiar characteristic that its
equations define only probabilistic restrictions on the
states of measured physical systems. One conclusion
that can be drawn from this is that these states are
incomplete descriptions of quantum systems, and
there are certain unknown variables unaccounted
for by wave functions. In these “hidden variables”
(HV) theories, quantum-mechanical uncertainties are
interpreted as epistemic probabilities of the sort that
arise in ordinary statistical mechanics, such that QM
could be supplemented with additional equations that
would allow it to predict all observable information
about a QM system. Such an HV description might
not be practical given the impossibility of one
perceiving the alleged variables, but its theoretical
possibility is still meaningful to debates about

determinism, decisions about which quantum theories

to use, and questions about the fundamental nature
of reality. However, there exist several theorems
according to which any such HV theory must fail.

The following sections describe two
competing interpretations of the incompleteness of
QM as a predictive theory. The first section is an
outline of a popular experiment that demonstrates
the mystery of quantum-mechanical behaviors in
the context of QM as it is currently understood.
The second elaborates on one of the theorems
that allegedly disproves the possibility of any HV
theories sufficiently supplementing QM: the Kochen-
Specker Theorem. Next, there is an overview of
the HV interpretation of QM called pilot wave
mechanics. Lastly, there is a discussion of whether
this interpretation avoids the attacks of Kochen
and Specker, including a consideration of the
consequences of its doing so or not for HV theories
and QM in general.

The Mystery

The root mystery of quantum mechanics
is well-demonstrated by the famous “double-slit”
experiment. Thomas Young originally conducted this

50

experiment in 1801 with photons, but many variations
of the experiment have since been carried out with
electrons (Davisson and Germer), single electrons
(Jonsson, 1961), and additional particle-detection
methods (Thomson, 1927). In the version of the
double-slit experiment involving electrons, particles
are made to travel through two slits in a barrier
toward a photographic screen (Figure 1).

Photosensitive

Metal screen

plates

Particle gun

— ))))

))
))

Matter
waves

Pattern on
screen

Figure 1: “Double slit” experiment. Darker coloring
indicates a higher concentration of particle-detection-
indicating light spots. The waves depicted are a
metaphorical illustration of the abstract statistical
properties of particles in spatial contexts, which give rise
to the real striped interference pattern on the screen.

Specks of light appear as particles make
contact with the screen, indicating their positions at
the time the screen is reached. It has been empirically
confirmed that a striped interference pattern—
characteristic of wave behavior and, in this context,
undefined electron positions —is observed whether
many electrons are sent through the slits at once
and allowed to interact with each other, or they are
sent individually. Strangely, this indicates that the
electron “particles” go through both slits, with some
spread of position defined probabilistically by their
wave equations, and subsequently interfere with
themselves. Stranger still, if a camera is made to
detect whether the individual electrons go through
one of the slits, the result is positive about 50 percent
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of the time, as is classically expected, but under these
conditions, an interference pattern no longer arises
on the screen. Rather, two Gaussian distributions
directly behind each of the slits are observed, as if the
experiment were done with any classical macroscopic
objects (Moses et al, 2005). This bizarre ability of
matter to behave like waves or particles depending on
whether it is being observed has come to be known as
the “wave-particle duality” of matter.

As it is currently understood, QM is capable
of predicting the interference distributions that appear
on the screen with Schrédinger’s wave equation.

It fails, however, to anticipate whether an electron
goes through one slit or the other, or to explain why
the particles’ descriptive wave functions suddenly
change when a camera is introduced. It has been
said that observations of the incompletely-defined
wave-like states force particles into fully-defined
states, at which point the classical distributions are
seen. However, the reasoning behind this remains
unclear. The fact that the quantum wave function
lacks this information about particular states seems to
imply one of two things. One possibility is that there
must be more unknown information that dictates the
exact position of the particle at a given time such
that it could theoretically be detected in a single slit
(as suggested in HV theories). This state of affairs
would be compatible with the classically-accepted
idea of determinism, which is the notion that the
laws of nature always have a unique solution for
given initial conditions, such that all events could
be completely described and predicted if one had
enough information. Alternatively, the mysterious
results could mean that particle behaviors are truly
random and cannot be predicted, even if all existing
information about their states and environments were
known. Which is the accurate description of reality
is a century-old debate that has divided history’s
greatest physicists. Einstein (“God does not play
dice”), de Broglie, Bohm, and Bell, each supported
the hidden variable, deterministic view, whereas
Bohr, Feynmann, von Neumann, and Born, were all
proponents of indeterministic randomness (Goldstein,
2001).

The Kochen-Specker Theorem
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In the present day, there is waning support
for HV interpretations of QM. In a 2013 poll of
the positions of mathematicians, physicists, and
philosophers at a conference on the foundations of
quantum mechanics, 0% of 33 respondents answered
that they attribute quantum randomness to hidden
determinism, despite their being no consensus
on what, then, randomness can be attributed to
(Schlosshauer et al., 2013). This unique unanimity
can be largely attributed to the publication and
popularity of the Kochen-Specker Theorem (KST).
The KST attacks HV theories in general by expressing
their assumptions mathematically and proving their
contradictory nature. Formulated in 1967, this was
not the first theorem of its kind. John von Neumann in
his 1932 publication The Mathematical Foundations
of Quantum Mechanics was the first to claim that
he had proved Einstein’s dream of a deterministic,
HV completion of quantum theory mathematically
impossible. This view was quickly accepted by
most mathematicians and physicists of the time,
including Max Born, who formulated the statistical
interpretation of QM mentioned earlier. In 1966, John
Stewart Bell exposed Von Neumann’s argument as
fallacious, but the KST, being logically stronger, is
still frequently cited in reference to the failure of HV
interpretations (Goldstein, 2001).

The first assumption made by Kochen and
Specker in the proof of their theorem is that all of a
quantum system’s observables have definite values at
all times. QM does not reveal these exact values, but
a complete HV theory would supposedly do so. This
is called the assumption of value definiteness. The
second assumption is of noncontextuality in quantum
systems, which is the idea that if a quantum system
possesses a property, i.e. if an observable O has some
value v(Q), which the first assumption entails, then it
does so independently of how the value is measured.

To illustrate their ultimate point, Kochen
and Specker utilize an abstraction of a quantum-
mechanical system called a Hilbert space, in which
quantum states are represented as vectors. The
space is defined such that there is a one-to-one
correspondence between properties of a quantum
system and projection operators in the space. An
explicit statement of the theorem is as follows:
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Let H be a Hilbert space of quantum-mechanical

state vectors of dimension x= 3. There is a set M of
observables on H, containing y elements, such that the
following two assumptions are contradictory:

ATl) All y elements of M simultaneously have definite
values, i.e. are unambiguously mapped onto real

numbers (YQ € M, v(Q) exists)

A2) Values of all observables in M conform to the
following constraints:

(a) If A, B, C are all compatible and C = A+B,
then v(C) = v(A)+v(B)

(b)if A, B, C are all compatible and C = A‘B,
then v(C) = v(A)v(B)

Assumption 1 (A1) is trivially equivalent to an
assumption of value definiteness. Less apparent is
that Assumption 2 (A2) hinges on an assumption

of noncontextuality. Two operators are said to be
“compatible” if one can measure the first, then the
second, then the first again and get the same result

as for the initial measurement. Both (a) and (b) of

A?2 are consequences of a deeper, technical principle
called the Functional Composition Principle, which is
itself a consequence of noncontextuality. Effectively,
the theorem states that in a Hilbert space with three
or more dimensions, there must exist some set of
observables that do not satisfy both value definiteness
and noncontextuality. The proof of this will not be
discussed in this paper, but further explanation can
be found in section 4 of Carl Held’s analysis of the
Kochen-Specker Theorem (Held, 2022).

Kochen and Specker’s original proof
operates on a three-dimensional complex

Hilbert space denoted by H; 1t requires that
the basis of the observable’s associated space
be representable by a triple of vectors that

are orthogonal in H; , 1.e. that the observable
be three-dimensional. These bases vectors

i

are analogous to the familiar unit vectors ¢,/

,and k that span the three spatial dimensions
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of the position observable. The spin degree of
freedom of a one-particle spin-1 system is an
example of a QM system that can be represented

in H3. This is because there are three possible
states of the system, namely that the spin of
the individual particle is +1,—1, or 0. Given an
arbitrary direction 7 in physical space and an

S

operator “n representing the observable of a spin

component in direction n, Hj i spanned by the
eigenvectors of Sﬂ, which are ISﬂ=1>, ISTI=O>,

and Sn=-1>. These three vectors, corresponding
to three possible results of measurement in one
spatial direction, are mutually orthogonal in this
context, which illustrates the different senses

of orthogonality in H;3 and in physical space.

For their proof, Kochen and Specker consider
the eigenvectors of the squared components of
orthogonal directions of spin in physical space

Sx ’ S , Z as the basis of their space. This is
because these are mutually compatible, as A2
requires, while the spin components themselves
are not. A2 thus allows them to place the
following constraint on the assignment of their

2
S )=

2
Yy )+ v(Sz
2, where v(Si )=1or0fori=ux,y,z. Avalue
of 1 indicates spin of either 1 or -1, and O of
spin 0. This constraint, paired with A1 of value

definiteness, becomes a requirement that for any
2

2
measured values: v(Sx ) + v(

2
triple of orthogonal vectors in H; {v(Sx ), v(Sy

), v(SZ )}, exactly one of its vectors must have a
value of 0, and the others of 1.

If an assignment of values according to
the prior constraints is possible on H; , then it is

possible on R 3, and vice versa. Thus, while H;
is a complex space, the problem can be reduced

to one on a real three-dimensional Hilbert

space R5 Kochen and Specker then proceed by

establishing an analogy between this abstract
framework and physical space. They merely

fix their three orthogonal basis vectors to ]
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,and k , such that orthogonality in R; directly
corresponds to orthogonality in physical space.
Utilizing the accepted postulate that a vector in

R; through the origin can be represented by a
single point, Kochen and Specker then identify
their spin operator eigenvectors as points on

the unit sphere. This way there is no need to
specify coordinates, and they can clearly display
many vectors side by side, to form graphs that
have come to be known as “KS diagrams.”

A representative KS diagram is displayed in
Figure 2. In these diagrams, points joined by a
straight line represent orthogonal vectors. The
constraints of A2 on vector value ascriptions are
then translated into constraints for coloring the

vertices. Using white to indicate V(Si2 ) equal to
1 and black for 0, Kochen and Specker transform
their original numerical problem into a problem
of coloring the vertices of their diagrams white
or black such that joined vertices cannot both be
white and triangles must have exactly one white
vertex (Kochen and Specker, 1967).

Figure 2: 10-point KS diagram. This example displays
inconsistent coloring, in that two adjacent vertices both
have white coloring (Held, 2000).

By way of this method, Kochen and Specker
show that the rules just outlined must be violated
for a specific set of triples, such that an assignment
of numbers {1, 1,0} to each realistic triple of
eigenvectors is impossible. Thus, given the premises,
a spin-1 particle cannot possess all the properties that

it displays in different measurement arrangements

at once, so value definiteness and noncontextuality
are contradictory. Finally, because HV theories
assume both value definiteness and noncontextuality,
they must be false. This result led Kochen, Specker
and many more to denounce HV interpretations of
quantum mechanics and abandon determinism.

The de Broglie-Bohm Theory

In relation to a theory incorporating hidden
variables, Einstein once remarked that “the statistical
quantum theory would... take an approximately
analogous position to the statistical mechanics within
the framework of classical mechanics” (Einstein,
1949). This exactly describes the mathematical
structures that Louis de Broglie and David Bohm
independently invented decades apart for what is
now known as the pilot wave model of QM, or pilot
wave mechanics (PWM). Within the framework
of this predominant HV theory, some system
of N particles is described by its wave function

M) = Y- ay) = lp(Q), a complex function on
the space of possible configurations g of the system,
along with its actual configuration Q defined by

the initial positions {Ql,...,QN}- of each particle.
These positions evolve as usual according to
in¥ = Hy

Schrodinger’s equation: . 9t , where H is the
Schrodinger Hamiltonian. This partial description
is then completed by the specification of the actual
configuration of the particles Q, according to the

o e B, Q)
“guiding equation”: . 4t~ Mk P«
for k = 1,...,N, which expresses the velocities of the
particles in terms of the wave function. Here "'k
represents the kth particle’s mass, /m indicates the

imaginary part of the following term, and 9k is the
gradient with respect to the usual coordinates 9k = (
Xk» Yo Zk) for the kth particle (Held, 2022).

In PWM, the motion of a set of particles
is deterministically choreographed by these two
equations. For any quantum experiment, one must
identify the relevant system as all particles being
measured as well as the environment in which the
experiment is performed, including all measuring
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devices. Considering the importance of maintaining
“closed systems” when predicting results in classical
mechanics, the requirement of such a broad scope
should not be surprising; ignoring this requirement
one risks overlooking some nonnegligible variable.
The PWM model is then determined by regarding the
initial configuration of this bigger system as random
in the usual statistical way, with distribution given

by W The guiding equation for the whole system
transforms the initial configuration into the final
configuration at the conclusion of the experiment. In
particular, when a particle is sent into a double-slit
apparatus, the slit through which it passes and its
location upon arrival at the photosensitive screen are
completely determined by its initial position and wave
function. Thus, the deterministic PWM model yields
the usual quantum predictions for the results of the
experiment, with an underlying deterministic model
in which quantum randomness arises from averaging
over ignorance.

Discussion

An assumption of the Kochen-Specker and
similar theorems is that HV theories rely on the truth
of both value definiteness and noncontextuality and
are universally disproven by their contradiction. For
PWM to escape such arguments, it must be proven
not to depend on at least one of these premises.

Value definiteness was defined for the
purposes of the Kochen-Specker argument such that
spin valuation must be either 1, -1, or 0. Values being
defined, however, means that the values are known,
which requires that a measurement of the system
has been taken. This necessitates that some property
of the system has been affected in such a way that
its equal and opposite reaction has manifested
somehow in 3-dimensional position space so that
it can ultimately be physically observed. Common
examples of potential measurement results include
changes in some pointer’s orientations or flashes on
a photographic plate. In this way, only literal spatial
coordinates are truly “observables.” When such a
measurement process has not been undertaken, it
does not make sense to say that some property has
some specific value, because the value has not been
compared to anything else. Without the interactions
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by which “observables” are compared to some

other known value, particles cannot have “definite”
properties. The same classical reasoning predicates
that motion must be defined relative to the predefined
motion of some other body or system in order to
make sense. It is a widely-accepted concept that

one cannot define the speed of an object that is the
only object in the universe, in that measurements are
dependent on the reference frame from which they are
made. As such, it is a fallacy that particle spins must
have definite values independent of any measurement
process, and that spin is perfectly analogous to
3-dimensional position space. Thus, it is reasonable
for a quantum theory to dictate that spin values need
not be restricted to 1, -1, or O at all times, to which
Kochen’s and Specker’s argument would not apply.

The ability of PWM to describe spin in
contrast to the KS perspective is well-demonstrated
by a consideration of a Stern-Gerlach experiment,
and displays the superiority of PWM’s treatment
of the concept of value definiteness. Stern-Gerlach
magnets are designed and oriented such that a wave
packet (a localized wave function with reasonably
well-defined velocity) directed towards the magnet
will, by virtue of Schrodinger evolution, separate
into distinct packets corresponding to the spin
components of the wave function and move in
a discrete set of directions. The “particle” itself,
depending upon its initial position, ends up in one
of the packets moving in one of the directions with
some probability distribution (Gerlach and Stern,
1922). From a KS perspective, it is taken as a
premise that the components of the spin observable
must have definite values at all times. However, the
components of spin in different directions are not
always simultaneously measurable, in which cases the
relationships between the vector components are not
observable. Thus, the spin components cannot be said
to have defined values, which the KS perspective is
incapable of accounting for. On the other hand, it is
known that spin can be represented by complex wave
functions, which PWM can keep track of with its two
constituent equations. The probability distribution
for the directions of the particles can be conveniently
expressed in terms of the quantum mechanical spin
operators according to the theory’s mathematical
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framework. As such, PWM can predict and describe
the outcomes of spin experiments without a reliance
on the idea of value definiteness, and remains a viable
HV theory despite the conclusions of Kochen and
Specker.

While the independence of PWM from value
definiteness is sufficient to restore its legitimacy,
it is worth noting further the reason to doubt the
importance of Kochen’s and Specker’s premise of
noncontextuality as well. Noncontextuality was said
to imply that “measurement of an observable must
yield the same value independently of what other
measurements may be made simultaneously” (Kochen
and Specker, 1967). Their theorem depends on HV
theories’ reliance on this principle. However, the
word “measurement” in this context quite strongly
suggests the ascertaining of some preexisting value
of some property, with any instrument involved
playing a purely passive role (Bell, 1982). As
represented by PWM, quantum experiments do not
fit this description; any experimental results must
be regarded as the joint product of the system being
“measured” along with the apparatus. To illustrate
this, consider an operator A that is compatible with
operators B and C, which are mutually incompatible.
What is said to be the value of A (v(A)) in an
experiment measuring A with B usually disagrees
with the value of A when measuring A with C. This
is because these experiments differ, and different
experiments have different results, an idea that
is becoming increasingly acknowledged. A 2019
paper by Carnegie Mellon University professor
Robert B. Griffiths on Quantum Measurements
and Contextuality does well to clarify the varying
meanings behind the words “contextuality” and
“measurement,” which he identifies as misused
and often poorly defined in the field of quantum
mechanics. It is worth reevaluating the implications
of older theorems such as the in light of such updated
awareness. The misleading reference to measurement
for the purposes of the KST, which suggests that a
preexisting value v(A) remains the same and is being
revealed in both cases, makes contextuality seem
more than it is, and leads Kochen and Specker to
implement constraints on their model that need not
exist. Understood properly, contextuality amounts
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to little more than the unremarkable observation

that results of experiments should depend upon how
they are performed, even when the experiments are
associated with the same observable (Griffiths, 2019).
Rather than relying on noncontextuality as Kochen
and Specker believed, HV theories actually rely on
an opposite principle, and thus are unaffected by the
results of the KST.

Conclusion

In the present day, claims are often made
that quantum mechanics is incompatible with
determinism, or about the existence of some quantum
logic that deviates from or contradicts “typical” or
“classical” logic. However, such claims are based
on misunderstandings, among which are that the
Kochen-Specker or a similar theorem proves outright
that hidden variable, deterministic theories cannot
work. De Broglie and Bohm’s PWM accounts for
all phenomena governed by nonrelativistic quantum
mechanics. In particular, the usual measurement
postulates of quantum theory, including wave-particle

duality, and probabilities given by ke , emerge from
an analysis of the theory’s two constituent equations.
No obscure status for human observation is required,
as some imply by asserting that the wave functions of
the particles in the double-slit experiment “collapse”
when detection devices are instated. Further, the
irrelevance of noncontextuality and the nonsensicality
of value definiteness follow immediately from the
theory’s definitions.

As quantum experiments continue to show
unusual behaviors, it becomes increasingly important
that the physics community be precise in defining
ideas both in everyday language and mathematical
terms. In 1982, proponent of HV theories John
Stewart Bell said, “I am convinced that the word
“measurement” has now been so abused that the
field [of quantum mechanics] would be significantly
advanced by banning its use altogether, in favour for
example of the word ‘experiment.”” “Measurement”
is not the only word that has been misunderstood
in these contexts. In particular, the discussion
here displays the importance of specifying what is
meant by “value definiteness,” “observables,” and
“contextuality.” QM has confused humanity since its
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creation, but to concede that it is incomprehensible is
wholly unnecessary. Because no human can possess
complete knowledge of the universe, anything

is technically possible. The notion that inductive
reasoning fails to extend to quantum scales, however,
is much less plausible than that its patterns are not
immediately apparent. If one is to achieve a true
understanding of QM, and thus of the fundamental
nature of the universe, then one must rely not only on
its constituent mathematics and symbols, but on the
coherence of the ideas that those symbols represent.
Only then does it become possible to intuit the
direction of the path toward more complete and more
detailed descriptions of reality.
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Article Synopsis

Humans typically desire high status (i.e., leadership roles), but only when they believe they are useful to
the group. In this paper, the author explores whether self-esteem and various personality traits influence the
status people prefer when they believe they are useless to the group. Because self-esteem is correlated with
socioeconomic status, the results of this study have implications for socioeconomic inequalities.
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Abstract

Prior research shows that despite the belief that humans universally desire high status in group settings (i.e.,
leadership roles), individuals with low self-perceived value (SPV) perceive themselves as being unable to

make meaningful contributions to the group’s success. Thus, they prefer low status to conform to the external
social pressure of other group members’ expectations. Yet, internal factors such as self-esteem and personality
traits may also shape individuals’ preferred status by buffering the effects of external factors. To examine these
hypotheses, two studies were conducted, in which the participants’ self-perceived value and self-esteem were
manipulated. The results from these studies were consistent with previous studies, showing that participants
with higher SPV preferred and expected higher status than participants with lower SPV. Moreover, individuals’
personality traits predicted the status they preferred and expected: more extroverted participants preferred and
expected higher status than less extroverted participants, while participants with higher levels of neuroticism
preferred and expected lower status than participants with lower levels of neuroticism. Participants with higher
self-esteem were also more likely to prefer and expect higher status. Lastly, low self-esteem was associated
with lower preferred status for participants with low SPV, but not high SPV. Because self-esteem is correlated
with individuals’ socioeconomic status (SES), this study further highlights the need to address the self-esteem

gap between individuals in high and low SES to prevent pre-established social hierarchies from perpetuating

Introduction

Status is widely defined as the social standing and
value others voluntarily give an individual based on
respect, prestige, and deference (Anderson et al., 2020;
Yu & Kilduff, 2020; Bendersky & Pai, 2018; Kilduff et
al., 2016). High status is associated with interpersonal,
material, physical, and psychological rewards, such
as companion desirability (Henrich & Gil-White,
2001); access to scarce resources and information
(Anderson & Kilduff, 2009; Savin-Williams, 1979);
opportunities for further status advancement (Magee
& Galinsky, 2008); attention from others (Lansu et al.,
2013; Foulsham et al., 2010; Savin-Williams, 1979);
better mental and physical health (Adler et al., 2000);
and longer life span (Anderson & Kilduff, 2009).
Given the benefits of high status, it is unsurprising
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that the desire for status in social groups is commonly
assumed as a universal human motive (Anderson et
al., 2012; Maslow, 1943). For instance, psychosocial
need fulfillment (i.e., need for respect) is associated
with well-being across a sample of 123 countries (Tay
& Diener, 2011). Evolutionary psychologists likewise
claim that humans have evolved to strive for social
dominance, not only to gain access to resources but
also to maintain their self-esteem (Barkow, 1975).

Despite the widespread notion that humans have
a universal desire for high status, prior research has
found that this is not necessarily the case (Schmid
Mast et al., 2010; Smith et al., 2008; Josephs et al.,
2006). Studies show that individuals have varied needs
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for power (Schmid Mast et al., 2010; Smith et al.,
2008), dominance (Josephs et al., 2006), and status
(Anderson et al., 2020). Multiple studies replicated
in real-life groups and laboratories showed that
individuals’ preferred status varies depending on their
self-perceived value (SPV) to the group, defined as
the skills they believe to possess that contributes to
the group’s success (Anderson et al., 2012). In other
words, individuals who had low SPV, perceiving
themselves to be unable to contribute to the group’s
success, preferred low status (i.e., non-leadership
roles), whereas individuals who had high SPV,
perceiving themselves to have the skills to contribute
to the group, preferred high status.

The mechanism through which an individual’s SPV
influenced their preferred status was found to be the need
to conform to the group’s expectations, rather than the
concern for the group’s overall success, responsibility,
or fairness (Anderson et al., 2012). Individuals with
low SPV believed others expected them to remain in a
low status and consequently avoided pursuing higher
status than what was expected by the group (Anderson
et al., 2012; Anderson et al., 2006). For example, the
Anderson et al. (2012) study revealed that compared
to the identified condition, participants with low SPV
in the anonymous condition preferred higher status
rank, since other group members could not have any
expectations of their rank in the latter. This suggests
that individuals with low SPV often resign themselves
to a lower status rank due to the need to conform
to others’ expectations. These findings imply that
individuals may be pressured by external constraints
such as social expectations to accept low status even
if internally they still prefer high status. Thus, once
external constraints were removed from consideration,
individuals expressed their desire for high status
despite their low SPV (Anderson et al., 2012).

Literature on Self-Esteem

Self-esteem is an individual’s confidence in or
subjective evaluation of their own worth, independent
from their objective abilities or others’ evaluations
(Orth & Robins, 2014; Donnellan et al., 2011). It
reflects feelings of self-respect and contentment, rather
than narcissism or excessive self-aggrandizement,
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which is the act of promoting oneself as being powerful
or important (Orth & Robins, 2014; Ackerman et al.,
2011). Prior studies show that high self-esteem reduces
anxiety (Pyszczynski et al., 2004) and provides
emotional stability in times of change through a
process of self-verification of role identities in
groups (Cast & Burke, 2002). Moreover, individuals’
desire for self-esteem motivates them to maintain
relationships in groups (Cast & Burke, 2002). Thus,
while prior studies have pointed to external factors that
may influence individuals’ preferred status (Anderson
et al., 2012), internal factors such as self-esteem may
also play a role in determining who prefers high or low
status by buffering the effects of such external factors.
The effects of SPV on preferred status may be greater
for participants with higher self-esteem and lower for
participants with lower self-esteem. The study will
examine whether self-esteem has a moderating effect
of SPV on preferred status.

This has several implications for real-world scenarios,
including the immediate concern about the group’s
success and effectiveness as an organization. For
example, individuals with low SPV, lacking the
necessary skills to contribute to the group’s success,
may obstruct the group by pursuing higher status
regardless of their abilities, due to their high self-
esteem. Likewise, individuals with high SPV might
not pursue higher status despite their potential to
contribute meaningfully to the group, due to their
low self-esteem. Further, prior research shows that
self-esteem is positively correlated with individuals’
socioeconomic status (SES) (Twenge & Campbell,
2002; Zhang & Postiglione, 2001). Individuals with
high SES report having higher self-esteem, which
implies that individuals with high SES might be more
likely to prefer high status despite having low SPV,
and individuals with low SES might be more likely
to prefer low status even with high SPV. Prior studies
have also found that those already in a position of high
status have more confidence in their abilities and thus a
stronger status motive compared to those in a position
of low status (Anderson et al., 2020; Donnelly et al.,
2018). Although it may be helpful for the stability
and coordination of group status hierarchies for some
individuals to seek high status and some to seek low
status, it becomes an issue of social and socioeconomic
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equality when status motive starts to differ, as research
shows, based on individuals’ pre-established SES. If
the following study finds that individuals’ self-esteem
does indeed moderate the effects of SPV on preferred
status, it may encourage future studies to explore ways
to motivate individuals with low SES to increasingly
engage in status competition and pursue higher
status. Thus, this study hypothesizes that self-esteem
moderates the effect of SPV on preferred status, in that
the positive effect of SPV on preferred status is greater
for participants with higher self-esteem.

Literature on Extroversion

This study is also interested in examining individuals’
personality traits that may affect their preferred status.
One such trait is extroversion. Prior research shows
that extroversion is highly correlated with incentive
motivation, tendency to attract social attention, and
stimulus-seeking behavior (Depue & Fu, 2013;
Ashton et al., 2002; Farley & Farley, 1967). Thus, it
is possible that individuals with greater extroversion
have greater motivation to pursue higher status, due to
the associated social benefits, such as greater attention
from others (Lansu et al., 2013; Foulsham et al., 2010;
Savin-Williams, 1979) and influence within the group
(Fiske, 2010; Cheng et al., 2010; Savin-Williams,
1979; Berger et al., 1972). In fact, previous studies
show that high extroversion predicts higher status
among both men and women (Anderson et al. 2001),
which prompts the study to examine whether greater
extroversion rewards lead to a greater preference for
high status. Prior research reveals that extroversion
predicts general confidence levels, overconfidence,
and positive emotions and expressions, including
enthusiasm and activeness (Schaefer et al., 2004,
Cheng & Furnham, 2002; Watson & Clark, 1997).
Thus, this study will examine whether more extroverted
participants not only prefer but also expect to gain
higher status. This study hypothesizes that participants
with greater extroversion will prefer and expect higher
status due to the social benefits of high status and a
higher level of confidence in their own abilities.

Literature on Neuroticism

Another potential personality trait that may affect
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an individual’s preferred status independent of SPV
is neuroticism, or how easily a person experiences
anxiety or distress at perceived threats. Prior studies
show that neuroticism is highly correlated with the fear
of negative evaluation (FNE), the tendency to believe
others are critical of the self (Naragon-Gainey &
Watson, 2011), as well as a range of anxiety disorders,
including social anxiety, social phobia, and generalized
anxiety disorder (GAD) (Kotov et al., 2010; Bienvenu
et al., 2007). Evolutionary psychologists suggest that
this is because neuroticism has evolved as a part of the
Behavioral Inhibition System, a withdrawal-oriented
mechanism that inhibits undesirable or risky behavior
(Naragon-Gainey & Watson, 2011; Tomarkenand &
Keener, 1998). Literature also shows that individuals
with higher status attract more blame than those
with lower status in cases of organizational failure
(i.e., financial mismanagement, cultural dysfunction,
product failures), but do not attract more credit in cases
of organizational success (Gibson & Schroeder, 2003).
Thus, it is possible that individuals with higher levels
of neuroticism prefer low-status positions, due to the
social burdens associated with high status, including
increased responsibility and attention from others
(Anderson et al., 2012; Keltner et al., 2008; Savin-
Williams, 1979). This study will examine whether
greater neuroticism in individuals predicts a greater
preference for low status.

Additionally, previous studies show that neuroticism
is correlated with decreased levels of self-efficacy, or
the belief in one’s own ability to reach specific goals,
lowering their confidence and beliefs about their own
competence (Wang et al., 2018). Further, neuroticism
levels were found to be a direct negative predictor of
general self-confidence (Cheng & Furnham, 2002)
while being a direct predictor of greater anxiety and
shyness (Cheng & Furnham, 2002; Briggs, 1988).
Thus, the study will also examine whether participants
with higher levels of neuroticism also expect to receive
lower status.

The study hypothesizes that participants with greater
neuroticism will prefer lower status due to concerns
about the increased responsibility of occupying a high
status and expect lower status, as they have lower self-
efficacy and confidence in their own abilities.
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Hypotheses

The following hypotheses will be examined in this
study:

Hypothesis la. Participants’ SPV is positively

correlated with their preferred status within that group.
Participants with higher SPV, those who believe they
have the necessary skills to contribute to the group’s
success, prefer higher status. As participants with high
SPV on one task may have low SPV on another, the
causal effect of SPV on preferred status is context-
specific, occurring within a particular group. This is
a replication of Study 3 from Anderson et al. (2012).

Hypothesis 1b. Participants with higher SPV naturally
expect to receive higher status as they see themselves
as deserving of it.

Hypothesis 2. Self-esteem moderates the effect of
SPV on preferred status. The effects of high SPV on
preferred status are greater for participants with higher
self-esteem.

Hypothesis 3a. Participants with greater extroversion
prefer higher status.

Hypothesis 3b. Participants with greater extroversion
expect to receive higher status.

Hypothesis 4a. Participants with greater neuroticism
prefer lower status.

Hypothesis 4b. Participants with greater neuroticism
expect lower status.

Study 1 Methods

The following experimental design seeks to examine
whether participants’ SPV to the group is positively
correlated with their preferred status and expected
status within that group; whether participants’ self-
esteem moderates the effect of SPV on preferred status;
whether participants with greater extroversion prefer
and expect higher status; and whether participants with
greater neuroticism prefer and expect lower status.

Participants. 51 individuals were recruited from
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CloudResearch, an online participant-sourcing
platform,and another 65 individuals were recruited from
a participant pool maintained by an interdisciplinary
behavioral research center at a Southeastern university.
This two-part recruitment procedure was conducted to
ensure reliable data quality and eliminate suspicion
for potential biases prior to conducting the study. The
participant pool consisted of college students and
non-student community members who were 18 years
of age or older and residing in the United States. The
participants were compensated $4.00 for completing an
approximately 20-minute survey. Eleven participants
stated they found a part of the research procedure
difficult to believe during the suspicion check (i.e.,
questionnaire measuring how much participants
suspect the use of deception in the study) or did not
follow the study procedures as instructed and were
thus excluded from the analyses, leaving a final sample
of 105 participants for the analysis.

Procedure. The participants were told that the study
had two components: an individual task and a group
task. After first completing an online survey, they
would be redirected to a separate platform in which
they would interact with three other participants to
complete the group task.

In the online survey, the participants completed the
BFI-2-S personality measure, a 30-item questionnaire
that measures 5 key personality traits: Extroversion,
Agreeableness, Conscientiousness, Neuroticism, and
Open-mindedness. (Soto & O. P.,2017). To manipulate
the SPV, the participants then completed 10 trials
of an individual “Contrast Sensitivity” perception
task (Anderson et al., 2012; Troyer, 2001). Before
proceeding, the participants read a note that their
performance on this individual task will correlate to
their ability to successfully contribute to the subsequent
group task (Anderson et al., 2012).

In the “Contrast Sensitivity” task, the participants
were told to decide which of two checkerboard photos
of black and white squares had more white space.
Although the participants were told that one alternative
was correct over the other, both photos had equal spaces
of black and white. Each trial lasted for 20 seconds.
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Following the completion of the task, the participants
underwent standard self-esteem manipulation (Riketa
& Dauenheimer, 2003; Chartrand & Bargh, 1996). The
participants were randomly assigned to the low self-
esteem condition or high self-esteem condition. In
each condition, the participants were told to focus their
gaze on an asterisk placed in the center of the screen
as a “flash” of the stimulus, the words described in the
following paragraph, was presented in the participants’
parafoveal visual field (i.e., between 2 to 5 cm around
the asterisk). Prior research shows that the meaning of
visual stimuli presented in this field is unconsciously
encoded but not consciously processed (Chartrand
& Bargh, 1996; Rayner, 1978), which allows for an
effective manipulation of self-esteem.

The participants in the high self-esteem condition
were presented with “flashes” of positive adjectives
(i.e., “good,” “important,” “useful”) paired with a self-
referent word (i.e., “I”’), while the participants in the
low self-esteem condition were presented with negative
adjectives (i.e. “bad,” “lousy,” “worthless”) paired with
a self-referent word (Riketa & Dauenheimer, 2003).

The participants were told this was areaction task, rather
than a self-esteem manipulation. Thus, the participants
were told to place their index fingers on the E key and
I key of the keyboard. They were told to hit the E key if
the stimulus was presented on the left side of the screen
and the I key if the stimulus was presented on the right
side of the screen. There were 12 trials of affective
adjectives. Each trial alternated with 500 milliseconds
of a blank screen and 60 milliseconds of a screen that
presented a random sequence of 8 letters paired with a
self-referent word (e.g., “KHDFESWV™). All stimuli
were presented as black capital letters on a white screen.
To measure the effectiveness of the manipulation, the
participants completed the Rosenberg Self-Esteem
Scale (Rosenberg, 1979).

Upon completing the self-esteem manipulation, the
participants received their scores and their teammates’
scores on the Contrast Sensitivity task. These scores
had initially been withheld from the participants to
distinguish the self-perceived value manipulation
from the self-esteem manipulation and to prevent
participants from forming their self-esteem based on

65

their Contrast Sensitivity scores rather than the self-
esteem manipulation.

The participants were randomly assigned to the low
self-perceived value condition or high self-perceived
value condition. Participants in the low self-perceived
value condition were told they scored 3 and would be
assigned to a group wherein the other members scored
5, 6, and 8. The participants in the high self-perceived
value condition were told they scored 8 and would
be assigned to a group wherein the other members
scored 3,5, and 6. These scores were adjusted from the
original Anderson et al. (2012) study, which involved
20 trials of the Contrast Sensitivity task instead of
10. To successfully manipulate their self-perceived
values, participants in the high self-perceived value
condition were the best performers in their group, and
participants in the low self-perceived value condition
were the worst performers in their group.

Finally, participants completed a brief survey asking
how much value they perceive themselves to have in
the group, which status they would prefer to have in
the group, and which status they expected to have in
the group. Afterwards, the participants completed a
suspicion check and were debriefed.

Personality traits. The Big Five personality traits were
assessed with the BFI-2-S personality measure (Soto &
0O.P.,2017). It includes 30 items such as “I am someone
who tends to be quiet,” and “I am someone who is
outgoing, sociable,” rated from 1 (disagree strongly)
to 5 (agree strongly). The Domain Scales include
Extroversion, Agreeableness, Conscientiousness,
Neuroticism, and Open-Mindedness. The facet scales
include Sociability, Assertiveness, Compassion, etc.

Self-Esteem. After the manipulation, participants’
self-esteem was assessed with the 10-item Rosenberg
Self-Esteem Scale (Rosenberg, 1979). Items include
“On the whole, I am satisfied with myself,” and “I feel
that I’'m a person of worth,” rated from 1 (strongly
agree) to 4 (strongly disagree). The RSE demonstrates
high internal consistency, or the correlation between
different items on the same test, with a test-retest
correlation (i.e., consistency of results when same
group of people receive the same test on two separate
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time points) of 0.85 and 0.88 over a period of 2 weeks
(Rosenberg, 1979).

Self-perceived Value. After completing the tasks, the
participants were asked to rank on a scale of 1 (lowest
value) to 7 (highest value): “How much value can you
provide this group, relative to other group members?”
“How much do you think you can contribute to the group
task?” and “How much are you able to make important
contributions to the group task?” The questions were
adapted from the Anderson et al. (2012) study.

Preferred Status. The participants were asked to rank
on a scale of 1 (lowest value) to 7 (highest value):
“How motivated are you to achieve the leadership
position?” “How much would you try to control the
group’s activities?” “How much would you try to act
as the group leader?” “To what extent do you want to
lead the group’s activities?” and “To what extent do
you want to have a high status and influence in the
group?” In addition, the participants ranked on a scale
of 1 (highest value) to 7 (lowest value): “In terms of
your overall status in the group, which rank would
you prefer?” and “In terms of your leadership standing
in the group, which rank would you prefer?” The
answers to the last two questions were reverse-coded.
The questions were adapted from the Anderson et al.
(2012) study.

Expected status. The participants were asked to rank
on a scale of 1 (lowest value) to 7 (highest value): “To
what extent do you believe you can lead the group’s
activities?” and “To what extent do you believe you
can have a high status and influence in the group?”
In addition, the participants ranked on a scale of 1
(highest value) to 7 (lowest value): “In terms of your
overall status in the group, which rank do you expect to
achieve in the following group activity?” “In terms of
your leadership standing in the group, which rank do
you expect to achieve in the following group activity?”
and “Which rank do you expect you can realistically
achieve in the following group activity?” The answers
to the last three questions were reverse-coded. Although
the Anderson et al. (2012) study did not include a direct
measure for the status the participants realistically
expected to occupy in the group, these questions were
devised based on the measure for preferred status.
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Results and Discussion

Initially, the manipulation of the participants’ SPV
was successful. Participants in the low SPV condition
reported lower self-perceived value (M = 3.978, SD =
1.483) than the participants in the high SPV condition
(M =5.689,SD =0.815), t(103) =-6.931, p < 0.001.

The study findings supported Hypothesis la,
successfully replicating the original Anderson et al.
(2012) study. Consistent with the hypothesis, there was
a significant effect of participants’ self-perceived value
of the group on their preferred status within that group,
F(1,103) =18.870,p <0.001,n2 =0.155. Participants’
self-perceived value to the group accounts for about
189% of the variance in their preferred status.
Participants with higher SPV were more likely to also
prefer higher status (Figure 1). Further, Hypothesis
1b was also supported by this study. There was a
significant effect of participants’ self-perceived value
of the group on their expected status within that group,
F(1,103) =4.439, p = 0.038, n2 = 0.041. Participants
with higher SPV were more likely to expect higher
status (Figure 2). Thus, the participants’ preferred
status and expected status were both contingent upon
the value they perceived themselves to provide to the

group.
Figure 1: SPV on Preferred Status 1
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Figure 2: SPV on Expected Status 1
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However, the manipulation of the participants’
self-esteem was found to be ineffective, presenting
difficulties for the researcher to analyze Hypothesis 2.
Participants in the high self-esteem condition reported
a similar level of self-esteem (M = 2.567, SD = 0.855)
as the participants in the low self-esteem condition
M = 2579, SD = 0.745), t(103) = 0.072, p = 0.943.
There was a non-significant difference between the
self-esteem of participants in the high self-esteem
condition and the self-esteem of participants in the low
self-esteem condition.

The primary difference between the use of visual
stimuli for self-esteem manipulation in previous
studies (Riketa & Dauenheimer, 2003) and that of
this study is the latter’s online nature. The study by
Riketa and Dauenheimer (2003) was conducted in a
laboratory where the experimenter could position the
participants in front of a computer at a precise distance
that enables parafoveal perception. The experimenter
could also monitor the participants to make sure they
stayed in their initial position and ensure they followed
the instructions presented on the screen. However, due
to its online nature, this study lacked such procedures,
making it difficult to ensure the participants followed
the instructions to look at the asterisk instead of the
words presented around the asterisk or away from the
screen entirely. Thus, a follow-up study was designed
to better examine whether self-esteem moderates the
effect of SPV on preferred status (see section Study 2
Methods).
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The study findings supported Hypothesis 3a.
Participants’ levels of extroversion had a positive
correlation with their preferred status within that group,
r=0.368,p <0.001,95% CI =[0.189, 0.523] (Table
1). Participants’ levels of extroversion were calculated
from their answers to the BFI-2-S personality measure
on a scale of 1 (disagree strongly) to 5 (agree strongly;
Soto & O. P., 2017). Questions on the Extroversion
Domain Scale included, “I am someone who tends to
be quiet,” “I am someone who is dominant, acts as a
leader,” “I am someone who is full of energy,” “I am
someone who is outgoing, sociable,” “I am someone
who prefers to have others take charge,” and “I am
someone who is less active than other people” (Soto &
0.P.,2017). The six items were averaged after reverse-
coding three items to yield the final extroversion
score. More extroverted participants were more likely
to prefer higher status than less extroverted ones.
Hypothesis 3b was also supported. Participants’ levels
of extroversion had a positive correlation with their
expected status within that group,r =0.277, p =0.004,
95% CI = [0.090, 0.445] (Table 2). More extroverted
participants were more likely to expect higher status
than less extroverted ones.

The study findings supported Hypothesis 4a.
Participants’ levels of neuroticism had a negative
correlation with their preferred status within that group,
r=-0.250,p=0.010,95% CI = [-0.422,-0.062] (Table
1). Participants’ levels of neuroticism were calculated
using the same procedures as their extroversion
score. Questions on the Neuroticism Domain Scale
included, “I am someone who worries a lot,” “I am
someone who tends to feel depressed, blue,” “I am
someone who is emotionally stable, not easily upset,”
“] am someone who is relaxed, handles stress well,”
“] am someone who feels secure, comfortable with
self,” and “I am someone who is temperamental, gets
emotional easily” (Soto & O. P., 2017). The six items
were averaged after reverse-coding three items to
yield the final neuroticism score. The Domain Scales
for Agreeableness, Conscientiousness, and Open-
Mindedness were likewise calculated from the BFI-
2-S personality measure, by averaging the participants’
answers to six items after reverse-coding three items.
Participants with greater levels of neuroticism were
more likely to prefer lower status than those with
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lower levels of neuroticism. Further, Hypothesis 4b
was supported. Participants’ levels of neuroticism had
a negative correlation with their expected status within
that group, r = -0.304, p = 0.002, 95% CI = [-0.468,
-0.119] (Table 2). Participants with greater levels of
neuroticism were more likely to expect lower status
than those with lower levels of neuroticism.

There was an unexpected finding that may be worth
noting for future studies. Participants with higher
levels of conscientiousness, or the likelihood to delay
gratification and exert self-control, were more likely
to prefer higher status, r = 0.202, p = 0.039,95% CI =
[0.011,0.379] (Table 1). The finding is consistent with
previous literature that revealed a negative correlation
between conscientiousness and an avoidant leadership
style (i.e., leaders who do not engage with others to
accomplish goals),whilerevealing a positive correlation
between conscientiousness and a transformational
leadership style (Zopiatis & Constanti, 2012). In other
words, individuals with greater conscientiousness have
greater idealized influence, or charisma, which enables
them to effectively motivate their group members’
emotions to achieve results (Zopiatis & Constanti,
2012; Judge & Bono, 2000). Thus, this study suggests
that individuals with greater conscientiousness would
prefer higher status, a position of influence that allows
such qualities to be useful.

Table 1: Personality Traits on Preferred Status

Pearson's Correlations

Study 2 Methods

As a follow-up of Study 1, the following experimental
design seeks to better examine Hypothesis 2, whether
participants’ self-esteem moderates the effect of SPV
on preferred status.

Participants. 154 individuals were recruited from
CloudResearch. The participant pool consisted of
college students and non-student community members
who were 18 years of age or older and currently
located in the United States. The participants were
compensated $4.00 for completing an approximately
20-minute survey. 27 participants raised suspicions
about the feedback they received or did not follow the
study procedures as instructed and were thus excluded
from the analyses, leaving a final sample of 127
participants for the analysis.

Procedure. The participants were told they would
first complete an online survey individually, and then
interact with three other participants to complete the
group task on a separate platform. The procedure was
identical to that of Study 1 except for two changes. First,
this study excluded the BFI-2-S personality measure
(Soto & O.P.,2017) to increase brevity, as Hypotheses
3 and 4 were already supported in the previous study.

Additionally, different self-esteem manipulations and

Pearson's r p Lower 95% CI Upper 95% CI
Preferred status - Extraversion 0.368 < .001 0.189 0.523
Preferred status - Agreeableness 0.174 0.076 -0.019 0.354
Preferred status - Conscientiousness 0.202 0.039 0.011 0.379
Preferred status - Neuroticism -0.250 0.010 -0.422 -0.062
Preferred status - Open Mindedness 0.136 0.168 -0.057 0.319

In short, SPV to the group had a causal effect on
preferred status and expected status. Participants with
greater extroversion both preferred and expected to
achieve higher status and participants with greater
neuroticism preferred and expected to occupy a lower
status within the group.
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measures were used. Instead of manipulating self-
esteem with subliminally presented words (Riketa
& Dauenheimer, 2003; Chartrand & Bargh, 1996), a
recollection exercise addressing both the moral and
competence aspects of oneself was used to manipulate
the participants’ self-esteem (Harber, 2005). The
participants randomly assigned to the high self-esteem
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Table 2: Personality Traits on Expected Status

Pearson's Correlations

Pearson's r p Lower 95% CI Upper 95% CI
Expected status Extraversion 0.277 0.004 0.090 0.445
Expected status - Agreeableness 0.188 0.055 -0.004 0.366
Expected status Conscientiousness 0.156 0.113 -0.037 0.337
Expected status Neuroticism -0.304 0.002 -0.468 -0.119
Expected status Open Mindedness 0.229 0.019 0.039 0.403

condition were asked to recall atime when they provided
substantial help to someone of great importance to
them. Then the participants were asked to provide a
detailed description (minimum of 30 words) about a)
the person they helped and how they feel about this
person; b) the situation in which this person needed
help; c) their own actions on this person’s behalf; d)
how their actions made this person feel about his or
her problem and about them; and e) how they feel
about themselves in regard to this situation (Harber,
2005). The participants randomly assigned to the low
self-esteem condition responded to the same questions
for a time when they failed to help someone of great
importance to them or betrayed that person’s trust
(Harber, 2005). The participants randomly assigned
to the control condition were asked to recall a time
they did the laundry, a household chore unrelated to
this study, and provide a detailed description about a)
where they did the task; b) the steps involved in the
wash phase; ¢) the steps involved in the drying phase;
d) the steps involved in folding the laundry; and e) how
they feel about doing the laundry (Harber, 2005).

Lastly, rather than using the Rosenberg Self-Esteem
Scale (Rosenberg, 1979), the State Self-Esteem Scale
(SSES; Heatherton & Polivy, 1991) was used to
measure the temporary changes in self-esteem due to
experimental manipulation.

Results and Discussion 2

The manipulation of the participants’ SPV was again
successful. Participants in the low SPV condition
reported lower self-perceived value than the participants
in the high SPV condition, F(1, 126) = 90.819, p <
0.001. Hypotheses la and 1b were both successfully
replicated a second time. Participants’
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self-perceived value to the group had a significant
effect on their preferred status within that group, F(1,
126) = 100.091, p < 0.001. Participants’ self-perceived
value of the group had a significant effect on their
expected status within that group, F(1, 126) =222.791,
p < 0.001. Participants with higher SPV were more
likely to prefer and expect higher status.

The manipulation of the participants’ self-esteem
was found to be ineffective. Participants in the high
self-esteem, low self-esteem, and control conditions
reported a statistically non-significant difference in
their State Self-Esteem Scale scores, F(2, 124) = 1.598,
p =0.206, n2 = 0.025. The participants in the low self-
esteem condition did, however, report a marginally
significant decrease in their State Self-Esteem Scale
scores compared to the participants in the high self-
esteem and control conditions, F(1, 126) = 2.991, p <
0.086.

Further analyses revealed that the participants’ self-
esteem was correlated with their SPV, F(1, 126) =
11.773, p < 0.001 (Figure 3), but not with the SPV
manipulation condition (i.e. low, high), F(1, 126) =
0.002, p = 0.963, which suggests that the measures
of SPV and self-esteem were indistinct, rather than
the SPV manipulation having an effect on both the
participants’ SPV and self-esteem.
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Figure 3: Self-esteem and SPV
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Although the participants’ self-esteem could not be
manipulated, analysis revealed that the participants’
self-esteem correlated with their preferred status within
that group, F(1, 126) = 16.850, p < 0.001 (Figure 4).
Participants’ self-esteem to the group also correlated
with their expected status within that group, F(1, 126)
= 18.247, p < 0.001 (Figure 5). In short, participants
with higher self-esteem were more likely to prefer and
expect higher status within the group.

Figure 4: Self-esteem and Preferred Status
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Figure 5: Self-esteem and Expected Status
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Further, a linear multiple regression analysis on
whether the participants’ self-esteem moderates the
effect of SPV on preferred status was conducted.
The interaction between self-esteem and SPV was
marginally significant, in that having low self-esteem
decreased preferred status within the group for
participants with low SPV, F(1, 123) =3.264,p =0.073
(Figure 6), but not high SPV.

Figure 6: Self-esteem by SPV Interaction on Preferred
Status
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Note. Reference category is the low self-esteem
condition compared to the two other conditions
(combined).
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However, the self-esteem by SPV interaction was not
significant for expected status, in that having low self-
esteem did not influence the expected status within the
group for participants with low SPV, F(1, 123) =0.331,
p =0.566, nor high SPV.

Conclusion

The two studies provided consistent support for the
hypothesis that participants with higher SPV are not
only more likely to prefer higher status but also expect
higher status. The participants’ personality traits were
also found to be an important factor in predicting the
status they preferred and expected. More extroverted
participants preferred and expected higher status than
their less extroverted counterparts, and participants
with higher levels of neuroticism preferred and
expected lower status than their counterparts with
lower levels of neuroticism. The second study revealed
that higher self-esteem was associated with higher
preferred and expected status within the group, while
low self-esteem was associated with lower preferred
and expected status within the group for participants
with low SPV.

Implications for Study

Individuals with low self-esteem are more likely to be
discouraged by their low SPV and opt out of pursuing
status, compared to those with similar SPV but higher
self-esteem. Because self-esteem is correlated with
individuals’ socioeconomic status (SES; Twenge
& Campbell, 2002; Zhang & Postiglione, 2001),
individuals with high SES and consequently higher
self-esteem may be more likely to prefer high status
despite having low SPV. Conversely, individuals with
low SES and consequently lower self-esteem may
be more likely to prefer low status despite having
high SPV. This tendency, in addition to the greater
confidence level and status motive of those already in a
position of high status (Anderson et al., 2020; Donnelly
et al., 2018), may contribute to the perpetuation of
the existing social hierarchies and socioeconomic
inequality, which indicates a potential direction for
future research.

Studies document the negative effects of socioeconomic
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inequality on the health and happiness of a population.
Individuals with lower SES suffer disproportionately
from various health issues and have higher mortality,
psychiatric morbidity, and disabilities than individuals
with higher SES (Mackenbach et al., 2008; Lorant,
2003; Adler, 1993). Further, individuals in a society
with greater inequality report lower levels of happiness
(Alesina et al., 2004). As such, the effect of pre-
established SES on individuals’ self-esteem and
resulting status motive may, as a whole, harm society
by perpetuating its social ills.

In addition, the findings on the moderating relationship
between self-esteem and SPV on preferred status have
implications for the effectiveness of organizations.
When individuals who lack the ability to make
meaningful contributions to the group pursue higher
status regardless of their competence, they may decrease
the overall productiveness of the group by competing
with the more competent members and decreasing
their chances of playing a role. Conversely, individuals
who possess the ability to lead the group to success
may not pursue higher status, depriving the group of
valuable skills and knowledge. Hence, the findings of
this study point to the need to address the self-esteem
gap between individuals in high and low SES, in order
to decrease the harmful effects of socioeconomic
inequality and maximize the productivity of corporate
organizations.

Limitations & Future Research

The manipulation of the participants’ self-esteem was
ineffective in this study, preventing it from establishing
causation. It would thus be interesting for future
researchers to examine whether self-esteem moderates
the effect of SPV on preferred status by using a
different self-esteem manipulation or a more distinct
measure of SPV and self-esteem to avoid potential
overlap between the participants’ SPV and self-esteem
scores. Furthermore, a potential direction for future
studies is to examine ways to motivate individuals with
low SES to engage in status competition to a greater
extent. Given that self-esteem is directly correlated
with both greater status pursuit and SES, developing
intervention strategies such as Cognitive Behavioral
Therapy, a widely used treatment for a range of mental
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health disorders (Niveau et al., 2021), to promote
higher self-esteem in individuals with low SES may be
a constructive way to counter the effects of inequality
present in society.
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Rowing and exploring new restau-
rants in the Triangle.



Gaby Dunn

Gaby is a sophomore from South

she is trying to find a major for.
She 1s fascinated by the intersec-
tions of education, art, & STEM.
When procrastinating, she enjoys
rock climbing, critiquing movies,
and spending time outdoors.

Jessica Pham

Jessica is a first year from Monroe,
Florida with too many interests that LA, planning to major in biomedi-

cal engineering and pursue the pre-
med track. She’s passionate about
intellectual exploration, creative
writing, and the intersection be-
tween science and the humanities.
She may be found wandering vari-
ous places, lost inside her head.
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Monet Shum

Monet (Trinity *27) is a freshman
from Aldie, Virginia planning to
study linguistics, computer sci-
ence, and classical civilizations.
Outside of Vertices, she also works
with Duke’s Digital Art History
and Visual Culture Lab and enjoys
beading and walking in the Duke
Gardens.
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