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Effective human-autonomy teaming is an increasingly important challenge to ensure mission

success in operational environments, such as future deep space missions. Modeling an operator’s

cognitive state, such as trust, situation awareness, and mental workload, can improve performance

by informing the autonomous system about the humans that they interact with. Subjective ques-

tionnaires are often used to measure these states; however, they are obtrusive and impractical for

operational contexts. The use of embedded measures (e.g., measures from actions that naturally

occur while completing a task) and physiological measures (e.g., heart rate monitoring, respira-

tion, or eye-based measures) may be an effective way to unobtrusively understand cognitive states.

However, these signals may be ambiguous as they can be tied to multiple cognitive states simulta-

neously.

Models were developed to estimate trust from a variety of predictor variables, as well as

models to simultaneously estimate situation awareness and workload. In order to generate these

models, data from 15 subjects was collected during a spacecraft piloting and docking simulation.

A LASSO-based algorithm was developed to select the important features for these models. From

these features, multivariate regression models were generated, and predictive capabilities were as-

sessed through cross validation.

Having the use of multiple categories of features (e.g., embedded measures and physiological

measures) allowed for increase model performance and a viable way to estimate cognitive states

over models without multiple categories available. Additionally, simultaneously fitting situation

awareness and workload generated more parsimonious and operationally feasible models than mod-

els that were fit to a single cognitive state. The developed algorithm, use of multiple features, and

understanding of importance of simultaneously fitting can be used for generating models for future
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human-autonomy teaming research.
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Chapter 1: Introduction

1.1 Background and Motivation

Effective human-autonomy teaming is an increasingly important challenge to ensure mission

success in operational environments, such as future deep space missions. It is desirable for autonomy

to have information about the cognitive states of its operators, including trust, situation awareness

(SA), and mental workload (WL) to enable adaptive autonomous systems, which are systems that

can change their mode of operation or level of transparency to maintain ideal levels of cognitive

states [1]. Trust is defined as “the attitude that an agent will help achieve an individual’s goals

in a situation characterized by uncertainty and vulnerability” [2]. SA is “the perception of critical

elements in the environment, the comprehension of their meaning, and the projection of their

status into the future” [3]. Finally, WL refers to “the perceived relationship between the amount of

mental processing capability or resources and the amount required by the task” [4]. While there are

different kinds of workload, this research focuses only on mental workload. This perceived workload

is a result of many factors, such as task load, required performance, operator skills, strategy, fatigue,

and environmental conditions [5].

Having an operator working at outside of the optimal levels of trust, SA, or WL can lead

to mission failure due to issues like over-reliance on autonomous systems, fatigue, and vigilance

errors [6] [7] [8]. Thus, to achieve adaptive autonomy that can maintain optimal cognitive state

levels, a means by which to unobtrusively estimate these cognitive states is needed to close the loop

on human-autonomy teaming by allowing autonomous systems to adapt to or alter the cognitive

states of their human operators. This thesis focuses on building models that can estimate trust,

SA, and WL using various unobtrusive measures.

Cognitive states can be assessed through subjective, physiological, or embedded measures

[9]. Subjective surveys, while imperfect, represent a gold-standard for cognitive state estimation.

However, surveys are obtrusive and cannot be used in real-time as they require either pausing a

task or waiting for task completion to administer. In addition, humans may not always be accurate
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in judgements of their own cognitive states and survey responses can be influenced from user’s

characteristics like limits of memory, which introduces sources of bias [10–12]. For future operational

use, unobtrusive measures will be required in order to understand an operator’s cognitive state as

it changes over time, as a function of both internal and external factors [13].

Physiological signals and embedded measures may be able to effectively be used as features in

a model to estimate someone’s cognitive state. Psychophysiology is the study of the relationship be-

tween physiological signals, such as those based on electrocardiogram (ECG), electrodermal activity

(EDA), respiration (RSP), and eye-tracking, to mental processes like cognitive states. Physiological

measures have some important advantages over subjective surveys including objectivity, unobtru-

siveness, implicitness, continuity, and responsiveness [12]. Physiological signals can be measured

in real-time in a continuous manner, and do not rely on a user’s perception of their own cognitive

states. Additionally, they are unobtrusive in the sense that they do not directly interfere with the

core objective of a person, such as monitoring spacecraft docking, like surveys would. However,

they can be obtrusive in the sense that may be uncomfortable to wear. In addition, physiological

sensors create data acquisition and interpretation issues due to the low signal levels and ability to

be confounded with things like body movement, interference from the power grid, or environmental

factors [14].

Assessment of cognitive states using physiological signals is still an open area of research.

Most of the research has been focused on a single cognitive state and different studies often report

different correlations between physiological signals and states [9, 14–22]. This research aims to

correlate multiple types of physiological signals from the same data set to different cognitive states

simultaneously. This will help increase understanding of which signals are closely tied to, or even

possibly specific to each cognitive states; prior efforts may have confounded results as each state was

not estimated as a construct simultaneously. For example, some research may have found different

correlations between heart rate and SA because the experimental design leads to them measuring

heart rate and WL [15, 16, 23–25]. This could also be due to differences in experimental tasks,

participants, or measuring different aspects of SA. However, without concurrent estimation there
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is no way of knowing the true cause of these differences. It will also allow for comparisons of what

physiological signals are most useful for predicting certain cognitive states, potentially allowing for

the reduction of the number of sensors needed for future experiments.

In addition to physiological based measures, embedded measures may also be another useful

way of unobtrusively measuring an operator’s cognitive state. Embedded measures are based on

actions or behaviors that operators are naturally conducting during task completion. They have the

advantage of being collectable in real-time, which would allow for use in future real-time cognitive

state models. It has been shown that some of the common embedded measures may be insufficient

on their own in capturing cognitive states [26]. However, they may be useful real-time measures in

the models for cognitive states, especially in combination with other performance, demographics,

or physiological measures. Additionally, embedded measures may have the same confounds that

physiological measures do, and there is evidence that some embedded measures can be correlated

to multiple states [27]. This further highlights the need for simultaneous estimation of cognitive

states.

This research will use the same data set that Kintz [26] and Zhang [28] both used in building

models to estimate cognitive states. These prior research efforts only included embedded measures

or physiological models and focused on correlating them to a single cognitive state at a time [26,28].

This work aims to build upon these and model cognitive states with both embedded measures

and physiological signals to create stronger models, with better fit and predictive capabilities.

Additionally, the simultaneous fitting of SA andWLmay be able to reduce the ambiguity in different

signals and reduce the future number of sensors required, as the predictors that are selected for

these models would be the same [26]. Finally, this thesis will use more robust statistical modeling

methods to select the most useful predictor variables than the previous research used [26,28].

1.2 Research Objectives

The goals of this research are as follows:
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(1) Develop a model to predict operator’s trust based on unobtrusive physiological measures

and embedded measures.

(2) Develop a model to simultaneously predict operator’s situation awareness and mental work-

load based on unobtrusive physiological measures and embedded measures.

The hypothesis are:

(1) The inclusion of both physiological and embedded measures will allow for improved model

performance than unimodal models

(2) Simultaneous fitting of situation awareness and workload will allow for more parsimonious

models than two independently fit models.

1.3 Research Approach

Chapter 2 of this document will focus on the methods used for the study and analysis. The

experimental protocol and simulation environment will be defined. Additionally, the statistical

methods used to select the included predictor variables and create the models will be defined.

Chapter 3 is focused on the Trust model. First, a literature review of previous efforts in

modeling trust will be presented. Then, the chapter includes the final trust models and perfor-

mance characteristics. These will be compared to models that only used embedded measures or

physiological measures.

Chapter 4 is on the SA and WL models. This is like the trust chapter, except the comparisons

also include models that were only fit to SA and only to WL.

Finally, chapter 5 is the conclusion. This will discuss the limitations of these models, and

future work for how these models can be used to advance real-time modeling of cognitive states.



Chapter 2: Methods

2.1 Simulation Environment and Tasks

This study was approved by the University of Colorado Institutional Review Board (Protocol

#19-0434). Fifteen subjects voluntarily participated in the study. The participants performed a

simulated spacecraft docking inside CU Boulder’s Aerospace Research Simulator (AReS), a space-

craft cockpit mockup, as seen in Fig. 2.1. Participants completed 12 trials; each trial consisted

of a 50 second piloting task, followed by a 20 second docking task, survey completion, and a feed-

back assessment of the trial. During the trials they were wearing physiological sensors to measure

ECG, RSP, EDA, and eye movement. More detailed methods and experimental protocols have

been described previously in the theses of Kintz [26] and Zhang [28]. This thesis focuses on using

the same data set with more robust modeling methods, co-estimates of SA and WL, and including

both embedded and physiological measures.

Figure 2.1: Example of participant inside the AReS mockup during a trial. The primary flight
display (top), secondary display (left) and reward display (center) are visible. [26]

The 50 second piloting task was used to understand SA and WL. It consisted of a 2D tracking

task in which participants used a joystick to keep a space station target centered in the crosshairs

of their spacecraft’s ‘docking camera’ (Fig. 2.2), with a primary goal of a final docking with
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no horizontal or vertical offset of the spacecrafts. At the beginning of each trial the spacecraft

began with 100% fuel, and it approached the target at a constant rate. During the approach, the

spacecraft experienced randomly applied perturbations in the horizontal and vertical directions,

requiring participants to use throttle inputs to correct. Fuel decreased based on the magnitude of

throttle inputs used. Three different task load levels (low, medium, high) were used in this study,

corresponding to varying magnitude of the perturbations; each subject saw each task load level four

times in a randomized order. This was done to try to induce a broad range of SA and workload to

be assessed across subjects.

During the docking, a secondary push button lighting/response task was used as an embedded

measure for WL. This is a standard method of assessing workload as a secondary task [29, 30].

Participants monitored a data-link light (left side of Fig. 2.3); when the light turned on, participants

pressed a green or blue button depending on the color of the data-link light. Participants were

instructed to treat this task as secondary and perform it when not occupied with the primary

tracking and docking task. The location and colors of the light made it difficult to notice with

peripheral vision, as thus participants needed to actively monitor the secondary task light to detect

changes. For example, someone with high workload may not be able to notice or respond to the

changing color of the data-link light and instead need to focus on the task.

A tertiary verbal callout task was used as an embedded measure for SA, which is a standard

method of assessing SA [27]. Participants were also asked to perform verbal callouts of ‘distance

to capture’ and ‘remaining fuel’ at intervals of 1.0 and 10% respectively; these values were located

on the primary flight display as seen in Fig. 2.2. Callouts were considered successful if occurring

within 2 seconds of the event occurring. Participants were instructed to do this only when not

occupied with the primary tracking task and secondary lighting task. For example, a participant

with high SA would be aware of these values changing and be able to respond at the appropriate

time.
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Figure 2.2: The primary flight display during a typical piloting phase. The X, Y offset to be
minimized are in the upper right. The ”RCS fuel” and ”Dist to Cap” represent the tertiary

callout measures. [26]

Analog gauge 
reading

Autonomous 
system 
recommendation

Participant 
selected setting

Secondary workload 
task light

Figure 2.3: An annotated secondary flight display.

Immediately following the pilot task, participants performed a trusting task related to the

docking. This trusting task was not included in the SA and WL models, and instead in its own

trust model since it occurred over a different time period. All tasks and actions occurred during

a 20 second interval; participants were asked to pick one of two (100 or 200 V) ’voltage potential

settings’ for their spacecraft to match the space station. They were informed that a mismatch in

voltage between their spacecraft and the station would cause damage. Participants had two ways

of identifying voltage of the spacecraft as seen in Fig. 2.3: an autonomous system that would
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make a discrete recommendation (100 or 200 V), and a voltage gauge with noise and error in its

measurements that decreased as the spacecraft got closer (settling on one of 12 equally spaced

values between 100 and 200 V).

The participants were told that the autonomous system had access to additional information

to provide its recommendation, that it was not malicious and always trying to help, and that it

was the same system for all trials. In reality, the autonomous system had a 75% reliability and

gave the correct recommendation 9 times in the 12 trials. This was motivated by other studies

using autonomous decision aid reliability in the 60-90 % range [31–35]. Predicting the trust in this

autonomous system is the goal for the first research objective. The analog gauge was provided

to give participants environmental context to make their decision on, to avoid blindly trust the

autonomous system’s recommendation; however, the analog gauge setting was more conclusive for

some trials (e.g., settling on 155 V vs 200 V). Participants were given a monetary bonus for selecting

the correct voltage setting/not damaging the spacecraft, and for making a quick decision. This

reward structure encouraged the participant to optimize for response time and accuracy, which

are supported by the autonomous system and analog gauge, respectively. The time it took for

participants to make a selection was used as the embedded measure of trust, which is a commonly

used metric for understanding trust in autonomous systems [23, 34, 36]; the faster the participant

responds the more likely they are to trust the autonomous system.

At the end of each trial participants completed three questionnaires: Modified Bedford,

Situation Awareness Rating Technique (SART), and Trust in Automated Systems (TAS) [37–39].

These surveys will be described in more detail in Ch. 3 and 4. After completing the surveys,

participants were given a feedback assessment of their trial, consisting of the docking outcome

(successful or unsuccessful), and bonuses for secondary rewards (piloting accuracy).

In addition to the 12 trials of the task, participants completed a questionnaire about their de-

mographics, sleep, video game usage, handedness, experience with aerospace-relevant displays, and

experience with autonomy. They also completed five trials of an internet version of the Psychomo-

tor vigilance Test (PVT) [40] used to assess alertness. Finally, they completed the Automated
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Induced Complacency Potential (AICP) questionnaire [41] to understand their general tendencies

towards being compliant.

2.2 Variables

2.2.1 Response Variables

The gold-standard questionnaires provided context for the perceived SA (SART), WL (Mod-

ified Bedford) and Trust (Trust in Automated Systems). While the Bedford Scale is ordinal, it was

treated as a continuous variable [42]. These are used as the ground truth values for cognitive states

in the modeling effort of this thesis and are the outcome variables for the regression.

Table 2.1: Description of Response Variables

Metric Description Values

TAS
Trust in Automated System survey score; used as the ground truth for

trust
12-84

SART
Situation Awareness Rating Technique survey score; used as the

ground truth for SA
-14-46

Bedford Scale
score from the modified Bedford Scale; used as the ground truth for

WL
1-10

2.2.2 Predictor variables

The predictor variables for the experiment can be broken down four categories: physiological

measures, embedded measures (EM), observable measures, and demographics. A description of the

differences in these categories is in Tab. 2.2.
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Table 2.2: Description of Predictor Variable Categories

Category Description

Physiological
Measurement of an individual’s body functions, such as heart rate or

respiration

Embedded
Actions or behaviors that operators are naturally conducting during

task completion and directly associated with a cognitive state

Observable
Actions that are directly observable, such as number of trials, and
performance-based measures that aren’t designed to be directly

associated with a cognitive state and are specific to the experiment

Demographic Specific to a subject does not depend on experimental outcomes

2.2.2.1 Physiological Measures

ECG, RSP, and EDA were collected with a Biopac MP160 and Bionomadix wireless collection

at a 2000 Hz sampling rate. Eye-based measures were collected through Pupil Lab’s Pupil Core

headset, and the datastreams were synchronized using Lab Streaming Layer. Unfortunately, the

EDA data was of poor quality and not used in this analysis. The ECG and RSP data were

processed in Python using the Neurokit2 toolbox [43]. Eye-based measures were calculated from

Pupil Lab’s processing software and blink counts and gaze metrics were manually counted for each

subject. A description of the included physiological measures is in Tab. 2.3. Raw data, as opposed

to standardized data or data compared to a baseline, was used as future work of these models

will be applied to real-time, ongoing data collection. While most Heart Rate Variability (HRV)

metrics are typically calculated over 5 minutes or 24 hours, there have been studies suggesting that

these metrics can be calculated over a 10-60 second duration (depending on the metric) and achieve

comparable results [44–47]. The key factor is that when comparing HRV metrics they are calculated

over the same duration epoch [48,49]. The 50 second piloting period yields the HRV metrics listed

in tab. 2.3 for SA and WL. For the trust model, the physiological data is split into pre-lock-in and

post-lock-in windows during the 20 second trusting task time frame. The difference and ratio of

these metrics are also included. Due to the limiting factors of the epoch duration, the only ECG

based measures that can be included in the trust models are Heart Rate and Heart Rate Variability

Root Mean Square of Successive Differences( HRV RMSSD). Unlike the measures obtained from



11

the ECG signal, the respiration and eye-based measures did not have a time dependency, so were

retained across models.

Physiological measures will be colored purple for the duration of this thesis.

Table 2.3: Description of physiological measures [48,50]

Metric Description Value

Heart Rate Number of heart beats per minute
min = 65,
max = 112

HRV RMSSD
Square root of the mean squared difference of successive

NN Intervals
min =7 ,
max = 75

HRV Mean
NN

Mean NN interval length
min 538= ,
max =913

HRV SDNN Standard deviation of the NN interval
min = 15,
max = 82

HRV SDSD
Standard deviation of differences between adjacent NN

intervals
min =7 ,
max =76

HRV CVNN
The standard deviation of the NN interval length divided

by the mean of the NN interval length
min = 0.02,
max = 0.13

HRV CVSD
The root mean square of the sum of successive differences

dividend by the mean of the NN interval length
min =0.02 ,
max =0.14

HRV
MedianNN

Median NN interval length
min = 531,
max = 913

HRV MadNN Median absolute deviation of NN interval
min = 13,
max = 82

HRV MCVNN
Median absolute deviation of NN interval divided by the

median NN interval length
min = 0.01,
max = 0.12

HRV IQRNN Interquartile range of the NN interval
min = 19,
max = 108

HRV pNN50
Proportion of successive NN intervals differing by more

than 50 ms
min = 0,
max = 38

HRV pNN20
Proportion of successive NN intervals differing by more

than 20 ms
min = 1,
max = 82

RSP Rate Number of breaths per minute
min = 4.6 ,
max = 34

RSP
Amplitude

Average amplitude of each breath
min = 0.4,
max = 11

Blink Count Number of blinks per trial
min = 0 ,
max =62

Mean Pupil
Diameter

Average pupil diameter, including only diameters in
nominal range

min =3 ,
max =8
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2.2.2.2 Embedded Measures

Embedded measures are actions or behaviors taken that are naturally occurring during task

completion, and directly related to a cognitive state. There are two embedded measures for trust.

The first is the time to lock into the desired voltage setting. The second is a group of gaze-based

metrics. These include how long the participant spent on a certain area, the number of times a

participant looked at an area, how often the participant switched between two areas, and the total

number of switches. The areas of interest are seen in Fig. 2.4. The trust embedded measures are

described in more detail in Ch. 3

Figure 2.4: The zones of interest for the gaze-based metrics for trust. Zone 1 is the primary flight
display, zone 2 is the analog gauge, zone 3 is the autonomous system recommendation. Zone 4 is

the controller where the subject inputs their selected voltage; this is off screen of the photo.

Likewise, the details of the SA and WL embedded measures are described in Ch. 4. For

workload, the embedded measure is the percent of time that the outer ring was lit, out of the total

possible time. The lower the lighting percentage is, the quicker the subject responded and turned

off the ring. For SA, the embedded measure is the percentage of successful callouts made of the

total number of possible callouts. The total number of callouts depended on the magnitude of the

control inputs made, since more frequent inputs caused more frequent ”RCS Fuel” level callouts.

At a minimum subjects made 6 verbal callouts on each trial for the distance callouts.

Embedded measures will be color coded as yellow for the duration of this thesis.
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Table 2.4: Description of Embedded Measures

Metric Description Value

Time to lock
in

Time to lock in the voltage setting; metric to measure Trust 0-20

Gaze-based
metrics

Time spent on various displays, and how often the subject switch
between them; metric to measure Trust

NA

% of Callouts Percent of verbal callouts made; metric to measure SA 0-100

Lighting %
Percent of time the secondary light was on; metric to measure

WL
0-100

2.2.2.3 Observable Measures

Observable measures include items that are directly observable, as well as performance based

observable measures.

The observable info for trust includes the number of trials previously completed and feedback

on correct or incorrect decisions in previous trials (the number of times the subject previously caused

an arc). An expectation metric is used as the performance-based observable metric for the trust

model. The expectation metric is how the autonomous system’s recommendation compared to

the observed information from the analog gauge and is calculated by integrating the analog gauge

needle’s position with respect to time until the participants locked in their decision. The center

point of 150 V was treated as the 0 value for integrating. This results in a value that describes how

strongly the needle moved to one side or the other. The absolute value of this value was multiplied

by +1 when the system recommendation was correct and -1 when the system was incorrect.

For the SA and WL models the observable information also included the number of trials

previously completed. In addition, the task load setting is included. Task load was manipulated

as the independent variables in the SA/WL part of the experiment, by increasing the magnitude

of random perturbations during each trial. Changing the task load was done to force changes in

workload and situation awareness. The performance-based observable measures are based on the

summed magnitude of the joystick input over the docking time, and the root mean squared of the

tracking error (how far off the spacecraft was from the guidance cues).

While some of the observable measures, especially those associated with performance, may
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seem like they could be embedded measures, they are distinct as they are not designed with mea-

suring a specific cognitive state in mind. In addition, these performance measures also require

knowledge of the task goals and performance criteria.

The observable measures will be colored red for the duration of this thesis.

Table 2.5: Description of observable measures

Metric Description Value

Number of
Previous Arcs

Number of incorrect decisions in previous trials; metric for
trust

0-11

Number of
Trials

Previous number of trials completed; metric for trust, SA,
and WL to capture some time dependency

0-11

Expectation
How autonomous system recommendation compared to
analog gauge, with negative meaning dissonance and

positive being agreement; metric for trust

min = -0.18,
max = 0.18

Task Load
Low, medium, or high based on the magnitude of

perturbations during docking; metric for SA and WL
-1,0,1

Joystick Input
Summed magnitude of joystick control inputs; metric for

SA and WL
min = 99,
max = 1125

RMS Tracking
Error

Root mean square of the tracking error; metric for SA and
WL

min = .148,
max = 1.68

2.2.2.4 Demographics

Demographic information was collected for each subject; this information does not depend on

experimental outcomes. For trust, the demographics include age, sex, hours of sleep the previous

night, and quality of sleep . In addition, it includes usage of autonomous systems, navigational aid,

and their score on the Monitoring questions of the AICP questionnaire [41]. The questionnaires

used are in Appendix D

For the SA and WL model, the demographics collected includes age, sex, video game usage,

previous aerospace relevant display usage, hours of sleep the night before, quality of sleep, per-

formance on the PVT (average reaction time in milliseconds over 5 prompts), and what is their

dominant hand.

Demographics will be color coded blue for the duration of this thesis.
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Table 2.6: Description of demographics measures

Metric Description Value

Age How old the subject is
min = 19,
max = 32

Sex Male or Female 0,1

Hours of
Sleep

Hours of sleep the previous night, rounded to nearest half
hour

min = 5,
max = 9

Sleep Rating Self-rated quality of sleep
-2, -1, 0, 1,

2

Robot/
Autonomous
System User

Previous use with autonomous systems; metric for trust 0,1

Navigational
Aid user

Use of navigational aid like google maps once a week; metric
for trust

0,1

AICP
Monitoring

Score

Automated Induced Complacency Potential Score for
general tendency to be complacent; metric for trust

1-25

Video Game
Usage

Previous experience playing video games; metric for SA and
WL

0, 1, 2, 3

Aerospace
Display

experience

Experience with aerospace like displays; metric for SA and
WL

0, 1, 2, 3

PVT Score
Psychomotor vigilance task score for reaction time; metric

for SA and WL
min = 211,
max = 333

Handedness Left of Right handed; metric for SA and WL 0, 1

2.3 Statistical Methods

The objectives of this research involve developing models that use embedded measures, phys-

iological measures, observable information, and demographics to predict trust by itself, or SA and

WL simultaneously. The models were created by fitting a selection of the dependent and indepen-

dent variables to the gold-standard scores survey scores. Lease Absolute Shrinkage and Selector

Operator (LASSO) regression was used to downselect the predictor variables to those that were

most important [51, 52]. These downselected variables were then fit using ordinary least squares

regression (OLS) to the subjective survey scores, which are a stand in for the ground truth values.

Three different model types, described in Tab. 2.7, were considered to determine what

variables were available to the LASSO algorithm. The models are all universal and can be used
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without prior observation of the operator. Model type 1 is to be used as validation of embedded

measures and physiological measures on their own, as well as a comparison of the relative use

of these metrics. Model 2 also includes observable measures, thus requiring no knowledge of the

operator. Model type 3 includes demographic information and allows the models to be customized

to a particular operator with information gathered before the task.

Table 2.7: Description of model types and available predictors

Type
Embedded
Measures

Physiological
Measures

Observable
Info (ie.

Task load)

Demographic
Info

Purpose

1 (included) (excluded)

Validation of
embedded and
physiological
measures

2

Requires no
information
about the
operator

3
Can be tailored
before the task

In total, there are 15 participants over 12 trials, leading to 180 observations. While there may

be time dependencies, the trials are treated as independent. For the trust models, two participants

were removed because their responses to the TAS questionnaire was less than 10% of the range of

the possible survey results, indicating that the subject had a misunderstanding of the questionnaire,

or their ratings were immune to the manipulations [26]. As such there are 156 observations. For

trust, there are up to 66 predictor variables (2211 including interactions). In the second set of

models for SA and WL, all subjects are accounted for, leading to 180 observations and up to 31

predictor variables (496 including interactions).

For each model type, two different regression models were fit: one without interactions, one

with interaction terms. Both types were considered to see if adding interactions benefited the

model’s performance.
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2.3.0.1 Model Fitting

Models were fit using the LASSO shrinkage method because it can be used for simultaneous

fitting and when the number of predictors is greater than the number of observations, which is the

case for some of the models. Previous modeling studies used stepwise to select the predictors, how-

ever, due to the desire for simultaneous fitting and constraint of more predictors than observations

LASSO was used for this research [26,28].

The predictors were selected by running a 10-fold cross validation relaxed LASSO in R. The

simultaneous SA andWLmodel used the ‘mgaussian’ family to enable multivariate selection [52–54].

The LASSO estimator is defined in 2.1 [55].

β̂λ = min
βj


N∑
i=1

(yi − xTi β)
2 + λ

p∑
j=1

|βj |

 (2.1)

where y is the normalized outcome variables, x are the normalized predictor variables, and β are the

coefficients. The coefficients from LASSO are different than the coefficients that would be found

through stepwise or least squares regression. λ denotes the amount of shrinkage, λ = 0 implies all

features are considered, and λ = ∞ implies that no features are considered. λ is decided through

cross validation (in this case 10-fold is used), where a λ value can be selected based on mean

square error (MSE). The two commonly selected values of λ are λ min which is at the smallest

MSE achieved, and λ 1SE which is the largest λ at which the MSE is within one standard error of

the lowest MSE. The 1SE location is also chosen as it leads to a more parsimonious model whose

accuracy is comparable with the best model [52,56].

With large numbers of predictor variables, LASSO sometimes selects noisy variables that

do not actually contribute to the model. Relaxed LASSO incorporates another coefficient, γ, to

represents the degree of shrinkage from the original model, which helps eliminate variables only

chosen due to noise [52, 57]. Essentially, relaxed LASSO runs LASSO to identify a set of non-zero

coefficients, then apply LASSO to these selected non-zero predictors. Since the variables in the

second step have less competition from the noisy variables, cross validation tends to pick more
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parsimonious models [52].

The relaxed LASSO estimator is defined for λ ∈ [0,∞) and γ ∈ (0, 1] in Eq. 2.2:

β̂λ,γ = min
βj


N∑
i=1

(yi − xTi {β · 1Mλ
})2 + γλ

p∑
j=1

|βj |

 (2.2)

where λ is still the amount of shrinkage, γ represents the degree of relaxation, Mλ is the set of

variables selected from the original LASSO algorithm, and β̂ is the vector of coefficients. 1Mλ
is

the indicator function on Mλ ⊆ {1, ..., p} such that for all k ∈ {1, ..., p}

{β · 1Mλ
}k =


0 k /∈ Mλ

βk k ∈ Mλ

Note that only the predictors in Mλ are considered for the relaxed LASSO estimator, and a γ of

1 is equivalent to the typical LASSO algorithm.

Like before, cross validation can be used to select the optimal λ and γ values as seen in Fig.

2.5. The two vertical lines represent λ min and λ 1SE. The different colored lines represent the

degree of relaxation, and the top axis shows the number of predictors. As can be seen 1SE reduces

the number of predictors compared to the minimum value, but still has comparable performance

(based on MSE). In order to have more parsimonious models with comparable performance, higher

degrees of relaxation are needed.
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Figure 2.5: Cross Validation for LASSO. γ represents the degree of relaxation, and the top axis is
the number of predictors. The vertical lines represent the λ values for minimum MSE and at the

1SE location, respectively. The shaded orange is the confidence bands.

LASSO can be used to select predictors and their coefficients, but the coefficients are not

consistent. Consistency refers to the idea that as the sample size grows, the estimates converge to

their true values; Ordinary least squares (OLS) is consistent. A LASSO-OLS hybrid uses relaxed

LASSO to determine the predictor variables in the model but finds the coefficient values using

OLS [52]. In this case, the OLS coefficients were fit from the raw data so that the models can be

applied on future subjects in real-time without having to normalize the data.

2.3.1 Model Selection

The LASSO process as described above can result in different selected predictor variables.

A criterion to select from the host of models generated was created; the final model was selected
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based on its quality of fit and predictive capabilities. The quality of fit was measured through

adjusted R2 and RMSE. Adjusted R2 was selected to evaluate the quality of fit as it accounts for

the number of predictors and penalizes for overfitting [58]. This was important, as having a more

parsimonious model is desirable. Once fit, the predictive capabilities were measured based on the

metric Q2, which is a measure of predictive performance, on both a per subject and per trial basis.

The Q2 by subject evaluates how effective the model is at predicting the score of a new participant,

whereas the Q2 by trial is an exhaustive leave one out cross validation. Q2 is a metric analogous

to R2 that assess the predictive power as a proportional reduction of error and can be seen in Eq.

2.3 [59]. However, Q2 can be negative or have a magnitude greater than 1; a negative Q2 means

that the model has less predictive power than guessing the mean of the training data set values.

Q2 = 1− Σ(y−ŷ)2

Σ(y−ȳ)2

y = left out data

ŷ = predicted y for the left-out data

ȳ = mean of the training data

(2.3)

Models were judged based on adjusted R2, RMSE,Q2 by subject, andQ2 by trial to determine

which was best. Models that had poor performance in any of the categories were eliminated. The

final model was selected by prioritized Q2 by subject as the models should be predictive to new

subjects. For future human-autonomy teaming applications, being robust to a new operator and

new data is important. In the event that multiple models had the same performance, the more

parsimonious model was selected to avoid overfitting.

The simultaneous models for SA and WL tried to achieve a balance between SA and WL

performance. A model that may be able to fit SA extremely well might do poorly on WL, and thus

should not be considered, as the goal is to fit both SA and WL well.
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2.3.2 Algorithms

The process of using LASSO and the final downselection is describe using flowcharts for both

the baseline models without interactions and the models with interactions below.

2.3.2.1 Baseline Models Without Interactions

The process for fitting baseline models can be seen in the flowchart (Fig. 2.6). The available

measures for a given model type, as was previously described, were fed into the algorithm. The

predictor variables were selected using a relaxed LASSO with the λ and γ values at the 1SE location.

With a large number of predictor variables, LASSO models to not always converge to the same

set of predictors. As such, the LASSO model was ran fifty times, and each unique solution was

retained. These models were fit using OLS to determine the coefficient values. From these, the

model with the best fit performance and cross validation predictive performance was selected.

Figure 2.6: Flowchart showing the LASSO based methods used for the without interaction models

2.3.2.2 Models With Interactions

For the models with interactions, the method described above led to results that were over-

fitting the data. Due to the large number of predictor variables compared to the observation (2211

predictors vs 156 observations for type 3 trust and 528 vs 180 in the case of SA and WL model),

predictors were being selected more due to noise than their quality. In order to solve this issue, the

idea of relaxed LASSO was taken further as can be seen in the flowchart in Fig. 2.7.

For each model type, all possible interactions were generated between the available measures.

These interactions and the base measures were fed into the algorithm. Like before, LASSO was

ran fifty times, and each time the set of predictor variables were selected using relaxed lasso with λ
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and γ values at the minimum MSE and 1SE locations. These models were used to downselect the

measures. Any term that showed up in one of the resulting equations was fed back into LASSO.

Once again LASSO was ran fifty times and the λ and γ values at the 1SE were selected, and each

unique solution was retained. These models were fit using OLS, and the final model was selected

based on the best fit accuracy and predictive performance.

In order to reach this final algorithm, other algorithms were explored with a summary in

Appendix A.

Figure 2.7: Flowchart showing the LASSO based methods used to avoid the issue of overfitting
when dealing with interactions

In the case of model type 2 for SA and WL (as presented in Ch. 4), the best model was

selected from the initial run through. All other final selected models were results in the second

iteration of LASSO. In some cases, they were also results of the initial iteration of LASSO that

were re-selected in the second iteration.

The final models are presented in Ch. 3 and 4.

2.3.3 Comparison Models

In order to test the hypotheses that having both physiological and embedded measures allows

for a stronger model performance than models fit with only one of them, and that simultaneously

fitting SA and WL allows for more parsimonious models than two independently fit, these alter-
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native models need to be generated. In addition to the multimodal models fit for trust (MM),

unimodal models that only contain physiological or embedded measures will also be fit (UM-EM,

UM-phys). For the SA and WL model, the originally fit model is both multimodal and simulta-

neously fit (MMSF). This can be compared to models that are unimodal, but still simultaneously

fit (UMSF-EM, UMSF-phys), as well as to models that are multimodal but independently fit to

SA or WL (MMIF-SA, MMIF-WL). The same algorithms as described above are used to generate

base models without interactions and models with interactions for the different comparison mod-

els. Additionally, comparisons can be made to test this LASSO-based algorithm to other selection

methods, like stepwise by using the same predictor variables but different statistical methods.



Chapter 3: Trust

This chapter focuses on building models to predict trust from unobtrusive physiological mea-

sures and embedded measures.

One commonly used gold standard trust survey is the subjective Trust in Autonomous Sys-

tems (TAS) developed by Jian et al. [39]. This trust scale has been used extensively to capture trust

during human autonomy interaction [60–64]. Operators answer twelve questions on a seven-point

scale relating to their feeling of trust towards or impression of the system.

Previous work has often been limited to either ’blind trust’ or co-location of human and

autonomous system. Blind trusting tasks are where the operator has limited information and only

has a binary choice to trust or not trust the system [18]. On the other hand, having human

and autonomy co-located results in a higher degree environmental context to be able to make a

decision [21,62,65]. This experiment allows operators to have limited addition information (in the

form of the analog gauge) to mirror an operational context more closely.

Prior efforts to model trust based physiological signals has focused on classifying trust in a

binary state of either high or low trust, but not estimating it as a continuous variable [21,22]. Since

trust dynamics change with time, only being able to differentiate between two trust states (high

and low) has limited utility in future human-autonomy teaming. These models will allow for trust

to be estimated on a continuous scale to be able to better understand trust changes.

Modeling trust with embedded measures has previously involved time-dependent measures

and gaze-based measures. Autonomous vehicle studies have used metrics like the time the partic-

ipant waited to take over control as a metric of trust [23, 34, 36]. In addition, gaze-based metrics,

such as percentage of fixations in an area of interest, and percentage of time spent viewing an area

of interest have been shown to be correlated with trust [36, 66, 67]. Using both physiological and

embedded measures can help determine which of the metrics are most useful for predicting trust

in future operational use, and the results are presented below.
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3.1 Results and Discussions

Table 3.1 lists the predictors that were available to the LASSO algorithm for each of the 3

model types. Cells that are light blue means that predictor is available to the algorithm in that

model type; grayed out cells mean the features were not available to the algorithm for that specific

model type. The physiological measures include the values from the pre lock-in and post lock-in

time frames as the difference and ratio of these values.

Table 3.1: List of possible predictors for trust regression models for each model type grouped by
category. If the cell is blue the predictor is available for that model type; grayed out cells are

unavailable.

Predictor
Model Type
1 2 3

ECG based measures
Respiration based measures

Eye based measures

Time to lock in voltage settings
Gaze based measures

Expectation
Number of previous arcs

Number of trials previously completed

Age
Sex

Hours of sleep
Sleep rating

Robot/autonomous system user
Navigational aid used
AICP Monitoring Score

Note: Purple is physiological data, Yellow is embedded measures, Red is observable information,
and blue is participant-based information obtained before the experiment

3.1.1 Without Interactions Models

Table. 3.2 contains the coefficients and performance for the type 1, 2 and 3 models. The

coefficients are not normalized. Table 3.3 contains what percentage of the total number of predictors

in a model are from the different categories (e.g., physiological, embedded, etc.) to easily see what
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metric types are most important. In addition, it also contains the total number of predictor variables

and the total number of sensors (out of ECG, RSP, and eye-tracking) that are needed to generate

that model type; the fewer sensors required the more operationally useable the model is.

Table 3.2: Coefficients and Performance for Trust without Interactions

Predictor
Model Type

1 2 3

C
o
effi

ci
en
ts

(Intercept) 104.38 * 88.11 * 1.94
HR Ratio -40.01 * -44.43 *

HRV RMSSD after 0.10 * -0.89 *
RSP Amp Diff. -2.02 * -0.82

Pupil Diameter After 2.79 *
Time to Lock In -2.72 * -2.46 * -1.44 *

% of Looks on Rec. Screen 7.51 9.98
% of Time on Rec. Screen 0.22 * 0.15

% of Looks on Throtle Input -14.30 -9.11
% of Looks between Analog Gauge and Throttle Input -10.84 -7.92 0.12

Expectation 30.16 * 45.11 *
Previous Number of Arcs 9.85 * 5.74 *

Age 0.73 *
Sleep Rating 3.93 *

AICP 2.56 *

P
er
fo
rm

an
ce

Adjusted R2 0.35 0.49 0.67
RMSE 11.90 10.49 8.50

Q2 by subject 0.21 0.32 0.63
RMSE by subject 13.70 12.78 9.44

Q2 by trial 0.32 0.45 0.64
RMSE by trial 12.24 10.98 8.83

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment.
*: p<.05
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Table 3.3: Percentage of predictors in a certain category for the trust without interactions models

Metric
Model Type
1 2 3

% ECG based 14.3 18.2 12.5
% RSP based 14.3 9.1 0.0

% Eye based (phys) 0.0 9.1 0.0
% EM 14.3 9.1 12.5

% Gaze (EM) 57.1 36.4 12.5
% Observable 18.2 25.0

% Demographics 37.5

Number of Predictors 7 11 8
Number of Sensors 3 3 2

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

The model breakdown shows that all categories of metrics are useful in predicting trust, and

as more metric types become available the accuracy is improved. The time to lock in embedded

measure is significant in all three model types in understanding trust; the faster someone locks in

the more trust they have in the system. In addition, gaze-based metrics are consistently chosen

and make up a large portion of the metrics selected.

3.1.1.1 Model Comparisons

The model above in Tab. 3.2 (Multimodal model, MM) can be compared to other similar

models. The comparison models focus on the utility of embedded measures and physiological fea-

tures, and have either embedded measure or physiological metrics available, but not both (Unimodal

models, UM-EM, UM-phys). These inform the importance of having both embedded measures and

physiological features to improve fit quality and predictive capabilities. Figure 3.1 contains compar-

isons of adjusted R2 and Q2 by subject for each of the three model types. For additional reference,

comparison figures for Q2 by trial, number of predictors, and number of sensors, as well as ta-

bles with details on the coefficients and performance for these comparison models can be found in

Appendix B.
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Figure 3.1: Comparison of adjusted R2 and Q2 by subject for the trust model without interactions

For all three models (MM, UM-EM, UM-phys), there is a large increase in predictive accu-

racy with the inclusion of demographic and observable based metrics. For model type 1 and 2,

the multimodal models outperform the unimodal models, indicating that having both embedded

measures and physiological measures may be useful. In model type 3 the models have compara-

ble performance, and both UM models have 7 predictors vs the 8 in the MM. Additionally the

embedded model requires 1 sensor (eye-tracking to gather the gaze information), and both MM

and physiological models contain 2. However, all three models rely on the same observable and

demographic metrics (expectation, previous number of arcs, age, sleep rating, and AICP score)

which also make up the majority of the predictors. This indicates that in building accurate trust

models it is important to include measures beyond embedded and physiological.

3.1.2 With Interactions Models

The performance of the trust models with interactions is in Tab. 3.4, and the breakdown of

where the predictors come from can be seen in Tab. 3.5. Due to the large number of terms, the

table of predictor variables and their coefficients for all three models is in Appendix B (Tab. B.1).
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Table 3.4: Performance Metrics for Trust with Interactions

Metric
Model Type
1 2 3

P
er
fo
rm

an
ce

Adjusted R2 0.36 0.46 0.72
RMSE 11.79 10.83 7.77

Q2 by subject 0.23 0.39 0.68
RMSE by subject 13.54 12.06 8.80

Q2 by trial 0.34 0.44 0.71
RMSE by trial 12.02 11.12 8.03

Table 3.5: Percentage of predictors in a certain category for the trust with interactions model

Metric
Model Type
1 2 3

% ECG based 12.5 15.0 14.3
% RSP based 37.5 20.0 7.1

% Eye based (phys) 0.0 5.0 0.0
% EM 12.5 10.0 7.1

% Gaze (EM) 37.5 30.0 14.3
% Observable 20.0 17.8
% Demographic 39.3

Number of Predictors 8 10 14
Number of Sensors 3 3 3

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

The with interaction models include both physiological and embedded measures as important

in all model types. In addition, there are significant interaction between them indicating that having

both embedded and physiological measures available may be useful. Like before, as more metric

types become available the model accuracy and performance increases.

Compared to the without interaction models, interactions are able to improve predictive

accuracy and quality of fit. For model type 3, the adjusted R2 improved from 0.67 to 0.72, Q2

by subject from 0.63 to 0.68, but the number of predictors increases from 8 to 14 and the number

of sensors increases by 1. The with interaction models additionally have a higher percentage of

metrics containing physiological terms, and include a wider variety of physiological metrics.
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3.1.2.1 Model Comparisons

The interaction model presented above (Multimodal - MM) can be compared to the unimodal

models with interactions (UM-EM and UM-phys) as previously described. The comparison of

adjusted R2 and Q2 by subject for each of the three model types is in Fig. 3.2. The details of the

comparison model coefficients and performance, as well as comparison plots for Q2 by trial, number

of predictors, and number of sensors are in Appendix B.

Figure 3.2: Comparison of adjusted R2 and Q2 by subject for the trust model with interactions

The comparisons for the with interaction models also show the utility of the combination

of both embedded and physiological sensors, especially for model type 1 and 2. Like before, the

inclusion of demographics (model type 3) makes it so that all the models converge to a similar

performance that is better than model types 1 and 2. Comparing the required number of predictors

and sensors for model type 3, the physiological model is able to provide this same fit with 2 sensors

(as opposed to 3 from MM) and less predictors (8 vs 14); Fig. B.3 contains the comparisons for

number of predictors and sensors. While the embedded measures are able to provide the fit with 1

sensor (for the gaze metrics), it also requires 18 predictors variables.
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3.1.3 LASSO compared to Stepwise

The trust models were also used as a way to understand the utility of our LASSO algorithm as

opposed to stepwise regression as a method for selecting the predictor variables. This was done by

comparing models selected through LASSO to the previous stepwise models created by Kintz [26].

This previous research only considered non-gaze-based embedded measures (e.g., only Time to lock

in), the same performance measures, and a reduced number of demographics; the LASSO algorithm

was rerun with this same set of predictor variables and interactions. This use case is limited as the

total number of potential predictors terms (28) is less than the number of observations (156).

Figure 3.3 compares adjusted R2, Q2 by subject and number of predictors for the LASSO

models and stepwise models. The coefficients and performance for these models are both in Ap-

pendix B.

Figure 3.3: Comparison of adjusted R2, Q2 by subject, and number of predictors for the
comparing LASSO and Stepwise capabilities

In model type 1, there was only one predictor variable available and both models selected it.

For model type 2 and 3, the LASSO algorithm is able to select models with slight better predictive

capabilities and a smaller number of predictor terms. However, the adjusted R2 is reduced, which

is likely a side effect of the decrease in the number of predictors.

While this test case does not show the full benefits of LASSO, it indicates that LASSO can
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generate more parsimonious models with comparable predictive accuracy as stepwise regression.

LASSO was chosen for this research due to its ability to fit simultaneous models, which is needed

for the SA and WL combined models presented in chapter 4, as well for its efficiency when the

number of predictors is greater than the number of observations (p>>n) [52]. When considering

both physiological and embedded measures with interactions, this becomes the case. In addition,

relaxed LASSO tends to outperform stepwise both in computational time and model quality as

p gets larger [68]. There have been concerns from statisticians about stepwise selecting nuisance

variables and having a low predictive accuracy; these problems become more serious as the number

of predictors increases [69] [70].

3.2 Conclusion

As more multimodal features are available to the algorithm the model fit and predictive

capabilities improve without overfitting, supporting hypothesis one. For model types 1 and 2,

having both embedded measures and physiological measures (MM) improves performance over

having only one of them (UM-EM, UM-phys). For model type 3, the performance of all models is

comparable, and the majority of predictors contain observable and demographic based measures.

In some circumstances, demographic information about the operator may not be available. As

such, maximizing performance for model types 1 and 2 is critical. Further, some operational

environments may require minimizing the number of physiological sensors the operator is required

to wear. Therefore, achieving parsimony while maintaining performance is a high priority.

Including interaction terms can improve quality of fit and predictive accuracy. However, the

number of predictors and sensors required also increases. The slight improvements may not be

worth the additional overhead and operator discomfort.

It should be noted that there could be errors in the gaze metrics, including time spent in a

zone and number of gazes to a zone, as these had to be manually counted. This was done through

watching videos captured by the eye tracker. Many of these gaze metrics were seen as significant
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and included in the models, however errors in counting could affect which predictors were chosen.

Since this was such an important measure identified, it is important to continue to pursue eye

tracking to estimate trust and work is ongoing to automate the process. In addition, while the TAS

scale is the most popular trust scale and widely used, the ordering of the questions may cause a

positive bias in the survey results [60].

Limitations that apply to both this Trust model and the SA and WL models will further be

discussed in Chapter 5.

While this trust model fulfilled research objective one, confirmed our first hypothesis, and

showed the usefulness of the LASSO algorithm, there are still open questions about the importance

of simultaneous fitting. This will be addressed in the next chapter.



Chapter 4: Situation Awareness and Workload

This chapter focuses on the simultaneous fitting of situation awareness and workload. While

working towards adaptive autonomy, it is undesirable to rely on signals that are ambiguously tied

to a state or are not specific to that state. Creating models that fit both SA and WL together and

use multiple sensors can help reduce ambiguity and determine if a change in one metric is due to

a change in SA, WL, or both, which can enable the appropriate response.

To quantify SA the Situation Awareness Rating Technique (SART) [38] was used. SART is a

popular subjective post trial questionnaire, where operators answer 10 questions each on a seven-

point scale focused on different aspects of SA including understanding, demand, and supply (e.g.,

spare mental capacity). SART was selected because it was not desirable to stop the simulation

during the 50 second time frame. Due to this short time length, the difference between overall

operator SA and SA at the end of the trial is likely to be small.

The modified Bedford scale was used to quantify WL in this research and was chosen due to

the speed at which it can be completed [37]. The Bedford Scale is a unidimensional 10-point rating

scale to identify an operator’s spare mental capacity while completing a task. A hierarchical design

tree is used to select the rating, with each point accompanied by a description. This measures if

it was possible to complete the task, if workload was tolerable, and if workload was satisfactory

without reduction [71].

Most of the previous studies using physiological signals have focused on SA or WL separately,

and the number of physiological sensors used has often been limited to only a few measures at a

time [9,14–20]. Having access to multiple physiological data streams can allow for the determination

of which metrics are important in correlating states. In addition, SA and WL are sometimes related

to one another, and thus in individual studies it is not always clear if the physiological change was

altered due to only a change in SA or WL.

Embedded measures may similarly have difficulty in being distinctly tied to either SA or WL.

While embedded measures have typically been used only to evaluate a specific cognitive state, there

has been limited research into the crossover of these embedded measures in terms of other cognitive
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states. The effect of tertiary callouts for measuring SA and the cognitive state of workload were

found to be correlated but they did not always reliably track each other [27]. By building models

that predict both SA and WL together, the crossover effect of the embedded metrics can be further

understood.

The selected models for simultaneously fitting SA and WL with embedded and physiological

models are presented below.

Secondary workload metrics and tertiary verbal callouts have been used as embedded mea-

sures for WL and SA respectively. Secondary workload metrics have been used extensively to

measure “how much additional work the operator can undertake while still performing the primary

task to meet system criteria” [30]. While there are many examples of secondary workload metrics,

the use of a pushbutton lighting/response task as described by Knowles, as used in this experiment,

has been commonly used to evaluate surplus mental capacity [27,29,30].

Tertiary verbal callouts have been used as an embedded measure for situation awareness [27].

The operator is tasked to verbally report when certain states have changed (e.g., in a lunar landing

task calling out the vehicle altitude every 100 ft). In many aerospace tasks, verbal callouts of

relevant information are part of standard operation and thus this is naturally part of the task [27,29].

4.1 Results and Discussion

Table 4.1 contains the predictors that were available to the LASSO algorithm for each of the

3 model types. Cells that are blue mean that predictor was included for that model type, whereas

grayed out cells means that predictor was not available to the algorithm for that model type.
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Table 4.1: List of possible predictors for SA and WL regression models for each model type

grouped by category. If the cell is blue the predictor is available for that model type; grayed out
cells are unavailable.

Predictor
Model Type
1 2 3

ECG based measures
Respiration based measures
Eye tracking based measures

% of callouts made successfully
Secondary workload lighting %

Summed magnitude of joystick control inputs
Root mean square of tracking error

Task load settings
Number of trials previously completed

Age
Sex

Video games rating
Display skill rating

Sleep rating
Hours of sleep
PVT score
Handedness

Note: Purple is physiological data, Yellow is embedded measures, Red is observable information,
and blue is participant-based information obtained before the experiment

4.1.1 Without Interactions Models

The without interaction model predictors, coefficients, and performance for type 1, 2, and

3 are in Tab. 4.2 below. A breakdown of the percentage of each metric type (e.g., whether the

metrics are physiological, embedded, etc.), like that which was presented in Chapter 3, is in Tab.

4.3.
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Table 4.2: Coefficients and Performance for SA and WL models without interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 4.30 7.86 * 17.18 * 3.65 * 5.42 1.73
RSP Rate 0.69 * -0.14 * 0.37 * -4.33e-2 6.72e-2 5.97e-3

% Callouts made 9.18e-2 * -1.71e-2 *
Lighting % -6.80e-2 * 3.28e-2 * -2.77e-2 * 2.08e-2 *

Joystick Input -2.19e-3 1.79e-3 * -6.74e-3 * 2.04e-3 *
RMS Tracking Error -6.30 * 2.77 * 1.20 2.47 *

Task load -3.60 * 0.27 -3.53 * 0.44 *
Number of Trials 0.30 * -4.28e-2 0.32 * -6.30e-2 *

Age 0.26 * 0.16 *
Display Skill 2.14 * -0.57 *

PVT 3.14e-2 * -5.80e-3

P
er
fo
rm

an
ce

Adjusted R2 0.24 0.26 0.55 0.48 0.64 0.56
RMSE 5.48 1.67 4.22 1.40 3.79 1.28

Q2 by subject 0.16 0.22 0.43 0.39 0.53 0.45
RMSE by subject 5.84 1.75 4.84 1.54 4.37 1.47

Q2 by trial 0.23 0.25 0.53 0.46 0.62 0.54
RMSE by trial 5.54 1.69 4.31 1.42 3.87 1.31

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05

Table 4.3: Percentage of predictors in a certain category for the SA and WL without Interactions
models

Metric
Model Type
1 2 3

% ECG based 0.0 0.0 0.0
% RSP based 33.3 16.7 12.5

% Eye based (phys) 0.0 0.0 0.0
% EM 66.7 16.7 0.0

% Observable 66.7 50.0
% Demographic 37.5

Number of Predictors 3 6 8
Number of Sensors 1 1 1

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment.
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The model breakdown shows that all categories of variables are useful in predicting SA and

WL simultaneously, and as more variable types become available, accuracy is improved. Respiration

rate is the only physiologically feature selected, but it is selected consistently across all model types.

Previous studies suggest that respiration rate may be better indicative of workload than heart-based

metrics, which these models agree with [17]. While previous literature has suggested a negative

correlation with SA and a positive with WL [72, 73], the models in Tab. 4.2 generally suggest a

positive correlation with SA, and a negative with WL. This could be due differences in the scenario

used to elicit different cognitive states in this research compared to those in the literature.

For embedded measures, the SA based metric (% Callouts made) is only selected in model

type 1. This suggests that a better embedded measure for SA may be needed, as it was not

selected over the other metrics available to the later model types. In addition, when selected both

embedded measures are significant for both cognitive states. The more callouts made, the higher

the SA, and the lower the workload. Likewise, the WL based embedded measure (Lighting % )

being on more corresponds to higher workload and lower SA. In Hanley et. al. there was evidence

of the correlation between the callout percentage and workload, although they did not track one-

to-one [27]. However, a literature review does not seem to indicate prior work on the crossover

effect between the secondary workload lighting and SA.

4.1.1.1 Model Comparisons

The model above in Tab. 4.2 (Multimodal Simultaneously Fit - MMSF) can be compared to

other similar models. Models that have the same multimodal predictor variables available to them

but are independently fit to either SA or WL (Multimodal Independently Fit, MMIF-SA, MMIF-

WL) were created for comparison. These models were selected based on their ability to fit only one

cognitive state and can allow for the characterization of the usefulness of simultaneously fitting SA

and WL in reducing the number of required predictors and sensors. Models that are simultaneously

fit to SA and WL but are unimodal and have either embedded measure or physiological metrics

available, but not both (Unimodal Simultaneously Fit, UMSF-EM, UMSF-phys) were also fit for
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comparison. These inform the importance of having multimodal models to potentially increase

quality of fit and predictive accuracy. Figure 4.1 contains comparisons of adjusted R2 and Q2 by

subject. These plots show adjusted R2 and Q2 by subject for all three model types with SA on

the x-axis and WL on the y-axis. An excellent model fit, or prediction would be in the upper right

corner of the plot. Data points that fall along the diagonal are equally good at both SA and WL.

Models that fall far above or below the diagonal would be good at one cognitive state but not

the other. For additional reference, comparison figures for Q2 by trial, number of predictors, and

number of sensors, as well as a table of the comparison models’ coefficients and performance are in

Appendix C.
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Figure 4.1: The comparison of SA and WL models without interactions to other similar models.
The top row of plots compares the adjusted R2, the bottom row compares the predictive Q2 by

subject. The x-axis represents the value for SA, and the y-axis is for WL. The blue line represents
models that are equally good at SA and WL; an excellent model would fall in the top right corner.

For model type 1, the multimodal models outperform the unimodal models. This advocates

for the use of including both physiological and embedded measures, versus just one of them. For

model type 3 the performance of the MMSF and UMSF-EM and UMSF-phys models converge, as

all the models mostly rely on performance and demographic information. Looking more closely

at the comparison of just embedded measures and physiological measures, embedded measures

outperform physiological measures, especially in WL. This is likely an artifact of the fact that the

lighting % is a strong embedded measure for WL, but the % of callouts made is a weaker embedded

measure.
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While the models independently fit to SA and WL may be able to outperform the simultane-

ously fit model in SA and WL respectively, the use of two independently fit models would require

and additional ECG sensor, as HR and HRV metrics are also now considered (C.2 and C.6 ). For

model type 3, using the two independently fit models would slightly improve performance, however,

it comes with the cost of extra sensors as in Tab. 4.4. For future operational real-time use, the

reduction of number of predictors and sensors in the simultaneously fit models for comparable per-

formance and predictive capabilities highlights the benefit of using this over the two independently

fit models.

Table 4.4: Independently fit vs Simultaneously fit performance without Interactions for Model
Type 3

Simultaneously Fit Independently Fit
SA WL SA WL

Adjusted R2 0.64 0.56 0.67 0.57
RMSE 3.79 1.28 3.62 1.27

Q2 by subject 0.53 0.45 0.53 0.47
RMSE by subject 4.37 1.47 4.39 1.43

Q2 by trial 0.62 0.54 0.65 0.55
RMSE by trial 3.87 1.31 3.73 1.30

Number of Predictors 8 8 11 8
Number of Sensors 1 1 2 0

4.1.2 With Interactions Models

The performance of the multimodal simultaneously fit model with interaction terms is in Tab:

4.5. Table 4.6 contains the percentage of the predictors that contain that metric category. Details

on the predictor variables and their associated coefficients are found in Tab. C.1 in Appendix C.



42
Table 4.5: Performance for SA and WL models with interactions

Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

P
er
fo
rm

an
ce

Adjusted R2 0.25 0.23 0.50 0.39 0.68 0.59
RMSE 5.45 1.70 4.46 1.51 3.58 1.24

Q2 by subject 0.17 0.15 0.46 0.31 0.56 0.44
RMSE by subject 5.81 1.82 4.68 1.64 4.24 1.48

Q2 by trial 0.24 0.21 0.49 0.37 0.65 0.55
RMSE by trial 5.50 1.72 4.53 1.54 3.71 1.30

Table 4.6: Percentage of predictors in a certain category for the SA and WL with Interactions
models

Metric
Model Type
1 2 3

% ECG based 28.6 44.4 10.0
% RSP based 28.6 0.0 10.0

% Eye based (phys) 0.0 0.0 3.3
% EM 42.9 0.0 6.7

% Observable 55.5 30
% Demographic 40.0

Number of Predictors 4 5 15
Number of Sensors 2 1 3

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment.

Compared to the without interaction models (Tab. 4.6) the with interaction models include

more physiological sensors. Preciously only respiration rate was chosen, with the inclusion of in-

teractions more emphasis is placed on HRV metrics. In addition, for model types 2 and 3 a greater

percentage of predictors include some form of physiological measure. This indicates that physio-

logical measures may provide more utility in an interaction with embedded measures, observable,

or demographic information than on their own.

Embedded measures and physiological measures were found to significantly interact, rein-

forcing the importance of having both sets of metrics available to choose from. For example, RSP

Rate and the SA metric % Callouts interaction was significant in the type 1 model for both SA
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and WL, suggesting that the interactions of both physiological and embedded metric interaction

can provide additional context and value.

4.1.2.1 Model Comparisons

The interaction model above in Tab. C.1 (MMSF) can be compared other similar models

(MMIF-SA, MMIF-WL, UMSF-EM, UMSF-phys) generated with interactions. Figure 4.1 contains

comparisons of adjusted R2 and Q2 by subject. For additional reference, comparison figures for Q2

by trial, number of predictors, and number of sensors, as well and the coefficients and performance

for the comparison models are in Appendix C.



44

Figure 4.2: The comparison of SA and WL models with interactions to other similar models. The
top row of plots compares the adjusted R2, the bottom row compares the predictive Q2 by

subject. The x-axis represents the value for SA, and the y-axis is for WL. The blue line represents
models that are equally good at SA and WL.

Unlike the without interaction models, the with interaction models do not generally outper-

form the comparison models. This could be due to the large number of predictors to choose from

and many correlated interactions. Using two independently fit models versus one simultaneous fit

model would result in the same number of sensors for model type 3. The only benefit is a reduc-

tion in the total number of predictors to be calculated. For the simultaneously fit model only 15

predictors are needed, whereas 25 predictors are needed to calculate both independently fit models.



45

4.2 Conclusion

In general, having the use of both embedded and physiological measures (MMSF) improves

performance over the unimodal models (UMSF-EM, UMSF-phys), supporting hypothesis one. This

can be especially seen in the without interaction models. In the with interaction models, it addi-

tionally provides a chance to interactions between physiological and embedded measures, which are

seen to be significant in some model types. with the addition of observable and demographic based

features, this difference is not as apparent, as the models rely more on these feature sets, and in

some cases the embedded measure only model outperforms the multimodal model.

Overall, as the model type increases (e.g., 1 to 3) the model improves, and the comparison

models converge to similar performances. This is enabled by the demographics and performance-

based measures as they make up the bulk of the predictor terms, further reinforcing the importance

of having a variety of predictors available.

While two independently fit models can be used together to provide a slightly better perfor-

mance (MMIF-SA, MMIF-WL), it also comes with the need for increased number of sensors and

predictors. For without interactions, an addition eye sensor is needed to measure pupil diameter,

for with interactions the number of sensors does not change, but more predictors are needed to

be computed. This supports the second hypothesis that simultaneous fitting will result in more

parsimonious models.

Additionally, in general the no interaction models lead to better workload performance, while

the interaction models provide better SA performance. The interaction models tend to have more

predictors in the models and require more sensors. The no interaction models only require respira-

tion sensors, while the interaction model for type 3 requires ECG, RSP, and eye sensors. The slight

improvement in performances with interaction models cost parsimony and explainability; for future

operational settings, the without interaction models are more beneficial due to operator comfort

and usability.

An issue for these models comes from the issues with using subjective surveys as ground
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truths for the cognitive states, however there was no better alternative for this task. The SART

survey used is not the best available to objectively quantify SA. SART is subjective, which can

result in biases as operators may not be aware of having low SA and thus cannot rate their SA

accurately. It is also possible that participants failed to recall when they had poor SA during the

trial and instead rated based on the end of the trial. However, since the trial lengths are short, the

difference between overall SA and at the end of the trial is likely small. Additionally, SART has

been shown to correlate with performance and confidence and be confounded with workload [10].

However, SART was selected as it was the best for the experimental design.

Likewise, for the main limitation for WL comes from the Bedford scale being treated as a

continuous variable when it is actually ordinal. Prior research has treated the Bedford scale as

continuous and ordinal variables are often used as continuous in statistical models; however, this

can potentially cause improper WL classification.

While simultaneously fitting was used to help reduce ambiguity between the cognitive states,

the subject responses from the task did invoke a correlated SA and WL response (r = -.59, t(178)

= -9.81, p < 0.005) where a high SA corresponded to low WL. Not having the full range of SA and

WL responses (for example low WL and low SA) makes it harder to ensure predictive accuracy

in boundary cases where WL and SA do not follow each other. This limits the effectiveness of

these models working towards human autonomy teaming as the autonomous system may not react

properly with low SA and WL or high SA and WL.

Finally, task load was assumed to be equally spaced (such that the change in difficulty from

low to medium was the same as the change in difficulty from medium to high). While efforts were

made to ensure this, it is possible that there is uneven spacing in the actual task load, which would

change the effect that task load has on model performance.

Limitations that apply to both the Trust and these SA and WL models will further be

discussed in Chapter 5.

This chapter fulfills research objective two of creating a model that. Additionally, it further

supports hypothesis one and supports hypothesis two.



Chapter 5: Conclusion

This research developed models for trust, as well as situation awareness and workload si-

multaneously, from a variety of predictor variables. As more categories of predictor variables were

available, the performance and predictive capabilities of the model improved, supporting the first

hypothesis that multimodal models will improve performance. Without the use of demographics,

models containing both embedded and physiological measures outperformed the unimodal models;

when demographics were included performances converged. Additionally, simultaneously fitting

allowed for more parsimonious models, supporting the second hypothesis.

Models with interactions were found to slightly improve fit, but cost model parsimony and

required more sensors which may not be worth the operational encumbrance and overhead. In

addition, the interaction models were not as stable compared to the without interaction models

when using the LASSO algorithm, suggesting that in future application these models may not be

as robust as the non-interaction algorithms

One aspect that remains unknown is the degree to which these models transfer to other tasks.

Many embedded and observable metrics were specific to this task. However, corollary metrics from

new tasks could be identified. The exact coefficients and included metrics may be different for other

experimental designs. Additionally, there is a limited number of embedded measures used for this

task, other measures may provide better correlation with cognitive states (especially for SA) and

can be included in future models. While model transferability is an issue across the literature [26],

the methods identified here inform the importance of multi-modal data across a broad range of

operational outcomes.

In addition, the dependence of HRV metrics on timescale means that these exact models

could not be used for future experiments due to differing timescales; but these are able provide

background on what metrics are important to take and use for future human-autonomy teaming

systems. Not all HRV metrics were used due to the shorter timescales [48], but one benefit of this

short timescale is that changes can be identified quicker allowing for a better estimation of state

dynamics.
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5.1 Limitations

There are some limitations that are the same for all the models created, beyond what was

discussed in Chapters 3 and 4.

The models treated the data as 180 independent trials, even though there was a limited sample

size of 15 subjects. The data is not likely completely independent, as there may be dependencies

from learning effects. While we attempted to mitigate this through pre-experiment training, it

cannot be certain these effects were not present. Additionally, this experiment occurred over a

short duration of time so some of the results may be influenced by habituation versus actual

response. It was noted that heart rate decreased throughout the experiment, even though the

task load order was randomized. The physiological measures are also not compared to a subject’s

baseline value. While this was done to enable future work for real-time modeling for an unknown

operator, the differences in subject’s natural values could influence what variables were selected as

being important. The models also do not account for temporal dynamics completely. While efforts

were made to include aspects (such as number of trials or previous number of arcs), these may not

fully capture the complete time dynamics.

5.2 Future Work

As human-autonomy teaming becomes more prevalent, there becomes a need to be able to

unobtrusively measure the human operator’s cognitive states. This research has developed models

for predicting situation awareness and workload simultaneously using embedded measures, physi-

ological based measures, as well as observable information. While these models are not generated

in real-time, they provide insight into what metrics are most important to collect for future exper-

iments. Additionally, these future experiments can inform on the generalizability of these models

if similar metrics and parameters are chosen. They also highlight the limitations in physiological

and embedded measures alone for modeling cognitive states.

In addition, future work should consider including trust into the same model as situation
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awareness and workload. This will enable similar analysis to be done about the possible interaction

between the embedded measures of different cognitive states, as well as enable greater understanding

of how the cognitive states may be influenced by each other.

This work has shown that multimodal fitting is important, especially when demographic

information may not be available. Other physiological signals such as EDA, respiration variability,

and neurological measures have been shown to have high correlation with cognitive states [15, 18,

74–79], but no cross analysis including these multimodal streams have been done. Future work can

consider these additional measures in generating models.

5.3 Summary

Per the research objects described previously the following aims were met:

• Developed a model to predict operator’s trust based on unobtrusive physiological and em-

bedded measures

• Developed a model to simultaneously predict an operator’s situation awareness and mental

workload based on unobtrusive physiological and embedded measures

These were done using the developed LASSO-based algorithm. The results supported hy-

pothesis one that the inclusion of both physiological and embedded measures improves model

performance and hypothesis two that simultaneously fitting allows for more parsimonious models.

Both embedded measures and physiological measures were found to be important, however, alone

they could not accurately predict cognitive states. When combined with observable information and

demographics, models were able to describe and predict operator states during human-autonomy

teaming. Additionally, simultaneous fitting of SA and WL results in more parsimonious models

as compared to two independently fit models. These can be applied to future human-autonomy

teaming problems.
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Appendix A: Model Generation Exploration

Before settling upon the LASSO procedure for the with interaction models that was describe

in Ch. 2 (Fig. 2.7), we explored different pathways of running relaxed LASSO to reduce the

overfitting issue.

The general flow for the model exploration done is in Fig. A.1. For each model type, all

possible interactions were generated between the available measures. These interactions and the

base terms are fed into LASSO. For each of the runs, four models were selected corresponding to:

minimum lambda, 1SE lambda, minimum lambda for relaxed LASSO, and 1SE lambda for relaxed

LASSO. This was repeated 50 times resulting in 200 models. From these 200 different models,

the data was further downselected into three different options: one that contained any variable

that showed up at least once in the 200 models, one that contained variables that showed up in

one-third of the 200 models, and finally one that contained variables that showed up in one-third

of the unique models. The unique models considered that LASSO often selects the same models

on different runs; by only considering these it eliminates the bias of variables that in a commonly

selected model having a higher chance of being selected again. From each of the three downselected

options of predictor variables, LASSO was once again run 50 times, and the same 4 equations were

selected.

All together this procedure resulted in 800 models. From these, the unique equations were

identified and an OLS was performed to get the coefficients. Finally, their accuracy and predictive

capabilities were assessed, and the best model was chosen.
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Base terms

Interactions

LASSO x50 
-λ min

- λ 1se
-λ min relax

- λ 1se relax

Any term that 
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the LASSO models
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Identify 
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LASSO x50 
-λ min

- λ 1se
-λ min relax

- λ 1se relax

LASSO x50 
-λ min

- λ 1se
-λ min relax

- λ 1se relax

LASSO x50 
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- λ 1se
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Figure A.1: Flowchart showing the exploratory LASSO based methods used to avoid the issue of
overfitting when dealing with interactions

While running this on test data, it was discovered that the best equations were constantly

being selected from the results of relaxed LASSO, eliminating the need to run a standard LASSO.

In addition, during the second iteration of LASSO, the same equations often showed up in all three

model types, and the best equations were all included in the run that included any term. As this

was already a small subset of variables, LASSO was able to choose the ones that contributed most

to the model and did not need the further downselection done by using the 1/3 criteria. This led to

the elimination of these two blocks. Finally, from the second LASSO run through, the best models

were always at the 1SE location (as opposed to min)



Appendix B: Additional Trust Models

This appendix includes the coefficients and performance for the trust model with interactions.

It also contains the coefficients, performance, and percentage of terms from a certain category for the

comparison models. The comparison models include the unimodal embedded measures (UM-EM),

unimodal physiological measures (UM-phys), and the models generated to compare the LASSO to

stepwise algorithm.

B.1 With Interactions Models

This is the final model for the multimodal trust with interactions.
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Table B.1: Coefficients and Performance for Trust with Interactions

Predictor
Model Type

1 2 3

C
o
effi

ci
en
ts

(Intercept) 64.65 * 56.03 * 19.00 *
RSP Rate Before: RSP Amp diff. -0.16 * -0.15 *

HR before: % of time on Rec. Screen -1.14e-3 -2.50e-3
HR Ratio: Time to Lock In -4.03 * -3.02 * -0.72

RSP Rate Before: % of Looks on Rec. Screen -0.13
RSP Rate Before: % of Time on Rec. Screen 6.73e-3 6.52e-3

RSP Amp Ratio: Time to Lock In 1.59 * 1.21 * -0.49
RSP Amp Ratio: % of Looks on Throttle Input -17.47 *

HR RMSSD Before: Prev. Num. of Arcs 6.30e-2
HR RMSSD After:Prev. Num. of Arcs 0.29 * 3.59e-2

Pupil Diameter Ratio: Prev. Num. of Arcs -1.87
HR Before: AICP 9.23e-3

RSP Amp Before: Sleep Rating 0.14
% of Looks on Rec. Screen: % of Time on Rec. Screen 0.38 0.63 *

Num. of Looks on Rec Screen: Expectation 20.48 * 15.15
% of Time on Rec. Screen: Expectation 0.48

% of Time on Rec. Screen: Prev. Num. of Arcs 4.82e-2
% of Time on Rec. Screen: Sleep Rating 9.47e-2

% of Time on Rec. Screen: AICP -1.80e-3
Prev. Num. of Arcs: Sex 23.44 *

Age: AICP 4.35e-2 *
Hours of Sleep: AICP 5.94e-2

PVT:AICP 2.85e-3

P
er
fo
rm

an
ce

Adjusted R2 0.36 0.46 0.72
RMSE 11.79 10.83 7.77

Q2 by subject 0.23 0.39 0.68
RMSE by subject 13.54 12.06 8.80

Q2 by trial 0.34 0.44 0.71
RMSE by trial 12.02 11.12 8.03

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05

B.2 Comparison Models

This section contains all the comparison models, including unimodal with embedded mea-

sures, and unimodal using physiological measures. This includes both the interaction and without

interaction models.
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B.2.1 Unimodal Embedded Measures

The unimodal embedded measure models did not have any physiological metrics available

to them. However, the other metrics (like observable, or demographics) were available during the

appropriate model type.

B.2.1.1 Without Interactions Models

Table B.2: Coefficients and Performance for Trust using only Embedded Metrics without
Interactions

Predictor
Model Type

1 2 3

C
o
effi

ci
en
ts

(Intercept) 54.12 * 46.14 * -1.22
Time to Lock In -2.64 * -1.71 * -1.34 *

% of Looks on Rec. Screen 5.49 22.99 *
% of Time on Rec. Screen 0.35 * 0.24 * 0.15 *

% of Looks on Throttle Input -9.64
% of Time on Analog Gauge 0.15

% of Looks btw Analog Gauge and Throttle Input -16.87
Expectation 41.58 * 46.34 *

Previous Number of Arcs 9.64 * 6.52 *
Age 0.74 *

Sleep Rating 3.88 *
AICP 2.67 *

P
er
fo
rm

an
ce

Adjusted R2 0.27 0.38 0.66
RMSE 12.62 11.58 8.61

Q2 by subject 0.12 0.29 0.65
RMSE by subject 14.50 13.05 9.18

Q2 by trial 0.24 0.36 0.63
RMSE by trial 12.94 11.84 8.94

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table B.3: Breakdown of Metrics for Trust using Embedded Metrics without Interactions

Metric
Model Type
1 2 3

% ECG based
% RSP based

% Eye based (phys)
% EM 16.7 20.0 14.3

% Gaze (EM) 83.3 40.0 14.3
% Observable 40.0 28.6
% Demographic 42.9

Number of Predictors 6 5 7
Number of Sensors 1 1 1

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

B.2.1.2 With Interactions Models

Table B.4: Coefficients and Performance for Trust using only Embedded Metrics with Interactions

Predictor
Model Type

1 2 3

C
o
effi

ci
en
ts

(Intercept) 60.02 * 57.88 * 23.12 *
Time to Lock In -0.26 -1.71 *

Previous Number of Arcs 8.66
Time to Lock In :

Num. of Looks on Analog Gauge
1.24e-2

Time to Lock In % of Looks on Analog Gauge -5.09 -2.34
Time to Lock In :% of Time on Analog Gauge -6.37e-2 0.49 * -8.34e-3

% of Looks on Rec. Screen:
% of Time on Rec. Screen

% of Time on Rec. Screen:
% of Time on Analog Gauge

5.39e-3

% of Looks on Analog Gauge:
% of Time on Rec. Screen

0.52

Num. of Looks on Throttle Input:
% of Looks on Throttle Input

-16.00

% of Looks on Throttle Input:
% of Time on Throttle Input

-0.26

% of Looks on Throttle Input:
% of Looks btw. Analog Gauge and Throttle Input

-38.70 -70.01 *

Num. of Looks on PFD:
Num of Looks btw. Analog Gauge and Throttle Input

-4.93

C
o
effi

ci
en
ts

Num of Looks from Analog Gauge to PFD:
Num. of Looks from Throttle Input to Analog Gauge

6.01
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Continuation of Tab B.4

Num of Looks from Analog Gauge to PFD:
Num. of Looks btw. Analog Gauge and Throttle Input

2.60

% of Looks from Throttle Input to Analog Gauge:
% of Looks btw. Analog Gauge and Throttle Input

-122.86 *

Num. of Looks on Rec Screen: Expectation 24.75 * -30.27
% of Time on Rec. Screen: Expectation 1.27

% of Looks on PFD: Expectation 283.60 *
Num of Looks between PFD and Analog Gauge:

Expectation
19.39

% of Time on Rec. Screen: Prev. Num. of Arcs 0.03
Time to Lock In : Sex 0.13

% of Time on Rec. Screen: Sleep Rating 8.40e-2 *
% of Looks from Throttle Input to Analog Gauge: Sex -4.66
% of Looks from Throttle Input to Analog Gauge:

Robot User
-19.95

% of Looks btw. PFD and Analog Gauge: AICP 0.22
Prev. Num of Arcs:e Number of Trials 0.49 *

Prev. Num. of Arcs: Sex 25.73 *
Number of Trials : Sex -0.60 *

Age: AICP 5.59e-2 *
Hours of Sleep: AICP 6.78e-2

PVT: AICP 3.14e-3 *

P
er
fo
rm

an
ce

Adjusted R2 0.33 0.42 0.76
RMSE 12.10 11.23 7.27

Q2 by subject 0.20 0.32 0.68
RMSE by subject 13.79 12.74 8.72

Q2 by trial 0.29 0.40 0.72
RMSE by trial 12.43 11.48 7.81

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table B.5: Percentage of predictors in a certain category for Trust using Embedded Metrics with

Interactions

Metric
Model Type
1 2 3

% ECG based
% RSP based

% Eye based (phys)
% EM 8.7 10.0 11.1

% Gaze (EM) 91.3 60.0 30.6
% Observable 30.0 22.2
% Demographic 36.1

Number of Predictors 12 6 18
Number of Sensors 1 1 1

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

B.2.2 Unimodal Physiological Measures

The unimodal physiological measure models did not have any embedded metrics available

to them. However, the other metrics (like observable, or demographics) were available during the

appropriate model type.
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B.2.2.1 Without Interactions Models

Table B.6: Coefficients and Performance for Trust using only Physiological Sensors without
Interactions

Predictor
Model Type

1 2 3
C
o
effi

ci
en
ts

(Intercept) 56.59 * 53.55 * -18.39 *
HR Before 0.18 *

RSP Amp Diff. -2.69 * -1.84 * -0.73
Expectation 50.26 * 54.66 *

Previous Number of Arcs 9.78 * 4.81 *
Age 0.55 *

Sleep Rating 5.41 *
AICP 2.89 *

P
er
fo
rm

an
ce

Adjusted R2 0.11 0.28 0.64
RMSE 13.92 12.54 8.80

Q2 by subject 0.04 0.24 0.62
RMSE by subject 15.17 13.43 9.56

Q2 by trial 0.11 0.26 0.62
RMSE by trial 13.99 12.74 9.07

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table B.7: Percentage of predictors in a certain category for Trust using Physiological Sensors

without Interactions

Metric
Model Type
1 2 3

% ECG based 0.0 0.0 14.3
% RSP based 100.0 33.3 14.3

% Eye based (phys) 0.0 0.0 0.0
% EM

% Gaze (EM)
% Observable 66.7 28.6
% Demographic 42.9

Number of Predictors 1 3 7
Number of Sensors 1 1 2

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
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B.2.2.2 With Interactions Models

Table B.8: Coefficients and Performance for Trust using only Physiological Sensors with
Interactions

Predictor
Model Type

1 2 3

C
o
effi

ci
en
ts

(Intercept) 56.20 * 53.35 * 8.69 *
Number of Arcs -0.43

RSP Rate Before:RSP Amp diff. -0.14 * -0.11 *
HRV RMSSD Before:Expectation 1.21 *
HR Ratio:Prev. Num. of Arcs 4.82

HR RMSSD After:Prev. Num. of Arcs 0.18 9.42e-2
Pupil Diameter Ratio:Prev. Num. of Arcs -0.61

HR Before:AICP 5.50e-3
RSP Amp Before:Sleep Rating 0.47 *

Expectation:PVT 0.22 *
Prev. Num. of Arcs:Sex 24.68 *

Age:AICP 3.42e-2 *
Hours of Sleep:AICP 0.18 *

PVT:AICP 3.22e-3 *

P
er
fo
rm

an
ce

Adjusted R2 0.14 0.29 0.70
RMSE 13.71 12.41 8.14

Q2 by subject 0.07 0.27 0.66
RMSE by subject 14.93 13.23 9.01

Q2 by trial 0.14 0.28 0.68
RMSE by trial 13.76 12.55 8.34

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table B.9: Percentage of predictors in a certain category for Trust using Physiological Sensors

with Interactions

Metric
Model Type
1 2 3

% ECG based 0.0 27.3 12.5
% RSP based 100.0 18.2 6.3

% Eye based (phys) 0.0 9.1 0.0
% EM

% Gaze (EM)
% Observable 45.5 18.8
% Demographic 62.5

Number of Predictors 1 6 8
Number of Sensors 1 3 2

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

B.2.3 LASSO and Stepwise Comparisons

These models were created given the same initial predictor variables. The stepwise models

are from Kintz [26].
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B.2.3.1 LASSO

Table B.10: Coefficients and Performance for Trust using LASSO for a LASSO Stepwise
comparison

Predictor
Model Type

1 2 3
C
o
ef
.

(Intercept) 67.23 * 53.99 * 16.24 *
Time to Lock In -2.06 *

Previous Number of Arcs 12.21 * 10.31 *
AICP 2.92 *

P
er
fo
rm

an
ce

Adjusted R2 0.08 0.18 0.48
RMSE 14.13 13.34 10.61

Q2 by subject -0.02 0.19 0.49
RMSE by subject 15.59 13.89 11.08

Q2 by trial 0.07 0.18 0.48
RMSE by trial 14.26 13.37 10.72

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05

Table B.11: Percentage of predictors in a certain category for Trust using LASSO for a LASSO
Stepwise comparison

Metric
Model Type
1 2 3

% ECG based
% RSP based

% Eye based (phys)
% EM 100.0 0.0 0.0

% Gaze (EM)
% Observable 100.0 50.0
% Demographic 50.0

Number of Predictors 1 1 1
Number of Sensors 0 0 0

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
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B.2.3.2 Stepwise

Table B.12: Coefficients and Performance for Trust using the Stepwise Model [26]

Predictor
Model Type

1 2 3

C
o
effi

ci
en
ts

(Intercept) 67.23 * 72.89 * 30.01 *
Time to Lock In -2.06 * -3.21 * -1.61 *
Expectation 38.24 * 294.37 *

Previous Number of Arcs 12.60 * 41.06 *
Number of Trials -1.98 * -2.56 *

AICP 2.64 *
Time to Lock In :Expectation -9.64 *

Time to Lock In :Num. of Trials 0.27
Time to Lock In :Prev. Num. of Arcs 3.03 *
Expectation :Prev. Num. of Arcs -54.94

Expectation :AICP -13.55 *
Prev. Num. of Arcs:AICP -3.12 *

Num. of Trials:AICP 0.15

P
er
fo
rm

an
ce

Adjusted R2 0.08 0.30 0.65
RMSE 14.13 12.37 8.79

Q2 by subject -0.02 0.17 0.48
RMSE by subject 15.59 14.03 11.15

Q2 by trial 0.07 0.26 0.55
RMSE by trial 14.26 12.75 9.97

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table B.13: Percentage of predictors in a certain category for Trust using the Stepwise Model [26]

Metric
Model Type
1 2 3

% ECG based
% RSP based

% Eye based (phys)
% EM 100.0 28.6 17.6

% Gaze (EM)
% Observable 71.4 58.8
% Demographic 23.5

Number of Predictors 1 5 11
Number of Sensors 0 0 0

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

B.3 Additional Comparison Plots

B.3.1 Q2 by Trial

(a) Comparison of trust models without
interaction on the basis of Q2 by trial

(b) Comparison of trust models with interaction
on the basis of Q2 by trial

Figure B.1: Q2 by trial comparisons
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B.3.2 Number of Predictors and Sensors

Figure B.2: The comparison of trust models without interactions to other similar models. The
x-axis is the number of sensors required (of ECG, RSP, EYE) and the y axis is the number of

predictors in the models.

Figure B.3: The comparison of trust models with interactions to other similar models. The x-axis
is the number of sensors required (of ECG, RSP, EYE) and the y axis is the number of predictors

in the models.



Appendix C: Additional Situation Awareness and Workload Models

This appendix includes the coefficients and performance for the SA and WL model with

interactions. It also contains the coefficients, performance, and percentage of terms from a cer-

tain category for the comparison models. The comparison models include the unimodal simultane-

ously fit with embedded measures (UMSF-EM), unimodal simultaneously fit physiological measures

(UMSF-phys), multimodal independently fit to SA (MMIF-SA), and multimodal independently fit

to WL (MMIF-WL)

C.1 With Interactions Models

These are the models for multimodal simultaneously fit SA and WL with interactions.

Table C.1: Coefficients and Performance for SA and WL models with Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 10.16 * 6.88 * 28.12 * 3.06 * 12.41 * 2.97 *
RSP Rate 0.45 * -7.64e-2 *

Joystick Input -4.77e-3 * 2.27e-3 *
RSP Rate:

% Callouts Made
3.97e-3 * -8.96e-4 * 8.03e-4 -6.07e-4 *

HRV MeanNN:
Lighting %

-4.44e-5 2.38e-5

HRV SDNN:
Lighting %

-8.66e-4 2.54e-4

HRV MeanNN:
Joystick input

-4.47e-6 2.94e-6 *

HRV SDNN:
Joystick Input

-7.20e-5 1.82e-6

HRV MeanNN:
RMS track. err.

-1.26e-2 * 4.08e-3 *

HR:
Task load

-3.25e-3 -8.51e-3

HRV CVNN:
Task load

-10.19 7.36

HRV pNN20:
Task load

-3.46e-2 1.04e-2 2.13e-3 1.28e-2

RSP Rate:
Number of Trials

1.21e-2 * -2.20e-3

RSP Rate:
Display Skill

3.13e-2 2.93e-2
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Continuation of Tab C.1
C
o
effi

ci
en
ts

Mean Pupil Dia.:
Display Skill

0.20 -0.24 *

Lighting % :
Joystick Input

-1.74e-5 -1.03e-5

RMS Track. err:
Age

4.94e-2 0.12 *

Task load :
Hours of Sleep

-0.39 * -9.40e-2

Task load :
Sleep Rating

-0.24 0.39 *

Num. of Trials:
Display Skill

4.88e-2 -4.90e-3

Age:
Hour of Sleep

3.67e-3 1.85e-2 *

Age : PVT 9.47e-4 * 1.83e-4
Hours of Sleep:

PVT
1.04e-3 -1.22e-3 *

P
er
fo
rm

an
ce

Adjusted R2 0.25 0.23 0.50 0.39 0.68 0.59
RMSE 5.45 1.70 4.46 1.51 3.58 1.24

Q2 by subject 0.17 0.15 0.46 0.31 0.56 0.44
RMSE by subject 5.81 1.82 4.68 1.64 4.24 1.48

Q2 by trial 0.24 0.21 0.49 0.37 0.65 0.55
RMSE by trial 5.50 1.72 4.53 1.54 3.71 1.30

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05

C.2 Comparison Models

This section contains all the comparison models, including unimodal simultaneously fit with

embedded measures, unimodal simultaneously fit using physiological measures, multimodal inde-

pendently fit to SA, and multimodal independently fit to WL. This includes both the interaction

and non interaction models.
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C.2.1 Multimodal Independently Fit - Situation Awareness

These models were fit with all the predictor terms available, but only to SA. The WL portion

is calculated from the given SA predictors for comparison purposes.

C.2.1.1 Without Interactions Models

Table C.2: Coefficients and Performance for SA and WL models Independently fit to SA without
Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 4.30 7.86 * 6.36 2.93 * 4.46 0.94
RSP Rate 0.69 * -0.14 * 0.45 -4.65e-2 8.17e-2 4.09e-3

HR 7.23e-2 * 1.19e-2 6.37e-2 2.26e-2
HRV SDNN -6.66e-2 * 6.97e-3

% Callouts made 9.18e-2 * -1.71e-2 * 4.31e-2 * -1.12e-3
Lighting % -6.80e-2 * 3.28e-2 * -2.54e-2 2.04e-2

Joystick Input -2.59e-3 1.71e-3 * -8.33e-3 * 2.40e-3 *
RMS Tracking Error -5.85 * 2.50 *

Task load -3.37 * 0.31 -2.88 * 0.61 *
Number of Trials 0.32 * -3.57e-2 0.37 * -5.30e-2

Age 0.18 0.15 *
Sex -1.69 * 0.23

Display Skill 2.01 * -0.71 *
Hours of Sleep 0.56 6.21e-2

PVT 2.29e-2 -9.17e-3

P
er
fo
rm

a
n
ce

Adjusted R2 0.24 0.26 0.57 0.48 0.67 0.54
RMSE 5.48 1.67 4.11 1.40 3.62 1.31

Q2 by subject 0.16 0.22 0.45 0.32 0.53 0.21
RMSE by subject 5.84 1.75 4.72 1.63 4.39 1.75

Q2 by trial 0.23 0.25 0.55 0.46 0.65 0.51
RMSE by trial 5.54 1.69 4.21 1.43 3.73 1.35

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table C.3: Percentage of predictors in a certain category for SA and WL Independently fit to SA

without Interactions

Metric
Model Type
1 2 3

% ECG based 0.0 12.5 18.2
% RSP based 33.3 12.5 9.1

% Eye based (phys) 0.0 0.0 0.0
% EM 66.7 25.0 0.0

% Observable 50.0 27.3
% Demographic 45.5

Number of Predictors 3 8 11
Number of Sensors 1 2 2

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

C.2.1.2 With Interactions Models

Table C.4: Coefficients and Performance for SA and WL models Independently fit to SA with
Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) -552.15 * 138.78 16.36 * 3.42 * 13.67 * 2.88 *
RSP Rate 0.39 * -6.77e-2 0.24 * 2.36e-2

Joystick Input 5.24e-3 6.24e-3 * 6.06e-3 5.19e-3 *
HR :

HRV MeanNN
8.45e-3 -2.12e-3

HR:
HRV MedianNN

9.31e-4 -8.16e-5

RSP Rate:
% Callouts Made

4.15e-3 * -9.41e-4 * 1.90e-3 * -2.51e-4 1.19e-3 -3.88e-4

HRV MeanNN:
Lighting %

-5.61e-5 2.29e-5 -1.09e-5 -6.02e-6 *

HRV SDNN:
Lighting %

-5.24e-4 2.39e-4

HRV MeanNN:
Joystick input

-9.04e-3 * 3.76e-3 * -1.79e-5 * -4.39e-6

HRV MeanNN:
RMS track. err.

1.13e-3 2.02e-3

RSP Rate:
Task load

-8.54e-2 -2.45e-2

HRV CVNN:
Task load

-16.05 -0.10 -14.30 3.84
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Continuation of Tab C.4
C
o
effi

ci
en
ts

HRV pNN20:
Task load

-1.08e-2 1.99e-2 * 9.23e-3 2.20e-2 *

RSP Rate:
Number of Trials

1.52e-2 * -1.71e-3

RSP Rate:
Display Skill

0.14 * 3.38e-2

Task load :
Hours of Sleep

-0.37 -0.11

Num. of Trials:
Display Skill

0.23 * -1.71e-2

Age:
Display Skill

-4.04e-2 4.04e-2 *

Age : PVT 1.31e-3 * 3.35e-4 *
Display Skill:

PVT
-5.01e-3 -8.88e-3 *

P
er
fo
rm

an
ce

Adjusted R2 0.11 0.21 0.51 0.45 0.66 0.59
RMSE 5.94 1.72 4.41 1.44 3.68 1.24

Q2 by subject 0.04 0.19 0.44 0.38 0.53 0.48
RMSE by subject 6.25 1.77 4.76 1.56 4.36 1.42

Q2 by trial 0.10 0.20 0.49 0.43 0.64 0.57
RMSE by trial 5.98 1.73 4.53 1.46 3.77 1.27

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05

Table C.5: Percentage of predictors in a certain category for SA and WL Independently fit to SA
with Interactions

Metric
Model Type
1 2 3

% ECG based 54.5 25.0 17.4
% RSP based 18.2 25.0 8.7

% Eye based (phys) 0.0 0.0 0.0
% EM 27.3 6.3 4.3

% Observable 43.8 30.4
% Demographic 39.1

Number of Predictors 2 6 9
Number of Sensors 2 2 2

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
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C.2.2 Multimodal Independently Fit - Workload

These models were fit with all the predictor terms available, but only to WL. The SA portion

is calculated from the given SA predictors for comparison purposes.

C.2.2.1 Without Interactions Models

Table C.6: Coefficients and Performance for SA and WL models Independently fit to WL without
Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 1.64 5.51 * 31.60 * 2.12 * 7.41 3.12 *
RSP Rate 0.70 * -0.13 *

HR 2.93e-2 2.58e-2 *
% Callouts made 9.39e-2 * -1.53e-2 *

Lighting % -6.94e-2 * 3.15e-2 * -1.71e-2 1.94e-2 * -2.37e-2 9.77e-3 *
Joystick Input -1.02e-2 * 2.41e-3 -9.49e-3 * 1.50e-3 *

RMS Tracking Error -9.56 * 3.01 0.33 1.90 *
Task load -2.22 * 0.53 *

Number of Trials
Age 0.43 * 0.13 *

Display Skill 2.15 * -0.39 *
PVT 4.55e-2 * -5.90e-3

Handedness -3.86 * -1.11 *

P
er
fo
rm

an
ce

Adjusted R2 0.24 0.27 0.45 0.47 0.63 0.57
RMSE 5.49 1.65 4.65 1.40 3.83 1.27

Q2 by subject 0.09 0.19 0.37 0.44 0.51 0.47
RMSE by subject 6.09 1.78 5.06 1.48 4.49 1.43

Q2 by trial 0.22 0.25 0.43 0.46 0.62 0.55
RMSE by trial 5.57 1.68 4.75 1.42 3.91 1.30

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table C.7: Percentage of predictors in a certain category for SA and WL Independently fit to WL

without Interactions

Metric
Model Type
1 2 3

% ECG based 25.0 0.0 0.0
% RSP based 25.0 0.0 0.0

% Eye based (phys) 0.0 0.0 0.0
% EM 50.0 33.3 12.5

% Observable 66.7 37.5
% Demographic 50.0

Number of Predictors 4 3 8
Number of Sensors 2 0 0

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

C.2.2.2 With Interactions Models

Table C.8: Coefficients and Performance for SA and WL models Independently fit to WL with
Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 8.44 * 7.18 * 26.27 * 2.98 * 19.79 * 4.23 *
Lighting % -0.37 * 4.82e-2 -1.49e-2 1.88e-2 *

Age 0.19 0.12 *
RSP Rate:
HRV MeanNN

6.54e-4 * -1.36e-4 *

RSP Amp:
HRV pNN20

-8.41e-3 1.96e-3

RSP Amp:
HRV pNN50

-2.07e-3 9.14e-3 *

RSP Rate
% Callouts made

5.02e-3 * -4.90e-4

HRV RMSSD:
% Callouts made

-0.35 * 7.77e-2

HRV SDSD:
% Callouts made

0.35 * -7.74e-2

HR:
Lighting %

3.83e-3 * -3.03e-4

HRV IQRNN:
Lighting %

-2.02e-4 1.44e-4

HR:
Joystick Input

-2.91e-5 1.57e-5 -8.56e-5 * 6.19e-6
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Continuation of Tab C.8
C
o
effi

ci
en
ts

HR:
RMS Track. Err.

-5.21e-2 2.19e-2

HRV IQRNN:
Task load

-8.03e-3 1.92e-3

HRV pNN50:
Task load

4.18e-2 1.65e-2 1.92e-2 3.05e-3

HRV pNN20:
Task load

-7.13e-2 * 2.27e-3

Mean Pupil Dia.:
Number of Trials

0.12 * -2.01e-2

RSP Amp: Video
Games Rating
HRV CVSD:

PVT
HRV HTI:

PVT
% Callouts made:

PVT
2.34e-5 -4.86e-5 *

Lighting %:
Video Games

Rating
-1.10e-2 7.59e-3 *

Lighting %:
Age

8.29e-4 -3.16e-4

Joystick Input :
RMS Track. Err.

-1.40e-3 5.98e-4 2.24e-3 2.47e-3

RMS Track. Err.:
Age

-0.28 -1.69e-2

Task load:
Video Games

Rating
-0.80 * 0.21 *

Task load:
Sleep Rating

-1.45 * 0.35 *

Number of Trials:
Handedness

-0.34 2.76e-2

Display Skill:
Video Games

Rating
-0.51 -0.32 *

Display Skill :
PVT

1.42e-2 * 7.11e-4

PVT:
Handedness

-3.67e-3 -6.58e-3 *
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Continuation of Tab C.8
P
er
fo
rm

a
n
ce

Adjusted R2 0.30 0.28 0.47 0.48 0.62 0.65
RMSE 5.28 1.65 4.58 1.39 3.88 1.15

Q2 by subject 0.22 0.14 0.36 0.34 -0.18 0.52
RMSE by subject 5.63 1.83 5.10 1.60 6.93 1.36

Q2 by trial 0.27 0.25 0.45 0.46 0.59 0.60
RMSE by trial 5.38 1.68 4.68 1.43 4.06 1.22

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05

Table C.9: Percentage of predictors in a certain category for SA and WL Independently fit to WL
with Interactions

Metric
Model Type
1 2 3

% ECG based 38.5 38.5 12.1
% RSP based 15.4 0.0 6.1

% Eye based (phys) 0.0 0.0 3.0
% EM 46.2 7.7 9.1

% Observable 53.1 27.3
% Demographic 42.4

Number of Predictors 7 7 17
Number of Sensors 2 1 3

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

C.2.3 Unimodal Simultaneously Fit - Embedded Measures

The unimodal simultaneously fit embedded measure models did not have any physiological

metrics available to them. However, the other metrics (like observable, or demographics) were

available during the appropriate model type. It was fit to both SA and WL together.
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C.2.3.1 Without Interactions Models

Table C.10: Coefficients and Performance for SA and WL models using only Embedded Measures
without Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 25.47 * 3.77 * 26.19 * 2.60 * 3.31 0.72
Lighting % -6.24e-2 * 3.14e-2 * -8.40e-3 1.85e-2 *

Joystick Input -4.78e-3 * 2.09e-3 * -7.15e-3 * 2.06e-3 *
RMS Tracking Error -7.38 * 2.89 * 1.58 2.55 *

Task load -2.89 * 0.18 -3.46 * 0.42 *
Number of Trials 0.31 * -4.40e-2 0.32 * -6.29e-2 *

Age 0.30 * 0.17 *
Display Skill 1.94 * -0.67 *
Hours of Sleep 0.41 0.18

PVT 3.11e-2 * -6.90e-3 *

P
er
fo
rm

an
ce

Adjusted R2 0.07 0.19 0.51 0.47 0.64 0.57
RMSE 6.08 1.74 4.40 1.40 3.77 1.27

Q2 by subject 0.04 0.18 0.45 0.40 0.54 0.46
RMSE by subject 6.24 1.79 4.73 1.53 4.32 1.45

Q2 by trial 0.06 0.19 0.49 0.46 0.63 0.55
RMSE by trial 6.11 1.75 4.49 1.43 3.85 1.30

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table C.11: Percentage of predictors in a certain category for SA and WL using only Embedded

Measures without Interactions

Metric
Model Type
1 2 3

% ECG based
% RSP based

% Eye based (phys)
% EM 100.0 20.0 0.0

% Observable 80.0 50.0
% Demographic 50.0

Number of Predictors 1 5 8
Number of Sensors 0 0 0

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
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C.2.3.2 With Interactions Models

Table C.12: Coefficients and Performance for SA and WL models using only Embedded Measures
with Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 18.63 * 6.16 * 25.78 * 3.42 * 15.24 * 1.54 *
% Callouts made 0.10 * -3.42e-2 *
Joystick Input -4.16e-3 9.98e-4 -6.21e-3 * 1.67e-3 *
RMS Tracking

Error
-7.57 * 3.00 * 1.25 2.55 *

Task load -2.16 -0.32
Number of Trials 0.31 * -5.41e-2
% Callouts made
: Lighting %

-8.56e-4 * 4.54e-4 *

Lighting % :
Joystick Input

-1.14e-5 2.49e-5 *

% Callouts made:
Task load

-1.20e-2 8.69e-3

Task load :
Hours of Sleep

-0.49 * 7.03e-2 *

Num. of Trials:
Display Skill

0.18 * -2.63e-2

Age:
Display Skill

0.34 * -0.15 *

Age:
Hour of Sleep

-7.32e-2 * 5.44e-2 *

Age : PVT 1.60e-3 * -1.37e-4
Display Skill:

PVT
-2.57e-2 * 1.06e-2 *

Hours of Sleep:
PVT

5.45e-3 * -3.14e-3 *

P
er
fo
rm

a
n
ce

Adjusted R2 0.11 0.21 0.51 0.45 0.66 0.59
RMSE 5.94 1.72 4.41 1.44 3.68 1.24

Q2 by subject 0.04 0.19 0.44 0.38 0.53 0.48
RMSE by subject 6.25 1.77 4.76 1.56 4.36 1.42

Q2 by trial 0.10 0.20 0.49 0.43 0.64 0.57
RMSE by trial 5.98 1.73 4.53 1.46 3.77 1.27

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table C.13: Percentage of predictors in a certain category for SA and WL using only Embedded

Measures with Interactions

Metric
Model Type
1 2 3

% ECG based
% RSP based

% Eye based (phys)
% EM 100.0 25.0 0.0

% Observable 75 25.0
% Demographic 75.0

Number of Predictors 2 6 9
Num. of Sensors 0 0 0

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

C.2.4 Unimodal Simultaneously Fit - Physiological Measures

The unimodal simultaneously fit physiological measure models did not have any embedded

measures available to them. However, the other metrics (like observable, or demographics) were

available during the appropriate model type. It was fit to both SA and WL together.
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C.2.4.1 Without Interactions Models

Table C.14: Coefficients and Performance for SA and WL Models using only Physiological
Measures without Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) 13.51 * 6.94 * 27.78 * 2.95 * 5.42 1.73
RSP Rate 0.34 * -1.73e-2 6.72e-2 5.97e-3

HRV pNN20 3.30e-2 -2.80e-2 *
Joystick Input -5.19e-3 * 2.31e-3 * -6.74e-3 * 2.04e-3 *

RMS Tracking Error -7.64 * 3.24 * 1.20 2.47 *
Task load -2.63 * 0.22 -3.53 * 0.44 *

Number of Trials 0.32 * -6.30e-2 *
Age 0.26 * 0.16 *

Display Skill 2.14 * -0.57 *
PVT 3.14e-2 * -5.80e-3

P
er
fo
rm

an
ce

Adjusted R2 0.04 0.05 0.49 0.41 0.64 0.56
RMSE 6.16 1.89 4.51 1.49 3.79 1.28

Q2 by subject 0.02 -0.11 0.45 0.35 0.53 0.45
RMSE by subject 6.32 2.08 4.74 1.59 4.37 1.47

Q2 by trial 0.04 0.04 0.47 0.40 0.62 0.54
RMSE by trial 6.20 1.90 4.58 1.51 3.87 1.31

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table C.15: Percentage of predictors in a certain category for SA and WL using only

Physiological Measures without Interactions

Metric
Model Type
1 2 3

% ECG based 50.0 0.0 0.0
% RSP based 50.0 0.0 12.5

% Eye based (phys) 0.0 0.0 0.0
% EM

% Observable 100.0 50.0
% Demographic 37.5

Number of Predictors 2 3 8
Number of Sensors 2 0 1

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

C.2.4.2 With Interactions Models

Table C.16: Coefficients and Performance for SA and WL models using only Physiological with
Interactions

Predictor
Model Type 1 Model Type 2 Model Type 3
SA WL SA WL SA WL

C
o
effi

ci
en
ts

(Intercept) -556.38 * 147.06 * 25.55 * 3.49 * 12.37 * 1.95 *
RSP Rate 0.25 * 1.85e-2 *

Joystick Input -3.79e-3 * 2.04e-3 *
RSP Rate:
HRV pNN20

1.15e-3 * -1.04e-3 *

HR :
HRV MeanNN

8.37e-3 * -2.22e-3 *

HR:
HRV MedianNN

1.17e-3 * -1.35e-4 *

RSP Amp :
Joystick Input

-7.13e-4 * 9.48e-5 *

HRV MeanNN:
Joystick input

-3.93e-6 * 3.07e-6 *

HRV SDNN:
Joystick Input

-8.50e-5 * -3.81e-6 *

HRV MeanNN:
RMS track. err.

-1.26e-2 * 3.95e-3 *

RSP Rate:
Task load

-6.28e-2 * -1.77e-2 * -0.13 * -7.71e-3 *

RSP Rate:
Number of Trials

1.73e-2 * -2.26e-3 * 1.63e-2 * -7.72e-4 *
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Continuation of Tab C.16
C
o
effi

ci
en
ts

HRV CVNN:
Task load

-12.24 * 3.69 *

HRV pNN20:
Task load

-1.99e-2 * 1.15e-2 *

RSP Rate:
Display Skill

5.01e-2 * 1.45e-2 *

Mean Pupil Dia.:
Display Skill

0.14 * -0.22 *

RMS track.err:
Age

8.05e-2 * 0.12 *

Task load :
Hours of Sleep

0.11 * -1.02e-2 *

Task load :
Sleep Rating

-0.72 * 0.48 *

Num. of Trials:
Display Skill

4.36e-2 * 2.78e-2 *

Num. of Trials:
Sleep Rating

-3.99e-2 * -6.72e-2 *

Age:
Hour of Sleep

-2.46e-4 * 2.23e-2 *

Age : PVT 1.16e-3 * -1.72e-4 *
Hours of Sleep:

PVT
1.33e-3 * -3.48e-4 *

P
er
fo
rm

an
ce

Adjusted R2 0.07 0.04 0.55 0.39 0.68 0.59
RMSE 6.07 1.90 4.25 1.51 3.54 1.24

Q2 by subject 0.00 -0.14 0.50 0.31 0.58 0.43
RMSE by subject 6.40 2.11 4.51 1.65 4.16 1.50

Q2 by trial 0.05 0.01 0.53 0.37 0.66 0.55
RMSE by trial 6.14 1.93 4.33 1.54 3.67 1.30

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment
*: p<.05
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Table C.17: Percentage of predictors in a certain category for SA and WL using only

Physiological Measures with Interactions

Metric
Model Type
1 2 3

% ECG based 71.4 27.3 6.7
% RSP based 28.6 18.2 13.3

% Eye based (phys) 0.0 0.0 3.3
% EM

% Observable 54.6 33.3
% Demographic 43.3

Number of Predictors 4 6 15
Number of Sensors 2 2 3

Note: If a predictor was not available to the LASSO algorithm that cell is darkened. If a predictor
was available, but not selected that cell is empty. Purple is physiological data, Yellow is embedded
measures, Red is observable information, and blue is participant-based information obtained before
the experiment

C.3 Additional Comparison Plots

C.3.1 Q2 by Trial

Figure C.1: The comparison of SA and WL models without interactions to other similar models
using Q2 by trial. The x-axis represents the value for SA, and the y-axis is for WL. The blue line

represents models that are equally good at SA and WL.
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Figure C.2: The comparison of SA and WL models with interactions to other similar models
using Q2 by trial. The x-axis represents the value for SA, and the y-axis is for WL. The blue line

represents models that are equally good at SA and WL.

C.3.2 Number of Predictors and Sensors

Figure C.3: The comparison of SA and WL models without interactions to other similar models.
The x-axis is the number of sensors required (of ECG, RSP, EYE) and the y axis is the number of

predictors in the models.
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Figure C.4: The comparison of SA and WL models with interactions to other similar models. The
x-axis is the number of sensors required (of ECG, RSP, EYE) and the y axis is the number of

predictors in the models.



Appendix D: Surveys

D.1 Pre-Experiment Demographics Questionnaire

 

 

Pre-Experiment Demographic Questionnaire 

      Page 1 of 1 
   

Title of research study: Space Habitat Optimized for Mission Exploration 

Investigator: Dr. Torin Clark 

 

1. Subject Number: __________________________________________________________  
 

2. Please respond to the following statement: I got adequate sleep last night. (circle one) 
 

Strongly Agree Agree  Neutral Disagree Strongly Disagree 
 

3. How many hours of sleep did you get last night? _____________________________________ 
 
4. Have you consumed alcohol in the last 6 hours? (please circle one)  Yes  /   No 

 
5. Do you have a known history of seizures? (please circle one)  Yes  /  No 

 
6. What is your handedness/which is your dominant hand? _______________________________ 

 
7. How often do you play video games? (please circle one or fill in one blank) 

 
Never  Monthly ______hrs. Weekly______hrs.  Daily______hrs. 

 
8. Do you use robotic or autonomous systems at least once per week?  Yes  /   No 

 
Please explain _________________________________________________________ 

 
9. Do you use a navigational aid (e.g., Google Maps, Waze, etc.) at least once week?  Yes  /   No 

 
10. What is your approximate level of experience with aerospace or spaceflight relevant 

information displays? (please circle one) 

 
No experience Some experience Moderate experience  Extensive experience 

 
 Please explain ____________________________________________________________ 

 



93

D.2 Post-Experiment Demographics Questionnaire

 

 

Post-Experiment Demographic Questionnaire 

      Page 1 of 1 
   

Title of research study: Space Habitat Optimized for Mission Exploration 

Investigator: Dr. Torin Clark 

 

1. Subject Number: ______________________________________________________________ 
 

2. Sex:  Female  Intersex   Male 

3. Age (in years, on today’s date): _______________ 

4. Race (“X” ONLY one with which you MOST CLOSELY identify): 

 American Indian or Alaska Native 

 Asian 

 Black or African American 

 Native Hawaiian or Other Pacific Islander 

 White 

 More than one race 

 Unknown or not reported 

5. Ethnicity (“X” ONLY one with which you MOST CLOSELY identify): 

 Hispanic or Latino 

 Not Hispanic or Latino 

 Unknown or not reported 
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D.3 Automation Induced Complacency Potential questionnaire

Monitoring score = (6 – Question 5) + Question 7 + (6 – Question 8) + Question 9 +

Question 10
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D.4 Trust in Autonomous System Survey

Score = (8 – Question 1) + (8 – Question 2) + (8 – Question 3) + (8 – Question 4) + (8 –

Question 5) + (Question 6 + Question 7 + Question 8 + Question 9 + Question 10 + Question

11 + Question 12)

 

1. The system is deceptive 

 

2. The system behaves in an underhanded manner 

 

3. I am suspicious of the system’s intent, action, or outputs 

 

4. I am wary of the system 

 

5. The system’s actions will have a harmful or injurious outcome 

 

6. I am confident in the system 

 

7. The system provides security 

 

8. The system has integrity 

 

9. The system is dependable 

 

10. The system is reliable 

 

11. I can trust the system 

 

12. I am familiar with the system 

13. Place a single mark indicating how much you relied upon the sensor and the prediction to make your setting 

during the previous trial. A mark in the middle indicates you relied on both equally. 

Voltage sensor Automated system 

voltage prediction 

(Note: not at all=1; extremely=7) 
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D.5 Situation Awareness Rating Technique

“10D SART” Score = (Question 8 + Question 9 + Question 10) – ((Question 1 + Question

2 + Question 3)) – (Question 4 + Question 5 + Question 6 + Question 7))

Instability of situation (likeliness to change suddenly) 

 

 

Variability of situation (number of variables/factors changing)  

 

 

Complexity of situation (degree of complication) 

 

 

Arousal (degree of alertness; readiness for activity) 

 

 

Spare mental capacity (mental ability available for new variables) 

 

 

Concentration (degree to which thoughts are brought to bear) 

 

 

Division of attention (distribution/spread of focus of attention) 

 

 

Information quantity (amount of knowledge received and understood) 

 

 

Information quality (goodness or value of knowledge communicated) 

 

 

Familiarity (degree of prior experience/knowledge) 

 

 

 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 

1 2 3 4 5 6 7 
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D.6 Modified Bedford Scale

Please start at the bottom left and follow the yes/no questions to yield an estimate of your mental 

workload on the previous trial. Verbally report the number and circle the number on the scale. 
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