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Situation awareness (SA) encompasses the perception, comprehension, and projection of

elements within a given situation, aligning with the three levels of SA. It plays a critical role

in driver safety, as drivers must continuously maintain awareness of dynamic road conditions,

significantly influencing tra�c crash rates associated with human error. Advanced driver

assistance systems (ADAS) are designed to enhance driving performance. However, overly

complex or ambiguous information may overwhelm drivers’ limited SA capacity. To address

this challenge, ADAS models should consider the operator’s perception and understanding

of the environment to tailor assistance e↵ectively. This dissertation proposes methods to

measure and predict driver SA, focusing on objects of interest within the scene. Initially, an

experimental approach utilizing real-world driving videos and a web-based touch recorder

was introduced to capture driver SA, which demonstrates e�cacy in capturing various levels

of driver SA. Furthermore, it was observed that drivers often rely on the memory of element

trajectories to understand or predict the location of OOIs. Subsequent analysis identified

the impacts of environmental features, object characteristics, and driver demographics on

driver SA. Incorporating these feature groups into predictive models proved reasonable, with

environmental factors such as the number of objects in the scene, scene visual complexity

and roadway type, object features such as object size and type, and driver demographics

such as gender showing significant impacts on driver SA. Next, gaze-point-based and visual

sensory-dependent features were processed from the eye-tracking data. Predictive models



incorporating di↵erent feature groups including environmental, object, and driver features,

and those extracted from the eye-tracking data were fitted and compared. Two phases of SA

were distinguished: object localization and recognition. Binary classification models were

developed and rigorously evaluated for each phase. Recognizing the impracticality of drivers

wearing eye-trackers during daily driving, an alternative for eye-tracking data, which utilizes

computer vision to estimate visual attention from forward-view driving videos was proposed.

Gaze-related features extracted from these videos demonstrated comparable performance

to those from eye-tracking data, suggesting their viability for predicting driver SA. This

insight could inform the design of ADAS systems, enabling low-cost selective assistance to

drivers and ultimately enhancing driver safety.
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Chapter 1

INTRODUCTION

Situational awareness (SA) is defined as three levels: “the perception of environmental

elements and events with respect to time or space, the comprehension of their meaning, and

the projection of their future status” [31]. For instance, in a scenario involving a pedes-

trian on a sidewalk, SA entails recognizing the pedestrian’s presence, understanding their

current actions (such as standing or preparing to cross), and predicting their forthcom-

ing movements (including trajectory and speed). These levels of SA represent progressive

stages rather than a linear sequence [33]. The SA process can follow a strictly data-driven

progression from perception to comprehension to projection. Alternatively, it may be influ-

enced by individuals’ goals and current understanding, prompting them to seek additional

information to confirm or challenge their assessments.

SA holds significant importance for Advanced Driver Assistance Systems (ADAS), which

rely on understanding driver perception to o↵er selective assistance. ADAS encompasses in-

vehicle technologies like forward collision warning systems and lane-keeping assist, all aimed

at assisting drivers in appropriately attending to the roadway when needed [95, 15]. E↵ective

assistance or intervention from these systems hinges on enhancing drivers’ awareness of their

surroundings. Present systems furnish drivers with feedback based on vehicle data (e.g.,

braking, acceleration, steering) and environmental conditions. A key challenge for human

operators lies in promptly interpreting these displays to take necessary action. As vehicles

move towards greater autonomy, the exchange of information between controllers—be it

the driver or the vehicle itself—must become more attuned to each other’s perceptions and

future intentions. This becomes particularly critical for Society of Automotive Engineers

(SAE) levels 2 and 3 automation, where control is expected to transition between driver

and vehicle [90].

Even as driving tasks evolve towards automation, the role of the human driver remains
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substantial. Driving involves intricate cognitive processes, including visually scanning the

environment for potential threats, predicting unseen dangers, making decisions, and exe-

cuting responses [36]. Workload and situation awareness are identified as pivotal factors

predictive of performance and safety [20].

Current in-vehicle systems are not often necessarily integrated, resulting in a barrage of

simultaneous, non-prioritized alerts directed at drivers. This can elevate driver workload

and hinder their ability to direct attention e↵ectively in critical situations [10, 81].

By incorporating SA considerations, ADAS can be tailored to issue alerts pertaining

specifically to objects requiring driver attention. Furthermore, integrating SA information

can accommodate fluctuations in driver SA levels—perception, comprehension, and projec-

tion—providing personalized feedback and fostering a deeper understanding of the safety

context.

The primary goal of this study is to measure driver SA and develop an integrated

predictive model for driver SA applicable in real-time scenarios. The rest of this proposal

is organized as follows. Chapter 2 provides an overview of relevant literature and identifies

gaps in previous research. Chapter 3 outlines the research questions. Chapter 4 delineates

the experimental methodology and procedures for acquiring driver SA and eye-tracking

data. In Chapter 5, preliminary analyses showcase factors impacting driver SA, including

environmental, object, and driver features. Chapter 6 delves into the processing of eye-

tracking data and the evaluation of predictive models integrating features derived from this

data. Chapter 7 introduces an alternative approach utilizing computer vision techniques

to estimate drivers’ visual attention from forward-view driving videos. Predictive models

incorporating these estimated eye-gaze-related features are assessed against those relying

on actual eye-tracking data. Finally, Chapter 8 serves as a general conclusion, highlighting

contributions, acknowledging limitations, and suggesting potential paths for future research.
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Chapter 2

RELATED WORK

2.1 Measurement of SA

The relations between various situation awareness measures are depicted in Figure 2.1. The

four columns represent the di↵erent stages of human information processing in a driving

task: information assessment, situation awareness generating, decision-making, and action.

Measures taken during the situation awareness generation stage are considered direct, while

those taken during the other stages are considered indirect.

Figure 2.1: Situation awareness measures at di↵erent stages of human information process-
ing in driving task

Process measures include those physiological measures recorded during the information

assessment process such as eye-tracking measures, cardiovascular measures, and electroen-

cephalography measures [107]. Both theoretical and methodological developments of the

physiological measures have not reached the level of maturity as the concept of mental

workload. Previous studies suggest that these physiological sensing methods may also be
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capable of inferring SA. The most popular physiological measure, eye-tracking, provides a

real-time, continuous measure of SA. Though it only indicates level 1 SA (exceptions in-

clude cases of “look but not see”) without assessing the information through other senses

such as auditory [27], correlations between conscious aspects of eye movement measures

and direct SA scores have been observed [107]. Evidence for cardiovascular predictors of

SA was mixed. Besides, SA has not been hypothesized to be associated with specific corti-

cal regions or other physiological responses [99]: results from three electroencephalography

(EEG) studies discovered that EEG was sensitive to changes in SA. Process measures also

include communication measures (communication content, flow) which are mainly useful in

team settings [27, 99].

There exist direct measures during the SA generating process, contradictory to indirect

measures – the rest of the measures are categorized as indirect. The most common direct

assessment techniques are query methods, which ask drivers about their awareness of the

current situation. These methods can be divided into online and o✏ine, based on whether

the task or scenario is disrupted when the queries are given. The accuracy of the driver’s

responses to the queries determines their situation awareness score. Furthermore, direct

measures can also be classified as objective and subjective, depending on whether the queries

are based on factual information (e.g., whether the driver has observed something) or on the

driver’s subjective feelings (e.g., the confidence level of their responses). The widely used

direct measure is the Situation Awareness Global Assessment Technique (SAGAT) [35],

which is an o✏ine and objective measure of situation awareness. Unlike online methods,

SAGAT pauses the ongoing task to allow for more thorough probes, and it provides objective

measures based on factual information, making it suitable for training predictive models.

Thus, SAGAT was selected for use in this study.

Decision-making and performance are generated based on the situation awareness pro-

cess, and the impact of the combination of all three levels. Park, Yoon, & Lee [79] used SA-

related dimensions in the Decision Making Questionnaire (DMQ) to measure the decision-

making style of participants in order to reflect a good SA. Dimensions selected include

control (good SA ! better control of the situation ! e�cient decision), thoroughness

(good understanding ! e�cient decision), and hesitancy (su�cient situation information
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and good understanding ! less hesitate to make a decision).

Drivers’ action (steering, braking) can be used to assess whether they have good SA

or not [29]. These objective measures assess specific task performance at decision points,

which may be hard to interpret regarding SA. Common performance metrics include the

quantity of output or productivity level, time to perform the task or respond to an event,

and the accuracy of the response or, conversely, the number of errors committed [27].

The traditional model of human information processing proposed by [102] in their book

Engineering psychology and human performance is shown in Figure 2.2. It provides a use-

ful framework for analyzing the di↵erent psychological processes used in interacting with

systems and for carrying out a task analysis.

Events in the environment are first processed by our senses and held briefly in short term

sensory store (STSS) for no more than about a second. But sensation is not perception which

involves determining the meaning of the sensory signal or event based on the past experience

stored in our long term memory. In terms of visual sensory, sensation refers to look and can

be captured by eye trackers but perception refers to see.

The dissertation mapped the SA measures to the di↵erent stages of the human infor-

mation processing (HIP) framework, which is not a direct mapping to the traditional HIP

by Wickens et al. [102]. Generally, the traditional HIP framework does not have provide

su�cient level of detail associated with SA. Therefore the subsequent paragraphs discuss

how this study maps the SA measure to the di↵erent stages of HIP framework.

Perception defined in the traditional HIP framework involves all three levels of SA defined

by Mica Endsley which are perception, comprehension and projection. Some arguments for

this conclusion are discussed as follows. First, they say “perception involves determining

the meaning of the sensory signal” when defining perception, indicating they involve under-

standing the meaning of things in perception. Second, they say “perception and situation

understanding do not always trigger an immediate response” which separates understand-

ing as another process from perception but we can see there is no step between perception

and response selection as depicted in Figure 2.2. This contradicts their definition of percep-

tion which includes the understanding of sensory signals. So there is the potential to find

sub-steps in this perception step. Third, Mica Endsley distinguished comprehension and
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projection by generating the understanding of the current status at the time t or generating

the understanding of future status t+�t. In other words, both comprehension and projec-

tion address the understanding of the sensory signal (involved in the definition of perception)

but for di↵erent points in time. Therefore, we can conclude that Mica Endsley defined the

sub-steps of this perception step by [102] as three SA levels – perception, comprehension,

and projection.

Figure 2.2: A model of human information processing stages [102]

2.2 Features Impacting SA

2.2.1 Environmental Features

Drivers situational awareness improves with repeated exposure to di↵erent environments.

Environments with greater complexity (e.g., multimodal operations, multiple tra�c signs,

higher tra�c density) can impair driving performance given increased workload [91, 24],

which can then a↵ect the operator’s ability to take over in partially automated vehicles

[63, 38].

There are varying complexity within a driving environment and they greatly depend on

the environmental characteristics, object location, object type, and driver’s eye movement

[57, 109, 56]. Roadway features such as increased tra�c density, visual clutter, and hazard

occurrences have been shown to decrease driver’s SA [40, 52]. Urban environments, with
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greater environmental complexity, can also negatively impact driving performance when

compared to rural environments [78]. The increased visual clutter can increase search time

and error rates for driving-related information [41, 12]. Conversely, the lack of information

or environmental cues may also result in drivers being less aware of their surroundings [55].

This complexity needs to be accounted for when estimating driver SA. Past studies have not

provided as comprehensive an examination of di↵erent environmental properties. They may

consider environments as two levels (easy, complex) [87] or rely more on visual di↵erences

between color, background, and scene density for their SA prediction model [109].

Road Geometries

Cues and hazards such as stop signs can easily be obscured by bushes or geometry. However,

the driver could still glance at the Stop Sign, predicted perhaps by the roadway geometry

to make the right decision [36].

Presence of Hazards

Drivers’ hazard perception is defined as the ability to detect dangerous tra�c situations [45].

The presence of hazards in the driving environment has been shown to cause degradations

in high levels of driver SA [53]. However, when comparing hazard vs non-hazard condi-

tions, hazards did not substantially a↵ect the global awareness of the tra�c situation [62].

Borowsky and colleagues showed that drivers rely on previous expectations of sign locations

to determine where they will look for the signs. When these signs appeared in unexpected

locations, experienced drivers made more errors in identifying these signs [8].

Road Users

A driving simulator study conducted by Jamson et al. [50] found that drivers in a fully

automated vehicle allocated more attention to the road in situations with high tra�c. High

tra�c density and therefore a greater number of objects lead to extended visual scanning

and decision-making process overall resulting in less safe vehicle behavior (higher collision

rate and shorter time to collision in takeover situations) [38, 85].



8

Visual Background Clutter

Environmental context and observer experience are generally critical in determining where

observers allocate their attention [2]. Chapman and Underwood [13] demonstrated that

visually less complex rural roads elicited the longest fixation durations and the shortest

angular saccade distances while the opposite was found to be true for visually complex urban

roadways. Young et al. [106] examined whether static roadside billboards disrupt driver

situation awareness. Results showed that billboards did not appreciably a↵ect the structure

and content of situation awareness. Drivers typically directed attention to billboards only

when driving demand was low.

Weather and Light Condition

The data is available for some weather-related conditions. However, it can be di�cult to

detect or perceive the visual information, such as poor visual information in darkness and

poor weather, and poor visual conditions created by glare from runaway lighting [30].

Sound

The background sound of the environment helps the driver assess the distance or direction of

objects in their surrounding. However, we have not found an approach that shows whether

the driver has received the information from background sound that is similar to what is

used for visual information (e.g., identifying whether the driver has attended to something

based on their eye movement). Sounds are widely used to alter or send warnings as a

supplement to the visual displays [5, 100].

2.2.2 Driver characteristics

Experience & Familiarity of the Environment

Driving experience and familiarity of the environment play important roles in levels 2 and

3 SA [34]. Endsley proposed that key cognitive attributes, attention focus, mental model,

workload, and memory, are the main factors influencing SA. Each attribute has dominant

impacts on di↵erent SA levels. A study in the aviation domain found that 76.3% out of
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Figure 2.3: Taxonomy of Levels of Situation Awareness [51]

262 SA errors were classified as Level 1 SA errors, 20.3% were Level 2, and 3.4% were Level

3 [51]. The detailed causations are listed in Table 2.3. Attention focus and memory mainly

impact level 1 and mental models mainly a↵ect levels 2-3.

Rouse and Morris [89] defined mental models as “mechanisms whereby humans are able

to generate descriptions of system purpose and form, explanations of system functioning

and observed system states, and predictions of future states.” The mental models typically

contain information about not only the components of a particular system but also how those

components interact to produce various system states and events. Thus, mental models can

provide much of the higher levels of SA (comprehension and projection) without loading

working memory [34]. Mental models highly correlate with experience as experience allows

the development of mental models and schema, pattern matching between the perceived

elements in the environment and existing schema/mental models can occur on the basis of

pertinent cues that have been learned [34].
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Age

Due to age-related declines in sensory functions, older drivers were expected to exhibit

significantly lower level 1 SA (perception) than young drivers [1]. Related to this, older

drivers were also expected to exhibit lower level 3 SA (projection) than young drivers [53].

2.3 Predicting Driver SA

Few studies attempted to monitor and predict SA in real-time. The current research relies on

direct SA measures, like SAGAT [28] and situation awareness rating technique (SART) [97],

which pose operational di�culties in real-life applications. SAGAT requires participants to

answer questions at three levels, which can interrupt the task’s continuity, while SART

disrupts the ongoing task of the driver by asking questions during or after the task.

In recent studies, the use of process measures, particularly eye-tracking data, is being

explored for the dynamic assessment of SA, Eye-tracking data has been shown to be ob-

jective and capable of inferring SA, making it an ideal alternative to direct SA measures,

according to previous studies [56, 57]. To predict driver SA from eye-tracking data, these

studies require multiple SA measures to be recorded in the same experimental settings,

often necessitating the development of new studies to obtain eye-tracking data and ground

truth measurements of driver SA using direct measures.

There have been four studies in the driving domain related to predictive models of

SA arranged in chronological order in Table 2.1, which involve Honda Research Institute

(HRI) US working in collaboration with Virginia Tech Transportation Institute (VTTI) [56,

57, 109] and University of Washington (UW) [104, 80]. The remaining two studies were

conducted one at the University of Michigan (UMich) & Delft University of Technology (TU

Delft) in Netherlands [62, 108], and the other at Technical University of Munich (TUM) &

BMW both in Germany [42, 43].

HRI & VTTI’s first paper [56] proposes a new method of using real-world driving videos

in measuring drivers’ SA and investigated the relationship between participants’ visual at-

tention and awareness of road hazards. Road hazards in this study refer to objects (pedestri-

ans and other vehicles) that are risky to the driver. The authors propose a video-mimicking
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Table 2.1: Studies on Predicting Driver Situation Awareness

Team Study Year(s) Driving Environment Scenarios Ps.⇤ Obs.†
VTTI & HRI [56] 2019 CG-based, CG-mimicking, Intersections 21 486

and Video-mimicking

[57, 109] 2020, 2021 Video-mimicking Intersections 44 1232
UMich & TU Delft [62, 108] 2020, 2021 CG-mimicking Freeway 32 896
TUM & BMW [42, 43] 2020, 2021 Video-mimicking 8 specific 8 64
UW & HRI [104, 80] 2022 Video-mimicking 75 unrestricted 40 6240
⇤ Ps. - the count of participants used for data analysis with outliers and incomplete instances excluded.
† Obs. - the abbreviation for observations.

method where participants mimic driving while watching pre-recorded videos from real-

world driving. Drives were paused, an image as shown in Figure 2.4-bottom with road

hazards removed using Adobe Photoshop from the original scene shown in Figure 2.4-top

and zones of interest overlaid was displayed on the simulator screen. An experimenter then

asked drivers in which zones they detected road hazards and their confidence in those an-

swers. Drivers’ SA score was assigned as the confidence for only correctly recognized road

hazards. Eye-tracking data was collected and synchronized with the videos, i.e., coordinates

of drivers’ gaze were mapped to the videos. They also collected and compared the data us-

ing computer graphic (CG)-based method (drive the same scenarios in a driving simulator)

and CG-mimicking method (mimic driving the same scenario in a driving simulator). The

results of this work supported the validity of the proposed method: 1)no di↵erences between

CG-based and CG-mimicking were detected suggesting mimicking the task does not impact

drivers’ gaze behavior 2) comparison between CG-mimicking and video-mimicking indicates

that the latter is as comparable for driver visual detection. The study also found with a

multilevel regression model that the gaze measures explain only 44% variability of driver

SA, indicating the need for involving other predictors for SA such as properties of objects

and the environment.

In HRI & VTTI’s second paper [57], they doubled the sample size from 21 to 44 and

focused only on experiments with video-mimicking simulation environments. Two SA mea-

sures were analyzed: 1) binary SA score equals whether correct SA is generated and 2)

SA confidence ranging from 0 to 1. Correlation and regression analyses for SA measures
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Figure 2.4: Example of the technique for querying SAGAT of pedestrians with top shows
an actual driving situation and bottom shows the zones of interest presented at a pause [56]

Figure 2.5: The driving simulator used in study [56] with a projection screen that can
switch between simulation environments including CG-driving, CG-mimicking and Video-
mimicking

and eye-tracking data were conducted from three levels: 1) event-wise analyses were con-

ducted on data collected from each driver for each road hazard; 2) object-wise analyses

were conducted on data averaged across drivers for each road hazard; 3) driver-wise anal-

yses were conducted on data averaged across road hazards for each driver. Object-wise

analyses showed the best results and supported their conclusion in the first paper [56] that

eye-tracking data can be a promising insu�cient predictor of driver SA.

In the third paper [109], HRI focuses on building a predictive model for object-wise

binary driver SA score and largely expanded the predictors, including driver gaze features,

object properties, and characteristics of human visual sensory and memory mechanism.

The authors compared Support Vector Machine (SVM) models with di↵erent sets of inputs

including eye gaze features, object properties, human visual sensory-based features, and
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memory features achieving the best prediction accuracy of 72.4% compared to a chance rate

of 55.8%. This study was well designed with a clear structure for selecting the features that

are used for the predictive model. They validated the method of using video-mimicking

for SA measure collection and showcased a promising approach. More specifically, using

eye-tracking features with other features such as object properties to predict driver SA.

However, there were three major limitations. The first is about the SAGAT query design.

It’s hard to tell which road hazard the participant detected when there are multiple hazards

in one zone of interest. Second, all scenarios are at intersections so there is a need to test

in more general road scenarios. Third, most drivers are very young with an average age of

26.5 and an SD of 7.2. Previous studies showed that older drivers are expected to exhibit

significantly lower level 1 and 3 SA (perception and projection) than younger drivers due

to age-related declines in sensory functions but higher level 2 (comprehension) due to richer

experience [1, 53]. Thus, there is a need to consider various age groups in future studies.

Our work tries to break those limits and will be described in detail as preliminary research

in Chapters 4 and 5.

The study by UMich & TU Delft [108] measured driver SA during takeover transitions

using a CG-mimicking simulation environment as shown in Figure 2.6. The data used are

from an existing study [62] by the TU Delft, which describes experimental design and data

collection work in detail. The duration of the scenarios varies from 1 to 20s which is very

short and only freeway scenes were tested. For each scenario, 5 to 6 vehicles were added as

surrounding road users. Data were collected from 33 participants between 22 to 29 (mean =

24.2, SD = 1.8) including 29 males and 3 females. Participants place surrounding vehicles

via an interface shown in Figure 2.7. They first choose from “faster” “equal” or “slower”

vehicle symbols indicating the relative speed to their ego car and place the car in the

lane at the distance they perceived. The measurement of scenario-wise SA was computed

by normalizing three error scores inversely into a scale from 0 to 1 and summing with

equal weights. Scenario-wise is defined against the event-wise, object-wise, and driver-wise

described in HRI & VTTI’s study, meaning to average data across objects in each scenario

for each driver. The three error scores include 1) the absolute di↵erence between the true

number and participant-placed number of vehicles, 2) the error percentage of the distance
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between correctly placed vehicles and the true vehicles, and 3) the total speed di↵erence

between correctly placed vehicles and the true vehicles. Performance in RMSE, MAE,

and correlation coe�cient between the predicted SA and the ground truth were compared

across selected machine learning models with the same predictors. Light Gradient Boosting

Machine (LightGBM) performs best for all three performance measures: RMSE range of

di↵erent models 0.121-0.108; MAE range 0.097-0.085; and Correlation coe�cient range

0.436-0.801.

SA =
1

3
|Ntrue �Nplaced|+

1

3

|dist(true, ego)� dist(placed, ego)|
dist(true, ego)

+
1

3

X

veh i in s j

|Vtrue, i � Vplaced, i|
(2.1)

Figure 2.6: CG-mimicking simulation environment used for study [108, 62]
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Figure 2.7: SA response recorder interface [108, 62]

UMich & TU Delft’s study [108] explores a di↵erent granularity of SA, scenario-wise

compared to HRI & VTTI’s work. This is because of their di↵erent research purpose.

HRI’s study aims to selectively provide assistance using ADAS when the system detects

road hazards drivers are not aware of. UMich & TU Delft [108]’s paper aims to generate

drivers’ SA for the entire scene in real-time and warn drivers when the SA score is low.

That is, the study will only warn the drivers to get their attention back but the HRI’s

study moves one step further to also provide hints for where to direct their attention. Small

sample size, narrow age range, and unbalanced gender group are limitations in the data.

The SA measuring method requires mental rotation: participants experienced a forward-

perspective driving situation but had to position the cars from a top-down perspective,

which may increase the di�culties in answering the questions making the results reflect

driver SA plus their ability to do mental rotation.

The study of TUM & BMW [43] leans more toward the application of SA predicting
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technology and aims to develop a system that can predict driver SA in real-time. Inspired

by a previous study by Hooey et al. [44] in the context of aviation, this study defined SA

score at time t as the ratio of actual SA and optimal SA:

SAratio(t) =
SAactual(t)

SAoptimal(t)
(2.2)

The optimal SA defines the SA when the operator perceives and comprehends all sit-

uation elements, which refer to pieces of information that are necessary to support the

operator’s high-level tasks [93]. In the context of aviation, SEs are mainly static cockpit

instruments visualizing the state information of the plane. However, in the transportation

field, SEs are mainly dynamic and outside the vehicle, which is similarly defined as the road

hazards in HRI & VTTI’s study [56, 57, 109]. The way Hooey et al. [44] measure optimal

SA for pilots as the weighted sum of m required and n desired SEs (see Equation 2.3) is not

applicable for drivers. Thus, TUM & BMW’s study used predicted region of interest (ROI)

as the optimal SA with the model created in their previous study [42].

SAoptimal =
mX

r=1

2 · SEopt,r +
nX

d=1

SEopt,d (2.3)

The actual SA defines the current awareness status of the operator. TUM & BMW

didn’t use questionnaire-based SA measurements as in the other three studies. Data needed

was collected from 8 participants driving in 8 unique 10-second real-world scenarios dis-

played on a computer screen. Eye gaze data was captured using an eye tracker. For each

SE, perception level was categorized as “detected” if one gaze data point locates in its

ROI, “comprehended” if more than one gaze point locates in its ROI, and “undetected”,

otherwise. Actual SA was then calculated as a weighted sum of required and desired SEs

multiplied by the perception level:

SAactual =
mX

r=1

2 · pirt +
nX

d=1

pdrt � o · � (2.4)

Perception level pdrt and pirt both are assigned as 0, 0.5 and 1 for “undetected”, “de-

tected” and “comprehended” SE respectively. This Equation 2.4 improved Hooey et al.’s [44]
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by adding the term o · � to punish the non-ROI gaze clusters.

Finally, ROI prediction was concluded as a proper definition of the optimal SA and

the way of mapping eye gaze points to ROIs as a proper measure for actual SA based

on descriptive analyses. The study tried to consider higher-level SA (comprehension) and

considered the distraction of non-ROIs, which are very innovative. However, there are a

couple of limitations. First, both the number of scenarios and participants are very small.

Second, the weight for each actual SA category was inherited directly from the study in

the aviation field, which may not be applicable to drivers. Third, the study made the

conclusion based on descriptive analyses without using more rigorous statistical methods.

Forth, although the SA for each SE can be computed, the authors computed SA as scenario-

wise scores, which will not provide selective assistance for drivers. This last limitation is

shared by the study of UMich & TU Delft.

In all, HRI’s study is more comprehensive and structural compared to the rest. The

scenarios are longer which enables the participants to feel more immersed. HRI’s study also

has the richest features and most data points so far. Common limitations shared by the

studies include:

1. Modeled only level 1 SA – perception. However, learning higher levels of SA is essential

and beneficial. For example, perceiving a road user correctly but failing to predict its

trajectory will still raise safety concerns.

2. Modeled scenario-wise SA instead of object-wise. In this case, they will not be able

to selectively provide assistance to warn drivers only of the hazards they should be

they are not aware of.

3. All studies relied on eye-tracking data to predict SA. This will be hard to apply since

eye trackers are expensive, need calibration and are always used in lab environments,

and may cause some privacy concerns.

4. The driving scenarios of previous studies are very limited and there is a great need to

build a predictive model of SA that works for various environments.
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This study aims to inherit the strengths of previous studies and address the research

gaps listed above.
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Chapter 3

RESEARCH AIMS

The primary goal of the study is to provide assistance to drivers by only alerting them

of hazards they may not be aware of. This goal includes two parts: 1) estimation of object

importance in the tra�c scene and 2) estimation of driver situation awareness. This study

focuses on the second part and the object of interest which is the output from the first part

was manually labeled and evaluated by research assistants. This work will address four aims

listed below and Figure 3.1 shows how the components are connected in this study.

Study Aim 1. Develop a method for e↵ectively capturing driver SA.

Previous studies have employed query-based SA assessments, which capture SA as a

binary outcome based on a comparison with the actual situation [35]. This approach in-

volved inquiring about the participant’s observation of specific elements in the scene. Kim

et al. [56, 57] took this approach a step further by asking SAGAT queries at intersections

about which areas participants had observed road users, and evaluating their SA scores

based on the presence of potential hazards at those intersections. However, this method

had limitations in cases where multiple potential hazards were present in the same area,

making it challenging to determine which hazard the participant was aware of. This study

advances the method by capturing the exact location in the scene where participants have

observed road users.

Study Aim 2. Identify potential predictors of driver SA.

Since the study adopts the driver SA capture approach outlined in Aim 1, it is essential

to determine how to assess SA using the data gathered from the experiment as well as

understanding the influence of environmental, object, and driver features on this self-defined
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SA measure before proceeding to train the predictive model for driver SA. Additionally, this

process aids in feature selection for subsequent model training in Aims 3 and 4.

Study Aim 3. Predict drivers’ SA using eye-tracking data

Eye-tracking data captures where the eyes “look,” but not necessarily what the driver truly

“sees,” which is indicative of SA. Therefore, having eye-tracking data does not necessarily

equate to understanding the driver’s perception accurately, highlighting the importance of

a predictive model for SA based on eye-tracking data. The features analyzed in Aim 2 can

complement the features extracted from eye-tracking data in predicting SA.

Study Aim 4. Predict driver SA using real-world driving videos.

Previous studies have relied on eye gaze data collected by eye trackers as input for predictive

models of SA. However, wearing eye trackers can be uncomfortable, especially for individuals

with vision impairments, and they are also costly, mainly used in controlled laboratory envi-

ronments. Although facial videos can serve as an alternative to gather eye-gaze information,

privacy concerns arise. Given that drivers heavily depend on visual cues and ADAS systems

often incorporate cameras capturing surrounding videos, predicting SA directly from this

video data would be advantageous. Hence, this study suggests utilizing visual attention

predictive models to estimate eye fixation and subsequently predicting SA based on these

estimated gaze-related features. The features analyzed in Aim 2 can complement the esti-

mated gaze-related features in predicting SA as well. Model results will be compared with

those from Aim 3 to evaluate the possibility of using the estimated gaze-related features as

an alternative to the gaze-related features extracted from the eye-tracking data.
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Figure 3.1: Study aims and their relationship
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Chapter 4

AIM 1: NEW METHOD FOR CAPTURING DRIVER SA

Aim 1 proposes a new method for collecting driver SA. Data is used to capture direct

SA measure (SAGAT response) and indirect SA measure (eye tracking data) collected in

one controlled study.

The findings of this capture are already published in several papers [104, 80]. The study

has also been approved by the University of Washington Institutional Review Board (IRB)

Committee (No: STUDY00013730).

4.1 Participants

A total of 40 drivers were recruited for this study based on Table 4.1. Younger drivers were

screened for the age range 18-40 and older drivers included those older than 40 years old.

Pairwise t-tests showed no age di↵erences within the same gender group. Younger drivers

had 6.6 years of driving experience on average (SD = 4.8 years) and older drivers had 32.3

years on average (SD = 8.0 years).

Table 4.1: Participant demographics

Total Younger & She Younger & He Older & She Older & He
Data collected 67 13 16 18 19
Data used 40 10 10 10 10
Age range 18-61 18-40 20-33 41-60 41-61

mean 36.7 22.7 24.0 49.3 50.9
SD 14.88 6.46 3.65 6.57 7.95

Participants were recruited using the University of Washington email lists and from

online sources such as Facebook and Craigslist posts around Seattle, WA. The participants

were required to have a valid US driver’s license, drive at least 3,000 miles a year, and

have normal or corrected-to-normal visual acuity. Eleven drivers had normal eyesight and
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nine used glasses or contact lenses daily (diopter within the range of -5.0D to +3.0D). Data

results of 27 out of 67 drivers had to be excluded due to motion sickness or had unusable data

records due to technology issues, see Table 4.1 for more detail. Upon successful completion,

the drivers were compensated US$37.50 for their time in the study.

4.2 Apparatus

4.2.1 Simulator Environment

This study used the hardware of a fixed-based driving simulator with real-world driving

scenes shown across three 42-inch plasma displays (1,280 × 720 resolution) as shown in Fig-

ure 4.1 The setup was designed to be comparable with other immersed driving simulation

environments in terms of manual driving demand, participants’ gaze behavior, and aware-

ness of road hazards [56]. To approximate manual driving demands, drivers were asked to

operate the steering wheel and pedals in the driving simulator to match the movement of

the vehicle in the video.

Figure 4.1: The driving simulator of HFSM lab showing a scenario across three displays
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4.2.2 Driving Scenarios

The videos used were from HDD HRI Driving Dataset1, recorded in urban environments in

daylight conditions in San Francisco, California, with a human driver using an instrumented

vehicle [86]. There were no rural or highway roads recorded. The videos presented various

densities of moving road users such as vehicles, pedestrians, and cyclists.

The visual complexity of the 2D scenario images was considered when selecting sce-

narios for our experiment, which is calculated as the ratio between the compressed and

uncompressed image file size following the equation below.

Visual complexity =
Compressed size

Original size
(4.1)

where the compressed image size was calculated based on the zip image compression al-

gorithms with deflate compression using the R function img complexity() from package

imagefluency (Version 0.2.3) [67]. Theoretically, this value ranges from zero to one. Greater

values indicate higher image visual complexity. In our study, the range for the video images

is from 0.2 to 0.7 (Mean = 0.43, SD = 0.10).

This measure allows us to capture the visual complexity of the environment. For ex-

ample, visual clutter or contrast in the scene caused by shadows or buildings may impact

the road user’s ability to accurately perceive pedestrian behavior. Scenarios with greater

visual complexity tend to have more road users and buildings, and there is greater contrast

between objects.

Event videos were classified into five levels by visual complexity as [0.2,0.3), [0.3-0.4),

[0.4-0.5), [0.5-0.6) and [0.6,0.7]. Example scenarios are shown in Figure 4.2. Video clips were

manually selected from each complexity level according to the proportion: 9.85%, 28.5%,

35.8%, 21.2%, 3.98% (the images with a complexity level outside this range, less than 0.2 or

greater than 0.7, accounting for 0.55% of all, was filtered out from the eligible video pool).

1Honda Research Institute Driving Dataset: https://usa.honda-ri.com/hdd

https://usa.honda-ri.com/hdd
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Figure 4.2: Examples of scenarios with di↵erent image visual complexity

4.2.3 Touch Screen Recording

A 13-inch iPad was used to record participants’ touch responses (Figure 4.3). The iPad

display would first show the same driving scene as the scenario displayed in the simulator.

However, some objects were purposely removed. This included 1) pedestrians, vehicles, and

cyclists on the road; 2) vehicles that may potentially move; 3) pedestrians close to the road;

4) pedestrians, cyclists, and vehicles that are on the same block as drivers.

These objects that were removed were identified as objects of interest (OOI). Non-OOI

(e.g., vehicles parked on the side of the road) were considered less risky compared to OOIs

and were not removed from the touch recorder image.

When the scenario displayed on the simulator was paused, drivers were instructed to pick

up the iPad and mark the locations and types of every detected OOI observed on the scene

using either a stylus or their finger. A yellow circle would appear anytime a participant

touched any location on the scene displayed on the iPad. This provided confirmation to

participants that an object was selected. The participant would then choose one of three

buttons to select the type of object (pedestrian, vehicle, or cyclist) they will be marking.

Once the button is selected, the yellow circle changes to a green circle, red box, or blue

box for a pedestrian, vehicle, or cyclist, respectively. An undo button was used to correct

a previous touch. When the drivers were done, they would press ’click when complete’

to move to the next scenario. Between each scenario, a bu↵er screen was used to prevent

drivers from predicting the next SAGAT. The touch recorder allowed spatially continuous
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data of driver SA to be captured as an x-y coordinate.

(a) Scene

(b) Empty scene - displayed on simulator and the touch recorder at pause

(c) Touch recorder - marked scene

Figure 4.3: Examples of touch recorder display
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4.2.4 Eye Tracker

The Tobii Pro Glasses 3 eye tracker2 was calibrated for our study to track participants’ eye

movements while driving. Participants were highly recommended to wear contact lenses if

they have any type of the following vision problems:

• Near-sighted: can only see items that are near without glasses;

• Far-sighted: can only see items that are far away without glasses;

• Near-and-Far-sighted: cannot see items that are near or far without glasses.

For participants who have the vision problems above but do not have contact lenses, we

tested with corrective lenses added to the eye tracker with a diopter from -0.5 to +3.0.

Figure 4.4: Tobii Pro Glasses 3 eye tracker

4.3 Experimental Design

A split-plot design was applied for this study. That is, the 40 participants were split into

four whole plots (younger female, younger non-female, older female, and older non-female).

Each of the whole plots included 10 participants, i.e., 10 subplots as shown in Table 4.2. P1

to P10 refers to the ten participants in each subplot. Each whole plot was run as a balanced

incomplete block design. In this study, a total of 75 scenarios were used which were split

2https://www.tobiipro.com/product-listing/tobii-pro-glasses-3/
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into five sessions with 15 scenarios per session. Each cell in Table 4.2 refers to the index of

a scenario from 1 to 5. Each participant experienced two out of five sessions or 30 scenarios.

Each session was replicated eight times, accumulated for the whole experiment, by di↵erent

participants in the same whole plot.

Table 4.2: Session combinations experienced by each participant (subplot) in each whole
plot.

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10
1st Session 3 4 2 2 1 1 4 5 3 5
2nd Session 5 1 4 3 3 2 5 1 4 2

4.4 Data Collection Procedures

The experiment includes four main procedures: (1) informed consent and a pre-experiment

survey, (2) training on the procedures and apparatus for the experiment, (3) one practice

drive, and (4) two study drive sessions.

Participants were required to read through a consent form in hard copy and sign if agreed

to run the study. Upon informed consent, a pre-experiment survey was provided, querying

the demographic information and driving experience of the participant. Participants were

informed that they can skip any question that they feel uncomfortable answering.

Upon completion of the survey, an experimenter will introduce the procedures of the

study with slides and show participants how to interact with all the apparatus used in the

study including the touch recorder, the driving simulator, and the eye tracker. After that,

the experimenter will guide the participants to sit in the driving simulator, put on the eye

tracker, and test the calibration of the eye tracker. Corrective lenses were applied to the

eye tracker for short or far-sighted participants who came with frame lenses.

Before the two study drive sessions, participants were trained with a 5-minute prac-

tice drive containing two scenarios to get familiar with the driving simulator operations.

Though participants’ operations will not give feedback to the simulator, they were highly

recommended to use the pedals, turn signals, and the steering wheel as they usually drive

to match the movement of the vehicle in the displayed video, in order to get more immersed
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in the scenario. The video was paused randomly during each scenario for SAGAT queries

so that the drivers would not predict when the video would pause to get prepared. At each

pause, participants picked up the iPad and answered SAGAT questions using the touch

recorder web App. Between the two study drives, participants took a 10-minute break.

Each study drive session took about 20 minutes and the entire experiment took about 75

to 90 minutes. Considering possible motion sickness issues, we informed participants that

they can pause or stop the study at any time if they feel sick or uncomfortable.

4.5 Data Collected

The data collected from the experiment include drivers’ demographic information from the

pre-experiment survey; SA responses recorded as the coordinates and types of objects for

each scenario from the web-based touch recorder; and drivers’ eye gaze data from the eye

tracker.
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Chapter 5

AIM 2: PROMISING PREDICTORS OF DRIVER SA

The content of this chapter has already been presented in conference papers [104, 80]

and published in journal article [103].

Features excluding the eye gaze features will be discussed in this chapter from two

perspectives: object-wise and scenario-wise. Though using di↵erent SA score computing

methods, analyses from both perspectives presented in previous studies have shown strong

relations between object-wise or scenario-wise SA with gaze features. Hence, SA for both

perspectives was analyzed in this study. Moreover, since the final goal of this study is to

build a model to predict SA in order to provide selective assistance using ADAS, object-wise

analyses will be our main focus.

This chapter will focus on features other than gaze features. There are three reasons

for this arrangement: 1) this study has relatively larger scenario and OOI sets and would

like to explore more possible predictors from environmental and object properties; 2) eye

gaze features will undoubtedly be used for building predictive models using eye tracking

data, thus will be more appropriate to discuss for the data preparation for those models;

3) the eye gaze data have been mapped to the driving video so far but feature extraction

procedures have only been tested on a small set of data, so it would be more clear to discuss

this content in the section for proposed work.

5.1 Object-Wise SA

5.1.1 Dependent Variable

SAGAT Responses is a categorical variable with 4 levels: hit, trajectory-delayed perception,

trajectory-perception, and miss.

The content below describes how it was computed in detail.

The frame at pause is called the pause frame with index 0 assigned. Critical objects in



31

seven frames including the pause frame and six frames with indices ± 30,± 20, ± 10 were

labeled for each scenario using tool labelme1. The seven bounding boxes are represented

by the boxes with solid borderlines in Figure 5.1. Polynomial interpolation with a degree

of three was applied to interpolate the object’s trajectory based on the manually labeled

bounding boxes. Specifically, the trajectory of the object’s center point was interpolated to-

gether with the width and height of the bounding boxes. These interpolated bounding boxes

along the object’s trajectory are depicted as boxes with dashed borderlines in Figure 5.1.

Figure 5.2 shows an example of overlaying the bounding boxes to a scenario’s pause frame.

In Figure 5.2(a), only bounding boxes manually labeled for the pause frame are overlaid.

All seven manually labeled bounding boxes are depicted in Figure 5.2(b). The estimated

trajectories of the bounding boxes overlaid to the pause frame are shown in Figure 5.2(c).

The colors red and green indicate pedestrians and vehicles respectively.

Figure 5.1: Indices of manually labeled and interpolated bounding boxes

We defined the results of the participant’s SAGAT response for each object as one of

four categories:

• Hit. Touch located in the bounding box of the pause frame was recognized with a

matched response for the type of object. The pause frame is the frame at pause for

the SAGAT query depicted as box 0 in Figure 5.1.

• Trajectory-Projection and Trajectory-Delayed Perception. Both categories define touches

out of the bounding boxes in the pause frame but were in one of the labeling boxes

along the estimated trajectory. If the touch locates in the bounding boxes [�30, 0) in

1https://github.com/wkentaro/labelme

https://github.com/wkentaro/labelme
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Figure 5.1, it will be categorized as Trajectory-Delayed Perception, and if the touch

locates in the bounding boxes (0, 30], it will be categorized as Trajectory-Projection.

The index of the frame closest to the pause frame measures the amount of delay in

perception or the amount of advance in projection.

(a) Cri(cal objects in SAGAT frame

(b) Critical objects in SAGAT-30,-20,-10,0,+10,+20,+30 frames

(c) Interpolating the position and size of the critical objects for 
every frame. 

Figure 5.2: Example for overlaying manually labeled bounding boxes and objects’ estimated
trajectories to the pause frame

• Miss. No touch locates in any bounding boxes, including the bounding box in the
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pause frame and the bounding boxes along the estimated trajectory.

5.1.2 Independent Variable

• Object Type. There were 3 levels for object type: pedestrian, car, and cyclist.

• Size of Object. Area of the labeling box for each object in pixels.

• Visual Image Complexity. Visual image complexity of the pause frame was calculated

using Equation (4.1).

• Number of Objects. The number of objects in the pause frame for each object type.

The objects were manually counted and then verified twice by two research assistants.

• Gender. Gender of participants, 2 levels, male or female.

• Roadway Type. Roadway type included three levels: segment, intersection, and round-

abouts.

5.1.3 Data Analysis Method

A multinomial logistic regression model was used to predict the likelihood that the par-

ticipant provided a hit, trajectory-projection, trajectory-delayed perception, or miss when

generating the situation awareness in various driving scenarios. Given that there are four

levels, the model predicts the odds of being in one category when compared to the other

three; this results in six unique comparisons. Three of the comparisons are shown in Table

5.1 (1) hit compared to miss, (2) trajectory projection compared to miss and (3) trajectory-

delayed perception compared to miss.

5.1.4 Results

There were 390 critical objects in the 75 scenarios, each experienced by eight young drivers.

The objects consisted 137 cars, 240 pedestrians and 13 cyclist. For each of the 390 ⇥

8 = 3, 120 observations that whether the participant perceived the object, perceived the

trajectory of the object or miss the object, there are 152 Hits, 190 Trajectories and 2,778
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Miss. In terms of the 390 objects, 101 objects were correctly perceived (Hit) and 117 objects’

trajectories were perceived (Trajectory).

The multinomial logit model shows that all but object size was significant at ↵ = 0.01.

Object size was not significantly di↵erent between Trajectory Projection vs Miss (Compar-

ison II). In terms of object type, cyclists were less likely to perceive (hit) and less likely for

drivers to perceive their trajectories compared to cars and pedestrians. Pedestrians were

less likely to be correctly perceived (OR = 0.539) but drivers seemed more likely to perceive

their trajectories compared to cars (OR = 1.03, 1.07). Smaller objects were more likely to

be correctly perceived (OR = 3.89) and it seems drivers were more likely to project the

smaller objects (OR = 1.26) rather than having delayed perception (OR = 0.39). Females

were more likely to correctly perceive the objects (Or = 1.17) and the trajectories (OR =

1.40, 1.14) compared to the non-females. Increased visual complexity seemed to make it

more likely for the drivers to perceive the object (OR = 1.00) but less likely to perceive the

trajectories (OR = 0.44, 0.31). The increased number of objects in the scenario makes it

more likely to miss an object through all the comparisons (OR = 0.98, 0.97, 0.98). Com-

pared to intersections, drivers were less likely to perceive objects on roadway segments (OR

= 0.879), but more likely to perceive in the way of their trajectories (OR = 1.16, 1.37).

Objects and their trajectories were more likely to be perceived at roundabouts (OR = 2.10,

1.21, 1.57).

5.1.5 Findings

Having touches recognized as “trajectory” and “hit” suggests that participants sometimes

perceive trajectory instead of the object’s exact location. Cases of detecting trajectories

before and after the pause frame were both detected with the number of frames and time

ahead or delayed, indicating that this proposed SA collecting method has the potential to

provide quantitative measures of higher-level SA – comprehension and prediction.

The environmental properties such as number of objects, object size, visual complexity,

roadway type were tested to have significant impact. In terms of individual property, females

are more likely to correctly perceive objects and trajectories compared to the non-females.
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The results showed that it is reasonable for us to incorporate this information into predictive

models for driver situation awareness in order to warn the drivers of the objects that they

are not aware of but they should be aware of (avoid redundant warnings).
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Table 5.1: Findings of multinomial logit model predicting the likelihood of SA responses

Comparison I: Hit vs. Miss II: Trajectory-Projection vs. Miss III: Trajectory-Delayed Perception vs. Miss
Variable Coe↵. S.E. OR** 95% CI Coe↵. S.E. OR 95% CI Coe↵. S.E. OR 95% CI
Intercept -2.71* 0.46 0.07 (0.03, 0.17) -2.71* 0.55 0.07 (0.02,0.20) -2.81* 0.57 0.06 (0.02,0.19)
Object type:

car (ref, 35%)
cyclist (3%) -13.91* 0.00 0.00 (0.00, 0.00) -19.90* 0.00 0.00 (0.00, 0.00) -15.01* 0.00 0.00 (0.00, 0.00)
pedestrian (62%) -0.62* 0.18 0.54 (0.38, 0.76) 0.03* 0.22 1.03 (0.67, 1.58) 0.07* 0.23 1.07 (0.68,1.67)

Object size/106 1.36* 0.31 3.90 (2.11, 7.19) 0.23 0.60 1.26 (0.39, 4.06) -0.94* 0.30 0.39 (0.22,0.70)
Gender:

Male (ref, 50%)
Female (50%) 0.16* 0.17 1.17 (0.84, 1.63) 0.34* 0.21 1.40 (0.93,2.11) 0.13* 0.21 1.14 (0.75,1.73)

Visual complexity 1.00* 0.81 2.72 (0.56, 13.32) -0.81* 0.98 0.44 (0.07,3.01) -1.19* 1.00 0.31 (0.04,2.18)
# of objects -0.02* 0.01 0.98 (0.96, 1.01) -0.03* 0.01 0.97 (0.94,1.00) -0.02* 0.01 0.98 (0.95,1.01)
Roadway:

intersection (ref, 31%)
segment (67%) -0.13* 0.19 0.88 (0.61,1.27) 0.14* 0.25 1.16 (0.73,1.84) 0.31* 0.24 1.37 (0.84,2.24)
roundabout (2%) 0.74* 0.46 2.10 (0.85,5.19) 0.19* 0.65 1.21 (0.34,4.33) 0.45* 0.66 1.57 (0.43,5.71)
Number of Obs.: 3120 AIC: 2854.16 Log Likelihood: -1400.08 (df = 27) * p < .001 ** OR: odds ratio
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5.2 Scenario-Wise SA

Dependent Variable

An SA score, represented as a percentage, was computed using the proportion of objects of

interest (OOIs) correctly identified in each scenario:

SA score (%) =
NOOI answered correctly

Total NOOI

⇥ 100% (5.1)

An answer was marked correct if the participant’s touch position was located within

the bounding box (see Figure 5.3). A touch position located within the bounding box but

marked as the wrong type of object or touch outside the above area was considered a wrong

answer. Wrong answers or missing the object (not answering) did not penalize the SA score.

Wrong answer 
(Outside the bounding box)

Correct answer 
(Inside the bounding box)

Wrong answer 
(Wrong type of object)

Figure 5.3: Illustration for labeling correct and incorrect anwers

Independent Variables

• Duration (minutes): The accumulated driving time at each pause for the SAGAT

question (Range (R): 0.7-17.8, Mean (M) = 8.81, Standard Deviation (SD) = 5.03).

The following measures were extracted for the scene at pause.

• Roadway type (3 levels): segment, intersection, and roundabouts.
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• Lighting (2 levels): bright, less bright. The ‘bright’ scenario shows higher contrast

and brightness compared to ‘less bright’ (Figure 5.4). Drivers may find it harder to

identify objects under less bright road conditions. All scenarios were in the daytime.

Darker scenarios were excluded from our eligible scenario pool since it is hard to detect

objects even manually from the unclear dark scenarios. Including darker scenarios did

not appear to yield a reasonable SA score under this study that is comparable with

real-world driving.

(a) Bright (b) Less bright

Figure 5.4: Scenarios with di↵erent lighting conditions

• Nobject: Number of total objects, including OOIs and non-OOIs (R: 1-46, M = 17.41,

SD = 7.66).

• Pped+cycle: Percentage of vulnerable road users, pedestrians, and cyclists, out of total

objects, including OOIs and non-OOIs (R: 1-27, M = 5.15, SD = 5.24).

• POOI : Percentage of objects of interest; this includes pedestrians, cyclists, and vehicles

(R: 1-15, M = 5.21, SD = 2.79).

• POOI,peripheral: Percentage of objects of interest in peripheral view out of total OOIs

(R: 0-4, M = 0.39, SD = 0.82).

• Visual complexity: The ratio of the compressed image size of the scenario and original

size (R: 0.2-0.7, M = 0.43, SD = 0.10).
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5.2.1 Data Analysis Method

The data was used to model participants’ SA scores given environmental features. There

were 1200 SA scores (40 participants × 30 scenarios) collected from this study. The distri-

bution of SA scores is shown in Figure 5.5. Of these, 754 SA scores equal zero; that is, no

OOI locations were correctly identified in the scenario.
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Figure 5.5: Distribution of SA scores

A hurdle model was used to account for excess zeros in a generalized linear model [17, 73].

The model consists of two parts: a mixed-e↵ects binary logit model that shows the likelihood

that the response outcome, SA score, was zero or not, and a truncated model that includes

the positive outcomes when SA was not zero [69].

The mixed-e↵ects binary logit model was used to predict the likelihood that the partici-

pant was able to detect an object correctly. An initial model was developed that considered

all independent variables and interaction terms. Subject was included as a random e↵ect.

A stepwise approach was used to remove insignificant terms, which also included a review
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of the goodness of fit using the Akaike Information Criterion (AIC).

The truncated portion or non-zero SA scores of the hurdle model was examined using a

linear mixed-e↵ects model [70]. The non-zero SA scores ranged from 6.67 to 100 (M=26.93,

SD=17.12). The model included the independent variables described earlier, the interaction

terms, and the subject (or participants) as a random e↵ect. A stepwise approach was used

to remove insignificant terms, which also included a review of the goodness of fit using AIC.

There were 30 responses per participant and significant di↵erences were observed be-

tween participants. For that reason, the R package lme4 was used to examine the mixed

e↵ects model within subjects as a random e↵ect (random intercept) [4]. Interaction terms

were also included in each model.

5.2.2 Results

Hurdle model - Mixed-e↵ects binary logit portion

The final mixed-e↵ects binary logit model is shown in Table 5.2. All variables and interaction

terms included in the final model except POOI,peripheral had a significant impact on the SA

score – whether the SA score will be zero or not. Scenarios with shorter duration, higher

visual complexity, more objects, greater percentage of vulnerable road users (pedestrians

and cyclists), and greater percentage of OOIs are more likely to have a non-zero SA score.

A violin plot confirms that the likelihood of a non-zero is associated with higher visual

complexity (see Figure 5.6).

In terms of interaction terms, the log-odds ratios corresponding to an increase in Pped+cycle

of one percent for two POOI groups which di↵er by one percent will be exp(�3.17⇥ 0.01) =

0.97 of their current log-odds ratios. The log-odds ratios corresponding to an increase

in visual complexity of 0.01 for two Nobject groups which di↵er by one object will be

exp(�0.31⇥ 0.01) = 0.99 of their current log-odds ratios.
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Table 5.2: Estimates of mixed-e↵ects binary logit model predicting binary SA score

Estimate S.E. z value Pr(> |z|) Odds Ratio 95% CI
Intercept -4.14 *** 0.67 -6.59 <0.001 0.01 (-5.73, -3.10)
Duration(minute) -0.04 ** 0.01 -3.08 0.002 0.96 (-0.07, -0.02)
Visual complexity 7.07 *** 1.52 4.96 <0.001 1803.04 (4.54, 10.46)
Object property

Nobject 0.15 *** 0.03 4.61 <0.001 1.16 (0.09, 0.22)
Pped+cycle 1.87 ** 0.69 2.70 0.007 6.50 (0.51, 3.23)
POOI 1.81 ** 0.66 2.73 0.006 6.14 (0.51, 3.11)
POOI,peripheral -1.08 0.62 -1.73 0.084 0.340 (-2.30, 0.14)
Interaction terms

Pped+cycle:POOI -3.17 * 1.37 -2.32 0.020 0.04 (-5.84, -0.49)
Visual complexity:Nobject -0.31 ** 0.07 -4.31 <0.001 0.73 (-0.45, -0.17)
Number of Obs.: 754 AIC: 1490.7 Log Likelihood: -735.4 SD of Random e↵ect: 0.54
*** p < 0.001, ** p < 0.01, *p < 0.05
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Figure 5.6: Violin plot of binary SA score given visual complexity
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Hurdle model - Truncated - Linear mixed-e↵ects portion

The result of the linear mixed-e↵ects model is shown in Table 5.3. All the main e↵ects except

the Roadway type of segment had a significant impact on the SA score. Scenarios tend to

have a greater SA score with lower visual complexity, fewer objects, smaller percentage

of vulnerable road users (pedestrians and cyclists), smaller percentage of OOIs, smaller

percentage of OOIs in the peripheral view, lighting condition of less bright compared to

bright, and roadway type of roundabout compared to the intersection. Observations from a

2D heatmap (see Figure 5.7) showed that lower visual complexity (less than 0.5) generated

higher SA scores (including some scores at 100% or close to 1).

In terms of the interaction terms, all were significant except two, which are the interac-

tion term of visual complexity and Nobject and the interaction term of visual complexity and

roadway type(roadway). Each additional one percent of Pped+cycle increases the impact of

POOI on SA score by 0.58⇥0.01 = 0.0058. Since this coe�cient is positive, the more vulner-

able users in the scene, the stronger impact of POOI will be and vice versa. Each additional

one unit of Nobject increases the impact of POOI,peripheral on SA score by 0.03. Since this

coe�cient is positive, the more objects in the scene, the stronger impact of POOI,peripheral

will be and vice versa.

When the lighting condition is fixed as less bright, roadway type as segment will increase

the SA score by 0.07 compared to intersections; roadway type as roundabout will decrease

the SA score by 0.73; an additional 0.1 increase in visual complexity will increase SA score

by 0.034.

When the roadway type is fixed as roadway segment, lighting condition of less bright

will increase the SA score by 0.07 compared to bright condition. When the roadway type

is fixed as roundabout, lighting condition of less bright will decrease the SA score by 0.73;

additional 0.1 increase in visual complexity will decrease SA score by 0.848.
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Table 5.3: Estimates of linear mixed-e↵ects model predicting SA score

Estimate S.E. t value Pr(> |t|) 95% CI
Intercept 1.10 *** 0.11 9.81 <0.001 (0.88, 1.32)
Visual complexity -0.64 ** 0.24 -2.63 0.008 (-1.12, -0.16)
Lighting

Bright
Less bright -0.18 ** 0.06 -3.08 0.002 (-0.30, -0.07)
Roadway type

Intersection
Segment -0.08 0.06 -1.26 0.207 (-0.20, 0.04)
Roundabout 3.32 *** 0.89 3.72 <0.001 (1.57, 5.07)
Object property

Nobject -0.02 *** 0.01 -4.22 <0.001 (-0.03, -0.01)
Pped+cycle -0.27 *** 0.07 -4.04 <0.001 (-0.40, -0.14)
POOI -0.75 *** 0.07 -11.02 <0.001 (-0.89, -0.62)
POOI,peripheral -0.47 ** 0.15 -3.20 0.001 (-0.76, -0.18)
Interaction terms

Visual complexity:Nobject 0.02 0.01 1.66 0.091 (-0.00, 0.04)
Pped+cycle:POOI 0.58 *** 0.14 4.27 <0.001 (0.32, 0.85)
Nobject:POOI,peripheral 0.03 *** 0.01 4.21 <0.001 (0.01, 0.04)
Lighting(less bright):Roadway(segment) 0.07 * 0.03 2.12 0.032 (0.01, 0.13)
Lighting(less bright):Roadway(roundabout) -0.73 ** 0.26 -2.85 0.006 (-1.23, -0.23)
Visual complexity:Roadway(segment) 0.08 0.13 0.61 0.518 (-0.17, 0.33)
Visual complexity:Roadway(roundabout) -8.48 *** 2.31 -3.67 <0.001 (-13.01, -3.95)
Visual complexity:Lighting(less bright) 0.34 * 0.14 2.48 0.014 (0.07, 0.61)
Number of Obs.: 446 AIC: -521.6 SD of Random e↵ect: 0.02 Conditional R2: 0.53 Marginal R2: 0.52
*** p < 0.001, ** p < 0.01, *p < 0.05
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Figure 5.7: Heatmap of 2D bin counts for SA score given visual complexity
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5.2.3 Findings

Results from the hurdle model showed that both higher visual complexity and more objects

led to a significantly greater likelihood of getting non-zero SA scores for a scene. This

indicates that in a condition with high visual complexity or more objects, it is easier for

drivers to perceive some objects but will be harder for them to perceive a larger proportion of

objects. This may relate to drivers’ information processing mode in developing SA. Drivers

alternate between “goal driven” and “data driven” information processing mode in SA

development [34]. When there is too much information/input data from the environment,

drivers will only react to the cues that are most salient. Greater visual complexity or more

objects in the scene corresponds to a greater amount of visual information and clutter in

scenarios [26]. This explains why drivers are more likely to perceive at least one object but

find it di�cult to perceive all objects of interest in complex environments. That is, higher

visual complexity or more objects in the environment lead to a greater likelihood of getting

non-zero SA scores but the SA scores tend to be lower.

The visual complexity and number of total objects consist of two information types:

useful OOIs and useless objects. The useless objects only distracts drivers. Ideally, drivers

can develop SA for all OOIs and filter out all the useless information. The percentage of

OOIs sharing the same tendency with visual complexity and the number of total objects

indicates that too much information, even if it is useful, can force drivers’ to focus only on

the most salient objects. This poses challenges in developing driver assistance systems that

can not only filter out useless information but also help drivers develop SA for missed OOIs.

In terms of the type of objects, the percent of vulnerable road users (i.e., pedestrians

and cyclists) also has the same association as the three variables discussed above. That

is, a higher percent of vulnerable road users leads to a greater likelihood of non-zero SA

scores but the scores are lower. Since there are only three types of objects, the percent of

cars will be 1 � Pped+cycle and thus has an opposite e↵ect when compared to the percent

of vulnerable road users. In other words, a higher percentage of cars relates to a smaller

likelihood of perceiving at least one object and a greater SA score, but the higher percentage

of vulnerable road users relates to a greater likelihood of perceiving the object but a lower
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SA score. Please note that a higher percentage of cars does not necessarily mean that the

only object is a car since videos were selected from events with crossing pedestrians. This

further emphasizes the need to help drivers develop SA, especially for vulnerable road users.

The primary goal was to create an algorithm that can predict drivers’ situation awareness

in a car. For that reason, an easy-to-compute measure “visual complexity” was selected to

represent the visual clutter or the amount of visual information in a scene. Model results

showed it is a reasonable variable to use. First, it has a weak correlation (< 0.3) with all

measures used in this study (i.e., not correlated with other predictor variables). Second,

although it has the same trend as the number of total objects in the scene, the coe�cients of

the interaction terms are di↵erent in the two model portions. When it comes to perceiving

some objects (a non-zero SA score) visual complexity and number of objects weaken each

other’s impacts, but when it comes to perceiving more objects (a higher SA score) visual

complexity and number of objects facilitate each other’s impact. This indicates that it is a

di↵erent measure reflecting both the useful and the useless information from the number of

total objects.

For this study, a SAGAT method that is spatially continuous was proposed and exam-

ined. The results showed that a more precise SA measure can be obtained and future studies

can be conducted to identify optimal SA scores for various environmental conditions. As

an example, the distance from the actual object and the location marked by drivers can

be a meaningful measure of SA. Additionally, future studies can consider how much each

bounding box should be expanded to determine a correct and incorrect answer using the

proposed SAGAT method. This may lead to more meaningful SA scores as the bounding

box is associated with the calculation of the SA score. In general, the findings from this

study provide a foundation for future studies on using SA in complex driving environments.

5.3 Summary

Our proposed method for collecting SA has the potential to yield quantitative measures for

higher-level SA such as comprehension and prediction, as indicated by the results and brief

discussion in each subsection. In addition, we found that environmental factors such as

the number of objects, object size, visual complexity, and roadway type have a significant
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impact on driver SA. Therefore, it would be reasonable to include these factors in our

predictive model as we move forward.
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Chapter 6

AIM 3: PREDICT DRIVERS’ SA USING EYE-TRACKING DATA

This chapter introduces the eye gaze metrics used as predictors and how they have been

extracted from the eye-tracking data. Predictive methods of SA based on eye gaze metrics,

environmental, object, and driver features are presented and compared.

Both the recognized location and the type of the objects were recorded, which is a

two-phase procedure, as depicted in Figure 6.1: 1) object localization, 2) delve into more

details - object recognition. The methods in this chapter will also follow this hierarchical

structure, i.e., each method contains two phases. Binary classification models predicting

whether the object was correctly located will be fitted and compared, followed by another

binary classification model predicting whether the object type was correctly recognized.

The two phases of each method share the same pool of predictors.

The chapter unfolds as follows: Section 6.1 delves into the processing of eye-tracking

data, while Section 6.2 introduces the SA responses of each phase of the two-phase meth-

ods. Section 6.3 elaborates on the feature sets employed in the predictive models, followed

by a description of the data-splitting process in Section 6.4. Section 6.6 outlines a calibration

method attempted but ultimately abandoned. Section 6.7 encompasses the baseline meth-

ods, proposed approaches, binary classification models, performance metrics, and model

comparisons. Finally, Section 6.8 provides a brief discussion of the obtained results.

6.1 Eye-Tracking Data Processing

The object trajectories have been estimated in preliminary work for a one-second window

before the SAGAT pause. Eye-tracking data will also be processed for this one-second

window T in order to be mapped with the estimated object bounding boxes along the

trajectory.

The raw eye-tracking data has been recorded at 30 Hz and has been synchronized and
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Figure 6.1: Two-phase predictive model

projected to the scenario video’s coordinate system. In this case, the eye tracking data and

the SA responses as x-y coordinates are now in the same coordinate system, which makes

the computation of distances between the gaze points and the objects possible.

Before describing the detailed features, there is one thing to be noted. The coordinate

system of the scenario video file is a Cartesian coordinate system with the top left corner

as the reference point as shown in Figure 6.2(b), however, in the actual simulator setting,

there are angles 2� between adjacent displays. In this case, the distance between two points

on di↵erent displays computed in this Cartesian coordinate system will not reflect their

actual distance in the real 3D setting. Therefore, a polar coordinate system as depicted in

Figure 6.2(c) was established with the participant as the reference point. Since the distance

between each display and the participant is equal, we assume the three-channel display
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forms an arc with a radius of r = 4800.

The parameter, the angle of a unit arc (length = 1 px, radius = 4800) corresponds to,

needs to be calculated in order to convert the distance between two points in the Cartesian

coordinate system to the polar coordinate system. A correspondence was detected between

the width of a single-channel video (1920 px) and an arc with an angle of 2↵ so that ↵ is

calculated as:

tan(↵) =
w/2

r
) ↵ = 23.479� (6.1)

Hence, the parameter equals:

2↵ ⇠ 1920 px ) 1 px ⇠ 0.0244572� (6.2)

The data processing procedures have been coded using R and tested on a small set of

data. Columns of this processed data are described in Table 6.1. Note that only gazes that

are labeled as fixations are used when processing metrics.

Table 6.1: Eye Tracking Data Codebook

Column name Description
1 tobiiTS Tobii eye tracker’s device time, continuous
2 sysT System time of the computer playing the scenario video, continuous
3 vidT Video elapsed time, will not increase when paused
4 last event Labeling the start and end of each scenario and SAGAT pause
5 scene frame num Scenario video frame index
6 tobii frame num Tobii video frame index
7 Pupil left Pupil size, left
8 Pupil right Pupil size, right
9 Is fixation Tobii’s IBT algorithm, below 30 is saccade, above is fixation, degree/sec
10 Gaze Velocity Gaze point moving velocity, degree/sec
11 SceneCamFile Scenario video filename
12 TobiiCamFile Tobii video filename
13 GazePointInTobii x x coordinate in Tobii eye tracker video, range(0-1)
14 GazePointInTobii y y coordinate in Tobii eye tracker video, range(0-1)
15 GazePointInScene x x coordinate in scenario video, range(0-1)
16 GazePointInScene y y coordinate in scenario video, range(0-1)
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Figure 6.2: Simulator setting and key geometric parameters

6.2 Response

Object-wise SA will be the focus of the proposed work considering our research goal to

selectively provide assistance. After data cleaning, 6192 data points each representing one

object for one participant, were used for modeling in this chapter.
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6.2.1 SA regarding Object Localization

The first-phase models predict the situation awareness regarding object localization by

determining whether the object’s location has been accurately identified. The SA response

indicating object localization is a binary variable for the first model as depicted in Figure

6.1.

• Hit (21.2%) - the location of the object has been correctly identified. If any touch

has been detected within the object’s bounding box area or its trajectory, the object’s

location.

• Miss (78.8%) - the object was not detected by the participant. No touch located

within the object’s bounding box or its trajectory has been detected.

6.2.2 SA regarding Object Recognition

The second-phase models predict the situation awareness regarding object recognition by

determining whether the object’s type has been accurately identified. The data set for this

phase has 1315 data points. The SA response indicating object recognition is a binary

variable for the second model as depicted in Figure 6.1.

• Correct Type (78.6%) - both the object location and its type have been correctly

identified.

• Wrong Type (21.4%) - the location of the object was accurately recognized, but its

type was misidentified.

6.3 Predictors

6.3.1 Gaze Enclosure

Gaze enclosure is a binary indicator that denotes whether a gaze point has been detected

within the bounding box during the specified time window.
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6.3.2 Gaze Point-Based Features

(a) Distance

Gaze-point-based features utilize both the spatial alignment between target objects and

participants’ gaze point coordinates, as well as the velocity of gaze points. Two types of

object-gaze point distance have been considered:

• Distance between the gaze point and its closest point to the bounding box.

• Distance between the gaze point and the center of the bounding box.

Humans tend to perceive objects as whole entities rather than focusing on gaps within

them. This inclination to mentally complete shapes and figures is referred to as “closure”.

The law of closure dictates that individuals perceive objects, such as shapes, letters, or

pictures, as complete even when they are not fully formed. In essence, when certain parts of

a whole picture are missing, our perception automatically fills in the visual gap [9]. Thus,

in our case, it is reasonable to use the distance between eye fixations and specific points of

the object to indicate how close the drivers were looking at the object.

Three features were extracted for each type of object-fixation distance as follows.

• GDpause - gaze point distance to an object at a pause, measured in degree.

• GDmin - minimum gaze point distance to an object within the analysis time window

T , measured in degree.

• GDavg - average gaze point distance with an object during the analysis time window

T , measured in degree.

(b) Velocity

• GVmean - average gaze point moving velocity within in T , measured in degrees per

second.

• GVpause - gaze point moving velocity at pause, measured in degrees per second.
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The velocity of gaze point movement at minimum distances was initially considered but

ultimately excluded due to a high percentage of missing data.

6.3.3 Visual Sensory Dependent Features

There are two main parts in the human visual sensory system: foveal vision and peripheral

vision. Foveal vision is used for scrutinizing highly detailed objects, whereas peripheral

vision is used for organizing the broad spatial scene and for seeing large objects. In the

driving context, foveal vision is optimized for sensitivity in object detection and peripheral

vision is good at the recognition of motion. Therefore, it is important to involve this set of

features in the predictive model.

This study presumes that drivers are using non-foveal vision for tracking detected objects

and detecting moving objects. Based on clinical research [49], four vision sensory radius

ranges will be considered: fovea (✓1 = 2.5 degree), parafovea (✓2 = 4.1 degree), perifovea

(✓3 = 9.1 degree) and macula (✓4 = 15.0 degree). Three features will be extracted for each

radius range. For radius range i the three features will be extracted using two types of

object-gaze distance:

• V S
(i)
elapse

- time elapsed since the last frame where the gaze distance is less than ✓i

counted at pause. If no fixation is within the range, the analysis window T will be

used.

• V S
(i)
dwell

- total dwell time measured in seconds when the gaze distance is less than

radius ✓i.

• V S
(i)
avg - average gaze distance measured in degree while the distance is within a radius

threshold of ✓i. For gaze distance always larger than ✓i, the average distance during

the whole analysis window T will be used.
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6.3.4 Environmental, Object and Demographic Features

(a) Environmental Features

• OEroad - roadway type, a binary indicator of whether the roadway type is segment or

intersection.

• OEobjcnt - object count, represents the number of objects in the scenario.

• OEpedpct - the percentage of the number of pedestrians out of the number of all objects

in the scene at pause.

• OElight - lighting condition, a binary indicator of whether it was bright or less bright.

• OEviscpx - visual complexity score of the scenario, computed using equation 4.1 as

the ratio between the compressed and uncompressed at-pause image file size. It is a

continuous variable ranging from 0 to 1 with a higher value indicating a greater visual

complexity of the scene.

(b) Object Features

• OOtype - object type, a three-level categorical variable indicating the type of the object

of interest, including pedestrian, car, and cyclist.

• OOsize - object size, a continuous variable indicating the size of the object of interest,

measured in pixels.

(c) Demographic Features

• ODage - age group, a binary indicator reflecting whether the driver was in the 40- or

40+ age group.

• ODgen - driver’s gender, a binary indicator with two levels male and female.

• ODdrvfrq - driving frequency, represented by three levels including less than weekly,

at least weekly, and at least daily.
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6.4 Data Split

As indicated by the average SA accuracy across scenarios and drivers shown in Figure 6.3,

SA accuracy exhibits slightly greater variability across scenarios compared to across drivers.

In real-world driving scenarios, it is more pragmatic to generalize the model’s applicability

to various driving situations. The optimal model is one that has been exposed to diverse

operators and limited scenarios, yet can achieve better predictions for unobserved situations.

Out of the 75 scenarios, 15 (20%) have been randomly assigned to the test set, while the

remaining 60 (80%) are assigned to the training set. This allocation results in a training set

consisting of 4921 rows and a test set of 1271 rows for object localization, and 1127 rows

for training and 188 rows for testing for object recognition.

Notably, since each of the 40 drivers has experimented in 30 distinct scenarios, both the

training and test sets encompass data from each driver.

Figure 6.3: Average SA accuracy distribution across scenarios and drivers

6.5 Subsampling

In classification tasks, addressing class imbalances is crucial for e↵ective model fitting. Three

types of sampling methods have been developed for this purpose:

• Downsampling/undersampling: This method involves randomly subsetting all classes

in the training data to match the frequency of the least prevalent class.
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• Upsampling/oversampling: Here, the minority class is randomly sampled (with re-

placement) to match the size of the majority class.

• Hybrid methods: These approaches combine aspects of both up and downsampling to

incorporate the strengths from both.

Two prominent techniques of the hybrid methods are the synthetic minority over-

sampling technique (SMOTE) [14], which down-samples the majority class while gener-

ating synthetic data points in the minority class; and random over-sampling examples

(ROSE) [68], which is a bootstrap method that helps with binary classification when dealing

with rare classes. Both work with continuous and categorical data by creating synthetic

examples based on a conditional density estimate of the two classes. This study utilized

the DMwR package (Version 0.4.1) for SMOTE subsampling and ROSE package (Version

0.0-4) on each training set with di↵erent predictor sets.

6.6 Calibration

Model calibration aims to ensure that the estimated class probabilities are consistent with

what would naturally occur. A model with poor calibration indicates low reliability, and

we might be able to post-process the original predictions to coerce them to have better

properties following the procedures depicted in Figure 6.4.

After employing subsampling techniques like SMOTE and ROSE, sometimes it’s essen-

tial to refine the predicted probabilities of the classification model using calibration methods

depending on the output results. Synthetic examples generated by the subsampling methods

may introduce noise into the class distribution. Therefore, selecting calibration methods ca-

pable of handling noisy or imbalanced data is helpful. Isotonic regression, a non-parametric

method, can o↵er greater robustness to noisy data and may serve as a suitable choice post-

subsampling. This study utilized the isoreg function from package stats for the isotonic

regression.
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Figure 6.4: Flowchart for calibration process

When there is the need to calibrate the output probabilities, among the 75 scenarios,

a validation set containing 8 scenarios (10%) is split out in addition to the training test

with 59 scenarios (80%) and the test set with 8 scenarios (10%). Separating a validation

set for fitting the calibration model aims to avoid touching the data in the test set during

calibrating or reusing the data in the training set which may cause overfitting.

A calibration plot is a good way to diagnose the calibration need of model results. It is

a graphical representation that illustrates the agreement between predicted probabilities or

scores from a model and the observed outcomes. It helps assess the reliability of a predictive

model by showing how well the predicted probabilities align with the actual probabilities of

events occurring.

Figure 6.5 shows some examples of calibration plots. The closer the line is to the

diagonal, the more reliable the model is. R function cal plot windowed() from package

probably (Version 1.0.3) was utilized for drawing calibration plots. We will only focus on

the top right plot, and the two at the bottom to explain the plots. The top right plot

shows the results of fitting the logistic regression model for Method Baseline 3 (methods

are described in more detail in the following section), which has a big drop of around 0.7,
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meaning that when the predicted probabilities are around 0.7 to 0.75, the actual event rate

of being 1 rather than 0 is way less than 0.7 and 0.75, indicating a poor calibration. The

bottom right plots show the results of fitting logistic regression based on the subsampling

examples using SMOTE. The range of predicted probabilities becomes wider, and the drop

becomes less acute but it is much further from the diagonal. Calibration is helpful in this

case, the results after calibrating the probabilities using the isotonic regression are depicted

in the bottom right plot. The line comes closer to the diagonal, indicating an improved

calibration or reliability of the model.

Unfortunately, upon initial inspection of the output results, it appears that following

calibration, all data points were predicted as zero across all methods. This outcome stems

from the relatively small validation set, resulting in a poorly fitted isotonic regression model

that assigns all predictions to a single category. Consequently, our data does not e↵ectively

support calibration following subsampling, and no calibration was implemented for any

model presented in this dissertation.



59

Figure 6.5: Calibration plot examples

6.7 Method Evaluation

The same predictor set will be utilized for both phases of the two-phase method set. In

the first phase, the model predicts SA concerning object localization, while in the second

phase, it predicts SA regarding object recognition. A summary of the feature sets for all
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methods is provided in Table 6.2, with detailed descriptions available in the subsequent

subsections. The numbers within the cells represent the quantity of predictors employed in

each respective method. Additionally, numbers within brackets alongside “PCA” indicate

the application of principal component analysis (PCA), with the enclosed number denoting

the count of PCA-transformed predictors utilized in the method.

Table 6.2: Feature Sets of Each Method for Aim 3

6.7.1 Baseline Methods

Baseline 1: Gaze enclosure rule-based

The underlying assumption is that “looking implies seeing,” meaning that the direction of a

driver’s eye gaze directly indicates whether they have perceived the object. This approach

relies solely on whether the gaze point is located within the bounding box to predict the

driver’s situational awareness. The predictor “gaze enclosure” is used as the only predictor

to predict driver SA with a rule-based model.

Baseline 2: Gaze enclosure learning-based

The fundamental assumption aligns with Baseline 1 that the direction of a driver’s gaze

directly indicates whether they have perceived the object. However, in this approach,

learning-based models are employed. These models are consistent with those utilized in

other methods, and the binary classification models are detailed in Section 6.7.3.
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Baseline 3: Baseline 2 + environmental, object and driver features

This method echoes the assumptions of the previous two. The environmental, object, and

driver features investigated in Aim 2 were added, and learning-based models were employed.

6.7.2 Proposed Methods

Method 1: E↵ect of incorporating gaze point-based features

In the first proposed method, the binary predictor “gaze enclosure” is replaced by gaze point-

based features. A notable correlation has been observed between all pairs of distance-related

gaze-point-based features, regardless of whether they were computed using the object’s

center point or the nearest point on the bounding box’s perimeter. To retain information

from each predictor and address the issue of multicollinearity, PCA was applied to the six

predictors (two distance types multiplied by three features per distance type). Note that

only the training set was utilized for fitting PCA. Subsequently, the PCA model fitted on

the training set was applied to the test set, ensuring that the data in the test set was not

accessed prior to testing.

Figure 6.6: Scree plot (left) and biplot (right) of PCA results for distance-related gaze-
point-based features
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The first two components were selected as they accounted for 93.1% of the variance,

surpassing our preset threshold of 90%, which has been used throughout the study. The scree

plot depicted in Figure 6.6 illustrates the percentage of variance explained by each principal

component, while the biplot on the right demonstrates the influence of each predictor on

the first two principal components.

Method 2: E↵ect of incorporating visual sensory dependent features

In the second proposed method, gaze-point-based features from Method 1 are replaced with

visual sensory-dependent features. Similar to the first method, multicollinearity arises,

prompting the utilization of PCA to address this issue. Six principal components were

selected, explaining 90.5% of the variances of the 24 predictors, comprised of four visual

sensory radius ranges multiplied by three features per distance type. The scree plot depicted

in Figure 6.7 illustrates the percentage of variance explained by each principal component,

while the biplot on the right demonstrates the influence of each predictor on the first two

principal components.

Figure 6.7: Scree plot (left) and biplot (right) of PCA results for visual sensory-dependent
features
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Method 3: E↵ect of incorporating both gaze-point-based & visual sensory dependent features

The third proposed method incorporates both the gaze-point-based features and the visual

sensory-dependent features. Strong correlations have been detected between the distance-

related gaze-point-based predictors and the visual sensory dependent features, as depicted

in Figure 6.9. Therefore, a PCA on all those features except gaze-point velocity features.

The scree plot depicted in Figure 6.8 illustrates the percentage of variance explained by

each principal component, while the biplot on the right demonstrates the influence of each

predictor on the first two principal components. Seven principal components were selected,

explaining 91.9% of the variances of 30 predictors.

Figure 6.8: Scree plot (left) and biplot (right) of PCA results for distance-related gaze-
point-based features and visual sensory-dependent features
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Figure 6.9: Caption



65

6.7.3 Binary Classification Models

Binary classifiers will be employed for both phases of each method. The predictor sets will

be the same for two phases of one method, but the binary classifiers can be di↵erent. Six

learning-based classic binary classifiers have been employed: logistic regression, decision

tree (entropy, Gini), random forest, and XGBoost linear and XGBoost tree. R package

caret (Version 6.0-94) was used for training the models. All numerical predictors have been

centered and scaled pre-training. A five-fold cross-validation was employed for all training

processes.

6.7.4 Model Performance Measures

Performance computed for models are listed below:

• Confusion Matrix is a 2 ⇥ 2 matrix containing four cells, which are counts of true

positive (TP), true negative (TN), false positive (FP), and false negative (FN).

• Precision is computed as the ratio of correctly predicted positive observations to the

total predicted positive observations: Precision = TP/(TP + FP)

• Recall is defined as the ratio of correctly predicted positive observations to all obser-

vations in actual class: Recall = TP/(TP + FN)

• Accuracy is the proportion of correctly classified instances:

Accuracy = (TP+TN)/(TP + TN + FP + FN)

• Balanced Accuracy is a performance metric used in classification tasks, especially when

there is an imbalance in the class distribution. It is defined as the arithmetic mean

of sensitivity (TP rate) and specificity (TN rate). A classifier that always predicts

negative will have a balanced accuracy equal to 50%. Considering the data imbalance

in this study, it is reasonable to compare the balanced accuracy results with 50%.

Balanced Accuracy = (TP/(TP + FN) + TN/(TN + FP))/2



66

• F1 Score is a metric used to evaluate the performance of a classification model, partic-

ularly in tasks where the class distribution is imbalanced. It is the harmonic mean of

precision and recall. The F1 score ranges from 0 to 1, where a higher score indicates

better model performance. It provides a balance between precision and recall, making

it a useful metric for assessing a model’s ability to correctly classify both positive

and negative instances, especially when there is an imbalance between the classes:

F1 Score = 2⇥ (Precision⇥ Recall)/(Precision + Recall)

• AUC stands for “Area Under the ROC Curve.” It is a popular performance metric

used to evaluate the performance of binary classification models.

The ROC (Receiver Operating Characteristic) curve is a graphical plot that illustrates

the diagnostic ability of a binary classifier system as its discrimination threshold is

varied. It is created by plotting the true positive rate (sensitivity) against the false

positive rate (1 - specificity) at various threshold settings.

The AUC provides an aggregate measure of performance across all possible classifi-

cation thresholds. A higher AUC value indicates better overall performance of the

model in distinguishing between the two classes. The AUC ranges from 0 to 1, where

AUC = 0.5 indicates that the model has no discrimination ability (equivalent to ran-

dom guessing); AUC = 1 indicates perfect discrimination, where the model perfectly

separates the positive and negative instances. In summary, AUC is a useful metric

for evaluating the discrimination ability of binary classification models, particularly

in scenarios with imbalanced class distributions or when the true positive and false

positive rates are of interest across various threshold settings.

• Brier Score also known as the Brier loss or mean squared error, is a performance

metric commonly used to assess the accuracy of probabilistic predictions made by a

classification model.

It measures the mean squared di↵erence between predicted probabilities and the ac-

tual outcome for each instance in the dataset. Specifically, for a binary classification
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problem, the Brier score is calculated as the average squared di↵erence between the

predicted probability assigned to the positive class and the actual outcome (1 for the

positive class, 0 for the negative class). The formula for the Brier score is:

Brier score =
1

N

NX

i=1

(fi � oi)
2

Where N is the total number of instances in the dataset. fi is the predicted probability

assigned to the positive class for instance i. oi is the actual outcome for instance i,

where oi = 1 if the instance belongs to the positive class and oi = 0 if it belongs to

the negative class.

The Brier score ranges from 0 to 1, where a lower score indicates better calibration and

accuracy of the model’s predicted probabilities. A Brier score of 0 indicates perfect

accuracy, meaning the predicted probabilities perfectly match the actual outcomes,

while a score of 1 indicates complete inaccuracy, equivalent to random guessing.

• Performance Score is a self-defined score computed as the average of F1 score and

balanced accuracy. The reason for defining this score is articulated in the next para-

graphs.

Considering the data’s imbalance, we meticulously selected performance measures for

the models. Specifically, we chose four metrics for model comparison. We then filtered

models that performed above the 0.85 quantile in terms of both the Brier score and AUC.

Subsequently, we arranged them by a performance score calculated as the average of the F1

score and balanced accuracy. This method yielded a model showcasing robust performance

across all criteria. The top five models in the rank for each method phase were consequently

chosen as the overall best models.

In comparing the best model for each method, we filtered models performed above the

0.5 quantile concerning the Brier score and AUC. Since we grouped the model results by

method, with each group containing 18 models, significantly fewer than the total of 91

models, we adjusted the quantile to include more models in the final pool for performance
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score comparison. We then sorted them by a performance score computed as the average

of the F1 score and balanced accuracy.

6.7.5 Results

Altogether, one rule-based model was executed for Baseline 1. For the remaining methods,

including Baseline 2 and 3, Methods 1 to 3, a total of six binary classification models were

trained and tested using non-subsampled data, SMOTE subsampled examples, and ROSE

subsampled examples, resulting in a combination of six times three times five, totaling 90 +

1 = 91 models for each phase of the method. Detailed performance results for each model

can be found in Appendix A.1.

(1) Object Localization

The four primary performance metrics of all methods except Baseline 1 are illustrated in

Figure 6.10. Notably, we adjusted the Brier score to “1 - Brier score” to maintain consistency

across the measures, ensuring that a value closer to 1 signifies better model performance.

Models utilizing non-subsampled data and those employing SMOTE subsampled exam-

ples demonstrate better performance compared to ROSE. Conversely, Baseline 2 exhibits

the poorest overall performance. Among the remaining methods, Method 3 outperforms

the others in terms of balanced accuracy, while Baseline 3 exhibits the lowest performance

in this regard. However, Method 1 and Method 2 display no discernible di↵erences based

on the plots. Furthermore, no significant disparities have been observed in terms of AUC,

Brier score, and F1 score among the four methods, except for Baseline 2.

The top five models, ranked by their performance scores after filtering out those that

exceeded the 0.85 quantile for both the Brier score and AUC, are presented in Table 6.3.

When comparing balanced accuracy, where there’s a baseline of 50% from always predicting

negative, the model achieving the highest balanced accuracy is 69.2%. Regarding AUC, a

range of 0.7 to 0.8 is typically considered acceptable [66]. Additionally, we are not displaying

the best balanced accuracy or discussing the overall best balanced accuracy. Models that

performed poorly in terms of AUC and Brier score have been filtered out, which may
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performs well in terms of balanced accuracy at the cost of a poor performance for the rest.

It is noteworthy that all the models in the top five are based on non-subsampled data; and

that XGBTree and XGBLinear models perform best.

Figure 6.10: Aim 3 - Performance measures for object localization methods

Table 6.3: Aim 3 - Top Five Performance Results of All Predictive Methods for Object
Localization

m. ss. model TP FP FN TN acc. b-acc. F1 prc. rec. AUC Brier prfm.
M1 none xgbTree 56 132 69 1014 0.842 0.666 0.358 0.298 0.448 0.733 0.243 0.512
M2 none xgbLinear 65 123 96 987 0.828 0.646 0.372 0.346 0.404 0.755 0.240 0.509
M3 none xgbTree 43 145 42 1041 0.853 0.692 0.315 0.229 0.506 0.751 0.253 0.503
M2 none xgbTree 40 148 39 1044 0.853 0.691 0.300 0.213 0.506 0.766 0.256 0.495
M1 none xgbLinear 49 139 87 996 0.822 0.619 0.302 0.261 0.360 0.727 0.241 0.461

The top-performing model for each method is documented in Table 6.4. Initially, the

top models, as outlined in section 6.7.4, underwent filtration based on the 0.50 quantile for

both the Brier score and AUC for each method. Subsequently, they were arranged by their
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performance score, with only the top model being presented in the table. Baseline 2 did

not yield satisfactory results. Among the remaining methods, XGBTree and XGBLinear

models demonstrated superior performance. The proposed methods outperform the Baseline

models, with a relatively even comparison among the three proposed models. Method 2

excelled in the F1 score, while Method 3 exhibited the highest balanced accuracy. However,

F1 scores under 0.5 are not considered to be good.

Table 6.4: Aim 3 - Top Performance Results of Each Predictive Method for Object Local-
ization

m. ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
B1 none rule-based 53 140 135 943 0.784 0.576 0.278 0.275 0.282 0.670 0.216 0.427
B2 none dt gini 0 188 0 1083 0.852 0.000 0.500 0.309
B3 none xgbTree 50 138 64 1019 0.841 0.660 0.331 0.266 0.439 0.689 0.269 0.495
M1 none xgbTree 56 132 69 1014 0.842 0.666 0.358 0.298 0.448 0.733 0.243 0.512
M2 none xgbLinear 65 123 96 987 0.828 0.646 0.372 0.346 0.404 0.755 0.240 0.509
M3 none xgbTree 43 145 42 1041 0.853 0.692 0.315 0.229 0.506 0.751 0.253 0.503

(2) Object Recognition

The four primary performance metrics of all methods except Baseline 1 are illustrated in

Figure 6.11. Notably, we adjusted the Brier score to “1 - Brier score” to maintain consistency

across the measures, ensuring that a value closer to 1 signifies better model performance.
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Figure 6.11: Aim 3 - Performance measures for object recognition methods

Models employing SMOTE and ROSE subsampling methods exhibit superior perfor-

mance compared to non-sampled data in terms of AUC and Brier score, whereas models

based on non-subsampled data excel in terms of balanced accuracy and F1 score. This

validates our approach of initially filtering out models based on AUC and Brier score and

subsequently comparing the model performance score, leading to the models in the final pool

performing better across all dimensions. Baseline 2 continues to demonstrate the poorest

performance. The remaining methods perform consistently across all four measures.

The top five models, ranked by performance score after filtering out those that exceeded

the 0.85 quantile for both Brier score and AUC are presented in Table 6.5. This is the

only case that a di↵erent threshold for quantile is used, for there are no valid model re-

sults that meet the requirement of exceeding 0.85 quantile for both performance measures,

the threshold is relaxed for this single case. When comparing balanced accuracy, where

there’s a baseline of 50% from always predicting negative, the model achieving the highest
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balanced accuracy is 62.8%. Regarding AUC, a range of 0.7 to 0.8 is typically considered

acceptable [66]. F1 scores above 0.7 or 0.8 are often considered good in many practical

scenarios [94]. Additionally, we are not displaying the best balanced accuracy or F1 score.

Models that performed poorly in terms of AUC and Brier score have been filtered out, which

may perform well in terms of balanced accuracy or F1 score at the cost of poor performance

for the rest. It is noteworthy that all the models in the top five are based on SMOTE

subsampled data.

Table 6.5: Aim 3 - Top Five Performance Results of All Predictive Methods for Object
Recognition

m. ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
M3 smote xgbTree 98 46 17 27 0.665 0.611 0.757 0.681 0.852 0.711 0.593 0.684
M1 smote dt entropy 96 48 18 26 0.649 0.597 0.744 0.667 0.842 0.674 0.571 0.670
M1 smote rForest 77 67 7 37 0.606 0.636 0.675 0.535 0.917 0.682 0.501 0.656
M3 smote rForest 81 63 11 33 0.606 0.612 0.686 0.562 0.880 0.683 0.530 0.649
M3 smote xgbLinear 85 59 14 30 0.612 0.598 0.700 0.590 0.859 0.684 0.538 0.649

The top-performing model for each approach is documented in Table 6.6. Initially, the

leading models, as detailed in section 6.7.4, underwent filtering based on the 50% quantile

concerning both the Brier score and AUC for each method. Subsequently, they were or-

ganized by their performance score, with only the top model being included in the table.

Baselines 1 and 2 demonstrate inferior performance compared to the others across all di-

mensions. The remaining methods perform consistently. Random forest models emerge as

the best performers overall. Notably, four methods achieve an F1 score exceeding 0.8, which

is considered excellent.

Table 6.6: Aim 3 - Top Performance Results of Each Predictive Method for Object Recog-
nition

m. ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
B1 none rule-based 40 13 104 31 0.378 0.491 0.406 0.755 0.278 0.670 0.622 0.449
B2 rose rForest 40 104 13 31 0.378 0.492 0.406 0.278 0.755 0.509 0.524 0.449
B3 rose rForest 117 27 24 20 0.729 0.628 0.821 0.812 0.830 0.671 0.652 0.724
M1 rose rForest 114 30 23 21 0.718 0.622 0.811 0.792 0.832 0.700 0.617 0.717
M2 rose xgbTree 115 29 23 21 0.723 0.627 0.816 0.799 0.833 0.673 0.645 0.721
M3 rose rForest 113 31 22 22 0.718 0.626 0.810 0.785 0.837 0.670 0.595 0.718
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6.8 Discussion

Overall, the proposed methods demonstrate consistent performance and surpass the baseline

models in both phases, underscoring the importance of integrating gaze-point-based features

and visual sensory-dependent features into predictive models for object-level driver SA.

Models utilizing non-subsampled data exhibit superior performance for object localiza-

tion, whereas models based on subsampled examples perform better for object recognition.

This di↵erence may be attributed to the smaller size of the dataset for object recognition.

Subsampling e↵ectively augments the dataset, enhancing model performance.

It is noteworthy that Baseline 3 performs comparably well with the proposed method

for object recognition, suggesting that incorporating environmental, object, and driver fea-

tures is crucial for accurate object recognition prediction, which is not the case for object

localization.
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Chapter 7

AIM 4: PREDICT DRIVERS’ SA USING REAL-WORLD DRIVING
VIDEOS

This chapter covers Aim 4 of this study introduces a method for predicting SA using

using real-world driving videos.

For Aim 4, predictive models of SA are built based on real-world driving videos without

using eye-tracking data, which is depicted as “our model” in Figure 7.1. A thorough liter-

ature review has been done on predictive models for SA in Section 2.3. We noted that all

the models used features generated from the eye-tracking data, which are denoted as “SA

predictive models” in Figure 7.1. We also built one for binary and one for multi-level SA

for Aim 3. However, it is not practical for now to let drivers wear an eye-tracker during

driving. Eye trackers are expensive, uncomfortable to wear especially for near or far-sighted

users, and require calibration thus mainly used in lab environments. Additionally, capturing

and recording eye movement may cause privacy concerns. Considering that most vehicles

nowadays have ADAS and dash cams, video data from the outside will be easy to obtain.

What if extracting eye gaze features from these videos instead? There have been studies

in the computer vision (CV) field about visual attention modeling that predicts human eye

fixation from video or image data, which well fits our needs. A review of related studies is

presented in subsection 6.3.1, with the DeepGazeIIE model selected as the model for gaze

estimation. The visual attention matrix for each scenario was extracted and gaze points

were estimated as presented in subsection 7.2. Response and predictors are introduced in

subsections 7.3 and 7.4, followed by the introduction of proposed methods for both the

object localization and recognition phases. Model results are exhibited in subsection 7.5

followed by a discussion on the results.
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Figure 7.1: Framework of Aim 4

7.1 Driver Visual Attention Modeling Studies

Visual attention is a field of research in image processing and computer vision closely linked

to subjects such as saliency detection of objects and eye fixation [59]. Related studies can

be classified into two perspectives (see Figure 7.2). First is driver-focused, which estimates

whether the driver was paying attention to the driving task, such as fatigue or distraction

detection, by analyzing drivers’ face videos. The other is scene-focused estimating where

the driver focuses using the forward roadway video. The latter is our focus.

7.1.1 Pull Strategy

The study review followed a modified Preferred Reporting Items for Systematic Reviews

and Meta-Analyses (PRISMA) method to identify relevant literature [71]. Two databases

were searched: Web of Science and Google Scholar, selected for their coverage across sci-

ence, engineering, and other disciplines related to our review topic. The search syntax and

Boolean operators “OR” and “AND” were used to search in the databases:

(("driver") OR ("driving")) AND (("attention") OR ("perception") OR

("estimation") OR ("fixation map") OR ("fixation area") OR

("fixation region")) AND (("deep learning") OR ("neural network")) AND
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(("eye tracker") OR ("eye movement") OR ("eye tracking") OR ("gaze"))

Figure 7.2: Examples of related studies from two perspectives (images from [16, 23])

7.1.2 Review on Existing Methods

After screening the abstracts, we filtered out three papers out of 33 from Web of Science and

16 out of 120 from Google Scholar. As the three papers from Web of Science were duplicates

of those from Google Scholar, 16 papers were left to be reviewed in full length. These

scene-focused studies use scene images or videos captured by dash cams as inputs; capture

drivers’ eye fixation data as ground truth; and apply convolutional neural network (CNN)

with di↵erent structures to estimate drivers’ eye fixation map. This study flow together

with examples of inputs, intermediate products, and outputs are depicted in Figure 7.3.

Palazzi et al.’s DR(eye)VE project [77] is widely recognized as the leading study in

the field. They created and publicly released the first dataset addressing drivers’ focus

of attention prediction and named it with their project name DR(eye)VE. The dataset

comprises 74 sequences containing a total of 555,000 frames collected from a naturalistic

driving (ND) study. Each sequence is 5 minutes in duration and features eight drivers, aged

between 20 and 40, including seven men and one woman. Each driver drove for over two

months. Videos were recorded in various contexts, including downtown areas, countryside

roads, and highways, as well as in di↵erent tra�c conditions ranging from low to high levels
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(a) Egocentric view recorded by eye 
tracker view (raw data)

(b) Roof-mounted camera view (input) 

(c) Accumulated fixations of 1 sec 
window with current time t as the center 

(ground truth) 

(d) Overlays of the fixation map on 
the scenario frame

Wider view √

Figure 7.3: Flow if scene focused study recreated with images from [77]

of congestion; also under di↵erent weather conditions such as sunny, rainy, and cloudy, and

at various times of the day including both daytime and nighttime.

A multi-branch model composed of three identical branches depicted in Figure 7.4 was

used in the DR(eye)VE project. Each branch exploits complementary information from

a di↵erent domain and contributes to the final prediction accordingly. In detail, the first

branch works in the RGB domain and processes raw visual data about the scene, denoted

as XRGB. The second branch focuses on motion through the optical flow, denoted as Xflow.

The last branch takes as input semantic segmentation probability maps, denoted as Xseg.

The model proposed outperforms several baselines and competitors. Results from the study

indicate that there are common attention patterns among drivers, which can be partially

replicated.

Studies in this field can be grouped based on five di↵erent dimensions:

• Data source: 1) directly use data from existing datasets, especially the DR(eye)VE
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Figure 7.4: The architecture of a multi-branch deep network for the focus of attention (FoA)
proposed by DR(eye)VE project [77] recreated based on images from the paper

dataset and the Berkeley DeepDrive Attention (BDD-A) dataset1; 2) collect data

using the scenarios from existing studies with the video-mimicking method; 3) collect

data fully on their own including ND data collected from real-world driving, video-

mimicking, CG-based, or CG-mimicking collected in lab environments.

• Input : 1) raw scenario image or video (i.e., image stream); 2) processed scenario image

or video including optical flow, semantic segmentation, and saliency; 3) others such

as gaze direction, physiological data, and demographic data.

• Output : 1) estimated eye fixation map for each pixel; 2) estimated fixation region/zone

for each region/zone (uniformly distributed in each region or zone).

• Model Architecture: 1) single-stream CNN with single channel input aiming for faster

running speed; 2) multi-stream/modal/branch CNN with multiple channels of inputs

aiming for higher accuracy; 3) skip layer CNN that tries to find a balance between

speed and accuracy; 4) generative adversarial network (GAN).

1https://bdd-data.berkeley.edu/

https://bdd-data.berkeley.edu/
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• Model comparison: Assess the performance of the model relative to competitors un-

der two conditions: 1) exclusively in the driving context, and 2) in a generic context.

In a driving context, drivers typically exhibit a central fixation bias towards the for-

ward roadway, which distinguishes it from other contexts. Although several attention

prediction models exist without specifying a context, their e↵ectiveness in a driving

context may be limited.

Detailed notes for the papers are summarized in a table in Table 7.1.

7.1.3 Issues Regarding Applying Existing Studies

Upon discovering the pre-trained DReyeVE 2 model and noting its exceptional performance,

which aligned perfectly with our requirements, we opted to utilize it. However, we were

disappointed to find that although the model was provided as a .h5 file, it was implemented

using theano, which is no longer actively maintained and has been succeeded by tensorflow.

Configuring the Python environment was challenging as well due to significant advancements

in coding languages and their associated packages in recent years.

As a result, we conducted further research to identify the latest models that suited

our objectives. While we identified some recent studies, they were not specifically tailored

for driving applications. These studies highlighted transfer learning as a pivotal factor in

improving spatial saliency prediction since 2014, although progress has stagnated over the

past 3-5 years [58, 61].

Ultimately, we discovered the DeepGazeIIE 3 model, which o↵ered straightforward im-

plementation and demonstrated superior performance on both datasets: the MIT 3000 that

has 300 natural indoor and outdoor scenes with human eye tracking data; and CAT 2000

which contains 4000 images from 20 di↵erent categories with human eye tracking data. This

model outperformed over 40 others listed on the “MIT/Tuebingen Saliency Benchmark”

website 4, which serves as an up-to-date online resource for saliency model performances

2https://github.com/ndrplz/dreyeve

3https://github.com/matthias-k/DeepGaze

4https://saliency.tuebingen.ai/results.html
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and datasets. The contributors maintain a continually updated comparison page, serv-

ing as a valuable resource for documenting and advancing progress in the field of saliency

prediction, i.e., eye gaze estimation.
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Table 7.1: Reviewed Studies on the Prediction of Driver Visual Attention

Study⇤ Year Data Source Input Output Model CNN

Architecture

Model

Comparison

Deng [23] 2019 Self-collected ND data,
tested on DR(eye)VE

scenario video fixation map CDNN skip layer generic, driving

Deng [22] 2021 self-collected ND data scenario video fixation map DSTANet skip layer generic, driving
Gou [39] 2022 BDD-A dataset scenario video fixation map ACT-Net skip layer generic, driving
Hong [82] 2021 Self-collected ND data,

tested on DR(eye)VE
scenario video, gaze region fixation region DFaeP single stream generic

Hou [46] 2022 self-collected, CG-based simulator scenario video, gaze
region

fixation region VGG16 single stream -

Hu [47] 2021 self-collected, video mim-
icking with data from
DR(eye)VE data in vir-
tual reality (VR) env.

scenario image - processed:
saliency inference, dense op-
tical flow, semantic segmen-
tation + gaze direction

fixation map Multi-resolution
Neural Network,
3D-CNN

multi-stream generic, driving

Huang [48] 2022 self-collected, video mim-
icking with data from
DADA-2000

scenario image stream fixation map DDD (a 3D-CNN) single stream driving

Kang [54] 2020 DR(eye)VE scenario video: multi-scale or
multiple resolutions

fixation map FCN skip layer generic, driving

Lteef et al., 2020 BDDA, DR(eye)VE scenario image fixation map GAN - generic, driving
Makrigiorgos [65] 2019 self-collected, CG-based

in VR env.
scenario image: raw images,
dense optical flow images

fixation map based on
DR(eye)VE

multi-stream generic, driving

Ning [75] 2022 DR(eye)VE scenario image: raw images,
dense optical flow images

fixation map Y-FCNN (fuse two
VGG16)

multi-stream driving

Palazzi [77] 2018 self-collected ND data and
built DR(eye)VE dataset

scenario video: raw, dense
optical flow, semantic seg-
mentation

fixation map DR(eye)VE multi-stream driving

Qiu [84] 2020 self-collected, CG-based scenario video (semantic seg-
mentation) + fixation map
+ CAN-Bus signals (steer-
ing wheel, speed) + Phys-
iological signals (heart rate,
GSR: galvanic skin response)
+ navigation info + trans-
parency info (how much oper-
ation data were provided) +
weather info

takeover deci-
sion

3D-CNN multi-stream -

Shirpour [92] 2021 self-collected ND data scenario image + gaze direc-
tion

fixation map based on VGG16 skip layer +
multi-stream

generic

⇤ Only the first author is listed considering the limited space.
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7.2 Visual Attention Data Processing

7.2.1 Image Blending

Optical flow or optic flow is the pattern of apparent motion of objects, surfaces, and edges

in a visual scene caused by the relative motion between an observer and a scene [6]. It

is very typical for drivers to observe optical flows rather than static scenes while driving.

Optical flow requires heavy computation and image blending can be a cheap and practical

substitute for this study.

Image blending, also known as image fusion or image composition, refers to the process

of combining two or more images into a single composite image [11]. This technique is

commonly used in computer vision, remote sensing, medical imaging, and various other

fields to enhance or extract useful information from multiple sources.

Denote the number of frames pre-pause as Nf , then the frame chain we have can be writ-

ten as: img�Nf
, img�Nf+1, . . . , img�Nf+(Nf�1), img�Nf+(Nf ). Denote the weight between

the blended image of the first k � 1 frames and the kth frame as ↵, then the kth blended

image could be written as:

Blended Imagek =↵⇥ (Blended Imagek�1) + (1� ↵)⇥ img�Nf+k

=↵
k ⇥ img�Nf + (1� ↵)↵k�1 ⇥ img�Nf+1 + (1� ↵)↵k�2 ⇥ img�Nf+2

· · ·+ (1� ↵)↵⇥ img�Nf+(k�1) + (1� ↵)⇥ img�Nf+k

(7.1)

The final blended images of Nf pre-pause frames can be written as:

Blended ImageNf
=↵⇥ (Blended ImageNf�1) + (1� ↵)⇥ img0

=↵
Nf ⇥ img�Nf + (1� ↵)↵Nf�1 ⇥ img�Nf+1 + (1� ↵)↵Nf�2 ⇥ img�Nf+2

· · ·+ (1� ↵)↵⇥ img�1 + (1� ↵)⇥ img0

(7.2)

Where img0 is the scene image at pause. The weight of image img�k will be (1�↵)↵Nf�k.

The final blended images of Nf equals 30, 60, and 90 have been created with ↵ equals 0.5

and 0.6. According to preliminary observations, the output blended images of di↵erent Nf

look almost the same. This is because the weight of the images from img�90 to img�30 are

far less than the images from img�30 to img0 (see Table 7.2). Examples of final blended
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images of Nf equals 30, 60, and 90 with ↵ equals 0.5 for scenario no.16 are shown in Figure

7.5. The distinction between the frame at pause and the blended images is readily apparent,

whereas the blended images created from varying numbers of images appear identical. This

observation was later confirmed through an examination of the visual attention (VA) metrics

calculated for each blended image, revealing a correlation coe�cient of one. Therefore, we

only created and used images blended from 30 pre-pause frames in addition to the frame at

pause in the next step – VA estimation.

Table 7.2: The weights of images img�30, img�60 and img�90

↵
Nf

↵ Nf = 30 Nf = 60 Nf = 90

0.1 1.00e-30 1.00e-60 1.00e-90
0.2 1.07e-21 1.15e-42 1.24e-63
0.3 2.06e-16 4.24e-32 8.73e-48
0.4 1.15e-12 1.33e-24 1.53e-36
0.5 9.31e-10 8.67e-19 8.08e-28
0.6 2.21e-7 4.89e-14 1.08e-20
0.7 2.25e-5 5.08e-10 1.15e-14
0.8 1.24e-3 1.53e-6 1.90e-9
0.9 4.24e-2 1.80e-3 7.62e-5
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SAGAT
frame

30 frames
pre-SAGAT

(~ 1 sec)
! = 0.5

60 frames
pre-SAGAT

(~ 2 sec)
! = 0.5

90 frames
pre-SAGAT

(~ 3 sec)
! = 0.5

Figure 7.5: Example blended images for di↵erent numbers of frames pre-pause with equal
weights for the previous blended image and the next image (scenario no.16)

An example of blended images from 30 pre-pause frames with di↵erent choices of image

weights for scenario no.20 is displayed in Figure 7.6. We can see the greater the ↵ value

is, the more “blur” the peripheral views are, indicating that we rely more on the past. It

is noteworthy that the image at pause can be considered as a special case with ↵ = 0,

indicating no weights allocated to the pre-pause frames.
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! = 0.1

! = 0.2

! = 0.3

! = 0.4

! = 0.5

! = 0.6

! = 0.7

! = 0.8

! = 0.9

Figure 7.6: Blended image for 30 frames pre-pause with di↵erent weights for images (scenario
no.20)
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7.2.2 Visual Attention Estimation

The visual attention of each scenario was estimated using the DeepGazeIIE5 model. The

output is a matrix with 600 rows and 2880 columns, where each cell contains a value between

zero and one. The value indicates the probability of being looked at by the driver. Overall,

this matrix represents a two-dimensional probability distribution. The size of the matrix

is half the size of the original image (width = 5760 px, height = 1200 px) and was resized

because that’s the highest resolution the laptop’s GPU could handle. Figure 7.7 shows two

3D surface plot examples for the visual attention matrix.

Figure 7.7: 3D surface with contour plot examples for VA matrix. Scenario no.16 on the
left, and scenario no.20 on the right.

5https://github.com/matthias-k/DeepGaze
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Figure 7.8: Example of DeepGazeIIE model output for scenario no.16: input image, density
map, and density map with contours.

7.3 Response

The response variables are consistent with Aim 3, and two-phase predictive models will

be applied. SA regarding object localization will be predicted first, followed by the SA

regarding object recognition.

Object-wise SA will be the focus of the proposed work considering our research goal to

selectively provide assistance.

7.3.1 SA regarding Object Localization

The first-phase models predict the situation awareness regarding object localization by

determining whether the object’s location has been accurately identified. The SA response



88

indicating object localization is a binary variable for the first model as depicted in Figure

6.1.

• Hit - the location of the object has been correctly identified. If any touch has been

detected within the object’s bounding box area or its trajectory, the object’s location.

• Miss - the object was not detected by the participant. No touch located within the

object’s bounding box or its trajectory has been detected.

7.3.2 SA regarding Object Recognition

The second-phase models predict the situation awareness regarding object recognition by

determining whether the object’s type has been accurately identified. The SA response

indicating object recognition is a binary variable for the second model:

• Correct Type - both the object location and its type have been correctly identified.

• Wrong Type - the location of the object was accurately recognized, but its type was

misidentified.

7.4 Predictors

7.4.1 Visual Attention Metrics

(a) Object-level visual attention density

The object-level VA density was calculated by summing and then dividing the values ex-

tracted from the VA matrix within the object’s bounding box by the size of the bounding

box, see equation 7.3. Initially, the sum served as the metric. However, it was noted that

this metric, when computed from the image at pause, showed a correlation coe�cient of

0.62 with object size, while when computed from the blended image of 30 frames pre-pause,

the correlation coe�cient was 0.64. As a result, density was computed and employed as the

predictor, resulting in correlation coe�cients of 0.22 and 0.24 with object size, respectively.

V ADensity =

P
(x,y)2bboxi

V Axy

OOsize
(7.3)
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where V Axy represents a cell in the xth row and yth column of the VA matrix; bboxi refers

to the bounding box of object i and OOsize refers to the size of object i.

Figure 7.9: Correlation between object’s accumulated visual attention probabilities (pre-
dictors starts with VA sum), object’s VA density (predictors starts with VA density), and
object size. pause indicates the VA matrix was computed based on the frame at pause;
pre30blend indicates the matrix was computed based on the 30 frames pre-pause in addi-
tion to the frame at pause.

(b) Estimated gaze-point-based features

It is essential to estimate the eye gaze points first in order to calculate the gaze-point-

based features. Figure 7.10 outlines the steps for gaze point estimation. Initially, the

DeepGazeIIE model is utilized to predict the probability distribution of eye gaze for each

input image, which can either be an image at pause or a blended image of multiple frames

pre-pause. Subsequently, continuous regions are identified, and the centroid coordinates

of each region are captured as the estimated gaze points. The first two steps have been

thoroughly discussed in section 7.2. Further elaboration on the remaining two steps is

provided in the subsequent paragraphs.
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Figure 7.10: Flow chart for gaze point estimation procedures

b.1. Capture Continuous Regions

The peaks in a VAmatrix were regarded as the estimated gaze points, identified by estimated

probabilities of being looked at by the driver surpassing the 0.99 quantile of all pixels. This

pool comprises 600 ⇥ 2880 ⇥ 1% = 17280 pixels. Considering the memory capabilities of

drivers, it is reasonable to have multiple estimated gaze points, denoted by multiple peaks

in the VA matrix, within a scene. This ensures an accurate representation of areas they

have observed, rather than merely glanced at.

Various quantiles ranging from 0.95 to 0.99 were examined to empirically determine the

optimal threshold. As demonstrated in Figure 7.11, a threshold of 0.99 yields more precise

delineations of local peak regions compared to 0.98. Smaller quantiles yield even larger

regions compared to 0.98 and examples are not presented in this dissertation.
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(a) quantile = 0.98, scenario no.16 (b) quantile = 0.99, scenario no.16

(c) quantile = 0.98, scenario no.20 (d) quantile = 0.99, scenario no.20

Figure 7.11: Heatmaps illustrating points exceeding respective quantiles.

b.2. Extract Centroid Coordinates of Continuous Regions

Upon the continuous regions being extracted from the pixels filtered with the threshold, the

coordinate of the centroid of each region Ri is computed with the following equation.

(x, y)centroidRi
=

P
(x, y)2Ri

(x, y)

N(x, y)2Ri

(7.4)

where x and y refer to the coordinates of points within region Ri. The output centroids

are the estimated gaze points used to compute the gaze-point-based and visual sensory-

dependent features.

b.3. Compute Gaze-Point-Based Features

Gaze-point-based features use the positional relationship between target objects and par-

ticipants’ eye fixation center coordinates. Distance between the eye fixation and its closest

point to the bounding box has been used to compute the following two types of object-gaze

distance:

• dFD
↵

min - minimum gaze distance to an object within the analysis time window T ,

computed using estimated gaze points, measured in degree.

• dFD
↵

avg - average gaze distance of an object during the analysis time window T , com-

puted using estimated gaze points, measured in degree.
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where ↵ represents the weight we used for the blended image.

(c) Select feature sets extracted from images blended with di↵erent weights ↵

Correlation coe�cients between features extracted from images blended with di↵erent weights

were examined, including both the VA density as shown in Figure 7.12, and gaze-point-based

features as shown in Figure 7.13.

Figure 7.12: Correlation coe�cients between VA density extracted from images blended
with di↵erent weights
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Figure 7.13: Correlation coe�cients between gaze-point-based features extracted from im-
ages blended with di↵erent weights
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As explained in section 7.2, a larger ↵ assigns greater weights to the pre-pause frames

that are farther from the pause, i.e., allocating more weights to the trajectory over the static

scene. To explore the influence of di↵erent image blending weights while also optimizing

training time, models were not trained for every weight. Given that each ↵ value entails

training: 6 proposed methods ⇥ 6 models ⇥ 3 subsampling options = 108 models, weights

↵ = 0, 0.3, 0.6, 0.9 were chosen for training based on correlation results presented in Figures

7.12 and 7.13. This approach allowed for a comprehensive investigation into the impact of

weights on the trajectory toward SA prediction while mitigating the training time required.

Additionally, the case incorporating VA-extracted features of all weights was considered,

including ↵ from 0 to 0.9, with PCA utilized to address multicollinearity issues among

predictors.

7.4.2 Environmental, Object and Demographic Features

The environmental, object, and demographic features used for Aim 4 are identical to those

used for Aim 3 which have been described in section 6.3.4.

7.5 Data Split

The data split for Aim 4 is identical to Aim 3, which has been elaborated in section 6.4.

Out of the 75 scenarios, 15 (20%) have been randomly assigned to the test set, while the

remaining 60 (80%) are assigned to the training set. This allocation results in a training set

consisting of 4921 rows and a test set of 1271 rows for object localization, and 1127 rows

for training and 188 rows for testing for object recognition.

7.6 Subsampling

The subsampling for Aim 4 is identical to Aim 3, which has been elaborated in section 6.5.

Three subsampling types will be considered: none, SMOTE, and ROSE.

7.7 Method Evaluation

The same predictor set will be utilized for both phases of the two-phase method set. In

the first phase, the model predicts SA concerning object localization, while in the second
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phase, it predicts SA regarding object recognition. A summary of the feature sets for all

methods is provided in Table 7.3, with detailed descriptions available in the subsequent

subsections. The numbers within the cells represent the number of predictors employed in

each respective method. Additionally, numbers within brackets alongside “PCA” indicate

the application of PCA, with the enclosed number denoting the count of PCA-transformed

predictors utilized in the method.

The estimated gazes of images at pause (↵ = 0), and blended images of 30 pre-pause

frames with weights ↵ = 0.3, ↵ = 0.6, ↵ = 0.9 and ↵ = all were trained for each method.

Table 7.3: Feature Sets of Each Method for Aim 4

7.7.1 Proposed Methods

The methods outlined in this chapter adhere to the naming conventions in Aim 3, extending

from Method 4.
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Method 4: Estimated gaze enclosure rule-based

The underlying assumption posits that “looking implies seeing,” suggesting that the di-

rection of a driver’s estimated eye gaze directly signifies whether they have perceived the

object. This methodology hinges solely on whether the gaze point falls within the bounding

box to forecast the driver’s situational awareness. The predictor “est.gaze enclosure” serves

as the sole predictor for predicting driver situational awareness using a rule-based model.

The estimated gazes from images at pause (↵ = 0) and blended images of 30 pre-pause

frames with weights ↵ = 0.3, ↵ = 0.6, ↵ = 0.9, and ↵ = all were utilized for each rule-based

model. In the case of ↵ = all, any estimated gaze computed with various blending weights

enclosed in the bounding box was considered as an estimated gaze enclosure.

Method 5: Estimated gaze enclosure learning-based

The fundamental assumption aligns with Method 4 that the direction of a driver’s estimated

gaze directly indicates whether they have perceived the object. However, in this approach,

learning-based models are employed. These models are consistent with those utilized in

other methods, and the binary classification models are detailed in Section 6.7.3.

Method 6: Estimated gaze enclosure + environmental, object and driver features

This method echoes the assumptions of the previous two. The environmental, object, and

driver features investigated in Aim 2 were added, and learning-based models were employed.

Method 7: VA density + environmental, object and driver features

In the method, the binary predictor “est.gaze enclosure” is replaced by estimated VA density

features. The estimated gazes from images at pause (↵ = 0) and blended images of 30 pre-

pause frames with weights ↵ = 0.3, ↵ = 0.6, ↵ = 0.9, and ↵ = all were utilized.

For ↵ = all, given the correlation between predictors illustrated in Figure 7.12, PCA was

utilized to address this issue of multicollinearity. The first principal component was chosen,

accounting for 91.4% of the variances among the 10 predictors, passing the 90% threshold

pre-set for this study. These predictors consist of the ten ↵ values. The scree plot depicted
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in Figure 7.14 illustrates the percentage of variance explained by each principal component,

while the biplot on the right demonstrates the influence of each predictor on the first two

principal components.

Figure 7.14: Scree plot (left) and biplot (right) of PCA results for VA density features

Method 8: Estimated gaze-point-based features + environmental, object and driver features

In the method, the binary predictor “est.gaze enclosure” is replaced by estimated gaze-point-

based features. A notable correlation has been observed between all pairs of distance-related

gaze-point-based features, regardless of whether they were computed using the object’s

center point or the nearest point on the bounding box’s perimeter. Therefore, only the

two features, FDmin and FDavg, regarding the nearest point to the bounding box were

incorporated.

For ↵ = all, given the correlation between predictors illustrated in Figure 7.13, PCA was

utilized to address this issue of multicollinearity. The first seven principal components were

chosen, accounting for 91.3% of the variances among the 40 predictors, passing the 90%

threshold pre-set for this study. These predictors consist of the ten ↵ values multiplied by

two estimated gaze-point-based predictions per distance, namely, distance from the center

point and distance from the nearest point on the bounding box. The scree plot depicted in
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Figure 7.15 illustrates the percentage of variance explained by each principal component,

while the biplot on the right demonstrates the influence of each predictor on the first two

principal components.

Figure 7.15: Scree plot (left) and biplot (right) of PCA results for estimated gaze-point-
based features

Method 9: Estimated gaze point-based features + VA density + environmental, object and

driver features

The proposed method incorporates both the estimated gaze-point-based features and the

VA density features. No obvious correlation was detected between the two sets of features.

Therefore, for ↵ = 0, 0.3, 0.6, 0.9, two features, FDmin and FDavg, regarding the nearest

point to the bounding box, were incorporated. For ↵ = all, PCA transformed predictors

generated for Methods 7 and 8 were employed.

7.7.2 Binary Classification Models

Identical to Aim 3, as described in section 6.7.3, binary classifiers were employed for both

phases of each method. The predictor sets will be the same for two phases of one method, but

the binary classifiers can be di↵erent. Six learning-based classic binary classifiers have been
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employed: logistic regression, decision tree (entropy, Gini), random forest, and XGBoost

linear and XGBoost tree. R package caret (Version 6.0-94) was used for training the models.

All numerical predictors have been centered and scaled pre-training. A five-fold cross-

validation was employed for all training processes.

7.7.3 Model Performance Measures

Identical to Aim 3, as described in section 6.7.4. Four metrics, AUC, Brier score, balanced

accuracy, and F1 were used for model comparison. Models that performed above the 0.85

quantile in terms of both the Brier score and AUC were filtered out. Subsequently, we

arranged them by a performance score calculated as the average of the F1 score and balanced

accuracy.

In comparing the best model for each method, models were filtered based on the 50%

quantile concerning the Brier score and AUC. Since model results were grouped by method,

with each group containing 90 models (except M4 which was trained with five rule-based

models), significantly fewer than the total of 450 models, the quantiles were adjusted to

include more models in the final pool for performance score comparison. Models were then

sorted by the self-defined performance score computed as the average of the F1 score and

balanced accuracy.

7.7.4 Results

Altogether, five rule-based models were executed for Method 4. For the remaining methods,

Methods 5 to 9, a total of six binary classification models were trained and tested using non-

subsampled data, SMOTE subsampled examples, and ROSE subsampled examples, with

five ↵ values, resulting in a combination of five times six times three times five, totaling 450

+ 5 = 455 models for each phase of a method. Detailed performance results for each model

can be found in Appendix A.2.
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(1) Object Localization

The four primary performance metrics of all methods are illustrated in Figure 7.16. Notably,

the Brier score has been adjusted to “1 - Brier score” to maintain consistency across the

measures, ensuring that a value closer to 1 signifies better model performance. Models

using non-subsampled data exhibit superior performance in terms of the Brier score. No

significant distinction was noted among various subsampling methods. Method 5 displays

the poorest performance in terms of AUC, while Method 4 excels in the Brier score.

Figure 7.16: Aim 4 - Performance measures for object localization methods

The top five models, ranked by their performance scores after filtering out those that

exceeded the 0.85 quantile for both the Brier score and AUC, are presented in the Table 7.4.

When comparing balanced accuracy, where there’s a baseline of 50% from always predicting

negative, the model achieving the highest balanced accuracy is 71.2%. Regarding AUC, a

range of 0.7 to 0.8 is generally deemed acceptable [66]. Additionally, we are not presenting
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the best balanced accuracy or discussing the overall best balanced accuracy. Models that

performed poorly in terms of AUC and Brier score have been excluded, potentially per-

forming well in terms of balanced accuracy at the expense of a subpar performance in other

aspects. In addition, all the five models are based on non-subsampled data.

It’s noteworthy that all models in the top five are based on non-subsampled data, with

XGBTree and XGBLinear models demonstrating the best performance. The ↵ value of 0.6

outperforms the rest, suggesting the existence of an optimal blending weight for predicting

situational awareness regarding object localization.

Table 7.4: Aim 4 - Top Five Performance Results of All Predictive Methods for Object
Localization

M.↵ ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
M8↵.6 none xgbTr 42 146 35 1048 0.858 0.712 0.317 0.223 0.545 0.685 0.266 0.514
M9↵.6 none xgbTr 51 137 58 1025 0.847 0.675 0.343 0.271 0.468 0.719 0.272 0.509
M6↵.6 none xgbTr 50 138 65 1018 0.840 0.658 0.330 0.266 0.435 0.711 0.271 0.494
M9↵all none xgbLn 45 143 53 1030 0.846 0.669 0.315 0.239 0.459 0.727 0.228 0.492
M7↵all none xgbLn 64 124 109 974 0.817 0.629 0.355 0.340 0.370 0.701 0.271 0.492

The highest-performing model for each method is recorded in Table 7.5. Method 5

notably exhibits inferior AUC, balanced accuracy, and F1 score compared to the others.

Models with ↵ = 0.6 outshine other ↵ values in half of the methods, where estimated gaze-

point-based features and VA density are utilized. XGBTree also demonstrates superior

performance across these three methods.

Table 7.5: Aim 4 - Top Performance Results of Each Predictive Method for Object Local-
ization

M.↵ ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
M4↵0 none rule 88 200 100 883 0.764 0.642 0.370 0.306 0.468 0.670 0.236 0.506
M5↵.9 smote rForest 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.208 0.338
M6↵0 none dt gini 69 119 91 992 0.835 0.662 0.397 0.367 0.431 0.661 0.285 0.529
M7↵.6 none xgbTr 37 151 39 1044 0.851 0.680 0.280 0.197 0.487 0.680 0.269 0.480
M8↵.6 none xgbTr 42 146 35 1048 0.858 0.712 0.317 0.223 0.545 0.685 0.266 0.514
M9↵.6 none xgbTr 51 137 58 1025 0.847 0.675 0.343 0.271 0.468 0.719 0.272 0.509



102

(2) Object Recognition

The four primary performance metrics of all methods are illustrated in Figure 7.17. Notably,

the Brier score has been adjusted to “1 - Brier score” to maintain consistency across the

measures, ensuring that a value closer to 1 signifies better model performance.

Models utilizing SMOTE and ROSE subsampling methods demonstrate enhanced per-

formance compared to non-sampled data in terms of AUC and Brier score. Conversely,

models based on non-subsampled data excel in terms of balanced accuracy and F1 score.

This underscores the e↵ectiveness of our approach, which involves initially filtering out

models based on AUC and Brier score, followed by comparing the model performance score,

resulting in the models in the final pool performing better across all dimensions.

Method 4 excels in AUC, Brier score, and balanced accuracy but significantly lags behind

the rest of the methods in terms of F1 score. Method 8 slightly outperforms in terms of

AUC and balanced accuracy, while Method 6 performs marginally better regarding Brier

score. All methods except Method 4 perform evenly regarding F1 score.
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Figure 7.17: Aim 4 - Performance measures for object recognition methods

The top five models, ranked by their performance scores after filtering out those that

exceeded the 0.85 quantile for both the Brier score and AUC, are presented in the Table 7.6.

When comparing balanced accuracy, where there’s a baseline of 50% from always predicting

negative, the model achieving the highest balanced accuracy is 68.0%. Regarding AUC, a

range of 0.7 to 0.8 is typically considered acceptable [66]. F1 scores above 0.7 or 0.8 are

often considered good in many practical scenarios [94]. Additionally, we are not displaying

the best balanced accuracy or F1 score. Models that performed poorly in terms of AUC and

Brier score have been filtered out, which may perform well in terms of balanced accuracy or

F1 score at the cost of a poor performance for the rest. It is noteworthy that all the models

in the top five are based on subsampled data.
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Table 7.6: Aim 4 - Top Five Performance Results of All Predictive Methods for Object
Recognition

M.↵ ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
M8↵all rose dt gini 85 59 4 40 0.665 0.680 0.730 0.590 0.955 0.728 0.502 0.705
M8↵.9 smote xgbLn 92 52 9 35 0.676 0.657 0.751 0.639 0.911 0.730 0.524 0.704
M8↵.9 smote rForest 87 57 8 36 0.654 0.651 0.728 0.604 0.916 0.711 0.506 0.690
M9↵0 rose xgbLn 84 60 10 34 0.628 0.628 0.706 0.583 0.894 0.725 0.522 0.667
M9↵.3 rose xgbTr 82 62 12 32 0.606 0.606 0.689 0.569 0.872 0.694 0.514 0.648

The highest-performing model for each approach is documented in Table 7.7. Initially,

the leading models, as elaborated in section 6.7.4, underwent filtering based on the 50%

quantile concerning both the Brier score and AUC for each method. Subsequently, they

were ranked by their performance score, with only the top model being included in the

table.

Method 4 notably demonstrates the best Brier score but with an inferior F1 score, while

Method 5 exhibits poor balanced accuracy. The remaining methods perform uniformly.

Three out of the four methods from Method 6 to 9 have ↵ = 0.9. No specific model

stands out prominently. Notably, four methods achieve an F1 score exceeding 0.8, which is

considered excellent.

Table 7.7: Aim 4 - Top Performance Results of Each Predictive Method for Object Recog-
nition

M.↵ ss. model TP FP FN TN acc. b-acc F1 prc. rec. AUC Brier prfm.
M4↵0 none rule 88 200 100 883 0.764 0.642 0.370 0.306 0.468 0.670 0.236 0.506
M5↵.3 smote log reg 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.568 0.668
M6↵.9 smote log reg 131 13 30 14 0.771 0.666 0.859 0.910 0.814 0.725 0.713 0.763
M7↵.9 rose xgbTree 117 27 24 20 0.729 0.628 0.821 0.812 0.830 0.655 0.671 0.724
M8↵.3 rose rForest 119 25 25 19 0.734 0.629 0.826 0.826 0.826 0.727 0.614 0.728
M9↵.9 smote dt gini 112 32 20 24 0.723 0.639 0.812 0.778 0.848 0.725 0.627 0.725

7.8 Discussion

In terms of object localization, the blending weight seems to have a greater impact on model

performance than the method itself. Models with ↵ = 0.6 ranked among the top three,

alongside Methods 8, 9, and 6. Conversely, for object recognition, Method 8 performed

better than others, particularly with ↵ = 0.9. This suggests that for di↵erent phases of SA,
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object localization or recognition, relies on memory or trajectory on a di↵erent scale. Given

that a larger ↵ represents a greater dependency on the trajectory, the results indicate that

the object recognition required more trajectory info for a more precise prediction compared

to object localization.

Regarding the methods, Method 8 outperforms the others in predicting object recogni-

tion, underscoring the importance of estimated gaze features in this phase. While Method

8 also holds an advantage in object localization, it’s not as pronounced. Notably, all models

in the final pool integrate environmental, object, and driver features.

The proposed methods demonstrate comparable performance with Aim 3 which uses real

gaze-related features for predicting driver SA. Regarding the balanced accuracy for object

localization, Aim 3’s best result is 69.5%, and for Aim 4, the number is 71.2%. Regarding

the balanced accuracy for object recognition, Aim 3’s best result is 62.8%, which is 68% for

Aim 4. The method proposed in Aim 4 even outperforms Aim 3.

The proposed methodologies exhibit similar performance to those of Aim 3, which utilizes

actual gaze-related features to predict driver SA. In terms of balanced accuracy for object

localization, the best result achieved by Aim 3 is 69.5%, whereas for Aim 4, it reaches 71.2%.

Concerning balanced accuracy for object recognition, Aim 3 achieves a maximum of 62.8%,

whereas Aim 4 attains 68%. Notably, the approach proposed in Aim 4 even surpasses the

performance of Aim 3.

In comparing F1 scores, for object localization, Aim 3 achieves its best at 0.372, while

Aim 4 achieves 0.355. For object recognition, Aim 3 achieves its best at 0.757, whereas Aim

4 achieves 0.751. Despite a slight variation between the two, the di↵erence is minimal.

In terms of the subsampling technique, results from both Aim 3 and Aim 4 follow a

similar pattern. Models that utilize non-subsampled data demonstrate better performance

in object localization, while those based on subsampled examples excel in object recogni-

tion. This variance could be attributed to the smaller dataset size for object recognition.

Subsampling e↵ectively enlarges the dataset, thereby improving model performance.

Concerning the feature sets, all models in the final pool for Aim 3 and Aim 4 integrate

environmental, object, and driver features. This underscores their importance in achiev-

ing accurate situational awareness prediction, irrespective of whether it pertains to object
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localization or object recognition.
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Chapter 8

GENERAL CONCLUSION

This chapter summarizes the overall findings and contributions of the dissertation. Lim-

itations and future research will also be discussed.

8.1 Overall Summary

The overall goal of this dissertation is to measure and predict drivers’ SA to selectively assist

drivers to avoid having warnings that exceed their SA capacity. The objective is divided

into four aims: 1) Develop a method for e↵ectively capturing driver SA, 2) Identify potential

predictors of driver SA, 3) Predict drivers’ SA using eye-tracking data, and 4) Predict driver

SA using real-world driving videos, where a lower-cost and practical approach is explored.

8.1.1 Summary of Aim 1

Aim 1 introduces a novel approach to gathering driver SA data, capturing both direct SA

measures (SAGAT responses) and indirect SA measures (eye tracking data) within a single

controlled study. Prior research utilized query-based SA assessments, which treated SA as

a binary outcome through participant responses to specific scene elements. However, this

method had limitations, particularly in scenarios with multiple potential hazards. This

study improves upon existing methods by pinpointing the exact locations in the scene

where participants observed road users. Data collected from the experiment include drivers’

demographic information obtained via pre-experiment surveys, SA responses recorded as

object coordinates and types for each scenario using a web-based touch recorder, and drivers’

eye gaze data collected via an eye tracker.
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8.1.2 Summary of Aim 2

The study follows the SA capture approach from Aim 1, aiming to assess SA using gath-

ered data and understand the influence of environmental, object, and driver features on SA

before training predictive models. This aids in feature selection for subsequent model train-

ing in Aims 3 and 4. Features other than gaze features are focused on in this chapter for

three reasons: exploring more predictors, eye gaze features being more suitable for models

using eye tracking data, and feature extraction procedures still being in testing phase. The

proposed SA collection method indicates potential for measuring higher-level SA, compre-

hension, and prediction. Environmental factors like number of objects, object size, visual

complexity, and roadway type significantly impact driver SA, suggesting their inclusion in

predictive models.

8.1.3 Summary of Aim 3

Aim 3 introduces predictive methods for driver SA based on eye gaze metrics, environmental

properties, and object properties. The methods follow a hierarchical structure, focusing on

object localization and object recognition phases. Binary classification models are employed

for each phase, with the same pool of predictors utilized. Overall, the proposed methods

consistently outperform baseline models in both phases, emphasizing the importance of

incorporating gaze-point-based and visual sensory-dependent features into SA predictive

models. Models using non-subsampled data excel in object localization, while subsampled

data enhances object recognition, likely due to dataset size di↵erences. Baseline 3 per-

forms similarly to the proposed method for object recognition, indicating the significance

of environmental, object, and driver features for accurate object recognition prediction.

8.1.4 Summary of Aim 4

Moving to Aim 4, the aim shifts towards building SA predictive models using real-world

driving videos, without relying on eye-tracking data. The performance of these models

is compared with those developed in Aim 3, which utilized actual gaze-related features.

Interestingly, the results indicate that the models developed in Aim 4 perform comparably
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to or even slightly better than those in Aim 3 in terms of balanced accuracy of the best

models. This suggests that it may be possible to predict SA accurately using only video

data, without the need for eye-tracking equipment. Furthermore, the analysis reveals that

the choice of data subsampling technique (subsampling vs. non-subsampling) significantly

impacts model performance, with non-subsampled data generally performing better for

object localization and subsampled data performing better for object recognition. The

blending weight, especially at ↵ = 0.6, significantly influences object localization model

performance. However, for object recognition, Method 8 performs better, especially with

↵ = 0.9. This indicates varying reliance on memory or trajectory for di↵erent SA phases. A

higher ↵ suggests greater dependency on trajectory, with object recognition relying more on

trajectory information for precise predictions compared to object localization. Additionally,

it’s noted that all models in the final pool incorporate environmental, object, and driver

features, underscoring the importance of these factors in accurately predicting SA.

8.2 Contribution and Publications

The content of Aim 1 and 2 has been published in the Human Factors and Ergonomics

Society (HFES) annual conference [104], AutomativeUI (AutoUI) conference [80], and the

International Journal of Human-Computer Interaction [103].

Predicting Driver Situation Awareness regarding Object Localization and Recognition

Using Eye-Tracking Data. This paper will propose a driver SA predictive model using eye

tracking data, environmental features, object features, and driver’s demographic features,

which include the work from Aim 3. This paper will be submitted to Transportation Re-

search Part F: Tra�c Psychology and Behaviour.

Predicting Driver Situation Awareness Using Real-World Driving Videos. In this paper,

a method will be proposed for employing visual attention predictive models to estimate eye

fixation and forecast driver SA based on this estimated eye fixation information. This paper

will be submitted to IEEE Transactions on Intelligent Transportation Systems.
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8.3 Limitations and Future Research

One limitation of the study is the reliance on only one model, DeepGazeIIE, for estimating

the probability distribution of drivers’ gaze points. Future research should explore di↵erent

models and conduct comparisons, as this is essential for improving implementation. While

DeepGazeIIE demonstrates satisfactory performance upon manual inspection of the output

results, it is not specifically designed for driving conditions. Moreover, models specifically

trained for driving conditions are currently outdated. Therefore, it would be valuable to

utilize newly emerging models tailored for driving conditions and repeat Aim 4 of this study

to compare the results.

Another limitation is that the individual feature importance for the models was not

thoroughly assessed. This study compared the outcomes of methods with di↵erent feature

sets to identify which sets significantly influence model performance. Implementing a more

rigorous process for selecting high-importance features could potentially enhance the model

results.

One future research Sami Park from the HFSM lab as well and I are working on is to

learn driver’s SA especially when they are interacting with pedestrians. The paper has been

submitted to IEEE Transactions on Intelligent Vehicles. Sami mainly focuses on the topic

and will elaborate in her dissertation. Here is the abstract: Understanding and evaluating

drivers’ situation awareness (SA) is important to understand alert prioritization. This study

investigates the relationship between driving performance measures (speed, acceleration and

brake usage, steering wheel and lane deviation), pedestrian interaction (direction, motion

and location), and driver SA. To achieve this, a controlled study was conducted with 56

participants using a Balanced Incomplete Block Design, where each participant drove 18

out of 48 possible intersections in a driving simulator environment. The Situational Aware-

ness Global Assessment Technique (SAGAT) method was used to assess drivers’ SA. Mixed

e↵ects logit models were developed to examine the di↵erent SA levels (perception, com-

prehension, projection). The driving performance measures were aggregated across three

time windows (1, 3, and 5 seconds). The findings show significant contributions from both

driving performance measures and pedestrian interactions in predicting driver SA. More
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specifically, a one-second time window was useful for predicting pedestrian direction and

a three-second time window was best for predicting pedestrian location and intention to

cross. The results indicate the importance of considering di↵erent time windows for pre-

dicting various levels of driver SA responses. These findings o↵er insights into factors that

should be considered in driver SA predictive models.

In terms of implementation, these real-time prediction models consistently require signif-

icant computational power. With advancements in cloud computing, vehicles may connect

to external computational resources instead of relying on onboard systems in the future.

Additionally, wearable devices can be used to supplement eye-tracking and video data to

improve model performance.
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Appendix A

MODEL PERFORMANCE MEASURES

A.1 Aim 3

A.1.1 Object Localization

Table A.1: Model Performance Measures for Object Localization of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

1 Baseline1 none rule-based 53 140 135 943 0.784 0.576 0.278 0.275 0.282 0.670 0.216 0.427

2 Baseline2 none logistic reg 0 188 0 1083 0.852 0.000 0.424 0.299

3 Baseline2 none decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.309

4 Baseline2 none decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.309

5 Baseline2 none random forest 0 188 0 1083 0.852 0.000 0.500 0.148

6 Baseline2 none xgbTree 0 188 0 1083 0.852 0.000 0.424 0.295

7 Baseline2 none xgbLinear 0 188 0 1083 0.852 0.000 0.424 0.299

8 Baseline2 smote logistic reg 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.434 0.426

9 Baseline2 smote decision tree gini 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.434 0.426

10 Baseline2 smote decision tree entropy 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.434 0.426

11 Baseline2 smote random forest 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.216 0.426

12 Baseline2 smote xgbTree 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.434 0.426

13 Baseline2 smote xgbLinear 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.434 0.426

14 Baseline2 rose logistic reg 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.483 0.426

15 Baseline2 rose decision tree gini 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.437 0.426
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Table A.1: Model Performance Measures for Object Localization of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

16 Baseline2 rose decision tree entropy 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.437 0.426

17 Baseline2 rose random forest 0 188 0 1083 0.852 0.000 0.424 0.165

18 Baseline2 rose xgbTree 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.424 0.404 0.426

19 Baseline2 rose xgbLinear 0 188 0 1083 0.852 0.000 0.424 0.311

20 Baseline3 none logistic reg 0 188 1 1082 0.851 0.426 0.000 0.000 0.622 0.280

21 Baseline3 none decision tree gini 33 155 85 998 0.811 0.573 0.216 0.176 0.280 0.658 0.279 0.394

22 Baseline3 none decision tree entropy 40 148 83 1000 0.818 0.598 0.257 0.213 0.325 0.658 0.281 0.428

23 Baseline3 none random forest 12 176 10 1073 0.854 0.702 0.114 0.064 0.545 0.690 0.209 0.408

24 Baseline3 none xgbTree 50 138 64 1019 0.841 0.660 0.331 0.266 0.439 0.689 0.269 0.495

25 Baseline3 none xgbLinear 51 137 113 970 0.803 0.594 0.290 0.271 0.311 0.697 0.268 0.442

26 Baseline3 smote logistic reg 59 129 188 895 0.751 0.556 0.271 0.314 0.239 0.613 0.405 0.414

27 Baseline3 smote decision tree gini 84 104 268 815 0.707 0.563 0.311 0.447 0.239 0.646 0.396 0.437

28 Baseline3 smote decision tree entropy 127 61 353 730 0.674 0.594 0.380 0.676 0.265 0.670 0.417 0.487

29 Baseline3 smote random forest 165 23 835 248 0.325 0.540 0.278 0.878 0.165 0.679 0.589 0.409

30 Baseline3 smote xgbTree 153 35 767 316 0.369 0.533 0.276 0.814 0.166 0.695 0.571 0.405

31 Baseline3 smote xgbLinear 175 13 913 170 0.271 0.545 0.274 0.931 0.161 0.696 0.675 0.410

32 Baseline3 rose logistic reg 72 116 276 807 0.692 0.541 0.269 0.383 0.207 0.614 0.452 0.405

33 Baseline3 rose decision tree gini 53 135 118 965 0.801 0.594 0.295 0.282 0.310 0.628 0.385 0.444

34 Baseline3 rose decision tree entropy 53 135 128 955 0.793 0.584 0.287 0.282 0.293 0.374 0.390 0.436

35 Baseline3 rose random forest 43 145 84 999 0.820 0.606 0.273 0.229 0.339 0.642 0.337 0.439

36 Baseline3 rose xgbTree 32 156 29 1054 0.854 0.698 0.257 0.170 0.525 0.642 0.316 0.477

37 Baseline3 rose xgbLinear 45 143 88 995 0.818 0.606 0.280 0.239 0.338 0.597 0.299 0.443

38 M1 none logistic reg 0 188 0 1083 0.852 0.000 0.607 0.287

39 M1 none decision tree gini 30 158 59 1024 0.829 0.602 0.217 0.160 0.337 0.655 0.275 0.409

40 M1 none decision tree entropy 33 155 46 1037 0.842 0.644 0.247 0.176 0.418 0.672 0.272 0.446

41 M1 none random forest 39 149 67 1016 0.830 0.620 0.265 0.207 0.368 0.734 0.282 0.443

42 M1 none xgbTree 56 132 69 1014 0.842 0.666 0.358 0.298 0.448 0.733 0.243 0.512
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Table A.1: Model Performance Measures for Object Localization of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

43 M1 none xgbLinear 49 139 87 996 0.822 0.619 0.302 0.261 0.360 0.727 0.241 0.461

44 M1 smote logistic reg 66 122 249 834 0.708 0.541 0.262 0.351 0.210 0.603 0.409 0.402

45 M1 smote decision tree gini 118 70 279 804 0.725 0.609 0.403 0.628 0.297 0.696 0.369 0.506

46 M1 smote decision tree entropy 118 70 279 804 0.725 0.609 0.403 0.628 0.297 0.701 0.369 0.506

47 M1 smote random forest 152 36 617 466 0.486 0.563 0.318 0.809 0.198 0.704 0.512 0.440

48 M1 smote xgbTree 151 37 640 443 0.467 0.557 0.308 0.803 0.191 0.704 0.515 0.433

49 M1 smote xgbLinear 152 36 659 424 0.453 0.555 0.304 0.809 0.187 0.703 0.531 0.429

50 M1 rose logistic reg 89 99 384 699 0.620 0.532 0.269 0.473 0.188 0.594 0.463 0.401

51 M1 rose decision tree gini 22 166 8 1075 0.863 0.800 0.202 0.117 0.733 0.392 0.417 0.501

52 M1 rose decision tree entropy 22 166 8 1075 0.863 0.800 0.202 0.117 0.733 0.394 0.421 0.501

53 M1 rose random forest 38 150 102 981 0.802 0.569 0.232 0.202 0.271 0.615 0.406 0.401

54 M1 rose xgbTree 29 159 59 1024 0.828 0.598 0.210 0.154 0.330 0.647 0.404 0.404

55 M1 rose xgbLinear 43 145 118 965 0.793 0.568 0.246 0.229 0.267 0.581 0.376 0.407

56 M2 none logistic reg 0 188 0 1083 0.852 0.000 0.601 0.287

57 M2 none decision tree gini 39 149 84 999 0.817 0.594 0.251 0.207 0.317 0.655 0.281 0.422

58 M2 none decision tree entropy 37 151 75 1008 0.822 0.600 0.247 0.197 0.330 0.660 0.279 0.423

59 M2 none random forest 40 148 58 1025 0.838 0.641 0.280 0.213 0.408 0.735 0.287 0.460

60 M2 none xgbTree 40 148 39 1044 0.853 0.691 0.300 0.213 0.506 0.766 0.256 0.495

61 M2 none xgbLinear 65 123 96 987 0.828 0.646 0.372 0.346 0.404 0.755 0.240 0.509

62 M2 smote logistic reg 66 122 251 832 0.707 0.540 0.261 0.351 0.208 0.602 0.409 0.401

63 M2 smote decision tree gini 106 82 308 775 0.693 0.580 0.352 0.564 0.256 0.659 0.389 0.466

64 M2 smote decision tree entropy 109 79 316 767 0.689 0.582 0.356 0.580 0.256 0.670 0.382 0.469

65 M2 smote random forest 147 41 513 570 0.564 0.578 0.347 0.782 0.223 0.720 0.463 0.462

66 M2 smote xgbTree 145 43 537 546 0.544 0.570 0.333 0.771 0.213 0.717 0.473 0.452

67 M2 smote xgbLinear 160 28 621 462 0.489 0.574 0.330 0.851 0.205 0.713 0.510 0.452

68 M2 rose logistic reg 74 114 342 741 0.641 0.522 0.245 0.394 0.178 0.587 0.457 0.384

69 M2 rose decision tree gini 15 173 8 1075 0.858 0.757 0.142 0.080 0.652 0.422 0.419 0.449
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Table A.1: Model Performance Measures for Object Localization of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

70 M2 rose decision tree entropy 9 179 7 1076 0.854 0.710 0.088 0.048 0.562 0.390 0.417 0.399

71 M2 rose random forest 76 112 260 823 0.707 0.553 0.290 0.404 0.226 0.615 0.431 0.422

72 M2 rose xgbTree 74 114 276 807 0.693 0.544 0.275 0.394 0.211 0.601 0.428 0.409

73 M2 rose xgbLinear 84 104 464 619 0.553 0.505 0.228 0.447 0.153 0.527 0.446 0.366

74 M3 none logistic reg 0 188 0 1083 0.852 0.000 0.602 0.287

75 M3 none decision tree gini 37 151 71 1012 0.825 0.606 0.250 0.197 0.343 0.653 0.281 0.428

76 M3 none decision tree entropy 42 146 88 995 0.816 0.598 0.264 0.223 0.323 0.656 0.279 0.431

77 M3 none random forest 40 148 56 1027 0.839 0.645 0.282 0.213 0.417 0.748 0.284 0.464

78 M3 none xgbTree 43 145 42 1041 0.853 0.692 0.315 0.229 0.506 0.751 0.253 0.503

79 M3 none xgbLinear 42 146 80 1003 0.822 0.609 0.271 0.223 0.344 0.719 0.238 0.440

80 M3 smote logistic reg 71 117 267 816 0.698 0.542 0.270 0.378 0.210 0.600 0.407 0.406

81 M3 smote decision tree gini 118 70 307 776 0.703 0.597 0.385 0.628 0.278 0.680 0.385 0.491

82 M3 smote decision tree entropy 120 68 316 767 0.698 0.597 0.385 0.638 0.275 0.693 0.380 0.491

83 M3 smote random forest 132 56 422 661 0.624 0.580 0.356 0.702 0.238 0.705 0.460 0.468

84 M3 smote xgbTree 136 52 514 569 0.555 0.563 0.325 0.723 0.209 0.698 0.458 0.444

85 M3 smote xgbLinear 152 36 507 576 0.573 0.586 0.359 0.809 0.231 0.722 0.450 0.472

86 M3 rose logistic reg 83 105 363 720 0.632 0.529 0.262 0.441 0.186 0.589 0.461 0.396

87 M3 rose decision tree gini 19 169 8 1075 0.861 0.784 0.177 0.101 0.704 0.407 0.422 0.480

88 M3 rose decision tree entropy 19 169 8 1075 0.861 0.784 0.177 0.101 0.704 0.407 0.422 0.480

89 M3 rose random forest 96 92 345 738 0.656 0.553 0.305 0.511 0.218 0.614 0.445 0.429

90 M3 rose xgbTree 62 126 175 908 0.763 0.570 0.292 0.330 0.262 0.624 0.403 0.431

91 M3 rose xgbLinear 59 129 228 855 0.719 0.537 0.248 0.314 0.206 0.585 0.340 0.393
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A.1.2 Object Recognition

Table A.2: Model Performance Measures for Object Recognition of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

1 Baseline1 none rule-based 40 13 104 31 0.378 0.491 0.406 0.755 0.278 0.670 0.622 0.449

2 Baseline2 none logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.790

3 Baseline2 none decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

4 Baseline2 none decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

5 Baseline2 none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.500 1.000

6 Baseline2 none xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.793

7 Baseline2 none xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.790

8 Baseline2 smote logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.573

9 Baseline2 smote decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.571

10 Baseline2 smote decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.571

11 Baseline2 smote random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.996

12 Baseline2 smote xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.569

13 Baseline2 smote xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.573

14 Baseline2 rose logistic reg 104 40 31 13 0.622 0.508 0.746 0.722 0.770 0.491 0.491 0.627

15 Baseline2 rose decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.626

16 Baseline2 rose decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.491 0.580

17 Baseline2 rose random forest 40 104 13 31 0.378 0.492 0.406 0.278 0.755 0.509 0.524 0.449

18 Baseline2 rose xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.509 0.606

19 Baseline2 rose xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.509 0.647

20 Baseline3 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.664 0.895 0.878

21 Baseline3 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

22 Baseline3 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

23 Baseline3 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.599 0.860 0.878

24 Baseline3 none xgbTree 134 10 35 9 0.761 0.633 0.856 0.931 0.793 0.550 0.846 0.745

25 Baseline3 none xgbLinear 130 14 30 14 0.766 0.656 0.855 0.903 0.812 0.581 0.824 0.756
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Table A.2: Model Performance Measures for Object Recognition of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

26 Baseline3 smote logistic reg 131 13 27 17 0.787 0.698 0.868 0.910 0.829 0.713 0.722 0.783

27 Baseline3 smote decision tree gini 83 61 18 26 0.580 0.560 0.678 0.576 0.822 0.659 0.466 0.619

28 Baseline3 smote decision tree entropy 106 38 26 18 0.660 0.562 0.768 0.736 0.803 0.636 0.584 0.665

29 Baseline3 smote random forest 55 89 6 38 0.495 0.600 0.537 0.382 0.902 0.682 0.434 0.569

30 Baseline3 smote xgbTree 72 72 10 34 0.564 0.599 0.637 0.500 0.878 0.629 0.450 0.618

31 Baseline3 smote xgbLinear 69 75 10 34 0.548 0.593 0.619 0.479 0.873 0.662 0.430 0.606

32 Baseline3 rose logistic reg 117 27 25 19 0.723 0.618 0.818 0.812 0.824 0.671 0.674 0.718

33 Baseline3 rose decision tree gini 112 32 23 21 0.707 0.613 0.803 0.778 0.830 0.666 0.662 0.708

34 Baseline3 rose decision tree entropy 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.687 0.639

35 Baseline3 rose random forest 117 27 24 20 0.729 0.628 0.821 0.812 0.830 0.671 0.652 0.724

36 Baseline3 rose xgbTree 115 29 28 16 0.697 0.580 0.801 0.799 0.804 0.669 0.671 0.691

37 Baseline3 rose xgbLinear 120 24 27 17 0.729 0.615 0.825 0.833 0.816 0.697 0.736 0.720

38 M1 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.685 0.894 0.878

39 M1 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

40 M1 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

41 M1 none random forest 137 7 39 5 0.755 0.598 0.856 0.951 0.778 0.664 0.771 0.727

42 M1 none xgbTree 143 1 42 2 0.771 0.720 0.869 0.993 0.773 0.692 0.899 0.795

43 M1 none xgbLinear 133 11 35 9 0.755 0.621 0.853 0.924 0.792 0.643 0.845 0.737

44 M1 smote logistic reg 134 10 32 12 0.777 0.676 0.865 0.931 0.807 0.728 0.715 0.770

45 M1 smote decision tree gini 73 71 9 35 0.574 0.610 0.646 0.507 0.890 0.682 0.455 0.628

46 M1 smote decision tree entropy 96 48 18 26 0.649 0.597 0.744 0.667 0.842 0.674 0.571 0.670

47 M1 smote random forest 77 67 7 37 0.606 0.636 0.675 0.535 0.917 0.682 0.501 0.656

48 M1 smote xgbTree 77 67 15 29 0.564 0.570 0.653 0.535 0.837 0.655 0.507 0.611

49 M1 smote xgbLinear 77 67 13 31 0.574 0.586 0.658 0.535 0.856 0.630 0.480 0.622

50 M1 rose logistic reg 128 16 31 13 0.750 0.627 0.845 0.889 0.805 0.681 0.696 0.736

51 M1 rose decision tree gini 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.683 0.639

52 M1 rose decision tree entropy 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.683 0.639
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Table A.2: Model Performance Measures for Object Recognition of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

53 M1 rose random forest 114 30 23 21 0.718 0.622 0.811 0.792 0.832 0.700 0.617 0.717

54 M1 rose xgbTree 108 36 21 23 0.697 0.614 0.791 0.750 0.837 0.711 0.620 0.702

55 M1 rose xgbLinear 118 26 18 26 0.766 0.684 0.843 0.819 0.868 0.741 0.691 0.763

56 M2 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.678 0.895 0.878

57 M2 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

58 M2 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

59 M2 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.670 0.821 0.878

60 M2 none xgbTree 143 1 41 3 0.777 0.764 0.872 0.993 0.777 0.630 0.880 0.818

61 M2 none xgbLinear 134 10 36 8 0.755 0.616 0.854 0.931 0.788 0.623 0.863 0.735

62 M2 smote logistic reg 136 8 31 13 0.793 0.717 0.875 0.944 0.814 0.736 0.731 0.796

63 M2 smote decision tree gini 106 38 27 17 0.654 0.553 0.765 0.736 0.797 0.645 0.580 0.659

64 M2 smote decision tree entropy 115 29 31 13 0.681 0.549 0.793 0.799 0.788 0.650 0.667 0.671

65 M2 smote random forest 74 70 12 32 0.564 0.587 0.643 0.514 0.860 0.638 0.504 0.615

66 M2 smote xgbTree 85 59 16 28 0.601 0.582 0.694 0.590 0.842 0.656 0.547 0.638

67 M2 smote xgbLinear 83 61 17 27 0.585 0.568 0.680 0.576 0.830 0.634 0.534 0.624

68 M2 rose logistic reg 129 15 31 13 0.755 0.635 0.849 0.896 0.806 0.668 0.700 0.742

69 M2 rose decision tree gini 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.686 0.639

70 M2 rose decision tree entropy 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.658 0.639

71 M2 rose random forest 117 27 26 18 0.718 0.609 0.815 0.812 0.818 0.669 0.629 0.712

72 M2 rose xgbTree 115 29 23 21 0.723 0.627 0.816 0.799 0.833 0.673 0.645 0.721

73 M2 rose xgbLinear 120 24 27 17 0.729 0.615 0.825 0.833 0.816 0.694 0.719 0.720

74 M3 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.673 0.894 0.878

75 M3 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

76 M3 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

77 M3 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.682 0.808 0.878

78 M3 none xgbTree 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.691 0.854 0.878

79 M3 none xgbLinear 132 12 37 7 0.739 0.575 0.843 0.917 0.781 0.674 0.860 0.709
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Table A.2: Model Performance Measures for Object Recognition of Aim 3

method subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC Brier prfm.

80 M3 smote logistic reg 126 18 30 14 0.745 0.623 0.840 0.875 0.808 0.704 0.719 0.731

81 M3 smote decision tree gini 74 70 13 31 0.559 0.579 0.641 0.514 0.851 0.649 0.445 0.610

82 M3 smote decision tree entropy 108 36 24 20 0.681 0.588 0.783 0.750 0.818 0.584 0.596 0.685

83 M3 smote random forest 81 63 11 33 0.606 0.612 0.686 0.562 0.880 0.683 0.530 0.649

84 M3 smote xgbTree 98 46 17 27 0.665 0.611 0.757 0.681 0.852 0.711 0.593 0.684

85 M3 smote xgbLinear 85 59 14 30 0.612 0.598 0.700 0.590 0.859 0.684 0.538 0.649

86 M3 rose logistic reg 122 22 29 15 0.729 0.607 0.827 0.847 0.808 0.661 0.682 0.717

87 M3 rose decision tree gini 121 23 28 16 0.729 0.611 0.826 0.840 0.812 0.608 0.684 0.719

88 M3 rose decision tree entropy 121 23 28 16 0.729 0.611 0.826 0.840 0.812 0.542 0.705 0.719

89 M3 rose random forest 113 31 22 22 0.718 0.626 0.810 0.785 0.837 0.670 0.595 0.718

90 M3 rose xgbTree 108 36 22 22 0.691 0.605 0.788 0.750 0.831 0.655 0.636 0.697

91 M3 rose xgbLinear 114 30 26 18 0.702 0.595 0.803 0.792 0.814 0.657 0.689 0.699
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A.2 Aim 4

A.2.1 Object Localization

Table A.3: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

1 M4 a0 none rule-based 88 200 100 883 0.764 0.642 0.370 0.306 0.468 0.670 0.236 0.506

2 M4 a3 none rule-based 77 227 111 856 0.734 0.600 0.313 0.253 0.410 0.670 0.266 0.456

3 M4 a6 none rule-based 58 166 130 917 0.767 0.578 0.282 0.259 0.309 0.670 0.233 0.430

4 M4 a9 none rule-based 26 118 162 965 0.780 0.515 0.157 0.181 0.138 0.670 0.220 0.336

5 M4 all none rule-based 97 318 91 765 0.678 0.611 0.322 0.234 0.516 0.670 0.322 0.466

6 M5 a0 none logistic reg 0 188 0 1083 0.852 0.000 0.358 0.295

7 M5 a0 none decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.309

8 M5 a0 none decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.309

9 M5 a0 none random forest 0 188 0 1083 0.852 0.000 0.500 0.148

10 M5 a0 none xgbTree 0 188 0 1083 0.852 0.000 0.358 0.292

11 M5 a0 none xgbLinear 0 188 0 1083 0.852 0.000 0.358 0.295

12 M5 a0 smote logistic reg 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.427 0.486

13 M5 a0 smote decision tree gini 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.427 0.486

14 M5 a0 smote decision tree entropy 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.427 0.486

15 M5 a0 smote random forest 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.236 0.486

16 M5 a0 smote xgbTree 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.427 0.486

17 M5 a0 smote xgbLinear 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.427 0.486

18 M5 a0 rose logistic reg 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.476 0.486

19 M5 a0 rose decision tree gini 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.447 0.486

20 M5 a0 rose decision tree entropy 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.447 0.486

21 M5 a0 rose random forest 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.228 0.486

22 M5 a0 rose xgbTree 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.421 0.486
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Table A.3: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

23 M5 a0 rose xgbLinear 88 100 200 883 0.764 0.602 0.370 0.468 0.306 0.358 0.368 0.486

24 M5 a3 none logistic reg 0 188 0 1083 0.852 0.000 0.400 0.300

25 M5 a3 none decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.309

26 M5 a3 none decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.309

27 M5 a3 none random forest 0 188 0 1083 0.852 0.000 0.500 0.148

28 M5 a3 none xgbTree 0 188 0 1083 0.852 0.000 0.400 0.297

29 M5 a3 none xgbLinear 0 188 0 1083 0.852 0.000 0.400 0.300

30 M5 a3 smote logistic reg 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.435 0.441

31 M5 a3 smote decision tree gini 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.435 0.441

32 M5 a3 smote decision tree entropy 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.435 0.441

33 M5 a3 smote random forest 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.266 0.441

34 M5 a3 smote xgbTree 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.435 0.441

35 M5 a3 smote xgbLinear 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.435 0.441

36 M5 a3 rose logistic reg 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.484 0.441

37 M5 a3 rose decision tree gini 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.459 0.441

38 M5 a3 rose decision tree entropy 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.459 0.441

39 M5 a3 rose random forest 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.251 0.441

40 M5 a3 rose xgbTree 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.436 0.441

41 M5 a3 rose xgbLinear 77 111 227 856 0.734 0.569 0.313 0.410 0.253 0.400 0.413 0.441

42 M5 a6 none logistic reg 0 188 0 1083 0.852 0.000 0.422 0.302

43 M5 a6 none decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.309

44 M5 a6 none decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.309

45 M5 a6 none random forest 0 188 0 1083 0.852 0.000 0.500 0.148

46 M5 a6 none xgbTree 0 188 0 1083 0.852 0.000 0.422 0.298

47 M5 a6 none xgbLinear 0 188 0 1083 0.852 0.000 0.422 0.302

48 M5 a6 smote logistic reg 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.439 0.424

49 M5 a6 smote decision tree gini 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.439 0.424
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

50 M5 a6 smote decision tree entropy 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.439 0.424

51 M5 a6 smote random forest 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.230 0.424

52 M5 a6 smote xgbTree 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.438 0.424

53 M5 a6 smote xgbLinear 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.439 0.424

54 M5 a6 rose logistic reg 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.488 0.424

55 M5 a6 rose decision tree gini 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.475 0.424

56 M5 a6 rose decision tree entropy 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.475 0.424

57 M5 a6 rose random forest 0 188 0 1083 0.852 0.000 0.422 0.184

58 M5 a6 rose xgbTree 58 130 166 917 0.767 0.567 0.282 0.309 0.259 0.422 0.439 0.424

59 M5 a6 rose xgbLinear 0 188 0 1083 0.852 0.000 0.422 0.383

60 M5 a9 none logistic reg 0 188 0 1083 0.852 0.000 0.485 0.309

61 M5 a9 none decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.309

62 M5 a9 none decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.309

63 M5 a9 none random forest 0 188 0 1083 0.852 0.000 0.500 0.148

64 M5 a9 none xgbTree 0 188 0 1083 0.852 0.000 0.485 0.305

65 M5 a9 none xgbLinear 0 188 0 1083 0.852 0.000 0.485 0.309

66 M5 a9 smote logistic reg 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.449 0.338

67 M5 a9 smote decision tree gini 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.449 0.338

68 M5 a9 smote decision tree entropy 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.449 0.338

69 M5 a9 smote random forest 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.208 0.338

70 M5 a9 smote xgbTree 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.448 0.338

71 M5 a9 smote xgbLinear 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.449 0.338

72 M5 a9 rose logistic reg 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.497 0.338

73 M5 a9 rose decision tree gini 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.452 0.338

74 M5 a9 rose decision tree entropy 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.455 0.338

75 M5 a9 rose random forest 26 162 118 965 0.780 0.518 0.157 0.138 0.181 0.485 0.217 0.338

76 M5 a9 rose xgbTree 0 188 0 1083 0.852 0.000 0.485 0.433
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

77 M5 a9 rose xgbLinear 0 188 0 1083 0.852 0.000 0.485 0.317

78 M5 all none logistic reg 0 188 0 1083 0.852 0.000 0.611 0.298

79 M5 all none decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.309

80 M5 all none decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.309

81 M5 all none random forest 0 188 0 1083 0.852 0.000 0.500 0.148

82 M5 all none xgbTree 0 188 0 1083 0.852 0.000 0.611 0.296

83 M5 all none xgbLinear 0 188 0 1083 0.852 0.000 0.611 0.298

84 M5 all smote logistic reg 0 188 0 1083 0.852 0.000 0.611 0.432

85 M5 all smote decision tree gini 0 188 0 1083 0.852 0.000 0.500 0.450

86 M5 all smote decision tree entropy 0 188 0 1083 0.852 0.000 0.500 0.450

87 M5 all smote random forest 0 188 0 1083 0.852 0.000 0.611 0.153

88 M5 all smote xgbTree 0 188 0 1083 0.852 0.000 0.611 0.432

89 M5 all smote xgbLinear 0 188 0 1083 0.852 0.000 0.611 0.432

90 M5 all rose logistic reg 97 91 318 765 0.678 0.564 0.322 0.516 0.234 0.611 0.483 0.443

91 M5 all rose decision tree gini 97 91 318 765 0.678 0.564 0.322 0.516 0.234 0.611 0.469 0.443

92 M5 all rose decision tree entropy 0 188 0 1083 0.852 0.000 0.611 0.453

93 M5 all rose random forest 0 188 0 1083 0.852 0.000 0.611 0.209

94 M5 all rose xgbTree 0 188 0 1083 0.852 0.000 0.611 0.456

95 M5 all rose xgbLinear 0 188 0 1083 0.852 0.000 0.611 0.387

96 M6 a0 none logistic reg 0 188 0 1083 0.852 0.000 0.680 0.275

97 M6 a0 none decision tree gini 69 119 91 992 0.835 0.662 0.397 0.367 0.431 0.661 0.285 0.529

98 M6 a0 none decision tree entropy 59 129 149 934 0.781 0.581 0.298 0.314 0.284 0.564 0.322 0.440

99 M6 a0 none random forest 30 158 27 1056 0.854 0.698 0.245 0.160 0.526 0.691 0.249 0.471

100 M6 a0 none xgbTree 36 152 36 1047 0.852 0.687 0.277 0.191 0.500 0.700 0.265 0.482

101 M6 a0 none xgbLinear 49 139 115 968 0.800 0.587 0.278 0.261 0.299 0.706 0.261 0.433

102 M6 a0 smote logistic reg 74 114 184 899 0.766 0.587 0.332 0.394 0.287 0.651 0.395 0.459

103 M6 a0 smote decision tree gini 114 74 414 669 0.616 0.558 0.318 0.606 0.216 0.606 0.463 0.438
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

104 M6 a0 smote decision tree entropy 114 74 414 669 0.616 0.558 0.318 0.606 0.216 0.588 0.466 0.438

105 M6 a0 smote random forest 169 19 867 216 0.303 0.541 0.276 0.899 0.163 0.671 0.615 0.409

106 M6 a0 smote xgbTree 153 35 758 325 0.376 0.535 0.278 0.814 0.168 0.669 0.561 0.407

107 M6 a0 smote xgbLinear 179 9 893 190 0.290 0.561 0.284 0.952 0.167 0.697 0.653 0.423

108 M6 a0 rose logistic reg 89 99 242 841 0.732 0.582 0.343 0.473 0.269 0.681 0.447 0.462

109 M6 a0 rose decision tree gini 61 127 83 1000 0.835 0.655 0.367 0.324 0.424 0.422 0.399 0.511

110 M6 a0 rose decision tree entropy 61 127 83 1000 0.835 0.655 0.367 0.324 0.424 0.422 0.399 0.511

111 M6 a0 rose random forest 66 122 88 995 0.835 0.660 0.386 0.351 0.429 0.700 0.337 0.523

112 M6 a0 rose xgbTree 59 129 80 1003 0.836 0.655 0.361 0.314 0.424 0.637 0.338 0.508

113 M6 a0 rose xgbLinear 64 124 78 1005 0.841 0.670 0.388 0.340 0.451 0.660 0.296 0.529

114 M6 a3 none logistic reg 0 188 0 1083 0.852 0.000 0.632 0.280

115 M6 a3 none decision tree gini 38 150 90 993 0.811 0.583 0.241 0.202 0.297 0.434 0.295 0.412

116 M6 a3 none decision tree entropy 43 145 149 934 0.769 0.545 0.226 0.229 0.224 0.456 0.320 0.386

117 M6 a3 none random forest 8 180 9 1074 0.851 0.664 0.078 0.043 0.471 0.686 0.212 0.371

118 M6 a3 none xgbTree 67 121 88 995 0.836 0.662 0.391 0.356 0.432 0.706 0.280 0.526

119 M6 a3 none xgbLinear 53 135 140 943 0.784 0.575 0.278 0.282 0.275 0.693 0.288 0.426

120 M6 a3 smote logistic reg 57 131 188 895 0.749 0.552 0.263 0.303 0.233 0.623 0.402 0.408

121 M6 a3 smote decision tree gini 114 74 350 733 0.666 0.577 0.350 0.606 0.246 0.687 0.409 0.463

122 M6 a3 smote decision tree entropy 121 67 471 612 0.577 0.553 0.310 0.644 0.204 0.587 0.490 0.432

123 M6 a3 smote random forest 168 20 911 172 0.268 0.526 0.265 0.894 0.156 0.676 0.631 0.395

124 M6 a3 smote xgbTree 171 17 846 237 0.321 0.551 0.284 0.910 0.168 0.667 0.633 0.417

125 M6 a3 smote xgbLinear 170 18 870 213 0.301 0.543 0.277 0.904 0.163 0.674 0.646 0.410

126 M6 a3 rose logistic reg 76 112 267 816 0.702 0.550 0.286 0.404 0.222 0.629 0.452 0.418

127 M6 a3 rose decision tree gini 61 127 83 1000 0.835 0.655 0.367 0.324 0.424 0.358 0.387 0.511

128 M6 a3 rose decision tree entropy 61 127 83 1000 0.835 0.655 0.367 0.324 0.424 0.387 0.385 0.511

129 M6 a3 rose random forest 46 142 77 1006 0.828 0.625 0.296 0.245 0.374 0.660 0.350 0.460

130 M6 a3 rose xgbTree 43 145 47 1036 0.849 0.678 0.309 0.229 0.478 0.645 0.351 0.493
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

131 M6 a3 rose xgbLinear 33 155 57 1026 0.833 0.618 0.237 0.176 0.367 0.624 0.326 0.428

132 M6 a6 none logistic reg 0 188 0 1083 0.852 0.000 0.609 0.283

133 M6 a6 none decision tree gini 22 166 66 1017 0.817 0.555 0.159 0.117 0.250 0.645 0.291 0.357

134 M6 a6 none decision tree entropy 39 149 145 938 0.769 0.537 0.210 0.207 0.212 0.632 0.317 0.374

135 M6 a6 none random forest 24 164 34 1049 0.844 0.639 0.195 0.128 0.414 0.693 0.251 0.417

136 M6 a6 none xgbTree 50 138 65 1018 0.840 0.658 0.330 0.266 0.435 0.711 0.271 0.494

137 M6 a6 none xgbLinear 56 132 118 965 0.803 0.601 0.309 0.298 0.322 0.692 0.277 0.455

138 M6 a6 smote logistic reg 69 119 220 863 0.733 0.559 0.289 0.367 0.239 0.599 0.409 0.424

139 M6 a6 smote decision tree gini 113 75 383 700 0.640 0.566 0.330 0.601 0.228 0.650 0.433 0.448

140 M6 a6 smote decision tree entropy 128 60 384 699 0.651 0.585 0.366 0.681 0.250 0.651 0.431 0.476

141 M6 a6 smote random forest 156 32 799 284 0.346 0.531 0.273 0.830 0.163 0.653 0.571 0.402

142 M6 a6 smote xgbTree 152 36 712 371 0.411 0.544 0.289 0.809 0.176 0.690 0.556 0.416

143 M6 a6 smote xgbLinear 172 16 889 194 0.288 0.543 0.275 0.915 0.162 0.684 0.649 0.409

144 M6 a6 rose logistic reg 80 108 297 786 0.681 0.546 0.283 0.426 0.212 0.599 0.457 0.414

145 M6 a6 rose decision tree gini 28 160 20 1063 0.858 0.726 0.237 0.149 0.583 0.414 0.378 0.482

146 M6 a6 rose decision tree entropy 58 130 86 997 0.830 0.644 0.349 0.309 0.403 0.412 0.404 0.497

147 M6 a6 rose random forest 33 155 102 981 0.798 0.554 0.204 0.176 0.244 0.657 0.356 0.379

148 M6 a6 rose xgbTree 41 147 26 1057 0.864 0.745 0.322 0.218 0.612 0.629 0.333 0.533

149 M6 a6 rose xgbLinear 24 164 89 994 0.801 0.535 0.159 0.128 0.212 0.546 0.324 0.347

150 M6 a9 none logistic reg 0 188 0 1083 0.852 0.000 0.577 0.287

151 M6 a9 none decision tree gini 26 162 78 1005 0.811 0.556 0.178 0.138 0.250 0.645 0.293 0.367

152 M6 a9 none decision tree entropy 43 145 157 926 0.762 0.540 0.222 0.229 0.215 0.631 0.319 0.381

153 M6 a9 none random forest 28 160 36 1047 0.846 0.652 0.222 0.149 0.438 0.682 0.249 0.437

154 M6 a9 none xgbTree 66 122 101 982 0.825 0.642 0.372 0.351 0.395 0.718 0.284 0.507

155 M6 a9 none xgbLinear 71 117 123 960 0.811 0.629 0.372 0.378 0.366 0.716 0.280 0.500

156 M6 a9 smote logistic reg 57 131 232 851 0.714 0.532 0.239 0.303 0.197 0.574 0.409 0.385

157 M6 a9 smote decision tree gini 104 84 376 707 0.638 0.555 0.311 0.553 0.217 0.646 0.402 0.433
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158 M6 a9 smote decision tree entropy 127 61 369 714 0.662 0.589 0.371 0.676 0.256 0.665 0.427 0.480

159 M6 a9 smote random forest 165 23 893 190 0.279 0.524 0.265 0.878 0.156 0.659 0.619 0.394

160 M6 a9 smote xgbTree 148 40 594 489 0.501 0.562 0.318 0.787 0.199 0.706 0.494 0.440

161 M6 a9 smote xgbLinear 169 19 797 286 0.358 0.556 0.293 0.899 0.175 0.699 0.613 0.425

162 M6 a9 rose logistic reg 62 126 298 785 0.666 0.517 0.226 0.330 0.172 0.568 0.461 0.372

163 M6 a9 rose decision tree gini 38 150 74 1009 0.824 0.605 0.253 0.202 0.339 0.439 0.398 0.429

164 M6 a9 rose decision tree entropy 43 145 85 998 0.819 0.605 0.272 0.229 0.336 0.423 0.397 0.438

165 M6 a9 rose random forest 29 159 67 1016 0.822 0.583 0.204 0.154 0.302 0.622 0.349 0.394

166 M6 a9 rose xgbTree 24 164 8 1075 0.865 0.809 0.218 0.128 0.750 0.585 0.365 0.513

167 M6 a9 rose xgbLinear 27 161 78 1005 0.812 0.560 0.184 0.144 0.257 0.576 0.334 0.372

168 M6 all none logistic reg 0 188 0 1083 0.852 0.000 0.624 0.280

169 M6 all none decision tree gini 30 158 90 993 0.805 0.556 0.195 0.160 0.250 0.645 0.295 0.376

170 M6 all none decision tree entropy 35 153 125 958 0.781 0.541 0.201 0.186 0.219 0.629 0.309 0.371

171 M6 all none random forest 26 162 22 1061 0.855 0.705 0.220 0.138 0.542 0.682 0.253 0.462

172 M6 all none xgbTree 48 140 62 1021 0.841 0.658 0.322 0.255 0.436 0.707 0.277 0.490

173 M6 all none xgbLinear 53 135 115 968 0.803 0.597 0.298 0.282 0.315 0.688 0.272 0.447

174 M6 all smote logistic reg 67 121 177 906 0.766 0.578 0.310 0.356 0.275 0.627 0.405 0.444

175 M6 all smote decision tree gini 126 62 402 681 0.635 0.578 0.352 0.670 0.239 0.668 0.432 0.465

176 M6 all smote decision tree entropy 111 77 381 702 0.640 0.563 0.326 0.590 0.226 0.659 0.429 0.445

177 M6 all smote random forest 169 19 890 193 0.285 0.535 0.271 0.899 0.160 0.652 0.630 0.403

178 M6 all smote xgbTree 167 21 814 269 0.343 0.549 0.286 0.888 0.170 0.666 0.600 0.417

179 M6 all smote xgbLinear 171 17 856 227 0.313 0.548 0.281 0.910 0.167 0.653 0.639 0.415

180 M6 all rose logistic reg 65 123 264 819 0.696 0.533 0.251 0.346 0.198 0.615 0.453 0.392

181 M6 all rose decision tree gini 77 111 218 865 0.741 0.574 0.319 0.410 0.261 0.603 0.420 0.446

182 M6 all rose decision tree entropy 77 111 218 865 0.741 0.574 0.319 0.410 0.261 0.603 0.420 0.446

183 M6 all rose random forest 52 136 144 939 0.780 0.569 0.271 0.277 0.265 0.653 0.380 0.420

184 M6 all rose xgbTree 24 164 8 1075 0.865 0.809 0.218 0.128 0.750 0.646 0.379 0.513
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

185 M6 all rose xgbLinear 24 164 62 1021 0.822 0.570 0.175 0.128 0.279 0.611 0.329 0.373

186 M7 a0 none logistic reg 0 188 0 1083 0.852 0.000 0.585 0.288

187 M7 a0 none decision tree gini 31 157 58 1025 0.831 0.608 0.224 0.165 0.348 0.644 0.286 0.416

188 M7 a0 none decision tree entropy 38 150 58 1025 0.836 0.634 0.268 0.202 0.396 0.666 0.275 0.451

189 M7 a0 none random forest 8 180 8 1075 0.852 0.678 0.078 0.043 0.500 0.693 0.234 0.378

190 M7 a0 none xgbTree 24 164 42 1041 0.838 0.614 0.189 0.128 0.364 0.695 0.274 0.401

191 M7 a0 none xgbLinear 62 126 128 955 0.800 0.605 0.328 0.330 0.326 0.681 0.281 0.466

192 M7 a0 smote logistic reg 62 126 258 825 0.698 0.531 0.244 0.330 0.194 0.589 0.414 0.387

193 M7 a0 smote decision tree gini 107 81 411 672 0.613 0.549 0.303 0.569 0.207 0.647 0.411 0.426

194 M7 a0 smote decision tree entropy 120 68 364 719 0.660 0.581 0.357 0.638 0.248 0.665 0.422 0.469

195 M7 a0 smote random forest 165 23 817 266 0.339 0.544 0.282 0.878 0.168 0.642 0.595 0.413

196 M7 a0 smote xgbTree 146 42 659 424 0.448 0.546 0.294 0.777 0.181 0.677 0.520 0.420

197 M7 a0 smote xgbLinear 159 29 724 359 0.408 0.553 0.297 0.846 0.180 0.680 0.580 0.425

198 M7 a0 rose logistic reg 68 120 323 760 0.651 0.519 0.235 0.362 0.174 0.572 0.462 0.377

199 M7 a0 rose decision tree gini 130 58 566 517 0.509 0.543 0.294 0.691 0.187 0.615 0.480 0.419

200 M7 a0 rose decision tree entropy 94 94 382 701 0.625 0.540 0.283 0.500 0.197 0.614 0.467 0.411

201 M7 a0 rose random forest 93 95 344 739 0.655 0.549 0.298 0.495 0.213 0.623 0.435 0.424

202 M7 a0 rose xgbTree 102 86 439 644 0.587 0.535 0.280 0.543 0.189 0.605 0.461 0.408

203 M7 a0 rose xgbLinear 85 103 321 762 0.666 0.545 0.286 0.452 0.209 0.634 0.432 0.416

204 M7 a3 none logistic reg 0 188 0 1083 0.852 0.000 0.588 0.287

205 M7 a3 none decision tree gini 39 149 59 1024 0.836 0.635 0.273 0.207 0.398 0.648 0.282 0.454

206 M7 a3 none decision tree entropy 33 155 67 1016 0.825 0.599 0.229 0.176 0.330 0.650 0.282 0.414

207 M7 a3 none random forest 5 183 4 1079 0.853 0.705 0.051 0.027 0.556 0.683 0.232 0.378

208 M7 a3 none xgbTree 30 158 50 1033 0.836 0.621 0.224 0.160 0.375 0.658 0.280 0.423

209 M7 a3 none xgbLinear 51 137 110 973 0.806 0.597 0.292 0.271 0.317 0.664 0.274 0.444

210 M7 a3 smote logistic reg 65 123 254 829 0.703 0.537 0.256 0.346 0.204 0.591 0.413 0.397

211 M7 a3 smote decision tree gini 104 84 407 676 0.614 0.546 0.298 0.553 0.204 0.644 0.413 0.422
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212 M7 a3 smote decision tree entropy 107 81 420 663 0.606 0.547 0.299 0.569 0.203 0.644 0.412 0.423

213 M7 a3 smote random forest 166 22 814 269 0.342 0.547 0.284 0.883 0.169 0.649 0.592 0.416

214 M7 a3 smote xgbTree 147 41 661 422 0.448 0.547 0.295 0.782 0.182 0.698 0.535 0.421

215 M7 a3 smote xgbLinear 160 28 763 320 0.378 0.546 0.288 0.851 0.173 0.654 0.602 0.417

216 M7 a3 rose logistic reg 68 120 322 761 0.652 0.519 0.235 0.362 0.174 0.574 0.462 0.377

217 M7 a3 rose decision tree gini 75 113 249 834 0.715 0.556 0.293 0.399 0.231 0.621 0.456 0.425

218 M7 a3 rose decision tree entropy 94 94 385 698 0.623 0.539 0.282 0.500 0.196 0.613 0.464 0.410

219 M7 a3 rose random forest 88 100 315 768 0.673 0.552 0.298 0.468 0.218 0.619 0.429 0.425

220 M7 a3 rose xgbTree 72 116 258 825 0.706 0.547 0.278 0.383 0.218 0.630 0.436 0.413

221 M7 a3 rose xgbLinear 81 107 373 710 0.622 0.524 0.252 0.431 0.178 0.589 0.449 0.388

222 M7 a6 none logistic reg 0 188 0 1083 0.852 0.000 0.595 0.287

223 M7 a6 none decision tree gini 39 149 58 1025 0.837 0.638 0.274 0.207 0.402 0.649 0.284 0.456

224 M7 a6 none decision tree entropy 42 146 69 1014 0.831 0.626 0.281 0.223 0.378 0.648 0.283 0.454

225 M7 a6 none random forest 7 181 7 1076 0.852 0.678 0.069 0.037 0.500 0.689 0.234 0.374

226 M7 a6 none xgbTree 37 151 39 1044 0.851 0.680 0.280 0.197 0.487 0.680 0.269 0.480

227 M7 a6 none xgbLinear 52 136 89 994 0.823 0.624 0.316 0.277 0.369 0.676 0.272 0.470

228 M7 a6 smote logistic reg 71 117 257 826 0.706 0.546 0.275 0.378 0.216 0.596 0.411 0.411

229 M7 a6 smote decision tree gini 110 78 441 642 0.592 0.546 0.298 0.585 0.200 0.641 0.422 0.422

230 M7 a6 smote decision tree entropy 114 74 358 725 0.660 0.574 0.345 0.606 0.242 0.662 0.425 0.460

231 M7 a6 smote random forest 161 27 769 314 0.374 0.547 0.288 0.856 0.173 0.640 0.586 0.417

232 M7 a6 smote xgbTree 145 43 631 452 0.470 0.550 0.301 0.771 0.187 0.673 0.509 0.425

233 M7 a6 smote xgbLinear 153 35 751 332 0.382 0.537 0.280 0.814 0.169 0.653 0.589 0.409

234 M7 a6 rose logistic reg 68 120 324 759 0.651 0.518 0.234 0.362 0.173 0.578 0.461 0.376

235 M7 a6 rose decision tree gini 97 91 327 756 0.671 0.561 0.317 0.516 0.229 0.640 0.451 0.439

236 M7 a6 rose decision tree entropy 97 91 327 756 0.671 0.561 0.317 0.516 0.229 0.639 0.451 0.439

237 M7 a6 rose random forest 85 103 296 787 0.686 0.554 0.299 0.452 0.223 0.637 0.435 0.426

238 M7 a6 rose xgbTree 86 102 245 838 0.727 0.576 0.331 0.457 0.260 0.656 0.422 0.454
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239 M7 a6 rose xgbLinear 94 94 366 717 0.638 0.544 0.290 0.500 0.204 0.606 0.431 0.417

240 M7 a9 none logistic reg 0 188 0 1083 0.852 0.000 0.610 0.285

241 M7 a9 none decision tree gini 39 149 74 1009 0.825 0.608 0.259 0.207 0.345 0.624 0.285 0.434

242 M7 a9 none decision tree entropy 41 147 85 998 0.817 0.599 0.261 0.218 0.325 0.618 0.289 0.430

243 M7 a9 none random forest 5 183 3 1080 0.854 0.740 0.051 0.027 0.625 0.683 0.237 0.396

244 M7 a9 none xgbTree 21 167 31 1052 0.844 0.633 0.175 0.112 0.404 0.705 0.269 0.404

245 M7 a9 none xgbLinear 46 142 112 971 0.800 0.582 0.266 0.245 0.291 0.652 0.276 0.424

246 M7 a9 smote logistic reg 77 111 265 818 0.704 0.553 0.291 0.410 0.225 0.608 0.407 0.422

247 M7 a9 smote decision tree gini 66 122 305 778 0.664 0.521 0.236 0.351 0.178 0.612 0.394 0.379

248 M7 a9 smote decision tree entropy 79 109 325 758 0.659 0.535 0.267 0.420 0.196 0.625 0.391 0.401

249 M7 a9 smote random forest 165 23 789 294 0.361 0.550 0.289 0.878 0.173 0.633 0.584 0.420

250 M7 a9 smote xgbTree 143 45 687 396 0.424 0.535 0.281 0.761 0.172 0.644 0.541 0.408

251 M7 a9 smote xgbLinear 158 30 726 357 0.405 0.551 0.295 0.840 0.179 0.692 0.568 0.423

252 M7 a9 rose logistic reg 73 115 336 747 0.645 0.523 0.245 0.388 0.178 0.591 0.459 0.384

253 M7 a9 rose decision tree gini 122 66 497 586 0.557 0.548 0.302 0.649 0.197 0.636 0.463 0.425

254 M7 a9 rose decision tree entropy 107 81 456 627 0.577 0.538 0.285 0.569 0.190 0.595 0.455 0.411

255 M7 a9 rose random forest 110 78 394 689 0.629 0.558 0.318 0.585 0.218 0.644 0.446 0.438

256 M7 a9 rose xgbTree 114 74 419 664 0.612 0.557 0.316 0.606 0.214 0.640 0.444 0.437

257 M7 a9 rose xgbLinear 116 72 476 607 0.569 0.545 0.297 0.617 0.196 0.618 0.453 0.421

258 M7 all none logistic reg 0 188 0 1083 0.852 0.000 0.595 0.287

259 M7 all none decision tree gini 39 149 59 1024 0.836 0.635 0.273 0.207 0.398 0.648 0.282 0.454

260 M7 all none decision tree entropy 33 155 69 1014 0.824 0.595 0.228 0.176 0.324 0.649 0.283 0.412

261 M7 all none random forest 12 176 9 1074 0.854 0.715 0.115 0.064 0.571 0.695 0.235 0.415

262 M7 all none xgbTree 52 136 90 993 0.822 0.623 0.315 0.277 0.366 0.684 0.293 0.469

263 M7 all none xgbLinear 64 124 109 974 0.817 0.629 0.355 0.340 0.370 0.701 0.271 0.492

264 M7 all smote logistic reg 72 116 260 823 0.704 0.547 0.277 0.383 0.217 0.595 0.412 0.412

265 M7 all smote decision tree gini 110 78 441 642 0.592 0.546 0.298 0.585 0.200 0.641 0.422 0.422
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

266 M7 all smote decision tree entropy 116 72 360 723 0.660 0.577 0.349 0.617 0.244 0.662 0.424 0.463

267 M7 all smote random forest 165 23 796 287 0.356 0.549 0.287 0.878 0.172 0.649 0.587 0.418

268 M7 all smote xgbTree 157 31 817 266 0.333 0.528 0.270 0.835 0.161 0.678 0.599 0.399

269 M7 all smote xgbLinear 163 25 843 240 0.317 0.534 0.273 0.867 0.162 0.639 0.644 0.403

270 M7 all rose logistic reg 69 119 324 759 0.651 0.520 0.238 0.367 0.176 0.578 0.462 0.379

271 M7 all rose decision tree gini 94 94 306 777 0.685 0.564 0.320 0.500 0.235 0.634 0.436 0.442

272 M7 all rose decision tree entropy 107 81 425 658 0.602 0.546 0.297 0.569 0.201 0.620 0.463 0.421

273 M7 all rose random forest 90 98 323 760 0.669 0.552 0.300 0.479 0.218 0.631 0.440 0.426

274 M7 all rose xgbTree 79 109 302 781 0.677 0.542 0.278 0.420 0.207 0.619 0.430 0.410

275 M7 all rose xgbLinear 90 98 349 734 0.648 0.544 0.287 0.479 0.205 0.605 0.435 0.415

276 M8 a0 none logistic reg 0 188 0 1083 0.852 0.000 0.606 0.282

277 M8 a0 none decision tree gini 58 130 118 965 0.805 0.605 0.319 0.309 0.330 0.651 0.283 0.462

278 M8 a0 none decision tree entropy 54 134 84 999 0.828 0.637 0.331 0.287 0.391 0.676 0.272 0.484

279 M8 a0 none random forest 9 179 8 1075 0.853 0.693 0.088 0.048 0.529 0.640 0.257 0.391

280 M8 a0 none xgbTree 45 143 117 966 0.795 0.574 0.257 0.239 0.278 0.639 0.287 0.416

281 M8 a0 none xgbLinear 48 140 75 1008 0.831 0.634 0.309 0.255 0.390 0.706 0.249 0.471

282 M8 a0 smote logistic reg 63 125 259 824 0.698 0.532 0.247 0.335 0.196 0.604 0.392 0.390

283 M8 a0 smote decision tree gini 75 113 341 742 0.643 0.524 0.248 0.399 0.180 0.593 0.415 0.386

284 M8 a0 smote decision tree entropy 85 103 299 784 0.684 0.553 0.297 0.452 0.221 0.639 0.396 0.425

285 M8 a0 smote random forest 166 22 921 162 0.258 0.517 0.260 0.883 0.153 0.624 0.607 0.388

286 M8 a0 smote xgbTree 145 43 701 382 0.415 0.535 0.280 0.771 0.171 0.626 0.557 0.408

287 M8 a0 smote xgbLinear 164 24 773 310 0.373 0.552 0.292 0.872 0.175 0.646 0.597 0.422

288 M8 a0 rose logistic reg 63 125 302 781 0.664 0.517 0.228 0.335 0.173 0.589 0.460 0.373

289 M8 a0 rose decision tree gini 9 179 7 1076 0.854 0.710 0.088 0.048 0.562 0.440 0.378 0.399

290 M8 a0 rose decision tree entropy 56 132 152 931 0.777 0.573 0.283 0.298 0.269 0.407 0.384 0.428

291 M8 a0 rose random forest 59 129 247 836 0.704 0.530 0.239 0.314 0.193 0.569 0.426 0.384

292 M8 a0 rose xgbTree 37 151 80 1003 0.818 0.593 0.243 0.197 0.316 0.591 0.360 0.418
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

293 M8 a0 rose xgbLinear 55 133 229 854 0.715 0.529 0.233 0.293 0.194 0.581 0.392 0.381

294 M8 a3 none logistic reg 0 188 0 1083 0.852 0.000 0.563 0.288

295 M8 a3 none decision tree gini 52 136 116 967 0.802 0.593 0.292 0.277 0.310 0.653 0.288 0.443

296 M8 a3 none decision tree entropy 47 141 97 986 0.813 0.601 0.283 0.250 0.326 0.437 0.285 0.442

297 M8 a3 none random forest 3 185 9 1074 0.847 0.552 0.030 0.016 0.250 0.679 0.242 0.291

298 M8 a3 none xgbTree 22 166 63 1020 0.820 0.559 0.161 0.117 0.259 0.660 0.260 0.360

299 M8 a3 none xgbLinear 34 154 64 1019 0.828 0.608 0.238 0.181 0.347 0.679 0.250 0.423

300 M8 a3 smote logistic reg 58 130 255 828 0.697 0.525 0.232 0.309 0.185 0.579 0.409 0.378

301 M8 a3 smote decision tree gini 86 102 330 753 0.660 0.544 0.285 0.457 0.207 0.589 0.432 0.414

302 M8 a3 smote decision tree entropy 91 97 341 742 0.655 0.548 0.294 0.484 0.211 0.596 0.403 0.421

303 M8 a3 smote random forest 168 20 896 187 0.279 0.531 0.268 0.894 0.158 0.616 0.619 0.400

304 M8 a3 smote xgbTree 153 35 740 343 0.390 0.539 0.283 0.814 0.171 0.638 0.567 0.411

305 M8 a3 smote xgbLinear 169 19 825 258 0.336 0.551 0.286 0.899 0.170 0.629 0.616 0.418

306 M8 a3 rose logistic reg 62 126 328 755 0.643 0.508 0.215 0.330 0.159 0.556 0.465 0.361

307 M8 a3 rose decision tree gini 74 114 182 901 0.767 0.588 0.333 0.394 0.289 0.363 0.409 0.461

308 M8 a3 rose decision tree entropy 80 108 224 859 0.739 0.576 0.325 0.426 0.263 0.632 0.423 0.450

309 M8 a3 rose random forest 48 140 98 985 0.813 0.602 0.287 0.255 0.329 0.614 0.396 0.445

310 M8 a3 rose xgbTree 39 149 78 1005 0.821 0.602 0.256 0.207 0.333 0.548 0.372 0.429

311 M8 a3 rose xgbLinear 41 147 114 969 0.795 0.566 0.239 0.218 0.265 0.607 0.344 0.403

312 M8 a6 none logistic reg 0 188 0 1083 0.852 0.000 0.573 0.288

313 M8 a6 none decision tree gini 56 132 88 995 0.827 0.636 0.337 0.298 0.389 0.654 0.289 0.487

314 M8 a6 none decision tree entropy 52 136 126 957 0.794 0.584 0.284 0.277 0.292 0.615 0.295 0.434

315 M8 a6 none random forest 20 168 10 1073 0.860 0.766 0.183 0.106 0.667 0.731 0.237 0.475

316 M8 a6 none xgbTree 42 146 35 1048 0.858 0.712 0.317 0.223 0.545 0.685 0.266 0.514

317 M8 a6 none xgbLinear 62 126 110 973 0.814 0.623 0.344 0.330 0.360 0.731 0.262 0.484

318 M8 a6 smote logistic reg 61 127 315 768 0.652 0.510 0.216 0.324 0.162 0.567 0.415 0.363

319 M8 a6 smote decision tree gini 87 101 329 754 0.662 0.546 0.288 0.463 0.209 0.622 0.395 0.417
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

320 M8 a6 smote decision tree entropy 85 103 283 800 0.696 0.558 0.306 0.452 0.231 0.592 0.417 0.432

321 M8 a6 smote random forest 156 32 820 263 0.330 0.526 0.268 0.830 0.160 0.617 0.598 0.397

322 M8 a6 smote xgbTree 155 33 725 358 0.404 0.546 0.290 0.824 0.176 0.680 0.546 0.418

323 M8 a6 smote xgbLinear 148 40 719 364 0.403 0.536 0.281 0.787 0.171 0.686 0.572 0.408

324 M8 a6 rose logistic reg 74 114 337 746 0.645 0.524 0.247 0.394 0.180 0.576 0.464 0.385

325 M8 a6 rose decision tree gini 25 163 23 1060 0.854 0.694 0.212 0.133 0.521 0.432 0.391 0.453

326 M8 a6 rose decision tree entropy 44 144 91 992 0.815 0.600 0.272 0.234 0.326 0.380 0.382 0.436

327 M8 a6 rose random forest 48 140 96 987 0.814 0.605 0.289 0.255 0.333 0.619 0.397 0.447

328 M8 a6 rose xgbTree 18 170 88 995 0.797 0.512 0.122 0.096 0.170 0.575 0.380 0.317

329 M8 a6 rose xgbLinear 56 132 134 949 0.791 0.586 0.296 0.298 0.295 0.610 0.341 0.441

330 M8 a9 none logistic reg 0 188 0 1083 0.852 0.000 0.590 0.285

331 M8 a9 none decision tree gini 19 169 37 1046 0.838 0.600 0.156 0.101 0.339 0.630 0.275 0.378

332 M8 a9 none decision tree entropy 35 153 149 934 0.762 0.525 0.188 0.186 0.190 0.597 0.297 0.356

333 M8 a9 none random forest 14 174 15 1068 0.851 0.671 0.129 0.074 0.483 0.676 0.236 0.400

334 M8 a9 none xgbTree 32 156 60 1023 0.830 0.608 0.229 0.170 0.348 0.731 0.265 0.418

335 M8 a9 none xgbLinear 38 150 52 1031 0.841 0.648 0.273 0.202 0.422 0.702 0.236 0.460

336 M8 a9 smote logistic reg 60 128 213 870 0.732 0.546 0.260 0.319 0.220 0.593 0.403 0.403

337 M8 a9 smote decision tree gini 98 90 286 797 0.704 0.577 0.343 0.521 0.255 0.667 0.387 0.460

338 M8 a9 smote decision tree entropy 98 90 286 797 0.704 0.577 0.343 0.521 0.255 0.666 0.389 0.460

339 M8 a9 smote random forest 148 40 716 367 0.405 0.537 0.281 0.787 0.171 0.652 0.557 0.409

340 M8 a9 smote xgbTree 137 51 446 637 0.609 0.580 0.355 0.729 0.235 0.722 0.443 0.468

341 M8 a9 smote xgbLinear 157 31 725 358 0.405 0.549 0.293 0.835 0.178 0.686 0.559 0.421

342 M8 a9 rose logistic reg 71 117 319 764 0.657 0.525 0.246 0.378 0.182 0.585 0.459 0.385

343 M8 a9 rose decision tree gini 73 115 183 900 0.766 0.586 0.329 0.388 0.285 0.429 0.416 0.457

344 M8 a9 rose decision tree entropy 9 179 7 1076 0.854 0.710 0.088 0.048 0.562 0.443 0.395 0.399

345 M8 a9 rose random forest 52 136 164 919 0.764 0.556 0.257 0.277 0.241 0.585 0.404 0.407

346 M8 a9 rose xgbTree 51 137 286 797 0.667 0.502 0.194 0.271 0.151 0.509 0.401 0.348
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

347 M8 a9 rose xgbLinear 26 162 207 876 0.710 0.478 0.124 0.138 0.112 0.518 0.362 0.301

348 M8 all none logistic reg 0 188 0 1083 0.852 0.000 0.561 0.287

349 M8 all none decision tree gini 63 125 81 1002 0.838 0.663 0.380 0.335 0.438 0.661 0.278 0.521

350 M8 all none decision tree entropy 40 148 40 1043 0.852 0.688 0.299 0.213 0.500 0.659 0.270 0.493

351 M8 all none random forest 21 167 11 1072 0.860 0.761 0.191 0.112 0.656 0.691 0.259 0.476

352 M8 all none xgbTree 37 151 41 1042 0.849 0.674 0.278 0.197 0.474 0.698 0.246 0.476

353 M8 all none xgbLinear 43 145 61 1022 0.838 0.645 0.295 0.229 0.413 0.694 0.222 0.470

354 M8 all smote logistic reg 57 131 276 807 0.680 0.516 0.219 0.303 0.171 0.594 0.397 0.367

355 M8 all smote decision tree gini 105 83 327 756 0.677 0.572 0.339 0.559 0.243 0.664 0.382 0.455

356 M8 all smote decision tree entropy 106 82 294 789 0.704 0.585 0.361 0.564 0.265 0.667 0.403 0.473

357 M8 all smote random forest 167 21 977 106 0.215 0.490 0.251 0.888 0.146 0.660 0.601 0.371

358 M8 all smote xgbTree 129 59 566 517 0.508 0.542 0.292 0.686 0.186 0.636 0.502 0.417

359 M8 all smote xgbLinear 151 37 697 386 0.423 0.545 0.292 0.803 0.178 0.698 0.570 0.418

360 M8 all rose logistic reg 68 120 341 742 0.637 0.514 0.228 0.362 0.166 0.555 0.466 0.371

361 M8 all rose decision tree gini 72 116 152 931 0.789 0.605 0.350 0.383 0.321 0.402 0.429 0.477

362 M8 all rose decision tree entropy 72 116 152 931 0.789 0.605 0.350 0.383 0.321 0.402 0.430 0.477

363 M8 all rose random forest 76 112 276 807 0.695 0.547 0.281 0.404 0.216 0.605 0.437 0.414

364 M8 all rose xgbTree 49 139 137 946 0.783 0.568 0.262 0.261 0.263 0.553 0.425 0.415

365 M8 all rose xgbLinear 73 115 261 822 0.704 0.548 0.280 0.388 0.219 0.573 0.410 0.414

366 M9 a0 none logistic reg 0 188 0 1083 0.852 0.000 0.612 0.284

367 M9 a0 none decision tree gini 51 137 113 970 0.803 0.594 0.290 0.271 0.311 0.653 0.280 0.442

368 M9 a0 none decision tree entropy 41 147 68 1015 0.831 0.625 0.276 0.218 0.376 0.655 0.276 0.450

369 M9 a0 none random forest 9 179 6 1077 0.854 0.729 0.089 0.048 0.600 0.656 0.276 0.409

370 M9 a0 none xgbTree 45 143 100 983 0.809 0.592 0.270 0.239 0.310 0.642 0.285 0.431

371 M9 a0 none xgbLinear 47 141 79 1004 0.827 0.625 0.299 0.250 0.373 0.704 0.252 0.462

372 M9 a0 smote logistic reg 81 107 293 790 0.685 0.549 0.288 0.431 0.217 0.615 0.394 0.418

373 M9 a0 smote decision tree gini 72 116 296 787 0.676 0.534 0.259 0.383 0.196 0.610 0.403 0.396
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

374 M9 a0 smote decision tree entropy 119 69 361 722 0.662 0.580 0.356 0.633 0.248 0.617 0.416 0.468

375 M9 a0 smote random forest 168 20 833 250 0.329 0.547 0.283 0.894 0.168 0.595 0.605 0.415

376 M9 a0 smote xgbTree 147 41 692 391 0.423 0.540 0.286 0.782 0.175 0.643 0.550 0.413

377 M9 a0 smote xgbLinear 148 40 706 377 0.413 0.539 0.284 0.787 0.173 0.614 0.570 0.411

378 M9 a0 rose logistic reg 59 129 282 801 0.677 0.517 0.223 0.314 0.173 0.582 0.457 0.370

379 M9 a0 rose decision tree gini 115 73 458 625 0.582 0.548 0.302 0.612 0.201 0.597 0.463 0.425

380 M9 a0 rose decision tree entropy 112 76 475 608 0.566 0.540 0.289 0.596 0.191 0.611 0.486 0.414

381 M9 a0 rose random forest 105 83 490 593 0.549 0.527 0.268 0.559 0.176 0.600 0.473 0.398

382 M9 a0 rose xgbTree 130 58 624 459 0.463 0.530 0.276 0.691 0.172 0.571 0.510 0.403

383 M9 a0 rose xgbLinear 139 49 676 407 0.430 0.532 0.277 0.739 0.171 0.612 0.533 0.404

384 M9 a3 none logistic reg 0 188 0 1083 0.852 0.000 0.568 0.289

385 M9 a3 none decision tree gini 50 138 111 972 0.804 0.593 0.287 0.266 0.311 0.639 0.283 0.440

386 M9 a3 none decision tree entropy 41 147 88 995 0.815 0.595 0.259 0.218 0.318 0.656 0.278 0.427

387 M9 a3 none random forest 14 174 14 1069 0.852 0.680 0.130 0.074 0.500 0.682 0.261 0.405

388 M9 a3 none xgbTree 20 168 77 1006 0.807 0.532 0.140 0.106 0.206 0.644 0.267 0.336

389 M9 a3 none xgbLinear 35 153 110 973 0.793 0.553 0.210 0.186 0.241 0.652 0.264 0.381

390 M9 a3 smote logistic reg 72 116 272 811 0.695 0.542 0.271 0.383 0.209 0.591 0.411 0.406

391 M9 a3 smote decision tree gini 106 82 422 661 0.603 0.545 0.296 0.564 0.201 0.640 0.412 0.421

392 M9 a3 smote decision tree entropy 118 70 412 671 0.621 0.564 0.329 0.628 0.223 0.637 0.416 0.446

393 M9 a3 smote random forest 167 21 813 270 0.344 0.549 0.286 0.888 0.170 0.609 0.611 0.418

394 M9 a3 smote xgbTree 148 40 667 416 0.444 0.547 0.295 0.787 0.182 0.631 0.541 0.421

395 M9 a3 smote xgbLinear 153 35 681 402 0.437 0.552 0.299 0.814 0.183 0.627 0.547 0.426

396 M9 a3 rose logistic reg 63 125 314 769 0.655 0.514 0.223 0.335 0.167 0.548 0.462 0.368

397 M9 a3 rose decision tree gini 92 96 513 570 0.521 0.504 0.232 0.489 0.152 0.566 0.486 0.368

398 M9 a3 rose decision tree entropy 119 69 661 422 0.426 0.506 0.246 0.633 0.153 0.422 0.485 0.376

399 M9 a3 rose random forest 99 89 437 646 0.586 0.532 0.273 0.527 0.185 0.605 0.453 0.403

400 M9 a3 rose xgbTree 108 80 505 578 0.540 0.527 0.270 0.574 0.176 0.598 0.474 0.398
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

401 M9 a3 rose xgbLinear 123 65 605 478 0.473 0.525 0.269 0.654 0.169 0.580 0.509 0.397

402 M9 a6 none logistic reg 0 188 0 1083 0.852 0.000 0.595 0.287

403 M9 a6 none decision tree gini 48 140 80 1003 0.827 0.626 0.304 0.255 0.375 0.657 0.283 0.465

404 M9 a6 none decision tree entropy 38 150 58 1025 0.836 0.634 0.268 0.202 0.396 0.662 0.276 0.451

405 M9 a6 none random forest 23 165 13 1070 0.860 0.753 0.205 0.122 0.639 0.724 0.255 0.479

406 M9 a6 none xgbTree 51 137 58 1025 0.847 0.675 0.343 0.271 0.468 0.719 0.272 0.509

407 M9 a6 none xgbLinear 55 133 99 984 0.817 0.619 0.322 0.293 0.357 0.696 0.267 0.470

408 M9 a6 smote logistic reg 79 109 317 766 0.665 0.537 0.271 0.420 0.199 0.590 0.413 0.404

409 M9 a6 smote decision tree gini 74 114 286 797 0.685 0.540 0.270 0.394 0.206 0.623 0.389 0.405

410 M9 a6 smote decision tree entropy 85 103 299 784 0.684 0.553 0.297 0.452 0.221 0.591 0.418 0.425

411 M9 a6 smote random forest 156 32 742 341 0.391 0.544 0.287 0.830 0.174 0.609 0.584 0.416

412 M9 a6 smote xgbTree 149 39 619 464 0.482 0.558 0.312 0.793 0.194 0.680 0.507 0.435

413 M9 a6 smote xgbLinear 151 37 704 379 0.417 0.544 0.290 0.803 0.177 0.624 0.574 0.417

414 M9 a6 rose logistic reg 78 110 335 748 0.650 0.530 0.260 0.415 0.189 0.573 0.460 0.395

415 M9 a6 rose decision tree gini 101 87 483 600 0.552 0.523 0.262 0.537 0.173 0.572 0.470 0.392

416 M9 a6 rose decision tree entropy 106 82 471 612 0.565 0.533 0.277 0.564 0.184 0.593 0.473 0.405

417 M9 a6 rose random forest 105 83 411 672 0.611 0.547 0.298 0.559 0.203 0.633 0.452 0.423

418 M9 a6 rose xgbTree 113 75 489 594 0.556 0.538 0.286 0.601 0.188 0.620 0.468 0.412

419 M9 a6 rose xgbLinear 118 70 538 545 0.522 0.533 0.280 0.628 0.180 0.604 0.481 0.406

420 M9 a9 none logistic reg 0 188 0 1083 0.852 0.000 0.647 0.278

421 M9 a9 none decision tree gini 19 169 37 1046 0.838 0.600 0.156 0.101 0.339 0.630 0.276 0.378

422 M9 a9 none decision tree entropy 37 151 131 952 0.778 0.542 0.208 0.197 0.220 0.670 0.291 0.375

423 M9 a9 none random forest 16 172 20 1063 0.849 0.653 0.143 0.085 0.444 0.692 0.256 0.398

424 M9 a9 none xgbTree 32 156 61 1022 0.829 0.606 0.228 0.170 0.344 0.703 0.259 0.417

425 M9 a9 none xgbLinear 38 150 64 1019 0.832 0.622 0.262 0.202 0.373 0.698 0.250 0.442

426 M9 a9 smote logistic reg 74 114 204 879 0.750 0.576 0.318 0.394 0.266 0.639 0.393 0.447

427 M9 a9 smote decision tree gini 100 88 295 788 0.699 0.576 0.343 0.532 0.253 0.645 0.375 0.460
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

428 M9 a9 smote decision tree entropy 98 90 299 784 0.694 0.572 0.335 0.521 0.247 0.658 0.394 0.453

429 M9 a9 smote random forest 142 46 642 441 0.459 0.543 0.292 0.755 0.181 0.639 0.549 0.418

430 M9 a9 smote xgbTree 141 47 621 462 0.474 0.546 0.297 0.750 0.185 0.676 0.510 0.422

431 M9 a9 smote xgbLinear 158 30 749 334 0.387 0.546 0.289 0.840 0.174 0.673 0.581 0.417

432 M9 a9 rose logistic reg 76 112 317 766 0.662 0.533 0.262 0.404 0.193 0.604 0.452 0.397

433 M9 a9 rose decision tree gini 108 80 424 659 0.603 0.547 0.300 0.574 0.203 0.618 0.465 0.424

434 M9 a9 rose decision tree entropy 138 50 579 504 0.505 0.551 0.305 0.734 0.192 0.366 0.461 0.428

435 M9 a9 rose random forest 105 83 470 613 0.565 0.532 0.275 0.559 0.183 0.612 0.464 0.403

436 M9 a9 rose xgbTree 136 52 592 491 0.493 0.546 0.297 0.723 0.187 0.616 0.475 0.421

437 M9 a9 rose xgbLinear 137 51 675 408 0.429 0.529 0.274 0.729 0.169 0.604 0.498 0.401

438 M9 all none logistic reg 0 188 0 1083 0.852 0.000 0.592 0.285

439 M9 all none decision tree gini 62 126 80 1003 0.838 0.663 0.376 0.330 0.437 0.657 0.277 0.519

440 M9 all none decision tree entropy 39 149 39 1044 0.852 0.688 0.293 0.207 0.500 0.655 0.270 0.490

441 M9 all none random forest 28 160 18 1065 0.860 0.739 0.239 0.149 0.609 0.681 0.277 0.489

442 M9 all none xgbTree 44 144 68 1015 0.833 0.634 0.293 0.234 0.393 0.687 0.273 0.464

443 M9 all none xgbLinear 45 143 53 1030 0.846 0.669 0.315 0.239 0.459 0.727 0.228 0.492

444 M9 all smote logistic reg 67 121 246 837 0.711 0.544 0.267 0.356 0.214 0.621 0.393 0.406

445 M9 all smote decision tree gini 102 86 282 801 0.710 0.584 0.357 0.543 0.266 0.664 0.366 0.470

446 M9 all smote decision tree entropy 118 70 321 762 0.692 0.592 0.376 0.628 0.269 0.674 0.397 0.484

447 M9 all smote random forest 159 29 794 289 0.352 0.538 0.279 0.846 0.167 0.648 0.582 0.408

448 M9 all smote xgbTree 147 41 630 453 0.472 0.553 0.305 0.782 0.189 0.700 0.513 0.429

449 M9 all smote xgbLinear 143 45 619 464 0.478 0.550 0.301 0.761 0.188 0.684 0.512 0.425

450 M9 all rose logistic reg 70 118 363 720 0.622 0.510 0.225 0.372 0.162 0.550 0.468 0.368

451 M9 all rose decision tree gini 124 64 707 376 0.393 0.502 0.243 0.660 0.149 0.548 0.525 0.373

452 M9 all rose decision tree entropy 139 49 688 395 0.420 0.529 0.274 0.739 0.168 0.412 0.511 0.401

453 M9 all rose random forest 107 81 425 658 0.602 0.546 0.297 0.569 0.201 0.643 0.465 0.421

454 M9 all rose xgbTree 170 18 807 276 0.351 0.556 0.292 0.904 0.174 0.667 0.515 0.424
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Table A.3: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

455 M9 all rose xgbLinear 112 76 501 582 0.546 0.534 0.280 0.596 0.183 0.593 0.448 0.407
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A.2.2 Object Recognition

Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

1 M4 a0 none rule-based 88 200 100 883 0.764 0.642 0.370 0.306 0.468 0.670 0.236 0.506

2 M4 a3 none rule-based 77 227 111 856 0.734 0.600 0.313 0.253 0.410 0.670 0.266 0.456

3 M4 a6 none rule-based 58 166 130 917 0.767 0.578 0.282 0.259 0.309 0.670 0.233 0.430

4 M4 a9 none rule-based 26 118 162 965 0.780 0.515 0.157 0.181 0.138 0.670 0.220 0.336

5 M4 all none rule-based 97 318 91 765 0.678 0.611 0.322 0.234 0.516 0.670 0.322 0.466

6 M5 a0 none logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.786

7 M5 a0 none decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

8 M5 a0 none decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

9 M5 a0 none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.500 1.000

10 M5 a0 none xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.788

11 M5 a0 none xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.786

12 M5 a0 smote logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.563

13 M5 a0 smote decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.571

14 M5 a0 smote decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.571

15 M5 a0 smote random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.866

16 M5 a0 smote xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.565

17 M5 a0 smote xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.563

18 M5 a0 rose logistic reg 86 58 14 30 0.617 0.600 0.705 0.597 0.860 0.640 0.482 0.653

19 M5 a0 rose decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.554

20 M5 a0 rose decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.558

21 M5 a0 rose random forest 86 58 14 30 0.617 0.600 0.705 0.597 0.860 0.640 0.673 0.653

22 M5 a0 rose xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.561

23 M5 a0 rose xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.640 0.727

24 M5 a3 none logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.788

25 M5 a3 none decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

26 M5 a3 none decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

27 M5 a3 none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.500 1.000

28 M5 a3 none xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.790

29 M5 a3 none xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.788

30 M5 a3 smote logistic reg 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.568 0.668

31 M5 a3 smote decision tree gini 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.568 0.668

32 M5 a3 smote decision tree entropy 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.568 0.668

33 M5 a3 smote random forest 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.783 0.668

34 M5 a3 smote xgbTree 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.572 0.668

35 M5 a3 smote xgbLinear 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.568 0.668

36 M5 a3 rose logistic reg 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.487 0.668

37 M5 a3 rose decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.576

38 M5 a3 rose decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.576

39 M5 a3 rose random forest 94 50 17 27 0.644 0.599 0.737 0.653 0.847 0.633 0.720 0.668

40 M5 a3 rose xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.569

41 M5 a3 rose xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.633 0.763

42 M5 a6 none logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.390 0.789

43 M5 a6 none decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

44 M5 a6 none decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

45 M5 a6 none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.500 1.000

46 M5 a6 none xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.390 0.792

47 M5 a6 none xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.390 0.789

48 M5 a6 smote logistic reg 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.573 0.687

49 M5 a6 smote decision tree gini 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.573 0.687

50 M5 a6 smote decision tree entropy 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.573 0.687

51 M5 a6 smote random forest 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.692 0.687

52 M5 a6 smote xgbTree 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.570 0.687
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

53 M5 a6 smote xgbLinear 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.573 0.687

54 M5 a6 rose logistic reg 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.490 0.687

55 M5 a6 rose decision tree gini 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.564 0.687

56 M5 a6 rose decision tree entropy 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.564 0.687

57 M5 a6 rose random forest 0 144 0 44 0.234 0.000 0.390 0.296

58 M5 a6 rose xgbTree 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.608 0.687

59 M5 a6 rose xgbLinear 107 37 23 21 0.681 0.593 0.781 0.743 0.823 0.390 0.492 0.687

60 M5 a9 none logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.516 0.790

61 M5 a9 none decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

62 M5 a9 none decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

63 M5 a9 none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.500 1.000

64 M5 a9 none xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.516 0.793

65 M5 a9 none xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.516 0.790

66 M5 a9 smote logistic reg 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.574 0.640

67 M5 a9 smote decision tree gini 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.574 0.640

68 M5 a9 smote decision tree entropy 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.574 0.640

69 M5 a9 smote random forest 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.870 0.640

70 M5 a9 smote xgbTree 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.570 0.640

71 M5 a9 smote xgbLinear 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.574 0.640

72 M5 a9 rose logistic reg 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.490 0.640

73 M5 a9 rose decision tree gini 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.575 0.640

74 M5 a9 rose decision tree entropy 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.575 0.640

75 M5 a9 rose random forest 0 144 0 44 0.234 0.000 0.516 0.345

76 M5 a9 rose xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.516 0.626

77 M5 a9 rose xgbLinear 123 21 39 5 0.681 0.476 0.804 0.854 0.759 0.516 0.683 0.640

78 M5 all none logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.791

79 M5 all none decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

80 M5 all none decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.790

81 M5 all none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.500 1.000

82 M5 all none xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.794

83 M5 all none xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.791

84 M5 all smote logistic reg 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.575

85 M5 all smote decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.571

86 M5 all smote decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.500 0.571

87 M5 all smote random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.898

88 M5 all smote xgbTree 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.571

89 M5 all smote xgbLinear 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.575

90 M5 all rose logistic reg 80 64 11 33 0.601 0.610 0.681 0.556 0.879 0.653 0.492 0.645

91 M5 all rose decision tree gini 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.569

92 M5 all rose decision tree entropy 144 0 44 0 0.766 0.867 1.000 0.766 0.653 0.569

93 M5 all rose random forest 80 64 11 33 0.601 0.610 0.681 0.556 0.879 0.653 0.571 0.645

94 M5 all rose xgbTree 80 64 11 33 0.601 0.610 0.681 0.556 0.879 0.653 0.563 0.645

95 M5 all rose xgbLinear 80 64 11 33 0.601 0.610 0.681 0.556 0.879 0.653 0.616 0.645

96 M6 a0 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.633 0.898 0.878

97 M6 a0 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

98 M6 a0 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

99 M6 a0 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.610 0.866 0.878

100 M6 a0 none xgbTree 130 14 33 11 0.750 0.619 0.847 0.903 0.798 0.602 0.845 0.733

101 M6 a0 none xgbLinear 131 13 32 12 0.761 0.642 0.853 0.910 0.804 0.577 0.840 0.748

102 M6 a0 smote logistic reg 136 8 41 3 0.739 0.521 0.847 0.944 0.768 0.672 0.735 0.684

103 M6 a0 smote decision tree gini 120 24 33 11 0.697 0.549 0.808 0.833 0.784 0.589 0.665 0.679

104 M6 a0 smote decision tree entropy 103 41 24 20 0.654 0.569 0.760 0.715 0.811 0.489 0.595 0.665

105 M6 a0 smote random forest 72 72 16 28 0.532 0.549 0.621 0.500 0.818 0.648 0.480 0.585

106 M6 a0 smote xgbTree 76 68 15 29 0.559 0.567 0.647 0.528 0.835 0.622 0.497 0.607
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

107 M6 a0 smote xgbLinear 76 68 12 32 0.574 0.592 0.655 0.528 0.864 0.669 0.470 0.623

108 M6 a0 rose logistic reg 128 16 34 10 0.734 0.587 0.837 0.889 0.790 0.636 0.688 0.712

109 M6 a0 rose decision tree gini 126 18 41 3 0.686 0.449 0.810 0.875 0.754 0.671 0.733 0.629

110 M6 a0 rose decision tree entropy 126 18 41 3 0.686 0.449 0.810 0.875 0.754 0.671 0.733 0.629

111 M6 a0 rose random forest 112 32 32 12 0.660 0.525 0.778 0.778 0.778 0.634 0.657 0.652

112 M6 a0 rose xgbTree 126 18 24 20 0.777 0.683 0.857 0.875 0.840 0.689 0.730 0.770

113 M6 a0 rose xgbLinear 124 20 32 12 0.723 0.585 0.827 0.861 0.795 0.611 0.743 0.706

114 M6 a3 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.651 0.897 0.878

115 M6 a3 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

116 M6 a3 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

117 M6 a3 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.419 0.863 0.878

118 M6 a3 none xgbTree 140 4 40 4 0.766 0.639 0.864 0.972 0.778 0.590 0.894 0.752

119 M6 a3 none xgbLinear 133 11 32 12 0.771 0.664 0.861 0.924 0.806 0.590 0.852 0.762

120 M6 a3 smote logistic reg 137 7 41 3 0.745 0.535 0.851 0.951 0.770 0.684 0.728 0.693

121 M6 a3 smote decision tree gini 112 32 33 11 0.654 0.514 0.775 0.778 0.772 0.564 0.674 0.645

122 M6 a3 smote decision tree entropy 104 40 29 15 0.633 0.527 0.751 0.722 0.782 0.637 0.595 0.639

123 M6 a3 smote random forest 77 67 11 33 0.585 0.603 0.664 0.535 0.875 0.670 0.490 0.633

124 M6 a3 smote xgbTree 72 72 8 36 0.574 0.617 0.643 0.500 0.900 0.646 0.432 0.630

125 M6 a3 smote xgbLinear 85 59 12 32 0.622 0.614 0.705 0.590 0.876 0.685 0.517 0.660

126 M6 a3 rose logistic reg 131 13 34 10 0.750 0.614 0.848 0.910 0.794 0.640 0.685 0.731

127 M6 a3 rose decision tree gini 116 28 39 5 0.644 0.450 0.776 0.806 0.748 0.674 0.709 0.613

128 M6 a3 rose decision tree entropy 122 22 42 2 0.660 0.414 0.792 0.847 0.744 0.677 0.703 0.603

129 M6 a3 rose random forest 117 27 32 12 0.686 0.546 0.799 0.812 0.785 0.603 0.664 0.673

130 M6 a3 rose xgbTree 129 15 32 12 0.750 0.623 0.846 0.896 0.801 0.663 0.727 0.734

131 M6 a3 rose xgbLinear 118 26 32 12 0.691 0.551 0.803 0.819 0.787 0.606 0.741 0.677

132 M6 a6 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.654 0.897 0.878

133 M6 a6 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

134 M6 a6 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

135 M6 a6 none random forest 141 3 39 5 0.777 0.704 0.870 0.979 0.783 0.596 0.822 0.787

136 M6 a6 none xgbTree 139 5 37 7 0.777 0.687 0.869 0.965 0.790 0.631 0.870 0.778

137 M6 a6 none xgbLinear 132 12 34 10 0.755 0.625 0.852 0.917 0.795 0.631 0.868 0.738

138 M6 a6 smote logistic reg 135 9 32 12 0.782 0.690 0.868 0.938 0.808 0.710 0.727 0.779

139 M6 a6 smote decision tree gini 100 44 20 24 0.660 0.593 0.758 0.694 0.833 0.656 0.567 0.675

140 M6 a6 smote decision tree entropy 99 45 19 25 0.660 0.598 0.756 0.688 0.839 0.631 0.562 0.677

141 M6 a6 smote random forest 61 83 16 28 0.473 0.522 0.552 0.424 0.792 0.617 0.468 0.537

142 M6 a6 smote xgbTree 69 75 7 37 0.564 0.619 0.627 0.479 0.908 0.727 0.437 0.623

143 M6 a6 smote xgbLinear 78 66 9 35 0.601 0.622 0.675 0.542 0.897 0.662 0.470 0.648

144 M6 a6 rose logistic reg 123 21 31 13 0.723 0.591 0.826 0.854 0.799 0.661 0.678 0.708

145 M6 a6 rose decision tree gini 121 23 35 9 0.691 0.528 0.807 0.840 0.776 0.580 0.704 0.668

146 M6 a6 rose decision tree entropy 121 23 35 9 0.691 0.528 0.807 0.840 0.776 0.580 0.713 0.668

147 M6 a6 rose random forest 119 25 33 11 0.691 0.544 0.804 0.826 0.783 0.621 0.652 0.674

148 M6 a6 rose xgbTree 117 27 32 12 0.686 0.546 0.799 0.812 0.785 0.623 0.722 0.673

149 M6 a6 rose xgbLinear 124 20 34 10 0.713 0.559 0.821 0.861 0.785 0.645 0.736 0.690

150 M6 a9 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.672 0.895 0.878

151 M6 a9 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

152 M6 a9 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

153 M6 a9 none random forest 141 3 37 7 0.787 0.746 0.876 0.979 0.792 0.614 0.820 0.811

154 M6 a9 none xgbTree 136 8 35 9 0.771 0.662 0.863 0.944 0.795 0.619 0.858 0.763

155 M6 a9 none xgbLinear 129 15 31 13 0.755 0.635 0.849 0.896 0.806 0.573 0.858 0.742

156 M6 a9 smote logistic reg 131 13 30 14 0.771 0.666 0.859 0.910 0.814 0.725 0.713 0.763

157 M6 a9 smote decision tree gini 88 56 22 22 0.585 0.541 0.693 0.611 0.800 0.537 0.533 0.617

158 M6 a9 smote decision tree entropy 83 61 8 36 0.633 0.642 0.706 0.576 0.912 0.675 0.427 0.674

159 M6 a9 smote random forest 75 69 8 36 0.590 0.623 0.661 0.521 0.904 0.693 0.452 0.642

160 M6 a9 smote xgbTree 64 80 18 26 0.479 0.513 0.566 0.444 0.780 0.596 0.420 0.540
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

161 M6 a9 smote xgbLinear 71 73 12 32 0.548 0.580 0.626 0.493 0.855 0.641 0.465 0.603

162 M6 a9 rose logistic reg 127 17 27 17 0.766 0.662 0.852 0.882 0.825 0.675 0.676 0.757

163 M6 a9 rose decision tree gini 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.687 0.639

164 M6 a9 rose decision tree entropy 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.687 0.639

165 M6 a9 rose random forest 120 24 31 13 0.707 0.573 0.814 0.833 0.795 0.600 0.663 0.693

166 M6 a9 rose xgbTree 112 32 32 12 0.660 0.525 0.778 0.778 0.778 0.628 0.700 0.652

167 M6 a9 rose xgbLinear 113 31 32 12 0.665 0.529 0.782 0.785 0.779 0.603 0.738 0.656

168 M6 all none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.657 0.896 0.878

169 M6 all none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

170 M6 all none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

171 M6 all none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.594 0.871 0.878

172 M6 all none xgbTree 140 4 38 6 0.777 0.693 0.870 0.972 0.787 0.635 0.886 0.781

173 M6 all none xgbLinear 138 6 36 8 0.777 0.682 0.868 0.958 0.793 0.590 0.883 0.775

174 M6 all smote logistic reg 132 12 36 8 0.745 0.593 0.846 0.917 0.786 0.705 0.716 0.720

175 M6 all smote decision tree gini 106 38 27 17 0.654 0.553 0.765 0.736 0.797 0.583 0.646 0.659

176 M6 all smote decision tree entropy 106 38 27 17 0.654 0.553 0.765 0.736 0.797 0.533 0.649 0.659

177 M6 all smote random forest 74 70 21 23 0.516 0.513 0.619 0.514 0.779 0.626 0.470 0.566

178 M6 all smote xgbTree 60 84 9 35 0.505 0.582 0.563 0.417 0.870 0.642 0.408 0.573

179 M6 all smote xgbLinear 60 84 13 31 0.484 0.546 0.553 0.417 0.822 0.643 0.394 0.549

180 M6 all rose logistic reg 122 22 27 17 0.739 0.627 0.833 0.847 0.819 0.665 0.677 0.730

181 M6 all rose decision tree gini 127 17 42 2 0.686 0.428 0.812 0.882 0.751 0.442 0.737 0.620

182 M6 all rose decision tree entropy 127 17 42 2 0.686 0.428 0.812 0.882 0.751 0.442 0.737 0.620

183 M6 all rose random forest 115 29 32 12 0.676 0.537 0.790 0.799 0.782 0.600 0.646 0.664

184 M6 all rose xgbTree 129 15 33 11 0.745 0.610 0.843 0.896 0.796 0.651 0.734 0.726

185 M6 all rose xgbLinear 116 28 23 21 0.729 0.632 0.820 0.806 0.835 0.642 0.708 0.726

186 M7 a0 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.664 0.896 0.878

187 M7 a0 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

188 M7 a0 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

189 M7 a0 none random forest 141 3 39 5 0.777 0.704 0.870 0.979 0.783 0.621 0.800 0.787

190 M7 a0 none xgbTree 136 8 34 10 0.777 0.678 0.866 0.944 0.800 0.602 0.866 0.772

191 M7 a0 none xgbLinear 132 12 34 10 0.755 0.625 0.852 0.917 0.795 0.631 0.855 0.738

192 M7 a0 smote logistic reg 135 9 32 12 0.782 0.690 0.868 0.938 0.808 0.714 0.722 0.779

193 M7 a0 smote decision tree gini 65 79 9 35 0.532 0.593 0.596 0.451 0.878 0.626 0.416 0.595

194 M7 a0 smote decision tree entropy 88 56 17 27 0.612 0.582 0.707 0.611 0.838 0.621 0.533 0.644

195 M7 a0 smote random forest 84 60 16 28 0.596 0.579 0.689 0.583 0.840 0.635 0.515 0.634

196 M7 a0 smote xgbTree 74 70 8 36 0.585 0.621 0.655 0.514 0.902 0.691 0.472 0.638

197 M7 a0 smote xgbLinear 74 70 15 29 0.548 0.562 0.635 0.514 0.831 0.634 0.476 0.599

198 M7 a0 rose logistic reg 116 28 25 19 0.718 0.613 0.814 0.806 0.823 0.675 0.676 0.714

199 M7 a0 rose decision tree gini 112 32 23 21 0.707 0.613 0.803 0.778 0.830 0.666 0.650 0.708

200 M7 a0 rose decision tree entropy 112 32 23 21 0.707 0.613 0.803 0.778 0.830 0.666 0.650 0.708

201 M7 a0 rose random forest 102 42 23 21 0.654 0.575 0.758 0.708 0.816 0.619 0.604 0.667

202 M7 a0 rose xgbTree 101 43 24 20 0.644 0.563 0.751 0.701 0.808 0.628 0.593 0.657

203 M7 a0 rose xgbLinear 110 34 21 23 0.707 0.622 0.800 0.764 0.840 0.692 0.644 0.711

204 M7 a3 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.664 0.896 0.878

205 M7 a3 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

206 M7 a3 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

207 M7 a3 none random forest 143 1 39 5 0.787 0.810 0.877 0.993 0.786 0.626 0.805 0.843

208 M7 a3 none xgbTree 136 8 38 6 0.755 0.605 0.855 0.944 0.782 0.548 0.867 0.730

209 M7 a3 none xgbLinear 135 9 34 10 0.771 0.663 0.863 0.938 0.799 0.622 0.855 0.763

210 M7 a3 smote logistic reg 135 9 33 11 0.777 0.677 0.865 0.938 0.804 0.713 0.722 0.771

211 M7 a3 smote decision tree gini 69 75 9 35 0.553 0.601 0.622 0.479 0.885 0.649 0.430 0.612

212 M7 a3 smote decision tree entropy 69 75 8 36 0.559 0.610 0.624 0.479 0.896 0.651 0.447 0.617

213 M7 a3 smote random forest 85 59 17 27 0.596 0.574 0.691 0.590 0.833 0.638 0.514 0.632

214 M7 a3 smote xgbTree 67 77 12 32 0.527 0.571 0.601 0.465 0.848 0.642 0.465 0.586
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

215 M7 a3 smote xgbLinear 68 76 14 30 0.521 0.556 0.602 0.472 0.829 0.687 0.442 0.579

216 M7 a3 rose logistic reg 116 28 25 19 0.718 0.613 0.814 0.806 0.823 0.675 0.676 0.714

217 M7 a3 rose decision tree gini 112 32 23 21 0.707 0.613 0.803 0.778 0.830 0.666 0.650 0.708

218 M7 a3 rose decision tree entropy 112 32 23 21 0.707 0.613 0.803 0.778 0.830 0.666 0.650 0.708

219 M7 a3 rose random forest 101 43 21 23 0.660 0.588 0.759 0.701 0.828 0.648 0.601 0.674

220 M7 a3 rose xgbTree 101 43 23 21 0.649 0.571 0.754 0.701 0.815 0.631 0.615 0.663

221 M7 a3 rose xgbLinear 109 35 27 17 0.670 0.564 0.779 0.757 0.801 0.660 0.638 0.671

222 M7 a6 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.664 0.896 0.878

223 M7 a6 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

224 M7 a6 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

225 M7 a6 none random forest 137 7 36 8 0.771 0.663 0.864 0.951 0.792 0.620 0.789 0.763

226 M7 a6 none xgbTree 142 2 40 4 0.777 0.723 0.871 0.986 0.780 0.586 0.887 0.797

227 M7 a6 none xgbLinear 133 11 35 9 0.755 0.621 0.853 0.924 0.792 0.586 0.873 0.737

228 M7 a6 smote logistic reg 135 9 31 13 0.787 0.702 0.871 0.938 0.813 0.720 0.719 0.787

229 M7 a6 smote decision tree gini 93 51 17 27 0.638 0.596 0.732 0.646 0.845 0.607 0.522 0.664

230 M7 a6 smote decision tree entropy 96 48 19 25 0.644 0.589 0.741 0.667 0.835 0.634 0.527 0.665

231 M7 a6 smote random forest 82 62 16 28 0.585 0.574 0.678 0.569 0.837 0.624 0.520 0.626

232 M7 a6 smote xgbTree 81 63 15 29 0.585 0.579 0.675 0.562 0.844 0.668 0.509 0.627

233 M7 a6 smote xgbLinear 78 66 14 30 0.574 0.580 0.661 0.542 0.848 0.697 0.484 0.621

234 M7 a6 rose logistic reg 116 28 25 19 0.718 0.613 0.814 0.806 0.823 0.675 0.677 0.714

235 M7 a6 rose decision tree gini 122 22 26 18 0.745 0.637 0.836 0.847 0.824 0.680 0.677 0.736

236 M7 a6 rose decision tree entropy 122 22 26 18 0.745 0.637 0.836 0.847 0.824 0.680 0.677 0.736

237 M7 a6 rose random forest 104 40 25 19 0.654 0.564 0.762 0.722 0.806 0.628 0.620 0.663

238 M7 a6 rose xgbTree 110 34 24 20 0.691 0.596 0.791 0.764 0.821 0.651 0.629 0.693

239 M7 a6 rose xgbLinear 104 40 27 17 0.644 0.546 0.756 0.722 0.794 0.608 0.659 0.651

240 M7 a9 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.667 0.896 0.878

241 M7 a9 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

242 M7 a9 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

243 M7 a9 none random forest 140 4 37 7 0.782 0.714 0.872 0.972 0.791 0.622 0.806 0.793

244 M7 a9 none xgbTree 138 6 36 8 0.777 0.682 0.868 0.958 0.793 0.606 0.867 0.775

245 M7 a9 none xgbLinear 133 11 35 9 0.755 0.621 0.853 0.924 0.792 0.590 0.865 0.737

246 M7 a9 smote logistic reg 136 8 32 12 0.787 0.705 0.872 0.944 0.810 0.722 0.721 0.788

247 M7 a9 smote decision tree gini 96 48 17 27 0.654 0.605 0.747 0.667 0.850 0.666 0.537 0.676

248 M7 a9 smote decision tree entropy 96 48 17 27 0.654 0.605 0.747 0.667 0.850 0.636 0.531 0.676

249 M7 a9 smote random forest 82 62 16 28 0.585 0.574 0.678 0.569 0.837 0.648 0.531 0.626

250 M7 a9 smote xgbTree 82 62 14 30 0.596 0.590 0.683 0.569 0.854 0.687 0.507 0.637

251 M7 a9 smote xgbLinear 79 65 14 30 0.580 0.583 0.667 0.549 0.849 0.662 0.502 0.625

252 M7 a9 rose logistic reg 116 28 25 19 0.718 0.613 0.814 0.806 0.823 0.672 0.679 0.714

253 M7 a9 rose decision tree gini 124 20 36 8 0.702 0.530 0.816 0.861 0.775 0.634 0.707 0.673

254 M7 a9 rose decision tree entropy 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.685 0.639

255 M7 a9 rose random forest 105 39 22 22 0.676 0.594 0.775 0.729 0.827 0.647 0.611 0.684

256 M7 a9 rose xgbTree 117 27 24 20 0.729 0.628 0.821 0.812 0.830 0.655 0.671 0.724

257 M7 a9 rose xgbLinear 103 41 28 16 0.633 0.533 0.749 0.715 0.786 0.618 0.645 0.641

258 M7 all none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.663 0.896 0.878

259 M7 all none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

260 M7 all none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

261 M7 all none random forest 134 10 34 10 0.766 0.649 0.859 0.931 0.798 0.612 0.782 0.754

262 M7 all none xgbTree 140 4 38 6 0.777 0.693 0.870 0.972 0.787 0.623 0.876 0.781

263 M7 all none xgbLinear 133 11 34 10 0.761 0.636 0.855 0.924 0.796 0.617 0.859 0.746

264 M7 all smote logistic reg 135 9 32 12 0.782 0.690 0.868 0.938 0.808 0.720 0.719 0.779

265 M7 all smote decision tree gini 93 51 17 27 0.638 0.596 0.732 0.646 0.845 0.607 0.520 0.664

266 M7 all smote decision tree entropy 93 51 17 27 0.638 0.596 0.732 0.646 0.845 0.607 0.520 0.664

267 M7 all smote random forest 80 64 16 28 0.574 0.569 0.667 0.556 0.833 0.628 0.509 0.618

268 M7 all smote xgbTree 71 73 9 35 0.564 0.606 0.634 0.493 0.887 0.679 0.440 0.620
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

269 M7 all smote xgbLinear 70 74 15 29 0.527 0.553 0.611 0.486 0.824 0.668 0.453 0.582

270 M7 all rose logistic reg 116 28 25 19 0.718 0.613 0.814 0.806 0.823 0.675 0.676 0.714

271 M7 all rose decision tree gini 114 30 23 21 0.718 0.622 0.811 0.792 0.832 0.672 0.653 0.717

272 M7 all rose decision tree entropy 114 30 23 21 0.718 0.622 0.811 0.792 0.832 0.672 0.653 0.717

273 M7 all rose random forest 101 43 23 21 0.649 0.571 0.754 0.701 0.815 0.626 0.609 0.663

274 M7 all rose xgbTree 106 38 20 24 0.691 0.614 0.785 0.736 0.841 0.630 0.629 0.700

275 M7 all rose xgbLinear 96 48 21 23 0.633 0.572 0.736 0.667 0.821 0.685 0.608 0.654

276 M8 a0 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.685 0.898 0.878

277 M8 a0 none decision tree gini 142 2 40 4 0.777 0.723 0.871 0.986 0.780 0.538 0.910 0.797

278 M8 a0 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

279 M8 a0 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.631 0.857 0.878

280 M8 a0 none xgbTree 138 6 35 9 0.782 0.699 0.871 0.958 0.798 0.713 0.814 0.785

281 M8 a0 none xgbLinear 137 7 37 7 0.766 0.644 0.862 0.951 0.787 0.590 0.892 0.753

282 M8 a0 smote logistic reg 136 8 34 10 0.777 0.678 0.866 0.944 0.800 0.722 0.729 0.772

283 M8 a0 smote decision tree gini 99 45 16 28 0.676 0.622 0.764 0.688 0.861 0.670 0.496 0.693

284 M8 a0 smote decision tree entropy 96 48 16 28 0.660 0.613 0.750 0.667 0.857 0.670 0.487 0.681

285 M8 a0 smote random forest 98 46 23 21 0.633 0.562 0.740 0.681 0.810 0.626 0.576 0.651

286 M8 a0 smote xgbTree 96 48 24 20 0.617 0.547 0.727 0.667 0.800 0.603 0.614 0.637

287 M8 a0 smote xgbLinear 88 56 19 25 0.601 0.566 0.701 0.611 0.822 0.647 0.579 0.633

288 M8 a0 rose logistic reg 117 27 24 20 0.729 0.628 0.821 0.812 0.830 0.681 0.668 0.724

289 M8 a0 rose decision tree gini 73 71 6 38 0.590 0.636 0.655 0.507 0.924 0.707 0.486 0.646

290 M8 a0 rose decision tree entropy 92 52 15 29 0.644 0.609 0.733 0.639 0.860 0.683 0.582 0.671

291 M8 a0 rose random forest 106 38 23 21 0.676 0.589 0.777 0.736 0.822 0.707 0.627 0.683

292 M8 a0 rose xgbTree 111 33 23 21 0.702 0.609 0.799 0.771 0.828 0.719 0.629 0.704

293 M8 a0 rose xgbLinear 106 38 24 20 0.670 0.580 0.774 0.736 0.815 0.681 0.665 0.677

294 M8 a3 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.659 0.898 0.878

295 M8 a3 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

296 M8 a3 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

297 M8 a3 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.612 0.859 0.878

298 M8 a3 none xgbTree 144 0 41 3 0.782 0.889 0.875 1.000 0.778 0.632 0.924 0.882

299 M8 a3 none xgbLinear 143 1 41 3 0.777 0.764 0.872 0.993 0.777 0.574 0.926 0.818

300 M8 a3 smote logistic reg 135 9 31 13 0.787 0.702 0.871 0.938 0.813 0.714 0.721 0.787

301 M8 a3 smote decision tree gini 90 54 31 13 0.548 0.469 0.679 0.625 0.744 0.459 0.566 0.574

302 M8 a3 smote decision tree entropy 101 43 37 7 0.574 0.436 0.716 0.701 0.732 0.547 0.641 0.576

303 M8 a3 smote random forest 81 63 23 21 0.543 0.514 0.653 0.562 0.779 0.564 0.548 0.584

304 M8 a3 smote xgbTree 82 62 20 24 0.564 0.541 0.667 0.569 0.804 0.582 0.527 0.604

305 M8 a3 smote xgbLinear 81 63 23 21 0.543 0.514 0.653 0.562 0.779 0.570 0.542 0.584

306 M8 a3 rose logistic reg 117 27 24 20 0.729 0.628 0.821 0.812 0.830 0.674 0.669 0.724

307 M8 a3 rose decision tree gini 70 74 6 38 0.574 0.630 0.636 0.486 0.921 0.340 0.498 0.633

308 M8 a3 rose decision tree entropy 92 52 15 29 0.644 0.609 0.733 0.639 0.860 0.683 0.580 0.671

309 M8 a3 rose random forest 119 25 25 19 0.734 0.629 0.826 0.826 0.826 0.727 0.614 0.728

310 M8 a3 rose xgbTree 123 21 28 16 0.739 0.624 0.834 0.854 0.815 0.742 0.700 0.729

311 M8 a3 rose xgbLinear 113 31 31 13 0.670 0.540 0.785 0.785 0.785 0.648 0.683 0.662

312 M8 a6 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.674 0.887 0.878

313 M8 a6 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

314 M8 a6 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

315 M8 a6 none random forest 142 2 40 4 0.777 0.723 0.871 0.986 0.780 0.661 0.800 0.797

316 M8 a6 none xgbTree 143 1 40 4 0.782 0.791 0.875 0.993 0.781 0.662 0.872 0.833

317 M8 a6 none xgbLinear 135 9 34 10 0.771 0.663 0.863 0.938 0.799 0.584 0.864 0.763

318 M8 a6 smote logistic reg 132 12 26 18 0.798 0.718 0.874 0.917 0.835 0.715 0.711 0.796

319 M8 a6 smote decision tree gini 86 58 7 37 0.654 0.657 0.726 0.597 0.925 0.679 0.478 0.691

320 M8 a6 smote decision tree entropy 125 19 34 10 0.718 0.565 0.825 0.868 0.786 0.630 0.722 0.695

321 M8 a6 smote random forest 82 62 17 27 0.580 0.566 0.675 0.569 0.828 0.642 0.523 0.620

322 M8 a6 smote xgbTree 77 67 19 25 0.543 0.537 0.642 0.535 0.802 0.624 0.529 0.589
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

323 M8 a6 smote xgbLinear 92 52 22 22 0.606 0.552 0.713 0.639 0.807 0.626 0.585 0.633

324 M8 a6 rose logistic reg 115 29 24 20 0.718 0.618 0.813 0.799 0.827 0.685 0.651 0.715

325 M8 a6 rose decision tree gini 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.687 0.639

326 M8 a6 rose decision tree entropy 104 40 16 28 0.702 0.639 0.788 0.722 0.867 0.711 0.586 0.714

327 M8 a6 rose random forest 107 37 20 24 0.697 0.618 0.790 0.743 0.843 0.708 0.606 0.704

328 M8 a6 rose xgbTree 106 38 22 22 0.681 0.597 0.779 0.736 0.828 0.670 0.615 0.688

329 M8 a6 rose xgbLinear 103 41 22 22 0.665 0.587 0.766 0.715 0.824 0.676 0.633 0.676

330 M8 a9 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.680 0.893 0.878

331 M8 a9 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

332 M8 a9 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

333 M8 a9 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.611 0.842 0.878

334 M8 a9 none xgbTree 141 3 39 5 0.777 0.704 0.870 0.979 0.783 0.700 0.828 0.787

335 M8 a9 none xgbLinear 134 10 38 6 0.745 0.577 0.848 0.931 0.779 0.674 0.876 0.713

336 M8 a9 smote logistic reg 134 10 28 16 0.798 0.721 0.876 0.931 0.827 0.739 0.739 0.799

337 M8 a9 smote decision tree gini 99 45 27 17 0.617 0.530 0.733 0.688 0.786 0.650 0.617 0.632

338 M8 a9 smote decision tree entropy 92 52 25 19 0.590 0.527 0.705 0.639 0.786 0.592 0.575 0.616

339 M8 a9 smote random forest 87 57 8 36 0.654 0.651 0.728 0.604 0.916 0.711 0.506 0.690

340 M8 a9 smote xgbTree 89 55 13 31 0.638 0.617 0.724 0.618 0.873 0.658 0.552 0.670

341 M8 a9 smote xgbLinear 92 52 9 35 0.676 0.657 0.751 0.639 0.911 0.730 0.524 0.704

342 M8 a9 rose logistic reg 118 26 25 19 0.729 0.624 0.822 0.819 0.825 0.682 0.671 0.723

343 M8 a9 rose decision tree gini 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.712 0.639

344 M8 a9 rose decision tree entropy 112 32 37 7 0.633 0.466 0.765 0.778 0.752 0.620 0.679 0.615

345 M8 a9 rose random forest 116 28 26 18 0.713 0.604 0.811 0.806 0.817 0.703 0.633 0.708

346 M8 a9 rose xgbTree 117 27 32 12 0.686 0.546 0.799 0.812 0.785 0.635 0.668 0.673

347 M8 a9 rose xgbLinear 103 41 27 17 0.638 0.543 0.752 0.715 0.792 0.580 0.656 0.647

348 M8 all none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.707 0.887 0.878

349 M8 all none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878
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method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

350 M8 all none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

351 M8 all none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.694 0.835

352 M8 all none xgbTree 143 1 42 2 0.771 0.720 0.869 0.993 0.773 0.754 0.880 0.795

353 M8 all none xgbLinear 143 1 43 1 0.766 0.634 0.867 0.993 0.769 0.756 0.933 0.751

354 M8 all smote logistic reg 137 7 28 16 0.814 0.763 0.887 0.951 0.830 0.736 0.725 0.825

355 M8 all smote decision tree gini 91 53 28 16 0.569 0.498 0.692 0.632 0.765 0.506 0.613 0.595

356 M8 all smote decision tree entropy 103 41 34 10 0.601 0.474 0.733 0.715 0.752 0.611 0.624 0.604

357 M8 all smote random forest 104 40 15 29 0.707 0.647 0.791 0.722 0.874 0.678 0.545 0.719

358 M8 all smote xgbTree 104 40 16 28 0.702 0.639 0.788 0.722 0.867 0.718 0.640 0.714

359 M8 all smote xgbLinear 103 41 18 26 0.686 0.620 0.777 0.715 0.851 0.707 0.626 0.699

360 M8 all rose logistic reg 128 16 28 16 0.766 0.660 0.853 0.889 0.821 0.678 0.683 0.757

361 M8 all rose decision tree gini 85 59 4 40 0.665 0.680 0.730 0.590 0.955 0.728 0.502 0.705

362 M8 all rose decision tree entropy 109 35 14 30 0.739 0.674 0.816 0.757 0.886 0.728 0.612 0.745

363 M8 all rose random forest 97 47 11 33 0.691 0.655 0.770 0.674 0.898 0.732 0.563 0.713

364 M8 all rose xgbTree 100 44 15 29 0.686 0.633 0.772 0.694 0.870 0.709 0.570 0.703

365 M8 all rose xgbLinear 89 55 22 22 0.590 0.544 0.698 0.618 0.802 0.670 0.574 0.621

366 M9 a0 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.683 0.898 0.878

367 M9 a0 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

368 M9 a0 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

369 M9 a0 none random forest 143 1 41 3 0.777 0.764 0.872 0.993 0.777 0.653 0.803 0.818

370 M9 a0 none xgbTree 142 2 40 4 0.777 0.723 0.871 0.986 0.780 0.610 0.873 0.797

371 M9 a0 none xgbLinear 140 4 38 6 0.777 0.693 0.870 0.972 0.787 0.542 0.900 0.781

372 M9 a0 smote logistic reg 135 9 29 15 0.798 0.724 0.877 0.938 0.823 0.727 0.724 0.800

373 M9 a0 smote decision tree gini 115 29 37 7 0.649 0.476 0.777 0.799 0.757 0.671 0.694 0.626

374 M9 a0 smote decision tree entropy 134 10 39 5 0.739 0.554 0.845 0.931 0.775 0.591 0.774 0.700

375 M9 a0 smote random forest 103 41 26 18 0.644 0.552 0.755 0.715 0.798 0.609 0.614 0.653

376 M9 a0 smote xgbTree 112 32 30 14 0.670 0.547 0.783 0.778 0.789 0.620 0.711 0.665
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

377 M9 a0 smote xgbLinear 99 45 20 24 0.654 0.590 0.753 0.688 0.832 0.644 0.646 0.671

378 M9 a0 rose logistic reg 114 30 24 20 0.713 0.613 0.809 0.792 0.826 0.684 0.668 0.711

379 M9 a0 rose decision tree gini 132 12 42 2 0.713 0.451 0.830 0.917 0.759 0.644 0.730 0.640

380 M9 a0 rose decision tree entropy 132 12 42 2 0.713 0.451 0.830 0.917 0.759 0.644 0.715 0.640

381 M9 a0 rose random forest 106 38 19 25 0.697 0.622 0.788 0.736 0.848 0.690 0.592 0.705

382 M9 a0 rose xgbTree 74 70 7 37 0.590 0.630 0.658 0.514 0.914 0.712 0.498 0.644

383 M9 a0 rose xgbLinear 84 60 10 34 0.628 0.628 0.706 0.583 0.894 0.725 0.522 0.667

384 M9 a3 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.661 0.899 0.878

385 M9 a3 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

386 M9 a3 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

387 M9 a3 none random forest 142 2 40 4 0.777 0.723 0.871 0.986 0.780 0.632 0.815 0.797

388 M9 a3 none xgbTree 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.581 0.904 0.878

389 M9 a3 none xgbLinear 140 4 41 3 0.761 0.601 0.862 0.972 0.773 0.490 0.915 0.731

390 M9 a3 smote logistic reg 134 10 30 14 0.787 0.700 0.870 0.931 0.817 0.714 0.721 0.785

391 M9 a3 smote decision tree gini 115 29 38 6 0.644 0.462 0.774 0.799 0.752 0.546 0.700 0.618

392 M9 a3 smote decision tree entropy 115 29 38 6 0.644 0.462 0.774 0.799 0.752 0.546 0.701 0.618

393 M9 a3 smote random forest 89 55 22 22 0.590 0.544 0.698 0.618 0.802 0.591 0.565 0.621

394 M9 a3 smote xgbTree 95 49 28 16 0.590 0.509 0.712 0.660 0.772 0.580 0.648 0.610

395 M9 a3 smote xgbLinear 87 57 22 22 0.580 0.538 0.688 0.604 0.798 0.609 0.559 0.613

396 M9 a3 rose logistic reg 117 27 25 19 0.723 0.618 0.818 0.812 0.824 0.672 0.669 0.718

397 M9 a3 rose decision tree gini 130 14 40 4 0.713 0.493 0.828 0.903 0.765 0.647 0.723 0.661

398 M9 a3 rose decision tree entropy 133 11 41 3 0.723 0.489 0.836 0.924 0.764 0.648 0.711 0.663

399 M9 a3 rose random forest 92 52 13 31 0.654 0.625 0.739 0.639 0.876 0.679 0.571 0.682

400 M9 a3 rose xgbTree 82 62 12 32 0.606 0.606 0.689 0.569 0.872 0.694 0.514 0.648

401 M9 a3 rose xgbLinear 80 64 21 23 0.548 0.528 0.653 0.556 0.792 0.571 0.556 0.591

402 M9 a6 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.673 0.888 0.878

403 M9 a6 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

404 M9 a6 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

405 M9 a6 none random forest 140 4 38 6 0.777 0.693 0.870 0.972 0.787 0.657 0.785 0.781

406 M9 a6 none xgbTree 138 6 38 6 0.766 0.642 0.863 0.958 0.784 0.659 0.878 0.752

407 M9 a6 none xgbLinear 137 7 37 7 0.766 0.644 0.862 0.951 0.787 0.683 0.878 0.753

408 M9 a6 smote logistic reg 129 15 25 19 0.787 0.698 0.866 0.896 0.838 0.714 0.709 0.782

409 M9 a6 smote decision tree gini 104 40 16 28 0.702 0.639 0.788 0.722 0.867 0.684 0.605 0.714

410 M9 a6 smote decision tree entropy 122 22 35 9 0.697 0.534 0.811 0.847 0.777 0.718 0.688 0.672

411 M9 a6 smote random forest 108 36 24 20 0.681 0.588 0.783 0.750 0.818 0.673 0.584 0.685

412 M9 a6 smote xgbTree 95 49 24 20 0.612 0.544 0.722 0.660 0.798 0.639 0.608 0.633

413 M9 a6 smote xgbLinear 98 46 24 20 0.628 0.553 0.737 0.681 0.803 0.640 0.624 0.645

414 M9 a6 rose logistic reg 115 29 25 19 0.713 0.609 0.810 0.799 0.821 0.686 0.653 0.709

415 M9 a6 rose decision tree gini 123 21 29 15 0.734 0.613 0.831 0.854 0.809 0.417 0.677 0.722

416 M9 a6 rose decision tree entropy 102 42 28 16 0.628 0.530 0.745 0.708 0.785 0.587 0.640 0.637

417 M9 a6 rose random forest 85 59 13 31 0.617 0.606 0.702 0.590 0.867 0.683 0.545 0.654

418 M9 a6 rose xgbTree 91 53 12 32 0.654 0.630 0.737 0.632 0.883 0.700 0.541 0.683

419 M9 a6 rose xgbLinear 66 78 11 33 0.527 0.577 0.597 0.458 0.857 0.666 0.413 0.587

420 M9 a9 none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.685 0.894 0.878

421 M9 a9 none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

422 M9 a9 none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

423 M9 a9 none random forest 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.643 0.842 0.878

424 M9 a9 none xgbTree 139 5 40 4 0.761 0.610 0.861 0.965 0.777 0.586 0.874 0.736

425 M9 a9 none xgbLinear 139 5 40 4 0.761 0.610 0.861 0.965 0.777 0.617 0.907 0.736

426 M9 a9 smote logistic reg 132 12 28 16 0.787 0.698 0.868 0.917 0.825 0.736 0.732 0.783

427 M9 a9 smote decision tree gini 112 32 20 24 0.723 0.639 0.812 0.778 0.848 0.725 0.627 0.725

428 M9 a9 smote decision tree entropy 101 43 26 18 0.633 0.545 0.745 0.701 0.795 0.574 0.625 0.645

429 M9 a9 smote random forest 99 45 15 29 0.681 0.630 0.767 0.688 0.868 0.717 0.579 0.699

430 M9 a9 smote xgbTree 97 47 23 21 0.628 0.559 0.735 0.674 0.808 0.644 0.617 0.647
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Table A.4: Model Performance Measures for Object Localization of Aim 4

method ↵ subsample. model TP FP FN TN acc. b-acc. F1 precision recall AUC brier prfm.

431 M9 a9 smote xgbLinear 109 35 23 21 0.691 0.600 0.790 0.757 0.826 0.688 0.665 0.695

432 M9 a9 rose logistic reg 116 28 24 20 0.723 0.623 0.817 0.806 0.829 0.685 0.677 0.720

433 M9 a9 rose decision tree gini 116 28 41 3 0.633 0.418 0.771 0.806 0.739 0.613 0.679 0.594

434 M9 a9 rose decision tree entropy 136 8 43 1 0.729 0.435 0.842 0.944 0.760 0.650 0.699 0.639

435 M9 a9 rose random forest 91 53 16 28 0.633 0.598 0.725 0.632 0.850 0.669 0.575 0.662

436 M9 a9 rose xgbTree 76 68 18 26 0.543 0.543 0.639 0.528 0.809 0.617 0.517 0.591

437 M9 a9 rose xgbLinear 72 72 18 26 0.521 0.533 0.615 0.500 0.800 0.576 0.492 0.574

438 M9 all none logistic reg 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.710 0.887 0.878

439 M9 all none decision tree gini 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

440 M9 all none decision tree entropy 144 0 43 1 0.771 0.885 0.870 1.000 0.770 0.489 0.827 0.878

441 M9 all none random forest 144 0 44 0 0.766 0.867 1.000 0.766 0.716 0.832

442 M9 all none xgbTree 143 1 39 5 0.787 0.810 0.877 0.993 0.786 0.712 0.891 0.843

443 M9 all none xgbLinear 141 3 35 9 0.798 0.776 0.881 0.979 0.801 0.734 0.896 0.828

444 M9 all smote logistic reg 133 11 28 16 0.793 0.709 0.872 0.924 0.826 0.740 0.718 0.791

445 M9 all smote decision tree gini 115 29 33 11 0.670 0.526 0.788 0.799 0.777 0.429 0.696 0.657

446 M9 all smote decision tree entropy 117 27 35 9 0.670 0.510 0.791 0.812 0.770 0.596 0.671 0.650

447 M9 all smote random forest 108 36 22 22 0.691 0.605 0.788 0.750 0.831 0.685 0.572 0.697

448 M9 all smote xgbTree 111 33 26 18 0.686 0.582 0.790 0.771 0.810 0.682 0.686 0.686

449 M9 all smote xgbLinear 112 32 30 14 0.670 0.547 0.783 0.778 0.789 0.622 0.697 0.665

450 M9 all rose logistic reg 120 24 25 19 0.739 0.635 0.830 0.833 0.828 0.684 0.669 0.733

451 M9 all rose decision tree gini 114 30 23 21 0.718 0.622 0.811 0.792 0.832 0.391 0.693 0.717

452 M9 all rose decision tree entropy 98 46 16 28 0.670 0.619 0.760 0.681 0.860 0.650 0.605 0.689

453 M9 all rose random forest 107 37 19 25 0.702 0.626 0.793 0.743 0.849 0.692 0.579 0.709

454 M9 all rose xgbTree 109 35 14 30 0.739 0.674 0.816 0.757 0.886 0.716 0.620 0.745

455 M9 all rose xgbLinear 122 22 27 17 0.739 0.627 0.833 0.847 0.819 0.706 0.713 0.730
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