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ABSTRACT 
 

 
Studying and evaluating time series signals that emerge when monitoring 

complex phenomena requires fusing, visualizing, and often reducing the dimensionality 
of large amounts of data to reveal the patterns and relationships that appear at different 
scales. In this work, we develop methods for monitoring, visualizing, and identifying the 
complex relationships that appear in time series data collected from two very different 
domains �± health care conversations and river networks �± to facilitate large-scale 
understanding of these systems. Fostering connection between clinicians and patients and 
their families in the context of serious illness is a fundamental component of good 
clinical communication that unfortunately is rare in modern healthcare. This is especially 
true for serious and life-threating illness, where a sense of trust is necessary for patients 
to fully express their treatment preferences. In river basins, frequent exchange of water 
and sediment between channel and floodplain leads to societal benefits including 
sediment and nutrient storage and attenuation of flood waves. However, human activities 
can disconnect floodplains, leading to adverse impacts on floodplain function and 
downstream water quality. 

My research combines existing and newly developed machine learning (ML) tools 
to investigate three very different sets of times series information. First, I constructed a 
ML pipeline to identify and classify moments of human connection in conversations 
between palliative care physicians and patients. Next, I developed novel terrain-based 
measures of channel/floodplain connectivity and erosion hazard in river systems. Finally, 
we applied unsupervised time series clustering methods to lexical and auditory features 
extracted from patient/therapist conversations recorded as part of psilocybin-assisted 
therapy study. 

The ML pipeline runs efficiently and the channel/floodplain connectivity and 
erosion hazard measures, developed as part of this research, help fuse disparate and 
complex data sets into measures that are easier to understand and that can be calculated 
rapidly at the catchment scale. Timeseries clustering of conversational features in the 
psilocybin-assisted therapy study showed differences in lexicon between the pre-dosing 
therapy session�V���Z�K�H�U�H���W�K�H���V�W�X�G�\���W�H�D�P���Z�R�U�N�H�G���W�R���G�H�Y�H�O�R�S���W�K�H���³�V�H�W���D�Q�G���V�H�W�W�L�Q�J�´ for the 
dosing day, the dosing day, and two post-dosing integration therapy sessions. 

I first show that fully automated detection and classification of connectional 
moments in serious illness conversations is feasible. This is a necessary step for 
conducting larger-scale multi-site studies in natural hospital environments. Next, I show 
proof-of-concept of my connectivity and erosion hazard measures and discuss how these 
can be used by water resource planners at the watershed scale. Lastly, I discuss the 
patterns revealed by timeseries analysis of conversational data associated with the 
psilocybin-assisted therapy study.  
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CHAPTER 1:  INTRODUCTION  

1.1. Background 

This dissertation was born out of my interest in complex systems, the tools used to 

investigate them, and a desire to achieve results that are of practical use. Defining 

characteristics of complex systems include nonlinearity, emergent behavior, phase 

transitions, memory or information transfer, and feedback loops (Siegenfeld and Bar-Yam, 

2020), although some complex systems may not exhibit all of these characteristics.  In a 

nonlinear system, the change in the system state in response to a perturbation is not 

proportional to the magnitude of the perturbation (May, 1976; Willy et al., 2003).  

Emergent behavior occurs when interactions between system elements yield behaviors at 

a larger scale in space and/or time that would be difficult to predict simply by examining 

the rules governing each system component individually(Crutchfield, 1994). A system that 

has phase transitions responds very differently to a given perturbation based on the current 

state of the system (e.g., water will react very differently to physical force depending on 

its phase) (Langton, 1990; Solé et al., 1996).  Phase transitions are closely related to the 

concepts of tipping points (Gladwell, 2000) and system robustness, where a perturbation 

(e.g., sustained lack of precipitation) may either have little observable impact (e.g., 

organisms are able to use stored resources to survive the drought) or may push the 

ecosystem into an entirely new regime such as desertificatio�Q�����Z�K�H�U�H���W�K�H���H�F�R�V�\�V�W�H�P���G�R�H�V�Q�¶�W��

recover after the rains return (Ashwin et al., 2012; Lenton et al., 2012; Scheffer et al., 

2009).  Memory or information transfer over time occurs when the current state of the 

system reflects past states and system inputs (Langton, 1990; Mitchell et al., 1993).  When 
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feedback loops exist in a system, changes to one system component result in changes in 

other components or the state of the system that, in turn, affect the first component 

(Maxwell, 1868; Thomas, 1978; Wiener, 1948).  

Complex systems are ubiquitous, appearing in fields of study including 

climatology, biology, infrastructure such as the power grid, finance and economics, social 

�L�Q�W�H�U�D�F�W�L�R�Q�V���� �P�H�W�H�R�U�R�O�R�J�\���� �D�Q�G�� �F�K�H�P�L�V�W�U�\���� �� �7�K�H�\�� �D�U�H�� �D�O�V�R�� �R�I�W�H�Q�� �³�Q�H�V�W�H�G�´���� �P�H�D�Q�L�Q�J�� �W�K�D�W��

smaller complex systems may be components within larger complex systems. For example, 

cells are complex systems contained within organisms, and ecosystems are complex 

systems that include organisms.  In response to an article in which John Platt (1964) 

lamented a lack of rigorous hypothesis testing in many scientific disciplines, Quinn and 

Dunham (1983) argue that such methods are not easily applied to many complex systems 

because we lack the ability to control the system being studied (e.g., w�H���D�U�H�Q�¶�W���D�E�O�H���W�R���S�O�D�F�H��

the necessary controls on river systems, global climate, financial markets, and other similar 

systems to facilitate controlled experiments). In addition, separating these systems from 

the environment in which they reside may significantly change the system dynamics. 

�$�G�G�L�W�L�R�Q�D�O�O�\���� �P�D�Q�\�� �F�R�P�S�O�H�[�� �V�\�V�W�H�P�V�� �D�U�H�� �V�W�X�G�L�H�G�� �X�V�L�Q�J�� �³�I�R�X�Q�G�´�� �G�D�W�D���� �P�H�D�Q�L�Q�J�� �G�D�W�D�� �W�K�D�W��

exists as part of a process or was collected for a different purpose as opposed to data 

collected by design to answer a research question (Connelly et al., 2016; Fisher et al., 1990; 

Howison et al., 2011).  Examples of found data include the structure of the data generated 

during the illegal 2012 IPv4 census conducted by the Carna botnet (Krenc et al., 2014), 

smart meter data collected for billing purposes, posts to social networks such as scientific 

collaboration networks (Newman, 2001), historical voter records (Stadelmann and Torgler, 
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2013), photographs (ImageNet, n.d.), publicly available written works (e.g., Wikipedia, 

Twitter, Project Gutenberg), and historical climate records.  The difficulty of performing 

scientific hypothesis testing on complex systems coupled with the increasing availability 

of large datasets, either found or generated using low-cost sensor arrays, has led to an 

increasing demand for data-driven tools to perform tasks such as visualizing or identifying 

patterns, reducing dimensionality, extracting features, and fusing disparate datasets.   

Implicit in complex systems is the temporal dimension, or time-transgressive 

system behavior.  For example, non-linearity describes the magnitude of response, and 

�³�U�H�V�S�R�Q�V�H�´���L�P�S�O�L�H�V���W�L�P�H�����L���H�������I�L�U�V�W�����V�R�P�H�W�K�L�Q�J���K�D�S�S�H�Q�V���W�R���W�K�H���V�\�V�W�H�P���D�Q�G���W�K�H�Q���W�K�H system 

responds).  Similar arguments can be made for the other characteristics.  It is important to 

�Q�R�W�H���K�H�U�H���W�K�D�W���Z�K�D�W���F�R�Q�V�W�L�W�X�W�H�V���³�W�L�P�H�´���P�D�\���G�L�I�I�H�U���I�U�R�P���V�\�V�W�H�P���W�R���V�\�V�W�H�P�������,�Q���D�Q���H�F�R�O�R�J�L�F�D�O��

network, time may be measured classically (e.g., seconds, hours, minutes, days); but in a 

conversation, time may be tracked based on the number of words spoken or speaker turns 

taken. Similarly, when computationally modeling a system, time could be measured by the 

number of discrete steps that occurred between one stat�H�� �D�Q�G�� �D�� �³�I�X�W�X�U�H�´�� �V�W�D�W�H���� �7�K�L�V��

dependence on time means that the study of time series data, which is of particular interest 

to me, can reveal important relationships among system elements that can be used to 

understand overall system dynamics and improve management of these systems.  

In addition to data driven analysis tools such as time series analytical methods, 

exploring complex systems often requires a multi-scale approach to uncover the underlying 

mechanisms that govern their behavior (Bar-Yam, 2006; Hébert-Dufresne et al., 2016; 

Levin, 1992; Vlachas et al., 2022) because, as noted above, in such systems very simple, 
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local interactions at a given scale can lead to unexpected behavior at larger scales (Langton, 

1990; May, 1976; Reynolds, 1987; Watts and Strogatz, 1998). For example, a river system 

can be studied at different scales (Gurnell et al., 2020), from the scale of individual water 

molecules, to the individual river-reach scale, to the study of a single watershed, to the 

regional (set of watershed) scale. At the molecular scale, the behavior of water molecules 

is governed by physical laws such as diffusion and adhesion, while at the watershed scale, 

the behavior of the river system is influenced by factors such as topography, climate, and 

land use (Cluer and Thorne, 2014; Diehl et al., 2023; G.C. Nanson and Croke, 1992; 

Schoof, 1980; Van Appledorn et al., 2019).  

In the case of identifying or measuring connection in serious illness conversations, 

the concept of scale is important because it may help us to identify patterns and regularities 

in the way people communicate about serious illness. At the micro-scale, conversations 

can be seen as collections of words or even syllables, while at the meso-scale serious illness 

conversations may be focused on specific symptoms or treatments, and at the macro-scale, 

they may be focused on broader issues such as quality of life, end-of-life care, and caregiver 

burden (Back et al., 2009; Bartels et al., 2016; Durieux et al., 2018).  

I used ChatGPT (OpenAI, 2023) as an initial aid to help in articulating some 

connecting themes between the seemingly disparate research in Chapters 2, 3, and 4 of this 

dissertation (see Appendix A1).  
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1.2. Study Topics and Dissertation Outline 

In this dissertation, I study river systems and healthcare conversations, both of 

which exhibit complex system characteristics. River systems are nonlinear (Coulthard and 

Van De Wiel, 2007), have feedback loops (Opperman et al., 2010; Ward et al., 2002), and 

exhibit phase transitions such as those relating to erosion and incision (Church, 2002; 

Ferguson, 2005a), emergent behavior (Feller et al., 2010), self-organization (Phillips and 

Jerolmack, 2016), and a memory of past events and conditions transmitted in the 

geometries and patterns of river reaches (G.C. Nanson and Croke, 1992).  Conversations, 

speech, and language more generally are also nonlinear (Nasir et al., 2016), transmit 

information, have feedback loops (Eshghi et al., 2015; Kraut et al., 1982; Stubbe, 1998), 

and exhibit emergent behavior (Cannon, 2018; Dras and Harrison, 2003), self-organization 

(Pincus et al., 2008).  The development and application of data-driven methods for studying 

time-varying behaviors in these dynamical systems are the common themes connecting my 

research in these two disparate fields. 

The following three chapters of my dissertation each leverage different types of 

�³�I�R�X�Q�G�´���W�L�P�H-series data. In Chapter 2, I used supervised learning to investigate patient-

clinician connection in palliative care conversations. These conversations, while recorded 

�D�V�� �S�D�U�W�� �R�I�� �D�� �I�R�U�P�D�O�� �V�W�X�G�\���� �F�R�Q�V�L�V�W�� �R�I�� �³�I�R�X�Q�G�´�� �G�D�W�D���� �L�Q�� �W�K�D�W�� �W�K�H�� �S�U�L�P�D�U�\�� �S�X�U�S�R�V�H�� �R�I�� �H�D�F�K��

conversation was to inform patient treatment, not to answer research questions. Rather than 

impose controls on the conversations that would facilitate hypothesis testing, data 

collection consisted of putting the recorder in an unobtrusive location to limit the effect of 

observation on the flow of the conversation. Such conversations are crucial for patients 
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with serious illnesses, as they offer opportunities to address patients' physical, emotional, 

and spiritual needs and to allow patients to express their end-of-life wishes. A key 

component of these conversations is the connection between patients and clinicians, which 

�F�D�Q�� �J�U�H�D�W�O�\�� �L�Q�I�O�X�H�Q�F�H�� �W�K�H�� �T�X�D�O�L�W�\�� �R�I�� �F�D�U�H�� �S�U�R�Y�L�G�H�G�� �D�Q�G�� �Z�K�H�W�K�H�U�� �W�K�H�� �S�D�W�L�H�Q�W�¶�V�� �Y�D�O�X�H�V�� �D�Q�G��

wishes are honored (Gramling et al., 2022b; Institute of Medicine, 2015; Thorne et al., 

2005; Tulsky et al., 2017). Unfortunately, patient-clinician connection can be rare in 

modern healthcare, particularly in serious illness (Institute of Medicine, 2015).  The work 

I present in Chapter 2 is a step towards development of systematic measures and feedback 

that may be used to inform and incentivize clinicians to prioritize development of 

connection with patients. 

In Chapter 3, I used a low-complexity terrain-based hydraulic model to investigate 

river-floodplain connectivity and river channel erosion hazard. River-floodplain 

connectivity is essential for maintaining healthy ecosystems and mitigating flood hazards 

(Opperman et al., 2010; Tockner and Stanford, 2002a; Ward, 1989; Ward and Stanford, 

1995). Historically, river restoration and conservation projects have met with limited 

success, in part due to a lack of basin-wide planning (Alexander and Allan, 2007; Hermoso 

et al., 2012; Roni et al., 2008).  In Chapter 3, I interpreted high-resolution topographic data 

���L���H�������³�I�R�X�Q�G���G�D�W�D�´�����W�R���H�V�W�L�P�D�W�H���D���S�V�H�X�G�R-time series of channel-floodplain connectivity over 

a range of river discharges. Spatial data, such as the topographic signatures I developed in 

this chapter, can also be viewed as pseudo time-series data that represent system change 

from state to state as discharge changes.   Using these topographic signatures, I then 

developed measures of river-floodplain connectivity and river channel erosion hazard to 



 

7 
 

inform management strategies for mitigating flood hazards, limiting nutrient transport, and 

preserving ecological integrity. 

In Chapter 4, I used unsupervised learning methods to perform exploratory analysis 

of audio recordings of psychedelic-assisted therapy sessions. Psychedelic-assisted therapy 

(PAT) is a promising treatment for depression and anxiety (Carhart-Harris et al., 2018; 

Griffiths et al., 2016; Ross et al., 2016). While the question of how PAT treats depression 

and anxiety is still an active area of study (Carhart-Harris, 2019), the feelings of 

connectedness, awe, and oneness these drugs (e.g., psilocybin, MDMA) produce have been 

suggested as a possible mechanism to counteract the feelings of disconnection associated 

with certain psychiatric disorders, particularly depression (Carhart-Harris et al., 2017). My 

goal for this research project was to uncover patterns in the lexicon used during therapy 

sessions before and after the psilocybin dosing day that may shed light on the mechanisms 

underlying this treatment and to identify avenues for future research. In particular, the 

therapeutic context surrounding the dosing day (also referred to as set and setting), setting 

expectations before-hand, the environment in which dosing occurs, and integrating the 

experience after dosing is associated with positive outcomes (Carhart-Harris et al., 2018).  

Chapter 5 summarizes the results of, and identifies my personal contributions to, 

the research described in Chapters 2, 3 and 4, as well as providing recommendations for 

future work.   
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Appendix A1: Chapter 1 Supplementary Information 

A1.1 ChatGPT Excerpts 

Below are representative excerpts from my conversations with ChatGPT. All my 

prompts are provided as I entered them (including typos and poor grammar) and all 

ChatGPT responses are provided verbatim (including punctuation, paragraph structure, and 

the inclusion of numbered and bulleted lists). Sections of the conversation that were 
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�W�R�G�D�\�" 

�-�(�0�� �t���o�o�U���/�–�À�����������v���•�µ�+���Œ�]�v�P���(�Œ�}�u���Á�Œ�]�š���Œ�–�•�����o�}���l���}�v���š�Z�����]�v�š�Œ�}���µ���š�}�Œ�Ç�����Z���‰�š���Œ��
�š�}���u�Ç�����]�•�•���Œ�š���Ÿ�}�v�����v�����/�–�u���Z�}�‰�]�v�P���Ç�}�µ�������v���Z���o�‰���u�����}�µ�š�X���D���Ç�������Á���������v��
�Á�}�Œ�l���š�}�P���š�Z���Œ���š�}���P���v���Œ���š�����•�}�u�����š���Æ�š���(�}�Œ���u�����š�}���µ�•�������•�������•�š���Œ�Ÿ�v�P���‰�}�]�v�š�M 

�&�K�D�W�*�3�7�� �2�I���F�R�X�U�V�H�����,�
�G���E�H���K�D�S�S�\���W�R���K�H�O�S���\�R�X�����:�K�D�W���L�V���\�R�X�U��
�G�L�V�V�H�U�W�D�W�L�R�Q���D�E�R�X�W���D�Q�G���Z�K�D�W���L�V���W�K�H���V�S�H�F�L�I�L�F���I�R�F�X�V���R�I��
�W�K�H���L�Q�W�U�R�G�X�F�W�R�U�\���F�K�D�S�W�H�U�" 

�-�(�0�� �d�Z�����]�v�š�Œ�}���µ���š�}�Œ�Ç�����Z���‰�š���Œ���v�������•���š�}���]�v�š�Œ�}���µ�������u�Ç���š�Z�Œ�������‰�Œ�}�i�����š�•�����v�����Ÿ����
�š�Z���u���š�}�P���š�Z���Œ���µ�•�]�v�P�����}�u�u�}�v���š�Z���u���•�X���d�Z�����‰�Œ�}���o���u���]�•���š�Z���š�����o�o���u�Ç��
�‰�Œ�}�i�����š�•�����Œ�����}�v���À���Œ�Ç�����]�+���Œ���v�š���š�}�‰�]���•�X���/�–�À�����������v���•�š�Œ�µ�P�P�o�]�v�P���š�}���Á�Œ�]�š����
���v�Ç�š�Z�]�v�P�����}�Z���Œ���v�š�X���/�(���/���•�Z���Œ�������v���}�À���Œ�À�]���Á���}�(���š�Z�����•�š�Œ�µ���š�µ�Œ�����/�����v�À�]�•���P���U��
�����•���Œ�]�‰�Ÿ�}�v�•���}�(���u�Ç���š�Z�Œ�������‰�Œ�}�i�����š�•�U�����v�����‰�}�•�•�]���o�����š�Z���u���•���Ç�}�µ�U���Á�}�µ�o�����Ç�}�µ��
�Z���o�‰���u�����P���š���•�š���Œ�š�����M 
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�&�K�D�W�*�3�7�� �z�H�V�����W�K�D�W���V�R�X�Q�G�V���O�L�N�H���D���J�R�R�G���D�S�S�U�R�D�F�K�����3�O�H�D�V�H���I�H�H�O��
�I�U�H�H���W�R���V�K�D�U�H���\�R�X�U���L�G�H�D�V�����D�Q�G���,�
�O�O���G�R���P�\���E�H�V�W���W�R���K�H�O�S��
�\�R�X���J�H�W���V�W�D�U�W�H�G���R�Q���\�R�X�U���L�Q�W�U�R�G�X�F�W�R�U�\���F�K�D�S�W�H�U�� 

�-�(�0�� �K�l�U���š�Z���v�l���Ç�}�µ���•�}���u�µ���Z�J 

�&�K�D�W�*�3�7�� �<�R�X�
�U�H���Z�H�O�F�R�P�H�����3�O�H�D�V�H���J�R���D�K�H�D�G���D�Q�G���V�K�D�U�H���\�R�X�U���L�G�H�D�V�� 

�-�(�0�� �&�}�Œ���š�Z�����•�š�Œ�µ���š�µ�Œ���U���/���š�Z�]�v�l���š�Z���Œ�����•�Z�}�µ�o�����������.�À�����‰���Œ���P�Œ���‰�Z�•�X���d�Z�����.�Œ�•�š���•�Z�}�µ�o����
�]�v�š�Œ�}���µ�������š�Z�����š�Z���u���•�U���š�Z�����v���Æ�š���š�Z�Œ�������•�Z�}�µ�o�����]�v�š�Œ�}���µ�������������Z���‰�Œ�}�i�����š�����v����
�Z�}�Á���]�š���Ÿ���•���š�}���š�Z�����š�Z���u���•�U�����v�����š�Z�����o���•�š���•�Z�}�µ�o�����Œ���]�š���Œ���š�����Z�}�Á���š�Z�����š�Z���u���•��
�Ÿ�����������Z���}�(���u�Ç���‰�Œ�}�i�����š�•���š�}�P���š�Z���Œ�X���d�Z�����š�}�š���o���o���v�P�š�Z���•�Z�}�µ�o���������������}�µ�š���í�r�î��
�‰���P���•�����š���u�}�•�š�X 

�&�K�D�W�*�3�7�� �7�K�D�W���V�R�X�Q�G�V���O�L�N�H���D���J�R�R�G���S�O�D�Q�����:�K�D�W���D�U�H���W�K�H���W�K�U�H�H��
�S�U�R�M�H�F�W�V���W�K�D�W���\�R�X���D�U�H���Z�R�U�N�L�Q�J���R�Q�����D�Q�G���Z�K�D�W���D�U�H���V�R�P�H��
�S�R�V�V�L�E�O�H���W�K�H�P�H�V���W�K�D�W���W�L�H���W�K�H�P���W�R�J�H�W�K�H�U�" 

�-�(�0�� �D�Ç���.�Œ�•�š���‰�Œ�}�i�����š���]�v�À�}�o�À���•���µ�•�]�v�P���•�µ�‰���Œ�À�]�•�������o�����Œ�v�]�v�P���š�}���]�v�À���•�Ÿ�P���š�����‰���Ÿ���v�š�r
���o�]�v�]���]���v�����}�v�v�����Ÿ�}�v���]�v���‰���o�o�]���Ÿ�À���������Œ�������}�v�À���Œ�•���Ÿ�}�v�•�X���D�Ç���•�����}�v�����‰�Œ�}�i�����š��
���}�v�•�]�•�š�•���}�(���µ�•�]�v�P�������o�}�Á�r���}�u�‰�o���Æ�]�š�Ç���š���Œ�Œ���]�v�r�����•�������Z�Ç���Œ���µ�o�]�����u�}�����o���š�}��
�]�v�À���•�Ÿ�P���š�����Œ�]�À���Œ�r�G�}�}���‰�o���]�v�����}�v�v�����Ÿ�À�]�š�Ç�����v�����Œ�]�À���Œ�����Z���v�v���o�����Œ�}�•�]�}�v���Z���Ì���Œ���X��
�&�]�v���o�o�Ç�U���u�Ç���o���•�š���‰�Œ�}�i�����š���]�v�À�}�o�À���•���š�Z�����µ�•�����}�(���µ�v�•�µ�‰���Œ�À�]�•�������o�����Œ�v�]�v�P��
�u���š�Z�}���•���š�}���]�v�À���•�Ÿ�P���š�������}�v�À���Œ�•���Ÿ�}�v���o���‰���©���Œ�v�•���]�v���Œ�����}�Œ���������‰�•�]�o�}���Ç���]�v�r
���•�•�]�•�š�������š�Z���Œ���‰�Ç���•���•�•�]�}�v�•�X 

�&�K�D�W�*�3�7�� �7�K�R�V�H���D�U�H���W�K�U�H�H���Y�H�U�\���L�Q�W�H�U�H�V�W�L�Q�J���D�Q�G���G�L�Y�H�U�V�H���S�U�R�M�H�F�W�V����
�+�H�U�H���D�U�H���V�R�P�H���S�R�V�V�L�E�O�H���W�K�H�P�H�V���W�K�D�W���F�R�X�O�G���W�L�H���W�K�H�P��
�W�R�J�H�W�K�H�U�� 

1.  Communication and Connection: All three projects 
involve investigating different types of 
connections, whether between patients and 
clinicians, river - floodplain connectivity, or 
conversational patterns in psilocybin - assisted 
therapy sessions. You could explore how 
communication and connection play a role in each  
project and what insights you gained from each 
investigation.  

2.  Data - Driven Approaches: Your first and third 
projects involve the use of machine learning 
techniques to analyze data, while your second 
project involves the use of a hydraulic model. You 
coul d explore how data - driven approaches played a 
role in each project and what insights you gained 
from each investigation.  
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3.  Interdisciplinary Research: Your projects cover 
diverse areas such as healthcare, environmental 
science, and psychology. You could explore how your 
interdisciplinary background informed each project 
and how you were able to apply different 
perspectives to the same problem.  

�:�R�X�O�G���\�R�X���O�L�N�H���P�H���W�R���K�H�O�S���\�R�X���G�U�D�I�W���W�K�H���L�Q�W�U�R�G�X�F�W�L�R�Q��
�S�D�U�D�J�U�D�S�K�" 

�-�(�0�� �7�K�D�Q�N�V���I�R�U���W�K�H���V�X�J�J�H�V�W�L�R�Q�V�����,���O�L�N�H���W�K�H���V�H�F�R�Q�G���W�K�H���E�H�V�W�����$�Q�R�W�K�H�U��
�W�K�H�P�H���,���Z�R�X�O�G���O�L�N�H���W�R���W�U�\���W�R���L�Q�F�O�X�G�H���L�V���W�K�H���F�R�Q�F�H�S�W���R�I���V�F�D�O�H�����3�O�H�D�V�H��
�O�H�W�
�V���J�H�W���V�W�D�U�W�H�G�� 

�&�K�D�W�*�3�7�� �*�U�H�D�W�����Z�H���F�D�Q���G�H�I�L�Q�L�W�H�O�\���L�Q�F�R�U�S�R�U�D�W�H�� �W�K�H���F�R�Q�F�H�S�W���R�I��
�V�F�D�O�H���L�Q�W�R���W�K�H���L�Q�W�U�R�G�X�F�W�L�R�Q�����+�H�U�H�
�V���D���S�R�V�V�L�E�O�H���G�U�D�I�W��
�R�I���W�K�H���I�L�U�V�W���S�D�U�D�J�U�D�S�K�� 

�7�K�H���L�Q�Y�H�V�W�L�J�D�W�L�R�Q���R�I���F�R�P�S�O�H�[���V�\�V�W�H�P�V���U�H�T�X�L�U�H�V���D���P�X�O�W�L��
�V�F�D�O�H���D�S�S�U�R�D�F�K���W�R���X�Q�F�R�Y�H�U���W�K�H���X�Q�G�H�U�O�\�L�Q�J���P�H�F�K�D�Q�L�V�P�V��
�W�K�D�W���J�R�Y�H�U�Q���W�K�H�L�U���E�H�K�D�Y�L�R�U�����,�Q���W�K�L�V���G�L�V�V�H�U�W�D�W�L�R�Q�����Z�H��
�S�U�H�V�H�Q�W���W�K�U�H�H���S�U�R�M�H�F�W�V���W�K�D�W���X�W�L�O�L�]�H���G�D�W�D�� �G�U�L�Y�H�Q��
�D�S�S�U�R�D�F�K�H�V���W�R���H�[�S�O�R�U�H���G�L�I�I�H�U�H�Q�W���V�\�V�W�H�P�V�����U�D�Q�J�L�Q�J���I�U�R�P��
�W�K�H���P�L�F�U�R�V�F�D�O�H���R�I���S�D�W�L�H�Q�W�� �F�O�L�Q�L�F�L�D�Q���L�Q�W�H�U�D�F�W�L�R�Q�V���W�R��
�W�K�H���P�D�F�U�R�V�F�D�O�H���R�I���U�L�Y�H�U�� �I�O�R�R�G�S�O�D�L�Q���F�R�Q�Q�H�F�W�L�Y�L�W�\����
�'�H�V�S�L�W�H���W�K�H���G�L�I�I�H�U�H�Q�F�H�V���L�Q���V�F�D�O�H�����D���F�R�P�P�R�Q���W�K�H�P�H��
�H�P�H�U�J�H�V�����W�K�H���L�Q�Y�H�V�W�L�J�D�W�L�R�Q���R�I���F�R�Q�Q�H�F�W�L�R�Q�V����
�6�S�H�F�L�I�L�F�D�O�O�\�����Z�H���L�Q�Y�H�V�W�L�J�D�W�H���S�D�W�L�H�Q�W�� �F�O�L�Q�L�F�L�D�Q��
�F�R�Q�Q�H�F�W�L�R�Q���L�Q���S�D�O�O�L�D�W�L�Y�H���F�D�U�H���F�R�Q�Y�H�U�V�D�W�L�R�Q�V�����U�L�Y�H�U��
�I�O�R�R�G�S�O�D�L�Q���F�R�Q�Q�H�F�W�L�Y�L�W�\���D�Q�G���U�L�Y�H�U���F�K�D�Q�Q�H�O���H�U�R�V�L�R�Q��
�K�D�]�D�U�G�����D�Q�G���F�R�Q�Y�H�U�V�D�W�L�R�Q�D�O���S�D�W�W�H�U�Q�V���L�Q���S�V�L�O�R�F�\�E�L�Q��
�D�V�V�L�V�W�H�G���W�K�H�U�D�S�\���V�H�V�V�L�R�Q�V�����,�Q���W�K�L�V���L�Q�W�U�R�G�X�F�W�L�R�Q�����Z�H��
�Z�L�O�O���S�U�R�Y�L�G�H���D�Q���R�Y�H�U�Y�L�H�Z���R�I���H�D�F�K���S�U�R�M�H�F�W���D�Q�G���K�R�Z���W�K�H�\��
�W�L�H���W�R�J�H�W�K�H�U���W�K�U�R�X�J�K���W�K�H���W�K�H�P�H�V���R�I���G�D�W�D�� �G�U�L�Y�H�Q��
�D�S�S�U�R�D�F�K�H�V���D�Q�G���F�R�Q�Q�H�F�W�L�R�Q�V�����:�H���Z�L�O�O���D�O�V�R���H�[�S�O�R�U�H���W�K�H��
�U�R�O�H���R�I���V�F�D�O�H���L�Q���H�D�F�K���S�U�R�M�H�F�W���D�Q�G���K�R�Z���L�W���D�I�I�H�F�W�V���R�X�U��
�X�Q�G�H�U�V�W�D�Q�G�L�Q�J���R�I���W�K�H�V�H���F�R�P�S�O�H�[���V�\�V�W�H�P�V�� 

�3�O�H�D�V�H���O�H�W���P�H���N�Q�R�Z���Z�K�D�W���\�R�X���W�K�L�Q�N�����D�Q�G���I�H�H�O���I�U�H�H���W�R��
�V�X�J�J�H�V�W���D�Q�\���F�K�D�Q�J�H�V���R�U���D�G�G�L�W�L�R�Q�V�� 

�-�(�0�� �+�P�P�����W�K�H���L�G�H�D���R�I���F�R�Q�Q�H�F�W�L�R�Q���D�V���D���W�K�H�P�H���L�V���L�Q�W�H�U�H�V�W�L�Q�J���D�V���V�R�P�H���R�I���W�K�H��
�S�D�W�W�H�U�Q�V���,���L�Q�Y�H�V�W�L�J�D�W�H�G���L�Q���W�K�H���W�K�H�U�D�S�\���V�H�V�V�L�R�Q�V���F�H�Q�W�H�U�H�G���D�U�R�X�Q�G���W�K�H��
�X�V�H���R�I���Z�R�U�G�V���W�K�D�W���V�L�J�Q�D�O���H�L�W�K�H�U���F�R�Q�Q�H�F�W�L�R�Q���R�U���O�D�F�N���R�I���F�R�Q�Q�H�F�W�L�R�Q����
�+�R�Z�H�Y�H�U�����,���I�H�H�O���O�L�N�H���W�K�H���F�R�Q�Q�H�F�W�L�R�Q���E�H�W�Z�H�H�Q���U�L�Y�H�U�V���D�Q�G���I�O�R�R�G�S�O�D�L�Q�V��
�D�Q�G���F�R�Q�Q�H�F�W�L�R�Q�V���E�H�W�Z�H�H�Q���S�H�R�S�O�H���D�U�H���G�L�I�I�H�U�H�Q�W���W�\�S�H�V���R�I���F�R�Q�Q�H�F�W�L�R�Q����
�,�
�P���K�D�Y�L�Q�J���W�U�R�X�E�O�H���V�H�H�L�Q�J���K�R�Z���W�K�D�W���Z�R�X�O�G���Z�R�U�N���D�V���D���W�K�H�P�H�� 
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�&�K�D�W�*�3�7�� �,���X�Q�G�H�U�V�W�D�Q�G���\�R�X�U���F�R�Q�F�H�U�Q�����D�Q�G���\�R�X�
�U�H���U�L�J�K�W���W�K�D�W���W�K�H��
�W�\�S�H�V���R�I���F�R�Q�Q�H�F�W�L�R�Q�V���L�Q�Y�R�O�Y�H�G���L�Q���H�D�F�K���S�U�R�M�H�F�W���D�U�H��
�T�X�L�W�H���G�L�I�I�H�U�H�Q�W�����3�H�U�K�D�S�V���Z�H���F�D�Q���D�S�S�U�R�D�F�K���W�K�H���W�K�H�P�H���R�I��
���F�R�Q�Q�H�F�W�L�R�Q�V�����P�R�U�H���E�U�R�D�G�O�\���W�R���H�Q�F�R�P�S�D�V�V���Q�R�W���M�X�V�W��
�L�Q�W�H�U�S�H�U�V�R�Q�D�O���F�R�Q�Q�H�F�W�L�R�Q�V�����E�X�W���D�O�V�R���W�K�H���F�R�Q�Q�H�F�W�L�R�Q�V��
�D�Q�G���L�Q�W�H�U�D�F�W�L�R�Q�V���E�H�W�Z�H�H�Q���G�L�I�I�H�U�H�Q�W���V�\�V�W�H�P�V���D�Q�G���V�F�D�O�H�V����
�L�Q�F�O�X�G�L�Q�J���H�F�R�O�R�J�L�F�D�O���V�\�V�W�H�P�V���O�L�N�H���U�L�Y�H�U�V���D�Q�G��
�I�O�R�R�G�S�O�D�L�Q�V�����:�H���F�R�X�O�G���H�P�S�K�D�V�L�]�H���W�K�H���L�G�H�D���W�K�D�W���H�Y�H�Q��
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CHAPTER 2: AN ACOUSTICAL AND LEXICAL  MACHINE LEARNING  

PIPELINE TO IDENTIFY CONNECTIONAL SILENCES  

 

 

Abstract 

Context: Developing scalable methods for conversation analytics is essential for 
healthcare communication science and quality improvement.  

Purpose: To assess the feasibility of automating the identification of a 
conversational feature, Connectional Silence, that is associated with important patient 
outcomes. 

Methods: Using audio recordings from the Palliative Care Communication 
Research Initiative cohort study, we develop and test an automated measurement pipeline 
comprising three machine learning tools �± a random forest algorithm and a custom 
convolutional neural network that operate in parallel on audio recordings, and 
subsequently a natural language processing algorithm that uses brief excerpts of 
automated speech-to-text transcripts. 

Results: Our machine learning pipeline identified Connectional Silence with an 
overall sensitivity of 84% and specificity of 92%. For Emotional and Invitational 
subtypes, we observed sensitivities of 68% and 67%, and specificities of 95% and 97%, 
respectively.  

Conclusion: These findings support the capacity for coordinated and 
complementary machine learning methods to fully automate the identification of 
Connectional Silence in natural hospital-based clinical conversations. 
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2.1. Introduction  

 Fostering human connection is fundamental to good clinical communication 

(Brown-Johnson et al., 2019; Cassell, 1999; Thorne et al., 2005). Unfortunately, this 

happens infrequently in modern healthcare, particularly in serious and life-threatening 

illness (Institute of Medicine, 2015). Re-engineering healthcare will require systematic 

measurement and feedback about the quality of human connection in routine clinical 

interactions. Existing methods of conversation analytics are too cumbersome for effective 

use in the large scale epidemiological studies in natural clinical settings necessary to guide 

implementation of such quality metrics (Tulsky et al., 2017). Here, we present work that 

addresses this need. 

Defining directly-observable characteristics of clinical conversations that reliably 

mark moments of human connection can be challenging (McGrath and Newell, 2004; 

Thorne et al., 2005) because the ways in which connection can be felt by conversation 

participants are many and varied (Barton, 2000; Mitchinson et al., 2021). Despite these 

empirical measurement considerations, directly-observable moments of human connection 

between patients and their clinicians often arise in or around some of the pauses in a 

conversation, such as when people cease talking to honor the gravity of what is being 

discussed or to provide sufficient time for a seriously ill person to contemplate a response 

to a meaningful question (Back et al., 2009; Bartels et al., 2016; Brown-Johnson et al., 

2019; Durieux et al., 2018; Gramling et al., 2022b, 2021; Levitt, 2001). Previous research 

has shown that Connectional Silences during clinical conversations are associated with 
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improvement in seriously ill patients' self-reported quality-of-life, and with treatment 

decision-making that honors their values (Gramling et al., 2022b). 

Identifying Connectional Silences in audio recordings of conversations using 

traditional methods is highly labor intensive and requires skilled human coders (Durieux 

et al., 2018). Previous work demonstrates the feasibility of machine learning to semi-

automate the process of identifying possible moments of human connection by reducing 

the search space within which human coders focus their efforts (Durieux et al., 2018). In 

this work, we design and apply a machine-learning pipeline to fully automate the 

identification of Connectional Silences using speech prosody and lexicon. 

2.2. Methods 

2.2.1. Overview 

We created a pipeline of machine learning (ML) algorithms to automatically 

identify and sub-classify Connectional Silences in natural clinical settings. To accomplish 

this, we used audio-recordings from a multi-site cohort study of palliative care 

consultations involving hospitalized people with advanced cancer. The first two ML 

algorithms used different types of acoustical features to predict conversational pauses in 

parallel from the same audio recordings. The third ML algorithm used brief portions of the 

automated speech-to-text transcripts immediately preceding predicted pauses to classify 

pause type. By operating on unique conversational features, each algorithm provides 

complementary information for identifying and classifying Connectional Silences. This 

study was approved by the protection of human subjects review committee at the 

University of Vermont (Protocol 16-527). 



 

30 
 

2.2.2. Participants and PCCRI Study Design 

The Palliative Care Communication Research Initiative (PCCRI) was a descriptive 

cohort study of naturally-occurring specialty palliative care consultations at two academic 

medical centers on the West Coast and Northeast United States (Gramling et al., 2015). As 

part of the study, researchers recorded the initial consultation and up to two follow-up visits 

between 231 hospitalized persons with advanced cancer, their families (if present), and 

palliative care specialists (in total, 54 clinicians participated in the study). The criteria for 

participant inclusion in the study were a diagnosis of metastatic cancer, English speaking, 

21 or more years of age, and the ability to consent for participation in the research or have 

a health care proxy who was able to consent. Patients with a "comfort measures only" 

designation on their medical orders or who were already receiving hospice care were 

ineligible (Gramling et al., 2015).  

Each conversation was recorded on an omnidirectional, hand-held digital recorder 

�S�O�D�F�H�G�� �L�Q�� �D�Q�� �X�Q�R�E�W�U�X�V�L�Y�H�� �O�R�F�D�W�L�R�Q�� �L�Q�� �W�K�H�� �S�D�W�L�H�Q�W�¶�V�� �K�R�V�S�L�W�D�O�� �U�R�R�P���� �,�G�H�Q�W�L�I�\�L�Q�J�� �S�D�U�W�L�F�L�S�D�Q�W��

information was removed from the audio files, but no effort was made to modify ambient 

sounds from the natural environment (which included hospital announcements, equipment 

�E�H�H�S�L�Q�J�����7�9���U�D�G�L�R���D�X�G�L�R�����D�Q�G���E�D�F�N�J�U�R�X�Q�G���F�R�Q�Y�H�U�V�D�W�L�R�Q�V���D�W���W�K�H���Q�X�U�V�H�V�¶���V�W�D�W�L�R�Q���D�Q�G���D�G�M�D�F�H�Q�W��

beds). 
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2.2.3. �³�*�U�R�X�Q�G���7�U�X�W�K�´���'�H�I�L�Q�L�W�L�R�Q���R�I���3�D�X�V�H�V���D�Q�G���&�R�Q�Q�H�F�W�L�R�Q�D�O���6�L�O�H�Q�F�H�V 

We define a Pause as a two-second or longer duration of time when no conversation 

participant makes an audible attempt to hold or attain the speaking floor (Allan and 

Jaszczolt, 2012). We used the minimum duration of two seconds to align with previous 

work that identifies this threshold as nearly culturally ubiquitous (Stivers et al., 2009).  

We define two sub-types of Connectional Silence following the conceptual work 

of Back et al. (2009) and validated by Bartels et al. (2016) and Durieux et al. (2018): 

1. Emotional Connectional Silence: A Pause that follows a moment of gravity in the 

conversation, including either an expression of an emotion that seems unpleasant 

(e.g., anger, fear, or sadness) or information that the speaker seems to perceive as 

unfavorable (e.g., prognosis). 

2. Invitational Connectional Silence: A Pause that occurs after a question relating to 

one of the following: personal values or identity; quality of life; treatment hopes, 

goals, or preferences; prognosis; or death/dying. 

For this work, we define three non-overlapping classes of Pauses: Emotional 

Connectional Silences, Invitational Connectional Silences, and Non-Connectional Pauses 

(defined as any other moments considered to be Pauses). For all data in these analyses, two 

trained human coders independently identified Pauses (Manukyan et al., 2018a); any 

disagreements were adjudicated by a third coder. Every confirmed Pause was subsequently 

double coded as an Emotional Connectional Silence, an Invitational Connectional Silence, 

or a Non-Connectional Pause, according to the definitions of these classes. To make this 

judgment for each Pause, human coders listened to an audio clip comprising the Pause, 10 
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seconds directly preceding the Pause, and five seconds directly following the Pause. 

Paused were classified as a Connectional Silence (Emotional or Invitational) when both 

coders agreed or through subsequent adjudication (Durieux et al., 2018). Both coding 

methods, Pause identification and Pause classification, demonstrated strong inter-rater 

reliability (Durieux et al., 2018; Manukyan et al., 2018a). 

2.2.4. ML Pipeline Algorithm Development and Training/Testing Data 

We demonstrate a new two-phase pipeline, using three types of ML algorithms: a 

Random Forest (RF; Breiman, 2001) a Convolutional Neural Network (CNN; Lecun et al., 

1998) and a Natural Language Processing (NLP) method known as a Bidirectional Encoder 

Representations from Transformers (BERT; Devlin et al., 2019). Our data flow for the 

�F�R�P�S�O�H�W�H�����0�/���3�L�S�H�O�L�Q�H�´���L�V���V�K�R�Z�Q���L�Q���)�L�J�X�U�H��2.1. 
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Figure 2.1: Overview of the Complete Machine Learning (ML) Pipeline 

 

In Phase One, we identify the occurrence of Pauses in audio recordings. The 

methodology combines predictions from a pre-trained RF (Manukyan et al., 2018a) with 

those of a CNN that is designed and trained to use different acoustic data (spectral images) 

than the RF. We refer to this combined RF-�&�1�1���D�O�J�R�U�L�W�K�P���D�V���W�K�H���³�(�Q�V�H�P�E�O�H�´���0�/��Pause 

prediction algorithm. In Phase Two, we create automated speech-to-text transcription 

(Louradour, 2023; Radford et al., n.d.) of the 10 seconds of conversation preceding each 

Pause predicted by Phase One of the pipeline. We then feed these brief excerpts into the 

BERT natural language processing algorithm to classify which of the predicted Pauses 

represent moments of Connectional Silence and which do not.  

The performance of the complete machine learning pipeline was assessed on 203 

of the 231 conversations for which all types of conversational pauses had been rigorously 
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human coded. We excluded conversations from 28 participants because establishing the 

�³�J�U�R�X�Q�G�� �W�U�X�W�K�´�� �X�S�R�Q�� �Z�K�L�Fh to evaluate the pipeline performance was unreliable due to 

obscured patient voice (e.g., whispering while wearing high flow oxygen mask), substantial 

non-audible methods of communication, (e.g., white board, gestures) or non-audible key 

conversation participant (e.g., clinician speaking with family member via telephone not 

using the speaker). We calculated standard epidemiological and natural language 

processing measures of test performance: sensitivity (a.k.a. recall), specificity, positive 

predictive value (a.k.a. precision), negative predictive value, and F1. Below, we describe 

an overview of the ML Pipeline and offer more technical details in Appendix A2. 

2.2.4.1. Phase One (Acoustic) 

To identify the presence of a Pause, the RF and CNN algorithms independently 

classify each 0.5-�V�H�F�R�Q�G�� �L�Q�W�H�U�Y�D�O�� �R�I�� �D�X�G�L�R�� �L�Q�W�R�� �³�V�S�H�H�F�K�´�� �R�U�� �³�Q�R�Q-�V�S�H�H�F�K�´�� �X�V�L�Q�J�� �Y�H�U�\��

different types of acoustical features extracted from the same recordings. The previously 

trained RF (Manukyan et al., 2018a) uses a set of 85 audio features comprising five 

summary statistics of 13 Mel-Frequency Cepstral Coefficients (MFCCs �± a subjective scale 

for measuring pitch based on how human observers perceive sound; Stevens et al., 1937) 

zero-crossing rate, energy, energy entropy, and spectral entropy. In contrast, the custom 

CNN directly evaluates spectral images of sound. The RF and CNN results are combined 

by retaining only those 0.5-second intervals where both the RF and CNN agree that no 

�V�S�H�H�F�K���L�V���S�U�H�V�H�Q�W�����³�X�Q�D�Q�L�P�R�X�V���Y�R�W�L�Q�J�´�������&�R�Q�V�H�F�X�W�L�Y�H��������-second intervals determined by 

both the RF and CNN as lacking any speech are then merged, and merged regions that are 

�W�Z�R���V�H�F�R�Q�G�V���R�U���O�R�Q�J�H�U���D�U�H���G�H�I�L�Q�H�G���D�V���³�(�Q�V�H�P�E�O�H-predicted Pauses� .́ Details on the training, 
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validation, and testing of the CNN, RF, and Ensemble methods are presented in Appendix 

A2. 

2.2.4.2. Phase Two (Lexical) 

A BERT model is a state-of-the-art natural language processing algorithm (Wang 

et al., 2019) that is pre-trained on large volumes of English language data in order to allow 

for efficient refinement on smaller sets of contextually specific data, such as ours here. We 

used 10 second excerpts of transcripts immediately preceding Ensemble-predicted Pauses 

as inputs to a BERT for classification. Transcripts had been automatically generated from 

the Whisper speech recognition system (Louradour, 2023; Radford et al., n.d.). We chose 

10 seconds to align with the amount of data used by human coders to make their judgments 

�D�E�R�X�W���W�K�H���³�J�U�R�X�Q�G���W�U�X�W�K�´�����7�R���P�L�Q�L�P�L�]�H���D�O�J�R�U�L�W�K�P�L�F���E�L�D�V (Hooker, 2021), we fine-tuned the 

BERT on a balanced subset of text excerpts directly preceding Invitational Connectional 

Silences, Emotional Connectional Silences, and Non-Connectional predictions. We used 

the trained and cross-validated BERT to classify all Ensemble-predicted Pauses into one 

of these three classes. Details on the training, validation, and testing of the BERT are 

presented in the Appendix A2.  

2.2.4.3. Lexical Comparison of Pipeline Predictions 

To explore the lexicon from the text excerpts that BERT used for classifying 

Ensemble-predicted Pauses, we calculated the proportions of words in this text from 

clinically relevant corpora. The corpora we used are temporal referents (Ross et al., 2020); 

uncertainty terms (Gramling et al., 2021); loneliness (Linge et al., 2022); symptom, 

treatment, and prognosis terms (Ross et al., 2020); and pronouns (Miner et al., 2022). We 
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merged all text associated with each BERT-predicted class into a single text block. The 

word usage proportion for each corpus was calculated as the number of in-corpus words 

divided by the total number of words for each class. For comparison purposes, we also 

calculated word usage proportions for the complete transcripts 

 
2.3. Results 

Sample characteristics are shown in Table 2.1 and represent the approximate 

distribution of age, gender, race, ethnicity and educational completion of the palliative care 

consultation population at each study site (Gramling et al., 2015). 
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Table 2.1: ML Pipeline Performance on Combined Prediction and Classification of 
Pauses with Connectional Silence sub-types (A) collapsed (see Appendix A2), and (B) 
expanded. 

Characteristic  
 n (%) 
  
All Patient-Participants 203 (100) 
  
Age  
<55 yrs 50 (25) 
55-70 yrs 83 (41) 
>70 yrs 70 (34) 
  
Gender  
Men 98 (48) 
Women 105 (52) 
Non-Binary 0 
  
Education Completed   
�%�D�F�K�H�O�R�U�¶�V���'�H�J�U�H�H���R�U���K�L�J�K�H�U 54 (27) 
Some College 56 (28) 
High School or GED 59 (29) 
Less than H.S. 33 (16) 
  
Black /AA Race?  
Yes 29 (14) 
No 174 (86) 
  
Hispanic Ethnicity?  
Yes 14 (7) 
No 189 (93) 
  
Global Quality of Life*   
Low (0-3) 75 (37) 
Moderate (4-6) 63 (32) 
High (7-10) 62 (31) 

*McGill Quality of Life Global Item (0-10 scale) asked pre-consultation (Cohen et al., 1997); strata not 
summing to 203 represent item non-response 
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The complete ML Pipeline identified Connectional Silence with an overall 

sensitivity (recall) of 84% (453/539) and specificity of 92% (115,492/124,947), as shown 

in Table 2.2. Among all two-second intervals of audio evaluated by the ML Pipeline, the 

prevalence of Connectional Silence was only 0.4% (539/125,486), contributing to a high 

negative predictive value (>99.9%; 115,492/115,578) and low positive predictive value 

(precision) (5%; 453/9,908) and F1 (9%; 906/10,447), in this context. 

Table 2.2: Connectional Silence ML Pipeline Performance. 

a. Any Connectional Silence  

  
Ground Truth    

Connectional Silence 
Non-

Connectional   

ML Pipeline 

Connectional 
Silence 453 9,455 9,908 

Non-
Connectional 

86 115,492 115,578 

    539 124,947 125,486 

 

b. Individual Connectional Silence sub-types  

  
Ground Truth    

Emotional Invitational  Non-
Connectional 

  

ML Pipeline 

Emotional 207 46 5,798 6,051 

Invitational  43 157 3,657 3,857 

Non-
Connectional  

54 32 115,492 115,578 

    304 235 124,947 125,486 
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For the Emotional Connectional Silence subtype, we observed a sensitivity (recall) 

of 68% (207/304), specificity of 95% (119,338/125,182), negative predictive value of 

>99.9% (119,338/119,435), positive predictive value (precision) of 3% (207/6,051) and F1 

of 7% (414/6,355). For the Invitational Connectional Silence subtype, we observed a 

sensitivity (recall) of 67% (157/235), specificity of 97% (121,551/125,251), negative 

predictive value of >99.9% (121,551/121,629), positive predictive value (precision) of 4% 

(157/3,857) and F1 of 8% (314/4,092).  

Results for Phase One (predicting Pauses) and Phase Two (classifying Pause types) 

are provided in Appendix A2. 

As shown in Figure 2.2, the lexicon preceding Emotional Connectional Silences 

includes relatively more past speech than future speech, while the Invitational subtype has 

relatively more future speech than past speech. Compared to the Invitational sub-type, the 

Emotional sub-type included more first-person singular pronouns, past-tense speech, and 

loneliness words, but less future-tense speech and fewer uncertainty, symptom, treatment, 

and prognosis words. All of the above comparisons were statistically significant (chi-

square p < 0.001). 
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Figure 2.2: Pre-Event Context Lexicon Prevalence by BERT Classification 

 

2.4. Discussion 

Epidemiologically, the presence of Connectional Silence in serious illness 

conversations is associated with important patient reported outcomes, including 

improvement in quality-of-life and preference-concordant treatment decisions (Gramling 

et al., 2022a). In this work, we developed a ML Pipeline of acoustic and lexical algorithms 

to automatically detect Connectional Silences from audio of real-life serious illness 

conversations in hospital settings. We found that the ML Pipeline worked very well, 

missing very few moments of Connectional Silence while maintaining high specificity in 

categorizing types of automatically identified Pauses. This ML Pipeline offers timely and 

important scientific innovation to study the epidemiology of Connectional Silence in large-
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scale natural clinical environments. In general, this work supports the concept that 

transformation of the same acoustic signal into multiple data types (e.g., MFCCs, spectral 

images, and lexical transcripts) may be quite valuable for ML performance in conversation 

analysis.  

In the acoustic phase, we found that an Ensemble approach, combining RF and 

CNN algorithms, performed better than either method used individually. Specifically, this 

coordinated ML analyses of distinct forms of sound representation resulted in over 3,000 

fewer false Pause predictions than the RF alone, and almost 9,000 fewer false Pause 

predictions than the CNN alone while only sacrificing the detection of 1.6% of the 

Connectional Silences. Thus, using the Ensemble for Pause prediction saved an estimated 

human-coder time for Pause classification of about 23 hours over RF alone (Durieux et al., 

2018). To our knowledge, this Ensemble approach is novel in automated Pause detection. 

Our findings are particularly promising because most prior work related to Pause 

identification has been conducted in low-noise or simulated settings rather than naturally 

noisy hospital settings with seriously ill patients (Alam et al., 2018; Badshah et al., 2019; 

Mustaqeem and Kwon, 2020; Mustaqeem, 2021; Ng et al., 2015). 

To fully automate the classification of Connectional Silence, we used speech-to-

text processing (Louradour, 2023; Radford et al., n.d.) to produce the brief (10 second) 

excerpts of transcript lexicon used in Phase Two of the ML Pipeline. We observed large 

differences in the lexicon preceding distinct types of Pauses. However, while transcription 

algorithms have increasingly low error rates (Amini et al., 2022; Chen et al., 2020), even 

many state-of-the-art transcription services make word-level errors nearly twice as 
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frequently when evaluating voices from Black compared to White speakers (Koenecke et 

al., 2020). As such, we recommend careful attention to algorithmic fairness when 

considering automated transcription. Specifically, our ML Pipeline requires two important 

next steps. First is testing in sufficiently large and diverse samples of participants, settings 

and clinical situations to evaluate stratum-specific classification performance and direction 

of error. Second is linguistic and ethnographic evaluation of individual classification errors 

to discover, describe, correct, and minimize sources of racial and ethnic bias.  

This work has important limitations. First, as mentioned above, our sample does 

not sufficiently represent the breadth in types of speaking and interactional norms relating 

to silence; racial, ethnic, or cultural backgrounds; institutional norms; or clinical situations. 

Further validation and potential refinement of the algorithms are necessary to ensure the 

representativeness of our findings among individuals with diverse backgrounds, clinical 

scenarios, and environmental factors. Doing so will help advance a major priority for 

healthcare communication science: to achieve equitable, meaningful and scalable 

conversation analyses for large sample research and quality improvement initiatives 

(Tulsky et al., 2017). Second, this work is based on audio and transcript data only and will 

likely misclassify moments of connection when exclusively non-audible cues (e.g., brief 

eye contact, touch) might be observable by other means. Third, the hand-held recorders 

�X�V�H�G�� �L�Q�� �W�K�L�V�� �V�W�X�G�\�� �Z�H�U�H�� �S�O�D�F�H�G�� �R�Q�� �D�� �S�D�W�L�H�Q�W�¶�V�� �E�H�G�V�L�G�H�� �W�D�E�O�H�� �D�Q�G���� �W�K�H�U�H�I�R�U�H���� �F�D�S�W�X�U�H�G�� �W�K�H��

ambient sounds (including other human voices) of noisy hospital environments. Future 

work focused on pause detection and classification may benefit from directional or 

wearable microphones to minimize unnecessary background sounds. 
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In conclusion, a machine learning Pipeline that uses different representations of 

acoustic and lexical conversation information can automatically identify moments of 

Connectional Silence in naturally occurring serious illness clinical conversations. 
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Appendix A2: Chapter 2 Supplementary Information 

A2.1 Cleaning and Labeling Audio Files for Convolutional Neural Network (CNN) 

Training/Validation  

As a starting point, we used Pauses predicted by the trained RF method of 

Manukyan et al. (2018a). While RF performed well (i.e., 88.7% sensitivity, and 98.2% 

specificity), locating the Pause start/end times proved challenging for this algorithm. RF 

occasionally identified multiple closely paced Pauses as a single Pause, and conversely, 

occasionally predicted multiple Pause intervals within a single larger Pause. To avoid 

training a Convolutional Neural Network (CNN) that merely replicated the RF 

performance, we validated a subset of the RF Pause predictions on the Acoustic 

Training/Testing Data (which comprised 52 conversations from 31 patients). This human-

validation effort included confirming the locations of all two-second or longer Pauses in 

the audio, adjusting the Pause start and end times identified by the RF algorithm, and 

splitting or merging Pauses to match the timings heard in the audio file to +/- 0.25-second. 

These cleaned and labeled audio files were used to train and cross-validate the CNN Pause 

detection algorithm. 

A2.2 Extracting Spectral Data from Audio 

 To extract spectral data from the audio recording, we used the Librosa Python 

package to generate a bank of 300 triangular bandpass filters, each normalized by the 

�I�L�O�W�H�U�¶�V���E�D�Q�G���Z�L�G�W�K, to separate the Mel frequency scale (Stevens et al., 1937) into 300 bins. 

The 300 filters were placed between 36Hz and 4kHz because visual inspection of the 

spectrograms showed most human speech to occur in this range. Twenty-four sets of filter 
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outputs were extracted per second of audio and converted to decibel values using a constant 

reference value and stored in .csv files. 

Figure A2.1 (A) shows a 10-second sample of the spectral data. During CNN 

training and testing, the audio interval (.csv file) in question was loaded and normalized 

using the minimum and maximum decibel values associated with that specific health care 

conversation. A 2-second moving window was passed over the spectral data in 0.5 second 

increments; each two-second has 24 samples per second resulting in a 48 x 300 array of 

spectral intensity values. Each 48 vectors (one vector per sample) were replicated three 

times to prevent the x-dimension from approaching zero during max pooling. This resulted 

in a final input shape of 144 x 300 pixels. Each 2-second frame was assigned a binary label 

as shown in Figure A2.1(B): 0 if the frame had any speech and 1 if the frame contained no 

speech. 
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Figure A2.1: (A) Spectral data from 10-seconds of audio, displayed as a spectrogram. 
Time is along the x-axis and frequency is on the y-axis; pixel brightness indicates 
frequency magnitude at an instant in time. The horizontal bands of brighter pixels to the 
left and right sides of the spectrogram are characteristic of human speech; different 
speakers exhibit different banding patterns. The dashed red rectangle identifies a Pause 
(2 seconds or longer of no speech). The white dots along the top third of the spectrogram 
indicate beeping medical equipment. (B) Frames of spectral data extracted from (a) 
using a two-second moving window and labeled as speech (0) or Pause (1). The first four 
frames all contain speech; the last two frames lie entirely within a Pause. 
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A2.3 CNN Model Card 

The CNN model is designed to predict whether the two-second spectrogram images 

passed into the CNN contain any conversational speech or not (i.e., the two-second frame 

contains no speech �± only a pause in the patient-clinician conversation). 

A2.3.1 Model Details 

The CNN was implemented using the Keras package in Python (Version 2.4.3) and 

has a total of 296,137 trainable parameters. The network (Figure A2.2) consisted of five 

pairs of convolution and 2x2 max pooling layers followed by a dense output classifier. 

Each convolution layer used 3x3 filters with a stride of one. The first layer used 10 filters 

and all subsequent layers used 20 filters. Padding was not used. The output of the last 

convolution/pooling pair was flattened and used as input to a classifier comprising: a dense 

layer with 128 units and a single output unit that used sigmoid activation. All other layers 

used Rectified Linear Unit (ReLU) activation. The Adam optimizer with default settings 

was used to adjust the training parameters between epochs. 

Figure A2.2: CNN architecture overview. Two-second spectrogram frames are fed into 
the first convolution layer. That information is propagated through the rest of the 4 
sequential convolution/pooling pairs. The result of the last pooling layer is flattened and 
fed into a dense output classifier. In the example shown, the CNN algorithm has correctly 
predicted the true label of the input frame. 
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A2.3.2 Useage 

The model requires spectrogram images as inputs. For this work, we stored the 

spectrogram data in csv files for easier access and implemented a data generator to load the 

spectral data for each training batch. The github repository contains three driver files. The 

driver_custom-square-filter_train-from-csv-LOOCV.py file trains the model using leave-

one-out cross validation. The driver_custom-square-filter_train-from-csv.py file trains the 

model based on a user-defined training/validation split. The 

driver_make_predictions_only.py file loads trained model weights in order to make 

predictions. 

A2.3.3 Training Data 

We created a subset of Acoustic Training Data from recordings of the first 31 study 

participants to train and cross-validate the CNN. This subset represented 1,227 minutes of 

conversation containing 1,661 Pauses of at least two seconds in length, all of which had 

been validated as ground truth Pauses by human coders (Manukyan et al., 2018a). We 

created a second subset of Acoustic Testing Data using 6 recordings (265 minutes of 

conversation time containing 213 total Pauses) not included in the Training Subset. 

A2.3.4 Training Duration 

�7�R���S�U�H�O�L�P�L�Q�D�U�L�O�\���H�V�W�L�P�D�W�H���W�K�H���&�1�1�¶�V���S�H�U�I�R�U�P�D�Q�F�H���G�X�U�L�Q�J���W�U�D�L�Q�L�Q�J���D�Q�G���W�R���V�H�O�H�F�W���W�K�H��

model hyperparameters, we used leave-one-out cross validation on a per-patient basis (we 

trained 31 cross-validation models with the data from a different patient held back for 

model evaluation). For each model training epoch, we calculated accuracy on both the 

training data and the data from the held-back patient. Figure A2.3 plots the training and 
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validation accuracy at each training epoch, and shows the curves diverging at 

approximately five epochs, suggesting the onset of overfitting. As a result, the CNN 

weights were fixed at five epochs for all subsequent work. 

Figure A2.3: CNN training and validation accuracy plotted against training epochs 
using leave-one-out cross validation. Epoch 0 represents the CNN performance with 
initial random model weights before any training updates. Overfitting appears to start 
somewhere between Epoch 5 and Epoch 8 (the point where the training and validation 
curves begin to diverge). The weights associated with Epoch 5 (marked with the green 
dashed line) were fixed and used to generate the results provided in Table 2-2, Table 
A2.3, and Table A2.4. 

 

A2.3.5 Performance Evaluation 

The CNN model performance is presented in Table A2.3 b and d. 
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A2.4 Combining RF and CNN Predictions 

Combining RF and CNN predictions improves Pause detection performance. 

Details of training, validation, and testing of the RF are described fully elsewhere 

(Manukyan et al., 2018a). However, the RF and CNN provide outputs at different time 

scales. The RF model estimates Pause versus Speech on 0.5-second non-overlapping 

intervals of audio. In contrast, the CNN classifies Pauses versus Speech using 2-second 

overlapping frames of spectral data. To facilitate combining the RF and CNN predictions, 

we first converted the CNN estimates to 0.5-second, non-overlapping intervals as shown 

in Figure A2.4. Next, we applied separate thresholds to the RF and CNN results to obtain 

binary 0.5-second predictions of Pause vs. speech. The RF and CNN estimates are 

combined by retaining only those 0.5-second intervals where both RF and CNN agree that 

�Q�R���V�S�H�H�F�K���L�V���S�U�H�V�H�Q�W�����³�X�Q�D�Q�L�P�R�X�V���Y�R�W�L�Q�J�´�������6�H�H���)�L�J�X�U�H��A2.4 for details. We investigated 

other methods for converting and merging the CNN results with RF and used a series of 

Receiver Operating Characteristic (ROC) curves to select the optimal methods. Last, we 

used the ROC curves (Figure A2.5) to select a point (corresponding to a pair of RF and 

CNN thresholds) that yielded a satisfactory balance of high detection of Connectional 

Silences with a low number of false Pauses predicted (circled in green on Figure A2.5). 
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Figure A2.4: The process of converting CNN output probabilities into predictions with 
0.5-second resolution. The spectrogram (1) and associated true 0.5-second labels (2) are 
shown for reference. The CNN generated predictions on 2-second moving windows, 
resulting in four predictions for each 0.5-second audio segment (3). The max of these 
four predictions (4) was found for each 0.5-second segment. A threshold (5) was then 
applied to these predictions to convert them into binary predictions (6) of CP vs. speech 
at a 0.5-second resolution. The green check marks show where the CNN correctly 
classified a 0.5-second interval (based on the true 0.5-second interval labels of step 2) 
and the red Xs show where the CNN incorrectly classified a 0.5-second interval. 
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Figure A2.5: ROC curve showing the tradeoff between sensitivity and False Discovery 
Rate (the rate at which the Ensemble makes false Pause predictions; see Appendix 
A2.7.2) as the CNN and RF thresholds were varied between 0.05 and 0.95. For each 
CNN/RF threshold pair on the non-dominated front (black circles connected with dashed 
lines), there is no pair of thresholds that is better in terms of both Recall and False 
Discovery Rate. For example, the pair of thresholds at the upper right portion of the non-
dominated front has a very poor False Discovery Rate (close to 90%), but no other point 
has a better sensitivity. The green circle indicates the pair of thresholds (CNN threshold 
of 0.45 and a RF threshold of 0.425) used for subsequent prediction of Pause versus 
Speech. 

 

  



 

57 
 

A2.5 Automated Transcription 

We used the Whisper-Timestamped (Louradour, 2023) package to automate 

transcription of the audio files. This package uses the output of OpenAI Whisper (Radford 

et al., n.d.) to estimate a timestamp for the start and end of each word. In this work, we 

�X�V�H�G���W�K�H���³�P�H�G�L�X�P�´���:�K�L�V�S�H�U���P�R�G�H�O����https://huggingface.co/openai/whisper-medium). We 

spot-checked the transcripts against the audio and found that the quality of the transcripts 

and the accuracy of the timestamps to be acceptable; however, we observed that Whisper 

�Z�R�X�O�G���R�F�F�D�V�L�R�Q�D�O�O�\���³�J�H�W���V�W�X�F�N�´���D�Q�G��repeatedly predict phrases for substantial portions of 

the transcripts. These repeated phrases are a known weakness of Whisper and are referred 

�W�R�� �D�V�� �³�K�D�O�O�X�F�L�Q�D�W�L�R�Q�V�´. We �I�R�X�Q�G�� �W�K�D�W�� �V�H�W�W�L�Q�J�� �W�K�H�� �³�F�R�Q�G�L�W�L�R�Q�B�R�Q�B�S�U�H�Y�L�R�X�V�B�W�H�[�W�´�� �I�O�D�J�� �W�R��

False helped reduce the number of hallucinations without noticeably sacrificing 

transcription quality. To further reduce the incidence of hallucinations, we automated a 

method for identifying where these repeated phrases occurred, and then automatically re-

transcribed these sections of the audio to remove the hallucinations. 

A2.6 BERT Training and Hyperparameter Selection 

A Bidirectional Encoder Representations from Transformers (BERT) is an attention 

model, a family of neural networks that learns portion(s) of the sequence-to-sequence text 

most relevant to the current task (i.e������ �W�K�H���P�R�G�H�O�� �O�H�D�U�Q�V���W�R���I�R�F�X�V���³�D�W�W�H�Q�W�L�R�Q�´���R�Q���W�K�H���P�R�V�W��

salient portions of the text). Attention models, pre-trained to understand the structure of 

language on enormous amounts of natural language data (e.g., encyclopedia entries, 

internet forums and websites, research papers), can often be fine-tuned for a specific text 

classification task with a relatively limited amount of task-specific data. When we initiated 

https://huggingface.co/openai/whisper-medium
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this research, attention models such as BERT were dominating the General Language 

Understanding Evaluation benchmark (Wang et al., 2019). In this work, we used the Python 

ktrain wrapper (Maiya, 2022) for TensorFlow to implement a BERT that was pre-trained 

(Devlin et al., 2019) on the 800M-word BooksCorpus (Zhu et al., 2015) and English 

Wikipedia (2,500M words). 

We trained and tested the performance of the BERT using excerpts from 

automatically generated transcripts. Since, most DNNs, BERT included, are sensitive to 

unbalanced training data, we constructed a training and testing dataset to minimize 

algorithmic bias (Hooker, 2021) that was approximately balanced between the three class 

outcomes. Specifically, we selected from the 13,439 Phase One Pause predictions as 

follows: 

231 Invitational: we selected all the Invitational Silences (231 examples) because 

this was the least common sub-type.  

238 Emotional: To maximize the variety of patient-clinician conversations, we 

selected up to seven of the Emotional sub-type per conversation (these were 

randomly selected if there were more than seven within a given conversation). The 

number seven was chosen simply to provide enough samples (close to 231) to 

approximately balance the number of Invitational Silences.  

234 Non-Connectional: we then used the approximate mean of the Emotional and 

Invitational sample counts (234) as the target number of Non-Connectional 

Predictions. The Non-Connectional Predictions were sampled with a ratio of 

39.7% true Non-Connectional Pauses to 60.3% falsely predicted Pauses to reflect 
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the relative abundance of Non-Connectional Pauses and falsely predicted Pauses 

in the complete set of Ensemble predictions.  

 
We used k-fold cross-validation (k=10) to train and evaluate each of the models; 

after each Epoch, we calculated accuracy on both the training and validation splits. Because 

Figure A2.6 shows that the BERT begins overfitting after Epoch 1 (i.e., the training 

accuracy continues to increase for all epochs, but the validation accuracy plateaus after 

Epoch 1), we fixed the weights at one training epoch for all BERT analyses shown in this 

work. 

Figure A2.6: The BERT training and validation accuracy vs. training epoch 
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A2.7 Performance Evaluation 

A2.7.1 Generating Collapsed Tables 

The Tables below help visualize the process of moving from a confusion matrix 

with three pause types (Table A2.1) to one that collapses the Emotional and Invitational 

Silences into one group (i.e., Connectional Silence); see Table A2.2. All entries of the same 

color in Table A2.1 are summed and placed in the corresponding color-coded cell of Table 

A2.2. The example below uses combined Emotional and Invitational Connectional Silence 

as the true positives; equivalent calculations were performed with Emotional and 

Invitational Connectional Silences separately as the positive classes to facilitate calculation 

of the sensitivities and specificities for these classes. 

Table A2.1: Example Expanded Confusion Matrix 

  
Ground Truth  

Emotional Invitational  Non-Connectional 

Prediction 
Emotional    

Invitational     

Non-Connectional     
 

Table A2.2: Example Collapsed Confusion Matrix 

  
Ground Truth  

Connectional Silence Non-Connectional 

Prediction 
Connectional 

Silence 
A B 

Non-Connectional C D 
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A2.7.2 Formulas 

Using Table A2.2 as an example, the formulas for sensitivity (recall), specificity, 

false discovery rate, negative predictive value, positive predictive value (precision), and 

F1 are as follows: 

�O�A�J�O�E�P�E�R�E�P�U���:�N�A�?�=�H�H�; 
L
�#

�#
E�%
 

�O�L�A�?�E�B�E�?�E�P�U
L
�&

�$
E�&
 

�B�=�H�O�A���@�E�O�?�K�R�A�N�U���N�=�P�A
L
�$

�#
E�$
 

�J�A�C�=�P�E�R�A���L�N�A�@�E�?�P�E�R�A���R�=�H�Q�A
L
�&

�%
E�&
 

�L�K�O�E�P�E�R�A���L�N�A�@�E�?�P�E�R�A���R�=�H�Q�A���:�L�N�A�?�E�O�E�K�J�; 
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A2.8 Individual Pipeline Component Performance Summary 

Table A2.3: Random Forest, Convolutional Neural Network, and Ensemble Comparative 
Performance in Pause prediction in the Acoustic Testing Data Subset 

a. Random Forest  

  
Ground Truth    

Pause Speech   

Random 
Forest 

Pause 189 110 299 
Speech 24 6,092 6,116 

    213 6,202 6,415 
 

b. Convolutional Neural Network 

  
Ground Truth    

Pause Speech   

Convolutional 
Pause 199 124 323 
Speech 14 6,078 6,092 

    213 6,202 6,415 
 

c. Ensemble  

  
Ground Truth    

Pause Speech   

Ensemble 
Pause 186 91 277 
Speech 27 6,111 6,138 

    213 6,202 6,415 
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d. and summary of performance statistics (Appendix A2.7.2). 

Sensitivity  
(Recall) 

Random Forest 189 / 213 = 88.7% 
Convolutional 199 / 213 = 93.4% 
Ensemble 186 / 213 = 87.3% 

Specificity 
Random Forest 6,092 / 6,202 = 98.2% 
Convolutional 6,078 / 6,202 = 98.0% 
Ensemble 6,111 / 6,202 = 98.5% 

Negative 
Predictive 

Value 

Random Forest 6,092 / 6,116 = 99.6% 
Convolutional 6,078 / 6,092 = 99.8% 
Ensemble 6,111 / 6,138 = 99.6% 

Positive 
Predictive 

Value 
(Precision) 

Random Forest 189 / 299 = 63.2% 
Convolutional 199 / 323 = 61.6% 

Ensemble 186 / 277 = 67.1% 

F1 
Random Forest 378 / 512 = 73.8% 
Convolutional 398 / 536 = 74.3% 
Ensemble 372 / 490 = 75.9% 

 
Table A2.4: BERT Performance on classification of the 13,439 predicted Pauses from 
the Ensemble Phase One 

a. with Connectional Silence sub-types collapsed (see Appendix A2.7.2) 

  
Ground Truth    

Connectional Silence 
Non-

Connectional   

BERT 

Connectional 
Silence 453 9,455 9,908 

Non-
Connectional  

77 3,454 3,531 

    530 12,909 13,439 
 

b. with Connectional Silence sub-types expanded 

  
Ground Truth    

Emotional Invitational  
Non-

Connectional   

BERT 

Emotional 207 46 5,798 6,051 
Invitational  43 157 3,657 3,857 
Non-
Connectional 49 28 3,454 3,531 

    299 231 12,909 13,439 
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c. and summary statistics (Appendix A2.7.2) measured relative to the total number of 

Ensemble predictions.  

Prevalence 
Emotional 299 /  13,439 = 2.2% 

Invitational 231 /  13,439 = 1.7% 

Connectional 530 /  13,439 = 3.9% 

Sensitivity  
(Recall) 

Emotional 207 /  299 = 69.2% 

Invitational 157 /  231 = 68.0% 

Connectional 453 /  530 = 85.5% 

Specificity 
Emotional 7,296 /  13,140 = 55.5% 

Invitational 9,508 /  13,208 = 72.0% 

Connectional 3,454 /  12,909 = 26.8% 

Negative 
Predictive Value 

Emotional 7,296 /  7,388 = 98.8% 

Invitational 9,508 /  9,582 = 99.2% 

Connectional 3,454 /  3,531 = 97.8% 

Positive 
Predictive Value 

(Precision) 

Emotional 207 /  6,051 = 3.4% 

Invitational 157 /  3,857 = 4.1% 

Connectional 453 /  9,908 = 4.6% 

F1 
Emotional 414 /  6350 = 6.5% 

Invitational 314 /  4088 = 7.7% 

Connectional 906 /  10,438 = 8.7% 
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A2.9 Comparison of BERT Performance using Automated and Manual Transcripts 

To save space, the following material in A2.9 was excluded from the manuscript, 

An Acoustical and Lexical ML Ensemble to Detect Connectional Silence, presented in 

Chapter 2. However, the BERT performance (i.e., classification accuracy) was not 

sensitive to training/testing on text from transcripts generated by 1) state-of-the-art speech-

to-text algorithms or 2) manually transcribed.  We are not aware of any similar results 

comparing classification accuracy on automated vs. manual transcripts, so we provide the 

details here.  

We first describe generation of the training/testing set and hyperparameter selection 

for the BERT using manually transcribed text. Next, the BERT performance is compared 

to that using text from transcripts generated by the state-of-the-art speech-to-text speech 

recognition system �± Whisper. 

Because BERT is sensitive to unbalanced training data, we generated training and 

testing sets using human-generated transcript text that were approximately balanced across 

the three target (prediction) classes. To facilitate comparison between the automated and 

manual results, we elected to mark the same predictions selected for the automated 

training/testing set described in Appendix A2.6. However, some of these pauses could not 

be found in the manual transcripts.  The following pauses counts were manually located 

and marked in the human-generated transcripts: 

1. 226 Invitational: Five invitational pauses could not be found. 

2. 236 Emotional: Two emotional pauses could not be found. 

3. 224 Non-Connectional: Ten non-connectional predictions could not be found. 
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Given the human resources that would be required to mark all 13,439 Ensemble-predicted 

pauses, we elected to mark only this sub-set of the Ensemble-predicted pauses.  As with 

the automated transcript text, we used k-fold cross-validation (k=10) to train and evaluate 

each of the models; after each Epoch, we calculated accuracy on both the training and 

validation splits. Because Figure A2.7 shows that the BERT begins overfitting after Epoch 

1, we fixed the weights at one training epoch for all of the BERT analyses shown in this 

work.  Note the similarity between Figure A2.6 and Figure A2.7. 

Figure A2.7: The BERT training and validation accuracy vs. training epoch using text 
from human-generated transcripts  
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Note the similarity of the BERT performance when trained/tested on the manual 

transcripts (Table A2.5a) and automated transcripts (Table A2.5b).  For example, using the 

manually transcribed text, the BERT correctly classified 154 and 157 of the Emotional and 

Invitational Connectional Silences, respectively.  Using the automated transcript text, the 

BERT correctly classified 153 and 157 Emotional and Invitational Connectional Silences, 

respectively. The BERT performance using the automated transcript text to classify 

�³�2�W�K�H�U�´���S�U�H�G�L�F�W�L�R�Q�V���Z�D�V���V�O�L�J�K�W�O�\���E�H�W�W�H�U���W�K�D�Q���W�K�H���S�H�U�I�R�U�P�D�Q�F�H���X�V�L�Q�J���W�K�H���P�D�Q�X�D�O���W�U�D�Q�V�F�U�L�S�W��

text (60 correctly classified pauses for automated vs. 40 for manual).  These same patterns 

are observed when the manually transcribed results are extrapolated to the complete set of 

Ensemble predictions (Table A2.5c) and compared to the automated transcript results on 

all Ensemble predictions (Table A2.5d). 
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Table A2.5: Confusion matrices comparing the BERT performance on the manual and 
automated transcripts.  Sub-tables (a) and (b) present the BERT performance on the 
train/test set generated from the manual and automated transcripts, respectively.  Sub-
table (c) presents a linear extrapolation from the train/test set to the complete dataset. 
For example, the 195 value in the upper left box of (c) was obtained by multiplying 154 
(the upper left value in (a) by 299 (the total number of Emotional Connectional Silences 
in the dataset) and dividing by 236 (the number of Emotional Connectional Silences 
marked in the transcripts).  Sub-table (d) presents the BERT performance on all 
Ensemble predictions using the automated transcript text. 

a. Manual Transcripts Train/Test Set Performance 

  
Ground Truth   

Emotional Invitational Other   

BERT 
Result 

Emotional 154 47 93 294 
Invitational 52 157 87 296 

Other 30 22 44 96 
    236 226 224 686 
      

b. Automated Transcripts Train/Test Set Performance 

  
Ground Truth   

Emotional Invitational Other   

BERT 
Result 

Emotional 153 46 104 303 
Invitational 39 157 70 266 

Other 46 28 60 134 
    238 231 234 703 
      

c. Manual Transcript Results Scaled 

  
Ground Truth   

Emotional Invitational Other   

BERT 
Result 

Emotional 195 48 5360 5,603 
Invitational 66 161 5,013 5,240 

Other 38 22 2536 2,596 
    299 231 12909 13,439 
      

d. Automated Transcripts Results on All Predicted Pauses 

  
Ground Truth   

Emotional Invitational Other   

BERT 
Result 

Emotional 207 46 5798 6,051 
Invitational 43 157 3,657 3,857 

Other 49 28 3454 3,531 
    299 231 12909 13,439 
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A table of complete pipeline performance (Table A2.6) using the manual transcript 

text was constructed from the BERT results in Table A2.5c and used to calculate 

performance summary statistics (Table A2.7).  The differences in Phase Two BERT 

performance using manual vs. automated transcripts were small (Table A2.7). For the 

complete pipeline results, the Invitational class saw increases in Specificity, Precision, and 

F1 when using automated transcripts, while the Emotional class saw decreases. The change 

in these performance measures was less than 1% for the combined Connectional class.  For 

Sensitivity, the Emotional class increased by approximately 4%, while Invitational was 

decreased by approximately 1.7%.  Overall, the combined Connectional Sensitivity 

decreased by approximately 3.2%.  These general patterns carried through into the 

complete pipeline results. 

Table A2.6: Complete pipeline results for the BERT models trained on manually-
generated transcript text 

  
Ground Truth   

Emotional Invitational Other   

Ensemble+BERT 
Result 

Emotional 195 48 5360 5,603 
Invitational 66 161 5013 5,240 

Other 43 26 114,574 114,643 
    304 235 124,947 125,486 
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Table A2.7: Comparison of complete pipeline performance using manual vs. automated 
transcription. The Complete Pipeline automated performance statistics were calculated 
using the results presented in Table 2.2b using the formulas described in Appendix 
A2.7.2.  A similar complete-pipeline table was constructed and used to calculate the 
manual transcript performance statistics from Table A2.6.  The Phase Two (BERT) 
performance statistics were calculated using the results presented in Table A2.5c and 
Table A2.5d, respectively. 

    Complete Pipeline Phase Two (BERT) 

    Manual 
Auto-
mated 

Diff-
erence Manual 

Auto-
mated 

Diff-
erence 

Sensitivity 
(recall) 

Emotional 64.1% 68.1% 4.0% 65.2% 69.2% 4.0% 

Invitational 68.5% 66.8% -1.7% 69.7% 68.0% -1.7% 

Connectional 87.2% 84.0% -3.2% 88.7% 85.5% -3.2% 

Specificity 
Emotional 95.7% 95.3% -0.4% 58.8% 55.5% -3.3% 

Invitational 95.9% 97.0% 1.1% 61.5% 72.0% 10.5% 

Connectional 91.7% 92.4% 0.7% 19.6% 26.8% 7.2% 

Precision 
Emotional 3.5% 3.4% -0.1% 3.5% 98.8% 95.3% 

Invitational 3.1% 4.1% 1.0% 3.1% 99.2% 96.1% 

Connectional 4.3% 4.6% 0.3% 4.3% 97.8% 93.5% 

F1 
Emotional 6.6% 6.5% -0.1% 6.6% 3.4% -3.2% 

Invitational 5.9% 7.7% 1.8% 5.9% 4.1% -1.8% 

Connectional 8.3% 8.7% 0.4% 8.3% 4.6% -3.7% 
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CHAPTER 3: TERRAIN -DERIVED MEASURES FOR BASIN CONSERVATION  

AND RESTORATION PLANNING  

 
Abstract 

 
Centuries of human development have altered the connectivity of rivers, 

adversely impacting ecosystems and the services provided. Significant investments in 
natural resource projects are made annually with the goal of restoring function to 
degraded rivers and floodplains and protecting freshwater resources. Yet restoration 
projects often fall short of their objectives, in part, due to the lack of systems-based, 
strategic planning. To evaluate channel-floodplain (dis)connectivity and erosion/incision 
hazard at the basin scale, we calculate Specific Stream Power (SSP), an estimate of the 
energy of a river, using a topographically-based, low-complexity hydraulic model. Other 
basin-wide SSP modeling approaches neglect reach-specific geometric information 
embedded in Digital Elevation Models. Our approach leverages this information to 
generate reach-specific SSP-flow curves. We extract measures from these curves that 
describe (dis)connected floodwater storage capacity and erosion hazard at individual 
design storm flood stages and demonstrate how these measures may be used to identify 
watershed-scale patterns in connectivity. We show proof-of-concept using 25 reaches in 
the Mad River watershed in central Vermont and demonstrate that the SSP results have 
acceptable agreement with a well-calibrated process-based model (2D Hydraulic 
Engineering Cent�H�U�¶�V���5�L�Y�H�U���$�Q�D�O�\�V�L�V���6�\�V�W�H�P�� across a broad range of design events. 
While systems-based planning of regional restoration and conservation activities has been 
limited largely due to computational and human resource requirements, measures derived 
from low-complexity models can provide an overview of reach-scale conditions at the 
regional level and aid planners in identifying areas for further restoration and/or 
conservation assessments. 
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3.1. Introduction  

Frequent exchange of water and sediment between rivers and their floodplains 

supports a myriad of biogeochemical, physical, and ecological processes (Opperman et al., 

2010; Tockner and Stanford, 2002b; Ward, 1989; Ward and Stanford, 1995), leading to 

societal benefits that include sediment and nutrient storage (Noe and Hupp, 2009) and 

attenuation of flood waves (Akanbi et al., 1999). However, human activities can vertically 

and/or laterally disconnect the channel from its floodplain, leading to adverse impacts on 

floodplain function and downstream water quality (Blanton and Marcus, 2009; Booth, 

1990; Nilsson et al., 2005; Simon and Rinaldi, 2006). Where floodplains are disconnected 

or channels incised, increased stream power and excessive erosion often lead to unstable 

banks and high nutrient and sediment loads (Booth, 1990; Jones et al., 2000; Kline and 

Cahoon, 2010; Underwood et al., 2021b). These effects can result in degradation of aquatic 

and riparian habitats via changes in water temperature, changes in water chemistry, and 

altered nutrient and sediment transport patterns (Holman-Dodds et al., 2003; Juan et al., 

2020). Channelization and urbanization also increase the flashiness of flooding (Schoof, 

1980; Shankman and Pugh, 1992) and resulting flood hazard ���.�Y�R�þ�N�D�� �H�W�� �D�O������ ����������. To 

�F�R�X�Q�W�H�U�D�F�W�� �W�K�H�V�H�� �H�I�I�H�F�W�V���� �P�D�Q�D�J�H�P�H�Q�W�� �S�O�D�Q�Q�L�Q�J�� �D�S�S�U�R�D�F�K�H�V�� �W�K�D�W�� �S�U�R�P�R�W�H�� �³�U�R�R�P�� �I�R�U�� �W�K�H��

�U�L�Y�H�U�´�� �D�Q�G�� �W�K�H�� �S�U�R�W�H�F�W�L�R�Q�� �D�Q�G�� �U�H�V�W�R�U�D�W�L�R�Q�� �R�I�� �I�O�R�R�G�S�O�D�L�Q�� �F�R�Q�Q�H�F�W�L�Y�L�W�\�� �D�U�H�� �E�H�F�R�P�L�Q�J��

increasingly popular alternatives to more traditional flood mitigation approaches, such as 

dams and levees (Gourevitch et al., 2020; Morris et al., 2005, 2004; Rijke et al., 2012). 

Unfortunately, these river and floodplain restoration efforts are often undertaken in an ad 

hoc manner that may limit their intended contributions (Alexander and Allan, 2007; 
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Hermoso et al., 2012; Roni et al., 2008). Management tools that can rapidly evaluate and 

visualize connectivity status and channel erosion potential over a wide spatial extent 

provide opportunities to maximize the benefits of restoration and conservation efforts.  

Assessing and understanding channel-floodplain connectivity at the basin or larger 

scale is a vital component of river restoration and conservation planning, regardless of the 

specific management goal (e.g., floodplain/river ecosystem health, control of invasive 

species, flood damage risk assessment, reduced sediment/nutrient transport to receiving 

waters). The relationship between connectivity and floodwater storage has been explored 

in the literature (Lane, 2017; Morris et al., 2005, 2004; Wohl, 2017), yet a method for 

quantifying lateral channel-floodplain connectivity at basin scales has eluded most. Flood 

wave attenuation is a proxy for connectivity (Acreman et al., 2003; Ahilan et al., 2018; 

�2�¶�6�X�O�O�L�Y�D�Q�� �H�W�� �D�O������ ������������ �:�R�O�I�I�� �D�Q�G�� �%�X�U�J�H�V���� ����������, but modeling flood wave attenuation 

often requires process-based hydrodynamic models that are costly to develop and apply at 

the basin scale. Watershed sediment and nutrient budgets capture broad-scale processes, 

but the role of connected floodplains, relative to other processes is hard to disentangle 

(Gleason et al., 2007; Grauso et al., 2018; Lane et al., 2009). Wilkinson et al. (2010) 

provide a measure of disconnected storage capacity that may be accessed during larger 

design floods, but their approach relies on engineered features with known volumes. The 

increasing availability of high-resolution topographic datasets and low-complexity 

modeling approaches (Ahmad, 2018; Danielson, 2013; Diehl et al., 2021; Jain et al., 2006; 

Nobre et al., 2011; Reinfelds et al., 2004; Wechsler, 2007; Zheng et al., 2018) offer the 
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potential to examine channel-floodplain connectivity at the basin scale in a more direct, 

and relatively rapid manner. 

Specific stream power (SSP) has been successfully estimated at scale to 

approximate sediment transport characteristics and assess erosion potential and channel 

stability (Bagnold, 1966; Beck et al., 2019; Bizzi and Lerner, 2015; Booth, 1990; Knighton, 

1999; Magilligan, 1992; G. C. Nanson and Croke, 1992; Stacey and Rutherfurd, 2007). 

Watershed-scale models that use SSP to evaluate areas of erosion hazard often use digital 

elevation models (DEMs) in conjunction with basin regression equations for streamflow 

(Ahmad, 2018; Danielson, 2013; Jain et al., 2006; Reinfelds et al., 2004). These DEM-

based models typically use slope and flow accumulation area to provide valuable 

information on the distribution of floodwater energy within a watershed but neglect reach-

specific geometric information. Zheng et al. (2018) describe methods for approximating 

reach geometry from the height above nearest drainage (HAND) maps of Nobre et al. 

(2011) to estimate discharge. Diehl et al. (2021) use a similar method as the basis for their 

low-complexity probabilistic inundation model (probHAND). 

In this manuscript, we leverage the information encoded in DEMs and relative 

elevation products to estimate reach-specific SSP patterns and associated measures that can 

be calculated rapidly across basin scales. We present a method of estimating SSP using a 

low-complexity hydraulic model and compare SSP estimates to those of a calibrated 2D 

hydrodynamic model. Plots of variation in SSP with increasing flow rate at the reach scale 

were used to extract process-form measures of floodplain connectivity and functioning, 

including water storage and fluvial erosion hazard. We hypothesize that such process-form 
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measures may be used as a reasonable alternative to labor-intensive manual geomorphic 

assessment. Since our measures may be rapidly generated over large spatial areas, they can 

serve as a management tool to optimize efforts to enhance lateral connectivity, attenuate 

floodwaters, and reduce fluvial erosion. 

3.2. Methods 

The following sections introduce the study area and describe methods for (i) 

producing curves that describe changes in stream reach SSP with increasing discharge 

using a low-complexity hydraulic model; (ii) verifying low-complexity SSP values using 

a calibrated, process-based model (i.e., 2D HEC-RAS); and (iii) extracting process-form 

measures at the reach scale. 

3.2.1. Study Area 

To illustrate our framework, we chose the Mad River watershed located in central 

Vermont (Figure 3.1), due to the abundance of prior work related to stream geomorphic 

conditions and processes (Ross et al., 2019; Worley et al., 2023) and the availability of a 

well-calibrated 2D HEC-RAS model for assessing our low-complexity model results 

(Seigel, 2021; Worley et al., 2022). Elevations in the Mad River watershed range from 

132m to 1,245m above sea level. Land use is primarily forested, with agriculture and 

village centers concentrated along the valley bottom lands. Our study focused on 25 main 

stem reaches defined by the Vermont Stream Geomorphic Assessment (SGA; see 

Appendix A3.1 along a 38-km stretch of the Mad River.  Reach drainage areas range from 

31.9 to 373-km2. The SGA reach breaks are selected to separate lengths of channel that are 

geomorphically-consistent, meaning they display internally consistent valley confinement, 
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slope, sinuosity, and vertical/lateral connectivity status (Kline et al., 2009; Underwood et 

al., 2021b). Reach slopes range from 1.97% in the steeper confined bedrock-controlled 

gorges to 0.15% in shallower-gradient, unconfined, alluvial settings; reach lengths vary 

from 0.2 to 7.1 km. Of the 25 reaches in the study area, one is impounded and was, 

therefore, excluded from further analysis. Six (24%) are bedrock-controlled, and the 

remaining 18 (72%) are alluvial channels. Reaches vary in their degree of valley 

confinement from 1.3 to 16 times the channel width. Entrenchment ratios varied from 1.13 

to 12. Channel management activities (dredging, straightening, damming, road/berm 

construction, and armoring) that occurred as recently as the mid-20th century have reduced 

access to floodplains in some reaches via encroachment and channel incision (Fitzgerald 

and Godfrey, 2008). 
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Figure 3.1: The Study Area comprises 25 reaches along the main stem of the Mad River 
in central Vermont (dark blue).  The remainder of the river network not included in this 
study is shown as thin, lighter blue lines. Reach labels (M01 through M21) indicate reach 
position in the study area. 

 

3.2.2. Development of SSP-flow curves 

3.2.2.1. Reach-averaged SSP using a low-complexity hydraulic model 

We calculated SSP using the probHAND model, a low-complexity DEM-based 

model that extends the HAND model (Nobre et al., 2011). The probHAND model includes 

a Monte Carlo simulation that accounts for measurement uncertainty and errors associated 

with simplifying assumptions (Diehl et al., 2021). Inputs to the probHAND model 

included: LiDAR-derived DEM rasters (1m resolution), a land-use land-cover (LULC) 

raster layer (1m resolution), stream reach polylines, channel bed grainsize distributions, 
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and design flood flow rate data for each stream reach. Data sources and acquisition dates 

are provided in Appendix A3.2.  

We calculated SSP [watts/m2] as the product of the reach-averaged flow rate (Q 

[m3/s]), reach slope (s [m/m]), and specific weight of water (�Û
L��9,810 [kg/m2s2]), all 

divided by the average channel width (W [m]) of each stream reach: 

 SSP = 
�
�Ê�æ

�Ð
.  (1) 

 
Discharge was calculated using reach-averaged parameters for the Manning 

equation after Diehl et al. (2021). For a given stage (Figure A3.1; see Appendix A3.3), 

reach-averaged discharge was calculated as: 

 �3 
L
�º�Ë

�.
�/
W�¾�æ

�á�â
, (2) 

where A [m2] is the reach-averaged cross-sectional-area of flow, R [m]is the 

hydraulic radius, s [m/m] is the slope calculated from reach length and minimum and 

maximum DEM elevations, and nw [sec/m1/3] is the weighted Manning roughness 

coefficient.  The method of determining A, R, s, and nw is described in Appendix A3.3.  An 

evaluation of the relationship between SSP, Q, and channel geometry is provided in 

Appendix A3.3.1. 

To evaluate whether the assumption of normal depth flow conditions affects SSP 

estimation, we benchmarked the SSP calculated from probHAND using a calibrated two-

dimensional Hydrau�O�L�F���(�Q�J�L�Q�H�H�U�L�Q�J���&�H�Q�W�H�U�¶�V���5�L�Y�H�U���$�Q�D�O�\�V�L�V���6�\�V�W�H�P����HEC-RAS) unsteady 

model of the study area (Seigel, 2021; Worley et al., 2022). We ran the HEC-RAS model 

for 2-, 25-, 50-, 100-, and 500-year design events (Q2, Q25, Q50, Q100, and Q500) and 

exported rasters of SSP for each event. Average SSP was calculated for each reach by 
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averaging the SSP raster within the probHAND Thiessen polygon corresponding to that 

reach (Figure A3.2; see Appendix A3.4). We also calculated reach-averaged channel- and 

overbank-specific SSP values using top-of-bank lines present in the HEC-RAS model to 

separate channel and overbank areas (Figure A3.2; see Appendix A3.4). We compared the 

channel, overbank, and total reach probHAND SSP values to the corresponding HEC-RAS 

SSP values on a reach basis, using root-mean-square error (RMSE) and relative percent 

difference (RPD).  

3.2.2.2. Development of SSP-flow curves 

To visualize how SSP varies with flow of different magnitudes, we plotted 

probHAND SSP versus Q for 100 stage heights between 0 and 10 meters above the channel. 

We normalized Q by the Q2 flow derived from regional flood frequency regressions 

(Olson, 2014) to compare SSP versus Q patterns between reaches. We display normalized 

Q values between zero and six times the Q2 flow rate to highlight flood sizes most 

important in design practice (in this work �± Q2, Q25, Q50, Q100, and Q500). We refer to 

�W�K�H�V�H���D�V���³�6�6�3-�I�O�R�Z���F�X�U�Y�H�V�´���W�K�U�R�X�J�K�R�X�W���W�K�H���U�H�P�D�L�Q�G�H�U���R�I���W�K�H���S�D�S�H�U����Appendix A3.5). We 

separated the SSP-flow curves into channel and overbank areas using the LULC layer 

(Appendix A3.3). 

3.2.3. Development and evaluation of form-process measures 

We relied upon SSP-flow curves to develop three form-process measures that: (i) 

reveal patterns of energy dissipation as flood stage is incrementally increased for each 

channel/floodplain geometry, (ii) estimate connected and disconnected flood water storage 

capacities, and (iii) characterize fluvial erosion hazard relative to a critical SSP threshold. 
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Next, we compared these form-process measures with available reach geomorphic 

information (e.g., categories of valley confinement, incision, and entrenchment and degree 

of built infrastructure encroaching within the floodplain) to correlate patterns with channel-

floodplain geometry. 

3.2.3.1. Characterizing spillover patterns and the design flood at which spillover occurs 

The first measure uses the shape and slope of the SSP-flow curves to characterize 

three types of spillover patterns indicative of the degree and nature of floodplain access 

and associated energy dissipation. The first spillover pattern is characterized by a 

�³�*�U�D�G�X�D�O�´���I�O�D�W�W�H�Q�L�Q�J���R�U���P�R�G�H�V�W���G�U�R�S���L�Q���6�6�3���Z�L�W�K���L�Q�F�U�H�D�V�L�Q�J���V�W�D�J�H���G�L�V�F�K�D�U�J�H�����7�K�H���V�H�F�R�Q�G��

�S�D�W�W�H�U�Q�����U�H�I�H�U�U�H�G���W�R���D�V���³�$�E�U�X�S�W�´���V�S�L�Olover, is characterized by a relatively large change in 

the slope of the SSP-flow curve, indicative of a large decrease in SSP associated with either 

a reduction in Q or discharge that remains nearly constant. The third pattern is characterized 

by a lack of spillover and monotonically increasing SSP (e.g., reach M01 in Appendix 

A3.5). We automated the categorization of the spillover type based on the slope of the SSP-

flow curves (Appendix A3.6). An abrupt spillover was characterized by a very-large-

magnitude slope value. A gradual spillover was characterized by a slope value slightly 

above or below zero. To characterize the frequency of spillover in each reach, we linked 

each spillover event to a flood stage at which spillover first occurs, and called that t�K�H���³�)�L�U�V�W��

�6�S�L�O�O�R�Y�H�U���'�H�V�L�J�Q���)�O�R�R�G�´���� 

3.2.3.2. Classifying floodplain storage capacity 

We calculated floodplain storage capacity of each reach as a specific volume 

capacity [m3/m] �± defined as the total volume in a reach divided by reach length 
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(Castellarin et al., 2011); normalizing by reach length allowed for comparison between 

reaches of different lengths. We then classified two forms of floodplain storage capacity 

based on the SSP-flow spillover patterns. Connected Specific Volume Capacity (CSVC) is 

associated with gradual spillover patterns and suggests natural channel-floodplain 

connectivity. Whenever gradual spillover was identified in a given reach, we calculated the 

floodwater volume of each spillover event and associated these volumes with design floods 

(see Appendix A3.6.1).  

�'�L�V�F�R�Q�Q�H�F�W�H�G�� �6�S�H�F�L�I�L�F�� �9�R�O�X�P�H�� �&�D�S�D�F�L�W�\�� ���'�6�9�&���� �L�V�� �W�K�H�� �Y�R�O�X�P�H�� �R�I�� �D�O�O�� �³�F�O�R�V�H�G��

�W�R�S�R�J�U�D�S�K�L�F�� �G�H�S�U�H�V�V�L�R�Q�V�´��(Lindsay, 2016) below a given flood stage normalized by the 

reach length.  It suggests either natural topographic depressions on the landscape (e.g., 

wetlands) or areas disconnected from the river by unnatural features (e.g., road berms). We 

refer to closed topographic depressions (i.e., low-lying areas below the surrounding 

�W�R�S�R�J�U�D�S�K�\���� �D�V�� �³�S�L�W�V�´�� �I�R�U�� �W�K�H�� �U�H�P�D�L�Q�G�H�U�� �R�I�� �W�K�L�V�� �S�D�S�H�U���� �'�(�0�� �S�L�W-filling is commonly 

performed in low-complexity hydraulic modeling and hydrologic analyses to ensure that 

stream network elevations do not increase from upstream to downstream (Zheng et al., 

2018). To satisfy this constraint, DEM �S�L�W�V���P�X�V�W���E�H���³�I�L�O�O�H�G�´���W�R���W�K�H���S�R�X�U���S�R�L�Q�W�����Z�K�L�F�K���L�V���W�K�H��

lowest point on the terrain boundary draining into the pit (Lindsay, 2016; Nobre et al., 

2011). As a result, pits are replaced with a flat surface equal in elevation to the pour point. 

This surface is subsequently transferred to the HAND elevation raster.  

To estimate the DSVC of each reach, we extracted the DEM pit topography, 

restored that pit-filled floodplain topography to the HAND elevation raster, and finally 

compared this restored topography to flood stages (as done in Section 3.2.2.1 when 



 

83 
 

estimating Q). This process is shown in Figure 3.2. We first identified floodplain locations 

�L�Q���W�K�H���'�(�0���W�K�D�W���Z�H�U�H���³�S�L�W���I�L�O�O�H�G�������)�L�J�X�U�H��3.2, hatched area in panel A) and compared these 

with the original DEMs. The difference in elevation between the original DEM (panel B) 

and the pit-�I�L�O�O�H�G���'�(�0�����S�D�Q�H�O���$�����I�R�U���H�D�F�K���F�H�O�O���L�Q���W�K�H���O�D�Q�G�V�F�D�S�H���U�H�S�U�H�V�H�Q�W�V���W�K�H���³�G�H�S�W�K�´���R�I��

pit filling: any cells with a value greater than 0 (gray shaded plan view areas in panel C) 

were pit filled. Pit-�I�L�O�O�H�G�� �³�G�H�S�W�K�V�´�� �Z�H�U�H�� �H�[�W�U�D�F�W�H�G�� ���)�L�J�X�U�H��3.2, panel E) from the HAND 

elevation raster (panel D) to approximate a HAND elevation raster for the pit-filled areas. 

As with the original HAND raster, any pit topography cells in the HAND raster with an 

elevation less than the inundation stage were considered inundated. Thus, any pit 

topography cells inundated in the updated HAND raster, but not in the original HAND 

raster, were defined as disconnected. The disconnected volume for a given stage (Figure 

A3.3; see Appendix A3.7) is the sum of all disconnected volume(s) below the flood stage.  
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Figure 3.2: Schematic showing the raster math operations used to calculate the volume 
of closed topographic depressions (pits) and restore them to the HAND raster layer.  The 
X-�;�¶���W�U�D�Q�V�H�F�W���U�H�I�H�U�U�H�G���W�R���L�V���L�G�H�Q�W�L�I�L�H�G���L�Q�����&���������7�K�H���S�L�W-filled DEM elevations along the X-
�;�¶ transect are shown in (A); the hatched area represents the pit-filled depths along the 
transect. The original DEM elevations along the X-�;�¶���W�U�D�Q�V�H�F�W���D�U�H���V�K�R�Z�Q���L�Q�����%�������7�K�H��
sample area shown in (C) includes a floodplain area (shaded in grey) that is 
disconnected from the river by a road embankment. The elevations of the HAND raster 
(generated from the pit-filled DEM) along X-�;�¶���D�U�H���V�K�R�Z�Q���L�Q���3�D�Q�H�O���'�������8�V�L�Q�J���D���'�(�0��
raster math operation, from (A), we subtract the original DEM (B) to generate a raster of 
pit-fil �O�H�G���³�G�H�S�W�K�V�´�����S�D�Q�H�O���&���L�Q���S�O�D�Q���Y�L�H�Z�����S�D�Q�H�O���(���L�Q���W�U�D�Q�V�H�F�W���Y�L�H�Z�������)�U�R�P���W�K�H���+�$�1�'��
raster (D) we then subtract the pit-�I�L�O�O�H�G���³�G�H�S�W�K�V�´���D�O�R�Q�J���W�K�H���;-�;�¶���W�U�D�Q�V�H�F�W�����(�����W�R���R�E�W�D�L�Q��
an updated HAND raster with pits restored (F). The red line in panel F represents the 
elevation of the example water surface (represented by the thick blue line in D and F) in 
the pit-filled area if the road embankment was not present.  The disconnected volume of 
this feature for the stage shown in (F) is the volume between the water surface elevation 
(red line) and the estimated HAND topography in the pit-filled area. 
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3.2.3.3. Critical SSP threshold exceedance measure 

Critical SSP threshold values describe energy levels that are related to the potential 

of significant channel bed erosion for alluvial reaches. To assess the erosion hazard for a 

given reach, we compared the in-channel SSP-flow curve to a critical SSP threshold value 

defined in Equation (3). Using pebble count data available from SGA assessments 

(VTANR, 2022), we estimated the critical SSP threshold (SSPcrit) for the 84th percentile of 

the bed grain size distribution (D84) after Ferguson, (2005b): 

 �5�5�2�Ö�å�Ü�ç
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where s is the channel slope, and D50 is the 50th percentile particle diameter in mm 

(Andrews, 1983). The 95% confidence intervals for the D50 and D84 diameters were 

generated from the cumulative grainsize distribution (the horizontal red and yellow arrows, 

Figure A3.4; see Appendix A3.8). The SE around the percentile (p = 50th or 84th) was 

calculated after Eaton et al. (2019) from field survey data as: 
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where N is the number of grains counted during the grainsize survey. 

The upper and lower 95% confidence intervals on the target particle diameter were 

calculated as: 

 �7�%�.
L �L
E�s�ä�{�x�Û�ê�ã, (5) 
 �.�%�.
L �L
F�s�ä�{�x�Û�ê�ã. (6) 
 

Linear interpolation of the cumulative grainsize distribution curve, plotted as 

percentile versus log2(D), provided nominal diameters for the D50 and D84 as well as upper 

and lower 95% confidence intervals (UCL and LCL, respectively) for the D50 and D84. See 
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vertical LOG2(p84,ucl), LOG2(p84), and LOG2(p84,lcl) arrows in Figure A3.4. We used the 

nominal values for D50 and D84 and their respective UCL and LCL to calculate �5�5�2�Ö�å�Ü�ç and 

the approximate upper and lower 95% confidence intervals (UCL and LCL, respectively). 

To assess the hazard of channel bed erosion, we compared the channel SSP at each design 

flood to the critical SSP threshold and its UCL and LCL.  

3.2.3.4. Statistical analysis and qualitative comparisons 

We performed a non-parametric Kruskal-Wallis test ���³�6�F�L�3�\���´������������ to explore the 

relationship of SGA parameters (i.e., Entrenchment and Incision Ratios) with our three 

measures (i.e., SSP Threshold Exceedance, presence/absence of CSVC values > 0, and 

DSVC values > 1.0; Table A3.1) at flows below the Q50. We used a threshold of 1.0 for 

DSVC because small values appeared to be associated with micro-topography and/or noise 

in the DEMs rather than disconnected energy dissipation areas. We disregarded the 

presence of CVSC, DSVC, and Critical SSP threshold exceedances above the Q50 because 

designing for such low-frequency, high-intensity storms is typically outside the scope of 

restoration and conservation projects that these tools are intended to support.  We evaluated 

the importance of the presence of bedrock controls, valley confinement ratio (VC; valley 

width divided by bankfull channel width), entrenchment ratio (ER; flood-prone width 

divided by bankfull width), incision ratio (IR; low bank height divided by bankfull height), 

and road encroachment (Appendix A3.1.1). 



 

87 
 

3.2.4. Computation 

All analyses were performed on a Dell XPS9700 laptop with 64GB of RAM using 

Python 3 and TauDEM 5.3.7 (Tarboton, 2016).  The Python code used in this work is 

available at https://github.com/jeremymatt/terrain_derived_connectivity_measures. 

3.3. Results 

3.3.1. Verification of probHAND SSP estimates 

We observed that the probHAND model systematically overestimated SSP for the 

channel (22.6% RPD on average; Figure 3.3, panel A) and underestimated overbank SSP 

(44.2% RPD on average; Figure 3.3, panel C).  When considering the combined channel 

and overbank estimates, these effects offset each other, and SSP values were similar to the 

HEC-RAS SSP values on average, differing by only 8% RPD (Figure 3.3, panel C). 

Underestimation of probHAND SSP was especially apparent for one reach, M03 (the 

outlier in panels A, B, and C).  However, this reach is impounded by a run-of-river 

hydroelectric dam and was therefore excluded from the RMSE and RPD calculations 

summarized in Figure 3.3, panel D. 

  

https://github.com/jeremymatt/terrain_derived_connectivity_measures
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Figure 3.3: Log-log plots of probHAND specific stream power (SSP) vs. 2D HEC-RAS 
SSP and a table of mean RPD values. Individual panels compare SSP for (A) the channel 
only, (B) the overbank only, and (C) the combined channel & overbank. Channel flow is 
calculated as Qch=Qtotal-QOB.  Each of the blue lines connect estimates for the Q2, Q25, 
Q50, Q100, and Q500 design storms in a single reach. The root mean square error 
(RMSE) values (in red at the top of each plot) and the mean relative percent differences 
presented in (D) exclude results for reach M03 (the outlier reach that falls well below the 
1:1 line in all three plots) which is impounded and controlled by a run-of-river dam. 
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3.3.2. Relationship of process-form measures to channel-floodplain geometry and 

SGA parameters 

3.3.2.1. Spillover patterns and the design event at which spillover occurs 

The frequency and type of spillover shown in the SSP-flow curve reflect presence, 

scale, and (dis)connectivity of floodplain features across the range of study reaches. Of the 

18 alluvial reaches, eight (44%) first experience spillover (Gradual and/or Abrupt) at or 

below the Q50 (Table A3.1) in a portion of the flow regime characterized by lower-

magnitude, higher-frequency floods and VCs greater than five. We use the Q50 as a 

breakpoint between smaller events that are easier to design for, and infrequent events that 

are likely to cause substantial damage regardless of restoration/conservation efforts. Two 

of these eight reaches exhibit both Gradual (Figure 3.4) and Abrupt (Figure 3.5) Spillover. 

The occurrence of spillover at flow rates below the Q50 was positively associated with ER 

at the 95% confidence level (Kruskal-Wallis p=0.020). The remaining ten alluvial reaches 

(56%) did not experience spillover until flows were above the Q100 or Q500 flowrates or 

showed no spillover for the flows tested. This finding suggests a degree of floodplain 

disconnection or limited floodplain presence, given that a much larger event (of lower 

expected frequency) is required to generate spillover. Reaches with No Spillover at any 

stage were closely confined by valley walls and had negligible floodplain extent. With one 

exception, these reaches had VCs less than five. They were also typically located closer to 

the headwaters or classified as transport-dominated reaches with bedrock channel 

boundaries (spillover was not observed in any of the bedrock-controlled reaches). 
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Figure 3.4: A reach exhibiting a pattern associated with gradual energy dissipation 
(each node of the curve represents specific stream power (SSP) and normalized 
discharge (Q) associated with a unique inundation stage, that monotonically increases by 
an increment of 0.1m).  The SSP-flow curve for the entire reach (A) and a green bracket 
outlining automated delineation of a gradual energy dissipation event following the 
method described in Section 2.3.1 with associated connected specific volume capacity of 
81 [m3/m]. Overbank and channel SSP-flow curves are shown in (B) along with reach-
specific critical SSP thresholds.  The red dashed line in (B) marks the critical SSP 
threshold estimated for the D84. The teal band represents the approximate 95% 
confidence limit of the Critical SSP Threshold estimate. The channel SSP-flow curve is 
compared to these thresholds and to design flood flow rates to estimate erosion risk. 
Panel C consists of four plan-view inundation plots (corresponding to the four points 
marked on the curve in panel A) and an orthophoto of a representative portion of the 
reach. The dark blue line in the orthophoto in (C) represents the river channel. 
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Figure 3.5: An example of typical abrupt spillover. The specific stream power (SSP)-flow 
curve for the entire reach is shown in (A).  In (B), SSP has been divided into channel and 
overbank curves; the red dashed line marks the critical SSP threshold estimated for the 
D84. The teal band represents the approximate 95% confidence limit of the Critical SSP 
Threshold estimate. The channel SSP-flow curve is compared to these thresholds and to 
design flood flow rates to estimate erosion risk. Panel C consists of three plan-view 
inundation plots (corresponding to the three points marked on the curve in panel A) and 
an orthophoto of a representative portion of the reach. The dark blue line in the 
orthophoto in (C) represents the river channel.  Between point 2 and point 3 in (A), the 
pit formed by the Route 100 embankment is overtopped, allowing the river to access the 
formerly disconnected floodplain (C3).  This pit dominates the DSVC of 19 [m3/m] shown 
in (A).  This energy dissipation results in a decrease in SSP. 
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3.3.2.2. Floodplain storage capacities 

As expected, floodplain storage capacities were related to confinement status and 

presence/absence of spillover patterns. The CSVC values for our study area range between 

0-200 [m3/m] and between 0-31 [m3/m] for DSVC. These measures appear to be correlated 

with the longitudinal position in the watershed (Figure 3.6). First, the six upstream reaches 

lack either CVSC or DVSC (defined as less than 1 [m3/m]) at the Q50 or smaller and are 

more likely to exceed critical SSP thresholds at smaller, more frequent design storms.  

Conversely, nine of the twelve most downstream alluvial reaches have more than 8 [m3/m] 

DSVC or CSVC at these flows.  These reaches also tend to be less likely to exceed critical 

SSP thresholds at smaller design storms. We found ER to be positively associated with the 

presence of both CSVC (p=0.049) and DSVC (p=0.026) at or below the Q50 (see Figure 

3.7). Incision ratio was not correlated with either DSVC or CSVC (p>0.279; Figure 3.7). 
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Figure 3.6: Framework illustrating the utility of process-form measures to inform river 
management. For each reach (i.e., row in the table to the left), the green and blue 
gradients in left and middle columns of the table reflect the relative connected and 
disconnected specific volume capacities (CSVC and DSVC) respectively.  The yellow, 
orange, and red cells in the right column indicate exceedances of the lower confidence 
limit (LCL), nominal critical specific stream power (SSP) threshold, and upper 
confidence limit (UCL) respectively.  Appendix Table A3.1 provides specific values. Four 
(4) example reaches are highlighted to demonstrate how information in the table may be 
used to identify appropriate interventions. For each example, the SSP-flow curve (with 
labels indicating the type of energy dissipation present) and map of probHAND 
inundation associated with the 500-year flood are provided for context.  The above 
photographs were chosen to best illustrate the restoration or conservation concepts and 
do not necessarily reflect the actual study reach. 
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Figure 3.7: Comparison of Valley Confinement Ratio, Entrenchment Ratio, and Incision 
Ratio to the disconnected specific volume capacity (DSVC), connected specific volume 
capacity (CSVC), and Critical specific stream power (Critical SSP) threshold 
exceedances measures. Reaches were separated into two groups based on presence or 
absence of three measures (CSVC, DSVC, and Critical SSP Threshold Exceedance) at 
discharge less than the Q50. For example, 6 reaches had CSVC below the Q50 threshold, 
and 12 reaches did not.  We disregarded the presence of CVSC, DSVC, and Critical SSP 
threshold exceedances above the Q50. Boxes indicate sample medians and inner quartile 
range (IQR) and whiskers show the max (or min) values within 1.5*IQR above (or below) 
the box.  The Kruskal-Wallis comparison of medians was used to calculate the p values. 
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3.3.2.3. Critical SSP Threshold Exceedance 

For the alluvial study reaches, the highest in-channel SSP values occurred in the 

headwaters (Figures 3.6 and 3.8). Six of the seven confined alluvial reaches with greater-

than-average slopes (0.010 �± 0.018 [m/m]) had higher SSP values than the unconfined 

reaches with shallower slopes. While critical SSP estimated on a reach-by-reach basis 

varied widely, it generally decreased from upstream to downstream (Figure 3.8 and 

Appendix A3.9). The headwater reaches (M17 �± M21) experienced the greatest magnitude 

of threshold exceedances (including UCL exceedances), followed by the most downstream 

reaches (M01 �± M10) which included exceedances of the critical SSP values but not UCL 

exceedances. The mid-watershed reaches (M11 �± M16) exhibited the least erosion hazard 

with no exceedances of the LCL at or below the Q50. Downstream of two bedrock reaches 

(M17 and M18), the slopes of the alluvial reaches flatten substantially (slopes<0.005) 

leading to reduced channel SSP values (Figure 3.8). Certain reaches (i.e., M06, M12, M14, 

M15, and M16) have more well-graded bed compositions (see grainsize distributions in 

Appendix A3.7), which result in wider ranges between the LCL and UCL and more 

uncertainty regarding the actual Critical SSP value (Figure 3.8). The wider LCL/UCL 

ranges were often associated with inputs from major tributaries and proximity to bedrock-

controlled reaches. 
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Figure 3.8: A longitudinal profile of design flood specific stream power (SSP) and SSP 
thresholds for alluvial reaches in the study area.  Reach markers are placed at the mid-
point of the reach as measured along the channel thalweg from the discharge point of the 
study area.  Reach IDs and drainage areas are provided for each of the alluvial reaches. 
The design flood SSP values for each reach are indicated by triangular markers and the 
SSP thresholds are represented by the bar graphs. The locations of the bedrock (BR) 
reaches and the dam-controlled reach are indicated by vertical dotted lines.  The vertical 
blue arrows indicate the location of major tributaries. 
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SSP LCL Threshold exceedances that occur prior to the Q50 design flood tend to 

be associated with a lack of storage volume capacity. Of the eighteen alluvial reaches, ten 

exceed the LCL prior to the Q50; six of these ten reaches (60%) lack connected storage 

capacity (CSVC/DSVC<1 [m3/m]) at these flow rates. Of the other eight alluvial reaches 

that do not exceed the LCL prior to the Q50, only two reaches (25%) have storage 

capacities of less than 9 [m3/m]. While not statistically significant, visual inspection of the 

table in Appendix A3.9 also suggests a relationship between SSP Threshold exceedance 

and Entrenchment Ratio. Of twelve entrenched reaches (ER<3), eight exceed the LCL prior 

to the Q50, while only one of six non-entrenched reaches (ER>3) exceeds a critical SSP 

Threshold prior to the Q50. We also found no significant correlation between IR and 

Threshold Exceedances (p=0.268; Figure 3.7).  

3.4. Discussion 

In this study, we mined information encoded in DEMs to extract process-form 

measures of floodplain connectivity and functioning, including both DSVC and CSVC and 

measures of fluvial erosion hazard that may be calculated rapidly across large scales (e.g., 

watersheds, states, and regions). These measures help to identify and rank the potential of 

improved function of stream reaches for conservation and restoration planning and 

represent a novel use of a new generation of low-hydraulic-complexity topographic-based 

tools (Diehl et al., 2021; Zheng et al., 2018). Increasing availability of high-resolution 

geospatial datasets has supported the development and implementation of these tools at 

broad scales, notably HAND-based approaches for flood mapping and flood hazard 

assessment (Diehl et al., 2021; Gourevitch et al., 2022, 2020). We demonstrate the 



 

98 
 

extended applicability of HAND-based approaches, which may be broadly adopted to 

inform river condition and function.  

Reach-averaged SSP values obtained from probHAND show similar trends to those 

obtained from a calibrated 2D HEC-RAS model, and differences between the two methods 

are likely to not alter the interpretation as applied to broad-scale planning applications 

(Figure 3.3, panel D).  The approach was developed to be applied over broad scales, such 

as the Vermont portion of the Lake Champlain drainage basin (~4,600 square miles or 

~7,400 sq.km) for purposes of reach prioritization and watershed planning. Constructing, 

calibrating, and running 2D HEC-RAS or similar process-based models for these areas is 

highly resource intensive and would likely require years, considering the work necessary 

to parameterize, calibrate, and verify the several models required to cover the same expanse 

of study area.  We found that the low-complexity probHAND results tend to be 

conservative, overestimating channel erosion hazard (Appendix A3.9), a preferred bias for 

broad-scale screening tools. Other metrics, including connected and disconnected volume, 

are based on flood stage (Figure 3.2 and Appendix A3.3.1), and therefore not sensitive to 

differences in SSP.  Once potential restoration or conservation projects are identified using 

our broad-scale screening approach, a given project would proceed through more rigorous 

engineering design that would include process-based hydraulic modeling to verify SSP and 

connectivity trends under various restoration or conservation scenarios. 

Our SSP-flow curves were inspired by Magilligan et al. (1992), who charted shear 

stress across a range of normalized design floods and related these curves to geomorphic 

setting of reaches in southwestern Wisconsin. We have extended this work to develop a 
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method capable of generating reach-specific SSP-flow curves across broad scales for use 

in prioritizing reaches for potential restoration or conservation projects. We improve upon 

other broad-scale SSP assessments (Bizzi and Lerner, 2015; Gartner et al., 2015; 

Marcinkowski et al., 2022) by linking measured channel-floodplain geometry to emergent 

patterns in the SSP-flow curves. Other methods neglect this information resulting from 

interactions between flood stage and channel/floodplain geometry (Ahmad, 2018; 

Danielson, 2013; Jain et al., 2006; Reinfelds et al., 2004). 

3.4.1. Novel use of low-complexity hydraulic models can inform river condition and 

function 

Comparing critical SSP thresholds calculated from channel bed grainsize 

distributions to SSP values associated with design floods provides reach-specific estimates 

of the frequency of channel-altering flows. In addition, the degree of erosion associated 

with a particular event will depend on how long the channel SSPs are elevated above 

critical thresholds (Lisenby et al., 2018; Magilligan et al., 2015). We conjecture that the 

SSP-flow curves may be used to convert hydrographs into reach- and event-specific SSP 

profiles and that the area between the SSP profiles and alluvial erosion threshold(s) may 

provide valuable estimate(s) of the erosion hazard posed by a particular flood profile.  

Channel-floodplain reach configurations and the presence and influence of built 

infrastructure on floodplain conveyance and function may be broadly inferred based on the 

SSP-flow curve patterns (Figures 3.4 and 3.5, Appendix A3.5). Gradual Spillover patterns 

were associated with unconfined settings and wide floodplains that were relatively 

unobstructed by roads, berms, or other infilling development (Figure 3.4C). This 
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unobstructed flow of water onto floodplains was characterized by a gradual dissipation of 

stream energy as the stage increased (Figure 3.4C). Abrupt Spillover patterns (Figure 3.5C) 

also occurred in unconfined settings with wide floodplain. However, this pattern was 

associated with substantial lateral/vertical disconnection between channel and floodplain, 

as signified by ER < 3. Floodplains that experience gradual spillover at smaller First 

Spillover Design Floods have a more frequent exchange of water and sediment between 

the channel and floodplain, all of which are needed to support healthy ecosystem function 

(Diehl et al., 2023; Opperman et al., 2010; Tockner and Stanford, 2002b; Ward, 1989; 

Ward and Stanford, 1995). Conversely, reaches with substantial disconnected floodplain 

areas are likely to have degraded floodplain function. 

Traditionally, pit-filling procedures consider pits as false artifacts that must be 

removed to route flow across the landscape (Lindsay, 2016; Soille, 2004; Wechsler, 2007). 

The more recent method of Aristizabal et al. (2022) includes the topography of pit-filled 

areas in order to improve the accuracy of flood inundation mapping, but we take this a step 

farther by utilizing pit information to highlight zones of DSVC. In the northeastern US and 

other regions where rivers and floodplains have been substantially modified (Blanton and 

Marcus, 2009; Scott et al., 2019), closed topographic depressions within the floodplain 

may be substantial in area and reflect true meso-topography of the landscape as modified 

by infrastructure encroachments. Unlike the method of Wilkinson et al., (2010), our 

method does not rely on known volumes of engineered features and can be applied 

anywhere high-resolution DEMs are available. Restoration of these disconnected areas can 

significantly enhance floodplain functions, especially when evaluated and executed with 
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respect to the larger watershed setting (Knox et al., 2022). In our study area, DSVC was 

typically dominated by larger, often anthropogenic pits, such as floodplains disconnected 

by the Route 100 road embankment.  While values calculated for DSVC may also include 

the volume associated with smaller, often naturally occurring, pits (e.g., oxbow ponds) and 

noise in the DEMs (Lindsay, 2016), in our study, these were insignificant, typically 

accounting for <1 [m3/m] of DSVC in any given reach. 

3.4.2. Broad-scale tools reveal watershed patterns 

The ease with which these reach-based topographic signatures can be generated 

facilitates examination of downstream river dynamics within a watershed, as well as 

comparisons of watershed-scale patterns across regions. Bedrock reaches and dams 

(identified along the top of Figure 3.8���� �U�H�S�U�H�V�H�Q�W�� �³�L�P�S�R�V�H�G�� �F�R�Q�W�U�R�O�V�´�� �R�Q�� �F�K�D�Q�Q�H�O�� �D�Q�G��

floodplain morphology and SSP (Khan et al., 2021; Stanford and Ward, 1993; Wohl, 2021). 

In a longitudinal context, these imposed controls represent fixed elevations or knick points 

that influence slope, sediment volumes, and grain size distributions. In a lateral context, 

these relatively short river reaches represent valley pinch points that influence hydraulics 

of floodwater flows (e.g., causing backwater effects) and cause discontinuities in sediment 

distribution. The intermediate alluvial or mixed reaches (identified along the bottom of 

Figure 8���� �D�U�H�� �W�K�H�Q�� �L�Q�I�O�X�H�Q�F�H�G�� �E�\�� �³�I�O�X�[�� �F�R�Q�W�U�R�O�V�´��(Khan et al., 2021) including tributary 

junctions that deliver water and sediment on variable timings, and development-related 

disturbances including removal of vegetation, encroachment of built infrastructure and 

channel modifications (e.g., straightening, berming). These flux controls interact in 

nonlinear and complex ways to influence channel and floodplain morphology which can 
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in turn influence conveyance of floodwaters and sediment (Diehl et al., 2023; Macnab et 

al., 2006).  

Accordingly, longitudinal patterns in the form-process measures emerged, 

suggesting general thresholds in river behavior and floodplain functions (Church, 2002). 

Exceedance of critical stream power was more common in headwater study area reaches 

(Figure 3.6, Table A3.1), indicating the potential for upstream reaches to serve as a 

production zone of sediment conveyed to depositional downstream reaches. Conversely, 

floodwater storage (both connected and disconnected) was available in reaches 

downstream of the production zone, indicating the initiation of floodplains (Jain et al., 

2008).  

Within our study region, we observed that the presence of connected floodplain 

storage areas correlated positively with VC. This was not unexpected, given the importance 

of valley confinement as a driving variable in the presence and extent of floodplains and 

as an important control on sediment deposition and flooding dynamics (Macnab et al., 

2006; Van Appledorn et al., 2019). More specifically, the presence of floodwater storage 

areas (both connected and disconnected) is positively correlated with entrenchment ratio 

(ER; Figure 3.7). Some reaches are naturally confined by valley walls with negligible 

floodplain expression and therefore exhibit low ERs (<3). Other reaches have wide 

floodplains unconfined by valley walls but also exhibit entrenchment from: (1) built 

infrastructure (e.g., roads, rails, dense development) that encroaches the floodplain, (2) 

deep channel incision relative to its floodplain (so that floods are contained within the 

channel), or (3) a combination of both. In this sense, ER is a measure of both lateral and 
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vertical (dis)connection of a channel to its floodplain, and our workflow provides a method 

to identify this entrenchment condition using remote sensing approaches, rather than labor-

intensive field campaigns. Topographic signatures developed from sufficiently high-

resolution DEMs and fine enough discretization of stage (0.1m in this study), can reveal 

the reach entrenchment condition. Entrenched reaches (ER<3) tend to show monotonically 

increasing SSP with stage, whereas nonentrenched reaches (ER>3) tend to exhibit SSP-

flow curves with gradual or abrupt energy dissipation features corresponding to connected 

or disconnected floodplain storage areas, respectively. 

3.4.3. Limitations and future work  

The sample size used to develop our method and illustrate proof-of-concept is 

admittedly small and represents a subset of floodplain types. Our non-bedrock study 

�U�H�D�F�K�H�V�� �Z�R�X�O�G�� �E�H�� �F�O�D�V�V�L�I�L�H�G�� �D�V�� �³�H�T�X�L�O�L�E�U�L�X�P�� �I�O�R�R�G�S�O�D�L�Q�V�´��by Nanson & Croke (1992), 

characterized by medium SSP (>10-300 [watts/m2]) and non-cohesive boundaries in 

generally unconfined valley settings of moderate to low gradient. Expanded testing of these 

topographically-based signatures across a wider range of geomorphic and hydrologic 

settings is the focus of future work to understand whether our process-form measures will 

correlate to geomorphic metrics in other lower-energy settings.  

There is potential for such process-form metrics to inform and improve reach- to 

watershed-scale routing of floodwaters within broad-scale flood prediction models (e.g., 

the National Water Model). Multi -date lidar or other topographic products could also be 

examined, at relatively low-computational burden, to identify the influence of changing 

conditions over time. Scaling modeling and the accompanying datasets to the basin scale 
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also aids in examining and parsing out complex interactions between reaches and emergent 

system behavior often obscured in site-scale analyses. 

3.4.4. River management implications 

When combined, our process-form measures of floodplain connectivity and 

functioning provide insight into the feasibility of restoration or conservation projects for a 

given reach and can help planners prioritize projects at basin scales:  

1. These measures, when evaluated at the watershed scale, can help identify river 

behavior zones. In the study area, floodplain restoration for floodwater, sediment, 

or nutrient storage would likely be most effective downstream of reach M17 

(greater than approximately 90 km2 of drainage area).  

2. Reaches (i.e., M05, M19A, M19B, and M20; see Appendix A3.9) with SSP-flow 

curves that exceed critical SSP Thresholds at small design floods such as the Q5 

(e.g., Figure 3.6, Note 1), may be good choices for restoration projects either at the 

reach itself or in upstream reaches to attenuate peak flows and dissipate flood 

energy and erosion/incision hazard (Gourevitch et al., 2020; Morris et al., 2005; 

Rijke et al., 2012). 

3. Reaches (i.e., M06, M08, M11, M13, and M15) that have large DSVC accessed at 

small design floods or have CSVC accessed only at moderate design floods (Figure 

3.6, Note 2) may be good choices for channel reconnection (e.g., berm lowering or 

removal; installation of cross-culverts beneath roads) (Morris et al., 2005; Worley 

et al., 2022).  
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4. Reaches with large CSVC that can be accessed at small design floods (i.e., M05, 

M08, M10, M11, M12, and M16) may be most suitable for conservation easements. 

These reaches (e.g., Figure 3.6, Note 3) are likely well-functioning and experience 

frequent water and sediment exchange. If the reach floodplains are currently in use 

by humans (e.g., agriculture, parks), these may also be good choices for restoration 

projects (e.g., planting trees, constructed wetlands) or removal of encroaching 

buildings or infrastructure (Gourevitch et al., 2020; Morris et al., 2005). 3. 

In practice, each of the above proposed actions would require a more detailed 

engineering analysis (and site-specific modeling) to assess whether the value provided by 

the restoration/conservation project outweighs the costs to society and environment and 

whether it addresses stakeholder goals (Rijke et al., 2012; Worley et al., 2023).  

3.5. CONCLUSIONS 

In this study, we mined information on reach-scale river and floodplain character 

and behavior from readily available topographic datasets. We demonstrated that these 

measures can be used to quantify lateral/vertical (dis)connectivity and erosion hazards, 

information essential for targeting natural infrastructure (floodplain restoration and 

conservation) projects that are frequently lacking in watershed-scale planning efforts. 

Because our approach leverages a low-complexity hydraulic model based on 

publiclyavailable datasets with modest computational and setup costs, it can be more 

readily adopted at the regional level. 
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From the development of SSP-flow curves, and application of erosion thresholds, 

to a small watershed, we can conclude the following: 

1. Process-form measures describing channel-floodplain connectivity and fluvial 

erosion hazards can be calculated over a wide geographic area at relatively low 

computational and human labor costs compared to more hydraulically complex 

hydrodynamic models.  

2. Information embedded in DEMs and relative elevation products, such as HAND, 

may be used to describe the condition and function of rivers and floodplains.  

3. The suite of process-form measures presented captures both the natural variability 

imposed by the geomorphic setting, influencing the distribution of floodplain 

storage areas, energy dissipation zones, and fluvial erosion hazards, and the impact 

of built infrastructure and land use, highlighted by disconnected storage areas, 

abrupt spillovers, and high fluvial erosion hazards during regularly occurring 

floods.  

4. Our framework provides a useful measure to help planners choose areas for more 

detailed assessments of project feasibility. Synthesizing these measures into a reach 

classification framework may improve user friendliness for planners. 
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Appendix A3: Chapter 3 Supplementary Information 

A3.1 Vermont Stream Geomorphic Assessment 

A3.1.1 Overview 

Reaches of this study were defined during stream geomorphic assessments 

performed by various practitioners between 2006 and 2018, following protocols 

development by the Vermont Agency of Natural Resources (Kline et al., 2009). These 

Stream Geomorphic Assessment (SGA) protocols were based on methods compiled from 

several sources such as (Harrelson et al., 1994; Knighton, 1998; Montgomery and 

Buffington, 1997; G. C. Nanson and Croke, 1992; Rosgen, 1996; Wolman, 1954), with the 

goal of assessin�J�����X�Q�G�H�U�V�W�D�Q�G�L�Q�J�����D�Q�G���H�Y�D�O�X�D�W�L�Q�J���W�K�H���J�H�R�P�R�U�S�K�L�F���F�R�Q�G�L�W�L�R�Q���R�I���9�H�U�P�R�Q�W�¶�V��

river systems at the scale of hydraulically-consistent reaches. The SGA data were collected 

�L�Q�� �D�� �S�K�D�V�H�G�� �D�S�S�U�R�D�F�K���� �7�K�H�� �3�K�D�V�H�� �,�� �³�:�D�W�H�U�V�K�H�G�� �$�V�V�H�V�V�P�H�Q�W�´�� �L�V�� �D�� �P�R�U�H�� �E�U�R�D�G-brush 

approach to assessment conducted at the basin scale and utilizes map products, existing 

data, and windshield surveys (Kline et al., 2007)���� �3�K�D�V�H�� �,�,�� �³�5�D�S�L�G�� �)�L�H�O�G�� �6�W�U�H�D�P��

�$�V�V�H�V�V�P�H�Q�W�´�� �F�R�Q�V�L�V�W�V�� �R�I�� �I�L�H�O�G�� �P�H�D�V�X�U�H�P�H�Q�W�V�� �F�R�Q�G�X�F�W�H�G�� �D�W�� �W�K�H�� �U�H�D�F�K�� �V�F�D�O�H�� �G�H�V�L�J�Q�H�G�� �W�R��

measure and verify the Phase I data, and gather specific information including stream 

channel bed field measurements (e.g., bankfull width, incision ratio, sinuosity), flow 

modifiers (e.g., stormwater inputs, debris jams), habitat data (e.g., bank stability, bank and 

riparian vegetation, pool substrate), and geomorphic parameters (e.g., degree of 

aggradation, channel adjustment process, stream condition) (Kline et al., 2009).  Reach 

breaks separate lengths of channel that display internally consistent valley confinement, 

slope, sinuosity, and vertical/lateral connectivity status (Underwood et al., 2021b). 
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A3.1.2 Summary of SGA Parameters used in this work 

The following parameters were used in this work and were either obtained directly 

from SGA data sources or were calculated from SGA parameters.  Parameters obtained 

directly from the SGA are indicated by italics.  Descriptions are based on the Phase I (Kline 

et al., 2007) and Phase II (Kline et al., 2009) SGA handbooks. 

1. Bed Sediment Composition: The bed sediment composition was determined by a 

100-point pebble count and consists of seven sediment size classes as detailed in 

Table 2.2 of the SGA Phase II Handbook (Kline et al., 2009).  The sediment size 

classes are bedrock, boulder, cobble, coarse gravel, fine gravel, sand, and silt. 

2. bankfull_maximum_depth: the difference between the bankfull elevation and the 

deepest part of the channel/thalweg. 

3. floodprone_width: the valley width at an elevation of twice the 

bankfull_maximum_depth above the thalweg. 

4. bankfull_width: the width of the stream when it is carrying channel-forming flows 

(flows that occur on an annual or semi-annual basis). 

5. Entrenchment Ratio: floodprone_width/bankfull_maximum_width. 

6. recently_abandoned_floodplain: the elevation of floodplains that were recently 

abandoned (approximately within the last 200 years) measured relative to the 

bankfull_maximum_depth. 

7. Incision Ratio: recently_abandoned_floodplain/bankfull_depth. 

8. reach_length: The length of the reach as obtained from the SGA reach polylines. 
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9. reach_slope: The slope of the reach calculated from the minimum and maximum 

DEM elevations along the SGA reach polyline and reach_length. 

10. road_length_one_side: the length [ft] of reach with roads on only one side within 

6-times the reference reach width. 

11. road_length_both_sides: the length [ft] of reach with roads on both sides within 6-

times the reference reach width. 

12. % Roads: We calculated this value by summing the road_length_one_side and 

road_length_both_sides SGA parameters and dividing by the reach_length.   

13. bed_material: The dominant sediment size in the Bed Sediment Composition 

14. is_in_bedrock_gorge: The reach is dominated by a bedrock gorge. 

15. �%�H�G���7�\�S�H�����:�H���F�R�Q�V�L�G�H�U�H�G���U�H�D�F�K�H�V���W�R���E�H���³�E�H�G�U�R�F�N���F�R�Q�W�U�R�O�O�H�G�´���L�I���W�K�H��bed_material 

�S�D�U�D�P�H�W�H�U���Z�D�V���³�E�H�G�U�R�F�N�´���D�Q�G���R�U���W�K�H��is_in_bedrock_gorge �S�D�U�D�P�H�W�H�U���Z�D�V���³�\�H�V�´�� 

16. P2valley_width: the approximate distance between the toes of the valley walls 

along a reach as estimated from field measurements. 

17. valley_confinement_ratio: P2valley_width/bankfull_width 

18. confinement_type: the actual confinement of the reach taking human modifications 

(e.g., berms, rail roads) into account.  Reaches are classified as NC (narrowly 

confined; confinement_ratio �•�����D�Q�G�������������6�&�����V�H�P�L-confined; confinement_ratio �•����

and <4), NW (narrow; confinement_ratio �•���� �D�Q�G�� ���������� �%�'�� ���E�U�R�D�G����

confinement_ratio �•���� �D�Q�G�������������� �R�U���9�%�����Y�H�U�\���E�U�R�D�G����confinement_ratio �•��0, may 

have abandoned terraces on one or both sides). 
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19. erosion_length: the cumulative length of all raw/barren soil areas on either side of 

the channel. 

20. bank erosion %: Calculated as erosion_length divided by twice the reach_length 

21. stream_type: the existing stream type based on stream classification systems from 

the literature (Montgomery and Buffington, 1997; Rosgen, 1996; Schumm, 1977). 

22. State_Wide_Condition: a geomorphic condition evaluation based on reach 

condition (e.g., land use, channel and floodplain modifications, degree of departure 

from State-wide reference conditions), the presence of channel adjustment 

processes, and reach sensitivity (e.g., of the valley, floodplain, and/or channel). 

Correlations between our measures and valley_confinement_ratio, Entrenchment 

Ratio, Incision Ratio, and % Roads are discussed in more detail in the main text.  In 

addition, the following relationships were observed in the study area: 

1. The reaches with higher percentages of bank erosion (>20%) tended to have higher 

Disconnected Specific Volume Capacities. 

2. F-type stream reaches in alluvial channels were more likely to exceed the critical 

SSP LCL at the Q50 or lower than alluvial reaches of other types. 

3. �1�R�Q�H�� �R�I�� �W�K�H�� �U�H�D�F�K�H�V�� �Z�L�W�K�� �D�� �³�J�R�R�G�´�� �R�U�� �³�U�H�I�H�U�H�Q�F�H�´��State_Wide_Condition had 

Disconnected Specific Volume Capacity 
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A3.2 Data Sources 

The DEMs were derived from lidar flights conducted in 2016 (VCGI, 2016), and 

were subsequently hydro-enforced using a manual procedure to remove barriers to flow 

such as culverts and bridges (Underwood et al., 2021a).  The land use land cover (LULC) 

layer is based on 2013-2017 LiDAR and 2016 orthoimagery data (VT-OGP, 2016).  The 

reach polylines (and associated reach breaks) and the geomorphic data come from 

�9�H�U�P�R�Q�W�¶�V���6�*�$���G�D�W�D�E�D�V�H��(VTANR, 2022).  The design storm flow rates were generated 

using the U.S. Geologic Survey StreamStats application and the downstream end of the 

reach as the accumulation point (Ries III et al., 2017).  In the Vermont region, StreamStats 

relies on the regression equations of (Olson, 2014) to estimate design storm peak 

discharges. 

A3.3 Calculation of reach-averaged discharge and SSP 

To estimate reach-averaged values of A, R, and nw for increasing stage, we first 

generated a HAND elevation raster (Nobre et al., 2011); slope remained constant for all 

stages. The modeled domain was discretized into individual reaches defined by stream 

geomorphic assessments completed by others (VTANR, 2022). We generated Thiessen 

polygon rasters by associating landscape areas with the nearest stream reach thalweg 

(based on Euclidean distance). For each reach, any HAND raster cell with a normalized 

elevation value less than a specified HAND elevation (i.e., flood stage) was defined as an 

inundated cell, and the cell-specific inundation depth was calculated by subtracting the 

�F�H�O�O�¶�V���+�$�1�'���H�O�H�Y�D�W�L�R�Q���I�U�R�P���W�K�H���V�W�D�J�H�����)�R�U���D��given stage, the inundated surface area (SA 

[m2]; Figure A3.1, panel A) was calculated as the raster cell area times the number of 
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inundated cells. The reach floodwater volume (V [m3]) was calculated as the cell area times 

the sum of the inundation depths. Estimates of A, R, and W were calculated from SA, V, 

and L using the relationships in Figure A3.1; relationships between SA, V, Q, and SSP are 

explored in Appendix A3.3.1. The stage-specific Manning roughness coefficient, nw, was 

estimated from the land use and land cover (LULC) layer as a volume-weighted average 

(based on the volume of water above each inundated land type) following the method of 

Diehl et al. (2021).  
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Figure A3.1: Schematic of a reach, treated as a single unit (A) and separated into 
�F�K�D�Q�Q�H�O���D�Q�G���R�Y�H�U�E�D�Q�N���D�U�H�D�V���X�V�L�Q�J���W�K�H���/�8�/�&���O�D�\�H�U�����%���������&�H�O�O�V���P�D�S�S�H�G���D�V���³�Z�D�W�H�U�´���L�Q���W�K�H��
LULC were classified as channel, and all other LULC categories were classified as 
overbank.  The inundated Surface Area (SA), derived from the HAND elevation raster, 
includes any cell with a HAND value less than the chosen inundation stage.  The depth of 
inundation over each cell may be calculated by subtracting the HAND value from the 
selected inundation stage.  The product of the cell area times its inundation depth 
summed over all cells is referred to as the Inundation Volume (V).  The reach-average 
cross-sectional-Area of flow (A) is the V divided by the length of the reach (L).  The table 
summarizes the formulas for calculating hydraulic radius, reach-averaged cross-
sectional area of flow, and reach-averaged width of flow as a function of volume, surface 
area, and length. 
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A3.3.1 SSP and reach-averaged discharge in terms of Surface Area and Volume 

To explore the relationships between SSP, discharge, and channel geometry, we 

reduce the equations for Q (1) and SSP (2) to proportionality relationships in terms of 

surface area (SA) and volume (V).  We first estimate area of flow (A), hydraulic radius 

(R), and average width (W) as follows: A=V/L, W=SA/L, and R=V/SA where the input 

parameters are volume of inundation (V), reach length (L), and surface area of inundation 

(SA) as shown in Figure A3.1.  The formula for R assumes that the hydraulic radius is 

equal to the hydraulic depth; this assumption is best for wide, shallow channels. For a 

rectangular cross-section, the value of R begins to deviate substantially from the hydraulic 

radius for width-depth ratios less than approximately 20:1.  We plug these expressions into 

the Manning and SSP equations, collecting the specific weight of water (�Û), L, and reach 

slope (s) because these terms that are constant for all depths.  Because n varies weakly with 

depth (compared to SA and V), we assume it to be constant as well. 
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We then substitute the Manning equation for Q in the SSP equation.   
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The proportionality relationship in Equation 4 shows that the change in SSP is 

related to the change of floodwater volume in the reach relative to the change of floodwater 

surface area in the reach.  For example, when the flooded surface area is increasing faster 

than the floodwater volume (e.g. when water is spilling onto a floodplain), SSP calculated 

with this method will decrease.  Equation 5 shows that using this method of calculating Q, 

flow rate can also decrease if surface area increases faster than volume.  However, since 

surface area is raised to the 2/5 power, Q only decreases if a relatively large area becomes 

flooded for a small increase in floodwater volume (e.g., when water spills into an area of 

substantial pitfilling). 
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A3.4 Reach-averaged SSP from HEC-RAS 

We extracted spatially-explicit SSP values from the calibrated (Seigel, 2021; 

Worley et al., 2022) 2D HEC-RAS model for the 2-, 25-, 50-, 100-, and 500-year design 

floods (Q2, Q25, Q50, Q100, and Q500). The 2D HEC-RAS model produced SSP 

[watts/m2] values on a cell-by-cell basis as the product of velocity [m/sec] and shear stress 

�>�N�J���P�Â�V�H�F2], and then interpolated these per-cell SSP values to generate 0.7-meter raster 

grids of SSP (Worley et al., 2022).  The output rasters were down-sampled to match the 

1m resolution of the probHAND SSP rasters. Because the 2D HEC-RAS model includes 

small areas of instability that can result in implausible SSP values, we applied a threshold 

of 50,000 [watts/m2]. Values that exceeded this threshold were replaced with not-a-number 

(NAN).  The Thiessen rasters, generated during the probHAND simulation, were used to 

associate each pixel of the SSP raster with a given reach, and a reach-averaged SSP value 

was calculated (Figure A3.2). We repeated this process for each modeled design storm.  

We used top-of-bank lines in the 2D HEC-RAS model to generate separate estimates of 

channel and overbank SSP. 
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Figure A3.2: Conversion of the raw 2D HEC-RAS SSP raster from spatially-explicit 
values to reach-averaged values based on the Thiessen raster layer. 
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A3.5 SSP-flow curves and inundation extents 

SSP-flow curves for each reach at 0.1m stage intervals between zero and ten times 

the Q2 flow rate are available for download from Github: 

https://github.com/jeremymatt/terrain_derived_connectivity_measures/tree/main/Supple

mentary%20Plots/SSP-flow%20curves 

To generate SSP-flow curves separately for overbank and channel flow, we first 

used the LULC to divide the flood volume V and flood surface area A into overbank and 

�F�K�D�Q�Q�H�O�� �V�S�H�F�L�I�L�F�� �Y�D�O�X�H�V���� �� �:�H�� �F�R�Q�V�L�G�H�U�H�G�� �D�O�O�� �³�Z�D�W�H�U�´�� �/�8�/�&�� �F�H�O�O�V�� �W�R�� �E�H�� �³�F�K�D�Q�Q�H�O�´�� �D�Q�G��

�D�V�V�L�J�Q�H�G���D�O�O���R�W�K�H�U���F�H�O�O�V���W�R���³�R�Y�H�U�E�D�Q�N�´�������1�H�[�W�����Z�H���H�V�W�L�P�D�W�H�G���R�Y�H�U�E�D�Q�N���I�O�R�Z�����4OB) using the 

overbank V and A values using the same method we used to estimate total reach flow (Q).  

We estimated the channel flow as QCH=Q�±QOB.  Note that due to the method assumptions 

used to estimate the hydraulic radius (R) and the Manning roughness coefficient (n), 

�4�•�4OB+QCH if Q, QOB, and QCH are calculated separately.  We observed that calculating 

QCH directly using the Manning equation resulted in larger Q values.  After comparing 

these results to the HEC-RAS SSP results (as in Section 3.3.1), we determined that the 

difference method provided channel SSP estimates that more closely matched HEC-RAS. 

  

https://github.com/jeremymatt/terrain_derived_connectivity_measures/tree/main/Supplementary%20Plots/SSP-flow%20curves
https://github.com/jeremymatt/terrain_derived_connectivity_measures/tree/main/Supplementary%20Plots/SSP-flow%20curves
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A3.6 SSP-flow curve slope thresholds 

To identify Gradual Spillover events on the SSP-flow curves, we first normalized 

SSP between [0-1] and then calculated the slope of the normalized SSP-flow curve.  To 

identify potential events, we compared these curves to a slope threshold of 0.6.  Potential 

�*�U�D�G�X�D�O���6�S�L�O�O�R�Y�H�U���H�Y�H�Q�W�V���Z�H�U�H���P�H�U�J�H�G���L�I���W�K�H���³�J�D�S���V���´���E�H�W�Z�H�H�Q���S�R�W�H�Q�W�L�D�O���H�Y�H�Q�W���V�����Z�H�U�H���O�H�V�V��

than 20% of the Q2 flow rate. Based on visual inspection of the plan-view maps of 

inundation for each stream reach, events with slopes that dipped only slightly below the 

potential threshold did not appear to be associated with substantial energy dissipation. 

Thus, we filtered (i.e., discarded) all potential energy dissipation zones with slopes that did 

not dip below 15% of the potential threshold. To identify instances of abrupt spillover, we 

�L�G�H�Q�W�L�I�L�H�G���O�R�F�D�W�L�R�Q�V���Z�K�H�U�H���W�K�H���D�E�V�R�O�X�W�H���V�O�R�S�H�V���H�[�F�H�H�G�H�G�������������R�I���W�K�H���³�S�R�W�H�Q�W�L�D�O�´���W�K�U�H�V�K�R�O�G���� 

These threshold values were chosen subjectively based on the spillover we 

observed in the study area.  We expect that the choice of spillover thresholds may prove to 

be a tunable parameter in our model (likely with a noise/detail tradeoff) where planners 

may choose thresholds that are more or less restrictive based on their needs.  However, we 

leave a sensitivity analysis of these parameters to future work, preferably in a larger study 

that includes reaches over a wider range of geomorphic settings. 

A3.6.1 Calculation of Connected Specific Volume Capacity 

To calculate the floodwater volume associated with a Gradual Spillover event, we 

first determined the floodwater volume in the reach at two flow rates.  The first event is the 

flow rate where spillover onto the floodplain begins (i.e., where the SSP-flow curve flattens 

�R�X�W������ �� �7�K�H�� �V�H�F�R�Q�G�� �H�Y�H�Q�W�� �L�V�� �W�K�H�� �I�O�R�Z�� �U�D�W�H�� �Z�K�H�Q�� �W�K�H�� �I�O�R�R�G�S�O�D�L�Q�¶�V�� �F�D�S�D�F�L�W�\�� �W�R dissipate 
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floodwater energy has been exhausted (i.e., where the SSP-flow curve begins to rise more 

steeply).  The difference between these two volumes is the floodwater volume for a given 

Gradual Spillover event.   We associated these volumes with each design storm by 

summing the volumes of all Gradual Spillover events with flow rates less the design storm 

�I�O�R�Z���U�D�W�H�������:�K�H�Q���D���G�H�V�L�J�Q���V�W�R�U�P�¶�V���I�O�R�Z���U�D�W�H���I�H�O�O���E�H�W�Z�H�H�Q���W�K�H���I�O�R�Z���U�D�W�H�V���E�R�X�Q�G�L�Q�J���D���*�U�D�G�X�D�O��

Spillover event, only the volume below the design storm flow rate was associated with that 

design storm. 
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A3.7 Sample plan view of pitfilling 

Figure A3.3: Plan view of the process of calculating disconnected storage volume on a 
sample section of the reach from Figure 4.  Two substantial closed topographic 
depressio�Q�V�����³�S�L�W�V�´�����D�U�H���S�U�H�V�H�Q�W���L�Q���W�K�L�V���D�U�H�D�����V�H�H���W�K�H���3�L�W�I�L�O�O�H�G���'�H�S�W�K���S�D�Q�H�O�V���������$�W���W�K�H��
2.50m inundation depth neither of the pits to the west of Route 100 are inundated.  
However, the 2.50m depth of inundation is above the base of the southern pit filled area 
and the Route 100 embankment limits inundation.  This shows up as disconnected 
floodplain.  At the 3.25m inundation depth, the southern pit filled area has been 
overtopped and is no longer identified as disconnected.  However, the deepest portion of 
the northern disconnected area is now below the flood stage and is identified as 
disconnected.  The Specific Volume Capacity [m3/m] for each design flood is the volume 
of pit filling below the design flood stage divided by the reach length. 
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A3.8 Determination of grain size percentiles 

Figure A3.4: Schematic showing the D84 and associated upper confidence and lower 
confidence limits (UCL and LCL, respectively) from an example cumulative grainsize 
distribution curve using linear interpolation. The UCL and LCL percent-smaller values 
are calculated as the 95% confidence interval based on the number of grains counted 
during the field survey. 

 

Actual grainsize distributions for the alluvial study area reaches showing 

determination of the LCL, nominal, and UCL values for the D84 and D50 grain sizes are 

available for download from Github: 

https://github.com/jeremymatt/terrain_derived_connectivity_measures/tree/main/Supple
mentary%20Plots/Grainsize%20Distributions 
 
  

https://github.com/jeremymatt/terrain_derived_connectivity_measures/tree/main/Supplementary%20Plots/Grainsize%20Distributions
https://github.com/jeremymatt/terrain_derived_connectivity_measures/tree/main/Supplementary%20Plots/Grainsize%20Distributions
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A3.9 Summary table of SGA parameters and results 

Table A3.1 (Part 1/3): Summary table of SGA parameters and First Spillover Design 
Storm.  Table A3.1 is available in excel format here: 
https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supple
mental%20Table%20S1.xlsx 

 
  

Nominal 
D84 [mm]

length
[km] Slope

Confine-
ment

Bed 
type ER IR

% 
roads Gradual Abrupt

M01 373 --- 1.7 0.006 --- Bedrock --- --- --- --- ---
M02 370 --- 0.8 0.020 --- Bedrock --- --- --- --- ---
M03 368 --- 1.1 3E-04
M04 365 118 2.8 0.002 SC (3.6) Alluvial 1.58 1.4 100% --- ---
M05 360 125 3.0 0.002 NW (5.1) Alluvial 3.04 1.6 100% Q2 ---
M06 342 196 0.8 0.002 SC (6.1) Alluvial 1.72 1.7 92% Q100 Q2
M07 339 --- 0.2 0.018 --- Bedrock --- --- --- Q100 ---
M08 329 155 0.5 0.004 SC (7.6) Alluvial 2.60 2.6 88% Q5 Q100
M09A 326 --- 0.4 0.013 NC (5.6) Bedrock --- --- 94% --- ---
M09B 326 161 0.5 0.005 BD (5.6) Alluvial 1.28 1.8 45% --- >Q500

M10 300 --- 2.9 0.002 --- Alluvial 12 1.3 --- Q2 ---
M11 249 132 7.1 0.003 VB (15) Alluvial 5.93 1.8 29% Q2 ---
M12 211 319 2.2 0.003 BD (6.9) Alluvial 8.56 1.6 30% Q5 ---
M13 149 147 1.8 0.003 BD (16) Alluvial 3.72 1.6 47% --- Q100
M14 143 374 0.7 0.004 SC (3.3) Alluvial 1.13 1.0 14% Q500 ---
M15 141 238 2.6 0.005 BD (13) Alluvial 5.37 1.4 55% --- Q25
M16 118 278 2.5 0.005 BD (7.1) Alluvial 1.24 2.1 90% Q25 ---
M17 96.3 213 0.4 0.006 NC (1.3) Bedrock --- --- 91% --- ---
M18 89.4 170 0.7 0.017 NC (1.3) Bedrock --- --- 51% --- ---
M19A 71.5 128 0.6 0.010 NW (4.0) Alluvial 1.21 2.0 100% >Q500 ---
M19B 69.9 186 0.5 0.010 SC (4.0) Alluvial 1.29 2.8 85% --- ---
M20A 49.7 195 1.1 0.018 NW (4.3) Alluvial 1.47 1.0 19% --- ---
M20B 47.1 210 0.7 0.011 NW (4.3) Alluvial 2.79 1.2 0% Q500 ---
M20C 46.4 236 1.1 0.016 NW (4.3) Alluvial 2.22 1.7 0% --- ---
M21 31.9 200 0.8 0.015 NC (6.6) Alluvial 1.27 1.5 42% --- ---

First Spillover 
Design Flood

ID

SGA Parameters

KEY (SGA Parameters):
    Drainage Area from Stream Stats at downstream end of reach
    --- = Value missing, not calculated, or not reported for bedrock reaches
    IR = Incision Ratio: Bold italics = IR>1.4 (incised)
    ER = Entrenchment Ratio: Bold italics = ER<3 (entrenched)
    Confinement types (Confinement Ratio in parentheses):
        NC (narrowly confined); SC (semi-confined); 
        NW (narrow); BD (broad); VB (very broad)

Drainage 
Area 

[sq.km.]

Dam-ControlledDam-Controlled

https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supplemental%20Table%20S1.xlsx
https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supplemental%20Table%20S1.xlsx
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Table A3.1 (Part 2/3): Summary table of (Dis)Connected Specific Volume Capacity.  
Table A3.1 is available in excel format here: 
https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supple
mental%20Table%20S1.xlsx 

 
  

Q2 Q5 Q25 Q50 Q100Q500Q2 Q5 Q25 Q50 Q100Q500
M01 0 0 0 0 0 0 0 0 0 0 1 1
M02 0 0 0 0 0 0 0 0 0 0 0 0
M03
M04 0 0 0 0 0 0 0 0 0 0 0 1
M05 33 33 33 33 33 33 2 3 3 3 3 3
M06 0 0 0 0 12 200 6 13 14 14 16 19
M07 0 0 0 0 12 14 0 0 0 0 0 0
M08 0 5 21 42 85 85 0 0 2 4 8 9
M09A 0 0 0 0 0 0 0 0 0 0 0 0
M09B 0 0 0 0 0 0 0 0 2 6 11 31

M10 56 56 56 56 56 56 3 3 3 3 4 6
M11 59 81 81 81 81 81 4 7 10 10 10 11
M12 0 21 87 96 96 96 0 0 1 1 1 1
M13 0 0 0 0 0 0 1 3 10 15 19 22
M14 0 0 0 0 0 31 0 0 0 0 0 1
M15 0 0 0 0 0 0 0 4 9 9 9 10
M16 0 0 18 30 30 30 0 0 0 1 1 2
M17 0 0 0 0 0 0 0 0 0 0 0 0
M18 0 0 0 0 0 0 0 0 0 0 0 0
M19A 0 0 0 0 0 0 0 0 0 0 0 0
M19B 0 0 0 0 0 0 0 0 0 0 0 0
M20A 0 0 0 0 0 0 0 0 0 0 0 0
M20B 0 0 0 0 0 3 0 0 0 1 1 1
M20C 0 0 0 0 0 0 0 0 0 0 0 0
M21 0 0 0 0 0 0 0 0 0 0 0 0

ID

KEY (Specific Volume Capacity):
    Specific Volume Capacity shading:
        Green = Connected
        Red = Disconnected

Dam-Controlled

Disconnected Specific 

Volume Capacity [m3/m]

Connected Specific Volume 

Capacity [m3/m]

https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supplemental%20Table%20S1.xlsx
https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supplemental%20Table%20S1.xlsx
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Table A3.1 (Part 3/3): Summary table of Critical SSP Thresholds and channel SSP 
values derived from the probHAND and HEC-RAS at design storm flow rates.  Table 
A3.1 is available in excel format here: 
https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supple
mental%20Table%20S1.xlsx 

 
  

LCL Nom. UCL Q2 Q5 Q25 Q50 Q100Q500 Q2 Q5 Q25 Q50 Q100Q500
M01 --- --- --- --- 259 377 607 691 812 1114 179 --- 314 386 439 671
M02 --- --- --- --- 1033 1524 2341 2740 3318 4416 1026 --- 1841 2462 2611 3282
M03
M04 170.02 282.08 467.98 Q25 93 131 204 236 274 369 70 --- 133 164 191 303
M05 77.893 204.2 411.23 Q5 72 96 140 162 178 233 69 --- 113 139 162 255
M06 139.37 397.16 1271.4 Q100 58 82 113 128 143 178 40 --- 107 128 146 206
M07 --- --- --- --- 1297 1798 2943 3477 3966 5282 705 --- 1422 1731 2016 3274
M08 272.47 421.38 651.66 Q25 163 228 339 384 424 534 115 --- 213 256 289 407
M09A --- --- --- --- 743 1122 1696 2015 2347 3257 324 --- 679 848 1005 1715
M09B 318.67 505.07 746.97 Q25 182 283 436 493 579 755 94 --- 145 158 168 200

M10 34* 300** --- --- 46 60 81 91 101 127 32 --- 67 75 81 100
M11 143.04 264.27 488.22 Q50 73 97 127 140 156 199 77 --- 93 105 114 154
M12 374.02 827.63 1779 >Q500 90 130 185 210 230 298 78 --- 136 170 189 293
M13 238.09 379.35 604.43 >Q500 59 83 125 147 158 202 77 --- 82 105 115 164
M14 360.32 877.63 1895.5 Q500 106 151 243 290 327 448 103 --- 164 227 258 472
M15 420.09 741.36 1478.5 >Q500 122 181 248 274 316 382 124 --- 156 201 219 330
M16 417.93 842.08 1706.7 Q500 112 173 276 314 359 464 129 --- 177 239 262 398
M17 280.51 538.7 1078.4 Q25 156 223 360 426 496 696 87 --- 179 248 274 458
M18 106.95 233.63 567.79 Q2 490 678 1117 1362 1541 2216 998 --- 1031 1380 1474 1944
M19A 117.04 206.86 365.61 Q2 196 309 484 551 656 881 825 --- 1007 1151 1226 1425
M19B 247.85 413.39 689.45 Q5 191 304 471 578 672 946 169 --- 272 387 418 597
M20A 295.71 507.11 747.57 Q2 367 532 788 931 1082 1559 192 --- 361 519 612 827
M20B 530.33 732.96 1013 Q500 133 200 300 350 410 563 121 --- 256 347 394 503
M20C 490.71 722.8 1367.3 Q25 261 399 651 767 945 1268 157 --- 333 483 553 744
M21 405.04 591.03 838.87 Q25 191 276 440 517 557 766 256 --- 489 673 772 998

Critical SSP Threshold
[watts/m2] Critical 

SSP 
Storm

Channel SSP (HEC-RAS)

[watts/m2]

Dam-Controlled

Channel SSP (probHAND)

[watts/m2]

ID

KEY (SSP Thresholds):
    * = 34 [watts/m2] from Bizzi & Lerner (2015)
    * = 300 [watts/m2] from Magilligan et al. (1992)
    Channel SSP Shading
        Yellow = Exceeds LCL
        Orange = Exceeds nominal critical SSP
        Red = Exceeds UCL
        Gray = No grainsize data & no SSP thresholds

https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supplemental%20Table%20S1.xlsx
https://github.com/jeremymatt/terrain_derived_connectivity_measures/blob/main/Supplemental%20Table%20S1.xlsx
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CHAPTER 4: THERAPEUTIC PSYCHEDELIC PATTERNS - AN 

UNSUPERVISED TIMESERIES INVESTIGATION  

 

 

Abstract 

Depression affects as many as 350 million people worldwide and costs over $200 
billion per year in the US alone. At the same time, conventional treatments for depression 
have limited effectiveness, especially for people with major depressive disorders. 
Psychedelic-assisted therapy (PAT) is a promising treatment for depression, but little is 
known about the patterns of interaction between patient and therapist over the course of 
treatment. Before the effect of different types of interactions can be studied, the patterns of 
interaction in these treatment sessions must first be identified. In this work, we conducted 
an exploratory lexical analysis over three phases of psychedelic-assisted therapy, the 
preparatory phase to ready the patient for dosing, the dosing day, and the post-dosing 
integration phase where the patient works to incorporate what they learned during the 
dosing-day experience into their daily life. We first generated time series from automated 
transcription of therapy sessions by finding the prevalence of clinically relevant word 
corpuses in each decile. Next, we used an unsupervised clustering method known as the 
Kohonen Self-Organizing Map (or SOM) to identify similar groupings of time series. 
Lastly, we compared these clusters to ousiometric measures (ousiometry has been defined 
�D�V�� �³the study of essential meaning in whatever context that meaningful signals are 
communicated�´�������7�L�P�H���V�H�U�L�H�V���S�O�R�W�V���U�H�Y�H�D�O�H�G���G�L�I�I�H�U�H�Q�F�H�V���L�Q���S�D�W�W�H�U�Q�V���R�I���O�H�[�L�F�R�Q���X�V�D�J�H���D�Q�G��
ousiometric sentiment over conversational time between the PAT sessions, and the 
ousiometric analysis of the PAT lexicon showed similarities with patterns in English 
fiction. The SOM clustering revealed patterns connecting ousiometric measures to word 
corpus trends. Finally, plots of ousiometric sentiment by conversational decile revealed 
patterns of sentiment over conversational time for the dosing-day sessions. Our exploratory 
analysis revealed meaningful patterns of lexicon usage and ousiometric measures, and 
showed that these measures, coupled with unsupervised clustering of these conversational 
time series, are valuable tools for investigating the patterns in these therapy sessions. 
Lastly, our work suggests a number of avenues for future work. 
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4.1. Introduction  

In the US, 26.8 million people (8.1% of the adult population) suffer from depression 

and approximately 80% of these people reported that their depression caused at least some 

difficulty with work, social, or family activities. (Brod�\���H�W���D�O�������������������³�8���6�����&�H�Q�V�X�V���%�X�U�H�D�X��

�4�X�L�F�N�)�D�F�W�V���´���Q���G����. The economic cost of depression is high. The burden of depression was 

estimated to be approximately $5,700 per patient or $210 billion in total for 2010 due to 

costs including disability (close to 400 million days per year, more than most other physical 

and mental ailments), suicide, prescription drugs, and increased medical needs and these 

costs are increasing (Greenberg et al., 2015). This health issue is not limited to the US. 

Worldwide, as many as 350 million people suffer from depression (Smith, 2014). Of the 

26.8 million US adults who were treated for depression, approximately 20% 

(approximately 5.4 million people) are treated for severe depression (Olfson et al., 2016), 

and this number is increasing with the impacts being disproportionately borne by low 

income individuals, women, and people with other serious medical conditions (Yu et al., 

2020). Furthermore, as many as 30-50% of patients treated with a standard antidepressants 

fail to reach full remission (Souery and Trivedi, 2006). 

Psychedelic-assisted therapy (PAT) is a promising treatment for depression and 

anxiety (Carhart-Harris et al., 2018; Griffiths et al., 2016; Rosa et al., 2022; Ross et al., 

2016). While the question of how PAT treats depression and anxiety is still an active area 

of study (Carhart-Harris, 2019), psilocybin can produce feelings of connectedness, awe, 

and oneness.  These feelings, which may counteract the feelings of disconnection 

associated with certain psychiatric disorders, particularly depression, have been suggested 
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as a potential treatment mechanism (Carhart-Harris et al., 2017). Therapeutic use of 

psilocybin also appears to be connected to heighted brain plasticity and entropy that may 

facilitate revision of high-level prior beliefs (Carhart-Harris and Friston, 2019). 

Despite the promise of PAT sessions, little is known about the patterns of 

interaction between patient and therapist during the course of treatment or how those 

patterns may affect treatment success. Using automatically-generated transcripts, we have 

analyzed the prevalence of relevant corpora over narrative time and used an unsupervised 

time series clustering method to search for meaningful patterns (Figure 4.1). The corpora 

used in this work are past, present, and future temporal referents (Ross et al., 2020), 

uncertainty terms (Gramling et al., 2021), social connectivity (Linge et al., 2022), symptom 

terms (Ross et al., 2020), and first-person singular, first person plural, and 2nd/3rd person 

pronouns (Miner et al., 2022). Last, we compared clusters based on word corpora to three 

ousiometric measures, power, danger, and structure (Dodds et al., 2023; Fudolig et al., 

2023).  
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Figure 4.1: Data flow and analysis overview 

 

 
4.2. Methods 

4.2.1. Participants and Study Design 

The Safety and Efficacy of Psilocybin in Cancer Patients With Major Depressive 

Disorder study was designed to study the use of psilocybin in a therapeutic setting and was 

a Phase II, single center, fixed dose, open label trial (Agrawal et al., 2023). The participant 

inclusion criteria include being 18 years or older, diagnosed with malignant cancer and a 

major depressive disorder, and not currently taking anti-depressants or medical cannabis 

(Maryland Oncology Hematology, PA, 2021). The study originally included 30 
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participants, 24 of whom consented to having their recorded therapy sessions used for 

further research. The 25mg dose used in this study was sufficiently large to produce 

mystical-type experiences (Vollenweider et al., 1999). 

The therapy sessions can be divided into three phases, preparation (two sessions), 

dosing (one session), and integration (two sessions). Each patient contributed up to five 

individual audio-visual recordings and three group recordings. We included only 

individual visits because group visits tended to be of lower audio quality and often included 

some participants who chose not to participate in this analysis. Therefore, the dataset 

consists of a total of 116 recorded conversations (Table 4.1). 
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Table 4.1: Summary of number of recordings for PAT study phases 

  # Recordings 
Description Phase Individual  Group 

Preparation 
day 1 

24 0 

Preparation: the purpose of this stage is for 
therapists and participants to establish how best 
to support the participants' "set" (intention, 
mindset) and "setting" (environmental conditions, 
norms for interaction). The second preparation 
day included a group session with 3-4 
participants and their therapists. 

Preparation 
day 2 21 2 

Dosing 24 0 

Dosing Day: the participant receives and 
experiences the effects of psilocybin over an 8-
hour period with the therapist seated or kneeling 
near them to be available for emotional or 
physical needs (e.g., reassurance, snacks, water, 
walking to the restroom). 

Integration 
day 1 

23 2 
Integration: the purpose of the integration stage is 
for participants to explore how best to bring what 
they learned during the psilocybin experience 
into their daily life. The group visits involved the 
same participants as the group visits during the 
Preparation Stage 

Integration 
day 2 

24 2 

Total 116 6  
 

4.2.2. Automated Transcription 

The audio recordings used in this work consist of highly sensitive protected 

healthcare information. Because we were unable to find a commercial transcription service 

that was compliant with the Institutional Review Board (IRB) protocol for this project, we 

used the Whisper-Timestamped package (Louradour, 2023) to automate transcription of 

audio extracted using a UVM-owned workstation. This workstation was also used for all 

subsequent data processing. To comply with IRB requirements, Bitlocker was enabled on 

the data drive and both the local administrator account and Bitlocker were secured with a 

randomly generated 30+ character passphrase consisting of upper- and lower-case letters, 

numbers, and special characters. The Whisper-Timestamped package uses the output of 
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OpenAI Whisper (Radford et al., n.d.) to estimate a timestamp for the start and end of each 

word. We �X�V�H�G�� �W�K�H�� �³�P�H�G�L�X�P�´�� �:�K�L�V�S�H�U�� �P�R�G�H�O��(https://huggingface.co/openai/whisper-

medium) in this work.  

The audio recordings included background noise, primarily from the white noise 

generators used for patient privacy. To reduce this noise, we used the log Minimum Mean 

Square Error speech enhancement/noise reduction filter implemented in the python 

logmmse package. We spot-checked the transcripts against the audio and found the quality 

of the transcripts and the accuracy of the timestamps to be acceptable; however, we 

�R�E�V�H�U�Y�H�G�� �W�K�D�W�� �:�K�L�V�S�H�U�� �Z�R�X�O�G�� �R�F�F�D�V�L�R�Q�D�O�O�\�� �³�J�H�W�� �V�W�X�F�N�´�� �D�Q�G�� �U�H�S�H�D�W�� �S�U�H�G�L�F�Wed phrases for 

substantial portions of the transcripts. These repeated phrases are a known weakness of 

complex transcription models such as �:�K�L�V�S�H�U���D�Q�G���D�U�H���U�H�I�H�U�U�H�G���W�R���D�V���³�K�D�O�O�X�F�L�Q�D�W�L�R�Q�V�´ (Bain 

et al., 2023; Field et al., 2023; Zhang et al., 2023). In the PAT study recordings, 

hallucinations were often triggered by music played during the dosing day, and by longer 

pauses in the conversations in general (e.g., when the conversation paused while the patient 

wrote in their journal); but sometimes it was not obvious what triggered the hallucinations.  

For example, it is not clear why the initial transcription of the conversations in Appendix 

A4.1 failed completely.  

We �I�R�X�Q�G���W�K�D�W���V�H�W�W�L�Q�J���W�K�H���³�F�R�Q�G�L�W�L�R�Q�B�R�Q�B�S�U�H�Y�L�R�X�V�B�W�H�[�W�´���I�O�D�J���W�R���)�D�O�V�H���K�H�O�S�H�G��reduce 

the number of hallucinations without noticeably sacrificing transcription quality. To further 

reduce the incidence of hallucinations, we automated a method for identifying where these 

repeated phrases occurred (Appendix A4.1), and then iteratively re-transcribed just these 

sections of the audio to help remove the hallucinations. After re-transcription was 

https://huggingface.co/openai/whisper-medium
https://huggingface.co/openai/whisper-medium
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performed for each hallucinatory section of transcript, any newly transcribed text was 

inserted into the transcript and the entire transcript was re-checked for hallucinations; new 

hallucinatory text was flagged for re-transcription. For the first re-transcription cycle, the 

audio associated with each hallucinatory (repeated) section of the transcript were passed 

into Whisper for re-transcription. During each subsequent re-transcription cycle, the audio 

segments requiring transcription were split into either three minute (second re-

transcription) or 30-second (third re-transcription) sub-segments to avoid passing identical 

audio segments to Whisper that it had previously failed to transcribe.  We set the number 

of re-transcription steps to three because the incidence of hallucinations appeared to be 

relatively stable (Appendix A4.1.1). 

Any remaining repeated phrases in the transcripts were excluded from subsequent 

analysis.  Similarly, any transcribed text predicted when both the patient and therapist were 

out of the room was excluded from analysis (under the assumption that these words were 

�O�L�N�H�O�\���W�R���E�H���³�K�D�O�O�Z�D�\�´���F�R�Q�Y�H�U�V�D�W�L�R�Q�V���X�Q�U�H�O�D�W�H�G���W�R���W�K�H���W�K�H�U�D�S�\��session). In cases where the 

recording for a therapy session was split into multiple parts (e.g., when the patient and 

therapist left to attend a group session), we merged the transcripts for parts 1 and 2 into a 

single transcript. This was done because the break tended to occur later in the conversation 

(after approximately 70% of the words had been spoken, on average) leading to relatively 

short part 2 transcripts and because the duration of the remaining conversation (after the 

breaks) was highly variable (between 1% and 40% of the conversation). 
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4.2.3. Time series Generation 

To generate time series data of each �³word�  ́corpus - temporal referents (Ross et 

al., 2020), uncertainty terms (Gramling et al., 2021), social connectivity (Linge et al., 

2022), symptom terms (Ross et al., 2020), and pronouns (Miner et al., 2022) - we used 

regular expressions to find the locations (the word-indices) in the transcripts of all phrases 

in each corpus. �1�R�W�H���W�K�D�W���Z�K�L�O�H���Z�H���U�H�I�H�U���W�R���W�K�H�V�H���D�V���³�Z�R�U�G�´���F�R�U�S�R�U�D�����V�R�P�H���R�I���W�K�H���H�O�H�P�H�Q�W�V��

are multi-word phrases.  Next, we found the number of in-corpus �³�Z�R�U�G�V�´ for each decile 

of the conversation and divided by the total number of words per decile. This results in a 

time series of corpus proportion per decile over narrative time (Appendix A4.2) with 

narrative time being measured by number of words spoken. The same process was used to 

assign the power, danger, and structure ousiomeasures (Appendix A4.3) to the transcript 

words and to generate ousiometric time series. 

4.2.4. Self-Organizing Clustering (SOM) Clustering 

A self-organizing map (SOM; Figure 4.2) is an unsupervised learning method that 

groups similar samples near to each other on a user-specified (often 2D) grid (Kohonen, 

1990). Each input sample (in this work, each time series is a sample) passed into the 

network is compared to a vector of weights (of the same length as the input time series) 

that have been assigned to every node in the grid. We used a 10x10 toroidal grid in this 

work, with each weight initially assigned to a random number between 0 and 1. The node 

with the smallest Euclidean distance between its weights and the sample values (the 

winning node) is determined.  The weights in the vector associated with the winning node 

(and, to a lesser degree, the nodes in the surrounding neighborhood) are then updated to be 
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more similar to the current input sample values. A square neighborhood function was used.  

Initially, the neighborhood size consisted of approximately ¼ of the grid nodes.  This was 

decreased linearly over the course of training until only the winning node was updated for 

the last training epochs. Over many training iterations, this weight update procedure has 

the effect of making different portions of the grid more similar to groups of similar input 

samples. We trained a separate SOM for each of the five-word corpora and each of the 

three ousiometric axes. Each SOM was trained for 500 epochs (i.e., 500 iterations).   
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Figure 4.2: Schematic showing an overview of the SOM. The input time series are 
compared to the weights of each node in the SOM grid using the Euclidean distance 
measure. The winning node (in dark grey) is the node that best matches (i.e., most similar 
to or minimum Euclidean distance) the input time series. 

 
After training was complete, each sample was assigned to a final �³winning�´��node 

along the 2D toroidal grid. We used agglomerative clustering (from the Scikit Learn python 

package) with Ward linkage to group the SOM nodes into 2 through 10 clusters. This 

algorithm iteratively merges clusters while minimizing the within-cluster sum of squares 

until the user-defined number of clusters is reached. We then assigned each time series 

sample to a cluster based on the node it was assigned to.   

For each clustering, we calculated the Calinski-Harabasz score, the Davies-Bouldin 

score, and the Silhouette score functions in Scikit-Learn (Pedregosa et al., 2011) to evaluate 

cluster quality and the optimal number of clusters. To assess cluster stability, we ran the 

SOM clustering code with 4 random initializations and compared the resulting clusters.  

For 2 through 5 clusters, we evaluated each of the six pairs of SOM clustering runs (e.g., 
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Run A and Run B). To accomplish this comparison, we first mapped the clusters from Run 

A to the clusters from Run B based on where the samples landed in the Run B clusters.  For 

example, if most samples from Cluster 0 of Run A (Cluster A0) ended up in Cluster B1, 

we mapped A0 to B1.  We also mapped the Run B clusters to the Run A clusters.  Next, 

we checked if these mappings were 1:1 (e.g., A0�Î B2, A1�Î B2, A2�Î B1 is not a valid 1:1 

mapping because both A0 and A1 map to B2 and no Run A cluster maps to B0).  If neither 

the A�Î B nor the B�Î  were invalid for any of the six SOM clustering run pairs, we 

�F�R�Q�V�L�G�H�U�H�G���W�K�D�W���F�O�X�V�W�H�U�L�Q�J���W�R���E�H���³�X�Q�V�W�D�E�O�H�´�������,�I���E�R�W�K���W�K�H���$�Î B and B�Î A mappings were 

valid for all six pairs of SOM clustering runs, we consi�G�H�U�H�G���W�K�H���F�O�X�V�W�H�U�L�Q�J���W�R���E�H���³�V�W�D�E�O�H�´����

If neither of the above conditions were true, we co�Q�V�L�G�H�U�H�G�� �W�K�H�� �F�O�X�V�W�H�U�L�Q�J�� �W�R�� �E�H�� �³��-way 

�V�W�D�E�O�H�´�����H���J�������D���Y�D�O�L�G�����������P�D�S�S�L�Q�J���F�R�X�O�G���E�H���I�R�X�Q�G���L�Q���D�W���O�H�D�V�W���R�Q�H���G�L�U�H�F�W�L�R�Q���I�R�U���D�O�O���S�D�L�U�V���E�X�W��

at least one pair could only be mapped in one direction).  For SOM run pairs that were 

�³�V�W�D�E�O�H�´���R�U���³��-�Z�D�\�� �V�W�D�E�O�H�´���� �Z�H���F�D�O�F�X�O�D�W�H�G���W�K�H���5�D�Q�G���6�F�R�U�H���X�V�L�Q�J���W�K�H���V�F�L�N�L�W-learn function 

(Pedregosa et al., 2011).   

 
4.2.5. Ousiograms 

Ousiometric measures (ousiomeasures) are scales of essential meaning or sentiment 

along which common words are rated (Dodds et al., 2023). These scales are often grouped 

in sets of three orthogonal axes to form a 3D framework for the placement words. Many 

such frameworks have been proposed, including valence-arousal-dominance (VAD), 

goodness-energy-structure (GES), and the power-danger-structure (PDS) framework used 

in this work. The VAD axes of Bradley and Lang (1999) were developed based on surveys 

where approximately 32,000 words were rated along a variety of axes using a 5-point Likert 
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scale. Dodds et al. (2023) then applied singular value decomposition and rotation to the 

VAD axes to generate orthogonal axes that they refer to as power-danger-structure (see 

Appendix A4.3) .  Despite some uncertainty about the meaning and terminology used to 

label PDS axes (see below), we elected to use the power-danger-structure axes because, 

based on the word separation in the power-�G�D�Q�J�H�U�� �S�O�D�Q�H�� ���H���J������ �³�S�R�L�Q�W�O�H�V�V�´���� �³�G�H�S�U�H�V�V�H�G�´����

�³�V�K�L�W�W�\�´���� �H�W�F�����L�Q�� �W�K�H�� �Z�H�D�N���G�D�Q�J�H�U�R�X�V�� �T�X�D�G�U�D�Q�W���� �D�Q�G�� �³�F�R�Q�I�L�G�H�Q�F�H�´���� �³�U�H�O�L�D�E�O�H�´���� �³�Y�H�U�\��

�S�R�V�L�W�L�Y�H�´���� �³�E�O�H�V�V�L�Q�J�´���� �H�W�F���� �L�Q�� �W�K�H�� �V�W�U�R�Q�J���V�D�I�H�� �T�X�D�G�U�D�Q�W������ �W�K�H�V�H�� �D�[�H�V�� �D�S�S�H�D�U�� �W�R�� �V�H�S�D�U�D�W�H��

emotional states that may be clinically relevant.  Figure A4.11 visualizes where certain 

words plot on the power-�G�D�Q�J�H�U���D�[�H�V�������)�R�U���H�[�D�P�S�O�H�����³�W�R�[�L�F�´�����³�P�X�U�G�H�U�H�U�´�����D�Q�G���³�E�O�R�R�G�E�D�W�K�´��

�D�U�H���D�O�O���K�L�J�K���G�D�Q�J�H�U���Z�R�U�G�V�����Z�K�L�O�H���³�V�R�I�W�Q�H�V�V�´�����³�V�H�U�H�Q�L�W�\�´�����D�Q�G���³�Q�D�W�X�U�D�O�´���D�U�H���O�R�Z���G�D�Q�J�H�U�����V�D�I�H�U����

�Z�R�U�G�V�������6�L�P�L�O�D�U�O�\�����³�F�R�Q�T�X�H�U�L�Q�J�´�����³�Y�L�F�W�R�U�L�R�X�V�´�����D�Q�G���³�W�U�L�X�P�S�K�´���D�O�O���K�D�Y�H���D���K�L�J�K���V�F�R�U�H���D�Oong 

�W�K�H�� �S�R�Z�H�U�� �D�[�L�V���� �Z�K�L�O�H�� �³�V�R�U�U�R�Z�´���� �³�I�H�H�E�O�H�´���� �D�Q�G�� �³�Y�R�L�G�´�� �D�O�O�� �D�U�H�� �O�R�Z�� �S�R�Z�H�U�� ���Z�H�D�N���� �Z�R�U�G�V������

Dodds et al. (2023) define structure in thermodynamic terms, where low structure is akin 

to a frozen (rigid) state. In using this thermodynamic analogy (e.g., from the simulated 

annealing of metals), we have found it helpful to think of labels along the structure axis as 

moving from low (ordered) structure to high (random) structure. Therefore, words like 

�³�V�W�H�D�G�\�´���� �³�G�L�S�O�R�P�D�W�´���� �³�S�U�R�W�R�F�R�O�´���� �D�Q�G�� �³�V�W�R�Q�H�´�� �D�U�H�� �O�R�Z�� �V�W�U�X�F�W�X�U�H�� �Z�K�L�O�H�� �Z�R�U�G�V�� �O�L�N�H��

�³�H�[�F�L�W�D�E�O�H�´�����³�F�R�Q�I�H�W�W�L�´�����³�J�L�J�J�O�H�V�´�����D�Q�G���³�S�Dni�F�´���D�U�H all high structure words. Ousiograms are 

2-dimensional histograms plotted on two ousiometric axes (e.g., power and danger) and 

show the distribution of sentiment in a word corpus in the plane defined by the selected 

axes. We constructed ousiograms in the power-danger, power-structure, and danger-
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structure planes using data from all 116 PAT transcripts with the Seaborn python package. 

Marginal distributions are plotted along each axis. 

4.2.6. Pattern Exploration 

In searching for patterns, we first generated plots for all time series data, using both 

the PAT session day and the SOM clusters to group the data. These plots include 95% 

confidence intervals (in grey shading) and mean values (red dots) for each decile. Next, we 

superimposed the PAT session day and ousiometric sentiment averaged over the entire 

length of a conversation (two types of information not used to cluster the time series) on 

the SOM grid. Last, we generated power-�G�D�Q�J�H�U���R�X�V�L�R�J�U�D�P���³�G�H�F�L�O�H���F�O�R�X�G�V�´�����,�Q���W�K�H�V�H���S�R�L�Q�W��

clouds, each point represents the average power and danger for one decile in a single 

session for one patient. Points are color-coded by decile.  

4.3. Results 

4.3.1.  SOM Cluster Results 

For the cluster quality measures, the goal is to maximize the Calinski-Harabasz and 

Silhouette scores and minimize the Davies-Bouldin score. Based on these scores, selecting 

either two or three clusters was often most reasonable. But it should be noted that the 

Silhouette scores were poor (generally in the 0.15 to 0.25 range) indicating overlap in the 

clusters.  In general, the clustering was not robust; this is confirmed by the stability analysis 

(Table 4.2), which shows that five of the eleven parameters (1st Person Plural, 2nd/3rd 

Person, Structure, Present, and Social Connection) did not result in stable groupings for 

any number of clusters.  For the three-cluster case, only Power, Future, and Uncertainty 

produced stable cluster groupings.  
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Table 4.2: �6�X�P�P�D�U�\���R�I���F�O�X�V�W�H�U���V�W�D�E�L�O�L�W�\���U�H�V�X�O�W�V�������³�6�W�D�E�O�H�´���L�Q�G�L�F�D�W�H�V���W�K�D�W���W�Z�R-way 
mappings (Section 4.2.4) could �E�H���I�R�X�Q�G���I�R�U���D�O�O���6�2�0���U�X�Q���S�D�L�U�V�������³��-�Z�D�\�´���P�H�D�Q�V���W�K�D�W���D�W��
least one SOM run pair could only be mapped in one direction, but all pairs could be 
mapped in at least one direction.  The median, minimum, and maximum Rand scores are 
�S�U�R�Y�L�G�H�G���I�R�U���W�K�H���³�6�W�D�E�O�H�´���D�Q�G���³1-�:�D�\�´���F�O�X�V�W�H�U�V�� 

  
# Clusters 

2 3 4 5 
1st Person 

Plural  Unstable Unstable Unstable Unstable 

1st Person 
Singular 

1-Way 
62(56-86) 

Unstable Unstable Unstable 

2nd/3rd Person Unstable Unstable Unstable Unstable 

Power Stable 
84(71-95) 

1-Way 
85(73-95) 

Unstable Unstable 

Danger 
1-Way 

85(73-95) Unstable Unstable Unstable 

Structure Unstable Unstable Unstable Unstable 

Past 
1-Way 

72(55-92) Unstable 
1-Way 

72(55-92) Unstable 

Present Unstable Unstable Unstable Unstable 

Future 1-Way 
72(55-92) 

Stable 
71(65-79) Unstable Unstable 

Social 
Connection 

Unstable Unstable Unstable Unstable 

Uncertainty 
1-Way 

82(70-92) 
1-Way 

77(58-97) Unstable 
1-Way 

77(75-91) 
Key     

1-Way:  
Mapping between SOM clusters only valid in one direction 
(i.e., there exists a mapping from A to B but not from B to 
A) 

Unstable:  
Unable to find valid mapping between at least one pair of 
SOM clusters 

Rand Score (%):  median (minimum-maximum) 
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Despite the instability, some patterns do emerge when the PAT session is overlain 

�R�Y�H�U���W�K�H���6�2�0���F�O�X�V�W�H�U�V�����H���J�������)�L�J�X�U�H�����������������:�K�L�O�H���W�K�H���³�S�D�V�W�´���F�O�X�V�W�H�U���U�X�Q�V���Z�H�U�H���Q�R�W���V�W�D�E�O�H���I�R�U��

three clusters, the patterns shown in Figure 4.3 were typical of three of the four SOM runs. 

Figure 4.3: SOM clusters generated from the past time series curves overlain by PAT 
session.  Note that Preparation-day 1 recordings tend to fall in Cluster 2 (19/23 are in 
Cluster 2), the dosing-day recordings tend to fall in Cluster 1 (18/24), only 3/23 
Integration-day 1 and 4/24 Integration-day 2 recordings fell in Cluster 1, and that only 
25/30 recordings in Cluster 0 were one of the Integration days. 
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4.3.2. Time series Patterns 

When the input time series grouped by the PAT study session day, we observed 

differences in patterns between study day for the 1st person plural, 2nd/3rd person, past, 

present, future, and uncertainty corpora as well as the power and structure ousiomeasures. 

We did not observe strong patterns in the time series for 1st person singular or social 

connectivity corpora or in the danger ousiomeasure (e.g., Figure A4.12). The past-tense 

time series are shown in Figure 4.4; time series for future, power, and danger can be found 

in Appendix A4.4. Based on visual inspection, the Preparation session 1 curves have higher 

variance in deciles 1 through 5, and lower variance in deciles 6 through 10. The shape of 

the dosing-day time series appears to be lower at the start of the conversation and higher 

towards the end with higher variance in the middle (deciles 5-7). We also observed 

differences in the shapes of the time series for all corpora and ousiomeasures when grouped 

by the SOM clusters they generated (e.g., the SOM trained on the past-tense time series 

was used to cluster the past-tense sessions). Using the past-tense verbs as an example 

(Figure 4.5), clusters 1 and 2 appear to approximately mirror each other, with cluster 1 

having an upward trend and cluster 2 having a downward trend. Cluster 0 also appears to 

have a downward trend, but has higher decile means than cluster 2. 
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Figure 4.4: Time series plots of past-tense speech by conversational decile 
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Figure 4.5: Time series plots of past-tense speech averaged over conversational deciles 
and grouped by SOM cluster number. Conversations were clustered using the SOM grid 
trained on the time series data generated from uncertainty corpus. Note the visual 
differences. Cluster 0 appears to have a higher and relatively constant variance, while 
cluster 1 has more variance after decile 5, and cluster 2 appears to have more variance 
around decile 4. In addition, cluster 1 appears to be increasing after decile 5, while 
cluster 2 appears to be trending downward. 

 
 
4.3.3. Ousiograms 

Ousiograms constructed using all 116 PAT transcripts show a distinct similarity to 

those constructed from collected works of English fiction (Figure 4.6). Based on a visual 

comparison, the overall shapes and locations of the 2D histograms align well, as do the 

locations of the peaks. Along the danger axis (e.g., the vertical axis of subplot G, Figure 

4.5, panel A, and the corresponding axis in Figure 4.5, panel B), both the PAT transcripts 

and the works of English fict�L�R�Q�� �H�[�K�L�E�L�W�� �D�� �³�V�D�I�H�W�\�� �E�L�D�V�´��(Dodds et al., 2023), where the 
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highest histogram peaks are located in lower danger portions of the axis (i.e., the marginal 

power distribution exhibits a right skew). For power and structure (horizontal and vertical 

axes of panels B and C, respectively), the histogram peaks are generally centered on the 

neutral axes. 

Figure 4.6: Comparison of ousiograms generated from works of English fiction (A) and 
from the automated PAT study transcripts (B). Panel (A) shows subplots G, H, and I from 
Figure 4 of Dodds et al., (2023), and is copied here for comparison. In panels (A) and 
(B), the central plots are two-dimensional histograms with darker colors showing higher 
peaks. Marginal distributions are shown along the axes. Note: The similarities in both 
shape and distribution between the works of English fiction (A) and the PAT transcript 
data (B) for all three planes. 
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4.3.4. Decile Clouds 

�7�K�H���³�G�H�F�L�O�H���F�O�R�X�G�V�´ we generated are scatterplots where each point represents the 

average power and danger for one decile in a single session for one patient. The point color 

represents the conversation decile. When we separated the decile clouds by SOM cluster, 

most word corpora produced a cloud that included points with lower average power (e.g., 

Cluster 1 in Figure 4.7). The clouds based on past-tense speech SOM clusters (Figure 4.7) 

are typical. These deciles with low-power points occur earlier in the sessions and appear to 

have a negative correlation with danger. The deciles with lowest power sentiment tend to 

have higher danger. From Dodds et al., (2023), words in the lower power, higher danger 

quadrant tend to be negative/fearful (e.g., depressed, decayed, suffering, mistreated, 

abused, suicide, shitty, disloyal, dislocated, abandoned, decayed, sorrow; Figure A4.11). 

When we inspected the cluster membership, we found that these low-power sentiment 

deciles were exclusively from dosing days. 

  



 

157 
 

Figure 4.7: Power-danger ousiomeasures planes for the past-tense study time series 
clustered by the SOM into three groups (panels A, B and C). The power and danger 
sentiment data have been averaged (and color-coded) on a conversation decile basis. The 
�E�O�X�H���D�U�U�R�Z���S�R�L�Q�W�V���W�R�Z�D�U�G���W�K�H���³�G�D�Q�J�H�U�R�X�V-�Z�H�D�N�´���S�Rrtion of the power-danger plane 
(Dodds et al., 2023). 

 
 
 

4.4. Discussion & Future Work  

The distinct patterns that show up when the past-tense time series curves are 

grouped by session day suggests that different sessions have distinct conversational arcs 

(Figure 4.3). For example, based on a cursory review of the PAT therapy recordings, we 

noted that the beginning of first preparation sessions tended to include discussions of the 

�S�D�W�L�H�Q�W�¶�V���P�H�G�L�F�D�O���K�L�V�W�R�U�\�����Z�K�L�F�K���H�[�S�O�D�L�Q�V���W�K�H���K�L�J�K�H�U���S�U�R�S�R�U�W�L�R�Q���R�I���S�D�V�W���V�S�H�H�F�K���W�K�D�W���D�S�S�H�D�U�V��

early in those time series. In contrast, the early portions of the dosing-day recordings 

included more future-tense discussion (Figure A4.13) of what the patient should expect 

and less past-tense speech.  As the dose took effect, the proportion of future tense speech 

decreased.  Toward the middle/end of the dosing-day recordings, the patient would often 

begin to recount what they had experienced while under the effect of the psilocybin, 

resulting in an increase in past-tense speech. The proportion of future-tense speech also 
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increased again toward the end of the dosing-day sessions as the patient and therapist began 

�W�R���G�L�V�F�X�V�V���W�K�H���X�S�F�R�P�L�Q�J���L�Q�W�H�J�U�D�W�L�R�Q���V�H�V�V�L�R�Q�V���D�Q�G���D�U�U�D�Q�J�H�P�H�Q�W�V���W�R���K�D�Y�H���W�K�H���S�D�W�L�H�Q�W�¶�V���V�X�S�S�R�U�W��

person arrive to take the patient home.  These particular patterns are expected and are of 

less interest than the hypothesis that they confirm, which is that this method of time series 

analysis can reveal real underlying patterns within the PAT transcripts.   

Clustering methods such as the agglomerative algorithm used to group the SOM 

nodes will always return clusters, regardless of whether those clusters are meaningful. That 

differences over narrative time appear when grouped by clusters of SOM nodes suggests 

that there may be meaningful differences between the transcripts in the PAT study.  

However, results of the clustering quality and stability analysis suggest that the clustering 

methods described in this chapter may not be the best analysis tool.  First, it is possible that 

a different time series clustering method may produce more distinct clusters.  Second, the 

SOM weights are local averages of the data which may mask the presence of outliers 

(Vesanto and Alhoniemi, 2000), and the outlier conversations may be exactly the 

conversations most in need of investigation.  Last, the PAT study conversations may exist 

on a spectrum rather than being a set of discrete archetypes; if this is the case, clustering 

may not be effective regardless of the algorithm chosen.  Future work should include 

investigation of the applicability of alternate clustering methods and input features to see 

if meaningful clusters can be found. 

The similarity of the ousiograms constructed from the PAT lexicon to those 

constructed from English fiction lexicon is potentially interesting because fiction is 

generally structured with a dramatic plotline that, in general, includes a beginning, 
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tension/conflict rising to a climax, followed by resolution. While ousiograms are an 

average over an entire body of text and do not include a time component, that the time-

averaged PAT lexicon, which was not intentionally structured to include these elements, 

appears to fit within this same framework suggesting that ousiometry may be a useful tool 

for investigating patterns of interaction in therapy sessions. Future work could include 

comparing the PAT ousiograms to more specific ousiograms; for example, ousiograms for 

a specific PAT study session or for a particular patient could be compared to a more specific 

type of written work (e.g., romance or horror). 

While the lexicon-average ousiograms in Figure 4.5(B) wash out patterns that may 

exist in conversational time and between PAT session days, the decile clouds (Figure 4.7) 

hint that such patterns may exist. In particular, the decile clouds reveal patterns (e.g., the 

potential negative correlation between danger and power for points with lower power 

sentiment) that are not apparent from other data visualizations. While a low-power trend at 

the start of some of the dosing-day conversations is apparent in the per-session time series 

curves (Figure A4.14), the associated correlation with higher power is not visible in the 

time series curves (Figure A4.15).  To expand on the decile clouds, different summary 

statistics could be used to generate the decile clouds (e.g., the average power and danger 

values could be replaced by max, min, median, and so on).  It also may be able to visualize 

the trajectory of emotional sentiment in a conversation (or group of conversations) by 

selecting transcript data using an overlapping moving window and then generating a series 

of ousiograms from these data. 
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This work has some important limitations. First, the automated transcriptions did 

not include speaker diarization, and it is likely that there are meaningful differences 

between the lexicon used by patients and therapists. The lack of separation between the 

patient and therapist lexicon may be masking important patterns across narrative time and 

relevant interactions between patient and therapist. This is an avenue of future work. 

Second, measures of treatment success are not currently available due to data-sharing 

restrictions, so it is challenging to ascertain which of the patterns may be more clinically 

relevant; this is a second avenue of future work. Lastly, while the decile clouds suggest 

temporal patterns of ousiometric sentiment in certain PAT sessions, they still represent 

average values over deciles. Based on the heavy tail on the positive side of the danger 

marginal distribution (Figure 4.5), we suspect this averaging may be masking the presence 

of more extreme low power/high danger words in the early portions of some dosing-day 

conversations. Separating the ousiograms and decile clouds by patient and/or PAT session 

day may reveal additional patterns and represents a third avenue of future work. 

In conclusion, this exploratory investigation revealed potentially meaningful 

patterns of within the PAT study therapy sessions, highlighted the value of word corpus 

usage, and suggests many avenues of future work. 
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Appendix A4: Chapter 4 Supplementary Information 

A4.1 Hallucination Detection 

�$�� �G�H�I�L�Q�L�Q�J�� �F�K�D�U�D�F�W�H�U�L�V�W�L�F�� �R�I�� �:�K�L�V�S�H�U�¶�V�� �K�D�O�O�X�F�L�Q�D�W�L�R�Q�V�� �L�V�� �D�� �S�K�U�D�V�H�� �W�K�D�W���L�V�� �U�H�S�H�D�W�H�G��

many times in a row. The first step to identifying hallucinations is to calculate the sparsity 

of each word (i.e., the number of words until the current word is repeated; Table A4.1). 

Next, we apply shift values between 1 and 20 to the sparsity column and then calculate the 

difference between the original and shifted sparsity columns. Sections of repeated text are 

characterized by consecutive strings of zeros that are longer than the current shift (i.e., if 

the current shift is 5, a string of 4 consecutive zeros would not constitute repetition but a 

string of 5 or more zeros would). If a shift results in such a string of zeros (and the max 

sparsity is equal to the shift), then that section of the transcript consists of a repeated phase 

with a period equal to the shift.  

For any repeated sections, we add twice the shift length to the end of the repeated 

section. This accounts for the shift itself and for the last instance of the repeated phrase 

(which will have sparsity values different from the earlier instances of the phrase). For 

more complex phrases, such as the one shown in Table A4.1, this method may overestimate 

the repeated section. However, since these sections are subsequently re-transcribed, we felt 

this was acceptable.  
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Table A4.1: Sample transcript data frame with hallucinatory text. The Text column 
contains the transcript generated by Whisper with shading to highlight the repeated 
phrase. The Sparsity column indicates how long it takes for a given word to be repeated. 
�)�R�U���H�[�D�P�S�O�H�����W�K�H���V�H�F�R�Q�G���µ�D�¶�����:�R�U�G���,�Q�G�H�[���������L�V���W�K�H���I�R�X�U�W�K���Z�R�U�G���D�I�W�H�U���W�K�H���I�L�U�V�W���µ�D�¶�����:�R�U�G��
Index 1). �+�R�Z�H�Y�H�U�����W�K�H���V�H�F�R�Q�G���µ�O�L�W�W�O�H�¶���L�V���W�K�H���Q�L�Q�H�W�K���Z�R�U�G���D�I�W�H�U���W�K�H���I�L�U�V�W���µ�O�L�W�W�O�H�¶�� The shift = 
8, 9, and 10 columns show examples of the Sparsity column shifted up by 8, 9, and 10 
lines, respectively. The difference between the original Sparsity column and the shifted 
�6�S�D�U�V�L�W�\���D�U�H���V�K�R�Z�Q���L�Q���W�K�H���F�R�O�X�P�Q�V���L�Q�G�L�F�D�W�H�G���Z�L�W�K���û�� Note: For a shift = 9, a long string 
of zero valu�H�V���D�S�S�H�D�U�V���L�Q���W�K�H���û���F�R�O�X�P�Q�����V�H�H���J�U�H�H�Q���K�L�J�K�O�L�J�K�W�L�Q�J���� This means the repeated 
text has a period of 9. 

Word 
Index Text Sparsity 

Shift = 8 Shift = 9 Shift = 10 
Shifted �û Shifted �û Shifted �û 

1 a 4 
 

9 -5 4 0 9 -5 
2 little 9 4 5 9 0 9 0 
3 bit 9 9 0 9 0 9 0 
4 of 9 9 0 9 0 5 4 
5 a 5 9 -4 5 0 9 -4 
6 I'm 9 5 4 9 0 9 0 
7 going 9 9 0 9 0 9 0 
8 to 9 9 0 9 0 9 0 
9 be 9 9 0 9 0 4 5 
10 a 4 9 -5 4 0 9 -5 
11 little 9 4 5 9 0 9 0 
12 bit 9 9 0 9 0 9 0 
13 of 9 9 0 9 0 12 -3 
14 a 5 9 -4 12 -7 0 5 
15 I'm 9 12 -3 0 9 0 9 
16 going 9 0 9 0 9 0 9 
17 to 9 0 9 0 9 0 9 
18 be 9 0 9 0 9 0 9 
19 a 4 0 4 0 4 0 4 
20 little 9 0 9 0 9 0 9 
21 bit 9 0 9 0 9 0 9 
22 of 9 0 9 0 9 0 9 
23 a 12 0 12 0 12 0 12 
24 I'm 0 0 0 0 0 0 0 
25 going 0 0 0 0 0 0 0 
26 to 0 0 0 0 0 0 0 
27 be 0 0 0 0 0     
28 the 0 0 0         
29 bathroom. 0             
30 Can 0             
31 you 0             
32 please 0             
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A4.1.1 Hallucination Correction Effectiveness 

For most conversations, the hallucination correction effort was highly successful.  

For example, conversation �. from Patient X, summarized in Figure A4.1, Figure A4.2, 

Figure A4.3, and Figure A4.4, was initially transcribed as a series of 2,759 periods but after 

four rounds of re-transcription, the transcript contained no repeated phrases.  Having such 

a poor initial transcription was not typical.  We are intentionally highlighting worst-cases 

in this appendix.   
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Figure A4.1: �3�D�W�L�H�Q�W���;�����&�R�Q�Y�H�U�V�D�W�L�R�Q���.��as originally transcribed.  The peach bar 
indicates repeated text (i.e., that section of transcript is assumed to be a hallucination).  
Repeated phases show up as a series of identical sparsity values (as seen below) or as a 
series of repeating sparsity values (e.g., the 4,9,9,9,5,9,9,9,9 pattern in Table A4.1). Note 
that no portion of the conversation was correctly transcribed (in this case, whisper 
�S�U�H�G�L�F�W�H�G���³���´���������������W�L�P�H�V���� The pink indicates pauses in speech as detected by the Silero 
Voice Audio Detection (VAD) algorithm. 

 

Figure A4.2: �3�D�W�L�H�Q�W���;�����&�R�Q�Y�H�U�V�D�W�L�R�Q���.���D�I�W�H�U��the first hallucination correction. Much of 
the hallucinatory text has been correctly transcribed, but hallucinations remain. Note 
that the sparsity values throughout much of the conversation appear relatively random.  
The sparsity values were truncated at 20 because the largest sparsity values, which 
exceed 20,000 for some dosing-day conversations, obscured the repetition patterns 
because the maximum phrase length we checked for was 20 words. 
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Figure A4.3: �3�D�W�L�H�Q�W���;�����&�R�Q�Y�H�U�V�D�W�L�R�Q���.���D�I�W�H�U��the second hallucination correction.  Very 
little hallucinatory text remains at this point. 

 

Figure A4.4: �3�D�W�L�H�Q�W���;�����&�R�Q�Y�H�U�V�D�W�L�R�Q���.��after the third hallucination correction.  At this 
point, no repeated words were found. 
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�+�D�O�O�X�F�L�Q�D�W�L�R�Q���F�R�U�U�H�F�W�L�R�Q���Z�D�V���V�L�P�L�O�D�U�O�\���H�I�I�H�F�W�L�Y�H���I�R�U���&�R�Q�Y�H�U�V�D�W�L�R�Q�������I�U�R�P���3�D�W�L�H�Q�W���<��

(Figure A4.5, Figure A4.6, Figure A4.7, and Figure A4.8).  However, a few repeated 

phrases do remain (Figure A4.8) after the final hallucination correction round.  These 

repeated phrases were excluded from subsequent analysis. 

Figure A4.5: Patient Y, Conversation �� as originally transcribed.  Note that no portion 
�R�I���W�K�H���D�X�G�L�R���Z�D�V���F�R�U�U�H�F�W�O�\���W�U�D�Q�V�F�U�L�E�H�G�������,�Q�V�W�H�D�G�����Z�K�L�V�S�H�U���S�U�H�G�L�F�W�H�G���³�W�K�´���R�Y�H�U�����������W�L�P�H�V���L�Q��
a row. 

 

Figure A4.6: Patient Y, Conversation �� after the first hallucination correction.  
Significant sections of repeated text remain. 
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Figure A4.7: Patient Y, Conversation �� after the second hallucination correction.  Some 
repeated phrases remain in the transcript. 

 

Figure A4.8: Patient Y, Conversation �� after the third hallucination correction.  At this 
point, a few repeated phrases remain. 
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Hallucination correction was least effective for the dosing-day conversations.  For 

example, there is some improvement between the second and third correction for Patient Z 

(Figure A4.9 and Figure A4.10 respectively) but the improvement is marginal and largely 

�D�S�S�H�D�U�V���W�R���F�R�Q�V�L�V�W���R�I���³�Q�R���V�S�H�H�F�K�´���S�U�H�G�L�F�W�L�R�Q�V�����H���J�������U�H�S�H�W�L�W�L�R�Q���D�U�R�X�Q�G���������������L�Q���)�L�J�X�U�H���$��������

that is large replaced with a lack of predicted words in Figure A5.10).  In some cases, the 

remaining repetition is due to whisper transcribing words in the music that was playing (if 

the music had words, it tended to consist of repetitive chants) or appeared to be due to 

music triggering hallucinations. 

  



 

173 
 

Figure A4.9: Dosing-day conversation for Patient Z after the second hallucination 
correction. 

 

Figure A4.10: Dosing-day conversation for Patient Z after the third hallucination 
correction. 
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A4.2 Sample Word-level Corpus and Ousiomeasure Table 

Table A4.2: Example transcript table showing entries for the present and uncertainty 
corpuses and ousiowords. An X in the Present column indicates that a word is present 
tense. A word or phrase in the Uncertainty and ousiowords columns indicates a match 
between the transcript and the corpus. Values in the power and danger columns are the 
ousiomeasures along these axes. The complete transcript tables also include similar 
columns for the other word corpora (e.g., past, future, social connectivity) and the other 
ousio-axes (e.g., valence, arousal, dominance, structure), but these are not shown here 
due to space considerations. 

Text Sparsity 
Word Corpus Ousio-

words 
Ousio-axes 

Present Uncertainty power danger 
also 90      
is 168 X  is -0.000604 -0.299783 
gonna 0      
be 18   be -0.000604 -0.299783 
a 7      
lot 7   lot -0.214926 -0.224337 
of 3      
explanations 0   explanations 0.344924 0.006565 
sort 506  sort of sort 0.158929 -0.194144 
of 4      
covering 5091 X  covering 0.060845 -0.16091 
a 202      

 
A4.3 Ousiomeasures 

Ousiometrics is defined as the study of essential meaning in the context that signals 

are transmitted; in this work, we use the power-danger-structure (PDS) framework 

developed by Dodds et al., (2023). The PDS framework is based on the valence (pleasure)-

arousal-dominance (VAD) framework developed by Bradley and Lang, (1999) and 

consists of three orthogonal ousio-axes along which individual words are rated. Bradley 

and Lang published a table of 32,000 English words rated along the VAD dimensions and 

Dodds et al. showed that the VAD framework is not orthogonal. Singular value 

decomposition of the VAD axes resulted in three new orthogonal axes that Dodds et al. 
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call goodness-energy-structure (GES). Rotating the goodness-energy plane by �Œ/2 about 

the structure axis resulted in two new axes: power and danger. An updated version of the 

Bradley and Lang table with pre-calculated GES and PD values is available on Gitlab 

(Dodds, 2023). As with the word corpora, we used regular expressions to locate the 

ousiomeasured words in the transcripts and assign the values for each of the eight ousio-

axes (e.g., Appendix A4.2).  
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Figure A4.11: Power danger ousiogram; Figure 3 from Dodds et al., (2023). 
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A4.4 Additional Time series Plots 

Figure A4.12 Social connection time series by PAT session 
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Figure A4.13: Future-tense time series by PAT session  
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Figure A4.14: Power time series by PAT session  
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Figure A4.15: Time series danger curves separated by PAT session  
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A4.5 Additional SOM Visualizations 

Figure A4.16: The SOM clusters based on the power time series data. Note that there is 
no obvious correlation between PAT study session and SOM cluster. 

 
 
  



 

182 
 

A4.6 Summary of Corpus and Ousiometric Word Match Counts 

Table A4.3: Summary of the numbers of words in all 116 transcripts matching either 
corpus or ousiometric words. The # Corpus Matches and # Ousiometric Matches 
columns are the number of words matching each respectively. The # Total Words column 
is the total number of words in all 116 transcripts. The # intersecting words is the count 
of words that are both in a corpus and have ousiometric measures. The % of Corpus and 
% of Ousiometric columns are the # Intersecting Words divided by the # Corpus Matches 
and # Ousiometric Matches respectively. 

Word 
Corpus 

# 
Corpus 
Matches 

# Ousio-
metric 

Matches 
# Total 
Words 

Word corpus/ousiometric corpus 
intersection 

# 
Intersecting 

Words 

% of 
Corpus 

Intersecting 

% of 
Ousiometric 

Words 
Intersecting 

Future 37,030 443,522 1,116,007 35,131 94.9% 7.9% 
Present 121,724 443,522 1,116,007 97,859 80.4% 22.1% 
Past 50,383 443,522 1,116,007 45,195 89.7% 10.2% 
Uncertainty 31,881 443,522 1,116,007 17,039 53.4% 3.8% 
Social 
Connection 14,499 443,522 1,116,007 7,772 53.6% 1.8% 
1st person 
singular 69,607 443,522 1,116,007 190 0.3% 0.0% 
1st person 
plural 7,193 443,522 1,116,007 1 0.0% 0.0% 
2nd/3rd 
person 80,604 443,522 1,116,007 3 0.0% 0.0% 

 
A4.7 Code Availability  

The code for this work is available on Github at: 

https://github.com/jeremymatt/theraputic_psychedelic_patterns  
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CHAPTER 5: CONCLUSIONS AND FUTURE WORK  

5.1. Summary of Contributions 

This dissertation focuses on developing tools for visualizing and automating feature 

extraction to provide decision-makers with feedback on a mass scale. At first glance, there 

may appear to be few similarities between the river systems and the serious illness and 

psychedelic-assisted therapy conversations time series data studied in this dissertation. 

However, when viewed through the lens of complexity and systems thinking, similarities 

begin to emerge. The concept of scale and scaling is important, both from the perspective 

of identifying patterns and behaviors that emerge from many simpler, smaller-scale 

measurements and information (e.g., the shape and topography of drainage basins arising 

from interactions between sediment and flowing water; and whether the tone of voice, 

prosody, or other actions taken by the clinician result in a patient feeling heard and 

understood). The recent explosion in sensor networks (e.g., inexpensive, high-fidelity, 

multi-channel, wearable microphone arrays for recording each conversation participant 

separately, LiDaR and other remote imaging techniques, and wireless pressure (stage), 

temperature, turbidity, etc. sensors for measuring river conditions) generate large volumes 

of data that are driving the need for new data-driven tools to help understand the 

mechanisms that govern these systems at broader scales (Bar-Yam, 2006; Hébert-Dufresne 

et al., 2016; Levin, 1992; Vlachas et al., 2022).  

The datasets I used in this dissertation drove the choice of tools for analysis, which 

ranged from novel features extracted using ML algorithms that I adapted for my specific 

research needs such as the convolutional neural network (Lecun et al., 1998) and the self-
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organizing map (Kohonen, 1990) to pre-trained models such as the pre-trained Random 

Forest of Manukyan, et al. (2018b) and the Whisper automated transcription model of 

Radford, et al. (n.d.).  These are data-driven models that can help in visualizing patterns, 

reducing data dimensionality, and analyzing complex systems at broad scales to reveal 

patterns that would not otherwise be apparent to humans.  Such models have distinct 

advantages over physics-based or process-based models.  For example, a two-dimensional 

hydraulic physics-�E�D�V�H�G�� �P�R�G�H�O���Z�D�V���G�H�Y�H�O�R�S�H�G���W�R���V�L�P�X�O�D�W�H���³�J�U�R�X�Q�G���W�U�X�W�K�´���I�R�U�� �H�Y�D�O�X�D�W�L�Q�J��

our topographically-based, low-complexity approach at the 25 reaches in the Mad River.  

However, developing such a detailed physics-based model for an entire large river basin is 

impractical. Putting aside the human resources, and substantially higher setup and 

computational costs necessary to develop these process-based models, the data needed to 

calibrate the models do not currently exist.   

In Chapter 2, I studied time series data (temporal narrative of natural language) 

from healthcare conversations and automatically identified conversational features 

(referred to as connectional silences) to help reveal patterns and insights that, when linked 

to health outcomes, could potentially inform improvements in doctor-patient or therapist-

patient interactions. In Chapter 3, the process-form measures that were developed to 

quantify lateral and vertical stream channel (dis)connectivity and erosion hazards are 

essential for strategically choosing where to promote natural infrastructure projects (e.g., 

floodplain restoration and conservation) that are frequently lacking in watershed-scale 

planning efforts. In Chapter 4, my exploratory investigation of the psychedelic-assisted 

therapy session recordings included a novel tool for visualizing emotional sentiment over 
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narrative time and identified avenues of future research that should be explored. The 

following bullets summarize my original contributions to the research presented in 

Chapters 2 through 4. 

The research goal for Chapter 2 was to assess the feasibility of fully automating the 

identification and classification of connectional moments between patients and clinicians 

during serious illness conversations to facilitate systematic measurement and feedback. My 

novel contributions presented in Chapter 2 are: 

�x I conceived of and developed a fully automated pipeline, comprising three machine 

learning (ML) algorithms to detect and classify connectional pauses in clinical 

serious illness conversations. The ML pipeline identified connectional moments 

with a sensitivity (recall) of 84% and a specificity of 92%, while saving hundreds 

of human-labor hours compared traditional conversational analysis methods. 

�x After significant time spent experimenting with various architectures and parameter 

settings, I found that a custom-designed convolutional neural network (CNN) 

consisting of five pairs of convolution and max pooling provided good tradeoff 

between accuracy, overfitting, and computational training cost when used to the 

location of conversational pauses in audio recordings.  Each convolutional layer 

consisted of ten filters, each with a 3x3 kernel and a stride of 10. Square kernels 

performed better than rectangular filters shaped to more closely mimic the input 

data shape.  The output scheme used in this work (a single binary output classifying 

each overlapping two-second interval) performed better than output schemes that 

classified multiple 0.5-second intervals in a single prediction pass. 
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�x I determined that the performance of a BERT trained on transcript text generated 

using a state-of-the-art automated speech-to-text algorithm is approximately 

equivalent to the performance of a BERT trained on human-generated transcript 

text.  This suggests that BERT classifiers (and possibly other modern text-based 

classifiers) may be relatively insensitive to the transcription errors generated by 

automated speech-to-text algorithms.  Real-time automated speech-to-text 

transcription and analysis of conversational data would not only save significant 

time and money but would also facilitate greater protections of privacy of sensitive 

conversations by precluding the need to store transcripts.  

Chapter 3 develops and extracts channel-floodplain connectivity and erosion 

hazard measures that are intended to assist water resource planners�¶���H�I�I�R�U�W�V���Wo evaluate river 

restoration and conservation projects at the basin scale.  My novel contributions include 

the following: 

�x I developed a new tool for visualizing the relationship between Specific Stream 

Power and river discharge. These SSP-flow curves graphically depict reach-

specific geomorphic conditions; patterns emerge when evaluating SSP and flow at 

fine depth intervals, leveraging high-resolution, lidar-derived DEMs. 

�x I extracted a new feature, Connected Specific Volume Capacity, encoded in the 

SSP-flow curves to quantify the volume of floodplain connected to the channel. 

�x I extracted a new feature Disconnected Specific Volume Capacity, encoded in the 

DEMs to quantify the volume of floodplain that is disconnected from the channel.  
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Together the Connected and Disconnected Specific Volume Capacities describe the 

degree of floodplain (dis)connection in a reach. 

�x I compared SSP-flow curves to design flood flow rates and to critical SSP 

thresholds to classify erosion hazard. 

Chapter 4 is an exploratory analysis of experimental psychedelic-assisted therapy 

sessions with the intent of identifying patterns for further exploration, and contains my 

following novel contributions: 

�x �,�� �L�G�H�Q�W�L�I�L�H�G�� �K�D�O�O�X�F�L�Q�D�W�L�R�Q�V�� ���L���H������ �U�H�S�H�D�W�H�G�� �S�K�U�D�V�H�V�� �W�K�D�W�� �D�U�H�Q�¶�W�� �U�H�O�D�W�H�G�� �W�R�� �W�K�H�� �D�X�G�L�R�� 

automatically from transcribed text and developed a workflow to flag and automate 

the re-transcription of sections to text to reduce hallucinations.   

�x I developed a novel type of visualization, referred to as a �³�G�H�F�L�O�H�� �F�O�R�X�G�´, that 

appears to reveal patterns of ousiometric sentiment over conversational time, and 

used time series analysis tools to identify patterns in word corpora usage and 

ousiometric sentiment over narrative time. Ousiometry is defined as the study of 

essential meaning in communication (Dodds, 2023). The ousiometric used in the 

work consists of orthogonal axes of meaning or emotion along which individual 

words are rated. The patterns I identified suggest that these tools may provide 

insight into psychedelic-assisted therapy sessions.   
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5.2. Suggested Future Work 

There are a few avenues of research advancement for the work in Chapter 2. First, 

the data set does not sufficiently represent the breadth in types of speech and interactional 

norms present in different institutions; racial, ethnic, or cultural backgrounds; or clinical 

situations. A major priority for healthcare communication science is achieving equitable, 

meaningful and scalable conversation analyses for large sample research and quality 

improvement initiatives (Tulsky et al., 2017). To advance this goal, further validation and 

potentially refinement of the algorithms are necessary to ensure the findings are 

representative of individuals with diverse backgrounds, clinical scenarios, and 

environmental factors. Second, the audio quality of the recordings used in this work was 

poor due to the hand-�K�H�O�G���U�H�F�R�U�G�H�U�V���W�K�D�W���Z�H�U�H���S�O�D�F�H�G���R�Q���W�K�H���S�D�W�L�H�Q�W�¶�V���E�H�G�V�L�G�H���W�D�E�O�H�����3ause 

detection and classification of connectional silences would benefit from directional or 

wearable microphones to minimize unnecessary background sounds.  Third, the bar charts 

and the chi-square statistic used to compare the word corpora may not be the most 

appropriate analysis methods as the word proportions used in this analysis do not appear 

to be normally distributed.  Box-and-whisker plots and a non-parametric method for 

comparison (e.g., the Kruskall-Wallis comparison of medians) may be more valid.  In 

addition, investigating the extreme values (i.e., what makes certain conversations more 

different from other conversations) may prove to be a fruitful line of inquiry.  Lastly, 

incorporating predictions from natural language understanding (NLU) models (e.g., large 

language models such as ChatGPT) may significantly improve classification accuracy.  

However, incorporating NLU models into the data pipeline presents new challenges.  For 
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example, training and generating predictions from modern large language models that may 

contain over 175 billion trainable parameters can be resource intensive in terms of 

equipment and electricity (Luccioni et al., 2022).  Additionally, maintaining confidentiality 

of medical records when models are run on a cloud-based service (e.g., AWS) or via an 

API is a high priority.  One solution may be to utilize a smaller open source pre-trained 

model such as the �³�2�3�7�´���P�R�G�H�O�V���D�Y�D�L�O�D�E�O�H���I�U�R�P���+�X�J�J�L�Q�J�I�D�F�H��(Zhang et al., 2022).  The 

latter may offer improvements in accuracy while running on a single GPU. 

One limitation of the process-form measures developed in Chapter 3 is the small 

sample number and geomorphic similarity of reaches in the study area. While the specific 

stream power results from the low-complexity hydraulic model showed acceptable 

agreement with the calibrated 2D HEC-RAS model in the study area, it is unclear whether 

this agreement would hold for other settings such as wider, lower-gradient rivers. 

Additional work should be done to validate these measures and to confirm that they are 

indeed valuable tools for watershed planners.  Using the (dis)connectivity, erosion hazard 

measures, and/or SSP-flow curve shapes to develop a reach classification framework may 

provide additional value to planners. Time series clustering methods that group reaches by 

broad patterns of behavior may be a first step towards a classification framework. It may 

also be possible to estimate river floodplain (dis)connectivity using only the DEMs as an 

input.  As noted in Section 3.4 and Appendix A3.3.1, these measures are dependent only 

on river stage.  This would reduce data requirements; for example, there would be no need 

to estimate a roughness coefficient, so the land use land cover layer would not be necessary.  

However, this approach would divorce the measures from estimated flow rates, which 
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could reduce interpretability, as the SSP-flow curves could not be compared directly to 

design flow rates. This would also require a new method of normalizing the x-axis 

(dividing discharge by the 2-year design storm would no longer be meaningful).  An 

alternative normalization might involve dividing by regional regression estimates of 

bankfull depth. 

The exploratory analysis of the PAT therapy sessions (Chapter 4) suggested several 

additional avenues of research: 

1) Because the clustering performed in Chapter 4 did not result in readily identifiable 

statistically distinct clusters, other clustering methods and other input features 

should be explored. 

2) The automated transcriptions did not include speaker diarization, and there are 

likely meaningful differences between the lexicon used by patients and therapists. 

This lack of partitioning between the patient and therapist lexicon may be masking 

important patterns across narrative time and relevant interactions between patient 

and therapist. The use of speaker diarization algorithms to identify speaker turns, 

either one of the add-ons currently being developed for Whisper or a separate 

package, should be investigated.  

3) Measures of treatment success are not currently available due to data-sharing 

restrictions, so it is challenging to ascertain which, if any, of the observed patterns 

may be clinically relevant.  

4) While the decile clouds suggest temporal patterns of ousiometric sentiment in 

certain PAT sessions, they are still averaged values over deciles. The right skew of 
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the danger marginal distribution (Figure 4.6) suggests that this averaging may be 

masking the presence of more extreme low power/high danger words in the early 

portions of some of the dosing day conversations. Separating the ousiograms and 

decile clouds by patient and/or PAT session day may reveal additional patterns.  

Calculating ousiograms from moving windows passed across the transcripts may 

reveal trajectories of emotional sentiment over the course of a conversation or 

group of conversations. 

5) The study of PAT sessions may also benefit from the inclusion of NLU models as 

discussed in Section 5.2.1. 

Identification of these patterns and avenues of future research represents a valuable first 

step in the investigation of patient-therapist interactions during psychedelic-assisted 

therapy sessions intended to treat major depression.   

The body of work presented in this dissertation demonstrates the effectiveness of 

data driven analysis approaches when investigating datasets obtained from complex 

systems that cannot be readily isolated from their surrounding environment (e.g., historical 

weather and climate data, hydrological, publicly available tweets, Wikipedia articles, the 

BooksCorpus, satellite imagery, LiDaR, orthopotography temperature, pressure, and 

turbidity sensors used to monitor river networks).  The formal scientific method of 

mutually exclusive hypothesis testing is poorly suited for analysis of such datasets (Quinn 

and Dunham, 1983), necessitating the continued development of novel tools to visualize, 

analyze, and interpret these non-linear, auto- or cross-correlated datasets.   
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