
The Impact of AI Digital Scribe Technology on Clinical Documentation, Productivity, and 
ROI in Mental Health Organizations: A Causal-Comparative Study 

Dissertation Manuscript 

BRIANNA B BRENNAN 

July 2026 

National University 

San Diego, California 



Abstract 

The problem addressed in this study is the lack of empirical research investigating the tangible 

business benefits, particularly return on investment, of implementing artificial intelligence digital 

scribe technology in mental health care. The administrative burden of clinical documentation in 

mental health care contributes to clinician burnout and compromised patient care, yet limited 

empirical research has quantified the business benefits of artificial intelligence digital scribe 

technology in this setting. The purpose of this quantitative, causal-comparative study was to 

investigate the statistical impact of artificial intelligence digital scribe technology on clinical 

documentation in mental health organizations and calculate the return on investment of its 

implementation, guided by the Quality Improvement Return on Investment framework. Survey 

data were collected from 75 mental health professionals, clinical supervisors, and financial and 

administrative professionals across the United States. Independent-samples t-tests compared 

documentation time and productivity outcomes between implementing and non-implementing 

organizations. A one-sample t-test evaluated whether reported billing or revenue change among 

implementing organizations differed from no change. No statistically significant differences 

were found in documentation time or clinician productivity, and both null hypotheses were not 

rejected. Reported billing and revenue increase per clinician was significantly greater than no 

change, t(14) = 9.37, p < .001, d = 2.42, and the corresponding null hypothesis was rejected. 

Financial return appears to emerge through documentation completeness and coding precision 

rather than direct efficiency gains. Recommendations for practice include prioritizing structured 

implementation, formal cost and revenue tracking, and realistic outcome expectations. Future 

research should employ longitudinal designs and audited financial data to strengthen causal 

inference and refine return on investment measurement in mental health settings. 
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Chapter 1: Introduction 

Artificial intelligence (AI) has revolutionized various industries, including healthcare, 

offering innovative solutions to long-standing challenges. In the field of mental health, the 

increasing administrative burden associated with clinical documentation has been a significant 

contributor to clinician burnout and decreased job satisfaction (Alowais et al., 2023; Heuer, 

2022; Bickman, 2020; Sadeh-Sharvit & Hollon, 2023). The burden not only affects the well-

being of healthcare providers but also the potential to impact the quality of patient care. As 

mental health organizations strive to improve efficiency, reduce costs, and enhance patient 

outcomes, the adoption of AI technologies, such as natural language processing (NLP) and 

digital scribes, have emerged as a potential solution to alleviate the administrative burden and 

streamline clinical documentation processes (van Buchem et al., 2021; Wang et al., 2021; 

Ghatnekar et al., 2021). 

The integration of AI in mental healthcare has the potential to change the way services 

are delivered by automating time-consuming tasks, optimizing resource allocation, and 

supporting clinical decision-making (Alowais et al., 2023; Kellogg & Sadeh-Sharvit, 2022; 

Sadeh-Sharvit & Hollon, 2023). Digital scribes, which leverage NLP to automate clinical 

documentation, have shown promise in reducing the time clinicians spend on administrative 

tasks, allowing them to focus more on direct patient care (Wang et al., 2021; Piersa et al., 2021). 

Moreover, AI-assisted documentation may lead to more accurate, complete, and standardized 

clinical notes, supporting better continuity of care and clinical decision-making (Piersa et al., 

2021). 

Despite the potential benefits of AI in mental healthcare, the adoption of these 

technologies faces several barriers, including upfront costs, integration challenges, and the need 
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for training and support (Ghatnekar et al., 2021; Nguyen et al., 2023). While previous studies 

have highlighted the technical viability, clinical utility, and potential efficiencies of AI tools in 

clinical settings, there is a lack of research quantifying the measurable impact of these 

technologies on business processes and outcomes, particularly in mental health settings 

(Balcombe & Leo, 2022; Dawoodbhoy et al., 2021; Sezgin et al., 2023). 

Despite growing adoption, healthcare organizations and administrators lack informed 

decision-making and strategic investment guidance due to this knowledge gap. Understanding 

the return on investment (ROI) and measurable impact on business processes and outcomes is 

crucial for justifying investment in AI-based digital scribe technology. Addressing this gap 

requires investigating the quantifiable benefits of implementing AI-based digital scribe 

technology in mental health settings, focusing on cost of implementation, clinician productivity, 

and resource utilization. 

Investigating the business impact of digital scribes in mental health care has the potential 

to make significant contributions to the scholarly community. By investigating the economic 

implications of implementing digital scribes, this study provides valuable insights into the cost-

benefit analysis of AI-powered documentation tools. The economic analysis can offer a clearer 

understanding of the ROI of digital scribes, enabling scholars as well as clinical administrators to 

make informed decisions about their adoption and integration into mental health care settings. 

Contributing to the growing body of knowledge on the application of AI in mental health 

care by focusing on the business perspective, fills a crucial gap in the literature, providing a more 

comprehensive understanding of the potential benefits and challenges associated with digital 

scribes. The findings serve as a foundation for future research, guiding the development of more 
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sustainable AI-powered documentation tools tailored to the unique needs of mental health care 

settings. 

Statement of the Problem 

The problem to be addressed in this study is the lack of empirical research investigating 

the tangible business benefits, particularly ROI, of implementing AI digital scribe technology in 

mental health care. Despite the growing adoption of AI digital scribes, which show promise in 

reducing the documentation burden for clinicians (Balcombe & Leo, 2022; Dawoodbhoy et al., 

2021; Sezgin et al., 2023), healthcare organizations and administrators lack informed decision-

making and strategic investment guidance due to this knowledge gap. The increasing 

administrative burden of clinical documentation has been linked to burnout and decreased job 

satisfaction among healthcare providers, potentially impacting the quality of patient care 

(Alowais et al., 2023; Heuer, 2022; Bickman, 2020; Sadeh-Sharvit & Hollon, 2023). The burden 

highlights the need for research that quantifies the ROI and measurable impact of AI digital 

scribes to justify their investment and integration into mental health settings. 

Artificial Iintelligence technologies like NLP and digital scribes show promise in 

automating clinical documentation tasks, improving efficiency, reducing costs, and enhancing 

patient care (Alowais et al., 2023; Kellogg & Sadeh-Sharvit, 2022; Sadeh-Sharvit & Hollon, 

2023). However, adopting AI technologies in mental health settings faces barriers like upfront 

costs, integration challenges, and training needs (Ghatnekar et al., 2021; Nguyen et al., 2023). 

Understanding the ROI and measurable impact on business processes and outcomes is crucial for 

justifying investment in AI-based digital scribe technology. The study aimed to address this gap 

by investigating the quantifiable benefits of implementing AI-based digital scribe technology in 
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mental health settings, focusing on cost of implementation, clinician productivity, and resource 

utilization. 

Purpose of the Study 

The purpose of this quantitative causal-comparative study was to investigate the 

statistical impact of AI digital scribe technology on clinical documentation in mental health 

organizations and calculate the ROI of its implementation. The study was a logical response to 

the lack of empirical research on the effectiveness and financial benefits of AI digital scribes in 

mental healthcare settings, directly investigating the impact to clinical documentation, 

productivity, incurred costs and revenue. The study was conducted through a survey design, 

collecting data from a target population of mental health professionals using AI digital scribe 

technology. The sample size needed is 52 participants, which were recruited from various mental 

health organizations in the United States. The study examined the variables of clinical 

documentation time, clinician productivity, resource utilization, and ROI, using descriptive 

statistics and inferential analysis. The research was conducted at multiple sites across the United 

States, using pseudonyms to maintain participant confidentiality. By achieving these objectives, 

this study provides valuable insights into the effectiveness and financial viability of AI digital 

scribe technology in mental healthcare settings. 

Introduction to Conceptual Framework 

The Quality Improvement (QI) ROI Conceptual Framework serves as the guiding 

framework for this study, which investigated the impact of AI digital scribe technology on 

clinical documentation in mental health organizations and calculate the ROI of its 

implementation. Developed by Thusini et al. (2022), this framework provides a comprehensive 

understanding of ROI in large-scale healthcare quality improvement programs. The QI-ROI 
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framework emphasizes the importance of financial returns, such as cost savings, increased 

revenue, and improved efficiency, in assessing the ROI of AI digital scribes (Thusini et al., 

2022). By reducing clinical documentation time and enhancing clinician productivity, AI digital 

scribes have the potential to generate significant cost savings for mental health organizations 

(Sezgin et al., 2023; Kellogg & Sadeh-Sharvit, 2022). Additionally, the framework 

acknowledges the significance of improved patient outcomes as a non-monetary benefit of 

quality improvement initiatives (Thusini et al., 2022). 

The QI-ROI framework also highlights organizational performance as a crucial facet of 

ROI (Thusini et al., 2022). Implementing AI digital scribes has the potential to improve 

organizational efficiency, productivity, and effectiveness, thereby contributing to the overall 

performance and sustainability of mental health organizations. Finally, the framework highlight 

developmental goals, such as staff development and learning, as integral components of ROI 

(Thusini et al., 2022). 

The QI-ROI Conceptual Framework informs the investigation of the technology's effect 

on clinical documentation time, clinician productivity, and resource utilization. Moreover, the 

framework's emphasis on ROI aligns with the study's objective of determining the tangible 

business benefits of implementing AI digital scribe technology in mental health care. The 

framework's concepts - financial returns, improved patient outcomes, organizational 

performance, and developmental goals - are integral to understanding the research questions and 

expected outcomes. 

The investigation's focus on clinical documentation time, clinician productivity, and 

resource utilization is grounded in the framework's emphasis on financial returns and 

organizational performance. Similarly, the expected positive impact on patient outcomes and 
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clinician development is aligned with the framework's focus on improved patient outcomes and 

developmental goals.  By grounding the study in the QI-ROI Conceptual Framework, the 

research aims to contribute to understanding the tangible business benefits of integrating AI 

technology into clinical practice. 

Introduction to Research Methodology and Design  (Nature of the Study) 

This study employs a causal-comparative research methodology to investigate the impact 

of AI digital scribe technology on clinical documentation time, clinician productivity, and return 

on investment (ROI) in mental health organizations. The causal-comparative approach, also 

known as ex post facto research, is well-suited for this study as it examined relationships 

between variables without directly manipulating the independent variable (Ragin, 1987). By 

comparing mental health organizations that have implemented AI digital scribes with those that 

have not, this study aimed to infer causal relationships and identify potential differences in the 

dependent variables. 

The research design involves secondary data, which was collected from participating 

mental health organizations. The utilization of secondary data is congruent with the problem 

statement, highlighting the lack of empirical research on the tangible business benefits of 

implementing AI digital scribe technology in mental health care settings. The study meant to 

address this knowledge gap by investigating the quantifiable impact of AI digital scribes on 

clinical documentation time, clinician productivity, and ROI, making the causal-comparative 

methodology an appropriate choice. 

The data collection procedure involved gathering relevant information from mental health 

organizations, including those implementing AI digital scribes and those not. The collected data 

was analyzed using appropriate statistical techniques to compare the dependent variables 
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between the two groups and determine the significance of any observed differences. The selected 

research methodology and design are congruent with the research questions, which focus on 

examining the relationships between the implementation of AI digital scribes and the dependent 

variables among mental health organizations. 

The causal-comparative methodology has been extensively refined and expanded over 

time, with notable contributions from Charles Ragin's work on Qualitative Comparative Analysis 

(QCA) (Ragin, 1987). QCA has evolved conceptually and technically, demonstrating its broader 

applicability in social sciences research (Rihoux, 2013). Additionally, Comparative Historical 

Analysis (CHA) has emerged as a crucial approach for addressing complex problems in research 

design, causality, and the connection between ontology and research methods (Mahoney & 

Rueschemeyer, 2003). These advancements in causal-comparative methodology provide a robust 

framework for understanding the impact of AI digital scribes on mental health organizations. 

Research Questions 

RQ1 

What is the relationship if any between the implementation of AI digital scribes and 

clinical documentation time among mental health organizations? 

RQ2 

What is the relationship if any between the implementation of AI digital scribes and 

clinician productivity among mental health organizations? 

RQ3 

What is the relationship if any between the implementation of AI digital scribes and 

return on investment (ROI) among mental health organizations? 
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Hypotheses 

H10 

There is no significant relationship between the implementation of AI digital scribes and 

clinical documentation time among mental health organizations. 

H1a 

The implementation of AI digital scribes significantly reduces clinical documentation 

time among mental health orgainizations. 

H20 

There is no significant relationship between the implementation of AI digital scribes and 

clinician productivity among mental health organizations. 

H2a 

The implementation of AI digital scribes increases clinician productivity among mental 

health organizations. 

H30 

There is no significant relationship between the implementation of AI digital scribes and 

return on investment (ROI) among mental health organizations. 

H3a 

The implementation of AI digital scribes results in a positive ROI, with cost savings and 

revenue increases exceeding the costs of implementation and maintenance. 

Significance of the Study 

The research conducted on the business impact of digital scribes in mental health care has 

the potential to make significant contributions to the scholarly community. By investigating the 

economic implications of implementing digital scribes, this study provides valuable insights into 
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the cost-benefit analysis of AI-powered documentation tools. Sezgin et al. (2023) have already 

demonstrated the potential of digital scribes in reducing clinical documentation burden in 

emergency department counseling sessions.  Building upon this foundation, the research delves 

deeper into the financial aspects, comparing the costs of implementation and maintenance with 

the savings derived from reduced clinician time spent on documentation and improved 

workflows (Dawoodbhoy et al., 2021). The economic analysis offers a clearer understanding of 

the ROI of digital scribes, enabling scholars as well as clinical administrators to make informed 

decisions about their adoption and integration into mental health care settings. 

Moreover, this research contributes to the growing body of knowledge on the application 

of AI in mental health care. While previous studies have highlighted the promise of digital 

scribes in enhancing prediction, identification, coordination, and treatment (Balcombe & Leo, 

2022), there remains a need for quantifying their impact on business processes and outcomes. By 

focusing on the business perspective, this study fills a crucial gap in the literature, providing a 

more comprehensive understanding of the potential benefits and challenges associated with 

digital scribes. The findings serve as a foundation for future research, guiding the development 

of more sustainable AI-powered documentation tools tailored to the unique needs of mental 

health care settings. 

Definitions of Key Terms 

Artificial Intelligence (AI) 

Artificial intelligence refers to the development of computer systems that can perform 

tasks that typically require human intelligence, such as visual perception, speech recognition, 

decision-making, and language translation (Alowais et al., 2023). 

Causal-Comparative Research 
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Causal-comparative research, also known as ex post facto research, is a type of research 

methodology that examines the relationships between variables without direct manipulation of 

the independent variable (Ragin, 1987). 

Digital Scribe 

A digital scribe is an AI-powered documentation tool that uses natural language 

processing (NLP) to automatically generate clinical notes based on patient-provider 

conversations (Ghatnekar et al., 2021). 

Natural Language Processing (NLP) 

Natural language processing is a subfield of artificial intelligence that focuses on the 

interaction between computers and human language, enabling computers to understand, interpret, 

and generate human language (Wang et al., 2021). 

Return on Investment (ROI) 

Return on investment is a performance measure used to evaluate the efficiency of an 

investment or compare the efficiency of a number of different investments (Thusini et al., 2022). 

Summary 

The research problem addressed the lack of empirical research on the tangible business 

benefits of implementing AI digital scribe technology in mental health care settings. The purpose 

of the study was investigate the impact of AI digital scribes on clinical documentation time, 

clinician productivity, and ROI in mental health organizations. A causal-comparative research 

methodology using secondary data was selected, allowing for the examination of relationships 

between variables without direct manipulation of the independent variable. 

The QI-ROI Conceptual Framework guides the study and aligns with its objectives and 

research questions. Key terms related to the study were defined, including artificial intelligence, 
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causal-comparative research, digital scribe, natural language processing, return on investment, 

and secondary data. This foundation sets the stage for the subsequent chapters, which delve into 

the literature review, methodology, results, and conclusions of the study. 



12 

Chapter 2: Literature Review 

The purpose of this quantitative causal-comparative study was to investigate the 

statistical impact of Artificial Intelligence (AI) digital scribe technology on clinical 

documentation in mental health organizations and calculate the return on investment (ROI) of its 

implementation.  This study addresses the lack of empirical research quantifying the measurable 

impact and business benefits of AI digital scribes in mental healthcare settings. The literature 

review is framed around the guiding conceptual framework—the Quality Improvement (QI) ROI 

Framework. The QI-ROI framework frames the examination of AI digital scribes by focusing on 

efficiency, financial returns, and patient outcomes. 

The QI-ROI framework, developed by Thusini et al. (2022), provides a comprehensive 

approach to assess the financial, clinical, and organizational impacts of quality improvement 

initiatives in healthcare. The framework provides a comprehensive approach to capturing 

financial returns and efficiency gains. However, a potential limitation is its reliance on traditional 

ROI metrics, which may not reflect the qualatative vairables that play a role in mental health 

care, such as job satisfaction and patient outcomes. The literature review explores how the 

framework applies to digital scribe implementation and a financial focus can sufficiently support 

the understanding of the results in mental health care settings. 

First, the review explores clinical documentation challenges in mental healthcare, which 

include administrative burdens, clinician burnout, and impacts on patient care quality. By linking 

challenges to the QI-ROI framework, the review shows how reducing documentation time and 

improving clinician productivity could lead to better financial and operational outcomes. 

However, these assumptions may not fully account for the more subjective impacts on patient-

clinician relationships, in a mental health setting. 
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Next, the role of AI and digital scribes in healthcare are examined, focusing on how 

natural language processing (NLP) can be applied to clinical documentation tasks. AI can 

potentially enhance efficiency and financial returns within the QI-ROI framework. The critical 

analysis highlights the technical and non-technical barriers that may limit its effectiveness in 

mental health care. The application of digital scribes across various healthcare settings were 

reviewed by analyzing several studies focusing on how these technologies align with or deviate 

from the expectations set by the QI-ROI framework. 

Finally, the literature on evaluating healthcare technology ROI and measuring 

productivity impacts were synthesized using studies identified through searches in Google 

Scholar, Consensus and EBSCOhost. Search terms included combinations of "AI digital scribes," 

"clinical documentation," "mental health ROI," and "mental health quality improvement," 

focusing on peer-reviewed articles published between 2020 and 2025. While many studies report 

positive ROI from digital scribes in physical health contexts, revised critical analysis explores 

whether the same can be assumed in mental health. Given the unique dynamics of mental 

healthcare, where patient interaction is often more prolonged and documentation is highly 

narrative, applying the QI-ROI framework may overlook crucial non-financial benefits, such as 

improved clinician-patient rapport or reduced emotional exhaustion. These gaps in the 

framework's applicability are discussed, setting up the rationale for the current study. This 

literature review provides context for the study by establishing what is currently known about AI 

digital scribes in healthcare and identifying the limitations in applying the QI-ROI framework to 

mental health. By exploring these gaps, the review justified the need for further empirical 

investigation into how AI digital scribes impact mental healthcare's financial and non-financial 

aspects. 
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Conceptual Framework 

The QI-ROI Framework guides the investigation of the impact of AI digital scribe 

technology on clinical documentation in mental health organizations. Developed by Thusini et al. 

(2022), the framework is a comprehensive approach to understanding and evaluating the ROI of 

large-scale healthcare quality improvement programs. The QI-ROI framework is central to this 

study mainly because of its focus on three critical dimensions: financial returns, operational 

efficiency, and patient outcomes. 

The origin of the QI-ROI framework can be traced back to earlier work on quality 

improvement in healthcare. Mery et al. (2017) conducted a systematic review identifying key 

steps and elements for evaluating QI capacity-building investments at the health system 

level. The study laid the groundwork for a more comprehensive understanding of ROI in 

healthcare QI initiatives. Crawley-Stout et al. (2016) demonstrate the practical application of 

ROI analysis in public health QI initiatives, reporting an impressive average ROI of $8.56 for 

every $1 invested. While the findings highlight the economic viability of QI programs, they also 

raise questions about whether traditional ROI metrics are comprehensive enough to consider the 

less tangible outcomes in healthcare, such as improved patient outcomes and staff satisfaction. 

Financial returns represent a primary focus of the QI framework, contemplating factors 

such as cost savings, revenue, and efficiency (Thusini et al., 2022). In the context of AI digital 

scribes, these financial returns could manifest in multiple ways. Reducing documentation time 

allows clinicians to see more patients and dedicate more time to complex cases, potentially 

increasing revenue (Coiera et al., 2018; Sezgin et al., 2023). Sezgin et al. (2023) illustrated that 

in emergency department counseling sessions, documentation time was reduced by over a third 

while simultaneously improving the comprehensiveness of clinical notes. Clinician productivity 
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is another aspect of financial benefits gained through AI, as automated documentation can 

streamline workflows and reduce administrative burdens. The accuracy and completeness of AI-

generated documentation can improve billing and coding accuracy, contributing to increased 

reimbursement rates and reduction of billing errors (Coiera et al., 2018). While the QI-ROI 

framework focuses on financial outcomes, the stress on monetary returns may overlook non-

financial outcomes crucial to mental health. For example, although Sezgin et al. (2023) found 

time savings with digital scribes, their study did not account for how these time savings 

translated into improved patient engagement in mental health settings, where face-to-face 

interaction and narrative documentation are critical. 

Patient outcomes are acknowledged in the framework as a crucial non-monetary benefit 

of quality improvement initiatives (Thusini et al., 2022). While not directly translatable to 

financial metrics, improved patient outcomes can significantly impact healthcare organizations 

(Mery et al., 2017). Artificial Intellignece digital scribes may enhance patient outcomes by 

providing clinicians the opportunity to spend more time on direct patient care (Coiera et al., 

2018). The increased face-to-face time can lead to better patient-provider relationships, more 

thorough examinations, and potentially earlier detection of health issues (Alowais et al., 

2023). Additionally, the standardization and completeness of AI-generated documentation could 

lead to better continuity of care, reducing errors, and improving treatment efficacy (Ghatnekar et 

al., 2021; Wang et al., 2021). This study examined financial and productivity metrics and how 

the framework can be expanded to capture patient-centric outcomes. 

Organizational performance is a broad concept encompassing efficiency, productivity, 

and effectiveness (Thusini et al., 2022) and various aspects of organizational functioning, from 

resource allocation to workflow optimization (Nguyen et al., 2023). The expansive definition of 
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organizational performance is at risk of becoming too diffuse. Too broad a scope can challenge 

the quantifiable definition of success. Lacking specificity can hinder the framework's practical 

application in real-world healthcare settings. In the case of AI digital scribes, organizational 

performance improvements could be seen in reduced administrative bottlenecks, faster 

turnaround times for documentation, and more efficient use of clinical staff time. Better resource 

utilization can allow healthcare organizations to serve more patients without proportionally 

increasing costs. Moreover, enhanced organizational performance can improve staff satisfaction 

and retention, critical factors in the healthcare sector (Alowais et al., 2023; Sadeh-Sharvit & 

Hollon, 2023). 

Developmental goals are highlighted in the framework as integral components of ROI 

(Thusini et al., 2022). The concept of developmental goals recognizes that the benefits of QI 

initiatives extend beyond immediate financial or operational improvements to include long-term 

staff development and learning (Thusini et al., 2022). Artificial Intellignece digital scribes could 

provide clinicians with an improved understanding of technology, enhancing digital literacy and 

preparedness for future technological advancements (Alowais et al., 2023). Implementing AI 

systems could spark interest in data analysis and informatics among clinical staff, leading to 

further innovations in care delivery (Kellogg & Sadeh-Sharvit, 2022). Time savings gained by 

automated documentation could be reinvested in the professional development of the healthcare 

workforce (Sadeh-Sharvit & Hollon, 2023). 

Artificial Intelligence technology can contribute to staff development in multiple ways; 

however, integrating digital tools into mental health may require more specialized training. 

Training may be geared toward understanding how AI impacts therapeutic interactions and 

patient privacy concerns. The QI-ROI framework posits that each concept is interrelated, for 
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instance, enhanced organizational performance may lead to better patient outcomes, resulting in 

financial returns through increased efficiency and patient satisfaction (Thusini et al., 2022). 

The MUSIQ framework, developed by Kaplan et al. (2011), maintains relevance, as 

evident in studies like Reed et al. (2022), which adapted the framework to investigate contextual 

factors affecting the implementation of learning health systems. The framework's approach, 

including 25 contextual factors across multiple system levels, provides a comprehensive view. 

Contextual factors, such as leadership support and the cultivation of a strong internal culture that 

stresses teamwork and continuous learning, play a vital role in the success of QI projects (Cullen 

et al., 2022; Gengiah et al., 2021). Monitoring data for improvement (MDI) and distributed 

leadership further enhance outcomes by bridging the gap between intention and action in QI 

efforts (Kaplan & Walsh, 2022; Ye et al., 2022). However, wide-ranging factors, such as limited 

resources, staff shortages, and difficulties in interpreting complex data, can inhibit the success of 

QI initiatives, necessitating tailored co-interventions and capacity-building efforts (Desveaux et 

al., 2021; Patterson et al., 2021). The model's view of system-level factors is both a strength and 

a limitation. While it offers a holistic perspective, it may overlook industry nuances specific to 

various healthcare settings, especially considering the application of MUSIQ to mental 

healthcare settings in the context of AI digital scribe implementation.  

Additionally, the framework's focus on organizational and environmental factors may 

inadvertently minimize the role of individual agencies in QI success. In mental health care, 

where the therapeutic relationship is paramount in the understanding and treatment of patients' 

health status (El-Abidi et al., 2023; Laranjeira, 2021; Tolosa-Merlos et al., 2022), this oversight 

could be particularly problematic. The model might benefit from incorporating more granular 

factors that account for individual clinician-patient dynamics and the unique challenges of 
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mental health service delivery. While MUSIQ has proven valuable in guiding QI research and 

implementation, its application to specific healthcare contexts, such as mental health care and AI 

integration, reveals potential limitations.  

Recent research has leveraged the MUSIQ model, adapting it to meet the changes in the 

healthcare landscape as seen in Alowais et al (2023) and Sadeh-Sharvit and Hollon (2023).  

These studies demonstrate the model's flexibility while exposing limitations in capturing the 

complexities introduced by AI technologies in healthcare. Alowais et al.'s (2023) investigation of 

AI integration in clinical practice highlights a gap in the original MUSIQ framework. While 

MUSIQ offers a comprehensive view of factors associated with quality improvement, it did not 

anticipate the influence of AI technologies. This oversight raises questions about the model's 

ability to maintain relevance as technology advances in healthcare. Sadeh-Sharvit and Hollon 

(2023) highlight the importance of tailoring the MUSIQ model to fit the specific needs of AI-

augmented mental healthcare services. While MUSIQ provides a solid foundation, its research 

suggests it falls short in addressing the distinct challenges of integrating AI into specialized areas 

like mental health. 

The incorporation of MUSIQ elements into the QI-ROI framework by Thusini et al. 

(2022) demonstrates the model's lasting impact. However, this adaptation also raises concerns 

about the potential perpetuation of MUSIQ's limitations in newer frameworks. There is a risk 

that by building upon MUSIQ without addressing its limitations, new models might have blind 

spots, particularly regarding emerging technologies and specialized healthcare domains. 

Several studies have used frameworks similar to the QI-ROI in healthcare settings. Chen 

et al. (2017) applied ROI analysis to QI initiatives in local health departments, demonstrating 

significant potential savings. Versteeg et al. (2012) investigated the impact of QI collaboratives 
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on mental healthcare, finding that management support and active leadership were crucial to 

success. Nguyen et al. (2023) adapted ROI analysis to the evolving healthcare technology 

landscape by investigating the implementation of digital scribes in cancer care, considering the 

financial implications and the impact on clinician workflow. Progress in research demonstrates 

the need for a comprehensive framework to capture the multifaceted nature of ROI in healthcare 

QI initiatives, particularly those involving advanced technologies like AI digital scribes. The 

holistic approach to evaluating financial and non-financial returns, the QI-ROI framework 

emerges as a suitable tool for addressing this complexity in mental healthcare settings. 

The QI-ROI framework was chosen for this study over alternatives such as the MUSIQ 

model or general ROI analysis because it specifically addresses the multifaceted nature of 

healthcare QI initiatives (Thusini et al., 2022). While MUSIQ focuses on contextual factors for 

success, and general ROI analysis primarily considers financial returns, the QI-ROI framework 

provides a more comprehensive approach that aligns well with the complex nature of 

implementing AI digital scribes in mental health settings. The QI-ROI framework relates directly 

to the present study because it provides a structured approach to evaluating the impact of AI 

digital scribes. It guided the development of the problem statement by highlighting the need to 

consider technical validity and the broader organizational and financial implications of 

implementing this technology. The framework's emphasis on measuring tangible (financial) and 

intangible (patient outcomes, staff development) benefits informed the purpose statement. The 

research questions were developed to align with the framework's key concepts, ensuring a 

comprehensive evaluation of the AI digital scribe technology's impact on clinical documentation 

time, clinician productivity, and overall ROI in mental health organizations. 
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Documentation 

This literature review used the following databases: NU Library, EBSCO Database, 

PubMed, MEDLINE, PsycINFO, IEEE Xplore, Consensus, and Google Scholar. Search terms 

included various combinations of: "artificial intelligence," "natural language processing," "digital 

scribe," "clinical documentation," "electronic health records," "mental health," "psychiatry," 

"return on investment," "productivity," and "quality improvement." The search focused primarily 

on peer-reviewed articles published within the last five years (2019-2024), though older seminal 

works were included where relevant. Both empirical studies and conceptual papers were 

reviewed to provide a comprehensive view of the topic. 

Clinical Documentation Challenges 

Clinical documentation in healthcare has been significantly influenced by adopting 

electronic health records (EHRs), bringing benefits and challenges to the forefront. Literature 

reveals several interconnected themes regarding the impact of EHRs on clinic documentation. 

The themes primarily focus on administrative burden, workflow inefficiencies, clinician burnout, 

and their collective impact on patient care (Budd, 2023; Moy et al., 2021; Nguyen et al., 2023). 

The challenges are part of a systemic issue concerning how administrative overload contributes 

to workflow inefficiencies and connects to clinician burnout, affecting the overall quality of care. 

Administrative Burden 

Increased administrative load, directly related to clinical documentation, has become a 

pressing concern. Clinicians spend substantial time on administrative tasks, reducing their ability 

to focus on patient care (Budd, 2023). While the association between clinical documentation and 

demands on clinician Times has been researched, Moy et al. (2021) expose the absence of 

standard and validated measures for the documentation burden among physicians and nurses 
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using EHRs. Moy et al. (2021) scoping review highlighted the lack of a unified approach to 

measuring administrative burdens across specialties, particularly in mental health, where the 

narrative nature of documentation may make this burden even more pronounced—underscoring 

the need for further research to apply a consistent approach to operationalize documentation 

burden across various healthcare environments. 

Documentation Time. Adding depth to this discussion, Budd (2023) presents a 

compelling argument that the excessive documentation requirements in EHRs may be a primary 

driver of physician burnout in the United States. The cross-cultural comparison revealed a 

dramatic contrast in global documentation requirements: clinical notes in the U.S. are nearly four 

times longer on average than in other countries. Disproportionate time spent on documentation 

puts additional strain on clinicians. It reflects inefficiencies within the healthcare system (Budd, 

2023), particularly in mental health settings where documentation often requires detailed 

narrative entries (Moy et al., 2021). Such a disparity raises questions about the necessity and 

efficiency of current documentation practices in the U.S. healthcare system. 

Workflow Inefficiencies. The literature agrees that workflow inefficiencies in clinical 

documentation significantly drive clinician stress and burnout. The administrative overload 

experienced by clinicians directly creates workflow bottlenecks (Budd, 2023), further reducing 

the time available for patient care and increasing frustration with inefficient processes (Nguyen 

et al., 2023). Nguyen et al. (2023) further exposed several documentation pain points in EHR 

processes. Those include lack of integration, inbox fatigue, and inefficient documentation 

review, all contributing to burnout among cancer care clinicians. While this study provides 

valuable insights, its qualitative nature and focus on a specific clinical context limit its 

generalizability. Nguyen et al. (2023) provide critical insights into workflow challenges faced by 
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clinicians. However, the study's focus on cancer care limits its generalizability. Mental health 

settings, where documentation involves more subjective and detailed reporting, may experience 

different workflow inefficiencies. 

In contrast, Linzer et al. (2015) employed a more robust cluster randomized trial design 

to demonstrate the efficacy of workflow interventions in improving clinician burnout and 

satisfaction. Their findings suggest that targeted workflow optimizations can have a measurable 

effect on clinician well-being and retention. However, this study focuses broadly on workflow 

changes and does not explicitly address the documentation-related inefficiencies central to 

clinician frustration, particularly in mental health settings. 

The interplay between administrative burden and workflow inefficiencies directly 

translates to clinician burnout, significantly impacting patient care (Budd, 2023; Linzer et al., 

2015; Nguyen et al., 2023). The compounded stress from excessive documentation and 

inefficient workflows diminishes clinicians' ability to engage meaningfully with patients, 

ultimately affecting care quality (Moy et al., 2021). Hassmiller and Wakefield (2022) offered a 

varied perspective on the sweeping consequences of burnout on patient care quality, including 

diminished empathy, communication, and therapeutic alliance. Although their study did not 

directly address the documentation burden, it underscores the interconnected nature of these 

issues. This study highlights the broad impact of burnout. However, it lacks specificity in 

addressing how documentation and workflow inefficiencies contribute to these outcomes, 

particularly in fields like mental health, where clinician-patient relationships are central to care. 

The research stresses the need for a comprehensive understanding of the complex relationships 

between administrative burdens, workflow inefficiencies, and burnout, particularly in specialized 

care settings. 
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Clinician Burnout and Impact on Patient Care 

The challenges posed by documentation burden and workflow inefficiencies are well-

researched, and these issues are interrelated, creating a cycle that fuels clinician burnout and 

affects patient care. Studies have shown that excessive administrative tasks associated with 

electronic health records (EHRs) are a critical source of frustration for clinicians, as the time and 

cognitive energy spent on documentation detracts from direct patient care (Downing et al., 2018; 

Budd, 2023). The burden is not solely an operational issue but also affects clinician well-being 

and the quality of patient care delivered. Budd (2023) underscores that clinicians, particularly in 

the United States, often spend disproportionate amounts of time on documentation compared to 

their international peers. Additionally, Kroth et al. (2019) explores the complexity of EHR 

systems and demonstrate how their interfaces exacerbate this burden. 

The issue of documentation burden extends across specialties, with Abernethy et al. 

(2022) pointing out that the variance in documentation requirements across fields affects burnout 

rates differently. For instance, mental health clinicians, who often rely on detailed, narrative-

based documentation, may face a heavier burden than those in other specialties. While these 

studies offer insights into the documentation burden, a deeper examination reveals scope and 

discrepancies in generalizability. 

Addressing EHR-related burnout could require multifaceted interventions. Budd (2023) 

suggests simplifying login processes and integrating EHR systems more effectively into 

clinicians' workflows to alleviate the time and cognitive strain. Melnick et al. (2020) offer that 

EHR usability can be improved through user-centered design, which could reduce the cognitive 

load on clinicians. However, these solutions must be customized for different specialties to 

maximize their effectiveness. 
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Impact on Patient Care 

Studies indicate mixed results regarding the connection between burnout and patient 

outcomes. Mangory et al. (2021) found no consistent link between physician burnout and 

adverse patient outcomes. In contrast, Hassmiller and Wakefield (2022) suggest that burnout 

threatens patient safety, particularly when it leads to medical errors or compromised decision-

making. In mental health settings, where clinician-patient communication is crucial, burnout may 

severely damage the therapeutic relationship. 

The effects of EHR use on patient communication were explored by Abernethy et al. 

(2022), who found that the intrusive nature of EHR systems during consultations can lead to less 

effective communication. When clinicians focus more on inputting data into the EHR than 

engaging with patients, the quality of the patient-provider relationship suffers. However, Budd 

(2023) noted that despite these challenges, some clinicians recognize the benefits of EHR 

systems in improving care coordination, highlighting the issue's complexity. 

The literature on the effects of clinician burnout on patient care remains inconclusive. 

While some studies, like Mangory et al. (2021), show mixed results, others suggest that 

addressing burnout is essential to maintaining high standards of care. In specialties such as 

mental health, where detailed documentation is integral to continuity of care, the strain of EHRs 

could lead to both clinician dissatisfaction and negative outcomes for patients. Abernethy et al. 

(2022) findings regarding communication deficits further reinforce the need to balance the 

technological benefits of EHRs with their potential to disrupt the therapeutic alliance in mental 

health contexts. 

Electronic Health Record-related burnout, driven by documentation burdens, complex 

interfaces, time constraints, and the spillover of work into personal time, remains a significant 
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challenge in healthcare. The effects are far-reaching, impacting clinician well-being, job 

satisfaction, and the quality of patient care. Although solutions such as improving EHR usability 

and integrating workflows more effectively have been proposed, addressing burnout requires a 

more specialized approach tailored to the unique challenges of different medical fields. As the 

literature suggests, resolving these issues is critical for reducing burnout and safeguarding the 

quality of patient care in the long term. 

Artificial Intelligence (AI) and Natural Langauge Processing (NLP) in Healthcare 

Natural Language Processing (NLP) is revolutionizing the healthcare landscape, 

especially in reducing documentation burdens and improving workflow efficiency (Zhou et al., 

2021; Rathore & Rathore, 2023). Leveraging advanced computational methods to analyze, 

interpret, and generate human language, NLP is becoming essential for automating clinical 

documentation and enabling more efficient healthcare delivery (Wang et al., 2023). Through 

tools like speech recognition and text summarization, NLP supports clinicians by reducing their 

time spent on manual data entry, thus alleviating some inefficiencies contributing to clinician 

burnout (Crema et al., 2022; Dhar et al., 2022). As AI technologies evolve, they hold immense 

promise for addressing clinician burnout, improving diagnostic accuracy, and personalizing 

patient care (Ho et al., 2022; Blagec et al., 2022b). 

NLP Applications: Enhancing Clinical Workflows and Decision-Making 

Natural Language Processing's ability to analyze unstructured data within clinical records 

has improved healthcare workflows and clinical decision-making. Zhou et al. (2021) highlight 

how NLP can classify clinical records into predefined categories, improving patient 

identification and treatment decisions. Text classification capabilities ensure clinicians can 

access incrementally accurate and structured data, reducing time spent manually reviewing 
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records. Agrawal et al. (2023) demonstrate how NLP models can extract key clinical variables 

from unstructured notes, significantly enriching the structured data available for clinical 

research. Exposing insights from clinical notes improves the quality of decision-making by 

making relevant patient data more accessible. 

NLP's ability to streamline clinical workflows addresses the inefficiencies that lead to 

clinician burnout. One of the most notable applications is automatic text summarization (ATS), 

which helps clinicians quickly review patient medical histories and make more informed 

decisions (Dharrao et al., 2023; Van Veen et al., 2023). By reducing the time needed to sift 

through vast amounts of text, ATS reduces cognitive load and increases the time available for 

personalized patient care. The development of large language models (LLMs) has furthered the 

advancement of ATS. It has outperformed human experts in summarization tasks, highlighting 

their potential to alleviate documentation burdens (Van Veen et al., 2023). 

Figure 1 

Relational Organizational Chart of NLP 
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Note. This figure depicts a hierarchical structure of NLP and its related technologies. It shows 

how NLP encompasses various specialized areas such as text analysis, language understanding, 

and generation, while also illustrating the relationship between NLP, Large Language Models 

(LLMs), and Generative AI, highlighting the interconnected nature of these AI technologies and 

their applications. Original chart produced by Brianna Brennan. 

Speech Recognition. An extension of NLP, Speech Recognition is crucial in automating 

clinical documentation, particularly in fields like mental health, where narrative-driven records 

are prevalent (Hauglid, 2022). By analyzing acoustic and semantic speech features, NLP models 

can capture nuances in patient interactions that may otherwise go unnoticed by human clinicians. 

This capability is tremendous in psychiatry, where speech-emotion recognition (SER) systems 

can identify and track emotional cues (Olatinwo et al., 2023), resulting in an assisted diagnostic 

process. 

Thakur et al. (2023) emphasize the importance of deep learning in developing advanced 

speech recognition systems, enhancing their accuracy and functionality. Olatinwo et al. (2023) 

describe the development of hybrid models combining convolutional neural networks (CNN) and 

bidirectional long short-term memory (BiLSTM) to improve prediction accuracy and reduce 

computational complexity in speech emotion recognition. These advancements suggest a trend 

towards more sophisticated and efficient speech recognition systems in healthcare. 

Although demonstrating early and significant potential, challenges remain in ensuring the 

accuracy and generalizability of NLP systems in diverse clinical environments. Kar et al. (2021) 

raise concerns about implementing automatic speech recognition (ASR) in high-stress 

environments, such as emergency medical scenarios, because the system's performance could 

degrade due to background noise. Hauglid (2022) points out the need to address biases in speech 
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recognition systems, as these biases can introduce disparities in how patients from different 

backgrounds are assessed and treated. These issues highlight the necessity of robust ethical 

oversight and continuous improvement in speech recognition systems, particularly in sensitive 

healthcare contexts like mental health. 

Despite these promising developments, implementing AI and NLP-based speech 

recognition in healthcare faces several challenges. Hauglid (2022) raises concerns about potential 

biases and discriminatory behavior in automated speech analysis systems, underlining the need 

for careful ethical consideration in their development and deployment. Olatinwo et al. (2023) and 

Kar et al. (2021) also point out challenges such as prediction accuracy, computational 

complexity, and the need for extensive training datasets specific to medical contexts. 

Text Summarization. Text summarization in healthcare has emerged as a crucial 

application of AI and NLP, addressing the growing challenge of information overload in medical 

literature and clinical documentation (Dhar et al., 2022; Lee & Yoon, 2021; Rathore & Rathore, 

2023; Tang, 2023; Wang et al., 2023). Dhar et al. (2022) underscore the potential of NLP to 

highlight critical information in clinical notes, enabling clinicians to review patient records more 

efficiently. By automating the summarization of medical documents, NLP significantly reduces 

clinicians' time reviewing patient records, thereby improving decision-making efficiency (Tang, 

2023). For example, Dhar et al. (2022) calls attention to ATS ability to quickly identify critical 

information from clinical notes, streamlining workflows and reducing administrative burdens. 

The accuracy and utility of NLP-based summarization tools are further demonstrated by Tang 

(2023), who developed an automatic summarization method that achieves a 90.6% accuracy rate 

in biomedical text summarization. 
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The application of text summarization technologies extends across various medical 

specialties. In ophthalmology, Yang et al. (2021) describe how NLP extracts specific information 

from free-text notes for quantitative analysis and predictive modeling. Crema et al. (2022) report 

on the high performance of NLP applications in automatically analyzing medical documents, 

showing the performance of F1-scores and AUC above 85%. Casey et al. (2021) conducted a 

systematic review of NLP applied to radiology reports, finding that automated understanding of 

clinical narratives in radiology reports has the potential to enhance the healthcare process. These 

specialty-specific applications demonstrate the versatility of NLP-based summarization tools and 

their potential to enhance research and clinical practice across different medical fields. However, 

they also note that reproducibility and explainability of models are crucial for moving 

applications into clinical use, underscoring the need for more shared code and standardized 

reporting of study properties to enable inter-study comparisons. 

Despite the high performance of these tools, Chaves et al. (2022) argue that challenges 

remain in optimizing ATS for real-world clinical use, particularly in identifying relevant 

information that directly impacts patient care. Additionally, Khanmohammadi et al. (2023) 

caution that while transformer-based architectures and large language models (LLMs) 

significantly enhance NLP's summarization capabilities, these models are prone to biases and 

ethical violations, underscoring the need for thorough evaluation before clinical deployment. 

These limitations suggest that while ATS can improve workflow efficiency, it requires continued 

refinement to meet the specific demands of various medical specialties, particularly in mental 

health, where documentation 
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AI-Assisted Documentation 

AI-assisted documentation, mainly through digital scribes, represents one of the most 

promising applications of NLP in reducing clinician workload. Van Buchem et al. (2021) 

highlight the potential of digital scribes to transcribe and summarize clinical conversations in 

real time, reducing clinicians' time on EHRs and enabling them to focus more on direct patient 

care. However, as noted by Bossen and Pine (2022), AI-assisted documentation systems still 

require human oversight to ensure accuracy and completeness, particularly in complex clinical 

scenarios. These findings indicate that while AI has the potential to enhance documentation 

processes, the role of human clinicians remains crucial in verifying and validating AI-generated 

outputs. 

The concept of digital scribes, which utilize NLP and automatic speech recognition 

(ASR), has emerged as a promising solution for automating clinical documentation. Van Buchem 

et al. (2021) conducted a scoping review of digital scribes, revealing their potential to transcribe 

and summarize clinical conversations automatically. However, the authors note that most studies 

focus on technical validity rather than clinical validity and usability, indicating a need for more 

comprehensive research on the practical application of these tools in clinical settings. 

Information Extraction and Classification. The application of AI and NLP in 

healthcare extends beyond mere documentation. Wang et al. (2023) and Yew et al. (2022) 

discuss the potential of AI and machine learning leveraging patient data to provide real-time, 

patient-specific recommendations; CDSSs improve clinical decision-making and reduce human 

error. Lindvall et al. (2022) demonstrated that NLP is as accurate as manual chart review for 

identifying advance care planning documentation in large multisite clinical trials while 

substantially more efficient. This finding suggests that NLP could be a valuable tool for handling 



32 

large patient cohorts in research settings. In clinical practice, AI-embedded systems like 

Computer Assisted Coding (CAC) are used to automatically-suggest medical codes from EHRs. 

Bossen and Pine (2022) describe how Clinical Documentation Integrity Specialists (CDIS) 

collaborate with CAC systems to improve medical documentation's accuracy, consistency, and 

completeness. While the CAC's suggestions are often inaccurate, the human-AI collaboration 

still proves beneficial, highlighting the importance of human oversight in AI-assisted 

documentation processes. These examples demonstrate the technology's capacity to not only 

streamline administrative tasks but also contribute to improved clinical decision-making and 

patient outcomes. 

Challenges and Limitations 

However, implementing AI and NLP in healthcare is not without challenges. Crema et al. 

(2022) point out several limitations, including the strong asymmetry between English and non-

English models, difficulties obtaining high-quality annotated data, and biases in training data that 

can lead to low generalizability. Blagec et al. (2022a) found that current AI benchmarks and 

datasets often fail to cover the routine documentation tasks that clinicians find most burdensome. 

This misalignment between AI development and clinical needs suggests a critical gap that needs 

to be addressed to realize the potential of these technologies in reducing administrative burdens 

entirely. These issues underscore the need for careful consideration and ongoing refinement of 

AI and NLP technologies to ensure their effectiveness and equity across diverse healthcare 

settings and populations. 

Moreover, the explainability of AI-based methods for extracting critical information from 

clinical documents remains a significant concern. Ho et al. (2022) stress the importance of 

making these methods explainable to clinicians to support traceable and understandable 
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reasoning processes. It is crucial for building trust in AI systems and ensuring their responsible 

implementation in clinical practice. 

Despite these challenges, the potential benefits of AI and NLP in healthcare are 

substantial. Yang et al. (2021) highlight the promise of AI-based NLP systems in disease 

screening, risk stratification, and treatment monitoring. However, they also note that realizing 

these benefits on a larger scale require stakeholder collaboration, greater public acceptance, and 

continued technological advancements. 

Usability 

The application of AI algorithms in healthcare has shown remarkable capability in 

analyzing vast amounts of patient data, contributing to early disease detection, and the 

development of personalized treatment plans (Rathore & Rathore, 2023; Lee & Yoon, 2021). 

Concurrently, NLP systems have demonstrated effectiveness in analyzing EMRs to extract 

critical information, thereby streamlining healthcare providers' ability to access and interpret 

patient data efficiently (Crema et al., 2022). Digital scribes, which leverage AI and NLP to 

automate clinical documentation, have emerged as a promising solution to address the increasing 

administrative burden on clinicians, especially in mental health settings. These technologies aim 

to convert ambient listening during clinical encounters into meaningful medical notes, potentially 

reducing clinicians' time on EHRs and allowing for more direct patient care (Ghatnekar et al., 

2021). The potential benefits of digital scribes are substantial, including enhanced clinician 

ability to navigate charts, improved quality of time spent with patients, increased clinic 

efficiency, and reduced physician burnout (Eschenroeder et al., 2021; Ghatnekar et al., 2021). 

The synergy between AI and NLP technologies in healthcare is particularly evident in 

their ability to automate routine tasks and improve workflow. From appointment scheduling and 
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medication reminders to administrative duties, these technologies allow healthcare providers to 

focus on more complex, high-value tasks that require human expertise (Lee & Yoon, 2021). 

Automation enhances efficiency and improves healthcare system usability, potentially reducing 

the cognitive load on healthcare professionals. 

The conceivable efficiency gains from AI-assisted documentation are significant. 

Lindvall et al. (2022) reported that NLP could identify documentation in a fraction of the time 

required by manual chart review. Furthermore, applying AI-driven predictive analytics and 

personalized medicine systems offers the potential to forecast patient outcomes and tailor 

treatment plans to individual patients (Rathore & Rathore, 2023). These advancements in 

personalization contribute significantly to the overall usability of the healthcare system, 

potentially leading to improved patient outcomes and satisfaction. 

The potential of AI and NLP to transform healthcare extends beyond clinical 

applications. Grezenko et al. (2023) discuss the broader implications of these technologies, 

including their role in enhancing patient engagement, education, and data security. This holistic 

view of usability encompasses healthcare providers' experiences and patients' interactions with 

the healthcare system. However, van Buchem et al. (2021) note that the usability and clinical 

validity of digital scribes and other NLP tools are still under-researched, with most studies 

focusing on technical validity rather than practical application in clinical settings. Van Buchem 

et al. (2021) conducted a scoping review of digital scribe systems and found that out of 20 

included articles, only two examined the system's clinical validity and usability. 

Ethical Considerations 

Transparency, often called the "black box problem," poses significant ethical challenges 

for AI deployment in healthcare. Li et al. (2022) express the importance of explainable AI (XAI) 
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systems, which allow clinicians to understand the reasoning behind AI-generated outputs. The 

concept of "Artificial Wisdom" (AW), as proposed by Lee et al. (2021), suggests that AI 

technologies should be designed to align with human values and ethical standards, providing 

compassionate and ethically sound care to diverse patient populations. In mental health settings, 

this alignment is critical to ensuring that digital scribes do not exacerbate existing disparities or 

undermine the therapeutic relationship between clinicians and patients. These examples align 

with Jeyaraman et al.'s (2023) assertion that transparency and trustworthiness of AI systems are 

essential, particularly in high-risk decision-making scenarios. 

Another ethical concern is the potential for bias and unfairness in AI systems. Walk et al. 

(2022) highlight that clinical NLP can both study and potentially perpetuate bias in healthcare 

applications. The authors identify the importance of selecting appropriate metrics to interrogate 

bias in models and exploring best practices in reconciling individual autonomy with the use of 

patient data. The concern is echoed by Jeyaraman et al. (2023) and Lee et al. (2021), who argue 

that biases in data collection and algorithm development can perpetuate healthcare disparities. 

These ethical concerns are particularly pronounced in mental health care, where patient data is 

susceptible, and the potential for bias in AI systems could lead to inequitable care. 

The question of autonomy and responsibility in AI-driven healthcare decisions is another 

crucial ethical consideration. Bhogawar et al. (2023) discuss how AI might affect patient 

autonomy and doctor-patient relationships. Almazrouie (2023) underscores the importance of 

preserving patients' autonomy in making decisions. The challenge of determining responsibility 

for AI-driven outcomes raises essential questions about AI's moral agency and human 

accountability (Jeyaraman et al., 2023). 
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The prospective impact of AI on the healthcare workforce is an ethical concern with 

broader societal implications. Bhogawar et al. (2023) and Doyal et al. (2023) highlight the 

potential for automation to reduce the availability of healthcare jobs, potentially widening 

existing health inequalities. These raise questions about the ethical implications of AI 

implementation on employment and equitable access to healthcare. 

To address these ethical challenges, several authors propose the development of 

comprehensive ethical frameworks and guidelines. Moon et al. (2023) suggest that ethical 

themes of respect for person, accountability, and sustainability should guide AI in healthcare. 

They argue that conflicts between ethical principles should be resolved through deliberative 

democratic methods and consensus building. Saheb et al. (2021) identify 40 general research 

gaps in the literature and call for stricter policies and ethical design in AI-based medical 

interventions. Goisauf and Abadía (2022) emphasize integrating a social science perspective in 

AI developments in radiology, underlining the importance of addressing potential discriminatory 

effects and injustices. This multidisciplinary approach is echoed by Almazrouie (2023), who 

advocates for collaboration between healthcare professionals, AI developers, ethicists, and 

philosophers to create a moral code of conduct for AI in healthcare. 

Natural Language Processing has made significant strides in addressing documentation 

inefficiencies, clinician burnout, and workflow inefficiencies in healthcare. Tools like speech 

recognition, ATS, and digital scribes are already demonstrating their potential to transform 

clinical documentation, allowing clinicians to focus more on patient care and less on 

administrative tasks. Future research should prioritize these areas to fully realize NLP's potential 

in healthcare, particularly in specialized fields like mental health, where the documentation 

burden is higher and more nuanced. 
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Implementation and Outcomes 

Integrating digital scribe technology into healthcare settings offers significant potential to 

alleviate administrative burdens and improve clinical efficiency. However, its implementation is 

fraught with challenges, particularly within mental health settings. Adopting digital scribes 

involves various facilitators and barriers, particularly in mental health research, where the 

subtleties of patient-provider interactions play a crucial role. 

Technical Challenges in Digital Scribe Implementation 

Developing digital scribes, especially those powered by AI and NLP, involves 

overcoming several technical hurdles. According to Tran et al. (2020), these include the need for 

high-quality audio recording, accurate transcription of complex medical conversations, and the 

extraction of clinically meaningful data. The complexity of these tasks is amplified in mental 

health settings, where conversations often involve sensitive topics, varying speech patterns, and 

the need for high contextual understanding. In mental health care, where therapeutic alliance and 

nuanced communication are critical, the accuracy of digital scribes in capturing and processing 

this information becomes even more crucial (Tran et al., 2020). Zhang & Wang (2024) further 

highlight that the emotional and psychological context of mental health conversations can be 

challenging for AI to interpret accurately, leading to potential errors or oversights in 

documentation that could affect patient care. 

The variability of clinical settings, as discussed by Tran et al. (2020), poses a significant 

barrier to the widespread adoption of digital scribes. In mental health care, this variability is 

particularly pronounced due to the diverse nature of mental health services, which range from 

acute inpatient care to community-based counseling. Each of these settings has unique 

documentation requirements and clinician expectations. Patterson et al. (2021) argue that a one-
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size-fits-all approach is unlikely to succeed in mental health settings, where the integration of 

digital scribes must be tailored to the specific needs of the clinical environment. 

Application and Acceptance in Mental Health Settings. Preliminary research suggests 

that digital scribes can be marginally acceptable in clinical settings. Nguyen et al. (2023) found 

that clinicians rated digital scribes as marginally acceptable and applicable in a cancer care 

setting. However, transposing these findings to mental health care is not straightforward. Castro 

et al. (2025) suggest that using digital scribes in mental health care may differ significantly from 

other clinical settings due to the unique nature of mental health documentation, which often 

requires more detailed narrative notes. Ghatnekar et al. (2021) highlighted technological barriers 

such as adaptability to linguistic differences, compatibility across clinical encounters, and 

integration of medical jargon into the notes. Furthermore, while the technology may not 

significantly reduce clinician burnout, as Nguyen et al. (2023) observed, it may still improve 

perceptions of having sufficient documentation time, which is crucial in mental health settings 

where thorough documentation is vital for ongoing care. 

Intersection with Broader EHR Challenges. Implementing digital scribes must also be 

considered within the broader context of EHR challenges. Gagnon et al. (2014) identified several 

factors facilitating e-prescribing implementation, such as appropriate design, interoperability, 

and user-friendly content. These factors are likely equally crucial for digital scribes, particularly 

in mental health settings where technology integration into the therapeutic process must be 

handled with care. Sasseville et al. (2025) argue that in mental health care, the success of digital 

scribes depends on their ability to integrate seamlessly with existing EHR systems and support 

mental health professionals' specific documentation needs. 
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Privacy and Security. Privacy and security are critical concerns in implementing digital 

scribes, especially in mental health care, where patient confidentiality is paramount. The use of 

ambient listening technology, as highlighted by Tran et al. (2020), raises significant questions 

about patient consent and data protection. Given the sensitive nature of discussions in mental 

health settings, ensuring the security and confidentiality of patient data is essential for building 

trust among providers and patients. Naik et al. (2022) stress the need for robust cybersecurity 

measures to protect patient data from breaches and misuse. To address these concerns, 

Jeyaraman et al. (2023) propose using advanced technologies such as homomorphic encryption 

and secure multiparty computation to preserve data confidentiality while enabling necessary 

clinical functionalities. 

Furthermore, the shift from traditional data ownership to a data stewardship model, as 

suggested by Jeyaraman et al. (2023), could facilitate more responsible data management in 

compliance with stringent healthcare regulations. This shift underscores the importance of 

protecting patient data and ensuring patients are fully informed about how their data is used and 

protected. Establishing clear and transparent practices around data stewardship is critical in 

mental health settings, where the consequences of data breaches could be particularly severe. 

Nguyen et al. (2023) support this by highlighting that robust data protection measures are 

necessary to build and maintain trust, thereby facilitating the broader adoption of digital scribes 

in healthcare environments. 

Non-technical Challenges to Digital Scribe Implementation 

Adopting digital scribe technology in healthcare is a complex process influenced by 

various non-technical barriers. These barriers, particularly relevant in mental health settings, 

include trust and confidence among clinicians (Higgins et al., 2023), ethical concerns (Lee et al., 
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2021), educational and training gaps (Zhang et al., 2023), social and cultural factors (Li et al., 

2023), organizational readiness (Zhang et al., 2023), and perceptions of AI's role in clinical 

practice (Sedlakova & Trachsel, 2022). Understanding and addressing these barriers is essential 

for successfully integrating digital scribes in healthcare, especially in the nuanced and sensitive 

mental health field. Implementing digital scribes, which leverage AI and natural language 

processing to automate clinical documentation, offers significant potential to reduce 

administrative burden and improve clinical efficiency (Ghatnekar et al., 2021). However, 

realizing these benefits is contingent upon effectively navigating the multifaceted landscape of 

non-technical challenges that impede widespread adoption. 

Trust and Confidence Among Clinicians 

One of the primary non-technical barriers to implementing digital scribes in healthcare is 

the issue of trust and confidence among clinicians. Higgins et al. (2023) emphasize that 

uncertainty related to clinicians' trust and confidence, end-user acceptance, and system 

transparency are significant obstacles to incorporating AI-based decision support systems in 

mental health practice. Adopting digital scribes relies heavily on clinicians' willingness to trust 

the technology's ability to accurately document and support clinical workflows. In mental health 

settings, where documentation accuracy is crucial for effective patient care, any perceived lack 

of reliability or transparency in digital scribes can lead to hesitation and resistance among 

clinicians. Zhang & Wang (2024) suggest that building trust by developing transparent and 

explainable AI systems is vital to overcoming this barrier. 

Education and Training. Zhang et al. (2023) stress that mental health professionals 

must acquire the necessary skills and confidence to utilize AI technologies effectively. Without 

adequate training, there is a risk of underutilization or misuse, which can hinder the technology's 
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integration into clinical workflows. Tachkov et al. (2022) identify human factors, including the 

need for specialized training, as significant barriers to AI adoption in healthcare technology. The 

challenge is especially critical in mental health care, where clinicians must understand how AI 

systems, like digital scribes, can enhance rather than replace their roles. Balcombe and Leo 

(2022) highlight that education and training should focus on technical proficiency and how AI 

can support clinical decision-making without threatening professional autonomy. 

Educational initiatives can promote a collaborative approach, positioning AI as a tool that 

aids rather than competes with clinicians. The perception of AI's usefulness also plays a critical 

role in its adoption. Sasseville et al. (2025) find that the perceived usefulness of AI-enabled tools 

influences the intention to use them among prospective psychotherapists. As Lee et al. (2021) 

note, the future of AI, or "Artificial Wisdom," lies in providing technology that facilitates 

compassionate and ethically sound care. Researchers converge on the concept that clinicians 

should be well-educated on both the capabilities and limitations of these systems, ensuring they 

are integrated into practice in a way that enhances, rather than detracts from, the quality of care. 

Financial Considerations 

Financial barriers to technology adoption are a significant concern across all healthcare 

settings, but they are particularly acute in mental health care, where funding is often limited.  

Ghatnekar et al. (2021) note that high upfront costs and the need for seamless integration with 

existing systems are substantial hurdles.  Connolly et al. (2021) highlight that the high initial 

costs and ongoing maintenance expenses present substantial barriers, particularly for smaller 

practices or underfunded institutions. 

In addition to the direct costs, the need for healthcare system buy-in and supportive 

reimbursement policies are important.  As Yao et al. (2021) point out, sufficient funding is 
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essential not only for purchasing the necessary technologies but also for training healthcare 

providers, developing digital infrastructure, and ensuring ongoing technological updates.  

Connolly et al. (2021) argue that financial incentives and clear reimbursement frameworks are 

necessary to encouraging the adoption of digital technologies within clinical environments.  

Without such structures, integrating AI and NLP tools into routine care is significantly hindered, 

limiting their potential impact on patient outcomes. 

The economic implications of digital health adoption extend beyond the immediate costs 

to healthcare providers and affect the broader healthcare system and patient populations. Bhyat et 

al. (2021) discuss the complex relationship between the perceived return on investment for 

stakeholders and the actual value delivered to patients and caregivers. They highlight a 

misalignment of financial incentives, where those who invest in the technology may not directly 

benefit from its implementation. In contrast, those responsible for utilizing the technology may 

lack the necessary incentives to maximize its potential. 

Financial implications also vary across different healthcare settings and populations. Yao 

et al. (2021) underscore the health inequities that arise from the rapid adoption of digital health 

technologies, influenced by economic status and regional disparities. The absence of established 

health technology assessment (HTA) frameworks for digital therapeutics, as noted by Yan et al. 

(2021), complicates the financial evaluation of these technologies. The lack of standardized 

assessment methodologies poses challenges for healthcare systems in determining the cost-

effectiveness and overall value of AI and NLP technologies, further complicating decision-

making processes. 
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Best Practices 

Best practices for implementing digital scribe technologies in mental health settings 

underscore several critical factors that ensure the efficacy of AI tools and their acceptance among 

healthcare professionals. One of the foremost best practices is the involvement of clinicians in all 

stages of AI tool development and implementation. Higgins et al. (2023) underscore the 

importance of engaging clinicians early to build trust and confidence, essential for successfully 

adopting AI-based decision support systems. 

Ethical considerations and the responsible use of AI in healthcare represent another 

crucial aspect of best practices. Balcombe (2023) stresses that integrating human values, 

empathy, and ethical considerations into AI systems is particularly important in mental health 

care by ensuring that AI tools are designed to complement, rather than replace, human therapists; 

the essential human element in patient care is preserved. Kister et al. (2023) stress the 

importance of resolving ethical and social issues related to AI tools in mental health services. 

They argue that AI should not serve as the sole basis for autonomous therapy without 

professional supervision, as this could exacerbate existing disparities in care. 

Education and training for mental health professionals also emerge as critical components 

of successful AI implementation. Zhang et al. (2023) highlight the need for comprehensive 

training programs that address the technical aspects of AI tools and focus on their integration 

into clinical workflows. Transparency and reproducibility in AI models are essential for building 

trust and ensuring the reliability of AI tools. Tornero-Costa et al. (2023) identify significant 

shortcomings in the methodology and data quality of AI applications in mental health research, 

promoting improved reporting on data preprocessing and model validation processes. 
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Hudelson et al. (2024) recommend customizing digital scribe solutions to accommodate 

the specific needs of different psychiatric specialties and clinical settings. They underline that 

these technologies should enhance the physician-patient relationship by increasing clinicians' 

time interacting with patients. Hudelson et al. (2024) advocate for tracking adoption rates, 

assessing the impact on clinician efficiency, and gathering feedback from clinicians and patients. 

Ongoing evaluation enables iterative improvements, ensuring that AI tools remain responsive to 

the evolving needs of healthcare providers and patients. 

ROI Evaluation 

As mental health services increasingly leverage technological advancements to improve 

patient care and operational efficiency, understanding the financial implications of these 

adoptions becomes paramount (Galatzer-Levy et al., 2023). Scafarto et al. (2023) provide strong 

evidence that digital innovations reduce operational costs, improve service quality, and enhance 

patient safety. These outcomes collectively contribute to better financial performance, aligning 

with Wu's (2023) findings that digital technologies across the healthcare sector serve as catalysts 

for operational efficiency and cost reduction. 

Implementing digital innovations, such as digital scribe technology, presents 

opportunities and challenges that require careful financial analysis (Harvey et al., 2022). At the 

forefront of considerations is the initial cost of acquiring new technology, which can be 

substantial and often requires innovative funding approaches (Sobowale, 2021). Sobowale 

(2021) notes that traditional funding sources for mental health technologies have been limited, 

reflecting mental health organizations' broader challenges in securing resources for technological 

advancements (Sobowale, 2021). 
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The size and scale of the organization, as well as its readiness to adopt new technologies, 

play a pivotal role in determining the speed and magnitude of financial gains. Smaller 

organizations with less robust infrastructure may experience slower ROI and face significant 

implementation challenges (Jayathissa & Hewapathirana, 2023; Mensah et al., 2022). Larger 

healthcare systems, by contrast, often benefit from economies of scale that enable them to realize 

more immediate and substantial financial returns (Sherry et al., 2022). Furthermore, the ability to 

efficiently manage intellectual capital—particularly human and structural capital—is a critical 

mediating factor in maximizing the financial benefits of digital technologies (Scafarto et al., 

2023). 

Financial considerations extend beyond the initial purchase price. Organizations should 

account for a range of associated costs that can significantly impact the overall financial viability 

of the technology (Carniol et al., 2018). Carniol et al. (2018) highlight the importance of 

considering ongoing expenses such as maintenance, training, and potential marketing costs. 

Aboujaoude and Gega (2020) point out that while economic analyses may show good value for 

money, they often fail to capture technology implementation's actual costs and benefits. 

Bronsoler et al. (2022), Jedwab et al. (2023), and Momin and Ali (2023) highlight that the 

learning curve associated with adopting new technologies can temporarily disrupt clinician 

workflows, leading to short-term declines in productivity. In addition, compliance with data 

privacy regulations, such as the Health Insurance Portability and Accountability Act (HIPAA), 

introduces added costs, which can strain already tight budgets (Verghese et al., 2018). 

Despite financial challenges, the potential benefits of digital scribe technology in mental 

health services are significant. Scafarto et al. (2023) and Wu (2023) present compelling evidence 

that digital innovations, such as digital scribes, contribute to reduced operational costs, improved 
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service quality, and enhanced patient safety—critical factors in sustaining the financial health of 

mental health organizations. These gains, however, are contingent on proper planning and 

execution. As Vassolo et al. (2021) observe, the narrow focus on cost analysis, single technology 

implementations, and limited decision-maker involvement can constrain such investments' 

broader financial and operational potential. A more holistic approach to technology adoption, 

considering the interrelated impacts of multiple technologies and involving key stakeholders 

across the organization, is necessary to maximize ROI. 

Ultimately, the complexity of financial implications in digital technology adoption, 

particularly in mental health settings, necessitates a comprehensive and context-specific 

approach to ROI evaluation. De Walque and Kandpal (2022) underscore that these evaluations 

must account for the broader healthcare system context, including infrastructure, readiness, and 

organizational capacity. Galatzer-Levy et al. (2023) underscore the need for comprehensive 

evaluation frameworks to capture the direct financial impacts and the broader societal benefits of 

improved mental healthcare delivery. Wu (2023) advocates for the use of advanced analytical 

methods, such as Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis (SFA), to 

provide a more accurate picture of financial performance by simultaneously considering multiple 

inputs and outputs. A more nuanced approach ensures that organizations fully account for the 

factors influencing ROI, such as patient outcomes, operational efficiencies, and broader systemic 

impacts. 

Research reveals a strong trend toward improved financial performance in healthcare 

organizations by implementing digital technologies. However, realizing these benefits can 

depend on various factors, including the efficient management of intellectual capital, the 

consideration of broader system contexts, and the adoption of comprehensive evaluation 
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frameworks. As we continue to push the boundaries of digital innovation in healthcare, evolving 

our methods of evaluating their financial impact becomes imperative, ensuring that our 

investments genuinely deliver value for healthcare providers and their patients. 

Improved Efficiency 

Improved operational efficiency is critical to ROI calculations (Johnson et al., 2020). 

Efficiency in healthcare encompasses various dimensions, including time management, resource 

utilization, and quality of care delivery. Far from merely about cost reduction, the drive for 

efficiency is intrinsically linked to enhancing patient care quality and provider satisfaction 

(Carniol et al., 2018; Harvey et al., 2022). 

Digital documentation technologies, including digital scribes and EHR systems, have 

emerged as potential solutions to address the growing documentation burden in healthcare 

settings. By streamlining workflows and reducing administrative tasks, these technologies aim to 

allow healthcare providers more time for patient care (Ghatnekar et al., 2021; Wang et al., 2021). 

However, measuring efficiency gains from these technologies presents a complex challenge, as 

efficiency manifests in various forms across different healthcare contexts. 

Time savings, particularly in documentation processes, is a primary efficiency metric. 

Several studies have demonstrated significant reductions in documentation time through digital 

scribes and similar technologies. Wang et al. (2021) reported that their digital scribe technology 

was 2.7 times faster than traditional methods for documenting patient histories. Such time 

savings can translate into increased patient throughput or more time spent on direct patient care, 

both crucial efficiency indicators in healthcare settings. A study by Piersa et al. (2021) 

demonstrated significant improvements in documentation timeliness with the implementation of 

medical scribes in an academic internal medicine practice. The median time to close patient 
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encounters dropped dramatically for scribed visits [0.4 (4.8) days] compared to baseline and 

unscribed visits [1.2 (5.9) and 2.9 (5.4) days, respectively; both p < 0.001]. The substantial 

reductions in documentation time underscore the potential for scribes to enhance workflow 

efficiency and improve the currency of patient records (Piersa et al., 2021). 

Corroborating these findings, Pfoh et al. (2022) conducted a mixed-methods study 

examining scribe impact on provider efficiency and satisfaction in internal and family medicine 

settings. Their research revealed significant improvements across multiple efficiency metrics. 

After implementing scribes, the average days to chart closure were decreased by 0.38 (95% CI: 

−0.61, −0.15). Additionally, the intervention reduced after-hours work, with providers spending 

an average of 11.5 fewer minutes working after clinic hours (95% CI: −13.1, −9.9) and 24.9 

fewer minutes on non-clinical days (95% CI: −28.1, −21.7) (Pfoh et al., 2022). The measurable 

improvements demonstrate enhanced efficiency and suggest potential benefits for provider work-

life balance and job satisfaction. 

The tangible time savings translate into increased patient throughput or more time for 

direct patient care (Wang et al., 2021; Piersa et al., 2021). Efficiency gains can extend beyond 

mere time savings, encompassing broader impacts on care delivery and provider experience 

(Pfoh et al., 2022; Piersa et al., 2021). However, the relationship between technology adoption 

and time efficiency is not always straightforward. Zoller et al. (2023) revealed that while overall 

documentation time remained unchanged after implementing a digital documentation system, the 

number of documentation processes decreased significantly. Highlighting the importance of 

considering not just total time spent but also the fragmentation of tasks – a less fragmented 

workflow can contribute to improved efficiency even when total time remains constant (Zoller et 

al., 2023). 
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Quality and timeliness of documentation represent another critical aspect of efficiency in 

healthcare (Demsash et al., 2023; Piersa et al.,2021; Ziemann et al., 2021). Crucial for continuity 

of care and effective communication among healthcare teams, timeliness and quality can have 

far-reaching impacts on patient care and organizational operations (Demsash et al., 2023). 

Ziemann et al. (2021) consistently associated scribe utilization with improved documentation 

quality, an often-overlooked dimension of efficiency. 

The concept of efficiency in healthcare extends beyond time savings to encompass 

broader impacts on care delivery and provider experience. Research by Avendano et al. (2022) 

revealed that physicians using scribes saw more patients per hour and received higher 

reimbursements, indicating potential financial efficiencies. Interestingly, the same study noted no 

significant improvement in patient satisfaction or length of hospital stay, underscoring the 

complexity of efficiency measures in healthcare settings (Avendano et al., 2022). 

The effectiveness of these tools can vary depending on factors such as the specific 

healthcare setting, provider preferences, and existing workflows (Avendano et al., 2022; 

Ziemann et al., 2021). Many studies focus on short-term efficiency measures and may not 

capture long-term impacts or unintended consequences. For instance, while Sezgin et al. (2023) 

demonstrated promising results for their digital scribe system in emergency department settings, 

they also noted inconsistencies in the system's performance across different types of information, 

indicating potential areas where efficiency gains might be limited. 

A notable gap exists in research explicitly addressing the impact of these technologies in 

mental health settings (Torous et al., 2020). Given the unique nature of mental health 

consultations, which rely heavily on narrative information and nuanced interpersonal interactions 

(Yoo et al., 2024), the efficiency gains observed in other medical specialties may not directly 
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translate to mental health practice. The substantial time savings observed in internal and family 

medicine practices may present challenges and opportunities for efficiency improvements in 

mental health contexts, necessitating specialized research in this area (Ziemann et al., 2021; 

Avendano et al., 2022). 

Another critical consideration involves the potential discrepancy between perceived and 

actual efficiency gains. Zoller et al. (2023) observed that while 80% of respondents believed 

documentation time had decreased with digital systems, objective measurements showed no 

significant change. Such discrepancies highlight the importance of combining objective 

efficiency measures with subjective user experiences when evaluating the impact of these 

technologies (Zoller et al., 2023). 

While digital documentation technologies show promising potential for improving 

efficiency in healthcare settings, their impact remains multifaceted and context-dependent. 

Efficiency gains manifest not only in time savings but also in improved documentation quality, 

workflow defragmentation, and potentially increased revenue (Ghatnekar et al., 2021; Wang et 

al., 2021; Piersa et al., 2021; Pfoh et al., 2022). However, these benefits must be weighed against 

the variability in effectiveness across different healthcare contexts and the potential for 

discrepancies between perceived and actual efficiency gains (Zoller et al., 2023; Avendano et al., 

2022). 

Increased Productivity 

Productivity enhancement is widely regarded as a fundamental driver of ROI in 

healthcare technologies, particularly in scribe and digital scribe technology (Gottlieb et al., 

2020). The increasing demands on healthcare systems and the administrative burden placed on 

clinicians have driven organizations to seek solutions that optimize efficiency and resource 
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utilization (Pfoh et al., 2022). Literature suggests that both human and digital scribes have the 

potential to reduce the time spent on documentation tasks, thereby improving productivity 

metrics such as patient throughput, relative value units (RVUs), and clinician satisfaction 

(Gottlieb et al., 2020; Pfoh et al., 2022; Shuaib et al., 2021). However, the complexity of 

healthcare environments, particularly in specialized fields like mental health, presents unique 

challenges that must be carefully considered when evaluating the effectiveness of these 

technologies (Tran et al., 2020; van Buchem et al., 2021). 

Measuring productivity in healthcare often centers on quantitative metrics, such as the 

number of patients seen per hour, RVUs generated, and the time required for documentation 

(Gottlieb et al., 2020). In a comprehensive meta-analysis by Gottlieb et al. (2020), using human 

scribes increased the number of patients treated per hour by 0.30 and improved RVUs per 

encounter and RVUs per hour by 0.14 and 0.55, respectively. These findings align with other 

research demonstrating that reducing clinicians' documentation burden can lead to substantial 

productivity improvements, particularly in high-demand settings such as emergency departments 

and primary care (Shuaib et al., 2021). In emergency departments, where speed and efficiency 

are paramount, implementing scribe programs led to a significant increase in patient throughput, 

from 2.3 per hour to 3.2, with corresponding increases in work RVUs (Shuaib et al., 2021). 

These results illustrate the link between reduced administrative tasks and enhanced productivity 

in clinical settings. 

In examining digital scribe technology, the literature suggests that similar productivity 

gains are possible, though the success of these systems depends heavily on the context of their 

use. Digital scribes, powered by artificial intelligence (AI) and natural language processing 

(NLP), have the potential to automate clinical documentation, thus freeing up clinicians to focus 
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on patient care (Ghatnekar et al., 2021). Ghatnekar et al. (2021) highlight that digital scribes can 

reduce clinicians' time navigating electronic health records (EHRs), enhancing operational 

efficiency. However, the effectiveness of these technologies, particularly in more complex 

settings like mental health, is contingent upon their ability to accurately capture the nuanced, 

narrative-based information that is often critical in such consultations (Tran et al., 2020). The 

ability of digital scribes to handle these complexities remains a significant challenge, as current 

AI-driven solutions may lack the sophistication necessary to fully replicate the interpretative and 

contextualizing functions performed by human scribes (van Buchem et al., 2021). 

Beyond the numerical metrics of productivity, qualitative improvements are equally 

significant. Research consistently points to the reduction of clinician burnout and improvements 

in work-life balance as key outcomes of scribe technology implementation (Pfoh et al., 2022). 

Pfoh et al. (2022) found that using scribes led to a notable reduction in after-hours 

documentation and increased clinician satisfaction, which could enhance long-term productivity. 

Clinician engagement and satisfaction are critical to sustaining productivity gains, as reducing 

burnout and improving job satisfaction are essential for retaining healthcare professionals and 

maintaining high standards of care. In mental health settings, where patient interactions are often 

more prolonged and individualized, minimizing administrative burdens could significantly 

improve clinician well-being and patient care quality (Pfoh et al., 2022). 

Despite the generally positive findings regarding productivity, some significant 

limitations and challenges must be acknowledged. One key issue is the uneven impact of scribe 

technology on different aspects of clinical work. For example, while documentation time may 

decrease, other elements of the clinician's workload, such as managing the inbox and handling 

patient follow-ups, may remain unaffected (Pfoh et al., 2022). These findings suggest that while 
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scribe technology can alleviate some administrative tasks, a more comprehensive approach may 

be necessary to optimize productivity across all areas of clinical practice. Furthermore, while 

human scribes have been shown to improve productivity, the generalizability of these findings to 

digital scribe technology remains uncertain, particularly in mental health settings where 

consultations are often complex and require deep interpersonal engagement (van Buchem et al., 

2021). 

Additionally, much of the research on productivity gains has focused on short-term 

outcomes, with relatively little attention given to the long-term sustainability of these 

improvements. Although studies like those by Gottlieb et al. (2020) and Shuaib et al. (2021) 

demonstrate immediate productivity gains, it remains unclear whether these benefits persist over 

time or whether diminishing returns may emerge as clinicians adapt to new workflows. The 

long-term impacts of digital scribe technology, particularly in specialized fields like mental 

health, are similarly underexplored, leaving significant questions about the sustainability and 

scalability of these solutions (Ghatnekar et al., 2021). 

Another critical issue is the potential for unintended consequences when prioritizing 

productivity. Increasing patient throughput and reducing documentation time are essential goals, 

but they must be balanced against the need to maintain high-quality patient care. In fast-paced 

environments like emergency departments, the pressure to see more patients in less time can lead 

to concerns about rushed consultations and compromised care quality (Shuaib et al., 2021). In 

mental health settings, where patient-provider interactions are more intricate and time-intensive, 

the risk of sacrificing care quality for productivity may be even more significant (Tran et al., 

2020). Therefore, while productivity gains are undoubtedly valuable, they must be weighed 

against the broader goal of delivering effective, patient-centered care. 
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Research on productivity gains associated with scribe and digital scribe technology offers 

valuable insights into the potential benefits of these tools for improving healthcare efficiency. 

Quantitative metrics such as patient throughput and RVUs show clear improvements with 

implementing scribe programs, and qualitative measures like clinician satisfaction suggest that 

these gains are sustainable in the short term. However, the specific application of digital scribe 

technology in mental health settings requires further research, particularly concerning the 

complexities of narrative-based consultations. As healthcare organizations consider investing in 

these technologies, it is essential to take a balanced approach that considers both the quantitative 

and qualitative aspects of productivity and the broader implications for patient care and clinician 

well-being. 

Cost Savings 

Digital scribe systems in healthcare settings have been proposed to address the growing 

administrative burden on clinicians and potentially generate cost savings (Ghatnekar et al., 

2021). The economic justification for such technology is multifaceted, encompassing various 

cost reduction and revenue enhancement avenues. Although focused on human scribes, Hamzi 

and Norman's (2020) economic analysis provides valuable insights applicable to digital scribe 

technology. Their findings suggest that scribes can be cost-justified through improved billing 

accuracy, reduced staffing requirements, and increased patient admissions. Miksanek et al. 

(2020) further support this notion, demonstrating that modest increases in productivity due to 

scribes can offset their costs, making scribe programs revenue-neutral or profitable across 

various medical specialties. Their study quantified the productivity requirements, indicating that 

an average of 1.34 additional new patient visits per day (295 per year) or 2.15 additional 

returning patient visits per day (472 per year) were sufficient to recover scribe costs. While these 
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figures were based on human scribes, they provide a framework for understanding the potential 

financial impact of digital scribes. Digital scribes could offer similar or enhanced benefits, with 

the added advantages of scalability and reduced long-term costs compared to their human 

counterparts (Hamzi & Norman, 2020). 

Nguyen et al. (2023) further point to the long-term cost-saving potential of digital scribes, 

noting their ability to automate documentation processes and mitigate turnover issues, which are 

often cost-prohibitive aspects of human scribe programs. Documentation is particularly salient in 

mental health settings, where consistency in treatment notes, session summaries, and 

understanding of patient history is crucial. The scalability of digital scribe technology presents a 

significant advantage, allowing for deployment across multiple clinicians and locations without 

additional hiring and training, potentially leading to substantial long-term cost savings for large 

healthcare organizations or networks (Nguyen et al., 2023). 

Increased Revenue 

Revenue generation is a critical factor influencing healthcare organizations' decisions 

when implementing new technologies, such as scribe and digital scribe solutions (Ghatnekar et 

al., 2021). A primary driver in this decision-making process is the improvement in 

documentation accuracy and efficiency, which directly impacts billing practices and can lead to 

significant increases in revenue (Wang et al., 2021). By enhancing the accuracy and 

completeness of medical documentation, these technologies allow healthcare providers to 

capture more detailed evaluation and management (E/M) codes, which facilitates more precise 

billing (Gyimah et al., 2021). This improved accuracy often leads to higher reimbursements from 

payers, as coding reflects the complexity of patient encounters (Avendano et al., 2022; Ullman et 

al., 2021). 
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One of the central metrics for measuring financial productivity in healthcare is the 

relative value unit (RVU) (Shafer et al., 2021). RVUs quantify the value of physician services 

and play a pivotal role in determining reimbursement rates (Gyimah et al., 2021). Studies have 

shown that using scribes, mainly digital scribe technologies, can substantially increase RVUs per 

hour and encounter (Ullman et al., 2021). For example, physicians using scribes have been able 

to bill at higher levels of E/M codes, leading to improved RVUs and the number of patients seen 

per hour, resulting in increased provider revenue (Avendano et al., 2022). Moreover, by 

streamlining documentation processes, digital scribe technologies can improve financial 

outcomes by reducing errors and decreasing the time spent on administrative tasks, allowing 

providers to focus on higher-value patient care activities (Ziemann et al., 2021). 

In particular, Avendano et al. (2022) found that physicians utilizing medical scribes could 

bill at higher levels of E/M codes, directly leading to increased RVUs per encounter and hour. 

This increase was not only due to improved documentation but also because the presence of 

scribes allowed clinicians to focus on patient care rather than administrative tasks, thus boosting 

both productivity and revenue. Physicians reported seeing more patients per hour while 

maintaining higher documentation standards, further contributing to a positive ROI for the 

healthcare organization (Ziemann et al., 2021). 

Gyimah et al. (2021) similarly observed that scribes in surgical settings facilitated 

increased work relative value units (wRVUs), which translates into higher billing and revenue 

generation. In their study, surgeons experienced reduced documentation times, leading to 

increased productivity and patient throughput. By streamlining administrative tasks, scribes 

enabled surgeons to handle more complex cases without compromising the quality of care, 

ultimately allowing for billing at higher levels of complexity and generating additional revenue. 



57 

The use of digital scribe technology presents similar, if not greater, financial advantages 

due to its scalability and the reduction in long-term costs associated with human resource 

management (Ghatnekar et al., 2021; Wang et al., 2021). Digital scribes, which integrate with 

EHR systems, allow for the automation of much of the documentation process, improving 

accuracy and timeliness while minimizing manual intervention. As Ullman et al. (2021) observed 

in their systematic review, implementing scribes in emergency departments improved financial 

productivity through more efficient documentation and billing practices. However, the review 

also pointed out that these financial gains were contingent on proper implementation and 

training, as variations in scribe hiring and onboarding could affect overall productivity and 

patient outcomes. 

The ability to bill for telehealth services has become an increasingly important revenue 

stream for healthcare organizations, particularly in mental health. Technologies that improve 

access to care, such as digital scribes and telehealth platforms, can help organizations reach a 

broader patient base, increasing both the volume of services provided and the associated revenue 

(Galatzer-Levy et al., 2023). The expanded reach enabled by these technologies not only 

supports the mission of mental health organizations to serve underserved populations but also 

enhances their financial sustainability by increasing the number of billable encounters. In mental 

health, where visits are often time-intensive and require detailed documentation, scribes can help 

ensure that each patient interaction is captured accurately, allowing for appropriate billing and 

reducing the likelihood of lost revenue. 

However, while the financial benefits of scribe technology are well-supported, it is 

essential to recognize the limitations and challenges that could impact revenue generation. For 

instance, the effectiveness of scribes in generating higher RVUs is often contingent upon their 
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ability to accurately capture the complexity of patient interactions. In mental health settings, 

where the nuances of conversations can be complicated for technology to capture, digital scribes 

may struggle to meet the same standards of accuracy as human scribes (Jhaveri et al., 2021). 

Moreover, the upfront costs of implementing digital scribe technology, including integration 

with existing EHR systems and staff training, can be substantial, requiring organizations to 

weigh these initial investments against the potential for long-term financial gains (Ghatnekar et 

al., 2021). 

Another potential limitation is the variability in the impact of scribes across different 

healthcare settings. While the research strongly supports the use of scribes in emergency 

departments, primary care, and surgical practices (Ziemann et al., 2021; Gyimah et al., 2021), 

less is known about their effectiveness in highly specialized or niche fields such as mental health. 

Studies like that of Ullman et al. (2021) indicate that more research is needed to fully understand 

the extent to which scribes can improve financial productivity in these areas, particularly when 

considering factors such as patient satisfaction, documentation quality, and the potential for 

errors in coding due to the complexity of mental health documentation. 

Implementing scribe and digital scribe technology offers substantial potential for 

increasing revenue in healthcare organizations by improving documentation quality, enhancing 

billing accuracy, and boosting RVUs. While these technologies present clear financial benefits, 

particularly in reducing the administrative burden on clinicians and allowing for higher-level 

billing codes, their success depends on careful implementation and ongoing training. For mental 

health organizations, adopting digital scribe technology holds promise for increasing access to 

care and enhancing revenue streams. However, further research is needed to explore this field's 

unique challenges and opportunities. As healthcare organizations continue to seek ways to 
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optimize their financial performance, scribes, and digital scribes are likely to play a critical role 

in driving revenue and ensuring a positive ROI. 

Non-Financial Benefits 

The growing body of literature on digital scribe technology highlights significant non-

financial benefits, including enhanced provider satisfaction, reduced clinician burnout, and 

improved quality of care. By alleviating the administrative burden, digital scribes allow 

clinicians to devote more time to patient care, contributing to higher job satisfaction and more 

accurate medical documentation (Ziemann et al., 2021; Pfoh et al., 2022). These advantages are 

significant for mitigating cognitive overload, though unresolved issues such as clinician burnout 

from high patient volumes and system inefficiencies persist (Ghatnekar et al., 2021; Shah & 

Borycki, 2021). While the non-financial benefits are well-documented, the focus on these aspects 

naturally leads to examining the financial implications, where the adoption of digital scribes also 

demonstrates the potential to improve healthcare organizations' bottom line. 

Provider Satisfaction and Burnout Reduction 

One of the primary non-financial benefits of digital scribe technology is its ability to 

improve provider satisfaction and alleviate clinician burnout. Pfoh et al. (2022) found that digital 

scribes reduce clinicians' time on EHR documentation, allowing them to focus more on direct 

patient care, leading to greater job satisfaction. Ziemann et al. (2021) support this conclusion, 

showing that reducing administrative tasks improves cognitive function and overall well-being 

among healthcare providers. Reducing the documentation burden helps clinicians feel more 

effective and engaged in their clinical roles, enhancing job satisfaction. 

While digital scribes are widely credited with reducing burnout, the impact on long-term 

clinician well-being may be more limited. Ghatnekar et al. (2021) suggest that while scribes 
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reduce certain administrative burdens, other factors contributing to burnout, such as patient 

volume and healthcare system inefficiencies, remain unaddressed. Shah and Borycki (2021) add 

that burnout results from a complex interplay of factors, and digital scribes are only part of a 

more extensive solution. Consequently, while digital scribes improve specific aspects of provider 

well-being, they may not fully resolve the systemic factors that drive burnout in healthcare. 

Enhanced Quality of Care 

Using digital scribes contributes to an enhanced quality of care by allowing clinicians to 

spend more time with patients. Ziemann et al. (2021) argue that this shift from administrative 

tasks enables clinicians to deliver more attentive, personalized care. Additionally, medical 

documentation's improved accuracy and completeness directly support higher care standards. 

Ghatnekar et al. (2021) stress the importance of precise documentation, as errors or omissions in 

patient records can lead to adverse clinical outcomes. By improving documentation quality, 

digital scribes help mitigate these risks and support better decision-making in clinical care. 

Ullman et al. (2021) note that the impact of digital scribes on patient outcomes is less 

consistent. In their systematic review of scribe use in emergency departments, patient satisfaction 

and clinical outcomes showed variability. While some settings saw improvements in wait times 

and documentation accuracy, others did not report significant changes in patient satisfaction. 

Shafer et al. (2021) similarly found that, despite productivity gains, patient satisfaction remained 

stable in high-demand specialties. These variations suggest that while digital scribes enhance the 

care process, their direct impact on patient outcomes may depend on the clinical environment 

and how the technology is integrated into workflows. 
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Summary 

Healthcare providers, particularly in mental health settings, face an overwhelming 

administrative burden. Clinical notes in the U.S. are nearly four times longer than those in other 

countries, contributing substantially to physician burnout (Budd, 2023). Excessive 

documentation requirements not only affect clinician well-being (Eschenroeder et al., 2021) but 

also impact the quality of patient care, leading to diminished empathy and communication in 

therapeutic relationships (Hassmiller & Wakefield, 2022). 

Artificial Intellignece and NLP have the potential to revolutionize healthcare delivery, 

from enhancing clinical decision-making to improving administrative efficiency (Zhou et al., 

2021; Rathore & Rathore, 2023). Digital scribes, powered by AI and NLP, show promise in 

automating documentation processes, potentially alleviating the administrative burden on 

clinicians. These technologies can significantly reduce clinicians' time navigating EHRs, leading 

to enhanced operational efficiency (Ghatnekar et al., 2021). 

However, implementing digital scribe technologies presents several challenges. Technical 

hurdles include accurate transcription of complex medical conversations and integration with 

existing EHR systems (Tran et al., 2020). Non-technical barriers encompass issues of trust 

among clinicians, ethical concerns, and the need for specialized training (Higgins et al., 2023). 

Successful implementation requires a multifaceted approach addressing both technological and 

human factors. 

The potential ROI of digital scribe technology is a critical consideration for healthcare 

organizations. A meta-analysis showed that using scribes increased the number of patients 

treated per hour and improved RVU per encounter (Gottlieb et al., 2020). While this study 

focused on human scribes, it provides a framework for understanding the potential financial 
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impact of digital scribes. Digital scribes offer long-term cost-saving potential through their 

ability to automate documentation processes and mitigate turnover issues often associated with 

human scribe programs (Nguyen et al., 2023). 

Beyond financial considerations, digital scribe technology offers significant non-financial 

benefits. Using scribes led to a notable reduction in after-hours documentation and increased 

clinician satisfaction, which could enhance long-term productivity (Pfoh et al., 2022). While not 

directly translatable to financial metrics, these qualitative improvements contribute significantly 

to the overall value proposition of digital scribe implementation. 

Despite the promising potential, several gaps exist in current research. A notable lack of 

studies specifically addresses the impact of digital scribes in mental health settings, where patient 

interactions may differ significantly from other medical specialties. Additionally, long-term 

studies on the sustainability of productivity gains and ROI from digital scribe implementation are 

scarce (van Buchem et al., 2021). As the field continues to evolve, addressing these research 

gaps are crucial in fully realizing the potential of digital scribe technology to improve clinical 

documentation, enhance productivity, and deliver meaningful ROI in mental health 

organizations. 

In the next chapter, Chapter 3, the research methodology and design are thoroughly 

examined to explore the potential of digital scribe technologies in mental health settings. Chapter 

3 outlines the quantitative approach taken, including a causal-comparative design to assess the 

impact of digital scribes on clinical documentation efficiency, clinician productivity, and return 

on investment (ROI). Specific attention was given to addressing technical and non-technical 

barriers to implementation, such as integrating digital scribes with existing EHR systems and the 

need for specialized training among clinicians. The chapter delves into the operational 
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definitions of variables, data collection methods, and the ethical considerations surrounding 

using AI-driven digital scribe technologies in healthcare. Through this comprehensive approach, 

the chapter analyzes how digital scribes can drive financial and non-financial improvements in 

mental health organizations. 
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Chapter 3: Research Method 

The problem to be addressed in this study is the lack of empirical research investigating 

the tangible business benefits, particularly ROI, of implementing AI digital scribe technology in 

mental health care. Despite the growing adoption of AI digital scribes, which show promise in 

reducing the documentation burden for clinicians (Balcombe & Leo, 2022; Dawoodbhoy et al., 

2021; Sezgin et al., 2023), healthcare organizations and administrators lack informed decision-

making and strategic investment guidance due to this knowledge gap. The increasing 

administrative burden of clinical documentation has been linked to burnout and decreased job 

satisfaction among healthcare providers, potentially impacting the quality of patient care 

(Alowais et al., 2023; Heuer, 2022; Bickman, 2020; Sadeh-Sharvit & Hollon, 2023). The burden 

highlights the need for research that quantifies the ROI and measurable impact of AI digital 

scribes to justify their investment and integration into mental health settings. 

Artificial Intelligence technologies like NLP and digital scribes show promise in 

automating clinical documentation tasks, improving efficiency, reducing costs, and enhancing 

patient care (Alowais et al., 2023; Kellogg & Sadeh-Sharvit, 2022; Sadeh-Sharvit & Hollon, 

2023). However, adopting AI technologies in mental health settings faces barriers like upfront 

costs, integration challenges, and training needs (Ghatnekar et al., 2021; Nguyen et al., 2023). 

Understanding the ROI and measurable impact on business processes and outcomes is crucial for 

justifying investment in AI-based digital scribe technology. The study addresses this gap by 

investigating the quantifiable benefits of implementing AI-based digital scribe technology in 

mental health settings, focusing on cost of implementation, clinician productivity, and resource 

utilization. 
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The purpose of this quantitative causal-comparative study was to investigate the 

statistical impact of AI digital scribe technology on clinical documentation in mental health 

organizations and calculate the ROI of its implementation. This study was a logical response to 

the lack of empirical research on the effectiveness and financial benefits of AI digital scribes in 

mental healthcare settings, directly investigating the impact to clinical documentation, 

productivity, incurred costs and revenue. The study was conducted through a survey design, 

collecting data from a target population of mental health professionals using AI digital scribe 

technology. The sample size needed was 52 participants, which were recruited from various 

mental health organizations in the United States. The study examined the variables of clinical 

documentation time, clinician productivity, resource utilization, and ROI, using descriptive 

statistics and inferential analysis. The research was conducted at multiple sites across the United 

States, using pseudonyms to maintain participant confidentiality. By achieving these objectives, 

this study provides valuable insights into the effectiveness and financial viability of AI digital 

scribe technology in mental healthcare settings. 

This chapter outlines the research methodology, design, and procedures used in this 

study. The chapter details the research methodology and design, explaining why the causal-

comparative method is appropriate for this investigation. Next, the chapter describes the 

population and sample selection, including inclusion/exclusion criteria and sampling methods.  

Following this, the chapter provides an overview of the materials and instrumentation used, 

discussing the survey tools, secondary data collection, and the reliability and validity of these 

instruments. 

The chapter also includes the operational definitions of variables, clearly defining how 

variables like clinical documentation time, clinician productivity, and ROI was measured.  The 
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procedures section outlines the steps taken for participant recruitment, data collection, and 

adherence to IRB ethical guidelines. The data collection and analysis section explains the data 

analysis methods, including the statistical techniques used to answer the research questions.  

Finally, the assumptions, limitations, delimitations, and ethical assurances are discussed to 

address potential study biases, threats to validity, and compliance with ethical standards. 

Research Methodology and Design  (Nature of the Study) 

This study employs a causal-comparative research design known as ex post facto 

research. This method is appropriate for examining the relationships between variables without 

directly manipulating the independent variable (Ragin, 1987). Given that the study investigates 

the effects of AI digital scribes already implemented in some mental health organizations, 

causal-comparative methodology aligns well with the research problem and purpose. The study 

aimed to determine if there are differences in clinical documentation time, clinician productivity, 

and ROI between organizations using AI digital scribes and those not using them. 

A randomized controlled trial (RCT) was considered but deemed unsuitable due to ethical 

concerns in randomly assigning organizations to implement AI digital scribes, which could 

interfere with established workflows. Correlational research was also considered but ultimately 

rejected because it would not allow for comparison between groups that have and have not 

implemented the technology, which is central to this study. The causal-comparative method was 

chosen as it provides a framework for examining existing differences between groups and offers 

insights into potential causal relationships without requiring experimental manipulation (Ragin, 

1987). 

A phenomenological study, is a qualitative research approach aimed at understanding and 

describing the lived experiences of individuals regarding a specific phenomenon (Saunders et al., 
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2023; Subedi, 2023). The main concept is to identify common themes among shared experiences 

to uncover the essence of a particular event or occurrence (Creswell & Creswell, 2018). A purely 

qualitative design was not selected because it would primarily explore who, what, why, 

perceptions, or deep contextual understanding (Saunders et al., 2023; Subedi, 2023), which 

would not provide the objective, measurable outcomes necessary for this study. 

In contrast, this research requires statistical analysis to determine whether significant 

differences exist between organizations that have implemented AI digital scribes and those that 

have not. A qualitative approach would not allow for the kind of numerical data and inferential 

statistical analysis that is necessary to answer the study’s research questions about the specific 

outcomes of AI implementation (Bonell et al., 2022). Therefore, a quantitative, causal-

comparative design is more appropriate for addressing the research objectives. 

Population and Sample 

The target population for this study consists of three key professional groups within 

mental health organizations across the United States. These organizations either use or do not use 

AI digital scribe technology. The first group includes mental health professionals, specifically 

clinicians such as psychiatrists, psychologists, social workers, and mental health counselors, who 

may provide valuable insights into their direct experiences with clinical documentation tasks and 

AI digital scribe technology usage. 

The second group comprises clinical supervisors, including clinical directors, team leads, 

and program managers, who can potentially offer important perspectives on clinical operations 

and staff oversight. These supervisors may provide crucial information about case load size and 

distribution, clinical productivity metrics, documentation compliance, staff efficiency measures, 
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revenue generation per clinician, and their observations of AI technology implementation 

outcomes. 

The third group consists of financial professionals, including financial managers, 

controllers, and financial analysts within mental health organizations. These individuals can 

contribute essential insights regarding operating margins, revenue trends, technology 

implementation costs, return on investment calculations, cost-benefit analyses, software licensing 

and maintenance expenses, and their observations of how productivity changes impact revenue. 

The diverse population could provide comprehensive perspectives from professionals who 

interact with different aspects of AI digital scribe implementation, allowing the study to examine 

impacts from direct usage through operational oversight to financial outcomes. 

Participants were included if they work in a mental health organization, use or have 

knowledge of AI digital scribe technology, and provide consent for participation. Exclusion 

criteria include individuals who do not directly engage with clinical documentation processes or 

lack sufficient experience with the technology. 

Based on the power analysis conducted using G*Power with a power level (1-β) of 0.80, 

an alpha (α) of 0.05, and a medium effect size of 0.7 (Orth et al., 2022), the recommended total 

sample size was calculated to be 52 participants (Faul et al., 2009). This was stratified across the 

three professional groups as follows: 26 mental health professionals (13 from organizations using 

AI digital scribes and 13 from those not using them), 13 clinical supervisors, 13 financial 

professionals. This effect size is appropriate for comparative studies in behavioral and healthcare 

settings (Orth et al., 2022), particularly when examining the impact of technology 

implementations on organizational outcomes (Sezgin et al., 2023). 
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Instrumentation 

The primary instrument for data collection was a survey explicitly developed for this 

study to measure clinical documentation time, clinician productivity, and ROI.  The survey items 

were based on validated measures of productivity and documentation efficiency used in previous 

studies (Sezgin et al., 2023; Wang et al., 2021). Additionally, participating organizations were 

invited to provide secondary data on ROI and documentation metrics. 

Operational Definitions of Variables 

The study variables include clinical documentation time, clinician productivity, and 

return on investment (ROI). 

Clinical Documentation Time 

This dependent variable represents how much time clinicians spend on documentation 

tasks daily. This variable was measured at the ratio level, as it involves continuous data with a 

meaningful zero point (no documentation time) and equal intervals between measurements. They 

are measured in hours per day as is a common measurement of time concerning clinical 

documentation in EHRs (Penoyer et al., 2014).  Scores range from 0 hours to a maximum based 

on the individual clinician's daily documentation time. The collected data was averaged to 

represent daily documentation time for each clinician. Scores were derived by calculating the 

average hours spent on documentation tasks across multiple days. 

Clinician Productivity. This variable measures the number of patients seen per hour. 

Patient volume is a key metric for clinician productivity for example the productivity of 

emergency medicine clinicians is often measured by the number of patients seen per hour 

(Fenwick et al., 2020). When analyzing the number of patients seen, productivity was measured 

at a ratio level with continuous data.  Productivity was measured on a per patient seen per hour 
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ratio (Fenwick et al., 2020). In addition, the number of patients seen per day was recorded in 

continuous form, with scores ranging from 0 to the maximum number of patients seen by each 

clinician. Total productivity scores were derived from patients seen by each clinician per hour 

and total patient count. 

Return on Investment (ROI). This variable represents the financial impact of AI digital 

scribe technology on mental health organizations, calculated as the ratio between the financial 

benefits and the costs associated with implementing and using the technology (Gangadhar & 

Shaikh, 2021).  This variable is measured at the ratio level, as ROI is calculated from continuous 

data (e.g., costs, revenue) and has a true zero point (no return). 

Return on Investment is expressed as a percentage or ratio, where ROI = (Net Benefits / 

Costs) × 100.  A positive ROI indicates financial gains exceeding the costs, while a negative ROI 

represents losses. The range varies depending on the organization's financial performance as 

better financial performance can lead to higher ROI values (Thusini et al., 2022).  

Clinical documentation time is the average number of daily hours across multiple days.  

Clinician productivity is a number of patients seen per day. Return on Investment is the financial 

benefits minus costs, expressed as a percentage or ratio. 

Study Procedures 

The study began with receiving Institutional Review Board (IRB) approval. Following 

approval, surveys were administered through Qualtrics, a secure online survey platform that 

ensures data encryption and compliance with healthcare privacy requirements. Qualtrics was 

chosen for its HIPAA compliance, robust data security features, and ability to track response 

rates effectively. 
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Prior to data collection, written authorization letters were obtained from participating 

mental health organizations for: access to EHR metadata (documenting time spent in EHR 

modules and documentation patterns), permission to collect ROI metrics and financial data, 

authorization to survey their clinicians. The authorization letters specifically outline: scope of 

data access, data security protocols, terms of data usage, timeline for data collection, 

confidentiality agreements. These authorization letters were included in the IRB application and 

stored securely with other study documentation. The letters explicitly state the organization's 

agreement to share: de-identified EHR metadata, financial metrics related to AI digital scribe 

implementation, ROI calculations and associated cost data, permission to contact their clinicians 

for survey participation. This process ensures compliance with both HIPAA requirements and 

organizational data sharing policies while maintaining the scientific integrity of the study. 

Participants were recruited using a combination of the following methods: 

• Email Lists from Professional Organizations: The study utilized email lists from 

professional organizations such as the American Psychiatric Association (APA), the 

National Association of Social Workers (NASW), and the American Psychological 

Association (APA).  These organizations send out recruitment emails on behalf of the 

researcher, inviting members to participate in the study. 

• Online Professional Networks: Flyers and information about the study were posted on 

professional networks like LinkedIn and Psychology Today, targeting mental health 

professionals interested in participating. 

• Direct Outreach to Mental Health Organizations: The researcher contacted mental health 

clinics, hospitals, and counseling centers that have implemented or are considering 
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implementing AI digital scribe technology. Recruitment materials included a brief study 

description and contact information for interested participants. 

• Snowball Sampling: Participants were encouraged to share the study with their 

colleagues who meet the inclusion criteria. Snowball sampling approach is intended to 

increase the sample size and diversity of participants (Jarlais et al., 2021; Sosenko & 

Bramley, 2022). 

Data from this study was collected through self-reported survey responses and 

supplemented by EHR metadata that tracks the time spent in various EHR modules (e.g., 

charting, order entry). Electronic Health Record Metadata Analysis were performed, where 

available, to analyze patterns of EHR usage.  This metadata included time spent in different EHR 

modules (e.g., charting, order entry) and usage patterns, providing an additional layer of analysis 

on the impact of AI digital scribes on documentation practices. 

The reliability of the survey was evaluated through Cronbach’s alpha, with a threshold of 

0.7 or higher considered acceptable (Orth et al., 2022). Content validity was established through 

expert review by mental health professionals and AI implementation specialists.  Permission to 

adapt certain elements from existing studies has been granted by Sezgin et al. (2023), ensuring 

that the survey aligns with established instruments. 

Return on Investment was calculated using financial data provided by participating 

organizations consistent with standard calculating ROI for technology adoption that involves 

evaluating cost savings, revenue increases, operational cost reductions, and early returns 

(Gangadhar & Shaikh, 2021). Specifically these metrics include the costs of AI digital scribe 

implementation (e.g., purchase, maintenance, and training) and the resulting financial benefits 

(e.g., revenue from increased clinician productivity and cost savings from reduced 
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documentation time). The scores were derived by calculating the difference between financial 

benefits and costs and dividing by the initial investment. 

The study adheres to strict ethical standards to ensure the protection of participants and 

the integrity of the research. Before commencing data collection, the study secured approval 

from the University’s Institutional Review Board (IRB). This approval confirms that the research 

complies with all ethical guidelines, including safeguarding participant confidentiality, obtaining 

informed consent, and implementing robust data security measures. 

To minimize potential researcher bias, the study incorporated objective data sources such 

as EHR metadata and ROI metrics to validate self-reported survey responses. A blinded analysis 

was conducted to ensure that the identities of the organizations and the specific details of their AI 

digital scribe implementations remain unknown during the initial data interpretation. These 

ethical safeguards uphold the integrity of the research process and ensure compliance with 

healthcare privacy standards such as HIPAA. 

Data Analysis 

The data collected for this study was analyzed using both descriptive and inferential 

statistical techniques to answer the research questions and test the associated hypotheses. The 

data collection process involved a survey instrument, designed to measure the impact of AI 

digital scribes on clinical documentation time, clinician productivity, and return on investment 

(ROI) in mental health organizations. 

Descriptive statistics were used initially to summarize and explore the characteristics of 

the dataset. Measures of central tendency (mean, median, mode) and dispersion (standard 

deviation, variance, range) were computed for the key variables: clinical documentation time, 

clinician productivity, and ROI. Frequency distributions were generated to describe the 
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demographic characteristics of the participants, such as professional role, and years of 

experience. These descriptive analyses provide a foundational understanding of the dataset and 

identify any outliers or missing data that may affect the subsequent inferential analyses. 

Given that this is a quantitative comparative study, Parreño et al (2021) impress that 

inferential statistics be employed to test the hypotheses and determine the significance of the 

relationships between the independent variable (AI digital scribe implementation) and the 

dependent variables (clinical documentation time, clinician productivity, and ROI). Independent 

samples t-tests were conducted to compare the mean values of clinical documentation time, 

clinician productivity, and ROI between two groups: mental health organizations using AI digital 

scribes and those not using AI digital scribes. A one-tailed test was applied given the directional 

nature of the hypotheses (Miller, 2023; Parreño et al., 2021), where it is expected that AI digital 

scribes reduce clinical documentation time, increase clinician productivity, and result in a 

positive ROI. 

The test was performed with a significance level (alpha) of 0.05. Multiple analysis were 

used to predict the influence of AI digital scribes on the dependent variables, controlling for 

demographic factors such as professional title, years of experience, and workload. Regression 

analyses while originally planned were not conducted due to subgroup sample sizes resulting 

from conditional survey branching, which were insufficient to support stable regression estimates 

while controlling for demographic and organizational covariates (Cleophas & Zwinderman, 

2021; Jankovic, 2022; Miller, 2023; Parreño et al., 2021). In addition to p-values, effect sizes 

(e.g., Cohen’s d for t-tests) were calculated to assess the magnitude of the observed effects. This 

ensures that the practical significance of the findings is evaluated alongside statistical 

significance. 
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The statistical analyses was conducted using Statistical Package for the Social Sciences 

(SPSS) or a comparable statistical software program. Statistical Package for the Social Sciences 

was used for all descriptive and inferential statistical analyses. Any graphical representations of 

the data, such as histograms, boxplots, and scatterplots, were generated using this software. 

The data analysis process involved descriptive and inferential statistical techniques to 

explore the impact of AI digital scribes on clinical documentation, clinician productivity, and 

ROI. The appropriate statistical tests, including t-tests, were conducted based on the study's 

research questions and hypotheses. The findings from these analyses provide valuable insights 

into the effectiveness of AI digital scribes in mental health organizations. 

Assumptions 

The study assumes that participants provided accurate and honest responses regarding 

documentation time and productivity. This research also assumes that the secondary data 

provided by organizations is accurate while it also recognizes the potential issues with data 

quality, missing information, and the need for thorough preparation and validation processes 

(Areco et al., 2021; Diatta & Berchtold, 2022). 

Additional methodological assumptions undergird the study design. The selected 

measurement variables, specifically average daily documentation time, sessions per day, and 

reported billing or revenue change per clinician, are assumed to constitute adequate 

operationalizations of the broader constructs of clinical documentation efficiency, clinician 

productivity, and return on investment as defined within the QI-ROI conceptual framework 

(Thusini et al., 2022). Reported survey responses pertaining to documentation practices are 

assumed to reflect actual work behavior with sufficient fidelity for the purposes of group 

comparison, acknowledging that direct observational or objective administrative data were not 
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available for all respondents. The causal-comparative design employed in the study is assumed to 

be capable of detecting meaningful between-group differences in outcome variables when such 

differences exist (Cohen, 1998), given the sample size and the distributional properties of the 

data. The data cleaning and quality screening procedures applied prior to analysis, including the 

exclusion of responses failing established quality thresholds and the application of logical cross-

validation protocols (Comachio et al., 2025) are assumed to adequately support the accuracy of 

the dataset and mitigate potential threats to data integrity. 

Limitations 

Several limitations to this study could affect the external validity and interpretation of the 

findings.  These include variations in workplace workflows, differences in documentation 

policies and procedures, and the inherent nature of self-reported data (Tempini, 2023). One 

significant limitation is the variability in worker characteristics, including skills, age, gender, and 

anthropometric measurements that can play a significant role in influencing the efficiency and 

effectiveness of production systems (Katiraee et al., 2021). Workflow processes like how clinical 

documentation is structured or how many patients clinicians see per day (Cross et al., 2023), as 

well as the use of support staff, can differ significantly depending on each organization's size, 

location, and specific operational policies (Nguyên et al., 2021). These differences may affect the 

implementation and impact of AI digital scribe technology, making it difficult to compare 

outcomes across organizations directly. 

The study collected detailed information on each participating organization's workflow, 

including the number of patients seen daily, the average duration of patient interactions, and 

other administrative support (e.g., human scribes or assistants). This data created subgroups 

within the sample, allowing for AI digital scribe technology comparisons in different workflow 
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environments. The inclusion of EHR metadata helps capture variations in documentation time 

and patterns more accurately (Rule et al., 2023; Wang et al., 2021), ensuring that differences in 

workflows are accounted for in the analysis. 

Another limitation is the potential variability in documentation policies and procedures 

among mental health organizations. Different organizations may have distinct requirements 

regarding the level of detail in clinical documentation, the frequency of updates, and the specific 

tools used for documentation. These variations could influence how AI digital scribes are used 

and how effectively they reduce documentation time and increase productivity.  The study 

collected data on each organization's specific documentation policies and procedures. This 

information is included as part of the secondary data collected from the organizations and used 

as a control variable in the statistical analysis. By controlling for differences in documentation 

policies, the study can more accurately assess the impact of AI digital scribes on clinical 

documentation time and productivity across different organizational settings. 

Self-reported data from clinicians, particularly regarding documentation time and 

productivity, may be subject to bias or inaccuracies due to recall errors, social desirability bias, 

or subjective perceptions of workload.  Clinicians may overestimate or underestimate the time 

they spend on documentation tasks or their level of productivity. The study supplemented self-

reported data with EHR metadata, which provides objective measures of documentation time and 

patterns of EHR use (e.g., time spent in different modules). By cross-referencing self-reported 

data with EHR metadata, the study validated the accuracy of the self-reported measures and 

reduce potential biases. Additionally, including secondary data on ROI from the organizations 

provides objective financial metrics to support the self-reported productivity and workload data. 
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Policies surrounding the use of AI technology and digital scribes may vary between 

organizations, particularly regarding the specific roles AI systems are allowed to play in clinical 

documentation.  Some organizations may have stricter guidelines on AI use due to privacy 

concerns or legal regulations, which could limit the full adoption of AI digital scribes and skew 

the results. The study gathered information on each organization's AI policies and procedures, 

including any limitations or restrictions on AI usage. This data was analyzed to determine 

whether policy environment differences influence AI digital scribes' effectiveness. Additionally, 

policy-related factors were included as control variables in the analysis, allowing for a more 

nuanced interpretation of the results across diverse regulatory environments. 

A further limitation concerns the causal inference constraints inherent in the causal-

comparative design. Because participants were not randomly assigned to implementing and non-

implementing groups, the observed group differences cannot be interpreted as evidence of direct 

causation (Schenker & Rumrill, 2004). Rather, the design permits identification of statistically 

significant associations between AI digital scribe implementation status and the outcome 

variables under examination. Causal conclusions would require experimental designs with 

random assignment, which were not feasible given the naturalistic and retrospective nature of 

organizational technology adoption (Schenker & Rumrill, 2004). Accordingly, findings are 

interpreted as associations that are mitigated, but not eliminated, by the use of control variables 

and group comparisons within the analytic framework. 

Selection bias represents an additional limitation that is mitigated, but not eliminated, by 

the study design. Organizations that voluntarily adopted AI digital scribe technology may differ 

systematically from non-implementing organizations in ways not fully captured by the control 

variables, including organizational culture, leadership orientation toward innovation, resource 
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availability, or prior investment in health information technology infrastructure (Acemoglu et al., 

2023). Such systematic differences could contribute to observed outcome disparities independent 

of AI digital scribe use, thereby limiting the conclusions that can be drawn about implementation 

effects. Findings should therefore be interpreted with attention to the potential influence of pre-

existing organizational characteristics on documented outcomes. 

Technology heterogeneity and implementation maturity constitute related limitations that 

are mitigated, but not eliminated, by the study design. Participating organizations reported the 

use of varied AI digital scribe products, each with distinct capabilities, natural language 

processing architectures, and degrees of integration with existing EHR systems (Nair et al., 

2024). Additionally, the duration and depth of implementation varied across organizations, 

introducing the possibility that learning curve effects, whereby clinicians require a period of 

acclimation (Edmondson et al., 2003) before realizing full efficiency gains, differentially 

influenced outcomes across the sample. Because AI product type, vendor, and implementation 

duration were not standardized across respondents, variation attributable to these factors may 

have influenced the observed outcome measures independently of implementation status. 

Delimitations 

In this study, several delimitations have been established to ensure a focused 

investigation of the impact of AI digital scribe technology in mental health organizations. These 

include the specific choice of population, geographic focus, variables studied, and the research 

methodology employed. Several delimitations have been established to ensure a focused 

investigation of the impact of AI digital scribe technology in mental health organizations. These 

include geographic scope, population and sample boundaries, variables studied, and research 

methodology. 
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The study is delimited to mental health organizations within the United States. Focusing 

on U.S.-based organizations aligns with the problem statement, which addresses the lack of 

empirical research on AI scribes' ROI and business benefits in U.S. mental health settings, and 

with the QI-ROI conceptual framework, which examines financial and organizational outcomes 

within specific healthcare environments (Thusini et al., 2022). The study is further delimited to a 

sample of 75 respondents, drawn from mental health professionals, clinical supervisors, and 

financial professionals working within U.S.-based mental health organizations. 

The study explicitly investigates clinical documentation time, clinician productivity, and 

ROI as the primary variables. Patient outcomes, patient satisfaction, and other non-financial 

quality measures were excluded to maintain a clear focus on organizational and operational 

metrics consistent with the study's purpose and the QI-ROI framework (Thusini et al., 2022). 

The study is delimited to a quantitative, causal-comparative design, selected for its 

appropriateness given the practical and ethical constraints of studying existing organizational 

technology adoption. Other healthcare sectors, including physical health and emergency care, 

were excluded; mental health organizations present distinct documentation demands that warrant 

a sector-specific investigation (Abernethy et al., 2022; Moy et al., 2021). 

Ethical Assurances 

This study received approval from the University's Institutional Review Board (IRB) 

before any data collection. The IRB review process ensures that all ethical standards, including 

participant confidentiality, informed consent, and data security, are upheld throughout the 

research (Dutka & Bonello, 2023). The study strictly adhered to the guidelines and protocols set 

by the IRB to safeguard participant rights and ensure ethical research practices. 
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The ethical conduct of the study was grounded in the three principles of the Belmont 

Report (Department of Health, Education, and Welfare & National Commission for the 

Protection of Human Subjects of Biomedical and Behavioral Research, 2014). Respect for 

persons was upheld through the use of an electronic informed consent process, whereby all 

participants were required to review and acknowledge the study’s purpose, procedures, potential 

risks, and benefits prior to participation, and were explicitly informed of their right to withdraw 

at any time without penalty. Beneficence was operationalized through procedures designed to 

minimize risks to participants, including the anonymization of all survey data and the exclusion 

of any collection of identifiable protected health information. Justice was addressed through the 

inclusive recruitment of both clinicians and administrative staff across implementing and non-

implementing mental health organizations, ensuring that participant selection was not unduly 

burdensome to any single group and that the benefits of the research are relevant to the broader 

population of mental health professionals. Organizational identities were protected through 

anonymization procedures applied to all reported data, ensuring that no participating 

organization could be identified in the study’s findings or analysis. 

Following IRB requirements, all data was securely stored to protect participant privacy. 

The survey data, EHR metadata, and financial information collected from mental health 

organizations was anonymized to remove any personally identifiable information. Data was 

encrypted and stored on a password-protected server, accessible only by the research team, and 

will be retained for at least three years as set forth by IRB. 

The researcher actively designed, conducted, and analyzed the study and remained 

objective in interpreting the results. As a professional with experience in mental health settings 

and AI technology, the researcher's familiarity with the field presented potential biases.  The 
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researcher acknowledges that personal and professional experiences with AI digital scribe 

technology may introduce biases, particularly in interpreting its effectiveness. Incorporating 

EHR metadata and secondary financial data, the study intended to reduced the reliance on 

subjective, self-reported data for variables such as clinical documentation time and productivity. 

To further reduce the potential for bias, the researcher conducted a blinded analysis, where the 

identity of the participating organizations and their specific use of AI digital scribes were not 

revealed until after the data had been analyzed. This approach prevented preconceived notions 

about the effectiveness of AI digital scribes from influencing the data interpretation. The use of 

blinded analysis in this study also supports the confirmability of the research process (Holman et 

al., 2015). 

Prior to participating in the study, all participants received detailed information about the 

research, including the purpose, procedures, potential risks, and benefits. Participants were 

required to provide informed consent via an online consent form.  Participants were informed of 

their right to withdraw from the study at any time without any penalty. All data collected was 

anonymized, and no identifiable information was shared in the study’s findings. 

Summary 

The research methodology, design, and procedures outlined in this chapter provide a 

structured approach to examining the impact of AI digital scribe technology on clinical 

documentation, clinician productivity, and ROI within mental health organizations. Key 

elements of the study, including the causal-comparative design, the use of EHR metadata 

analysis, and a carefully selected sample of mental health professionals, ensure a thorough 

investigation of these variables. The chapter detailed how data was collected via surveys, 

secondary financial data, and EHR usage patterns, focusing on maintaining reliability and 
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validity through rigorous testing and expert review. Recognizing the limitations posed by 

different workflows and documentation policies across organizations, mitigation strategies such 

as subgroup analysis were introduced to enhance the accuracy and applicability of the findings.  

Ethical safeguards have been put in place to ensure the integrity of the study, including IRB 

approval, data security protocols, and measures to mitigate researcher bias. 

Chapter 4 presents the study's findings, providing a detailed analysis of the collected data. 

The findings offer insights into how AI digital scribes influence clinical documentation time, 

clinician productivity, and ROI, ultimately contributing valuable knowledge to AI integration in 

mental health care. 
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Chapter 4: Findings 

The problem to be addressed in this study is the lack of empirical research investigating 

the tangible business benefits, particularly ROI, of implementing AI digital scribe technology in 

mental health care. The purpose of this quantitative causal-comparative study was to investigate 

the statistical impact of AI digital scribe technology on clinical documentation in mental health 

organizations and calculate the ROI of its implementation. Chapter 4 presents the results of the 

study and is organized around the three research questions examining the relationship between 

AI digital scribe implementation and (a) clinical documentation time, (b) clinician productivity, 

and (c) ROI. 

Validity and Reliability of the Data 

Reliability 

Reliability refers to the consistency and dependability of measurement across 

observations. In this study, reliability was managed through instrument design, internal data 

consistency checks, and systematic screening procedures for response quality, consistent with the 

approved methodology described in Chapter 3. The primary data collection instrument was a 

structured survey developed to measure clinical documentation time, clinician productivity, and 

ROI-related financial metrics. Survey items were informed by prior empirical studies examining 

documentation burden, productivity, and technology-enabled workflow efficiency in healthcare 

settings, including mental health contexts. Internal consistency reliability of multi-item 

constructs was assessed using Cronbach's alpha, with a threshold of α ≥ .70 considered 

acceptable for applied quantitative research, as specified in the approved methodology in 

Chapter 3. 
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As planned, prior to analysis, survey responses underwent data screening and cleaning 

procedures to support measurement reliability and data quality. Responses were reviewed for 

completeness, duplication, and internal consistency across related survey items. Qualtrics system 

indicators, including reCAPTCHA scores below established thresholds of <0.5, were used to 

identify and exclude responses potentially generated by automated or non-human actors as 

established by Comachio et al., (2025). Additional logical cross-validation was conducted by 

comparing reported daily clinical documentation time with associated responses, including 

average documentation time per clinical note, number of patient encounters per day, reported 

client rosters, and billable hours, to identify implausible or internally inconsistent response 

patterns. As a result of this screening process, ten of the eighty-six collected surveys were 

excluded from analysis. 

In addition, survey response quality was evaluated using Qualtrics system indicators to 

identify potential threats to measurement reliability. Indicators such as completion time analysis 

and response patterns were examined to detect straight-lining behavior, unusually rapid survey 

completion, or excessively prolonged completion times that may indicate inattentive or 

automated responses. Responses failing established quality thresholds were excluded from 

analysis. No EHR metadata were collected for this study, as participating organizations did not 

provide access to internal EHR usage data; accordingly, reliability assessment relied on internal 

response consistency checks, survey quality screening, and comparison to empirically 

documented ranges reported in prior studies as described in Chapter 3. 

Validity 

Validity refers to the degree to which the study instruments accurately measure the 

constructs they are intended to measure. Content validity was established through careful 
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alignment of survey items with the operational definitions of the dependent variables: clinical 

documentation time, clinician productivity, and return on investment (ROI). Elements of the 

instrument were informed by previously published studies examining documentation burden, 

productivity, and financial outcomes associated with healthcare technology implementation, 

supporting conceptual alignment with established measures. 

Construct validity was further supported through alignment with the QI-ROI conceptual 

framework detailed in Chapter 2. The selected dependent variables reflect core components of 

the framework, including operational efficiency, workforce productivity, and financial return, 

ensuring coherence between the theoretical foundation and the measured outcomes. 

Internal validity was established through the causal-comparative research design. The 

study compared outcomes between mental health organizations that had implemented AI digital 

scribe technology and those that had not, without manipulation of the independent variable. 

Standardized survey administration procedures, consistent inclusion and exclusion criteria, and 

uniform data collection methods were applied to reduce systematic bias. While causal inference 

is limited by the non-experimental design, the methodological controls employed support the 

internal validity of the observed group comparisons (Ragin, 1987). 

Assumptions of Statistical Tests 

Prior to conducting inferential analyses, assumptions associated with the planned 

statistical tests were evaluated. For independent samples t-tests, assumptions of independence of 

observations, normality of the dependent variables, and homogeneity of variance were assessed 

using descriptive statistics, visual inspection of histograms and Q–Q plots, and Levene’s test for 

equality of variances. For the one-sample t-test, assumptions of independence and approximate 

normality of the outcome variable were evaluated using the same diagnostic procedures, 
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consistent with recommended practice for checking t-test assumptions (Miller, 2023; Parreño et 

al., 2021). 

Where assumptions were met, standard parametric tests were applied using a significance 

level of α = .05 (Orth et al., 2022). In cases where minor deviations from normality were 

observed, the robustness of t-tests to such deviations was considered appropriate given the 

sample sizes (Faul et al., 2009) and distributional characteristics (Orth et al., 2022; Sezgin et al., 

2023). No violations were identified that required alternative nonparametric testing or exclusion 

of cases. Accordingly, the results presented in this chapter are interpreted within the context of 

these evaluated assumptions. 

RQ1: What is the relationship if any between the implementation of AI digital 

scribes and clinical documentation time among mental health organizations? RQ2: What is 

the relationship if any between the implementation of AI digital scribes and clinician 

productivity among mental health organizations? RQ3: What is the relationship if any 

between the implementation of AI digital scribes and return on investment (ROI) among 

mental health organizations? 

Results 

This section presents the results of the quantitative analyses conducted to examine the 

relationships between the implementation of AI digital scribe technology and (a) clinical 

documentation time, (b) clinician productivity, and (c) ROI in mental health organizations. 

Results are organized by research question and corresponding hypotheses. Findings are reported 

objectively, without interpretation or discussion, consistent with the requirements of Chapter 4. 

Descriptive statistics were used to summarize the demographic characteristics of the 

study participants. Demographic variables collected included professional role and years in the 
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current role. No personally identifying information was collected or reported. Table 1 presents an 

overview of participant demographics for the final analytic sample (N = 75). Participants 

represented three primary professional groups: mental health professionals (clinicians), clinical 

supervisors, and financial or administrative professionals. Years in role varied with 

representation across early-, mid-, and late-career professionals. 

Table 1 

Error! Reference source not found. 

Role Years in role 

0-1 year 1-3 years 5-9 years 9+ years Total 

Clinical Supervisor 2 4 4 3 13 

Financial/Administrative 

Professional 
0 2 5 2 9 

Mental Health Professional 

(Clinician) 
5 13 11 16 44 

Other* 0 0 6 3 9 

Total 7 18 26 24 75 

Note. Values represent frequencies of participants by professional role and years in current role 

within the final analytic sample (N = 75). Demographic variables were collected solely to 

describe the study sample. No personally identifiable information was collected or reported. 

*Other: Psych NP, Head lead, Owner/practitioner, RN Care Coach, Information & Technology 
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Research Question 1/Hypothesis 

What is the relationship, if any, between the implementation of AI digital scribes and 

clinical documentation time among mental health organizations? 

• H10: There is no significant relationship between the implementation of AI digital 

scribes and clinical documentation time among mental health organizations. 

• H1a: The implementation of AI digital scribes significantly reduces clinical 

documentation time among mental health organizations. 

To examine the relationship between AI digital scribe implementation and clinical 

documentation time, an inferential statistical analysis was conducted comparing clinicians in 

organizations that had implemented AI digital scribe technology with those in organizations that 

had not. Average daily clinical documentation time was examined as the primary outcome 

measure for Research Question 1. In contrast, average documentation time per session was 

analyzed as a secondary outcome to account for potential variation in daily session volume. 

Descriptive statistics for clinical documentation time by AI digital scribe implementation 

status are presented in Table 2. Clinical documentation time was collected using categorical 

response ranges and recoded to an approximate continuous measure using category midpoints to 

permit parametric analysis (Chou, et al., 2025). Clinicians in organizations that had implemented 

AI digital scribes reported a mean documentation time of 2.73 hours per day (SD = 1.37), 

compared to 2.44 hours per day (SD = 1.04) among clinicians in organizations without AI digital 

scribes. The standard deviation represented approximately 50% of the mean in the AI scribe 

group, indicating substantial dispersion in reported documentation time. 

In addition to average daily clinical documentation time, average documentation time per 

session was examined to confirm consistency across documentation burden measures aligned 
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with Research Question 1. Daily documentation time can be influenced by session volume, 

which justifies inferential analysis of per-session documentation time as a secondary outcome 

under RQ1. 

Table 2 

Clinical Documentation Time by AI Digital Scribe Implementation 

AI Digital Scribe 

Implementation 
Measure 

Average Daily 

Documentation 

Time (Hours) 

Average 

Documentation 

Time per Session 

(Minutes) 

No 

n 18 18 

M 2.44 3.67 

SD 1.04 1.65 

Yes 

n 26 26 

M 2.73 2.85 

SD 1.37 1.43 

Total 

n 44 44 

M 2.61 3.18 

SD 1.24 1.56 

Note. Clinical documentation time represents the recoded midpoint approximation of daily 

documentation hours and per-session documentation minutes. 
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Table 3 represents an independent-samples t-test was conducted to examine the 

relationship between AI digital scribe implementation and clinical documentation time analyzing 

both average daily documentation time and documentation time per session. 

Table 3 

Clinical Documentation Time by Unit by AI Digital Scribe Implementation. 

Outcome 

Measure 
t df 

p (two-

tailed) 

Mean 

Difference 
95% CI Cohen’s d 

Average Daily 

Documentation 

Time (Hours) 

-0.747 42 .459 -0.29 
[-1.06, 

0.49] 
-0.23 

Documentation 

Time per 

Session 

(Minutes) 

1.76 42 .086 0.82 
[-0.12, 

1.76] 
0.54 

Note. Equal variances were assumed for both analyses based on Levene’s tests (p > .05). 

Average daily documentation time represents a midpoint-recoded approximation of daily hours 

spent on clinical documentation. Documentation time per session is reported in minutes. Cohen’s 

d values are reported as standardized effect sizes. 

Research Question 2/Hypothesis 

What is the relationship, if any, between the implementation of AI digital scribes and 

clinician productivity among mental health organizations? 

• H20: There is no significant relationship between the implementation of AI digital 

scribes and clinician productivity among mental health organizations. 
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• H2a: The implementation of AI digital scribes increases clinician productivity among 

mental health organizations. 

To examine the relationship between AI digital scribe implementation and clinician 

productivity, an inferential statistical analysis was conducted comparing productivity outcomes 

between clinicians in organizations that had implemented AI digital scribe technology and those 

in organizations that had not. Clinician productivity was measured using self-reported survey 

responses consistent with the operational definition specified in Chapter 3. Clinician productivity 

was operationalized using measures of clinical output, including average patient encounters per 

day and billable clinical hours, consistent with established definitions of productivity in 

healthcare settings (Nguyen et al., 2023; Thusini et al., 2022). 

Descriptive statistics for clinician productivity by AI digital scribe implementation status 

are presented in Table 4. These statistics include the number of cases, mean productivity scores, 

and standard deviations for each group. An independent-samples t-test was subsequently 

conducted to evaluate whether a statistically significant difference in clinician productivity 

existed between the two groups. The results of the t-test, including the t statistic, degrees of 

freedom, p-value, and effect size, are reported in Table 5. 
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Table 4 

Clinician Productivity Measures by AI Digital Scribe Implementation 

Productivity 

Measure 

AI Digital 

Scribe 

Implementation 

n M SD CV (%) 

Sessions per 

Day 

No 18 2.44 1.15 47.1% 

Yes 26 2.23 0.95 42.6% 

Total 44 2.32 1.003 42.3% 

Patients per 

Day 

No 6 2.50 1.05 42.0% 

Yes 14 2.93 1.00 34.1% 

Total 20 2.76 1.00 36.2% 

Billable Hours 

per Day 

No 7 3.14 0.69 22.0% 

Yes 23 2.48 1.12 45.2% 

Total 30 2.58 1.09 42.2% 

Active 

Caseload 

(Patients) 

No 6 46.33 51.05 110.2% 

Yes 22 80.68 124.14 153.9% 

Total 28 71.00 111.16 156.6% 

Note. Descriptive statistics are reported by AI digital scribe implementation status (Yes/No). 

Sample sizes vary across productivity measures due to conditional survey branching and role-

specific applicability of items. No imputation was performed. 

To examine the relationship between AI digital scribe implementation and clinician 

productivity, an independent-samples t-test was conducted comparing average sessions per day 

between clinicians working in organizations that had implemented AI digital scribe technology 
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and those in organizations that had not. Sessions per day were selected as the primary 

productivity outcome measure, consistent with the operational definition of clinician productivity 

described in Chapter 3. Effect size was calculated using Cohen’s d to assess the magnitude of the 

observed difference. 

Table 5 

Sessions per Day by AI Digital Scribe Implementation 

Outcome 

Measure 
t df 

p (two-

tailed) 

Mean 

Difference 
95% CI Cohen’s d 

Sessions per 

Day 
0.67 42 .505 0.21 [-0.43, 0.86] 0.21 

Note. Equal variances were assumed based on Levene’s test for equality of variances, F (1, 42) = 

0.97, p = .330. Cohen’s d is reported as the standardized effect size. 

Research Question 3/Hypothesis 

What is the relationship, if any, between the implementation of AI digital scribes and 

return on investment (ROI) among mental health organizations? 

• H30: There is no significant relationship between the implementation of AI digital 

scribes and ROI among mental health organizations. 

• H3a: The implementation of AI digital scribes results in a positive ROI, with cost 

savings and revenue increases exceeding the costs of implementation and maintenance. 

To examine the relationship between AI digital scribe implementation and ROI, ROI-

related outcomes were analyzed using self-reported financial data provided by administrative and 

financial respondents, consistent with the definitions and procedures described in Chapter 3. 

Although ROI was conceptually defined in Chapter 3 as a ratio of net financial benefits to 
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implementation costs, the available survey data operationalized ROI as reported billing or 

revenue change per clinician following AI digital scribe implementation. 

Descriptive statistics were first calculated to summarize reported ROI outcomes among 

organizations that had implemented AI digital scribe technology. These statistics include 

measures of central tendency and variability and are presented in Table 6. Because the ROI item 

was conditionally administered only to organizations reporting AI digital scribe implementation, 

descriptive results are reported for the implementation group only. 

Table 6 

Billing or Revenue Increase per Clinician Following AI Digital Scribe Implementation 

AI Digital Scribe 

Implementation 
n M SD 

Yes 14 1.93 0.83 

Note. Billing or revenue increase per clinician was measured using a self-reported survey item 

assessing perceived post-implementation financial impact. Responses were available only for 

organizations reporting AI digital scribe implementation; therefore, no comparison group 

without AI digital scribe implementation is presented. Descriptive statistics are reported to 

characterize ROI-related outcomes for Research Question 3. 

To provide contextual information relevant to the cost component of ROI, descriptive 

statistics were also generated for reported AI digital scribe software license costs per user per 

month. Cost was reported categorically by organizations that had implemented AI digital scribe 

technology and is presented in Table 6a. These descriptive results are included to characterize 

implementation expenses and provide financial context for the reported revenue outcomes. 
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Table 6a 

AI Digital Scribe License Cost per User per Month 

Cost Category n % 

Less than $50 3 13.0% 

$50 - $99 7 30.4% 

$100 - $199 5 21.7% 

$200+ 6 26.1% 

I don’t’ know/Not sure 2 8.7% 

Note. Percentages are based on valid responses only (n = 23). Blank responses from non-

implementing organizations were excluded. 

Following descriptive analysis, inferential testing was conducted to evaluate whether the 

mean reported billing or revenue change per clinician differed significantly from no change. A 

one-sample t-test was selected to assess this relationship, consistent with the conditional 

structure of the ROI measure and the approved analysis plan. All statistical tests were evaluated 

using a significance level of α = .05, and effect size was calculated using Cohen’s d to assess the 

magnitude of the observed effect. Results of the inferential analysis are reported in Table 7. 
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Table 7 

Billing or Revenue Increase per Clinician Following AI Digital Scribe Implementation 

Outcome 

Measure 
t df 

p (two-

tailed) 

Mean 

Difference 
95% CI Cohen’s d 

Billing or 

Revenue 

Increase per 

Clinician 

9.37 14 <.001 1.93 [1.49, 2.38] 2.42 

Note. A one-sample t-test was conducted to evaluate whether the mean reported billing or 

revenue increase per clinician differed significantly from the test value representing no change 

(0). Cohen’s d is reported as the standardized effect size. 

Comparison of Results to the Literature Review 

Research Question 1 asked: What is the relationship, if any, between the implementation 

of AI digital scribes and clinical documentation time among mental health organizations? To 

address this question, clinical documentation time was operationalized as both average daily 

documentation time and documentation time per session. The results indicated no statistically 

significant difference in either measure between organizations with and without AI digital scribe 

implementation. Although the mean documentation time per session was slightly higher among 

clinicians using AI digital scribes (difference < 1 minute), the difference was not statistically 

significant between groups, t(42) = −0.747, p = .459, with a small effect size (Cohen's d = 

−0.23). Based on the results of the analysis, the null hypothesis (H10) was not rejected at the α = 

.05 significance level for both average daily documentation time and documentation time per 

session. 
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These findings are partially consistent with the literature reviewed in Chapter 2, which 

reflects mixed empirical evidence regarding the extent to which AI-enabled documentation tools 

reduce clinician documentation burden. Prior studies have reported variability in documentation 

time outcomes depending on implementation context, workflow integration, clinician adoption, 

and measurement approach (Sezgin et al., 2023; Orth et al., 2022). Nine studies cited in the 

literature review documented reductions in documentation time, while seven highlighted that 

efficiency gains are not uniformly realized across settings or immediately observable in 

aggregate time measures. The lack of statistically significant differences observed in this study 

aligns with literature highlighting that documentation time savings may be influenced by 

confounding factors such as implementation process, patient volume, session complexity, and 

organizational workflow characteristics, which were also discussed in Chapter 2. As such, the 

results are consistent with existing research suggesting that reductions in documentation burden 

associated with AI digital scribes are context-dependent rather than universal. 

Research Question 2 asked: What is the relationship, if any, between the implementation 

of AI digital scribes and clinician productivity among mental health organizations? To address 

this question, clinician productivity was operationalized as average sessions per day. Descriptive 

statistics indicated that clinicians in organizations without AI digital scribe implementation 

reported a mean of M = 2.44 sessions per day (SD = 1.15, n = 18), while clinicians in 

organizations with AI digital scribe implementation reported a mean of M = 2.23 sessions per 

day (SD = 0.95, n = 26). Although the non-implementing group reported a modestly higher 

mean, the degree of overlap in these distributions warranted further examination of variability 

prior to inferential testing. 
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To assess relative variability across implementation groups, the CV was calculated for 

each productivity measure. Although sensitive to outliers (Arachchige et al., 2020), CV values 

below 30% are generally considered indicative of low variability, while values exceeding 30% 

suggest high dispersion (Brenes, 2024). Sessions per day yielded CV values of 47.1% and 42.6% 

for the non-implementing and implementing groups, respectively, reflecting moderate variability 

consistent with the range of clinical roles and scheduling practices represented in the sample. 

Billable Hours per Day demonstrated the greatest within-group disparity, with clinicians using an 

AI digital scribe showing a CV of 45.2% compared to 22.0% for those without, suggesting 

greater heterogeneity in billing productivity among AI scribe users. Most notably, Active 

Caseload exhibited substantial variability in both groups (CV = 110.2% and 153.9% for the non-

implementing and implementing groups, respectively), indicating that this measure was highly 

inconsistent across respondents and should be interpreted with caution. Collectively, these CV 

findings provide important context for interpreting group differences and suggest that several 

productivity measures were not uniformly distributed within implementation groups. 

Prior to inferential testing, the assumption of homogeneity of variance was evaluated 

using Levene's test. Results were non-significant, indicating that the assumption was met. 

Accordingly, equal variances assumed results are reported. An independent-samples t-test 

indicated no statistically significant difference in sessions per day between organizations with 

and without AI digital scribe implementation (see Table 5). Based on the results of the analysis, 

the null hypothesis (H20) was not rejected at the α = .05 significance level. 

This finding is consistent with elements of the literature reviewed in Chapter 2 that 

characterize clinician productivity as an outcome influenced by multiple organizational and 

operational factors beyond documentation efficiency alone (Nguyen et al., 2023; Sezgin et al., 
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2023). While prior studies have suggested that reductions in administrative burden may support 

productivity improvements, the literature also notes that increased productivity is not an 

automatic or immediate consequence of technology adoption and may be moderated by 

scheduling practices, staffing models, and care delivery constraints. Accordingly, the absence of 

a statistically significant productivity difference in this study aligns with existing research 

indicating that AI documentation tools may not independently drive measurable increases in 

clinical throughput without concurrent organizational changes, a finding further contextualized 

by the variability patterns observed in the CV analysis. 

Research Question 3 asked: What is the relationship, if any, between the implementation 

of AI digital scribes and return on investment (ROI) among mental health organizations? To 

address this question, ROI was operationalized as the reported billing or revenue increase per 

clinician following AI digital scribe implementation. A one-sample t-test indicated that the mean 

reported billing and revenue increase per clinician was statistically significantly greater than no 

change, t(14) = 9.37, p < .001, d = 2.42, 95% CI [1.49, 2.38]. Based on the results of the one-

sample t-test, the null hypothesis (H30) was rejected at the α = .05 significance level. The 

obtained p-value of less than .001 indicates that the probability of observing a result of this 

magnitude by chance alone is extremely low. The effect size of d = 2.42 substantially exceeds 

Cohen's (1988) conventional threshold for a large effect (d = 0.80), indicating a practically 

significant finding in addition to a statistically significant one. The mean difference of 1.93 units 

above the no-change baseline, with a 95% confidence interval of [1.49, 2.38] falling entirely 

above zero, provides additional evidence of a consistent and directionally unambiguous effect. 

These results indicate that AI digital scribe implementation was associated with meaningful 

positive financial returns at the individual clinician level, a finding that aligns with the literature 
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reviewed in Chapter 2 characterizing revenue recovery and billing efficiency as primary 

organizational drivers of AI-enabled documentation adoption (Gangadhar & Shaikh, 2021; 

Ghatnekar et al., 2021). 

Prior studies highlight that financial benefits may arise from a combination of improved 

documentation completeness, billing accuracy, and downstream revenue capture, even in the 

absence of statistically significant reductions in documentation time or increases in clinician 

productivity. The observed positive ROI outcome aligns with the QI-ROI framework discussed 

in Chapters 1 and 2, which posits that financial returns may materialize through multiple indirect 

mechanisms rather than direct efficiency gains alone. The results, therefore, correspond with 

existing theoretical and empirical perspectives on the economic impact of healthcare technology 

adoption. 

Summary 

Chapter 4 presented the results of this quantitative causal-comparative study examining 

the relationship between AI digital scribe implementation and clinical documentation time, 

clinician productivity, and ROI in mental health organizations. Findings indicated no statistically 

significant differences between organizations with and without AI digital scribes for clinical 

documentation time or clinician productivity. In contrast, a practically and statistically 

significant positive ROI finding was observed among organizations that had implemented AI 

digital scribe technology. Comparisons to the existing literature demonstrated that these results 

are broadly consistent with prior research and the conceptual framework guiding the study, 

particularly with respect to the context-dependent nature of operational outcomes and the 

potential for financial returns independent of immediate efficiency gains. Chapter 5 presents an 



102 

interpretation of these findings, discusses implications for practice and policy, outlines study 

limitations, and offers recommendations for future research. 
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Chapter 5: Discussion, Recommendations, and Study Summary 

The problem addressed in this study is the lack of empirical research investigating the 

tangible business benefits, particularly ROI, of implementing AI digital scribe technology in 

mental health care. The purpose of this quantitative causal-comparative study was to investigate 

the statistical impact of AI digital scribe technology on clinical documentation in mental health 

organizations and calculate the ROI of its implementation. This study employed a quantitative, 

causal-comparative design using an anonymous, structured Qualtrics survey to compare 

outcomes between respondents from organizations reporting AI digital scribe implementation 

and those reporting no implementation. As reported in Chapter 4, independent-samples t-tests 

were used to examine group differences in clinical documentation time (average daily 

documentation time and documentation time per session) and clinician productivity (sessions per 

day), and a one-sample t-test was used to evaluate whether the mean reported billing or revenue 

increase per clinician among implementing organizations differed from no change, given the 

conditional administration of the ROI item that limited between-group financial comparisons, 

and measurement-level limitations in the cost and ROI operationalization relative to the 

conceptual ROI ratio described in Chapter 3. 

Results indicated no statistically significant differences between implementing and non-

implementing organizations for clinical documentation time or clinician productivity, while 

reported billing or revenue increase per clinician among implementing organizations was 

significantly greater than no change. Interpretation of these findings is informed by several 

methodological constraints that shape the strength and scope of inference, including reliance on 

self-reported measures, the cross-sectional nature of the data, variable subgroup sample sizes due 

to conditional survey branching, and constraints introduced by the conditional design of ROI 
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items. Chapter 5 interprets the findings in relation to the study problem, purpose, and conceptual 

framework; discusses implications for applied practice; presents study limitations; and offers 

recommendations for future research, concluding with an integrated summary of the study’s 

primary take-home message. 

Discussion 

The purpose of this study was to examine whether the implementation of AI digital scribe 

technology in mental health organizations was associated with measurable changes in clinical 

documentation time, clinician productivity, and return on investment. The findings present a 

pattern that is both instructive and nuanced. No statistically significant differences were observed 

between implementing and non-implementing organizations for documentation time or clinician 

productivity. In contrast, a statistically significant positive financial impact was reported among 

organizations that had adopted AI digital scribe technology. These findings suggest that financial 

return may occur independently of measurable operational efficiency gains, and that the 

relationship between technology adoption and organizational outcomes is more complex than a 

direct cause-and-effect model. 

The coefficient of variability observed across several measures signal a nuanced nature of 

the findings. A relatively large CV indicates substantial dispersion in responses, suggesting that 

organizations may be implementing AI digital scribe technologies in markedly different ways. 

Implementation variability can reflect differences in workflow design, documentation 

expectations, implementation maturity, and organizational culture. Instead of indicating 

inconsistency in the technology itself, the expressed variability may highlight the diverse 

operational contexts in which implementation occurred. Interpreting these findings, therefore, 



105 

requires a nuanced perspective that considers how differences in implementation approach may 

impact measurable outcomes. 

RQ1. What is the relationship if any between the implementation of AI digital scribes and 

clinical documentation time among mental health organizations? 

Clinical Documentation Time 

Results for Research Question 1 indicated no statistically significant reduction in either 

average daily documentation time or documentation time per session between organizations with 

and without AI digital scribe implementation. These findings are consistent with the literature 

reviewed in Chapter 2 that describes documentation burden as influenced by multiple contextual 

factors, including management support (Versteeg et al., 2012) workflow design (Linzer et al., 

2015) patient complexity, and clinician adaptation (Sezgin et al., 2023; Orth et al., 2022). 

Nguyen et al. (2023) reported reductions in documentation time among cancer care clinicians 

following digital scribe implementation, Sezgin et al. (2023) observed similar outcomes in an 

emergency department counseling setting, and Jhaveri et al. (2021) identified documentation 

improvements in an outpatient pediatric primary care practice; however, each of these reductions 

was observed within specific clinical environments or under controlled implementation 

conditions that differ substantially from the heterogeneous mental health organizations examined 

in the present study. 

The absence of statistically significant differences between implementing and non-

implementing organizations for average daily documentation time and documentation time per 

session does not negate the potential for documentation efficiencies to exist within individual 

organizations or under more controlled implementation conditions. Technology alone does not 

modify workflow (Sadeh-Sharvit & Hollon, 2023); implementation practices do. If 
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documentation processes remain structurally unchanged, time savings may be absorbed into 

other clinical or administrative activities rather than reflected in aggregate clinical 

documentation metrics. The findings, therefore, align with existing research that characterizes 

documentation improvement as contingent upon organizational implementation strategy rather 

than inherent technological capability (Alowais et al., 2023; Nguyen et al., 2023; Sezgin et al., 

2023; Thusini et al., 2022). The null hypothesis for Research Question 1, which stated that there 

is no significant relationship between the implementation of AI digital scribes and clinical 

documentation time among mental health organizations, was not rejected. Results did not 

demonstrate statistically significant group differences in either average daily documentation time 

or documentation time per session. 

RQ2. What is the relationship if any between the implementation of AI digital scribes and 

clinician productivity among mental health organizations? 

Clinician Productivity 

Research Question 2 examined clinician productivity, operationalized as sessions per day. 

No statistically significant difference was identified between implementing and non-

implementing organizations. Prior literature suggests that reductions in administrative burden 

may enable clinicians to increase patient throughput or bill at higher levels of service, such as a 

more complex, higher-paying visit type (Avendano et al., 2022; Gyimah et al., 2021; Ullman et 

al., 2021). However, in a clinical setting productivity is structurally bound by scheduling 

practices (Patterson et al., 2021), documentation requirements (Castro et al., 2025), and 

reimbursement frameworks (Avendano et al., 2022). Increased documentation efficiency does 

not automatically translate into increased patient volume, particularly in mental health settings 
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where clinical standards (Blagec et al., 2022b) and payer structures can define visit length and 

therapeutic engagement (Avendano et al., 2022). 

These findings contribute to the literature by reinforcing the distinction between 

operational efficiency and throughput. Automated documentation may improve the speed of 

completion for session documentation or quality without altering the number of sessions 

delivered per day. The study, therefore, addresses the research problem by clarifying that AI 

digital scribe implementation, if not associated with a structured change management plan, is not 

associated with measurable changes in clinician productivity within the sampled organizations. 

The null hypothesis for Research Question 2, which stated that there is no significant relationship 

between the implementation of AI digital scribes and clinician productivity among mental health 

organizations, was not rejected. 

RQ3. What is the relationship if any between the implementation of AI digital scribes and 

return on investment (ROI) among mental health organizations? 

Return on Investment 

Research Question 3 yielded a different result. Among organizations that had adopted AI 

digital scribes, reported billing or revenue increase per clinician was significantly greater than no 

change. Although ROI was operationalized using self-reported financial impact rather than a 

calculated cost–benefit ratio, the finding suggests that perceived financial return was present 

despite the absence of statistically significant efficiency and productivity. 

An important observation is that financial improvement was reported despite the wide 

dispersion of responses reflected in the coefficient of variability. Even though a lack of 

uniformity in organization size, culture, operational workflows, and implementation, respondents 

consistently reported increases in billing or revenue. This pattern suggests that financial benefit 
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may emerge through multiple operational pathways rather than through a single standardized 

workflow outcome. In other words, organizations may experience revenue improvements even 

when documentation practices, productivity strategies, or implementation approaches differ 

substantially. 

The pattern observed in this study is consistent with the financial mechanisms discussed 

in Chapter 2, which identified revenue capture, improved billing accuracy, and enhanced 

evaluation and management coding as pathways through which documentation technologies may 

influence financial outcomes (Avendano et al., 2022; Sezgin et al., 2023). Financial return may 

therefore emerge from improvements in documentation completeness, coding precision, and 

regulatory compliance (Avendano et al., 2022; Gyimah et al., 2021; Wang et al., 2021) rather 

than from reductions in documentation time alone. In this context, the findings align with the QI-

ROI framework discussed earlier, which conceptualizes financial performance as a 

multidimensional outcome that can arise through indirect or layered operational mechanisms 

(Thusini et al., 2022) rather than through simple reductions in task duration. 

Another plausible explanation for the reported financial improvement involves increased 

documentation precision supported by AI-assisted tools. Artificial Intelligence-enabled 

documentation systems can generate structured summaries of clinical encounters, reducing 

reliance on retrospective clinician recall and minimizing omission errors that may occur when 

documentation is completed after the clinical session (Wang et al., 2021). By improving the 

clarity, completeness, and organization of clinical notes (Sezgin et al., 2023), AI-supported 

documentation may also help clinicians address knowledge gaps in documentation structure and 

strengthen the articulation of clinical decision-making processes (Alowais et al., 2023). These 

improvements may facilitate more accurate coding and billing practices, which in turn may 
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contribute to the revenue increases reported by implementing organizations (Avendano et al., 

2022; Gyimah et al., 2021). 

The operationalization of ROI in this study limits the scope of interpretation. Return on 

Investment was not calculated as a ratio of net benefits to total costs using audited financial 

records. For example, Chapter 2 discussed ROI measurement frameworks that incorporate 

subscription costs, integration expenditures, training investment, and unit-level revenue change 

as necessary components of a complete cost–benefit calculation (Thusini et al., 2022). Similarly, 

studies reviewed in Chapter 2 identified billing accuracy and coding precision as revenue-

generating mechanisms that require structured financial tracking to quantify (Avendano et al., 

2022; Gyimah et al., 2021). Cost data were reported categorically, and revenue impact was self-

reported. Accordingly, the findings indicate reported financial improvement rather than a 

formally computed return percentage. The distinction is important. It does not diminish the 

observed financial signal but defines its boundaries. 

Factors Influencing Interpretation 

Several factors influenced the interpretation of the results. The study relied on self-

reported data, which introduces the potential for recall bias and perceptual variation. Although 

EHR metadata and organizational financial records were identified as planned supplementary 

data sources in Chapter 3, no participating organizations provided access to this data; the study 

therefore relied solely on self-reported survey responses for all analyses. Cross-sectional design 

limits causal inference and prevents examination of temporal change following implementation. 

Subgroup sample sizes varied due to conditional survey branching, particularly for ROI and cost 

variables. Reporting suggests organizations of varied size and case load. Artificial Intelligence 
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digital scribe products were not standardized across respondents, and variation in vendor 

capabilities, integration depth, and implementation maturity may have influenced outcomes. 

An additional factor likely influencing observed variability is the lack of uniformity in 

documentation workflows, workload distribution, and productivity practices (Ullman et al., 

2021) across participating organizations. Mental health service environments frequently operate 

under decentralized clinical documentation approaches in which individual clinicians develop 

personal documentation styles and time-management strategies (Linzer et al., 2015; Versteeg et 

al., 2012). Such variation can influence measures such as documentation time, productivity, and 

financial reporting (Ullman et al., 2021), and may contribute to the elevated coefficient of 

variability (CV) observed in the study. In heterogeneous operational environments, variability in 

workflow structure and documentation expectations can produce wider dispersion in outcome 

measures even when organizations are using similar technologies. 

These factors do not invalidate the findings; rather, they define the scope within which 

the results should be interpreted. The outcomes reported in this study represent associations 

observed across diverse real-world organizational environments rather than controlled 

experimental conditions. The variability observed in the dataset may also reflect differences in 

organizational culture, governance structures, and documentation expectations across 

participating organizations. In settings where formal AI implementation frameworks are absent, 

adoption may occur through informal or clinician-driven practices, resulting in heterogeneous 

usage patterns (Sadeh-Sharvit & Hollon, 2023). Within this context, the coefficient of variability 

serves as a useful analytic indicator, highlighting the extent to which observed outcomes may be 

shaped by differences in implementation approach rather than by the technology alone. 

Interpreted in this way, variability in the results provides insight into how organizational culture 
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and implementation discipline can influence the effectiveness of technology-enabled workflow 

change (Alowais et al., 2023; Thusini et al., 2022). 

Implications and Consequences 

The most significant implication of the study is that AI digital scribe implementation 

should not be viewed as a deterministic operational lever. Adoption does not independently 

guarantee reduced documentation time or increased patient throughput. Importantly, the findings 

reinforce that AI alone does not determine operational efficiency. Efficiency outcomes appear to 

depend less on the presence of the technology and more on how consistently it is implemented 

and used within established workflows. Organizations that deploy AI tools without standardized 

documentation processes, training protocols, or workflow alignment may not experience 

measurable efficiency gains. In this sense, implementation fidelity, rather than technological 

capability alone, likely plays a central role in determining organizational outcomes. 

Implementation context matters. Workflow integration matters. Organizational readiness matters. 

At the same time, the presence of reported financial gain suggests that value may be 

realized through means not immediately observable in simple productivity metrics. For mental 

health organizations operating under reimbursement constraints, improved billing accuracy or 

documentation completeness may have meaningful financial consequences even in the absence 

of increased volume. Non-rejection of the null hypotheses for Research Questions 1 and 2 

contributes meaningfully to the empirical literature on AI-enabled documentation technology. 

Null findings reduce assumption-driven adoption decisions, counterbalance commercially 

motivated claims regarding AI efficiency, and establish an evidence-based baseline against 

which future implementation studies may be compared. In a field where adoption is frequently 

driven by vendor-reported outcomes rather than independent research, the absence of a 
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statistically significant effect is itself a substantive finding that supports responsible and 

informed organizational decision-making. 

Probable implications include a more nuanced approach to technology evaluation, in 

which leadership assesses implementation strategy alongside technological capability. 

Improbable implications include assumptions that AI digital scribes universally reduce clinician 

workload, improve efficiency, or automatically increase patient access. The study does not 

support such deterministic conclusions. 

Contribution to Research and Practice 

The study addresses the research problem directly by providing empirical evidence 

regarding business outcomes of AI digital scribe adoption in mental health settings, an area 

previously characterized by limited quantitative research. Findings reinforce the contextual and 

multifactorial nature of ROI in healthcare technology implementation. For applied practice, the 

results suggest that organizations evaluating digital scribe adoption should consider structured 

financial tracking, workflow redesign, and implementation governance rather than relying solely 

on anticipated time savings. 

The study contributes to existing literature by clarifying that financial impact may be 

achieved even when operational efficiency metrics remain statistically unchanged. It provides a 

reframe to the conversation from whether AI digital scribes work in a clinical setting to what 

makes them work effectively, what measurable results are repeatable, under what conditions, and 

through which mechanisms value may be realized. 

Recommendations for Practice 

Findings from the study indicate that AI digital scribe implementation was not associated 

with statistically significant reductions in documentation time or increases in clinician 
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productivity, yet was associated with reported increases in billing or revenue per clinician among 

implementing organizations. Practical application of these findings requires a measured and 

context-sensitive approach. 

Healthcare leaders should avoid evaluating AI digital scribe technology solely on 

anticipated time savings. Results did not demonstrate statistically significant reductions in 

average daily documentation time or documentation time per session. Prior literature reviewed in 

Chapter 2 underscore workflow integration, documentation accuracy, and billing optimization 

are central drivers of financial return (Avendano et al., 2022; Ullman et al., 2021). Organizations 

considering adoption should therefore design implementation strategies that connect culture to 

adoption and explicitly connect documentation improvements to revenue capture processes, 

coding accuracy, and compliance monitoring, rather than assuming that reduced task duration 

automatically produces financial gains. 

Implementation strategy should be treated as an operational initiative rather than a 

technology deployment. Literature in Chapter 2 highlighted the importance of proper 

onboarding, training, and integration with existing electronic health record systems (Ghatnekar et 

al., 2021; Wang et al., 2021). Given that productivity metrics did not differ significantly between 

groups in the present study, organizations may benefit from fidelity to an implementation design, 

structured workflow redesign, clearly defined documentation standards, and measurable financial 

tracking protocols during and after implementation. Absent these operational controls, financial 

benefits may be difficult to quantify or may fail to materialize. 

Organizations should implement formal ROI tracking mechanisms that include cost 

transparency. Chapter 3 conceptualized ROI as a ratio of net benefits to total costs. However, 

available survey data operationalized ROI primarily as perceived revenue change. For applied 
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practice, executive decision-makers should monitor both cost inputs and revenue outputs at the 

unit level, including subscription fees, integration costs, training expenditures, and changes in 

billing performance over time. Financial performance should be evaluated using pre- and post-

implementation comparisons whenever feasible. Such structured evaluation aligns with the QI-

ROI framework described in Chapter 2, which positions financial return as a multidimensional 

outcome influenced by operational efficiency, workforce productivity, and documentation 

quality. 

Claims regarding universal productivity gains should be approached with caution. 

Findings suggest that adoption alone does not independently produce measurable changes in 

sessions per day. Therapeutic standards, session duration requirements, and payer policies 

influence mental health care delivery. Productivity gains may be structurally constrained 

regardless of documentation support. Leaders should therefore set realistic expectations and 

communicate clearly with clinical teams about intended outcomes. The probable benefit may lie 

in documentation quality and financial accuracy rather than significantly increased patient 

throughput. 

Technology selection decisions should account for contextual variability. Study results 

reflect associations observed across diverse organizational settings and unspecified AI digital 

scribe products. Literature reviewed in Chapter 2 acknowledged variability in effectiveness 

across clinical environments and implementation conditions (Ullman et al., 2021; Jhaveri et al., 

2021). Organizations should evaluate product capabilities, interoperability, and alignment with 

existing workflows before adoption. Pilot testing within comparable service lines may reduce 

uncertainty and improve implementation precision. 
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These recommendations highlight formal, disciplined implementation, financial 

transparency, and realistic outcome measurement. Findings do not suggest that AI digital scribes 

lack value. Instead, value appears contingent on structured implementation and aligned 

operational strategy. Careful application of these principles may improve the likelihood that 

technology adoption translates into measurable and sustainable organizational benefit. 

Recommendations for Future Research 

Findings from the study indicate that AI digital scribe implementation was associated 

with reported financial improvement but not with statistically significant differences in 

documentation time or clinician productivity. The pattern underscores the complexity of 

operationalizing ROI in applied healthcare environments and highlights several avenues for 

future investigation. 

Longitudinal research designs represent a logical next step. The cross-sectional structure 

of the present study limits causal inference and does not capture temporal change following 

implementation. Future studies should examine pre- and post-implementation performance using 

repeated measures designs that track use of AI, documentation time, productivity, billing 

performance, and cost inputs over defined intervals. Such designs would allow researchers to 

observe trajectory effects and implementation maturity, rather than relying on static 

comparisons. A longitudinal approach would also strengthen alignment with the QI-ROI 

framework described in Chapter 2, which conceptualizes financial return as emerging over time 

through coordinated operational adjustments. 

More precise measurement of ROI is also warranted. Return on Investment was 

conceptually defined as a ratio of net financial benefits to total costs, yet available data relied on 

self-reported revenue change and categorical cost estimates. Future researchers should 



116 

incorporate audited financial data, including subscription costs, integration expenditures, training 

time, administrative overhead, and unit-level revenue changes. Access to organizational records 

would allow for accurate ratio-level ROI calculations and more robust financial modeling. Such 

refinement would improve construct validity and address measurement-level limitations 

identified in the current study. 

Standardization of technology variables should be prioritized. The study did not control 

for differences in AI digital scribe products, vendor capabilities, integration depth, or 

interoperability with electronic health record systems. Comparative research examining a single 

technology across multiple organizational settings would allow for clearer attribution of 

observed outcomes to product functionality rather than contextual variability. Conversely, 

comparative effectiveness studies examining multiple technologies within similar organizational 

structures could identify feature-level drivers of operational or financial impact. 

Future research should also account for organizational size, context, culture, case mix, 

and workflow structure. Results were derived from heterogeneous real-world settings with 

variation in staffing models, payer mix, and service delivery patterns. Stratified sampling designs 

that compare organizations of similar size, caseload intensity, and reimbursement models would 

reduce confounding variability and improve interpretability. Matching techniques or multilevel 

modeling may further isolate organizational effects from technology effects. 

Sample size considerations also merit attention. Subgroup variability resulting from 

conditional survey branching reduced analytic power for certain variables. Larger samples with 

balanced representation across clinician, supervisory, and financial roles would enhance 

statistical stability and permit more sophisticated modeling approaches, including regression 

analyses controlling for demographic and organizational covariates. 
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Qualitative inquiry represents a complementary direction for future investigation. The 

present study's null findings regarding documentation time and clinician productivity raise 

questions that quantitative methods alone are not designed to answer. A phenomenological study 

examining the lived experiences of clinicians, supervisors, and administrators engaged in AI 

digital scribe implementation would surface contextual factors including adoption resistance, 

workflow disruption, and perceived utility, that may account for the absence of statistically 

significant time savings (Saunders et al., 2023; Subedi, 2023). Such a study would provide 

thematic depth around the conditions under which clinicians integrate the technology into routine 

practice and the organizational dynamics that shape implementation outcomes. Findings from a 

phenomenological design could inform the development of more sensitive quantitative 

instruments in subsequent research and strengthen the construct validity of variables such as 

productivity and documentation burden, which proved difficult to standardize across 

heterogeneous settings in the present study. 

The next logical step in this line of research involves integrated financial and operational 

modeling within defined organizational cohorts. Studies that combine structured cost tracking, 

detailed revenue data, workflow metrics, and implementation maturity indicators would advance 

understanding beyond isolated outcome comparisons. Such research would contribute to the 

evolving evidence base on healthcare technology adoption and clarify the conditions under 

which AI digital scribe implementation produces measurable and sustainable value. 

Study Summary 

The problem addressed in this study was the lack of empirical research examining the 

tangible business benefits, particularly return on investment, associated with implementing AI 

digital scribe technology in mental health organizations. Although digital documentation tools 
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are increasingly marketed as operational and financial solutions, rigorous quantitative evidence 

specific to mental health settings remains limited. 

Technology adoption in mental health settings remains an emerging field, and empirical 

evidence regarding business outcomes is constrained. The present study contributes to that 

evidence base by examining documentation, productivity, and financial outcomes within applied 

organizational environments rather than controlled experimental settings. Findings underscore a 

central takeaway: technology implementation alone does not independently guarantee 

measurable operational gains, and financial impact is multifaceted, contextual, and dependent on 

how systems are integrated into practice. 

Continued empirical inquiry is necessary to move beyond assumption and anecdote 

toward disciplined evaluation. Strengthening the evidence base surrounding AI-enabled 

documentation tools is essential for informed decision-making, responsible investment, and 

sustainable innovation in mental health care delivery. 
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Appendix B 

Survey Instrument: Impact of AI Digital Scribes on Clinical Documentation and ROI 

Section A: Demographic Information 

1. What is your primary role in your organization? 

• Mental Health Professional (Clinician) 

• Clinical Supervisor 

• Financial Professional 

• Other (please specify) 

2. How many years have you been in your current role? 

• 0-1 year  

• 1-3 years 

• 5-9 years 

• 9+ years 

3. Does your organization currently use AI digital scribe technology? 

• Yes 

• No 

4. If yes, how long has your organization been using AI digital scribes? 

• 0-1 year 

• 1-3 years 

• 3+ years 

Section B: Clinical Documentation Time (For Mental Health Professionals) 

5. On average, how many hours per day do you spend on clinical documentation? 

• 0-1 hours 
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• 1-2 hours 

• 2-3 hours 

• 3-4 hours 

• 4+ hours 

6. What is the average number of patients seen per clinician per day in your organization? 

• less than 5 

• 5-7 

• 8-10 

• 10+ 

7. What is the average patient session duration in minutes? 

• Less than 20 minutes 

• 20-45 minutes 

• 45 minutes+ 

8. What is your average time spent documenting encounters/sessions per clinical note after 

patient visits? 

• 0-5 mins 

• 5-10 mins 

• 10-15 mins 

• 15-20 mins 

• 20+ mins 

Section C: Clinician Productivity Metrics (For Clinical Supervisors) 
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9. How many patient encounters/sessions do you complete per day? 

• less than 5 

• 5-7 

• 8-10 

• 10+ 

10. What percentage of clinicians consistently complete documentation within 24 hours of 

patient visits? 

• 0-50% 

• 50-65% 

• 65-80% 

• 80%+ 

• Unknown 

11. What is the average number of patients on a clinician case load? 

• [Numeric entry] active cases 

12. How many billable hours per day do clinicians average? 

• 1-3 hours 

• 3-5 hours 

• 6-7 hours 

• 7+ hours 

Section D: Financial Metrics (For Financial Professionals) 

13. Approximately how much does your organization pay per user per month for its AI 

digital scribe software license or subscription? 

• Less than $50 per user per month 
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• $50-$99 per user per month 

• $100-$199 per user per moth 

• $200+ per user per month 

• I don't know/Not sure 

14. What is the average revenue per patient visit? 

• [Numeric entry] USD 

15. Since implementing an AI digital scribe, how much has your organization’s billing or 

revenue per clinician increased, if at all? 

• No measurable increase (0-4%) 

• Moderate increase (5-14%) 

• Significant increase (15-29%) 

• Substantial increase (30% or more) 

• I don't know / Not sure 

Section E: EHR System Integration (For All Participants) 

16. How many hours of training were required to implement/use the AI digital scribe system? 

• [Numeric entry] hours 

17. What percentage of clinical notes require manual editing after AI digital scribe 

processing? 

• [Numeric entry] % 
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18. What percentage of clinical notes require manual editing after AI digital scribe 

processing? 

• 0-10% 

• 10-20% 

• 20-50% 

• 50-75% 

• 75-90% 

• 90-100% 

19. On average, what amount of time is spent editing AI-generated notes [minutes per note]: 

• 0-2 minutes/note 

• 2-5 minutes/note 

• 5-7 minutes/note 

• 7-10 minutes/note 

• 10+ minutes/note 

Section F: Documentation Compliance (For Clinical Supervisors) 

20. What percentage of clinical notes meet compliance standards on first submission? 

• Less than 50% 

• 50-75% 

• 75%+ 
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21. On average, how much time is spent on documentation quality review per clinician per 

week: (hours) 

• 0-1 hours 

• 1-2 hours 

• 3-5 hours 

• 5 hours + 

Section G: Organizational Metrics (For Financial Professionals) 

22. What is the current clinician retention rate? 

• less than 50% 

• 50-60% 

• 60-75% 

• 75%+ 

Section H: Additional Information 

23. Are there any additional benefits or challenges associated with using AI digital scribes in 

your organization? (Open-ended text response) 
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