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ABSTRACT 
 
 

Computer-mediated communication (CMC) is an increasingly dominant communication 

modality, and there has been a subsequent increase in the number of reported cases of 

individuals with impaired CMC. A literature review reveals evidence such deficits can occur in 

individuals who are otherwise linguistically intact, and that existing assessment tools may not 

reliably detect such impairments. SpeechBot, a prototype chatbot-based rapid assessment tool, 

was designed to meet this need. By conducting the assessment and data collection using 

participants’ personal devices, each individual’s digital idiolect (their hardware, software, input 

method, and other preferences) can be accommodated more naturalistically. 

Results from an initial exploratory study at a large acute-care hospital indicate that 

SpeechBot can identify CMC impairment in individuals who otherwise demonstrated no 

linguistic deficits. The tool was able to discriminate between severe and mild/moderate 

impairment, and initial results suggest sensitivity to several different CMC impairment profiles. 

This study indicates that further research into CMC assessment is urgently needed, and that 

dynamic chatbot-based tools like SpeechBot may provide a solution to many of the confounds 

that have previously challenged such research.
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CHAPTER I 
 

INTRODUCTION 
 
 
A 25-year-old woman was admitted to the emergency department of her local hospital. 

Her husband had been concerned when she sent him a string of garbled texts (Sharma et al., 

2019). A 40-year-old male visited the ER at his wife’s request after he sent her a string of 

nonsensical texts starting just after midnight. A 61-year-old woman sent her son a series of 

texts late at night, ending with, “I am out, don't know how sleep, can’t sense, I can’t type, lov 

you.” (Al Hadidi et al., 2014). The son called EMS. 

Over the last two decades, there has been an increasing number of documented cases 

of individuals who are found to have similarly impaired texting (dystextia)(Cawood et al., 2006; 

Ravi et al, 2013; Whitfield & Jayathissa, 2011) and/or typing (i.e., dystypia)(Otsuki et al., 2002). 

In May of 2019, a case-series was published in JAMA Neurology (Sharma et al., 2019) which 

outlined seven recent cases. Often, these impairments occur in combination with other 

indicators of a stroke (Maeda et al., 2015), yet surprisingly often dystypia and/or dystextia 

occur in individuals with otherwise intact fluency, naming, comprehension, repetition, reading, 

writing, fine motor, and gross motor skills (Cook et al., 2013;Kaskar et al., 2013; ; Lee et al., 

2016; Otsuki et al., 2002; Ryu et al., 2012; Thomas, 2017). As with other focal neurological 

deficits, it seems likely that these impairments may sometimes result from a variety of 

neurological insults such as traumatic brain injury or mass effect (Hannah et al., 2014). 

Researchers are trying to understand the neurological correlates of these deficits and to 

contextualize them in the broader medical literature on cerebrovascular accidents and 

neurological deficits. Localization of lesions (Otsuki et al., 2002; Ryu et al., 2012) and functional 
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MRI studies (Higashiyama et al., 2015) have suggested that while there are broad similarities in 

neural pathways for writing, typing, and texting tasks, there are regional distinctions for each 

task.  

Researchers are also interested in these processes as they may represent significant but 

underrecognized first signs for cerebrovascular insult. If so, they should be integrated into 

public health campaigns and medical literacy campaigns to improve stroke response times 

(Anderson et al., 2019) and accurate estimates of onset times (Burns and Randall, 2014). The 

American Heart Association estimates the incidence of stroke in the United States is 795,000 

annually, with 610,000 being first-time strokes (Benjamin et al., 2017). Go et al. (2013) estimate 

a prevalence of 6.8 million stroke-survivors over the age of twenty. Stroke is a leading cause of 

serious, long-term disability for Americans (Ayerbe et al., 2015; Benjamin et al., 2015; 

Mozaffarian et al., 2016). Three-quarters of survivors report long-term limb weakness or loss of 

mobility (Lawrence et al., 2001), and a third report long-term communication or language 

deficits (Mozaffarian et al., 2016). A wide range of cognitive-linguistic deficits might also persist 

for many survivors (Bowen & Patchick, 2014). 

Stroke can occur at any age, but the risk increases as individuals get older. The average 

age of stroke has remained at 70-71 years-of-age for the last several decades, with two-thirds 

of strokes occurring in adults older than 65 years-of-age and the overwhelming majority 

occurring in individuals over 55 years-of-age (Hall et al., 2012). This means that baby boomers 

(currently age 55-75) are starting to represent one of the highest-risk groups for new strokes. 

Among older survivors followed in the renowned Framingham Study (Dufouil et al., 

2017), 26% were still dependent in activities of daily living six months poststroke. Half had 
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reduced mobility or hemiparesis, including 30% who were unable to walk without assistance. In 

addition, a significant number had associated aphasia (19%), symptoms of depression (35%), 

and other impairments that contributed to a 26% rate of nursing home placement (Kelly-Hayes 

et al., 2003). 

Often overlooked are computer-mediated communication (CMC) impairments. Ninety-

five percent of Americans depend on mobile phones, and 77% have smartphones. Seventy 

percent utilize social networking (Pew Research Center, 2017). There are currently no studies in 

the literature on the incidence or prevalence of CMC impairments in general, let alone related 

to neurological insult. While there are legally mandated services like vocational rehab that are 

theoretically available to individuals to help match individuals with assistive technology after a 

stroke or debilitating event, these programs are often underfunded, understaffed, poorly 

accessible, demonstrate poor outcomes, and in some cases require giving up existing services 

(Desmond et al., 2018; Rosenthal et al., 2007).  

In summary, while specific incidence and prevalence are unknown, there is reason to 

believe that CMC impairments may impact a large number of individuals, particularly survivors 

of stroke. Additionally, CMC impairments may provide an early and effective indicator of active 

stroke. Finally, CMC impairments may be occult (i.e., occurring independently of other signs or  

symptoms of cognitive-linguistic deficits).  

Currently, there are no tools available to assess this particular need. 

Statement of the Problem 

Computer-mediated communication (CMC) is an increasingly ubiquitous language 

modality for most Americans. CMC encompasses a great deal of variation, but certain formats 
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such as short messaging service (SMS) based texting has achieved widespread adoption and are 

essential tools for many individuals during many activities of daily living. There is also evidence 

that CMC impairment exists and can be distinct from other forms of communication and 

language disorders. It is thus essential that simple and accessible assessment tools are 

developed to both identify and characterize these CMC impairments.  

A detailed literature review has been conducted, and there is very limited research into 

the assessment of computer-mediated communication function or dysfunction at this time. The 

research that has been developed is highly specific to habilitative (e.g., Augmentative and 

Alternative Communication, Assistive Technology) settings, or are indirect checklists of 

technical skills.  

Statement of Purpose 

To research whether an SMS-based chatbot can be designed and utilized to discriminate 

CMC impairment with adequate specificity and sensitivity to be clinically useful. 
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CHAPTER II 
 

LITERATURE REVIEW 
 
 

Computer Mediated Communication 

On October 29th, 1969, the first message was sent through the Advanced Research 

Projects Agency Network (ARPANET). It consisted of the word “login,” and technically, it was a 

second attempt. The first attempt had crashed the system after sending only the letters “lo.” 

ARPANET was originally developed so that 30 individuals could share messages and files with 

one another, and it arguably represents one of the earliest examples of remote computer-to-

computer communication. Individuals could send a message, file, or command to a computer, 

and that computer would then process the signal and send it over a network, and eventually, it 

would be received (hopefully) by another individual (Cerf, 2009). 

By the 1980s, computer-to-computer networks were everywhere. Then, on December 

3rd, 1992, the first text message was sent. By 1994, Short Messaging Service (SMS) was 

launched, making the technology available to the public (around the same time touch-screen 

phones were being developed). By the early 2000s, mobile phone use had reached near 100% 

market saturation in many Western European countries, and the United States was catching up. 

This meant text messaging began to expand in American markets. In some Asian and European 

countries, it had already exploded (Bell, 2006).  

Simultaneously, rapid technological changes were occurring globally, including the 

development of the internet, increased processing speeds, improved wireless networks, cloud 

computing, global networking, visual communication (digital photography, emoji, GIFs), and 

online community networks. All of these advances were rapidly assimilated onto mobile device 
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platforms.  

The result is that an estimated 67% of the global population now has mobile devices. 

Ninety-seven percent of Americans have mobile devices, with 77% owning smartphones. 

Eighty-five percent of Americans have some form of computer (Pew Research Center, 2018). 

These devices allow users to communicate through a variety of modalities such as texting, 

social networking, telephony, video-chats, conferencing, telepresence, or virtual reality (VR). 

Such communications can occur throughout the synchronous—asynchronous spectrum (more 

on this later) and can occur at great distances or with a person sitting next to you. Any of the 

diverse multi-modal forms of communication utilized by devices are, by definition, computer-

mediated communications (CMC).  

While the term CMC has been used for decades, there is some overlap with other 

terminology that should be noted. More broadly, the term “information and communication 

technology” (ICT) can be said to encompass CMC. Information and communication technology 

includes all forms of digital or networked information management, including storage, 

communication, telecommunications, and audiovisual applications. Often the two terms are 

used interchangeably—a convenience adopted in this paper unless expressly noted otherwise. 

More narrowly, specific sub-fields of CMC are being carved out. These include video-

mediated communication, avatar-mediated communication, robot-mediated communication, 

and even video-game mediated communication (Herring, 2015; Tanaka et al., 2014; Rae et al., 

2013). It is expected that new modes of mediated communication will continue to evolve from 

VR (Nash, 2018) and augmented reality (Billinghurst et al., 2015) in the near future. Perhaps 

surprisingly, artificial-intelligence-mediated communication is already prevalent (Hill et al., 
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2015; Stieglitz et al., 2017; Woolley & Howard, 2016). 

 Regardless of the terminology, CMC plays an increasingly significant role in many 

American’s lives. Despite this proliferation, or perhaps because of it, basic questions like, “who 

uses CMC” or “why” have no simple responses. Researchers must either use increasingly 

powerful, sensitive, or granular approaches to understand who and why in specific use-

contexts, or they must rely on broad interdisciplinary, integrative approaches to understand the 

macroscopic trends.  

Issues with CMC Investigation 

The genesis of new technologies is always exciting for researchers, and new modes of 

communication even more so. It is not surprising that the literature surrounding CMC has 

expanded exponentially and across many different fields. Much of this research has been 

focused on understanding who is using CMC, for what purposes, and to what impact.  

However, initial research was marked by strongly polarized views, conflicting results, 

and inconclusive findings. In 1984, Kiesler, Siegel, and McGuire wrote: “The functions and 

impact of computer-mediated communication are still poorly understood. Critical information 

(such as who uses it for what purposes) is lacking, and the social psychological significance is 

controversial”.  

One possible explanation for this failure was that researchers were attempting to 

describe a multifaceted evolving target. Researchers were caught off guard by the rapid growth 

of the technology and attempted to fill the gap with no theoretical base to guide them (Metz, 

1995). Initially, it was not even clear that the technology was primarily a communicative asset 

(Metcalfe, 1992). Studies often focused on one particular group or use-context. Entirely 
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different groups then adopted the technology and used it in unexpected ways. For example, 

research and development of ARPANET were focused initially on military applications, logistical 

applications, and increasing efficiency by eliminating duplicate efforts at multiple locations. 

However, an emergent communicative property, electronic mail (i.e., email), quickly became 

one of the prominent uses by users (Hardy, 1996). Researchers that recognized the importance 

of CMC assumed it was merely an extension of other communicative systems—this was not the 

case.  

It is worth noting the researchers themselves have been multifaceted and evolving. 

Hilbert (2011) systematically reviewed the literature and showed that there was a “vast 

combinatorial array” of different ways to approach CMC and that investigators were a 

“heterogenous group” with “dissimilar thematic priorities.” The discipline and the research 

questions of each investigator produce results and conclusions highly specific to their context 

(Vehovar et al., 2006). 

Alternatively, many researchers overcorrect by generalizing CMC as a single 

communicative mode or genre (Ferrarra et al., 1991; Herring, 2001). As stated by 

Haythornthwaite and Nielson (2007), monolithic views of CMC ignore the differences in who 

uses the technology, where, how, with whom, in what context, and to what purpose. Even 

when specifying a single CMC mode (e.g., Facebook), the same platform may show high 

variability depending on socioeconomics, nationality, culture, location, access-device, and 

services provided (Wyche et al., 2013). Without discriminating between different types of CMC 

and in different use-contexts, no meaningful conclusions can be drawn, and decisions based on 

these faulty conclusions can be disastrous (Hilbert, 2011).  
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Finally, much of the available data may be suspect. Many data sets are not made public 

in their entirety, and the information released is often subject to many sources of bias. Consider 

“penetration rates,” commonly cited measures of the adoption of technologies across a 

population. Rice and Pearce (2015) identify many of the ways collected data is opaque and 

problematic. Penetration rates are strongly influenced by well-researched socioeconomic 

factors (Jansen, 2010; Pick et al., 2014), yet researchers often cite or compare penetration rates 

without defining and controlling for the different distributions of those factors in each target 

population. For example, comparing CMC use between students and faculty sounds interesting. 

However, without identifying and controlling for the socioeconomic differences of those two 

groups, the use-data would be highly confounded. No meaningful statistical conclusions could 

be drawn.  

Alternatively, consider how users are counted when developing penetration statistics. 

Companies (with a vested interest) provide the number of users utilizing their services. A 

company like Verizon might report every SIM card as a user, although some SIM cards may no 

longer be active, and many users increasingly have more than one SIM card. A social media site 

like Tumblr might count all accounts as users, though some users have multiple accounts, and 

some users open an account and never actually use the service. In addition, some of these 

users are artificial. Current estimates suggest between 9%-15% of active Twitter accounts are 

bots (i.e., autonomous programs designed to mimic actual users) (Varol et al., 2017). 

Asking The Right Questions, Getting The Right Data 

To address the problems of poor generalizability of results and overgeneralization of 

results, researchers are learning to ask better questions. There is an emerging consensus that 
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appropriate research questions must be designed to fit the target context and the desired 

impact. Hilbert (2011) formalized this in a simple framework: “Who, with which characteristics, 

connects how, to what?” “Who” refers to the individuals, organizations, or populations using 

the technology. “Which characteristics” are the attributes and variables within the observed 

system. “Connects how” refers to the level of CMC adoption (is it available, accessible, in use, 

or effectively adopted?). “To what” refers to the specific mode of CMC (e.g., social network, 

internet chat, telephony, video chat, game, etc.).  

Using Hilbert’s framework, if one wanted to approach the question, “How is CMC 

used?” additional research would be needed to identify key variables before reformulating the 

question. A fifth variable, “impact,” has been suggested to shift research toward desired 

outcomes as opposed to objective classification (Hilbert, 2011). Figure 1 shows one example of 

how the original question could be modified to fit this framework. 

“How is CMC used?”  
“With respect to improving interpersonal relationships, how 
do middle-class older adult males in rural Kansas utilize CMC in 
daily life using mobile phone-based human-to-human 
applications?” 

Figure 1. Sample research question using Hillbert’s 2011 framework. 

Along with better questions, researchers are trying to develop better ways of collecting 

and disseminating the relevant data. Along with traditional empirical research methods, 

researchers are using qualitative, mixed-methods, and ethnographic approaches to 

understanding CMC. CMC research has also leaned heavily on corpus linguistics, an approach 

that continues to become more powerful with improved computing power, analytical methods, 

and sampling tools. 

Corpus linguistics analyzes data from large collections of language samples (corpora) 
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and seeks to identify meaningful patterns of variation within or between linguistic systems 

(Biber, 2012). Samples can be collected through voluntary submission, trawling of public data, 

automated collection, and a variety of other ways. Multiple researchers are working to 

establish best-practices in building corpora for CMC, and to establish meaningful corpora for 

analysis in many different use-contexts (Beißwenger et al., 2017; Diemer et al., 2016).  

Additionally, large scale systematic public collections of survey data are being built and 

maintained in what is referred to as “Big Data.” The Pew Research Center’s Pew Internet and 

American Life Project, for example, is exploring the impact of mobile communication on 

families, communities, work and home, education, health care, and civic and political life. 

Corporations have also been collecting use-data—dizzyingly huge quantities of data are 

persistently collected covertly by digital devices across categories including demographic, 

geographic, technical and life event, psychographic, and behavioral information. These data are 

used to generate a seventh category, predictive data, and data aggregators compile and 

promulgate this data (Burgess & Bruns, 2012; Rao et al., 2015).  

Inconsistently (Beißwenger & Storrer, 2008; Beißwenger et al., 2017; Hoof & Ridder, 

2004) portions of big data or CMC corpora have been provided to researchers. These have been 

shown to correlate CMC with highly specific demographic information such as sexual 

orientation, ethnicity, religious and political views, personality traits, intelligence, happiness, 

use of addictive substances, parental separation, age, and gender (Kosinki et al., 2012). 

Theoretically, this means modern researchers have the ability to describe who, with whom, 

when, why, where, with what, and how people are digitally communicating, even if it remains 

ethically and logistically fraught (Beißwenger et al., 2016; Katz & Rice, 2002). Disparate data 
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sets may not be easily comparable or combinable due to structural and linguistic differences 

(Beißwenger et al., 2017). Some researchers have expressed concerns with the accuracy and 

authenticity of this data (Eastin et al., 2016; Rao et al., 2015). 

With better questions and better data, the hope is that researchers can develop a better 

understanding of how people are using CMC, in what contexts, to what purpose, and against 

what barriers. The following sections will outline some of the most prevalent research 

approaches to answering these questions. 

Research Approaches to CMC 

CMC-specific literature can be separated into several active areas of linguistic research 

(Herring, 2001). Classification continues to be a focus, with multimodal analysis and genre-

analysis providing researchers with tools appropriate to the increasing complexity of CMC. 

Computer-mediated discourse analysis (CMDA) focuses on understanding the linguistic 

properties of CMC. Corpus linguistics allows researchers to empirically explore, compare, and 

contrast different modes of language, including CMC. Communication models allow the 

technical properties of a CMC to be mapped out and affordances (the capabilities and/or 

limitations of a channel) to be better identified.  

There are several research approaches to ICT which are directly applicable to CMC. 

Diffusion and Adoption Models focus on understanding how and why technologies like CMC 

disseminate throughout the population. Technology Acceptance Models ask why people use 

specific technologies, or why they resist. Digital Divide Models specifically try to understand 

disparities and inequities in technology diffusion and use. 

 Finally, several interdisciplinary approaches have developed which try to situate 



 

13 
 

technologies like CMC in broader social, cultural, political, economic, or even biological 

contexts. Social Shaping of Technology approaches (including Domestication approaches) try to 

understand the role of technology within sociocultural contexts. Finally, Cognitive Psychology is 

attempting to understand the neural correlates, cognitive structures, and unique human factors 

involved in CMC. Key points from the literature review are summarized for these three key 

areas. 

CMC as a Form of Linguistic Variation 

Variation. Before describing what makes CMC special, it is important to understand how 

language modes have traditionally been studied. Early on, it was thought that with successive 

input, language grew and developed in an individual’s mind. The exact process might be 

described differently by a behaviorist (Skinner, 1957), or a constructivist (Vygotsky, 1962), but 

both would agree that children start off as blank slates and language slowly develops in their 

minds depending on sociocultural and/or experiential input and context.  

 Alternatively, Eric Lenneberg (1967) theorized that biological facts and structures, as 

well as biological research methods (such as ontogenetics and phylogenetics), could be used to 

understand language development. This approach (i.e., biolinguistics) was decades before its 

time, and researchers are only now achieving the foundational understanding of physiology, 

neurology, and genetics to begin to truly explore the biology/language relationship 

(Trettenbrein, 2018). 

 A colleague of Lenneberg, Noam Chomsky, focused on the theoretical tools at hand at 

the time—formal analysis—to search for the “source.” Nativist theorists supposed that the 

infinite complexity of language could not possibly be built independently with such reliable, 
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consistent precision in each child’s mind. Some primordial template for language must exist, 

some innate linguistic scaffolds that act to guide language development (Cantana, 1972). 

Experimental research seems to indicate this approach was too rigid to describe the variability 

and adaptability of language (Moyal-Sharrock, 2017).  

 Some theorists suggested a compromise: a developmental process guided by 

interactions with internal or external factors. Jean Piaget’s developmental stages, for example, 

suggested that language developed organically, but within stages determined by 

neurosequential development. Vygotsky envisioned contextual scaffolds in the world around 

children in which information was first modeled and then gradually internalized. Both of these 

theories assumed a process of interaction between internal and external factors through which 

language is constructed. Today, language researchers tend to take similar comprehensive, 

integrative approaches. There is a consensus that any complete account of language 

development must include biological, psychological, and socio-cultural components (Gong, 

2018). 

 Modern linguistics has compiled these theoretical underpinnings into the concept of 

“variation.” Variation refers to the heterogeneity of linguistic form (Georgakopoulou & Spilioti, 

2015). At the macro level, language varies between cultures, nations, communities, and cliques. 

Different forms can interact to create new accents or dialects, which themselves are constantly 

evolving. At the micro-level, every individual has a unique idiolect, but the individual can then 

express variation depending on individual internal and external factors—adopting a more 

formal register when writing a dissertation, for example, and a more casual one when writing 

an email. Variationist approaches attempt to identify the factors and processes that result in 
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different linguistic forms at every level.  

These levels of linguistic variation can be arranged in a hierarchy of increasingly complex 

factors for researchers to analyze (Figure 2). By identifying factors at any level, researchers can 

directly research how language works in specific forms or contexts. This variationist approach is 

well suited to CMCs, then, as they are diverse, multi-modal forms of 

communication.  

 In the CMC context, the theory that users encode and decode language 

according to contextual factors is formalized in Walther’s Hyperpersonal 

Model of CMC (Walther, 1996). In this model, four processes act concurrently 

and often multiplicatively, and can result in powerful effects on 

communication. Depending on receiver, sender, channel, and feedback 

processes available in a certain CMC, users can modulate their message to 

encode (or camouflage) more information than in synchronous face-to-face 

communication. For instance, researchers have examined how users regulate their profiles and 

postings on social networks to strategically emphasize positive qualities and omit negative ones 

(Manago et al., 2012; Toma & Choi, 2015). 

Classification. Early research often focused on the empirical description of different 

“mediums” and “channels” of CMC. A medium was the specific technology being utilized, while 

channels were the sources of communicative information available through that medium. An 

early assumption was that the face-to-face medium was rich, with many channels of 

information (e.g., speech, gesture, facial expressions, tone, phrasing, rate, etc.), and that CMC 

media necessarily restricted the number of channels available (Lengel & Daft, 1984).   

Figure 2. Hierarchy of 
linguistic variation. 
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 Media were further defined according to medium variables. For example, media were 

categorized into either synchronous communications or asynchronous communications. When 

two communicators were messaging back and forth or posting to a forum in real-time, this was 

synchronous. When communicators sent an email into the ether without knowing when a 

response might come, and someone else responded hours or days later, that was asynchronous 

communication. 

As technologies rapidly changed, these classifications became problematic. As the 

bandwidth and number of simultaneous CMC channels increased, arguments that CMC was an 

impoverished form of communication were undermined (Dennis & Kinney 1998, Herring, 2001). 

Today a casual CMC conversation might include emoji, high-definition photos and videos, an 

animated GIF, text, and a large file attachment. Some of these channels are not available in 

face-to-face communication, and some novel channels have been shown to supplement 

channel constraints. For example, emoji and emoticons have been shown to act as proxies for 

suprasegmental and nonverbal cues (Lo, 2008). 

Additionally, research showed that individuals were able to compensate and adapt to 

achieve rich expressivity when using CMCs (Walther et al., 2005). Indeed, there are entire areas 

of study (i.e., the Social Information Processing theory of CMC; electronic propinquity theory) 

which study how communicators compensate for changes in available communication channels 

(as is seen with CMC). The research is ongoing, but it challenges the widespread assumptions 

that different channels (e.g., intonation, non-verbals, facial expression) are associated with 

specific cues or information (e.g., emotion, identity, pragmatics). Instead, it appears 

communicators can, and do, regularly reconfigure the cue/signal/meaning combinations to 



 

17 
 

meet the fluid needs of different communicative contexts (Ramirez & Sumner, 2015; Walther et 

al., 2015). One example of this is a study from 2015 that found the addition of a simple period 

at the end of a message had no significance in handwritten communication but was used to 

effectively convey insincerity in SMS messages (Gunraj et al., 2016). 

 Some early concepts like synchronicity have not aged well. Today, individuals might 

switch back and forth between synchronous and asynchronous modality on a single 

communication platform (e.g., asynchronous Facebook posts versus synchronous Facebook 

messenger chatting). Alternatively, different users might use the same mode along a 

synchronicity spectrum. A social media influencer might communicate synchronously on 

Twitter by posting and then responding to every follower as soon as possible. Meanwhile, a 

politician might use Twitter asynchronously to post campaign messages, but never responding 

to comments. 

Researchers have not given up, however, and two new approaches to CMC classification 

show promise. The first, multimodal analysis, accepts that the description of any modern CMC 

must account for the interaction and integration of multiple modes into a single conversation. 

The second, genre analysis, supposes that there are patterns of use that can allow us to better 

categorize and understand CMC.  

Multimodal Analysis. An increasingly popular interprofessional approach to CMC 

classification is multimodal analysis (Herring, 2015). Exploring the multimodal nature of CMC 

requires several key terms to be defined. First, communication can be broken down into 

specific channels for conveying information called “modes.” Carey Jewitt (2009) defines a mode 

as “a set of culturally shaped resources for making meanings: a ‘channel’ of representation or 
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communication.” Modes can be broadly defined (e.g., written language, verbal speech, 

gestures) or more narrowly construed (e.g., suprasegmental properties, syntactic choices, etc.). 

Different modes of communication will draw on different combinations of “semiotic 

resources.” Verbal speech draws on our physiological and neurological structures and acoustic 

mediums to construct a message. CMC draws on hardware and software (and our neurological 

and fine-motor apparatuses). Partly as a result of these semiotic resources, modes have 

different advantages and disadvantages called “modal affordances.” For vocalizations, for 

instance, modal affordances might include the conductive properties of air, and how that might 

limit or enhance verbal communication. Furthermore, multiple modes might be combined 

together to create “multimodal ensembles,” which might require different semiotic resources 

or change modal affordances. 

Finally, communicators make choices that impact how a mode communicates meaning. 

These are defined as “meaning functions.” The three types of meaning function are ideational 

meaning, interpersonal meaning, and organizational meaning. If Bob sends Jane a text that 

says, “Happy Birthday!” the ideational meaning would be that he is wishing Jane well on her 

birthday. The interpersonal meaning might be that he casually wants to let her know he is 

thinking about her, or if he sends flowers, it might have a more personal connotation. The 

formatting of the message, the medium, the font, the color, the wording—these would all be 

organizational meaning. 

Having defined multimodality, it is apparent this complicates any description of CMC. 

The semiotic resources, affordances, and meaning functions will change depending on the 

specific mode addressed and depending on the social or cultural context. These new 
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communicative modes do not clearly overlap with the old.  

 A common assumption in early CMC research was that typed messages could be 

compared to other forms of written discourse. Research has found this not to be the case, with 

text-based CMC modes demonstrating combined properties of verbal discourse or written 

discourse (Nishimura, 2003; Rettie, 2009), and some unique properties (Soffer, 2010). 

Researchers also assumed that some modes of communication would merge with or replace 

older forms, a process called “remediation” (Bolter & Gruison, 2000). In actuality, remediative 

effects of CMC on other modes have tended to be additive. For example, communicators have 

been found adopting multiple parallel modes of communication (e.g., watching TV while texting 

and writing an email) into the same quantity of time (Rideout et al., 2010). Rodney Jones (2009) 

coined the term “inter-activity” to describe communicators’ rapid toggling and hybrid use of 

multiple CMC channels at one time. 

 Some researchers have addressed this multimodal complexity through systematic, 

constrained approaches to research discrete modes of communication, one at a time. These 

granular CMC studies are fascinating with research questions including how players in World of 

Warcraft (a massive-multiplayer online role-playing game) establish identity through novel 

combinations of limited semiotic resources (Newton, 2011); how textual modes versus image-

based modes impact the emotional content of Tumblr posts (Bourlai & Herring, 2014); how 

height can act as a modal affordance of telepresence robotic systems and influence meaning 

functions (Rae et al., 2013); or how traditional discourse analysis might be adapted to visual 

channels when analyzing YouTube videos (Biel et al., 2013). 

Genre Analysis. Alternatively, many CMC researchers have adopted “genre analysis” 
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methods to group-specific CMC modes according to shared properties (Heyd, 2009; 2016). 

Genre can refer to examine any recognizable communicative events with underlying motives or 

purposes. Many research methods and analytical tools have been used in genre analysis (Sæbø 

et al., 2011). 

Unfortunately, genre analysis faces the same dilemma as multimodal analysis. The 

distinction between CMC genres can be blurry and subjective (Crowston & Kwasnic, 2003), and 

often lack the analytical power to differentiate remediated forms of traditional communicative 

genres and truly novel genres (Heyd, 2009). Theresa Heyd (2016) suggests this dilemma can be 

solved by organizing genre evolution as a two-level structure. Linguistic function forms the 

broad superlevel, and genre overlap, and remediation can be expected here. For example, 

political Twitter tweets would be in the same level one genre as political Instagram posts 

because of their shared political function. Meanwhile, linguistic form and content form a 

second genre level. Instagram is an image-based CMC, while Twitter is a text-based CMC, 

suggesting a very distinct level two genre classifications.  

Computer-Mediated Discourse Analysis. Discourse analysis is a systematic approach to 

understanding how communications beyond the word-level realize meaning. In The Handbook 

of Discourse Analysis, Tannen, Hamilton, and Schiffrin (2015) give the example of two signs at a 

swimming pool. One says, “Please use the toilets, not the pool.” The other says, “Pool for 

members only.” Alone, they each have narrowly defined meaning. Adjacent, a reader might 

suddenly laugh out loud. What are the external and internal factors, and the linguistic 

processes, that leads to that second emergent meaning? Is one meaning correct? Discourse 

analysis research might try to answer these questions. 
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 Susan Herring (2004) has proposed that most CMCs overwhelmingly follow traditional 

assumptions underlying all other linguistic discourse, with one addition. The traditional 

assumptions are that discourse exhibits recurrent patterns, and that discourse involves speaker 

choices. Research has demonstrated that there are underlying biological, cognitive, and social 

factors that contribute to these patterns and choices (Herring, 2015), and it is not unreasonable 

to expect these same factors will play a part in new communication modes. However, a third 

assumption is added for CMC: the technological features of the CMC system may (or may not) 

shape the discourse.  

Communication Models. Communication models are simplified representations of the 

communication process. Considering CMC has developed alongside technologists, computer 

scientists, mathematicians and engineers, it is not surprising that someone thought to create a 

technical blueprint of the communication process. These models have drawn from other fields 

like cognitive-psychology and biolinguistics and have demonstrated explanatory power. Two 

broad categories of communication models are especially useful for understanding CMC: linear 

models and transactional models. Each model prioritizes different aspects of the 

communication process and/or the internal and external factors contributing to the linguistic 

variation in the system.  

One of the most influential communication models is the Transmission Model, a linear 

model. Also known as the Shannon-Weaver model (1948), this is closely related to Reddy’s 

conduit metaphor (1979), and Seassure’s Code Model (Barbieri, 2016). At its simplest, a sender 

encodes a message into a signal, sends it along a channel, a receiver then picks the signal out of 

surrounding noise and decodes it. 
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The Transmission Model describes one-way communication of messages with 

predictable information or formats. It oversimplifies encoding and decoding, however, and does 

not necessarily distinguish between heterogynous modes of communication. Some researchers 

have developed customized transmission models to describe specific modalities, as Denes and 

Pinson did to describe the Speech Chain (Figure 3):  

 
Figure 3. Dene and Pinson's "Speech Chain" transmission model 

 

 Linear models can very effectively describe CMC—indeed, Shannon and Weaver’s 

influential model was designed to mathematically describe communication with the stated goal 

of developing better communication with computers. Linear models can also be refined to 

describe specific forms of communication. At each stage of the speech-signal model, the signal 

data can be specified, quantified, and any transformations or processing demands calculated. 

Rabiner (2007), for instance, estimated the specific information rate at every stage in the signal 

for verbal communication (Figure 4).  
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Figure 4. Rabiner's linear communication model. 

However, linear models do not account for complex suprasegmental or paralinguistic 

features of communication, and greatly simplify the role of the receiver to being nothing more 

than a decoder.  

Dean Barnlund’s Transactional Model is an example of a model that addresses these 

shortcomings. Transactional models describe communication as embedded in a collaborative 

process. The participants alternate between sender/receiver roles, and both are interactive 

participants who alter and contribute to the message at every phase of transmission (Barnlund, 

2017).   

Transactional models are particularly important to CMC because the speech signal is 

often dynamic, noisy, and inconsistent, and an iterative approach to decoding and interpreting 

meaning is needed. Even when texting, there is huge variability in the vocabulary, idiolect, 

spelling, and errors that are possible with every message. This is illustrated by Rabiner’s Speech 
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Dialogue Circle (Figure 5) (2011), which describes applications such as speech-to-text, virtual 

assistants, and voice-operated smart technology.  

 

Figure 5. Rabiner's Speech Dialogue Circle Model. 

Consider a simple text message. As the initial speech signal is input, an automated 

speech recognition system (ASR) identifies meaning at the form level by trying to predict the 

word being entered. A natural language system (NLS) then attempts to add meaning at the 

content level by considering common syntactical and semantic uses of that word. Finally, 

domain knowledge (DM) and natural language generation (SLG) are utilized to generate 

potential options for the user, perhaps even modifying the output, which is then further 

modified by the communicator. 

It is easy to see how such a model greatly increases the complexity, data requirements, 

processing demands, and possible signal richness of communication. In a sense, each step in a 

single communication cycle is a distinct, linear model in which different internal and external 

factors can be identified and analyzed.  

Speech 
Signal

ASR

SLUDM & SLG

OUTPUT
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One final model is worth considering. The Westley and MacLean Model (1957) of 

Communication (Figure 6) is an example of a communication model that prioritizes external 

factors as units of analysis. Originally designed to describe mass media such as newspapers or 

television, this model is very applicable to CMC. While the previous models assume that the 

signal is generated at the start of the communicative process, the Westley and MacLean model 

assumes that the signal has already been heavily modified by factors before it is ever encoded.  

Imagine a tweet being posted online. It is easy to think of it as a direct communication 

from, say, the President (A) to the public (B). However, this tweet is being written in response 

to, and informed by, external factors (X) such as a critical statement from the Speaker of the 

House. The message might also be managed by a PR team acting as gatekeepers (C), who are 

themselves responding to the external factors. The message is tailored in anticipation of the 

feedback from the gatekeepers and readers (f) and may be modified after the fact depending 

on feedback. 

Figure 6. A model for mediated messaging. 
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Cognitive Communication Models. A very different type of model frequently utilized to 

understand communication is the cognitive models developed by cognitive neuropsychologists. 

Historically, “localizationist” models focused on neural correlates of impaired function. When 

an individual suffered a stroke or brain injury, researchers would study the brain after death to 

find a lesion site that may have been responsible. With modern imaging such as CT scans, MRI, 

and fMRI, researchers are able to map neural correlates to function across a wider range of 

research subjects. Over time, complex (and often controversial) maps of parts of the brain 

involved in certain types of functions have been developed.  

Cognitive models attempt to connect the dots between these parts of the brain for 

specific processes like communication. Perhaps the most famous cognitive-communication 

model is the Broca-Wernicke-Lichtheim-Geschwind Classical Model. According to this model, 

incoming auditory signals are transferred to the auditory cortex and then to Wernicke’s area 

where they are decoded and interpreted. For an outgoing speech signal, intended words are 

encoded from Wernicke's area along the arcuate fasciculus to Broca's area. There, phonetic and 

morphological processing is completed, and the message is passed to the motor cortex so a 

motor plan can be executed. Other language signals, like writing would follow different 

pathways still (Nasios, 2019). 

It is worth noting that there are many competing models, and elements of this classical 

model have not stood up well over time. Researchers have found evidence for multiple 

pathways, split signals, compensatory recruitment of alternate brain regions, deeper 

substructures, etc. Recently many prior fMRI studies have been challenged as algorithmic 

assumptions in earlier software have been shown to output “activity” even when there is none. 
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This was illustrated brilliantly when a neuroscientist at Dartmouth placed a dead Atlantic 

salmon in the fMRI machine as a control and “discovered” active neural correlates when the 

fish was read social stories (Bennet et al., 2010).  

However, there is extensive literature supporting some neuromodular components like 

long-term memory, working memory, attentional systems, auditory processing, etc. By looking 

at cognitive models for processes of interest in computer-mediated communication, we can 

better design working hypotheses and research questions.  

In a Japanese study examining the neural basis of keyboard typewriting, researchers 

proposed a model that combined elements of a number of current models (Higashiyama et al., 

2015). I have adapted their model by including other motor-planning pathways observed in 

popular CMC modes (Figure 7). I also separated the model into two distinct streams as per the 

dual stream model of cognitive linguistic processing which is currently favored in the literature 

(Fridriksson et al., 2016; Hickok & Poeppel, 2007). 

By mapping out key processes, it becomes apparent that there are multiple possible 

modules that, if impaired, could result in varying degrees and patterns of CMC impairment. For 

example, an individual with impaired phonological long-term memory (LTM) might be able to 

switch from a phonic approach to decoding to a sight-reading approach, and thus maintain 

functional downstream communication. However, if word/letter processing or orthographic 

working memory (WM) were impaired, all forms of CMC (and visual language/literacy) would 

be impaired. Meanwhile, an individual with impaired visual language processing for allographic 

and letter shape conversion may be unable to put the words in her head on paper, but she may 

have no trouble texting or typing. Alternatively, one of those two processing pathways could be 
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impaired resulting in CMC impairment in the absence of any other linguistic impairment (at 

least within the confines of this model).   

 

Figure 7. A potential cognitive model for CMC. 

CMC As Technology 

Diffusion and Adoption Models.  The first approach to understand how CMC is being 

used is through diffusion/adoption models. Within the field of Knowledge utilization, Rogers’ 

Diffusion of Innovations Theory (1964; 2003) is a foundational text for understanding how 

technologies spread. Rogers’ theory is useful as a human determinant framework. Some 

individuals in the population will innovate new technologies. Other individuals will adopt new 

technologies. Once adopted, the technology is implemented in novel ways. As users become 
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proficient and standardize the use of the technology across their social contexts, they 

institutionalize the technology. Still, others will see this and may themselves adopt the 

technology. At each stage in the process, different factors may be at play.  

This is a simplistic description. Rogers’ carefully detailed variables that impacted every 

step of the diffusion process across time. He also explored determinants of technology 

adoption, laying the foundation for later adoption theories. Where diffusion theories model the 

spread of a technology through society over time, adoption theories look at the factors 

influencing a specific individual’s likelihood to adopt new technology (Straub, 2009).  

Rogers proposed five different categories of technology adopters (e.g., innovators, early 

adopters, early majority, late majority, and laggards) which corresponded to standard 

deviations along a normal curve (See figure 8). Each category contributed to overall diffusion at 

different times. The category an individual 

belongs to will vary depending on personality 

characteristics, motivations, perceived 

needs, constructed meaning of the 

technology, available information, and more 

(Murray, 2009).  

In his initial demographic profiles 

Roger’s found evidence traits like male, young, higher income, higher education, urban, and 

two-income home were associated with earlier adoption. In his groups, later adopters 

correlated with individuals with traits like female, old, lower income, lower education, rural, 

and single-income household (De Marez et al., 2011). However, Rogers proposed that individual 

Figure 8. Roger's technology adoption and saturation curves. 
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adoption of a technology would vary by context, and was impacted by five factors: does it 

confer an advantage; is it compatible with current values, needs, and experience; is it simple; is 

it triable; and can you see it working.  

Today, there are many new or expanded diffusion and adoption models spread across 

many disciplines. While models vary greatly, most will draw on three categories of variables 

that either positively or negatively impact adoption and diffusion within their studied systems: 

individual characteristics, innovation characteristics, and contextual characteristics (Straub, 

2009). Individual characteristics might include wealth, risk-aversion, education, or specific 

experiences. Innovation characteristics are specific properties of the innovation being 

considered such as prerequisite technology, novelty, convenience, cost, etc. Finally, contextual 

characteristics are environmental and infrastructural factors, as well as sociocultural factors.  

To apply a diffusion approach to CMC, the specific segmentation variables desired must 

be set. What innovation are you examining? In what specific context? What populations are 

you exploring? As argued by Karnowski, Pape, and Wirth (2011), some adaptations to Roger’s 

model will be necessary to accommodate the increased complexity of communication studies 

(2011). For example, De Marez et al. (2011) found that a bimodal curve, rather than a normal 

curve, better described distribution of CMC adoption. They also found that traditional 

assumptions about adopter demographics were a poor fit for CMC models, and proposed 

primarily focusing on contextual characteristics and innovation characteristics (over individual 

characteristics) for a better fit. 

 It is also important to emphasize the changing nature of diffusion models over time. 

Many CMC technologies are already far along the diffusion timeline. Imagine a researcher 
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wanted to know who uses internet-based CMC. Recent estimates suggest only 10% of 

Americans do not use the internet (Pew Research Center, 2019), and if this technology follows a 

normal adoption curve, this will mean only the latest adopters, whom Rogers dubbed 

“laggards,” remain. Data on those currently adopting the technology would not reflect the 90% 

of the population already using the technology. 

There are strengths and limitations with a diffusion approach. To better understand the 

laggards, a researcher might collect data like that collected by the Pew Research Center, which 

collected 102 surveys to sample 237,421 individuals from March of 2000 to January of 2019. 

Researchers can the data to identify variables correlated with the laggards vs everyone else. 

The data shows that the strongest predictors for laggards in this population for this technology 

would be age (27% of those over 65 years did not have the internet), education (29% of those 

without a high-school education did not use the internet), income (18% of those making less 

than thirty thousand dollars a year did not use the internet), and location (15% of those living in 

rural areas did not use the internet).  

 Because the data goes back 20 years, one can reconstruct the diffusion curve for 

internet penetration (Figure 9) and also analyze the majority late adopters (adopting after >50% 

penetration).  Note the linear diffusion rate suggests the adoption curve is more platykurtic 

than normal.  
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In this example, the type of data 

collected allowed us to describe individual 

characteristics and perhaps some contextual 

characteristics of a specific cross-section of the 

population using a specific technology at a 

specific phase of diffusion. It is a very granular 

analysis that is heavily dependent on the 

specific variables plugged into the model. In 

this case, the predictors drawn out were not 

particularly powerful in isolation, although a researcher might be able to find interactions with 

stronger predictive power. Thus, this example (like many diffusion models) is useful but limited 

in its applications. Other critiques of the adoption/diffusion approach are that is too 

technology-centric (Li, 2004; Hartmann et al., 2006), it is reductive of the adoption decision-

making process (Tvede & Ohnemus, 2001), and it fails to address contextual factors (Verdegem 

& Verhoest, 2009; Bouwman & Wijngaert, 2009).  

Despite the limitations, adoption/diffusion models have been utilized extensively to 

understand who is using CMC for organizational applications (Lai & Guynes, 1997), data 

processing (Brancheau & Wetherbe, 1990), social networking (Chang, 2010; Coursaris & Sung, 

2010); education (Buabeng-Andoh, 2012; Jin, 2014), and so on. Adoption/diffusion models have 

been applied to specific demographics, such as understanding differences in CMC use by gender 

(Llie et al., 2005), age (Lam & Lee, 2006), and culture (Rhee & Kim, 2004; Straub, 1994). 

Figure 9. Increasing diffusion of the internet over time. 
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Technology Acceptance Models. Related to adoption models are technology acceptance 

models. Geoffrey Moore (1999) hypothesized that there is a “chasm” (figure 10) that exists 

between the early adopters and the early majority in Rogers’ model. Crossing this chasm 

requires transitioning from visionaries and futurists who readily adopt innovation to the 

pragmatists who require more incentive. Technology acceptance models help to explain why 

some technologies succeed in crossing the chasm, and others fail.  

One of the earliest and most cited technology acceptance models is the aptly named 

Technology Acceptance Model (TAM) (Lee et al., 2003)(Figure 11). The TAM model was a 

modification of a Ajzen and Fishbein’s social-behavior Theory of Reasoned Action (TRA) (1980). 

TAM suggests that when faced with an innovation like new CMC, users consider several key 

variables including perceived usefulness and ease-of-use. External factors influence perceived 

ease-of-use influences perceived usefulness. These factors then influence whether or not the 

user intends to use it, and whether they ultimately adopt it.  

Figure 10. The technology adoption chasm. 
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Figure 11. The Technology Acceptance Model (TAM) 

The TAM has been upgraded to address criticisms resulting in the TAM 2; and the 

Technology Acceptance Model 3 (TAM3). Other acceptance models have included the Unified 

Theory of Acceptance and Use of Technology (UTAUT)(Venkatesh & Bala, 2008), as well as older 

but highly referenced models like the Theory of Planned Behavior (TPB) (Beck & Ajzen, 1991) or 

Task-technology fit (TTF)(Goodhue et al., 1995). Attempts have even been made to combine 

acceptance models with adoption/diffusion models, as is the case with the IDT-TAM model 

(Zhang et al., 2008). For a recent and comprehensive literature review on acceptance models, 

see Lai (2017). 

A critique of many of the above acceptance models is that they are not always 

parsimonious, and that users often consider multiple competing innovations at once. An 

alternative model that is often powerfully explanatory is the Lazy User Theory (Collan & Tetard, 

2007). Presented with a set of possible solutions to a problem, a user will select/adopt 

whatever option is perceived as the least effort. 

 Alternatively, the TAM model which is already highly parsimonious has been argued to 

be highly reductive, ignoring many individual, technological, and contextual factors, thus poorly 

capturing much of the variation in systems (Lunceford, 2009). Lunceford argues that rather than 

willfully adopting technologies, majority-late and laggard segments of the population may 
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simply be forced to utilize technologies as the large-scale shifts in technology undermine the 

infrastructure they previously depended on. He illustrates this with his own refusal to have a 

mobile phone until late 2006 when all of the payphones were eliminated from his campus. 

Critiques aside, acceptance models have been meaningfully applied to research on CMC 

in a variety of ways. They can be utilized to design studies that measure users perception of 

CMC as well as factors impacting those perceptions (Koivimäki et al., 2008), to examine social 

influence of workplace peer groups on intention and adoption of CMC (Curtis et al., 2010), and 

to predict CMC adoption and aptitude in students (Verhoeven et al., 2010). 

CMC as an Interdisciplinary Field 

Many of the approaches discussed so far focus on empirically measuring or modeling 

CMC. However, frequently the discussion has touched on social factors, or cultural influences. 

Language is a complex, dynamic, evolving process that invites interdisciplinary approaches to its 

study. It has previously been stated that fields like sociolinguistics, biolinguistics, computer 

sciences, and more have informed modern CMC approaches. Coiro, Knobel, and Lankshear 

(2014) take an admirable dive into comprehensively examining interdisciplinary approaches to 

CMC and other new literacies, and two prevalent approaches for contextualizing CMC stand 

out. 

Social Shaping of Technology (SST) is the study of the interactions between 

technologies, culture, and society. SST studies of CMC seek to contextualize the development of 

new communication technologies, and to explore how the technologies themselves are then 

changed. Sociolinguistics as a field has moved on from is the descriptive study of the influence 

of society and culture on language and language use. The sociology of language focuses on how 
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technologies, culture, and society are influenced by language. Biolinguistics is the study of the 

biology and evolution of language. CMC is a special case falling in the intersection of these (and 

possibly a few other) fields of study.  

Social Shaping of Technology and Domestication Models. A different approach to 

determining who is using CMC focuses on the integration of technology into a specific use-

context. These models attempt to avoid any form of determinism—adoption and diffusion are 

not factor-driven processes, so much as humanistic processes. SST assumes that new 

technologies are integrated differently into different contexts. The user and environment then 

change in response to these technologies, and they in turn shape the technologies (often 

leading to new innovations). This dynamic approach allows for economic, cultural, social, and 

linguistic analysis of technology integration.  

Example SST approaches include domestication, human factors (HF), human-computer 

interaction (HCI), user experience (U/X) and actor-network (ANT) theory (Hassenzahl & 

Tractinsky, 2006; Jensen & Soegaard, 2004). Each approach prioritizes certain contexts that can 

be distinguished through a thought experiment. Imagine SST researchers in Wichita become 

interested in Facebook usage by underrepresented groups. 

Domestication might look at how Facebook has been integrated into, is influencing, and 

is being modified by hearing-impaired minority communities in Midwest Kansas. HCI might 

examine this same population and consider the context, constructed meaning, and interactions 

between these users and the Facebook software environment. HF might look at the specific 

hardware, technical, and software impediments they face and the adaptations necessary to 

facilitate better integration of the technology in that population. U/X might consider the social 
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and emotional impacts of the software, and how the software might be manipulated to 

improve the experience. ANT might look at the networks of individuals and their profile data to 

try to find distributions of shared interests, motivating factors, and shared meaning (De Marez 

et al., 2011l; Walsham, 1997). 

It has been suggested that the increased contextualization of these approaches can be 

combined with adoption/diffusion models to develop deeper, more meaningful, more accurate 

demographic user-categories more appropriate to the increasing complexity of modern 

innovation (Peres et al., 2010). This hybrid diffusion approach would understand that complex 

innovation (e.g., CMC) is a process of market penetration driven by social influences and with 

interdependencies determined by economic, social, and cultural contexts.  

Digital Divide Models. A third approach to understanding who is using technology how, 

and why, is through the digital divide approach. Originally the digital divide referred to those 

who had access to new innovations (e.g., computers, the internet, CMC) and those who did not. 

While many of these technologies quickly expanded to near market saturation in the United 

States (eliminating the divides), the research approaches used to understand technology 

stratification within the population was incredibly useful.  

Digital divide approaches are particularly suited to exploring social and cultural contexts 

of technology use. Researchers frequently want to know if a certain group uses a specific 

technology, and if so, how? They can test assumptions and explore perceived asymmetries or 

iniquities in technology distribution within or across many contexts (Pearce & Rice, 2015).  

A key limitation is that unlike diffusion models that look at a population over time, 

digital divide studies are cross-sectional snapshots. Researchers might see patterns that suggest 
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a certain segment of the population is using a certain technology in a certain way, but this 

might vary dramatically over time. Consider bandwidth disparities: Hilbert (2016) found that 

bandwidth inequality fluctuates up and down according to several factors. The same research 

design might find that there is almost no digital divide between high and low-income 

populations at the beginning of a decade thanks to new affordable optical cable technologies, 

and by the end of the decade high-definition streaming may have resulted in a larger 

bandwidth gap than ever before. 

In applying the digital divide approach to CMC, for example, Hilbert applied his 2011 

framework which asks, “who, with which characteristics, uses which kinds of apps in what 

extensity and intensity?”. This approach allowed complex networks of users and multimodal 

technologies to be classified into distinct categories (Hilbert & Aravindakshan, 2018). By 

collecting real-time use data from participants' mobile devices and combining them with 

demographic information, they were able to create taxonomic descriptions of the CMC ecology 

for 866 Indian users. They showed that human-to-human CMC was more frequently associated 

with the following traits: young, female, single, highly educated, independent occupation. 

Human-to-broadcast use was more common among males and lower educated individuals 

(which in this population likely is a function of illiteracy). Contrary to expectations, younger 

users did not use their phones more for human-to-human or human-to-broadcast applications, 

while older users appeared to be the most avid gamers. 

Key Take-Aways for CMC Assessment 

Answering the who, what, where, when, why, and how of CMC is complicated. This 

complexity is a result not only of technological advancements, but of the natural plasticity of 
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human communication. CMC literature has expanded beyond the scope that any one 

investigation can address, however the research has given us a framework that can help us 

develop workable research questions. 

 Drawing on principles of multimodal analysis, one could create an SMS-based screening 

tool that characterizes the level of CMC function of individuals in key CMC modes. Based on the 

literature, the tool should be simplified to reduce the variables (e.g., semiotic resources, 

channels, affordances, and meaning functions) that must be analyzed. 

The tool should be adaptable to multiple platforms so that users could interact using 

their personal devices when possible. Consideration of the variation in device, genre, and mode 

must be considered, as users may access the same SMS-based program through very different 

applications, using very different hardware layouts, and utilizing different input methods (e.g., 

swiping, typing, voice input, etc.).  

 While one advantage of such a tool is that it could be distributed remotely to increase 

sample size, some sampling should be done within a carefully controlled environment where 

parameters and data-collection can be strictly controlled. In this way, data can be collected on 

the specific variation in user-device interfacing, response time, gestural repertoire, etc. These 

can help to describe cognitive, behavioral, and possibly socio-cultural factors (e.g., do 

millennials swipe while baby boomers finger-peck? Are there differences in the response 

process for older and younger users?) 

 To better understand the properties that might provide meaningful linguistic variation in 

the sample, comparison to an appropriate CMC corpus would be invaluable. To limit confounds, 

consideration of salient digital divides between or within sample populations must be 
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considered.  

Concerns When Identifying A Target Research Population For CMC  

Variation by Age 

It is important to realize that CMC modality varies dramatically by user, with age being a 

common differentiating factor. Yuan, Hussain, Hales & Cotton (2015) found that, in descending 

frequency of use, older adults report using phones, email, Skype, and social media to 

communicate with others. This study included short message service (SMS) texting with other 

channels of phone-use but did note texting was rarer than voice-calls. Older adults used texting 

primarily to maintain contact with younger family members (for whom it was the most 

preferred CMC mode). 

Focusing on phone-use as the predominant form of CMC for older adults, it is worth 

differentiating between smartphones and non-smartphones (i.e., cellular phones). For older 

adults, smart-phone diffusion has been slow above the age of 65. In the United States, adults 

between 55-64 years-of-age demonstrate a 95% penetration rate, however adults 65 years-of-

age and over demonstrate only a 29% penetration rate (Berenguer et al., 2017; Pew Research 

Center, 2014). This drops even lower, to only 10%, in those over 80 years of age (Berenguer et 

al., 2017). 

This can be misconstrued to suggest that older Americans are less likely to have mobile 

phones, but they are just more likely to prefer their non-smartphones. If non-smartphones use 

is included, 85% of those over the age of 65 have a mobile phone. Of those with smartphones, 

92% report using their text messaging features (Pew Research Center, 2018).  

Recent demographics are not readily available for SMS prevalence among non-
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smartphone users, but nearly all mobile phones have SMS capability. The mobile health 

(mHealth) market has predicted rapid growth of SMS services for older adults (Kuerbis et al., 

2017), and some older adults who have chosen to participate in such services have shown 

similar usage statistics to younger users (Hughes et al., 2011).  

Initially, it makes sense that the developed assessment tool should focus on older adults 

(at increased risk for stroke), and that the more prevalent SMS-format should be utilized. There 

is however one large caveat. In her book Because Internet (2019) linguist Gretchen McCulloch 

reports results from a survey study which found that the key predictor of linguistic variation in 

responses was not biological age, but the age at which an individual was first exposed to the 

internet (and the language of the internet). Thus while we might talk about “older adults” use 

of the internet in general, a 65-year-old who was an early adopter and was googling in 2001 will 

have a very different CMC linguistic profile than a 65-year-old who only started to go online at 

the library three years ago.  

Variation According to Different Contexts 

As the broader CMC literature shows, results of research on CMC use by older adults 

varies depending on subject and context. The subject (i.e., user) of the technology can be 

described by their biological attributes (e.g., age, sex, health, etc.). However, for each context 

there will be additional individual factors and macro-environmental factors impacting 

technology acceptance and usage (Kwon, 2016). Individual factors might include psychosocial 

attributes such as gender, perceptions of technology, risk-aversion, prior experience, social 

norms, etc. Macro-environmental factors might include foundational knowledge, guidance, 

assistance from others, financial support, accessibility, leisure time, hardware/software 
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capacity, compatibility, etc. (Pan & Jordan-Marsh, 2010; Ryu et al., 2009). Finally, there are 

interactions between these contextual factors. A prominent example is that people’s self-

perceptions are often influenced by the internalization of messages in environmental media.  

Technology acceptance models perfectly illustrate the importance of contextual 

variation. In the United States, the population the TAM model was designed for (Davis, 1989), 

technology acceptance appears to be strongly predicted by perceived benefits like perceived 

usefulness and perceived ease of use (Melenhorst et al., 2006), especially for cellphones and 

smartphones (Sun et al., 2016). However, older Americans are heterogenous, and many factors 

likely play a part in differences that occur within this group. Common digital divide factors like 

socioeconomics have been widely studied, and researchers have identified psychosocial factors 

as well (Hernández-Encuentra, 2009). For instance, Sun, McLaughlin, and Cody (2016) showed 

that individuals who had positive attitudes toward aging demonstrated less resistance to 

adopting smartphones.  

It is also important to recognize that the specific determinants of technology acceptance 

and adoption vary between populations. Applied to people in Hong Kong, researchers have 

found that technology self-efficacy, anxiety, and facilitating conditions were more decisive than 

perceived benefits for predicting technology adoption by seniors, which differs from the 

significance of perceived benefits in the United States (Chen & Chan, 2014b). 

In the Netherlands, an ethnographic social shaping of technology approach was used to 

study community-dwelling older adults. Their results supported a needs-driven diffusion model 

where older adults adopted new technologies to address perceived needs. They also showed 

that after adoption, perceptions continued to evolve, and that the adults who were most 
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successful with new technologies were the ones whose motivations were not externally 

motivated or purely desire-driven (Peek et al., 2017).  

Variation According to Impairment 

Technology use will also vary depending on an individual’s health, and older adults with 

certain impairments will by necessity interact with technology differently. Barriers can be 

categorized broadly as either cognitive, perceptual, physical, or motivational (Wildenbos et al., 

2018).  

Cognitive impairments have been extensively studied. This is partly because of the 

disproportionate impact they can have on technology use, but also because there has been an 

explosion of research into commercial products like brain-training software. Generally, older 

adults demonstrate reduced bandwidth, increased processing time, and quicker decay of recall 

(Farage et al., 2012) 

More specifically, individuals with specific impairments experience specific barriers to 

CMC use. Individuals with dementia, for instance, have been shown to have significant difficulty 

with household technologies (e.g., remote controls, cell phones, computers) (Nygård, 2004), 

especially when there were multiple operational steps required (Kuchinomachi & Kumada, 

1999). Other studies have examined the negative impacts of stroke and multiple sclerosis (Kodl 

& Seaquist, 2008), motor neuron disease, Parkinson’s disease, and Huntington’s disease (Arch, 

2010) on technology use.  

Perceptual impairments increase in prevalence with age, with 21% of Americans over 

the age of 65 experiencing visual impairments which could interfere with reading from digital 

screens (CDC, 2014). Other perceptual changes like hearing loss and reduced tactile sensation 
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could also negatively impact some CMCs, but there is limited research on these topics. 

Physical impairments associated with age include decreased fine-motor skills secondary 

to disease processes, such as arthritis. Arthritis is reported to affect 60% of Americans over the 

age of 65 (Arch, 2010), and can significantly impair user’s ability to manipulate input devices 

like mice, buttons, keyboards, touchscreens, etc. Stroke and other neurological disorders, 

musculoskeletal disorders, general weakness, and injury can all similarly prevent or impair 

access to CMC.  

 Finally, individuals demonstrate a variety of social, emotional, and motivational barriers 

to technology adoption. These include a lack of confidence, distrust of technology, privacy 

concerns, and financial considerations. All of these can be impacted by medical history or 

diagnoses like depression (Li et al., 2014; Wildenbos, 2018). 

It is worth noting that while impairments can negatively impact technology acceptance 

and adoption, it can also provide a motivational factor. Older adults have been shown to 

benefit from specific assistive technologies (Cahill et al., 2007), and if they believe a technology 

can improve their lives, they are more likely to adopt it (Peek et al., 2017). 

Controlling for Resistance 

Business, economics, marketing, and organizational studies often frame technology 

acceptance in terms of barriers and “resistance.” Digital divide studies, which often draw from 

literature and theory in social justice, often discuss resistance as well, particularly when new 

technologies are seen as conflicting with existing social, cultural, or organizational structures. 

 Kleijnen, Lee, and Wetzels (2009) write that resistance exists in three forms of consumer 

response: rejection; postponement; or opposition. The first two are already accounted for by 
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most technology adoption models: rejection occurs when there is negative technology 

acceptance/adoptance, and postponement is the period between technology acceptance and 

technology adoption. Opposition is the only significantly different construct, and it plays a 

prevalent role in popular conversations about technology.  

Some people self-identify as “luddites” or “traditionalists,” or believe they have no 

aptitude for technologies. Others are informed, conscientious objectors (Dutton & Di Gennaro, 

2005; Wyatt et al., 2002). However, in these contexts, resistance exists on a behavioral 

spectrum. Many users might use technologies in certain necessary contexts and limit them in 

others. Alternatively, many individuals may resist by coopting CMC or innovating new modes 

rather than rejecting them or “dropping out” outright (Vitis, 2017).  

Resistance has also come to be associated with some negative connotations. There are 

often stereotyped assumptions that digital divides are secondary to some deep-seated 

resistance by an out-group. Alternatively, they are also seen as examples of inequities in access. 

In the context of older adults utilizing CMC in the United States, current research does not 

support these assumptions (Kiel, 2009; Paul & Stegbauer, 2005).  

 Generally, ICT and CMC research focuses on positive adoption decisions—instead of 

focusing on what people avoid, focus on what they accept. Only 28% of Americans self-report 

as strong early adopters, however the majority do not self-report as resistant to new 

technology. Instead they describe “feeling more comfortable using familiar brands and 

products” (Kennedy & Funk, 2016). Positive adoption models tend to be more parsimonious 

and generalizable then resistance models. Consider the Lazy User Theory (Tetard & Collan, 

2009). Presented with several possible options, an older adult will choose whichever one works 
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with the least effort. If all the grandkids are texting, then resistance is futile—Grandma will 

probably text.  

This especially makes sense when observing technology through the population-based 

diffusion/adoption model. For early adopters, there is rarely much resistance at all. Overcoming 

resistance may be significant in crossing the chasm, however beyond that the rapid adoption of 

the technology is essentially unstoppable. Early “resisters” are swayed by adopters, and 

laggards become a rapidly vanishing minority. 

External Resistance 

Resistance has been primarily studied in fields such as economics, business, and 

marketing for good reason. In these contexts, adoption decisions are calculated very differently 

than in the public sector. Thus, resistance is a very important concept to consider when 

discussing CMC acceptance or adoption by organizations, caregivers, and clinicians.  

 For individuals who have significant impairments after a stroke or other medical events, 

decisions about which technologies they use may be made by other individuals. Chen and Bode 

(2011) found that when deciding if a new technology should be introduced, rehabilitation 

therapists play a key role, as they often have more exposure to, and understanding of, new 

technological devices. Therapist decision-making was primarily focused on patient safety, 

motivation, and cognition. However, the exact priorities varied by discipline. For example, 

Speech-Language Pathologists (SLP) rated patient functional level and family support as 

significantly more important. 

 Unfortunately, device manufacturers, insurance companies, and vendors are often a key 

source of information and exposure for non-patient decision-makers (Chen & Bode, 2011) and 
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can significantly influence adoption decisions (O’Connor et al., 2016). There are also significant 

organizational and cost barriers to acquisition of assistive technology (Lenker et al., 2013) 

Lum, Reinkensmeyer, Mahoney, Rymer, and Burgar (2002) identify four criteria 

necessary for successful adoption of new clinical approaches: quantifiable benefit to the 

patient; improved therapeutic efficiency; good value (meaning affordable for clinicians, but 

profitable for makers); and systemically cost-effective, meaning it would not raise the cost of 

health care.  

 Assuming no hidden agendas or biases, an assessment meeting these criteria should not 

face significant resistance in clinical settings. 

Existing Assessment Tools for CMC Impairment.  

A Survey of Relevant Rapid Assessment Tools 

The advent of thrombolysis and new means of revascularization have created a 

potential for greatly improved outcomes in individuals experiencing certain types of previously 

devastating stroke (Scheitz et al., 2017). Rapid initiation of appropriate stroke treatment is 

strongly predictive of clinical outcomes (Fransen et al., 2015). To this end, public health 

campaigns have been launched to improve lay people’s and caregivers’ awareness of stroke 

symptoms and the urgency of initiating emergency medical services (Lecouturier et al., 2010). 

These include acronym algorithms like FAST (Face, Arms, Speech, Time), FASTER (Face, Arms, 

Stability, Talking, Eyes, React), and BEFAST (Balance, Eyes, Face, Arms, Speech, Time). 

Additionally, screening tools and assessment tools have been designed for use by EMS 

responders in the field, in transit, and by medical staff in the hospital which usually focus on key 

areas of focal neurologic deficits (e.g., motor impairment, gait, eyes/vision, speech/language, 
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and possibly cognition).  

 Researchers have hypothesized that computer-mediated impairments like dystextia and 

dystypia might be early symptoms indicative of CVA (Anderson et al., 2019; Burns & Randall, 

2014; Cook et al., 2013; Hadidi et al., 2014; Kaskar et al., 2013; Otsuki et al., 2002; Sharma et al., 

2019), so a survey of existing stroke screening and assessment tools was conducted, with the 

results shown in Appendix I. Review of each tool revealed that only the NIHSS would flag an 

individual with isolated CMC impairment for concern, and then only if they were specifically 

having difficulty reading in non-CMC contexts. A second literature search found no tools 

designed to specifically screen for, assess, or characterize CMC-specific impairment.  

Assessment of Computer Mediated Communication 

 Assessments that can describe an individual’s CMC ability exist, but are generally 

directed toward augmentative and alternative communication (AAC) or assistive technology 

(AT) applications. AAC is a category of assistive technology that focuses on facilitating improved 

communication. In both of these approaches, rather than focus on weaknesses and 

impairments, the goal is to identify strengths, preferences, and communicative contexts, and to 

build on these.  

AAC assessment is a dynamic assessment process that is highly personalized and tends 

to cover six steps: language and communication assessment for familiar scenarios, assessing 

alternative access needs (e.g., switches, eye-gaze), low and hi-tech trials, symbol assessment, 

AAC instruction, and home trials (Dietz et al., 2012) individuals skills, abilities, and 

communicative needs (Quist & Lloyd, 1997). AAC assessments tend to be focused on 

comprehensive, whole-person assessment.  



 

49 
 

As a result of this highly personalized approach, there are limited formal AAC tools. 

Many clinicians will adapt relevant portions of existing skills checklists or AT assessments as 

needed. For example, the Wisconsin Assistive Technology Initiative Assessment is a process-

based systematic functional assessment. It includes 13 detailed sections, supplemental 

materials, and guidelines for every step of a comprehensive assessment process. It is designed 

to be completed by a team over multiple sessions.  Multiple sections are directly relevant to 

communication disorders (including CMC impairment) (Reed, 2004). Such assessment do not 

lend themselves to rapid assessment. 

While the WATI has sections that do touch on reading, writing, and fine motor control 

related to computer access, these are not specific to CMC. The client does not specifically 

interact with the assessment but is engaged in other communicative tasks while the clinician 

catalogues observed skills and abilities. Upon review of the inventory items, it is questionable if 

they would reliably detect impairments like dystypia or dystextia.  

In fact, after review of the literature, there seem to be no validated tools or assessments 

designed to measure user’s functional ability in CMC skills for SMS or other common modes. 

Spitzberg and Cupach (2002) identified over 100 distinct skills for interpersonal communication. 

They also suggested that these skills could be organized and simplified to four core constructs: 

attentiveness (communicating empathy), composure (communicating with confidence), 

coordination (communicating effectively within the limits of the mode), and expressiveness 

(communicating emotion). This could prove an informative starting point for identifying a 

typology of skills for CMC, however many of the skills do not map to the CMC context. As 

Spitzberg states (2006, p641), “What is ‘listening’ in regard to e-mail? What is ‘talk time’ in 
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regard to email? Such questions suggest interpersonal skills may be transformed or irrelevant 

rather than merely moderated by CMC.” 

 More broadly, however, Spitzberg argues these four categories do map to CMC modes, 

and he has developed a survey-based measure called the Computer-Mediated Communication 

Competence Measure (CMCC) (Spitzberg, 2004). Other researchers have begun to analyze and 

validate this measure with promising results (Bubas & Hutinski, 2003; Bubas 2006; Buntz, 2003). 

However, this tool and the skills and constructs measured are not directly adaptable to a 

criterion-referenced or rapid assessment context. Looking at the case-studies of known CMC 

impairment in the literature, the most important indicator appears to be coordination. 

Individuals with dystypia or dystextia have had a breakdown in their ability to interact with 

their mediating devices within specific CMC contexts. 

 A tool that is more tangentially related to CMC competence, but is more applicable to a 

rapid, criterion-referenced context might be the multimodal communication screening task for 

persons with aphasia (MCST-A) (Garrett & Lasker, 2005). This is relatively quick, replicable, 

skills-based, and assesses the individual within target modalities.  

 The MCST-A consists of 8 tasks that require simple interaction by the individual being 

assessed. The tool was designed to assess a small population of individuals with global aphasia 

for the ability to access pictorial, iconic, and symbolic semiotic resources by pointing at them—

a key skill necessary for many AAC systems (and also for many CMC modes). The tool is 

designed to progress along a hierarchy of complexity and abstraction. 

Having reviewed these approaches, it becomes possible to envision an assessment tool 

embedded within CMC that is designed to assess CMC specific semiotic resources, skills, and 
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meaning functions. Based on Spitzberg’s insights into CMC competence, the assessment should 

assess skills related primarily to coordination (and if possible, elements of attentiveness, 

composure, and expressiveness). Like the MCST-A, the tool should be a task-based assessment 

where tasks are additive and hierarchical to allow the tool to be accessible to even the most 

severely impaired communicators, but to provide discriminatory data for those with only mild 

impairments.  

Previously, such a tool did not exist. Incorporating principles from the literature review, 

a novel screening tool designed to assess CMC ability and impairment through rapid CMC 

interactions should be quick, compatible with any mobile device, and designed to provide 

immediate objective feedback, as well as collecting a short language sample. It should require 

no manual data collection and should provide an immediate determination on if and how an 

individual’s CMC is impaired. For this research project, the author developed a prototype tool 

titled “SpeechBot” using a six-step development framework. 

Development Framework for a Novel Assessment of CMC Impairment 

There are many frameworks for development of assessment tools, some of which 

directly address development of communicative assessments (Norris, 2002; Springer et al., 

2002; Wei et al., 2008). As discussed by Long and Norris (2000), language assessment should 

not only test the components of language, but how they are called on to interact with one 

another in natural contexts of language use. Shehadeh (2012) discussed just such an approach 

with task-based language assessment (TBLA). TBLA is a form of formative assessment, which 

does not directly address our needs but includes several desirable assessment characteristics. 

 First, communication assessment should be direct assessment, meaning it measures 
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actual communication samples of an individual. Many communicative assessments are based 

on indirect methods like caregiver survey or self-assessment. Second, communication 

assessment should be criterion-referenced. Since the goal is to quickly identify if individuals are 

meeting specific communicative competencies, this is ideal. Third, communication assessment 

should be highly authentic, meaning attempting to assess tasks in real-life language contexts 

(ibid). 

 To create an assessment meeting these criteria, two different, complementary 

approaches are available. Researchers can develop work-sample tasks that directly measure 

performance in different communicative situations, or they can develop construct-centered 

tasks designed to measure broad categories of proficiency (Ellis, 2003). Spitzberger’s CMCC 

measure focuses on primarily construct-centered tasks. Ideally, SpeechBot will focus on work-

sample tasks.  

 Long and Norris (2000) suggest six steps for developing such an assessment: 

1. Identify context: this includes who administers the assessment, what information the 

assessment provides, the purpose of the assessment, and the outcomes of the 

assessment 

2. Task analysis: this requires identifying needs, and then conducting analysis to identify 

associated real-world samples that can be used to develop target tasks. 

3. Design test and items: based on the analysis, the format of the test, the tasks, and 

method of scoring should be determined 

4. Rating Criteria: the various expected, acceptable, and unacceptable responses to each 

item must be identified, as well as examples for use in developing a protocol 
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5. Evaluation: The task items, the test, the procedures, and the rating criteria must be 

evaluated through pilot-testing and revision.  

6. Validation and Reliability: procedures for ongoing validation of assessment, and 

validation and reliability studies should be planned. 

Step One: Identify Context 

The discussion so far has focused on older adults because increased age correlates with 

increased risk of impairment (particularly when considering stroke). However, a screening tool 

that can rapidly identify impaired CMC function might be beneficial to many other populations. 

If the tool is to have external validity to other groups, it is important that the assessed modes 

and devices demonstrate a high adoption rate relevant to the largest number of individuals. 

Mobile phones and SMS/texting demonstrate high penetration among older adults specifically, 

and an even higher adoption rate among Americans in general.  

 To control for variable affordances (e.g., flip-phone keyboard versus touchscreen 

Swyping) on different operating systems and devices, the assessment should be accessible 

through the user’s preferred device.  

 The test should collect information on communicative competence within the assessed 

CMC modalities. If you want to assess keyboard input, researchers should not use a pen-and-

paper test.  

 In summary, to meet these criteria for the average American population a proposed 

assessment tool must measure CMC competencies. It should be designed to be completed 

utilizing SMS or multimedia messaging service (MMS) interactions, and it should be accessible 

through the user’s preferred communication device.  
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Step Two: Task Analysis  

Step two requires researchers to gather information. One standard approach is corpus 

linguistics. There are many English CMC corpora freely available, though they are often 

developed for very specific use-contexts (e.g., business emails associated with Enron). 

Beißwenger and Storrer maintain a listing and review of publicly available corpora (2008). 

Currently there no corpora of American SMS or MMS messages available for researchers to 

analyze or compare against non-SMS corpora to identify relevant linguistic variation. Still, 

corpora exist (or can be freely generated) for linguistically related CMCs such as Twitter.  

Large, freely available English SMS corpora are available for non-American populations 

(Chen & Kan, 2013), and SMS corpora are available for other language-groups like Dutch 

(Treurniet et al., 2012). Non SMS-specific, large CMC corpora in other languages include the 

French CoMeRe project (Chanier et al., 2014), the South Tyrolian DiDi project (Frey et al. , 

2015), the German Wikipedia corpus (Margaretha & Lüngen, 2014), the Dutch VU Chat corpus 

(Spooren & van Charldorp, 2014), and the Dutch Twitter corpus (van Halteren & Oostdijk, 

2012). One possible direction for future research is the development of an American English 

SMS corpus which would ideally include additional indicators of interest to CMC researchers 

and/or health practitioners (health history, age, device type, etc.) not included in most corpora. 

For task analysis, researchers would ideally either conduct intramode corpus analysis 

and look at the variation within a single corpus (e.g., what are the unique features of CMC 

communication conducted using SMS?), or conduct intermode analysis and compare disparate 

corpora to highlight modal similarities and differences (e.g., how does texting compare to 

videogame-speak?).  
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Alternatively, researchers might attempt discourse analysis, although this is complicated 

by the unpredictability introduced by multimodality, variable devices, variable operating 

systems, etc. Some researchers have identified trends in the linguistic variation through 

discourse analysis such as David Crystal (2008), Grace, Kemp, Martin, and Parrilla (2015), and 

Abu Sa’aleek (2015). These researchers identified the following semiotic resources which might 

be present in a competent SMS communicator’s repertoire (Table 1). It is worth noting that few 

of these are novel linguistic forms. Samples of some, like initialisms (e.g., “IOU”), date back 

hundreds of years. Others, like pictograms, dating back thousands (Crystal, 2008). Logographic 

forms are most similar to ancient Cuneiform writings (Patterson, 2012, p236).  

TABLE 1 

MAPPING TASKS TO ITEMS 

 

Example Semiotic Resource Description Semiotic 
Category 

Your Welcome! Traditional Orthography Standard written language.  
Goin out Clippings Dropping endings. 

Shortenings Snd me txt Contractions Dropping letters within words 
Loooooove you! Purposeful mispellings Novel spellings for emphasis 

Nontraditional 
spellings Hu dat? “oral” spellings Sometimes called “phonetic” spellings. 

Spell it as it sounds. 
Wazzap? Word Combination “what” + “is” + “up” = Wazzap 
U r welcome.  Word-letter replacement Letter can replace whole or part of word 

Logographs Going 2 b there Word-Digits Replacement Number can replace whole or part of word 
brb Acronym Each letter is said distinctly 
yolo Initialisms The entire initialism is read as a new word 

:) Emoticon Use of orthographic symbols to create 
images Pictogram 

😊😊 Emoji Libraries of icons, many of which have 
multiple meanings 

 
attachments Audio, visual, files, etc. 

Multimedia 
 

GIFs Small animated images, often referencing 
meta content. 

*bighug* Interactions/gestures Many variations, but used to convey 
action, gestures, non-verbal cues. 
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 Broader linguistic differences that have been identified include simplified punctuation, 

use of a single sentence or clause, dropped formal greetings and closings, rare use of 

abbreviations, and general reliance on concrete content.  

 Finally, SMS is not clearly synchronous or asynchronous. Users can chat in rapid 

succession similar to real-time discourse (Kasesniemi & Rautiainen, 2002), but they can also 

pause and take additional time to process, alter, edit, revise, or delete their message, allowing 

modified synchronicity. Finally, SMS can be used as an asynchronous medium to send messages 

similar to emails with no immediate expectation of a response (Ling & Yttri, 2002). 

From this information, it is possible to identify several key competencies for CMC 

communicators, particularly within American SMS contexts. It is important to note that there 

are cultural and linguistic variations in texting (like all other modes of language), so it is 

important to be culturally aware when generalizing the proposed competencies outside of this 

limited context. 

It is also important to consider the contextualization of the assessment tool itself. To 

simulate real-world SMS-based CMC, the proposed assessment tool needed to be embedded 

within an authentic SMS communicative exchange. In other words, to assess CMC requires a 

computer-mediated assessment. 

There is a growing body of literature exploring uses of CMC for medical interventions for 

the general population, including through messaging service (SMS) or texting, web-based 

applications, teleconferencing, and/or mobile phone applications (Agyapong et al., 2012; Hall et 

al., 2015; Harrington, 2013; Morgenstern, 2013). Such research does not normally specifically 

address older adults, although to date there has been no evidence of any age effects in such 
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studies (Hall et al., 2015; Harrington, 2013).  

Among these, a growing catalog of chatbots is being developed to address health 

concerns. Chatbots allow algorithmic responses to SMS messages (or sometimes other forms of 

input). Examples include chatbots that let medical professionals quickly lookup specific drug 

interactions and alternative medications, chatbots that track menstrual cycles, chatbots that 

remind people when to take their medications, or chatbots that provide evidence-based 

sources on a variety of health questions.  

Note that the development of a computer-mediated assessment tool is not synonymous 

with computer-aided diagnosis (CAD) in which algorithmic analysis of computerized input is 

used to generate assessment or diagnosis data and medical recommendations. At the most 

basic level, chatbots are pieces of software that sit on a server. Individuals can interact with 

them through various CMC channels (SMS, Skype, Messenger, etc.). When a message is sent to 

the chatbot, some form of language processing occurs, and a selected or generated response 

will be sent out.  

With appropriate prompts, constraints, and prediction of call/response possibilities, a 

chatbot might offer the most authentic assessment of CMC communication. Chatbots could be 

accessed from almost any mobile phone (and many other devices), and for most Americans 

they provide a free service as almost 90% of Americans have unlimited texting (Zargotsky, 

2015). They can also allow for immediate and objective analysis of results, and they can be set 

up to collect and anonymize research data.  

2.6.3 Step three: Design assessment and items. Table 2 outlines the initially proposed tasks for 

SpeechBot. The tasks were selected to cover key properties of SMS-based CMC, and to increase 



 

58 
 

in complexity as the test progresses. At later levels, it is assumed that the user is able to use 

foundational concepts tested in earlier tasks. The final task is designed to collect a longer, 

generative CMC language sample that might help to identify mild impairments not otherwise 

detected (e.g., grammar errors, paragraphias, etc.) or to characterize impairments in more 

detail. Additionally, selected demographic data was collected (i.e., age, gender) to allow data to 

be further analyzed. 

TABLE 2 

MAPPING TASKS TO TARGET CMC SEMIOTIC RESOURCES 

Target 
Skill/Resource 

Task and Prompt 

 
 

Field of one, read and provide modeled response 
Example prompt: Tap or text “Start” <large “start” button> 

 

Read prompt and input response from field of three 
Example prompt: Are you ready? Type “yes”, “no”, or “maybe”. 

 

Field of three with more complex prompt 
Example prompt: What is one plus two? Type “1”, “2”, or “3” 

 

Look at picture, read, select correct modeled response (field of four) 
Example prompt: <lion picture>  
Type the word that matches the picture. “bear” “camel” “lion” “dog” 

 
Identify Emoji and select from modeled field of four 
Example prompt: What does this face mean: 😊😊 ? Happy, Sad, Angry, 
Confused 

 
Enter text on keyboard with model 
Example prompt: Text me the word “cat” 

 
Menu navigation to enter emoji, or emoticon 
Example: Please send me a sad face emoji! 

 
Responsive naming task, generative typing with no model 
Example: Next, text me the name of a wild animal that howls at the 
moon! 

 

Textese, novel spellings, logographs, multiple modalities. 
Example: Great, lets try some “text speak”.  
if u r able 2 read this, txt me what ☹ mns ? 

Touch Screen 

Text Decoding 

Touch Screen 

Text Decoding 

Touch Screen 

Text Decoding 

Touch Screen 

Picture Decoding 

Emoji Decoding 

Text Encoding 

Emoji Encoding 

Responsive Naming 

Emoji Decode 

Logograph Decode 
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TABLE 3 (continued) 

 

 

Multi-keyboard and symbol typing 
Example: AB!@X 
Text me the exact letters and symbols in the picture above. Don’t 
worry about spacing, but capitalization is important. 

 
Asynchronous message decoding, turn taking 
Example: scary 

 Visual narrative retell (generative CMC language, open-ended) 
Example: <visual story> look at this comic strip. Text me what you 
think happened in the story 

 

To the left of the table are the CMC skills that might be used to code the rating systems 

to allow identification of patterns of errors. The wording of tasks was revised after the initial 

pilot study. See appendix A for a sample of the final assessment task. 

Step Four: Rating Criteria 

Scoring. Rating criteria were developed for each item, and after the initial pilot study 

these were revised to include unexpected responses and variations. Once criteria were coded 

so the system could recognize “correct” and “incorrect” responses, a scoring matrix converted 

users’ responses into an absolute score according to the specific semiotic resource or CMC 

property being targeted (Table 3). Because the first three items were designed as an exclusion 

criterion, the remaining matrix coded for a maximum CMC impairment score (CMCIS) of 12. 

Menu Switching 

Asynchronous 
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TABLE 4 

CMCIS SCORING MATRIX FOR RESPONSES 

 
Accommodating Adverse Events. It was expected the assessment would be conducted 

with a clinician present and observing. This allows them to make additional observations that 

might help to identify the source of difficulties with particular items. The evaluating clinicians 

could not assist with task response but were often able to troubleshoot simple technical 

problems. Examples observed during data collection included clients not having their glasses 

available, having difficulty manipulating the phone because of IV tubing or wires, and devices 

having been damaged during the event that resulted in the individuals being in the hospital in 

the first place. The clinician also assisted when the individual was finished or stuck with simple 

prompts.  

In future iterations of the assessment, it would be helpful to code hidden clinician 

commands to allow them to better accommodate adverse events. Examples might include: 

• Restart: erase all messages and start the task again. This might be useful if there was a 

disruption during administration, or if adjustments are needed (e.g., device brightness, 

glasses, light, etc.). 
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• Restartbig: erase all messages and start again with large font 

• Scorenow: stop the test at the current item and score those completed. This might be 

useful if an individual becomes unable to progress as the items increase in complexity, but 

some useful data was collected at the start of the assessment. 

• Skip: Skip an item. This may be useful if an individual is having difficulty with a specific 

channel of input/output like pictures and icons, but is able to respond to the text prompts, 

and with text input.  

• Stop: end communication with the chatbot 

Data Collection and Processing. Upon completion of the assessment, the results were 

immediately anonymized and uploaded to the encrypted cloud storage. For the suggested 

tasks, the highly constrained pool of correct responses allowed the chatbot to automatically 

score the input and calculate key measures like total assessment time and average response 

time. For future iterations of the assessment, additional data might be collected and/or 

calculated. For certain essential skills (like text encoding/decoding with a model), a failure on 

the early task will flag the assessment automatically as incomplete and excluded (if someone 

cannot decode text, they cannot perform any of the later items).  

No CMC specific text-decoding failure has yet been identified in the literature, so a 

failure at the early levels would indicate the need for the clinician to halt CMC assessment and 

switch to a traditional reading or visual perceptual assessment.  

Step Five: Evaluation 

After development, the tool entered the validation phase, was piloted and revised, and 

limited initial validation was completed. Validation is not a single test, but a series of studies 
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designed to ensure that the instrument is collecting relevant information on text-based CMC 

competence, and information relevant to a specific clinical context (e.g., individuals suspected 

of an acute stroke event). Following Chronbach and Meehl’s guidance (1955), it is standard to 

conduct concurrent validation, construct validation, and content validation.  

This means that for step five to continue, the research had to move on to the next 

phase. The initial clinical study was completed and is the focus of Chapter III. However, 

according to the steps delineated by Long and Norris, researchers can outline the next steps 

that will need to be taken after completion of the initial study: 

Criterion Validity. Criterion validity encompasses either predictive or concurrent 

validity. For this research the goal is not predicting how someone might perform in the future, 

but instead identifying CMC function or dysfunction now. Concurrent validity is most easily 

established by comparing the results of a new assessment with the results of an established 

assessment measuring the same construct(s). As there is only one well-researched assessment 

tool for CMC (i.e., Spitzberger’z CMCC, 2002), this would be the most likely candidate. 

A concurrent validity study could be imagined where samples from several populations 

of interest would be recruited. After informed consent was provided and key demographic data 

was entered, individuals would complete the CMCC and then SpeechBot. CMCC would allow 

CMC competence to be measured along with four validated constructs. Individuals with high 

competence should complete SpeechBot’s tasks without difficulty, and properties of the final 

complex responses could be coded and analyzed for properties of “competent” CMC narrative 

retelling. Individuals with low CMC competence on the CMCC should be flagged by SpeechBot. 

If not, then the tasks must be revised to increase sensitivity.  
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Certain tasks may be more informative than others. Some tasks may need to be devised 

to assess categories of CMC impairment not detected by version 1.0 of SpeechBot. If clinician 

observational data were to identify key information not being collected by SpeechBot (for 

example, attentional deficits) then the protocol, assessment tasks, data collection, and rating 

system might be tweaked to capture this additional information. 

This will be a time-consuming process and may require multiple iterations. Finally, 

establishing concurrent validity for rapid assessment instruments frequently requires a final 

step—submitting the developed items for expert review. An expert panel will be able to assess 

appropriateness from a content and measurement point of view (Springer et al., 2002). 

Step Six: Validation and Reliability 

Once initial rounds of criterion validity have been completed, further studies must be 

conducted to allow construct validation and content validation. This will require identifying 

which components of the assessment must be analyzed for validity and reliability, designing 

pilot study(s), administering the new tool along with any necessary complimentary assessments 

(e.g., the CMCC), and conducting an analysis to identify strengths and weaknesses of the 

assessment (ibid).  

Research Questions 

Within the field of speech-language pathology there is very little research on CMC, and 

there exists almost no research on CMC impairment. There are no established clinical tools for 

CMC impairment assessment, and few research tools for CMC impairment assessment. Because 

of this, the employed research design has been primarily exploratory. The primary research 

goal was and is to identify variables, factors, and effects that could then be operationalized into 
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testable hypotheses for next-step confirmatory research (Butler, 2014). Confirmatory studies 

would also encompass the future reliability and validity testing in steps 6 and 7 of assessment 

design as described previously. Thus, the primary research objectives can be clearly stated: 

Research Objective: The purpose of this research is to generate testable hypotheses 

about the linguistic properties of functional and impaired CMC.  

However, during the interdisciplinary literature review, the development of SpeechBot, 

and initial pilot testing, several working hypotheses were proposed on suspected relationships 

between underlying cognitive-linguistic processes and properties of CMC. These hypotheses 

were clearly articulated prior to the start of the initial clinical study, and were as follows: 

Hypothesis 1: If individuals are provided a series of text prompts following familiar MMS 

conventions, normal linguistic variation will be differentiable from disordered variation 

in the collected responses. 

Hypothesis 1A: Disordered variation will be characterizable by the specific semiotic 

systems affected (e.g., receptive or expressive grapheme errors, receptive or expressive 

logographic processing errors, atypical syntax, etc.). 

Hypothesis 1B: Specific patterns of errors will correlate with previously diagnosed 

expressive/receptive language impairments. 

Hypothesis 1C: A subset of individuals will demonstrate CMC impairment in the absence 

of other expressive/receptive language impairments.  

Restating everything as plain-language research questions, one might ask: 

1. Is the tool able to meaningfully differentiate typical and impaired CMC variation? 

2. Are patterns of impairment detectable in CMC-specific features of language? 
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3. Does CMC impairment correlate with impairment in other domains of language? 

4. Is CMC impairment detectable in individuals with no impairment in other domains of 

language? 

5. What further hypotheses can be generated from the data for future confirmatory studies? 
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CHAPTER III 
 

METHODOLOGY 
 
 
The primary purpose of this research was to develop a rapid assessment tool for 

computer-mediated communication. Secondary goals involved exploring the variation in 

collected CMC samples, measures, and demographic data to generate testable hypotheses for 

future research. 

Theoretical Framework 

This study followed an exploratory research design. Descriptive, quantitative, and 

demographic data was collected to allow analysis. Because CMC is inherently interdisciplinary, 

theoretical frameworks such as linguistics, multi-modal analysis, cognitive neuropsychology, 

and human factors engineering influenced the rating criteria, analysis, and correlational 

comparisons. To provide constraints, preliminary hypotheses and research questions were 

developed during the literature review. 

Chatbot Development 

The developed CMC assessment tool, SpeechBot, is a relatively simple chatbot. A 

chatbot is a software system designed to interact autonomously with a user. Most chatbots are 

composed of a natural language processing system (NLP), a dialog manager, a content system, 

and custom integrations. For the SpeechBot, minimal NLP is required as the interactions are 

highly linear and the user responses are highly constrained (by design). Instead, the dialog 

manager can handle the minimal interpretation of input necessary.  

Dialog Manager 
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SpeechBot utilizes FlowXO, an off-the-shelf chatbot platform that allows simple dialog 

flows to be rapidly coded using a combination of custom integrations, what-you-see-is-what-

you-get development, and custom coding. The developed “flows” respond to specified input by 

outputting selected content. FlowXO can easily connect to popular messaging platforms or 

phone services to provide multiple connection pathways for users. Depending on how the 

system is set up users can text, call, or send pictures or files, and the chatbot can respond 

similarly. FlowXO is free for prototyping, and can scale affordably, making it ideal for 

exploratory research. 

Content 

For some chatbots, content consists of complex dynamic databases that provide 

variable responses depending on current user input, prior interactions, prior output, etc. 

SpeechBot was designed to limit variability in content to reduce conversational variation that 

could influence subsequent user input. Regardless of user input, SpeechBot provides set 

responses to facilitate each new assessment task. See Appendix A for a sample SpeechBot 

interaction showcasing the content. The content mimics conversational texting conventions so 

interactions with the chatbot are more naturalistic. 

Custom Integrations 

There are many types of software that can integrate with chatbots. For example, 

integrated spell-checker software can be called on to compare user input to a stored dictionary 

and suggest corrections as the user types. Or, integration of a user’s contact information can be 

accessed to suggest nearby friends. For SpeechBot, two categories of integrations were 

required. First, users had to have a message-routing system to allow their SMS/MMS messages 
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to be transmitted to and from the dialog manager. Second, response data had to be collected 

and stored for later analysis.  

Routing. To control for hardware and software affordances, it was essential to enable 

users to choose a CMC method they were most familiar with. To do this, two distinct 

connection pathways were established. Users wanting to connect with a traditional phone-

number based SMS/MMS interaction were routed through the cloud communications platform 

Twilio. Twilio allows users to purchase a phone number and integrate it into software like a 

chatbot. By texting the purchased number, users can route messages through Twilio to 

SpeechBot, and SpeechBot can send messages through Twilio to the user.  

Users wanting to connect to the chatbot using a web-link were routed through 

Facebook Messenger. Messenger is very popular, compatible with all devices and operating 

systems, and is easily configured to integrate with chatbots. Users must have a Facebook 

account to connect through this pathway, but 7 in 10 U.S. adults have such accounts (Pew 

Research Center, 2019) so this is an important pathway. 

Data collection/storage. The second major integration was with Google Sheets. Google 

Sheets was used as a secure database solution for the chatbot. The anonymized data collected 

by SpeechBot was passed to Google Sheets at the end of each assessment. This data was then 

available for further analysis and could potentially be used as input for future integrations. For 

example, future variations of SpeechBot might access a database of normative user responses 

to allow statistical comparisons with data submitted by a new user. The result would allow real-

time normative assessment of CMC impairment. 

Security 
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After each assessment is completed, the results are automatically anonymized. A unique 

ID is generated from device identifiers. This ID cannot be used to reverse-lookup the 

individuals, but does prevent the same device from contributing data more than once—this 

prevents accidental duplicate data from a single user and also acts as protection against call 

spamming or denial-of-service attacks if the tool link was made public by a participant. 

All collected responses, response times, and limited demographic data (e.g., age, and 

optionally sex) are then automatically uploaded to the private, encrypted database. No 

identifiers remained that linked the individual to their data. Google Sheets was selected partly 

for the security it provides. It is encrypted using Advance Encryption Standard 256-bit 

encryption, a secure encryption system (Daemen & Rijmen, 2001). This is the gold standard for 

digital security and guarantees that if the data were accessed by anyone but the primary 

researcher (with the cipher key), it would be irreparably scrambled. While there is no 

mathematically “impossible” to crack code, 256-bit encryption keys are considered safe by the 

US government as there are 1 in 2256 odds of correctly guessing the code.  

For a diagram outlining the interactions described above, see Appendix G. 

Pilot Test 

A convenience sample of 25 individuals aged 20 to 50 years-old was collected with the 

participants' informed consent. These individuals self-identified as adults who regularly use 

computer mediated communication. Individuals were provided a link to the prototype of the 

screening tool which they were told to access on their preferred device. For this phase of 

research, the tool required users to have a Facebook Account to utilize the Facebook 

Messenger platform. However, because all messages with the chat-bot are private, this did not 
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present any additional PHI, HIPAA, or privacy concerns. 

Following the pilot study some questions were modified and a scoring rubric was 

developed. Changes including modifying the Boolean for correct/incorrect answers to 

accommodate unexpected variation. For example, for the question “Please send me a sad face 

emoji!” expected results were initially coded to include:  :(  😢😢 😞😞 ☹� 😔😔 . Unexpected but 

appropriate answers collected during the pilot study included: 😪😪  ):  😭😭 . For the question, 

“What is the name of the wild animal that howls at the moon,” the expected and dominant 

response was “wolf.” An unexpected but appropriate response was “coyote,” and this led the 

researchers to also include other regional variants that might reasonably be encountered (e.g., 

dingo, wild dog). The backend code was modified to accept these variations as correct answers.  

 Additionally, unexpected technical variation was discovered when individuals using 

certain devices responded to certain questions. For example, one task showed all individuals 

the same “captcha,” a picture with a mix of capitalized and lower-case letters, numbers, and 

symbols. Despite all users being shown the same picture, some individuals were found to have 

responded differently to the question, “Text me the exact letters and symbols in the picture 

above. Don’t worry about spacing, but capitalization is important.” The prototype was then run 

by researchers on several devices, and it was found that the aspect ratio of the image resulted 

in the first and last symbol being cut off from view on iPhone devices. The aspect ratio was 

adjusted to display identically on all trialed devices (e.g., computer, iPhone, Pixel, Android 

phone).  

The data collection code was also found to be faulty, with certain data (e.g., response 

times for certain questions, and keyed data indicating correct/incorrect responses to questions) 
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not being collected. The pilot study data allowed these errors to be located and corrected. See 

Appendix H for a condensed printout of the raw data from the pilot study. 

Wesley Medical Center  

Upon completion of the pilot study and revision, the tool was revised with some focused 

usability testing to identify ambiguous prompts. At that point it became essential to conduct a 

clinical trial to determine if the tool had initial construct validity and basic external validity to a 

clinical setting. Because the inspiration for the tool was reported incidents of individuals with 

occult CMC (i.e., CMC impairment occurring independently of other signs or symptoms of 

cognitive-linguistic deficits), the initial study should look at a large sample of patients at risk for 

acute cognitive-linguistic impairment to see if it could indeed identify such individuals. Wesley 

Medical Center (WMC) is a large acute-care medical center and a certified Primary Stroke 

Center in Wichita, Kansas which strongly supports innovative research. 

Recruitment 

For every category of incoming patients, hospitals have protocols in place. It is 

impossible to describe all such protocols here so let us consider one common example: 

individuals with a head injury. On presentation to WMC every individual with a head injury will 

receive a Glasgow Coma Scale (GCS) score. For those with a score of 15, it will be determined if 

they had loss of consciousness. If not, they will be sent home with directions to return should 

certain signs or symptoms occur. Individuals who lost consciousness will usually be admitted for 

observation, particularly if they report any other signs or symptoms. Individuals with a GCS <15 

would generally be admitted for observation. For all individuals admitted, they would be 

flagged for assessment by the interdisciplinary trauma team. This flag would automatically 
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generate orders for multiple disciplines to evaluate and treat the patient. These would include 

an order for a speech/cognitive-linguistic evaluation to be completed within 24 hours of the 

order being generated. Similar protocols would flag all individuals at risk for stroke, 

encephalopathy, altered mental status, etc. Alternatively, most medical personal observing 

cognitive-linguistic impairments could request a speech-language pathologist to evaluate the 

patient with a physician’s approval.  

For this study, all individuals flagged for a speech/cognitive-linguistic evaluation 

(regardless of etiology) were considered potential recruits. These individuals were screened by 

the evaluating speech-language pathologist according to the following additional inclusion 

criteria: (a) they self-reported regularly using a device to text, (b) they had their device present, 

and (c) they agreed after an informed consent briefing.  

The speech-language pathologists would then initiate SpeechBot as part of their 

evaluation. Individuals were presented with the assessment tool at the evaluating clinician’s 

discretion, and clinicians were encouraged to halt the assessment if they had any concerns. 

Instances where assessments were halted included individuals demonstrating increased 

anxiety, physical impairments making the assessment painful/difficulty, technological failures 

such as batteries dying or the patient’s device not working, etc.  

Additionally, the first three onboarding questions of the assessment acted as an 

exclusionary criterion. Any individuals with severe enough linguistic deficits to be unable to 

conduct basic decoding/encoding with highly constrained, modeled responses were excluded 

on the assumption that they would have severe cognitive-linguistic impairments that prevented 

them from meaningfully completing the rest of the assessment, and that those deficits would 



 

73 
 

be clearly identified by the standard speech/cognitive-linguistic evaluation. 

A protocol based on this chapter was submitted and approved by the HCA-HealthONE 

Institutional Review Board prior to the start of data collection. Based on estimates from the 

census at the time the study was initiated, it was expected that three individuals per day might 

qualify under the inclusion/exclusion criteria and agree to participate. This would have resulted 

in approximately 180 participants which would have been an excellent sample size for an 

exploratory study as it would allow for post-hoc exploratory analysis, but also more powerful 

preliminary hypothesis testing. 

Appendix B, C, D, E, and F provide the Informed Consent Form, the Informed Consent 

Interview Script, the Logbook Instructions, a sample log, and the template blank logbook page 

used during throughout the study. Limited non-identifying additional data was collected in two 

ways. First, a brief log was completed by the evaluating clinician on every participant. This 

included the date the assessment was completed, the age of the patient, and a Likert-scale 

indicating overall function in key domains of language (e.g., reading, writing, speaking, 

listening). Second, the clinicians were encouraged to write brief non-identifying observations on 

SpeechBot or the patients that they felt were relevant. Example observations included notes on 

patients' delayed processing for certain tasks, their emotional state, or problems they had using 

their device. The collection of age and date (which is already collected by SpeechBot) allowed 

these forms to later be correlated to the correct record despite there being no identifiers on 

the log form. No names, room numbers, or patient identifiers were collected or recorded at any 

time. 

Language preference data was also collected as part of the standard speech/cognitive-



 

74 
 

linguistic evaluation process. Clinicians were directed to document this on the log form for 

individuals speaking English as a non-native language, but no such individuals participated. 

All data protection procedures were enacted from this point including anonymization, 

encryption, and data storage for the required duration. The paper logs were collected from the 

facility at least twice weekly, entered into the encrypted, cloud-based data storage with the 

corresponding anonymized assessment record, and then shredded in compliance with PHI 

standards.  

Data Analysis 

 The collected data underwent initial data analysis to identify and eliminate incomplete 

or erroneous records. From collected values such as response timestamps at each step of the 

SpeechBot interaction, calculated values such as response time per question were 

automatically calculated. The dependent variable, the CMCIS (a total score for the assessment), 

was automatically calculated based on items correctly completed (per coded rating criteria). 

Finally, string variables were coded to numerical data.  

The data were then entered and analyzed using the Statistical Package for the Social 

Sciences (SPSS) Version 25.0. As this was an exploratory study, exploratory data analysis was 

conducted to identify patterns in descriptive data, to test assumptions, and to determine if the 

collected data was appropriate for further statistical analysis. Data visualization was also 

conducted using the Tableau Public software package to identify relationships to be 

investigated further. Variables of interest for future studies were considered, and potential 

underlying constructs were considered. The response data collected was used to conduct task 

analysis to help improve the assessment tool itself. Finally, data analysis was compared 
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between emergent groups and/or demographics to determine correlations or contrasts which 

addressed the proposed research questions. 

Scalability 

Costs 

Overall, the costs to run this research project were minimal. Software subscriptions for 

the target project cost less than $30 dollars per month throughout the course of the research. 

Routing costs through Twilio for individuals using a phone number to access the assessment 

(which nearly all participants did) came to approximately $35.  

The most time-consuming portion of this project consisted of development of the tool. 

The tool is now developed, functional, and is quickly and easily administered. It would benefit 

from several improvements including recoding as a custom-built, dedicated web-application 

prior to wider deployment. This would be a one-time cost, but highly feasible and worthwhile. 

Time and Setting 

In a hospital setting it was essential that the assessment did not impede the normal 

functioning or productivity of the clinicians. Because the assessment overlaps with common 

goals of dynamic assessment during speech/cognitive-linguistic evaluations at the facilities, the 

only added time commitment for researchers was obtaining informed consent, accessing the 

tool on the users' device, and logging the session at the end of the day. Usually, clinicians 

reported this did not create added work or delays. The notable exception was when individuals 

demonstrated very slow response times, although arguably such individuals may be most in 

need of CMC assessment.  
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CHAPTER IV 
 

RESULTS 
 
 

Descriptive Data 

Sample Characteristics 

Data collection was conducted for a period of six weeks. At that time, Wesley Medical 

Center implemented new safety protocols associated with COVID-19 and data collection 

stopped. A total of 65 individuals met inclusion criteria and participated in the study. Of these 

individuals, 10 had technical difficulties with their devices (e.g., battery failures, no connection, 

software incompatibilities, or technological failures with unknown cause). 

Of the remaining 55 participants, 22 individuals started the assessment but were unable 

to complete the first three tasks, and were excluded (per exclusion criteria) from the final data 

set. As suspected, all individuals unable to respond to the simple modeled-response exclusion-

criteria questions demonstrated moderate or severe language impairments in one or more 

domains of language or more severe cognitive-linguistic impairment secondary to neurological 

or traumatic injury.  

Exploratory data analysis was conducted on the remaining sample (n=33). The sample 

was composed of 14 males (42%) and 19 females (58%). One hundred percent reported being 

native English speakers. Participants demonstrated a normal distribution by age with 

participants ranging from 22 years old to 77 years old and a mean age of 50 years old.  

Correlation Analysis of CMC Impairment and Impairment in Other Domains 

The evaluating speech-language pathologists reported that the majority of the 
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individuals (n=26; 79%) had no identified impairments in any of the four assessed domains of 

language (i.e., speaking, writing, listening, and reading) during a standard bedside speech and 

language evaluation. The remaining individuals (n=7, 21%) had mild or moderate impairments 

detected in at least one of the four domains. A Pearson product-moment correlation coefficient 

matrix was computed to assess the relationships between these domains and other key 

variables and dimensions (Table 4). 

TABLE 5 

CORRELATION BETWEEN CMC IMPAIRMENT, DIMENSIONS, AND MEASURES 

 

Results of the Pearson correlation indicated a significant positive association between 

the computer mediated communication impairment score (CMCIS) reported by SpeechBot and 

individuals’ average response time (r(31) = .487, p = .005). For this sample, CMCIS did not 

significantly correlate with impairment in other domains of language or any of the other 

measures or dimensions. None of the seven individuals demonstrating linguistic impairment 

according to the bedside speech and cognitive-linguistic evaluation demonstrated impaired 

CMC function according to SpeechBot. 

Pearson correlations did reveal significant positive associations between average 
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response time and age (r(31) = .556, p = .001), and average response time and the presence of 

visual receptive language impairment (r(31) = .400, p = .026). 

Several known correlations between variables were expected and confirmed. Impaired 

auditory comprehension had a significant positive correlation with both impaired verbal 

expression (r(33) = .610, p = .000) and impaired reading (r(33) = .349, p = .047). Impaired 

written expression had a significant positive correlation with impaired verbal expression (r(31) = 

.588, p = .001). Increasing age had a significant positive correlation with impaired listening 

comprehension (r(33) = .368, p = .035). No significant correlation was detected between 

reading and writing impairment. However, few individuals (n=3) demonstrated any impairment 

in these domains, so this may represent sampling bias. No significant correlations between sex 

and any other variable were observed. 

Data Visualization 

Identifying Potential Interactions for Further Study. Key measures (e.g., CMCIS, errors 

per task, average response time, total response time) were compared with descriptive variables 

(e.g., age, sex) and descriptors (e.g., semiotic resource) to assess those relationships further. 

Figures 12 and 13 illustrate several key findings. 

Figure 12 shows the average response time per task as a function of age. Here, the 

positive correlation between response time and age is apparent. Separate simple linear 

regressions were calculated for male and for female participants to predict average response 

time based on each participant’s age. A significant regression equation was found for female 

participants (F(1,29)=1.543, p<.043, with an R2 of .123. Participants’ predicted age is equal to 

13.059 + .250 (AverageResponseTime) years when response time is measured in seconds. 
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Participants age increased by .25 years for each additional second of average response time.  

 
Figure 12. Trends in response time by age. 

The male regression line was not significant. As seen in Figure 12, the average response 

times for males is more erratic with more outliers. Males did take 4.5 seconds more on average 

per task, and took 11.2 seconds longer to complete the assessment overall.  

In order to better compare male versus female average response times and total 

assessment times, independent samples t-test were conducted. Levene’s test for equality of 

variances was violated for both comparisons, FAvgResponseTime (29) = .828, p = .370, FTotalTime (30) = 

2.46, p = .127, so the t statistics were computed not assuming homogeneity of variance and 
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were found to be statistically non-significant, TAvgResponseTime (20) = 1.75, p = .096, TTotalTime (20) = 

.263, p = .795. With a larger sample size, this comparison might be revisited. 

Figure 13 shows the CMCIS generated from the total number of errors made during the 

assessment for each participant. One male and one female stand out as demonstrating much 

higher CMC impairment than other participants. Response time measures for these individuals 

were uninformative as they were unable to complete most tasks. There also appears to be a 

small cluster consisting of mostly older males with between 2 and 5 total errors that bear 

further investigation. 

 
Figure 13. Distribution of CMC Impairment Scores. 

Task Analysis 

 Of the 33 individuals who were included in the final data set, 31 (94%) were able to 
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complete the full assessment. Seventeen (51%) of these individuals had some items that they 

skipped or responses that were erroneous according to the developed response rating 

criterion. Speechbot counted erroneous responses against each of the semiotic resources 

targeted by that specific task. Adding up errors in each category generated a total CMCIS. Most 

individuals (n=28, 85%) had a CMCIS of 2 or less, with a lower score representing CMC 

competency. 

 Tasks that individuals with low CMCIS were most likely to miss included quantitative 

reasoning tasks, menu-switching tasks, asynchronous messaging tasks, generative narrative 

retell tasks, logograph decoding tasks, and emoji encoding/decoding tasks. A comparison of 

these assessments across age and sex (Figure 14) reveals three potential patterns of error.  

 
Figure 14. Patterns of errors made during assessment. 

 Errors involving CMC visual semiotic resources (e.g., emoji and logographs) were 

clustered in individuals ages 41 to 61 years of age and were also more prevalent in men (this is 

the same cluster that was noted in figure 13). Errors in quantitative reasoning and generative 
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narrative retell did not correlate with age, but were primarily made by female participants. 

Finally, the most common source of error was the menu-switching task. Both men and women 

had similar difficulty with this task, and these errors were again most prevalent in individuals 

between the age of 41 and 61.  

 

Figure 15: Observed distribution of CMC Impairment severities. 

  Figure 15 highlights that while one or two errors are not uncommon, only five (15%) of 

participants demonstrated a CMCIS  greater than 3. Three of these individuals had a CMCIS of 

either 4 or 5. These individuals might be described as having mild or moderate CMC 

impairment. Two individuals had difficulty completing almost any of the tasks beyond the initial 

three modeled-response items. One had a CMCIS of 9, and one had a CMCIS of 11. These 
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individuals might be described as having severe CMC impairment. Importantly, all five 

individuals with high CMCIS had no impairment reported in any linguistic domain during the 

bedside speech/cognitive-linguistic evaluation.  

 Of interest, for the two individuals with severe CMC impairment, the evaluating SLP in 

each case noted mild processing delays but no other significant cognitive impairments. They 

also noted that both patients were admitted to the hospital with concern for possible strokes. 

 

Figure 16. Categories of errors made by individuals with moderate and severe CMC 
impairment. 

 Examining the patterns of errors for individuals with CMC impairment (Figure 16), 

individuals with severe CMC impairment simply were not able to complete most of the 
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unmodeled-response tasks. However, the mild/moderate CMC-impaired individuals 

demonstrated potentially significant variation in areas of difficulty. Individuals 28 and 32 had 

difficulty with tasks requiring visual language processing. Individual 8 had difficulty with tasks 

requiring executive functioning (attentional regulation, problem-solving, sequencing, working 

memory, etc.). With a larger n, better discrimination of distinct CMC impairment profiles may 

be possible.  

Language Samples 

The final task had individuals look at a short comic strip with no text and retell the story 

in a text. Possibly due to the wording of the prompt (“tell me what happened in one text 

message”), several individuals who demonstrated otherwise intact CMC function responded 

with only a single word. Those who were unable to respond or who responded with completely 

incorrect answers received one CMCIS point. Otherwise, the data did not lend itself to simple 

interpretation, and the elicited language samples did not provide enough data for any form of 

corpus analysis.  
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CHAPTER V 
 

DISCUSSION 
 
 
The present study describes the research, development, and initial clinical trial of a CMC 

rapid assessment tool. This tool represents the first known clinical assessment for CMC 

impairment. The tool takes only minutes to administer and can be completed on an individual’s 

preferred device regardless of the operating system, settings, or input modality. Once the tool 

was built, field-tested, and a pilot study was completed, the clinical study was designed 

according to exploratory research principles. Several preliminary research hypotheses were 

proposed and have been answered by the results, but the primary goal was to obtain 

foundational data to allow researchers to develop more robust confirmatory research 

hypotheses for future research. The data support several important directions for future 

research. 

Research Questions 

The author considered the following research questions: 

1. Is the tool able to meaningfully differentiate typical and impaired CMC variation? 

2. Are patterns of impairment detectable in CMC-specific features of language? 

3. Does CMC impairment correlate with impairment in other domains of language? 

4. Is CMC impairment detectable in individuals with no impairment in other domains of 

language? 

5. Does the data suggest new hypotheses for future confirmatory studies? 
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Is The Tool Able to Differentiate Typical and Impaired CMC Variation 

The results appear to support the initial hypothesis that normal linguistic variation will 

be differentiable from disordered variation in collected SpeechBot responses. 

During the pilot study, participants presumed to have intact CMC function 

demonstrated near 100% completion, with most participants demonstrating CMCIS of 0 or 1. 

During the clinical study, the majority (85%) of individuals with no or mild linguistic deficits 

demonstrated CMCIS of 2 or less. This data suggests that a CMCIS less than 3 is indicative of 

intact or typical CMC function.  

There was a small subset of individuals who completed the initial three assessment 

tasks but made errors resulting in increased CMCIS. Three individuals had scores of 4 or 5. 

These individuals could be described as demonstrating mild or moderate CMC impairment. The 

final two individuals had scores of 9 and 10. These individuals could be described as having 

severe CMC impairment. 

Notably, individuals with known moderate or severe language impairments per the 

speech-language pathologists’ bedside evaluation (n=22) had the maximum CMCIS of 12 as they 

were unable to complete the initial three exclusion tasks. As these individuals were unable to 

utilize CMC at all, they might be described as having a profound CMC impairment.  

Are Patterns of Impairment Detectable in CMC-Specific Features of Language? 

The results support the H1A hypothesis that disordered linguistic variation will be 

characterizable by the specific semiotic systems affected. Along with the patterns of severity 

described above, the data suggest at least one clear pattern of CMC variation. A cohort of males 

between the ages of 41 and 61 demonstrated errors in either emoji decoding, emoji encoding, 
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logograph decoding, menu switching, or some combination thereof. These CMC tasks are all 

dependent on highly CMC-specific semiotic resources that do not tend to be found in other 

language modalities. One possible explanation is that this data represents a linguistic cohort of 

individuals with less CMC proficiency overall. In other words, it may be a language difference 

and not a language deficit.  

Alternatively, many of these tasks are most commonly used to add paralinguistic 

markers (e.g., punctuation, emotion, emphasis) to messages. There is well-documented 

variation in gender-specific use of paralinguistic markers in other language modalities. This 

study may have detected a similar effect in CMC. As an interesting correlation, male 

participants also took significantly longer than female participants to respond to each task, and 

to complete the entire assessment. 

With a larger sample and expanded data collection, researchers could identify other 

patterns of variation. Additionally, there may be significant CMC properties or semiotic 

resources SpeechBot’s tasks do not assess. Later iterations of the assessment could include 

these. 

Does CMC Impairment Correlate with Impairment in Other Domains of Language? 

The results of the correlational analysis appear to reject the hypothesis that specific 

patterns of CMC errors will correlate previously diagnosed expressive/receptive language 

impairment. Importantly, this does not appear to mean the null hypothesis is correct (i.e., that 

CMC variation is entirely unrelated to linguistic impairment in other domains). Instead, it 

appears to be the result of individuals with moderate or severe linguistic impairments in 

traditionally assessed domains being completely unable to complete any CMC tasks.  
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Recalling the adapted cognitive model for CMC in Chapter II, the author expected that 

any breakdown in the ventral stream would result in severe disruption of reliant cognitive 

processes, including the dorsal stream. SpeechBot’s utility with any individual with moderate or 

severe linguistic impairments in traditional domains is thus limited. Future research might 

develop a more sensitive tool than SpeechBot that could assess CMC impairment secondary to 

impaired ventral stream processes even in the presence of other linguistic impairments.  

Is CMC Impairment Detectable in Individuals with No Impairment in Other Domains of 

Language?  

As discussed in Chapter I, the medical literature includes several reports where CMC 

impairment was observed in the absence of other linguistic impairments. However, often the 

individuals were admitted with more severe signs or symptoms that had mostly resolved at the 

time of physician evaluation. The time since admission was highly variable if reported at all. The 

CMC impairment was commonly detected by looking at messages sent during or just after an 

event (e.g., a stroke or head injury) with no reassessment after admission.  

Furthermore, published reports provide minimal data on whether an SLP was involved 

in the evaluation, the nature and severity of observed cognitive-linguistic deficits, or the types 

of cognitive-linguistic evaluation conducted. The CMC impairments reported were generally 

described in terms of what devices the individuals were unable to use, or the types of errors 

they made when messaging.  

Finally, there is no known reporting of suspected incidence or prevalence data on CMC 

impairment. There has been no assessment tool able to detect CMC impairment  in the absence 

of other signs or symptoms of cognitive or linguistic impairments (i.e., occult CMC). For all of 
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these reasons, it was unclear if this limited sample would include any CMC, let alone if 

SpeechBot would be able to detect it.  

Nevertheless, the results identified five individuals with varying severities of occult CMC 

and scattered errors on CMC tasks in otherwise functional individuals. These results indicate 

that the current version of the rapid-assessment tool has enough sensitivity and specificity to 

be clinically useful as a screening tool. 

Limitations 

Data Collection  

Data collection was scheduled to last two months, from February 1st until April 1st. 

Compared with the prior year, the Wesley hospital system in Wichita saw a 60% increase in the 

patient census in February, and then a rapid change in hospital census, stay-length, and 

treatment trajectory in March. By early March, the COVID-19 pandemic was directly impacting 

patient evaluations with significantly fewer patients referred for non-essential evaluations or 

observations, and many patients being unavailable for evaluation pending testing results. 

Additionally, participating clinicians were under added stress and may have experienced 

reduced motivation, leading to decreased data-collection over time. Further examination of the 

impact of these factors on evaluation, assessment, and research would be a meaningful future 

implementation research question. 

The resulting sample size was appropriate for an exploratory study but limits the power 

of statistical analysis and can mean these conclusions are more susceptible to stochastic error. 

Particularly with the apparently low incidence of CMC in the sample population, future 

experimental studies should target much larger sample sizes. Additionally, future research 
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should be designed to allow follow-up case studies of individuals with identified CMC 

impairment. 

Technological Limitations 

  SpeechBot was highly successful, but it is was custom-built using conveniently available 

software packages and amateur coding solutions. The backend occasionally showed signs of 

strain when processing even a single user at a time. There were some artificial software 

limitations, and significant risk of technological failure as at least three separate services had to 

interact seamlessly at any given time.  

Future iterations would benefit from being adapted to a dedicated server with a 

dedicated custom-built backend. A unified software solution will allow better scalability, 

adaptability, dynamic data collection, and will open up opportunities for the development of a 

CMC corpus. 

SMS/MMS as CMC 

While justified in the literature review, the focus on SMS/MMS CMC interactions is far 

from descriptive of all CMC. If the affordances or properties of another mode or channel of 

CMC are suitably different, the underlying assumptions of the assumed cognitive model would 

not fit, the semiotic resources targeted by the tasks would not match, and the tool would no 

longer be informative or functional. 

Additionally, some users demonstrated dramatically different communicative 

interactions even within the confines of SMS/MMS. One male participant input all longer words 

or phrases using voice input. A CMC impairment for him might involve very different cognitive 

and neural correlates. 
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As discussed in Chapter II, CMC is not solely defined by a device, a user, or a language, 

but by the interactions of all these parts. While an attempt was made to control for many of the 

innumerable CMC profiles by making SpeechBot adaptable to a broad range of hardware, 

software, and input/output modalities, some outliers broke the system. One participant had 

disabled all images. Another utilized personalized “mimoji” avatars instead of emoji that the 

system could not interpret. The exponential increase in complexity that CMC represents and its 

nature as a rapidly evolving linguistic landscape means that there will always be confounds. 

Finally, SMS/MMS are rapidly changing formats. New symbols are being added, new 

menus and keyboards are being updated, and the same message will display differently to each 

user. Moreover, SMS/MMS may be becoming obsolete. Several major telephony platforms are 

automatically rolling users over to Rich Communication Services (RCS) throughout 2020. This 

change will subtly alter some of the properties and semiotic resources, it will completely 

replace others, and it will introduce entirely new features, modalities, and communicative 

interactions like read-receipts and activity markers. 

SpeechBot will either adapt or become less informative over time. 

Implications 

This study explored an area in need of further exploration, as stated by several recent 

case reports and case series reports on CMC impairments. The developed tool, SpeechBot, 

appears to have utility in identifying occult impairment of a dominant communication modality 

currently not being assessed. The results suggest a prevalence of CMC impairment that might 

be higher than previously expected.  

SpeechBot can be fine-tuned into a deployable clinical tool with further validity and 
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reliability testing. If it proves reliable, valid, and sensitive to occult CMC impairment, it has 

unique potential as a highly automated assessment tool. It would be an objective, highly 

reliable, easy-to-use, rapid screener. Clinicians could deploy it simply by asking the patient to 

text a number, and this might have great utility in the early detection of strokes.  

Future Research 

SpeechBot 2.0 

Because SpeechBot was successful in identifying individuals with CMC impairment, the 

next-step reliability and validity studies discussed in Chapter III are justified. Once the tool has 

been revised and determined to be valid and reliable, normative sampling can begin. Evaluative 

studies, scalability studies, sampling of new populations, and potentially clinical deployment 

would follow. 

Detailed Case Studies/Series 

A separate evaluation of a small sample of identified individuals with occult CMC 

impairment would allow better hypothesis generation and testing regarding the etiology of 

CMC. These detailed profiles might include a complete chart review, collection of device 

hardware/software specifications, and specialized data collection during the assessment to 

record as much of the CMC interaction as possible (e.g., eye-tracking, videography to collect 

gestural data, and screen capture from the user’s device). Additionally, supporting cognitive 

and language evaluations would be invaluable, particularly considering the observational notes 

of delayed processing times in the two most severe cases of CMC impairment. 

Corpus Research 

Collecting a larger normative sample cross-referenced with demographic, technological, 
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and functional data could also be utilized to begin the development of a corpus of SMS-based 

(or RCS-based) CMC communications. Currently, such a corpus does not exist (for native English 

speakers). While the basic methodology would remain the same, the tool would need to be 

modified to facilitate more open-ended responses to facilitate building a corpus which captured 

meaningful linguistic variation within the assessed CMC channels. 

Diversity and Demographic Research 

During data visualization, female participants showed an increased prevalence of verbal 

expressive language impairment. This phenomenon may not be directly relevant to CMC—CMC 

did not demonstrate a statistically significant correlation with impairment in any linguistic 

domains directly—but it does deserve further investigation.  

There appear to be several studies that may explain this pattern. There is a well-

documented increased incidence of stroke among women (Hier et al., 1994; Roquer et al., 

2003) and some evidence to suggest sex differences in deficits secondary to stroke including 

increased incidence of aphasia among women (Di Carlo et al., 2003). There is also evidence that 

women are less likely to receive tissue plasminogen activator treatment after a stroke event 

that could result in differences in presentation during the initial evaluation (Reeves et al., 2009).  

Any of these explanations could have implications for the interpretation of the CMC 

data in this study. Demographic variations in disease processes may impact the frequency and 

severity of CMC impairment.  More severe linguistic impairments would result in the reduced 

utility of SpeechBot for that population. Finally, differences in medical treatment according to 

demographic variables would introduce hidden bias into this sample. 

This example highlights the need to consider linguistic diversity when designing future 
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research, and when interpreting findings. 

CMC Impairment or Language Difference? 

There was also a cohort of middle-aged men that stood out during analysis. As discussed 

in Chapter IV there are at least two possible explanations. These data may represent a linguistic 

cohort resulting from a historical difference (namely when individuals first had access to the 

internet). Alternatively, the data may represent gender-specific variation in CMC use 

(particularly in the use of CMC paralinguistic markers). Both of these possibilities bear further 

investigation, and the broader dichotomy of CMC impairment versus CMC difference will likely 

become increasingly important as the dependence on CMC continues to grow. 

Twitter, Instagram, Facebook, Zoom, Skype, RCS, Mimoji, etc. 

Much of the research described here could and should be conducted in other modalities 

of CMC. Email, social media, and teleconferencing are all playing more critical roles in today’s 

communication options. If there are hidden individuals who are unable to utilize these 

modalities it is important to be able to assess, understand, and eventually treat these 

individuals. 
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APPENDIX A: SAMPLE SPEECHBOT INTERACTION 

Left column is SpeechBot prompt Right column is user input 
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APPENDIX A (continued) 
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APPENDIX A (continued) 

 

 

 

 

 

  



 

119 
 

APPENDIX A (continued) 
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APPENDIX B: TEXT FROM PARTICIPANT INFORMED CONSENT FORM 

 
Purpose:  You were invited to participate in a trial assessment of your texting ability. This trial 
and the collected responses will help researchers to better identify changes to computer-
mediated communication. 
  
Participant Selection:  You were selected as a possible participant because you report regularly 
using a device (like your phone or tablet) to communicate, and there is the possibility that your 
abilities in this area have been altered. 
  
Explanation of Procedures:  After agreeing to participate, the clinician will have helped you 
connect to the assessment, SpeechBot. Whether you connected by phone or through Facebook 
Messenger, no personal data was collected by the researchers, and no identifying data (your 
phone-number or username) will be stored with our records. 
 
During the assessment you were asked to text back and forth with SpeechBot, and it had you 
complete a series of common texting skills such as typing, sending emoji, and interpreting 
messages.  
 
Discomfort/Risks:  There are no anticipated risks or discomfort associated with participating in 
this study. All collected data will be de-identified, and no personal identifying (except age and 
gender) will be recorded in any form. Choosing not to participate has no effect on any element 
of your health care, medical record, or treatment. 
  
Benefits: This study hopes to improve assessment of texting, an increasingly important form of 
communication for many Americans. Potential benefits for the researcher include improving 
the tool, and potentially being able to rapidly assess computer mediated communication 
impairment in the future. For you, participation may help the clinician characterize your 
computer mediated communication function in a way that is helpful to your treatment goals. 

Confidentiality:  Every effort will be made to keep all information secure upon collection. The 
data collected is immediately anonymized so it cannot be traced back to you, and it is stored in 
a digital encrypted format in a secure database.  Any forms or records of your interactions with 
the chatbot will be deleted on the researcher’s side.  

 
Outside of research, to make sure the study is done properly and safely there may be 
circumstances where the collected information must be released to the following groups:    

· Office for Human Research Protections or other federal, state, or international 
regulatory agencies;  

· The Wichita State University Institutional Review Board 
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APPENDIX B: (continued) 
 
The researchers may also publish the results of the study.  If they do, they will only discuss 
group results.  Your name will not be used in any publication or presentation about the study. 
   
Refusal/Withdrawal:  Participation in this study is entirely voluntary.  Your decision whether or 
not to participate will not impact any element of your health care, medical record, or 
treatment. You may stop the assessment at any time. 
  
Contact:  If you have any questions about this research, or are interested in the results, you can 
contact the researchers at:   

• Dr. Julie Scherz,  Phone: (316) 978-5344  E-mail: Julie.scherz@wichita.edu 
• Imran Musaji,   Phone: (316)-416-5480.  E-mail: Iymusaji@shockers.wichita.edu 

 
If you have questions pertaining to your rights as a research subject, or about research-related 
discomfort, you can contact the Office of Research and Technology Transfer at Wichita State 
University, 1845 Fairmount Street, Wichita, KS 67260-0007, telephone (316) 978-3285. 
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APPENDIX C: TEXT FROM CLINCIAN INFORMED CONSENT SCRIPT 

This is a suggested script. If an individual fails any of the inclusion/exclusion checks, do not use 
the assessment tool. It is important they provide informed consent, and are given the 
opportunity to have a copy of the consent form, prior to running the assessment tool. 
 
CHECK:  
In the clinician’s judgement, is the patient physically able to use a phone? 
<if yes, continue><if no, do not continue> 
 
CHECK: 
SAY: “Do you normally use a phone to text with others? Is it here?” 
<if yes, continue><if no, do not continue> 
 
SAY: “We are researching a new screening tool for texting. The assessment has you complete some 
simple texting tasks on your own phone or tablet. Your responses are not linked to your name or your 
medical record, but are anonymously stored in a secure research database.  
 
The researchers want to get better at identifying changes to in texting ability. 
 
It takes about three minutes, and there are no known risks. It also will help me to check if there are any 
changes to your reading or writing skills.” 
 
CHECK: 
SAY: “Can we try that? Your answer will have no impact on my evaluation or your stay here. “ 
<if yes, continue><if no, do not continue> 
 
CHECK: 
<SAY: “Great! Let me give you a copy of the consent form in case you have questions later.” 
<give form. They can refuse.> 
SAY: “OK, now grab your phone/tablet. “ 
<Make sure they can hold and interact with device> 
<if yes, continue><if no, do not continue> 
PICK THEIR PREFERRED CONNECTION: 
“Do you use Facebook? If so, you can go to this link 
and it will connect through messenger.” 

m.me/speechbot 
< You can help them to navigate to the link> 

“Or, just text “hi” to this phone number. Any 
normal texting or data rates would apply, but most 
phone services in the US texting is free.” 

Text “hi” to 315-288-XXXX* 
<You can help them to navigate the phone and 
send the initial text> 

 
*the number is  no longer reserved by this clinician so has been omitted out of consideration for any 
new potential owner
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APPENDIX D: EVALUATION LOG INSTRUCTIONS 

DAILY TEXTING EVALUATION LOG INSTRUCTIONS PAGE 
 

For each evaluation completed, list the patient age and the time started (you can use the actual 
evaluation start date that you always collect anyhow).  
 
We can use these two points of data to match the scores you record  below to anonymous digital 
record from SpeechBot). 

 
You will provide a score for each of the four domains of language based on your overall evaluation: 
Listening=L    Speaking=S     Writing=W    Reading=R 

 
There is known variability in clinician use of severity levels. Consider the following Department of 
Education recommendations when identifying severity levels: 

 
 

Normal Mild Moderate Severe Profound N/A 
>85% 78-85% 70-77% <70% Unable  
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APPENDIX E: SAMPLE LOG 

DATE  

 

Patient Age 27  Approximate Start Time 16:41 

 
Listening 

Normal Mild Moderate Severe Profound N/A 
 
Speaking 

Normal Mild Moderate Severe Profound N/A 
 
Reading 

Normal Mild Moderate Severe Profound N/A 
 

Writing 
Normal Mild Moderate Severe Profound N/A 

 

 

 

 

 

  

 

10/31 
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APPENDIX F: BLANK LOG 

DATE  

Patient Age   Approximate Start Time  
 
Listening 

Normal Mild Moderate Severe Profound N/A 
 
Speaking 

Normal Mild Moderate Severe Profound N/A 
 
Reading 

Normal Mild Moderate Severe Profound N/A 
 

Writing 
Normal Mild Moderate Severe Profound N/A 

 
 
 
 
 

 
DATE  

 
Patient Age   Approximate Start Time  

 
Listening 

Normal Mild Moderate Severe Profound N/A 
 

SpeakingNormal Mild Moderate Severe Profound N/A 
 
Reading 

Normal Mild Moderate Severe Profound N/A 
 

Writing 
Normal Mild Moderate Severe Profound N/A 
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APPENDIX G: FLOW PROCESS FOR SPEECHBOT INTERACTIONS 
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APPENDIX H: RAW DATA OUTPUT FROM PILOT STUDY 

 

U
se

rID

ge
nd

er

ag
e

tim
es

ta
rt

co
m

pl
et

ed

tim
ed

on
e

to
ta

ltim
e

te
xt

_e
nc

od
e

te
xt

_d
ec

od
e

im
ag

e_
de

co
de

sy
m

bo
l_

en
co

de

sy
m

bo
l_

de
co

de

em
oj

i_
en

co
de

em
oj

i_
de

co
de

as
yn

c

te
xt

es
e

Q
1_

re
sp

on
se

Q
1_

tim
es

ta
m

p

Q
1_

rti
m

e

Q
2_

re
sp

on
se

Q
2_

tim
es

ta
m

p

Q
2_

rti
m

e

Q
3_

re
sp

on
se

Q
3_

tim
es

ta
m

p

Q
3_

rti
m

e

Q
4_

re
sp

on
se

Q
4_

tim
es

ta
m

p

Q
4_

rti
m

e

Q
5_

re
sp

on
se

Q
5_

tim
es

ta
m

p

Q
5_

rti
m

e

S  
1 Male 37

 
Oct yes

 
Oct 170 4 6 1 2 2 1 2 1 1

S
RT #### 12 Yes

{{ 
MISSI 6 3 #### #### lion #### 9 cat #### 8

#####
e a

le 48
 

Oct yes
 

Oct 253
S
RT #### 6 Yes

{{ 
MISSI 7 3 #### #### lion #### 10 cat #### 16

##### Male 39
 

Oct yes
 

Oct 357
S
RT #### 6 Yes

{{ 
MISSI 7 3 #### #### lion #### 7 Cat #### 12

#####
e a

le 35
Sat 
Oct yes

Sat 
Oct 215

S
RT #### 6 Yes

{{ 
MISSI 6 3 #### #### lion #### 6 Cat #### 9

#####
e a

le 55
Su  
Oct yes

Su  
Oct 200

S
RT #### 6 Yes

{{ 
MISSI 6 3 #### #### lion #### 7 Cat #### 10S  

2 Male 37
o  

Oct yes
o  

Oct 133 4 6 1 2 2 1 2 1 1
S
RT #### 6 Yes

{{ 
MISSI 5 3 #### #### lion #### 5 cat #### 5

#####
e a

le 21
o  

Oct yes
o  

Oct 213
S
RT #### 9 Yes

{{ 
MISSI 7 3 #### #### lion #### 8 cat #### 11

#####
e a

le 21
o  

Oct yes
o  

Oct 276
S
RT #### 8 Yes

{{ 
MISSI 6 3 #### #### lion #### 12 cat #### 15

#####
e a

le 27
o  

Oct yes
o  

Oct 167
S
RT #### 6 Yes

{{ 
MISSI 6 3 #### #### lion #### 7 Cat #### 9

##### le 34
 

Oct yes
 

Oct 276 RT #### 10 Yes
{{ 
MISSI 7 3 #### #### lion #### 9 cat #### 13

##### le 21
 

Oct yes
 

Oct 182 RT #### 6 Yes
{{ 
MISSI 6 3 #### #### lion #### 8 cat #### 10

##### le 20
 

Oct yes
 

Oct 178 RT #### 9 Yes
{{ 
MISSI 6 3 #### #### lion #### 9 cat #### 12

##### le 22
 

Oct yes
 

Oct 257 RT #### 6 Yes
{{ 
MISSI 6 3 #### #### lion #### 9 cat #### 12

##### le 21
 

Oct yes
 

Oct 145 RT #### 5 Yes
{{ 
MISSI 5 3 #### #### lion #### 6 Cat #### 12

##### le 22
 

Oct yes
 

Oct 170 RT #### 5 Yes
{{ 
MISSI 7 3 #### #### lion #### 6 Cat #### 9

##### le 22
 

Oct yes
 

Oct 230 RT #### 8 Yes
{{ 
MISSI 8 3 #### #### lion #### 16 cat #### 12

##### le 21
 

Oct yes
 

Oct 195 RT #### 8 Yes
{{ 
MISSI 7 3 #### #### lion #### 8 cat #### 8

##### le 22
 

Oct yes
 

Oct 211 RT #### 7 Yes
{{ 
MISSI 6 3 #### #### lion #### 9 cat #### 8

##### le 21
 

Oct yes
 

Oct 166 RT #### 4 Yes
{{ 
MISSI 5 3 #### #### lion #### 7 cat #### 12

##### le 32
 

Oct yes
 

Oct 174 RT #### 7 Yes
{{ 
MISSI 5 3 #### #### lion #### 5 Cat #### 8

##### le 33
 

Oct yes
 

Oct 245 RT #### 5 Yes
{{ 
MISSI 5 3 #### #### lion #### 6 Cat #### 8

#####
e a

le 42
Sat 
Oct yes

Sat 
Oct 409

S
RT #### 6 Yes

{{ 
MISSI 6 3 #### #### lion #### 10 Cat #### 18

#####
e a

le 42
o  

Oct yes
o  

Oct 377
S
RT #### 6 Yes

{{ 
MISSI 6 3 #### #### lion #### 8 cat #### 8

Test 3 Male 35
ed 

Oct yes
ed 

Oct 109 4 6 1 2 2 1 2 1 1
S
RT #### 4 Yes

ed 
Oct 4 3 #### #### lion #### 5 cat #### 5

##### Male 37
ed 

Oct yes
ed 

Oct 199 4 6 1 2 2 1 2 1 1
S
RT #### 7 Yes

ed 
Oct 7 3 #### #### lion #### 9 Cat #### 9

#####
e a

le 26
Su  
Oct yes

Su  
Oct 249 4 6 1 2 2 1 2 1 1

S
RT #### 5 Yes

Su  
Oct 5 3 #### #### lion #### 10 Cat #### 13



 

128 
 

APPENDIX H (continued) 
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APPENDIX I: LIST OF RAPID ASSESSMENT TOOLS FOR POTENTIAL CVA 

Title Acronym Reference CMC 

3 Item stroke scale 3I-SS Singer, O. C., Dvorak, F., du Mesnil de Rochemont, R., 
Lanfermann, H., Sitzer, M., & Neumann-Haefelin, T. 
(2005). A simple 3-item stroke scale: comparison with 
the National Institutes of Health Stroke Scale and 
prediction of middle cerebral artery 
occlusion. Stroke, 36(4), 773-776. 

No 

Balance, Eyes, Face, 
Arms, Speech, Time 
algorithm 

BEFAST Pickham, D., Valdez, A., Demeestere, J., Lemmens, R., Diaz, L., 
Hopper, S., ... & Lansberg, M. G. (2019). Prognostic 
Value of BEFAST vs. FAST to Identify Stroke in a 
Prehospital Setting. Prehospital Emergency 
Care, 23(2), 195-200. 

No 

Cincinnati Prehospital 
Stroke Severity Scale 

CPSSS Katz, B. S., McMullan, J. T., Sucharew, H., Adeoye, O., & 
Broderick, J. P. (2015). Design and validation of a 
prehospital scale to predict stroke severity: Cincinnati 
Prehospital Stroke Severity Scale. Stroke, 46(6), 1508-
1512. 

No 

Embolectomy For 
Stroke With Emergent 
Large Vessel Occlusion 

ELVO Hastrup, S., Damgaard, D., Johnsen, S. P., & Andersen, G. 
(2016). Prehospital acute stroke severity scale to 
predict large artery occlusion: design and comparison 
with other scales. Stroke, 47(7), 1772-1776. 

No 

Face, Arms, Speech, 
Time algorithm 

FAST Harbison, J., Hossain, O., Jenkinson, D., Davis, J., Louw, S. J., & 
Ford, G. A. (2003). Diagnostic accuracy of stroke 
referrals from primary care, emergency room 
physicians, and ambulance staff using the face arm 
speech test. Stroke, 34(1), 71-76. 

No 

Field Assessment Stroke 
Triage for Emergency 
Destination 

FAST-ED Lima, F. O., Silva, G. S., Furie, K. L., Frankel, M. R., Lev, M. H., 
Camargo, É. C., ... & Nogueira, R. G. (2016). Field 
assessment stroke triage for emergency destination: a 
simple and accurate prehospital scale to detect large 
vessel occlusion strokes. Stroke, 47(8), 1997-2002. 

No 

Kurashiki Prehospital 
Stroke Skale 

KPSS Kimura, K., Inoue, T., Iguchi, Y., & Shibazaki, K. (2008). 
Kurashiki prehospital stroke scale. Cerebrovascular 
diseases, 25(1-2), 189. 

No 

Los Angeles Motor 
Scale  

LAMS Nazliel, B., Starkman, S., Liebeskind, D. S., Ovbiagele, B., Kim, 
D., Sanossian, N., ... & Duckwiler, G. (2008). A brief 
prehospital stroke severity scale identifies ischemic 
stroke patients harboring persisting large arterial 
occlusions. Stroke, 39(8), 2264-2267. 

No 
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APPENDIX I (Continued) 

Los Angeles Prehospital 
Stroke Screen 

LAPSS Kidwell, C. S., Saver, J. L., Schubert, G. B., Eckstein, M., & 
Starkman, S. (1998). Design and retrospective analysis 
of the Los Angeles prehospital stroke screen 
(LAPSS). Prehospital Emergency Care, 2(4), 267-273. 

No 

Texas Stroke Intervention 
Pre-Hospital Stroke 
Severity Scale 

LEGS Venizelos, A., Chen, S., Gianatasio, R., Coffman, S., Gamber, 
M., Myers, J. H., & Janardhan, V. (2014). Abstract T 
MP59: Texas Stroke Intervention Pre-Hospital Stroke 
Severity Scale (aka LEGS score): a triaging tool for 
interventional stroke therapy. Stroke, 45(suppl_1), 
ATMP59-ATMP59. 

No 

Melbourne Ambulance 
Stroke Screen 

MASS Purrucker, J. C., Hametner, C., Engelbrecht, A., Bruckner, T., 
Popp, E., & Poli, S. (2015). Comparison of stroke 
recognition and stroke severity scores for stroke 
detection in a single cohort. J Neurol Neurosurg 
Psychiatry, 86(9), 1021-1028. 

No 

Medic Prehospital 
Assessment for Code 
Stroke 

MedP
ACS 

Purrucker, J. C., Hametner, C., Engelbrecht, A., Bruckner, T., 
Popp, E., & Poli, S. (2015). Comparison of stroke 
recognition and stroke severity scores for stroke 
detection in a single cohort. J Neurol Neurosurg 
Psychiatry, 86(9), 1021-1028. 

No 

National Institutes of 
Health Stroke Scale 

NIHSS Brott, T., Adams Jr, H. P., Olinger, C. P., Marler, J. R., Barsan, 
W. G., Biller, J., ... & Hertzberg, V. (1989). 
Measurements of acute cerebral infarction: a clinical 
examination scale. Stroke, 20(7), 864-870. 

Maybe 

Ontario Prehospital 
Screening Tool for 
Identification of Patients 
with Acute Stroke 

OPSS Brandler, E. S., Sharma, M., Sinert, R. H., & Levine, S. R. (2014). 
Prehospital stroke scales in urban environments: a 
systematic review. Neurology, 82(24), 2241-2249. 

No 

Rapid Arterial Occlusion 
Evaluation 

RACE Pérez de la Ossa, N., Carrera, D., Gorchs, M., Querol, M., 
Millán, M., Gomis, M., ... & Escalada, X. (2014). Design 
and validation of a prehospital stroke scale to predict 
large arterial occlusion: the rapid arterial occlusion 
evaluation scale. Stroke, 45(1), 87-91. 

No 

Recognition of Stroke in 
the Emergency Room 

ROSIE
R 

Purrucker, J. C., Hametner, C., Engelbrecht, A., Bruckner, T., 
Popp, E., & Poli, S. (2015). Comparison of stroke 
recognition and stroke severity scores for stroke 
detection in a single cohort. J Neurol Neurosurg 
Psychiatry, 86(9), 1021-1028. 

No 

Vision Aphasia Neglect 
assessment 

VAN Teleb, M. S., Ver Hage, A., Carter, J., Jayaraman, M. V., & 
McTaggart, R. A. (2017). Stroke vision, aphasia, neglect 
(VAN) assessment—a novel emergent large vessel 
occlusion screening tool: pilot study and comparison 
with current clinical severity indices. Journal of 
neurointerventional surgery, 9(2), 122-126. 

No 
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