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Abstract 

The human body provides a wealth of information that, when captured and analyzed, offers deep 

insight into the mind and its processes.  At no other point in history has this information been as 

accessible as it is today. Using various sensor systems, researchers can now efficiently capture 

fine-grain behavioral data and leverage it for scientific insight. This dissertation begins by 

reviewing the capture and use of human-data from an information systems perspective in which 

the objective is to provide organizational value. The dissertation then proposes a scalable 

interview system for the collection and analysis of verbal and nonverbal human behaviors. 

Following design science principles, a proof-of-concept prototype system is created and evaluated 

in the context of personnel-selection. The prototype system comprises a highly structured 

interview paradigm and uses a standard web-camera to record interviewees. Experiment 1 

evaluates the system’s ability to replicate subjective human judgements of source credibility. 

Experiment 2 then assesses the system’s ability to predict objective measures of general mental 

ability and job knowledge. During each experiment, study participants conduct mock job 

interviews using the prototype system. Participants respond to a series of interview questions 

related to a mock-job description. Behavioral features are extracted from facial displays, voice 

characteristics, and language usage captured by video recordings. In Experiment 1, participant 

performance is assessed using third-party raters. In Experiment 2, participants complete 

computerized assessments of general mental ability and job skills following the interview. 

Assessments and behavioral measures are then processed with predictive machine learning 

algorithms. The results indicate that subjective and objective measures of job performance can be 

inferred at rates considerably above chance using automated analysis of human behaviors. This 

research provides insight into the design principles that allow for human-analytics to become part 

of organizations’ day-to-day processes. 
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1 Introduction 

The human body is a rich source of signals. Intentionally produced verbal signals can tell stories, 

unintentionally produced nonverbal signals can divulge concealed information, physiological 

responses can disclose heightened arousal, and neurological changes can expose frustration. 

Human signals have been an area of study since the early days of scientific inquiry, but there is 

no other point in history where these signals are as accessible as today. Since the turn of the 

millennium, technologists have developed a plethora of tools to track and record all varieties of 

human signals with the potential to provide deep insight into the human mind and its processes. 

Scientists and technologists alike have made great strides in producing value from human signals. 

Value can come in many forms from providing insight into personal fitness goals, to assisting 

with medical diagnoses and rehabilitation, to identifying threats and fraudulent activity. Although 

much has been accomplished in this area, the research is still at its infancy in terms of how to 

leverage human signals and maximize value. This is especially true in information systems 

research where the overarching objective is to provide actionable discoveries to organizations.  

The objective of this current research is to explore the potential of using signals from the human 

body to generate value for organizations. This is accomplished by first reviewing current 

technologies for collecting human-data, exploring related research from the information systems 

community, and outlining the domain knowledge required to conduct human-data research. Next, 

a system is proposed that allows for the large scale but structured collection of verbal and 

nonverbal human signals. The system is then evaluated in the context of personnel selection. In 

Experiment 1, the system is evaluated based on its ability to replicate the decision-making 

abilities of humans related to subjective measures of job interview performance. In contrast, 

Experiment 2 is concerned with the system’s ability to evaluate objective measures of job 

performance during interviews. The general theme of the evaluations is based on the system’s 
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ability to provide organizational value through the systematic collection and analysis of human 

behaviors. 

2 Behavioral Informatics and Human-Analytics 

In the summer of 2010, Youngjin Yoo published a call for research on experiential computing in 

MIS Quarterly (Yoo, 2010). Experiential computing deals with, “digitally mediated embodied 

experiences in everyday activities through everyday artifacts with embedded computing 

capabilities” (p. 215). Yoo’s call for action was a recognition of the evolution of computing from 

desktop boxes to pocket sized multi-purpose devices. He recognized that computing was no 

longer subjugated to corporate environments and computers and information systems were a 

natural aspect of day-to-day life for businesses and individuals alike. 

Although Yoo’s call to action aligns with other calls (e.g. Cecez-Kecmanovic, Galliers, 

Henfridsson, Newell, & Vidgen, 2014; Vodanovich, Sundaram, & Myers, 2010) to expand 

information systems (IS) research scope beyond traditional business-organizational applications, 

the vast majority of published research in top IS journals continues to focus on business 

advantage. With roots in accounting systems and the majority of top IS scholars tenured at 

colleges of business, it’s no surprise that most research is produced with a business element as the 

nucleus. However, to overlook advances in technology and say this is not in our wheel house is a 

great disservice to both the IS and business communities. IS as a discipline has grown as a multi-

disciplinary field of study. This has allowed the community to tackle many challenging problems 

in the past and allows for adaptation throughout technological evolution. 

An especially interesting development within the IS community caused by the evolution of 

technology is in Behavioral Informatics (BI) and what I am calling Human-Analytics within this 

dissertation. With the advent of Web 2.0 and the development of technology that records all 

aspects of the interaction between humans and technology, there is much potential in leveraging 
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human-data for business purposes. The IS community’s expertise in both the behavioral and the 

artificial (Hevner, March, Park, & Ram, 2004) makes IS scholars well suited for this task. Select 

scholars in the community have already made significant strides in this area through the use of 

advanced sensor systems. Advances in technology such as mobile devices, wearables, and 

computer vision continue to provide additional signal sources. As technology advances and 

individuals’ interactions with systems evolve, the need to understand how to process and interpret 

human-data for social and organizational advancement becomes increasingly important. 

This section will begin by positioning human-analytics within an existing IS framework. Next, 

advances in sensing technology will be discussed. Existing IS research that deals with human-

analytics will then be presented and the basis for expanding human-analytics within the IS 

community will be outlined.  

2.1 Defining Human-Analytics 

Before the discussion on the use of human-analytics can begin, adequately defining the idiom and 

positioning it within IS research is required. Human-analytics can be viewed as a sub-domain of 

Behavioral Informatics (BI). “Behavioral Informatics seeks to deliver computational technologies 

and tools for deeply understanding behavior and social behavior networks” (Cao, 2010, p. 3071). 

Cao (2010) categorized BI into two types of behaviors: Symbolic and Mapped. Symbolic 

behaviors comprise the bulk of IS-BI research and deals with the quantification and analysis of 

human interactions with a system such as usage behavior or transaction history. For instance, 

customer purchase transactions on an e-commerce website can be viewed as symbolic behaviors. 

In this case, customer purchases represent their behaviors as they interact with the web platform. 

Mapped behaviors refer to recording physical human behaviors with sensing instruments such as 

surveillance cameras. Human-analytics is encompassed within mapped behaviors, but also 

expands the concept beyond macro-physical behaviors to include psychophysiological and 

cognitive phenomena.  
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Perhaps the most well-known variety of BI within IS research is what Pavlou et al. (2007) coined 

Neuro-IS – the application of “cognitive neuroscience theories, methods, and tools in IS research” 

(Pavlou et al., 2007, p. 1). Neuro-IS relies on psychophysiological and neuroimaging technology 

to evaluate constructs such as trust (Dimoka, 2010), habituation (B. B. Anderson, Vance, Kirwan, 

Jenkins, & Eargle, 2016; Vance, Jenkins, Anderson, Bjornn, & Kirwan, 2018), self-control (Hu, 

West, & Smarandescu, 2015), emotions (Hibbeln, Jenkins, Schneider, Valacich, & Weinmann, 

2017), beliefs (de Guinea, Titah, & Léger, 2014), and decision making (Minas, Potter, Dennis, 

Bartelt, & Bae, 2014) in the context of information systems. Neuro-IS researchers employ tools 

such as eye trackers, electrocardiographs (ECG), functional magnetic resonance imaging (fMRI), 

and electroencephalography (EEG) to study these constructs. IS research from a neuroscience 

perspective is argued to be more pure, overcoming limitations associated with self-report data, 

and more fine-grained, allowing for real-time data and the evaluation of unconscious processes 

(Dimoka et al., 2012).  

Where Neuro-IS deals explicitly with cognitive neuroscience theory, technique, and tools, 

human-analytics is more expansive including the use of human data captured from signals such as 

kinesics, vocalics, and linguistics. As will be discussed in more detail later, the inclusion of 

additional modalities of human data presents advantages in terms of scale and operationalization, 

but at a cost of sensitivity and specificity. In summary, human-analytics is a sub-division of 

behavioral informatics, but broadens the scope to include neurological, physiological as well as 

macro-level behavioral signals. The objective of human-analytics is to utilize captured human 

behaviors for the purposes of creating organizational value. In the context of this paper, the term 

human-data refers to data generated by a sensor system when aimed at an individual under study. 

Human-data is a precursor to human-analytics which deals with providing organizational value 

with the data.  
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2.2 Human Sensing Technology 

Accurately measuring human behaviors has long been a source of challenge for scientists from 

varying domains. Over time, researchers have developed or integrated methods to capture 

behaviors automatically to better understand emotions, reactions, decision processes, and 

countless other behavioral constructs. It has long been understood that simply asking a subject of 

study about their behaviors and internal processes leads to inconsistent data due to biases or 

simply different interpretations. 

Since the new millennium, a wealth of technologies capable of capturing human-data have been 

developed. Possibly the most impactful being the advent of mobile computing. In 2007, Apple 

released the iPhone. This Swiss Army Knife of consumer electronics included a phone, camera, 

media playing device, and GPS. The device also included an integrated gyroscope, accelerometer, 

and magnetometer, which allows the orientation of the device to be tracked (Lane et al., 2010). 

Today, you will be hard-pressed to find mobile devices that do not include these sensors as well 

as a host of others including barometers, proximity sensors, and light sensors. Although these 

sensors are intended for the devices calibration, it was quickly realized that the data gathered 

could provide valuable insight into the behaviors of the user beyond how they directly interact 

with the device. Scholars have leveraged the sensing capabilities of mobile devices to identify 

such tasks as motion recognition (e.g. walking, jogging, standing, sitting) (Kwapisz, Weiss, & 

Moore, 2011), transportation mode detection (e.g. walking, bus, car, riding bike) (Stenneth, 

Wolfson, Yu, & Xu, 2011), and environmental impact (Mun et al., 2009). 

In 2010, Microsoft released the Kinect, a set-top box 3D depth camera designed to capture the 

movement of users as they interacted with gaming software. Users engage with the gaming 

console by moving their bodies as opposed to manipulating buttons on a controller. The 

technology could also detect facial expressions and was later equipped with remote heart rate 

sensing capabilities. The open programming interface, available development tools, and 
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affordability have made the device popular with researchers as a tool to capture human behaviors 

in real-time (Z. Zhang, 2012). These efficiencies have led to a host of innovative research that has 

looked at such tasks as affect recognition (Patwardhan & Knapp, 2016), physical therapy 

rehabilitation (Chang et al., 2012), retail shopping (L. Wang, Villamil, Samarasekera, & Kumar, 

2012) and deception detection (N. Twyman, Elkins, Burgoon, & Nunamaker, 2014). 

A close relative to 3D sensing instruments such as the Microsoft Kinect is computer vision. 

Whereas the capture of human-data with the Kinect requires specialized hardware to track 

movement, computer vision uses algorithms to analyze the content of pictures and videos 

captured with standard cameras. This allows for the use of inexpensive cameras to capture human 

behaviors. Software such as the Computer Expression Recognition Toolbox (CERT) (G. 

Littlewort et al., 2011) has been designed to measure facial affect and head pose in real-time. 

Other computer vision tools have been designed to measure behavioral signals such as hand 

position (Erol, Bebis, Nicolescu, Boyle, & Twombly, 2007; Mahmoud & Robinson, 2011), 

posture (Juang, Chang, Wu, & Lee, 2009; Sanghvi et al., 2011), and walking gate (Makihara, 

Mannami, & Yagi, 2011; J. Wang, She, Nahavandi, & Kouzani, 2010) from video. Output from 

the different systems generally consists of measures for each frame of video input. By deriving 

measures from each video frame, researchers can obtain temporal signals of human behaviors. In 

the realm of human behavior analysis, computer vision has been used for such tasks as detecting 

distracted drivers (Jo, Lee, Kim, Jung, & Park, 2011; Vural et al., 2007; Wahlstrom, Masoud, & 

Papanikolopoulos, 2003), recognizing expressions of pain (G. C. Littlewort, Bartlett, & Lee, 

2007), detecting deception (Meservy et al., 2005; Pentland, Twyman, Burgoon, Nunamaker, & 

Diller, 2017), and understanding behaviors of retail shoppers (Xiaoming Liu, Krahnstoever, Ting 

Yu, & Tu, 2007).  

The past decade has also seen remarkable advancements in wearable technologies. Consumer 

products such as the Fitbit and Apple Watch come equipped with many of the same sensors as 
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mobile phones but are also equipped with skin-based sensors to measure physiological signals. 

The bulk of research on wearable sensor systems has focused on healthcare applications such as 

patient monitoring (Patel et al., 2010) and rehabilitation (Patel, Park, Bonato, Chan, & Rodgers, 

2012). Companies such as Empatica (www.empatica.com) have developed watch-type sensors to 

measure autonomic nervous system activation through electrodermal activity for the detection of 

seizures. Wearable technologies overcome many of the challenges of collecting physiological 

data such as cost, size, and invasiveness (Gaskin, Jenkins, Meservy, Steffen, & Payne, 2017). 

Since most of these devices are web-enabled through Wi-Fi or Bluetooth, the collection of data 

can be centralized allowing for analysis of larger samples and of samples outside of a laboratory 

setting.  

The technologies described in this section are just a few of the advancements that have been made 

in reading and recording human-data since the turn of the millennium. As technology continues to 

advance and how people interact with technology changes, it is likely more and more human-data 

will be available for analysis. This offers many opportunities for IS researchers as the need to 

understand how to process and utilize human-data continues to grow. 

2.3 Human Sensing Systems in Information Systems Research 

The ubiquity of sensing devices is changing how users interact with technology and what 

information about the user is available for analysis. Given the commonality of sensing 

instruments in daily life, it’s surprising that more information systems research isn’t devoted to 

investigating methods to leverage the technology. A possible reason that sensing technology has 

not been fully embraced by the IS community is the lack of clear organizational benefits. 

“Information systems are implemented within an organization for the purpose of improving the 

effectiveness and efficiency of that organization” (Hevner et al., 2004, p. 76). At first glance, 

organizational benefits of sensing technology may not be obvious, and this line of inquiry may be 

thought of as best suited for socio-behavioral scientists, but when the capture, analysis, and use of 
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human behavior is distilled, the individual elements are strongly related to what IS researchers 

know best – Decision Support, Design Science, and Data Analytics. The key ingredient missing 

for human sensing systems to be a more prominent topic within IS research is creativity for how 

this technology can improve the effectiveness and efficiency of organizations. The objective of 

this section is to highlight the components of human-analytics that correspond to the strengths of 

the IS community and provide examples of IS research that have harnessed human-analytics for 

organizational value. 

2.3.1 Socio-Behavioral Sciences 

The need to sense human behaviors generally begins with a desire to understand reactions to a 

stimulus or to identify behaviors predictive of an event. This varies widely depending on context, 

but a business/researcher may be interested in recognizing negative emotions experienced by 

system users (Hibbeln et al., 2017) or detecting fake online reviews (D. Zhang, Zhou, Kehoe, & 

Kilic, 2016). On initial inspection, there are a vast number of signals that may be candidates for 

analysis. To reduce noise, guide design, and select appropriate features, IS researchers look to 

socio-behavioral sciences to understand the complexities of human behavior. IS researchers 

interested in human-data commonly consult psychology, communications, neuroscience, 

criminology, economics, and/or physiology (e.g. Dimoka, 2010; Hibbeln et al., 2017; Proudfoot, 

Jenkins, Burgoon, & Nunamaker, 2016; N. W. Twyman, Proudfoot, Schuetzler, Elkins, & 

Derrick, 2015). For instance, Twyman et al. (2014) drew from criminology research to construct a 

controlled interviewing system for the detection of concealed information and physiology and 

psychology to identify appropriate design elements of the system that induced behavioral signals.  

Socio-behavioral sciences establish a theoretical foundation for the IS researcher. This foundation 

provides the understanding of human behavior in contexts much broader than information 

systems and commonly guides the selection of viable human-data features for evaluation. Hibbeln 

et al. (2017), relied on Attentional Control Theory (ACT), a psychology rooted theory, to 
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conceptualize users’ reactions to poorly designed systems. ACT informed the selection of mouse 

movement trajectories to infer negative emotions as users navigated through the system. In this 

case, psychology informed possible reactions to stimuli as well as the analytical approach for 

measuring the reaction (e.g. less precise mouse movements). 

2.3.2 Sensing Instrument 

To effectively collect human data, reactions to stimulus must be sensed. The use of 

psychophysiological and neuroimaging tools in Neuro-IS are argued to produce more reliable 

data, free of conscious manipulation and bias which are elusive, if not unobtainable using 

traditional collection instruments such as self-reports (Dimoka et al., 2012). Tools used to collect 

human-data are rooted in engineering and computer science. For instance, Proudfoot et al. (2016) 

utilized a non-contact eye tracking system to evaluate gaze fixation and pupil dilation throughout 

human-computer interactions. Modern eye tracking systems are based on principles of optical 

engineering and use infrared light to illuminate the eyes. Cameras and image processing 

technology then detect illuminated regions of the eye to infer gaze direction and pupil dilation 

(Duchowski, 2007). Pentland et al. (2017) utilized computer vision software developed by 

computer scientists to implement a system for face-based deception detection. Computer vision 

relies on image processing and machine learning techniques to understand features such as facial 

affect. The technical expertise of IS scholars enables them to understand and implement sensing 

technology.  

2.3.3 Data Management 

With the advantage of capturing fine grain human behaviors in real-time, the use of sensor 

systems also comes with challenges. One of which is managing and distilling the wealth of 

extracted data. For instance, CERT (G. Littlewort et al., 2011), the face tracking software used by 

Pentland et al. (2017), provides 66 measures for each frame of video. The standard video frame 

rates is ~30 frames per second. For each minute of video input, the sensing tool is producing an 
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1800 by 66 data matrix.  This is for just a single signal modality. Systems such as the AVATAR 

(Nunamaker, Derrick, Elkins, Burgoon, & Patton, 2011) record multiple signals such as face, 

voice, and body movement behaviors simultaneously. For each additional modality captured, the 

volume of data multiplies.  

To successfully manage and leverage the volume of data that can be obtained by sensing human 

behaviors, IS researchers draw upon theories from social-behavioral sciences to select appropriate 

features as discussed previously, but can also draw from principles of big data. Big data is often 

characterized as including variety, velocity, volume, and veracity (Abbasi, Sarker, & Chiang, 

2016; Goes, 2014; Schroeck, Shockley, Smart, Romero-Morales, & Tufano, 2012). Variety refers 

to multiple data sources. In the case of human sensing, this is the simultaneous collection of data 

from multiple behavioral signals. Velocity refers to the speed at which the data is produced and is 

akin to the real-time collection of human data measured in seconds or even microseconds. 

Volume refers to the quantity of data produced, which for any sustained period of monitoring, can 

increase rapidly when evaluating human behaviors. And veracity refers to the quality of data. The 

ability to extract human behavioral data and unconscious processes using sensor systems provides 

highly reliable data free of bias if the signal can be separated from noise. IS researchers can draw 

from experience in database systems to manage the data, as well as from an understanding of big 

data to appropriately preprocess data.  

2.3.4 Data Analytics and Decision Support 

The emergence of IS as a field of study was precipitated by the advent of automated business 

processes and the need to provide individuals and executives data that was accessible and usable 

(Agarwal & Dhar, 2014). In the same light, the human-data produced by sensor systems must 

provide valuable and actionable intelligence. This has been accomplished both through 

explanatory and predictive analytical approaches. For instance, Jenkins et al. (2016) used brain 

imaging and computer mouse movement behaviors to explain the effects of warning message 
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interruption on task performance. The research builds on theories of habituation to explain the 

cognitive processes involved when responding to system generated computer alerts. The research 

informs the design of future systems and how and when system warnings are presented to users. 

Twyman et al. (2015) on the other hand approached human-data from a prediction task 

perspective, implementing machine learning algorithms to predict deception in the context of 

security screening systems.  

Business intelligence and analytic methods used by IS scholars to tackle big and small data 

analysis are well suited for human-analytics. IS scholars commonly utilize data mining 

algorithms such as C4.5, Naïve Bayes, k-means, and SVM as well as more traditional statistical 

techniques (e.g. regression, factor analysis, discriminant analysis) to mine data for intelligence 

(Chen, Chiang, & Storey, 2012). These methods have become so commonplace in IS that we may 

forget their origins. The majority of the most influential data mining algorithms were proposed 

and developed by computer scientists (Wu et al., 2008). IS scholars have adopted these 

techniques as tools of our trade as the complexity of datasets continues to increase. 

Data science and decision support systems (DSS) is one of the long-standing areas of expertise 

within the IS community (Banker & Kauffman, 2004). DSS is concerned with “supporting and 

improving managerial decision-making” using information systems (Banker & Kauffman, 2004, 

p. 657). Business intelligence, analytics, data mining and, behavior informatics are covered by the 

larger umbrella of DSS in that, in each of these, a system is created, or data is evaluated to 

support the decision processes of organizations. The development of DSS relies on an 

understanding of organizational needs and the mechanisms that support those needs. DSS is a 

necessary component of human-analytics which uses captured human-data to support decision 

making in organizational contexts.   

Figure 1 represents the components and processes of human behavior analytics. Underlying the 

entire process is the need to produce organizational benefits. This can be in the form of new 
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knowledge that informs the design of a system, practices to improve efficiency and effectiveness, 

and/or a complete system that produces intelligence from human-data in real-time. The process 

begins with an understanding of socio-behavioral sciences and how humans respond to stimuli 

such as a poorly designed system. This stage provides the theoretical basis for evaluating human 

behavior and the selection of appropriate signals to capture. The next stage is rooted in 

engineering and computer science which guides the use of appropriate tools and techniques to 

capture the identified features. This can take many forms such as fMRI and EEG to capture brain 

activity, eye tracking systems to capture gaze behavior and pupil dilation, 3D sensing instruments 

to capture body movement, microphones to capture voice behaviors, or ECG and photo-

plethysmographs to capture physiological signals. The next stage deals with the management of 

the captured data in terms of how to properly process and store each signal. And finally, research 

in data science and decision support informs how the data should be harnessed to create 

organizational value.  

Figure 1: Components of Human-Analytics 

 

To adequately leverage human-data for business value takes a multidisciplinary approach. The IS 

communities’ strengths in both the behavioral and the artificial provides the best possible 



26 
 

expertise to make significant strides in this domain. Socio-behavioral scientists lack the technical 

expertise to handle the complexity of human datasets. Similarly, engineers and computer 

scientists lack the methodologies and experience of socio-behavioral sciences to leverage the data 

and provide a deep understanding of human behaviors. Both the technical and behavioral sciences 

lack the understanding of business practices to sufficiently provide organizational benefits. 

Information systems scientists have the capacity to cross these boundaries and maximize the 

potential of human-data through human-analytics. From a management information systems 

perspective, a key aspect of human-analytics is to ensure businesses and organizations benefit 

from the capture and analysis of human-data. This constraint further positions human-analytics 

within the IS wheelhouse.  

2.4 Ubiquitous vs. Specialized Sensors 

Human-analytics, as discussed in this section, is more inclusive than Neuro-IS, expanding beyond 

advanced neuro-cognitive imaging technology to include verbal and nonverbal behaviors such as 

kinesics, vocalics, and linguistics. As I eluded to above, the inclusion of additional sensing 

instruments of human-data presents advantages in terms of scale and operationalization, but with 

reduced sensitivity and specificity. There may be no better way to understand how users react to a 

system than directly evaluating their brain activity. However, the tools common to Neuro-IS such 

as fMRI and EEG greatly lack practicality for organizational use. For instance, access to fMRI 

costs between $100 and $600 per hour (Dimoka et al., 2012) and an EEG cap can take up to an 

hour to setup on a subject prior to data being collected (Gardner, 2001). These limitations relegate 

most tools of Neuro-IS to academic studies. The tools provide great insight into theories of IS and 

system designs which can eventually be incorporated into organizational settings, but lack 

pragmatism for predictive analytics. The tools of Neuro-IS sacrifice operationalization for 

increases in sensitivity and specificity.  
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The use of microphones, video cameras, non-contact eye trackers, and wearable technologies to 

capture human-data reduces many of the limitations associated with traditional Neuro-IS tools. 

For instance, measuring emotional reactions to stimuli can be accomplished with a simple web-

camera and computer vision software. Market researchers have adopted this approach when 

testing new advertisements (e.g. McDuff, el Kaliouby, Demirdjian, & Picard, 2013). Participants 

are recruited to view new TV commercials while having their facial affect tracked. Marketers can 

use this information to better understand reactions to ads and if the ads are having the designed 

effect. The benefit to this approach is that through the use of standard web cameras and an online 

platform, a large sample of subjects can be studied. 

Expanding beyond advanced neuro-cognitive imaging tools to more ubiquitous sensing 

technology increases the reach of human-analytics. The tools are cheaper to acquire, faster to 

setup, and more scalable. For example, the AVATAR kiosk system taps into neurological 

processes for the purpose of security screenings, but with the use of non-contact sensing 

instruments such as eye trackers, computer vision, and voice analysis. These types of sensors are 

relatively inexpensive compared to traditional Neuro-IS sensors and do not require subjects to be 

physically attached to technology. This is what allows the AVATAR to be a feasible system for 

the rapid screening of travelers at airports and ports of entry. In this case, security officers can use 

real-time human-analytics to detect malicious travelers.     

More ubiquitous sensing instruments, however, must be used with caution. In the case of using 

software to judge facial emotions, it is possible for a subject to purposely suppress their true 

emotions. Through social evolution, humans have mastered the ability to control facial 

expressions (Ekman & Friesen, 1969; M. Zuckerman, DePaulo, & Rosenthal, 1981; Miron 

Zuckerman, Larrance, Spiegel, & Klorman, 1981). Where fMRI may be able to detect the true 

emotion regardless of countermeasures, the face may only reveal what the subject is attempting to 

reveal. Other techniques such as voice analysis are susceptible to interference from background 
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signals. For sensors of human-analytics to be used for predictive tasks, they must be taken out of 

the laboratory; with this, a degree of experimental control is lost, causing noise to be injected into 

the signals. This can be viewed as a possible limitation of using ubiquitous sensing technology, 

but on the other hand, provides opportunities for IS researcher to develop methods to adequately 

analyze signals. The use of computer mouse movement patterns to infer cognitive processes is an 

example of these opportunities being recognized by IS scholars (e.g. B. B. Anderson et al., 2016; 

Hibbeln et al., 2017; Williams, Jenkins, Valacich, & Byrd, 2017). When tracked, the computer 

mouse provides highly detailed information on a user’s motor control behavior. The ubiquity of 

the mouse and the ability to record mouse behaviors through online platforms allows measures 

like hesitation and changes in movement patterns to be recorded and used for business tasks such 

as the identification of fraudulent activities. 

3 Human-Analytics for Organizational Value 

Whereas Behavioral Informatics focuses on the capture of overt physical human behaviors, 

human-analytics includes much more fine-grained behaviors that may occur as the subconscious 

or neurological level. Human-analytics can be viewed as a sub-division of Behavioral 

Informatics, but broadens the scope to include neurological, physiological as well as macro-level 

behavioral signals associated with verbal and nonverbal behaviors.  The objective of human-

analytics is to utilize human-data captured by sensing technology for the purposes of creating 

organizational value. Since the turn of the millennium, a wealth of technologies has emerged with 

the capacity to record fine-grain human-data in real-time. This technology has allowed 

researchers to understand human behaviors beyond what is possible with traditional data 

collection methods. The ubiquity of the technology has also allowed for data collections outside 

of highly controlled laboratory settings. This allows for the evaluation of behaviors in more 

natural environments. 
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The use of human-data requires an understanding of multiple domains including socio-behavioral 

sciences, engineering, computer science, analytics, and decision support systems. To provide 

organizational value, researchers must also have an in-depth understanding of business processes. 

The IS community is positioned better than any other scientific field to make great strides in 

behavioral informatics and human-analytics. We can leverage our understanding of the behavioral 

and the artificial to provide benefits to organizations and society. Unfortunately, only a small 

group of academics within the field has recognized the potential of this area. When preparing this 

section, a survey of human-data related manuscripts in three of the top IS journals between 2007 

and 2017 was conducted. The survey revealed fewer than 30 articles that directly leveraged 

human-data. This is a disservice to both our community and to organizations that may benefit 

from this type of research. 

With the recognition of the potential of human-analytics and its fit with IS research, the 

remainder of this paper will explore additional avenues in which human-analytics can create 

organizational value. Specifically, I will focus on the use of human-analytics for the selection of 

new employees from a large application pool. This body of work explores system design 

elements necessary for analyzing job candidates and explores the feasibility of automating 

processes within the candidate sifting process. As will be discussed, employees play a pivotal role 

in contributing to organizational objectives, but the selection of employees is a pain-staking task 

that requires significant resources. Human-analytics has the potential to reduce the strain of hiring 

on companies and provide better assessments of potential future employees. This will be explored 

from a subjective perspective (Experiment 1) where the purpose is to replicate and automate 

human decision making, and then from an objective perspective (Experiment 2) where the 

purpose is to determine if human-analytics can be used to judge cognitive ability and work skills 

of job candidates.  

  



30 
 

4 Human-Analytics for Personnel Selection – Subjective 

Measures 

As outlined in the previous section, there has been a growing interest by scientists to capture and 

evaluate human behaviors. The technology revolution of the 2000’s has provided a wealth of 

advances that can transform human actions into actionable data. We are seeing human behaviors 

being studied from perspectives that advance organizational and business objectives. As 

mentioned previously, Vance et al. (2018) used eye tracking and Functional Magnetic Resonance 

Imaging (fMRI) to study the effects of computer security warnings on habituation. By closely 

monitoring eye and brain behavior, the researchers were able to understand what types of security 

warnings reduce habituation. This has implications for system designers attempting to increase 

security by manipulating the behaviors of end-users.  

Nunamaker et al. (2011) designed and created an agent-based kiosk system for automated 

interviewing and deception detection. The kiosk is equipped with an array of noncontact sensors 

for the extraction of behavioral data. The data is then utilized to detect changes in behaviors that 

may signal deception. The kiosk is designed for rapid security assessments at high-flow human 

traffic environments such as airports or border crossings but could be potentially used in any 

circumstance that requires veracity assessments. The intention of the system is to increase the 

flow of traffic, while maintaining security and reducing the burden on human security agents.  

Although science has the ability to study humans in more detail than any other point in history, 

the ability to leverage behavioral data for organizational purposes is limited by inefficiencies in 

how the data is collected. Sensors used to gather human-data are expensive and/or specialized. 

Because of this, subjects of study are required to physically travel to the sensing instrument to be 

evaluated. This limits the number of people who can be evaluated and the extent to which 

behavioral data can be leverage by organizations for day-to-day decision making.  
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For human-analytics to become part of mainstream organizational decision support, the efficiency 

of data collection must be improved. The use of mouse movement data is an example of this type 

of efficiency being employed for the analysis of human behavior (e.g. B. B. Anderson et al., 

2016; Hibbeln et al., 2017; Williams et al., 2017). Although the analysis of motor control using 

input devices shows great potential, it is only one of many signals that stream from the human 

body.  

The objective of this current research is to explore another mechanism for collecting human-data 

that could provide value to organizations. Specifically, this exploratory research addresses the 

question, what design elements comprise a scalable human-screening system for the capture of 

verbal and nonverbal behavioral data? To demonstrate organizational value, this question is 

approached from the perspective of selecting employees from an application pool. 

Increasingly, companies are using technological approaches to recruit the necessary workforce. 

This is mainly in the form of web-based mechanisms such as job boards and advertisements. The 

Center on Education and the Workforce at Georgetown University estimates that between 60 and 

70 percent of job advertisements now appear online and 80 percent of the posted positions require 

high-skilled workers with Bachelor’s degrees or higher (Carnevale, Jayasundera, & Repnikov, 

2014). By using web-based methods, companies can cast a wide-net to reach qualified persons 

that perhaps would have been out of reach in the past. With this efficiency, though, comes the 

issue of sorting through a much larger pool of applicants. Derek & Webster (2003) reported an 

instance of a single company receiving 5,000 applications per week and another receiving 40,000 

applications over a four-month period when switching to web-based recruiting methods. 

Although this volume gives companies the opportunity to find the best candidate, they must 

dedicate adequate resources to the task of sorting through each applicant. Research suggests that 

the process of sifting candidates can be automated. By building this automation into a scalable 

screening system, companies will be able to increase the efficiency of hiring. 
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This chapter begins by reviewing personnel selection literature to understand what characteristics 

of an interviewee should be assessed. Next, communications research is reviewed to understand 

behavioral features that can be used to infer relevant job-related characteristics. This is followed 

by a review of technology-based approaches for human analysis. The review guides the 

development of a prototype system, which is then evaluated on its ability to replicate subjective 

human judgements of a job applicant.  

4.1 Research Approach 

This study approaches the development of new knowledge through design science. The research 

is guided by Nunamaker et al.’s (1991) system development framework which emphasizes an 

iterative concept – development – impact lifecycle of new systems. The conceptual framework of 

the system is guided by theory from reference disciplines. This then informs the architecture and 

necessary components of the system. A proof-of-concept system is developed and used to 

evaluate the design elements, guide future development, and inform theoretical contributions.  

In this study, findings from personnel selection, communications, system science, and computer 

science guide the design and construction of a prototype system for the automated evaluation of 

job candidates. The prototype system is then tested through a proof-of-concept laboratory 

experiment. Knowledge gained from this process informs the deployment of automated screening 

systems in areas where manual human evaluation was previously required.  

4.2 Personnel Selection 

When introducing his Attraction-Selection-Attrition Framework, Schneider (1987) argues that an 

organization is initially characterized by the vision of the founder(s), but the workforce ultimately 

defines the organization. This perspective represents a shift in how employees are viewed within 

an organization. In the past, companies largely focused on strategy, structure, and processes to 

improve returns, but have increasingly emphasized the importance of human-capital (Goldstein, 
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Pulakos, Passmore, & Semedo, 2017). Competitive success could once largely be attributed to 

technology, market regulations, access to financial resources, and economies of scale; however, 

as the life-cycle of technologies decreased and deregulation, globalization, and access to capital 

increased, the importance of an educated, dynamic, and productive workforce became essential to 

establishing a competitive advantage (Pfeffer, 1994). Even with the advancement of automated 

processes within companies such as robots used to build cars, companies are still reliant on front-

line workers to maintain and repair equipment. Pfeffer (1994) noted that the use of specialized 

technology by companies increases the per-employee investment. Although there may be fewer 

employees with the addition of automation, the retained employees must be highly skilled. Case 

studies of some of the United States’ largest companies reveal that recruitment of a more talented 

workforce leads to stronger market performance (Michaels, Handfield-Jones, & Axelrod, 2001). 

4.3 Applicant Sifting 

The employee selection process can take a variety of forms, but traditionally begins with a review 

of applicants’ qualifications, followed by a review of references, and then finally an interview 

(M. Cook, 2016). At each stage, applicants meeting the necessary qualifications are progressed to 

the following stage. Those who do not meet the requirements are eliminated from the applicant 

pool. This process is referred to as applicant sifting. The traditional applicant sifting process 

relies almost exclusively on how well candidates’ knowledge, skills, and abilities (KSA) fit with a 

specific job. However, companies have shifted towards selection methods that account for KSA, 

but also emphasize how well a candidate fits with the organization as a whole (Bowen, Ledford, 

& Nathan, 1991). Bowen et al.’s (1991) person-organization fit model accounts for KSA as well 

as social skills, values, interests, personality traits, and personal needs of job candidates. The 

argument is that KSA hires employees, but person-organization fit retains them.  

To improve applicant sifting, various methods can be added to the process such as mental ability 

tests, work sample tests, personality assessments, behavioral competency assessments and 
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background investigations (M. Cook, 2016; Huffcutt, Conway, Roth, & Stone, 2001). These 

sifting techniques help to ensure that an applicant not only has the necessary skills and 

knowledge, but also possesses the values, behaviors, and attitudes necessary for the job and 

organization. Although a number of mechanisms have been developed to screen applicants, 

companies still heavily rely on interviewing to make decisions (M. Cook, 2016). The popularity 

of the interview may be due to the fact that multiple characteristics of the candidate can be 

evaluated simultaneously, and managers are able to assess more nuanced characteristics such as 

organizational fit and personality traits (Huffcutt et al., 2001). Accordingly, managers often 

respond more favorably to candidate evaluations based on interviews compared to paper and 

pencil type psychometric evaluations (Lievens, Highhouse, & Corte, 2005).  

Huffcutt et al.’s (2001) meta-analysis identified 7 categories commonly assessed during 

interviews. Personality tendencies (35%) and social skills (28%) were most frequently assessed 

followed by mental capabilities (16%), knowledge and skills (10%), interests and preferences 

(4%), physical attributes (4%), and organizational fit (3%). Given the importance of an intelligent 

and knowledgeable workforce, it’s notable that personality and social traits are the most frequent 

dimensions assessed. A possible explanation is that employers may believe that dimensions such 

as mental capabilities and knowledge and skills are assessed using résumé or application material 

and less deterministic measures must be assessed with the interview. 

Interviews can vary in regard to the degree of structure. Interviews with high structure attempt to 

control the interaction between the interviewer and interviewee (Campion, Palmer, & Campion, 

1997). Structured interviews rely on careful design and planning to ensure each interview is 

consistently conducted and rated. This allows candidates to be more reliably evaluated against 

each other and job requirements. Unstructured interviews on the other hand have no preplanned 

design. The interviewers ask questions as they see fit and the questions vary by interviewee. 

Similar to conducting a scientific experiment, when structure and controls are added to the 
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process, the validity and reliability of the interview increases (Huffcutt & Arthur, 1994; 

Levashina, Hartwell, Morgeson, & Campion, 2014).  

The value of structured interviews is demonstrated in the use of highly-controlled interviewing 

systems to detect deception such as the “Autonomous Scientifically Controlled Screening 

System” (ASCSS) (N. W. Twyman, Lowry, Burgoon, & Nunamaker, 2014). This type of system 

controls as much of the interview process as possible to reduce bias and elicit responses that 

allow for effective within-subject analysis. The system relies on concealed information test 

questions which requires every interviewee to respond with exactly the same verbal answer 

despite their guilt or innocence. The idea is to reduce noise and isolate signals of deception. 

Although the system imposes extreme structure that would not work for job interviewing (e.g. 

identical verbal response for each interviewee), it helps conceptualize the need to implement 

controls to reduce noise and isolate signals of importance.   

4.4 Interview Ratings 

The job interview is described as “…a decision-making process, embedded in a social context 

containing multiple factors that influence the outcome of interview decisions” (Howard & Ferris, 

1996, p. 113). Huffcutt (2011) identified three constructs that affect interviewee ratings: Job-

Related Interview Content, which refers to information elicited through questioning that fits with 

job requirements; Interviewee Performance, which includes an interviewee’s ability to effectively 

communicate his/her skills, build rapport, and persuade the interviewer; and 

Personal/Demographic Characteristics such as gender or race that may influence or bias the 

interviewer. An important finding from this research is the high correlation between interview 

performance (i.e. ability to communicate skills, build rapport, and persuade) and overall interview 

ratings made by hiring managers. Huffcutt categorized interview performance into social 

effectiveness skills and personal contextual factors of the interviewee that influence the 

interviewer. These characteristics had more influence on interview ratings compared to job-
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related content. In a similar light, Gilmore and Ferris (1989) found that impression management 

tactics were more influential than qualifications at swaying the ratings of interviewers. The way 

in which an interviewee conducts him/herself appears to positively or negatively bias their 

evaluation irrespective of actual skill level or job knowledge. 

Two important ideas emerge when considering interview ratings: First, interviews are episodes of 

social influence and persuasion (Howard & Ferris, 1996). That is, the goal of the interviewee is to 

persuade the interviewer that he/she is the best fit for the job. This is done using impression 

management tactics and effective communication. Second, the interviewers’ ratings are largely 

based on perception. Interviewees who are perceived to fit the job, culture, and organization are 

more likely to be viewed favorably and receive a job offer (Howard & Ferris, 1996; Rynes & 

Gerhart, 1990). 

4.5 Source Credibility 

Research suggests that establishing credibility, or at least portraying credibility, during an 

interview will favorably influence an interviewee’s rating. McCroskey & Young (1981) described 

source credibility as the “attitude toward a source of communication held at a given time by a 

receiver” (p. 24). Credibility plays a particularly important role when attempting to influence 

others. Pornpitakpan’s (2004) review of credibility research found that increased credibility 

consistently leads to greater persuasion, influence, believability, and compliance. Since source 

credibility is based on the perceptions of a sender by a receiver and is strongly tied to 

persuasiveness, it aligns well with the hiring managers’ perceptions of a job candidate during an 

interview and an interviewee’s ability to sway the judgments of the interviewer. 

Source credibility is generally accepted as being comprised of multiple dimensions although these 

dimensions vary. Berlo et al. (1969) proposed qualifications, safety/trustworthiness, and 

dynamism as dimensions of credibility. Competence is characterized by perception of experience, 
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authoritativeness, and intelligence. Safety or trustworthiness align with perceptions of honesty, 

kindness, and justness. And dynamism corresponds to perceptions of boldness, decisiveness, and 

confidence. Whitehead (1968) also proposed dimensions of competence, dynamism, and 

trustworthiness, but included a fourth dimension called objectivity which is characterized by 

open-mindedness and impartiality. McCroskey’s (1966) source credibility scale included two 

dimensions: authoritativeness which aligns with competence, and character which aligns with 

trustworthiness. 

Although dimensions of source credibility vary, all share the commonalities of competence and 

trustworthiness. In the case of ratings of job candidates during interviews, we’d expect those who 

are perceived as being more knowledgeable, skilled, and honest to be viewed as more credible 

and thus will receive a higher rating. However, as Huffcutt (2011) indicated, factors such as 

sociability and dynamism are important determinants of ratings.  McCroskey et al.’s (1974) 

source credibility measurement instrument seems to encompass all of these dimensions. The 

instrument is based on 5-dimensions: competence, character, sociability, extroversion, and 

composure.  

Competence aligns with interviewers’ perceptions about mental capabilities and job knowledge of 

an interviewee. Sociability and character relate to social skills that may be assessed during 

interviews. Sociability and character are closely related and have previously been combined into a 

single measure (McCroskey et al., 1974). As described by Hogan & Shelton (1998), “social skill 

is a judgment about an actor's performance rendered by observers regardless of what an actor may 

intend; that is, social skill is in the eyes of the observer not the intentions of the actor” (p. 136). 

This statement highlights the perceptual nature of social skills, fitting with the definition of 

source credibility.  

Extroversion plays an important role in ratings of interview and job performance. Extroverted 

individuals receive higher interview scores (Caldwell & Burger, 1998; K. W. Cook, Vance, & 
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Spector, 2000) and perform better in job roles such as sales and management compared to less 

extroverted employees (Barrick & Mount, 1991). This is believed to be due to an extrovert’s 

comfort with communicating with others and building rapport. The final dimension of 

McCroskey’s scale, composure, is related to emotional stability and consists of scale items 

relating to calmness, excitability, tenseness, and nervousness. Executives who are calm and 

composed generally receive higher job performance ratings (Guilford, 1952). The connection 

between dimensions of source credibility and varying employment related constructs makes 

source credibility an attractive measure for assessing interviewees.  

In summary, several important concepts emerge from personnel selection literature that help 

guide the design of a scalable system for personnel selection:  

1) The use of web-based recruiting has led to a much larger candidate pool which must be 

assessed during the sifting process. 

2) Interviews can be used to assess multiple characteristics of an applicant including 

personality, social skills, knowledge, experience, personal interests, and organizational 

fit. 

3) The interview is an episode of social influence where outcomes are based on perception 

of an interviewee and not necessarily truth. Meaning, interviewees who are perceived to 

fit the job, culture, and organization are more likely to be viewed favorably and receive a 

job offer.  

These concepts inform the use of an automated and scalable tool to meet the demands of large 

candidate pools. Designing a system to evaluate job candidates during interviews would allow for 

the assessment of less deterministic characteristics that may not be apparent through the 

evaluation of résumés or background checks. The knowledge that interviews are perceptual in 

nature and are used to assess multiple characteristics of interviewees informs the use of a 

measurement instrument able to capture the perceptions and evaluations of interviewees by hiring 
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managers. This measurement instrument is needed to establish a dependent variable for the 

assessment of the system. Source credibility appears to be an appropriate measure since it is 

based on perception, measures multiple dimensions, and the dimensions align with characteristics 

commonly assessed during interviews. 

4.6 Behavioral Signals 

The assessment of potential employees is largely driven by how well the candidates communicate 

their qualifications. This can be in the form of résumés or applications which communicate 

deterministic characteristics such as education level, years of experience, and appropriate skills 

and qualifications. Communication of qualifications can also be accomplished through 

interpersonal communication which demonstrates less tangible skills such as effective social 

skills, personality, and ability to work with others. During interpersonal communication, message 

meaning can be expressed and derived through verbal and nonverbal signals. Verbal signals refer 

to the content of the message and are studied through linguistic analysis. Nonverbal signals refer 

to actions that add to message meaning, but not directly through spoken or written word.  

4.6.1 Verbal 

4.6.1.1 Linguistics 

The spoken or written word communicates the message intended by the sender, but can also 

provide insight into their focus, emotions, status, dominance, social standing, truthfulness and 

cognitive processes (Tausczik & Pennebaker, 2010). For instance, an analysis of essays written 

by depressed and non-depressed college students found that depressed students tended to use 

more negative and self-reflective language (Rude, Gortner, & Pennebaker, 2004). Language 

usage during job interviews may play an important role in understanding an interviewee’s 

motivation, knowledge, and focus of attention. Naim et al. (2016) found that interviewees who 

used more first-person plural pronoun (e.g. we, us, our) as opposed to first-person singular 



40 
 

pronouns (e.g. I, me, mine) were rated as more hirable. The study also revealed that an increased 

use of positive emotion words led to better interview outcomes.  

Research around cognitive load and deception provides insight into how language usage may 

reflect an interviewee’s level of understanding. Vrij et al. (2008) found that increased cognitive 

load when deceiving was distinguished by less spoken details, speech hesitations, and speech 

errors. Although this work evaluated cognitive load associated with telling lies, the same 

indicators may be a determinant of an interviewee’s level of knowledge and ability to effectively 

communicate. The use of conjunction, prepositions, tentative/certainty, and filler words are all 

language cues associated with cognitive mechanisms that can provide insight into a person’s 

depth of thinking and level of knowledge (Tausczik & Pennebaker, 2010). 

Fluent speech is characterized by a smooth flow, free of hesitation, repetition, and fillers. 

Interviewees with fewer breaks in speech and having overall more fluent speech leave a better 

impression of hireability on an interviewer (Hollandsworth, Kazelskis, Stevens, & Dressel, 1979; 

McGovern & Tinsley, 1978; Naim, Tanveer, Gildea, & Hoque, 2015). Fluent speech is also 

associated with positive perceptions of competence, composure, sociability, and persuasion 

(Burgoon, Birk, & Pfau, 1990). Dysfluent speech can be used to infer cognitive load as speakers 

struggle to formulate their speech during critical thinking activities (Vrij et al., 2008). 

4.6.2 Nonverbal 

Nonverbal communication is a key component to expressing and understanding ideas, beliefs, and 

attitudes. Research demonstrates that a large portion of message meaning is derived from 

nonverbal behaviors alone (e.g. Birdwhistell, 1955; Burgoon, Guerrero, & Floyd, 2009). 

Although the importance of nonverbal behaviors plays a central role throughout daily life, a job 

interview exacerbates the importance of effective and proper nonverbal communication. A job 

candidate slouched in the chair, speaking with a flat tone and showing no emotion most likely 
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will not leave the best impression on an interviewer. DeGroot and Motowidlo (1999) identified 

significant correlations between nonverbal cues, interview performance, and job performance. 

They surmised that the same nonverbal behaviors that led to favorable interview ratings were also 

assessed and used on the job during personal interactions leading to an increased ability to 

communicate ideas, gain cooperation, persuade, and influence. These interpersonal skills in-turn 

enhance employees’ ability to achieve goals. 

Nonverbal communication can be classified by the source of the behavior. Behaviors are 

commonly coded as kinesics, vocalics, haptics, proxemics, artifacts, appearance, and chronemics 

(Burgoon et al., 2009).  Kinesics and vocalics cues are commonly studied with respect to job 

interview performance evaluations (e.g. Forbes & Jackson, 1980; Imada & Hakel, 1977; 

Mehrabian & Williams, 1969; Muralidhar et al., 2016; Naim et al., 2015; Nguyen, Frauendorfer, 

Mast, & Gatica-Perez, 2014; Nguyen & Gatica-Perez, 2015), although appearance and 

chronemics could potentially affect the outcome of an interview such as having an unkept 

appearance or arriving late. In the process of developing a system for personnel selection, kinesic 

and vocalic cues are perhaps the most reliable and feasible nonverbal behaviors to analyze 

automatically. 

4.6.2.1 Kinesics 

Kinesics deals with body language including body position, gesturing, facial expressions, and eye 

behaviors. Perhaps the most immediate kinesic cue observed during interviews is facial 

expressions. The face has largely been studied with an emphasis on emotional expressions, which 

are thought to portray the internal state of a person. Ekman & Friesen (1971) identified six 

expressions termed universal emotions that all humans are thought to share. The universal 

emotions include: happiness, anger, disgust, sadness, fear, and surprise. To adequately describe 

facial expressions, the Facial Action Coding System (FACS) (Ekman & Friesen, 1978) was 

developed. FACS is comprised of Actions Units (AUs) which describe discrete movements in 
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regions of the face. For instance, AU1 refers to the inner eyebrow being raised. Emotional 

expressions are described as the simultaneous activation of several action units. 

In an experiment evaluating suitability for loans, Wexley et al. (1975) found that interviewees 

who smiled more had a greater likelihood of having their loan application approved. Imada and 

Hakel’s (1977) evaluation of immediacy behaviors effects on judgements of suitability for 

employment also identified smiling as an important predictor. Burgoon et al. (1990) identified 

positive relationships between smiling and judgements of character, competence, composure, 

sociability, and persuasion. In the same study, character, competence, sociability, and persuasion 

also correlated with facial expressiveness. Overall, facial expressiveness and positive facial affect 

seem to play an important role in the determination of interview performance during dyadic 

interactions (N. Anderson & Shackleton, 1990; Forbes & Jackson, 1980; Krumhuber, Manstead, 

Cosker, Marshall, & Rosin, 2009; Naim et al., 2015). 

Head movement dynamics is another kinesics cue found to affect interview performance 

outcomes. Head movement can be described in three axes: pitch, yaw, and roll. Pitch is the up 

and down angle of the head such as looking down at your feet or up at the sky. Yaw refers to the 

side to side angle of the head such as looking left or right. And roll refers to the tilt of the head. 

During face-to-face interactions, interviewees who nod their head more are perceived to be more 

persuasive, have greater social and communication skills, and form better overall hireability 

impressions (Forbes & Jackson, 1980; Mehrabian & Williams, 1969; Nguyen & Gatica-Perez, 

2015). Nodding can be interpreted as variations in head pitch.  

Eye contact also has important implications for affecting perceptions about an interviewee. By 

increasing eye contact, message senders are thought to be more involved, have greater 

composure, judgements of character, be more social and persuasive, and receive higher interview 

ratings  (N. Anderson & Shackleton, 1990; Burgoon et al., 1990; Burgoon, Manusov, Mineo, & 

Hale, 1985; Hollandsworth et al., 1979; Parsons & Liden, 1984).  
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4.6.2.2 Vocalics 

Similar to facial expressions, the voice is a measurable signal of affect in the human body (Juslin 

& Scherer, 2008). We can quickly determine if a loved-one is excited or upset by hearing their 

voice. The analysis of vocal behaviors has been used to identify phenomena such as emotions 

(e.g. Dhall, Ramana Murthy, Goecke, Joshi, & Gedeon, 2015; Jin, Li, Chen, & Wu, 2015), 

personality (e.g. Alam & Riccardi, 2014; Vinciarelli & Mohammadi, 2014), depression (e.g. 

Alghowinem et al., 2013; Grunerbl et al., 2015), and medical conditions (e.g. Bayestehtashk, 

Asgari, Shafran, & McNames, 2015; Bone et al., 2014). From an evolutionary perspective, vocal 

characteristics are thought to serve crucial social functions used to communicate important 

information (Juslin & Scherer, 2008). Speakers’ pitch, pitch variations, energy/loudness, and 

speaking rate are voice metrics commonly assessed.  

Fundamental frequency (F0) or the oscillation of a sound wave is interpreted as pitch. Pitch and 

pitch range are commonly associated with emotions in the voice (e.g. Oster & Risberg, 1986; 

Skinner, 1935). For instance, a higher pitch is associated with more positive emotional 

expressions. During employment interviews, Naim et al. (2015) found that the mean pitch of an 

interviewee correlated with perceptions of enthusiasm, friendliness, and recommendation to hire. 

Other research has found that variability in pitch relates to perceptions of benevolence, character, 

competence, sociability, and persuasion (B. L. Brown, Strong, & Rencher, 1973; Burgoon et al., 

1990; Mehrabian & Williams, 1969). However, more recent research on pitch variability during 

employment interviews found that increased deviation in pitch leads to more negative rating of 

hireability. (Nguyen et al., 2014; Nguyen & Gatica-Perez, 2015). The difference may be due to 

the method used to measure variability. The earlier studies were based on human judgements, 

whereas the more recent studies were based on computerized signal processing. Potentially, what 

was perceived as variability by human coders does not align with mathematical calculations of 

variability from signal analysis.  
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Speech volume is another important characteristic of the voice. Volume or loudness corresponds 

to the amplitude of an audio signal. The most basic calculation of volume from an audio signal is 

energy, which corresponds to the sum of squared amplitudes of the signal (Eyben, 2016). This 

calculation does not take into account the human interpretation of volume, which can be 

approximated by standardizing energy with respect to a reference sound level (Eyben, 2016). 

Increased levels of energy or loudness are positively associated with interview performance, 

social skills, communications skills, and persuasion (Mehrabian & Williams, 1969; Muralidhar et 

al., 2016; Nguyen & Gatica-Perez, 2015). 

The rate of speech also changes perceptions about a speaker. For instance, Breitenstein et al. 

(2001) found that increased rates corresponded to perceptions of anger and fear, and slower rates 

correlated with sadness. Speaking rate is commonly measured in one of two ways. The first relies 

on counting the number of spoken words over a period of time and then dividing the count by the 

duration. This technique is used in many of the earlier studies of speech rate. The second 

technique relies on acoustic signals processing to identify word syllables (de Jong & Wempe, 

2009). In this approach, peaks in vocal intensity that are preceded and followed by sharp dips 

mark syllable nuclei. Dividing a count of syllables by a time duration provides an estimate of 

speech rate. Overall, faster speech rates are found to be more positively viewed. Speakers with a 

higher rates of speech are thought to be more persuasive, competent, and leave a better hireability 

impression (B. L. Brown et al., 1973; Buller, LePoire, Aune, & Eloy, 1992; Mehrabian & 

Williams, 1969; Naim et al., 2015; Nguyen & Gatica-Perez, 2015). Similarly, Reynolds & 

Gifford (2001) found that speech rate also significantly correlated with measurements of 

intelligence; people who had a faster rate of speech also scored better on intelligence tests.  

4.7 Systems for Behavioral Analysis 

Traditionally, the study of behaviors signals involved the pain staking task of manually 

annotating the occurrence of each signal. The use of humans to continually monitor multiple 
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channels has limitations such as granularity of the recorded data, ability to simultaneously 

monitor and record multiple signals, and ability to analyze behaviors in real-time. These 

limitations have largely been removed with the advancement of sensing technology. Specifically, 

non-contact sensors which allow for more natural interactions without the subject of study feeling 

impeded or uncomfortable.  

The use of automated feature extraction and analysis to understand interviewee behaviors has 

been a growing area of research for computer and system scientists over the last decade. The 

information systems community has been at the forefront of deception and intent detection using 

noninvasive screening systems. The AVATAR project employs a suite of noninvasive sensors 

including directional microphones, high definition video cameras, eye trackers, and motion 

sensing equipment to identify malicious actors in security settings such as airports or border 

crossings (Derrick, Elkins, Burgoon, Nunamaker, & Zeng, 2010; Nunamaker et al., 2011; N. W. 

Twyman et al., 2015). The technology is packaged in an ATM-like kiosk system for physical 

installation at desired sites and uses a virtual security agent to interact with interviewees. This 

work emphasizes nonverbal signal processing to support decision making.  

Related to employment screenings, Hoque et al. (2013) created My Automated Conversation 

CoacH (MACH). MACH is designed to enhance social skills in a variety of contexts and was 

evaluated as a tool to improve interviewing skills. The platform uses a dynamic avatar-based 

platform that responds to users’ nonverbal behavior to simulate face-to-face interactions. The 

system also provides feedback about the use of nonverbal behaviors to users. The researchers 

found that users of MACH were rated as more hirable compared to a control group after two 

weeks of use. The benefit of the system design is that it requires only a standard web camera for 

behavioral observation, meaning that the system can be deployed through a web interface since 

specialized hardware is not required. 
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Other systems which utilize the extraction of behavioral features from cameras have emphasized 

an ability to predict interview performance (Naim et al., 2015; Nguyen et al., 2014; Nguyen, 

Marcos-Ramiro, Marrón Romera, & Gatica-Perez, 2013; Nguyen & Gatica-Perez, 2016). These 

systems focus on kinesic, linguistic, and/or vocalic data to measure constructs such as 

communication skills, persuasion, personality traits, warmth, and overall hireability during dyadic 

interviews. This work demonstrates that it is possible to predict interview performance and 

hireability by automatically extracting nonverbal behaviors during dyadic interviews and 

processing the data with machine learning algorithms.  

5 System Specifications & Design 

Personnel selection research provides insight into the type of characteristics evaluated during an 

interview, the need for efficient sifting mechanisms to screen large applicant pools, and preferred 

assessment techniques. Communications scholars have identified numerous behavioral indicators 

that can be used to assess varying characteristics of an individual such as personality, sociability, 

competence, and persuasiveness.  And research in computer and system sciences demonstrates 

the potential of using noninvasive sensing technology to make inferences about interviewees. 

These domains guide the design specifications for a scalable system for personnel selection. 

Table 1 outlines these specifications.  

Table 1: System Requirements & Specifications 

Requirement Specification 

Scalable 

 

Web-based 

The volume of job applications received by companies calls for 
a system that can match the sifting demands. To inexpensively 
match the demand, the system must be web-based allowing 
users to simultaneously access the system from a time and place 
of their choosing.  

Ubiquitous Sensor 



47 
 

A sensor must be utilized to extract relevant behavioral signals 
from the interviewee. To facilitate scalability, this sensor must 
be inexpensive and commonly available. 

Automated 

The system must be simple to operate so that users do not need 
to be supervised. Since the process of manually sifting job 
candidates is resource intensive, the system must be equipped 
with automated prediction algorithms that match or approach 
assessment abilities of humans.  

Structured Controlled Collection of Data 

Concepts from structured interviewing and system design 
research inform requirements for valid and reliable data 
collection and analysis. Mainly, high degrees of structure and 
control allow for comparisons between data points free of 
extraneous variability. To compare between-interviewee data, 
the system must incorporate high levels of structure to reduce 
variability between interviews.   

Multi-Dimensional Evaluation of Multiple Characteristics of an Interviewee 

Interviews are used to understand varying characteristics of an 
interviewee such as knowledge, skill level, sociability, and 
personality. The system must be able to interpret a wide variety 
of characteristics depending on the needs of an organization. 

Multimodal Analysis of Multiple Behavioral Signals 

Each communicatory channel provides insights about a message 
sender. To strengthen the interpretation of a message, the system 
must be able to capture and analyze an array of signals including 
language content, voice behavior, and body language.  

 

The general specifications for the proposed systems require scalability, structure, evaluation of 

multiple dimensions of an interviewee, and multimodal sensing. To meet the first two 

requirements (scalability & structure), existing technology in personnel selection was evaluated. 

Traditionally, interviewing has been conducted face-to-face where a job candidate is questioned 

by a single or several interviewers. As communication technologies advanced, companies have 

increased the use of remote mechanisms to interview candidates such as the telephones and then 

later, online video conferencing (Chapman & Webster, 2003).  The primary benefits of using 

technology-based communication mediums include reduced costs and the ability to reach 



48 
 

candidates outside of a companies’ geographical area. No matter the communication medium 

being used, the interview has traditionally involved a dyadic interaction between the interviewer 

(hiring manager) and the interviewee (job candidate). The academic study of job interviewing has 

primarily focused on these dyadic interactions.  

More recently, the process of interviewing has started to shift. Companies are now turning to 

asynchronous video interviewing systems (AVIS) to screen candidates. These types of web-based 

systems provide companies with video footage of candidates responding to interview questions. 

Job candidates log into an online portal and respond to a series of interview questions while being 

recorded by the camera on their computer or mobile device. The interviews occur at a time and 

place that suits the candidate. Questions are text-based and generally allow the candidates a short 

period to consider their response before the camera starts recording. Responses are limited to 1 to 

2 minutes. The benefit to employers is that hiring managers can review the videos at their 

convenience, do side-by-side comparisons of candidates, share interviews with colleagues, and 

get a more in-depth impression of candidates before having to commit time and resources to 

traditional dyadic interviews. 

Although the providers of AVIS systems boast working with some of the world’s largest 

companies such as Intel, Honeywell, Nike, Mercedes-Benz, United States Postal Service, Ikea, 

Volkswagen, P&G, Allstate, Baird, FedEx, and Siemens (www.hirevue.com, 

www.sparkhire.com, www.montagetalent.com), the systems have only recently started receiving 

attention from academics who have primarily focused on how well users have accepted the 

systems (Brenner, Ortner, & Fay, 2016; Guchait, Ruetzler, Taylor, & Toldi, 2014; Toldi, 2011). 

Overall, users have accepted these systems because of time and money saving aspects associated 

with conducting the interview at home as opposed to having to physically travel to a company. 

However, users also felt that the systems were impersonal and awkward since they were unable to 

ask questions and judge their performance through interviewer feedback. 
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Regardless, of how users feel about AVIS, companies are recognizing efficiency increases driven 

by the systems. According to HireVue, one of the industry leading providers of AVIS, Hilton 

Worldwide was able to reduce the time required to hire employees by 90% when using their 

system. A case study on Humana’s use of AVIS identified a 300% decrease in the time spent pre-

screening job candidates and a savings of $6 million a year (Montage, 2018). The available 

metrics on the effectiveness of AVIS are provided by service providers and need to be viewed 

with some degree of skepticism. However, the wide array of industry users listed on service 

providers’ websites acts as an indicator of the impact and reach the systems are having.  

The design and implementation of AVIS meet the scalability and structure requirements of the 

proposed system for automated personnel selection. AVIS are web-based and require only a 

standard web camera, allowing for scalable deployment. The rigid structure ensures that each 

interviewee experiences consistent interviews in regard to the questions asked, delivery of 

questions, time to consider their responses, and the amount of time they have to respond to 

questions. This high level of structure provides controls to maintain reliable and valid comparison 

of job candidates.  

The standard AVIS design is also somewhat automated. Interviewees can use the system without 

the need of direct supervision. However, the video interviews must still be manually viewed, 

assessed, and scored by managers. As noted previously, a problem that companies face with the 

use of web-based recruitment tools is the volume of applications received. Derek & Webster 

(2003) reported an instance of a single company receiving 5,000 application per week and 

another receiving 40,000 applications over a four-month period when moving to online recruiting 

systems. Even if a fraction of received applications are advanced to AVIS screenings, hiring 

managers would need to view hundreds of video interviews to make selection decisions.  

The proposed system responds to this limitation by extending the base AVIS platform to include 

automated extraction and analysis of human-data captured by video recordings. Guided by 
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research in computer and system sciences, the proposed system integrates an array of sensing 

technology to monitor relevant verbal and nonverbal signals.   

5.1 Prototype System 

5.1.1 Base Asynchronous Video Interview System Platform 

To explore the limitations of the proposed system for the automated evaluation of job candidates, 

a prototype was developed. Since the proposed system is based on current AVIS technology, a 

review of current systems was conducted by analyzing service provider’s marketing materials, 

white papers, and participating in webinars and tutorial video conferences to ensure my 

implementation was similar to current designs. A prototype system was then created using a 

combination of HTML, JavaScript, and PHP. Figure 2 illustrates the user interface of the 

prototype system.  

Figure 2: System User Interface 

 

The black box in Figure 2 represents the live stream of the user’s web camera. In the upper left 

corner, users are provided a “Time to read” timer. This timer begins to countdown when they 

click the button (labeled “Click to Reveal Questions #1” in the screenshot) above the live video 

stream to reveal the question. The right screenshot in Figure 2 shows the system with a question 
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revealed. The timer in the upper-right corner presents the user with the time they have remaining 

to respond to the question. Both the “Time to read” and “Time to answer” timers can be adjusted 

by system administrators as needed. The bottom of the screen contains two buttons. The button 

on the left (“Start Recording”) allows users to manually start recording their response if they do 

not need the full amount of time to prepare. The button on the right (“Next Question”) allows 

users to end the recording early if they do not wish to use the full allocated time when 

responding.  

Once interviewees have finished responding to the interview question, their recorded responses 

are uploaded to a web-server. In this implementation, Red5 Media Server (www.red5.org) was 

used to manage the transfer of video from the client computer to the server. 

5.1.2 Human-Analytics Extension to Base AVIS Platform 

The elements of the prototype system described so far have been designed to replicate existing 

AVIS systems used by industry. As previously stated, these design elements provide scalability 

and structure. The next design elements of the prototype system are required to automatically 

evaluate multiple characteristics of an interviewee and capture multiple communication signals.  

Unlike face-to-face interviews, video interviews obstruct the view of behavioral features such as 

body tension and posture that correlate with interview performance, sociability, and persuasion 

(e.g. Burgoon et al., 1990; Hollandsworth et al., 1979; Mehrabian & Williams, 1969). Signals that 

are best suited for evaluation during video interviews include language features, facial affect, eye 

behavior, head movement, and voice characteristics. The selection of these features was based on 

my review of verbal and nonverbal correlates of interviewee characteristics and the ability of a 

web-camera to capture the features.   

Video recordings provide two primary data signals: video and audio. Audio can be used to assess 

voice and language features and video can be used to assess kinesic features. To leverage the 
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audio and video signals, a combination of open source and commercially available software 

application were incorporated into the prototype system. 

5.1.2.1 Kinesic Feature Extraction 

Extraction of facial expressions and head movement was conducted using Affectiva 

(www.affectiva.com), a commercially available software program. Affectiva uses computer 

vision algorithms to estimate facial expressions and head pose orientation of humans appearing in 

video recordings. For each frame of video input, Affectiva estimates the intensity of 7 emotions 

(anger, contempt, disgust, fear, joy, sadness, and surprise), general affect, facial action units, and 

head pose. The output data provides a temporal signal for each of these measures.  

OpenFace (Baltrusaitis, Robinson, & Morency, 2016) was also implemented to extract gaze 

behavior of interviewees. Although dyadic eye contact is not feasible with an asynchronous video 

system, tracking gaze behaviors will allow the system to determine if the interviewee is looking 

directly at the camera or somewhere else when responding. Based on prior research (Anderson & 

Shackleton, 1990; Burgoon et al., 1990; Burgoon, Manusov, Mineo, & Hale, 1985; 

Hollandsworth, Kazelskis, Stevens, & Dressel, 1979; Parsons & Liden, 1984), this is likely to 

affect interview ratings. Gaze behavior produced by OpenFace includes frame-by-frame 

estimations of eye gaze direction in world coordinates for the left and right eye. 

5.1.2.2 Voice Feature Extraction 

To facilitate the extraction of voice features such as pitch and energy, openSMILE Feature 

Extraction Toolkit was used (Eyben, Weninger, Gross, & Schuller, 2013). Audio files from the 

video recordings were processed with openSMILE using an application programming interface 

(API). Output is in the form of summary statistics of voice characteristics such as pitch and 

loudness over the duration of an interview question response.  
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The extraction of language features required an intermediate step of converting spoken words to 

text. For this, IBM Watson’s speech-to-text API was used. This produced a transcript of the 

response that was then processed with SPLICE (Moffitt & Giboney, 2011) to extract linguistic 

features. Examples of linguistic features produced from SPLICE include language complexity, 

expressivity, count of first person pronouns, use of past and present tense, and word count.   

Figure 3 provides the overall structure of the prototype system including the base AVIS system 

and the behavior analysis extension. Interviewees respond to text-based questions through a 

website interface. The recorded interviews are then loaded to a cloud server where they are 

processed through the behavioral extraction tools. The extracted data are stored on a server for 

analysis.  

Figure 3: Prototype System Diagram 

 

6 Experiment 1 

To test the prototype system, a mock-interview experiment was conducted. Participants used the 

prototype system in a laboratory setting. Although the system is designed as a web-based 
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platform, the use of a highly controlled laboratory allowed for an initial test of capabilities with 

consistent video quality. This was a necessary step prior to collecting wild data where video 

quality may differ between end-user devices.  

6.1 Experiment Procedure 

Upper-division undergraduate business students (N=89) from a large university in the southwest 

United States were recruited for the experiment. Prior to arriving at the laboratory, participants 

completed an online survey designed to replicate a job application. The online survey was 

completed prior to the participants having knowledge of requirements of the job for which they 

would be interviewing.  

When participants arrived for the study, they were greeted by a research assistant, checked into 

the experiment, and escorted to an adjoining room containing a desktop computer. The research 

assistant used the participant’s email address to log them into an experiment management system. 

After logging into the system, participants watched a short video which explained the experiment 

and what they would be doing. Video instruction, as opposed to verbal instruction, was used to 

ensure consistent delivery of information. The video provided background information on 

asynchronous video interview systems and informed the participants that they would be 

participating in a mock asynchronous job interview. The video script can be found in Appendix 

A. To encourage effort, participants were told that their performance would be automatically 

judged by the system, and if they were found to perform above average, they would receive $20, 

otherwise they would only receive $5. This was a slight deception; all participants received $20.  

Towards the end of the video, participants were instructed to retrieve a mock-job description from 

the drawer to their right. They were also informed that part of the judgement of their performance 

would be based on how closely their previously completed online application matched the 

requirements of the job description. The job description was for a Jr. Business Analyst, which 
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required qualification such as knowledge of Microsoft Excel, analytical skills, and well-

developed written and verbal communication skills. The job description was designed to 

generalize to qualifications of upper-division business students. The job description can be found 

in Appendix B. The video also informed the participants that they would be given an opportunity 

to tailor their online application to match the requirements of the job description.  

Following the video, the experiment management system presented the participants with the 

online application that they previously completed which was linked by their email address. There 

were two reasons for having the participants modify their online application: 1) the process 

helped ensure that participants carefully reviewed the job description and were familiar with its 

contents prior to participating in the interview; 2) a secondary purpose of the experiment was to 

evaluate the degree of fabrication and exaggeration taking place during the hiring process. The 

modifications that participants made to the job description were tracked to determine if minor 

self-presentation type modifications were made or if participants significantly fabricated their 

knowledge and skills. Following this process, participants were escorted to a separate room to 

begin the interview.  

Prior to the interview starting, participants were presented with a second video that explained 

how to use the interview system (Appendix C). Once the video ended, they were able to begin the 

interview. The interview consisted of 15 questions including general questions (e.g. “Tell me 

about yourself”), self-rating questions (e.g. “On a scale of 0 to 5 with 0 being none and 5 being a 

great deal, rate your level of experience with the following: Microsoft Excel. Give a brief 

example to back your rating”), and past-behavior questions (e.g. “Tell me about a time when you 

successfully balanced several tasks at one time”). Interview questions for Experiment 1 are in 

Appendix E. Following the interview, participants were debriefed and were given a short exit 

survey that asked about their experience with AVIS interviews and the degree to which they 

exaggerated or fabricated their knowledge and skills. 
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6.2 Participants 

A total of 89 undergraduate students participated in the experiment (Male = 35; Female= 54). 

Seventy-nine participants reported their current university standing as Junior and 9 reported their 

standing as Senior. One female participant’s data was lost due to an error with the survey 

software used during the experiment. She was subsequently dropped from the analysis. 

Educational concentrations of participants included accounting, management, finance, marketing, 

operations, and information systems. Twenty-six percent of participants had previously used a 

one-way interviewing system during employment activities. 

6.3 Rating Interview Performance 

Following the initial data collection, the interview responses were evaluated with respect to 

source credibility. Management students were recruited to rate the interviews. The rating 

procedure consisted of completing a 24-item semantic differential scale measuring source 

credibility after viewing responses to the following three interview questions: 

 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 

experience with the following: Microsoft Excel. Give a brief example to back your rating. 

 Tell me about a time when you successfully balanced several tasks at one time. How did 

you decide what to do first? In hindsight, was there a better way to have approached these 

tasks? 

 Why should we hire you? 

The measurement instrument for source credibility was adapted from McCroskey et al. (1974). 

Raters were randomly assigned to rate blocks of interviews. Each block contained interview 

responses for up to 9 participants. The interview responses for each participant were rated by 7 

different raters.  Appendix D provides the measurement instrument used to rate the interviews. 
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6.4 Source Credibility Factor Analysis 

Prior to calculating composite measures for the source credibility dimensions, a Principal 

Component Analysis (PCA) was conducted. The adequacy of the correlation matrix was verified 

using Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy and Bartlett’s Test of 

Sphericity. KMO determines the extent of common variance between items, which is an 

indication of underlying factors. The KMO for the correlation matrix was .97, which shows 

strong sampling adequacy (Kaiser & Rice, 1974). Bartlett’s Test of Sphericity ensures a degree of 

orthogonality by comparing the correlation matrix to the identity matrix. If the difference between 

the two matrices is not statistically significant, then it can be assumed that distinct factor 

structures are non-existent. In this case, Bartlett’s test was significant (𝜒 (274) = 11144.7, 𝑝 <

.001). Communalities or correlates between each item and all other items, ranged between 0.39 

and 0.76. All but one item (Composure_Excitable) included commonalties above 0.5. The initial 

analysis demonstrates that the dataset is sufficient for PCA. 

Following the PCA criteria used by McCroskey et al. (1974), an orthogonal (varimax) rotation 

was specified and factors below an eigenvalue of 1.0 were removed. To maximize orthogonality, 

conservative loading criteria was used – items loading below .6 on a single factor or cross-loading 

above .4 were removed. The resulting component Matrix included, 16 items, 3 dimensions, and 

accounted for 70% of variance. 

Table 2: Orthogonal Rotation PCA Factor Loadings 

  Components   

Item 
McCroskey 
Label 1 2 3 Communality 

Cronbach's 
Alpha 

Logical_Illogical Competence 0.79   0.70 

0.93 

Reliable_Unreliable Competence 0.78   0.70 
Intelligent_Unintelligent Competence 0.77   0.70 
Qualified_Unqualified Competence 0.75   0.68 
Dishonest_Honest* Character 0.74   0.58 
Goodnatured_Irritable Sociability 0.73   0.63 
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Incompetent_Competent* Competence 0.70   0.66 
Awful_Nice* Character 0.65   0.58 
Admirable_Contemptible Character 0.64   0.63 
Energetic_Tired Extroversion  0.81  0.79 

0.90 
Cheerful_Gloomy Sociability  0.80  0.79 
Talkative_Silent Extroversion  0.80  0.70 
Outgoing_Withdrawn Extroversion  0.79  0.78 
Tense_Relaxed* Composure  

 0.83 0.78 

0.85 Calm_Anxious Composure  
 0.81 0.75 

Nervous_Poised* Composure     0.80 0.78 

* Reversed Coded Explained Var. 0.33 0.21 0.16   
 

 
Table 3 identifies the factor loadings and communalities for each item and the Cronbach’s Alpha 

for each factor. Component 3 was the only dimension that loaded consistently with the factor 

label of Composure specified by McCroskey et al. (1974). Component 2 contained three items 

related to extroversion and 1 related to sociability. Surprisingly, Component 1 contains items 

related to competence, character, and sociability. An analysis revealed high intercorrelations 

(Table 3) between components, suggesting that an oblique rotation may be more appropriate.  

Table 3: Source Credibility Correlation Matrix - Orthogonal Rotation PCA 

  Component 1 Component 2 Component 3 

Component 1       

Component 2 0.63***     

Component 3 0.54*** 0.52***   

Pearson Product Moment Correlations 

 

Further, the initial factor structure analysis revealed three components above an eigenvalue of 1.0. 

However, the fourth component’s eigenvalue was .96, indicating that a fourth component may be 

appropriate. A review of the Scree Plot (Figure 4) further confirmed this, showing a leveling-off 

after the 4th component. 
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Figure 4: Source Credibility Scree Plot 

 

A second PCA analysis was conducted using an oblique (Promax) rotation and specifying 4 

factors. The same item elimination criterion was used – items loading below .6 on a single factor 

or cross-loading above .4 were removed. The resulting component matrix included, 18 items, 4 

dimensions, and accounted for 74% of variance. 

Table 4: Oblique Rotation PCA Factor Loadings 

Item 
McCroskey 
Label 1 2 3 4 Communality 

Cronbach's 
Alpha 

Qualified_Unqualified Competence 0.96    0.8 

.92 

Inexperienced_Experienced* Competence 0.89    0.71 

Intelligent_Unintelligent Competence 0.81    0.74 

Logical_Illogical Competence 0.74    0.7 

Impressive_Unimpressive Competence 0.72    0.76 

Incompetent_Competent* Competence 0.61    0.69 

Talkative_Silent Extroversion  0.93   0.7 

.91 

Energetic_Tired Extroversion  0.86   0.79 

Outgoing_Withdrawn Extroversion  0.83   0.78 

Cheerful_Gloomy Sociability  0.83   0.79 

Sociable_Unsociable Sociability  0.71   0.72 

Awful_Nice* Character   0.86  0.74 

.86 
Dishonest_Honest* Character   0.85  0.69 

Goodnatured_Irritable Sociability   0.8  0.71 

Unpleasant_Pleasant* Character   0.74  0.76 

Tense_Relaxed Composure    0.91 0.8 .84 
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Nervous_Poised* Composure    0.87 0.8 

Calm_Anxious Composure    0.83 0.73 

* Reversed Coded Explained Var. .23 .21 .17 .13   

Factor loadings < .4 are suppressed. 
 

The factor loadings (Table 4) align well with McCroskey et al.’s (1974) source credibility 

instrument. An exception is seen in Component 2 where two items previously labeled as 

Sociability loaded with three items related to Extroversion. The overall loading of this component 

seems to align with dynamism or enthusiasm.  McCroskey et al. (1974) proposed both a 4-

dimension and 5-dimension instrument, where Character and Sociability are combined in the 4-

dimension instrument. This was also revealed in Component 3 of our analysis. The item of Good-

Natured seems appropriately aligned with items specifically related to Character. Based on the 

review of the factor analytical structure, I labeled the components as follows: Component 1 = 

Competence; Component 2 = Dynamism; Component 3 = Character; Component 4 = Composure.  

Composite measures were created by calculating the mean score of items in each dimension. 

Higher composite measures signify greater perceived levels of Competence, Dynamism, 

Character and Composure. Since each video interview was rated by 7 independent raters, a final 

score was calculated for each participant by averaging the composite measures across all 7 

ratings. 

6.5 Experiment 1 Analysis 

The objective of Experiment 1 was to determine the efficacy of using human-data to 

automatically infer the judgements of source credibility made by human raters. To accomplish 

this objective, a machine learning approach was employed. This approach included a feature 

selection process guided by previous research in communications and personnel selection as well 

as algorithmic interpretations of feature importance. 
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6.5.1 Features Selection 

Although the system generated over 900 features related to kinesic, vocalic, and linguistic 

behaviors, a subset was selected for analysis. The selection of features was based on selecting 

only features that had previously been found to relate to source credibility dimensions and/or 

interview performance. The definitions of selected features and the software used to extract each 

feature are listed in Table 5 through Table 7.  

6.5.1.1 Linguistic Features 

Table 5: Linguist Features & Description 

Feature Definition Software 

Hesitation Count of filled pauses (e.g. “hm”, “uh”, “um”, 
etc.) identified by IBM’s Watson Speech-to-Text 
tool. 

IBM Watson 

Expressivity Total number of adverbs and adjectives divided 
by the total number of nouns and verbs. 

SPLICE 

Dominance Total number of sentences that include dominance 
language divided by the total number of 
sentences. 

SPLICE 

Lexical 
Diversity 

Number of unique words divided by the total 
number of words. 

SPLICE 

Language 
Complexity 

Simple Measure of Gobbledygood (SMOG) – 
Number of words with three or more syllables 
divided by total number of sentences. This value 
is then input into a function to calculate the 
corresponding US grade level of the text. 

SPLICE 

Past Tense 
Ratio 

Total number of verbs in the past tense divided by 
the total number of words. 

SPLICE 

Present 
Tense Ratio 

Total number of verbs in the present tense divided 
by the total number of words. 

SPLICE 

First Person 
Singular 
Ratio 

Total number of first person singular words 
divided by the total number of words. 

SPLICE 

First Person 
Plural Ratio 

Total number of first person plural words divided 
by the total number of words. 

SPLICE 

Word Count   Total number of words. SPLICE 
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6.5.1.2 Vocalic Features 

Table 6: Vocalic Features & Description 

Feature Definition Software 

Average 
Loudness 

Average loudness of the voice over the duration 
of an interview response. RoC corresponds to 
rate of change. 

OpenSmile 

Average 
Loudness RoC 

Average of the first derivative of loudness of the 
voice over the duration of an interview response. 

OpenSmile 

Average Pitch Average fundamental frequency of voice over 
the duration of an interview response. 

OpenSmile 

Average Pitch 
RoC 

 Average of the first derivative of fundamental 
frequency over the duration of an interview 
response. RoC corresponds to rate of change. 

OpenSmile 

Average Jitter  Average frequency of speech variations of vocal 
pitch over an interview response. 

OpenSmile 

Average Jitter 
RoC 

 Average of the first derivative of jitter over an 
interview response. RoC corresponds to rate of 
change. 

OpenSmile 

Average 
Shimmer 

Average amplitude deviations of vocal pitch over 
an interview response. 

OpenSmile 

Average 
Shimmer RoC 

 Average of the first derivative of shimmer over 
an interview response. RoC corresponds to rate 
of change. 

OpenSmile 

Average 
Voice Energy 

The energy of speech is defined as the sum of 
squared amplitudes of the scaled signal (Eyben, 
2016) 

OpenSmile 

Average 
Unvoiced 
Region 
Duration 

Average of all unvoiced region durations during 
interview excluding the first and last three 
seconds. Unvoiced regions is based on 
fundamental frequency (F0) measures equal to 
zero. 

OpenSmile 

Median 
Unvoiced 
Region 
Duration 

Median of all unvoiced region durations during 
interview excluding the first and last three 
seconds. Unvoiced regions is based on 
fundamental frequency (F0) measures equal to 
zero. 

OpenSmile 

Speech Rate  Count of sudo-syllables divided by length of 
response (de Jong & Wempe, 2009). 

OpenSmile 

 

6.5.1.3 Kinesics Features 

Table 7: Kinesics Features & Descriptions 

Feature Definition Software 

Average Valence Average facial valence of an interviewee over the 
course of their response. This varies between positive 1 
and negative 1. 

Affectiva 
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Variance of Valence  Variance of facial valence of an interviewee over the 
course of their response.  

Affectiva 

Average Smile Intensity Average smile intensity over the course of an interview 
response. 

Affectiva 

Variance of Head Roll Variance of head roll over the course of an interview 
response. 

Affectiva 

Variance of Head Yaw Variance of head yaw over the course of an interview 
response. 

Affectiva 

Variance of Head Pitch Variance of head pitch over the course of an interview 
response. 

Affectiva 

Eye Gaze Vertical eye gaze direction. Negative values represent 
upward gaze direction 

OpenFace 

 

6.5.2 Feature Aggregation 

The source credibility measures were based on assessments of three interview questions. The 

behavioral features used for analysis were based on the same three questions. To align with the 

single source credibility rating for each dimension of source credibility, the average of each 

behavioral measure over the three questions was used for analysis. This allowed for a one-to-one 

alignment between the source credibility rating and each behavioral feature.  

6.5.3 Outlier Detection and Feature Standardization 

Outliers in the behavioral feature data were assessed using Tukey’s method (Tukey, 1977). This 

approach states that data points 1.5 times the interquartile range below the first quartile and above 

the third quartile are considered outliers. In instances where this criterion was met, the outlying 

value was replaced with “NA”. 

Behavioral measures were then converted to z-scores. The mean and standard deviation of each 

behavioral measure over all subjects were used when standardizing the data. Finally, outlying 

data points labeled as “NA” were replaced with zero. This process effectively set outlying values 

of a behavioral feature to the mean value of that feature.  This is a conservative approach to 

dealing with outlying behaviors which essentially neutralized outlying datapoints.  
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6.5.4 Behavioral Feature Correlations Analysis 

Features that correlated above .75 or below -.75 were removed from the feature set. Voice energy 

correlated with loudness. Since loudness is a more interpretable measure, it was retained, and 

energy was removed. Median unvoiced region correlated with mean unvoiced region. Median 

was subsequently removed. Word count correlated with language expressivity. Since language 

expressivity captures additional information beyond just number of words used, word count was 

eliminated. The final set of features used for analysis are contained in Table 8. The full 

correlation matrix can be viewed in Appendix F. 

Table 8: System Behavioral Features 

Linguistics Vocalics Kinesics 

Hesitations Loudness Valence mean 
Expressivity Loudness Dynamics Valence var 
Dominance Ratio Vocal Pitch Smile mean 
Lexical Diversity Vocal Pitch Dynamics Roll var 
Language Complexity Vocal Jitter Yaw var 
Past Tense Ratio Vocal Jitter Dynamics Pitch var 
Present Tense Ratio Vocal Shimmer Gaze 
First Person Singular Ratio Vocal Shimmer Dynamics  
First Person Plural Ratio Unvoiced Region Mean  
  Speech Rate   

 

6.5.5 Class Identification 

A supervised machine learning approach was employed to classify dimensions of source 

credibility. Source credibility scores for each participant were converted into dichotomous class 

labels based on the median value of all participants for a specific dimension. Values that were 

greater than or equal to the median value were labeled as “High”; values below the median value 

were labeled as “Low.” Table 9 identifies the number of participants for each class label.  

Table 9: Count of Class Labels by Dimension 

 High Low 
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Competence 45 42 

Dynamism 44 43 

Character 48 39 

Composure 45 42 
 

6.5.5.1 Training and Testing Datasets 

Training and testing datasets were created based on a 75%/25% split. Seventy-five percent of the 

full dataset was used to train the classification model. The remaining 25% of the data was used to 

test the performance accuracy of the trained decision model. The split between training and 

testing datasets involved random selection and approximately balanced classes. For instance, 

Competence included 45 High labels and 42 Low labels. When split, the training set contained 34 

randomly selected High labels and 32 randomly selected Low labels. The testing set contained the 

remaining 11 High labels and 10 Low labels.  

6.5.5.2 Feature Importance Evaluation 

Behavioral features for each source credibility dimension were selected using Recursive Feature 

Elimination (RFE) (Guyon, Weston, Barnhill, & Vapnik, 2002).  RFE is a backwards elimination 

process which begins by training a Random Forest classifier with all predictor variables. In this 

case, 10-fold cross validation was used during the RFE process. The variable importance is then 

calculated for all features in the model and the least important feature is eliminated. This process 

repeats until the model contains only one variable. During each iteration, the performance is 

tracked. This process helps to identify the subset of features that produces the best classification 

performance. 

6.5.5.3 Competence 

RFS for Competence identified 6 features that maximized model performance. The features 

include: Language Complexity, Language Expressivity, Vocal Pitch Dynamics, Loudness, Smile 

Mean, and Valence Mean. Table 10 shows the results of independent Welch’s t-test (Welch, 
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1947) for each of the 6 selected variables. Welch’s t-test is more appropriate for this dataset 

compared to Student’s t-test since equal variance and sample size is not assumed. Figure 5 is a 

graphical representation of the directionality of each feature. And Figure 6 describes the mean 

decrease in tree-node impurity for each feature. Impurity is measured by the Gini Index, which is 

a measure of misclassification rates at each tree-node feature split. For instance, Language 

Complexity is most successful at reducing misclassifications followed by Expressivity and so on.  

Table 10: Competence Selected Features Class t-test 

 High Low   
Feature mean sd mean sd t p value 

Language Complexity 0.356 0.858 -0.381 0.986 3.706 0.000 

Speech Expressivity -0.314 0.848 0.336 1.038 -3.186 0.002 

Avg. Vocal Pitch RoC -0.181 0.808 0.194 1.015 -1.897 0.061 

Avg. Vocal Loudness 0.314 0.960 -0.336 0.914 3.236 0.002 

Avg. Face Valence 0.203 1.001 -0.217 0.782 2.186 0.032 

Avg. Smile Intensity 0.251 1.102 -0.268 0.619 2.731 0.008 
Welch Two Sample t-test. 

 

Figure 5: Competence Selected Feature by Class Comparison 
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Figure 6: Competence Selected Features Importance 

 

6.5.5.4 Dynamism 

The same feature evaluation process was conducted for Dynamism. In this case, the RFE process 

selected 9 features all of which were found to significantly differ using Welch’s t-test (Table 11). 

Speech Expressivity, Smile Intensity, and Language Complexity were identified as being the 

most predictive measures of Dynamism (Figure 8). 

Table 11: Dynamism Selected Features Class t-test 

 High Low   
Feature mean sd mean sd t p value 

Speech Expressivity -0.314 0.848 0.336 1.038 -3.252 0.002 

Avg. Smile Intensity 0.251 1.102 -0.268 0.619 3.638 0.001 

Language Complexity 0.356 0.858 -0.381 0.986 4.653 0.000 

Lexical Diversity -0.148 0.991 0.158 0.960 -2.947 0.004 

Avg. Gaze -0.224 0.925 0.240 0.954 -2.903 0.005 

Var. Face Valence 0.165 1.053 -0.177 0.792 2.412 0.018 
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Speech Rate 0.111 0.844 -0.119 1.143 2.093 0.040 

Avg. Unvoiced Duration -0.161 0.855 0.172 1.029 -3.000 0.004 

Avg. Vocal Loudness 0.314 0.960 -0.336 0.914 3.169 0.002 

Welch Two Sample t-test 

 

Figure 7: Dynamism Selected Feature by Class Comparison 
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Figure 8: Dynamism Selected Features Importance 

 

6.5.5.5 Character 

For Character, 14 features were selected through the RFE process (Figure 10). Language 

Complexity, Speech Dominance, and Lexical Diversity were ranked as the top three features at 

distinguishing between high and low character. Only 5 of the 14 features were found to 

significantly differ when evaluated with Welch’s t-test (Table 12). 

Table 12: Character Selected Features Class t-test 

 High Low   
Feature mean sd mean sd t p value 

Language Complexity 0.356 0.858 -0.381 0.986 3.801 0.000 

Speech Dominance 0.061 0.993 -0.065 1.003 2.898 0.005 

Lexical Diversity -0.148 0.991 0.158 0.960 -1.970 0.052 

Avg. Face Valence 0.203 1.001 -0.217 0.782 2.094 0.039 

Avg. Smile Intensity 0.251 1.102 -0.268 0.619 2.537 0.013 

Var. Head Roll 0.096 1.027 -0.103 0.934 1.663 0.100 

Avg. Vocal Loudness 0.314 0.960 -0.336 0.914 2.674 0.009 

Avg. Gaze -0.224 0.925 0.240 0.954 -1.432 0.156 

Avg. Vocal Jitter 0.087 1.052 -0.093 0.892 -0.064 0.949 

Avg. Vocal Pitch 0.077 0.979 -0.083 1.027 1.902 0.061 
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Speech Expressivity -0.314 0.848 0.336 1.038 -1.906 0.060 

Var. Head Pitch 0.021 0.958 -0.023 0.982 -0.334 0.739 

First-Person Singular -0.095 0.879 0.102 1.117 1.152 0.253 

Speech Hesitation -0.064 0.875 0.069 1.093 1.697 0.094 
Welch Two Sample t-test 

 

Figure 9: Character Selected Feature by Class Comparison 
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Figure 10: Character Selected Features Importance 

 

 

6.5.5.6 Composure 

For Composure, 8 features were selected during the RFE process (Figure 12). Top ranked features 

included: Speech Expressivity, the use of Present Tense Language, and Vocal Loudness. Only 3 

of the 8 features were found to be statistically different by Welch’s t-test (Table 13). 

Table 13: Composure Selected Features Class t-test 

 High Low   
Feature mean sd mean sd t p value 

Speech Expressivity -0.314 0.848 0.336 1.038 -2.648 0.010 

Present Tense 0.145 0.924 -0.156 1.065 1.581 0.118 

Avg. Vocal Loudness 0.314 0.960 -0.336 0.914 2.698 0.008 

Language Complexity 0.356 0.858 -0.381 0.986 2.113 0.038 

Var. Head Pitch 0.021 0.958 -0.023 0.982 1.236 0.220 

Lexical Diversity -0.148 0.991 0.158 0.960 -1.360 0.178 

Avg. Face Valence 0.203 1.001 -0.217 0.782 1.112 0.269 
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Var. Head Roll 0.096 1.027 -0.103 0.934 1.189 0.238 
Welch Two Sample t-test 

 

Figure 11: Composure Selected Feature by Class Comparison 
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Figure 12: Composure Selected Features Importance 

 

6.5.6 Classification Results – Model Performance 

The ability to automatically classify dimensions of source credibility as High or Low was judged 

using Monte Carlo Cross Validation (MCCV) (Xu & Liang, 2001). MCCV uses an iterative split, 

train, test process. For each iteration, the dataset is randomly split into a training and testing set. 

In this case, the split was 75%/25% for training and testing, respectively. Correct and incorrect 

predictions during each testing iteration were tracked. Finally, performance for predictions over 

all iterations is calculated. In this case, 100 iterations were conducted, and 10-fold Cross 

Validation was used when training the models.   

Using the features specified during the RFE process, separate machine learning models were 

evaluated for each source credibility dimension. The performance of Linear Support Vector 

Machine (SVM) (Table 14), Neural Net (Table 15), Random Forest (Table 16), and Boosted 

Logit (Table 17) models were evaluated. Table 14 through Table 17 report the Accuracy, 
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Precision, Recall, and F1 score for each dimension of source credibility. F1-score is the harmonic 

mean of precision and recall which demonstrates a balance between true-positives, true-negative, 

false-positives, and false-negatives (van Rijsbergen, 1979).  

Table 14: Linear SVM Performance 

 Accuracy Precision Recall F1 

Competence 0.7867 0.7906 0.8064 0.7984 

Dynamism 0.7862 0.8074 0.7773 0.7920 

Character 0.8252 0.8417 0.8550 0.8453 

Composure 0.6767 0.7200 0.6264 0.6699 
 

Table 15: Neural Net Performance 

 Accuracy Precision Recall F1 

Competence 0.8910 0.9089 0.8800 0.8942 

Dynamism 0.9148 0.8834 0.9645 0.9222 

Character 0.8538 0.8927 0.8458 0.8686 

Composure 0.7686 0.7801 0.7773 0.7787 
 

Table 16: Random Forest Performances 

 Accuracy Precision Recall F1 

Competence 0.9143 0.9283 0.9064 0.9172 

Dynamism 0.9419 0.9397 0.9500 0.9448 

Character 0.9362 0.9383 0.9508 0.9445 

Composure 0.9043 0.9090 0.9082 0.9086 
 

Table 17: Boosted Logit 

 Accuracy Precision Recall F1 

Competence 0.9081 0.9112 0.9136 0.9124 

Dynamism 0.9119 0.9111 0.9218 0.9164 

Character 0.9210 0.9419 0.9183 0.9300 

Composure 0.8595 0.8380 0.9073 0.8712 
 

 



6.6 Experiment 1 Discussion 

The purpose of Experiment 1 was to evaluate the design of a system for automated job interview 

sifting. The design requirements for the system called for scalability, structure, multi-dimensional 

analysis, and multimodal data capture.  

Scalability was addressed through the use of a web-based asynchronous interviewing platform 

that relies on a common web camera to capture interview footage. Having the system be web-

based and asynchronous allows for large scale deployment and interview facilitation without the 

need of a human interviewer.  

Structure was implemented through a highly controlled systematic approach which ensured 

consistent delivery of text-based interview questions. Once a question was displayed, each 

interviewee had the same amount of time to consider their response prior to responding. 

Similarly, when interviewees respond to a question, they were limited to a pre-specified duration 

of time. 

As discussed, the job interview is used to evaluate multiple characteristics of a job candidate. 

These characteristics will vary depending on the company, position, and the interviewer. The 

system was designed to address this through multi-dimensional analysis of characteristics. 

Namely, the system was designed to assess dimensions of source credibility. The assessment of 

these dimensions required multimodal data capture. Vocalic, linguistic, and kinesic cues were 

extracted from recorded video using several processing techniques. The initial selection of 

behaviors was based on findings from communications and personnel selection literature. 

6.6.1 Experiment 1 Summary Results 

The process of Recursive Feature Elimination (RFE) resulted in the selection of 6 features for 

Competence, 9 features for Dynamism, 14 features for Character, and 8 features for Composure 

that were most diagnostic of each dimension. Five out of the 6 features selected for Competence 
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were found to statistically differ (p < 0.05) between classes (High/Low) when evaluated using 

Welch’s t-tests (see Table 10). Additionally, Average Vocal Pitch RoC was significant below p < 

0.10. Language Complexity was found to be the most diagnostic feature followed by Speech 

Expressivity, Average Vocal Pitch Rate of Change, Average Vocal Loudness, Average Face 

Valence, and Average Smile Intensity. Interviewees who used more complex language with less 

expressivity, and had less changes in their vocal pitch, but greater volume, and more positive 

facial affect were rated as being more competent.  

All nine features identified by RFE for Dynamism where statistically significant (see Table 11). 

Interviewees high in Dynamism had less linguistic expressivity and lexical diversity but had 

greater overall Language Complexity. They also had more positive facial affect, had greater 

upward gaze behavior, had higher speech rates, had shorter unvoiced durations of speech, and had 

more vocal volume. 

Five out of the 14 features used to predict Character were statistically significant (p <0.05) (see 

Table 12). Five additional features were found to be significant at or below p < 0.10. Focusing 

only on features with a p-value less than 0.05, interviewees rated high in character used more 

complex language greater, dominant speech, had more positive affect, and greater vocal volume.  

Only 3 of the 8 features selected for Composure were found to significantly differ (see Table 13). 

These included Speech Expressivity, Language Complexity, and Vocal Loudness. Those rated as 

High in Composure used less expressive language but had greater language complexity and vocal 

volume.  

Many of the selected features for each source credibility dimension overlapped and had the same 

directionality for High versus Low dimensions. For instance, Language Complexity, Speech 

Expressivity, Vocal Loudness, and Facial Valence were selected by RFE for each dimension. 

Average Smile Intensity was selected for Competence, Dynamism, and Character. And Lexical 
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Diversity was selected for Dynamism, Character, and Composure. The similarity between 

selected features may be due to the high correlation between each source credibility dimension. 

Table 18 illustrates the correlations among source credibility dimensions. Correlations were not 

reported in McCroskey et al. (1974), so I am unsure if the high correlations are an artifact of the 

measurement instrument or the dataset.  

Table 18: Source Credibility Dimension Correlation Matrix 

  Competence Dynamism Character Composure 

Competence    

Dynamism 0.744    

Character 0.769 0.795   

Composure 0.701 0.666 0.585  

Pearson Product Moment Correlations 

 

The prediction results found that each dimension of source credibility can be classified at rates 

well above chance. The worst performing model was Linear SVM which had F1-scores ranging 

between 0.67 (Composure) and .85 (Character). For each model, Composure was the most 

difficult dimension to predict with F1-scores ranging from 0.67 to 0.91. Overall, the best 

performing model was the Random Forest which had an average F1-score of .93 over all source 

credibility dimensions. This is compared to .78 for SVM, 0.87 for Neural Net, and 0.91 for 

Boosted Logit. Dynamism had the highest F1-scores for the Neural Net and Random Forest, and 

Character had the highest score for Linear SVM and Boosted Logit.  

Over-training a decision model is a major concern when dealing with relatively small datasets 

such as the data used for this analysis. To reduce the likelihood that model performance was a 

function of the data selected to train and test each model, 10-fold cross-validation was used when 

training models and 100-fold MCCV was utilized when testing. The goal was to reduce 

overtraining by repeatedly resampling the data. During each testing iteration, a 25% hold-out set 

was used to evaluate the model’s ability to classify unseen data. The 25% split created a testing 
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dataset with roughly 20 observations. With a testing dataset of this size, a handful of random 

correct or incorrect predictions can largely sway the F1-score. A final evaluation of the Linear 

SVM model was conducted using a 50/50 split between the training and testing datasets. The 

SVM was the worst performing model out of the 4 evaluated and by evenly splitting the dataset 

we can create a very conservative measure of performance.  

Table 19: Linear SVM Performance 50/50 Train/Test Split 

 Accuracy Precision Recall F1 

Competence 0.7635 0.7630 0.7800 0.7714 

Dynamism 0.7828 0.8841 0.6623 0.7573 

Character 0.7912 0.8291 0.7883 0.8082 

Composure 0.6733 0.7005 0.6314 0.6641 
 

The performance measures of the Linear SVM with a 50/50 train/test split presented in Table 19 

demonstrate the ability to predict measures of source credibility under conservative machine 

learning specifications. Composure was most difficult to predict with an F1-score of 0.6641. The 

remaining dimensions were predicted at rates above .75. This example helps to confirm the 

predictive ability of the selected behavioral measures of each dimension and further demonstrates 

the ability to automate the selection of job candidates.  

6.6.2 Experiment 1 Key Contributions 

The automated evaluation of job candidates provides several benefits to companies. First, through 

automated evaluation companies can reduce the time spent manually evaluating interview videos. 

With the High/Low classification structure of the system, companies can focus on closely 

reviewing candidates who meet expectations for a specific behavioral rating. For example, 

companies can dedicate resources to candidates who were classified as High in competence.  

Second, the traditional hiring process consists of reviewing résumés followed by reference 

checks, and finally an interview. Résumé reviews and reference checks can be considered 
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deterministic filtering processes. For example, data gathered from a résumé (i.e. education level, 

work experience, etc.) are compared to established criteria for the job being filled. If the data 

matches or exceeds criteria, then the applicant continues to the next step in the process. On the 

other hand, many of the characteristics evaluated during an interview such as social skills or 

organizational fit are indeterministic. Traditionally, the perceptions of an interviewer were needed 

to judge these characteristics. Since the traditional face-to-face interview is resource intensive, 

only a small fraction of the original applicant pool can be evaluated this way. The use of the 

automated interviewing system allows for the evaluation of indeterministic characteristics much 

earlier in the hiring process. The proposed system demonstrated that traits such as competence, 

dynamism, character, and composure can be automatically classified at rates similar to human 

observers. The scalability of the system allows for the entire applicant pool to be closely 

evaluated. This allows candidates who may not meet deterministic criterion but have the character 

and vigor to outperform more traditionally qualified applicants to proceed through the hiring 

process. 

Third, the system’s ability to classify multiple characteristics allows companies to refine how 

they select employees. By understanding the characteristics of current high-performing 

employees, companies can look for similar combinations of traits classified by the system. 

Although the system is currently designed to assess only four traits (competence, dynamism, 

character, composure), the multimodal data capture capabilities allows for the evaluation of other 

traits relevant to employment. 

Finally, Experiment 1 provided insight into the importance of behavioral features for classifying 

traits related to job related credibility. Language Complexity, Speech Expressivity, Vocal 

Loudness, and Face Valence were selected as important features for each dimension of source 

credibility through the RFE process. Overall feature importance informs the development of 

future systems for evaluating job candidates independent of specific constructs of interest. 
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Possibly, these features can be incorporated into feedback systems for training job candidates on 

interviewing skills prior to participating in actual interviews. 

6.7 Experiment 1 Conclusion 

Independent of personnel selection, the proposed design overcomes limitations associated with 

the collection and use of human-data. This type of data has been traditionally expensive to collect 

due to labor and equipment. The proposed system design offers a scalable and automated 

approach to capture behavioral data using a web-based platform and a ubiquitous sensing 

instrument. With these features, human behavior can be efficiently collected and used for 

decision support. Although the system was evaluated with respect to personnel selection, it has 

the potential to be used for such tasks as auditing, security screenings, knowledge assessments, 

and many other tasks that could benefit from assessing human behaviors in large populations. The 

proposed design also allows for the use of real-time human-analytics by companies. The system 

provides end-users with valuable human-data that can then be assessed for actionable 

intelligence. 
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7 Human-Analytics for Personnel Selection – Objective 

Measures 

During Experiment 1, participants were given an opportunity to tailor their online application 

after reviewing the requirements of the mock-job description. The purpose of this step was to 

determine the extent to which participants would exaggerate or fabricate their qualifications to 

match a job description. Online application responses were tracked before and after participants 

viewed the job description and were given time to modify their application. Sixty-five percentage 

of participants increased their self-assessed skill-level in some way and 31% of participants rated 

themselves as having some degree of experience with an outdated software program when 

previously reporting that they had no experience.  

This insight adds to the growing body of research that indicates fraudulent claims during the 

hiring process are rampant. Levashina & Campion (2007) found that 79% of undergraduate job 

seekers engaged in extensive image creation when interviewing. Weiss & Feldman (2006) found 

that during an observational experiment, 81% of job-seekers told at least one lie when 

interviewed. On average 2.18 lies were told per interview and that the majority of lies occurred 

during questioning that reflected technical skills. Unfortunately for the honest job candidate, 

faking appears to increase a person’s chances of being offered a job (Griffith, Chmielowski, & 

Yoshita, 2007). And unfortunately for the companies, they may be recruiting employees who do 

not have the necessary qualifications. 

Employee performance can be quantified as the dollar-value of output provided by an employee. 

Forty-percent of salary is often used to represent a standard deviation change in performance 

output (Schmidt & Hunter, 1983, 1998; Schmidt, Hunter, Outerbridge, & Trattner, 1986). 

Following Schmidt and Hunter’s (1998) example, one standard deviation of salary for employees 

earning an annual salary of $40,000 equates to $16,000 ($40,000 × 40%). If performance output 
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is normally distributed, then the difference in output between an employee performing one 

standard deviation below average and an employee performing one standard deviation above 

average is $32,000. If an employee has fabricated their skills and qualifications, it’s likely that 

they will be performing below the performance levels of their peers, leading to a reduction in 

output for the company. 

The objective of the next section is to expand the capabilities of the system and determine if the 

system can predict objective measures of job performance based on behaviors captured during 

interviews. This capability may help to overcome occurrences of exaggeration and fabrication 

and allow hiring managers to better judge an interviewee’s true knowledge and abilities.  

7.1 Structured Interviews & Question Types 

Although the interview is commonly used to assess personality characteristics and social skills 

(Huffcutt et al., 2001),  the extent of exaggeration and fabrication occurring during the hiring 

process highlights the importance of using the interview to verify skills and abilities. One 

approach to this is enforcing rigid structure and carefully selecting the questions asked during the 

interview. As the structure of the an interview increases, so does the validity of the interview as a 

selection method (Huffcutt & Arthur, 1994; Levashina et al., 2014). Campion et al. (1997) 

identified 15 components of structured interviews intended to influence the content of interviews 

and the evaluation of interviewees. With regards to the content of interviews, structure includes: 

the design and selection of interview questions, asking each candidate the same question, 

reducing dynamic interactions, increasing duration or number of questions, elimination or 

standardization of ancillary information such as résumés or applications, and elimination of 

questions from candidates during the interview. These components ensure the highest validity 

possible by allowing for consistent comparisons between candidates.  
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Once the delivery format of interviews has been established, the next step is to determine how 

candidates will be evaluated. Components of structure from Campion et al. (1997) include: rating 

each question or using multiple scales, using anchored rating scales, taking detailed notes, using 

multiple interviewers, using the same interviewers, waiting until all interviews have been 

completed prior to discussion, training interviewers, and using statistical rather than clinical 

predictions. The objective of these components of structure are to ensure candidates are rated 

consistently and without bias.    

The types of questions asked during an interview are also important indicators of job related 

constructs. Most research in this area has looked at Situational Questions (SQ) and Past-Behavior 

Questions (PBQ) (Levashina et al., 2014). Situation Questions are based on the premise that 

intentions are predictive of future behaviors (Latham, Saari, Pursell, & Campion, 1980). During 

the interview, candidates are presented with hypothetical situations or problems and must respond 

with how they would address the issue. In contrast, Past-Behavior Questions (a.k.a. patterned 

behavior description questions) are based on the premise that past behaviors predict future 

behaviors (Janz, 1982). For these question types, candidates are asked to describe situations from 

their past where they had to respond to job related problems. 

Although the characteristics measured by SQ and PBQ’s are highly correlated (Conway & 

Peneno, 1999), research indicates that each may be better suited to predict different job related 

constructs (Levashina et al., 2014). SQ and PBQ’s are both found to be correlated with cognitive 

ability (Day & Carroll, 2003; Huffcutt, Roth, & McDaniel, 1996; Krajewski, Goffin, McCarthy, 

Rothstein, & Johnston, 2006) and job performance (Campion, Campion, & Hudson Jr, 1994; 

Huffcutt, Conway, Roth, & Klehe, 2004; Klehe & Latham, 2005; Latham & Sue-Chan, 1999; 

Pulakos & Schmidt, 1995), but PBQ’s are found to be more predictive of job experience whereas 

situational questions are found to be more related to basic job knowledge (Conway & Peneno, 

1999).  
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7.2 Assessing Cognitive Ability 

Based on high correlations between cognitive ability exams and interviewer ratings of candidates,  

the structured interview has been suggested as being an orally administered cognitive ability test 

(Campion, Pursell, & Brown, 1988). Huffcutt et al. (1996) identified four possible reasons for the 

relationship between interview performance and cognitive ability: 1) interviewee intelligence is a 

salient theme that is remembered by the interviewer; 2) those with high cognitive ability may be 

better able to select more appropriate impression management strategies; 3) those with higher 

cognitive abilities are able to provide more complex answers; 4) and access to GMA test scores 

may bias the interviewer’s ratings of candidates. Cognitive ability is a particularly important 

construct to capture during the job candidate selection process. General mental ability has 

repeatedly been shown to be a highly reliable predictor of job performance (Campion et al., 1988; 

Hunter, 1986; Hunter & Hunter, 1984; Schmidt, 2002; Schmidt & Hunter, 1998). 

General cognitive ability, also referred to as psychometric g, can be defined as, “…individual 

differences in information processing capacity or the ability to learn” (Le Pine, Colquitt, & Erez, 

2000, p. 567). Cattell (1943) proposed two components that comprise g – fluid g (gf) and 

crystallized g (gc). Fluid g refers to an ability to solve unfamiliar problems or adapt to new 

situations through pattern and relationship recognition. Crystallized g refers to an ability to apply 

prior knowledge to problem solving tasks. As well as increasing job performance, increased 

GMA also correlates with such tasks as adapting to situations (Le Pine et al., 2000) and learning 

new material (Ree & Earles, 1991). Both of which may contribute to overall job performance. 

7.2.1 Cues to Cognitive Ability 

The idea proposed by Huffcutt that a person’s intelligence stands out to interviewers is an 

interesting concept. Are judges able to accurately assess the intelligence of targets through short 

interactions? Research suggests that humans can accurately judge many characteristics of other 

through short observations. This line of research is referred to as thin slicing (Ambady & 
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Rosenthal, 1992). A thin slice refers to dynamic information presented in less than 5 minutes and 

can include various communication channels such as the face, body, speech, voice, and/or 

transcript (Ambady, Krabbenhoft, & Hogan, 2006). The videos obtained from asynchronous 

video interviews provide hiring managers with thin slices of job candidates which are then judged 

for qualities important to the manager and the company. Prickett et al. (2000) found that naïve 

judges who viewed video interviews for 20 seconds could replicate the assessments of 

interviewees by judges who conducted extended interviews lasting over 20 minutes. This is 

consistent with earlier work that purports judgements under 30 seconds do not differ significantly 

from judgements of thicker slices (Ambady & Rosenthal, 1992). 

Borkenau et al.’s (2004) investigation of thin slice judgments of intelligence found that after 

watching short video clips of participants performing various tasks, estimations of intelligence by 

third-party judges demonstrated strong correlations with measured intelligence scores. The 

highest correlation (𝜌 =  .53) between judgements and measured intelligence was found when 

judges viewed video recordings of participants reading. Generally, it seems that intelligence can 

be surmised at levels above chance (Borkenau & Liebler, 1993, 1995; Reynolds & Gifford, 2001; 

Zebrowitz, Hall, Murphy, & Rhodes, 2002). 

Murphy’s (2007) analysis of impression management tactics of intelligence found that 

independent raters were unsuccessful at judging intelligence when reviewing transcripts of a 

subject, but were able to make somewhat accurate assessments (𝜌 =  .38) when reviewing video 

footage. This suggests that nonverbal behaviors play an important role in the assessment of 

intelligence. Murphy also looked at the nonverbal behaviors associated with perceived 

intelligence and actual intelligence. Clear styles of speech, eye contact, expressive voice, eye 

shifts, gesturing, looking while listening and speaking, nodding, number of pauses, 

responsiveness, self-assured expressions, speaking time, and pleasant voice were all behavioral 

cues that correlated with perceived intelligence. Behaviors that significantly correlated with 
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actual intelligence at 𝑝 ≤ .05 were eye contact while speaking, responsiveness, speech latency 

(negative correlation), and speaking time. Reynolds & Gifford (2001) found that word count and 

speaking rate also significantly correlated with measured intelligence.  

7.2.2 Cues to Cognitive Load 

Another perspective to consider when assessing intelligence through observation is signs of 

cognitive load, or in the case of a more intelligent person, less signs of cognitive load. Several 

studies have looked at verbal and nonverbal behaviors during episodes of increased mental strain. 

Vrij et al. (2008) attempted to leverage the idea that deception is a more cognitively demanding 

task to detect deception by having participants repeat a story in reverse order. The idea being that 

both deception and telling a story backwards are more complex than telling the truth ordinally; by 

combining the two tasks, cognitive load would significantly increase for deceivers. The study 

found that compared to truthtellers, deceivers provided fewer details and contextual embedding, 

had a slower speech rate, and had more speech hesitations, errors, and cognitive operations (i.e. “I 

think,” “I guess”), had higher blink rates, more gaze aversion, and more leg movements.  

Smith & Clark (1993) noted that, “In the ideal answer to a question, respondents (1) provide the 

requested information (2) confident in its accuracy and (3) without undue delay” (p. 36). They 

found that the more the level of uncertainty increases, the further a respondent varies from the 

ideal answer, leading to a slower response, more vocal intonation, more hedging language, and 

more filler language and self-talk.  They concluded that these types of behaviors are associated 

with the memory search process and attempts to save face when not knowing or being uncertain 

about a response. This research suggests that when a response requires greater memory search, 

cognitive load increases leading to observable verbal and nonverbal cues. 

Gaze aversion seems to play an important role during cognitively intensive tasks (G. Doherty-

Sneddon & Phelps, 2005; Gwyneth Doherty-Sneddon, Bruce, Bonner, Longbotham, & Doyle, 
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2002; Glenberg, Schroeder, & Robertson, 1998). Glenberg et al. (1998) found that by averting 

gaze, a person is able to disengage from visual stimuli and focus on the problem-solving task at 

hand. As the difficulty of a task increases, the amount of gaze aversion also increases. This 

process was found to positively affect the results of a task – more gaze aversion led to more 

correct answers. Glenberg et al. (1998) and Doherty-Sneddon (2005) found that although gaze 

aversion plays a role in mitigating social discomfort during dyadic interactions, the primary 

function is to help with cognitive tasks. The degree of social interaction seems to mediate the 

amount of gaze aversion. Doherty-Sneddon (2005) found that participants had less gaze aversion 

during video-based communication compared to face-to-face interactions. However, question 

difficulty significantly affected the amount of aversion in both situations.   

Interestingly, but perhaps not surprisingly, behavioral cues of measured intelligence are inversely 

related to signs of cognitive load.  Specifically, gaze aversion and speech latencies are generally 

lower for intelligent people and higher during times of high cognitive load irrespective of 

intelligence level; speaking rate and verbal descriptions are generally higher for intelligent people 

and are lower during times of cognitive load. This is not to say that intelligent people do not 

experience cognitive load, but it does suggest that as a person’s intelligence increases, they are 

able to retrieve information from memory more efficiently and with less cognitive effort. By 

evaluating signs of cognitive load during controlled questioning, it may be feasible to estimate a 

person’s level of cognitive ability and knowledge, which are important predictors of successful 

employees. 

7.3 Hypotheses 

Research surrounding behavioral correlates of GMA and cognitive load suggests that objective 

measures of mental ability and work knowledge may be detectable during asynchronous video 

interviews. The idea being that those with greater mental ability will experience less cognitive 
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load during an interview and thus will have differing verbal and nonverbal behaviors. Based on 

findings from prior studies, the following hypotheses are proposed:  

 H1. Interviewees who score higher/lower on a general mental ability assessment will 
avert their gaze less/more during asynchronous video interviews. 

 H2. Interviewees who score higher/lower on a general mental ability assessment will 
have faster/slower rates of speech during asynchronous video interviews. 

 H3. Interviewees who score higher/lower on a general mental ability assessment will 
have longer/shorter durations of unvoiced speech during asynchronous video interviews. 

 H4. Interviewees who score higher/lower on a general mental ability assessment will 
have a greater/lower word count during asynchronous video interviews. 

 H5. Interviewees who score higher/lower on a general mental ability assessment will use 
less/more hedging and cognitive operation language during asynchronous video 
interviews. 

As well as evaluating behaviors related to GMA, I am also interested in behaviors as they relate 

to job skills. In this case, as interviewees respond to questions related to job skills, the more 

skilled interviewees should experience less cognitive load compared to the less skilled 

interviewees. Based on previous research, the following hypotheses are proposed: 

 H6. Interviewees who score higher/lower on a work skills assessment will avert their 
gaze less/more during asynchronous video interviews as they respond to questions related 
to the work skill. 

 H7. Interviewees who score higher/lower on work skills assessment will have 
faster/slower rates of speech during asynchronous video interviews as they respond to 
questions related to the work skill. 

 H8. Interviewees who score higher/lower on a work skills assessment will have 
longer/shorter durations of unvoiced speech during asynchronous video interviews as 
they respond to questions related to the work skill. 

 H9. Interviewees who score higher/lower on a work skills assessment will have a 
greater/lower word count during asynchronous video interviews as they respond to 
questions related to the work skill. 

 H10. Interviewees who score higher/lower on a work skills assessment will use less/more 
hedging and cognitive operation language during asynchronous video interviews as they 
respond to questions related to the work skill. 

8 Experiment 2 

Where Experiment 1 correlated perceptual measures with behavioral measures, Experiment 2 

seeks to identify relationships between objective measures of job performance (e.g. GMA and job 
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skills) and behavioral measures. Using carefully selected interview questions in combination with 

the highly structured asynchronous video interview system, Experiment 2 is designed to assess 

the feasibility of judging general mental ability and work skills automatically through video-

based behavioral analysis.  

8.1 Experiment Procedure 

The procedure for Experiment 2 followed a similar protocol as Experiment 1. Prior to arriving at 

the laboratory, participants completed an online survey designed to replicate a job application. 

The online survey was completed prior to the participants having any knowledge about the type 

of job that they would be interviewing for.  

When participants arrived for the study, they were greeted by a research assistant, checked in to 

the experiment, and escorted to an adjoining room containing a desktop computer. The research 

assistant used the participant’s email address to log them into an experiment management system. 

After logging into the system, participants were told to watch a short video which explained the 

experiment and what they would be doing. Again, video instruction, as opposed to verbal or 

written instruction, was used to ensure consistent delivery and understanding across all subjects. 

The video provided background information on asynchronous video interview systems, hiring 

processes, and informed the participants that they would be participating in an asynchronous 

interview followed by cognitive ability and skill assessments. To encourage effort, participants 

were told that their performance would be automatically judged by the system, and if they were 

found to perform above average, they would receive $20, otherwise they would only receive $5. 

This was a slight deception; all participants received $20.  

At the conclusion of the video, participants were instructed to retrieve a mock-job description 

from the drawer to their right. They were also informed that part of the judgement of their 

performance would be based on the previously completed online job application, and they would 
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now be able to tailor their application to fit the job description. The job description was for a Jr. 

Business Analyst and emphasized problem solving and Microsoft Excel skills. The job was 

designed to be suitable and generalizable to business students. 

Following the video, the experiment management system presented the participants with the 

online application that they previously completed. Again, there were two reasons for having the 

participants modify their online application: 1) the process helped ensure that participants 

carefully reviewed the job description and were familiar with its contents prior to participating in 

the interview; 2) A secondary purpose of the experiment was to evaluate the degree of fabrication 

and exaggeration taking place during the hiring process.  

Next, participants completed an interview using an asynchronous video interview system. The 

interview was comprised of 11 questions: 4 situational questions related to Microsoft Excel and 

problem solving; 3 past-behavior questions related to problem solving, 3 general interview 

questions (e.g. “tell us about yourself”), and one question related to their knowledge of an 

outdated software application. This question is part of a separate research project looking at 

behavioral cues to deception during job interviews and was not included in the current analyses.  

Table 20 lists the questions asked during the interview. 

Table 20: Experiment 2 Interview Questions 

# Question Type 

Q1 Tell us about yourself General 

Q2 Describe your dream job? General 

Q3 Assume you are given an Excel file containing product data 
including manufacturing price and quantity produced. Describe 
the steps you would take and the Excel functions you would use to 
determine the total cost to manufacture all of the products. 

Situational 

Q4 Assume you are given an Excel file that contains 10,000 records 
including name, address, and phone numbers of customers. You 
are asked to sort the list alphabetically by last name, but the name 
column is formatted with the first name first and second name 
second. For example, 'John, Smith', instead of 'Smith, John'. How 
would you complete your task of alphabetically sorting the list by 
last name? 

Situational 
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Q5 You are given a spreadsheet containing sales information 
including product name, product type, cost, sales location, and 
number of units sold. You are asked to generate reports of 
summary sales information including number of products sold at 
each location and average price by product type. How would you 
generate reports using built in features of Microsoft Excel? Hint: 
Pivot Table may be useful 

Situational 

Q6 On a scale from 0 to 4 stars, how would you rate your level of 
experience with StatView Excel plugin? Please describe how you 
gained this experience. 

Deception 

Q7 You are asked to design a system that will recommend products to 
customers based on their demographic information and purchase 
history. Describe how you would approach this problem and the 
steps you would take to design the system. 

Situational 

Q8 Give a specific example of a time when you used good judgment 
and logic in solving a problem. 

Past-Behavior 

Q9 Tell us about a time when you identified a potential problem and 
resolved the situation before it became serious. 

Past-Behavior 

Q10 Give a specific example when you used Microsoft Excel to create 
a report. What type of report did you create and why was it 
needed? This example can include reports used for classroom, 
work, or personal reasons. 

Past-Behavior 

Q11 Why should we hire you? General 

 

Participants were given 60 seconds to consider their response and 90 seconds to respond to 

questions. This represents a 30 second increase for each timed episode compared to Experiment 

1. Additionally, the AVIS system was configured to record the amount of time a participant used 

to consider their response before responding to questions. This information was not captured 

during Experiment 1.  

Following the interview, participants completed two computerized assessments to measure 

general mental ability and work skills. Microsoft Excel was selected as the basis for evaluating 

work skills. Excel is a commonly used tool in business settings allowing for generalizability in a 

laboratory setting. General mental ability (GMA) was measured using an assessment based on the 

Wonderlic Personnel Test (WPT). The WPT is a commercially available intelligence test 

commonly used for personnel selection (Greenhaus & Callanan, 2006). The test was not available 

to researchers for this experiment, but the widespread use of the assessment and minimal time 
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required to administer the test makes it an ideal tool for purposes of this experiment. A replication 

of the WPT was created using available sample questions. The assessment consisted of 50 

questions designed to replicate the type and quantity of question types appearing on the WPT. 

Question types include verbal, numerical, and spatial. Participants had 12 minutes to correctly 

answer as many of the questions as possible. This time limit is consistent with the requirements of 

the WPT. Scores on the WPT are found to strongly correlate with scores on longer intelligence 

assessments such as Wechsler Adult Intelligence Scale (WAIS) (Dodrill, 1981, 1983). The WAIS 

can take up to one-hour to administer (Axelrod, 2001); whereas, the WPT takes only 12 minutes. 

Knowledge of Microsoft Excel skills was assessed using a 20-question multiple choice exam. The 

exam was designed to assess knowledge of general concepts, basic function, data manipulation 

(sort & filter), and pivot tables. The widespread use of MS Excel by businesses of all varieties 

makes it an important skill to have. Additionally, many business college students are required to 

use Excel to complete homework assignments. The assessment of Excel skills was intended to 

represent job related skills. Following the WPT and Excel assessments, participants completed an 

exit survey which captured demographic information such as gender and whether English was 

their first language. The exit survey also asked participants about their experience with AVIS 

type systems. Gender and native English information was not used in the previous analysis since 

Experiment 1 was intended as a general proof-of-concept evaluation. This information becomes 

more important in Experiment 2 where the intention is to refine the system and add to its 

capabilities. Gender and native English speakers become important covariates for assessing GMA 

and work skills since vocal behavior may differ between males and females, and non-native 

English speakers have an increased cognitive load when responding to interview questions since 

they are not speaking in their native language.  
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8.2 Participants 

A total of 98 undergraduate students participated in the experiment (Male = 37; Female = 61). 

One female student did not complete the Excel or Wonderlic assessment, making the final N = 

97. One participant reported a class standing of Sophomore, 88 reported their standing as Junior, 

and 4 reported being Seniors. 19.5% of participants reported being non-native English speakers. 

And 37.1% of participants had previously conducted asynchronous video interviews with 

companies including: Altria, Ernst & Young, Texas Instruments, Goldman Sachs, JP Morgan, 

Ralph Lauren, TJX, Under Armour, MGM, Nordstrom Rack, Morgan Stanley, Chase, Hyatt, and 

Bloomberg. This statistic represents an 11% increase from Experiment 1 which was completed 1 

year prior to Experiment 2.  

8.3 Assessment Results 

The average score on the Wonderlic assessment was 35.35 (sd = 7.87) out of a total of 50 points. 

The average score on the Excel assessment was 16 (sd = 2.40) out of 20 possible points. Figure 

13 and Figure 14 show the distribution of points for the Wonderlic and Excel assessments, 

respectively. 

Figure 13: Wonderlic Score Distribution 
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Figure 14: Excel Score Distribution 

 

8.4 Analysis 

8.4.1 Data Preparation 

The extraction and aggregation of data followed the same process as Experiment 1, which 

included processing interview video footage through eye gaze, face, voice, and linguistic analysis 

algorithms. The full list of behavioral features extracted for Experiment 2 are listed in Table 21.  

Table 21: Experiment 2 Extracted Behavioral Features 

Feature Definition Software 

Average X-Axis Gaze Angle 
Average of X-Axis (Left & Right) eye 
gaze during an interview question 
response  

 OpenFace 

Variance X-Axis Gaze Angle 
Variance of X-Axis (Left & Right) 
eye gaze throughout an interview 
response 

 OpenFace 

Average Y-Axis Gaze Angle 

Average of Y-Axis (Up & Down) 
gaze during an interview question 
response. Negative measures correlate 
to upward eye gaze direction. 

 OpenFace 

Variance Y-Axis Gaze Angle 
Variance of Y-Axis (Up & Down) eye 
gaze during an interview question 
response. 

 OpenFace 

Gaze Distance Cam Avg. 

Average eye gaze distance from the 
web-camera during a response. 
Smaller average refers to greater eye 
contact with the camera. 

 OpenFace 

Gaze Distance Cam Var. 
Variance of eye gaze distance from 
the web-camera during a response. 

 OpenFace 
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Gaze Distance Screen Avg. 

 Average eye gaze distance from the 
center of the computer screen during a 
response. Smaller average refers to 
greater eye contact with the screen. 

 OpenFace 

Gaze Distance Screen Var. 
Variance of eye gaze distance from 
the web-camera during a response. 

 OpenFace 

Speech Rate 

Speech rate of an interviewee during a 
response. Count of number of words 
during a response divided by response 
duration 

 IBM Watson 

Max Unvoiced Region 

Longest unvoiced region of speech 
during an interview response 
excluding the first and last three 
seconds. Unvoiced regions is based on 
fundamental frequency (F0) measures 
equal to zero. 

 OpenSmile 

Average Unvoiced Region 

Average of all unvoiced region 
durations during interview excluding 
the first and last three seconds. 
Unvoiced regions is based on 
fundamental frequency (F0) measures 
equal to zero. 

 OpenSmile 

Word Count 
Number of spoken words during an 
interview response.  

 IBM Watson 

Hedge-Uncertainty Lang. 

Composite of indefinites, 
demonstratives, hedging words, 
uncertainty words, and the Loughran 
and McDonald (2011) uncertainty and 
weak modal dictionaries. 

 SPLICE 

 

To better determine where a participant was looking during the interview, eye gaze distance from 

the camera and the screen was also computed for this analysis. Prior to starting the interview, 

each participant stared directly at the center of the screen for 10 seconds and then directly at the 

camera for another 10 seconds while being recorded. This process was used to establish a 

baseline of gaze fixation. The Euclidean distance between gaze direction during the interview and 

the average gaze during the configuration processes was calculated for each frame of interview 

video. A shorter distance between interview eye gaze and average camera eye gaze indicates that 

the participant is looking at the camera while responding. Similarly, a shorter distance between 

interview eye gaze and average screen eye gaze indicates that a participant is looking at the 

screen. Figure 15 visualizes frame-by-frame gaze measurements for one participant as she 
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proceeded through the camera and screen gaze configuration process and as she responded to an 

interview question. In this case, the majority of eye gaze is focused at or above the camera when 

the participant is responding to the question. For demonstration purposes, the y-axis has been 

flipped so that camera gaze is visualized above screen gaze, replicating the configuration of the 

camera above the computer monitor. The raw gaze output for the y-axis is increasingly negative 

as the participant looks up.  

Figure 15: Sample Eye Gaze Behavior 

 

Based on temporal signals such as eye gaze during an interview response, summary statistics (e.g. 

mean & variance) were calculated for each participant and each interview question. Following 

this process, outlying data points were identified using Tukey’s method (Tukey, 1977). Instead of 

eliminating outlying data points or setting them equal to the mean, outliers were replaced with the 

minimum or maximum non-outlying point for that feature. For example, if eye gaze variability 

for a particular subject was found to be 1.5 times the interquartile range below/above the 

first/third quartile, then the measure was replaced with the lowest/highest data point that was 
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within the outlying threshold. This process capped the numerical effects of outliers while still 

preserving the directionality of the measure. All features where then standardized within 

participants. 

Two separate datasets were created to analyze GMA and Excel skills. The GMA dataset included 

7 questions corresponding to situational and past-behavior interview questions. And the Excel 

dataset included 3 questions related to knowledge of Microsoft Excel, which also corresponded to 

situational interview questions. Features within each dataset were averaged across questions for 

each participant. The process of addressing outliers and scaling the measures occurred after the 

data was separated into each dataset.  

8.4.2 Behavioral Cues to General Mental Ability 

To test each hypothesis related to behavioral correlates of GMA, a multivariate linear regression 

was specified (Equation 1). The regression included Native English Speaker and Gender as 

control variables. Native English Speaker was dummy coded as 0 for non-native and 1 for native 

speaker. Gender was dummy coded as 0 for female and 1 for male. The behavioral feature of 

interest was set as the dependent variable and high or low Wonderlic scores were dummy coded 

as 0 for low and 1 for high. This variable was set as an independent variable. High Wonderlic 

scores were those above average of all scores (n = 56) and low scores were those equal to or 

below the average (n = 41). Table 22 reports the regression results for each feature.  

Equation 1: 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 =   𝛽 + 𝛽 (𝑁𝑎𝑡𝑖𝑣𝑒 𝑆𝑝𝑒𝑎𝑘𝑒𝑟 ) + 𝛽 (𝐺𝑒𝑛𝑑𝑒𝑟 ) + 𝛽 (𝑊𝑜𝑛𝑑𝑒𝑟𝑙𝑖𝑐 𝑆𝑐𝑜𝑟𝑒 ) +  𝜀  

 

 

 

Table 22: Regression Results - General Mental Ability 
  

English First Lang. Gender GMA Score (high/low) 

Category Feature 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 
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Eye Behavior 

Average X-Axis Gaze Angle 0.266 0.233 0.256 0.300 0.190 0.118 -0.021 0.201 0.917 

Variance X-Axis Gaze Angle 0.096 0.201 0.635 -0.135 0.164 0.412 -0.143 0.173 0.412 

Average Y-Axis Gaze Angle -0.030 0.228 0.894 0.909 0.186 0.000 -0.463 0.196 0.021 

Variance Y-Axis Gaze Angle 0.224 0.201 0.269 -0.163 0.165 0.325 -0.019 0.174 0.914 

Gaze Distance Cam Avg. 0.011 0.231 0.963 0.146 0.189 0.444 -0.073 0.200 0.716 

Gaze Distance Cam Var. 0.067 0.207 0.745 -0.110 0.169 0.517 -0.073 0.178 0.684 

Gaze Distance Screen Avg. -0.027 0.211 0.898 -0.504 0.173 0.004 0.493 0.182 0.008 

Gaze Distance Screen Var. 0.296 0.185 0.113 -0.383 0.151 0.013 0.061 0.159 0.705 

Vocalic 

Speech Rate 0.783 0.199 0.000 -0.213 0.163 0.195 0.611 0.172 0.001 

Max Unvoiced Region -0.421 0.189 0.028 0.327 0.155 0.037 -0.464 0.163 0.006 

Average Unvoiced Region -0.578 0.201 0.005 0.296 0.165 0.076 -0.428 0.174 0.016 

Linguistic 

Word Count 0.162 0.183 0.379 -0.122 0.150 0.418 0.318 0.158 0.047 

Hedge-Uncertainty Lang. 0.046 0.130 0.725 -0.092 0.107 0.394 0.327 0.113 0.005 

 

8.4.2.1 Eye Behaviors 

When controlling for differences based on native language and gender, eye gaze measures related 

to variance were not found to significantly predict GMA test scores as hypothesized. Average y-

axis gaze angle, 𝛽 =  −0.46, 𝑡(93) =  2.36, 𝑝 = 0.02, and average gaze distance from the screen, 

𝛽 =  0.49, 𝑡(93) =  2.71, 𝑝 = 0.008,  were found to significantly differentiate between high and 

low GMA test scores. Participants with high scores tended to look up more (negative y-axis 

values correspond to upward gaze) and had a greater distance of gaze from the screen. This 

finding would suggest that higher scoring participants are looking at the camera as opposed to the 

screen when responding, which would correspond to eye contact. However, if this was the case, 

we’d also expect the mean gaze distance to the camera to be lower, which was not found to be 

statistically significant. Based on this analysis of eye gaze, H1 is rejected.  

8.4.2.2 Voice Behaviors 

Three voice measures were evaluated to determine relationships between behaviors and GMA 

scores: Speech Rate, Max Unvoiced Region of Speech, and Average Unvoiced Region of Speech. 

All three features were found to significantly differentiate between high and low GMA scores. 

Speech Rate, 𝛽 =  0.61, 𝑡(93) =  3.55, 𝑝 = 0.001,  increased for participants with high GMA 
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test scores. Speech rate was also found to be significantly higher for native English speakers, 

which was expected. When accounting for native English speakers, gender, and test score, the 

adjusted R-squared for Speech Rate is 0.30. Based on these results, H2 is accepted. 

Evaluation of Unvoiced Regions of Speech demonstrated lower maximum, 𝛽 =  −0.46, 𝑡(93) =

−2.84, 𝑝 = 0.006, and average, 𝛽 =  −0.43, 𝑡(93) =  −2.46, 𝑝 = 0.016, durations for 

participants with high test scores. These features also differed between native and non-native 

English speakers. Native speakers had shorter durations of unvoiced speech. When accounting for 

native English speakers, gender, and test score, the adjusted R-squared for maximum unvoiced 

region is 0.19 and .20 for mean unvoiced region. Based on these results, H3 is accepted.  

8.4.2.3 Linguistic Behavior 

Two linguistic measures were evaluated to determine their relationship to GMA test scores: total 

word count and ratio of hedging and uncertainty language versus total word count. Total word 

count, 𝛽 =  0.32, 𝑡(93) = 2.01, 𝑝 = 0.047, was greater for participants who scored higher on the 

GMA test. This was predicted by H4. The use of hedging and uncertainty words was statistically 

significant, 𝛽 =  0.33, 𝑡(93) = 2.9, 𝑝 = 0.005, but demonstrated a different directionality than 

what was expected by H5. Prior research suggests that cognitive operations increase the use of 

hedging and uncertainty words and H5 predicted that participants with higher GMA scores would 

use less of this type of language. The analysis demonstrated that participants with high test scores 

used more hedging and uncertainty language. H5 is rejected.   

Table 23: Hypothesis Summary Results - GMA 

Hypotheses Accept/Reject 

H1. Interviewees who score higher/lower on a general mental ability 
assessment will avert their gaze less/more during asynchronous video 
interviews. 

Reject 

H2. Interviewees who score higher/lower on a general mental ability 
assessment will have faster/slower rates of speech during asynchronous 
video interviews. 

Accept 
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H3. Interviewees who score higher/lower on a general mental ability 
assessment will have longer/shorter durations of unvoiced speech during 
asynchronous video interviews. 

Accept 

H4. Interviewees who score higher/lower on a general mental ability 
assessment will have a greater/lower word count during asynchronous video 
interviews. 

Accept 

H5. Interviewees who score higher/lower on a general mental ability 
assessment will use less/more hedging and cognitive operation language 
during asynchronous video interviews. 

Reject 
(opposite effect 
found) 

 

8.4.3 Behavioral Cues to Job Skills 

Evaluation of behavioral cues as they relate to job skills followed the same procedure as GMA 

test scores. The regression included Native English Speaker and Gender as control variables. 

Native English Speaker was dummy coded as 0 for non-native and 1 for native speaker. Gender 

was dummy coded as 0 for female and 1 for male. The behavioral feature of interest was set as 

the dependent variable and high or low Excel scores were dummy coded as 0 for low and 1 for 

high. This variable was set as the independent variable. High Excel scores were those above 

average of all scores (n = 39) and low scores were those equal to or below the average (n = 58). 

Table 24 reports the regression results for each feature.  
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Table 24: Regression Results - Excel Skills 

    English First Lang. Gender Excel Score (high/low) 

Category Feature 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 

Eye Behavior 

Average X-Axis Gaze Angle 0.231 0.237 0.332 0.330 0.194 0.092 0.044 0.193 0.822 

Variance X-Axis Gaze Angle -0.138 0.202 0.497 0.117 0.166 0.482 -0.400 0.165 0.017 

Average Y-Axis Gaze Angle -0.251 0.229 0.276 0.656 0.187 0.001 -0.250 0.187 0.185 

Variance Y-Axis Gaze Angle 0.132 0.212 0.536 -0.118 0.173 0.496 -0.426 0.172 0.015 

Gaze Distance Cam Avg. -0.115 0.224 0.610 0.204 0.183 0.270 -0.303 0.183 0.101 

Gaze Distance Cam Var. 0.076 0.212 0.722 -0.045 0.174 0.798 -0.613 0.173 0.001 

Gaze Distance Screen Avg. -0.073 0.232 0.753 -0.310 0.190 0.107 0.018 0.189 0.925 

Gaze Distance Screen Var. 0.266 0.204 0.196 -0.225 0.167 0.181 -0.394 0.166 0.020 

Vocalics 

Speech Rate 0.576 0.114 0.000 0.017 0.093 0.854 -0.005 0.093 0.957 

Max Unvoiced Region -0.642 0.203 0.002 0.095 0.166 0.570 0.057 0.165 0.732 

Average Unvoiced Region -0.750 0.207 0.000 0.095 0.170 0.575 0.047 0.169 0.782 

Linguistic 
Word Count 0.366 0.213 0.089 -0.048 0.174 0.781 0.141 0.173 0.419 

Hedge-Uncertainty Lang. 0.380 0.169 0.027 -0.011 0.138 0.939 0.426 0.138 0.003 

 

8.4.3.1 Eye Behavior 

When controlling for language and gender, all eye behaviors related to variance were found to 

statistically differ between high and low Excel skills. Gaze x-angle variance, 𝛽 =  −0.4, 𝑡(93) =

−2.43, 𝑝 = 0.017, and gaze y-angle variance, 𝛽 =  −0.43, 𝑡(93) = −2.47, 𝑝 = 0.015, was lower 

for higher test scores. The same effect appears in gaze distance variance from the camera, 𝛽 =

 −0.61, 𝑡(93) = −3.5, 𝑝 = 0.001,  and screen, 𝛽 =  −0.39, 𝑡(93) = −2.37, 𝑝 = 0.02. These 

findings are in line with H6 that predicted higher Excel scores would result in less eye movement 

when responding to Excel related interview questions.  

8.4.3.2 Voice Behavior 

No vocalic measures were found to statistically differ between high and low Excel test scores. 

Speech rate was found to be faster for native speakers, and native speakers also had shorter 
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durations of unvoiced speech. These findings are consistent with expectations for non-native 

speakers. Based on the results of the analysis H7 and H8 are rejected.  

8.4.3.3 Language Behavior 

H9 predicted that participants with lower Excel skill assessment scores would speak less when 

responding to Excel-relevant interview questions. The analysis revealed no difference between 

high and low Excel skills and word count. H10 purported that those with a better grasp of Excel 

would use less hedging and uncertainty language when responding to Excel-relevant questions. 

Similar to the analysis of H5, the opposite effect was found. Participants with higher Excel test 

scores used more hedging and uncertainty language, 𝛽 =  0.43, 𝑡(93) = 3.09, 𝑝 = 0.003, when 

responding to the interview questions.  

Table 25: Hypothesis Summary Results – Excel Skills 

Hypotheses Accept/Reject 

Interviewees who score higher/lower on a work skills assessment will avert 
their gaze less/more during asynchronous video interviews as they respond to 
questions related to the work skill. 

Accept 

Interviewees who score higher/lower on work skills assessment will have 
faster/slower rates of speech during asynchronous video interviews as they 
respond to questions related to the work skill. 

Reject 

Interviewees who score higher/lower on a work skills assessment will have 
longer/shorter durations of unvoiced speech during asynchronous video 
interviews as they respond to questions related to the work skill. 

Reject 

Interviewees who score higher/lower on a work skills assessment will have a 
greater/lower word count during asynchronous video interviews as they 
respond to questions related to the work skill. 

Reject 

Interviewees who score higher/lower on a work skills assessment will use 
less/more hedging and cognitive operation language during asynchronous 
video interviews as they respond to questions related to the work skill. 

Reject 
(opposite 
effect found) 

 

Participants who performed better on the general mental ability assessment were found to have 

faster rates of speech, use more words, have less unvoiced regions of speech, and use more 

hedging and uncertainty language. Those who scored higher on the Microsoft Excel assessment 
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had less gaze variance and used more hedging and uncertainty language. I hypothesized that 

participants with higher GMA scores would show fewer signs of cognitive load when responding 

to situational and past behavior interview questions and participants with high Excel scores would 

show fewer signs of cognitive load when responding to Excel-related interview questions. Three 

out of the 5 hypotheses related to GMA were supported, and only one hypothesis related to job 

skills (Excel Score) was supported. 

8.5 Decision Model Analysis GMA 

The object of the proposed system is to help employers distinguish between high and low 

performing employees. As research demonstrates general mental ability is one of the most 

discernable characteristics of high performing employees. To evaluate the system’s ability to 

identify job candidates with high GMA test scores, several machine learning models were 

constructed. 

8.5.1 Feature Selection   

The previous section detailed features related to eye gaze, voice, and language behaviors of high 

performing GMA participants. To maximize the system’s ability to distinguish between GMA, 

additional features extracted from the face, head, voice, and language usage were explored using 

the same linear model specifications as outlined previously. This was an exploratory process 

where all extracted behavioral features were analyzed. Although simultaneously evaluating 

features with independent linear models increases the family-wise error rate, this approach to 

feature selection can be defined as Filtering, a common step to identify features for machine 

learning algorithms (Blum & Langley, 1997). 

Table 26: Exploratory Feature Evaluation - GMA 

    English First Lang. Gender GMA Score (high/low) 

Category Feature 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 

Kinesics Head Pitch Mean -0.23 0.2595 0.38 -0.23 0.21 0.28 0.55 0.22 0.015 
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Voice Voice Pitch Mean -0.06 0.1224 0.64 -1.94 0.10 0 0.403 0.10 0.0002 

Voice Loudness Mean -0.04 0.248 0.87 -0.04 0.20 0.83 0.807 0.21 0.0003 

Linguistic Language Complexity 0.372 0.1992 0.07 -0.45 0.16 0.01 0.631 0.17 0.0004 

Adjective Usage 0.343 0.1253 0.01 0.024 0.10 0.82 0.233 0.11 0.034 

 

Voice features in Table 26 were selected based on findings from Litman et al. (2012) who 

identified relationships between vocal pitch and loudness and uncertainty. Results indicate that 

participants with high GMA had higher pitch and louder voices. The measure of language 

complexity was selected based on the low p-value, 𝛽 =  0.63, 𝑡(93) = 3.67, 𝑝 = 0.0004, and the 

assumption that higher mental ability would lead to the use of more complex language. The 

linguistic feature of adjectives ratio was selected based on a p-value below 0.05 and the 

assumption that high GMA leads to more descriptive language. Few kinesic features related to 

facial actions and head movement were found to relate to GMA. Max eye closure and head pitch 

were selected on the premise that high GMA relates to more confident responses which could be 

observed by increased head pitch (i.e. a more open body postion) and widening the eyes.  

Features identified for inclusion in machine learning models to predict GMA are listed in Table 

27. Although variance in eye gaze was not found to significantly differ between high and low 

GMA scores during the initial analysis, they remain in the model to better understand if these 

features become important in a multivariate machine learning model.  

Table 27: Selected Features for GMA Prediction 

Kinesics Vocalics Linguistics 

Average X-Axis Gaze Angle Speech Rate Word Count 

Variance X-Axis Gaze Angle Max Unvoiced Region Hedge-Uncertainty Lang. 

Average Y-Axis Gaze Angle Average Unvoiced Region Language Complexity 

Variance Y-Axis Gaze Angle Voice Pitch Mean Adjective Usage 

Gaze Distance Cam Avg. Voice Loudness Mean   

Gaze Distance Cam Var. 
 

  

Gaze Distance Screen Avg. 
 

  

Gaze Distance Screen Var.     

Head Pitch Mean     
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Following the initial feature selection process, a correlation analysis was conducted to identify 

redundant features that should be removed from the feature set. The analysis revealed that max 

and average unvoiced speech regions of speech correlated at .94. Max unvoiced region was 

removed from the dataset. All other features correlated below .75. Additionally, Gender and 

Native English Speakers were included in the feature set. 

8.5.2 Feature Importance 

Next, variable feature importance was evaluated using Gini Index established through 10-fold 

cross-validation of a Random Forest decision model. Gini Index is a measure of misclassification 

rates at each tree-node feature split. Figure 16 displays the relative importance of each behavioral 

feature at predicting GMA.  

Figure 16: Relative Feature Importance - GMA 

 

The most important features are Speech Rate, Language Complexity, Voice Pitch Mean, and 

Voice Loudness Mean. Interestingly, Gaze Angle X Variance is a better predictor of GMA 
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compared to Word Count, Average Gaze Distance from Camera, and Gaze Angle Y Mean. The 

latter three features were found to be statistically significant predictors of GMA during previous 

analysis whereas Gaze Angle X Variance did not significantly differentiate between scores. 

8.5.3 Machine Learning Results 

Following the feature importance process, a series of machine learning models were trained to 

predict GMA. As in the case of Experiment 1, Monte Carlo Cross Validation (MCCV) was used 

to judge the performance of each model. MCCV uses an iterative split, train, test process. For 

each iteration, the dataset is randomly split into a training and testing set. In this case, the split 

was 75%/25% for training and testing, respectively. Correct and incorrect predictions during each 

testing iteration are tracked. Finally, performance for predictions over all iterations is calculated. 

During each MCCV iteration 10-fold cross-validation is used to tune the model before the 

accuracy is evaluated on the 25% testing dataset. Table 28 outlines performance metrics for each 

decision model. 

Table 28: Classification Performance - GMA 

 Accuracy Precision Recall F1 

Linear SVM 0.8469 0.8673 0.8707 0.8690 

Boosted Logit 0.8079 0.8332 0.8386 0.8359 

Neural Net 0.9208 0.9055 0.9650 0.9343 

Random Forest 0.9679 0.9832 0.9614 0.9722 

 

All models achieved an F1-score greater than 80%. To help understand the decision process that 

led to a GMA class prediction, a final Decision Tree model was specified. The model was trained 

on a conservative 50% training dataset and tested on the remaining 50% holdout dataset. Figure 

17 displays the decision rules of the tree which obtained an F1-score of 0.8421. 



 
 

107 
 

 Figure 17: GMA Decision Tree 

 

 Accuracy Precision Recall F1 

Decision Tree 0.8125 0.8276 0.8571 0.8421 

 

8.6 Decision Model Analysis Excel 

Although many of the behavioral features hypothesized to relate to knowledge of Microsoft Excel 

were not found to be significant during the linear model analysis, I proceeded with testing the 

ability of machine learning models to predict High and Low Excel scores. The hope being that a 

combination of features would lead to classification rates above chance. 

8.6.1 Feature Selection   

To increase the predictive power of the machine learning classifiers, two additional features were 

selected through an exploratory evaluation of behaviors. The interquartile range of Gaze Angle 

X-axis, 𝛽 =  −0.51 , 𝑡(93) =  −3.12 , 𝑝 = 0.002, and Voice Loudness Up-Level Time, 𝛽 =

 −0.40, 𝑡(93) = −2.80, 𝑝 = 0.006, were both found to significantly differ between High and 

Low Excel scores. The interquartile range is a measure of data dispersion. Increases in the range 

were related to lower Excel scores. Voice Loudness Up-Level Time refers to the percentage of 
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time during interview responses that voice loudness was above 75% of loudness range plus the 

minimum loudness. This can be viewed as a measure of consistency or lack of variance in 

loudness. Participants with higher Voice Loudness Up-Level Time had lower Excel scores.  

Table 29: Additional Features for Predicting Excel Knowledge 

  English First Lang. Gender Excel Score (high/low) 

Feature 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 𝜷 𝑺𝑬 𝒑 

Gaze Angle X IQR -0.118 0.200 0.555 -0.072 0.163 0.661 -0.509 0.163 0.002 

Voice Loudness Up-Level 
Time 

-0.185 0.175 0.295 0.214 0.144 0.139 -0.400 0.143 0.006 

 

Following the selection of additional features, a correlation analysis was conducted to identify 

features correlating above .75. Gaze Angle Y Variance was found to correlate with Gaze Distance 

Camera Variance at .754. Gaze Angle Y Variance was removed from the feature set. All other 

correlations were below .75. Features selected for inclusion in predictive modeling algorithms are 

included in Table 30.  

Table 30: Selected Features for Excel Knowledge Prediction 

Kinesics Vocalics Linguistics 
Average X-Axis Gaze Angle Speech Rate Word Count 
Variance X-Axis Gaze Angle 

Average Unvoiced Region Hedge-Uncertainty Lang. 

Average Y-Axis Gaze Angle Voice Loudness Up-Level Time   
Variance Y-Axis Gaze Angle     

Gaze Distance Screen Avg.     

Gaze Distance Screen Var.     

Gaze Angle X IQR     
 

8.6.2 Feature Importance 

Again, variable feature importance was evaluated using Gini Index established through 10-fold 

cross-validation of a Random Forest decision model. Gini Index is a measure of misclassification 

rates at each tree-node feature split. Figure 18 displays the relative importance of each behavioral 

feature at predicting Excel scores. The most important features are gaze distance variance from 
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camera, use of hedging and uncertainty language, loudness up-level time, gaze angle X IQR, and 

gaze distance variance from screen.  

Figure 18: Relative Feature Importance - Excel Knowledge 

 

8.6.3 Machine Learning Results 

Following the feature importance process, a series of machine learning models were trained to 

predict Excel scores. As in the case of Experiment 1 and the analysis of GMA, Monte Carlo 

Cross Validation (MCCV) was used to judge the performance of each model. The performance 

results of each classifier are reported in Table 31.  

Table 31: Classification Performance - Excel Knowledge 
 

Accuracy Precision Recall F1 

Linear SVM 0.8370 0.8014 0.7756 0.7883 

Boosted Logit 0.9004 0.8683 0.8789 0.8736 

Neural Net 0.9148 0.9324 0.8433 0.8856 

Random Forest 0.9639 0.9756 0.9311 0.9528 
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Given the number of rejected hypotheses for behavioral cues related to Excel skills, the machine 

learning models were able to perform above expectations. F1-scores ranged from 0.79 for Linear 

SVM to .95 for Random Forest. To help understand the decision process that led to an Excel skill 

class prediction, a final Decision Tree model was specified. The model was trained on a 50% 

training data split and tested on the remaining 50% holdout dataset. Figure 19 displays the 

decision rules of the tree which obtained an F1-score of 0.6977. Although the performance of the 

decision tree is below that of the other classification models, it was still able to perform well 

above chance and provides insight to how decisions are reached based on node splits.  

 Figure 19: Excel Decision Tree 

 

 Accuracy Precision Recall F1 

Decision Tree 0.7292 0.6250 0.7895 0.6977 
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8.7 Experiment 2 Discussion 

The goal of Experiment 2 was to evaluate the capabilities of asynchronous video interview 

systems to provide organizational value through human-analytics. Experiment 1 revealed a high-

level of exaggeration and fabrication of skills and qualifications by participants. This aligns with 

other prior research that suggests many job candidates are deceptive about their true abilities. 

Experiment 2 investigated the potential of overcoming deception by evaluating objective 

measures of job performance – general mental ability and job-related skills. Results suggest that 

these objective measures can be evaluated automatically by evaluating verbal and nonverbal 

behaviors of interviewees while they respond to interview questions.   

8.7.1 Experiment 2 Hypothesis Testing Summary Results 

Based on prior research related to judging intelligence and cognitive load through behavioral 

indicators, I hypothesized that gaze behavior variance, speech rate, unvoiced regions of speech, 

word count, and the use of hedging and uncertainty language during asynchronous video 

interviews would relate to general mental ability and job skills. A replication of the Wonderlic 

Personnel Test (WPT) was used to assess general mental ability (GMA) and knowledge of 

Microsoft Excel was used to represent job skills. Four out of the proposed 10 hypotheses were 

accepted.  

As hypothesized, interviewees with higher GMA had increased rates of speech, shorter durations 

of unvoiced regions of speech, and used more words when responding. Only variance in gaze 

behavior was found to differ for Excel knowledge as predicted by H6. Participants with greater 

knowledge of Excel had less eye gaze variance when responding to Excel related interview 

questions. Interestingly, the use of hedging and uncertainty language was significantly greater for 

participants with higher GMA and Excel skills. This was counter to what was expected based on 

previous research.  
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Fraser (2010) linked the role of hedging to pragmatic competence – “...the ability to communicate 

your intended message with all its nuances in any socio-cultural context and to interpret the 

message of your interlocutor as it was intended” (pg. 15). The use of hedging language creates 

fuzziness or vagueness that may be required when responding to certain interview questions. For 

instance, in the case of participants responding to Excel related interview questions, each question 

has potentially many possible answers depending on how the problem is approached. The 

increased use of hedging and uncertainty language may be a signal that the more competent Excel 

users are aware of possible alternative responses. By hedging, they are crafting their message in 

such a way that they are not thought of as overcommitting to a single solution, thus demonstrating 

their broader knowledge. Similar suggestions have been made about the discourse of physicians  

(Prince, Frader, Bosk, & others, 1982) and scientists (Jensen, 2008) and their use of hedging 

language. Both professions are routed in scientific inquiry which deals with possibilities, not 

necessarily certainties. In some circumstances, hedging may be a sign of more knowledge as 

opposed to less knowledge.  

The use of hedging has also been linked to politeness (P. Brown, Levinson, & Levinson, 1987) 

and power dynamics (Morand, 2000). By not properly hedging a statement, a sender may come 

across as abrupt or disrespectful. The increased use of hedging language by high scoring 

participants may relate to how they decide to present themselves to the hiring manager that would 

eventually review their asynchronous video interviews. By increasing the use of hedging and 

uncertainty language, the participants may be attempting to appear polite and respectful to an 

authority figure.  

This brings us back to the propositions made by Huffcutt et al. (1996) regarding the role of 

mental ability during interviews. Huffcutt et al. suggested that intelligence is a salient theme 

which is remembered by the interviewer and thus leads to favorable interview ratings. This 

prompted me to further investigate signals of intelligence and cognitive load that may be 
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detectable during asynchronous interviews. A second suggestion made by Huffcutt et al. was that 

interviewees with higher cognitive ability are better able to select impression management tactics 

to sway the opinions of interviewers. The concept that hedging language can be used to insinuate 

broader knowledge of a subject and that hedging language can demonstrate politeness suggests 

the behavioral signals of interviewees with higher levels of GMA are part of a conscious or 

subconscious self-presentation strategy to appear competent. This may explain why so few of the 

hypotheses related to Excel skills were accepted. The evaluation of behaviors during Excel 

related interview questions were specific to an area of expertise. This negates any strategic 

approaches applied by high GMA participants, since an individual with high GMA does not 

necessarily have high knowledge of Excel. 

8.7.2 Experiment 2 Machine Learning Summary Results 

A critical component of Experiment 2 was to assess the system’s ability to predict objective 

measures of job performance. This aligns with the use of human-analytics for organizational 

benefits. The idea being that companies can use this system and human-data to increase the 

efficiency of their hiring process. To test the feasibility of predicting GMA and job-related skills 

using behavioral measures, a series of machine learning algorithms were trained and tested. 

Features related to vocalic and linguistic measures were utilized based on findings from previous 

research related to intelligence estimation and cognitive load. Additional features were included 

based on an exploration of behavioral measures produced by the system.  

Prior to testing the capabilities of machine learning algorithms, a feature importance analysis was 

conducted which evaluated the relative importance of each behavioral feature. Related to GMA, 

Speech Rate, Language Complexity, Vocal Pitch, and Vocal Loudness were found to be the most 

important features.  For Excel skills, Gaze Variance, the use of hedging and uncertainty language, 

and Voice Loudness Up-Level were identified as the most diagnostic features.  
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Model specifications for predicting GMA consisted of 17 behavioral features and 2 demographic 

features (Gender and Native English Speaker). Model evaluation utilized 100-fold Monte-Carlo 

Cross Validation with a 75%/25% train/test split during each iteration. All models performed 

considerably above chance with F1-scores ranging between 0.84 for a Boosted Logit model to 

0.97 for a Random Forest model.  A final Decision Tree model was specified using a conservative 

50% training dataset and a 50% testing dataset. The Decision Tree achieved an F1-score of 0.84 

using 7 features: Hedging-Uncertainty Language, Language Complexity, Average Y-axis Gaze 

Angle, Gender, Gaze Variance from Camera, Gaze Variance from Screen, and Adjective Usage.  

Model specifications for predicting Excel skills consisted of 12 behavioral features and 2 

demographic features (Gender and Native English Speaker). Again, model evaluation utilized 

100-fold Monte-Carlo Cross Validation with a 75%/25% train/test split during each iteration. 

Performance measures for the machine learning models ranged between .79 for Linear SVM to 

0.95 for Random Forest. A final Decision Tree model using a 50/50 train/test split achieved an 

F1-Score of 0.70 using the following seven features: Voice Loudness Up-Level, Average Y-axis 

Gaze Angle, Gaze Variance from Camera, Average Unvoiced Regions, Gaze Mean from Screen, 

Average X-axis Gaze Angle, and Hedging-Uncertainty Language. All decision models predicted 

Excel skills at levels well above chance using the selected behavioral features.  

8.7.3 Experiment 2 Contributions 

Experiment 2 provided two main contributions to the development of a scalable system for 

evaluating job candidates. The first, is the application of behavioral cues to cognitive processes 

for the purpose of predicting objective measures of job performance. Traditionally, these 

measures required highly structured, face-to-face interviews or paper and pencil psychometric 

evaluations. Experiment 2 provided evidence that GMA and job knowledge can be predicted 

automatically using a web-based asynchronous video interview system. 



 
 

115 
 

Second, the experiment provided additional insight into behavioral correlates of GMA and 

cognitive load. Speech rate was found to be the best predictor of GMA, which aligns with prior 

research in this area. However, language complexity, voice pitch, and voice loudness were also 

found to be highly relevant behavioral features. Language complexity as a cue to GMA did not 

specifically appear in reviewed literature but, in this study, was found to significantly 

differentiate between high and low GMA. Voice pitch and loudness also appear to be important 

indicators but have received limited attention with respect to GMA and cognitive load. Gaze 

variance was not associated with overall GMA but was effective at distinguishing between high 

and low Excel knowledge. This provides insight into the types of questioning that may elicit 

certain eye gaze behaviors. It’s possible that the retrieval of information associated with specific 

skills (e.g. Excel) causes greater eye gaze variance. This has implications for guiding the use of 

cues in future iterations of the system.  
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9 Evaluation of System Design, Limitations, and Future Research 

The design specifications for an operational system for human-analytics called for scalability, 

structure, multi-dimensionality, and an ability to evaluate multiple human signals. Scalability was 

achieved by creating a web-based system that uses a common web-camera to record human 

behaviors. Structure was implemented through standardized delivery of interview questions and 

by limiting the duration of an interviewee’s response.  

Experiment 1 and 2 were designed to assess the system’s ability to collect multiple human signals 

and evaluate the efficacy of predicting multiple constructs related to interview and job 

performance. The system was successfully able to extract behavioral features related to kinesics, 

vocalics, and linguistics. These cues were then utilized to predict dimensions of source 

credibility, general mental ability, and job knowledge. For dimensions of source credibility, the 

system was able to replicate the judgments of human raters at rates far above chance levels. The 

system was also able to replicate the results of traditional psychometric evaluations when 

analyzing behavioral cues of GMA and Excel knowledge. 

Although scalability is assumed given the technical specifications of the system, it was not 

explicitly tested within this research paper. Experiment 1 and 2 were conducted in a laboratory 

setting to provide an initial dataset with consistent video quality.  As the system transitions to 

real-world settings, variance will be injected into behavioral signals. Variables such as web-

camera position, lighting, and background noise are likely to reduce the quality of recorded 

videos, which will reduce the system’s ability to accurately extract behavioral features. Further 

research is needed to understand the types of interference that may occur and how the 

interference can be minimized. 

This research has several limitations. First, the data extracted from each video interview was 

assumed to be free of false-positives and false-negatives. For instance, the text transcripts 
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obtained from IBM Watson which were used to produce linguistic measures were assumed to be 

100% accurate. Although manual inspection of the transcripts found them to be reliable indicators 

of spoken words, they were not perfect matches. Future research is needed to understand the 

degree to which inaccuracies in speech transcriptions affect the analysis of linguistic content.  

Second, to test the system’s ability to predict outcome measures of job performance, dependent 

measures of different constructs were needed. These measures were established in Experiment 1 

using human raters to code source credibility and in Experiment 2 using an established general 

mental ability assessment and an Excel skills assessment. These measures were assumed to 

represent ground-truth, but it is possible that flaws in the measures caused systematic errors in the 

evaluation of human behaviors. To thoroughly evaluate the system’s ability to predict measures 

related to employment, it should be assessed with real-world data. Future research will attempt to 

evaluate the system with real-world data by partnering with organizations during their hiring 

processes. It’s possible that the degree of effort between real-world job candidates and research 

subjects will change the decision process of the system. 

Thirdly, as is the case with any machine learning results generated with experimental data, the 

performance accuracy must be viewed with a level of skepticism. My objective here is not to 

claim that the system can classify job-related constructs at rates above 80%, but rather to 

demonstrate that it is feasible for a system to judge the dimensions above chance levels. Although 

I went to great lengths to select appropriate features and reduce overfitting the models, the only 

way to truly certify the performance of decision models is to evaluate them with real-world data 

and evaluate the model’s ability to perform its designed task. 

Fourth, the asynchronous nature of the system may have impacted the types of behaviors elicited 

and observed. For instance, face-to-face interviewing entails back-channeling behaviors such as 

smiling, head-nods, and audible affirmations from the interviewer. In the case of the proposed 

system, interviewees respond to traditional interview questions without feedback from the 
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interviewer. This may have added an element of awkwardness to the interview, which, in-turn 

may have changed the behaviors of interviewees. Further research is needed to better understand 

the behavioral differences between face-to-face interviews and asynchronous interviews.  

Lastly, the system was only tested on its ability to distinguish between high and low outcome 

measures. Preferably, the system should be able to provide more detailed information to end-

users such as what candidates were in the top 10 percent. Future research will attempt to obtain 

larger sample sizes which will facilitate more detailed analysis of candidates.   

Future research will also investigate the system’s ability to provide benefits to other domains such 

as deception detection and skills training. Experiments 1 and 2 were both designed to capture 

information on how participants modified their skills to appear more hirable. Preliminary results 

of the data indicate that exaggeration and fabrication during the job interview is detectable when 

appropriate behavioral cues are evaluated. The next phase of research is also interested in how the 

system can be utilized to help job seekers with their interviewing skills. Potentially, the system 

can automatically evaluate interviewees’ performance during practice sessions and inform them 

how to improve their interviewing skills to appear more hirable.  

10 Overall Discussion 

From the perspective of sifting job applicants, the proposed system has several benefits over 

traditional hiring practices. By automating the interview process, companies can carefully screen 

a larger percentage of the total application pool. Experiment 1 demonstrated that less 

deterministic properties such as dynamism can be assessed much earlier in the hiring process, 

where traditionally, this type of characteristic had to be assessed during face-to-face interviews or 

through psychometric testing. Experiment 2 demonstrated that the system also has the potential to 

analyze objective measures of job performance. The system’s ability to measure multiple 

constructs has important implications for practice. Schmidt (2002) noted the minority 
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disadvantage of GMA testing and suggested that noncognitive measures should also be part of the 

hiring process. At least in a laboratory setting, the system appears to provide this multi-

dimensionality which may help eliminate systematic biases of other evaluation techniques.  

Huffcutt (2011) also noted that interviewer biases affect ratings of interviewees. The use of a 

system-based approach to interviewing has the potential to alleviate bias and focus directly on the 

behaviors of top performing employees. However, for systems to reliably assess interviewees, 

adequate control variables must be built into the prediction algorithms. Analyses in Experiment 2 

controlled for gender and native English speakers, which proved necessary when evaluating 

differences in behaviors related to males and females and native versus non-native English 

speakers. When evaluating behaviors related to GMA and Excel skills, the linear model showed 

that non-native speakers had slower rates of speech and longer pauses in their responses. If a 

future system was trained to recognize these features as negative correlates of GMA without 

controlling for language, then nonnative speakers would be unfairly biased against. The analyses 

also revealed that males have significantly lower vocal pitch compared to females. Since higher 

pitch was found to be associated with GMA, males would be at a systematic disadvantage if 

gender was not accounted for. Behavioral norms vary markedly between demographic groups. 

System designers who rely on behavioral indicators must take these norms into consideration to 

ensure a group is not being systematically discriminated against.  

From a human-analytics perspective, the proposed system provides a framework to efficiently 

collect verbal and nonverbal behaviors. This research study has focused on personnel selection, 

but the system can potentially be used for auditing, deception detection, skills training, and a host 

of other tasks. The design allows the system to be used outside of a laboratory setting which is 

critical for providing value to organizations. This allows human-data to be used for real-time 

analytics by organizations and not solely as a metric to guide future system designs. A key 

component of making human-analytics accessible to organizations is the ubiquity of sensing 
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instruments. The computer mouse is one commonly available sensing instrument that researchers 

have harnessed for human-analytics. Arguably as common as the mouse, the computer web-

camera is another sensing instrument that is widely available, and as exhibited by this research, 

capable of extracting a variety of human signals. As technologists continue to advance consumer 

grade electronics, it is likely that more and more instruments capable of recording human 

behaviors will become common in society which will further increase the accessibility and value 

of human-analytics. 

11 Conclusion 

Information systems researchers possess the aptitude to traverse the disciplines necessary for 

harnessing human-data and analytics. The current research proposed and tested a system for the 

automatic evaluation of job applicants. The research drew from discoveries in communications, 

personnel-psychology, computer science, and decision support sciences to design, implement, and 

test the system. The proposed system is capable of evaluating both subjective and objective 

measures of human ability. The scalable framework makes the system a feasible tool for 

companies to use when selecting high performing employees. This work adds to the growing 

body of IS research that deals with providing organizational value through systematic analysis of 

human behaviors.   
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12 Appendix A – Experiment 1 Video Instruction Script 

Thank you for assisting with our research. Your participation ensure the Center for the Management of 
Information at the University of Arizona continues to conduct cutting edge research. 

This short video will tell you about the research we are conducting and what you will be doing today, so 
let’s get started. 

A new technology for interviewing job applicants has gained popularity over the last several years. The 
technology is referred to as “Asynchronous Video Interviewing Systems”, or AVIS for short. These 
systems allow companies to go beyond the standard resume review when evaluating applicants; instead 
hiring managers can view pre-recorded videos of candidates responding to interview questions.  

Once a candidate logs into a web based system, they respond to a series of questions while being recorded 
by the camera on their computer or mobile device. The recorded responses are loaded to a centralized 
portal where they can be reviewed by hiring managers. The benefit to employers is that hiring managers 
can review the videos at their convenience, do side-by-side comparisons of candidates, share interviews 
with colleagues, and get a more in-depth impression of candidates before having to commit time and 
resources to face-to-face or telephone interviews. 

Companies such as American Express, Mercedes-Benz, Red Bull, Under Armor, and many more are 
beginning to use AVIS to screen job candidates. Although these systems have been used for several years, 
few research studies have analyzed them.  

Our research hopes to fill this void by better understanding these systems and the people who use them.  

This brings us to what you will be doing today.  

You will be participating in a mock job interview using an asynchronous video interview system. However, 
our system is a little different than those currently on the market. The system you will be using today is 
equipped with advanced artificial intelligence. The advanced algorithms will compare a job description to 
your online application and interview your responses. The algorithms then determine if you are a top-tier 
candidate.  

If our system believes that you are a top-tier candidate, and thus qualified for the position, you will earn 
$20. However, if the system does not judge you as a top-tier candidate, you will only earn $5.  

In the drawer to your right, you will find a description of the job that you will be applying for. This is an 
entry level position that most business students should qualify for. Today’s interview will be based on this 
job description.  

Previous research has demonstrated that job applicants have higher success rates if they tailor their 
application and interview responses to the job they are applying for. To give you the greatest chance of 
being selected as a top-tier candidate by our system, we will now give you the opportunity to tailor your 
online application to the job description.  

When you click continue, you will be presented with the online application that you previously complete. 
Please take some time to review the job description, tailor your application as you determine necessary, and 
prepare yourself to be interviewed.  

When you have submitted your application, please see the attendant.   
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13 Appendix B – Experiment 1 Mock Job Description 
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14 Appendix C – Experiment 1 AVIS Tutorial Video Script 

This video will describe how to use the AVIS system. 

When the interview starts, you will be presented with this screen. There are several important 
components to note. 

The middle center of the screen allows shows what is being recorded with the web cam. It’s 
important that you ensure you are centered on the screen and that you are viewable at all times. 

Above the webcam output, you’ll notice a button. When you click this button, an interview 
question will be revealed. 

Towards the top of the screen, you’ll notice two timers. The timer on the left tells you the amount 
of time you have to think about your response to the interview question. As soon as you click the 
button to reveal the interview questions, this clock will start counting down. When the timer 
reaches zero, the camera will start recording your response. When the camera is recording, you 
will see a flashing REC icon appear on the screen. Be sure this icon is visible or else your 
response will not be recorded. 

For this study, you will have 30 seconds to prepare a response to each interview question. If you 
do not need the full 30 seconds to prepare your response, you can click START to start recording. 

As soon as the camera starts recording, you will have 60 seconds to respond to the question. The 
timer in the upper right corner of the screen provides the number of seconds that you have 
remaining. It is important that you keep your responses concise. As soon as 60 seconds has 
passed, the camera will automatically stop recording. 

If you finish responding to a question before 60 seconds has elapsed, you can click the STOP 
button. This will stop the camera from recording.  

You will repeat this process for a series of interview questions. Each time the camera stops 
recording, the page will reload with another interview question. 

Once you have reached the end of the interview, our system will analyze your responses and then 
provide you with a score. A score above 70 indicates that the system has rated you as a top-tier 
candidate and therefore you will receive $20.  

You can now begin the interview. Please see the attendant if you have any questions. 
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15 Appendix D – Experiment 1 Source Credibility Measurement 

Instrument 

Instructions: The following are a series of attitude scales. You are asked to evaluate the candidate in terms 
of the adjectives on each scale. For example, if you think the candidate is very tall, you might select the 
following on the scale below: 

 

Of course, if you consider the candidate to be shorter, you would select the circle nearer the "short" 
adjective. The middle space on each scale should be considered "neutral." Mark this circle if you feel 
neither adjective on the scale applies to the candidate or if you feel both apply equally. 

 

Item Label          
Character_1 Admirable               Contemptible 

Character_2 Unpleasant               Pleasant 

Character_3 Dishonest               Honest 

Character_4 Awful               Nice 

Sociability_5 Cheerful               Gloomy 

Sociability_6 Friendly               Unfriendly 

Sociability_7 Good-natured               Irritable 

Sociability_8 Sociable               Unsociable 

Composure_9 Calm               Anxious 

Composure_10 Composed               Excitable 

Composure_11 Tense               Relaxed 

Composure_12 Nervous               Poised 

Extroversion_13 Talkative               Silent 

Extroversion_14 Outgoing               Withdrawn 

Extroversion_15 Energetic               Tired 

Extroversion_16 Confident               Lacks Confidence 

Extroversion_17 Timid               Bold 

Competence_18 Qualified               Unqualified 

Competence_19 Reliable               Unreliable 

Competence_20 Intelligent               Unintelligent 

Competence_21 Logical               Illogical 

Competence_22 Inexperienced               Experienced 

Competence_23 Incompetent               Competent 

Competence_24 Impressive               Unimpressive 
Note: Items were randomly ordered for each rater. The “Item Label” column was not visible to raters.   
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16 Appendix E – Experiment 1 Interview Questions 

 Please state your name and tell us a little about yourself? 
 What position are you applying for and why would you be a good fit for this position 
 Tell us a little about your educational background including what your major is and, if 

applicable, what your minor is. 
 Please tell us about some recent classes you've taken and what you learned. 
 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 

experience with the following: Microsoft Word.  Give a brief example to back your 
rating. 

 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 
experience with the following: Microsoft Excel. Give a brief example to back your rating. 

 Why should we hire you? 
 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 

experience with the following: Oracle SQL.  Give a brief example to back your rating. 
 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 

experience with the following: StatView.  Give a brief example to back your rating. 
 What do you consider to be your weaknesses? 
 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 

experience with the following: Business Statistics.  Give a brief example to back your 
rating. 

 On a scale of 0 to 5 with 0 being none and 5 being a great deal, rate your level of 
experience with the following: Public Speaking.  Give a brief example to back your 
rating. 

 Tell us about a challenge or conflict you've faced at work or school, and how you dealt 
with it. 

 Give us a specific example of a time when you used good judgment and logic in solving a 
problem. 

 Tell me about a time when you successfully balanced several tasks at one time. How did 
you decide what to do first? In hindsight, was there a better way to have approached these 
tasks? 

 

 

  



17 Appendix F – Experiment 1 Features Correlation Matrix 
  1 2 3 4 5 6 7 8 9 1 0 1 1 1 2 1 3 1 4 1 5 1 6 1 7 1 8 1 9 2 0 2 1 2 2 2 3 2 4 2 5 2 6 2 7 2 8 2 9 
1                                                           
2 -0.13                                                         
3 0.15 -0.07                                                       
4 -0.05 -0.05 0.23                                                     
5 -0.12 0.04 0.30 0.01                                                   
6 -0.12 0.04 -0.15 0.05 0.09                                                 
7 0.18 -0.02 -0.48 -0.25 0.30 0.12                                               
8 0.07 0.00 0.18 0.27 0.10 -0.02 -0.08                                             
9 0.94 -0.14 0.10 -0.08 -0.04 -0.08 0.26 0.07                                           
1 0 -0.26 0.12 -0.33 0.00 -0.01 0.23 0.12 -0.11 -0.29                                         
1 1 -0.28 0.14 -0.47 -0.09 -0.04 0.25 0.21 -0.19 -0.31 0.91                                       
1 2 -0.13 -0.12 -0.28 -0.06 0.34 0.05 0.51 0.05 0.01 -0.16 -0.11                                     
1 3 0.13 0.08 0.14 0.00 0.06 -0.15 -0.03 0.15 0.11 -0.23 -0.21 -0.03                                   
1 4 0.08 0.05 0.16 0.05 0.13 -0.10 0.01 0.08 0.05 0.06 -0.04 0.04 0.37                                 
1 5 0.20 0.05 0.22 0.01 0.08 -0.17 -0.05 0.16 0.18 -0.25 -0.28 0.00 0.77 0.63                               
1 6 -0.04 -0.03 0.29 0.04 0.21 0.13 -0.05 0.22 0.02 -0.11 -0.16 0.14 0.08 0.11 0.15                             
1 7 -0.03 -0.01 0.12 -0.09 0.16 0.12 -0.05 0.03 -0.01 -0.09 -0.13 0.03 0.07 0.22 0.10 0.57                           
1 8 0.17 -0.03 0.04 -0.01 0.12 -0.11 0.07 0.13 0.16 0.00 -0.03 -0.01 -0.02 0.13 0.09 0.44 0.46                         
1 9 -0.10 0.11 -0.13 -0.02 -0.31 0.11 -0.11 0.17 -0.08 0.19 0.20 -0.28 -0.06 -0.20 -0.17 -0.12 -0.10 -0.11                       
2 0 -0.11 0.00 -0.16 -0.08 -0.07 0.13 -0.10 -0.07 -0.04 0.13 0.13 0.17 -0.11 0.00 -0.12 0.11 0.15 -0.15 0.03                     
2 1 -0.06 0.47 0.00 0.05 -0.01 0.10 -0.11 -0.15 -0.11 0.06 0.10 -0.17 0.01 -0.09 -0.12 -0.01 0.03 -0.18 0.15 0.13                   
2 2 0.36 -0.02 0.15 0.04 0.01 0.02 0.12 0.17 0.47 -0.22 -0.22 0.03 0.00 -0.03 -0.03 0.07 0.02 -0.09 0.20 0.12 0.01                 
2 3 -0.04 0.41 -0.01 0.16 -0.08 -0.05 -0.11 -0.12 -0.11 0.09 0.13 -0.24 0.03 -0.09 -0.05 -0.22 -0.20 -0.19 -0.10 -0.04 0.52 -0.14               
2 4 0.56 -0.25 0.26 -0.04 -0.02 -0.01 0.13 0.16 0.59 -0.44 -0.48 0.22 0.21 0.03 0.24 0.07 -0.02 -0.02 -0.13 0.10 -0.23 0.47 -0.12             
2 5 0.11 -0.17 -0.16 0.00 -0.03 0.10 0.08 0.06 0.16 -0.12 -0.07 0.21 -0.12 -0.04 -0.02 0.07 0.04 0.11 -0.12 0.05 -0.16 -0.17 -0.06 0.05           
2 6 -0.09 -0.07 0.05 0.05 0.25 -0.03 -0.01 0.09 -0.08 0.03 0.00 0.24 0.11 -0.01 0.07 0.03 0.01 -0.04 -0.21 -0.07 -0.08 -0.02 -0.07 -0.03 -0.14         
2 7 0.01 0.17 0.33 0.02 -0.03 0.03 -0.36 0.15 0.00 -0.05 -0.09 -0.34 0.06 0.00 0.00 0.18 0.05 -0.02 0.31 0.05 0.33 0.13 0.01 0.00 0.09 -0.31       
2 8 0.09 -0.14 0.04 -0.16 0.08 -0.02 0.03 -0.13 0.15 -0.13 -0.18 0.06 -0.03 0.10 0.00 0.14 0.12 0.09 -0.24 -0.04 -0.09 -0.03 -0.16 0.05 0.17 0.16 -0.04     
2 9 0.14 -0.44 0.04 -0.05 0.09 -0.16 0.19 0.21 0.24 -0.25 -0.29 0.35 0.04 0.08 0.17 0.16 0.11 0.13 -0.16 0.00 -0.77 0.24 -0.68 0.36 0.14 0.27 -0.23 0.13   
C o m p u t e d  c o r r e l a t i o n  u s e d  p e a r s o n - m e t h o d  m o m e n t  w i t h  l i s t w i s e - d e l e t i o n .  B o l d  r e f e r s  t o  p  <  . 0 5 
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18 Appendix F –Experiment 2 Video Instruction Script 

Thank you for assisting with our research. Your participation ensure the Center for the 
Management of Information at the University of Arizona continues to conduct cutting edge 
research. 

This short video will tell you about the research we are conducting and what you will be doing 
today, so let’s get started. 

Companies go to great lengths to ensure they recruit only the most talented employees. The 
process of reducing a large pool of applicants to the most promising future employees is referred 
to as candidate sifting. The sifting or filtering process generally entails several steps including 
reviewing resumes or applications, conducting interviews, and psychometric testing such as skill 
evaluations. Each one of these steps is designed to capture different characteristics of a candidate.  

Overall, the hiring is a very labor-intensive process involving multiple steps and multiple 
evaluation technique. To help reduce the burden of hiring, more and more companies are turning 
to automated technologies to screen candidates.  

One of the newest technologies for screening job applicants is the asynchronous video interview 
system or AVIS for short. These systems allow companies to go beyond the standard resume 
review when evaluating applicants; instead hiring managers can view pre-recorded videos of 
candidates responding to interview questions.  

Once a candidate logs into a web based system, they respond to a series of questions while being recorded 
by the camera on their computer or mobile device. The recorded responses are loaded to a centralized 
portal where they can be reviewed by hiring managers. The benefit to employers is that hiring managers 
can review the videos at their convenience, do side-by-side comparisons of candidates, share interviews 
with colleagues, and get a more in-depth impression of candidates before having to commit time and 
resources to face-to-face or telephone interviews. 

Companies such as American Express, Mercedes-Benz, Red Bull, Under Armour, and many more are 
beginning to use AVIS to screen job candidates.  

Although these systems are gaining popularity, they are only once piece of the hiring process. 

The Center for the Management of Information is developing a single system designed to automatically 
evaluate multiple dimensions of a job candidate including their application, interview performance, and 
ability to solve problems. Our system uses advanced artificial intelligence to rate the quality of job 
candidates.  

This brings us to what you will be doing today.  

You will assume the role of a job candidate seeking an entry level Business Analyst position.  In the drawer 
to your right, you will find a description of the job that you will be applying for. This is an entry level 
position that emphasizes problem solving and Microsoft Excel skills. Your assessment today will be based 
on this job description.  

You will first participate in a mock job interview using an asynchronous video interview system.  

You will then complete an assessment to measure your problem-solving skills and knowledge of Microsoft 
Excel. 

Finally, our advanced algorithms will evaluate the online application that you previously completed, your 
response to interview questions, and your scores on the assessments to automatically determine if you are a 
top-tier job candidate.  
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If our system believes that you are a top-tier candidate, and thus qualified for the position, you will earn 
$20. However, if the system does not judge you as a top-tier candidate, you will only earn $5.  

Further, previous research has demonstrated that job applicants have higher success rates if they tailor their 
application and interview responses to the job they are applying for. To give you the greatest chance of 
being selected as a top-tier candidate by our system, we will now give you the opportunity to tailor your 
online application to the job description.  

When you click continue, you will be presented with the online application that you previously complete. 
Please take some time to review the job description, tailor your application as you determine necessary, and 
prepare yourself to be interviewed.  

When you have submitted your application, please see the attendant.   
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19 Appendix H – Experiment 2 Mock Job Description 

 

 



20 Appendix I – Experiment 2 Features Correlation Matrix 

20.1 General Mental Ability Features 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1 
                   

2 -0.06 
                  

3 0.06 0.11 
                 

4 0.09 0.27 -0.20 
                

5 -0.11 0.28 0.08 0.09 
               

6 0.01 0.47 -0.06 0.66 0.31 
              

7 0.03 0.26 -0.20 0.38 0.07 0.20 
             

8 -0.06 0.32 -0.12 0.67 0.03 0.48 0.54 
            

9 0.08 -0.03 -0.14 0.14 0.03 0.06 0.34 0.19 
           

10 -0.09 0.01 0.29 -0.12 0.23 0.03 -0.27 -0.09 -0.59 
          

11 -0.15 -0.05 0.25 -0.17 0.22 0.01 -0.29 -0.20 -0.69 0.94 
         

12 0.12 0.26 0.09 0.18 0.14 0.25 0.28 0.33 0.56 -0.05 -0.26 
        

13 -0.06 0.09 -0.17 -0.03 0.27 0.14 0.22 0.03 0.30 0.10 0.06 0.48 
       

14 0.14 0.21 0.12 0.15 0.02 0.12 0.06 -0.01 0.07 -0.02 -0.01 0.12 0.02 
      

15 -0.08 -0.06 -0.44 0.05 -0.21 0.02 0.44 0.12 0.28 -0.23 -0.21 0.19 0.23 0.01 
     

16 -0.25 -0.05 -0.50 0.07 -0.18 -0.08 0.18 0.24 -0.01 -0.28 -0.22 -0.01 0.06 -0.12 0.12 
    

17 -0.09 -0.03 -0.10 0.18 0.01 0.12 0.35 0.26 0.47 -0.37 -0.43 0.38 0.20 0.01 0.29 0.19 
   

18 0.05 -0.02 -0.19 0.14 -0.21 -0.04 0.39 0.24 0.70 -0.65 -0.74 0.30 0.05 -0.07 0.31 0.22 0.60 
  

19 0.20 0.10 0.06 0.13 0.03 -0.03 0.16 0.13 0.43 -0.25 -0.37 0.39 -0.06 -0.02 0.04 -0.22 0.26 0.29 
 

Computed correlation used pearson-method with listwise-deletion. Bold indicates p < .05 

 



 
 

131 
 

1 Average X-Axis Gaze Angle 
 

6 Gaze Distance Cam Var. 
 

11 Average Unvoiced Region 
 

16 Voice Pitch Mean 
2 Variance X-Axis Gaze Angle 

 
7 Gaze Distance Screen Avg. 

 
12 Word Count 

 
17 Voice Loudness Mean 

3 Average Y-Axis Gaze Angle 
 

8 Gaze Distance Screen Var. 
 

13 Hedge-Uncertainty Lang. 
 

18 Language Complexity 
4 Variance Y-Axis Gaze Angle 

 
9 Speech Rate 

 
14 Eye Closure Max 

 
19 Adjective Usage 

5 Gaze Distance Cam Avg. 
 

 
10 Max Unvoiced Region 

 
15 Head Pitch Mean 

   

 

20.2 Excel Features 

  1 2 3 4 5 6 7 8 9 10 11 12 13 

1 
             

2 0.01 
            

3 -0.14 -0.12 
           

4 -0.01 0.06 0.29 
          

5 -0.12 0.01 0.75 0.48 
         

6 -0.02 -0.24 0.47 0.16 0.30 
        

7 -0.14 -0.12 0.73 0.28 0.63 0.51 
       

8 -0.04 -0.23 0.15 0.00 0.19 0.07 0.17 
      

9 0.06 0.28 -0.20 0.11 -0.14 -0.16 -0.16 -0.65 
     

10 -0.08 0.14 0.15 -0.04 0.28 0.01 0.20 0.51 -0.16 
    

11 -0.09 -0.09 0.06 0.15 0.08 0.10 -0.01 0.27 -0.09 0.33 
   

12 -0.21 0.25 0.38 0.26 0.45 0.26 0.40 -0.08 -0.04 0.24 -0.15 
  

13 0.05 -0.29 0.08 -0.03 -0.08 0.14 0.07 -0.01 -0.14 -0.37 -0.08 -0.16 
 

Computed correlation used pearson-method with listwise-deletion. 

 

1 Average X-Axis Gaze Angle 
 

8 Gaze Distance Screen Var. 
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2 Variance X-Axis Gaze Angle 
 

9 Average Unvoiced Region 
3 Average Y-Axis Gaze Angle 

 
10 Word Count 

4 Variance Y-Axis Gaze Angle 
 

11 Hedge-Uncertainty Lang. 
5 Gaze Distance Cam Avg. 

 
12 Gaze Angle X-axis IQR 

6 Gaze Distance Cam Var. 
 

13 Loudness Up-Level 
7 Gaze Distance Screen Avg. 
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