
ABSTRACT 

PEARSON, CARL JAMES.  Pedigree’s Effects on Trust between Humans and Automation: 

Conflicting Information in a Dual Adviser Task. (Under Direction of Dr. Christopher B. 

Mayhorn.) 

 

In a world with increasing ubiquity of automated decision aids, human decision 

makers often find themselves receiving input from automation and another human 

simultaneously. Previous research has shown how certain characteristics of a human or 

automated decision aid affect the development of trust. Little research has investigated how 

these factors of trust development are involved when more than one adviser is present. This 

study explored how pedigree (perceived expertise) and source type (human or automated) 

was related to trust and reliance in a decision-making task with conflicting information from 

two advisers.   

Results from this study indicate the pedigree is an influential factor across both 

human and automated decision aids. There is a strong trend in a dual adviser context to have 

a trust preference in the human adviser compared to the automated adviser across pedigree 

levels. This trend is only reversed when pedigree perceptions are far higher in the automated 

adviser in comparison to the human adviser. This study also found a relationship between 

trust attitudes and behavioral reliance: trust preferences reasonably distinguished between the 

behavioral outcome in a decision-making task. These findings are relevant for designing 

decision support systems that involve multiple adviser types or for informing the effects of 

introducing decision aids in a manner with respect to decision aid pedigree.   

  



 

 

 

 

 

 

 

 

 

 

© Copyright 2017 by Carl James Pearson 

All Rights Reserved



Pedigree’s Effects on Trust between Humans and Automation: Conflicting Information in a 

Dual Adviser Task 

 

 

by 

Carl James Pearson 

 

 

A thesis submitted to the Graduate Faculty of 

North Carolina State University 

in partial fulfillment of the  

requirements for the degree of 

Master of Science 

 

Psychology 

 

 

Raleigh, North Carolina 

2017 

 

APPROVED BY: 

 

 

_______________________________  _______________________________ 

Christopher B. Mayhorn    Anne McLaughlin 

Committee Chair 

 

 

_______________________________ 

Douglas Gillan 



ii 

 

 

 

 

DEDICATION 

To Laurel and my parents. 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 



iii 

 

 

 

 

BIOGRAPHY 

Carl Pearson is a doctoral student in the Human Factors & Applied Cognition 

program in the NCSU Psychology department. He received his undergraduate degree in 

psychology from the University of Minnesota Duluth. Through his personal research and 

work alongside the Laboratory for Analytic Sciences, he has contributed to the development 

of a model of trust between two separate advisers in decision making. He also has ties to 

industry through a user experience research position at Red Hat. In his spare time, he enjoys 

exploring the wilderness and trying to make every kind of music he hears.  



iv 

 

 

 

 

ACKNOWLEDGMENTS 

I would like to thank my advisor, Dr. Christopher B. Mayhorn, for his support and 

guidance in my journey to become a human factors scientist. I am incredibly grateful for the 

opportunities he has given me in the past two years. I would also like to thank the other 

members of my committee, Dr. Douglas Gillan and Dr. Anne McLaughlin, for their helpful 

perspective and knowledge to further my growth as an academic researcher. 

 Many thanks for Michael Geden for sharing his unique and powerful approach to 

statistical analysis applications. His help was critical to finding the best possible analysis of 

my data. 

 I would like to thank my cohort, Robert Sall & Stephen Cauffman, for being along for 

this graduate school journey from start to finish. 

 Finally, I need to thank my parents and my girlfriend: my parents for making sure I 

had what I needed my whole life to get to where I am, and Laurel for being there when I 

needed support at the most challenging points. 



v 

 

 

 

 

TABLE OF CONTENTS 

List of Tables............................................................................................................................vi 

List of Figures..........................................................................................................................vii 

Introduction................................................................................................................................1 

 Knowledge Base: defining terms and constructs...........................................................1 

 Empirical Research in Dual Advisor Trust/Reliance.....................................................3 

Hypotheses: building on past research.........................................................................11 

Method.....................................................................................................................................12 

 Design..........................................................................................................................13 

Participants & Setting..................................................................................................13 

Map Materials..............................................................................................................14 

Adviser Materials & Pilot............................................................................................14 

Dependent Trust Measures..........................................................................................16 

Procedure.....................................................................................................................17 

 Experimental Task...........................................................................................17 

Data Collection............................................................................................................19 

Data Analysis...........................................................................................................................19 

 Variables & Group Definition.....................................................................................19 

Trust Analyses.............................................................................................................20 

 Main Model Analysis.......................................................................................20 

Within Treatment Condition Analysis.............................................................21 

Pedigree Manipulation Check......................................................................................23 

 Main Model Analysis.......................................................................................23 

Within Treatment Group Analysis...................................................................25 

 Trust Differences as Predictors of Behavioral Reliance..............................................26 

Discussion................................................................................................................................28 

 Trust preferences when considering pedigree manipulation checks............................28 

 Trust preferences between advisers of different source types.....................................29 

 Trust related to reliance................................................................................................31 

 Limitations and future work.........................................................................................32 

Conclusion...............................................................................................................................33 

References................................................................................................................................34 

Appendix..................................................................................................................................37 

 Item 1: Instructions for participants.............................................................................38 

Item 2: Adviser Profiles...............................................................................................39 

Item 3: Prototype of a map scenario interface.............................................................40 

Item 4: Variables related to ANOVA trust analyses....................................................41 

Item 5: Variables related to ANOVA pedigree manipulation check analyses.............42 

 

 

 



vi 

 

 

 

 

LIST OF TABLES 

Table 1: Summary of related empirical articles…………………………………..……….…11 

Table 2: ANOVA treatment group trust preference means and confidence intervals.…….…21 

Table 3: ANOVA trust preference score hypotheses and results.………....……………....…22 

Table 4: ANOVA treatment group pedigree difference means and confidence intervals....…25 

 



vii 

 

 

 

 

LIST OF FIGURES 

Figure 1:  Mean pedigree ratings by adviser group……………………………….…………16 

Figure 2:  Trust preference by adviser pedigree treatment group…………………………....22 

Figure 3:  Pedigree difference by adviser pedigree treatment group………….…………......25 

Figure 4:  Behavioral reliance decisions across target trials………….………….………......27 

 



1 

 

 

 

 

INTRODUCTION 

In 2002, a cargo plane and passenger plane were flying directly at each other over 

Germany. Each plane had an automated system in communication with the other plane to 

help avoid a collision: the automated system told the passenger plane to fly up and the cargo 

plane to fly down. Had this been all the decision input to the pilots, it is very likely a 

collision would have been avoided. However, the passenger plane received conflicting 

information from an air traffic controller who told the pilot to descend. This pilot decided to 

listen to the air traffic controller’s advice, contrary to the advice from the automation, and 

descended (Nunes & Laursen, 2004). Unfortunately, with both planes in descent, a collision 

occurred midair tragically killing all the people onboard both planes. This illustrates the dire 

consequences that can come about from an operator’s choice between conflicting automated 

and human advice. Automated systems have become increasingly prevalent in our daily lives 

(Parasuraman & Riley, 1997). As that trend will likely continue, there is a need to better 

understand operators’ biases and tendencies for trust and reliance between conflicting 

information sources. Currently there is disagreement in the existing literature. This study 

investigates those biases given some of the empirically validated factors affecting the 

development of trust of human and automation advisors. 

Knowledge Base: defining terms and constructs 

Mayer, Davis, & Schoorman (1995), in the field of organizational management, put 

forth a model to help define trust and its antecedents in the context of a working relationship 

between two people. Mayer, et al. (1995) define trust as how willing a person is to be 
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vulnerable to the decisions or opinions of another person, without the trustor having control 

over the trustee. They also illustrated key precursors to trust based on a review of 23 

empirical studies that investigated trust precursors: ability, benevolence, integrity, and 

trustor’s propensity for trust. The first three factors (ability, benevolence, and integrity) are 

situational to the specific relationship between two people being measured, while the final 

factor (trustor’s propensity) is a dispositional trait in the trustor. Given this model and 

description of trust between two people, trust is a psychological antecedent to reliance, the 

behavioral manifestation of trust. Reliance is when the trustor chooses to put themselves in a 

risky position due to their trust in the other party. The goal of this study is to more closely 

investigate this view of trust as an antecedent to reliance. Researchers have also investigated 

trust between humans and automation extensively.  

 A focus on trust in automation has been spurred in human factors by the widespread 

and recent expansion of automated systems. Parasuraman & Riley (1997) defined automation 

as a machine agent that performs a task previously done by a human operator. Some of the 

major human factors concerns with automation are finding factors affecting the appropriate 

reliance on automation. Appropriate reliance exists when an operator does not over-trust or 

under-trust automation, but trusts automation only as much time as the automation is reliable 

(or accurate). One form of automation that this study aims to investigate is a decision support 

system (DSS). A DSS assists a human decision maker by performing knowledge organization 

and elucidating a favorable decision option (Sage, 1987). The decision maker still ultimately 

holds responsibility for the decision option chosen, so the construct of trust is important as it 
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is a major determinant of whether the DSS will be relied upon. Some researchers have also 

begun to look at how human-human trust and human-automation trust relate to one other. 

A review by Madhavan and Wiegmann (2007b) included a robust synthesis of 

research to create a model of how trust is similar and different between human decision aids 

and automated DSS. In the model that they synthesized from multiple earlier models, they 

found certain comparable characteristics of an automated DSS or human decision aid affect 

the development of trust. The first of the trust-developing characteristics is the type of 

decision aid, human or automation-based. The second characteristic is pedigree, also known 

as expertise. Madhavan and Wiegmann (2007b) identify several dimensions that have been 

used in the pedigree research literature. However, they clearly show that specifically in 

human-automation experimental trust literature, pedigree refers to the perception of 

expertise. The third characteristic is reliability of the DSS, or how often the DSS makes a 

correct decision. These characteristics, or merely the perceptions of these characteristics, 

interact to form a basic level of trust in a DSS or decision aid. While other factors affect 

behavioral reliance, such as operator self-confidence in the task at hand, trust is one of the 

most significant components in predicting reliance. 

Empirical Research in Dual Advisor Trust/Reliance 

 Madhavan and Wiegmann (2007a) followed up their review with an empirical study 

looking at the perceptions of features of DSS affecting trust/reliance development: source, 

pedigree, and reliability. The between-groups experiment had participants perform a luggage 

screening task with human and automated advisors throughout. Participants had to discover 
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contraband in a series of x-ray slides and were aided by an automated DSS or a human 

decision aid with differing prescriptive reliability (told that the decision aids were 70% 

accurate or 90% accurate). These decision aids were also characterized as novice or expert. 

This results in eight experimental groups with combinations of source type, pedigree, and 

reliability. 

 They found that, on low accuracy decision aids (70% accurate), participants relied on 

novice automated decision aids more often than novice human aids and participants relied on 

expert human decision aids more than expert automated decision aids. However, they found 

that in high accuracy decision aids (90% accurate), there were no differences in reliance and 

its interaction with pedigree. They also found that merely introducing a human source as an 

expert will increase reliance regardless of the reported accuracy of that human. 

 Overall, this study was robust, but did not necessarily address all the issues in earlier 

literature that it mentioned explicitly. For example, Madhavan and Wiegmann (2007a) 

mentioned a lack of literature differentiating trust and reliance explicitly. However, they did 

not assess trust in their experiment. While their findings on reliance were robust, the trust 

construct is missing, despite that they defined it as an important aspect in predicting reliance 

in their earlier paper (Madhavan & Wiegmann, 2007b). They also differentiated compliance 

and reliance in their study from sole reliance, without much theoretical background. It lacked 

detail in the description but compliance was defined as when the aid decided a target was 

present in the slide and the participant agreed, and reliance was defined as when the aid 

decided there was no target present and the participant agreed. The main issue here was in 
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statistical analysis. They ran a series of separate mixed ANOVAs on compliance and 

reliance. This most likely increased their chance of family-wise error given how interrelated 

the two dependent variables were (a MANOVA would have countered this statistical validity 

threat). While there were certain construct and statistical issues, this study overall provides 

sufficient evidence in support of their model of factors influencing reliance between human 

and automated decision aids. One situation this study did not investigate was the presence of 

dual advisors (human and automated) and how that affects trust and reliance across decision 

aids. 

A study by Lerch, Prietula, & Kulik (1997) investigated how humans trust and rely 

upon human and automated decision aids when both decision aids are in conflict. This 

experiment was done in a “Turing” style, where both advisors gave information purely 

through text. Advisor pedigree (expert or novice human) was manipulated experimentally in 

a task where participants had to make a financial management decision using conflicting 

information between the advisors. They found that confidence (or trust) differed among 

pedigree groups, such that there was more trust in expert human advisors than novice human 

advisors. They also found that reliance was not different among groups, theorizing that 

reliance, dissimilar to trust, is based on information of actual behavior in a situation instead 

of surface characteristics. 

One issue with this study is that they did not also compare novice automated systems, 

so this leaves an unclear picture of the full effect of pedigree on trust levels. They also were 

unclear on if trust between the expert automation and expert human differed from the expert 
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automation and novice human (multivariate assessment), or if simply trust between the 

expert human differed from the novice human (univariate assessment). If it is the latter, this 

does not necessarily get at the crux of the issue as to how trust differs between human and 

automated advisors, not just between separate human advisors. Also, this study measured 

trust through a less common construct of confidence/dependability ratings. While not 

necessarily invalid, they did not provide a robust background for the construct of confidence 

and seem to use it as a measure of trust regardless of construct differences. In addition to this, 

the reliability of their measure is questionable because they used a single item scale to 

measure confidence. This was important as an early study in dual advisor settings, but its 

methods and results are not extremely robust in supporting their specific conclusions on how 

pedigree affects trust. 

 A more recent paper looked at trust/reliance on conflicting information between a 

human decision aid and an automated tool given certain situational factors (Lyons & Stokes, 

2012). Their main task took place within a software program called Convoy Leader, where 

participants had to decide a route choice for a military convoy. Participants saw summarized 

map information from an automated tool that implicitly recommended a route and a video of 

a human officer explicitly recommending a route. Risk was manipulated to discover which 

situations participants relied more heavily on the human or automated tool. They found that 

in higher risk scenarios, reliance on the human decreased significantly. They also found that 

their measure “intention to rely” did not differ across risk scenarios. However, there were 

several methodological limitations observed in Lyons and Stokes (2012).   
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 One major issue of this study is in their measured construct. Rather than measuring 

their cited definition of trust as defined by Mayer et al. (1995), they chose to break away 

from empirically validated constructs and measured “intention to rely”. First, their construct 

here is not defined beyond what has been put in quotations. This intention to rely construct 

appears as an attempt to collapse psychological trust and reliance into a single construct 

without sufficient evidence. This is problematic because the incongruence between attitudes 

and overt behaviors has been known for a long time (LaPiere, 1934). Second, this scale 

lacked an empirical footing. Reliability was reported, as well as two example questions. 

However, it does not seem they followed any empirical scale construction protocol or 

attempted to discover the validity of the scale. 

 The next major limitation in Lyons and Stokes’ (2012) paper is that part of their risk 

manipulation involved having the human recommend what was shown on the map (or 

automated map tool) as being the riskiest and dangerous route. This could have undermined 

perceptions of the human as being reliable, or consistently correct. Madhavan and Wiegmann 

(2007a) show that this perceived reliability is a major factor in the development of trust, so 

this could have asymmetrically undermined the trust in the human decision aid. The 

conclusion that human reliance decreased in riskier scenarios could have been due to an 

unintended effect of the experimental manipulation. This conclusion was also likely 

susceptible to statistical validity threats and an artificially significant result in that they used a 

series of paired t tests across two groups and 3 trials.  
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 The final significant limitation affecting this study is that Lyons and Stokes (2012) 

measured only reliance on the human and not on the automated tool. Ultimately they are not 

comparing two distinct recommendations and reliance behaviors. Therefore, the conclusions 

they make may not be generalizable to trust and reliance behaviors across conflicting 

information between human and automated decision aids. This lack of generalizability in 

addition to the statistical validity issues and unintentional manipulation issues, strongly 

brings into question the overall results of the study.  

 Pearson et al. (2016) followed up on this work to investigate the results of Lyons and 

Stokes (2012), and used the same general task in the Convoy Leader Software with actual 

stimuli from the earlier study. This study did not manipulate risk as in the previous study, 

with reasoning that the risk manipulation of Lyons & Stokes (2012) failed to make 

participants feel more at risk. This study instead looked directly at the constructs of trust and 

reliance, where the earlier study failed to differentiate the two sufficiently. This study used 

empirically validated measures of trust in automation and interpersonal trust to determine 

what situational predictors affected trust levels, unlike the non-validated “intention to rely” 

measure used by Lyons & Stokes (2012). It was found that perceived risk was related to an 

increase in trust in the human advisor, and not related to trust in the automation. Reliance on 

either aid was not predicted by trust levels, giving weight to the theory that reliance is 

distinct from trust. However, there was marginally more reliance on the human compared to 

the automation. This marginality could be because this experiment used only one trial and 

there was high standard error from that case. It also investigated the presentation order 
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effects of human and automated DSS, finding that presentation order of advisors did not 

affect trust levels. 

 One limitation with this study is that, like Lyons and Stokes (2012), it was not a true 

dual advisor situation as there was no explicit recommendation from the automated source. 

Another limitation was that this study used measures for trust in the human aid and the 

automated DSS that were unrelated. This study has some methodological limitations, but 

does provide a response to the earlier study and a need for further thorough investigation.  

 Another study followed up on some of the main effects of Lyons and Stokes (2012) 

within a slightly different experimental context, in addition to measurement of attitudinal 

predictors of trust and reliance in a human and automation dual advisor task (Merritt, Sinha, 

& Curran, 2015). They used an x-ray task like an earlier study in related literature 

(Madhavan & Wiegmann, 2007a) where they examined trust, liking, and reliance differences 

over time in a series of trial blocks. The dual advisor stimuli mostly agreed, except for once 

in each trial block. They manipulated reliability across automated and human advisors. They 

also used trust and liking scales to measure attitudinal predictors of reliance on the advisors. 

A confirmatory factor analysis was used for these scales. These scales also can be applied to 

human or automated decision aids to avoid an apples-to-oranges comparison of the cognitive 

constructs.  

 They found that trust did not predict reliance (although liking did). They reported that 

trust and reliance biased the human as their task went on, switching from an initial 
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automation bias. This however, was only compared with means descriptively, and is not 

necessarily statistically significant.  

 Although Merritt, et al. (2015) explained that randomization of participants should 

control for confounding factors, they did not include information on perceived pedigree. 

Pedigree remained static across trials, but it was not equivalent across human and automated 

advisors. This could have been a confounding factor in their experiment, as it has been 

shown to be an important part of trust (Madhavan & Wiegmann, 2007a). They depicted the 

human advisor as a participant in another room. Most likely, this would lead to a novice 

perception of the human advisor as participants were not recruited from airport security 

populations. The automation was not characterized in any way, but there is evidence to show 

tendencies of automated system operators to have a mental schema of perfection (Dzindolet, 

et al., 2001). Thus, for the automation advisor it is very possible its perception was skewed 

towards a higher level of pedigree due to the bias of expected automation perfection. 

Ultimately, it is unknown how humans perceived the pedigree of the advisors, and pedigree 

is a likely confound within the experiment.  

 Despite some shortcomings, they reached their conclusions with carefully constructed 

methods and multivariate statistical approaches. In the literature regarding conflicting 

information with dual advisors, this is the first study to bring sufficiently balanced and 

thorough experimental methods. One key factor they neglected, pedigree, will be investigated 

in the proposed study. 
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Table 1. Summary of related empirical articles 

Article & summary Manipulations Dependent 

variable 

Limitations Relation to 

current study 

Lerch et al. (1997): 

reliance in conflicting 

simultaneous 

human/automated 

DSS 

Pedigree Confidence in 

source, reliance 

Pedigree only 

manipulated in human 

decision aid 

More reliance 

on expert 

human than 

expert system 

with conflicting 

information 

Lyons & Stokes 

(2012): reliance 

between 

human/automated 

DSS in risky situations 

Risk (but did 

not pass 

manipulation 

check) 

Intent to rely, 

reliance 

Unintended 

manipulation, 

asymmetrical measures, 

FW Error, correlational  

Less reliance on 

humans in 

higher risk 

scenario 

Madhavan and 

Wiegmann (2007a): 

testing differences in 

source, pedigree, and 

reliability 

Source, 

pedigree, 

reliability 

Reliance Trust not measured, 

potential FW Error 

Provides 

evidence for 

model, but not 

in dual advisor 

setting 

Merrit, et al. (2015): 

dual advisors with 

attitudinal predictors 

of reliance 

Reliability Trust, liking, 

reliance 

Pedigree unaccounted 

for  

Initial bias 

towards 

automation, 

switch to 

human later in 

task 

Pearson et al. (2016): 

follow up to Lyons & 

Stokes 

Order of 

presentation 

Trust, reliance Pedigree uncontrolled, 

uncontrolled map 

artifacts 

Found higher 

trust in human 

than automation 

in high risk 

situation 

 

Hypotheses: building on past research 

As Table 1 demonstrates, many experiments have explored factors in trust and 

reliance among dual advisors along with specific contexts where they can occur, such as high 

risk military or financial advice situations, the main biases of trust in automation versus 

human decision aids are unclear. In addition to this, the specific effect of pedigree on those 

trust biases is also unclear. This experiment created consistently controlled pedigree levels to 

clearly delineate differences in trust and reliance in human and automated decision aids. It 
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was expected that in matched groups with low pedigree, there would be higher trust in the 

automated decision aid (H1). It was expected that across trials with differing pedigree among 

decision aids of different sources (human or automated), there would be higher trust in the 

decision aid with the higher pedigree. When the automated decision aid had higher pedigree 

and the human decision aid has lower pedigree, there would be higher trust levels in the 

automated decision aid (H2). When the human decision aid had higher pedigree and the 

automated decision aid had lower pedigree, there would be higher trust levels in the human 

decision aid (H3). Like preliminary findings described by Lerch et al. (1997), in matched 

groups with high pedigree it was expected that there would be higher trust in the human 

decision aid (H4). It was also expected that the higher levels of trust per decision aid would 

predict behavioral reliance across each experimental pedigree group (H5). Other factors 

influencing reliance beyond trust, such as operator self-confidence, were controlled for by 

randomization, so trust was expected to be a significant predictor of reliance. 

METHOD 

 This study involved two differing decision aid sources (advisers) and pedigrees 

(perceived expertise) that gave information in conflict with one another. The task involved 

was related to choosing the safest route for a military convoy, made to the likeness of the 

Convoy Leader software used in previous experiments (Lyons & Stokes, 2012; Pearson et al, 

2016).  
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Design 

 This study included a between groups 2 x 2 experimental manipulation. One 

manipulation was advisor source: human decision aid or automated DSS. The second 

manipulation was pedigree of both advisors: high pedigree and low pedigree. The dependent 

variables involved were trust measures (trust in human DSS or trust in automation DSS) and 

behavioral reliance (actual choice of participant in given task). 

Participants & Setting 

Mechanical Turk was used to recruit 200 participants. An empirical study by 

Goodman has shown that Mechanical Turk populations were not significantly different on 

cognitive reasoning tasks (2013). Cognitive reasoning was the main aspect of this 

experiment, supporting that Mechanical Turk did not hinder the validity of the experimental 

results. Participants were limited to a geographic residence within the United States. They 

were required to have a type of audio speaker in their computer set up as well to properly 

experience the stimuli, so a manipulation check was given to type out a three-digit number 

presented through an audio clip. 

The setting was wherever the participant had their computer set up. Although a 

laboratory setting would be quieter and more consistent, that is not necessarily how trust 

judgements are made in the real world, so it would not lend more generalizability. Given the 

random assignment of participants across groups, this should not affect the data 

systematically. The program used was a web application called Qualtrics that allowed 

multimedia content and participant responses. 
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Map Materials 

 A set of eight maps were created that involve three possible route choices (seen in the 

appendix). The routes were color coded and labeled with a number for reference by the 

participant as to their choice. Maps included past insurgent activity and past improvised 

explosive device locations. Each of these types of information had a unique identifier as 

indicated by the map’s key. The maps themselves were gathered from Bing Maps in a 

traditional “satellite” view, overhead of terrain without labelling. To maintain consistency in 

the visual perspective of the maps, the same scale (ratio distance of map size to actual 

distance) was used on each map. 

Adviser Materials and Pilot 

A series of profiles were created to prime the participants with the level of pedigree 

involved with whichever adviser. These were not visual aids but were in the form of a 

description, in keeping with previous related experimental protocol (Madhavan & 

Wiegmann, 2007a). A measure of perceived expertise was used as a manipulation check, 

adapted from Ohanian (1990). Perceived expertise was one aspect of a credibility model 

developed through confirmatory factor analysis. In this experiment, the five-item scale 

involved rating the decision aid on whether they were expert, experienced, knowledgeable, 

qualified, and skilled. The four adviser profiles were piloted to assess if they were 

significantly different in pedigree ratings. 

Forty-five participants (male = 26, female = 19) were recruited from Mturk and asked 

to rate the pedigree of each of the four adviser profiles (high pedigree automation, high 
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pedigree human, low pedigree automation, and low pedigree human), based on the Ohanian 

(1990) scale. The order of the profiles was randomly selected for each participant. A 

repeated-measures ANOVA was run in IBM SPSS, and there was a significant effect of 

adviser profile on pedigree perceptions, Wilks’ Lambda < .343, F(3,42) = 26.78, p < .001. 

Pairwise comparisons using a Bonferroni correction revealed that the high pedigree 

automation profile (M=19.47, SD=4.41) and the high pedigree human profile (M=20.80, 

SD=4.19) were not significantly different from one another (p=.239). The low pedigree 

automation profile (M=13.67, SD=5.10) and the low pedigree human profile (M=11.62, 

SD=4.63) were not significantly different from one another (p=.08). The high pedigree 

automation profile was significantly different than the low pedigree automation profile 

(p<.001) and the low pedigree human profile (p<.001). The high pedigree human profile was 

significantly different than the low pedigree automation profile (p<.001) and the low 

pedigree human profile (p<.001). Ultimately this left the adviser profiles with two 

homogenous pedigree groups (high and low), as seen in Figure 1. This was the expected goal 

of the pilot, to be sure that low pedigree advisers and high pedigree advisers were similarly 

perceived in terms of pedigree. 
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 Figure 1. Mean pedigree ratings by adviser group (error bars are 95% confidence intervals) 

 

In the full experiment, an audio readout of the decisions aid recommendations was 

included to strengthen the perception of “humanness” or of being automation beyond that of 

a “Turing Test” text-only design. The human decision input was recorded by a male person, 

and the automated system had a robotic (monotone) text-to-speech computer audio rendering, 

also with a male gender. The decision to include a male gender over a female gender is to 

keep that aspect consistent with experiments in previous literature. 

Dependent Trust Measures 

While Bisantz and Seong (2001) created a robust trust in automation scale and Mayer 

et al. (1995) created a robust interpersonal trust scale, this study aimed to improve on apples-

to-oranges comparisons by using a scale with direct comparisons between decision aid trust 

ratings. Merrit (2011) created a scale for use in automated and human decision support 



17 

 

 

 

 

systems. The scale was factor analyzed and tested for reliability (α < .88). Its use in an 

empirical study by Merrit, et al. (2015) helped support the validity of the scale as well. This 

scale had two distinct aspects: trust and liking. As they were not intertwined, the liking 

section of the scale was removed without harming the validity of the trust section of the 

scale. The trust scale had six items (e.g.: “I can depend on the [human/system] or “I can rely 

on the [human/system] to do its best every time I take its advice”).  

Procedure 

 Participants (N=200) were recruited through Mechanical Turk and then directed to 

the Qualtrics survey software. There was a standard consent form they agreed to before 

proceeding. Before the experimental task, participants were given task instructions 

(Appendix item 1). After the instructions, participants were randomly assigned to an adviser 

pair, and the order of the pair was also randomly ordered (text profiles are available in 

Appendix item 2). The adviser pedigree rating scale was given along with each adviser 

profile. 

 Experimental task 

 Following the description, participants were presented with the map and a key to the 

markings about past IED locations and past insurgent activity. This allowed them to 

investigate the map independently at first. Fifteen seconds into their analysis, a decision aid 

appeared. As the text visually appeared, it was accompanied by the auditory presentation of 

the decision aid recommendation text (a human voice for the human decision aid, and a 

robotic voice for the automation). The transcript of the text can be viewed in Appendix item 
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3 within the prototype. The second decision aid appeared ten seconds after the first decision 

aid appears, along with its audio readout of the recommendation. Counterbalancing of 

recommendation presentation order was implemented through a blocked randomization 

between participants where the first 100 participants received the human recommendation 

first, and the second 100 participants received the automation recommendation first.  

 Once both decision aids appeared for ten seconds, participants had an option to click 

a button that says “make a decision”. This forwarded the browser to a decision page that no 

longer contains the map. If participants did not click the button, they were automatically 

forwarded to the next page after 60 total seconds (as noted in the initial task description). 

This decision page had a multiple-choice option to select the route of their choice (1, 2, or 3), 

along with information showing which options were recommended by a specific decision aid. 

The decision here indicated behavioral reliance. 

 This map task occurred eight times total. The first three times, both advisors agreed 

on a route recommendation. The fourth time, the advisors were in conflict of route 

recommendation. The fifth through seventh trials agreed on a recommendation as well. The 

final trial again had the advisors in conflict on the recommended route. The points of interest 

among these trials were on the reliance outcomes of the disagreement trials (trials four and 

eight).  

 After the map trials, participants completed the trust scale for each decision aid, taken 

from Merritt (2011). They finally completed basic demographic information (age, sex, and 

native language), before receiving their code to obtain payment via Mechanical Turk. 
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Data Collection 

 All data were automatically collected within Qualtrics. The data were exported as a 

spreadsheet file. This spreadsheet was used as a data set within IBM SPSS 22 for statistical 

analyses. 

DATA ANALYSIS 

Variables & Group Definition 

 Two separate variables were collected regarding trust: trust in the automated aid and 

trust in the human aid. This study was focused on preference between decision aids, so the 

variables were combined into an algebraic difference score where a positive value indicated 

more trust in the human aid and a negative value indicated more trust in the automated aid. 

This was consistent with earlier research using the same scale construct; Merrit et al. (2015) 

analyzed their trust variables by creating a difference score to show preference between 

advisers. In the subsequent analyses, trust preference is analyzed through this difference 

score. 

 A manipulation check for the adviser pedigree levels was assessed through a 

continuous composite scale of pedigree perceptions (Ohanian, 1990). Pedigree perceptions 

between human and automated advisers were combined into a difference score, in the exact 

same manner as the trust preference variable. This allowed for the most direct interpretation 

of the influence on the pedigree manipulations in relationship to the trust outcomes. 

 For reference in the subsequent analyses, treatment groups based on combinations of 

advisers are defined, and will be reiterated for clarity throughout this section. Treatment 



20 

 

 

 

 

group 1 referred to matched low pedigree advisers. Treatment group 2 referred to high 

pedigree automation and low pedigree human advisers. Treatment group 3 referred to low 

pedigree automation and high pedigree human advisers. Treatment group 4 referred to 

matched higher pedigree advisers. 

Trust Analyses 

 Main model analysis 

 An ANOVA was first conducted to examine the effects of adviser pedigree treatment 

group on adviser trust preference. Levene’s test of equality of error variances was non-

significant (F(3,196), p = .113), so the analysis did not constrict degrees of freedom. The 

adviser pedigree treatment variable had four possible conditions: low pedigree human/low 

pedigree automation (N=50), low pedigree human/high pedigree automation (N=48), high 

pedigree human/low pedigree automation (N=50), high pedigree human/high pedigree 

automation (N=52). Descriptive statistics for continuous variables in the ANOVA model are 

shown in Appendix item 4.  

There was a significant effect of pedigree treatment group on trust preference in 

decision aids, F(3,196) =25.241, p < .001. A Games-Howell post hoc test was also conducted 

on the treatment groups to control unequal cell sizes (means listed below in Table 2). The 

matched pedigree groups (groups 1 and 4) were not significantly different from each other, 

but were both significantly different from the non-matched pedigree groups (groups 2 and 3). 

Both unmatched pedigree groups (groups 2 and 3) were significantly different from each 

other and all matched pedigree groups (groups 1 and 4). All p values in the post hoc test were 
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at .001 or lower. The significant ANOVA model supported that the pedigree manipulation 

treatments were effective in relation to trust scores. However, the main hypotheses of this 

study (H1-H4) were related to trust preferences within conditions, not across conditions.  

Table 2. 

ANOVA treatment group trust preference estimated marginal means and confidence 

intervals. 

Treatment group Mean Lower CI Upper CI 

1. AL HL 0.187 -0.135 0.509 

2. AH HL -0.747 -1.075 -0.418 

3. AL HH 1.277 0.955 1.599 

4. AH HH 0.349 0.034 0.665 

 

Within treatment condition analysis 

Within-subject trust preferences were assessed using confidence intervals, and 

visually supported by graphical representations of the means and confidence intervals. 

Confidence intervals were shown by du Prel et al. (2009) to be helpful in assessing where a 

true value lies, beyond a p value. The within-subject trust preferences confidence intervals 

showed if a true preference existed towards an adviser. A trust preference value of 0 would 

indicate no preference in trust between the human and automated adviser. A positive value 

would indicate a trust preference towards the human adviser. A negative value would 

indicate a trust preference towards the automated adviser.  The confidence intervals were 

used to show whether the given confidence interval (95%) in trust preferences favored a 

certain adviser. If the confidence interval were to cross over the 0.00 value, the 

predetermined confidence intervals would not allow us to be sure trust preferences fall 

towards a certain adviser, as the true value could exists towards either adviser. Only if the 
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confidence intervals did not cross zero could there be certainty that the true value of trust 

preference existed towards that specific adviser. The within-subject trust preferences are 

presented graphically with the confidence intervals in Figure 2. 

 

 

Figure 2. Trust preference by adviser pedigree treatment groups. Positive values indicate preference for the 

human adviser and negative values indicate preference for the automated adviser.  

In the first group, both advisers had low pedigree. There was a marginal trust 

preference towards the human. However, with the confidence interval overlapping both sides 

of zero, we could not be confident the true value of trust preferences fell towards a certain 

adviser (accept null H1). To contrast this, in the second group where the automation pedigree 

was high and the human pedigree was low, the trust preference was on the side of 

automation. As shown in Figure 2 above, the confidence interval was also entirely contained 

on the side of preference for trust in automation. Therefore, we could be certain that, using 
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the 95% confidence intervals that trust preferences existed towards automation in group 2 

(reject null H2). In the third group, the confidence interval was entirely contained on the side 

of preference for trust in the human. This supported that trust preferences existed for the 

human adviser in group 3, where human pedigree was high and automation pedigree was low 

(reject null H3). In the fourth group, the confidence interval was entirely contained on the 

side of preference for trust in the human. This supported that trust preferences exist for the 

human in group 4, where human pedigree is high and automation pedigree is high (reject null 

H4). These results are summarized in Table 3 below. 

Table 3.  

ANOVA trust preference score hypotheses and results. 

Hypothesis 

number 

Automated 

pedigree 

Human 

pedigree 

Hypothesized Result Accept or 

reject 

null? 

Experimental result 

H1 Low Low Significant trust 

preference in 

automation  

accept Significantly higher trust 

levels in human 

H2 High Low Significant trust 

preference in 

automation 

reject Significantly higher trust 

levels in automation 

H3 Low High Significant trust 

preference in human  

reject Significantly higher trust 

levels in human  

H4 High High Significant trust 

preference in human 

reject Significantly higher trust 

levels in human 

 

 These results are influenced by the outcomes with the pedigree manipulation check. 

While the pedigree adviser groups were intended to be matched or unmatched at pedigree 

perceptions depending on the group, some perceptions were not as expected when analyzed. 

Pedigree Manipulation Check 

Overall model Analysis  
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An ANOVA was first conducted to examine the effects of adviser pedigree treatment 

group on adviser pedigree rating differences. Levene’s test for homogeneity of variance was 

significant, so degrees of freedom were restricted using a Welch test in the ANOVA. The 

adviser pedigree treatment variable had four possible conditions: low pedigree human/low 

pedigree automation (N=50), low pedigree human/high pedigree automation (N=48), high 

pedigree human/low pedigree automation (N=50), high pedigree human/high pedigree 

automation (N=52). Descriptive statistics for continuous variables in the ANOVA model are 

available in Appendix item 5. 

There was a significant effect of pedigree treatment group on pedigree difference 

scores, F(3,103.5) =72.760, p < .001. This demonstrates a significant relationship between 

pedigree manipulation and pedigree perceptions. A Games-Howell post hoc test was 

conducted on pedigree treatment groups to control for error in the context of unequal 

variances and cell sizes (means listed below in Table 4). All conditions had significantly 

different pedigree difference scores with significance values of p<.001. Unmatched pedigree 

groups (groups 2 and 3) were expected to be different. However matched groups (groups 1 

and 4) were expected to be the same as each other but were significantly different in the 

experimental sample data. To more clearly understand these within group values and their 

direction towards a certain adviser, pedigree differences were analyzed with the same method 

as trust preferences. 
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Table 4. 

ANOVA treatment group pedigree difference estimated marginal means and confidence 

intervals. 
Treatment group Mean Lower CI Upper CI 

1: AL HL -.360 -.653 -.067 

2: AH HL -1.875 -2.175 -1.575 

3: AL HH 1.720 1.427 2.013 

4: AH HH .365 .078 .653 

 

Within treatment group analysis 

The main points of interest in this manipulation check analysis are the differences 

within the treatment groups. Confidence intervals were graphed and assessed to ascertain if 

the true value of pedigree perception existed in favor of a specific adviser of the other. In 

Figure 3, pedigree means by adviser pedigree treatment group are graphed with their 

corrected confidence intervals at 95%. 

 

 

Figure 3. Pedigree difference by adviser pedigree treatment groups. Positive values indicate higher pedigree 

perception for the human adviser and negative values indicate higher pedigree perception for the automated 

adviser 
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In groups 1 and 4, with pedigree matched between advisers, it was expected that there 

would be no significant pedigree difference. This was not the case, as in group 1 there was a 

significant pedigree difference towards higher ratings in the automation; in group 4 there was 

a significant pedigree difference towards higher ratings in the human. In group 2 it was 

expected that there would be a significant difference in pedigree towards higher ratings in the 

automation; this was confirmed by the analysis. In group 3 it was expected that there would 

be a significant difference in pedigree towards higher ratings in the human; this was also 

confirmed by the analysis. Overall, the manipulation check only gave partially expected 

results, and this informed the final discussion of the trust analyses.  

Trust Differences as Predictors of Behavioral Reliance 

 The final hypothesis was related to how trust preferences predicted behavioral 

reliance outcomes (H5). A series of multinomial logistic regressions were conducted to 

examine the effect of trust preference scores on the likelihood of behavioral reliance 

decisions (between self-reliance, automation, and human reliance). Figure 4 shows an overall 

trend towards reliance in the human, followed by automation reliance, and then self-reliance. 

Among the eight trials each participant made a reliance decision, the trials where the advisers 

disagreed (trials four and eight) were considered the target trials. 
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Figure 4. Behavioral reliance decisions across target trials. 

A multinomial logistic regression was conducted for the first disagreement trial with 

trust preference predicting the categories of behavioral reliance. A test of the full model 

against a constant only model was statistically significant, indicating that trust preferences 

reliably distinguished between route choices, (χ2=110.07, p<.001, df=2). Nagelkerke’s R2 of 

.502 indicated a moderately strong relationship between prediction and grouping. Participants 

were .27 times more likely to rely on the automated recommendation compared to the 

independent choice for every 1.3 steps towards preference of automation in the trust measure. 

Participants were 2.48 times more likely to rely on the human recommendation compared to 

the independent choice for every .9 steps towards preference of the human adviser in the trust 

measure. 

A multinomial logistic regression was conducted for the second disagreement trial 

with trust preference predicting the categories of behavioral reliance. A test of the full model 

against a constant only model was statistically significant, indicating that trust preferences 
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reliably distinguished between route choices, (χ2=79.09, p<.001, df=2). Nagelkerke’s R2 of 

.383 indicated a moderate relationship between prediction and grouping. Participants were 

.49 times more likely to rely on the automated recommendation compared to the independent 

choice for every .711 steps towards preference of automation in the trust measure. 

Participants were 2.26 times more likely to rely on the human recommendation compared to 

the independent choice for every .816 steps towards preference of the human adviser in the 

trust measure. 

Considering both overall significant models and the expected predictor-outcome 

relationships individually, these two multinomial logistic regression models supported the 

rejection of the null H5 and that trust preferences did significantly predict reliance behaviors.  

DISCUSSION 

Trust preferences when considering pedigree manipulation checks 

 To summarize the trust variable findings, H2-H4 were confirmed. Unmatched 

pedigree groups (groups 2 and 3) showed a significant trust preference towards whichever 

adviser had the higher pedigree. In the high pedigree matched group, there was a significant 

trust preference towards the human. Only H1 was not confirmed: in the low matched 

pedigree group, there was a trust preference towards the human, not the automation, and it 

was not significant. These findings are partially modified when one closely compares trust 

preference and the pedigree manipulation check within conditions. 

 In the unmatched pedigree groups, pedigree perceptions showed higher scores 

towards the higher pedigree adviser. All the trust preferences in these unmatched groups 
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were in line with these pedigree manipulation checks. However, in the matched high 

pedigree group, there was a pedigree perception bias towards the human. The trust preference 

here was also towards the human. Therefore, it is possible this trust preference towards the 

human mainly reflects the higher pedigree perceptions (when they were supposed to be 

matched).  

In the low pedigree matched group, the pedigree perception bias was towards the 

automation. However, the trust preference was non-significant. Given this non-significant 

trust preference was towards the human despite higher automation pedigree perceptions, this 

shows weak support that in lower pedigree advisers there may still be a bias towards a human 

adviser compared to an automated adviser. To summarize the matched group trust 

preferences with consideration to pedigree manipulation checks: (1) the robustness of support 

for a human trust preference in high pedigree groups is modulated by the manipulation check 

results and (2) the robustness of support for no trust preference in low pedigree groups is 

modulated by the pedigree manipulation check results. However, additional experiments 

would be required to make claims about the statistical significance of these summaries. 

Trust preferences between advisers of different source types 

Results from this experiment indicate that pedigree perceptions in decision aids are an 

important trait in the formation of trust in the decision aids. Overall, there was a trend 

towards trust preference in a human adviser over an automated adviser when pedigree was 

matched, showing that source type is a key influencer of trust. This general trust preference 

towards a human adviser is in line with findings by Pearson et al. (2016) and Merrit et al. 
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(2015), both of whom found support for a trust preference towards a human adviser. 

However, it should be noted that past experiments did not sufficiently control for pedigree, 

and this current experiment shows a specific case wherein the tendency for trust in a human 

adviser over an automated adviser is countered. The source type preference towards a human 

adviser was overpowered by pedigree in this experiment, specifically when pedigree was 

much higher in the automation than in the human adviser. In this condition, there was 

significantly more trust in the automation. 

In line with the past findings by Lerch et al. (1997), the current results suggest a 

preference towards the human adviser in a matched high pedigree context across human and 

automated advisers. However, our claim is somewhat limited due to the uneven pedigree 

perceptions that favored the human already. The Lerch et al. (1997) study did not closely 

examine the matched low pedigree between automated and human advisers. The current 

study looked at two low pedigree advisers and found that there was no significant difference 

in trust between the human or adviser when both advisers had low pedigree. However, there 

was a strong pedigree perception difference in favor of the automated adviser. This weakens 

the claim that there is no significant trust preference in low pedigree groups, given an already 

marginal preference towards the human. Further research with well-matched low pedigree 

advisers is necessary to validate this claim. 

Overall, in the context of the model by Madhavan and Wiegmann (2007b) that 

claimed that a general trust preference existed towards automation, our findings were counter 

to what they summarized in their paper. Results from this experiment indicated a general 
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preference for human advisers in a dual adviser situation. However, this general preference 

towards human advisers was reversed when automation pedigree far outweighed the human 

adviser’s pedigree. This is similar to findings by Merritt (2015) when manipulating adviser 

reliability, where they found a preference for human advisers compared to automated 

advisers in a dual adviser setting. However, they theorized that these findings were due to 

participants weighing automation errors more heavily because of violating the perfection 

automation schema (Dzindolet et al., 2003). Reliability was not manipulated in this study, so 

the existence of a trust preference towards humans compared to automation in a dual adviser 

setting could be related to another perceptual bias inherent in the setting outside of error 

perception bias across source types. 

Trust related to reliance 

 Trust preferences were significantly related to behavioral reliance: more trust 

preference in a specific adviser type predicted behavioral reliance on that adviser on target 

trials (H5). These findings support that trust is a valid construct as an attitude strongly related 

to behavioral reliance, when controlling for other variables such as confidence in one’s 

ability at the task. This is partially consistent with past research findings. Merritt et al. (2015) 

found that trust was only predictive of the first half of their trial blocks, although their 

manipulation of reliability was most likely causing the modulation of trust’s prediction of 

reliance. Pearson et al. (2016) found that trust measures were not significantly predictive of 

reliance. However, that map task was more closely based on work by Lyons and Stokes 

(2012 and did not randomize the actual route recommended by each adviser. Therefore, some 
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reliance in that task may have been related to artifacts of specific route choices. This study 

made all routes equally viable and randomized which route was recommended by each 

adviser to more clearly delineate trust and reliance without behavioral artifacts based on the 

stimuli. The results from this study are not in line with the findings of Lyons and Stokes 

(2012), who found a trend towards reliance in automation over a human. However, they were 

not able to directly measure reliance on automation, so it could only be inferred from less 

reliance on a human adviser.  

 Removing any unintentional pedigree confounds allowed for a clearer assessment of 

trust across source type, and randomizing any map artifacts allowed us to assess reliance 

without stimuli specific confounds. Ultimately, the significant prediction of reliance from 

trust preference supports the importance of understanding trust. Trust on its own is mainly 

valuable in its ability to predict behavioral outcomes. These experimental results showed that 

one could reasonably predict reliance between conflicting decision aids by assessing pre-

existing self-reported trust measures. 

Limitations and future work 

 Much like existing literature examining dual source type adviser contexts, we only 

studied trust in different source types through digital media (text and audio in this case). This 

allowed for a tight control of perceptions of the adviser stimuli. However, social biases are 

likely to exist with physical proximity to a human. Research is certainly needed to examine 

how a physically present human changes trust perceptions and reliance behaviors in a dual-

adviser decision-making task. 



33 

 

 

 

 

 While this study set out to clearly show how source type and pedigree are related, the 

model by Madhavan and Wiegmann (2007b) includes reliability as another key DSS surface 

feature. Their empirical study (Madhavan & Wiegmann, 2007a) explored how all three 

surface features of DSS are related across single adviser situations. Therefore, future research 

based on our findings and those of earlier studies (Lyons & Stokes, 2012; Merrit et al., 2015: 

Pearson et al., 2016) should incorporate all three critical DSS surface features into a single 

study examining decision aid trust in the dual adviser context. 

CONCLUSION 

 In a situation with conflicting human and automated advisers, we found support for a 

source type bias in trust towards the human adviser. However, when levels of pedigree are 

uneven with far higher pedigree in the automated adviser, this source type bias on trust 

towards the human was superseded by the pedigree perceptions. These findings of how 

source type and pedigree affect trust levels between advisers are critical because trust 

preferences were predictive of behavioral reliance outcomes a decision-making task. This 

could inform the design of socio-technical systems where a human operator may receive 

conflicting input. These findings are important to understand biases in any task where a 

human operator could receive conflicting input from human and automated decisions aids.  
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Item 1. Instructions for participants 

“You will be performing as the leader of a series of military vehicle convoys. Your mission 

is to deliver critical supplies to nearby locations.  Your task will be to select the best delivery 

route in each of the 8 scenarios.  

You will be shown 8 maps displaying three delivery routes. Each map will identify the 

location(s) of past IEDs (Improvised Explosive Devices), as well as areas of insurgent 

activity. 

You will also receive a recommended route choice from a human and/or automated decision 

aid that has reviewed the exact same information as you.   

Once both advisers have finished giving their route choice recommendations, you will have 

the option to move forward to the route selection page. At 60 seconds, you will be 

automatically forwarded to the route selection page. 

Before beginning the task, please click 'Next' to read about potential advisers that will aid 

your task.” 
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Item 2. Adviser profiles 

 High prestige Low prestige 

Human 

decision 

aid 

Dr. Thomas Johnston is a US Army 

captain.  He graduated with a 

bachelor's degree in engineering 

from Westpoint and a master of 

science degree in information 

sciences from MIT. Since finishing 

his education, Dr. Johnston has 

worked as an intelligence officer 

for 6 years. Dr. Johnston has a deep 

understanding of modern US 

military convoy capabilities, as 

well as current tactics used against 

the US by enemy forces. Dr. 

Johnston was recently appointed as 

the head of convoy logistics 

instruction at Fort Lee, Virginia. 

John Thompson is a private in the 

US army. In his first year in the 

army, he has just begun to learn 

about the factors involved in military 

convoy operations. John Thompson 

has a partial understanding of current 

US military convoy tactics. 

However, he does not have any 

understanding of enemy 

countermeasures. He has not yet led 

a convoy in the field. 

Automation 

decision 

aid 

The Intelligent Route Choice (IRT) 

Program was created by computer 

scientists at MIT in 2004. It has a 

series of risk-calculating decision 

models capable of analyzing the 

best possible route using up-to-date 

enemy activity data and current 

satellite maps. The IRC Program 

possesses a vast amount of 

historical data to use in its 

situational analyses. Reviewed by 

many military computer scientists, 

the IRC is known to be an 

invaluable tool in military convoy 

operations in real world situations. 

The Route Suggestion Program (RS) 

was created by researchers at 

Roxbury Community College in 

2014 to assess military convoy route 

characteristics. The RS Program is at 

an experimental phase in its 

development process, going through 

early alpha stage testing. The RS 

Program possesses a limited set of 

past convoy data and uses unreliable 

algorithms to make 

recommendations. The RS Program 

is being considered by a military unit 

in the Middle East for a limited field 

test. 
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Item 3. Prototype of a map scenario interface 
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Item 4. Variables related to ANOVA trust analyses 

Descriptive statistics of continuous variables in trust analyses. 

Variables N Mean SD Variance Skewness Kurtosis 

Trust in human 200 3.9033 .94301 .889 -.807 .137 

Trust in automation 200 3.6258 .97777 .956 -.384 -.410 

Trust difference 

score 
200 .2775 1.34908 1.820 -.124 .952 

Note. Trust scores range from 1-5, 5 indicating the most trust in the adviser. The trust 

difference score has a range of -4 to 4. Positive values indicate preference in the human, and 

negative values indicate preference in the automation. 
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Item 5. Variables related to ANOVA pedigree manipulation check analyses 

Descriptive statistics of continuous variables in pedigree analyses. 

Variables N Mean SD Variance Skewness Kurtosis 

Automation pedigree raw score 200 3.4610 1.13973 1.299 -.519 -.679 

Human pedigree raw score 200 3.4460 1.28505 1.651 -.355 -1.183 

Pedigree difference score 200 -.0150 1.65799 2.749 -.159 .206 

Note. Pedigree raw scores range from 1-5, 5 indicating the highest pedigree perception in the 

adviser. The pedigree difference score has a range of -4 to 4. Positive values indicate higher 

pedigree perceptions in the human, and negative values indicate higher pedigree perceptions 

in the automation. 

 

  

 


