
 

THESIS 

 

 

 

WEATHER FORECASTING AUTOMATION ERROR TYPE, RELIABILITY, AND 

TRANSPARENCY AFFECT USE AND CORRESPONDING ATTITUDES 

 

Submitted by 

Haley L. Short 

Department of Psychology 

 

In partial fulfillment of the requirements  

For the Degree of Master of Science 

Colorado State University  

Fort Collins, Colorado  

Spring 2026 

 

Master’s Committee 

 Advisor: Jessica Witt 

 Co-Advisor: Christopher Wickens 

 

 Nathaniel Blanchard 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright by Haley Lexis Short 2026 

All Rights Reserved 

 

 

 

 

 

 

 

 

 

  



 

 

ii 

ABSTRACT 

 

 

 

WEATHER FORECASTING AUTOMATION ERROR TYPE, RELIABILITY, AND 

TRANSPARENCY AFFECT USE AND CORRESPONDING ATTITUDES 

 

 

 

In two experiments, 208 and 163 participants completed a series of trials in which they were to 

decide if a school should remain open or close due to expected snowfall. These experiments 

differed in type of error that automation made (errors due to the challenge of predicting a noisy 

environment in Experient 1 and errors due to algorithm miscalculations in Experient 2). 

Participants were given a weather forecast automation prediction of snowfall whose predictions 

were either 70% or 90% reliable and were either accompanied by raw data (transparency) or not. 

Participants self-reported trust, and outcome measures of dependence and accuracy were also 

recorded. Overall, participants reported high trust of weather forecasts, regardless of the presence 

of transparency or level of reliability. Increasing reliability increased trust, dependence, and 

accuracy. We found trends that transparency is most helpful at lower reliability and that 

participants do not tend to depend on highly reliable automation as much as they should. Further, 

there are implications regarding the amount of uncertainty with a prediction decision by the user 

that automation does not account for regarding decision making. 
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WEATHER FORECASTING AUTOMATION ERROR TYPE, RELIABILITY, AND 

TRANSPARENCY AFFECT USE AND CORRESPONDING ATTITUDES 

Over the past few decades, there has been an increased use of day-to-day automation. 

Weather forecasting, healthcare, and even food services are also beginning to utilize automation 

more, when automation is defined as completing tasks that used to be completed by humans 

(Parasuraman & Riley, 1997). It is becoming more pertinent that users of automation use it 

effectively. Typically, automation is used when it can operate better than a human can without 

the aid of automation (Wickens et al., 2023). It seems, however, that people are unsure how to 

utilize automation most effectively, either by depending on it too much or too little 

(Wischnewski et al., 2023). To facilitate teamwork between the user and automation, it is 

imperative that the user trusts and uses the system based on how effective it is (Wischnewski et 

al., 2023).  

Automated weather models are often applied by weather forecasting services. Individuals 

may consult the weather app on their phone or the internet to determine what clothes they should 

wear that day, or if they will be able to drive to work due to expected snowfall. School age 

children might consult the weather app to determine if they will get a “snow day” the following 

day. Decisions related to weather forecasting are made with many factors in mind, but 

automation can help simplify this decision. To decide whether to close a school, weather 

forecasting automation can pool factors with increased reliability and efficiency to help humans 

make critical decisions. Weather-related mortality in the context of driving on icy roads or 

hurricane warnings could potentially be mitigated by improved communication of risk to the 

public or better calibration of user’s trust in the automation (Losee & Joslyn, 2018; Elder et al., 

2007). 
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 Users can be influenced by two components of automation: its performance (reliability) 

and the display of its inner workings (automation transparency). We explored human interaction 

with automation (measured by trust in automation, dependence on automation, and performance 

with automation in the context of a weather-related decision (modeled from Burgeno & Joslyn, 

2020). The task in the current experiment required participants to decide whether to close a 

school due to forecasted snowfall. The school was to be closed if snowfall exceeded 6 inches.  

Automation Reliability 

Automation reliability is defined in terms of how often the automated system errs. When 

predicting an uncertain future, automation errors will happen, so reliability is unlikely to be 

100% for any given system (Sargent et al., 2023). It is expected that weather systems will err at 

times because of the nature of predicting a noisy environment (Sanchez et al., 2014). A system 

with a higher reliability rating corresponds with an improved relationship between the system 

and the user (Hancock et al., 2011), until a system may be so reliable that an individual is unable 

to respond quickly or sufficiently when the automation fails, because of overdependence on the 

system (Parasuraman & Riley, 1997). Furthermore, increasing reliability typically produces 

increased performance, trust, and dependence on the system (Pharmer et al., 2021; Holthausen & 

Walker, 2022; Wickens et al., 2023; Patton & Wickens, 2024). An individual should trust an 

automation system at a rate that is proportional to the reliability of the system. This 

proportionality is defined as optimal trust calibration. 

It is crucial to highlight the context within which an automation error may occur and the 

type of error. Errors may be plausible and subsequently more forgivable (such as there being 4 

inches of rain when only 3 inches were forecasted), or they may be catastrophic (such as when a 

hurricane hits harder or in a different location than expected). In application to the current 
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experiment, 2 inches might have been predicted when 8 inches fell. Therefore, different types of 

automation errors can have different effects on the human automation team. In the current 

experiment, automation can make an error that does not influence the decision made based on an 

automation diagnosis. For example, in a scenario for which 6 inches of snow occurred after only 

4 inches were predicted.  The deviation may have little significance.  But in some situations, this 

deviation between the outcome and the forecasted value could be consequential.  As an example, 

in the school closure task devised by Burgeno & Joslyn (2020), schools should be closed if 6 or 

more inches of snow occur.  In this case, a deviation of 2 inches means the user is likely to keep 

the schools open based on the forecast of 4 inches, but the outcome of 6 inches means the 

schools should be closed.  Instead, if the forecast was 3 inches but the outcome was 5 inches, the 

deviation is still 2-inches but the difference does not cross the decision threshold.  For both 3 

inches and 5 inches the schools should remain open, so the automation error has little 

consequence.   

In terms of Signal Detection Theory, an automation error is classified as when the 

automation predicts an amount of precipitation that causes the incorrect decision to be made 

regarding school closure, (see Table 1) either a miss or a false alarm.   

Table 1  

Signal Detection Theory Matrix for the current experiment regarding when automation makes an 
error.  
 Outcome states that the 

school should have been 
closed 

Outcome states that the 
school should have remained 
open 

Prediction denotes that the 
school should be closed 

Hit  False alarm  

Prediction denotes that the 
school should remain open 

Miss  Correct rejection  

Automation Transparency  
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 Automation transparency may be defined as the information that provides the user with a 

better mental understanding of what the automation is doing and its reasons for doing it (Sargent 

et al., 2023). In a meta-analysis of effect sizes, Sargent et al. (2023), reported that introducing 

transparency or increasing its level significantly increased trust (0.81) and dependence on 

automation (0.45). Transparency also decreased error rate (-.99). Furthermore, dichotomized 

effect sizes were reported for routine tasks compared to failure recovery, when automation fails. 

Trust increased by increasing transparency significantly for both routine tasks (0.72) and failure 

recovery (1.12). Dependence also increased for both routine tasks (0.22) and failure recovery 

(0.92) with transparency. The error rate also significantly decreased with transparency for both 

routine tasks (-1.02) and failure recovery (-0.44). A meta-analysis by Schemmer and colleagues 

(2022) also found that AI explanations of decision-making improve performance of the user.  

A literature review by Van de Merwe et al. (2022) found that while transparency 

improved performance overall, more transparency did not necessarily equate to better 

performance. Specifically, when performance was quantified as accuracy, some studies did not 

report better accuracy with increased automation transparency, (Guznov et al., 2020; Patton et 

al., 2023; Pharmer et al., 2025; Roth et al., 2020; Wright et al., 2020), though no studies reported 

a statistical decrease in accuracy with increased automation transparency.  

Automation transparency may be presented in multiple different forms, such as by 

explaining to the user how the system works, providing a self-assessed confidence rating of the 

automation prediction, or by providing raw data that the system used to derive its model (Sargent 

et al., 2023). Many experiments that manipulated transparency provided additional information 

that the automation is using to compute its model, depending on the context of the automation 

task. Others provided communication to the user from the automation about information that 
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may be missing. Other transparency studies used mixed forms of transparency and manipulate 

the levels of transparency rather than transparency being present or not (Van de Merwe et al., 

2022).  One study found that trust increased most when transparency not only explained how an 

automated system would react, but why that reaction was decided (Zhang et al., 2025). It seems 

that transparency is most effective when it provides insight as to why a decision was made or 

advised by automation (Luo et al., 2022).  

Types of Automation Errors 

In addition to the magnitude of the automation error discussed above, automation may err 

for different reasons. In Experiment 1, the assumption is that automation makes errors due to the 

challenge of predicting a noisy environment. Therefore, the transparency that accompanies the 

automation matches the prediction of the automation. In other instances, transparency might 

indicate errors in the algorithm of the automation by displaying raw data that is misaligned with 

the display of the automation. In this case, users of automation could detect automation errors by 

the increased understanding that the raw data of the transparency provides.  

The type of error that automation commits could have varying implications for how users 

interact with automation following its failure. For instance, failures due to a noisy environment 

may be more forgivable for users and not influence their trust in automation, whereas algorithmic 

errors may significantly decrease the foundational trust that users have with the system. One 

purpose of automation transparency is to allow users to view raw data associated with 

automation’s predictions and note that automation is making an error, then react or correct 

accordingly (Sargent et al., 2023). 

The difference in Experiment 1 and Experiment 2 models the algorithmic type of error to 

be made by weather forecasting but can be applied to other types of automation. For instance, 
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self-driving cars utilize automation transparency, but the user can also utilize their own form of 

automation transparency by looking at the road ahead of them and ignoring the display of the car 

to determine if they want to follow the guidelines of automation.  

Trust and Dependence in Automation 

 Trust and dependence are conceptually related but function differently within the 

context of automation. Dependence is typically related to trust, as the attitude of trust that one 

has for a given automation system corresponds with how much they will depend on the 

automation system. That is, if one trusts an automation system a lot, they will likely be highly 

dependent on the system and vice versa (Endsley, 2017; Patton & Wickens, 2024; Sargent et al., 

2023). In a study by Joslyn & LeClerc (2012) participants were assigned a road salting task that 

was based on the forecast of overnight low temperatures. Participants reported significantly 

higher trust in more reliable conditions as compared to less reliable conditions and were able to 

properly take action. In another experiment, participants rated higher competence and 

trustworthiness in reliable or accurate financial analysts and were more likely to continue 

purchasing reports from them, that is, increasing their dependence (Kadous et al., 2009). In a 

third study, when mammography patients were asked to imagine being given an initial false 

positive breast cancer report, they indicated that this would yield decreased trust and delay of 

future use of mammography test, that is, decreased dependence (Kahn & Luce, 2003). Burgeno 

& Joslyn (2020) found that users trusted inaccurate or unreliable weather forecasts less than 

accurate or reliable weather forecasts. These studies demonstrate that trust and dependence are 

related to one another and to reliability in multiple contexts.  

There are some additional factors that may improve trust aside from system reliability. 

According to a study by Losee & Joslyn (2018), severity, consistency, expectation of harm, and 
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familiarity influenced trust specifically in weather forecasts. Furthermore, some individuals are 

simply more trusting as a baseline and are more likely to be trusting of automation (Hoff & 

Bashir, 2015).  

However, trust and dependence do not always increase at the same rate. In a meta-

analysis, Patton & Wickens (2024) found that increasing reliability increased trust by an effect 

about twice as large as the increase in dependence (Davenport & Bustamante, 2010; Merritt & 

Ilgen, 2008; Wickens et al., 2020). Therefore, trust and dependence, though related, should be 

measured separately.  

 Furthermore, Ku and colleagues (2025) found evidence that the relationship between trust 

and dependence could be moderated by workload. Trust predicts dependence more significantly 

when workload is low and less when workload is high. Thus, trust may be a worse predictor of 

dependence for a more complex task than for a simpler task.  

Dependence on automation is a behavioral measure of how frequently a person uses 

automation when it is available (Patton, 2023). A high level of dependence on an automation 

system decreases performance quality and speed if the automation fails (Sargent et al., 2023). In 

correspondence, over-trust can lead to no reaction or a delayed reaction in the context of 

automation errors (Kunze et al., 2018). Both of these effects illustrate automation bias.  

 As explained by Parasuraman & Riley (1997), there are different types of automation bias 

and reasons that these types of biases may occur, such as decision biases, use of decision-making 

heuristics, lack of feedback, or lack of monitoring automation. Automation bias or misuse can be 

found with high levels of dependence by the user. Since the implementation of automation 

transparency increases monitoring and can provide feedback for the user. Therefore, we would 

predict that transparency could decrease automation bias if implemented and attended to. 
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If a user has no trust in automation system, they will not use the automation (Lee & See, 

2004; Hoff & Bashir, 2015). However, the goal of automation use is to reach a level of trust that 

is calibrated to the reliability of the system. Users trust a low-reliability system less than optimal, 

even if the reliability of the system increases over time (Rittenberg et al., 2024). In the context of 

weather, users that have limited trust in automation may not use it. For large-scale weather 

events, this could cause people to disregard evacuation orders.  

Performance and Automation 

  Human performance as part of the human automation team is dependent on the ability of 

the human to use an automated system and the reliability of the system (Korbalich et al., 2018). 

It is also true that performance with automation varies widely from person to person (Eriksson & 

Stanton, 2017; Xu et al., 2007). Additionally, multiple studies have found that human 

performance often falls at or lower than the reliability of automation, but that the automation and 

human working together perform better than the human without any automation (Boskemper et 

al., 2022, Bartlett & McCarley, 2017, 2019, 2021, 2022; Munoz Gomez Andrade et al., 2025). 

These experiments were conducted utilizing different tasks with some variation in performance, 

but these trends remain consistent. Especially at high reliability, users of automation perform 

worse than the automation alone, a term referred to as ironic efficiency (Bartlett & McCarley, 

2021) because as reliability of automation decreases, users perform as well as automation. This 

means that users of automation depend on it less when it is more reliable.  

Automation Transparency and Reliability 

 Few prior studies have investigated the relationship between reliability and transparency, 

in particular with dependent variables of trust, dependence, or performance. Hussein et al (2020) 

manipulated reliability at 70% and 90% and transparency being present or not in a simulated UV 
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task. They found that higher reliability increased performance, dependence, and trust of the 

automation. They also found that transparency increased trust and performance. They found no 

interaction between reliability and transparency on any outcome measure. Wright et al. (2020) 

manipulated reliability at 67% and 100% and transparency being present or not where 

participants monitored a dismounted soldier team with the help of automation providing advice. 

They found no interactions with outcome variables and that trust increased with increased 

reliability. Gegoff et al. (2024) had participants complete UV missions with the help of 

recommended advice that varied in reliability (65% or 90%) and transparency levels being 

medium or high. They found an interaction between transparency and reliability, such that 

transparency mitigated the diminishing effect of reliability on trust. They found that increased 

reliability corresponded with higher rates of accuracy and trust. Additionally, increased 

transparency led to higher accuracy rates and lower rates of automation disuse for low reliability, 

but not high reliability. Finally, Kaltenbach and Dolgov (2017) manipulated reliability (65% or 

95%) and transparency (one line or multiple lines of text of what was happening in the system) 

for a coffee manufacturing task. They found that transparency interacted with reliability for trust, 

that transparency amplified the effect of reliability on trust. They also did not find that trust 

increased by increased reliability. More recently, in an unpublished study, the current authors 

found that automation transparency mitigated the increasing effect of reliability on trust and 

dependence.  

 Two studies have found an interaction between reliability and transparency. The 

Kaltenbach and Dolgov (2017) study was not peer reviewed and was published as a proceeding 

for the Human Factors annual meeting, but the Gegoff et al. (2024) study was peer reviewed and 
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published in the Human Factors journal. Therefore, the findings from the latter mentioned 

experiment are those hypothesized for the current experiment.  

Foundation for the Present Study 

 Burgeno & Joslyn (2020) conducted a series of experiments in which they instructed 

participants to use a series of weather predictions to determine if a school should be closed due 

to snowfall. Burgeno & Joslyn (2020) manipulated the accuracy of the forecasts and their 

consistency across time. They found that inaccurate forecasts yielded decreased user trust.  

 In the current experiment, participants completed a similar task. However, automation 

reliability (i.e. its accuracy) and the presence of automation transparency were jointly 

manipulated. Prior research has established that reliability increases user trust, dependence, and 

performance. Furthermore, the current experiment examined the influence of automation 

transparency in the trust and dependence calibration process in the context of a weather-based 

task. It was expected that there would be an interaction effect of reliability and transparency on 

trust and dependence. Based on the findings of Gegoff et al. (2024), we expected to find that 

transparency reduced the diminished effect of low reliability on trust and dependence.  

Hypotheses 

• H1: Participants will have increased trust, dependence, and performance as automation 

reliability increases.  

• H2: The implementation of transparency will yield increased trust and dependence. 

• H3: The presence of transparency will reduce the effect of reliability on trust and 

dependence. 

• H4: The performance of the human automation team will be worse than the performance 

of the automation, especially at high reliability.  
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• We expect to find differences in trust, dependence, and performance when comparing the 

results of Experiment 1 to those of Experiment 2, addressed in the General Discussion. 

o A. Participants will trust automation transparency predictions more in Experiment 

2 (than in Experiment 1) because the transparency in Experiment 2 allows 

participants to detect automation errors.  

o B. Participants will depend on automation with transparency less in Experiment 2 

(compared to Experiment 1) because they will find that the automation 

transparency is not aligned with the forecasted weather predictions.  

o C. Participants will be more accurate with transparency in Experiment (compared 

to Experiment 1) because they will be able to determine when a forecasted 

prediction will result in an error.  

EXPERIMENT 1 

Method 

Participants 

 In total, 208 students completed the survey for the current experiment in exchange for 

course credit. Of the participants, 79% identified as female, 19% identified as male, and 2% 

identified as non-binary. The participants had an age range of 18-42 years, with an average age 

of 19.  

Task  

In the current experiment, participants were asked to provide decision advice to a 

hypothetical school regarding whether they should stay open or close due to an upcoming 

snowstorm. They were told that they should close the school if snowfall is 6 inches or more and 

remain open if snowfall is less than 6 inches. Several factors are considered when schools make 
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the decision to close or remain open, but in this task, the decision was based on forecasted snow 

accumulation alone. Participants were provided with a prediction for snowfall on Tuesday and 

asked if they would advise the school to close on Wednesday. They were asked to self-report 

how much they trusted the weather forecast prediction on each trial after receiving the predicted 

snowfall (before deciding to remain open or close the school, trust1) and after reviewing the 

outcome snowfall (after deciding to remain open or close the school, trust2). The former is 

referred to as trust1 and the latter is referred to as trust2.  

Design 

The experiment was comprised of four total blocks, but each participant only completed 

two blocks total. The four blocks were based on a two (reliability 70% or 90%) by two 

(transparency, present or absent) design. Each block utilized a different fictitious weather 

forecasting service (such as “Weather Now”) so that the blocks would be independent of each 

other. At the end of each block, participants were asked how much they trusted the fictional 

weather forecaster with the same self-reported scale used during the trials (final trust). The 

effects of imperfect reliability on trust were expected to be cumulative over trials, so final trust at 

the end of each block more clearly represents overall trust of a weather forecaster by participants.  

Each block contained 10 trials, with 20 trials in total completed by each participant. Of 

the 10 trials in a given block, 7 predicted values of snowfall that were close to the threshold, but 

3 were either low predictions of snowfall or high predictions. The high or low predictions may 

have erred by a 1-inch discrepancy but did not cross the decision threshold (the school should be 

closed at 6 inches of snowfall or more). One example of this is the fifth trial in the first block is 

shown in Table 2. In the case of these trials, there was an error of diagnosis, but not an error of 

decision recommendation by the automation. Therefore, these trials would be classified as a hit 
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or correct rejection (see Table 1 above for Signal Detection Theory Matrix). The experimental 

trials that were the false alarm and the miss were unreliable because they provided a prediction 

that would lead participants to close the school when it should have remained open (false alarm) 

and remain open (miss) when they should have closed the school, respectively. There was a 2-

inch discrepancy across the decision threshold in these automation error trials. Automation had a 

reliability rating of either 70% or 90%. In other words, following the predictions provided by the 

weather forecasters would result in a correct decision 70% and 90% of the time, respectively. 

With the signal detection theory framework, our focus is on the accuracy of decisions and not the 

specific amount of snow that occurred. 

The stimuli used for predictions and outcomes for each trial are shown in Table 2. The 

order of trials within a block was the same for all participants, but the order that blocks appeared 

for participants was counterbalanced, meaning participants were assigned to either the 70% or 

90% reliability group and whether they received the transparency or non-transparency block first 

was randomized.  

Table 2  

This table presents all the stimuli for Experiment 1. It includes trial numbers, predicted snowfall, 
outcome snowfall, the weather forecaster, block, and trial type.  

Trial 

Number 

Within 

Block 

Predicted 

Snowfall 

Observed 

Snowfall 

Weather 

Forecaster 
Block Trial Type 

1 2 2 TruWeather 

90% Reliable  

No 

Transparency 

Correct 

Rejection 

2 6 4     False Alarm 

3 5 5     
Correct 

Rejection 

4 6 6     Hit 

5 1 2     
Correct 

Rejection 
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6 4 4     
Correct 

Rejection 

7 8 8     Hit 

8 7 7     Hit 

9 4 4     
Correct 

Rejection 

10 7 7     Hit 

1 7 7 WeatherNow 

70% Reliable,  

No 

Transparency 

Hit 

2 9 8     Hit 

3 6 4     False Alarm 

4 5 5     
Correct 

Rejection 

5 4 6     Miss 

6 1 2     
Correct 

Rejection 

7 4 6     Miss 

8 5 5     
Correct 

Rejection 

9 9 9     Hit 

10 7 7     Hit 

1 5 5 Weather Direct 
90% Reliable,  

Transparency 

Correct 

Rejection 

2 8 8     Hit 

3 2 2     
Correct 

Rejection 

4 5 5     
Correct 

Rejection 

5 4 6     Miss 

6 7 7     Hit 

7 6 6     Hit 

8 4 4     
Correct 

Rejection 

9 2 1     
Correct 

Rejection 

10 6 6 
The Weather 

Company 

70% Reliable,  

Transparency 
Hit 

1 5 5     
Correct 

Rejection 

2 1 1     
Correct 

Rejection 

3 9 8     Hit 

4 6 4     False Alarm 

5 7 7     Hit 
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6 5 7     Miss 

7 8 9     Hit 

8 6 6     Hit 

9 7 5     False Alarm 

10 4 4     
Correct 

Rejection 

Reliability was defined by the proportion of times that the automation made an error. In 

this case, an error is represented by a two-inch difference between the prediction and the 

outcome that, critically, crosses the decision threshold of 6 inches. For instance, in the error of 

diagnosis trials of the imperfectly reliable blocks, the prediction may have been 2 inches, and the 

outcome may have been 3 inches of snowfall. Although this prediction errs in the exact amount 

of snowfall, the decision threshold is not crossed, so the trial is still classified as a correct 

rejection.  

Automation transparency was manipulated by displaying the raw data (see Figures 1 and 

2) that was presented along with the prediction estimate by the fictitious weather prediction 

system. In the blocks with automation transparency, participants were provided with a key that 

informed them what the icons represented in the raw data meant (see Figure 1). Raw data 

represents information that the weather forecaster used to formulate their prediction of snowfall 

based on factors that are used in weather forecasting. Participants were informed that there were 

four key pieces of information that the system considered when making its prediction of 

snowfall. They were not given a reliability rating for the weather forecaster, they were instead 

asked to determine on their own how much trust they should have in the predictions provided. It 

was assumed that participants would calibrate to the reliability of the automation as they 

progressed through the sequence of trials in a block as they experienced forecast errors. 

Participants were able to refer to the key at any point as they examined the map given to them for 

each trial.  
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Figure 1 

In the blocks with transparency, participants were provided with this key that indicated what the 
icons on the map meant.  

 

 

 

 

 

 

 

Figure 2 

Example of raw data output for transparency block. This arrangement of icons represents 6 
inches of snowfall.  

The raw data were represented through a series of dichotomous presented icons that 

represented components of weather forecasting. These were temperature, humidity, and 
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barometric pressure. These elements were presented as indicating that the amount of snowfall 

would be heavier or lighter, which was demonstrated by the color of the icons. If the temperature 

was low, humidity high, or barometric pressure low, that icon would present in red. If the 

temperature was high, humidity low, or barometric pressure low, the corresponding icon would 

be black. Red icons indicated more evidence for heavy snowfall and black icons indicated more 

evidence for light snowfall. Additionally, a map was provided which showed the location of the 

school, location of the storm, and current wind direction. The fourth cue is whether the storm 

will hit the school the next day based on the current wind direction relative to the location of the 

school. The graphics that represented the raw data were created on the basis that the greater 

number of the four components pointing towards more snowfall increased the likelihood of 

larger amounts of snowfall. Participants were informed that there were four components 

considered by the weather forecast automation to make their decision. If one of the four 

components indicated that snow was likely, the predicted snowfall was 2-4 inches. If four out of 

four components indicated that snow was likely, the prediction would be 8 inches of snowfall 

(see Table 3). Participants were not told this about the cues; however, this is how the 

transparency stimuli were generated.  

Table 3  

Indication of stimuli generation for transparency trials.  
Number of cues indicating heavy snowfall 1 2 3 4 

Predicted snowfall 2-4 inches 4-6 inches 6-8 inches 8-10 inches 

Procedure 

 The survey for the experiment was administered online through Qualtrics. First, 

participants were provided with a description of what they would be doing in the experiment (see 

Figure 3). Next, in the introduction block, participants were asked to go through two practice 

trials with additional instructions to familiarize themselves with the trials. The first practice trial 
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was representative of a trial with no transparency, and the second practice trial was 

representative of a trial with transparency. Both practice trials were representative of a trial from 

a reliable block.  

 Figure 3  

The instructions that participants were presented at the beginning of the experiment.  
Each trial consisted of three screens viewed sequentially. In a trial without transparency, 

one the first screen, participants were provided with a prediction of snowfall from a fictitious 

weather forecaster on Tuesday for Wednesday (for example: “TruWeather predicts 2 inches of 
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snow on Wednesday”). On the same page, participants were asked, “How much do you trust 

Tuesday’s forecast?”. This was recorded using a drop-down menu with 6 option choices of “Not 

at all”, “A little”, “Somewhat”, “Quite a bit”, “Very much”, and “Completely”. Every time that 

participants reported trust ratings, the same drop-down menu was used. This measure is 

described as “trust1” 

In a trial with automation transparency, on the first screen, participants were provided 

with a weather forecast prediction, along with a key and graphic with raw data to give additional 

insight into the reasons that the weather forecaster made the prediction that it did. The rest of the 

parts of the trial were the same for transparency and non-transparency trials. 

 On screen two, participants were reminded of the weather forecast prediction on Tuesday 

for Wednesday. Then, they were presented with the option to make the decision to close the 

school or remain open. Participants were asked “Do you want to close the school tomorrow?” 

Below this question were the answer options as follows “Close (I think the snow accumulation 

will be 6 inches or above)” and “Remain open (I think the snow accumulation will be less than 6 

inches)”. In this decision question, participants were able to choose if they wanted to close the 

school or remain open, regardless of what the prediction indicated. Therefore, they could have 

chosen to act in accordance with the forecasted predictions or opposite them.  

After participants selected a decision regarding keeping the school open or closing the 

school, on screen three, they were informed that the school followed their advice and provided 

with the observed snow accumulation that would have been available on Wednesday morning. 

Participants also saw a note about if the automation was incorrect or not, for example, “Since 

WeatherNow predicted 7 inches of snow and 7 inches of snow were observed, WeatherNow 

made a prediction that corresponded with the correct decision” for an automation correct trial; 
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alternatively “Since WeatherNow predicted 4 inches of snow and 6 inches of snow were 

observed, WeatherNow made a prediction that may have resulted in the incorrect decision” for an 

automation incorrect trial, if they followed the automation’s advice. Then, participants were 

asked how much they trusted the weather forecast automation’s prediction to help them make 

their decision with the same drop-down menu described earlier. This measure of trust is referred 

to as “trust2”. This third screen concludes what participants saw for a single trial.  

It was expected that at the beginning of a trial, participants have no expectations of the 

reliability of a weather forecaster’s predictions. However, as participants progressed through the 

trials in a block, their trust rating of a weather forecaster may have increased or decreased as they 

got a sense of how much they should have trusted the forecaster’s predictions.  

At the end of each block, participants were asked how much they trusted the weather 

forecaster’s predictions overall. They selected their response using the same drop-down menu 

described earlier. This rating, referred to as “final trust” was presented after participants have 

received all relevant information regarding how trustworthy the weather forecaster is. This rating 

is their final determination of how much they trusted the predictions of each weather forecaster. 

Participants were informed that the next block would utilize a different weather forecaster.  

After completing the experimental blocks, participants completed four additional 

qualitative questions about their experience in the experiment. They were asked (1) which type 

of forecast they preferred and (2) which type of forecast they found more accurate. They were 

also asked about the (3) proportion of errors they remember the weather forecast predictions to 

have made, and (4) if they found the additional information presented to them (transparency) to 

be helpful. (5) Participants also self-reported how often they typically trust weather forecasts. 

Lastly, participants reported demographic questions, such as their gender and age. Then, 
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participants were directed to a link where they could get course credit for completing the 

experiment. 

Results 

 Of the 209 participants who completed the experiment, 202 were included due to the 

removal of 7 outliers. Participants were removed from the dataset if their subject-level accuracy 

rating was less than or equal to 50%, meaning their accuracy was equivalent to or worse than 

chance.  

 All analyses were done in R Studio, the packages that were used can be found in 

Appendix A. These analyses were conducted using linear and general mixed effects models, 

where the random effect was the subject due to the within-subjects nature of the experiment.  

Trust 

 Measures of trust are presented in Figures 4, 5, and 6. As described above, trust ratings 

were taken twice per trial and at the end of each block. Trust was self-reported using a drop-

down scale of 1-6. The first time that trust was measured for each trial (trust1) was after the 

prediction of snowfall was provided by the weather forecaster.  The second time that trust was 

measured for each trial (trust2) was after the participant was shown the outcome snowfall, and 

hence whether or not the forecast was in error. At the end of each block, participants were asked 

how much they trusted each weather forecaster overall (final trust). Measures of trust were 

computed using linear mixed effects models. The dependent measures were trust1, trust2, and 

final trust, respectively. The fixed effects were reliability, transparency, and their interaction. 

Trust1. To test if trust1 differed among conditions, we ran a linear mixed model. Ratings 

of trust1 followed an approximately normal distribution. We found that transparency increased 

trust1 (x = 0.39, t = 9.26, p < .001), no effect of reliability on trust1, (x = 0.01, t = 0.20, p =.84), 
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and a significant interaction between reliability and transparency (x = 0.17, t = 2.93, p = .003). 

The marginal R² value for the model was .04 and the conditional R² was .33.  

 Participants trusted the prediction of weather forecasters more when there was 

transparency versus when there was not transparency at both reliability levels.  

 

Figure 4   

Trust1 as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean trust1 rating.  

Trust2. To test if trust2 differed among conditions, we again ran a linear mixed model. 

Ratings of trust2 followed an approximately normal distribution. We found that transparency 

increased trust2 (x = 0.33, t = 7.10, p < .001), no effect of reliability on trust2, (x = 0.19, t = 1.82, 

p =.07), and no interaction between reliability and transparency (x = 0.07, t = 1.15, p = .25). The 

marginal R² value for the model was .03 and the conditional R² was .31.  
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 Participants trusted the weather forecasters more when there was transparency versus 

when there was not transparency. Though not quite significant, there seemed to be a trend that 

increasing reliability increased trust2.  

 

Figure 5   

Trust2 as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean trust2 rating.  

Final Trust. To test if final trust differed among conditions, we ran a linear mixed model. 

The dependent measure was final trust. The dependent measure was final trust. The fixed effects 

were reliability, transparency, and their interaction. The random effect was the subject, as the 

experiment was within subjects. Ratings of final trust followed an approximately normal 

distribution. We found no main effect of transparency (x = -0.09, t = -0.83, p = .41), that 

increasing reliability increased final trust, (x = 0.35, t = 2.52, p =.01), and no interaction between 
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reliability and transparency (x = 0.23, t = 1.47, p = .14). The marginal R² value for the model was 

.06 and the conditional R² was .41.  

 Participants reported higher final trust ratings with higher reliability. At 70% reliability 

and 90% reliability, there was no difference in final trust when transparency was present versus 

when it was not.   

 

Figure 6   

Final trust as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean final trust rating.  
Dependence  

 The measure of dependence is presented in Figure 7. The decision that aligned with the 

prediction was to decide to close the school if the prediction was 6 inches or more and to keep 
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the school open if the prediction was less than 6 inches. We ran a general linear mixed effects 

model. The dependent measure was dependence (coded as 0 when the decision was not aligned 

and as 1 when the decision was aligned with the prediction). The fixed effects were reliability, 

transparency, and their interaction. The random effect was the subject. There was no main effect 

of transparency (x = 0.03, z = 0.22, p = .82). Reliability increased dependence (x = 0.94, z = 5.57, 

p < .001). There was no significant interaction between reliability and transparency (x = -0.37, z 

= -1.88, p = .06). The marginal R² value for the model was .04 and the conditional R² was .14.  

As shown in Figure 7, as reliability increased, dependence increased. However, 

dependence increased slightly less with increasing reliability when transparency was present, 

though this p-value did not reach the cut-off of .05 for statistical significance.  
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Figure 7 

Dependence as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean dependence.  
Accuracy  

 The measure of accuracy is presented in Figure 8. Whereas dependence coded alignment 

between the decision and the automation prediction, accuracy coded alignment between the 

decision and the outcome (coded as 0 when the decision did not match the outcome and as 1 

when the decision matched the outcome).  

 A general linear mixed effects model was computed with participant’s mean accuracy per 

block as the dependent measure. The fixed effects were reliability, transparency, and their 

interaction. The random effect was the subject. Transparency decreased accuracy (x = -0.34, z = -

3.71, p < .001). Reliability increased accuracy (x = 1.01, z = 9.07, p < .001). There was no 
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significant interaction between reliability and transparency (x = -0.06, z = -0.42, p = .68). The 

marginal and conditional R² values for the model were .08 

 As reliability increased, accuracy also increased. When transparency was present, 

participants were less accurate. It is also important to note that when reliability was 90%, 

meaning the automation was 90% accurate, participants performed significantly worse than the 

automation in both the transparency and non-transparency conditions (visually represented by 

the 95% error bars in Figure 8). In the 70% reliability condition (automation had 70% accuracy), 

participants performed significantly worse than the automation with transparency, but not 

statistically different from the automation with no transparency.  
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Figure 8  

Accuracy as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean accuracy. The horizontal dashed line at the top represents the accuracy of the 
automation at 90% reliability. The lower horizontal dashed line represents the accuracy of the 
lower reliability system (70%).  
Distance from the Decision Threshold 

  We hypothesized that trust, dependence, and performance would increase as the 

deviation of the predicted amount of snowfall’s distance from the decision threshold of 6 inches 

increase. For example, given the decision threshold of 6 inches, one may trust a prediction of 9 

inches more than a prediction of 7 inches when it came to confidence that the school should be 

closed. Additionally, with a prediction of 7 inches, one may be more likely to make a decision 

that contradicts the automation or make the incorrect decision based on the outcome of snowfall. 

That is, people may make an underlying assumption that there is more uncertainty closer to the 
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decision threshold for the decision to make than for predictions that are further from the decision 

threshold.  

 For trust as a dependent measure, we ran a linear mixed model. For dependence and 

performance, we ran general mixed effects models. For each of these three models, the fixed 

effect was the absolute value of the difference between the forecasted snowfall and the decision 

threshold of 6 inches. The random effect was the subject for each model.  

 Measures of trust1, dependence, and performance compared to absolute value are shown 

in Figures 9, 10, and 11. As absolute value from the threshold increased, trust1 increased (x = 

0.08, t = 7.53, p < .001). As absolute value from the threshold increased, dependence also 

increased (x = 0.93, z = 1371, p < .001). There was also an increase in performance (x = 0.63, z = 

17.52, p < .001) as absolute value from the threshold increased. The marginal R² values for the 

models are .01, .31, and .19 respectively.  
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Figure 9 

Trust1 as a function of absolute value of prediction distance from the decision threshold. Shading 
represents 95% confidence intervals.  

 

Figure 10 

Dependence as a function of absolute value of prediction distance from the decision threshold. 
Shading represents 95% confidence intervals. 
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Figure 11 

Performance as a function of absolute value of prediction distance from the decision threshold. 
Shading represents 95% confidence intervals. 
Additional Survey Questions 

 There were five relevant questions asked at the end of the experiment. The intention with 

these questions was to gather further information about how participants made their decisions 

during the experiment.  

Question 1: You were presented with two different types of weather forecasts. One only gave you 

a snowfall prediction and the other provided a prediction and additional information (raw data). 

Which forecast type did you like better? 

 Question number one was forced choice multiple choice with the possible responses of: 

“the one that only gave the prediction”, “the one with additional information”, and “I liked them 

both equally”. The responses to this question are recorded in Table 4. Most participants preferred 

the transparency forecast type, regardless of reliability (78.11%). 
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Table 4   

Recorded responses to which forecast type participants preferred, separated by their assigned 
automation reliability.  
Reliability Preferred Forecast Type Number of participants 

70 Equal 9 

70 Prediction only 14 

70 Transparency 75 

90 Equal 9 

90 Prediction only 12 

90 Transparency 82 

Question 2: You were presented with two different types of weather forecasts. One only gave you 

a snowfall prediction and the other provided a prediction and additional information (raw data). 

Which type of forecast did you find made more accurate predictions? 

 Question number two was also forced choice with the possible responses of “the one that 

only gave the prediction”, “the one with additional information”, and “I liked them both 

equally”. The responses of which forecast was perceived as more accurate are recorded in table 

5. Most participants, regardless of automation reliability, perceived that the transparency forecast 

type was most accurate (54.73%). However, more participants in the 90% reliability condition 

correctly identified that both forecast types were equally accurate (31.07%, compared to 21.43% 

in the 70% reliability condition). 
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Table 5  

Recorded responses of which forecast type participants perceived as more accurate, separated by 
their assigned automation reliability.   
Reliability Most Accurate Forecast Type Number of participants 

70 Equal 21 

70 Prediction Only 22 

70 Transparency 55 

90 Equal 32 

90 Prediction Only 16 

90 Transparency 55 

Question 3: Overall, how often do you remember the forecasts making errors (making a 

prediction that corresponded with the incorrect decision)? Please report your response as a 

percentage or fraction. 

 Question three was a free response question. Though it was requested that participants 

report their answer in only a fraction or percentage, many participants did not follow directions. 

Upon further investigation of the dataset, participants who did not provide a numerical response 

were recorded as “non-answer” (n = 28). Some participants also provided a range, instead of a 

single value. For these participants, the midpoint of the range was used so that responses were 

comparable to one another. Participants were able to respond to the question in fractions or 

percentages, but for ease of analysis, all responses were converted to percentages. Some 

participants may have misunderstood the question, noting that they believed the error rate of 

automation to exceed 50%. Participants who reported an error rate exceeding 80% were removed 

from the dataset. Figure 12 depicts perceived error rate of automation, separated by the actual 

reliability of their automation. Participants in the 70% reliability condition did not perceive the 
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error rate of automation to be statistically different from 30% (x = 32.39, t = 1.29, p = .20). 

Participants in the 90% reliability condition overestimated the error rate of automation (x = 

16.18, t = 5.60, p < .001).  

 

Figure 12 

A histogram of perceived error rate of automation by participants, separated by the reliability of 
the system. The vertical dashed lines represent the actual error rate of the automated system.  
Question 4: Overall, how did you feel about the additional information (raw data) presented to 

you in the forecasts? Was the information helpful? 

 Responses to this question were also free response. There was significant variation in the 

level of detail in responses, but responses were categorized into three groups: positive, negative, 

and both. Responses in the positive group only had positive things to say about the automation 

transparency. Responses in the negative group only had negative things to say about the 

automation transparency. Responses in the “both” group may have stated that they felt neutral 

about the transparency or that they liked the transparency, but found that it was not always 
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accurate, which is true. Some participants with responses that were recorded as both noted that 

they found the transparency to be confusing.  

Responses are recorded in Table 6. Participants overwhelmingly had only positive things 

to say about the automation transparency (79.10%), regardless of automation reliability. More 

participants had mixed feelings about transparency than outwardly disliking transparency 

(14.93% of participants had mixed feelings about transparency, while 5.97% had negative 

feelings).  

Table 6 

Responses of participants regarding how they felt about the additional information 
(transparency) provided to them, separated by the automation reliability group that they were 
assigned to.  
Reliability Feelings about Transparency Number of participants 

70 Both 16 

70 Negative 8 

70 Positive 74 

90 Both 14 

90 Negative 4 

90 Positive 85 

Question 5: How much do you typically trust weather forecasts to help you make decisions? 

Uses the same trust scale as the entire experiment. 

 Question five examines the baseline trust of participants to determine how naturally 

trusting they think they are of automation in the context of weather forecasts.  

Responses are reported in Figure 13. The mean baseline trust was 4.10 (𝜎 = 0.93), which 

means that participants reported that they tend to trust weather forecast quite a bit, demonstrating 

high baseline trust in most participants of weather forecasts.  
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Figure 13 

Distribution of participants’ self-reported baseline trust in weather forecasts. Responses were 

recorded on a scale of 1-6, where 1 represents “Not at all”, 2 represents “A little”, 3 represents 

“Somewhat”, 4 represents “Quite a bit”, 5 represents “Very much”, and 6 represents 

“Completely”.  

Discussion 

The current research focused on how trust, performance, and dependence were influenced 

by transparency and reliability. Further analysis was done regarding the distance from the 

decision threshold and the questions asked at the end of the experiment.  

Hypothesis 1 

We hypothesized that participants would have increased trust, dependence, and performance 

as automation reliability increased. We found support for this hypothesis, as there was a positive 

significant main effect of reliability for final trust (Figure 6), dependence (Figure 7), and 
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performance (Figure 8). This finding adds to existing literature (Pharmer et al., 2021; 

Holthausen & Walker, 2022; Patton & Wickens, 2024), that increasing reliability improves 

participant’s attitudes towards automation, makes them want to use it more, and, as a 

consequence, use it more effectively.  

Additionally, while participants were about as dependent as the reliability of automation at 

90%, they were much more dependent on automation (about 85%) that was 70% reliable than 

they would have been if they were calibrated to the reliability of the system.  

Hypothesis 2 

 We hypothesized that the implementation of transparency would yield increased trust and 

dependence. We found no main effect of transparency on final trust (see Figure 6) or dependence 

(see Figure 7), meaning that there was no direct effect of the presence of transparency on self-

reported final trust towards the automation or their use of the automation. However, we found 

that transparency improved trust for both trust1 and trust2 (see Figures 5 and 6), meaning that 

participants trusted transparency predictions more in the moment, but retrospectively did not 

report that they trusted transparency automation more than non-transparency automation.  

 Transparency was not the main factor that resulted in participants trust in or use of a 

weather forecaster’s predictions. This finding is not consistent with the current literature (Sargent 

et al., 2023). Though participants reported positive feelings about the automation transparency, 

this is not reflected in their self-reported final trust or behavioral measures of dependence.  

In Experiment 1, transparency did not indicate that automation made an error and 

therefore was not necessarily meant to give reasons for participants to not depend on the 

prediction of automation. Instead, the transparency was always designed to support the 

prediction of the forecaster. Therefore, there was not designed to be a reason for participants to 
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trust or depend on the predictions that were accompanied by transparency more. The type of 

transparency implemented in this experiment was not beneficial for participants’ use of 

automation or trust in automation. Transparency that does not serve to facilitate any way for 

participants to detect automation errors did not seem to be helpful for participants regarding final 

trust, but participants did trust transparency predictions more on a trial by trial basis.  

Hypothesis 3 

 As found in Gegoff et al. (2024), we hypothesized that we would find an interaction 

between reliability and transparency for trust and dependence, such that adding transparency 

would reduce the effect of reliability on trust and dependence. In this experiment, we did not find 

a significant interaction between reliability and transparency for final trust (Figure 6) (p = .14) or 

for dependence (Figure 7) (p = .06).  

 When transparency does not benefit trust or dependence, its presence also does not have 

differing effects at differing levels of reliability for final trust or dependence. However, the 

interaction between reliability and transparency for dependence did approach significance (p = 

.06). Had this interaction been significant, the trend would suggest that transparency diminishes 

the increasing effect of reliability on dependence, an interaction in the direction predicted by the 

hypothesis (and observed in a prior unpublished study by the authors).  

At high reliability, transparency decreases dependence, but at low reliability, there was no effect 

of transparency on dependence.   

 If this interaction were to be significant, it would mean that transparency could be viewed 

as harmful at high reliability because it decreases dependence on an automation system that is 

more reliable than they are on their own. However, as the goal of automation use is to depend 

proportional to the automation’s reliability, it seems that at high reliability, participants were 
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closer to the optimal 90% dependence rate on automation with transparency than without. 

Transparency may be beneficial for calibrating to the reliability of the system.  

Hypothesis 4 

 In accordance with findings by Boskemper and colleagues (2022) and Bartlett & 

McCarley (2017, 2019, 2021, 2022) we hypothesized that the performance of the human 

automation team would be lower than the performance of the automation alone, especially when 

automation is highly reliable. We found support for this finding (Figure 8). For both transparency 

and non-transparency conditions, at 90% reliability, participants’ accuracy was significantly 

lower than 90% (and accuracy with transparency was significantly lower than accuracy without 

transparency). At 70% reliability without transparency, we found that participants accuracy was 

not significantly different than 70%, but with transparency, accuracy was significantly lower than 

70%.   

 In three of the four conditions (that is, excluding 70% reliability with no transparency), it 

seems that participants depend on automation less than they should, or they act in disagreement 

with automation at the incorrect times, resulting in accuracy that is below that of the automation 

regarding decision making. The presence of transparency that did not indicate when automation 

made an error did not improve participant accuracy as transparency can be expected to do 

(Sargent et al., 2023).  

Distance from the Decision Threshold  

 We believed that there would be more inherent uncertainty regarding which decision 

would be best when predictions of snowfall were closer to the decision threshold. Therefore, 

trust, dependence, and performance would all increase as absolute value of predicted snowfall 

from the six-inch decision threshold increased. We did find this effect for all three dependent 
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variables (see Figures 9, 10, and 11). This finding suggests that there is an inherent additional 

layer of complexity regarding participant trust, dependence, and performance being affected by 

transparency, reliability, and their interaction.  

There is a higher possibility for error when a prediction falls near the decision threshold 

as there is less “room for error”. A prediction of 6 inches, which falls on the decision threshold 

would indicate that one should close the school if snowfall is at or greater than 6 inches. 

However, if snowfall is just 5 inches, the decision that should be made changes. If the prediction 

is 3 inches, there is more room for error before the decision that should be made changes. With a 

prediction of 3 inches of snowfall, the school should stay open if there were 3 inches of snowfall, 

1 inch, 2 inches, 4 inches, and 5 inches of snowfall. The automation would have to make a larger 

error for the prediction of 3 inches to be wrong compared to a prediction of 6 inches of snowfall. 

It is important to note that uncertainty regarding the correct decision to be made is highest closest 

to the decision threshold.  

 With this reasoning, it makes sense that participants were more trusting of predictions 

that were further from the decision threshold and more dependent on these predictions. 

Additionally, because automation failures only occurred within 2 inches of the decision 

threshold, it makes sense that performance increased as distance from the decision threshold 

increased as well.  

 This finding emphasizes the importance of consideration of the stimuli and context in 

which participants use automation to determine what their trust, dependence, and performance 

mean for broader application. The user of automation recognizes that the forecasted weather 

prediction could be incorrect when it is close to the decision threshold, but the automation does 
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not know this. This finding emphasizes the importance of precision in weather forecasting and 

the nuance that users demonstrate, but automation can lack.  

Additional Survey Questions 

 We found in the questions asked of participants at the end of the experiment that 

participants preferred the forecast type that included transparency (see Table 4) and, in many 

cases, found this type of prediction to be more accurate (see Table 5), though both transparency 

and non-transparency forecasters had equal reliability. Most participants had positive feelings of 

transparency (see Table 6). Participants estimated the error rate of 70% reliability well on 

average but overestimated the error rate of 905 reliable automation (see Figure 12). We also 

found that participants had a high baseline trust in weather forecasts (see Figure 13).  

 These findings seem to conflict with the main results of the experiment. Participants did 

not trust automation transparency more than the lack of transparency. If anything, in the 90% 

reliability condition they depended on automation transparency predictions less. Participants 

were less accurate with automation transparency for both reliability groups. It is possible that 

participants liked the transparency more and it allowed them to make decisions that may not 

have aligned with the predictions of the weather forecasters more often, though their skepticism 

of the transparency was not based in detection that the prediction of the weather forecaster was 

incorrect. In terms of participants detecting the error rate of automation, their dependence seems 

to be at odds with what they determined the reliability of automation was, as they depended on 

the high reliability automation about 90% of the time and depended on the low reliability 

automation about 85% of the time. This finding does correspond with findings of Wickens et al., 

(2021) on sluggish beta, that users of automation are slow to calibrate to changes in reliability.  
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 Regardless, it is important to note firstly that participants liked having the option of 

viewing automation transparency, even if it did not seem to improve their final trust, dependence, 

or performance. Second, participants did fairly well at estimating reliability of automation. Still, 

they overwhelmingly perceived the transparency conditions to be more reliable and some 

overestimated or underestimated the error rate of automation. It would be challenging for 

participants to trust and depend on automation effectively if they cannot detect accurately how 

reliable the automation is. Third, participants reported high baseline trust in weather forecasts. 

These participants tend to trust automation as a baseline, rather than distrust it, in the context of 

weather forecasts. We found that participants consistently reported high trust in automation 

throughout the experiment.  

EXPERIMENT 2 

The purpose of Experiment 2 was to determine if the type of error done by automation 

influenced trust, dependence, and performance. In Experiment 1, automation errors can be 

attributed to the nature of predicting a noisy environment such as weather forecasting. Therefore, 

the transparency cues matched the prediction of the forecast and participants should not have 

been able to determine that automation was going to make an error based on the transparency 

cues (the raw data of the four variables aggregated by the forecast automation). In contrast, 

Experiment 2 was meant to model a situation when automation errors are caused by a problem 

with the algorithm. In such cases, the automation errors were due to a miscalculation of the raw 

data that was gathered from the environment. Thus, in Experiment 2, if participants understood 

the transparency cues perfectly, they could determine automation errors by comparing the 

transparency cues to the automation prediction.  

Method 
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Participants  

 163 students completed the experiment in exchange for course credit. Of the participants, 

75% identified as female, 23% identified as male, and 2% identified as non-binary or did not 

disclose their gender. Participants had an age range of 17-38 years, with an average age of 20. 

Design 

 Experiment 2 was conducted with nearly identical methodologies to Experiment 1. The 

only difference between Experiment 1 and Experiment 2 is in the relationship between the 

transparency cues and the forecast versus the outcome. For Experiment 1, the raw data presented 

with the prediction of snowfall matched prediction of snowfall. For Experiment 2, the raw data 

presented with the prediction of snowfall matched the outcome snowfall and may have been at 

odds with the forecasted prediction. That is, the transparency in Experiment 2 could be used to 

detect an automation error if participants used interpreted the raw data in the way that it was 

designed. The errors by automation and transparency used in Experiment 2 represent an instance 

where the algorithm that the automation used was incorrect, rather than the errors due to a noisy 

environment as seen in Experiment 1. Because of these differences from Experiment 1 (errors 

due to a noisy environment) in Experiment 2 (algorithmic error), we predict: 

1. Participants will trust automation transparency predictions more in Experiment 2 (than in 

Experiment 1) because the transparency in Experiment 2 allows participants to detect 

automation errors.  

2. Participants will depend on automation with transparency less in Experiment 2 

(compared to Experiment 1) because they will find that the automation transparency is 

not aligned with the forecasted weather predictions.  
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3. Participants will be more accurate with transparency in Experiment (compared to 

Experiment 1) because they will be able to determine when a forecast prediction will 

result in an error.  

Results 

 Of the 163 participants who completed the experiment, 161 were included due to the 

removal of two outliers. Participants were removed from the dataset if their subject-level 

accuracy rating was less than or equal to 50%, meaning that their accuracy was equivalent to or 

worse than chance. 

 The methods of analysis for Experiment 2 were identical to those done for Experiment 1. 

Linear mixed effects models and general linear models were computed for each type of analysis, 

where the random effect was the subject due to transparency being manipulated within subjects 

for the experiment.  

 The following analyses were done in R Studio, the packages that were used were 

identical to those used in Experiment 1 and can be found in Appendix A.  

Trust  

 Measures of trust are presented in Figures 14, 15, and 16. Trust1 represents the first time 

that trust was taken, after participants were presented with the prediction of snowfall for the 

following day. Trust2 was taken after participants decided whether to close the school and were 

presented with the outcome snowfall. Final trust was taken at the end of each block. Trust was 

self-reported using a drop-down scale that ranged from 1-6.  

Trust1. Trust1 ratings followed an approximately normal distribution. We found that 

transparency (x = 0.62, t = 13.11, p < .001) and reliability (x = 0.22, t = 2.08, p =.04) increased 
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trust. There was no interaction between reliability and transparency (x = 0.006, t = -0.09, p =.93). 

The marginal R² value for the model was .08 and the conditional R² was .34.  

 Participants trusted forecasted weather predictions more when there was transparency 

included in the prediction. Trust1 was also higher for participants in the higher (90%) reliability 

group.  

 

Figure 14 

Trust1 as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean trust1 rating. 

Trust2. For trust2, we found that transparency (x = 0.52, t = 10.02, p < .001) and 

reliability (x = 0.36, t = 2.93, p =.003) increased trust, but that there was no interaction between 

reliability and transparency (x = 0.02, t = 0.27, p =.79). The marginal R² value for the model was 

.06 and the conditional R² was .35.  
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 With the same pattern of results as trust1, participants reported that they trusted weather 

forecasts to make their decision more if it was accompanied by transparency and if reliability 

was high.  

 

Figure 15 

Trust2 as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean trust2 rating. 

Final Trust. Final trust ratings followed an approximately normal distribution. We found 

that transparency (x = 0.45, t = 3.74, p < .001) and reliability (x = 0.84, t = 5.57, p < .001) 

increased final trust and that there was a significant interaction between transparency and 

reliability (x = -0.42, t = -2.43, p = .02). The marginal R² value for the model was .12 and the 

conditional R² was .44. 
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 We found that reliability and transparency both increase final trust and a significant 

interaction which means that the presence of transparency reduces the benefit of high reliability 

on final trust. The benefits of transparency were only evident when reliability was lower.  

 

Figure 16 

Final trust as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean final trust rating. 
Dependence 

 The measure of dependence is presented in Figure 17. We found that transparency 

decreased dependence (x = -0.53, z = -4.82, p < .001), but reliability increased dependence (x = 

0.92, z = 5.27, p < .001). There was not a significant interaction between reliability and 

transparency (x = 0.25, z = 1.11, p = 0.27). The marginal R² value for the model was .09 and the 

conditional R² was .10.  
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 We found significant main effects of transparency and reliability, that increasing 

reliability increased dependence, but that transparency being present decreased dependence. That 

is, the presence of transparency caused participants to go against the prediction of the automation 

more often. Though there was not a significant interaction between reliability and transparency 

on dependence, closer examination reveals that there is no statistical difference between 

transparency being present and not at 90% reliability, but at 70% reliability, dependence was 

lower with transparency than without transparency.  

 

Figure 17 

Dependence as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean dependence.  
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Accuracy 

 The measure of accuracy is presented in Figure 18. We found no significant main effect 

of transparency (x = 0.11, z = 1.05, p = .29), but that reliability increased accuracy (x = 1.12, z = 

8.91, p < .001). We did not find a significant interaction between reliability and transparency (x = 

-0.25, z = -1.42, p = .16). The marginal and conditional R² values for the model were .07.  

 We found a main effect of reliability, that increasing reliability increased accuracy. 

Transparency did not have a significant effect on accuracy, meaning it did not make participants 

more or less accurate, regardless of the reliability of automation. It is important to also note that 

at 90% reliability (automation was 90% accurate), participants in both transparency and non-

transparency conditions had significantly lower accuracy than the automation. However, at 70% 

reliability (automation was 70% accurate), participants were not more accurate, but not 

significantly less accurate than the automation.  
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Figure 18 

Accuracy as a function of reliability and transparency. Error bars represent 95% confidence 
intervals of mean accuracy. The horizontal dashed line at the top represents the accuracy of the 
automation at 90% reliability. The lower horizontal dashed line represents the accuracy of the 
lower reliability system (70%).  
Distance from the Decision Threshold  

 As in Experiment 1, we hypothesized that trust, dependence, and accuracy would differ 

by the deviation of the predicted amount of snowfall’s distance from the decision threshold of 6 

inches. We hypothesized that each outcome variable would increase as distance from the decision 

threshold increased.  

Measures of trust1, dependence, and accuracy compared to the distance from the decision 

threshold are shown in Figures 19, 20, and 21. As distance from the decision threshold increased, 

trust1 increased (x = 0.13, t = 10.49, p < .001), dependence increased (x = 1.16, z = 15.79, p < 
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.001), and accuracy increased (x = 0.62, z = 14.72, p < .001). The marginal R² values were 

respectively .02, .42, and .18.  

We found support of our hypothesis that as distance from the decision threshold 

increased, trust, dependence, and accuracy would also increase.  

 

Figure 19 

Trust1 as a function of absolute value of prediction distance from the decision threshold. Shading 
represents 95% confidence intervals.  
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Figure 20 

Dependence as a function of absolute value of prediction distance from the decision threshold. 
Shading represents 95% confidence intervals. 

 

Figure 21 

Performance as a function of absolute value of prediction distance from the decision threshold. 
Shading represents 95% confidence intervals. 
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Additional Survey Questions 

 As with Experiment 1, five questions were asked of participants at the end of the 

experiment to gather more information about why participants’ results demonstrated the patterns 

that they did.  

Question 1: You were presented with two different types of weather forecasts. One only gave you 

a snowfall prediction and the other provided a prediction and additional information (raw data). 

Which forecast type did you like better? 

 The first question was forced multiple choice with response options of: “the one that only 

gave the prediction”, “the one with additional information”, and “I liked them both equally”. The 

responses to this question are recorded in Table 7. Participants preferred the forecast that had 

transparency (83.85%). 

Table 7 

Recorded responses to which forecast type participants preferred, separated by their assigned 
automation reliability.   
Reliability  Preferred Forecast Type  Number of Participants 

70 Equal 5 

70 Prediction only 5 

70 Transparency 71 

90 Equal 7 

90 Prediction only 9 

90 Transparency 64 

Question 2: You were presented with two different types of weather forecasts. One only gave you 

a snowfall prediction and the other provided a prediction and additional information (raw data). 

Which type of forecast did you find made more accurate predictions? 
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 The second question was also forced choice with possible response options of “the one 

that only gave the prediction”, “the one with additional information”, and “I liked them both 

equally”. The responses of which forecast was perceived as more accurate are recorded in Table 

8. We found that regardless of reliability, the majority of participants perceived that the 

transparency forecast type was most accurate (62.73%), though both forecast types were equal in 

accuracy. More participants in the 90% reliability condition identified that both forecast types 

were equally accurate (33.75%, compared to 16.05% in the 70% reliability condition). 

Table 8 

Recorded responses to the forecast type participants perceived as more accurate, separated by 
their assigned automation reliability.  
Reliability  Most Accurate Forecast Type  Number of Participants 

70 Equal 11 

70 Prediction only 4 

70 Transparency 66 

90 Equal 10 

90 Prediction only 7 

90 Transparency 63 

Question 3: Overall, how often do you remember the forecasts making errors (making a 

prediction that corresponded with the incorrect decision)? Please report your response as a 

percentage or fraction. 

 Question three was a free response question. Upon further investigation of the dataset, 

participants who did not provide a numerical response were recorded as “non-answer” (n = 6). 

Some participants also provided a range, instead of a single value. For these participants, the 

mid-point of the range was reported so that responses were comparable to one another. 
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Participants were able to respond to the question in fractions or percentages, but for ease of 

analysis, all responses were converted to percentages. Figure 22 demonstrates perceived error 

rate of automation, separated by the actual reliability of their automation. 

 

Figure 22 

A histogram of perceived error rate of automation by participants, separated by the reliability of 
the system. The vertical dashed lines represent the actual error rate of the automated system.  

Some participants may have misunderstood the question, noting that they believed the 

error rate of automation to exceed 50%. Participants who reported an error rate exceeding 80% 

were removed from the dataset. In the 70% reliability condition, participants estimated the error 

rate of automation statistically equal to its actual error rate of 30% (x = 31.76, t = 0.96, p = .34). 

Participants in the 90% reliability condition overestimated the error rate of automation of 10% (x 

= 17.84, t = 4.85, p < .001).   

Question 4: Overall, how did you feel about the additional information (raw data) presented to 

you in the forecasts? Was the information helpful? 
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 Question four was also recorded via free response. There was variation in the detail 

provided in these responses, so responses were categorized into three groups: positive, negative, 

and both (meaning positive and negative). Responses in the “positive” group only had positive 

things to say about the automation transparency. Responses in the “negative” group only had 

negative things to say about the automation transparency. Responses in the “both” group may 

have stated that they felt neutral about the transparency or that they liked the transparency but 

found that it was not always accurate.  

 Responses are presented in Table 9. Most participants only reported positive feelings 

about transparency (80.12%), regardless of automation reliability.  

Table 9  

Responses from participants regarding how they felt about the additional information 
(transparency) provided to them, separated by the automation reliability group that they were 
assigned to.  
Reliability  Feelings about Transparency Number of Participants 

70 Both 11 

70 Negative 4 

70 Positive 66 

90 Both 10 

90 Negative 7 

90 Positive 63 

Question 5: How much do you typically trust weather forecasts to help you make decisions? 

Uses the same trust scale as the entire experiment. 

 Question five aims to detect baseline trust that participants generally have in weather 

forecasts. Responses are reported in Figure 23. The mean baseline trust was 3.94 (𝜎 = 0.93), 
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which means that participants reported that they tend to trust weather forecasts slightly less than 

quite a bit, demonstrating a high baseline trust in most participants of weather forecasts.  

 

Figure 23 

Distribution of participants’ self-reported baseline trust in weather forecasts. Responses were 
recorded on a scale of 1-6, where 1 represents “Not at all”, 2 represents “A little”, 3 represents 
“Somewhat”, 4 represents “Quite a bit”, 5 represents “Very much”, and 6 represents 
“Completely”.  
Discussion 

 Experiment 2, like Experiment 1, focused on how trust, performance, and dependence 

were influenced by transparency and reliability. Further post-hoc examination was done 

regarding the distance from the decision threshold.  

Hypothesis 1 

 We hypothesized that participants would have increased trust, dependence, and 

performance as automation reliability increased. We found support for this hypothesis, as there 

was a significant main effect of reliability for these three variables (see Figures 14, 15, 16, 17, 

and 18). This finding aligns with existing literature (Pharmer et al., 2021; Holthausen & Walker, 
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2022; Patton & Wickens, 2024), that higher reliability as a property of automation increases 

participant trust, dependence, and performance with automation.  

Additionally, while participants were about as dependent as the reliability of automation at 

90%, they were much more dependent on automation (about 82%) that was 70% reliable than 

they would have been if they were calibrated to the reliability of the system.  

Hypothesis 2 

 We also hypothesized that transparency would increase trust and dependence. We found 

that transparency increased trust for trust1, trust2, and final trust (see Figures 14, 15, and 16). For 

dependence, we found that transparency decreased dependence (see Figure 17). It is important to 

consider that, graphically, the effects of transparency on both trust and dependency appear to be 

present only at 70% reliability and not at 90% even as the interaction between transparency and 

reliability was not statistically significant. 

  We expected that the type of transparency present in Experiment 2 would result in 

decreased dependence with transparency, but higher trust. Transparency that indicates when 

automation errs should decrease dependence because this raw data indicates that something is 

wrong with the automation’s prediction and therefore one should not depend on the forecast. 

However, the transparency being available to provide this insight would have increased trust in 

automation based on existing literature that transparency increases trust (Sargent et al., 2023), 

though trust may have decreased in its predictions alone.  

Hypothesis 3 

 Found in Gegoff et al. (2024), we hypothesized that we would find an interaction 

between reliability and transparency for trust and dependence. For final trust, we found this 

interaction to be significant (see Figure 16), that transparency reduced the effect of reliability on 
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final trust. We did not find an interaction of reliability and transparency for dependence (see 

Figure 17). Though participants trusted transparency predictions more, they depended on them 

less. This could mean that participants may not have necessarily trusted the predictions of 

weather forecasts more when transparency was present, but they trusted the transparency cues 

more and the automation prediction less, resulting in lower dependence with transparency at low 

reliability. As stated before, to make up for the increased number of errors that automation made 

at 70% reliability, participants likely felt more skeptical of automation more frequently and 

disagreed with automation more when transparency cues were available.  

 We found sufficient evidence to conclude that transparency reduces the effect of 

reliability on trust, but not that there is a moderated effect of transparency and reliability on 

dependence, although the data in Figures 16 and 17 are trending in this direction.  

Hypothesis 4 

 In accordance with findings by Boskemper and colleagues (2022), Bartlett & McCarley 

(2017, 2019, 2021, 2022), and Munoz Gomez Andrade and colleagues (2025) we found that at 

high reliability, participant accuracy was significantly lower than the automation (90%) for both 

transparency and non-transparency conditions (see Figure 18). At 70% reliability, participant 

accuracy was not statistically different from the automation. Participants seemed to not be using 

highly reliable automation as often as they should, to achieve its 90% accuracy, but they were 

about as accurate as the lower reliability automation. Presenting transparency did not allow 

participants to detect when the automation was going to err, in this case. This is likely due to 

participants not interpreting transparency cues the same way that they were designed because the 

cues were presented ambiguously. The lower dependence on low reliability for participants with 

transparency did not result in the detection of automation errors often enough that their accuracy 
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was overall better than the automation. Additionally, participants were not dependent on the 

automation enough to receive the benefit of high reliability automation.  

Distance from the Decision Threshold 

We hypothesized that there would be more underlying uncertainty with deciding to close 

the school or remain open when the forecasted snowfall was close to the decision threshold due 

to the lack of “room for error” as distance from the decision threshold decreased. Therefore, 

trust, dependence, and performance would all increase as the absolute value of predicted 

snowfall from the six-inch decision threshold increased. We found this effect for all three 

dependent variables.  

Participants were especially less likely to trust automation, depend on automation, or 

make the correct school closure decision when the predicted amount of snowfall was 6 inches 

(see Figures 19, 20, and 21). Predictions that are on the cusp of a different decision are fragile in 

the sense that a slight deviation of the prediction would result in the opposite decision. The 

decision threshold in the current experiment is arbitrary and possibly limiting in the context of 

the experiment.  

Automation operates based on algorithms and is quick to categorize suggested decisions 

to fit inside those categories. However, a human looking at a predicted decision takes in more 

information, such as the distance from the decision threshold. A prediction of 6 inches could be 

perceived to have little room for error by a user of automation. Automation is the most helpful 

when it performs better than a human could (Wickens et al., 2023), and when automation is less 

apt at detecting the lack of room for error, participants seem to trust it less, depend on it less, and 

be less accurate in use of automation because in this instance, users were better at detecting that 

there was little room for error in the forecasted predictions.   
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Additional Survey Questions  

We found in the questions asked of participants at the end of the experiment that 

participants preferred the forecast type that included transparency (see Table 7) and, in most 

cases, found this type of prediction to be more accurate (see Table 8), though both transparency 

and non-transparency forecasters had equal reliability. Most participants had positive feelings of 

transparency (see Table 9). Participants estimated the error rate of 70% reliability well on 

average but overestimated the error rate of 905 reliable automation (see Figure 22). We also 

found that participants had a high baseline trust in weather forecasts (see Figure 23).  

 Though participants reported that they liked transparency more than no transparency, we 

did not always find that they trusted transparency conditions more and we found that they often 

depended on automation less when it had transparency. Participants may have reported that they 

liked the presence of transparency because it allowed them to depend strictly on the predictions 

of automation less. Though participants were able to detect the reliability of the automation in 

hindsight, their dependence tended to be higher than the reliability of the automation at 70% 

reliability. Participants also reported a fairly high baseline trust in automation, which was 

represented in their fairly high averages of trust regardless of the reliability of automation and 

presence of transparency.   

GENERAL DISCUSSION 

 A summary of the findings in Experiment 1 and Experiment 2 can be found in Appendix 

B.  

 In the current experiments, we set out to determine the effects of high (90%) versus low 

(70%) reliability and transparency on trust, dependence, and accuracy. Between experiments, we 

were also interested in the effect of type of automation error on these variables. We proposed 
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three main hypotheses that were applicable to both experiments based on the existing literature 

regarding relationships between these variables. For H1, based on consistent findings in 

published studies, we hypothesized that increasing reliability would increase trust, dependence, 

and accuracy (Pharmer et al., 2021; Holthausen & Walker, 2022; Wickens et al., 2023; Patton & 

Wickens, 2024). Based on the meta-analysis of Sargent and colleagues (2023), which found that 

trust and dependence increased with the presence of transparency, we expected to find this effect 

of transparency, hypothesized in H2. In accordance with the work of Gegoff et al., (2024), we 

expected to find an interaction between reliability and transparency, such that transparency 

would increase trust and dependence more at low reliability (H3). Additionally, we expected to 

find differences in the outcome variables of trust, dependence, and accuracy from Experiment 1 

(where automation errors resulted from the challenge of predicting a noisy weather environment) 

to Experiment 2 (where automation errors resulted from an algorithmic error by the automation 

and users could subsequently use transparency to determine if automation was going to make an 

error). Specifically, compared to Experiment 1, we expected higher trust in transparency in 

Experiment 2 (H4A), lower dependence with transparency in Experiment 2 (H4B), and higher 

accuracy with transparency in Experiment 2 (H4C).     

We found support of hypothesis 1 for both experiments, that increasing reliability 

increased final trust and dependence (see Figures 6, 7, 16, and 17). In Experiment 2, trust1 

(Figure 14) and trust2 (Figure 15) also had a significant main effect of reliability. In alignment 

with existing literature (Pharmer et al., 2021; Holthausen & Walker, 2022; Patton & Wickens, 

2024), this finding suggests that users of automation are sensitive to automation reliability, and 

they trust and depend on high reliability automation more than lower reliability automation. 

Therefore, reliability is a key feature of automation that influences how users interact with it. To 



 

 

63 

optimize the relationship between users and automation, reliability should be as high as possible. 

When automation reliability is lower, users should be aware of this to shorten the period needed 

to calibrate to the reliability of automation because users otherwise tend to assume that 

automation is highly reliable.  

 We had mixed findings for hypothesis 2 across experiments, finding no main effect of 

transparency on final trust or dependence in Experiment 1, and that transparency increased final 

trust, but decreased dependence in Experiment 2 (see Figures 6, 7, 16, and 17). We found that in 

both experiments, transparency increased trust1 and trust2 (see Figures 4, 5, 14, and 15). When 

the transparency cues failed to provide insight to the user if the automation has made a prediction 

error (as was the case in Experiment 1), transparency had no effect on trust or dependence for 

users. However, when transparency cues provide insight into when automation will make a 

prediction error, transparency overall increased final trust and decreased dependence because this 

transparency provides a reason for users to disagree with the prediction of automation. 

Additionally, transparency seems to reliably increase trust on a trial by trial basis, but not reliably 

in hindsight when participants were asked to report final trust. Therefore, transparency does ont 

always increase dependence, but it may decrease dependence depending on the type of 

transparency used. Transparency is still a beneficial attribute of automation, specifically when 

the transparency indicates that automation may err. Transparency has the potential to improve the 

relationship between automation and the user, but only when transparency provides insight to 

automation that is otherwise unknown. In accordance with the meta-analysis by Patton & 

Wickens (2024) which found that trust and dependence are unequal, particularly in terms of 

shifts in reliability. The effect sizes of the varying trust measures for both reliability and 

transparency are greater than the effect sizes of dependence (see Appendix C). This finding 
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aligns with the Patton & Wickens (2024) meta-analysis and adds that the relationship between 

trust and dependence seem to not only differ due to shifts in reliability, but also transparency.  

 We also had mixed findings for hypothesis 3. There was no support in Experiment 1, but 

in Experiment 2, transparency diminished the increasing effect of reliability on final trust (see 

Figures 6 and 16), a finding consistent with that of Gegoff and colleagues (2024). Regarding 

dependence, in Experiment 1, the interaction between reliability and transparency was 

approaching significance in that we found that transparency trended to mitigate the increasing 

effect of reliability on dependence (see Figures 7 and 17). A significant interaction would suggest 

that transparency is less beneficial for users at high reliability and that the importance of 

transparency increases as automation reliability decreases. Wickens et al. (2015) suggested and 

validated a model for acting when automation errs. To override automation, an error must first be 

noticed, then interpreted, and subsequent action must be taken. Gegoff et al. (2024) further found 

and validated that more attention may be provided to transparency when automation is lower in 

reliability, emphasizing both the importance of user reliability calibration and clarity of 

transparency in indicating automation errors. Therefore, transparency is most beneficial for the 

relationship between the user and automation when reliability is lower and again when 

transparency indicates that automation will make an error. Transparency only complicates 

decision tasks at high reliability and does not need to be included.  

 In support of hypothesis 4 in both experiments, we found that users of automation 

performed worse than highly reliable automation alone with and without transparency (see 

Figures 8 and 18), in alignment with existing literature (Boskemper et al., 2022, Bartlett & 

McCarley, 2017, 2019, 2021, 2022). At low reliability, users performed worse than automation 

alone with transparency, but not without for Experiment 1. Users performed as well as low 
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reliability automation in Experiment 2 with and without transparency. Even with the presence of 

transparency at high reliability, users of automation performed worse than automation alone, so 

they could not calibrate to the reliability of the automation quickly enough to experience the full 

benefits of using highly reliable automation. Furthermore, in Experiment 1 where transparency 

did not inform users that automation was going to make an error, transparency hurt performance 

whereas a lack of transparency did not. In contrast, transparency indicative of automation errors 

(as used in Experiment 2) did not hurt performance. Transparency that does not functionally 

provide additional information about the errors of automation and the accuracy of its predictions 

should be avoided. When transparency indicates errors of automation, users calibrate to its low 

reliability better. For highly reliable automation, regardless of transparency or the type of 

transparency, performance remains worse than that of automation alone.  

When comparing the results of Experiment 1 to the results of Experiment 2, we expected 

to find higher trust with transparency in Experiment 2, lower dependence with transparency in 

Experiment 2, and better accuracy with transparency in Experiment 2. We did not find that trust1 

or trust2 differed between Experiment 1 and Experiment 2 (trust1 p = .30, trust2 p = .51). We 

found a difference between Experiment 1 and Experiment 2 for final trust (p = .04), but not that 

final trust was lower without transparency in Experiment 2, rather than with transparency as 

hypothesized. We found no difference between experiments regarding dependence (p = .33) or 

accuracy (p = .07). These findings indicate that the type of transparency in Experiment 2 does 

not necessarily decrease dependence or improve performance. The difference in accuracy 

between experiments does approach significance, indicating that participants seemed to be more 

accurate with transparency that indicated automation errors. However, for final trust, experiment 
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2 decreased trust, trending that no transparency for this experiment type decreased trust, though 

this interaction was not significant (p = .12). 

 We also found that as distance from the 6-inch decision threshold increased, all outcome 

measures (trust, dependence, and performance) (see Figures 10, 11, 12, 19, 20, and 21) increased 

in both experiments. There are an inherent distrust and disuse in automation when the prediction 

lands on the decision threshold.  Automation may not account for the nuance associated with the 

lack of room for error when a prediction lands close to criteria required to make a decision. 

Possibly, in these situations, the human automation team would benefit from additional 

transparency or precision in providing its predictions to bridge the gap between the user’s 

uncertainty resulting from the lack of room for error and the automation’s rigid predictions.  

 From the questions that were asked at the end of the experiment, in both experiments we 

found that participants overwhelmingly preferred the presence of transparency (see Tables 4 and 

7) and felt that transparency predictions were more accurate (see Tables 5 and 8), even though 

this was not the case. Participants estimated the error rate of automation close to what it was 

(suggesting good sensitivity to the reliability of automation) in both experiments for 70% 

reliability, but they overestimated the error rate for 90% reliability in both experiments (see 

Figures 12 and 22) and they had a high baseline trust in weather forecasting automation (see 

Figures 13 and 23). Most users of automation only needed 20 (10 trials for each block) total trials 

to calibrate to the reliability of automation. Regardless of whether we found that transparency 

increased trust, dependence, and performance, most users of automation liked automation to 

have transparency, such that they perceived automation to be more accurate when transparency 

was present. Additionally, users of weather forecasts typically have a high baseline trust in these 

weather forecasts and will subsequently likely trust and depend on these forecasts higher than in 
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their use of other automation. At high reliability automation participants experienced what is 

referred to as sluggish beta, that they were slow to calibrate to the reliability of automation when 

it was highly reliable (Wickens et al., 2021). Therefore, participants find a benefit in 

transparency being present, possibly to an extent that inflates the reliability of automation.  

Limitations and Future Directions 

 One limitation of the current experiments was that the transparency cues were not often 

interpreted in the way they were designed. Multiple participants reported being confused by or 

failing to understand the transparency. Future research should examine different types of 

transparency and determine the best way to present transparency to participants. Another 

limitation was that stimuli added an additional layer of complexity to interpreting results, due to 

the finding that distance from the decision threshold had a significant effect on each outcome 

variable. The current research also only examined the effects of the intensity of errors that were 

consistent in magnitude (all errors were 2 inches). Future research could examine the effects of 

transparency and reliability when magnitude of error is manipulated, to build off the current 

research investigating type of automation error.  

 In accordance with existing literature, we found that high reliability automation was 

trusted more, depended on more, and resulted in higher accuracy in users. Reliability in 

automation should be maximized and disclosed to participants to shorten the calibration window. 

Additionally, transparency seems to aid in reliability calibration, but more so at low (70%) 

reliability and when it is not entirely redundant with automation’s predictions but indicates its 

potential errors. Automation transparency is overall beneficial for the relationship between the 

user and automation, but its use is most effective and not detrimental when automation reliability 

is lower. 
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APPENDIX A 

Package Name Version Citation 

R Studio 2024 4.4.2 RStudio 
Team. (2020). RStudio: 
Integrated Development 
Environment for R [Computer 
software]. Boston, MA: 
RStudio, 
PBC. http://www.rstudio.com/  

tidyverse 2.0.0 Wickham H, Averick M, Brya

n J, Chang W, McGowan LD, 

François R, Grolemund G, Ha

yes A, Henry L, Hester J, Kuh

n M, Pedersen TL, Miller E, B

ache SM, Müller K, Ooms J, 

Robinson D, Seidel DP, Spinu 

V, Takahashi K, Vaughan D, 

Wilke C, Woo K, Yutani H (2

019). “Welcome to the tidyver

se.” _Journal of Open Source 

Software_, *4*(43), 1686.  doi

:10.21105/joss.01686 <https://

doi.org/10.21105/joss.01686>. 

lme4 1.1.36 Douglas Bates, Martin Maechl

er, Ben Bolker, Steve Walker (

2015). Fitting Linear Mixed-E

ffects Models Using lme4. Jou

rnal of Statistical Software, 67

(1), 1-48. doi:10.18637/jss.v06

7.i01. 

ggeffects 2.2.1 Lüdecke D (2018). “ggeffects: 

Tidy Data Frames of Marginal 

Effects from Regression Mode
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APPENDIX B 

Experiment 1: main effect of reliability  

Measure Trust1 Trust2 Final Trust Dependence Accuracy 

t or z statistic 0.20 1.82 2.52 5.57 9.07 

p-value 0.84 .07 .01 < .001 < .001 

Experiment 1: main effect of transparency 

Measure Trust1 Trust2 Final Trust Dependence Accuracy 

t or z statistic 9.26 7.10 -0.83 0.22 -3.71 

p-value < .001 < .001 .41 0.82 < .001 

Experiment 1: interaction between transparency and reliability  

Measure Trust1 Trust2 Final Trust Dependence Accuracy 

t or z statistic 2.93 1.15 1.47 -1.88 -0.42 

p-value .003 .25 .14 .06 .68 

Experiment 2: main effect of reliability  

Measure Trust1 Trust2 Final Trust Dependence Accuracy 

t or z statistic 2.08 2.93 5.57 5.27 8.91 

p-value .04 .003 < .001 < .001 <. 001 

Experiment 2: main effect of transparency 

Measure Trust1 Trust2 Final Trust Dependence Accuracy 

t or z statistic 13.11 10.02 3.74 -4.82 1.05 

p-value < .001 < .001 < .001 < .001 .29 

Experiment 2: interaction between transparency and reliability  

Measure Trust1 Trust2 Final Trust Dependence Accuracy 

t or z statistic -.09 0.27 -2.43 1.11 -1.42 

p-value .93 .79 .02 .27 .16 
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APPENDIX C 

Experiment 1 Effect Sizes (using R squared conditional or R2C) 
Effect Sizes Effect on Reliability Effect on Transparency 

Trust1 0.28 0.32 

Trust2 0.29 0.31 

Final Trust 0.41 0.41 

Dependence 0.14 0.13 

 

Experiment 2 Effect Sizes (using R squared conditional or R2C) 
Effect Sizes Effect on Reliability Effect on Transparency 

Trust1 0.27 0.34 

Trust2 0.31 0.35 

Final Trust 0.40 0.42 

Dependence 0.09 0.10 
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