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Abstract 

Uncertainty, unlike risk, cannot be analyzed using 
informed probabilities for alternative outcomes. Many 
pre-deployment technology outcomes are inherently 
uncertain, as is the case with generative AI. Such 
innovative developments are non-monotonic due to 
uncertainty, requiring design reconsiderations as new 
information emerges. Development teams must 
nevertheless weigh uncertain outcomes when deciding 
how to proceed. This paper introduces the concept of 
‘Uncertain UPOB’ (U2POB) to distinguish behaviors 
where the unethical outcome is not guaranteed but 
remains possible due to uncertainty. Data was 
collected via a vignette-based survey of 201 
technology professionals (1,206 decisions), with 
UPOB support found to be 18.2% higher under 
uncertain the conditions. Overall, 35% of respondents 
were found to be supportive of at least one UPOB 
decision. Regression analyses indicated that subject 
UPOB propensity and personal responsibility 
psychological constructs were predictive of UPOB 
behaviors in both the certain and uncertain contexts.  

Keywords: UPOB, uncertainty, innovation, artificial 
intelligence, AI  

1. Introduction 

In 2023, the ethical behavior of technology 
companies involved in AI development faced 
increased scrutiny in the U.S. (Biron, 2023). The 
Federal Trade Commission (FTC) investigated 
OpenAI's ChatGPT evaluating its training of AI 
models, risk assessment, privacy considerations, and 
data collection practices (Zakrzewski, 2023). In the 
same year, Microsoft laid off its entire ethics and 
society team, which was responsible for overseeing AI 
and other innovations (Perrigo, 2023).  

These examples of federal investigations and 
corporate reorganization highlight the challenges of 
ethical management and oversight in innovative 
contexts and potential for unethical outcomes. UPOBs 
are “actions that are intended to promote the effective 
functioning of the organization or its members (e.g., 

leaders) while violating core societal values, mores, 
laws, or standards of proper conduct …" (Umphress & 
Bingham, 2011, pg. 622). Societal versus 
organizational norms serve as the measure of an 
action's unethicality and while an organization may 
not explicitly direct unethical behaviors, the firm can 
benefit from their occurrence (Mishra, Ghosh, & 
Sharma, 2022; Umphress, Bingham & Mitchell, 2010; 
Umphress & Bingham, 2011). In this paper, we 
introduce the concept of ‘Uncertain UPOB’ (U2POB) 
to distinguish behaviors where the unethical outcome 
is not guaranteed but remains possible due to 
uncertainty. The paper considers the following 
research question: How does uncertainty impact 
unethical pro-organizational behavior decisions? The 
following hypotheses were tested in this study: 
H1: U2POB decisions are more likely to be approved 
than UPOB decisions. 
H2: Personal responsibility (PR) correlates 
significantly and negatively with both UPOB and 
U2POB decisions. 
H3: Organizational identification (OI) correlates 
significantly and positively with both UPOB and 
U2POB decisions. 
H4: UPOB propensity (UP) correlates significantly 
and positively with both UPOB and U2POB decisions. 
H5: Psychological constructs explain a larger 
proportion of variation of UPOB action support in 
uncertain versus certain context.  

Survey data from 201 technology professionals 
was used to evaluate decision-making in both UPOB 
and U2POB contexts. The survey incorporated three 
“technology development ethical decision vignettes,” 
each representing one UPOB and U2POB situation 
(1,206 total decisions). Vignettes were used in this 
analysis to simulate, at scale, behaviors in real world 
contexts.  

These UPOB action support decisions represented 
a superior DV to the commonly used UP construct.  
UP as a proxy for UPOB decisions limited the 
proportion of  behavioral DV variance being explained 
in these earlier regression models. Simulating the  
actual decision (would you support the action or not), 
while not perfect, more accurately represents an actual 
decision being made. Using vignettes also allowed 
comparison of overall levels of support for UPOB and 
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U2POB actions by subjects, the focus of this research 
paper.  Vignettes have been applied in various research 
contexts (Aguinis & Bradley, 2014), including in prior 
UPOB studies (Alniacik, Kelebek, & Alniacik, 2022). 

Vignettes are contextually specific, limiting their 
external validity. Several vignette decisions were 
presented in this study in an effort to address this 
concern. The U2POB decisions varied in the nature of 
their uncertainty, and the UPOB decisions were 
egregious in their impact.  U2POB in scenario 1 
involved short-changing software testing to meet a 
release deadline (time/risk tradeoff). In scenario 2, the 
released autonomous vehicle software prioritized 
passengers over pedestrians, similar to the well-known 
runaway train track switching dilemma. In scenario 3, 
the use of private patient data without permission for 
studies to create new life-saving drugs (tradeoff and no 
“harm”, although illegal, and big societal benefit if 
successful).  The UPOB decisions involved “covering 
up” an AI tools selection bias in an operational HR 
context, hiding an autonomous vehicle’s “passenger 
over pedestrian” decision tree from broader scrutiny 
and selling patient data to others for their use in 
commercialization efforts with impacts to the patient’s 
health insurance access.  While limited in numbers, 
these scenarios do represent real-world situations. 
Tables 1, 2, and 3 provide details on the vignettes and 
decisions considered in this study.    

    
Table 1 UPOB hiring software vignette 

 
 
You are a data scientist at a fast-growing tech startup in Silicon 
Valley. You are working on an AI-powered hiring tool that 
promises to transform recruitment by ensuring impartiality in 
candidate selection. The company is racing against time, 
pushed by intense market competition, and under this pressure, 
shortcuts are taken. Some critical steps in ethics protocols, 
including comprehensive testing on diverse datasets, are 
omitted to meet the aggressive launch timeline. As a result, you 
discover that the AI reflects unconscious biases embedded in 
the team’s code. It favors candidates who resemble the 
developers, primarily those from similar socio-economic and 
cultural backgrounds. This leads to the exclusion of highly 
qualified candidates from underrepresented groups. A junior 
colleague flags this issue in internal discussions, warning that 
the tool may unintentionally perpetuate workplace inequalities. 
You face a moral crossroads: Speak out and risk being 
sidelined or even jeopardizing your job, or stay silent and let 
the flawed tool go to market, potentially harming countless job 
seekers. Compounding the dilemma, the company’s leadership 
actively suppresses discussions of these findings, prioritizing 
the tool’s release over addressing the ethical concerns driven 
by the fear of tarnishing its reputation and losing investor 
confidence. 

U2POB decision UPOB decision 

Do you agree with the 
decision to meet the market 
driven deadline despite the 
need to "short change" 
testing? 

Do you agree with the 
decision to suppress the tool's 
biased recommendations? 

Table 2 UPOB autonomous vehicle vignette 

You are the lead engineer at a prestigious automobile company 
developing an autonomous vehicle hailed as a breakthrough in 
safety and innovation. The AI system, designed to navigate 
complex urban environments, is intended to eliminate human 
error and significantly reduce traffic accidents. However, 
during the development phase, a critical ethical dilemma 
emerges. Simulations reveal a troubling pattern: In rare but 
high-stakes scenarios, the AI consistently chooses maneuvers 
that prioritize the safety of the vehicle's occupants over the 
lives of pedestrians. This decision aligns with the company's 
desire to market the vehicle as the safest option for drivers and 
passengers, but it raises profound ethical concerns about the 
value of human life and fairness in decision-making. 
The company faces a moment of reckoning. Fearing regulatory 
scrutiny and public backlash, leadership decides against 
disclosing these findings. Instead, they adjust the simulations 
to obscure the AI’s decision-making in these scenarios, 
ensuring the system appears flawless to both regulators and 
consumers. You are now caught between two conflicting paths: 
advocate for transparency and push for a reevaluation of the 
AI's programming, potentially delaying the project and 
jeopardizing the company's reputation, or remain silent and 
complicit in the decision to prioritize market success over 
ethical integrity. 

U2POB decision UPOB decision 

Do you agree with the 
decision to release the SW 
given the AI system's 
prioritization of passenger 
over pedestrian safety? 

Do you support the 
company's decision to keep 
the AI system's prioritization 
bias secret? 

 
Table 3 UPOB healthcare vignette 

 
You are a key member of the innovation team at a leading 
healthcare company. You are working on a groundbreaking AI 
project designed to predict patient health outcomes. The AI 
model is trained on vast amounts of personal health data 
collected from millions of individuals without their explicit 
consent. The team rationalizes this decision, believing that the 
potential to save lives by identifying high-risk individuals 
outweighs concerns about patient privacy. As the project is 
rolled out into the healthcare system, a troubling consequence 
emerges. Insurance companies gain access to the predictive 
data and use it to adjust premiums and deny coverage to 
individuals flagged as high-risk—even for conditions they have 
not yet developed. Patients, unaware that their data was used in 
this way, feel betrayed, as their personal information is turned 
against them. The ethics board within the organization debates 
the situation, but the financial rewards of selling the AI insights 
to third parties prove too tempting for leadership to resist. As a 
member of the innovation team, you are now faced with an 
ethical dilemma: Speak out against the misuse of the AI system 
and advocate for changes that protect patient privacy, risking 
backlash from leadership and jeopardizing your career, or 
remain silent, enabling the organization to continue profiting at 
the expense of patient trust and autonomy. 
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U2POB decision UPOB decision 

Do you agree with the 
decision to use personal 
health data without consent to 
build AI models to optimize 
early disease detection? 

Do you agree with the 
company's decision to sell AI 
insights based upon this data 
to third parties to use for their 
own product strategic needs? 

 
With 201 subjects and 1,206 total study decisions, this 
data set was robust; however, a minority of subjects 
were expected to agree to UPOBs of any kind, limiting 
the power of the analyses.      

Subject psychological construct data (UPOB 
propensity (UP), organizational identification (OI), 
and personal responsibility (PR)) and demographics 
were collected. A Wilcoxon non-parametric test 
compared subject UPOB and U2POB choices. 
Correlation and regression analyses with vignette 
decision choice as the dependent variable noted the 
significance and model impact of UP, OI, PR, and 
demographics. The analyses considered the impact of 
uncertainty on UPOB outcomes and the relevance of 
psychological constructs and demographic variables in 
the face of uncertainty.     
 
2. Theory 

2.1 Uncertainty versus risk 

Risk refers to situations where the occurrence and 
severity of outcomes can be modeled and where actual 
outcome probabilities are known; however, with 
uncertainty knowledge of outcome probabilities are 
unknown (Shaw, 2013; Hansson, 2009). Hansson 
(2009) noted that when outcome probabilities are 
known, they ideally reflect the overall utility of the 
decision context. Outcomes can be certain (if A then 
B), risky (if A then B at some probability), or uncertain 
(if A then B, C, etc., with no known probability for 
each potential outcome). 

Operating with uncertainty is common in novel 
technological contexts where the probabilities of 
outcomes and the actual potential outcomes 
themselves are unknown. Even if probabilities were 
assigned to certain outcomes, their accuracy remains 
suspect, and decision-makers lose sight of their 
inherent uncertainty (Hansson, 2009).  

Many situations present both risk and uncertainty, 
and risk can be evaluated with known probabilities. 
The ability to logically address risky issues given their 
known probable outcomes can lead to simultaneous 
neglect of critical but uncertain issues, given the 
difficulty in determining how to handle their 
uncertainty (Hansson, 2009).   

Decision-makers apply frameworks to help model 
uncertainty, such as assigning equal probabilities to all 

anticipated outcomes or applying strategies to 
maximize minimum desirable outcomes, as examples 
(Shaw, 2013). Any assumption of known probabilities 
in uncertain contexts is problematic; however, 
informed assumptions can be made, such as in 
symmetric situations (coin toss) or known relative 
frequencies from empirical data that could be 
reasonably applied in a new context (Quiggin, 2013).  

Quiggin (2013) noted that expected utility models 
and prospect theory evolved to consider the impact of 
uncertain individual behavior on decisions. This led to 
attempts to manage contextual uncertainty or 
variations in individual behaviors with rank-dependent 
models, betweenness models, and regret-theoretic 
methods; however, all require the assumption of 
probabilities. Quiggin (2013) notes that in practice, 
probabilistic modeling is challenging, often 
overlooked, and influenced by perceptions. The lack 
of certainty about an unethical outcome can justify 
pursuing “uncertain” UPOB actions due to the 
inability to accurately balance positive versus negative 
outcomes.  
 
2.2 Ethical judgments in tech innovations 
 

Duane, Ericson and McHugh (2024) and Martin 
and Villegas-Galaviz (2022) noted that practitioners 
have an ethical responsibility to create technological 
innovations in ways that do not harm users and yield 
beneficial outcomes. However, scholars have raised 
concerns about unethical practices for pro-
organizational gain (Bruns, 2019; Fansher et al., 2018; 
Fiesler and Hallinan, 2018; Wong, 2021; Gray, 
Lorena, Obi, & Duane, 2023). A recent study observed 
that designers of technological innovations were 
lacking knowledge of user impacts (Duane, 2023; 
Gray et al., 2023). Designers also faced challenges 
when attempting to build ethical products or services 
that conflicted with pro-organizational objectives 
(Duane, 2021; Wong, 2021). Figure 1 illustrates an 
issue and situationally contingent model of 
organizational ethical decision-making, based on the 
work of Jones (1991) and Craft (2013). 
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Figure 1. Model of org. ethical decision making 
(based on Jones (1991) and Craft (2013))  

2.3 UPOB model psychological constructs    

Umphress and Bingham (2011) introduced UPOB 
as “actions that are intended to promote the effective 
functioning of the organization or its members (e.g., 
leaders) while violating core societal values, mores, 
laws, or standards of proper conduct …” (p.622). Data 
on the UPOB propensity construct is typically 
collected from subjects using a six-measure, seven-
point Likert scale questionnaire proposed by 
Umphress et al. (2010), with the UPOB construct 
serving as the dependent variable in numerous studies. 
Table 4 notes exemplar studies highlighting the 
significance of ethical, moral, personal responsibility 
and organizational identification variables to UPOB 
propensity regression models. The measures 
underlying the  psychological constructs UP, OI and 
PR incorporated as subject IVs in this study’s vignette 
decision regression analyses are noted in  Table 5.   

 
Table 4 UPOB IVs from prior research literature 

 
Authors R2  IV Beta 

Grabowski 2019 0.24 Moral/ethical view -0.35 

Graham  2020 0.11 Ethical judgments 0.35 
McHugh 2024 0.30 PR -0.33 
Chen 2016 0.29 OI 0.19 

Lee. 2019 0.41 OI  0.28 

May. 2015 0.33 OI  0.13 

 
Table 5 IV construct measures (modified for table)  

 
UP OI  PR  

If it would help my 
org, I would 
misrepresent the truth 
to make my org. look 
good. 

I am very 
interested in 
what others 
think about 
my org. 

Personal integrity 
should never be 
compromised for 
the sake of tech. 
achievement. 

If it would help my 
org, I would 
exaggerate the truth 
about my company’s 
products or services. 

When 
someone 
praises this 
org, it feels 
like a personal 
compliment. 

I would raise 
concerns if I 
believed that our 
tech. dev. practices 
were ethically 
questionable. 

If it would benefit my 
org, I would withhold 
negative information 
about my company or 
its products. 

When I talk 
about this org, 
I usually say 
"we" rather 
than "they". 

I believe that every 
employee has a 
duty to question 
unethical practices, 
regardless of their 
role. 

If my  org. needed 
me to, I’d positively  
recommend bad staff 
so they become 
another org’s 
problem.   

When 
someone 
criticizes this 
org. it feels 
like a personal 
insult. 

I feel responsible 
for ensuring that 
my work adheres to 
ethical standards, 
even if it slows 
down progress. 

If my org needed me 
to, I would withhold 
issuing a refund to a 
customer or client 
accidentally 
overcharged. 

If a story in 
the media 
criticizes this 
org, I would 
feel 
embarrassed.                                                

 

If needed, I would 
conceal information 
from the public that 
could be damaging to 
my org. 

This org.'s 
successes are 
my successes. 

 

 
UPOB emerged as a concern in innovation-driven 

contexts where trade-offs, uncertainty, and global 
competition obscure ethical considerations. This 
obscurity allows many advances to proceed 
"ungoverned," with post hoc acknowledgment of 
spillover negative impacts. For instance, in 2018, 
Cambridge Analytica's data misuse and privacy 
violations were exposed, revealing that personal data 
from millions of Facebook users was collected without 
consent, and that data was used to target political 
advertisements during the 2016 U.S. presidential 
election (Graham-Harrison & Cadwalladr, 2018). This 
raised concerns not only about how this data was 
governed and obtained but also about the pro-
organizational and unethical use to which it was 
applied.  

The deliberate design of social media platforms to 
encourage addiction serves as another example of 
UPOB. Social media companies’ pursuit of 
organizational goals, user engagement, and 
profitability often conflict with their ethical 
responsibilities towards users, especially younger and 
more vulnerable demographics (Lauer, 2021). Infinite 
scrolling, notifications, and 'like' button features are 
crafted to enhance user engagement while taking 
advantage of human psychological vulnerabilities 
(Montag, Lachmann, Herrlich, & Zweig, 2019). 
Andreassen, Billieux, Griffiths, Kuss, Demetrovics, 
Mazzoni, and Pallesen (2016) and Twenge and 
Campbell (2018) identified a strong correlation 
between social media use and addiction, depression, 
anxiety, and loneliness. 

Uncertainty, by definition, makes the outcome of 
features such as the above unclear and temporally 
separated between development and use, facilitating 
coping mechanisms such as moral disengagement 
(Chen, Chen, & Sheldon, 2016; Lee, Schwarz, 
Newman, & Legood, 2019) and adding risk tradeoffs 
to the calculation of moral judgments (Graham, 
Resick, Margolis, Shao, Hargis, & Kiker, 2020).  

The UPOB construct served as a dependent 
variable and thus a proxy for actual UPOB decisions 
in many research studies; however, it can also serve as 
an IV, as done in this paper. As noted in Table 5 from 
a review of the construct measures, the UPOB 
propensity construct and the OI construct are focused 
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on the organization-employee interface, while the 
personal responsibility construct focused on an 
individual’s personal ethical considerations.  

3. Methods 

To evaluate the hypotheses, data was collected 
through a survey that included measures for UPOB 
propensity, organizational identification, and 
employee personal responsibility, as noted in Table 5. 
Regression analyses were conducted with subject 
decisions based on UPOB vignettes as the dependent 
variables, UP, OI, and PR as independent variables, 
and subject demographics included as controls. 
Umphress’ UP construct was included in the model 
given its pervasive use within the UPOB research 
literature. The OI construct was included in the model 
given its frequent study as an IV in UPOB models and 
its high significance level and impact noted in prior 
studies identified in Table 4. The UP and OI constructs 
focus on the organization-employee relationship, as 
noted in Table 5. Ethical measures such as the PR 
construct have also proven significant in prior UPOB 
models as noted in Table 4. A Wilcoxon non-
parametric test for two related samples was conducted 
to evaluate the difference in support for the U2POB 
and UPOB vignette actions.              

A total of 201 subjects were sourced using 
Prolific.com. Prolific emphasizes high data quality 
through rigorous prescreening and transparency in 
participant compensation, addressing common 
concerns about bias and data reliability often 
associated with MTurk (Peer, Brandimarte, Samat, 
Acquisti, 2017; Palan & Schitter, 2018). Prolific's 
platform was designed to facilitate ethical research 
practices, ensuring fair treatment and payment for 
participants (Palan & Schitter, 2018). Subjects were 18 
years or older, located in the USA, fluent in English, 
used technology more than once a day, were currently 
employed, and were required to complete the study on 
a desktop, tablet, or mobile device. To minimize 
potential social desirability bias, the survey was 
conducted anonymously. Participants were informed 
that there were no right or wrong answers and that their 
responses would remain confidential. The sample 
included 38% female participants, 58% in 
management roles, 30% without a college degree, and 
20% with a graduate degree. The average age was 38 
years. Regarding job tenure, 8.5% had less than one 
year of experience, while 40.8% had five or more 
years. 

    
3.1 Survey data and analysis 
 
Participants responded to items on a 7-point Likert 

scale (1 = strongly disagree, 7 = strongly agree) for 
all dependent and independent variables. Established 
measures were used for each construct. Data analysis 
was conducted in SPSS (Version 28), including linear 
regressions, correlation analyses, and Wilcoxon non-
parametric tests. The survey incorporated three 
ethical decision-making vignettes (see Tables 1–3), 
each presenting both UPOB and U2POB decision 
scenarios for participant evaluation. 

 
4. Results 

Thirty-five percent of subjects expressed support 
for at least one UPOB/U2POB decision, and eighteen 
percent of subjects supported two or more UPOB/ 
U2POBs. 

 
4.1 UPOB vs. U2POB decision frequency (H1) 

  
In total, 11.9 percent of decisions were supportive 

of UPOB/ U2POB, with 54 percent of these supported 
decisions resulting in uncertain outcomes.  The higher 
level of U2POB decision support (18.2 percent greater 
than for UPOB decisions), involving  20 subjects that 
only agreed to U2POB actions, was suggestive that 
uncertainty provided a “greater license” for potential 
U2POB behaviors, increasing their relative 
occurrence. 

To determine if these observations were 
statistically significant, a Wilcoxon non-parametric 
test for two related samples was conducted with the 
input reflecting each subject’s UPOB total decisions 
minus their U2POB total decisions. The negative 
rankings were higher than the positive rankings as 
hypothesis 1 suggested, at 35 and 19 respectively. 147 
subject data records reflected ties and thus were not 
considered in the Wilcoxon analysis (tie = same 
number of UPOB and U2POB decisions) reducing 
analytic power. Despite this, the results were Z = -
1.696 with a one-sided P value of 0.045 and a ranked-
biserial r = 0.231, suggesting a statistically significant 
small to medium effect size.  
 
4.2 Correlation analyses 
 

Pearson bivariate correlation analyses showed 
significant correlations at the 0.01 level between the 
UPOB propensity (UP) and Personal Responsibility 
(PR) constructs with both UPOB and U2POB action 
support, with the UP correlation positive and the PR 
correlation negative. The Org. Identification (OI) 
construct positively correlated at the  0.05 level with 
UPOB action support.   

Subject demographics were collected through a 
series of binary questions: gender (female), salary 
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(<$100,000 annually, >$200,000 annually), terminal 
education degree (no degree, bachelors, graduate), 
work role (manager/director/executive/ teacher), and 
tenure in current workplace (less than 1 year, greater 
than 5 years). Age was a continuous variable.  

The Pearson correlation identified subject age 
negatively correlated with  UPOB/U2POB actions and 
earnings less than $100K positively correlated with 
U2POB actions, as noted in Table 6.   

 
Table 6 Pearson correlation  
(abbreviated for column fit) 

 
  U2POB UPOB   PR   UP   OI  MGR Female Age 

U2POB 1 .754** -.537** .517** .159 .179 -.167 -.344** 

UPOB .754** 1 -.422** .453** .209* .154 -.134 -.198* 

 PR -.537** -.422** 1 -.348** .085 -.086 .304** .120 

 UP .517** .453** -.348** 1 .358** .339** -0.154 -.265** 

 OI  .159 .209* .085 .358** 1 .418** -.207* -.225* 

MGR .179 .154 -.086 .339** .418** 1 -.404** -.114 

Female -.167 -.134 .304** -.154 -.207* -.404** 1 .080 

Age -.344** -.198* .120 -.265** -.225* -.114 .080 1 
<100K .196* .142 -.048 -.217* -.301* -.029 .064 .043 
>200K .033 .084 .008 .220* .079 .097 -.115 .086 

No deg -.145 -.137 .110 -.353** -.243* -.256** -.086 .045 
Grad d .136 .133 -.139 .384** .179 .280** .004 -.126 
** Correlation is significant at the 0.001 level (2-tailed)  
*  Correlation is significant at the 0.05 level (2-tailed) 

 
Variation inflation factor (VIF) analyses were 

conducted for all regression variables with the VIFs 
for the psychological constructs ranging from 1.018 to 
1.374 and for the controls from 1.154 to 2.948 (with 
the VIFs greater than 2 all clustered among the  
education degree level variables). These VIF 
calculations indicated limited independent variable 
multicollinearity. 

 
4.3 Demographic variable’s model impact 
 

To further consider control variable significance 
and impact on UPOB/U2POB two linear regressions 
were conducted.  The only significant demographic 
variable in both models was age with a negative 
correlation. Overall model variance explained was a 
low 0.05 and 0.067 with R2 values as noted in Table 7. 

 
Table 7 Demographic variables standardized 

coefficients Beta 
 

 UPOB U2POB 
Manager 0.061 0.037 
<1 yr. at org 0.065 0.082 
> 5 yr. at org -0.023 0.028 

Female -0.081 -0.099 
Age -0.186* -0.250* 
Salary <$100K 0.115 0.108 
Salary > $200K 0.043 -0.014 
Edu no degree -0.049 -0.072 
Edu Bachelors 0.082 0.013 
Edu Graduate 0.147 0.099 

R2 0.050 0.067 
DV = UPOB/U2POB as noted  
** Correlation is significant at the 0.001 level (2-tailed)  
*  Correlation is significant at the 0.05 level (2-tailed) 
 
4.4 UP, PR and OI psychological construct 
model impacts (H2, H3, H4, and H5)  
 

For the psychological construct analysis, the 
sample size was reduced to 101 subjects due to 
missing values for the UP construct for 100 subjects 
(the survey used for these subjects included an 
alternative psychological construct in lieu of 
Umphress’ UP; all other measures were identical 
across the 201 subjects). If the 100 subjects missing 
the UP construct were included in the analysis the 
regression would ignore these subjects for all models 
incorporating the UP measure, effectively reducing the 
analysis to the 101 subjects noted.  Imputing values for 
the missing data was deemed inappropriate given the 
assumptions required. Consistent subject 
demographics across the full data set of 201 subjects 
noted earlier and the 101 subject  data sub-set (37% 
female; 68% in management roles; 30% without a 
college degree; 24% holding graduate degrees; 
average age of 37.4 years; 7% with less than one year 
at their job; and 41.5% with 5 or more years at their 
job) were observed. The ability to target the 
demographic control IVs utilized reduced the number 
of variables, optimizing analytical power.      

Given the significance of OI as an IV in prior 
research where UPOB propensity (UP) served as the 
DV, an analysis was conducted to replicate these 
findings with this study data. The results found the OI 
dependent variable to be significant at the  <0.001 
level with a standardized coefficient of Beta of 0.358 
and an adjusted R2 for the model of 0.119. With the 
age variable included in the model the R2 value rose to 
0.147 and both OI and Age were statistically 
significant at the 0.001 and 0.05 levels respectively.   
These results are consistent with prior research, as 
noted in Table 4.    

Tables 8 and 9 report the linear regression analysis 
results with UPOB and U2POB action support serving 
as the DVs.  With the UPOB action support DVs, OI 
lost its predictive statistical significance in the U2POB 
study. In the UPOB analysis OI proved statistically 
significant when standalone; however, its Adj. R2 was 
extremely low (3.4% of variance explained) and the 
addition of the UP IV led to its loss of significance. In 
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both cases the OI IV was dropped from the models 
based on these results.     

The UP and PR IVs were significant in both 
models, with large β values and a high impact on 
overall model R2. The impact of PR, as measured by β 
size and R2 impact, suggests an even higher impact in 
the U2POB contexts. The Age and < $100K annual 
salary control variables were included in the models 
given their correlation results and significance in the 
prior regressions (Tables 6 and 7). In these models the 
Age control variable was not significant in the UPOB 
context; however, it was significant, and negative, in 
the U2POB context. Having a low annual salary 
proved significant, and positive in both the UPOB and 
U2POB models. The full models for UPOB and 
U2POB had strong R2values of 0.306 and 0.504. 

 
Table 8 Linear regression UPOB vignette models 

 
IV 1 2  3 4 5 
OI .209*  .054        
UP   .434** .349** .330** .388** 

PR       -.300** -.298* -.268* 

Age        -.075 -.072 

<100K     .216* 

R2 .034 .192 .270 .268 .306 
Dep. variable:  Sum of subject UPOB decision values 
** Correlation is significant at the 0.001 level (2-tailed) 
*  Correlation is significant at the 0.05 level (2-tailed) 

 
Table 9 Linear regression U2POB vignette models 

 
IV  1         2     3 4 5 
OI .040            

UP   .517**     
.376**  .322** .396** 

PR       -
.406** -.400** -.361** 

Age        -.211* -.208* 
<100K     .273** 

 R2  .016  .260    .400  .437 .504 
Dep. variable:  Sum of subject U2POB decision values  
** Correlation is significant at the 0.001 level (2-tailed)  
*  Correlation is significant at the 0.05 level (2-tailed) 

 
5. Discussion 

These empirical results provide support for four of 
the five hypotheses considered:   
H1: U2POB decisions are more likely to be approved 
than UPOB decisions; 
H2: PR correlates significantly and negatively with 
both UPOB and U2POB decisions; 
H4: UP correlates significantly and positively with 

both UPOB and U2POB decisions; and 
H5 Psychological constructs explain a larger 
proportion of variation of UPOB action support in 
uncertain versus certain contexts.  

For H1, U2POB decisions being more likely to be 
approved than UPOB decisions, U2POB  support was 
observed from subjects that had not shown support for 
any of the UPOB vignettes. For H2 and H4, the 
personal responsibility (PR) and UPOB propensity 
(UP) variables had large beta coefficients and 
significantly improved the model R2 values indicating 
a strong relationship between their addition to the 
models and vignette outcomes and variance explained.  

H3, suggesting OI would correlate significantly 
and positively with both UPOB and U2POB decisions 
was not supported in this study. These results are not 
unexpected given the focus of both the OI and UP 
measures on the employee-organizational context 
noted in Table 5. However, in this study where the 
analyses’ DV reflects actual subject support for 
UPOB/U2POB actions the OI variable became 
insignificant as a standalone variable in the U2POB 
context and when paired with the UP IV in the UPOB 
context. As noted in Table 5, the UP construct focuses 
on support for actions to address organizational needs 
while the OI construct focuses more on  subject 
feelings about the organization. Given the action focus 
of the UPOB/U2POB DVs the superior explanatory 
power of the UP versus OI construct was, in hindsight, 
not unexpected.   

For H5, both the PR and UP  psychological 
construct additions to the regression models showed 
higher contributions to variance explained (R2 
increases) in the U2POB models compared to the 
UPOB models providing support for this hypothesis. 
 
5.1 U2POB prevalence and impact 

Uncertainty, as noted in the theory section, is 
commonplace in decision contexts (UCL, 2025) 
making decision making difficult given that 
probabilities for the varied outcomes are unknown.  As 
Shaw noted (2013), one way to address uncertainty is 
to apply equal probabilities to all outcomes.  In the 
binary case of U2POB, as with a coin toss, we can 
assign a 50% probability to the U2POB occurrence and 
non-occurrence.  In this scenario support for U2POB 
results in actual U2POB half the time.      

Exemplars prove informative of the contrast 
between UPOB and U2POB contexts and assists in 
understanding the difficulties decision makers face.  
For example, the NASA Challenger space shuttle 
positive launch decision was made despite knowledge 
of potential, fatal, O-ring degradation concerns at cold 
launch temperatures (Vaughan, 1996). Temperatures 
were cold on the day of planned launch and engineers, 
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with awareness of the degradation concerns, were 
involved in the launch decision process; however, they 
did not argue against proceeding with the launch as 
planned. Research studies have raised organizational 
behavior concerns with NASA; however, if the shuttle 
destruction and astronaut deaths were certain the 
engineering team’s response would clearly have been 
different.  

Similar if-then thought exercises could be 
conducted for the Theranos’ blood testing scandal 
(Griffith & Woo, 2022), Meta-Cambridge Analytica 
Facebook data breach (Graham-Harrison & 
Cadwalladr, 2018) and numerous other UPOB and 
U2POB situations.  It is important to note that this is 
not just a TMT problem. Both senior executives and 
regular employees are culpable in many of these 
occurrences, as noted in the Challenger situation.                         
 
5.2 Organization and employee focused IVs 
 

In a study of top management fraud Zahra, Priem, 
and Rasheed (2005) noted societal, industry and 
organizational antecedents of such actions. Ashforth 
and Anand (2003) noted organizational processes of 
institutionalization, rationalization and socialization 
normalizing corruption within firms translating into 
employee UPOB behaviors, despite, in many cases, 
employee’s otherwise strong moral values, which 
provide a counter-balance to corporate corruption.  

As suggested in hypothesis 2, personal 
responsibility serves as a counterweight to UPOB and 
U2POB normalization within the organization while 
higher UPOB propensity, as a proxy for a higher 
organization-employee affiliation, increases employee 
support for U2POB behaviors in order to help the firm 
as suggested in hypothesis 3.   
 
5.3 Future evaluation of legal and risk factors 
 

Support for hypothesis 4, UPOB propensity will 
explain more variance with U2POB versus UPOB, was 
expected given the ethical context for UPOB actions. 
Given uncertainty, U2POB may or may not trigger 
unethical behaviors, making employee approval of 
such actions more likely. Higher organizational-
employee affiliation suggests stronger support for 
such actions that will not be as strongly countered by 
ethical considerations. In the case of UPOB, employee 
approval is guaranteed to result in unethical outcomes 
triggering a stronger counter from an employee’s 
personal responsibility. 

Given the unethical and potentially illegal nature 
of UPOB a legal factor such as Davis et al. (2021) 
included in their full personal social responsibility 
construct could prove impactful to future UPOB 

models.  In U2POB contexts measures of risk, included 
in other psychological constructs, could similarly 
prove impactful given the uncertain context of such 
decisions.      

      
5.4 Governance and U2POB   
 
Governance is critical in uncertain contexts, as 
highlighted in responsible innovation research (UCL, 
2025). And resulting negative outcomes from 
UPOB/U2POB action support can be problematic and 
costly for organizations as well as society.  For 
example, the Facebook-Cambridge Analytica data 
breach resulted in significant fines for Meta from the 
FTC and SEC for lack of transparency to customers 
and failure to protect their data (McCallum, 2022; 
Davies & Rushe, 2019). 

Uncertain situations, as noted in section 2.1, are 
distinct from those addressed via risk management 
practices in that the probabilities of the various 
outcomes are unknown. Reducing uncertainty, or 
advancing uncertain contexts to be probabilistically 
risk assessed, requires collective action by 
empowered, technically informed, independent 
participants with the authority to solicit and access 
existing data and to guide data collection as needed. In 
uncertain contexts, larger and diverse decision bodies 
provide expanded access to knowledge, improving 
decision outcomes. In a prediction market context, 
research has shown that at least 10 participants are 
needed to achieve market efficiency. (McHugh & 
Jackson, 2012). Understanding if the situation being 
deliberated is one of risk or uncertainty is critical. 

Numerous research studies have suggested that 
individuals perform better in smaller teams (Mueller, 
2012); however, overall team success often increases 
with increasing membership (Stewart, 2006). 
Berekmeri and Zafeiris (2020), utilizing network 
analysis, studied the processes of yielding accurate 
information and reaching consensus in group decision 
making. They analyzed communication networks and 
participant characteristics for optimal group sizes 
ranging between 5 and 30 participants. Networks 
promoting information sharing among members were 
found to be more hierarchical based on their 
communication structure and member expertise, with 
larger team sizes found effective at accurate 
information dissemination.   

Research has shown homophily of psychological 
profiles of top CEOs (McHugh & Duane, 2025), with 
the potential for such homophily to extend to a CEO’s 
TMT hires. Drawing upon a larger and more 
heterogeneous population of decision makers/advisors 
could reduce the likelihood of  homophily and 
resulting groupthink during deliberations. 

Requiring supermajority thresholds on the part of 
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decision makers in uncertain contexts, similar to 
qualified majority voting systems in political and 
legislative settings, could also serve as an effective 
governance mechanism to reduce unethical outcomes. 
Such structures could help prevent a small subset of 
high-risk decision-makers from enabling unethical 
actions. Embedding supermajority requirements into 
formal governance policies could function as a 
systemic safeguard in uncertain contexts. 

This study also highlights that education/training is 
critical for legal compliance.  The UPOB/U2POB 
actions raised in the healthcare vignette (Table 3) 
would be considered illegal in a U.S. context; 
however, 14.4% of subjects agreed to support at least 
one of these illegal behaviors. 

   
5.5 Future UPOB modelling 
 

Constructs, such as Umphress’ UPOB propensity, 
serving as proxies for UPOB decisions, are imperfect. 
Table 9 suggests the UPOB propensity measure 
explains 26% of variability (based on R2 results) while 
serving as an IV for the vignette-determined U2POB 
decision DV. 

Many prior UPOB studies have IV values with 
varying predictive efficacy. Two extremely strong IV 
areas referenced in Table 4 include OI and 
moral/ethical impacts. Their R2 values suggest 
explanatory variance efficacy between 0.11 and 0.51 
(as measured by full model R2 values) for the 
Umphress UPOB propensity proxy DV.  Assuming 
vignettes more fully reflect actual UPOB decisions 
these OI and moral/ethical variables would have a 
variance explanation for the actual U2POB decision of 
0.13 (0.26 UPOB propensity construct Vignette 
U2POB decision variance explained x 0.51 IV 
variance explained relative to the UPOB propensity 
construct) on the high end. In the context of behavior 
studies, such as this analysis, vignette DV 
development can be a powerful tool providing insight 
to significant variables impacting actual decisions.  In 
a UPOB/U2POB context this approach allows for the 
reconsideration of prior IV measures and the need for 
investigation of new more impactful constructs 
impacting actual behaviors such as the personal 
responsibility construct evaluated in this study and 
legal, risk and other psychological constructs for 
consideration in future research.  
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