
 

 

 

RJ Fiene 

      

      

The Unified Theory of Regulatory Compliance 



The Unified Theory of Regulatory Compliance 

 

 

Introduction 

This series of research abstracts presents a unified picture of the theory of regulatory compliance 
by demonstrating how the micro version, Child Care Early Education Heart Monitor and the macro 
version, Integrated Regulatory Framework interface together into one seamless system and App.   

This anthology presents the Integrated Regulatory Framework (IRF), a model that transforms 
human services governance from a passive monitoring function into a proactive strategy for 
managing "predictable irrationality". It argues that traditional "one-size-fits-all" regulatory models 
are flawed because they rely on the "Linear Fallacy"—the incorrect assumption that 100% rule 
compliance directly equates to 100% safety and quality. 

The various articles and sections within this anthology detail the following core components: 

• The Psychological Engine (Prospect Theory): Drawing on the work of Kahneman and 
Tversky, the document explains how loss aversion and the certainty effect drive 
provider behavior. It highlights how providers are more motivated to protect an existing 
status (like a license) than to achieve new gains, and how being in a "failure state" can 
trigger a dangerous "falsification gamble". 

• The Operational Architecture (Uncertainty-Certainty Matrix): The UCM is 
introduced as a diagnostic tool to map regulatory decisions against the actual state of 
compliance. It is used to identify assessor bias, distinguishing between "positive bias" 
(leniency that leads to dangerous false negatives) and "negative bias" (strictness that 
creates unnecessary administrative burdens). 

• The Theory of Regulatory Compliance (TRC+): This section challenges "zero-
tolerance" models by identifying a "plateau effect" where "substantial compliance" (98-
99%) often yields equal or superior quality to full 100% compliance. This leads to the Law 
of Diminishing Returns, suggesting that exhaustive inspections of high-performing 
facilities are inefficient. 

• Differential Monitoring and Predictive Modeling: The document outlines strategies 
for targeted oversight using Key Indicators (KI)—a small subset of rules that predict 
overall compliance—and Risk Assessment (RA), which prioritizes rules where violations 
pose the greatest threat to client safety. 

• The IRF Master Algorithm: Several articles detail the technical unification of these 
theories into a formal algorithm: IRF = (FC) - (F-) - (2F+). This formula utilizes the Fiene 
Coefficient (FC) to validate rules, mandates a zero-tolerance standard for False 
Negatives (F-), and includes a "fairness guardrail" to mitigate False Positives (F+). 

• The Evolution to 3D Assessment (CH+): Later abstracts describe moving from static, 
one-dimensional observations to three-dimensional models. This includes the Contact 
Hour (CH) metric, which adds a time dimension (2D) to ratios, and the Enhanced 
Contact Hour (CH+) metric, which infuses a "Z-axis" of Program Quality Indicators 
(PQIs) to measure the actual experience of children (3D). 
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Abstract 
 
The governance of human services—encompassing child care, adult residential care, mental health services, 
and elder care—has historically relied on a paradigm of prescriptive oversight that prioritized exhaustive 
adherence to a monolithic set of rules.1 However, contemporary developments in regulatory science and 
behavioral economics suggest that this "one-size-fits-all" approach is fundamentally flawed, failing to 
account for the cognitive heuristics of regulated entities and the non-linear relationship between 
compliance and quality.3 The Integrated Regulatory Framework (IRF) emerges as a sophisticated 
institutional response to these deficiencies, bridging the psychological logic of Prospect Theory with the 
operational architecture of the Uncertainty-Certainty Matrix (UCM).5 This synthesis transforms regulatory 
oversight from a passive monitoring function into a proactive mitigation strategy for "predictable 
irrationality," aligning the subjective values of providers with the objective goals of systemic risk 
management.5 

The Historical Evolution of Regulatory Science and the Linear Fallacy 

The discipline of human care regulatory science has undergone a significant transformation over the past 
four decades, shifting from a qualitative, anecdotal approach to an evidence-based framework grounded in 
mathematical modeling and psychological research.2 In the mid-20th century, licensing and monitoring 
were primarily based on "expert opinion" and case notes, with little empirical validation for the rules being 
enforced.1 This era was defined by the "Linear Fallacy"—the assumption that as adherence to rules increases 
toward 100%, the safety and quality of outcomes increase in a corresponding, direct manner.1 

Traditional regulatory models pursued a goal of 100% compliance, often referred to as a "zero-tolerance" 
approach.3 This paradigm suggested that more compliance invariably leads to better results, encouraging a 
punitive atmosphere where any violation, regardless of its severity or predictive value, was viewed as a 
failure.3 However, empirical studies began to reveal a "ceiling effect" or "plateau effect" in data distributions, 
where programs achieving "substantial compliance" (98-99%) often demonstrated equal or superior quality 
to those in "full compliance" (100%).1 This revelation challenged the standard paradigm and "upset the 
proverbial public policy apple cart," leading to the development of the Theory of Regulatory Compliance 
(TRC+).1 

The emergence of the National Association for Regulatory Administration (NARA) and the contributions of 
regulatory science researchers have been pivotal in this shift.13 By introducing methodologies like Key 
Indicators and Risk Assessment, the human services regulatory science field moved toward identifying the 
"right rules" rather than simply "more rules".14 This evolution recognizes that effective regulation 
necessitates a scientific understanding of human behavior, the dynamics of organizations, and the actual 
impact of rules on societal outcomes.14 



 
 

4 
 

The Cognitive Engine: Prospect Theory and the Psychophysics of Choice 

Prospect Theory, developed by Kahneman and Tversky, serves as the psychological "engine" of the 
Integrated Regulatory Framework.5 It posits that human decision-making is not guided by absolute utility, 
as suggested by neoclassical economics, but by subjective evaluations of potential gains and losses relative 
to a reference point.17 This theory is critical for understanding why provider behavior becomes volatile or 
risk-seeking under specific regulatory conditions.5 

Loss Aversion and the Asymmetry of Regulatory Status 

The principle of loss aversion dictates that the psychological pain of a loss is approximately twice as potent 
as the satisfaction of an equivalent gain, often cited as a 2:1 ratio.5 In a regulatory environment, this means 
that a provider’s drive to protect an existing license or "Five-Star" rating is far stronger than the motivation 
to achieve a new milestone.5 When a provider’s status is threatened by a negative finding, the asymmetry of 
choice often triggers disproportionate defensive maneuvers.5 This can manifest as legal challenges to 
citations or, more dangerously, the obfuscation of non-compliance to avoid the perceived "sure loss" of a 
license.5 

The Certainty Effect and Institutional Equilibrium 

Regulated agents exhibit a non-linear overvaluation of guaranteed outcomes, a phenomenon known as the 
certainty effect.5 This psychological preference for "sure things" dictates the "premium" providers are 
willing to pay for regulatory stability.5 Under the Integrated Regulatory Framework, certainty functions as 
both a psychological anchor and a strategic milestone.5 When the regulatory system is predictable and 
high-performing providers are granted "fast-tracked" status, they value the "sure thing" of a clean record 
over the high-variance gamble of cutting corners.5 This creates a stable equilibrium where the regulated 
entity prioritizes institutional peace and operational efficiency over marginal gains from non-compliance.5 

Risk Preferences and the Domain of Losses 

A critical finding of Prospect Theory is that risk preferences shift based on the framing of outcomes: people 
are generally risk-averse regarding potential gains but become risk-seeking when confronted with a "sure 
loss".5 In regulatory science, this explains the behavior of entities in "failure states"—those in the high-risk, 
low-compliance quadrant of the matrix.5 When a provider faces license revocation, the situation is framed 
as a "sure loss".5 In this state, falsifying records or hiding violations becomes a "high-variance gamble" that 
offers a marginal probability of avoiding the loss, making it psychologically more attractive than accepting 
the certain penalty.5 

The Operational Architecture: Fiene’s Uncertainty-Certainty Matrix 

While Prospect Theory provides the psychological "Why," the Uncertainty-Certainty Matrix (UCM) 
provides the technical "How" for institutional oversight.5 The UCM serves as a diagnostic instrument for 
institutional stability, mapping the Decision (D) made by a regulator against the Actual State (S) of 
compliance.5 

The UCM Logic Model and Binary Measurement 

The UCM is a 2x2 matrix adapted from the contingency table used in statistical decision-making.13 It is 
specifically designed to handle the nominal, binary nature of licensing data: a rule is either in compliance 
(+) or not in compliance (-).30 
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Regulatory Decision 
(D) 

Actual State of 
Compliance (S) 

UCM Cell 
Classification 

Statistical Outcome 

(+) In Compliance (+) In Compliance Agreement (++) 
True Positive 27 

(-) Not In Compliance (-) Not In Compliance Agreement (--) 
True Negative 27 

(+) In Compliance (-) Not In Compliance Disagreement (+-) 
False Negative (High 
Risk) 3 

(-) Not In Compliance (+) In Compliance Disagreement (-+) 
False Positive 
(Inefficiency) 3 

 

The strategic objective of the matrix is to drive a developmental vector toward "Certainty," characterized by 
the agreement cells.5 In a perfect system, the UCM Coefficient would be +1.00, indicating absolute 
agreement.30 A coefficient closer to 0 indicates randomness, while a negative coefficient indicates 
systematic disagreement or uncertainty.31 

Addressing the Measurement Problem and Inspector Bias 

The UCM is proposed as a first step to rectifying the "Measurement Problem" in human services licensing, 
which has long suffered from low reliability in monitoring reviews.13 Without a solid measurement 
framework, the field is vulnerable to the "Garbage In, Garbage Out" problem, where unreliable data leads to 
flawed policy decisions.15 

By applying the UCM, administrators can identify specific patterns of bias in the inspection workforce.30 
Bias is visualized in the matrix not as a random distribution, but as a consistent horizontal or vertical 
skew.34 For instance, a "positive bias" occurs when an inspector consistently rules a facility as compliant 
regardless of the actual state, leading to dangerous false negatives that place clients at extreme risk.13 
Conversely, a "negative bias" reflects an overly punitive approach that generates false positives and burdens 
providers with unnecessary corrective actions.3 

The Theory of Regulatory Compliance (TRC+): Diminishing Returns and the Plateau Effect 

The Theory of Regulatory Compliance (TRC+) challenges the efficacy of "zero-tolerance" regulatory 
models.3 It posits that the relationship between compliance and quality is curvilinear, characterized by a 
distinct plateau as programs approach 100% compliance.1 

The Sweet Spot of Substantial Compliance 

Empirical research has identified a "sweet spot" for resource optimization, typically found at 98-99% 
compliance, or what is termed "substantial compliance".1 Studies comparing regulatory violations to 
independent quality assessments (such as the Environment Rating Scales) have shown that quality 
increases linearly from low compliance levels up to substantial compliance.1 However, moving from 
substantial compliance to full (100%) compliance often yields no statistically significant improvement in 
quality or safety.1 

In some cases, programs in full compliance actually demonstrate lower quality than those in substantial 
compliance.12 This counterintuitive finding suggests that an obsessive focus on "dotting every i and crossing 
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every t" can divert valuable resources and attention from higher-impact process quality elements, such as 
teacher-child interactions and developmentally appropriate curricula.3 

The Law of Diminishing Returns 

The Regulatory Compliance Law of Diminishing Returns states that as compliance efforts increase beyond a 
certain point, the incremental benefits to program quality or public safety diminish at an accelerating rate.4 
This phenomenon is a primary driver for differential monitoring, as it demonstrates that comprehensive 
inspections of high-performing facilities are not an efficient use of regulatory resources.4 

 

Compliance Level Violations Found Quality/Safety 
Impact 

Regulatory 
Paradigm 

Low Compliance 7+ Violations High Risk / Low 
Quality 

Failure to meet basic 
safety 3 

Mid-Range 
Compliance 

3-6 Violations Variable Quality 
Moderate risk; needs 
TA 3 

Substantial 
Compliance 

1-2 Violations Optimal Quality / 
High Safety 

"Sweet spot" for 
outcomes 1 

Full Compliance 0 Violations High Safety / 
Plateaued Quality 

Diminishing returns 
on effort 1 

 

Differential Monitoring: Efficiency through Key Indicators and Risk Assessment 

Differential monitoring is the operational strategy that emerges from the synthesis of Prospect Theory and 
TRC+.36 It moves away from "one-size-fits-all" inspections toward targeted oversight based on a facility’s 
risk profile and compliance history.15 This approach utilizes two primary tools: the Key Indicator (KI) 
checklist and the Risk Assessment (RA) matrix.40 

Key Indicator (KI) Methodology and the Fiene Coefficient 

The KI methodology identifies a small subset of rules that statistically predict overall compliance with the 
entire set of regulations.38 This allows inspectors to conduct abbreviated reviews that are both efficient and 
effective.1 The identification of these indicators is driven by the Fiene Coefficient named by a British 
Columbia research assessment which is a statistical formula (ᶲ) designed to assess the predictive power of 
individual rules.38 

To identify a Key Indicator, programs are sorted into high-compliance and low-compliance groups 
(typically the top and bottom 10-15%).38 The frequency of compliance for each rule is then cross-tabulated 
in a 2x2 Regulatory Compliance Key Indicator Matrix (RCKIM).38 
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The standard Fiene Coefficient (FC) is calculated as: 

 
Where: 

● A = Compliance in high group 

● B = Non-compliance in high group 

● C = Compliance in low group 

● D = Non-compliance in low group 38 

● ∑W=(A+B); ∑X=(C+D); ∑Y=(A+C); ∑Z=(B+D). 
 

Recognizing the severe consequences of false negatives in human services, the revised formula FC* utilizes 
a B3 adjustment to mathematically penalize rules that might hide non-compliance: 

 
This adjustment ensures that the chosen Key Indicators are robust and prioritize client protection above all 
else.30    

Risk Assessment (RA) and Rule Weighting 

While Key Indicators predict overall compliance, Risk Assessment identifies the rules where non-
compliance poses the greatest threat to client safety.38 The RA methodology assigns weights to rules based 
on the potential for morbidity or mortality.38 For example, a rule regarding the "safe storage of toxic 
chemicals" carries a significantly higher weight than a rule regarding "administrative record-keeping".3 

The Risk Assessment Matrix (RAM) cross-references the severity of a violation with its prevalence.27 This 
results in a 3x3 matrix where rules are categorized into "Green" (low risk), "Yellow" (medium risk), and 
"Red" (high risk).3 These high-risk rules are reviewed during every visit, regardless of whether a full or 
abbreviated inspection is being conducted.9 

Strategic Framing and Behavioral Interventions in Policy 

The Integrated Regulatory Framework recognizes that the way regulatory findings are communicated 
(framed) is as important as the findings themselves.5 By strategically applying message framing, regulators 
can influence the internal "sense-making" of providers to encourage stable compliance.45 

Positive Reinforcement and the Gain Frame 

Regulators should utilize "Gain Frames" for high-performing programs to anchor them in a state of 
preservation.5 Presenting compliance as a means to "sustain a prestigious rating" or "maintain eligibility for 
fast-tracked status" activates reward centers in the provider's brain, promoting risk-averse behavior.5 This 
encourages the provider to protect their positive asset—their high-compliance status—and avoid the 
anxiety of probabilistic enforcement.5 

Managing the Loss-Mitigation Mindset 

Conversely, framing findings as "failures resulting in penalties" can inadvertently shift a provider into a loss-
mitigation mindset.5 In this state, providers become psychologically predisposed toward risk-seeking 
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behaviors as they attempt to gamble their way out of a perceived "sure loss".5 Effective regulatory policy 
must therefore balance the need for clear deterrents with the risk of triggering irrational volatility.5 

 

Policy Tool Theoretical Anchor Strategic Objective Institutional 
Outcome 

Fast-Tracking Certainty Effect Reward consistency; 
lower burden 

Stable Equilibrium 5 

Differential 
Monitoring 

TRC+ / Diminishing 
Returns 

Focus resources on 
high-risk areas 

Optimized Efficiency 
10 

Key Indicators Predictive Modeling Abbreviated, targeted 
reviews 

Cost-Effectiveness 1 

Risk Weighting Deterrence Theory Prioritize 
morbidity/mortality 
rules 

Client Protection 27 

Gain Framing Prospect Theory Sustain high-quality 
performance 

Risk Aversion 5 

 

Behavioral Compliance: Addressing the "Failure State" Quadrant 

The most dangerous intersection of behavioral economics and regulatory science occurs when an entity is 
in a "failure state"—occupying the high-risk, low-compliance quadrant of the UCM.5 These entities are in a 
psychological "loss state" regarding their professional existence.5 

The Falsification Gamble 

In a state of existential threat, the "psychophysics of chance" dictates that providers may perceive the high 
risk of falsifying records as preferable to the "sure loss" of license revocation.5 This is not a random act of 
non-compliance but a systematic, predictable response to extreme loss aversion.6 Regulators must respond 
not just with penalties, but with "intensified oversight" that effectively removes the gamble by making 
detection a certainty.5 

Deterrence and the Crowding Out of Motivation 

Research indicates that while increasing the certainty and severity of punishment can deter non-
compliance, over-reliance on coercive deterrents can "crowd out" intrinsic motivation for quality 
improvement.49 The Integrated Regulatory Framework therefore advocates for a balanced approach: using 
strict enforcement for "Red" high-risk rules (the "Do No Harm" principle) while employing a cooperative, 
strength-based approach for quality-related standards (the "Doing Things Well" principle).9 
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Broad Applications: From AI Governance to Global Health Security 

The principles of the Integrated Regulatory Framework—certainty anchors, risk-based weighting, and 
differential monitoring—are increasingly being applied to sectors beyond human services.14 

Artificial Intelligence and Emerging Technologies 

Global policymakers are moving toward "contextual or sector-specific strategies" for AI governance that 
mirror the IRF’s approach.52 The European Union’s AI Act follows a risk-based structure (unacceptable, 
high, limited, and minimal risk) that utilizes documentation depth and third-party audits as measurable 
indicators of compliance.52 Just as Key Indicators streamline childcare inspections, "model cards" and "red-
teaming scope" provide regulators with high-validity proxies for AI safety and transparency.52 

Geopolitics and Regulatory Professionalism 

In the realm of global health security, countries like Singapore and Ireland have positioned themselves as 
innovation hubs by investing heavily in "regulatory professionalism" and "predictable approval pathways".54 
These systems leverage the "certainty effect" to inspire confidence among global sponsors.54 Conversely, in 
regions where governance is fragmented and timelines are unpredictable, "regulatory unpredictability" 
deters investment and local innovation, as the high uncertainty creates a "loss domain" for developers.54 

Challenges and Barriers to Institutional Implementation 

Despite the theoretical strength of the Integrated Regulatory Framework, several practical barriers hinder 
its widespread adoption.55 

Data Silos and Administrative Fragmentation 

Monitoring policies are often "disconnected efforts" based on individual funding streams.55 This leads to a 
situation where some programs are over-monitored by multiple agencies (e.g., fire safety, health, preschool 
funding), while others receive few visits.55 The lack of data sharing between these silos prevents the 
detection of trends and the effective targeting of technical assistance.55 

Resource Constraints and Political Pressures 

State licensing agencies often face "shrinking resources" and budget challenges that lead to high caseloads 
for inspectors.36 Furthermore, there is often a political "bent" toward either arbitrary de-regulation or 
reactive "zero-tolerance" mandates following high-profile tragedies.14 Both extremes ignore the empirical 
evidence of the plateau effect and the need for a nuanced, risk-based approach.1 

Synthesis: A New Paradigm for Evidence-Based Governance 

The synthesis of Prospect Theory and the Uncertainty-Certainty Matrix provides the definitive blueprint for 
modern regulatory architecture.5 By acknowledging that "certainty" is the ultimate objective for both the 
regulator and the regulated, the Integrated Regulatory Framework bridges the gap between 
psychological heuristics and institutional governance.5 

The move from an "absolute/full" paradigm to a "differential/relative" paradigm recognizes that not all rules 
are created equal.9 By focusing on Key Indicators that predict overall performance and Risk Assessment 
rules that prevent morbidity and mortality, agencies can optimize their limited resources to provide the 
highest level of protection for the public.1 

Ultimately, this framework transforms regulation from a bureaucratic hurdle into a robust measurement 
system that rewards consistency, stabilizes institutional performance, and ensures that the "rules that work" 
are the ones that are followed.14 In an era of increasing complexity and technological change, the 
Integrated Regulatory Framework offers a path toward a more scientific, predictable, and effective 
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model of public oversight.2 
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The Psychology of Compliance: Research Notes 
 
Prospect Theory is the foundational framework that explains why compliance and persuasion techniques 
work so effectively. Developed by Daniel Kahneman and Amos Tversky, it shifted the view of humans from 
"rational actors" to "predictably irrational" decision-makers who evaluate choices based on perceived gains 
and losses rather than absolute outcomes.  
 
The Power of Framing 
Prospect theory posits that the way a request is "framed" determines whether a person perceives it as a gain 
or a loss.  

• Gain Framing: When a request highlights what a person will achieve (e.g., "Get a 20% discount"), 
people tend to be risk-averse, preferring a sure thing over a gamble. 

• Loss Framing: When a request highlights what a person will miss out on (e.g., "Don't lose your 
20% discount"), people often become risk-seeking, willing to take more significant actions to 
avoid that "pain".  
 

Loss Aversion: The "Twice as Painful" Rule  
The most critical link to compliance is loss aversion—the psychological finding that the pain of losing is 
roughly twice as powerful as the pleasure of gaining.  

• Urgency in Compliance: Marketers and "compliance professionals" use this by creating artificial 
deadlines or limited stock ("Only 3 left!"), triggering a fear of loss that compels immediate "yes" 
responses. 

• The Status Quo Bias: People naturally prefer things to stay the same because the potential loss of 
changing feels greater than the potential gain of the new option.   

 
Reference Points and Compliance Techniques 
Prospect theory suggests we don't judge a request in a vacuum; we judge it against a reference point 
(usually our current state).  

• Foot-in-the-Door: This technique works by shifting your reference point. Once you agree to a 
small request, your "neutral" baseline moves. To maintain internal consistency with this new 
baseline, you are more likely to comply with a larger second request. 

• Door-in-the-Face: This uses the initial extreme request as a high reference point. When the 
requester "concedes" to a smaller request, it is framed as a gain for you (a concession), triggering 
the reciprocity norm.  

 
Application in Finance and Risk 

• Investor Behavior: Prospect theory explains why investors might hold onto "losing" stocks too 
long (hoping to avoid the certain loss) but sell "winning" stocks too early (to lock in a certain gain). 

• Insurance: It also explains why we are willing to pay a certain "loss" (the premium) to protect 
ourselves against a low-probability, high-impact disaster.  

 
While Prospect Theory explains the internal "pain" of a loss, Fiene’s Uncertainty-Certainty Matrix 
(UCM) provides a framework for measuring the accuracy of the external decisions that lead to those gains 
or losses.  
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Originally a tool for regulatory science and licensing (such as in child care or human services), the UCM is 
a 2x2 grid used to analyze the alignment between a decision regarding compliance and the actual state 
of compliance.  
 
How the UCM Fits Into Compliance Psychology 
The UCM bridges the gap between the requester (the "inspector" or regulator) and the subject (the business 
or individual) by mapping four possible outcomes:  

• Agreement Cells (Certainty): 
o True Positive: The decision is "In Compliance" and the subject is actually in compliance. 
o True Negative: The decision is "Not In Compliance" and the subject is actually failing. 

• Disagreement Cells (Uncertainty): 
o False Positive: Deciding someone is "In Compliance" when they are actually failing. 
o False Negative: Deciding someone is "Not In Compliance" when they are actually 

following the rules.  
 
The Connection to Prospect Theory 
The UCM highlights the high stakes of False Negatives. In Prospect Theory, a false negative (being told 
you failed when you didn't) is perceived as an unfair "loss." This triggers a stronger psychological reaction 
than a gain, often leading to a breakdown in trust and future willingness to comply. Fiene's model suggests 
that reducing these "uncertainty" cells is critical for a stable, predictable regulatory environment.  
 
The "Sweet Spot" of Substantial Compliance 
A key part of Fiene's broader Theory of Regulatory Compliance is the Diminishing Returns effect. He 
argues that striving for 100% "certainty" or compliance with every minor rule often yields negative returns.  

• Substantial Compliance: Instead of perfection, Fiene advocates for a "sweet spot" (often 98-99%) 
where the most critical "do no harm" rules are met with high certainty, while less critical rules 
allow for some flexibility. 

• Psychological Framing: By focusing on "key indicators" rather than every single rule, regulators 
can frame compliance as an achievable gain (quality and safety) rather than an impossible-to-avoid 
loss.  

In regulatory science, Fiene’s Uncertainty-Certainty Matrix (UCM) is a core tool for validating licensing 
decisions and measuring Inter-Rater Reliability (IRR)—the degree of agreement among different 
inspectors. 
Training programs use the UCM to move away from "black and white" binary thinking toward a data-driven 
understanding of how biases affect safety. 
 
Identifying and Measuring Bias 
The matrix helps training administrators visually detect when an inspector's decision-making has "gone 
awry".  

• The Diagonal Goal: In a reliable system, results follow a diagonal pattern where the inspector’s 
decision matches the actual state of compliance. 

• Detecting Bias: If an inspector's data shows a horizontal or vertical pattern, it indicates 
systematic bias rather than random error. 

o Example: An inspector who consistently records "In Compliance" when the expert standard 
says otherwise is exhibiting a bias toward False Negatives, potentially placing clients at 
extreme risk.  

 
Prioritizing "False Negatives" in Training 
Training focuses heavily on the "disagreement cells." While both are errors, they are not treated equally: 

• False Positives (+/-): An inspector cites a violation that isn't actually there. While frustrating for 
the business, it is often viewed as a "safe" error in human services. 

• False Negatives (-/+): An inspector misses a real violation. Training prioritizes eliminating these 
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first because they represent an invisible risk to health and safety.  
 
Using "Key Indicators" to Reduce Uncertainty 
To increase reliability, Fiene suggests training inspectors to focus on Key Indicators—a subset of rules that 
statistically predict overall compliance.  

• Cognitive Load: By reducing the number of rules an inspector must track during a visit, the UCM 
suggests we can reduce the "uncertainty" that leads to errors. 

• Substantial Compliance: Training teaches inspectors to recognize the "Sweet Spot" (98–99% 
compliance) where quality plateaus. This prevents "nitpicking" on minor rules that doesn't actually 
improve safety but increases the chance of False Positive disagreements.  

 
Mathematical Calibration 
For advanced training, agencies use algorithms like the Regulatory Compliance Scale (RCS) to weigh 
violations based on risk. This helps ensure that two different inspectors viewing the same facility will arrive 
at the same "certainty" level, regardless of their personal strictness or leniency. 
 
The Fiene Coefficient was originally coined by the Province of British Columbia’s research and statistical 
division in creating their key indicator approach.  It has also appeared as Fiene’s Indicators which has 
been used in the State of Washington.  For continuity both terms have been used in this monograph. 
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The Psychology of Compliance: Logic Model and Algorithm for An Integrated Regulatory 

Framework Consisting of Predictive and Risk Rules, Aversion and Certainty Constructs, and 

Licensing Assessor Bias in Reducing False Positives and Negatives 

 

The purpose of this short paper is to continue the development of the Integrated Regulatory Framework 

(IRF)(Fiene, 2026) which should help us establish the parameters of the psychology of compliance within the 

human care licensing field.  In this paper, a logic model and algorithm will be built consisting of predictive 

and risk rules taken from the Theory of Regulatory Compliance and Differential Monitoring (Fiene, 2025a), 

aversion and certainty constructs taken from Prospect Theory (Kahneman & Tversky, 1984), and addressing 

licensing assessor bias in reducing false positives and negatives (Fiene, 2025b).   

In order to explain the logic model and to develop the algorithm, a 2x2 matrix will introduce all of the key 

elements to this new IRF.  This matrix builds off previous studies (Fiene, 2024) and papers (Fiene, 2026) in 

which these key elements were introduced but in a slightly different format.  For example, in previous 

matrices the risk assessment/weighting of rules was predominant with the predictive rules being a subset of 

the respective matrix.  In the below matrix the opposite is true.  See the following table for these key 

elements: 

IRF: Integrated Regulatory Framework Logic Model 

 Individual Rule Compliance - In  

Individual Observation-In 

Individual Rule Compliance -Out  

Individual Observation-Out 

Overall Compliance-High 

Actual Observation-In 

Weight of 4 

True Positive 

Weight of 1 

False Positive 

Overall Compliance-Low 

Actual Observation Result-

Out 

Weight of 8 

False Negative 

Weight of 4 

True Negative 

 

Let’s begin to decipher the above matrix into its key elements.  The horizontal axis is measuring either 

individual rule compliance or the results of an individual observation made by a licensing assessor.  

Individual rule compliance is either in or out of compliance and would be listed as an individual observation.  

The vertical axis is measuring either overall compliance or the actual state of affairs with the observation 

being made.  This is the actual reality in that the rule being measured is truly in or out of compliance and if 

the facility/program is in a high compliant group with few violations or in a low compliant group with a 

significant number of violations.   

The four cells within the matrix are the results of the intersection between the horizontal and vertical axis.  

The four results are a true positive, the rule is in compliance and the overall compliance of the facility is 

equally high and that is truly the case in reality.  A true negative is when the rule is out of compliance and the 
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overall compliance of the facility is at a very low level of compliance and that is truly the case in reality.  Now, 

it gets interesting in the decision-making process in dealing with false positive and negative.  With false 

positive, an observation is made in which the individual rule is observed as being out of compliance when in 

reality it is not, it is in compliance and the facility is in the high compliant group.  But what is really 

disturbing, is the false negative in which the individual rule is observed as being in compliance when in 

reality it is not, it is out of compliance and the facility is in the low compliant group.   

Weights are used in each of the cells and these numbers are taken from a risk assessment scale where 1 = low 

risk; 4 = medium risk; and 8 = high risk.  Results from several regulatory compliance studies (Fiene,2024) 

clearly indicate that high risk rules being out of compliance is generally not the case; but with low-risk rules 

this is where a higher rate of non-compliance will be found.  At the same time, medium-risk rules are 

generally the good candidates for predictor rules via the key indicator methodology.  This is an interesting 

intersection with Prospect Theory where aversion and certainty concepts may be playing a role.  Aversion in 

the sense of avoiding at all costs being out of compliance especially on high-risk rules that could jeopardize a 

license renewal or in being granted a license.  Certainty for low-risk rules where some nit-picking may be 

occurring in order to have a stricter regulatory compliance stance is the opposite concern in making licensing 

decisions.   

These two concepts from Prospect Theory can also contribute to licensing assessor bias in which an assessor 

becomes either too lenient or too stringent in their interpretation of rule compliance and are either citing or 

not citing rule violations as they truly occur.  False positives are a real problem for facilities or providers of 

service because they are being cited for rules, generally low risk rules, in a disproportionate manner.  This can 

lead to increased liability insurance costs for the provider.  False negatives are a real problem for the 

insurance industry because rule violations are not being cited when in reality these rules are truly out of 

compliance.  This can lead to clients being in unsafe facilities resulting in injuries because of the increased 

non-compliance of individual rules going undetected.    

From the above logic model, an algorithm can be constructed to deal with all these key elements in a unified 

Integrated Regulatory Framework model: risk, prediction, aversion, certainty, false positive or negatives, and 

assessor positive or negative bias.  The following algorithm should address all these key elements: 

IRF = (FC = .50+) + (F- = 0) + (F+ = wgt1 x 3) 

Where: 

IRF = Integrated Regulatory Framework; FC = Fiene Coefficient of .50 or above by using the following formula:  

FC = (true+)(true-) – ( false+)(false-)/sqrt of true and false sums = statistical predictor rules; F- = no 

occurrences of false negatives; F+ = rules that are weighted 1 x 3 violations in order to mitigate the effect of 

false positives; this result also keeps the overall score within a substantial regulatory compliance level. 

By using this above formula should help to increase the accuracy of licensing decision making in using 

regulatory compliance data.  It maximizes the predictability of specific rules and at the same time eliminates 

false negatives and decreases false positives to a manageable number.  At the same time it should keep 

aversion, certainty, and bias concerns in check.  The IRF will need to be field tested as previous editions of 

the Early Childhood Program Quality Improvement and Indicator Model (ECPQIM)(Fiene, 2025a) has been 

done.  The IRF represents a 6th generation edition of the ECPQIM. 
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Risk Mitigation Report: Impact Analysis of Regulatory Compliance on Organizational Liability 

 

The Integrated Regulatory Framework (IRF) Logic Model 

This report identifies critical vulnerabilities in human care licensing oversight and proposes the Integrated 

Regulatory Framework (IRF) as a strategic solution for stabilizing organizational liability. Traditional 

oversight often relies on isolated, subjective observations that fail to capture a facility’s actual safety profile. 

The IRF represents the 6th generation evolution of the Early Childhood Program Quality Improvement and 

Indicator Model (ECPQIM), moving beyond simple compliance checklists toward a systematic analysis of 

actuarial validity. By integrating predictive rules with risk-weighted assessments, the IRF provides a rigorous 

methodology for determining whether a facility’s compliance status is an accurate reflection of reality or a 

byproduct of regulatory variance. 

The IRF is built upon a 2x2 Matrix that maps the intersection of individual rule observations against the 

actual state of affairs within a facility. 

The IRF Compliance Matrix 

Actual Reality / Overall 

Compliance 
Individual Rule Observation:  IN 

Individual Rule 

Observation: OUT 

High Compliance Group 
True Positive                                               

(Weight 4: Medium Risk) 

False Positive                   

(Weight 1: Low Risk) 

Low Compliance Group 
False Negative                                                 

(Weight 8: High Risk) 

True Negative                   

(Weight 4: Medium Risk) 

 

The validity of a facility’s risk profile depends on which of these four outcomes is achieved. True Positives 

and True Negatives align observation with reality, representing accurate regulatory assessments. Of 

particular strategic importance are the Medium-risk rules (Weight 4); our analysis confirms these are the 

optimal candidates for "predictor rules" within a key indicator methodology. Conversely, False Positives and 

False Negatives represent critical failures in risk identification. While all errors undermine the integrity of 

the data, the presence of False Negatives poses a catastrophic threat to client safety and organizational 

viability. 
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Analysis of False Negatives and the Risk of Client Injury 

In the context of risk management, a "False Negative" constitutes a failure of risk identification that results in 

latent liability. This occurs when a high-risk violation (Weight 8) is marked as "In" by an assessor when the 

actual state is "Out." This creates a deceptive profile of safety, where a facility appears compliant on paper 

while operating at a high level of actual risk. This specific failure—where the most critical safeguards are 

overlooked—is a disturbing breakdown of the regulatory process that leaves vulnerable populations 

unprotected. 

The "So What?" Layer: Actuarial Invalidity and Latent Liability 

For the insurance industry, False Negatives represent unmitigated risk that cannot be accurately priced. 

When high-risk non-compliance goes undetected, the correlation between licensing data and actual safety is 

severed. The consequences for insurance providers who rely on this flawed data include: 

• Undetected Latent Liability: High-risk violations remain active but unrecorded, making the 

facility a "ticking time bomb" for catastrophic incidents. 

• Increased Claims Frequency: Undetected Weight 8 violations have a direct, documented 

correlation with client injury and subsequent litigation. 

• Actuarial Volatility: Premium structures become decoupled from actual risk, leading to 

unanticipated payouts and financial instability. 

• Flawed Risk Modeling: The foundational data used for predictive loss modeling is fundamentally 

compromised, undermining the industry’s ability to forecast future claims. 

While False Negatives create hidden dangers, errors in the opposite direction impose a different form of 

operational volatility. 

The Economic Burden of False Positives on Facility Administration 

"False Positives" represent a state of administrative over-regulation that creates "noise" in the regulatory 

system. This occurs when an assessor cites a violation that does not exist in reality or focuses 

disproportionately on low-risk rules (Weight 1). While these errors rarely result in physical injury, they 

impose significant economic strain on providers and distort the facility’s risk profile. 

The "So What?" Layer: The Cost of Administrative Noise 

When assessors adopt an overly stringent stance or engage in "nit-picking" regarding low-risk rules, it leads 

to a volume of citations that is disproportionate to the facility's actual safety level. Because many insurers 

lack weighted analysis tools, they often treat all citations with equal gravity, leading to: 

• Artificially Inflated Premiums: Without a tool like the IRF to differentiate between "noise" 

(Weight 1) and "signal" (Weight 8), insurers may raise rates based on a high volume of low-risk 

citations. 

• Operational Resource Diversion: Administrative capacity is diverted from care delivery to address 

and contest inaccurate or insignificant citations. 



 
 

21 
 

• Provider Instability: The cumulative financial and psychological burden of over-regulation can 

threaten the viability of high-quality providers who are statistically safe but administratively over-

burdened. 

These inaccuracies are rarely random; they are driven by predictable psychological constructs that must be 

accounted for in any robust risk mitigation strategy. 

Psychological Drivers of Compliance Error: Prospect Theory and Bias 

To mitigate regulatory variance, it is essential to understand the "Psychology of Compliance." Regulatory 

assessments are subject to human error influenced by the mental frameworks of the assessors. Prospect 

Theory provides two essential constructs—Loss Aversion and Certainty—that explain why these errors 

occur. 

• Loss Aversion: This construct explains the False Negative. Because the consequences of a "Low 

Compliance" label (such as license revocation) are so severe, assessors may subconsciously overlook 

an "Out" state on a high-risk rule to avoid the perceived loss associated with a failing grade. This 

aversion to high-stakes conflict creates undetected danger. 

• Certainty: This construct drives the False Positive. Assessors seek the psychological "certainty" of 

having performed a rigorous inspection. They may over-cite clear-cut, low-risk violations (e.g., a 

missing signature or a minor clerical error) because these are easy to prove, giving the assessor a 

sense of professional accomplishment despite the lack of impact on actual safety. 

These drivers manifest as assessor bias, where individuals become either too lenient (increasing False 

Negatives) or too stringent (increasing False Positives). Standardizing these interpretations through 

technical intervention is the only way to stabilize outcomes. 

Technical Mitigation via the IRF Algorithm 

To minimize financial volatility and ensure regulatory consistency, organizations must move toward an 

algorithmic approach to licensing. The IRF Algorithm is designed to maximize predictability while 

neutralizing the effects of assessor bias and psychological distortion. 

The IRF Algorithm is expressed as:  

IRF = (FC = .50+) + (F- = 0) + (F+ = wgt1 x 3) 

1. The Fiene Coefficient (FC ≥ .50): This is the threshold for statistical predictive validity. The 

coefficient is calculated as: FC = [(true+)(true-) – (false+)(false-)] / sqrt of the product of marginal 

sums. Rules falling below the .50 threshold lack predictive validity for quality and should not be used 

as key indicators of performance. 

2. Zero False Negatives (F- = 0): The algorithm establishes a zero-tolerance mandate for False 

Negatives. This eliminates the "latent liability" associated with undetected high-risk violations. 

3. Mitigation of False Positives (F+ = wgt1 x 3): The algorithm sets a "tolerance threshold" for low-

risk rules (Weight 1), capping the impact at 3 violations. This effectively filters out administrative 

noise and "nit-picking," ensuring that provider risk profiles are not unfairly inflated.  It also aligns 

perfectly with the Theory of Regulatory Compliance’s substantial compliance or ceiling effect. 
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Strategic Conclusion: Stabilizing Safety and Liability 

The application of the IRF Algorithm serves as a definitive risk management tool. By prioritizing rules with 

an FC of .50 or higher and centering on Medium-risk (Weight 4) predictor rules, the framework ensures that 

regulatory data is a valid indicator of facility quality. This methodology eliminates high-risk False Negatives, 

manages the economic impact of False Positives, and keeps the psychological pressures of aversion and 

certainty in check. Ultimately, transitioning to the IRF model provides insurance providers and facilities with 

the accurate, reliable data required to reduce organizational liability and enhance client safety. 
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The Psychology of Regulatory Compliance 

 

This research abstract will provide an overview to the Psychology of Regulatory Compliance which is an 

applied behavioral–regulatory framework that explains why regulated entities comply with—or deviate 

from—rules, and how regulatory systems can be designed to stabilize compliant behavior while 

minimizing risk to clients. In human care licensing (e.g., child care, residential care, health and human 

services), compliance is not simply a legal or administrative phenomenon; it is deeply shaped by cognitive 

bias, risk perception, certainty preferences, and decision-making under threat. 

The psychology of regulatory compliance integrates: 

• Behavioral economics (Prospect Theory)(Kahneman & Tversky, 1984) to explain provider and 

inspector behavior, 

• Measurement science (contingency tables / 2×2 matrices)(Fiene, 2025b) to diagnose error and 

bias, 

• Regulatory science to translate psychological principles into licensing policy and monitoring 

systems (Fiene, 2025a).  

 

Psychological Foundations: Prospect Theory and Compliance Behavior 

Loss Aversion as a Compliance Driver 

Kahneman & Tversky’s Prospect Theory (1984) demonstrates that individuals experience losses roughly 

twice as powerfully as gains. Within human care licensing, this explains why: 

• Providers are strongly motivated to protect an existing license or status, 

• Threats of revocation, fines, or public citation provoke disproportionate psychological 

responses. 

In compliance contexts, a citation is perceived not as neutral feedback, but as a loss state, triggering 

defensive behavior, appeals, or risk-taking to avoid further loss. This insight helps regulators understand 

why overly punitive or zero-tolerance systems often destabilize rather than improve compliance.  
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The Certainty Effect and Regulatory Stability 

Another central insight of Prospect Theory (Kahneman & Tversky, 1984) is the certainty effect: people 

strongly prefer predictable, guaranteed outcomes over probabilistic ones—even when the probabilistic 

option is objectively better. 

In licensing: 

• Providers value predictable inspections, clear rules, and stable outcomes, 

• Uncertainty (random inspections, inconsistent citations) increases anxiety and volatility, 

• Stable, high-certainty systems encourage risk-averse, compliant behavior. 

The Psychology of Regulatory Compliance reframes certainty as a regulatory resource, not merely an 

outcome. Systems that reward stable compliance with reduced monitoring leverage this cognitive 

preference to promote sustained safety.  

 

Measurement and Decision Science: The Uncertainty–Certainty Matrix 

Addressing the Licensing Measurement Problem 

Human care licensing relies on binary data (a rule is either in or out of compliance). Historically, this 

created a measurement problem: decisions appeared objective, but reliability across inspectors was often 

low. 

The Uncertainty–Certainty Matrix (UCM)(Fiene, 2025b, 2026) adapts the statistical contingency table 

into a regulatory measurement framework that compares: 

• The decision made by the inspector, and 

• The actual state of compliance. 

The matrix yields four outcomes: 

• True Positives (correct compliance), 

• True Negatives (correct noncompliance), 

• False Positives (over-citation), 

• False Negatives (missed violations). 

False negatives are prioritized as the most dangerous outcome, because they allow unsafe conditions to 

persist undetected (Fiene, 2026).  
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Detecting Bias and Improving Reliability 

A major contribution of the Psychology of Regulatory Compliance is its explicit recognition of assessor 

bias: 

• Positive bias (overly lenient) produces false negatives, 

• Negative bias (overly strict) produces false positives. 

The UCM does not treat errors as random noise but as patterns that can be visualized and corrected 

(see the associated slide deck that supports this abstract and the additional readings listed at the 

end of this abstract which contains the details of the theory (Fiene, 2025a,b; 2026)). Horizontal or 

vertical clustering in matrix results signals systematic bias, providing administrators with a practical 

diagnostic tool for: 

• Training inspectors, 

• Improving inter-rater reliability, 

• Correcting agency-wide drift in enforcement behavior.  

 

Integrated Regulatory Framework: Translating Psychology into Policy 

From Theory to Operational Design 

The Integrated Regulatory Framework (IRF)(Fiene, 2026) synthesizes psychological theory, 

measurement science, and regulatory practice into a unified licensing model. It integrates: 

• Predictive rules (Key Indicators), 

• Risk-weighted rules, 

• Aversion and certainty dynamics from Prospect Theory, 

• Explicit controls for false positives, false negatives, and assessor bias. 

The IRF logic model prioritizes medium-risk predictor rules that are statistically associated with overall 

compliance and safety outcomes, rather than attempting exhaustive enforcement of all rules equally.  

 

The Algorithmic Contribution 

The IRF Model (Fiene, 2026) introduces a formal algorithm using: 

• The Fiene Coefficient to validate predictive rules, 
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• A zero-tolerance standard for false negatives, 

• Weighted penalties for false positives to avoid over-regulation. 

IRF = (FC = .75+) + (F- = 0) + (F+ = wgt1 x 3) 

• Where:  IRF = Integrated Regulatory Framework; FC = Fiene Coefficient of .75 or above by using the 

following formula:  FC = (true+)(true-) – ( false+)(false-)/sqrt of true and false sums = statistical 

predictor rules; F- = no occurrences of false negatives; F+ = rules that are weighted 1 x 3 violations in 

order to mitigate the effect of false positives; this result also keeps the overall score within a 

substantial regulatory compliance level. 

This is a major advance for the field: licensing decisions are no longer based solely on judgment or rule 

counts, but on calibrated decision thresholds designed to minimize psychological and statistical 

error.  

 

Contributions to Human Care Licensing Practice 

Safer Client Outcomes 

By prioritizing the elimination of false negatives, the Psychology of Regulatory Compliance directly 

strengthens client protection. Rules that pose morbidity or mortality risks receive heightened attention, 

aligning regulatory focus with actual harm potential rather than bureaucratic completeness.  

 

More Efficient Use of Regulatory Resources 

The framework justifies differential monitoring (Fiene, 2025a), allowing high-certainty, low-risk 

providers to receive reduced inspection burden. This: 

• Frees regulatory resources, 

• Reduces unnecessary adversarial interactions, 

• Reinforces stable compliance behavior through positive certainty signals.  

 

Increased Fairness and Legitimacy 

By explicitly addressing bias, uncertainty, and over-citation, the Psychology of Regulatory Compliance 

improves procedural fairness. Providers are more likely to view the system as legitimate when: 

• Decisions are predictable, 

• Errors are acknowledged and corrected, 
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• Compliance expectations are framed as achievable rather than punitive. 

Legitimacy, in turn, strengthens voluntary compliance—an outcome strongly supported by both behavioral 

science and regulatory research.  

 

Limitations and Future Directions 

While conceptually robust, the Psychology of Regulatory Compliance acknowledges its current limitations: 

• Many components remain theoretically validated but not yet fully field-tested across all 

human service domains, 

• Broader application beyond early care, education, and selected human services requires additional 

empirical studies, 

• Implementation demands investment in data systems, training, and organizational change. 

Nonetheless, the framework provides a coherent, scientifically grounded blueprint for advancing 

licensing from rule enforcement toward evidence-based governance.  

 

Conclusion 

The Psychology of Regulatory Compliance represents a paradigm shift in human care licensing (Fiene, 

2025). By uniting psychological insight with measurement rigor and regulatory design, it: 

• Explains why compliance behavior emerges, 

• Diagnoses where licensing systems fail, 

• Offers practical tools to improve safety, fairness, and efficiency. 

Its greatest contribution lies in redefining compliance not as rule perfection, but as the management of 

certainty, risk, and human decision-making in high-stakes care environments—a necessary 

evolution for modern regulatory science. 
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Psychology of Regulatory Compliance Mathematical Model 

 

This research abstract will provide the mathematical model for the Psychology of Regulatory Compliance 

and the Integrated Regulatory Framework (Fiene, 2026) which have been suggested as an applied 

behavioral–regulatory framework that is an extension of the Theory of Regulatory Compliance and the 

Differential Monitoring Systems approach (Fiene, 2025a). 

The Integrated Regulatory Framework (IRF) (Fiene, 2026) synthesizes psychological theory, measurement 

science, and regulatory practice into a unified licensing model. It integrates: 

• Predictive rules (Key Indicators), 

• Risk-weighted rules, 

• Aversion and certainty dynamics from Prospect Theory, 

• Explicit controls for false positives, false negatives, and assessor bias (Fiene, 2025b). 

The IRF mathematical model prioritizes medium-risk predictor rules that are statistically associated with 

overall compliance and safety outcomes, rather than attempting exhaustive enforcement of all rules equally.  

The IRF Model (Fiene, 2026) introduces a formal algorithm using: 

• The Fiene Coefficient (FC) to validate predictive rules, 

• A zero-tolerance standard for false negatives (F-), 

• Weighted penalties for false positives (F+) to avoid over-regulation. 

IRF = (FC = .75+) + (F- = 0 (Null(ᶲ)) - (F+ = wgt1 x 3) 

• Where:  IRF = Integrated Regulatory Framework; FC = Fiene Coefficient of .75 or above by using the 

following formula:  FC = (true+)(true-) – (false+)(false-)/sqrt of true and false sums = statistical 

predictor rules; F- = no occurrences of false negatives; F+ = rules that are weighted 1 x 3 violations in 

order to mitigate the effect of false positives; this result also keeps the overall score within a 

substantial regulatory compliance level. 

• The Fiene Coefficient (FC) as Validator: The algorithm requires a Fiene Coefficient (phi-coefficient) 

of .75 or higher. This serves as the statistical validator ensuring that the rules being monitored are 

"Key Indicators"—those that are statistically predictive of overall compliance.  This ensures the 

system focuses only on rules that actually correlate with safety outcomes. 

• Zero-Tolerance for False Negatives (F- = 0): There is an absolute standard for F- on critical safety 

rules. This reinforces the "safety-first" posture of the framework. 
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• Weighted Penalty for False Positives (F+): To mitigate the effects of over-regulation and inspector 

strictness. This ensures that a single "negative bias" inspector does not tank a provider's score into 

non-compliance based on a False Positive, thereby maintaining the provider’s "substantial regulatory 

compliance level" and protecting the system's procedural fairness. 

 

The IRF Mathematical Model builds from the original measurement theory established with the theory of 

regulation compliance, the uncertainty-certainty matrix, the regulatory compliance scale, and differential 

monitoring (Fiene, 2025a, b; 2026).  These methodologies are the initial or front-end methods for differential 

monitoring systems.  The IRF and the psychology of regulatory compliance are the back-end methods for 

differential monitoring systems extending it into the quality arena.  The initial methodologies are needed to 

establish the scoring system and weighting of rules; but it is in the back-end methodologies where an 

interpretation can be made of the scores obtained earlier.   

The IRF Math Model presented in this abstract are for those regulatory scientists and licensing researchers 

who are developing their system from scratch.  For those who are interested in using an off the shelf version, 

the Child Care Early Education Heart Monitor (CCEEHM) (Fiene, 2025c) is highly recommended.  For those 

scientists who are developing their own systems, the remaining narrative of this abstract will provide the 

math modeling to be utilized in making licensing mathematical decision points for individual providers of 

service. 

The following table is provided in order to demonstrate how the IRF coefficient would be determined given 

certain scenarios.  The IRF will be somewhat different if one is dealing with licensing/regulatory compliance 

data vs quality indicator data vs if the purpose of the IRF is to validate a particular finding, such as if key 

indicators are statistically predicting as they should. 

Integrated Regulatory Framework Result Scenarios Table 

IRF: Pass/Fail FC False Negative False Positive Comments 

+1.00/-2.00 1.00 Null -3 Goal 

+0.90/-2.10 .90+ Null -3 Validation 

+0.75/-2.25 .75+ Null -3 Quality 

+0.50/-2.50 .50+ Null -3 Licensing 

 

Let’s unpack this table and provide the context to what it means for ongoing program monitoring systems 

and assessment in applying regulatory science to human care licensing.  The ultimate goal of the integrated 

regulatory framework (IRF) is to have a more effective and efficient means of reviewing and assessing 

facilities when making licensing decisions.  As mentioned above this has been done with the creation of 

differential monitoring which is a focused and targeted means of a program monitoring systems approach 

(Fiene, 2025a).  It is based upon or a natural result of the theory of regulatory compliance (Fiene, 2025a). 

Since the introduction of the theory of regulatory compliance and differential monitoring several other 

regulatory science innovations have been put forth, such as the use of key indicators and risk assessment in 
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identifying specific rules that either predict overall regulatory compliance or morbidity/mortality.  On the 

measurement side of regulatory science, the uncertainty-certainty matrix and the regulatory compliance 

scale have been proposed as well in identifying bias in reporting results as well as developing a coherent 

psychology of regulatory compliance.  Also, a Child Care Early Education Heart Monitor (CCEEHM) (Fiene, 

2025c) has also been developed as an App for assessing both structural and process quality in early care and 

education facilities. 

These above methodologies and innovations are part of a front end or initial approach to program 

monitoring systems within regulatory science as applied to human service licensing.  The IRF provides the 

back-end or the results interpretation portion of the overall approach (Fiene, 2014).  Back to the above table 

and what each cell means.  The IRF: Pass/Fail provides a metric or result that either shows the respective 

program or facility has passed or failed the various components of the program monitoring system when it 

comes to predictor rules and risk-based rules.  This metric combines what was found in each of those specific 

analyses.  In going down the column, it provides the results for validation studies, licensing results, and 

quality-based results.  The results change a small fraction based mainly on the FC results while False Positives 

(F+) and False Negatives (F-) remain as constants.   

The reason for F+ and F- remaining as constants is determined by the theory of regulatory compliance where 

substantial compliance and the ceiling/diminishing effect comes into play.  In this theory it was discovered 

that a curvilinear relationship rather than linear relationship exists between regulatory compliance and 

quality of programming.  Based upon this theory, key indicators and risk assessment methodologies were 

introduced in identifying rules based upon prediction and risk and with the addition of the uncertainty-

certainty matrix for licensing decision making false positives and negatives was introduced.  These results 

provided specific parameters which we did not want to see programs or facilities exceed because it places 

clients at increased risk of morbidity and/or mortality. 

With the FC results, there is variability in this metric because dependent upon which measurement scale 

being used, licensing vs quality based, the relative data distributions are very different.  In licensing the data 

are much more skewed while with quality-based assessments the data distribution is more normally 

distributed.  In validation studies, the results should approximate a perfect relationship (key compliance 

indicators predicting overall regulatory compliance; quality indicators predicting overall quality scores; or 

risk rules protecting overall safety of clients) but in reality a .90+ coefficient is more realistic. 
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Technical Analysis of the Psychology of Regulatory Compliance (PORC) Framework 

Executive Overview and Strategic Intent 

The Psychology of Regulatory Compliance (PORC) framework represents a fundamental pivot from 

traditional administrative oversight to a sophisticated behavioral–regulatory model. In high-stakes human 

care environments—where the margin for error involves significant morbidity or mortality risk—compliance 

is not a binary legal state but a complex behavioral outcome driven by cognitive bias and risk perception. This 

framework mandates a shift toward integrating psychological principles into regulatory science, treating 

these drivers as variables that can be managed through evidence-based system design rather than merely 

monitored through administrative box-ticking. 

The following table contrasts the existing administrative status quo with the PORC behavioral model: 

Feature Traditional Licensing (Status Quo) Psychology of Compliance (PORC) Framework 

Core Driver 
Rule counts and administrative 

adherence. 
Risk perception, cognitive preferences, and bias. 

Data Nature Binary "in/out" compliance status. 
Statistical contingency models and behavioral 

loops. 

Monitoring 

Strategy 
Exhaustive monitoring of all rules. 

Risk-weighted, predictive "Differential 

Monitoring." 

Inspector Role Subjective rule verification. 
Calibrated decision-making using diagnostic 

tools. 

Strategic Goal Administrative enforcement. 
Stabilization of compliant behavior through 

certainty. 

 

The objective of this analysis is to determine the methodological validity and practical viability of the PORC 

approach as a corrective measure for the "unintentional destabilization" inherent in traditional regulatory 

systems. 
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Evaluation of Behavioral Economic Foundations: Prospect Theory 

Strategic regulatory design requires an authoritative understanding of how regulated entities process 

"threats" versus "rewards." The PORC framework moves beyond the simplistic assumption that enforcement 

always leads to compliance. By applying Kahneman and Tversky’s Prospect Theory, the framework identifies 

that the regulatory environment itself acts as a cognitive field that can either stabilize or volatileize provider 

behavior. 

Analysis of Loss Aversion 

The framework correctly identifies Loss Aversion as a primary compliance driver. Within human care 

licensing, a citation is rarely perceived as neutral technical feedback; it is experienced as a "loss state." 

Because individuals experience losses roughly twice as powerfully as gains, a threat to a license or a public 

citation provokes a disproportionate psychological response. If the system is perceived as overly punitive or 

arbitrary, this loss state triggers defensive behavior, appeals, and increased risk-taking to recover the 

perceived loss. The framework mandates a move away from zero-tolerance models that ignore this aversion, 

as they often inadvertently destabilize the very compliance they seek to enforce. 

The Certainty Effect as a Regulatory Resource 

The framework leverages the Certainty Effect, recognizing that providers have a stark cognitive preference 

for predictable outcomes. In this analysis, predictability is redefined as a "regulatory resource"—the currency 

used to "purchase" risk-averse behavior from providers. When inspections are perceived as inconsistent or 

"probabilistic," provider anxiety and volatility increase. Conversely, a system that provides a high degree of 

certainty allows providers to align their operations with stable expectations, fostering sustained safety. 

Theoretical Alignments 

The application of these principles demonstrates several critical theoretical alignments: 

• Predictability as Stability: Stable outcomes are more effective than high-variance enforcement in 

maintaining long-term adherence. 

• Aversion Management: Protecting an existing status is a more powerful motivator than the 

promise of hypothetical rewards. 

• Procedural Legitimacy: Aligning regulatory expectations with achievable, consistent outcomes 

strengthens the perceived legitimacy of the oversight agency. 

By identifying these drivers, the framework transitions from psychological theory to the mathematical 

measurement of these behaviors via the Uncertainty–Certainty Matrix. 

Measurement Science: The Uncertainty–Certainty Matrix (UCM) 

Human care licensing has long struggled with a "measurement problem" where binary data masks significant 

inspector subjectivity. To move toward evidence-based governance, the PORC framework utilizes the 

Uncertainty–Certainty Matrix (UCM) to shift from simple reporting to a statistical contingency model. 
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The 2x2 Uncertainty–Certainty Matrix 

The UCM recenters regulatory measurement by comparing the "Inspector Decision" against the "Actual 

State" of the facility. Notably, the framework recenters "Positive" on the desired state (compliance) rather 

than the error state (violation), a move that aligns regulatory data with the ultimate goal of the system. 

 Actual: Compliant Actual: Non-Compliant 

Inspector Decision: Compliance 
True Positive (Correct 

Compliance) 
False Negative (Missed Violation) 

Inspector Decision: Non-

Compliance 
False Positive (Over-citation) 

True Negative (Correct Non-

compliance) 

 

Prioritization of False Negatives 

The framework explicitly prioritizes the elimination of False Negatives (F-). This is a strategic necessity; in 

human care, a missed violation allows unsafe conditions to persist undetected, leading to direct mortality or 

morbidity risks. By focusing on these high-risk omissions, the framework ensures that client safety is the 

primary metric of success. 

Diagnostic Tools for Assessor Bias 

The UCM serves as a critical diagnostic tool for identifying systematic "Assessor Bias." The framework does 

not treat errors as random noise but as patterns: 

• Positive Bias (Lenience): Results in clusters of False Negatives, directly compromising safety. 

• Negative Bias (Strictness): Results in False Positives (over-citation), which erodes procedural 

fairness and creates adversarial relationships. 

Visualizing these clusters allows administrators to correct "agency-wide drift" and improve inter-rater 

reliability, providing the data necessary for calibrated algorithmic enforcement. 

The Integrated Regulatory Framework (IRF) and Algorithmic Logic 

The IRF operationalizes PORC theory by replacing subjective judgment with calibrated decision thresholds. 

This transition ensures that enforcement is both predictive and risk-weighted. 

Deconstructing the IRF Algorithm 

The framework utilizes the following formal logic model:  

IRF = (FC = .75+) + (F- = 0) + (F+ = wgt1 x 3) 

Where: 

IRF = Integrated Regulatory Framework; FC = Fiene Coefficient of .75 or above by using the following formula:  

FC = (true+)(true-) – (false+)(false-)/sqrt of true and false sums = statistical predictor rules; F- = no 

occurrences of false negatives; F+ = rules that are weighted 1 x 3 violations in order to mitigate the effect of 

false positives; this result also keeps the overall score within a substantial regulatory compliance level. 
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1. The Fiene Coefficient (FC) as Validator: The algorithm requires a Fiene Coefficient (phi-coefficient) of 

.75 or higher. This serves as the statistical validator ensuring that the rules being monitored are "Key 

Indicators"—those that are statistically predictive of overall compliance.  This ensures the system focuses 

only on rules that actually correlate with safety outcomes. 

2. Zero-Tolerance for False Negatives (F- = 0): There is an absolute standard for F- on critical safety rules. 

This reinforces the "safety-first" posture of the framework. 

3. Weighted Penalty for False Positives (F+): To mitigate the effects of over-regulation and inspector 

strictness. This ensures that a single "negative bias" inspector does not tank a provider's score into non-

compliance based on a False Positive, thereby maintaining the provider’s "substantial regulatory compliance 

level" and protecting the system's procedural fairness. 

Strategic Impact 

This algorithmic approach transforms enforcement from "exhaustive" (monitoring every rule equally) to 

"predictive." By prioritizing rules statistically associated with safety outcomes, the IRF maximizes the 

effectiveness of limited regulatory resources while maintaining the psychological "certainty" required for 

provider stability. 

Critical Analysis: Methodological Validity and Potential Flaws 

As a Senior Regulatory Scientist, I evaluate the PORC framework as a genuine paradigm shift, though its 

implementation is not without significant hurdles. 

Value-Add of the Framework 

1. Differential Monitoring: High-certainty, low-risk providers receive reduced inspection burdens, 

rewarding stable compliance with the "regulatory resource" of predictability. 

2. Resource Efficiency: Regulatory effort is redirected from "bureaucratic completeness" to the 

mitigation of morbidity and mortality risks. 

3. Procedural Legitimacy: By identifying and correcting assessor bias, the framework increases the 

fairness of the system, which research identifies as a key driver of voluntary compliance. 

Structural Flaws and Limitations 

• Empirical Projection: While the framework is conceptually robust and proven in Early Care and 

Education, its expansion into general Human Services remains a theoretical projection. Broad 

empirical validation across diverse domains is still required. 

• Data Infrastructure Requirements: The framework demands advanced data systems capable of 

real-time FC calculations and UCM tracking. Most current regulatory agencies lack this technical 

maturity. 

• Organizational Change Burden: Moving from judgment-based enforcement to algorithmic 

thresholds requires a massive shift in agency culture and inspector training to overcome the 

resistance to "automated" decision-making. 
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Implementation Requirements and Conclusion 

The transition toward evidence-based governance in human care is a strategic necessity. Adopting the PORC 

model requires a commitment to scientific rigor over administrative tradition. 

Key Implementation Requirements 

1. Technical Calibration: Training inspectors to recognize cognitive biases and use the UCM as a self-

correction tool. 

2. Infrastructure Investment: Developing integrated data systems to support the IRF algorithm and 

phi-coefficient calculations. 

3. Cross-Domain Validation: Initiating field-testing in residential care, health services, and disability 

support to validate predictive indicators outside of early childhood education. 

4. Policy Alignment: Reforming licensing statutes to allow for risk-weighted differential monitoring 

based on predictive compliance data. 

Final Verdict 

The Psychology of Regulatory Compliance redefines compliance not as the pursuit of rule perfection, but as 

the strategic management of certainty and risk. By uniting psychological insights with measurement rigor, 

this framework provides the most viable path toward a safer, fairer, and more efficient regulatory future. It 

marks the evolution of licensing from an administrative function into a true branch of modern regulatory 

science. 
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Quantitative Synthesis of Behavioral Economics and Regulatory Science: The Integrated 
Regulatory Framework (IRF) Model 

 

 

Abstract 

Modern human services governance is currently undergoing a paradigm shift, transitioning from nominal 
level measurement—characterized by uncalibrated administrative adherence—to a sophisticated 
behavioral–regulatory framework. This paper synthesizes the evolution of the Integrated Regulatory 
Framework (IRF), a model designed to replace binary "in/out" compliance counting with a rigorous 
mathematical architecture. By integrating the psychophysics of choice with measurement science, the IRF 
accounts for cognitive biases and statistical probabilities that traditional oversight mechanisms ignore. The 
strategic transition from reactive, zero-tolerance enforcement to a predictive, evidence-based system is 
essential for institutional survival in high-stakes care environments. The IRF utilizes the Uncertainty–
Certainty Matrix (UCM) to diagnose assessor bias and the Fiene Coefficient (FC) to validate key indicators, 
thereby transforming regulatory oversight into a predictive governance system. This model optimizes 
resource allocation by identifying high-certainty, low-risk providers for differential monitoring, effectively 
maximizing client protection while mitigating the "Measurement Crisis" of unreliable inspector data. 
Ultimately, this synthesis demonstrates that the stabilization of compliant behavior through the 
management of certainty and risk is the only viable path for modern regulatory professionalism. This 
abstract serves as the conceptual anchor for the subsequent deep dive into the mathematical and 
psychological foundations of the IRF. 

 

Introduction: The Crisis of the Linear Fallacy 

The "Linear Fallacy" is the historically dominant but empirically flawed assumption that regulatory 
compliance and program quality share a direct, linear relationship—specifically, the erroneous belief that 
100% compliance equates to 100% safety. This paradigm has fueled a "Measurement Crisis" in regulatory 
science, where exhaustive monitoring of every minor standard leads to a "Garbage In, Garbage Out" loop of 
noisy, unreliable inspector data. Traditional systems suffer from uncalibrated administrative adherence, 
failing to recognize the Law of Diminishing Returns (Fiene, 2025a). 

Empirical research into the Theory of Regulatory Compliance (TRC+) reveals a distinct Plateau Effect: 
program quality and client safety typically peak at a "Sweet Spot" of substantial compliance (approximately 
98%). Pushing from substantial to absolute compliance often yields zero statistically significant 
improvement in safety while simultaneously wasting critical regulatory resources. This institutional 
response to cognitive volatility requires a robust mathematical architecture to resolve the discrepancy 
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between administrative mandates and reality, beginning with the Uncertainty–Certainty Matrix (UCM) 
(Fiene, 2025b). 

The Mathematical Foundations: The Uncertainty–Certainty Matrix (UCM) 

The UCM is a 2x2 statistical contingency model designed to diagnose the reliability of licensing decisions by 
mapping the Regulator’s Decision against the Actual State of Reality. It serves as a front-end scoring 
methodology to identify four distinct quadrants of performance and diagnostic error: 

Actual State of Reality Decision: (+) In Compliance Decision: (-) Not In Compliance 

(+) In Compliance True Positive (Weight: 4) False Positive (Weight: 1) 

(-) Not In Compliance False Negative (Weight: 8) True Negative (Weight: 4) 

The "Falsification Gamble" and the Red Line 

In high-stakes human care, the mathematical prioritization of eliminating False Negatives (F-) is the 
ultimate "Red Line" for client survival. A False Negative occurs when an assessor misses a real violation, 
allowing morbidity and mortality risks to persist undetected. This creates a "Failure State" where the 
system's protective function is compromised. Conversely, False Positives (F+) represent "The Punisher" 
bias—over-citation that erodes procedural fairness and burdens providers. 

By visualizing these outcomes, administrators can detect systematic assessor bias, such as "Positive Bias" 
(The Blind Eye) or "Negative Bias" (The Punisher). Once the UCM defines these error states, a statistical 
validator is required to identify the specific rules that lead to those states. 

Quantifying Predictive Power: The Fiene Coefficient (FC and FC*) 

To move beyond exhaustive monitoring, the IRF utilizes the Fiene Coefficient (phi-coefficient) to validate 
"Key Indicators"—a small subset of rules that statistically predict overall compliance. 

The Standard Formula 

The standard FC measures the correlation between compliance in a specific rule and the facility's overall 
performance status: FC = {(A)(D) - (B)(C)} \ sqrt (WXYZ) Where A is compliance in the high group, B is 
non-compliance in the high group, C is compliance in the low group, and D is non-compliance in the low 
group.  W, X, Y, and Z are the sums of A, D, B, C column and row wise. 

The Revised Fiene Coefficient (FC*) 

Recognizing that hidden non-compliance is the greatest threat to client safety, the FC* incorporates a B^3 
adjustment. This formula ruthlessly penalizes rules that hide non-compliance in high-performing groups: 
FC* = {(A)(D) - (B^3) (C)} \ sqrt (WXYZ) This mathematical weighting weeds out weak indicators, forcing 
the system to prioritize "the right rules"—those statistically tied to safety outcomes—over the sheer volume 
of "noise" rules. These coefficients serve as the primary variables in the overarching IRF Master Algorithm 
(Fiene, 2026). 
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Operationalizing the Synthesis: The IRF Master Algorithm 

While the UCM and the Regulatory Compliance Scale provide the "front-end" scoring, the IRF Master 
Algorithm serves as the "back-end" interpretative methodology. It synthesizes risk, prediction, and bias 
mitigation into a unified logic model: 

IRF = (FC = .75+) + (F- = 0 (Null))) - (F+ = wgt1*3) 

Deconstruction of Components: 

1. Predictive Threshold (FC): The model sets a variance based on the review type. For nominal 
licensing reviews, an FC = .50+ is the acceptable benchmark. For high-stakes quality scores, a more 
rigorous FC = .75+ is required. 

2. The Ultimate Red Line (F- = 0 (Null): This demands the absolute mathematical elimination of False 
Negatives (hidden dangers) on critical safety rules. 

3. False Positive Mitigation (F+ = wgt1 \times 3): The subtraction sign is critical; it caps the impact of 
low-risk violations to protect the provider's "substantial compliance" status. This mitigates the 
impact of an assessor's "Negative Bias," ensuring procedural fairness and preventing uncalibrated 
strictness from destabilizing a high-performing provider. 

Behavioral Econometrics: Integrating Prospect Theory 

The IRF model acknowledges that we regulate predictably irrational humans, not rational actors. By 
integrating Kahneman & Tversky’s (1984) Prospect Theory, the framework accounts for reference-
dependent preferences and the psychophysics of chance. 

• Loss Aversion: The psychological pain of a citation or license threat is twice as potent as the 
satisfaction of an equivalent gain (a 2:1 ratio). 

• The Certainty Effect: Providers overvalue guaranteed outcomes, often willing to "overpay" in 
compliance effort to secure the "sure thing" of regulatory stability and institutional peace. 

• Risk-Seeking in the "Loss Domain": When a provider is pushed into the "Failure State" (facing sure 
loss of license), they pivot from risk-aversion to dangerous risk-seeking behavior. This triggers the 
Falsification Gamble, where the provider hides records as a high-variance bet to avoid the certain 
penalty of revocation. 

Regulators can modulate these outcomes through strategic framing. "Gain Framing" (e.g., "Sustain your 
Five-Star rating") anchors providers in preservation, whereas "Loss Framing" (penalty-based) can 
inadvertently trigger the very volatility and gambling behaviors regulators seek to eliminate. 

Applications in Differential Monitoring and Risk Assessment 

The IRF operationalizes these behavioral variables through the Differential Monitoring Strategy, replacing 
"one-size-fits-all" oversight with an "Architecture of Certainty." 

1. Key Indicators (Predictive): A small statistical subset of rules used for fast-track reviews of low-risk, 
high-certainty providers. 

2. Risk Assessment (RA) Rules: Rules weighted by harm potential (1 = Low, 4 = Medium, 8 = High). 
These focus on the "Do No Harm" principle (e.g., toxic chemical storage) and are reviewed during 
every visit regardless of status. 
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Fast-tracking rewards consistency and anchors providers in the Certainty Effect. This creates a stable 
equilibrium where providers value institutional peace over marginal non-compliance, allowing regulators to 
focus intensified oversight on high-volatility "Failure State" entities where the falsification gamble is most 
prevalent (Fiene, 2026, 2025a, 2013). 

Discussion: Beyond Human Services 

The transition from subjective bureaucratic box-ticking to algorithmic measurement science is the only 
viable path for modern regulatory professionalism. The core principles of the IRF have universal 
applicability in the management of complex systems: 

• Artificial Intelligence (EU AI Act): AI governance can mirror the IRF by utilizing "model cards" and 
"red-teaming" as high-validity indicators for overall system safety and transparency, replacing 
exhaustive code reviews with risk-weighted documentation depth. 

• Global Health Security: Nations like Singapore and Ireland leverage "regulatory professionalism" to 
provide predictable approval pathways. By utilizing the Certainty Effect, they avoid geopolitical 
"loss domains" and attract global investment. 

Ultimately, the IRF ensures that the rules that work are the ones that protect, transforming regulation from 
an administrative burden into a robust science of safety. 

Technical Glossary 

• Fiene Coefficient (FC): A statistical phi-coefficient formula used to calculate the predictive power of 
a single rule by cross-tabulating compliance frequencies in high- and low-performing groups. 

• Loss Aversion: A principle of Prospect Theory stating that the psychological pain of a loss (e.g., 
citation) is approximately twice as potent as the satisfaction of an equivalent gain. 

• False Negative: A measurement error where an assessor determines a provider is "In Compliance" 
when they are actually failing; prioritized as the most dangerous error state due to 
morbidity/mortality risk. 

• Substantial Compliance: The "Sweet Spot" (typically 98–99% compliance) where program quality 
and safety are optimized before hitting the Law of Diminishing Returns. 

• Theory of Regulatory Compliance (TRC+): The empirical framework identifying the curvilinear 
relationship between adherence to standards and quality of outcomes. 

• Regulatory Professionalism: The transition from subjective, anecdotal oversight to evidence-based 
governance grounded in measurement science and predictable approval pathways. 

• Regulatory Compliance Scale (RCS): an ordinally based means of measuring regulatory compliance 
where 7 = Full Compliance; 5 = Substantial Compliance; 3 = Mediocre Compliance; and 1 = Low 
Compliance. 
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Interpretive Guide for the Integrated Regulatory Framework 

Toward a Higher Standard: Statistical Validation and Bias Mitigation via the Integrated Regulatory 

Framework (IRF) 

Introduction: From Front-End Scoring to Back-End Interpretation 

The mandate for modern oversight has shifted from rudimentary monitoring to a sophisticated "Psychology 

of Regulatory Compliance" (PORC). Historically, regulatory systems focused exclusively on "front-end" 

methodologies—specifically the development of Instrument-based Program Monitoring, the Uncertainty-

Certainty Matrix and the Regulatory Compliance Scale—to establish scoring and weighting for rules. 

However, the evolution of regulatory science now demands a transition toward "back-end" interpretation. 

While front-end methods create the foundation for monitoring, back-end interpretation provides the 

strategic lens through which raw data is transformed into meaningful insights regarding program safety and 

quality. 

The Integrated Regulatory Framework (IRF) serves as the pinnacle of this evolution, synthesizing 

psychological theory, measurement science, and regulatory practice into a unified licensing model. The 

framework is architected upon four foundational pillars: 

• Predictive Rules: Utilizing "Key Indicators" to statistically isolate rules that forecast overall 

compliance. 

• Risk-Weighted Rules: Prioritizing regulations based on their direct impact on client safety. 

• Prospect Theory Dynamics: Accounting for human behaviors regarding aversion and certainty 

within the regulatory environment. 

• Explicit Controls: Mathematical safeguards designed to mitigate false positives, false negatives, and 

assessor bias. 

This framework is powered by a specific mathematical architecture that bridges the gap between the 

psychology of compliance and rigorous, defensible data analysis. 

The IRF Mathematical Model: Quantifying Compliance and Quality 

The strategic implementation of a formal algorithm is a prerequisite for standardizing licensing decisions 

and ensuring scientific defensibility. Relying on subjective inspector judgment introduces variability that 
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compromises system integrity; a mathematical model, conversely, provides a standardized methodology that 

withstands legal and administrative scrutiny. 

The primary algorithm of the Integrated Regulatory Framework is expressed as:                              

IRF = (FC = .75+) + (F- = 0 (Null(ᶲ)) - (F+ = wgt1 x 3) 

The components of this formula are deconstructed as follows: 

• FC (Fiene Coefficient): A statistical validator (phi-coefficient) used to identify Key Indicators. To 

ensure a rule is a valid predictor in quality settings, the coefficient must be calculated as: FC = 

[(true+)(true-) – (false+)(false-)] / √ (sum of all true and false quadrants) 

• F- (False Negatives): This represents a zero-tolerance standard for critical safety violations. The 

"Null" requirement ensures that no life-safety risks are overlooked by the system. 

• F+ (False Positives): This component represents rules weighted as "1 x 3 violations." This specific 

calculation is designed to mitigate the effect of inspector over-regulation or negative bias, ensuring 

the provider remains within a substantial regulatory compliance level. 

By prioritizing "Key Indicators"—medium-risk predictor rules—over exhaustive enforcement of all 

regulations, the IRF enhances safety outcomes while filtering out administrative "noise." This targeted 

approach concentrates regulatory resources on the specific indicators that statistically correlate with client 

morbidity and mortality, thereby establishing a more efficient and predictive review system. 

The Statistical Necessity of the .75 Fiene Coefficient 

The validity of any regulatory system is contingent upon the application of appropriate statistical thresholds. 

Because data characteristics shift between basic health and safety licensing and high-level quality ratings, the 

validation coefficients must adjust to maintain statistical integrity. 

Comparative Statistical Thresholds for the Fiene Coefficient (FC) 

Setting/Purpose Required FC Value Data Distribution Characteristics 

Ultimate Goal 1.00 Theoretical perfect prediction (Pass/Fail metric) 

Validation Score .90+ 
Approximates a perfect relationship; confirms key indicators 

predict as intended 

Quality Score .75+ Normally distributed; reflects greater variability in quality settings 

Licensing Score .50+ 
Highly skewed; accounts for the "ceiling effect" in basic 

compliance 

 

The "So What?" layer of these thresholds is rooted in data distribution. Licensing data are typically "skewed" 

because the majority of providers comply with basic regulations to maintain their license—a phenomenon 

known as the "ceiling effect." In such environments, a .50 FC is sufficient to identify predictive rules. 
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However, quality-based assessments require a more rigorous .75 threshold. Quality indicators follow a 

normal distribution, capturing the nuances and variability between providers that basic licensing misses. A 

.90+ Validation Score is further required to prove that key indicators are statistically predicting as they 

should. By adhering to these specific thresholds, regulatory scientists prevent the misapplication of licensing 

standards to sophisticated quality assessments. 

Mitigating Inspector Bias: The Strategic Management of False Positives (F+) 

The psychological impact of inspector bias and over-regulation can severely compromise service delivery. 

When the regulatory process is perceived as inconsistent or punitive, it undermines procedural fairness. To 

counter this, the IRF utilizes a strategic posture that treats False Negatives (F-) and False Positives (F+) as 

constants across the framework. 

Treating these as constants is a requirement of the Theory of Regulatory Compliance, which recognizes a 

"curvilinear" rather than linear relationship between compliance and quality. This relationship necessitates 

specific parameters: 

1. Zero-Tolerance for False Negatives (F- = 0): On critical safety rules, the framework adopts a 

"safety-first" posture. There is no mathematical margin for error when client morbidity or mortality 

is at risk. 

2. Weighted Penalty for False Positives (F+ = wgt1 x 3): To protect the provider's "substantial 

regulatory compliance level," the IRF applies a penalty to false positives. This mechanism specifically 

mitigates "negative bias" from strict inspectors, ensuring that a provider’s score is not decimated by 

technicalities or assessor over-reach. 

This mathematical approach ensures that the system remains focused on genuine risk while protecting the 

provider's standing, fostering a more collaborative and fair regulatory environment without compromising 

the "Ultimate Goal" of safety. 

Conclusion: Implementing the Integrated Regulatory Framework 

The Integrated Regulatory Framework functions as a robust back-end interpretive method that transforms 

raw compliance data into actionable, scientifically validated quality insights. By accounting for statistical 

probability, risk assessment, and human bias, the IRF provides a defensive and accurate mechanism for 

modern human service licensing. 

For organizations seeking to implement these standards: 

• System Development: Regulatory scientists developing a system from scratch should utilize the 

IRF mathematical model and the specific validation coefficients provided in this framework to 

ensure methodological rigor. 

• "Off-the-Shelf" Solutions: For practitioners seeking an immediate application, the Child Care 

Early Education Heart Monitor (CCEEHM) App (Fiene, 2025c) is the recommended tool, as it 

incorporates these methodologies into a pre-built digital interface. 

The adoption of the Psychology of Regulatory Compliance is no longer optional for high-performing 

oversight bodies. Utilizing the IRF is the only way to establish a review system that is simultaneously more 

effective, statistically sound, and predictive of real-world safety outcomes. 
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 Implementation Framework: The Integrated Regulatory Framework (IRF) for Targeted Human 

Services Licensing 

The Strategic Shift: From Exhaustive Enforcement to Targeted Oversight 

Traditional exhaustive oversight has proven to be a computationally expensive and low-yield strategy in 

human services licensing. The legacy "check-every-box" approach operates on the flawed assumption that 

universal rule enforcement correlates linearly with client safety. The Integrated Regulatory Framework (IRF) 

shifts this paradigm toward an applied behavioral-regulatory model. By synthesizing psychological theory 

and measurement science, the IRF moves beyond administrative rote to a data-driven system focused on 

preventing morbidity and mortality. This transition incorporates aversion and certainty dynamics from 

Prospect Theory, acknowledging that regulatory efficiency is maximized when monitoring is prioritized 

based on risk-weighted predictor rules rather than exhaustive checklists. 

The following table contrasts the "Front-End" mechanics of initial data gathering with the "Back-End" IRF 

methodologies required for sophisticated validation and interpretation. 

Front-End Methodologies (Initial 

Mechanics) 
Back-End Methodologies (IRF Interpretation) 

Establishing basic scoring systems for facilities. Statistical validation of "Key Indicator" predictor rules. 

Initial weighting of rules by risk levels. Application of the IRF multi-gate mathematical model. 

Deployment of the Regulatory Compliance 

Scale. 
Behavioral interpretation of scores via Prospect Theory. 

Differential Monitoring data collection. 
Integration of the Uncertainty-Certainty Matrix to control 

bias. 

 

This architectural shift is anchored in a rigorous mathematical model that stabilizes regulatory decision-

making, ensuring that oversight is both scientifically defensible and optimized for high-stakes environments. 

The Mathematical Foundation: The IRF Algorithm 

To move regulatory decision-making from the subjective thresholds of individual inspector judgment to 

objective mathematical validation, the IRF utilizes a formal algorithm. This framework functions as a multi-

gate validation check to determine if a provider has achieved "substantial regulatory compliance." 

The passing conditions for the IRF are defined by the following formula:                                         

IRF = (FC = .75+) + (F- = 0 (Null(ᶲ)) - (F+ = wgt1 x 3) 

The three critical variables of this algorithm are deconstructed as follows: 

1. Fiene Coefficient (FC): This serves as the statistical validator for "Key Indicators"—the specific 

subset of rules most predictive of overall compliance and safety. The FC is a phi-coefficient calculated 

as: FC = (true+) (true-) - (false+) (false-)\sqrt {product of the sums of True+, True-, False+, False-} 
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The IRF utilizes the FC to ensure the system focuses only on rules that correlate with safety 

outcomes, rather than administrative noise. 

2. False Negatives (F-): This represents a zero-tolerance standard for critical safety rules. In a safety-

first posture, the framework mandates a null value for false negatives, meaning no violation of a 

critical safety rule is permissible. This aligns with the "loss aversion" principles of Prospect Theory, 

where the cost of a missed safety risk (a false negative) far outweighs the cost of over-monitoring. 

3. False Positives (F+): This variable identifies rules where compliance is recorded despite potential 

observer error or over-regulation. The formula applies a weighted penalty (wgt1 x 3) to mitigate the 

impact of inspector strictness. 

The strategic impact of the IRF is found in its sensitivity to data distribution. For Quality Settings, where 

data is more normally distributed, an FC threshold of .75 or higher is required. Conversely, for Licensing 

Reviews, the threshold is adjusted to .50 or higher to account for the highly skewed distribution typical of 

licensing data, where most providers maintain high compliance. Transitioning from these abstract thresholds 

to operational safeguards is necessary to ensure the system maintains procedural fairness. 

 Safeguarding the System: Bias Controls and Error Mitigation 

Maintaining "substantial regulatory compliance" requires controlling for assessor bias through the 

Uncertainty-Certainty Matrix. This matrix is vital for ensuring that a provider's status is determined by 

operational reality rather than the subjective leanings of an individual observer. 

Zero-Tolerance for False Negatives (F-) 

The framework maintains an absolute, non-negotiable standard of zero for False Negatives regarding critical 

safety rules. This "safety-first" posture is the architectural cornerstone of the IRF. By setting F- to Null (0), the 

system ensures that high-risk violations that could lead to client harm are never obscured by statistical 

averages. This ensures that the framework remains sensitive to the most catastrophic risks. 

Weighted Penalty for False Positives (F+) 

To mitigate "inspector strictness" or "negative bias," the IRF utilizes a weighted calculation for False Positives: 

wgt1 x 3. The "So What?" behind this specific multiplier is the protection of the provider’s "substantial 

regulatory compliance" level. By weighting these violations as 1 x 3, the math ensures that a single high-

weighted violation—potentially recorded by a biased or overly punitive inspector—does not unilaterally 

trigger a system failure. This safeguard ensures that a provider’s overall status remains reflective of systemic 

performance rather than isolated observer error. 

These safeguards collectively ensure that the resulting regulatory scores reflect an objective assessment of 

risk rather than the inherent uncertainty of human observation. 

Implementation Scenarios and Results Interpretation 

Administrators must utilize specific IRF Result Scenarios to differentiate between basic licensing 

enforcement, quality assessment, and the validation of predictor rules. 
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Integrated Regulatory Framework Result Scenarios Table 

IRF: Pass/Fail Fiene Coefficient (FC) False Negative (F-) False Positive (F+) Comments 

+1.00 / -2.00 1.00 Null (0) -3 

Ultimate Goal: 

Perfect predictive 

alignment. 

+0.90+ / -2.10 .90+ Null (0) -3 

Validation Score: 

High confidence in 

indicators. 

+0.75+ / -2.25 .75+ Null (0) -3 

Quality Score: 

Standard for quality 

assessments. 

+0.50+ / -2.50 .50+ Null (0) -3 

Licensing Score: 

Standard for skewed 

licensing data. 

Note: In the Pass/Fail column, the second value (e.g., -3.00) represents the maximum allowable weighted 

penalty for False Positives allowed before the facility falls out of substantial compliance. 

Strategic Implications of Scenarios 

In each scenario, the FC fluctuates to accommodate the statistical sensitivity of the assessment (ranging from 

.50 for skewed licensing data to 1.00 for theoretical perfection). However, the False Negative (F-) and False 

Positive (F+) parameters remain constant. This constancy is essential for protecting the "ceiling effect" 

described in the Theory of Regulatory Compliance. By keeping safety thresholds (F-) and bias mitigation 

(F+) fixed, administrators ensure that the framework consistently identifies substantial compliance 

regardless of whether they are conducting a basic licensing review or a high-level quality validation. 

Theoretical Alignment: The Curvilinear Relationship of Compliance 

The IRF is fundamentally aligned with the Theory of Regulatory Compliance, which posits a non-linear, 

curvilinear relationship between rule compliance and program quality. 

Empirical research demonstrates that exhaustive monitoring fails to produce better quality outcomes beyond 

a certain threshold. Instead, a "diminishing effect" occurs where the administrative burden of enforcing low-

risk rules actually detracts from the oversight of rules that truly matter. The IRF utilizes Key Indicators and 

Risk Assessment to identify the "rules that work"—those specifically associated with preventing morbidity 

and mortality. 

By focusing resources on these high-impact predictor rules, the framework optimizes the monitoring 

process. It recognizes that "100% compliance with 100% of the rules" is a low-yield strategy, and instead steers 

the regulatory system toward the "ceiling" where compliance and quality are most effectively synchronized. 

Technical Execution: Implementation Decision Points 

For regulatory administrators, the implementation of the IRF involves a strategic choice between custom 

architectural development and the utilization of validated tools. 
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Build vs. Buy 

• Systems Architects & Regulatory Scientists: For those developing a bespoke system, the technical 

requirement is the integration of the IRF algorithm into the agency's back-end database to establish 

automated licensing decision points. 

• Administrative Readiness: For agencies seeking a validated, immediate application, the Child 

Care Early Education Heart Monitor (CCEEHM) is the recommended tool. It is specifically 

designed to assess both structural and process quality via the IRF math model. 

Back-End Execution Checklist 

To finalize a robust monitoring system, administrators must execute the following: 

• Validation of Predictor Rules: Use the Fiene Coefficient (FC) to confirm that chosen rules 

statistically correlate with safety and quality outcomes. 

• Bias Mitigation: Apply the Uncertainty-Certainty Matrix to identify and control for observer 

variance in reporting. 

• Algorithmic Integration: Embed the IRF formula (IRF = (FC) + (F-) - (F+)) as the final 

mathematical gate for facility licensing and quality status. 

This framework establishes a superior means of facility assessment—one that is mathematically rigorous, 

psychologically grounded, and focused on the highest yields for client safety and program quality. 

 
 

The Integrated Regulatory Framework (IRF): A Primer on Mathematical Safety 

The Vision: Safety Over Paperwork 

In traditional oversight, inspectors often fall into the trap of "exhaustive enforcement," attempting to 

monitor every administrative requirement with equal weight. This linear approach assumes that more rules 

checked equals more safety—an assumption that regulatory science has proven flawed. The Integrated 

Regulatory Framework (IRF) introduces a fundamental shift toward "targeted" enforcement by 

acknowledging a curvilinear relationship between compliance and quality. Unlike a linear model, the IRF 

recognizes that there is a ceiling of diminishing returns where excessive paperwork no longer translates to 

increased safety. 

The IRF is designed as a "back-end" methodology. While "front-end" methods focus on the initial scoring and 

weighting of rules, the IRF provides the lens through which those results are interpreted to make high-stakes 

licensing decisions. It transforms raw data into a nuanced understanding of risk. 

Key Insight: The Logic of the Curvilinear Relationship Traditional checklists treat all rules as equal, 

leading to "death by paperwork." The IRF recognizes that safety is best served by focusing on "Predictor 

Rules." By prioritizing these high-impact variables, we move away from a linear checklist and toward a 

sophisticated model that identifies the threshold where compliance actually correlates with the prevention of 

morbidity and mortality. 
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This transition from blind adherence to mathematical precision is governed by a specific algorithm that 

balances statistical prediction with safety and fairness. 

The IRF Equation: The Blueprint for Modern Licensing 

To achieve this vision, the IRF utilizes a formal algorithm that serves as the mathematical foundation for 

interpreting regulatory health. It requires specific performance in statistical correlation, a total absence of 

critical safety failures, and a correction factor for human bias. 

The formal IRF algorithm is: 

IRF = (FC = .75+) + (F- = 0 (Null) - (F+ = wgt1*3) 

Variable Symbol Plain English Definition 

FC Fiene Coefficient: The statistical validator used to identify "Key Indicator" rules. 

F- 
False Negatives: The zero-tolerance standard for missed violations on critical safety 

rules. 

F+ 
False Positives: The weighted guardrail (Violation Weight of 1 multiplied by 3) used 

to mitigate assessor bias. 

 

To master the application of this framework, we must first analyze the "Smart Filter" that makes targeted 

enforcement possible: the Fiene Coefficient. 

Variable 1: The Fiene Coefficient (FC) – The "Smart Filter" 

The Fiene Coefficient revolutionizes rule selection by moving beyond intuition and into statistical validation. 

As a phi-coefficient, the FC identifies "Key Indicators"—the specific subset of rules that are statistically 

predictive of overall compliance. If a facility passes these "Predictor Rules," the IRF assumes a high likelihood 

of health and safety across the entire operation. 

For regulatory scientists developing a system from scratch, the FC is calculated using the following formula: 

FC = (true+)(true-) – (false+)(false-)\sqrt{true and false sums} 

The IRF demands different thresholds based on the regulatory environment: 

• Quality Threshold (.75+): Required for quality-based assessments where data distributions are 

more normally distributed. 

• Licensing Threshold (.50+): Utilized for standard licensing reviews where data is typically skewed 

toward high compliance. 

The "So What?": A high FC validates that we are measuring the right things. It allows an inspector to trust 

that a pass on a "Predictor Rule" represents the health of the whole facility, effectively reducing the 

administrative burden while maintaining—and often improving—safety outcomes. 
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Variable 2: False Negatives (F-) – The "Non-Negotiables" 

Because no statistical filter is perfect, the framework must incorporate a fail-safe for human error. A False 

Negative (F-) represents the most dangerous failure in regulatory science: a regulator failing to identify a 

violation of a critical safety rule. 

The IRF adopts an absolute Zero-Tolerance (Null) standard for this variable. In the IRF logic, the presence 

of even one missed critical violation invalidates the efficiency gains of the system. This ensures that while we 

reduce paperwork, we never compromise the non-negotiables of client protection. 

Safety-First Warning The Null standard for False Negatives is the ultimate anchor of the framework. It 

ensures that the shift toward targeted monitoring never results in a "blind spot" regarding rules that prevent 

morbidity and mortality. 

This rigor in safety is balanced by a mathematical counterweight designed to protect the provider from the 

subjectivity of the inspector. 

Variable 3: False Positives (F+) – The "Fairness Guardrail" 

The IRF recognizes that "assessor bias" can lead to False Positives (F+), where a provider is unfairly cited for 

a violation that does not impact safety or quality. To prevent a single "negative bias" inspector from unfairly 

lowering a provider's score, the IRF applies a weighted penalty of 1 times 3. 

This calculation results in a constant value of -3 in the final scoring table. This "Fairness Guardrail" serves 

three critical functions: 

1. Mitigating Over-Regulation: It prevents the system from penalizing minor, non-impactful 

deviations. 

2. Protecting Procedural Fairness: It ensures the regulatory decision is based on objective safety 

rather than the subjective strictness of an individual assessor. 

3. Maintaining Substantial Regulatory Compliance Levels: By weighting F+ at 3 violations, the 

model keeps the facility's overall score within a range that reflects its actual performance, 

acknowledging that "perfect" compliance is often an administrative mirage. 

Understanding the Result: Scenarios and Interpretation 

The IRF interprets front-end data to produce specific outcomes. While the F- and F+ variables remain 

constant to protect safety and fairness, the Fiene Coefficient (FC) adjusts based on whether the goal is 

validation, quality, or basic licensing. 

IRF: Pass/Fail FC Score False Neg. F-  False Pos. F+ Comments & Interpretation 

+1.00 / -2.00> 1.00 0 -3 
Ultimate Goal: Perfect statistical correlation with 

safety; the gold standard for regulatory science. 

+0.90+ / -2.10> .90+ 0 -3 

Validation Score: Used by researchers to confirm 

that Key Indicators are predicting outcomes as 

intended. 
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+0.75+ / -2.25> .75+ 0 -3 

Quality Score: Used for excellence-tier 

assessments; indicates a facility meets high-tier 

process standards. 

+0.50+ / -2.50> .50+ 0 -3 

Licensing Score: The threshold for field 

inspectors; facility meets all fundamental safety 

requirements. 

 

Each score provides a distinct interpretive lens, moving from the researcher's desk to the inspector's field 

tablet, all while maintaining the core mission of protecting clients from harm. 

Summary: The Future of Regulatory Science 

The Integrated Regulatory Framework is a "back-end" methodology that transforms monitoring data into 

actionable intelligence. By moving from a linear relationship to a curvilinear understanding of compliance, 

the IRF makes licensing smarter, fairer, and more effective. It is the bridge between measurement science and 

the practical protection of human life. 

Lessons for the Aspiring Regulatory Scientist 

• Data Over Volume: Focus on "Predictor Rules" with high Fiene Coefficients rather than exhaustive 

checklists. Effective monitoring is about precision, not quantity. 

• Zero-Tolerance for Risk: Statistical efficiency must always be anchored by a Null(\phi) standard for 

critical safety failures (False Negatives). 

Protect the Process: A scientific system must protect providers from assessor bias (False Positives) to ensure 

that "Substantial Compliance" is a fair and achievable standard. 

 
 

Understanding the Integrated Regulatory Framework (IRF): Benchmarks and Scenarios 

Introduction: The IRF as a Mathematical Interpretation Model 

The Integrated Regulatory Framework (IRF) serves as the "back-end" interpretation engine within regulatory 

science. While "front-end" methods—such as establishing scoring systems and rule-weighting—provide the 

raw data, the IRF provides the analytical rigor required to synthesize psychological theory and measurement 

science. It is an extension of the Theory of Regulatory Compliance, designed to transition licensing from 

simple rule enforcement to a sophisticated model of behavioral prediction. 

The critical importance of the IRF lies in its ability to streamline oversight. By utilizing statistical predictors, 

regulators can shift focus toward indicators that truly impact safety and quality, rather than dissipating 

resources on exhaustive monitoring that lacks predictive validity. This framework ensures that the regulatory 

gaze remains fixed on mitigating risk while maintaining system-wide integrity. 

This transition from raw data to actionable intelligence is made possible by the specific configuration of the 

IRF formula. 
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Deconstructing the IRF Formula 

The IRF utilizes a formal algorithm to calculate regulatory compliance and quality. The scientific notation for 

the framework is expressed as: 

IRF = (FC = .75+) + (F- = 0 (Null(ᶲ)) - (F+ = wgt1 x 3) 

The variables within this algorithm are defined in the following table: 

Variable Name Scientific Definition & Formula 

FC Fiene Coefficient 

A phi-coefficient measuring the association between binary variables 

(Compliance vs. Non-Compliance). It identifies "Key Indicators" 

statistically predictive of overall compliance. Formula: FC = (true+)(true-) 

– (false+)(false-)/sqrt of true and false sums 

F- False Negatives 

Type II errors where a violation exists but is not recorded. The framework 

mandates an absolute Null (0) standard for these missed violations to 

protect against morbidity and mortality. 

F+ False Positives 

Type I errors where a violation is recorded but is not present. This variable 

uses a weighted penalty (weight of 1 x 3) to mitigate assessor bias and 

over-regulation. 

 

This mathematical configuration establishes an uncompromising "safety-first" posture. By eliminating Type 

II errors (False Negatives) while implementing assessor bias mitigation via the False Positive weight, the IRF 

ensures that critical safety risks are never overlooked and that providers are protected from procedural 

unfairness. 

Comparative Analysis: The IRF Result Scenarios Table 

The IRF is a versatile instrument. Its benchmarks are adjusted based on the specific regulatory objective, 

whether the goal is baseline licensing, quality assessment, or system validation. 

Scenario Category IRF Pass/Fail Metric Required FC False Negative (F-) False Positive (F+) 

Ultimate Goal +1.00 / -2.00 1.00 Null (0) -3 

Validation Score +0.90+ / -2.10 .90+ Null (0) -3 

Quality Score +0.75+ / -2.25 .75+ Null (0) -3 

Licensing Score +0.50+ / -2.50 .50+ Null (0) -3 

 

The IRF Pass/Fail Metric in the table above represents the synthesis of the statistical predictor (FC) and the 

error constants. For example, the licensing metric of +0.50+ / -2.50 reflects the combination of a .50 Fiene 

Coefficient target and the negative impact of weighted False Positives (calculated via the wgt1 \times 3 



 
 

52 
 

formula). While the Fiene Coefficient fluctuates based on the rigor of the data environment, the error 

constants for safety and fairness remain rigid across all scenarios. 

The Non-Negotiables: Why F- and F+ are Constants 

In the IRF model, the values for False Negatives and False Positives are held constant. This decision is 

grounded in the discovery of a curvilinear relationship rather than a linear relationship between 

regulatory compliance and quality. Because this relationship reaches a ceiling where diminishing returns 

occur, the IRF must set absolute parameters to prevent programs from exceeding risk thresholds. 

The Safety-First Posture: A zero-tolerance standard for False Negatives (F- = 0 (Null(ᶲ)) is non-negotiable. 

In regulatory science, the failure to identify a critical violation significantly increases the risk of morbidity 

and mortality for the populations served. 

Furthermore, the constant weighting of False Positives (F+) serves as a critical mechanism for procedural 

fairness. By weighting these errors, the IRF ensures that an inspector with a "negative bias" (excessive 

strictness) does not unfairly jeopardize a provider's status. This allows a facility to maintain a "substantial 

regulatory compliance level" despite reporting outliers. For the regulatory scientist, the professional standard 

is clear: safety and fairness benchmarks must remain fixed even as quality performance goals evolve. 

 The Fluid Variable: Understanding FC Thresholds 

The Fiene Coefficient (FC) is the fluid variable within the IRF, ranging from .50+ for licensing to .90+ for 

validation. This variance is a statistical necessity dictated by the distribution of the data being analyzed: 

• Licensing Data (Skewed Distribution): In licensing, data is heavily skewed because the vast 

majority of providers are in substantial compliance. In such environments, a lower coefficient (.50+) 

is sufficient to indicate a significant association between key indicators and overall compliance. 

• Quality Assessment Data (Normal Distribution): Quality-based data typically follows a normal 

distribution (bell curve). A higher statistical bar (.75+) is required here to prove that specific quality 

indicators are truly predictive of excellence. 

The framework identifies three specific tiers of validation: 

1. Licensing (.50+): The baseline threshold for substantial compliance within skewed data sets. 

2. Quality (.75+): The standard for excellence, integrating process and structural quality. 

3. Validation (.90+): The highest scientific standard, approximating a perfect relationship where key 

indicators definitively predict safety and quality outcomes. 

Summary: Moving from Licensing to Quality 

The shift to the Integrated Regulatory Framework represents a fundamental advancement from "front-end" 

monitoring to "back-end" scientific interpretation. By applying these mathematical modeling decision 

points, regulatory scientists can make objective, data-driven determinations regarding facility licensing and 

quality. 
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Core Insights for the Regulatory Scientist 

• Statistical Prediction (FC): Utilize the Fiene Coefficient and phi-coefficient analysis to ensure 

monitoring is restricted to "Key Indicators" that correlate with actual outcomes. 

• Elimination of Type II Errors (F-): Adhere to the zero-tolerance (Null) standard for False 

Negatives to prevent client morbidity and mortality. 

• Mitigation of Assessor Bias (F+): Apply weighted False Positive penalties to ensure procedural 

fairness and maintain the integrity of the provider's compliance status. 

Final Step 

The Integrated Regulatory Framework (IRF) has been introduced as an innovative mathematical model in 

the human care licensing field utilizing the psychology of compliance and regulatory science.  This research 

abstract takes that mathematical model and moves it to the next step in creating a graphic of the results 

generated by the IRF equation:  IRF = FC (1.00 x 3) – (F-(0)) – ((F+) x 3).  This equation is generated from 

the following 2x2 table: Uncertainty-Certainty Matrix for Licensing Decision Making as described above. 

Uncertainty-Certainty Matrix for Licensing Decision Making 

Fiene Coefficient (FC) (+3) False Positive (F+) (-3) 

False Negative (F-) (0) Fiene Coefficient (FC) (+3) 

 

Based upon this matrix the following graphic can be generated which demonstrates the licensing decision 

making process: 

 

Based upon this graph it provides a clear distinction between when a license should be issued and when it 

should not.  For example, any false negative (F-) clearly indicates that no license should be issued under any 

circumstance.  This would be if any high-risk rule is non-compliant.  With false positives, those in which low 

risk rules are non-compliant, a bit more leniency is evident based upon the theory of regulatory compliance 

and substantial compliance effect but that is only counter-weighted if the Fiene Coefficient (FC) 

demonstrates a positive score.   
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Licensing Assessment and Decision-Making 

 

This research abstract builds upon previous research in introducing a psychology of regulatory compliance.  

This abstract attempts to combine that thinking into a simple 2 x 2 matrix for licensing administrators which 

combines the previous theory and methods (Fiene, 2026). 

Licensing Assessment and Decision-Making Matrix 

 
True Positive 

Decision: In Compliance 
Reality: In Compliance 

Medium Risk Rules/Regulations 
Accurate Licensing Assessor 

UCM: Certainty 
Goal: Fair Application 

Desirable Outcome 
Moderate Level of Compliance 

No Bias Present 
 

 
False Positive 

Decision: Out of Compliance 
Reality: In Compliance 

Lowest Risk Rules/Regulations 
Stringent, Strict Licensing Assessor 

Prospect Theory: Certainty 
UCM: Uncertainty 

Provider of Service Inconvenience 
Higher Level of Non-Compliance 

Can lead to Negative Bias 
 

 
False Negative 

Decision: In Compliance 
Reality: Out of Compliance 

Highest Risk Rules/Regulations 
Lenient Licensing Assessor 
Prospect Theory: Aversive 

UCM: Uncertainty 
Extreme Client Risk 

Higher Level of Compliance 
Can lead to Positive Bias 

 

 
True Negative 

Decision: Out of Compliance 
Reality: Out of Compliance 

Medium Risk Rules/Regulations 
Accurate Licensing Assessor 

UCM: Certainty 
Goal: Fair Application 

Desirable Outcome 
Moderate Level of Non-Compliance 

No Bias Present 
 

 

The Licensing Assessment and Decision-Making Matrix provides a framework for understanding the 
relationship between an assessor’s compliance decisions and the actual reality of a service provider's status. 
This matrix categorizes outcomes into four distinct quadrants based on accuracy, risk levels, and the 
psychological profile of the assessor. 
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The Ideal Outcomes: Accuracy and Fairness 

In a balanced licensing system, the goal is a fair application of rules, resulting in a desirable outcome 
where the decision matches reality. This typically occurs under the guidance of an Accurate Licensing 
Assessor dealing with Medium Risk Rules/Regulations. 

• True Positive: The assessor decides the provider is In Compliance, and in reality, they are. This is 
driven by a sense of certainty (UCM: Uncertainty-Certainty Matrix) and represents a fair, accurate 
assessment. 

• True Negative: The assessor decides the provider is Out of Compliance, which reflects the actual 
reality. Like the True Positive, this outcome is grounded in certainty and achieves the goal of 
fairness. 

 

The Error Scenarios: Risk and Inconvenience 

When the decision and reality do not align, the matrix identifies two types of errors, each with different 
consequences and underlying causes. 

• False Positive (The Strict Approach-Negative Bias): This occurs when a provider is determined 
to be Out of Compliance despite actually being In Compliance. This is often the result of a 
Stringent or Strict Licensing Assessor focusing on Lowest Risk Rules/Regulations. While the 
provider suffers from service inconvenience, the psychological driver is often a mix of certainty in 
the rules (Prospect Theory) and an underlying uncertainty (UCM) regarding the provider’s status. 

• False Negative (The Lenient Approach-Positive Bias): This is the most critical failure in the 
matrix. An assessor decides a provider is In Compliance when they are actually Out of 
Compliance. Driven by a Lenient Licensing Assessor, this typically involves Highest Risk 
Rules/Regulations. The outcome is Extreme Client Risk, often fueled by an "aversive" mindset 
where the assessor avoids the conflict of a negative finding despite the presence of uncertainty. 
 

Summary Table of Regulatory Compliance & Licensing Assessment Outcomes 

Outcome Type Decision Reality Risk Level Result 

True Positive In Compliance In Compliance Medium Fair Application 

True Negative Out of Compliance Out of Compliance Medium Fair Application 

False Positive Out of Compliance In Compliance Lowest Provider Inconvenience 

False Negative In Compliance Out of Compliance Highest Extreme Client Risk 

 

Reference 

Fiene (2026). An integrated regulatory framework: The Psychology of Compliance, Regulatory Compliance 

Quarterly, Volume I, Research Institute for Key Indicators Data Laboratory and the National Association for 

Regulatory Administration, Fredericksburg, VA. 
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Professional Practice Guideline: Optimizing Decision-Making and Mitigating Bias in Licensing 

Assessments – An AI Evaluation of the Research Literature – Regulatory Compliance Series 

 

Introduction to the Psychology of Regulatory Compliance 

The efficacy of a regulatory framework is not determined by the sheer volume of surveillance, but by the 

forensic precision of the human decision-makers at the center of the process. A granular diagnostic of the 

intersection between assessor behavior and regulatory risk is a prerequisite for systemic risk mitigation. In 

this context, the safety and integrity of service provision are dictated by how accurately an assessor’s internal 

cognitive state mirrors the objective reality of a provider’s compliance. When these two dimensions diverge, 

the resulting regulatory failure compromises the entire safety ecosystem. 

Dr. Richard Fiene has fundamentally shifted the paradigm of licensing from a rote "check-box" exercise to a 

sophisticated psychological assessment. By introducing the Psychology of Regulatory Compliance, Fiene 

provides the 2x2 Licensing Assessment and Decision-Making (LADM) Matrix as a tool to evaluate the 

alignment—or misalignment—between an assessor’s conclusion and the actual status of the provider. This 

matrix categorizes outcomes into four quadrants: True Positive, False Positive, False Negative, and True 

Negative. These quadrants serve as a diagnostic map for identifying where cognitive bias enters the 

regulatory pipeline, allowing for a strategic transition toward an evidence-based, objective standard of 

practice. 

The Benchmark of Accuracy: Medium-Risk Regulations and Fair Application 

In the hierarchy of regulatory oversight, "Medium Risk" regulations serve as the standard for evaluating 

assessor accuracy. These rules represent the optimal environment for achieving "Fair Application," as they 

require the assessor to navigate beyond administrative minutiae without the high-stakes emotional pressure 

associated with immediate life-safety hazards. Accuracy in this middle ground demonstrates a lack of bias 

and a commitment to objective reality. 

The Dynamics of Desirable Outcomes 

Accurate outcomes—True Positives and True Negatives—are the benchmarks of regulatory excellence. They 

are defined by the following characteristics: 

• The Accurate Licensing Assessor: An individual who maintains a neutral, evidence-based posture, 

effectively neutralizing personal bias to reflect the provider's true performance. 

• The Psychological State of Certainty: Per the Uncertainty-Certainty Matrix (UCM), accurate 

assessments are grounded in a state of cognitive certainty, where observed evidence aligns perfectly 

with the regulatory standard. 

• Moderate Reality Levels: A True Positive reflects a reality of a Moderate Level of Compliance, 

while a True Negative reflects a reality of a Moderate Level of Non-Compliance. 
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The Anatomy of Accurate Assessment 

Dimension True Positive True Negative 

Decision In Compliance Out of Compliance 

Reality Moderate Level of Compliance Moderate Level of Non-Compliance 

Psychological 

State 
UCM: Certainty UCM: Certainty 

Goal of Fairness 
Achieved through accurate validation of 

quality. 

Achieved through accurate identification of 

risk. 

 

The absence of bias in these quadrants ensures the regulatory system maintains its credibility. However, a 

deviation from these ideal states signals a breakdown in the assessor’s professional objectivity. 

Categorizing Assessment Errors: The Dynamics of Bias and Risk 

When an assessor’s decision deviates from reality, the systemic consequences range from administrative 

burden to catastrophic failure. We must distinguish between errors that result in provider inconvenience and 

those that introduce extreme client risk. 

The False Positive: The Strict Approach 

A False Positive occurs when an assessor determines a provider is Out of Compliance despite a reality of 

compliance. This profile is synonymous with the Stringent or Strict Licensing Assessor who focuses 

predominantly on Lowest Risk Rules/Regulations. 

Psychologically, this error presents a unique paradox: the assessor operates with Certainty in the rules 

(Prospect Theory)—often because low-risk rules are black-and-white (e.g., date formats or paperwork 

placement)—yet maintains Uncertainty regarding the provider’s actual performance status (UCM). 

• The "So What?": While this leads to a higher level of reported non-compliance on paper, the real-

world result is primarily provider inconvenience. This negative bias undermines the collaborative 

relationship between the regulator and the provider without a corresponding increase in safety. 

The False Negative: The Lenient Approach 

The False Negative represents the "most critical failure" in the matrix. Here, the assessor finds a provider In 

Compliance when they are, in reality, Out of Compliance. This failure almost exclusively involves Highest 

Risk Rules/Regulations. 

• The Result: The masking of non-compliance results in Extreme Client Risk. Because the risk is 

officially "cleared," no mitigation occurs, leaving vulnerable populations in immediate danger. 
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Comparative Psychological Drivers: Certainty vs. Aversion 

The psychological drivers of these errors are fundamentally different. The Strict approach is rooted in a rigid, 

"certain" adherence to the letter of the law in low-stakes scenarios. In contrast, the Lenient approach is 

driven by an Aversive mindset. This is a liability-inducing failure where the assessor prioritizes the 

avoidance of the conflict, paperwork, and potential appeals associated with a high-risk violation over the 

safety requirements of the role. 

The Dangers of the Lenient Approach: Identifying Positive Bias 

Leniency is inherently more hazardous to public safety than stringency. Positive bias—the cognitive 

predisposition to overlook violations—is insidious because it projects an illusion of safety while leaving the 

reality of danger untouched. 

The profile of the Lenient Licensing Assessor is defined by three conditions: 

1. High-Risk Environment: Paradoxically, leniency is most prevalent in high-stakes scenarios where 

oversight is most critical. 

2. The Aversive Driver: Citing a high-risk violation often triggers intense provider pushback, 

administrative appeals, and legal scrutiny. To avoid this "loss" of peace and time, the assessor adopts 

an aversive mindset, defaulting to compliance to circumvent conflict. 

3. The Uncertainty Factor: When faced with complex, high-risk safety protocols, the assessor may 

feel uncertain (UCM). Rather than investigating further to reach certainty, the biased assessor uses 

this uncertainty as a justification for leniency. 

This creates the Regulatory Failure Paradox: The agency appears highly effective on paper, reporting high 

compliance rates, while in reality, the actual risk to the public is at its peak. This discrepancy is a total failure 

of regulatory integrity. 

Theoretical Foundations: Prospect Theory and the Uncertainty-Certainty Matrix (UCM) 

Understanding cognitive frameworks provides the forensic "ground truth" for why assessors fail. These 

aversive and certain responses are not merely personality traits but predictable cognitive biases. 

Prospect Theory 

Prospect Theory explains decision-making under perceived risk or loss. 

• In the Strict Approach, the assessor finds "Certainty" in the safety of minor rules to avoid the risk of 

being perceived as "soft." 

• In the Lenient Approach, the assessor views a citation as a "loss" (of time, of rapport, or of 

professional ease) and exhibits an Aversive response to avoid that loss. 

The Uncertainty-Certainty Matrix (UCM) 

The UCM measures an assessor's subjective confidence. 

• Certainty is the foundation of Fair Application. 
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• Uncertainty is the catalyst for bias. When an assessor cannot reach a state of certainty, they regress 

to their dominant bias—either "Strictness" (to be safe in low-risk scenarios) or "Leniency" (to avoid 

conflict in high-risk scenarios). 

 

Risk Level Predominant Theory Driver Resulting Bias Assessor Profile 

Lowest Risk Prospect Theory: Certainty Negative Bias Strict/Stringent 

Highest Risk Prospect Theory: Aversive Positive Bias Lenient 

 

Framework Synthesis: Summary of Regulatory Compliance Outcomes 

This unified framework is a diagnostic necessity for the training and oversight of licensing staff. By 

identifying whether an assessor adheres to the Strict or Lenient profile, regulatory leadership can deploy 

targeted interventions to move staff toward the "Accurate Assessor" benchmark. 

 

Summary Table of Regulatory Compliance & Licensing Assessment Outcomes 

Outcome Type Decision Reality Risk Level Result 

True Positive In Compliance In Compliance Medium Fair Application 

True Negative Out of Compliance Out of Compliance Medium Fair Application 

False Positive Out of Compliance In Compliance Lowest Provider Inconvenience 

False Negative In Compliance Out of Compliance Highest Extreme Client Risk 

 

The "So What?" of this framework is clear: regulatory excellence requires moving the entire workforce toward 

the Medium Risk/Accurate Assessor profile. We must eliminate the psychological comfort found in citing 

minor infractions (Strictness) and the administrative cowardice found in overlooking high-risk dangers 

(Leniency). 

The elimination of cognitive bias is not a secondary goal; it is a fundamental mandate. Our professional 

objectivity is the only barrier between a service provider’s status and the safety of the clients we are sworn to 

protect. We must demand a regulatory environment where decisions are dictated by the reality of the 

evidence, not the psychology of the assessor. 
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Strategic Policy Memorandum: Integrating the Licensing Assessment and Decision-Making (LADM) 

Framework 

Strategic Context: The Evolution of Regulatory Compliance 

The landscape of regulatory oversight is undergoing a fundamental transformation, moving away from the 

reductive "check-box" methodologies of the past toward a sophisticated "psychology of regulatory 

compliance." Grounded in the 2026 research of Richard Fiene, PhD, this shift acknowledges that the efficacy 

of a licensing system is determined not just by the rules themselves, but by the psychological drivers of the 

individuals enforcing them. For licensing administrators, the imperative is no longer merely to monitor 

provider outcomes, but to mitigate the cognitive biases inherent in high-stakes regulatory environments. 

The objective of this memorandum is to operationalize the Licensing Assessment and Decision-Making 

(LADM) Matrix—a 2x2 diagnostic framework designed to maximize regulatory accuracy. By synthesizing 

behavioral science with administrative oversight, this framework provides the tools necessary to achieve "Fair 

Application" while systematically eliminating the "False Negative" failures that result in extreme client risks. 

Theoretical Framework: The Licensing Assessment and Decision-Making (LADM) Matrix 

At the core of professional regulation is the concept of "Fair Application." This state is achieved only when an 

assessor’s decision aligns perfectly with the objective reality of a provider's compliance status. From a 

behavioral perspective, Fair Application is the byproduct of an assessor reaching the "Certainty" phase of the 

Uncertainty-Certainty Matrix (UCM). When an assessor operates in a state of certainty, cognitive shortcuts 

are discarded in favor of empirical evidence. 

The LADM Matrix categorizes outcomes based on the intersection of administrative decisions, provider 

reality, and the psychological state of the assessor. 

The LADM Matrix: Decision vs. Reality 

Outcome Type 
Assessor 

Decision 
Actual Reality 

Associated Risk 

Level 
Psychological State 

True Positive (Ideal) In Compliance In Compliance Medium Risk UCM: Certainty 

True Negative (Ideal) 
Out of 

Compliance 

Out of 

Compliance 
Medium Risk UCM: Certainty 

False Positive 

(Systemic Bias) 

Out of 

Compliance 
In Compliance Lowest Risk 

Prospect: Certainty / UCM: 

Uncertainty 

False Negative (Critical 

Failure) 
In Compliance 

Out of 

Compliance 
Highest Risk 

Prospect: Aversive / UCM: 

Uncertainty 

 

The Mechanics of Accuracy: True Positives and True Negatives 

In a balanced regulatory ecosystem, the "Accurate Licensing Assessor" consistently produces True Positive 

and True Negative outcomes. These "Ideal Outcomes" typically occur when monitoring Medium Risk 

Rules/Regulations. Because the assessor has reached the "Certainty" phase of the UCM, no psychological 
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bias is present to distort the findings. These quadrants serve as the benchmark for agency performance, 

representing a system where compliant providers are validated and non-compliant providers are accurately 

identified for remediation. 

Analyzing Systemic Bias: The Impact of False Positives 

While often viewed as "playing it safe," the False Positive—or "Negative Bias"—carries a significant strategic 

cost. It occurs when a Stringent or Strict Licensing Assessor cites a provider for non-compliance despite 

the provider actually being in compliance. This error is most prevalent when monitoring Lowest Risk 

Rules/Regulations. 

The psychological synthesis of a False Positive reveals a specific cognitive tension: 

• Prospect Theory (The Rule): The assessor is in a state of "Certainty" regarding the rule’s 

application, often adopting a zero-tolerance stance regardless of context. 

• UCM (The Reality): The assessor is actually in a state of "Uncertainty" regarding the provider’s 

specific status but chooses to default to a citation. 

In these low-stakes scenarios, strictness feels "cost-free" to the assessor, yet it results in significant Provider 

Inconvenience and administrative friction. This over-regulation undermines the credibility of the agency 

without offering any measurable increase in public safety. 

Mitigating Extreme Client Risk: Addressing the False Negative Failure 

The most catastrophic vulnerability in any licensing system is the False Negative. This represents a "Critical 

Failure" where the regulatory mission is entirely subverted. In this quadrant, a Lenient Licensing Assessor 

declares a provider to be "In Compliance" when, in reality, they are "Out of Compliance." 

Crucially, this failure is most frequently observed in the oversight of Highest Risk Rules/Regulations. The 

psychological mechanics driving this error are a failure of professional fortitude: 

• Prospect Theory (The Response): The assessor adopts an "Aversive" mindset. Because the stakes 

are high, the prospect of the conflict, paperwork, and provider pushback associated with a major 

citation is perceived as a "cost" to be avoided. 

• UCM (The Reality): Confronted with "Uncertainty," the assessor’s desire to avoid conflict overrides 

their duty to verify reality. 

This results in a Positive Bias. Contrary to being "helpful" or "nice," this bias is a dangerous cognitive 

shortcut that masks tangible danger with an underserved seal of approval. 

The "False Negative" outcome represents a total breakdown of the regulatory mission. By allowing high-risk 

violations to go unrecorded, the licensing system permits Extreme Client Risk to persist. This scenario is 

the primary metric by which agency failure is measured; it is the point where administrative leniency 

becomes a direct threat to public safety. 

Operationalizing Psychological Compliance Theories 

To transition from theoretical oversight to administrative reform, leaders must utilize the LADM Matrix as a 

functional diagnostic tool. Understanding the "Psychology of Compliance" allows administrators to predict 

and correct assessor errors before they result in systemic failure. 
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• The Uncertainty-Certainty Matrix (UCM): This identifies the assessor’s cognitive clarity. 

Administrative interventions must focus on moving assessors from "Uncertainty" to "Certainty" 

through enhanced training and evidence-based observation tools. 

• Prospect Theory: This governs the assessor's behavioral response to the rules. It identifies whether 

an assessor is overly rigid (leading to False Positives) or "Aversive" to conflict (leading to False 

Negatives). 

Administrative Directives for Reform: 

1. Execute Predictive Portfolio Audits: Identify assessors who consistently report high levels of 

compliance in high-risk portfolios; these are statistical "red zones" for Aversive behavior and False 

Negatives. 

2. Calibrate Risk-Based Oversight: Train staff to recognize that strictness on Lowest Risk rules 

(Negative Bias) does not compensate for leniency on Highest Risk rules. 

3. Mandate Certainty Thresholds: Require additional evidentiary support for compliance decisions 

in "Uncertain" high-stakes scenarios to neutralize the Aversive mindset. 

Conclusion: Moving Toward a Balanced Regulatory Ecosystem 

The LADM framework, as established by Fiene, provides the definitive roadmap for modern licensing 

administration. We must move beyond the fallacy that all compliance data is created equal. The mandate for 

leadership is to move the agency toward a state of "Fair Application" by actively managing the psychological 

profiles of our assessors. 

We must eliminate the Positive Bias that leads to the acceptance of extreme risk in high-stakes 

environments, while simultaneously curbing the Negative Bias that creates unnecessary provider burden 

in low-stakes environments. Only by addressing these underlying cognitive drivers can we achieve a 

regulatory ecosystem that is truly fair, accurate, and—above all—safe. 
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Licensing Validation and Rule Formulation 

 

This research abstract builds upon previous research in introducing a psychology of regulatory compliance as 

it relates to validation studies and rule formulation.  This abstract attempts to combine that thinking about 

validation and rule formulation into a simple 2 x 2 matrix for licensing administrators which combines the 

previous theory and methods (Fiene, 2026). 

Licensing Validation and Rule Formulation Matrix 

 
True Positive 

High Compliant Group 
Rule In Compliance 

High Risk Rules are Generally In Compliance 
100% Compliant Group 

Substantial Compliant Group 
Desirable Outcome: Certainty 

 

 
False Positive 

Low Compliant Group 
Rule In Compliance 

High Risk Rules are Generally In Compliance 
Poor Performing Programs 

Terrible Rule 
Uncertainty 

 

 
False Negative 

High Compliant Group 
Rule Out of Compliance 

Substantial Compliant Group 
Very Difficult Rules 

Terrible Rule 
Extreme Client Risk 

 
 

 
True Negative 

Low Compliant Group 
Rule Out of Compliance 

Very Difficult Rules 
Poor Performing Programs 

Moderate to Low Level of Non-Compliance 
Certainty 

 

 

This abstract explains the Licensing Validation and Rule Formulation Matrix to integrate the 
psychology of regulatory compliance with validation studies. By combining these theories, the matrix 
provides licensing administrators with a tool to evaluate the effectiveness of specific rules and the 
compliance behavior of programs. 

 

The Four Quadrants of Regulatory Compliance 

The matrix categorizes the relationship between program compliance groups (high vs low compliant 
groups) and rule status (in-compliance vs out of compliance) into four distinct outcomes: 

1. True Positive: The Desirable Outcome 

In this quadrant, there is a high level of certainty regarding regulatory safety. 

• Target Group: This involves the High Compliant Group, including those that are 100% or 
substantially compliant. 



 
 

66 
 

• Rule Status: The rules are in compliance. 

• Validation: High-risk rules are generally found to be in compliance here, confirming that top-tier 
programs are meeting critical safety standards. 
 

2. True Negative: Consistent Underperformance 

This quadrant also provides certainty, but it highlights areas where programs consistently struggle. 

• Target Group: This involves the Low Compliant Group and poor performing programs. 

• Rule Status: The rules are out of compliance. 

• Validation: This often occurs with "very difficult rules," resulting in a moderate to low level of non-
compliance that is predictable for this group. 
 

3. False Positive: The Problem of Uncertainty 

This quadrant identifies a breakdown in the rule's ability to differentiate program quality, leading to 
uncertainty. 

• Target Group: This involves the Low Compliant Group and poor performing programs. 

• Rule Status: Despite overall poor performance, the specific rule is recorded as "in compliance". 

• Validation: When high-risk rules are generally in compliance for poor performing programs, the 
rule is labeled a "Terrible Rule" because it fails to accurately reflect the program's actual risk level. 
 

4. False Negative: Extreme Client Risk 

This is the most critical quadrant, as it indicates a failure in rule formulation that leads to extreme client 
risk. 

• Target Group: This involves the High Compliant and Substantial Compliant groups. 

• Rule Status: The rule is out of compliance. 

• Validation: These are typically "very difficult rules" that even high-performing programs fail to 
meet. Because the rule is likely poorly formulated (a "Terrible Rule"), it creates unnecessary risk 
and administrative burden without improving safety. 

 

Summary of Theory 

The matrix serves as a bridge between the Psychology of Compliance and the practical application of 
Rule Formulation. By identifying "Terrible Rules"—those that result in False Positives or False 
Negatives—administrators can refine their regulatory frameworks to ensure that high-risk rules are both 
achievable for good programs and effective at identifying poor ones. 

 

Reference 

Fiene (2026). An integrated regulatory framework: The Psychology of Compliance, Regulatory Compliance 

Quarterly, Volume I, Research Institute for Key Indicators Data Laboratory and the National Association for 

Regulatory Administration, Fredericksburg, VA. 
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The Architecture of Safety: Understanding Rule Formulation and Compliance – Regulatory 

Compliance Series AI Generated 

 

Introduction: The Psychology Behind the Rules 

In the sphere of regulatory oversight, rules are far more than administrative mandates; they are 

environmental cues designed to shape behavioral reinforcement and ensure public safety. The effectiveness 

of these standards rests upon Regulatory Compliance Psychology, a field championed by Richard Fiene 

(2026) that examines the predictability of human behavior within regulated environments. At its core, this 

discipline explores how the formulation of a rule influences the extrinsic motivation of providers and the 

cognitive load of administrators. 

When rules are poorly calibrated, they create a psychological disconnect—a cognitive dissonance where the 

data on a page no longer reflects the reality of the facility. To bridge the gap between psychological theory 

and the practicalities of oversight, Fiene introduced the Licensing Validation and Rule Formulation 

Matrix. This diagnostic tool allows administrators to move beyond clerical box-checking, transforming rule-

making into a scientific validation process that ensures regulations serve as reliable indicators of actual 

program quality. 

Key Insight The Licensing Validation and Rule Formulation Matrix provides a scientific framework for 

administrators to evaluate the discriminative validity of specific rules. Its primary purpose is to ensure that 

regulatory standards produce predictable safety outcomes by aligning rule difficulty with known program 

performance. 

When the variables of program history and rule status align, the resulting clarity provides the foundation for 

what Fiene identifies as the Pillars of Certainty. 

The 2x2 Matrix: A Blueprint for Regulatory Clarity 

The Licensing Validation and Rule Formulation Matrix categorizes regulatory outcomes by intersecting two 

primary variables: the Program Compliance Group (High vs. Low performer) and the Rule Status (In-

Compliance vs. Out of Compliance). This structure identifies where the regulatory system succeeds in 

identifying risk and where it suffers from systemic failure. 

The Licensing Validation and Rule Formulation Matrix 

Quadrant Name Program Group Rule Status Resulting Outcome 

True Positive High Compliant / Substantial In-Compliance Certainty (Desirable Outcome) 

True Negative Low Compliant / Poor Performing Out of Compliance Certainty (Moderate to Low) 

False Positive Low Compliant / Poor Performing In-Compliance Uncertainty (Terrible Rule) 

False Negative High Compliant / Substantial Out of Compliance Extreme Risk (Terrible Rule) 

 

The first step in clinical regulatory improvement is recognizing when these variables align to provide 

administrators with actionable data. 
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Pillars of Certainty: True Positives and True Negatives 

Regulatory certainty occurs when the compliance data confirms our psychological and historical profile of a 

program. These two quadrants represent a healthy system where rules accurately distinguish between levels 

of safety. 

• True Positives: The Desirable Outcome In this quadrant, high-performing or "Substantially 

Compliant" programs are found in compliance with High Risk Rules. This represents the gold 

standard of regulation. Because these programs successfully navigate the most critical safety 

thresholds, administrators gain a high degree of psychological certainty that the risk of harm is 

minimized. 

• True Negatives: Reliable Identification of Underperformance In this scenario, poor-performing 

programs are found to be out of compliance with "very difficult rules." This provides certainty 

because the rule is successfully functioning as a diagnostic filter. It reliably identifies programs that 

lack the internal systems to meet rigorous standards, resulting in a predictable, moderate-to-low 

level of non-compliance that allows for targeted intervention. 

While these pillars support a stable system, regulatory integrity collapses when rules fail to accurately 

measure quality, creating scenarios that Fiene labels "Terrible Rules." 

When Rules Fail: The "Terrible Rule" and Regulatory Uncertainty 

A "Terrible Rule" is defined by its lack of discriminative validity—it cannot distinguish between a high-

performing program and a safety threat. These rules undermine the entire validation process, leading to two 

distinct types of systemic failure: 

The False Positive: The Danger of Obscured Risk In a False Positive scenario, a poor-performing program 

is recorded as being "In-Compliance" with high-risk standards. This is a psychological failure point because it 

provides no meaningful feedback loop for improvement. 

• The Impact: It masks danger under a veneer of compliance, creating "Uncertainty" for 

administrators who may inadvertently ignore a high-risk facility because the rule itself is too weak to 

capture the program's failures. 

• The False Negative: The Burden of Administrative Failure In a False Negative scenario, even 

high-performing, substantially compliant programs are found "Out of Compliance" because the rules 

are "very difficult" or poorly formulated. These rules focus on technicalities rather than safety 

thresholds. 

• The Impact: Because the rule is poorly formulated, it creates "Extreme Client Risk." This risk is 

systemic; it floods the oversight body with false alarms and imposes a heavy administrative burden 

on good programs, causing cognitive dissonance among providers who are penalized despite 

maintaining safe environments. 

These failures transform licensing from a protective measure into a source of unpredictable risk and 

bureaucratic friction. 
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Synthesis: Improving Safety Outcomes through Better Formulation 

Improving safety outcomes requires a shift from arbitrary enforcement to validated rule formulation. By 

utilizing the matrix, administrators can ensure that every rule provides a clear signal regarding a program’s 

actual performance. 

Actionable Insights for Regulatory Safety: 

1. Eliminate Non-Discriminatory "Terrible Rules": Administrators must audit rules that 

consistently produce False Positives or False Negatives. If a rule cannot distinguish between a high-

performing program and a poor-performing one, it is a psychological failure that provides no safety 

value and must be reformulated. 

2. Validate Difficulty Against Performance: Rule "difficulty" must be intentionally calibrated. High-

risk rules must be achievable for substantial compliant programs to maintain the "True Positive" 

quadrant. Conversely, "very difficult rules" should be reserved for identifying programs that require 

more intensive behavioral reinforcement and oversight. 

3. Utilize the Matrix as a Diagnostic Tool: Rather than viewing non-compliance solely as a program 

failure, administrators should use the matrix to identify system failures. If high-performing 

programs are universally failing a specific standard, the diagnostic data suggests the rule 

formulation—not the program behavior—is the root cause of the risk. 

This matrix transforms licensing from a clerical task into a scientific validation process, ensuring that 

regulatory frameworks are both psychologically sound and operationally effective in protecting the 

community. 

 
 

Strategic Analysis: Optimizing Safety Standards via the Licensing Validation and Rule Formulation 

Matrix 

Theoretical Foundation: The Psychology of Regulatory Compliance 

Modern licensing systems necessitate a shift from static, reactive oversight toward dynamic, evidence-based 

frameworks. Achieving this requires the strategic integration of psychological compliance theories—which 

investigate the behavioral drivers of organizational adherence—with rigorous empirical validation studies. 

This integration allows regulatory bodies to move beyond merely tracking violations to establishing a 

proactive environment where data dictates policy. Crucially, as established by Richard Fiene PhD (2026), the 

Licensing Validation and Rule Formulation Matrix serves as the primary empirical instrument that proves 

the psychology of compliance; it transforms theoretical behavioral patterns into a quantifiable diagnostic of 

rule efficacy. 

Core Conceptual Framework 

The Licensing Validation and Rule Formulation Matrix provides a structured 2x2 instrument designed to 

bridge the historical gap between program behavior and rule formulation. By synthesizing these elements, 

the matrix exposes whether a specific regulation functions as a valid safety filter or represents a systemic 

"Terrible Rule" that obscures actual risk. This methodology allows administrators to move from a posture of 

anecdotal observation to one of high-level regulatory certainty. 
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Methodological Overview 

The matrix cross-references two primary variables to identify four distinct regulatory outcomes: 

• Program Compliance Groups: Segmented into "High Compliant" (defined as those maintaining 

100% or substantial compliance) and "Low Compliant" (characterized as poor performing programs). 

• Rule Status: Categorized by the empirical finding of being "In-compliance" (meeting the standard) 

or "Out of compliance" (failing the standard). 

These foundational variables provide the technical vocabulary required to audit regulatory outcomes and 

identify where high-performing systems are succeeding—and where the rules themselves are failing. 

The Logic of Regulatory Certainty: True Positives and True Negatives 

In a high-stakes regulatory environment, "Certainty" is a strategic imperative. Predictable outcomes for both 

high-performing and low-performing programs reinforce the integrity of the licensing system, ensuring that 

administrative resources are deployed with precision. 

Evaluating Desirable Outcomes (True Positive) 

The True Positive quadrant represents the peak of regulatory certainty. In this scenario, the High Compliant 

Group—those maintaining 100% or substantial compliance—are found to be in-compliance with High Risk 

Rules. This outcome mandates confidence in the system, as it confirms that top-tier programs are effectively 

mitigating the most critical safety risks. It validates that the rule is both achievable for quality programs and 

essential for safety maintenance. 

Evaluating Consistent Underperformance (True Negative) 

The True Negative quadrant offers a different, yet equally vital, form of certainty: the predictability of failure. 

Here, Low Compliant Groups struggle with "Very Difficult Rules" and are found out of compliance. Fiene 

(2026) identifies that this results in a moderate to low level of non-compliance that is entirely predictable 

for this group. This outcome validates the rigor of the rule; the non-compliance serves as a reliable diagnostic 

of program failure rather than a flaw in the rule's design. 

Profiles of Regulatory Certainty 

Feature True Positive (Desirable Outcome) 
True Negative (Consistent 

Underperformance) 

Target Group 
100% or Substantially Compliant 

Group 
Low Compliant / Poor Performing Programs 

Rule Status In-compliance Out of compliance 

Administrative 

Implication 

Confirms critical safety standards are 

being met by top-tier programs. 

Provides a predictable diagnostic of non-

compliance; validates rule rigor. 

 

While certainty is the ultimate goal, the appearance of outliers necessitates an immediate audit of "False" 

outcomes, where the formulation of the rule itself typically emerges as the primary source of risk. 
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Auditing Systemic Failure: Identifying "Terrible Rules" and Extreme Risk 

Regulatory uncertainty stems from rules that fail to differentiate between program quality levels. When a 

rule's formulation is flawed, it creates invisible risks or imposes administrative burdens that offer no safety 

dividends. Identifying these "Terrible Rules" is essential for maintaining the credibility of the regulatory 

code. 

Diagnosing the False Positive (The Problem of Uncertainty) 

A False Positive occurs when poor performing programs are found in compliance with specific high-risk rules. 

This identifies a "Weak Filter" failure. If a rule meant to safeguard clients is easily met by programs that 

otherwise demonstrate low compliance, that rule is classified as a "Terrible Rule." It provides a false sense of 

security, masking actual risk and failing to differentiate between safe and unsafe environments. 

Analyzing the False Negative (The Crisis of Extreme Client Risk) 

The False Negative quadrant represents the most severe failure point for a regulatory strategist. Here, high-

performing programs (100% or substantial compliance) are found out of compliance with "Very Difficult 

Rules." This is not a failure of the program, but a Failure in Rule Formulation. 

These rules create "Extreme Client Risk" because they are so poorly constructed or unachievable that they 

distract high-quality providers from actual safety priorities. By punishing the wrong behaviors or focusing on 

bureaucratic minutiae, these rules create massive administrative friction without any measurable 

improvement in client safety, leaving the system vulnerable despite high levels of general compliance. 

Characteristics of a Terrible Rule 

1. Failure to Differentiate (Weak Filter): The rule permits low-performing programs to appear 

compliant, effectively masking systemic risk. 

2. Failure in Rule Formulation (Extreme Risk): The rule is formulated such that even the most 

compliant programs consistently fail, creating a crisis of unachievability. 

3. Administrative Friction: The rule imposes significant burden and creates "Extreme Client Risk" 

without providing a corresponding safety benefit. 

Methodological Synthesis: Establishing High Levels of Regulatory Certainty 

The transition from auditing failures to active refinement defines the professional licensing administrator. 

The ultimate objective is to ensure that the regulatory code itself—not just the programs it governs—is 

subject to rigorous validation. 

The Bridge to Practice 

The Fiene (2026) matrix serves as the essential bridge between the Psychology of Compliance and the 

practical application of Rule Formulation. It necessitates a shift in focus: administrators must look past the 

frequency of violations and instead use the matrix as a diagnostic of the regulatory code itself. 

Strategic Recommendations for Administrators 

To optimize safety standards and restore regulatory certainty, administrators must implement the following 

directives: 
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1. Decommission or Rewrite Rules Masking Risk: Audit all standards for False Positives. If poor-

performing programs consistently pass a specific high-risk rule, that rule is a weak filter and must be 

rewritten or eliminated to prevent the masking of client risk. 

2. Redesign "Very Difficult Rules" Triggering False Negatives: When top-tier programs 

(substantial compliance) consistently fail a rule, prioritize a formulation audit. Redesign these rules 

to ensure they are achievable and logically tethered to safety outcomes rather than administrative 

friction. 

3. Prioritize High-Risk Rules Yielding True Positives: Focus enforcement and resources on the 

rules that high-performing programs pass and low-performing programs fail. These rules are the 

most valid indicators of systemic health. 

Concluding Summary 

The Licensing Validation and Rule Formulation Matrix (Fiene, 2026) demonstrates that regulatory certainty 

is not achieved through strict enforcement alone, but through the empirical alignment of rules with program 

compliance behavior. By identifying and eliminating "Terrible Rules," administrators ensure that the 

regulatory framework is a meaningful, valid, and proactive indicator of safety and quality. 

 
 

Strategic Framework for Risk-Based Regulatory Monitoring: Integrating the Psychology of 

Compliance 

Introduction: The Evolution of Regulatory Oversight 

We are currently leading a fundamental shift in regulatory oversight, transitioning from obsolete, one-size-

fits-all monitoring models to a sophisticated framework grounded in the psychology of compliance and risk-

validated data. Traditional oversight has historically focused on uniform adherence, an approach that fails to 

account for the variance in program maturity and behavioral intent. Modern strategy demands a more 

nuanced understanding of how program behavior interacts with rule efficacy. By adopting a psychology-

based framework, regulatory bodies can finally move beyond superficial "checkbox" auditing. This evolution 

allows for a sophisticated analysis that balances safety outcomes with administrative burden, ensuring that 

oversight is as much about psychological validation as it is about physical inspection. 

The cornerstone of this strategy is the Licensing Validation and Rule Formulation Matrix. This diagnostic 

tool is essential for distinguishing between high-performing programs that internalize safety standards and 

those presenting systemic, persistent risks. Our strategic mandate is clear: we must utilize this matrix to 

transform the regulatory focus, ensuring that high-risk rules are validated through empirical performance. 

This transition not only protects the public but also protects the integrity of the regulatory system by 

ensuring that our interventions are targeted, proportional, and evidence-based. 

Theoretical Foundation: The Psychology of Compliance and Validation 

Regulatory compliance is not a binary state of obedience; it is a complex psychological interplay between the 

regulator’s rule formulation and the regulated entity’s internal motivation. When rules are poorly 

formulated, they disrupt this interplay, either by being too lenient—thereby failing to challenge poor 

performers—or by being so disconnected from operational reality that they penalize even the most dedicated 
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providers. Effective regulation requires that rules serve as accurate mirrors of a program’s intrinsic quality 

and operational safety. 

The Licensing Validation and Rule Formulation Matrix serves as our primary mechanism for systemic 

reclassification. By analyzing regulatory data across two primary axes, we can pinpoint exactly where rule 

formulation succeeds or fails to capture the reality of program behavior: 

• Program Compliance Status: This axis categorizes programs into the "High Compliant Group" 

(including 100% and substantial compliance) and the "Low Compliant/Poor Performing Group." 

• Rule Status: This axis captures the empirical reality of whether a specific rule is currently "In 

Compliance" or "Out of Compliance" during field inspections. 

The intersection of these axes yields four distinct quadrants that define the health of our regulatory 

environment: 

 

Quadrant 
Program 

Compliance Status 
Rule Status Outcome Label Validation Status 

True 

Positive 
High/Substantial In Compliance 

Desirable Outcome: 

Certainty 

Confirms high-risk rules 

work for top programs. 

True 

Negative 
Low/Poor Performing 

Out of 

Compliance 

Predictable 

Underperformance: 

Certainty 

Predictable non-compliance 

on difficult rules. 

False 

Positive 
Low/Poor Performing In Compliance Uncertainty Trap 

Terrible Rule: Fails to reflect 

actual program risk. 

False 

Negative 
High/Substantial 

Out of 

Compliance 
Extreme Client Risk 

Terrible Rule: Poorly 

formulated or "very difficult" 

rules. 

 

Achieving Regulatory Certainty: True Positive and True Negative Profiles 

In a high-stakes regulatory environment, certainty is the ultimate strategic currency. When performance data 

is predictable, we can optimize monitoring schedules and resource allocation with total confidence. 

Certainty is achieved at both ends of the performance spectrum, providing the benchmark against which all 

other rules must be measured. 

The True Positive Benchmark A True Positive represents our "Desirable Outcome." This occurs when high-

performing programs—those demonstrating 100% or substantial compliance—are found to be in compliance 

with high-risk rules. This alignment validates the regulatory framework, confirming that the most critical 

safety standards are appropriately formulated and achievable for programs committed to excellence. It serves 

as a testament to the fact that when the psychology of the program aligns with the rigor of the rule, safety is 

maximized. 
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The True Negative Indicator Regulatory certainty is also found in the "True Negative" quadrant. Here, 

poor-performing programs are found out of compliance with "Very Difficult Rules." While non-compliance is 

never the ideal state, the predictability of this failure is analytically valuable. It confirms that the rule is 

functioning as an effective discriminator, accurately identifying programs that lack the internal systems to 

meet high standards. A moderate to low level of predictable non-compliance in this group validates that the 

regulator has correctly identified high-risk entities requiring intensive oversight. 

These two quadrants provide the empirical foundation for our monitoring paradigm. When programs behave 

predictably in relation to rule difficulty, we can trust our data to drive strategic intervention. 

Identifying Systemic Failures: The "Terrible Rule" and False Outcomes 

When monitoring results fall into "False" quadrants, the failure lies with the regulator, not the program. 

These "Terrible Rules" represent a breakdown in formulation that generates misleading data, requiring 

immediate corrective action to restore system integrity. 

The False Positive (The Uncertainty Trap) A False Positive occurs when a poor-performing program is 

recorded as "In Compliance" with a high-risk rule. This is the "Uncertainty Trap." In these instances, the rule 

is fundamentally flawed because it is too lenient or irrelevant; it fails to act as a valid risk indicator. If even a 

low-performing program can meet the standard without actually being safe, the rule masks actual risk and 

provides administrators with a dangerous, false sense of security. 

The False Negative (The Extreme Risk Factor) The False Negative is the most critical systemic failure. 

This occurs when high-performing or substantially compliant programs fail to meet "Very Difficult Rules." 

These are "Terrible Rules" because they are functionally impossible or disconnected from the operational 

capabilities of even the best providers. Such rules create "Extreme Client Risk" by diverting attention toward 

administrative trivia and away from substantive safety. Psychologically, these rules are devastating; they 

foster "regulatory cynicism" and burnout among top-tier programs that are penalized despite their best 

efforts to do the right thing. 

Comparative Strategic Priorities for Correction 

1. Extreme Risk (False Negatives): This is our highest priority. These rules represent a systemic 

failure where the regulator is out of touch with safe, practical operation. We must immediately 

reformulate these rules to eliminate unnecessary administrative burden that yields no safety benefit. 

2. Uncertainty (False Positives): This is our second priority, focused on resource efficiency. These 

rules must be refined because they allow high-risk programs to hide in plain sight, wasting 

regulatory resources on programs that appear compliant but remain fundamentally unsafe. 

Strategic Reclassification and Rule Refinement 

Administrators must employ the matrix as a rigorous filter to migrate all operational policies from theoretical 

guesswork to validated action. Our strategic mandate is the immediate migration of rules into the "Certainty" 

quadrants to ensure absolute data integrity. 

Eliminating "Terrible Rules" through Refinement We must systematically identify and eliminate rules 

that consistently yield False Positives or False Negatives. A rule is only valid if it is achievable for "good" 

programs (True Positive) while remaining discriminatory enough to isolate "poor" ones (True Negative). If a 
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rule is found to be a "False Negative" generator, it is a signal of poor formulation. It must be adjusted until it 

reflects the operational reality of high-performing programs without lowering the safety bar. 

Operational Reclassification Protocol Once rules are validated, we must reclassify monitoring frequency 

to optimize our human capital: 

• High Performance/Substantial Compliance: For programs consistently producing True Positives, 

we must reduce the monitoring burden. This is not merely a reward for the program; it is a resource 

optimization strategy that frees up our inspectors to focus where they are actually needed. 

• Low Performance/Predictable Non-Compliance: For programs yielding True Negatives, we must 

increase oversight intensity. By targeting programs with predictable risks, we ensure the highest 

possible return on our regulatory investment. 

The Psychology of Compliance acts as the bridge here: by reducing the burden on high-performers, we 

reinforce their internal motivation to comply, while intensified oversight for poor performers provides the 

external pressure necessary to force behavioral change. 

Conclusion: Toward a Validated Regulatory Future 

The strategic imperative for the modern regulatory body is a total transition toward certainty and safety. We 

can no longer afford to enforce rules that do not discriminate between excellence and risk. By integrating the 

Psychology of Compliance with the Licensing Validation and Rule Formulation Matrix, we ensure our 

oversight is both surgically precise and demonstrably effective. 

Critical Takeaways (Fiene, 2026): 

• Integrated Validation: Regulatory efficacy depends on combining rigorous validation studies with 

an understanding of program psychology. 

• Rule Integrity: The identification and elimination of "Terrible Rules" is mandatory to prevent 

regulatory cynicism and ensure data integrity. 

• The Certainty Mandate: The ultimate goal of any licensing framework is to achieve certainty, where 

high-risk rules are met by high-performing programs and effectively identify those at risk. 

The licensing administrator must transcend the role of a simple enforcer to become a validator of rule 

effectiveness. Guided by the research of the Research Institute for Key Indicators (RIKI) Data Laboratory and 

the National Association for Regulatory Administration (NARA), we must commit to an era of evidence-

based licensing that protects the vulnerable while respecting the field. 
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Integrated Regulatory Framework Mathematical Model Deciphered and the Interface with the Regulatory 

Compliance Scale and the Equal Interval and Relative Weighting Risk Assessment Matrix 

 

This research abstract will build upon and explain more fully the implications of the Integrated Regulatory Framework 

(IRF) as outlined in an earlier publication (Fiene, 2026) focusing on the results of using the mathematical modeling 

suggested in that earlier publication.  The IRF has been introduced as a companion piece to the Child Care Early 

Education Heart Monitor (CCEEHM) as a twin domain dealing with the macro and micro assessment of early care and 

education (ECE) settings in which the IRF is the macro assessment while the CCEEHM is the micro assessment.  The 

CCEEHM modeling has been addressed previously (Fiene, 2025) so it will not be presented here.  But the IRF modeling 

of results has not been addressed as of this writing.  Hopefully this research abstract will update that scenario. 

The reason for the IRF is to continue to introduce the use of regulatory science methods into human care licensing so 

that it is driven by empirical evidence.  The IRF is the resultant methodology born out of the Theory of Regulatory 

Compliance (Fiene, 2025).  The IRF clearly demonstrates in a mathematical model how best to utilize the twin 

methodologies of differential monitoring: key indicator predictors and risk assessment rules.  By taking the results of 

these methodologies it provides policy makers with a data driven approach to program monitoring which goes beyond 

the typical one size fits all paradigm.  IRF provides a more targeted or focused type of assessment. 

However, before sharing the actual results of the IRF Math Model, there are some elementary principles that need 

addressing that are critical in making this assessment approach work as it should.   

First, the IRF and the recommended differential monitoring approach is only meant to be used with the most compliant 

and high quality ECE programs.  It is not meant to be used on the majority of ECE programs.  The majority of programs 

will continue to receive a full-scale licensing review and inspection.    If this is not done, the number of false positive 

results in which programs do not pass the validation phase of predictor rule assessments will increase and will invalidate 

the use of the differential monitoring approach.   

Second, the Theory of Regulatory Compliance predicts the relationship between regulatory compliance and program 

quality and asserts that substantial compliance is equivalent to full 100% compliance with all rules and regulations.  

However, the theory is very helpful in dealing with the upper ends of the regulatory compliance scale but is not really 

needed when we compare high regulatory compliance (Full and Substantial compliance) with low regulatory compliance.  

It is clearly evident from previous studies (Fiene, 2019) that there are significant differences between the two groups.  The 

theory is very useful when comparing the upper end of regulatory compliance and distinguishing between full vs 

substantial regulatory compliance.  The theory has ushered in the use of differential monitoring as an alternative to 

uniform program monitoring.  In fact, if the major result of the Theory of Regulatory Compliance regarding substantial 

compliance was not discovered, there would be no need for the differential monitoring approach and its associated 

methodologies of key indicators and risk assessment. 

The mathematical model for the Integrated Regulatory Framework (IRF) is the following: 

IRF = (FC = .90V + .75Q + .50L) – (F- = 0) – (F+ = 1 x 3) 

In the Fiene (2026) publication a theoretical plotting of the data was proposed which ranged from -3 to +3 in a parabola 

curve and in a 2 x 2 Matrix.    In the above formula, FC can be measured at three levels: V = Validation that the key 

indicator predictor system is working; Q = coefficient at the quality initiative level, generally within a QRIS system; and L 

= coefficient at the licensing level.  F- = False Negative in which there is no non-compliance with highly risk rules.  F+ = 



this measures the substantial compliance level in which there is two or fewer non-compliances of low-risk rules allowed.  

The following table presents potential results based upon this formula. 

IRF Formula Results 

FC F- F+ Result F+ Result Correction Result Theory 

+.90V 0 0 +.90 -1 -.10 V+L+Q +.40 +.90/-2.10 

+.75Q 0 0 +.75 -1 -.25 Q+L+V +.25 +.75/-2.25 

+.50L 0 0 +.50 -1 -.50 L+Q+V +.25 +.50/-2.50 

   +.90 -2 -1.10 L+Q+V +.15 Total 

Total 100% 100% +.75 -2 -1.25 L+Q+V +.15 +2.15 

+2.15 Compliance Compliance +.50 -2 -1.50 L+Q+V +.15 +/-3.00 

 

In the above IRF Formula Results table, FC ranges from +.50 for licensing indicators to +.90 for validation results 

comparing key indicators to a comprehensive assessment.  +.75 is for quality indicators threshold.  F- represents high risk 

rules which in the above table are always in 100% compliance.  If there is any non-compliance for F-, the program would 

fail the IRF and there would be no need to proceed with any other calculations.  F+ represents low risk rules and in the 

third column there is no non-compliance.  Column 4 gives the IRF final score for these scenarios in which all the 

programs would pass since the results are greater than zero.  In column 5 the F+ False Positives change now to either one 

(-1) or two (-2) low risk rules being out of compliance.  Column 6 demonstrates the change to the scores based upon this.  

The scores range from -.10 to -1.50 which indicate failing IRF scores in each case.  However, the program can correct this 

result by engaging in additional development of quality indicators (Q) or in completing validation of their key indicator 

system (V).  If a respective program were to do that as indicated in Column 7 where the additions are highlighted the 

results in column 8 change into the positive range and the program could pass on the IRF score.  The last column, 

Column 9, contains the theoretical results based upon the mathematical model’s parabolic curve (Fiene, 2026). 

It is perfectly clear from the above table that the IRF Scoring is rather robust and it will be difficult for most programs to 

consistently obtain passing scores.  But that is the intent of using a differential monitoring approach, it is a reward system 

for those ECE programs that have consistently maintained a high level of quality and a safe environment for young 

children.  It is not intended as a screening tool or for the majority of ECE programs in a particular jurisdiction. 

Let’s switch our focus from the IRF to the Regulatory Compliance Scale to demonstrate how the two scoring and scale 

innovations can be used in interpreting results one from the other. 

Interface with the Regulatory Compliance Scale 

The other major proposal that has evolved from the Theory of Regulatory Compliance and regulatory compliance 

measurement is the Regulatory Compliance Scale (RCS)(Fiene, 2025).  In this section of this research abstract, I will do a 

cross-walk from the IRF to the RCS for those who may be wanting to use the RCS instead of the IRF in reporting back to 

programs.  The RCS has certain advantages in that it is more of an ordinal scale which is more commonplace in the ECE 

research literature than introducing a new measurement scale which occurs if one were to use the IRF Formula and 

results. 

Let’s revisit the RCS and how it is constructed.  The reasoning behind the RCS is to move human care licensing 

measurement from a nominal (frequency violation counts) to an ordinal scale.  The following table provides that initial 

crosswalk between violation count data and the resultant ordinal scale. 

 



Regulatory Compliance Scale (RCS) 

Scale Result Compliance Violations Risk to Child License 

7 Full 100% 0 Not Applicable Full 

5 Substantial 99-98% 1-2 Low Risk Full 

3 Medium 97-90% 3-10 Low-Mid Risk Provisional 

1 Low 89% or less 11+ Mid-High Risk Denial 

   

If we take the above Regulatory Compliance Scale table and apply it to the Integrated Regulatory Framework, this is 

potentially how it gets translated in moving from one (RCS) to the other (IRF) in the following table. 

Crosswalk between Integrated Regulatory Framework (IRF) and the Regulatory Compliance Scale (RCS) 

Scale Result FC Averages/Range F- False Negative F+ False Positive 

7 Full +2.15 0 0 

5 Substantial +1.15 to +.15 0 1-2 

3 Medium -.75 0 3+ 

1 Low -3.00+ 1 10+ 

 

In this Crosswalk between Integrated Regulatory Framework (IRF) and the Regulatory Compliance Scale (RCS) table the 

progressive nature of the decision making is parallel to the previous Regulatory Compliance Scale table when it comes to 

risk to the child as well as the licensing decision making.  By utilizing the IRF, it takes into account measurement biases, 

certainty and uncertainty in decision making, as well as relative risk level and prediction.  Licensing administrators can 

utilize the IRF as is or do the above crosswalk to the RCS.  In either case, it provides a data driven and empirically based 

decision-making protocol.  In the above two tables, relative weighting will be a bit more sensitive to making distinctions 

than absolute equal-interval weighting by introducing medium risk a bit earlier in the above tables.  And weighting in 

general is superior to doing just violation counts.   

But the bottom line with the IRF formula is the following:  there should be no high risk rules out of compliance; 

there should be 2 or fewer low risk rules out of compliance; and if key indicators are used for licensing, only 

those rules with a FC of .50 should be utilized with no non-compliances in the selected key indicator rules, for 

quality, only those rules/standards with a FC of .75 should be utilized, and if validation studies are completed 

only those results of .90 should be utilized.  One also has the added benefit of detecting assessor bias in 

regulatory compliance decision making as well as tracking the regulatory compliance history of specific 

programs.  To make this as simple as possible, key indicators are all in full 100% compliance, high risk rules are 

all in full 100% compliance, and low risk rules are in substantial compliance. 

Another way of thinking about this is to utilize the Risk Assessment Matrix (RAM) template and to interface with the IRF.  

The following table demonstrates how the IRF Formula distributes within the RAM template.  The IRF Interface with 

RAM Template tables for relative weighting and equal interval weighting clearly depict how based upon the above 

parameters the RAM Template is impacted by the use of the IRF Formula.  No high-risk rules are present; medium risk 

rules constitute the KIM: Key Indicator Rule generation; and the low-risk rules have very little non-compliance.  The 

weights of 1 through 100 indicate increasing risk and prevalence as the weight increases.  This could be depicted in the 

following color scheme in moving from green to red where green are low risk weights and red are high risk weights. 



IRF Interface with Relative Weighting RAM Template 

100 40 20 High Risk Rules = 0 (F-) 

13 8 5 Medium Risk Rules = KIM (FC) 0 NC 

3 2 1 Low Risk Rules = -2 (Substantial RC (F+) 

High Prevalence Medium Prevalence Low Prevalence IRF = KIM + RAM 

 

IRF Interface with Equal Interval Weighting RAM Template 

9 8 7 High Risk Rules = 0 (F-) 

6 5 4 Medium Risk Rules = KIM (FC) 0 NC 

3 2 1 Low Risk Rules = -2 (Substantial RC (F+) 

High Prevalence Medium Prevalence Low Prevalence IRF = KIM + RAM 

 

In a series of research abstracts I have constructed the micro-assessment version of doing ECE assessment that is focused 

at the classroom level (Fiene, 2026).  That micro-assessment is entitled the Child Care Early Education Heart Monitor 

(CCEEHM) – this assessment was mentioned in the introduction to this research abstract.  It fits within the above two 

tables within the medium risk rules level.  It is important within this context because it rounds out a comprehensive and 

fully integrated regulatory framework that combines the risk assessment and key indicator methodologies at both the 

compliance and quality levels. 
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Integrating Regulatory Compliance and Program Quality into a Unified Framework via the Contact 

Hour Metric 

 

 

This research abstract will unite the conceptual framework and formulas utilized in determining compliance with 

the contact hour (CH) metric and the quality indicators (PQI) within the Child Care Early Education Heart Monitor 

(CCEEHM) assessment system (Fiene, 2025).  It presents a mathematical modeling approach in revising the specific 

formula that are used to calculate the Contact Hour (CH) metric but by adding a program quality element.  By doing 

this it changes a two-dimensional (2D) approach to a three-dimensional (3D) approach by adding in quality to the 

interactions between adult(s) and child(ren).  The original CH is 2D in that it only measures the amount of time of 

interactions between the adult(s) and various child(ren) in a classroom.  This enhancement to the Contact Hour 

metric (CH+) adds in a quality measure to determine if the interactions between the adult(s) and child(ren) are of a 

quality nature.  This is specifically measured within the CCEEHM tool in which 10 PQIs are assessed (Fiene, 2025). 

To start with the CH, the following questions are the key starting questions to ask of teaching staff who are 

responsible for a group of children in a specific classroom in a specific child care early education program: 

1.  When does your first teaching staff arrive or when does your facility open (TO1)?  

2.  When does your last teaching staff leave or when does your facility close (TO2)?  

3.  Number of teaching/caregiving staff (TA)?  

4.  Number of children on your maximum enrollment day (NC)?  

5.  When does your last child arrive (TH1)?  

6.  When does your first child leave (TH2)?  

After getting the answers to these questions, the following formulae can be used to determine contact hours (CH) 

based upon the relationship between when the children arrive and leave (TH) and how long the facility is open 

(TO):  

CH = ((NC (TO + TH)) / 2) / TA; 

CH = (NC x TO) / TA; 

CH = ((NC x TO) / 2) / TA; 

CH = (NC2) / TA 

These above formulae are used to determine regulatory compliance and does not look at the quality of the specific 

interactions.  So, it is still measuring a 2D interaction looking at the children present in a specific space and the 

teacher(s) responsible for their care.  The table (Table 1) and figure (Figure 1) depict this interaction and the 



potential results.  In table 1 and figure 1, it clearly demonstrates the two-dimensional, regulatory compliance 

nature of the data over time.  The CH provides a robust metric in being able to measure regulatory compliance in a 

very dynamic fashion rather than a static framework. 

------------------------------------------------- 

Insert Table 1 

------------------------------------------------- 

------------------------------------------------- 

Insert Figure 1 

------------------------------------------------- 

In moving from a strict 2D CH to a 3D CH which would include program quality elements based upon the then 

CCEEHM--PQIs, the CH formula changes to CH+ = 10PQI3.  This formula’s results would offset any over non-

compliance in CH.  It also assumes that FC = no non-compliance in licensing key indicators, F- = 0 and F+ = -2 or less 

based upon the Integrated Regulatory Framework (IRF) formula:  IRF = (FC) – (F) – (-2F+).  This new result would 

potentially balance out the original CH equation especially if the CH result was over the acceptable level of 

regulatory compliance.  In other words, it exceeded the Table of Conversions results (table 1).  The new CH+ 

equation exerts a greater influence the higher the rating on all the 10 PQIs as measured in the CCEEHM tool.  At 

lower values, it may not have as great an influence on the final result and if the program was out of compliance 

based on the table of conversions, the chances are they would remain there as well (See Tables 2 + 3 as part of the 

Appendix).  (CH+) – (CH) when CH has non-compliance based upon the Table of Conversions.  If CH is in compliance 

then it has a result of 0 and has no effect on CH+.  However, if CH exceeds compliance on the Table of Conversions 

then the result is added to CH+. 

------------------------------------------------------------ 

Insert Tables 2 + 3 

------------------------------------------------------------ 

The other way of looking at this is that the original 2D square (CH) is a measure of regulatory compliance while the 

3D cube (CH+) is a measure of both regulatory compliance and program quality.  And those sectors that deal with 

program quality could over-compensate the regulatory compliance or lack thereof because of their strength in the 

particular classroom and center based upon the teaching staff qualifications and teaching interactions.  Each CH 2D 

square would have a CH+ 3D extension measuring the level of quality interactions (Fiene, 2025).  The creation of 

the CH+ metric is an extension of the original Fiene (2025) methodology that was used to measure density by 

adding a square footage element to the original CH metric during the 2020 COVID19 Pandemic.  This latest 

enhancement replaces that density addition with a program quality indicators enhancement. 

 

References 

Fiene (2025). Child Care Early Education Heart Monitor, Penn State Research Institute for Key Indicators Data Lab 

and the National Association for Regulatory Administration, unpublished manuscript and app. 

 



 

 

 

 

 

 

 

 

 

 

 

Appendix 

Table and Figure 

 

 

 

 

 



 

Table 1: Contact Hour (CH) Conversion Table (RS Model(1.0)) (Fiene, 2020©) 

Taking into Account Exposure Time and Density  

Group Size, Staff Child Ratio, Number of Children and Staff 

                             <-------------------   Adult-Child Ratios (Relatively Weighted Contact Hours)   ---------------> 

NC CH 1:1 2:1 3:1 4:1 5:1 6:1 7:1 8:1 9:1 10:1 11:1 12:1 13:1 14:1 15:1 
1 8 8 8 8 8 8 8 8 8 8 8 8 8 8 8 8 

2 16 8 16 16 16 16 16 16 16 16 16 16 16 16 16 16 

3 24 8 12 24 24 24 24 24 24 24 24 24 24 24 24 24 

4 32 8 16 16 32 32 32 32 32 32 32 32 32 32 32 32 

5 40 8 13 20 20 40 40 40 40 40 40 40 40 40 40 40 

6 48 8 16 24 24 24 48 48 48 48 48 48 48 48 48 48 

7 56 8 14 19 28 28 28 56 56 56 56 56 56 56 56 56 

8 64 8 16 21 32 32 32 32 64 64 64 64 64 64 64 64 

9 72 8 14 24 24 36 36 36 36 72 72 72 72 72 72 72 

10 80 8 16 20 27 40 40 40 40 40 80 80 80 80 80 80 

11 88 8 15 22 29 29 44 44 44 44 44 88 88 88 88 88 

12 96 8 16 24 32 32 48 48 48 48 48 48 96 96 96 96 

13 104 8 15 21 26 35 35 52 52 52 52 52 52 104 104 104 

14 112 8 16 22 28 37 37 56 56 56 56 56 56 56 112 112 

15 120 8 15 24 30 40 40 40 60 60 60 60 60 60 60 120 

16 128 8 16 21 32 32 43 43 64 64 64 64 64 64 64 64 

17 136 8 15 23 27 34 45 45 45 68 68 68 68 68 68 68 

18 144 8 16 24 29 36 48 48 48 72 72 72 72 72 72 72 

19 152 8 15 22 30 38 38 51 51 51 76 76 76 76 76 76 

20 160 8 16 23 32 40 40 53 53 53 80 80 80 80 80 80 

21 168 8 15 24 28 34 42 56 56 56 56 84 84 84 84 84 

22 176 8 16 22 29 35 44 44 59 59 59 88 88 88 88 88 

23 184 8 15 23 31 37 46 46 61 61 61 61 92 92 92 92 

24 192 8 16 24 32 38 48 48 64 64 64 64 96 96 96 96 

25 200 8 15 22 29 40 40 50 50 67 67 67 67 100 100 100 

26 208 8 16 23 30 35 42 52 52 69 69 69 69 104 104 104 

27 216 8 15 24 31 36 43 54 54 72 72 72 72 72 108 108 

28 224 8 16 22 32 37 45 56 56 56 75 75 75 75 112 112 

29 232 8 15 23 29 39 46 46 58 58 77 77 77 77 77 116 

30 240 8 16 24 30 40 48 48 60 60 80 80 80 80 80 120 

 

 

This table is based upon the assumptions that the child care is 8 hours in length (TO) and that the full enrollment is present for 

the full 8 hours (TH).  This is unlikely to ever occur but it gives us a reference point to measure adult child contact hours in the 

most efficient manner.   Based upon the relationship between TO and TH based upon the algorithms, select from one of the 

formulae from the previous page (formulae 1 - 4) to determine how well the actual Relatively Weighted Contact Hours (RWCH) 

match with this table.  If the RWCH exceed the respective RWCH in this table, then the facility would be over ratio on ACR 

standards, in other words, they would be overpopulated.   

(RS Model = 1.0) 

(TT Model = 0.5) 

 



Sample/Data Collection Methods 

Child care attendance data was explored and collected in partnership with the Washington State Department of 

Children, Youth, and Families (DCYF).  A convenient sample of center and school age providers was initially 

identified through the use the state subsidy electronic payment system.  All providers who accept Working 

Connections Child Care subsidies are required to use and track child attendance using an electronic attendance 

system.  Providers may use and electronic sign in and out system provided by the state or opt to use another 

system.  For this validation process, the sample was identified from the attendance tracking system provided and 

operated by DCYF and was inclusive of providers who use the system to track attendance of both subsidy and 

private pay children.  The search resulted in approximately 100 providers within the State of Washington who have 

opted to use the electronic check-in system for all children regardless of payment type.  

The sample was prioritized by identifying a single week since the Covid-19 outbreak began and from there the 

highest attendance day for that week was chosen for each provider. From this narrowed data set, it was 

determined the exact time the last child for the chosen day checked in, when the first child left, how many children 

were in attendance that day and the regular operating hours of the center or school age program.  Because the 

attendance tracking system does not also track staffing attendance, it was necessary to contact each provider by 

phone in order to gather data inclusive of when the first staff arrived and when the last staff left and the total staff 

working that day.  All responses were voluntary.  Additionally, providers confirmed operating hours (many had 

been temporarily adjusted due to lowered demand during the gubernatorial stay at home order).  Finally, 

providers reported if a child or staff member had tested positive for Covid-19.  Of the 100 phone calls, the final 

sample was inclusive of 88 licensed providers statewide. Twelve providers either did not answer the call or opted 

to not answer the questions.   

 

Figure 1: Contact Hour Diagram Paradigm and Schematic 
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The above diagram (Figure 1) depicts how the number of staff and children help to construct the contact hour 

formula.  Depending on when the children arrive and leave could change the shape from a trapezoid to a rectangle 

or square or triangle.  Please see the following potential density distributions which could impact these changes in 

the above contact hour diagram (Figure 1). 

 



Potential Density Distributions 
Taking into Account Number of Children, Staff, and Exposure Time 

 
 

 

Here are some basic key relationships or elements related to the Contact Hour (CH) methodology.  

• RWCH = ACR 

• CH = GS = NC 

• NC and CH are highly correlated 

• ACR and GS are static, not dynamic 

• CH makes them dynamic by making them 2-D by adding in Time (T) 
• ΣACR = GS 

• GS = total number of children NC 

• ACR = children / adult 

 
ACR = Adult Child Ratio, GS = Group Size, RWCH = Relatively Weighted Contact Hours, NC = Number of Children. 

 

Possible Density Displays of Contact Hours (Horizontal Axis = Time (T); Vertical Axis = NC): 

 

 

 

 

 

This density distribution should result in the lowest CH but probably not very likely to occur.  Essentially what 

would happen is that full enrollment would be a single point which means that the last child arrives when the first 

child is leaving.  Very unlikely but possible.  (TT Model Reference(0.5)) 

 

 

 

 

 

 

This density distribution is probably the most likely scenario when it comes to CH in which the children gradually, 

albeit rather steeply, arrive at the facility and also leave the facility gradually.  They don’t all show up at the same 

time nor leave at the same time.  However, the arriving and leaving will be a rather close time frame.  (TT Model) 

 



 

 

 

 

 

This scenario is unlikely but is used as the reference point for CH because it provides the most efficient model.  This 

is where all the children arrive and leave at the same time.  Very unlikely, but I guess it could happen.  The 

important element here is its efficiency in that all contact hours are covered, so although a lesser amount of CH is 

not as efficient it does demonstrate compliance with ACR and GS which is one of the purposes of CH.  As the 

bottom two distributions will demonstrate, CHs above this level would either depict a program that is open for an 

extended time or where there are too many children present and the facility is out of compliance with GS and/or 

ACR. (RS Model Reference(1.0)) 

 

 

 

 

This distribution would indicate that the facility is open for an extended time and exceeds the number of total CH 

as depicted in the reference square standard.  Although not out of compliance with GS or ACR, this could become a 

determining factor when looking at the potential overall exposure of adults and children when we are concerned 

about the spread of an infectious diseases, such as what happened with COVID19.  Are facilities that high CH 

because of a scenario distribution of this type more prone to the spread of infectious diseases? (RS Model) 

 

 

 

 

 

 

 

 

This depiction clearly indicates a very high CH and non-compliance with ACR and GS.  This is the reason for 

designing the CH methodology which was to determine these levels of regulatory compliance as its focus. (RS 

Model)   

There is some overlap in the RWCH (Table 1 on page 2) in moving across the various levels, that occurs because of 

the change in group size (GS) where an overall group size (GS) could influence the overall CH by increasing NC. 



 Early Learning and Child Care Quality Key Indicator Instrument 

(SK Quality Tool) Scoring Summary 

Child Care Centre Name:  

Program Quality Indicator  Score (1-4) 

1  

2  
3  

4  
5  

6 (Preschool groups only)  

7 (Infant/toddler groups only)   
8 (Preschool groups only)   

9  
10  

Total Score   
 

Program Quality Level  

 

Interpreting the Score = Program Quality Level  
Determine the appropriate Column for the child care entre based on the age groups of children in the 
centre. This will also correspond to the number of program quality indicators that were assessed.  
Find the assessed score under the appropriate column to determine the quality level.  
 

Quality Level  Infant/Toddler 
(No Preschool groups) 

8 indicators assessed 

Preschool 
(No Infant/Toddler Groups) 

9 indicators assessed 

Infant/Toddler and 
Preschool Groups 
10 indicators assessed 

High  Score of 28 or higher   Score of 32 or higher   Score of 36 or higher  

Medium-High  Score of 22-27 Score of 26-31 Score of 30-35 

Medium-Low  Sore of 12-21 Score of 16-25 Score of 20-29 

Low  Score of 11 or less  Score of 15 or less  Score of 19 or less  

 
 
 

Tables 2+3:



After completing the observations, reviewing all documentation, and interviewing staff, when 
necessary, please transfer all the results to the Summary Table below. If there was not an infant 
classroom, please note here, no infant classroom: ​ . If there was not a toddler classroom, please 
note here, no toddler classroom: ​ . If there was not a preschool classroom, please note here, no 
preschool classroom: ​ . 
 

Key Q Indicator Quality Indicator Content Scale Source Potential Score Actual Score 

QKI 1 Professional Development NAEYC 1-4 1, 2, 3, 4 

QKI 2 The Environment Saskatchewan 1-4 1, 2, 3, 4 

QKI 3 Curriculum and Assessment NAEYC 1-4 1, 2, 3, 4 

QKI 4 Family Engagement I QRIS 1-4 1, 2, 3, 4 

QKI 5 Family Engagement II QRIS 1-4 1, 2, 3, 4 

QKI 6 Communication (Preschool) ECERS 1-4 or NA 1, 2, 3, 4, +, NA 

QKI 7 Infant Classroom ITERS 1-4 or NA 1, 2, 3, 4, +, NA 

QKI 8 Reasoning Skills (Preschool) ECERS 1-4 or NA 1, 2, 3, 4, +, NA 

QKI 9 Listen Attentively CIS 1-4 1, 2, 3, 4 

QKI 10 Speak Warmly CIS 1-4 1, 2, 3, 4 

Notes: 
Use ITERS if: (Infants) (B-1yr) 
Use ITERS if: (Toddlers) (1yr-2yr) 
Use ECERS if: (Preschoolers) (3yr+) 

 
PQIAI/Infant (administer QKI items 1-5, 7, 9-10) (Scores 8-32) 

PQIAI/Toddler or Preschool (administer QKI items 1-5, 7, 9-10) (Scores 8-32) or (administer QKI items 1-6, 8-10) (Scores 
9-36). Mixed age group (administer QKI items 1-10) (Scores 10-40) 

PQIAI/Preschool (administer QKI items 1-6, 8-10) (Scores 9-36) 

All the above 10 quality indicators (PQIAI) have been taken from other sources having been identified in Quality 
Indicator Studies conducted by Dr Richard Fiene from 1980 – 2020. Please refer to the source documents for 
details on their creation: ECERS, ITERS, QRIS/INQUIRE, CIS/Arnett, NAEYC, SASKATCHEWAN PLAY & 
EXPLORATION. For additional information, reports, and publications related to these studies, please go to 
https://rikinstitute.com/publication 



Mathematical Modeling of the Enhanced Contact Hour 
(CH+) Metric 

1 Introduction 
The mathematical modeling for the enhanced Contact Hour (CH+) metric represents a 

conceptual shift from a two-dimensional (2D) measurement of regulatory compliance to a 

three-dimensional (3D) measurement that incorporates program quality in early care and 

education settings. 

2 The Baseline 2D Model (CH) 
To calculate the 3D metric, the model first requires the foundational 2D Contact Hour (CH) 

metric. The CH metric measures the amount of time of interactions between adults and 

children in a specific space. The base formulas rely on the following variables: 

• TO: Total time the facility is open (the difference between when the first staff arrives 

and the last staff leaves). 

• TA: Number of teaching/caregiving staff. 

• NC: Number of children on a maximum enrollment day. 

• TH: Total time children are present (based on when the last child arrives and the first 

child leaves). 

Depending on the specific relationship between how long the children are present (TH) and 

how long the facility is open (TO), the baseline contact hours can be determined by 

variations of the following formulas: 

CH = [NC * (TO + TH) / 2] / TA 

CH = (NC * TO) / TA 

CH = [(NC * TO) / 2] / TA 

CH = NC² / TA 

These formulas represent a 2D interaction model looking strictly at regulatory compliance 

based on capacity and time. 

3 The Enhanced 3D Model (CH+) 
The CH+ metric transforms the 2D 'square' of regulatory compliance into a 3D 'cube' by 

adding a z-axis representing program quality. This quality is measured using 10 Program 



Quality Indicators (PQIs) derived from the Child Care Early Education Heart Monitor 

(CCEEHM)(Fiene, 2025). The formula for the new enhanced metric is defined as: 

CH+ = 10 · PQI³ 

Key Mathematical Behaviors 

• Exponential Influence: Because the PQI is cubed, higher ratings across the 10 PQIs 

exert a significantly greater influence on the final equation. At lower quality values, the 

formula does not heavily influence the final result. 

• Offsetting Non-Compliance: The primary function of the CH+ result is to balance or 

over-compensate for non-compliance in the original CH metric. 

• Application: This offset is mathematically applied as (CH+) - (CH) when the original CH 

exceeds acceptable regulatory limits. If the original CH is fully in compliance, the 

modification has a baseline result of 0 and has no substantive effect on CH+. 

4 Integration with the Integrated Regulatory Framework (IRF) 
The mathematical modeling of CH+ operates under specific assumptions tied to the 

Integrated Regulatory Framework (IRF)(Fiene, 2026) formula: 

IRF = (FC) - (F-) - (2F+) 

For the CH+ equation to successfully balance out a non-compliant CH result, the model 

assumes: 

• FC: There is no non-compliance in licensing key indicators. 

• F-: Equals 0 (False Negatives). 

• F+: Equals -2 or less (False Positives). 
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The Architecture of Regulatory Excellence: A Three-Dimensional Analysis of IRF and CH+ Mathematical 

Modeling 

 

 

The Paradigm Shift in Regulatory Science 

The oversight of Early Care and Education (ECE) is currently experiencing a fundamental transformation, 

moving from the "Legacy Model" of uniform monitoring toward a sophisticated, data-driven 

methodology rooted in the Theory of Regulatory Compliance. This transition represents a shift "From 

Blueprint to 3D Render," where ECE oversight evolves from a two-dimensional baseline of nominal 

compliance to a three-dimensional model of quality and risk. Unlike the legacy approach—which relies 

on stochastic, one-size-fits-all oversight—the new paradigm utilizes empirical, evidence-based targeting 

to reserve intensive monitoring for high-risk programs while rewarding high-performing facilities. 

This scientific foundation allows for a differential monitoring approach that effectively measures the true 

architecture of the early childhood experience. By moving beyond simple violation frequency, regulators 

can now distinguish between programs that meet the legal minimum and those that provide superior 

care. 

Legacy Monitoring Characteristics IRF-Driven Science Characteristics 

Uniform Program Monitoring: All programs are 

reviewed with the same intensity regardless of 

historical performance. 

Differential Monitoring: Empirical evidence-

based targeting that focuses resources on higher-

risk programs. 

Nominal Frequency Counts: Focuses on the total 

number of violations (quantity over severity). 

Ordinal Risk-Based Assessment: Utilizes relative 

weighting (RAM) to prioritize severity and 

prevalence. 

Full-Scale Licensing Reviews: Required for all 

programs annually, leading to administrative 

inefficiency. 

Explicit Reward System: High-quality programs 

receive focused reviews, promoting efficiency and 

excellence. 

2D Static Compliance Baseline: A flat measurement 

of presence and capacity (the "Blueprint"). 

3D Dynamic Quality Integration: A "3D Render" 

incorporating Program Quality Indicators (PQIs). 

 



This strategic shift establishes the necessary scientific groundwork to move from broad administrative 

oversight to a macro-level assessment framework defined by mathematical precision. 

The Macro Framework: Deciphering the Integrated Regulatory Framework (IRF) 

The Integrated Regulatory Framework (IRF) serves as the macro-systemic engine that determines 

program eligibility for differential monitoring. By utilizing a rigorous mathematical model, the IRF 

establishes the "safe boundaries" of an ECE facility, ensuring that foundational compliance is non-

negotiable before any quality-based offsets are considered. 

The IRF Mathematical Model 

The macro-performance of a facility is calculated using the following formula: IRF = (FC) - (F-) - (2F+) 

• FC (Foundational Compliance): Measured at three critical coefficients: Validation (0.90), 

indicating the predictor system is functioning; Quality (0.75), representing the threshold for 

quality initiatives; and Licensing (0.50), the baseline regulatory threshold. 

• F- (False Negatives / High Risk): Represents non-compliance with high-risk rules. This variable 

must equal zero to maintain system integrity. 

• F+ (False Positives / Low Risk): Measures substantial compliance, allowing for two or fewer non-

compliances of low-risk rules. The 2F+ factor accounts for the weighted penalty assigned to 

these low-level deviations. 

The Risk Protocol Logic 

The "Risk Protocol" operates through a gated logic system. A single high-risk violation (F-) triggers an 

immediate and total IRF failure, regardless of how high a program's quality scores may be. This zero-

tolerance threshold is essential for child safety; it ensures that the "Differential Monitoring Zone" is only 

accessible to programs that provide a foundational guarantee of safety. 

Table 1: IRF Performance Scenarios and Correction Results 

The IRF scoring is intentionally robust, making it difficult for the average program to obtain passing 

scores. 

Performance Tier FC Thresholds F- Count F+ Count Correction Result (V+L+Q) Final IRF Score 

High Performance 0.90 (Validation) 0 0 Not Required +2.15 

Mid Performance 0.75 (Quality) 0 1 +0.25 (Additions) +1.15 to +0.15 

Low Performance 0.50 (Licensing) 0 2 +0.15 (Additions) -1.10 to -1.50 

Failure/Denial Any Threshold 1 3+ Ineligible -3.00 or lower 

 



 

Programs with minor F+ failures can "correct" their status through additional development of quality 

indicators (Q) or validation of key indicator systems (V), turning a negative score into a positive one. 

The Micro Framework: The Geometry of Contact Hours (CH and CH+) 

While the IRF provides the macro-view of the facility, the Contact Hour (CH) metric offers a dynamic 

micro-assessment of the classroom. This methodology replaces static ratios with a measure of the 

continuous interactions between adults and children over time (T). 

The Geometry of Density (2D Baseline) 

The baseline CH model measures the "Geometry of Density" using variables: TO (Total Open Time), TA 

(Total Staff), NC (Number of Children), and TH (Total Time Children are Present). 

• The Reference Point: Visualized as a perfect rectangle or square, this represents 100% efficiency 

where children and staff are present for the full duration of the measured period. 

• Regulatory Non-Compliance: Visualized as a triangular peak (Overpopulation) that pierces the 

"Regulatory Limit" line on the Y-axis (Number of Children), indicating a failure to maintain safe 

ratios relative to time and density. 

The Enhanced 3D Model: The Z-Axis 

The transition to regulatory excellence occurs when the 2D "square" of compliance is transformed into a 

3D "cube" by adding the Z-axis of Program Quality Indicators (PQIs). These indicators—specifically 

Environment, Curriculum, Family Engagement, Reasoning Skills, and Speaking Warmly—elevate the 

measurement from presence to experience. 

The formula for this transformation is: CH+ = 10 PQI^3 

The Exponential Influence of PQI^3 

The "So What?" of the PQI^3 multiplier lies in its non-linear modeling. Because quality indicators are 

cubed, superior interaction quality does not merely add to the score—it exponentially transforms the 

risk profile. This allows high-quality interactions to mathematically offset minor regulatory overages in 

contact hours, recognizing that exceptional teaching staff can mitigate the risks associated with slightly 

higher group sizes. 

Comparative Results: High, Mid, and Low Performance Modeling 

Tiered classification is essential for an empirical reward system. The following matrix integrates the 

Regulatory Compliance Scale (RCS) with macro (IRF) and micro (CH+) metrics. 

 

 

 



Table 2: Comparative Performance Matrix 

Tier Performance Level RCS Score License Status IRF Score CH+ Quality Offset 

Tier 1 High Performance 7 Full +2.15 Enabled (High) 

Tier 2 Mid Performance 5 Full +1.15 to +0.15 Limited (Medium) 

Tier 3 Low Performance 3 Provisional -0.75 Disabled 

Tier 4 Non-Compliance 1 Denial -3.00+ Disabled 

 

Application Example (Tier 1): A program demonstrates High Quality (score of 38 on the CCEEHM scale) 

but has a minor Contact Hour overage (-10). Through the PQI^3 multiplier, this generates a +52 CH+ 

score, mathematically balancing the non-compliance and maintaining the program's Tier 1 status. 

Critical Takeaways for Robustness 

1. Safety as an Absolute Gate: The "Gate" logic (Gates 1, 2, and 3) ensures that failing Gate 2 (High-

Risk) causes total IRF failure, regardless of quality offsets. 

2. The Differential Monitoring Zone: Only programs in Tiers 1 and 2 are eligible for streamlined 

monitoring, ensuring that the "reward system" is reserved for those who consistently prove 

safety and quality. 

3. Empirical Protocol: This system provides administrators with a definitive decision-making 

protocol, replacing subjective judgment with mathematical certainty. 

Data Interpretation via Ordinal Scaling and Risk Weighting 

The finality of the IRF result is supported by a shift from nominal frequency counts to ordinal scaling and 

weighted matrices. This recognizes that violations are not equal in their impact on child safety. 

The 3x3 Heatmap Matrix (RAM) 

The Risk Assessment Matrix (RAM) maps Risk Level (High, Medium, Low) against Prevalence (High, 

Medium, Low) to assign a relative weight. 

Risk Level High Prevalence Medium Prevalence Low Prevalence 

High 100 40 20 

Medium 13 8 5 

Low 3 2 1 

 



Relative Weighting Sensitivity 

The use of Relative Weighting (e.g., weights of 1 to 100) is significantly more sensitive than equal-

interval weighting. By "introducing medium risk a bit earlier," relative weighting ensures that high-risk 

items are prioritized rather than buried in a simple average. This sensitivity is critical for identifying 

potential "False Negatives" that equal-interval models might miss. 

Conclusion: The Unified Theory of Regulatory Excellence 

The relationship between the IRF macro-system and the CH+ micro-assessment creates a unified 

mathematical framework for ECE. The IRF macro-assessment dictates the safe boundaries of the 

system—the "blueprint"—ensuring foundational compliance and risk mitigation. Within those 

boundaries, the CH+ micro-assessment breathes quality-driven, three-dimensional life into the data, 

measuring the actual experience of children within the classroom. 

Scientific Summary Regulatory science is no longer just counting violations—it is measuring the true 

architecture of early childhood experience through 3D mathematical modeling. By merging foundational 

compliance (FC) with the exponential value of program quality (PQI^3), we transition from a legacy of 

flat monitoring to a future of modeled excellence. 

Beta Testing of an App 

Here is the link to the App which will provide the scoring for CH+IRF (Dimensional Regulatory Science): 

https://gemini.google.com/share/9b3bfea5e283 

Based upon the beta testing of this new App, Dimensional Regulatory Science (CH+IRF), there are 

specific ranges and thresholds that can be determined when assessing ECE programs.  Here are some 

preliminary data which will need to be updated as the App is improved and additional data become part 

of the database for CH+IRF. 

Highly Compliant and High Quality:  CH+ = 80 - 100 

Med Compliant and Med Quality:  CH+ = 40 – 60 

Low Compliant and Low Quality:  CH+ = 20 - 0 

In each of the above scenarios, it is the case in which F- = 0, F+ = 2, FC = 0, and RWCH = 0.  In the event if 

any of these variables change, especially F-, F+ or FC it would negate the above results because these 

results are considered absolutes.  RWCH has more of a relative weight and would need to be either 

subtracted or added to the results which may alter the CH+ final score. 

The above App takes into consideration, the Theory of Regulatory Compliance, the ceiling effect, 

substantial compliance, Risk Assessment Rules, Key Indicator Rules & Standards, both compliance and 

quality, and the contact hours metric.  All key elements and components in assessing an ECE program 

when it comes to providing a safe, healthy and quality environment are being met. 

 



 

The Unified Theory of Regulatory Compliance - Dimensional Regulatory Science: 
Performance Scenarios Report from the UTRC+ App 

 

 

Based on the Integrated Regulatory Framework (IRF)(Macro) & Enhanced Contact Hour 
(CH+)(Micro) Models 
 
This report demonstrates the practical application of the 3D CH+ mathematical modeling tool. It 
outlines three distinct early childhood education (ECE) facility profiles—High, Medium, and Low 
Performance—to illustrate how foundational compliance, violation risk levels, and program 
quality interact to produce final regulatory outcomes.  All these results were generated from the 
UTRC+ App. 

Scenario 1: High Performance (The "Gold Standard") 

Profile: A highly compliant, exceptional-quality program functioning perfectly within ratios. 
 

• 2D Foundation Variables: 
o Number of Children (NC): 20 

o Teaching Staff (TA): 2 

o Time Open (TO): 8 hours 

o Calculated 2D CH: 80.00 
• IRF Macro System Variables: 

o Foundational Compliance (FC): 0.90 (Validation Level) 

o High-Risk Violations (F-): 0 

o Low-Risk Violations (F+): 0 

o RWCH Overage: 0 

• Program Quality (Z-Axis): 
o All 10 PQIs scored at 4 (Highest Quality) 

o PQI Sum: 40 
o Theoretical 3D Volume: 640.0 units³ (10 * 4.0³) 

 

System Outcome: PASS 

The program effortlessly clears the IRF safety gates. Because there are zero violations and zero 
capacity overages, the quality score generates a massive positive buffer. 

• Calculated CH+ Offset: +78.20 * Formula check: (40 - 0.90 - 0 - 0 - 0) * 2 = 78.20 
 

 

 



 

Scenario 2: Medium Performance (The "Offset" Scenario) 

Profile: A generally strong program that has experienced a slight capacity overage and minor 
low-risk violations. However, their strong classroom quality mathematically compensates for the 
2D non-compliance. 
 

• 2D Foundation Variables: 
o Number of Children (NC): 24 

o Teaching Staff (TA): 2 

o Time Open (TO): 8 hours 

o Calculated 2D CH: 96.00 (Indicating a slight overpopulation) 
• IRF Macro System Variables: 

o Foundational Compliance (FC): 0.75 (Quality Level) 

o High-Risk Violations (F-): 0 (Crucial for passing) 
o Low-Risk Violations (F+): 2 (Maximum allowed in the "Safe Zone") 
o RWCH Overage: 10 

• Program Quality (Z-Axis): 
o All 10 PQIs scored at 3 (Good Quality) 

o PQI Sum: 30 
o Theoretical 3D Volume: 270.0 units³ (10 * 3.0³) 

 

System Outcome: PASS 

Despite minor infractions and a contact hour overage, the program clears the IRF safety gates 
because no high-risk rules were broken, and low-risk rules did not exceed 2. The 3D quality metric 
successfully offsets the 2D capacity overage. 

• Calculated CH+ Offset: +34.50 
• Formula check: (30 - 0.75 - 0 - 2 - 10) * 2 = 34.50 
• Analysis: The +34.50 CH+ offset absorbs the -10 RWCH overage, keeping the program in 

good regulatory standing due to its proven educational quality. 
 
 
Scenario 3: Low Performance (System Lockdown) 

Profile: A struggling program with severe overpopulation, low classroom quality, and critical 
safety violations. 

• 2D Foundation Variables: 
o Number of Children (NC): 30 

o Teaching Staff (TA): 2 

o Time Open (TO): 8 hours 

o Calculated 2D CH: 120.00 (Severe overpopulation) 
• IRF Macro System Variables: 

o Foundational Compliance (FC): 0.50 (Licensing Level) 



o High-Risk Violations (F-): 1 (Critical Failure) 
o Low-Risk Violations (F+): 4 (Exceeds Safe Zone) 
o RWCH Overage: 25 

• Program Quality (Z-Axis): 
o All 10 PQIs scored at 2 (Low Quality) 

o PQI Sum: 20 
o Theoretical 3D Volume: 80.0 units³ (10 * 2.0³) 

 
System Outcome: FAIL 

The IRF safety gates immediately lock down. The presence of a single high-risk violation (F- > 0) 
invalidates any potential quality offsets. The regulatory focus reverts entirely to basic compliance 
and safety enforcement. 

• Calculated CH+ Offset: N/A (Gate Failed) 
• Analysis: 3D Quality cannot be used to excuse high-risk safety failures. The mathematical 

model protects children by ensuring foundational compliance is an absolute prerequisite 
to differential monitoring. 

 

Conclusion 

The Dimensional Regulatory Science (UTRC+) App demonstrates the paradigm shift from 
nominal violation counting to a nuanced, empirical approach. As shown in Scenario 2, high-
quality programs are rewarded with mathematical flexibility (differential monitoring), while 
Scenario 3 proves that the framework retains a strict, zero-tolerance policy for high-risk safety 
failures. 

 

 

 

 

 



The Dimensionality of Rules and Regulations 

 

I have written about dimensionality in assessment recently (Fiene, 2026) in which I have explored how 

moving a rule/regulation that deals with teacher to child ratios and group sizes from a static rendering, 

point in time measurement, to measuring it over time, and finally to infusing quality into the 

measurement of the interaction.  This brief abstract will build off that paper but focus more on the 

dimensionality domain rather than the resultant assessment outcome and modeling.  This 

dimensionality building should provide licensing administrators, policy makers, and licensing 

researchers/regulatory scientists a template of how to move a rule/regulation beyond the stagnate 

promulgation to a more dynamic narrative that is more open ended. 

Let’s take the rule or regulation for teacher to child ratios which is usually expressed by the maximum 

number of children of a given age group by the number of teachers/staff needed to supervise the 

children.  It looks like the following:  for infants: 4 children to 1 teacher/adult in a particular grouping.  

The group could just be the same as the ratio or the grouping could be larger with a multiple of the ratio, 

such as: 8 children with 2 teachers maintaining the 4 to 1 ratio.  You get the picture, and the ratios 

change based upon the age of the children, increasing as the age of the children cared for, such as: 8 

preschool age children to 1 teacher/staff. 

In most cases, if not all, regulatory compliance was measured by doing an observation of a classroom 

and determining the number of children and teachers and coming up with the teacher to child ratio.  

This would be part of a licensing inspection.  Generally, it would be done once or twice during a visit but 

it was not taking into account the time element to determine if these ratios held for the full day.  It was a 

point in time measurement, a cross-section, not longitudinal in any fashion.  This I am calling one-

dimensional assessment (1D). 

The next level of assessment is what I have been calling two-dimensional (2D) or the contact hour (CH) 

metric. At this level, rather than just observing the number of children and teachers in a static fashion; a 

series of questions are asked to determine if throughout the day there are sufficient teachers for the 

number of children currently present to be cared for.  It is a more dynamic form of measurement taking 

time into consideration.  Dependent upon the answers to the 6 questions posed to the program, 

regulatory compliance can be determined by calculating the relative area of the contact hours and if the 

program is over-capacity, at capacity, or under-capacity.  This 2D contact hour metric is much more 

dynamic than the 1D static point in time measurement.  However, it tells us nothing about the 

interaction that is going on between the teacher and the children other than the children are being 

supervised by a specific teacher(s).  What is needed is a 3D assessment that says something about the 

strength/adequacy of the level of interactions between the teacher and children. 

This is where the CH+ or contact hour enhancement (a 3D assessment) comes into play in which specific 

quality elements that measure the quality of the interaction between the adult(s) and children is 

assessed.  For example, does the interaction between the child and teacher go beyond being custodial 

and is warm and loving, enriching, language based and cognitive stimulating where the adult responds to 



the child based upon their needs and not a prescribed curriculum.  This is when the adult and child move 

from just standing around observing each other to a real dance where each move in unison with the 

teacher taking the lead from the child.  Dimensionally very different from the level 2D interaction. 

So, the question becomes for human care licensing, are there other rules/regulations that fit this type of 

template where one can build from 1D to 3D and really infuse quality into the rule.  That is a self-

reflection we should all take seriously in determining which rules/regulations are critical to a child’s 

development and which are not. 
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Abstract

This report outlines the paradigmshift in Early Care and Education (ECE) assessment,mov-
ing from traditional 2D ”Contact Hour” (CH) compliance metrics to a 3D ”Enhanced Contact
Hour” (CH+) model. By integrating the Integrated Regulatory Framework (IRF) with Program
Quality Indicators (PQI), we demonstrate amathematical approach to differential monitoring
where high quality can offset minor regulatory overages.

1 The 2D Foundation: Contact Hours (CH)

Traditional regulatory science relies on a flat, two-dimensional measurement of compliance.
The Contact Hour (CH) formula tracks the relationship between capacity, time, and supervision.

1.1 Baseline Equation

The baseline density of a program is calculated as:

CH =
NC × TO

TA
(1)

Where:

- NC: Number of Children (Maximum Enrollment)

- TO: Time Open (Total Operational Hours)

- TA: Teaching Staff (Total Supervison)

2 The Safety Gates: Integrated Regulatory Framework (IRF)

Before program quality can be considered as a mitigating factor, a facility must pass the strict
safety gates of the IRF.

• Gate 1: High-Risk Violations (F-)
Must equal 0. Any high-risk violation triggers an immediate System Lockdown.

• Gate 2: Low-Risk Violations (F+)
Must be ≤ 2. Exceeding this threshold reverts the program to full licensing review.

1



3 The 3D Elevation: Program Quality (Z-Axis)

Once safety is guaranteed, we introduce the Z-Axis: ten distinct Program Quality Indicators
(PQIs). This transforms the 2D compliance square into a 3D volume.

3.1 Exponential Quality Volume

The theoretical volume of quality produced by a program is calculated exponentially:

V olume = 10× (PQIavg)
3 (2)

4 Regulatory Outcomes: The Math in Action

TheOffset Equation allows high quality to algebraically compensate forminor capacity overages
or low-risk administrative errors.

4.1 The Offset Formula

Offset = ((PQISum)− FC − F− − |F+| − |RWCH|)× 2 (3)

4.2 Performance Comparisons

Scenario Compliance Status Quality Level Outcome

High Performance 100% (Zero Violations) Top Tier (PQI 4) Pass (+78.20)
Medium Performance Minor Overages (-10) Strong (PQI 3) Offset Pass (+52.00)
Low Performance High-Risk Violation Low (PQI 2) Fail (N/A)

Table 1: Comparison of Regulatory Outcomes across performance levels.

5 Conclusion

Dimensional Regulatory Science provides a data-drivenpath to differentialmonitoring. As shown
in the models, programs that invest in high-quality classroom environments (PQI) earn math-
ematical flexibility, while those with safety risks remain under strict, uniform regulatory over-
sight.

2
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1. Foundations of Regulatory Science: From the Linear Fallacy to TRC+ 

In the evolution of human care regulatory science, the discipline has transitioned from 

qualitative anecdotes to a forensic, evidence-based framework grounded in mathematical 

modeling. Historically, oversight was governed by the "Linear Fallacy"—the actuarially flawed 

assumption that rule compliance and safety share a direct, linear relationship where 100% 

compliance is the only guarantor of 100% safety. This "zero-tolerance" paradigm frequently 

results in administrative over-regulation of low-risk variables while obscuring latent liabilities. 

Contemporary research into the Theory of Regulatory Compliance (TRC+) identifies a distinct 

"Plateau Effect." Empirical data shows that program quality and client safety typically peak at a 

"Sweet Spot" of substantial compliance (approximately 98–99%). Pushing beyond this threshold 

toward absolute perfection often yields no statistically significant improvement in safety and 

may, paradoxically, divert resources away from high-impact process quality. 

Comparison of Regulatory Paradigms 

Feature 
Traditional Paradigm (Zero-

Tolerance) 
Unified Theory Paradigm (Risk-Based) 

Core 

Assumption 

Linear Fallacy (100% compliance = 

100% quality). 

Plateau Effect (Quality peaks at 

substantial compliance). 

Methodology Monolithic, exhaustive checklists. 
Differential monitoring using validated 

Key Indicators (KI). 

Resource Logic 
Equal-interval inspections (Inefficient 

capital use). 

Targeted oversight based on risk profile 

and history. 

Diagnostic Goal 
Absolute adherence to all 

administrative rules. 

Mitigation of "predictable irrationality" 

and risk. 

 



The Law of Diminishing Returns dictates that exhaustive inspections of high-performing 

facilities constitute an inefficient expenditure of regulatory capital. By documenting low-risk 

clerical errors in high-performing programs, regulators generate "administrative noise" that 

masks the critical signals of morbidity and mortality risks in lower-performing entities. 

Discarding the Linear Fallacy necessitates a new operational logic to measure actual program 

health through diagnostic instruments. 

--------------------------------------------------------------------------------  

2. The Operational Logic Model: The Integrated Regulatory Framework (IRF) 

The Integrated Regulatory Framework (IRF) is a proactive strategy designed to manage the 

"predictable irrationality" of regulated entities. Moving beyond passive monitoring, the IRF 

functions as a dual-system model: a macro-level assessment of systemic compliance and a 

micro-level assessment of classroom-level interactional quality. The engine of this framework is 

the Uncertainty-Certainty Matrix (UCM), a diagnostic instrument used to map regulatory 

decisions against the objective state of compliance. 

The Uncertainty-Certainty Matrix (UCM) with Risk Weighting 

 Actual State: In Compliance (+) Actual State: Out of Compliance (-) 

Decision: 

Compliance (+) 

True Positive (Agreement/Certainty) 

[Weight: 4] 

False Negative (Disagreement/High 

Risk) [Weight: 8] 

Decision: Non-

Compliance (-) 

False Positive 

(Disagreement/Inefficiency) [Weight: 1] 

True Negative 

(Agreement/Certainty) [Weight: 4] 

 

The IRF provides a mathematical solution to the "Falsification Gamble." According to Prospect 

Theory, providers become risk-seeking when they perceive themselves in a "failure state" (the 

high-risk/low-compliance quadrant). When license revocation is framed as a "sure loss," the 

"psychophysics of chance" suggests that providers will gamble on hiding violations or falsifying 

records. The IRF identifies these behavioral loops, shifting the regulator’s role from subjective 

verification to algorithmic precision. 

--------------------------------------------------------------------------------  

 

 

 



3. The Master Algorithm: Formulas for Compliance and Quality Offset 

High-value assessment demands a transition from binary checklists to algorithmic scoring. The 

IRF Master Algorithm balances statistical prediction, client safety, and procedural fairness, 

establishing the mathematical "gates" an assessor must navigate to determine program 

standing. 

The Fiene Coefficient or Foundational Compliance (FC) 

The FC is a \phi (phi) coefficient used to identify Key Indicators—the subset of rules that 

statistically predict overall compliance. FC = {(A)(D) - (B)(C)}{\sqrt{WXYZ}} To ensure the assessor 

can perform the calculation, the marginal sums are defined as: 

• W = A + B (Total High Compliance Group) 

• X = C + D (Total Low Compliance Group) 

• Y = A + C (Total Compliant on Rule) 

• Z = B + D (Total Non-compliant on Rule) 

• Thresholds: .50 for licensing, .75 for quality initiatives, and .90 for system validation. 

The Revised Coefficient (FC^*) 

The FC^* formula incorporates a B^3 adjustment to ruthlessly weed out weak indicators that 

might mask non-compliance in high-performing groups. This weighting prioritize client 

protection above all else. FC^* = {(A)(D) - (B^3)(C)}{\sqrt{WXYZ}} 

The IRF Master Algorithm 

This formula synthesizes statistical prediction, safety, and bias mitigation: IRF = (FC) - (F-) - (2F+) 

• FC: Statistical predictor score. 

• F-: False Negatives (Hidden high-risk violations). 

• 2F+: The "Fairness Guardrail", which subtracts weighted low-risk violations to ensure 

"Negative Bias" does not unfairly tank a provider’s status. 

The Enhanced Contact Hour (CH+) 

The CH+ transforms the 2D "square" of capacity into a 3D "cube" of quality by adding a Z-axis of 

Program Quality Indicators (PQIs). 

• 3D Volume: 10 PQI^3. 



• CH+ Offset Formula: Offset = (PQI - FC – (F-) – (F+) – (RWCH) x 2. This exponential 

multiplier acknowledges that exceptional interaction quality is a compensatory variable 

for density, allowing high-quality care to mathematically offset minor capacity overages. 

--------------------------------------------------------------------------------  

4. Step-by-Step Guide to the Assessment Process 

To achieve the "Architecture of Certainty," the assessor must follow a forensic workflow that 

prioritizes safety while rewarding quality. 

1. Initial Triage: Identify Key Indicators (KIs) using the FC. This allows for abbreviated, high-

validity reviews for eligible providers, reducing administrative burden. 

2. Risk Weighting: Apply the Relative Weighting Risk Assessment Matrix (RAM) to assign 

high-sensitivity weights. Unlike equal-interval models, this scale prioritizes 

morbidity/mortality: 

o High Risk: 100 (High Prevalence), 40 (Med), 20 (Low). 

o Medium Risk: 13 (High), 8 (Med), 5 (Low). 

o Low Risk: 3 (High), 2 (Med), 1 (Low). 

3. Gate 1 (Safety First): Screen for False Negatives (F-). This is a zero-tolerance gate. If a 

single high-risk violation (Weight 20-100) exists (F- > 0), the program fails the IRF 

immediately. 

4. Gate 2 (Substantial Compliance): Calculate the False Positive (F+) count. To remain in 

the "Safe Zone," the program must not exceed the threshold of two low-risk violations 

(Weight 1-3). 

5. Gate 3 (Quality Enhancement): Measure the 10 PQIs (e.g., Speaking Warmly, 

Environment) to determine the CH+ quality offset. 

Gate Logic Impact: Safety acts as an absolute barrier. Even a program with maximum quality 

scores will fail if it cannot pass the Gate 1 safety check. Quality offsets are a reward for 

substantial compliance, not a replacement for fundamental protection. 

--------------------------------------------------------------------------------  

 

 

 



5. Program Quality Classification: High, Medium, and Low Scenarios 

Final IRF scores translate into actionable tiers that guide the "Differential Monitoring" schedule. 

• High Quality (The Gold Standard): 

o Data: FC = 0, F- = 0, F+ = 0. 

o Math: PQI sum of 40 yields a CH+ Offset of +80. CH+ = (40 - FC - F- - F+ - RWCH) x 

2. 

o Outcome: These programs represent perfect statistical correlation with safety 

and are fast-tracked for streamlined monitoring. 

• Medium Quality (The Offset Scenario): 

o Data: FC = 0, F- = 0, F+ = 2, Relative Weighted Contact Hour (RWCH) overage of 

10. 

o Math: PQI sum of 30 yields a CH+ Offset of +38. CH+ = (30 – (FC) – (F-) - (F+=2) – 

RWCH = 10) x 2.   

o Outcome: The +38 quality offset absorbs the -10 capacity overage. The 3D "cube" 

of quality interactions mathematically compensates for minor 2D "square" 

capacity failures. 

• Low Quality (The System Lockdown): 

o Data: FC = 0, F- = 1. 

o Math: Gate 1 Failure.  CH+ = (PQI - FC – (F-=1) - F+ - RWCH) x 2. 

o Outcome: 3D quality cannot be used to excuse high-risk safety failures. The 

program is subjected to full, intensive monitoring and potential enforcement 

action due to latent liability. 

--------------------------------------------------------------------------------  

6. The Psychology of the Assessor: Mitigating Bias and Ensuring Fairness 

The "Measurement Problem" in human services is primarily a function of human bias. Assessors 

must use the Licensing Assessment and Decision-Making (LADM) Matrix to perform a "Bias 

Self-Check" and ensure decisions are dictated by objective reality rather than cognitive 

heuristics. 

 



The LADM Bias Diagnostic 

• Positive Bias (The Lenient Approach): Driven by "Aversion." The assessor avoids the 

conflict of citing high-risk violations because the "loss" of rapport or the pain of appeals 

is perceived as too high. 

o Result: Extreme Client Risk. Unsafe conditions are "cleared" on paper, creating 

the Regulatory Failure Paradox—where an agency appears effective while the 

actual risk to the public is at its peak. 

• Negative Bias (The Strict Approach): Driven by the psychological need for "Certainty." 

The assessor over-cites low-risk, black-and-white violations because they are "sure 

things" that demonstrate professional rigor. 

o Result: Administrative Noise. Providers are burdened with "nit-picking" that does 

not improve safety outcomes, leading to system-wide inefficiency and provider 

instability. 

Regulatory excellence requires the assessor to maintain a neutral, forensic posture centered on 

Fair Application. By utilizing the IRF Master Algorithm and the LADM Matrix, the assessor 

ensures that every decision is a valid, statistically defensible indicator of facility quality, 

transforming licensing from a bureaucratic hurdle into a true branch of modern regulatory 

science. 

The below table provides examples of how the CH+ metric would actually work based upon the 

above formulas demonstrating when programs pass and when they don’t. 

 

Unified Theory of Regulatory Compliance© CH+ Conversion Table© 

Group Site PQI FC F- F+ RWCH Status CH+ Notes 

High 1 40 0 0 0 0 Pass 80 Gold 

High 2 38 0 0 1 0 Pass 74 Substantial Compliance 

High 3 36 0 0 0 0 Pass 72 100% Compliance 

Med 4 38 0 0 2 10 Pass 52 Quality Offset 

Med 5 32 0 0 0 5 Pass 54 Quality Offset 

Med 6 28 0 0 2 3 Pass 46 Average 

Med 7 24 0 0 1 8 Pass 30 Borderline 

Low 8 35 0 1 0 0 Fail Null High Risk Veto 

Low 9 30 0 0 3 0 Fail Null F+ Noncompliance 

Low 10 16 0 0 5 25 Fail Null Systemic Breakdown 

 



VALIDATION REPORT: UTRC+ CH+ METRIC

Rick Fiene, PhD

May 2026

1. Introduction

The  Unified  Theory  of  Regulatory  Compliance  (UTRC+)  CH+  Conversion  Table  represents  an  advanced

quantitative  model  for  determining  program  license  status  in  human  care  services.  By  integrating  regulatory

compliance, health and safety rules, and program quality standards, the CH+ App provides a balanced metric for

administrative decision-making. 

2. Mathematical Modeling

The core of the UTRC+ framework is the CH+ score, which functions as a weighted differential between quality

indicators and regulatory burden. The model is defined by the following linear relationship: 

CH+ = 2(PQI) − 2(F+) − 2(RWCH)

Where  PQI represents Program Quality Indicators,  F+ denotes False Positives (noncompliance), and  RWCH

accounts for Relatively Weighted Contact Hours. Furthermore, the model incorporates a High Risk Veto logic: any

instance of a False Negative (F- > 0) results in an automatic system failure, overriding numerical quality scores. 

3. Data Presentation

Site Group PQI F+ RWCH CH+ Status Notes

1 High 40 0 0 80 Pass Gold Standard, High Quality

2 High 38 1 0 74 Pass Substantial Compliance

3 High 36 0 0 72 Pass 100% Compliance

4 Med 38 2 10 52 Pass Quality Offset

5 Med 32 0 5 54 Pass Quality Offset

6 Med 28 2 3 46 Pass Average



Site Group PQI F+ RWCH CH+ Status Notes

7 Med 24 1 8 30 Pass Borderline

8 Low 35 0 0 Null Fail High Risk Veto

9 Low 30 3 0 Null Fail F+ Noncompliance

10 Low 16 5 25 Null Fail Systemic Breakdown

11 Low 10 0 0 20 Pass Compliance ok; Quality not

4. Visual Analysis

Figure 1. Comparison of PQI against resulting CH+ scores, illustrating licensing thresholds at 40 and 60 points.

5. Discussion and Conclusion

Analysis  of  the  pilot  data  demonstrates  that  the  CH+  metric  effectively  distinguishes  between  high-

performing "Gold Standard" programs and those exhibiting systemic breakdowns. Notably, quality offsets

allow programs with high PQI to maintain provisional status despite minor regulatory burdens, while the veto



logic  ensures  that  safety  risks  are  never  secondary  to  quality  metrics.  This  model  provides  a  robust,

quantitative tool for human care licensors. 

References: Unified Theory of Regulatory Compliance© CH+ Conversion Table© Fiene 2026 



An Updated Unified Theory of Regulatory Compliance© CH+ Conversion Table© 

Research Note 

 

This is a revised and updated UTRC+ CH+ Conversion Table demonstrating how the new CH+ 

metric plays out with the CCEEHM and IRF Apps.  These data were generated from using the 

new UTRC+ CH+ App (the link to the App is provided at the bottom of this page).  This App 

provides a balance between regulatory compliance, health and safety rules, and program 

quality standards based upon PQI (Program Quality Indicators taken from the CCEEHM 

Tool/Scale).  It could and should be used by human care licensors in making decisions about 

program license status because of its robust quantitative modeling. 

 

Unified Theory of Regulatory Compliance© CH+ Conversion Table© Fiene 2026 

Group Site PQI FC F- F+ RWCH Status CH+ Notes 

High 1 40 0 0 0 +10 Pass 100 Theoretically Possible 

High 2 40 0 0 0 0 Pass 80 Gold Standard, High Quality 

High 3 38 0 0 -1 0 Pass 74 Substantial Compliance 

High 4 36 0 0 0 0 Pass 72 100% Compliance 

Med 5 38 0 0 -2 -10 Pass 52 Quality Offset 

Med 6 32 0 0 0 -5 Pass 54 Quality Offset 

Med 7 28 0 0 -2 -3 Pass 46 Average 

Med 8 24 0 0 -1 -8 Pass 30 Borderline 

Low 9 35 0 -1 0 0 Fail Null High Risk Veto (F- = 1) 

Low 10 30 0 0 -3 0 Fail Null F+ Noncompliance (F+ = 3) 

Low 11 16 -1 0 -5 -10 Fail Null Systemic Breakdown (CH+ = 0) 

Low 12 10 0 0 0 0 Pass 20 Compliance ok; Quality not (PQI = 10) 

  

Legend:  PQI = Program Quality Indicators; FC = Foundational Compliance or Fiene Coefficient – Key Indicator Rules; 

F- = False Negative – High Risk Rules; F+ = False Positive – Low Risk Rules; RWCH = Relatively Weighted Contact 

Hours; Status = Pass Fail determination; CH+ = Score from the new Unified Theory of Regulatory Compliance App. 

(100-70 = High/Full License; 69-30 = Med/Provincial License; 29-0 = Low/license revocation or questionable license 

status). 

 

_______________________________________________ 

UTRC+ CH+ App Link: 

https://gemini.google.com/share/9b3bfea5e283 


