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Abstract

Quantifying structural operations in human care licensing requires an understanding of how institutional facilities interact with
sets of rules of varying severities. Traditional oversight paradigms treat compliance burdens linearly; however, empirical evidence
demonstrates an analytical non-linear relationship between the designated risk profile of a rule and its frequency of non-compliance.
This paper first introduces the Regulatory Compliance Gravity Curve, mapping this non-linearity through Daniel Kahneman and
Amos Tversky’s behavioral Prospect Theory. We examine systemic cognitive biases during site inspections and elucidate why
high-risk rules often encounter enforcement delays. To resolve this structural bifurcation and defensive risk-based oversight, the
paper then formalizes the Unified Theory of Regulatory Compliance (CH+) framework. This multidimensional regulatory science
model synthesizes macro-level baseline compliance data with micro-level quality indices. Grounded in Key Indicator Methodology
(KIM) and Risk Assessment Methodology (RAM), the model utilizes a mathematically precise, non-linear circuit breaker mechanism
to prevent high-quality process metrics from masking critical safety failures. Validation via the Saskatchewan Study demonstrates the
model’s efficacy in aligning regulatory action status with authentic, holistic program quality.

1. INTRODUCTION

The administration of public regulations in human services—
such as early childhood education, adult day care, and resi-
dential treatment facilities—has historically suffered from a
structural bifurcation. Public licensing agencies enforce manda-
tory compliance with state or provincial standards to establish
a baseline “floor” of health and safety. Conversely, quality
enhancement initiatives (e.g., Quality Rating and Improvement
Systems [QRIS] or professional accreditation) evaluate and
incentivize higher tiers of process and structural quality.
Traditional oversight paradigms often treat these compliance
burdens linearly. Empirical evidence, however, demonstrates
an analytical non-linear relationship between the designated
risk profile of a rule and its frequency of non-compliance.
This dual-track system not only increases provider burden
but also introduces critical systemic risks. A facility might
present flawless technical compliance with baseline regulations
yet offer an unstimulating, low-quality environment. More
dangerously, a provider could demonstrate rich staff-client
interactions (scoring high on process quality) while harboring
hidden, severe non-compliances with core safety rules.

2. THE REGULATORY COMPLIANCE GRAVITY
CURVE

To contextualize the distribution of non-compliance, we estab-
lish the Regulatory Compliance Gravity Curve. This curve
models non-compliance frequency on the vertical axis against
the rule risk level (low to high) on the horizontal axis. As
formalized in Figure 1, the topology decomposes into three
essential zones, displaying an asymptotic decay:

1. High Frequency Zone: Low-risk rules fall out of com-
pliance frequently because minor infractions present zero
immediate structural danger to a facility’s foundational
operational status.

2. The Predictor Zone: Medium-risk rules possess bal-
anced variance, making them optimal empirical Key In-
dicators that correlate with comprehensive institutional
safety metrics.

3. The Floor: High-risk rules exist at near-zero non-
compliance rates. Facilities prioritize these variables de-
fensively to shield baseline operational licensing.
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Figure 1: Topology of the Regulatory Compliance Gravity Curve
showing asymptotic decay across three distinct operational risk zones.

3. BEHAVIORAL ECONOMICS AND INSTITU-
TIONAL BIAS

Daniel Kahneman and Amos Tversky’s Prospect Theory illumi-
nates the psychological mechanics governing this distribution.
High-risk rules operate strictly within a loss-aversive arena. Be-
cause non-compliance threatens absolute closure, it represents
a low-probability, high-consequence risk. Operators respond
with extreme risk aversion to prevent corporate termination.



Conversely, low-risk rules reside inside a certainty arena. In-
fractions carry no threat of license suspension, so normal ad-
herence offers predictable validation of standard operations,
managed as high-probability, low-consequence events.

This psychological friction induces administrative bias. In-
spectors seeking straightforward documentation exhibit a nega-
tive bias (strictness) when auditing low-risk items. Conversely,
a positive bias (leniency) often limits enforcement on high-
risk breaches to avoid triggering complex administrative legal
fallout, explaining why critical revocation steps are frequently
delayed or missing. Without rigorous enforcement, this lack
of structural follow-up triggers procedural drift. Over time,
staff accept hazardous behaviors as a “new normal,” pivoting
away from comprehensive system health toward short-term
asset preservation.

4. THE UNIFIED THEORY FRAMEWORK (CH+)

To overcome this defensive stance and organizational drift,
the Unified Theory of Regulatory Compliance (CH+) orga-
nizes regulatory parameters into a dimensional ontology. This
mathematical composite bridges basic safety with human devel-
opment quality, shifting organizational incentives from merely
“not losing” a license to actively unlocking systemic excellence.

Regulatory science in human services relies on two primary
methodologies optimized for monitoring efficiency and risk
mitigation:

* Key Indicator Methodology (KIM): A statistical ap-
proach isolating a subset of regulatory rules highly pre-
dictive of overall compliance. If a facility complies with
these predictor rules, it is statistically probable that it is in
compliance with the entire regulatory body.

* Risk Assessment Methodology (RAM): RAM optimizes
safety by categorizing regulations based on potential harm.
Rules are classified into high-risk, medium-risk, and
low-risk tiers, ensuring enforcement mechanisms remain
strictly proportional to the underlying risk profile.

4.1. Dimensional Ontology

The CH+ framework maps regulatory parameters onto a 3D
architectural continuum:

¢ 1D (The Base) — Macro Assessment: The regulatory
baseline incorporating KIM and RAM to capture foun-
dational structural compliance across high-risk (F_),
medium-risk (F'C), and low-risk (F}.) rules.

¢ 2D (The Middle) — Micro Efficiency: Evaluates resource
optimization. A primary metric is Relatively Weighted
Contact Hours (RWCH), capturing the efficiency and in-
tensity of professional intervention relative to client needs.

¢ 3D (The Peak) — Micro Effectiveness: Measures the
actual client experience and program effectiveness utiliz-
ing instruments like the Child Care Early Education Heart
Monitor (CCEEHM) to derive Program Quality Indicators
(PQI).

5. MATHEMATICAL MODEL ARCHITECTURE

The core engine of the CH+ framework translates multidimen-
sional empirical inputs into a single bounded composite score.

5.1. Variables and Allowed Ranges

The framework utilizes five field-derived variables with as-
signed penalties or weights:

* PQI: Process effectiveness (3D). Range: [+10, +40].
Weight: x3.

RWCH: Structural efficiency (2D). Range: [—20, +20].
Weight: x2.

¢ FC: Foundational Compliance, medium-risk (1D). Initial
Penalty: —2.

e F_: High-Risk Rules (1D). Initial Penalty: —1.

e I, : Low-Risk Rules (1D). Initial Penalty: —3.

5.2. Revised Model and Circuit Breaker

Extensive data analysis revealed a fatal limitation in purely
additive models: mathematically, exceptional process quality
(PQI) could artificially mask severe macro-compliance failures,
returning acceptable scores for demonstrably unsafe facilities.
To correct this, the CH+ framework integrates a non-linear
Circuit Breaker mechanism.

Macro variables (F_, FC,F,) were transformed into
threshold-driven binary penalty indicators on a {0, 1} domain.
Let A/(v) denote the count of empirical non-compliances (NC)
for variable v. The step-functions are defined as:
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The Circuit Breaker Rule dictates that if any single macro-
compliance variable is triggered into critical non-compliance
(—1), the entire system trips. The composite score is bounded
to a [0, 100] space via a piecewise conditional function:
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where Micro = 3- PQI+2- RW(C H and the normalization
function is B(z) = min(100, max(0, z)).

This rigid architecture guarantees baseline safety is a non-

negotiable prerequisite; process quality dynamics are funda-

mentally overridden if structural safety fails. Table 1 outlines

the trigger thresholds.

Table 1: Macro Variable Circuit Breaker Thresholds

Macro Variable Risk Level Trigger Threshold
F_ High-Risk > 1NC
FC Medium-Risk > 1NC
Fy Low-Risk > 2 NCs




6. EMPIRICAL VALIDATION AND DECISION
FRAMEWORK

The operational validity of the CH+ model was verified during
the Saskatchewan Quality, Risk, and Key Indicator Validation
Project. The study confirmed that when the circuit breaker
is inactive, CH+ variance tightly correlates with independent
quality measures (e.g., QRIS tiers). Crucially, a high-risk
violation perfectly aligned the score (0) with the administrative
necessity for immediate closure.

The continuous scalar score maps directly to the Regulatory
Compliance Scale (RCS), providing agencies with mathemati-
cally justified licensing categories (Table 2).

Table 2: Regulatory Action Decision Matrix

Score RCS Quality Regulatory Action

0-—30 1 Low Denial
31 —69 3 Medium  Provisional
70—-100 5,7 High Full License

6.1. Policy Tiers

Tier 1 (0-30): Severe structural failures or very low process
quality. Directs license revocation or denial.

Tier 2 (31-69): Satisfactory baseline safety but suboptimal
structural efficiency. Programs receive provisional licenses
requiring technical assistance.

Tier 3 (70-100): Excellent process quality alongside flawless
safety compliance. Results in full licensure. Upper bounds
(85 — 100) seamlessly interface with the highest QRIS tiers.

7. DISCUSSION AND CONCLUSION

The integration of a mathematical model into human services li-
censing marks an evolutionary leap for dimensional regulatory
science. By leveraging the CH+ calculator, agencies transi-
tion from subjective enforcement models burdened by Prospect
Theory’s loss aversion and institutional biases, to objective,
algorithmic frameworks.

Administrative efficiency is maximized: agencies can re-
allocate field staff by shifting flawless providers to extended
inspection cycles while concentrating resources on provisional
or denial-tier programs. Most importantly, the CH+ score
resolves the longstanding philosophical schism between com-
pliance and quality enhancement. Compliance forms the es-
sential structural launchpad, while quality becomes its natural
mathematical extension.
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