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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, mathematically formalizing this non-linearity through Daniel Kahneman and Amos Tversky’s behavioral Prospect Theory. We map
systemic cognitive biases via subjective loss functions and elucidate why high-risk rules encounter enforcement delays. To resolve this structural
bifurcation and defensive oversight, the paper 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 residential treatment
facilities—has historically suffered from a structural bifurcation. Pub-
lic licensing agencies enforce mandatory 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]) evaluate and incentivize higher tiers of
process and structural quality.

Empirical evidence demonstrates an analytical non-linear relation-
ship between the designated risk profile of a rule and its frequency of
non-compliance. This dual-track system introduces critical systemic
risks. A facility might present flawless technical compliance with
baseline regulations yet offer an unstimulating environment. More
dangerously, a provider could demonstrate rich staff-client interactions
while harboring hidden, severe non-compliances with core safety rules.

2. THE REGULATORY COMPLIANCE GRAVITY CURVE

To contextualize the distribution of non-compliance, we establish
the Regulatory Compliance Gravity Curve. This curve models non-
compliance frequency on the vertical axis against the rule risk level on
the horizontal axis. As formalized in Figure 1, the topology decom-
poses into three essential zones, displaying an asymptotic decay.
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Figure 1: Topology of the Regulatory Compliance Gravity Curve showing
asymptotic decay across three operational risk zones.

3. MATHEMATICAL FORMALIZATION VIA PROSPECT
THEORY

To understand why the frequency of non-compliance decays asymp-
totically as a function of rule risk, we must model the operational
behavior of a facility through the lens of Kahneman and Tversky’s
(1979) Prospect Theory.

Let R ∈ [Rmin, Rmax] represent the objective risk severity scale of
a regulatory rule, where Rmin denotes minor administrative low-risk
rules (F+) and Rmax denotes critical, high-risk life-safety rules (F−).

3.1. The Subjective Loss Function
The objective penalty or institutional damage of a violation scales
with its risk level. Let the objective financial/operational penalty be
x(R) = −c ·R, where c > 0 is a scale parameter. In Prospect Theory,
the subjective value function v(x) for losses (x < 0) is strictly convex
and steepened by the loss aversion coefficient λ:

v(x) = −λ(−x)β , for x < 0 (1)

Substituting our objective penalty function into the value function
yields the subjective utility loss V (R) experienced by a facility man-
ager for a violation at risk tier R:

V (R) = −λ(c ·R)β (2)

where empirical consensus establishes λ ≈ 2.25 and β ≈ 0.88 (re-
flecting diminishing sensitivity to severe losses). Because λ > 1, the
psychological disutility of a loss is heavily magnified.

3.2. Probability Weighting and Resource Allocation
Let p be the objective probability of an inspector detecting a non-
compliance. Decision-makers operate via a probability weighting
function w(p):

w(p) =
pγ

(pγ + (1− p)γ)1/γ
(3)

For low-probability, catastrophic events (e.g., license revocation due
to an F− failure), the objective probability is small, but the behavioral
weight is heavily overweighted (w(p) > p).

A facility minimizes its expected subjective operational disutility by
allocating a compliance effort vector E⃗(R) ≥ 0, which costs C(E⃗) to
implement. The optimization problem is formalized as:

min
E⃗

[
w
(
f(R, E⃗)

)
·
∣∣V (R)

∣∣+ C(E⃗)
]

(4)

where f(R, E⃗) is the realized frequency of non-compliance. Because∣∣V (R)
∣∣ = λ(c ·R)β , the marginal return on compliance effort E⃗ ap-

proaches infinity as R → Rmax (High-Risk). Consequently, facilities
maximize defensive capital allocation toward high-risk compliance,
forcing f(R) → 0.

3.3. The Asymptotic Decay Equation
The macro-level manifestation of this optimization yields the Regu-
latory Compliance Gravity Curve equation modeling the empirical
frequency f(R):

f(R) = γ · e−κRθ

+ ϵ (5)

where γ is the baseline density, κ is enforcement stringency, θ > 0 is
the behavioral curvature parameter modulated by loss aversion, and ϵ
is the stochastic noise floor.
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4. THE UNIFIED THEORY FRAMEWORK (CH+)
To overcome this defensive stance, the Unified Theory of Regulatory
Compliance (CH+) organizes parameters into a dimensional ontology:

• 1D (The Base) – Macro Assessment: Foundational structural
compliance across high-risk (F−), medium-risk (FC), and low-
risk (F+) rules.

• 2D (The Middle) – Micro Efficiency: Resource optimization,
measured by Relatively Weighted Contact Hours (RWCH).

• 3D (The Peak) – Micro Effectiveness: Process effectiveness
measured by Program Quality Indicators (PQI).

5. MATHEMATICAL MODEL ARCHITECTURE

The core engine translates empirical inputs into a single bounded score.

5.1. Macro-Compliance Step-Functions
Continuous values allow high process quality to numerically com-
pensate for safety failures. Instead, macro-compliance variables are
mapped into discrete penalty states. Let N (v) be a counting function
yielding the precise number of non-compliances for a variable class
v. The macro variables are mathematically transformed via indicator
functions 1{A}:

F− = −1{N (F−)>0} =

{
0 if N (F−) = 0

−1 if N (F−) ≥ 1
(6)

FC = −1{N (FC)>1} =

{
0 if N (FC) ≤ 1

−1 if N (FC) > 1
(7)

F+ = −1{N (F+)>2} =

{
0 if N (F+) ≤ 2

−1 if N (F+) > 2
(8)

5.2. The Master CH+ Equation and Circuit Breaker
Let M = {F−, FC, F+} denote the vector of macro-compliance
penalty states. We define the Systemic Circuit Breaker Operator Ω(M)
as a logical disjunctive product gate:

Ω(M) =
∏
v∈M

(
1 + v

)
(9)

If any single macro variable triggers a breach (v = −1), its term (1+v)
evaluates to 0, collapsing the operator to 0.

The micro-developmental core is modeled as a linear combination
bounded by a saturation operator B(x) = min(100,max(0, x)). The
Master CH+ Equation is formulated as:

CH+ =

[ ∏
v∈M

(
1 + v

)]
· B

(
3(PQI) + 2(RWCH)

)
(10)

5.2.1. Boundary Condition Analysis

Case I: Flawless Baseline Compliance (Ω(M) = 1). The equation
reduces to the continuous micro space. Under optimal conditions
(PQI = 40, RWCH = 20), the raw value is 160, which the satura-
tion ceiling caps precisely at 100.

Case II: Structural Hazard (Ω(M) = 0). If a facility records a
critical infraction, F− = −1, causing the zero-product property to
dictate CH+ = 0 · 100 = 0.

6. EMPIRICAL VALIDATION AND DECISION FRAMEWORK

The continuous scalar score maps directly to the Regulatory Compli-
ance Scale (RCS), providing agencies with mathematically justified
licensing categories (Table 1).

7. CONCLUSION

By translating behavioral economics directly into an absolute algebraic
gating mechanism, the Master CH+ equation ensures that baseline
structural safety remains an uncompromised mathematical prerequisite
for organizational excellence.

Table 1: 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
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