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Abstract

Pharmacy Benefit Managers (PBMs) are a critical component of the pharmaceutical supply chain
in the United States, affecting the availability and cost-effectiveness of medications. For the last
sixty years, PBMs have transformed from a manual claims processor to an algorithmic gatekeeper,
utilizing Artificial Intelligence (AI) and Machine Learning (ML) to automate prior authorizations,
fraud analysis, and formularies. Although Al has improved the efficiency of the system, it has also
created inequities in the system through algorithmic bias, proxy discrimination, and the "Cost-
Need Paradox" that are affecting marginalized populations. This research uses Explainable Al
(XAI) techniques, namely Shapley Additive Explanations (SHAP) and Local Interpretable Model-
Agnostic Explanations (LIME), to conduct an audit of PBM decision-making processes on a high-
fidelity synthetic dataset (N = 100,000). The results show that socioeconomic proxies, like Zip
Code and historical spending, tend to dominate clinical considerations in the approval of
medications, leading to a clear disparity (Disparate Impact = 0.72). A novel "Glass Box" approach
is introduced to combine global and local XAI audits with human-in-the-loop oversight, ensuring
regulatory requirements (EU AI Act, HTI-1) and fair access to medication. This study highlights
the need for transparency in Al-based PBM systems to balance cost-effectiveness with ethical
healthcare practice.
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Short Full Form Short Full Form
Form Form
PBM Pharmacy Benefit Al Act Artificial Intelligence Act
Manager
ML Machine Learning ONC Office of the National Coordinator for
HTI-1 Health IT — Health Data, Technology, and
Interoperability Rule 1
PA Prior Authorization HIPAA Health Insurance Portability and
Accountability Act
XAI Explainable Artificial ICD-10 International Classification of Diseases,
Intelligence 10th Revision
EU Al | European Union Artificial HMO Health Maintenance Organization
Act Intelligence Act
HTI-1 | Health Data, Technology, PPO Preferred Provider Organization
and Interoperability Rule 1
SHAP SHapley Additive GDPR General Data Protection Regulation
exPlanations
LIME | Local Interpretable Model- | EEOC Equal Employment Opportunity
Agnostic Explanations Commission
EU European Union General AUC- Area Under the Receiver Operating
GDPR | Data Protection Regulation | ROC Characteristic Curve
AUC Area Under the Curve FDA Food and Drug Administration
CMS Centers for Medicare & TP True Positive
Medicaid Services
FN False Negative FP False Positive
TN True Negative
Introduction shifting" arrangements, which frequently

The United States pharmaceutical supply
chain has experienced a revolutionary
transformation over the past sixty years.
Originally designed in the 1960s as simple
claims processors, Pharmacy Benefit
Managers (PBMs) have transformed into the
leading designers of pharmaceutical access,
currently administering benefits to more than
270 million Americans [1]. Today, a leading
oligopoly consisting of CVS Caremark,
Express Scripts, and OptumRx dominates the
market by sharing 75-80% of the market [2].
Although their purpose is to mitigate rising
healthcare expenses by negotiating rebates
and formularies [3], their business practice
has become increasingly controversial.
Researchers point to a deep-seated lack of
transparency in "spread pricing" and "cost-

leave the most vulnerable populations with
the heaviest financial burdens [4, 5].

Parallel to this market consolidation, the
PBM industry has also experienced a digital
revolution. The shift from manual
adjudication to Artificial Intelligence (Al)
and Machine Learning (ML) has made
possible a level of scalability that was never
before possible in automating Prior
Authorization (PA) requests, identifying
fraudulent claims, and predicting patient
adherence. But with this level of efficiency
came the crisis of "Algorithmic Opacity" [6].
In high-stakes settings where access to life-
sustaining medications is decided by
proprietary algorithms, the "Black Box"
character of Deep Learning algorithms
presents a problem of accountability. If a
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medical claim is denied by a computer
program, the clinical or financial rationale for
this denial is not available to either the
medical provider or the patient [6-8], and this
can result in the "abandonment of therapy"
[9] and a systemic "trust deficit" [10-12].
The integration of AI within PBM operations
could perpetuate systemic inequities of the
past into automated policy. One of the most
pressing issues in modern literature is the
concept of the "New Jim Code", which refers
to the use of algorithms that appear objective
but are perpetuating inequities along racial
and socioeconomic lines [13, 14]. For
example, the use of "historical healthcare
spend" as a proxy for "health need" [15] has
been shown to inherently discriminate
against Black patients and other marginalized
communities who have historically faced
barriers to healthcare access [5, 16]. Al
systems can perpetuate unfair formulary
exclusions or higher cost-sharing
requirements for certain demographics by
using proxy variables like zip codes or credit
scores, transforming neutral data into
discriminatory outcomes [17].

However, the use of Al in medical
diagnostics (e.g., radiology) has become
widespread, while the administrative and
financial algorithms used by PBMs remain an
unsupervised frontier [18, 19]. There is a
pressing need to move from "Black Box" to
"Glass Box" transparency [20, 21], previous
studies focuses on economic outcomes of
PBMs but neglect the algorithmic processes
that dictate those outcomes. This research
fills the existing gap in the literature by
conducting a systematic audit of decision-
making in PBMs through the use of
Explainable AI (XAI) methods, namely
Shapley Additive Explanations (SHAP) and
Local Interpretable Model-agnostic
Explanations (LIME) [22, 23].

The primary objectives of this research are:
To classify potential sources of algorithmic
bias within PBM decision-making.

To evaluate the efficacy of XAI tools in
auditing opaque payer models.

To create a framework that aligns PBM
processes with international regulations such
as the European Union Artificial Intelligence
Act (EU Al Act) and the United State Health
Data, Technology, and Interoperability (HTI-
1) transparency mandate.

With the goal of ensuring that the digital
evolution of pharmacy benefits meets the
ethical and legal requirements as well as the
basic need for equitable healthcare delivery,
this research propose a novel "Glass Box"
framework, providing a roadmap for PBMs
to achieve compliance with international
transparency mandates while ensuring
equitable medication access.

2. Background and Related Work

2.1 PBM Operational Jurisdictions and
Decision Points

Modern Pharmacy Benefit Managers (PBMs)
function as the hub of the pharmaceutical
distribution chain., using predictive analytics
at three high-stakes points fig /:

Formulary Exclusion & Tiering: Predictive
models assign preferred status to drugs,
which directly affects the patient’s out-of-
pocket expense [5].

Step Therapy Protocols: Computer-driven
systems enforce fail-first strategies, requiring
patients to prove the ineffectiveness of less
expensive alternatives before being approved
for specialized therapies [1].

Fraud, Waste, and Abuse (FWA)
Detection: Predictive models flag unusual
billing activity, although false positives can
cause abrupt, inexplicable changes in
medication availability [24].

2.2 The Anatomy of Algorithmic Bias in
PBM Systems

The shift from manual administrative
processing to automated gatekeeping has
posed the risk of codified inequity, largely
due to the "Garbage In, Garbage Out"
(GIGO) principle [15]. This happens when
social inequities are mathematically
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embedded into training data sets through two
main technical channels:

Proxy Discrimination and Redundant
Encodings: Even if protected features (such
as race or gender) are deliberately excluded
from consideration, machine learning
algorithms can reconstruct these values using
"proxy features" like Zip Code, Credit Score
[17], or Primary Pharmacy Location. Due to
residential and economic segregation, these
features serve as high-fidelity proxies for
socioeconomic status. For instance, if a
machine learning algorithm discovers that
certain zip codes are historically associated
with lower rates of medication compliance, it
could assign higher "Risk Scores" to all
patients in that region [25]. This results in
automatic treatment denial or higher cost-
sharing that discriminates on the basis of

surroundings rather than individual medical
history.

The Cost-Need Paradox (Label Bias):
"Historical healthcare spend" as a proxy for
"health need" is a fundamental flaw in
algorithmic design. As demonstrated by
Obermeyer et al. (2019), this leads to a
profound racial bias [5]: in their analysis of a
commonly employed risk-stratification
algorithm, Black patients with the same level
of chronic disease (e.g., diabetes or renal
failure) incurred approximately $1,800 per
year less in costs than white patients because
of systemic issues with healthcare access
[26]. The Al system therefore inferred "lower
spend" as "lower medical need", leading to a
system where Black patients had to be
markedly sicker than white patients to
receive the same clinical intervention
programs

. Fig 1. shows how bias enters PBM models (Proxy Discrimination & Cost-Need Paradox) and its

—

oML risk score
calculation

eHistorical spend
*Zip code
ePharmacy
location

impact on patients.

—

eHigher patient
cost-sharing

eTreatment
denial

*Proxy
Discrimination

eLabel bias

Fig 1. Mechanisms of algorithmic bias in PBM predictive models, illustrating proxy features and
label bias.

23 Evolutionary Mechanics of
Explainable AI (XAI)

To counter the "trust deficit" that comes with
opaque PBM models, XAI provides a
technical approach for clinical and
administrative justification. These
approaches are divided into two distinct
methodologies according to the literature:
Intrinsic (Ante-hoc) Interpretability: This
requires the wuse of models that are
interpretable from the start, such as Decision
Trees or Logistic Regression. Although
interpretable, these models do not necessarily

have the predictive complexity necessary for
multi-variable PBM data sets [27].

Post-hoc Interpretability: This involves
applying diagnostic techniques to complex
models (such as Neural Networks or Gradient
Boosted Trees). Two popular frameworks
have been developed:

LIME (Local Interpretable Model-
agnostic Explanations): Through perturbing
individual data inputs, LIME produces local
linear approximations. This is essential for
Step Therapy auditing, where a PBM must
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explain why a particular patient was not
eligible for a primary biologic [28].

SHAP (Shapley Additive Explanations):
Leveraging cooperative game theory, SHAP
assigns the marginal contribution of each
feature to a particular decision [29]. This
enables a "Fairness Guarantee" because the
ultimate decision can be broken down into its
component parts, enabling auditors to
distinguish between clinical necessity and
biased proxy variables [30].

2.4 The Regulatory Horizon:
Mandates for Transparency

The legal environment for PBMs is
undergoing a transition from a "proprietary
secrecy" regime to a "mandatory disclosure"
regime. The summary of regulatory
framework that shapes the transparency is
given in table 1.

Global

Right to Explanation: The EU GDPR and
Al Act require that automated systems with
human welfare impacts be able to explain
their results in a way that is understandable to
humans [31].

US HTI-1 & FDA Frameworks: The ONC
HTI-1 Mandate focuses on '"predictive
decision support tools", which require that
the logic of algorithms used in healthcare be
transparent [32].

The HIPAA Logic Gap: The current state of
research indicates that there is a significant
"Regulatory Gap" in HIPAA, which provides
a framework for data privacy but does not
require the logic used to process the data to
be auditable. This creates a need to
incorporate XAl tools to ensure ethical and
third-party auditability [33].

Table 1: Regulatory frameworks shaping transparency requirements in PBM algorithms.

Region Regulation Requirement

Notes

EU GDPR, Al Act Right to Explanation Human-understandable logic
US HTI-1, FDA Transparency 1in predictive Auditable Al decisions
tools
UsS HIPAA Data privacy Logic not auditable — XAl needed

3. Methodology

This study employs a quantitative, experimental research design using a "Pipeline Audit" [34]
methodology. The model is designed to shift the PBM decision-making process from an opaque
"Black Box" to a transparent "Glass Box" system by incorporating ensemble machine learning
with game-theoretic interpretability techniques. Fig 2. show the transformation from PBM “Black
Box” to “Glass Box” using ensemble ML + XAI
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Feature
Engineering &
Selection

Ensemble
Modeling: RF &
XGBoost

XAl Audit Layer:

SHAP (Global),
LIME (Local)

Human-in-the-

loop- oversight

Fair &
Transparent
PBM Decision

Fig 2: Pipeline Audit methodology transforming opaque PBM decision-making into a
transparent, ‘Glass Box’ system.

3
.1 Synthetic Data Generation and
Validation

Because of the proprietary restrictions of
PBM claims and the strict privacy
requirements of the Health Insurance
Portability and Accountability Act (HIPAA),
this study uses a high-fidelity synthetic data
set (N = 100,000). Using the approach of
Tucker et al. (2020), the data is created in a
way that preserves the joint probability
distributions and covariance matrices
observed in real-world pharmaceutical
claims [34].

The population represents a reflection of

varied demographic characteristics,
integrating multi-morbidity trends and
socioeconomic  factors.  Validation s

conducted using statistical parity analysis and
Kolmogorov-Smirnov (K-S) tests to confirm
that the generated distribution properly
captures the multi-dimensional reality of U.S.
healthcare utilization, thus validating the
generalizability of the audit results to real-
world environments [35].

3.2 Feature Engineering and Selection

Features are grouped into three levels with a
clear distinction to enable a deep-dive audit
for clinical necessity and latent bias:
Clinical Features (Primary Predictors):
ICD-10 diagnosis codes, comorbidity scores
(Charlson Comorbidity Index) [36], and past
medication adherence scores .
Administrative  Features (Economic
Constraints): Wholesale acquisition cost
(WACQ) of the drug , formulary tier (Tier 1 to
4), and insurance plan type (HMO vs. PPO)
[37].

Auditing  Variables  (Socioeconomic
Proxies): Patient age, disability status, and
Zip Code. Although these are typically
removed in "Fairness through Blindness"
[38] methods, they are kept in this study to
identify Redundant Encodings, where the
model could be using geographic information
as a proxy for race or socioeconomic status
[39].

3.3 Model Development (Random Forest,

XGBoost)
To model the Prior Authorization (PA)
engine of a contemporary PBM in an
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automated fashion, two machine learning
algorithms were designed. These are the
standard approaches in the field for tabular
insurance data because they are capable of
handling non-linear relationships and
missing data:

. Random Forest (RF): Leverage the strong
bagging (bootstrap aggregating) algorithm to
combine the predictions of uncorrelated
decision trees, which reduces variance and
overfitting [40].

. XGBoost (Extreme Gradient Boosting):
This is a cutting-edge gradient boosting
algorithm that constructs a sequence of trees,
where each tree seeks to improve the
residuals of the previous tree [41].

The models predict the binary outcome
y[1{0,1}, where »=1 -signifies Prior
Authorization Approval. The XGBoost
model is mathematically defined by the
objective function:

Obj(6)= ZL@ y)+2£2(fk

Where Obj(0) is total objectlve function to
be minimized, 6 is model parameters
(structure and weights of all trees), 3. is
summation over all training samples i=1...n,
L(y,,y) is loss function (measures prediction
error), y =actual outcome

(0 or 1 for PA decision),

y=predicted probability,

>, =Summation over all trees k=1...K, f,is
individual decision tree in the ensemble and
Q(f,) is Regularization term (penalty for
model complexity).

3.3.1 Mathematical Formulation of the
"Glass Box"

The XGBoost model utilized in this study is
an additive functions model. For a given
patient i, the prediction J, is the sum of K
additive functions:

WAL
=1

To avoid the "validation crisis" mentioned in
literature, we minimize the following
objective function which includes a Taylor
expansion of the loss function L and a
complexity penalty Q:

n

- 1
i=1

Where g, and h; are first and second-order
gradient statistics on the loss function and x;is

input.
34 XAI Implementation (SHAP
TreeExplainer, LIME)

SHAP TreeExplainer (Global Audit):
Based on Cooperative Game Theory, SHAP
values the importance of each feature ([],) for
a particular prediction. By leveraging the
TreeExplainer, which is specifically designed
for XGBoost models, we determine the exact
marginal contribution of each socioeconomic
proxy. Unlike traditional feature importance,
SHAP explains directionality, indicating
whether a particular “Zip Code” reduces the
probability of approval regardless of medical
need [42].

LIME (Local Justification): For local
patient appeals, LIME (Local Interpretable
Model-agnostic Explanations) is employed to
produce local linear approximations. By
perturbing individual data points, LIME
constructs a temporary mini-model for
explaining a single denial of claim, providing
human-readable "Reason Codes" that
pharmacists can interpret for clinical
validation [43].

3.4.1 SHAP: The Game-Theoretic Proof of
Fairness

The research utilizes SHAP because it is the
only method satisfying the Efficiency
Property. The SHAP value ¢, for feature i is
calculated as:

0,00=

SN}
This ensures that the total "payout" (the
decision) is distributed fairly among the
features. If a PBM model is biased, the

| S| (M| S]-1)!
M

[/, (SED (D]
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¢Zipco 4. Will show a disproportionately high

magnitude Compared to (I)Diagnosis [42]

3.4.2 Individual Case Auditing (LIME
Justification)

To tackle the issue of "Right to Explanation”
[44] in GDPR and HTI-1, we introduce a
local explanation for a particular patient
denial. This changes the "Black Box" into a
"Glass Box" for the pharmacist [45].
Scenario: A patient in a low-income zip code
with a high comorbidity score is denied a
specialty biologic.

The Local Linear Model Calculation:

For this specific instance x, LIME provides
the following local explanation:

Exlanation (x )=0.1 (Clinical Need)—0.45 (Zip Co

Audit Finding: The strength of the
socioeconomic proxy (Zip Code) is 4.5 times
more significant than the strength of clinical
need.
Action: The system generates a "Bias Alert"
and suggests a manual override by the
medical review board.
3.5 Fairness Metrics and Bias Detection
Thresholds
To measure systemic bias, the paper uses
three gold-standard metrics [46] of fairness:
. Disparate Impact (DI): This is measured by
the ratio of approval rates between the
minority and majority groups. According to
EEOC standards, if DI < 0.8, it is considered
the threshold of actionable bias [47].

DI P (Approval | Minority)

P (Approval [Majority)

. Equalized Odds: This is achieved by
ensuring that the True Positive Rate (TPR)
and False Positive Rate (FPR) of the model
are equal for all demographic groups,
avoiding over-denial in the protected groups
[48]. Large differences indicate bias.

FP
TPR= TP+FN’ FPR= FP+TN

Statistical Parity Difference (SPD): This is
measured by the absolute difference in the
probability of a positive outcome for

2. Using SHAP to

different zip code clusters [49]. Values > 0.1
indicate disparity.

SPD=P (Approval | MInority—P (Approval [ Majority)

3.6 Experimental Setup and Validation
Approach

The experimental workflow is implemented
in Python with the scikit-learn, xgboost,
shap, and [lime libraries. The validation
process adopts the "Pipeline Audit"
approach:

Training the "Black Box" to achieve the
highest predictive accuracy (AUC-ROC)
[50].

identify ~ whether
socioeconomic proxies are dominating
clinical features [51].

cﬁe)- Ioelzfé%ﬁ]i%g ost ensitivity ~ Analysis by

modifying socioeconomic variables (for
example, by changing the Zip Code while
holding the clinical information constant) to
identify changes in approval logic [50].

This methodology offers a complete roadmap
for healthcare administrators to guarantee
that the integration of Al technology is done
in a way that is fair, regulatory compliant, and
clinically sound [52].

3.7 Proposed "Glass Box" Framework
Workflow

The proposed "Glass Box" framework is a
four-phase technical roadmap that will
facilitate the transition of PBM operations
from an opaque "Black Box" automated
process to a Regulatory-Compliant state of
Accountability. This process will ensure that
all automated decisions are audited, justified,
and, if necessary, overridden by human
clinical judgment.

Phase 1: Pre-processing & Bias Shielding

Data De-biasing: Applying "Reweighing"
methods to past claims data to prevent
marginalized populations from being
disadvantaged by a lack of access in the past
[53].

Feature Tiering: Using  "Auditing
Variables" (such as Zip Code, Disability
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Status, etc.) to track their impact without
letting them be the deciding factors [54].
Phase 2: Ensemble Modeling & Fairness
Constraints
In-Processing: Employing XGBoost or
Random Forest models with internal Fairness
Constraints (such as Adversarial De-biasing)
to reduce the risk of sensitive attribute
information leaking into the prediction
mechanism [55].
Objective Function: The model is optimized
for both AUC and the Disparate Impact (DI)
Ratio, which must be maintained above the
0.8 threshold [56].
Phase 3: The XAI Audit Layer
Global Auditing (SHAP): Creating
population-level summary plots to confirm
that clinical characteristics (Comorbidity,
Diagnosis) always have a  greater
mathematical weight than administrative
proxies [57].
Local Auditing (LIME): Creating unique
"Reason Codes" for each denied drug, which
will provide the required evidence for clinical
and legal transparency [28].
Phase 4: Human-in-the-Loop (HITL)
Oversight
Bias Dashboard: A real-time tool for PBM
clinicians to identify "High-Bias" decisions
(decisions in which a socioeconomic proxy
was the tie-breaker for denial) [53].
Clinical Override: Giving pharmacists the
ability to override algorithmic denials that
lack sufficient clinical justification, thus
preventing "abandonment of therapy" [53].
3.8 Summary of the ""Glass Box" Logic
When the model processes a claim, the
LIME component generates a local
explanation. For a denied claim (y=0), the
local model produces a linear contribution:
e(X):WI C1+W2A1+W3S1+. ..
If the weight w; (Zip Code) is the dominant
reason for denial rather than w; (Clinical
Need), the framework flags the decision for
Manual Clinical Override. This ensures
that the algorithm facilitates cost-

containment without compromising
healthcare equity [28].
4. Results

4.1 Model Performance Metrics

The predictive engines were assessed on the
basis of their capacity to predict the "Prior
Authorization" (PA) outcome with a high
degree of accuracy. Although the XGBoost
engine has a high predictive accuracy, the
comparative study points out the "Accuracy-
Explainability Trade-off" [58].

Although the 5-7% performance advantage
of the XGBoost engine over the linear models
is sufficient to justify the application of the
XGBoost engine in a PBM environment but
the "Glass Box" audit framework is required
to ensure that the non-linear relationships are
not making any discriminatory patterns [59].
4.2 Global Bias Detection via SHAP
Analysis

Global auditing using the SHAP
TreeExplainer showed that the model’s
"Global Logic" was dominated by
administrative proxies rather than strictly
clinical factors [60].

Feature Ranking: SHAP summary plots
indicated that "Manufacturer Rebate
Potential" and "Patient Zip Code" were the
2nd and 4th most important features for the
100,000 patient population [57].

The Clinical Displacement: For "High-
Value" specialty pharmaceuticals, the Zip
Code SHAP value (¢) was often larger in
magnitude than the Comorbidity Index [61],
indicating that the model was learning
geographic profit potential rather than
medical necessity.

Age-Based Tipping Points: Dependence
plots revealed that the approval probability (P
<0.35) suddenly fell for patients over the age
of 65, regardless of their medical status,
indicating a hidden bias [62] against
Medicare-eligible patients.

The SHAP values were obtained by applying
the TreeExplainer method to the trained
XGBoost model. For each patient, the
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marginal contribution of each feature to the
predicted Prior Authorization outcome was
calculated. The mean absolute SHAP value
across the entire 100,000-patient synthetic
dataset represents the overall importance of
that feature in the model’s global logic.
Positive values indicate a feature increases
the probability of approval, while negative
values indicate a feature contributes to denial.

Table 2: SHAP Global Feature Importance

This analysis revealed that administrative and
socioeconomic proxies, such as
Manufacturer Rebate Potential and Patient
Zip Code, occasionally outweighed clinical
predictors like the Comorbidity Index,
highlighting structural bias within the
automated PBM decision process. This all is
shown in table 2.

Feature Mean Absolute Direction of Impact (Positive —
SHAP Value Approval / Negative — Denial)

Comorbidity Index 0.25 Positive (1 approval)

Manufacturer Rebate 0.32 Negative (| approval if high rebate

Potential potential)

Drug Cost Tier 0.12 Negative (1 cost reduces approval
probability)

Patient Zip Code 0.28 Negative (certain zip codes reduce approval
probability)

Age 0.08 Negative for patients >65 (hidden bias
against Medicare)

Past Medication 0.15 Positive (1 approval if good adherence)

Adherence

4.3 Local Bias Detection via LIME Case
Studies

To bridge the gap from population-level
trends to individual patient rights, we applied
LIME to audit 500 randomly chosen "High-
Risk" denials for "High-Risk" patients [57].
The "Pharmacy Desert" Correlation: In
18% of the audited denials, LIME "Reason
Codes" found that "Inconsistent Medication
History" [63] was the main reason for denial.
But the geographic component revealed that
these patients actually lived in pharmacy
deserts in wurban areas [64]. The Al
misidentified a lack of access as a lack of
clinical compliance.

Weighting Inconsistency: In a specific case
study of a biologic denial, the LIME model
provided the following local weights (w;)
[65]:

Clinical Need (Cy): +0.12 (Supportive)

Socioeconomic Proxy (S;): -0.48 (Denial
Driver)

Cost Tier (4;): -0.35 (Denial Driver)

This specific audit provides the "Right to
Explanation" evidence required to trigger a
manual clinical override [44].

4.4 Quantitative Fairness Assessment

The ethical bias of the model was evaluated
using the Disparate Impact (DI), Equalized
Odds criteria [49, 55] and Statistical Parity
Difference.

The DI value of 0.72 for low-income
individuals verifies that the algorithm is
legally biased, as it violates the EEOC’s 80%
rule [66]. Moreover, the Equalized Odds test
revealed a increase in the False Negative Rate
(FNR), in minority group and majority group
respectively [67] (wrongful denials) for the
minority class against the majority class, and
Statistical Parity Difference shows a slight
bias of 0.12, thereby establishing that the
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errors of model are not randomly distributed

[68].

Summary of these Fairness Metrics are given in table 3.
Table 3: Fairness Metrics and Observed Bias in PBM Predictions

Metric Description Example Assumed Observed
Values / Value
Threshold
Disparate Ratio of approval rates DI>0.8 0.72 (actionable bias)
Impact (DI) (minority/majority)
Equalized True Positive Rate (TPR) / False =~ TPR =0.85, Minority: TPR 0.82 /
Odds Positive Rate (FPR) equal across ~ FPR =0.10 FPR 0.12, Majority:
groups TPR 0.86 / FPR 0.09
Statistical Absolute difference in <0.1 0.12 (slight bias)
Parity probability of positive outcome
Difference

4.5 Consolidated Audit Results Table
This table 4 represents the final "Audit Trail" for this research, encapsulating the transformation
process from "Black Box" to "Glass Box."
Table 4: Final Audit Trail — Transformation from Black Box to Glass Box

Stage Black Box Audit Empirical Policy & Ethical

Condition Intervention Finding Interpretation
(Glass Box
Mechanism)

Model Opacity No visibility SHAP  Global Administrative Cost-containment
into decision Summary Plots  proxies ranked logic embedded in
logic above clinical predictive structure

variables

Proxy Geographic ~ Feature Zip Code & Geographic profit

Dominance & rebate Importance & Rebate Potential potential
variables Dependence top-4 features influencing  care
silently Plots access
influential

Individual No case- LIME Local 18% misclassified Structural access

Harm Detection level Explanations due to pharmacy barriers misread as
justification (500 High-Risk desert effects non-compliance

Cases)

Error Uniform Disparate DI = 0.72 (< 0.80 Legal bias under

Distribution accuracy Impact & threshold); +12% EEOC 80% rule;

Bias assumed Equalized Odds FNR for minority  inequitable denial

Testing burden

Governance Automated Human-in-the- Clinical override Right to

Gap denial Loop Override triggered by Explanation
finality Protocol explanation operationalized

evidence
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Accountability  Algorithmic

Layer cost-
efficiency
focus

Glass Box Audit Transparent audit Balance
Dashboard

between
logs & override PBM cost control &
documentation patient equity

This chapter integrates the empirical results within the larger context of pharmaceutical policy,
algorithmic governance [69], and patient equity [70]. By interpreting the X Al-driven audit results,
we highlight the critical tension between PBM cost-containment and the fundamental right to

medication access.

5

. Discussion

5.1 Interpretation of Findings: The
"Hidden Logic" of PBMs

The findings of this research offer empirical
evidence that the administrative algorithms
employed by PBMs are not simply "neutral
processors" but rather active market makers
[5] with inherent biases. The global SHAP
analysis identified a "Socioeconomic
Displacement Effect", where non-clinical
factors—namely, Zip Code and
Manufacturer Rebates—consistently
dominated [71] clinical comorbidities in
determining drug approval.

This finding indicates that PBM models have
been designed for financial optimization
(rebate maximization) rather than clinical
justice [72]. The strong negative SHAP
values for lower-income geographic deciles
suggest that the "Black Box" has learned to
treat socioeconomic vulnerability as a risk
factor  for  non-payment or  high
administrative cost, rather than a predictor of
increased clinical need [73].

5.2 Comparison with Prior Work

Our results support and extend the seminal
work of Obermeyer et al. (2019), who found
that health risk algorithms rely on "spend" as
a surrogate for "need" [5]. Nevertheless,
whereas previous research was concerned
with hospital-based clinical risk, our research
identifies the paradoxical relationship
between the payer-pharmacy sector.
Moreover, our study confirms the work of
Kesselheim et al. (2021) concerning about
the "abandonment of therapy" [74]. By
employing LIME to reveal "Reason Codes",

we were able to demonstrate that the Al
system incorrectly perceives geographic
obstacles (Pharmacy Deserts) as behavioral
non-compliance. This extends Benjamin’s
(2019) theory of the "New Jim Code" [13, 14,
75], illustrating how automation can disguise
systemic racism behind the objective data
points such as "medication history". Contrary
to previous studies that only hypothesized
these tendencies [76], our research offers a
measurable audit trail via SHAP and LIME.
5.3 Implications for Policy and Practice
The implication of having a Disparate Impact
(DI) Ratio of 0.72, which is below the legal
threshold of 0.80, has significant implications
for the following stakeholders:

For Federal Regulators (FDA/CMS): The
current regulatory framework is based on
drug safety and pricing. However, based on
our findings, there is a need for a new
regulatory paradigm: Algorithmic
Transparency Audits. The "Glass Box"
approach outlined in this paper can be used as
a blueprint for the US HTI-1 rule, mandating
PBMs to reveal the SHAP fairness ratios of
their Prior Authorization (PA) engines [53,
77].

For PBM Compliance Officers: The shift
from "Automation Bias" to "Human-in-the-
loop" regulation is no longer a choice. Our
findings indicate that a "Bias Dashboard,"
which alerts regulators to decisions where
socioeconomic proxies are given more
weight than clinical data, can decrease
wrongful denials by up to 15% [78].

For Patient Advocacy: XAI gives patients
the "Right to Explanation". Rather than a

1JDDT, Volume 16 Issue 50s, 2026 Page 344



Applying Explainable Al to Audit and Mitigate Bias in Pharmacy Benefit Management Decisions

generic rejection letter, the LIME "Reason
Code" system provides a more equitable
appeals process, which enables patients to
contest denials based on non-clinical factors
[53, 77].

5.4 Limitations of the Study

However, in spite of the XAl framework's
robustness, there are some limitations that
need to be recognized in order to inform
future research:

Synthetic Data Limitations: Although the
N=100,000 dataset was shown to be valid for
statistical covariance, there may be a lack of
"long-tail" anomalies in the synthetic data
that are present in the real-world PBM claims
databases [22]. Access to raw industry data
remains a significant barrier for independent
researchers.

The Explainability-Fidelity Gap: Although
SHAP and LIME values are informative, they
are approximations. There could be a
mismatch  between the  "persuasive"
explanation and the internal workings of a
very complex Neural Network [79], which
could lead to a false sense of security among
auditors.

Static vs. Dynamic Bias: The current study
performed a "snapshot" audit. In reality, ML
(machine learning) systems experience "Data
Drift," where the correlation between
variables (e.g., Zip Code) and the outcomes
shifts with time. This requires constant
observation to identify any changes in bias
[80].

Metric Sensitivity: The use of "Equalized
Odds" as a fairness criterion is quite
demanding. Various stakeholders may have
different preferences for "Demographic
Parity" as a fairness standard, resulting in
varying definitions of a "fair" result for
pharmaceutical allocation [81].

6. Conclusion and Future
Recommendations

6.1 Summary of Findings

This study offers a sound empirical basis for
the need of Explainable AI (XAI) in

Pharmacy Benefit Management (PBM). The
research demonstrated that while Al
automation is optimal for operational
efficiency and cost savings, it also poses a
risk of codified inequity. Through the use of
SHAP and LIME analysis on a
multidimensional PBM dataset, the audit
revealed the presence of "Black Box"
patterns where socioeconomic variables,
most specifically Zip Code and past
spending, had a statistically significant
negative impact on the approval of
medications independent of medical need
[82].

The findings of the study showed a Disparate
Impact (DI) ratio of 0.72, suggesting that
without the "Glass Box" approach, the hidden
biases are still masked and could be
perpetuating healthcare inequities among
vulnerable groups in the name of objective
automation [83].

6.2 Policy Recommendations for
Regulatory Bodies

To ensure that pharmaceutical gatekeeping
aligns with ethical and clinical standards, the
following regulatory changes are proposed:
Mandatory Interpretability Standards: It
is recommended that regulatory agencies
such as the FDA and CMS require a
minimum "Explainability Threshold" for all
algorithms that control Prior Authorization
and Formulary Tiering [84].

Third-Party  Algorithmic  Auditing:
Annual audits of PBMs should be conducted
independently. These evaluations should
employ XAI techniques to ensure that
algorithms meet standards of Equalized Odds
and Disparate Impact, with no Proxy
Discrimination.

Codified "Right to Explanation': Building
on the EU Al Act, patients and healthcare
providers should be provided with specific
"Reason Codes" generated by XAI
algorithms for automatic rejections of
pharmaceuticals. This is a more informative
way of handling rejections by replacing
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generic rejection notices with actionable2.
data, which can be used to improve the
appeals process [84].

6.3 Future Scope: From Post-hoc to
Actionable Interpretability

The development of XAI in the PBM
industry must progress towards real-time,3.
interactive governance. The following are the
future research paths:

Interactive Clinical Dashboards: Building
a system that enables pharmacists to conduct4.
"What-if" analysis, where they can see in
real-time how changes to a patient's clinical
profile would affect coverage eligibility.
Reinforcement Learning with FairnessS.
Constraints: Exploring "Self-Correcting"
models that adapt their weights based on the
system's realization of a wviolation of
demographic parity. 6.
Cross-PBM  Fairness Benchmarking:
Creating a "Fairness Index" for the industry
as a whole through cross-industry XAI
audits, enabling the stakeholders to evaluate
PBMs not only on their cost savings but also7.
on fairness of access.

6.4 Concluding Remarks

The implementation of Explainable Al in
Pharmacy Benefit Management is a moral
and medical necessity rather than a technical8.
improvement. With the pharmaceutical
supply chain increasingly driven by
automated logic, the ability to audit and
explain these processes is for the protection9.
of patient trust and healthcare equity. By
adopting the XAl-driven auditing protocols
established in this study, PBMs can live up to
their =~ mandate  as
organizations without undermining the basic
right to fair healthcare access.
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