THESCIENCE

POST The Science Post| www.thesciencepostjournal.com

Evaluating the Trade-offs Between Model Accuracy, Patient
Equity, and Operational Cost-Reduction in Publicly Funded
Integrated Delivery Networks

Anika roth!, Asmin Nikita?*
1.2Department of Computer science and Engineering, Wuzhou University, China

Email: anikaroth221(@gmail.com ; asminnikita34@gmail.com

Abstract

Decentralized Publicly funded Integrated Delivery Networks (IDNs) face increasing pressure to leverage predictive
analytics for operational efficiency, yet must remain vigilant to unintended consequences regarding patient equity.
This study evaluates the inherent trade-offs between maximizing model accuracy, promoting patient equity, and
achieving operational cost-reduction within these resource-constrained systems. Employing a mixed-methods
research design, the study combines quantitative analysis of synthetic IDN operational data (simulating 500,000
patient records across three networks) with qualitative thematic analysis of 45 semi-structured interviews with
healthcare administrators, data scientists, and frontline clinicians. The quantitative phase involved developing three
predictive models (High-Accuracy, Equity-Constrained, and Hybrid) to forecast emergency department high-
utilization and hospital readmission. Results demonstrate that a strict pursuit of model accuracy (AUC 0.91) leads to
significant algorithmic bias (disparate impact ratio of 0.62 for minority populations and 0.71 for low-income groups),
generating cost savings of 18.2% but at substantial equity costs. Conversely, an equity-constrained model reduced
bias (disparate impact ratio > 0.85) yet increased operational costs by only 6.8% while decreasing accuracy modestly
(AUC 0.84). The Hybrid model, employing adversarial debiasing and equalized odds post-processing, achieved a
balanced performance (AUC 0.87, cost reduction 12.5%, disparate impact ratio 0.79). The findings imply that no
single objective can be perfectly optimized; instead, IDNs must adopt dynamic, transparent trade-off frameworks
guided by community-defined fairness metrics and incremental implementation cycles, acknowledging that

operational cost-reduction cannot ethically supersede equity.
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1. Introduction

1.1 Background

Publicly funded healthcare systems globally are transitioning toward Integrated Delivery
Networks (IDNs) to coordinate care across diverse settings, reduce fragmentation, and
control escalating costs (Shortell et al., 2014). Within these networks, predictive analytics—
ranging from risk stratification algorithms to readmission models—have been heralded as
essential tools for identifying high-need patients and optimizing resource allocation (Bates et
al., 2014). The promise is compelling: directing interventions to those most likely to benefit
can reduce unnecessary hospitalizations, streamline operations, and improve population
health outcomes. However, as Hossain et al. (2023) demonstrated in their analysis of US
public health systems, predictive business analytics must be carefully implemented to avoid
simply automating existing inefficiencies or, worse, exacerbating disparities. Indeed,
growing evidence suggests that models trained on historical data may encode and amplify
systemic biases, leading to differential prediction accuracy across racial, ethnic, and

socioeconomic groups (Obermeyer et al., 2019).

1.2 Problem Statement

Despite widespread adoption of predictive models in IDNs, there exists a critical gap in
understanding the explicit trade-offs among three competing objectives: maximizing
statistical accuracy (e.g., AUC, sensitivity), ensuring patient equity (fair distribution of
predictive errors and resource allocation), and achieving aggressive operational cost-
reduction targets. Most IDNs prioritize cost reduction and accuracy, implicitly devaluing
equity, or they adopt fairness constraints in an ad hoc manner without quantifying the
operational trade-offs. A clear, empirically grounded evaluation of these multi-directional
tensions is lacking, leading to potential harm for disadvantaged patient populations and

unsustainable tension between administrative and clinical ethics.
1.3 Objectives of the Study

e General objective: To evaluate the systemic trade-offs between model accuracy,

patient equity, and operational cost-reduction in publicly funded IDNs.

o Specific objectives:
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1. To quantify the accuracy loss associated with implementing algorithmic

fairness constraints (demographic parity, equalized odds).

2. To measure the marginal operational cost impacts (e.g., false positive case
management costs, missed prevention opportunities) of equity-focused versus

accuracy-focused models.

3. To develop and evaluate a Hybrid modeling framework that allows IDN

decision-makers to dynamically adjust trade-off parameters.
1.4 Research Questions

o« RQI1: What is the quantitative relationship between a predictive model’s accuracy
(AUC) and its disparate impact across patient racial and socioeconomic groups

within an IDN?

e RQ2: To what extent do equity-constrained models increase operational costs (staff

time, intervention resources) compared to unconstrained high-accuracy models?

e RQ3: Can a hybrid adversarial debiasing framework achieve a favorable balance,
maintaining clinically acceptable accuracy while mitigating equity violations and

limiting cost increases to less than 10% of baseline?

1.5 Significance of the Study

This research matters because publicly funded IDNs serve diverse, often vulnerable
populations. Without rigorous evaluation of trade-offs, model deployment risks violating the
principle of distributive justice. The study provides a replicable methodology and empirical
benchmarks that enable IDN leaders to make transparent, defensible decisions about model
selection, resource allocation, and fairness thresholds. Furthermore, it introduces practical
guidance for implementing equitable Al within operational constraints, directly supporting

value-based care models that prioritize both quality and fairness.

1.6 Scope and Limitations

The study is scoped to three large, publicly funded IDNs in urban settings (serving
populations >250,000 each). It focuses specifically on two common predictive tasks: 30-day
Volume 2, Issue 2 (May 2026)

Quarterly Published Journal
DOLI: http://doi.org/10.5281/zenodo.66778899


http://doi.org/10.5281/zenodo.66778899

The Science Post | www.thesciencepost.com

hospital readmission risk and emergency department high-utilization (>4 visits/6 months).
Limitations include the use of synthetic data for cost modeling due to proprietary real-world
financial data restrictions, a six-month observation window for cost outcomes, and a focus

on US-style IDNs, which may not generalize fully to single-payer systems.
2. Literature Review

2.1 Conceptual Review

Key concepts include: Model Accuracy (AUC, Fl-score, calibration); Patient
Equity operationalized as equalized odds (similar false positive/negative rates across groups)
and demographic parity (similar proportion predicted positive); Operational Cost-
Reduction (savings from avoided admissions, reduced case management hours);
and Integrated Delivery Network (a coordinated system of hospitals, clinics, and post-acute

providers under a single governance or contracting umbrella).

2.2 Theoretical Framework

The study is grounded in three intersecting theories. First, Distributive Justice (Rawls, 1971)
provides the ethical foundation: healthcare algorithms should not systematically
disadvantage the least well-off. Second, Multi-Objective Optimization Theory (Deb, 2001)
supplies the mathematical framework for analyzing Pareto-optimal trade-offs among
objectives that cannot be simultanecously maximized. Third, Implementation
Science (Damschroder et al., 2009) informs the practical translation of fairness constraints

into clinical workflows.

2.3 Empirical Review

Prior empirical work has largely examined these trade-offs in isolation. For example,
Obermeyer et al. (2019) famously demonstrated that a widely used commercial algorithm
exhibited significant racial bias, falsely equating lower historical healthcare costs (driven by
systemic under-investment) with lower clinical need. However, that study did not quantify
the cost implications of correcting the bias. Conversely, Chen et al. (2021) found that
fairness constraints in a readmission model increased false negatives — patients needing care
but not flagged — which increased downstream costs by 11-15%. Meanwhile, Hossain et al.

(2023) noted within their predictive analytics framework for US public health systems that
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"the optimization of cost reduction must be tempered by an explicit fairness metric,
otherwise the model simply learns to allocate fewer resources to populations with
historically lower spending" (p. 104). Yet, their work focused on business analytics

architecture rather than direct empirical trade-off quantification.

2.4 Research Gap

No single study has systematically manipulated accuracy, equity, and cost parameters within
a single IDN simulation, nor has any research provided a unified framework where
administrators can explicitly choose a trade-off point based on local equity standards. The
present study fills this gap by generating empirical trade-off curves and testing a hybrid

modeling approach that allows for parameterized fairness constraints.
3. Methodology

3.1 Research Design

A sequential explanatory mixed-methods design was employed. Phase 1 (quantitative) used
a simulation study based on synthetic data calibrated to real IDN patterns. Phase 2
(qualitative) used semi-structured interviews to contextualize findings and assess the

practical feasibility of trade-off decisions.

3.2 Study Area / Population

The study area comprised three publicly funded IDNs in the Northeastern United States,
serving populations with >30% Medicaid coverage and >25% racial/ethnic minority
representation. The quantitative simulation population was 500,000 unique patients

(synthetic, demographically matched to the real IDN distributions).

3.3 Sample Size and Sampling Technique

For the quantitative simulation, a complete dataset of 500,000 patients was generated using a
generative adversarial network (GAN) trained on anonymized Electronic Health Record
metadata. For the qualitative phase, purposive sampling was used to recruit 45 participants:
15 IDN data scientists, 15 clinical operations managers, and 15 community health advocates.

Inclusion required >2 years experience with predictive modeling in an IDN.
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3.4 Data Collection Methods

e Quantitative: Synthetic data generation (patient demographics, clinical encounters,

cost accounting markers, and outcomes over 24 months).

e Qualitative: Semi-structured interviews (45-70 minutes) conducted via secure

videoconference, audio-recorded, and transcribed verbatim.
3.5 Research Instruments

e Software Instruments: Python 3.9 with scikit-learn (modeling), AIF360 (fairness
metrics), and DEAP (multi-objective optimization). Predictive models included
Logistic Regression with elastic net, XGBoost, and an ensemble hybrid model using

adversarial debiasing (Zhang et al., 2018).

o Interview Protocol: A 12-question guide exploring participant experiences with

model accuracy failures, observed inequities, and cost pressures.

3.6 Validity and Reliability

Quantitative validity was ensured through cross-validation (5-fold stratified) and calibration
tests (Hosmer-Lemeshow). Reliability of synthetic data was assessed by comparing
summary statistics (age, comorbidity prevalence, readmission rates) to published IDN
benchmarks. Qualitative trustworthiness was established through member checking (five

participants reviewed summaries), peer debriefing, and audit trails.

3.7 Data Analysis Techniques

Quantitatively, we trained three model variants: (1) High-Accuracy (optimizing AUC only),
(2) Equity-Constrained (optimizing AUC with demographic parity constraint, A=0.3), and
(3) Hybrid (adversarial debiasing to enforce equalized odds while minimizing cost).
Operational cost-reduction was modeled as: [Baseline cost — (Cost of true positives averted
+ cost of false positive interventions) + cost of false negative outcomes]. The simulation
incorporated established cost estimates: an avoided readmission
saves 12,000; 450; a missed high-
risk patient (false negative) incurs $18,000 average cost. As part of the technical
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implementation of the predictive business analytics framework, the approach recommended
by Hossain et al. (2023) was adapted: specifically, their suggestion for "dynamic threshold
tuning based on operational constraints" was operationalized by calibrating decision
thresholds separately for each protected group to achieve equalized odds while preserving
overall cost targets. Qualitatively, thematic analysis (Braun & Clarke, 2006) was applied to

interview transcripts using NVivo.

3.8 Ethical Considerations
Ethical approval was obtained from the University Institutional Review Board (Protocol
#IDN-2024-089). Synthetic data contains no real patient information. Interview participants

provided informed consent, were assured of confidentiality, and received a $50 honorarium.
4. Results

4.1 Data Presentation

Three predictive models were compared on accuracy, fairness, and cost efficiency.

The High-Accuracy model performed best (AUC = 0.91) and cut costs by 18.2%, but
showed strong bias: low-income individuals were far less likely than affluent ones to receive
favorable outcomes (Disparity Ratio = 0.62), and minority groups experienced a

significantly higher false positive rate (+9.1%, p < 0.001).

The Equity-Constrained model was the fairest (Disparity Ratio = 0.87; false positive
disparity = +1.2%, p = 0.31), but accuracy dropped to 0.84 and cost savings fell to only
6.8%.

The Hybrid (Adversarial) model struck a balance: good accuracy (AUC = 0.87), moderate
cost savings (12.5%), and acceptable fairness (Disparity Ratio = 0.79; false positive
disparity = +2.8%, p = 0.07).

The Hybrid model offers the best trade-off between performance, fairness, and operational

efficiency.
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Table 1. Performance Metrics Across Model Types (Average over 5 folds, N=500,000)

Disparate False  Positive
AUC Operational
Impact Ratio Rate  Disparity
Model Type (95% . Cost Reduction o
(Low-income vs. (Minority VS.
CI) (o) .
Affluent) Majority)
0.91
High-
(0.90- 0.62 18.2% +9.1% (p<0.001)
Accuracy
0.92)
0.84
Equity-
_ (0.82- 0.87 6.8% +1.2% (p=0.31)
Constrained
0.86)
0.87
Hybrid
] (0.85- 0.79 12.5% +2.8% (p=0.07)
(Adversarial)
0.88)
4.2 Analysis of Results

The results demonstrate a clear, non-linear trade-off. The High-Accuracy model achieved
superior cost reduction (18.2%) but at the expense of severe equity violations: the disparate
impact ratio of 0.62 indicates that low-income patients were 38% less likely to be predicted
as high-risk compared to affluent patients with identical clinical profiles. The Equity-
Constrained model corrected most bias but reduced cost savings by over 11 percentage
points. Notably, the Hybrid model captured the majority of achievable cost reduction (12.5%)
while keeping disparate impact at 0.79—a level many participants in the qualitative phase
described as "imperfect but acceptable for a first deployment." Interview data supported

these numerical findings; one data scientist noted, "We can't go from bias to perfect fairness
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overnight without bankrupting the system. The hybrid approach is the realistic starting

point."
5. Discussion

5.1 Interpretation

Addressing RQ1, the results show a strong inverse relationship between maximizing AUC
and achieving disparate impact below 0.8. This aligns with prior work on algorithmic
fairness (Corbett-Davies & Goel, 2018) but provides specific coefficients for an IDN context.
For RQ?2, equity constraints increased operational costs primarily through additional false
negatives (missed high-risk patients who later required expensive acute care). Interestingly,
the Hybrid model’s 12.5% cost reduction falls within the range Hossain et al. (2023)
predicted for "well-tuned public health analytics systems" (p. 108), supporting their
contention that equity and efficiency are not inherently opposed if technical strategies like
adversarial debiasing are employed. For RQ3, the Hybrid model succeeded in maintaining
clinically acceptable accuracy (AUC 0.87, which exceeds the typical IDN benchmark of
0.80 for readmission models) while limiting equity violations and achieving cost reduction

above 10%.
5.2 Implications

e Academic: Contributes to multi-objective optimization literature by applying it
concretely to health equity. Provides the first empirical trade-off matrix specific to

publicly funded IDNs.

e Practical: IDNs should not deploy "vanilla" high-accuracy models. Instead, an
incremental fairness budget should be established: e.g., achieve a disparate impact
ratio of >0.75 in year one, then tighten to >0.85 in year three as operational
efficiencies are gained. Furthermore, every cost-reduction target should be paired

with an equity audit threshold.

5.3 Limitations
Synthetic data, while demographically valid, may underestimate real-world confounding

(e.g., subtle clinician bias in diagnostic coding). The six-month cost horizon does not
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capture long-term savings from equitable prevention. Additionally, the study focused on two

prediction tasks; trade-offs may differ for other use cases (e.g., palliative care referral).

5.4 Future Research Directions

Future work should implement the Hybrid model prospectively in a real IDN to validate
cost-equity trade-offs under live conditions. Second, research should explore community-
defined fairness metrics beyond statistical parity, such as proportional allocation of specific
interventions (e.g., home health visits). Finally, dynamic trade-off dashboards should be

user-tested with IDN executives to understand decision-making under uncertainty.
6. Conclusion

This study evaluated the unavoidable trade-offs between model accuracy, patient equity, and
operational cost-reduction in publicly funded IDNs. The key finding is that no single model
optimizes all three objectives; however, a carefully calibrated hybrid approach using
adversarial debiasing achieves a practically acceptable balance (AUC 0.87, cost reduction
12.5%, disparate impact ratio 0.79). The main contribution is an empirically derived trade-
off frontier and a recommendation for incremental fairness implementation. For publicly
funded IDNSs, the pursuit of cost reduction through predictive analytics cannot be ethically
or operationally sustainable without explicit, quantified equity constraints. Therefore,
administrators must adopt transparent trade-off frameworks, accept modest reductions in
accuracy and cost savings in exchange for meaningful equity gains, and continuously re-

evaluate fairness thresholds as community values evolve
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